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Abstract: Objectives: Accurate susceptibility evaluation results can accurately prevent and control the dan-
gers caused by landslides. Sample optimization is an important method for landslide susceptibility evalua-
tion, which can effectively solve the problem of decision boundary offset generated by unbalanced samples
and improve the accuracy of landslide susceptibility evaluation. Methods: Taking the southeast area of Wan-
zhou District of Chongqing, China as an example, ten influencing factors such as strata, land use and eleva-
tion were selected to construct a landslide susceptibility evaluation index system, and the relationship be-
tween landslide and the indices was quantitatively analyzed by frequency ratio method, and on this basis,
deep neural network model (DNN), synthetic minority oversampling technique-DNN model (SMOTE-
DNN), one-class support vector machine-DNN coupling model (OS-DNN), and OS-DNN-K-means
clustering coupling model (OS-DNN-K-means) were used to evaluate landslide susceptibility. Results:
The results show that the distance from the road, land use and strata are the main control factors for land-

slide development in the study area. The accuracy evaluation results show that OS-DNN-K-means
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(95.61%) and OS-DNN (91.16%) could improve the landslide prediction accuracy more effectively com-
pared with SMOTE-DNN (87.97%) and DNN (81.40%). Conclusions: Sample optimization through

mixed sampling and semi—supervised classification can effectively solve the problem of sample imbalance in

the study area, and provide new technical support for spatial prediction of landslide disasters.

Key words: landslides; landslide susceptibility mapping; deep neural networks; mixed sampling; K-

means clustering; sample optimization strategy

HhOTE T S M T AR R A A A M K
EWR P E R AR R Z BN BT
FIZE T 0 R g Ry P SRy b T B R 1 fE
F P E A 20 122 90 AF AU | #f i Bl 9 98K T
Rt 1 I AT DA D T 3 3 IR N B T A 4
DAL R R B 92D 3X S B [ K R R
R KA TIRKASUE, R G2 T /N
TR A AR A5 T 8 B e B e 2 HROE 5 B
FEAS Y BUAS -1 00 o T JRKS 40 16 1 3 5 e 1k
VAN, TR 8 7 T B B A, % T X ) 4 s (]
WA HEAE .

W& R ALE Ty 8080, L GIS D Sl 45
B LAS 7 2T 0 7 VR AR T B S S R VAR ST
JIZ AT, A0 A (] AR N T A R A A
I AL AR PR R S R T A St 1 R R Bl A
B LS5 R B O A B RE T, AR T I 2 5 Y
B HA A 8 — A BRURUZ R )2 52 2 T
AT AE R BRI BRI i )R S R
PR A A2 TR BE A 2 DA
RE 2 1 # iz 1 B W 3 o R MR B . IR
o7 o R R i o IR 22 VR RURUR | 22 BT eR AR
AL AL R BOK A BUEE A5 2 [ BR T2 R I B &, Ak
PR BRI TR E ke . RE A
5 3% W1 TR B 2 ) A5 AN [R] R BE SR 1 A 2 T AL
o > HA T e 1 S50 A R (5 G T 1 T
P g Kdm B REA SR o M AE SEBR AT 5T, 1 3
5 AR W AR A RO AR R A A Y, X R A
W R A B B AR TS AT b, B
B i 0 W T Bl A T B e, AP Y
P A 5 OB Y AR DA 330 2t 2 1 9 35 R IRy
fiE, T2 i 22 M O T AR T AR B A A B A A
it 22 L3k 400 A TRD AR o AT B 6 RE AR R P i 7]
R T2 AT P DR T 1 — SRR AR A )
Fr e, 520y Dy D 22 S R A in A B
B, BIVIE A O SR R e SRR (AR AR P AN [R] 250
F R E B TR B LR BORE A S B AL
RAE SRR AR BP0

R R Lol SR B S T A 7 ol A A )
Ry J7 i o H A OROR Rl e D AN S Kl 2

B P AR B o - A B B X RN T R S
I I A 3 P Bl L R R R AR R, RO A
2 3] AN B 5 B 3 SR AR s ik SRR S 2 1 N AS S
KA /D BRI R A R B o T RS B L HLE S
A B TU A B AL o 0L TR R 5 BE PR R
AE 0 A7 R0 b fift DR REAS A5 AN 03 4005 18] A, {H
RAEEABEILE SRR E . X Lk
O R SR M — IR B SR A 8 Tk Ok i Ak A3 TR
FEAS, JEF 2 W 7 ONAE T B R A th a8 i
AR BE W PR A ke A Ak W 3 B e M R AR I R AR
AN A 1)

DI [ P O M IXAR R X X
L= S A= o e O 1= v S R e S e
e oy BeAVEVEA 8 BR AR FR L N A L T 125 40 i) 4%
FEAR R 1 B R T RS0 OC &R AR A 3 ) A
R BE # 25 [ 4% (deep neural networks, DNN) |
b SR FE - IR 28 M 2% B AL (synthetic minority
oversampling technique-DNN, SMOTE-DNN) |
TR A SR FE - TR B2 B 25 I 4% #5185 714 (one-class sup-
port vector machine-SMOTE-DNN, OS-DNN)
FIE A3 SR FE - TR B A 28 W) 4% - K 1) (B SR A 5 L 7
(OS-DNN-K-means) #4731 3 5y K Ak PFAR , 5 A
FA 32 38 # T AF 45 A il £& (receiver operating char-
acteristic curve, ROC) FIAG FE P4 155 8 55 1E 1R &
SR RS R0 2 B A R

1 FiERE

1% 58 8 e By AR VF i s AORE BIF 5T X2 R AR
YN T BREA 1 B I REAAE Sy AR 1 B A A
HEAT S S M N SR A S KA B 6 119 9 3 43¢
A S5 [R] T 1 BT o A T I R AR s R B A 5T 5]
A MRS | R 43 25 0 ME A 1, O S SO A i A
IF IR AN P A O o Dy gk — 2P Al Ak A AR
T BERE A FURD T3 1 SRR A A SR T — R IR
GRFER T . WA 1R, i e R R 2k
SZ ¥F ) & ML (one-class support vector machine,
OCSVM) 4 g 8 - 17 X AF 18 3 84 3 47 400 40 23
FOERBAENHAEAEZEGEBART AR S



1494

RV = X (S CEI S e )

2024 8 H

AW i I A v O S S Ak AR R R A A A
A S B AR T R Y R R o R IR R Y-
T 5 IR T B LU ), X B A T B R AT
SMOTE &b B , 3 35 %) BLAT B8 547 50 A
T SREAS I 50 1 SR A B AR R S I T B RO

B3 SRR A R o A DL B T R 5 vk S AR AR KL
PR IEAL , RITR & RAES . O T Ui WHR & Rk
AIDE S F H S BEHLR AR\ SMOTE SR A A8 B2 1
TR L IR AE R A5 R AR LAl A8 5 K-means 14 £
4 M B R B — 25 R T PUIOR

FEAZR S
|
N I —_—
BRI [ AR ™ SMOTERH
E| e TN WHREA WHREA
¥ "’ ’
AR A 0OCSVM SMOTE SMOTE
¥ 3 1
AliAb AR R A WO A WHE SR
AAREA e 2 d ¥
R AAREA
1 . ' Y I
DNN OCSVM-DNN OCIS<VM'DNN' SMOTE-DNN
-means
[ [ e [ |
| SHL R WL i ROC !
L J

BT HORER L AR K
Fig. 1 Flowchart of the Proposed Method

BEXEEE
OCSVM X #h& K 4

2 F5 1] & #L (support vector machine, SVM)
e — B W B o) Ty O B s AT a2y
MR, 5155 SVM AR, OCSVM & —
PR B O3 R R WO AR R A, e
3 Ao ) S T SRR I 2R =2 18] B R T T A T
B 5 IR 2 R) B AR AL G SR D 4 Al
AU 25 B84 AH AL, DDA U 2R S AR L 12
L& mad y — 10 2),

1.1
1.1.1

K2 OCSVM #RE
Fig. 2 OCSVM Model

PLRNR w1 28 5 FH B0 b 8 3 4y B R
T wa + b= 0, X TAERE LA T o3 1Y B 4R ok
Ui, 33X FE A -V 1A RS B LS e B 5 R

B2 BT R ME— . W TR ERBIEES T
FEE - 1w + b= 0, 8 LA PR S (2, y))
55 8- 1T AT TE) By o

ylzy,-(w X x,»+/7)
| |

- AR T A LA ] B R R NER B SE
R 1] 2 2 8 - T R, PRI AT RS SR i i - T R
5 [ 1880 70 Ay SR ik 249 SR e I Ak ) e

y,( w X x;+ b )3}/
| w | |||

SO A 3 i NE I A SR X7 5§ S o= MU
flx)h:

f(f)sign(‘z\v:afK(x”be) (3)

Kh,a WA H T AFELL R
K(x,x,) MEERE WK S (2, o)A f(2)
15 B0 25 KT 0, I F Ay 1, 25 0 S5 oy — 1,
DA I S5 36T A i 3 A5 4 1) 43 2 A a4k
1.1.2 SMOTE

SMOTE $ AR J2& J T B AL ik SR A 57k 1 — Fil
WU T 58 o BB R A SR TR B AR R A Y 3R
WS S B4 D B R AR i I R Gy e A A
I A ), OB R T A PN TR T SMOTE

(1)

(2)




%49 5 8 Y

S A - S TR AL A6 B B4 T 3 By R T AR 1495

SR 1Y B AR R AR X /D B R R AR R AT 43 BT O AE
&y e S T N SN S W R = o N S A &
Ferp,

WA (D) B S A 2, LLER
TG R B AR o 1 538 3 2 B0 AR A B2 o H Al BT
AR IR RS 15 2 2T 4R 5 (2) NI £ 4B v fifi
BLIEE B T A R ERE AL N 2, X T
BE— B HLGE A 48 &, , 43 90 5 R AR o 2 4
T/A\it:

Tpew = x + rand(0,1)X |z, — x| (4)

A FEE T 4 AR AR O A AR TR o ) A5 A
P H T, (4, rand (0, 1) IR i HL™
HE—DRTET 0 M /NT LI 5) 5340 528
1.2 DNN

TR il 28 0 245 55 Y 0 1l 22 ) 1] S 19 Bl 42 0T
AL, B P22 T8 R RUARE D — 4> B ) SRR LA
B, — N 50 R TR P X 2 B R B — A
N2 ZABREZE I — )2 (E13), TEflZ
W2k s Ry rh R S R Z R e HE R BER ()2 Y
a2 5% i+ 120EE 1M
Z A . DNN I ZRad #2 20 Loy B s 55 1
[ 2 338 4ok 2RI 25 I ) AR i ik FE . N AR T
Ih WO BT B R IR 48 e =2 ) A R AL AR
Tt A X B W OB AT A B L AZ B —
AN T HEAT 2 B, B A 22 JT YIRS H i
T— BRI AR . T 2 A R A S PR
BRI SR (E 0 1R 25, R 22 0 R ) 2% B ) Jz ) A%
BB, DK R 2 T A6 ) B2 A% 8, A R BRE R
P22 JC A, T3 5 25 /N T Y 1 (E B
WHGR B B EBRY . DNN G i 8 4% W 4% 45 14
TR IS H Ar ek BUS AT BRI G AR A, — e fl
b BT R AR S AR R SR

P 2l

K3 DNN A
Fig. 3 DNN Model

1.3 DNN-K-means
K-means 535 J& — Fp 0 B R K i Lk

T o 5 R T A e AT X R A O 12 ok 0 B ok

rRfE. ERMAEN AR PR E KA RED

DLRIGITE G REN S B REK O ME S,
W X G4 e 45 el A Il B K
SRR RN — DRI BT K5
i, L SRS B W R R A
AW IR AR, BB N P AT 43 i B 1R 25O 5 Rl R
N

DNN-K-means J& — Ffr 2 W B B8 Ji 2 ) 73 26
SV, DLUR A 8 I 45 A5 AR 1 25 Ok P Bl 4 6
RS T8 o 22 kAR 4 THASE 70 T RS i . R
RN B SRS O B O O AR IE AR A
SBE R AR BRICFEAS , BE ML B — 2 £ B AR G AR
A% F0AH [R50 A AR e BE AR I 2 DNN SR 5 6 42
DX ] 23 B0 i AR R E AT N . G Ad K-means %
FE X 4 AT R Horh 5 T AR D BEA FRAE
1o — SRR AR R Xy A AR AR A5 B X R
b IR O AR ic AR RRIR A, R
R G B, E A R pR RN T T B
B K B AR AL (E 4)

K-means

/] !
G oow o
B

BRI —— R IR, ——— Tl 45 R
K4 DNN-K-Means % #1
Fig. 4 DNN-K-Means Model

2 MIREBRASEERSZETENER

2.1 XigiER

HF 5 XA F 3 DS T 7 M X AR R &, H T L
108°31'E~108°43"E,30°34'N~31°42' N, Hi fl 2y
180.54 km*([& 5) o W 5¥ XA F DU 1] 7 b AR AL &8
i A8 3 ] ok v A ) e g R A Ml DX SR Y ]
Fr g A AR vl 350 1l B A X 22 R R R T A TR 4
X AR 251~1 245 mo 5% XA F )1 45 44 4R
J5 3k L RS R L RN Z 8] A6 e 300 R
HEZmA, mEES LG R, XL R
SIE 56 4 A 100 3 B R B vh L i =2z 52 AT B OE W 2
FUE A M 30 W72 VR, 0 A 2l 3 0 S B VLA
)RR X b )E AR e, B R
ERRT R HEH PERA AR BBk
AR =& ROARA FEBILAH . XA WL g
B, 5 2 5 /INBE R R IX N R AR N L, ARAR



1496 R BK %A 8B D

2024 8 H

5 71 —9 J3 J& A 5% X [ w4 vl B 0] B, 7 5 R of
L= m R R YRR E R R E . A
2018 4%, Jhy v S B 5% IX M 3% M I ), X A28
AR Sh R Z e A b B T s B Y
MR . EZ AR TR 46 5y B 9 d Fin i
f& 8 (4N G318 X556 J S b 2\ [ iy il it 2 38 1) 2%
R

i VAR ‘t\&"""i B
KI5 BIFSE X AL E e i 3 43 A
Fig.5 Distribution of Landslides

2.2 EWEEH R

HR 30 3 1K 552 il 30 AT 4% SR 4 ST 0 Ik K
SRR . B E Bon K LR B OE 21
A, ¥y ph R R R B, b N B 13
b, HR ORI M S 7 AL R EIE S 1 A4b . L 30 m X 30 m
K/INHAR K] 43 B 51X, 245 2] 200 601 A%,
rh i A% 629 A, AR W B A% 199 9724, P
eI 81 0.31% o PRI AF 5% X 3 3 5l o o ot
TEAE A5 1 0, HUF 58 X0 3% K 22 00 1 78 B B

AR A LU B 5%, bl PR 255 () 3 A REAE AR B —
23 FMMiEREREL

SO AT N 1 BE E ~ 2 31 P
e ke B AF D0 LKA w] AR UG 00, 0T 2 i B 09T IX
To Wt )2 oA HBE B KV ad a , D e e R I R L
TR ORI AS R | A R b 2 R PR R S
m L RHOE A P R B 48 2K (topographic wet-
ness index, TWI) 8 # 4 — {£ 4 % (normalized
difference vegetation index, NDVI) 103§ ¥x A T
VAR T RS I FR AR A NE NG LD 3 N R
m O RHEOE S TWIR A T HUE B, =2k B T
12577 o ot 0 R 25 Ky ok 11Tl T £, ND VI
H Landsat 522 1T 545 21, £ 8086 R g Sl 3k 1
JroR o R ArceGIS i BeAE 48 i T B AG 10 & 45
b X 2Z [R] A AR G M, 45 R R & 48 b K+ =2 1R
B AH OC R B /N T 0.36 (3R 2) , &5 F5 b IR+ Z [
LS AHOCECAN A OC , I I 10 4> 48 4 a] DL 45 H
T ) K LT

F1 KEHIERE
Tab.1 Data Information of This Study

Lb 451 R 5%
K He TR
- Wi
Landsat 514 30 m iR 2 A OHE

o I H A 30m Mo 5 1A B0 =
b ] 1:50 000 J5 MK AR 5 A SR 4 4L
- Wi R A 30m EULUC-China $#5
51 £ 30m B A1 512 0047
fii 1] 30 m S A 5 00 47 {1

x2 fEREXME

Tab.2 Correlation of Indicator Factors

e LA BGEEE R RS NDVI

o 2 FHIE & TWI T Bl 1) £35S

F 1 —0.02 0.01 0.14
PRSI —0.02 1 0 —0.04
R A 0.01 0 1 —0.16
NDVI 0.14 —0.04 —0.16 1
Hi )z —0.05 0.13 0.05 —0.12
RHHTE 25 —0.03 0 0 —0.04
TWI —0.08 0 —0.01 —0.09
e 0.07 0.1 —0.01 0.03
e 1w 0.01 0.07 0.36 —0.15
ez 0.18 —0.06 0 0.15

—0.05 —0.03 —0.08 0.07 0.01 0.18
0.13 0 0 0.1 0.07 —0.06
0.05 0 —0.01 —0.01 0.36 0

—0.12 —0.04 —0.09 0.03 —0.15 0.15

—0.01 0 0.36 0.02 0

—0.01 1 0.28 —0.08 0 —0.01

0.28 1 —0.13 —0.01 —0.09

0.36 —0.08 —0.13 1 0 0.09

0.02 0 —0.01 0 1 0.03
—0.01 —0.09 0.09 0.03 1

it — LRI bR Tk m R mAE
S5 Fif AR T3 M DRI 58, o S X & 4 A TR
DA /I ] B 1R AT B 2028 A 3 L T vk T 4%
FEBRITAR LU AR, 75 20 B 58728 s AT — MY

D) BB o BRSO A M N R S

KN, T R I e sl = A8 8 B RO A
FIF 2 B ARIEATHER . KGRI X3 2k 4 (I
F3FE 6(a)), BEFEX P SEA L h T 9°~24°
X35, HLA % L o 1,23, I X [) 25 5 HE A Bk
TRy, SCRE Ry W 3 v 3h e A 8 Bh g .



%49 5 8 Y

S A - S TR AL A6 B B4 T 3 By R T AR 1497

®3 BEZKREMELR
Tab.3 The Weighted Information Values of Each Factor State

SR IrER A2 L Bk 52 LS
[0°, 99 0.79 [0, 0.15) 0.00
[9°, 24°) 1.23 [0.15, 0.225) 0.65
i NDVI
[24°, 367) 0.92 [0.225, 0.375) 1.04
[36°, 757 0.44 [0.375, 1] 1.00
[0°, 90°) —0.69 YD BT 0.71
[90°, 198°) 0.41 At BBk 2.43
Uil ) )2 -
[198°, 252°) 0.60 2R B L 0.04
[252°, 360°] —0.59 VIE SN 28E3 2.32
[251, 500) m 0.36 JIGE 1) S 1.34
N [500, 800) m 1.56 ] T4 3 1.45
e (800, 1000) m 0.80 FIokH At 1] 1.06
(1000, 1250]m 0.00 R 390 18] 3 0.55
[1,5) 1.01 [0, 300) m 0.15
[5,8) 0.80 [300, 900) m 0.14
TWI [8, 10) 1.14 T J B [900, 1150) m 1.56
(10, 15) 0.99 [1150, 20 000] m 1.26
[15, 28] 0.34 P I M 3 (V/ V) A T B 3 (V /XD 1.34
HEAFH 2.63 P T BRI (V/GE) 1.45
T b 0.79 RHIOE 25 A1) MU 3 (X/ V) Skl 3 (X/X) b ) 285 (X/GE) 1.06
L Al T 0.33 HZMEW (GR/V) HZ&MIEW (GR/X)  HLEE H¥(GR/GE)  0.55

2)E . ANRE AT, N TR 3 A b
BRI 22 5, 5 S BOR AR E M A AR )
R AR X . ST IX R R 251~1 245 m,
ARG X R R o o 4 9% (WL 3 FIIE 6(b)) . HF
7T X Hh i B A 4R T 500~800 m X 3, 45 R b
{E 2 1.56 , I DX [A) A7 76 K f Jo T A I I 90

)RS GE M o R I B B Y 5 R A
0 1] 22 [1) O ZR 2R AT FI BT, >4 25 20U} T ] LA} 3
T U0 1) 7 1) — B0, B e AR W K ST X R
GEM O A AR (LR 3R 6(c)) o BFFE XA}k
oy KB W, HOWAR L Ry 1.45,

4) A MR AT o b ) 2 R ) T R AE T
N TR T B ik B, AN [R) M 2 78 a5 2 20 1) At gk R
EMEARTE . B HF5E X A2 39 (W% 3
FE6(d)) ., B agE T E & HEANR TR
T 2 8 F & 0y S e X, AR L (E
5 2.63,

5)Hira] o AN R ) - JE B A5 RIUAE B 2 A A7 AE
RS S BRI KB RS A A A 2
S dET R e A OK AR R e L S IX
B o R 4 (WK 3FE 6(e)) o BFFEIX i3 3
AL T 198" ~252° X Sl , M3 U E R 0.67, it X []
JER AR FEREZ AL TRIED.

)AL . RHEIE A H WM IR T %

FE 25 (8] 1B JUAT R AE 38 5 FH OB 19 R 4R E
Feo, Forb f Tl R 4R ) 1A 7R b 2 2l Y B
JE Tl 3 AR B 0 O e, A 2 R
E— PRI S0 . BT X ARHETE &5k 4
G LR 3FE 6(1)) . BFFE X i 3 S AL rp 43
A5 T P ) B, R LBl 1.45,

T)ML)Z o bR SR B R A,
A R 35 08 M S X B R R B S 4
YER . BB X b2 53 R U2 (R 3R 6(g)) . H
TIF IR P2 Ry e 5 e b 5 s e A2 2N
23 BRAEK B KT AE R IS 00 N 25 5 W 4 5
K IR E R R R LE R 2.43,

Q)FHIE B By o A B% VBRI SF TR RS
S DA o T NP R i W ol 1 o = A .
H W 9 X TR B R R 3 S 4 (R 3 AT 6(h) )
MR KEEKRNBEERADEREETRTE
KR, S EO Y F B R B MKE SN
900~1 150 m DX sy , 431 38 LU Ay 1,56,

9 TWI, TWI e T #ujE () & KRB, v] L
FR A R e B 2SR AL, S AR i 7 H
T v B3 s A O, e T W T A 2 5 i i B 1) 7 28
&= B IX TWIAr R 54 (R 3FME 6(1)) .
TROFIE DX I S AR A TWI Dy 8~10 Xk,
BR A 114,



1498 RO K %R (B B

2024 8 H

10)NDVI., #5255 1 42 52 i 20 48 ¢ %
R K RN VE T AR Bl 2 SR T RN RR 2k BT 2
SEU T KK EB AR, SRR 8T5E N

it e SRR A IR
= [

==(09) m=m[924) == [251,500) ==[500,800)
= [2436) mm[36,75] == (800,1 000) == [1 000,1 250]
(b) Fif/m

(a) HEE/(°)

==[090) ==[90,198)

[ >
= [198,252) #2[252,360]  mmGR/V. GR/X. GR/GE “V/V, V/X mmtS%, VL s 2005000, 5 LK
() FLI/(°) O AL

== V/GE == X/V. X/X. X/GE

«2[0,300)  ==[300,900) [1,5) ==[5,8)mm[8,10)
== [900,1 150) mm[1 150,20 000] m=[10,15) mm[15,28]
(h) BL3E B B /m (i) TWI

PRI IX NDVIZr R 4 (R 3FE 6())) . WFFRIX
rho B LA T NDVIE #H[0.225,0.375) [ X
AR 1.04,

ST HE bR
L

(d) HHUFI A

e e AU T
(c) R

N
w0 7 T TR BB A L1 km

() 0=

[0,0.15)
= [0.225,0.375) == [0.375,1]

(j) NDVI

= [0.15,0.225)

K6 W5 X o) kAR f5 AR 4]
Fig. 6 Landslide Susceptibility Factors of the Study Area

24 BEHEARWK

H AT A7 W 3% 2 R AEVEM B, K2 R
03 R A A R AR A, DA B A 18 45 A [ £
I 1Y L BCHE A O SRR AR AT N 5 H X R O 1k
TE Y SR AR 4l AR ME OR TE A T 3 AN A ARV
TEW S, L7 20t R v e B de gl . AR
Se R OCSVM 15 2wy B 4l Ak J5 (14 3 3k B
(7)), 88 JE BEHLEE £ 7020 09 3 808, AU &
W SMOTE #EATREA 4™ 58, 1 18 % A1 [8] £ 19
afi Ak AR W B T BN 25
2.5 EMMMRBIEST

DNN AL 8 00 o B v, 2252 00 S 8L 4G
Bot R == 2 8 B J2 XoF IO 1 S A S pR B
H 1 300 28 50A Sigmoid . RelLU Al Tanh,
Horr Sigmoid 23 H BLER B2 W R G 0, Hg 17 880%
18, Re LU 18 21| 7 5B I 25 58 42 2R 24, 1l Tanh 08
PR, AR D I OB A DL 43 Sigmoid

AL O Sy vy B AT Har B Ta) 8, RO AR SC R
Tanh 2y 15 B BTG pREL . 75 18 B 40 98 AR K 22
S8/ HO i 3 R e DR R AN ] R B 5 U
FE S 458 2 R BOR 37 R B 22 5 1, i 3 AR AU i
S A, S AR TR A ) BRI 2 4
By g A R B AT 2 R (U 8) , B
K E DNN W 245 250 th — R A2 L =2 KU
2 R 2 R, A B EE AL 104
A DNN IR ECR 500, 2% 2] %4 0.01, B4 A
I/ N A i 4 SR AR SR T I R
oAb B Bt — g & A & Nes Bk f Y 7
HR AL 5 0 i i B AR AL B3 | B A% 58 56 B AR AL
B EE R B, 92 B OS-DNN-K-means 7£ % 5 i
A 21 A o W9 755 VAR AL BBE R A AT 1 52 R AHBLEE L 7
LT K-means B2EE 0 5.

2.6 ZERILESSH

X8 bR ECHE ST IH — 4k 5, A FH I gl



549 F5 s

% A B T RE AL A0 SR s 9 3 37 2 R AR A 1499

B e it Y O Lm
BT R S

Fig. 7 Purification Landslide Distribution

R A 90 B AN B 459 3 4 X 5 & TR 4

B H KB MRS K AE(85%) g B (5%) |
oy R (5Y0) Wi By RPE(5Y0) A IX i) . B iA
HKH ,OS-DNN-K-means (& 9(d) ) [ 0 25 FAH 5K

(a) DNN

T OS-DNN(E 9(c)) \SMOTE-DNN (& 9(b) ) f
DNN (& 9(a) ) i B A5 G 52 bR if 30 A, HLiE SR
SR> ESEPEE R RS L, OS-DNN-K-means i
W25 5 RE % B G b U 30 2 B o 3 300

0.9

08
i

07
*;*“; 0.6
F 05

0.4
0.7

¥ 0.6
E(hl:i
& 05
=

# 04
0.3
0

100 200 300 400 500
UL RV VN

B8 SHS T G AR 2k
Fig. 8 Parameters and Prediction Accuracy

Relationship Curves

(b) SMOTE-DNN

N (c) OS-DNN
A O VKM i) DO e R e G e R A 5 R
K9 WS Rt 9K
Fig.9 Classification Maps of Landslide Susceptibility

Ty it — BV 5 RS R  GA T R4 S
M S G P W SRR 5 LS O S SR R A PR .
DNN,SMOTE-DNN, OS-DNN, OS-DNN-K-means
TERR 55 5 X rb i B LG 238 43031 Ry 5.52.7.29 ,9.41 I
13.06, OS-DNN-K-means i ¢ ff- iy 7000 ¥ 3 43 A
100 . i ROC A1t £ 1 FX (area under curve,
AUC)™ (& 10) , 7] KL H OS-DNN-K-means 5% %
T kS BE R 95.61%, A T OS-DNN (92.14%) |
SMOTE-DNN(87.97% ) 1 DNN(81.40% ) .

(d) OS-DNN-K-means

SMOTE-DNN J5 v 38 i 717 4= = & 15 B 0 I
FEAR T B 25, A A0 T B AL Bk e A AR a0 A7 2
B 25 19 DNN J5 ¥, K BE AT 48 /5 6.57%6, OS-
DNN F HHE A SR A 1 J7 12 Pk 32 e ok 3R o i
AR A AR AR U B RE AR T Bk ) kPO
M g, AR 4E R 5 SMOTE-DNN J5 ¥ A 1
KB T 4R 5 4.17% 5 OS-DNN-K-means 7 OS-
DNN JEfify b A 2 W 75 v AR b 0 B A rh 3k
TV v AR R AR AT AR ) AT Lk



1500 BOK W (F B R 2D 2024 48 H
T4 EHEHEERHBHEBELL
Tab.4 Proportion of the Number of Landslides in Each Susceptibility Grade
% v AR R H
i 7 kSR Y J=¥ids WY LY ()
# Gy RAEER — HA% SR C 4% % W (d/ e)
i 290 166 265 0.46 0.83 0.56
Ly 61 11 666 0.10 0.06 1.67
DNN .
= 95 12 106 0.15 0.06 2.50
e 183 10 564 0.29 0.05 5.52
1% 163 166 440 0.26 0.83 0.31
h 100 11458 0.16 0.06 2.78
SMOTE-DNN .
= 118 11 855 0.19 0.06 3.17
W 248 10 848 0.39 0.05 7.29
1% 85 165 954 0.14 0.83 0.16
L 72 12 048 0.11 0.06 1.91
OS-DNN o
=4 138 11279 0.22 0.06 3.90
L] 334 11 320 0.53 0.06 9.41
fi% 25 165 465 0.04 0.82 0.05
i 37 12 340 0.06 0.06 0.96
OS-DNN-K-means .
= 93 11 225 0.15 0.06 2.64
e 474 11571 0.75 0.06 13.06
1.0 i WA A (%) 2 Ak R BT T 30 R AR 9 2B B, 7 B SR
AT W S e VAN BT DL R DR AR R AR
0.8 . o ST _—
AN R R 1Y 5, B = By & DE i SO B R
06 S RE % 3 /1K BT £ AR 1 A T A4 e i 1
2 RV W AR S S IR AR T, T R SR S B LR
= 04 PR R B0 2 M, 2 B4 TR IO FE 1 A
N AUC8140% 3) % Wi 2% 53 W LI AT A0 A 7E A1 BRAR BT
0.2 f// —— SMOTE-DNN AUC=87.97% R B R Y A IR (VS A G
— Swote- AUCST9T% AU A 3 LG SRR A 37 A e T .
—— OS-DNN-K-means ~ AUC=95.61% A, 3 2o 05 1 4T 8 R i 11 e A i 75 4
0 02 0.4 06 0.8 1.0 i T 78 43 M A B W M o0 A 19 R 2, IE A AR B

1004557 1k
10 B ROC £ F
Fig. 10 ROC Curves of the Model

— 25 B4 PR RS DX S0 R T R IA R, L
5 OS-DNN A L, 4 B AT $2 55 3.47 %6 .

3 & iE

1) M zs 8] S5 Mok A, AS [ 1 48 b DR % o
e kB W R AR FHOR A 6 5 & R T 4
B 2, I R A 6 L BBk 43 B i Bk R 5 5 4R
B 2Z 0H 56 &R oo FE AW SE X, BE TE BB R
(900~1 150 m) .+ Hb 1 7T C 500 1] ) A i 2 (A
TR ERh) S 1 s R B 1) R EEE I &R .

2)FEAT W By ek AR S T 3 5 A G R
T8 W B D A A T BOR B A FRIE R 84y, A5
YINZRASE RS B A AIK . TR A R AE Jy i m] DL S B

ARARICHEAR AL B S B S B B D i A
A5 RE AR I8 B B2 iy B0 TNRG JEE , BE S KA AN P i
X AT W o A R 2%

Z % X #

[1] ZhouC,Cao Y, Yin K, et al. Landslide Characterization
Applying Sentinel-1 Images and InSAR Technique:
The Muyubao Landslide in the Three Gorges Reservoir
Area, Chinal J]. Remote Sensing ,2020,12: 3385.

[2] Zhou Chao, Yin Kunlong, Cao Ying,et al. Characteris-
tic Comparison of Seepage-Driven and Buoyancy—
Driven Landslides in Three Gorges Reservoir Area,
Chinal J]. Engineering Geology,2022,301:106590.

[3] Liang Xin, Yin Kunlong, Chen Lixia, et al. Flow-
solid Coupling Characteristics and Stability Analysis
of Ganjingzi Landslide in the Wu Gorge Under Reser-
voir Water Level Fluctuation and Rainfall [J]. The

Chinese Journal of Geological Hazard and Control,



%49 5 8 Y

S A - S TR AL A6 B B4 T 3 By R T AR

1501

[4]

[5]

[6]

[7]

[8]

[13]

2019, 30(1): 30-40. (%, B, BRNEE, 4.
VAR ASE 8 2y S B T A FH T AR U8k - 0 38t — [ A
B R AE B RS VRS AT L] b [ M B T 5 B A 2
2, 2019, 30(1): 30-40.)

Qiu Haijun. Study on the Regional Landslide Charac-
teristic Analysis and Hazard Assessment: A Case
Study of Ningqgiang County [D]. Xi”an: Northwest
University, 2012. (IS 4% . DX 38 ¥ 33k A 35 b I ¢
TR G0 B 5 R PE ARG B PEE M B 5 . DL TR
EHRHIID]. P92 PELRe, 2012.)

Bragagnolo L, Silva R, Grzybowski J. Artificial Neural
Network Ensembles Applied to the Mapping of Land-
slide Susceptibility[ J]. Catena, 2020,184 : 104240.

Bai S B, Wang J, Li G N, et al. GIS-based Logis~
tic Regression for Landslide Susceptibility Mapping
of the Zhongxian Segment in the Three Gorges Area,
ChinalJ]. Geomorphology, 2010, 115(1): 23-31.
Long JJ, LiuY, LiC D, etal. A Novel Model for
Regional Susceptibility Mapping of Rainfall-Reser-
voir Induced Landslides in Jurassic Slide—prone Stra-
ta of Western Hubei Province, Three Gorges Reser-
voir Area [J]. Stochastic Environmental Research
and Risk Assessment, 2021, 35(7): 1403-1426.
Chen Fei, Cai Chao, Li Xiaoshuang, et al. Evalua-
tion of Landslide Susceptibility Based on Information
Quantity and Neural Network Model [J].
Journal of Rock Mechanics and Engineering, 2020,
39(S1): 2859-2870. (B &, 58, /NI, 4. J&
TAF B ) 2% A B 1 98 e By e MR [T,
FAT I TR, 2020, 39(S1): 2859-2870. )
Ghorbanzadeh O, Shahabi H, Crivellari A, et al.

Chinese

Landslide Detection Using Deep Learning and Ob-
ject-based Image Analysis [J]. Landslides, 2022,
19(4): 929-939.

Shahabi H, Rahimzad M, Tavakkoli Piralilou S, et
al. Unsupervised Deep Learning for Landslide De-
tection from Multispectral Sentinel-2 Imagery [J].
Remote sensing, 2021, 13(22) : 4698.

Dou J, Yunus A P, Merghadi A, et al. Different
Sampling Strategies for Predicting Landslide Suscep-
tibilities Are Deemed less Consequential with Deep
Learning [J]. The Science of the Total Environ-
ment, 2020, 720: 137320.

YaoJ, Qin S, Qiao S, et al. Assessment of Landslide
Susceptibility Combining Deep Learning with Semi-
Supervised Learning in Jiaohe County, Jilin Province,
China[ J]. Applied Sciences, 2020, 10(16) : 5640.
Chawla N V, Japkowicz N, Kotcz A. Editorial:
Special Issue on Learning from Imbalanced Data Sets

[J]. ACM SIGKDD Explorations Newsletter: Spe-

[14]

[15]

[16]

[17]

[19]

[20]

[21]

cial Issue on Learning from Imbalanced Datasets,
2007, 6(1): 1-6.

Wang Bowen, Wu Enzhong.
SMOTENC-XGBoost Driver Traffic Safety Assess-
ment Model for Unbalanced Dataset [J].
Technology and Engineering, 2023, 23(2) : 831-
837. (EW3C, LTk, RE W . T m A i H s
4E 1) SMOTENC-XGBoost 25 Bt \ 58 3 % 4 A 5
B[], BHEHAR S TR, 2023, 23(2): 831-837.)

Liu XY, Wul X, Zhou Z H. Exploratory Undersam -
IEEE

Wang Jingsheng,

Science

pling for Class-Imbalance Learning [J].
Transactions on Systems, Man, and Cybernetics Part
B, Cybernetics: A Publication of the IEEE Systems,
Man, and Cybernetics Society, 2009, 39(2): 539-550.
Tsai C F, Lin W C, Hu Y H, et al. Under-Sam-
pling Class Imbalanced Datasets by Combining Clus-
tering Analysis and Instance Selection [J]. Inf Sci,
2019, 477 47-54.

Huang Faming, Chen Bin, Mao Daxiong, et al.
Landslide Susceptibility Prediction Modeling and In-
terpretability Based on Self-screening Deep Learning
Model [J]. Earth Science, 2023, 48 (5) : 1696-
1710. (ERB], BRt, BibMe, 55 . 2T A kR
JE 2 2 1 T Bl R T s A R R AT e R LT
HiERFLE, 2023, 48(5): 1696-1710. )

Liu Xiwen, Duan Longzhen, Duan Wenying. Fuzzy
C-means Clustering Based Undersampling in Clus-
ters [J]. Jowrnal of Nanchang University (Natural
Science) , 2021, 45(5) : 437-444. (X # 3C, BB
P, BeCH2 . T FCM RN ROCRFESILLT]. M
B R (BRI , 2021, 45(5) - 437-444.)
Seiffert C, Khoshgoftaar T M, Van Hulse J, et al.
RUSBoost: A Hybrid Approach to Alleviating Class
Imbalance [J].
Man, and Cybernetics — Part A: Systems and Hu-
mans, 2010, 40(1): 185-197.

Sheng Ming, Chen Lingshan, Wang Junjie, et al.
Abnormity Detection Method for In-vehicle CAN
Bus Based on One-class SVM [J].
Technology, 2020(5): 21-25. (%%, MRy, I
WA, 5 JE T BP SR I EHLEY CAN M4 5
WA ITELT]. RAE AR, 2020(5): 21-25.)
Wang Y M, Wu X L, Chen Z J, et al. Optimizing
the Predictive Ability of Machine Learning Methods
for Landslide Susceptibility Mapping Using SMOTE

IEEE  Transactions on Systems,

Automobile

for Lishui City in Zhejiang Province, China[J]. In-
ternational Journal of Environmental Research and
Public Health, 2019, 16(3): 368.

Li Xu, Chen Jiadui, Wu Yongming, et al. Classifica-

tion Strategy of Imbalanced Data in Manufacturing



1502

DR 2 R (R

ISR Y

2024 8 H

[23]

[24]

Process Based on Improved SMOTE[J/]. Computer
Engineering and Application, 2022, 58(16) : 284—
291, (BRI, MRZE L, 52k W, 45 . B Ttk SMOTE
PR ) 3 o RS S R o 2 S [T ] AL AR
SR, 2022, 58(16) : 284—291)

Jiang Wandong, X1 Jiangbo, L1 Zhenhong, et al. Land-
slide Detection and Segmentation Using Mask R-
CNN with Simulated Hard Samples [J]. Geomatics
and Information Science of Wuhan University,
2023, 48(12): 1931-1942. (FE I &, EVLIE, 4R
Uk, AF L BURLRERE AR 1) Mask R-CNN # 3% 43 #37
BLTT. BB 2 2 i (fF BB M), 2023, 48
(12): 1931-1942.)

Liao Yiqian, Yue Xianchang, Wu Xiongbin, et al.
Amplitude Calibration of High-Frequency Radar Ar-
rays Based on AIS and Canopy+ K-means Algo-
rithm[ J]. Modern Radar,2023,45(9) :9-15. (B —
oLE RS, R, 4. 3T AIS Ml Canopy + K-
means 5 25 (14 =5 550 G5 B 0 R AR R L), AR
i5,2023,45(9):9-15.)

Xiao T, Segoni S, Liang X, et al. Generating Soil
Thickness Maps by Means of Geomorphological-em-
pirical Approach and Random Forest Algorithm in
Wanzhou County, Three Gorges Reservoir[ J]. Geo-
science Frontiers, 2023,14(2),101514.

Guo Zizheng, Yin Kunlong, Fu Sheng, et al. Evalua-
tion of Landslide Susceptibility Based on GIS and
WOE-BP Model [J]. Earth Science, 2019, 44
(12): 4299-4312. (§F-F1E, Behe, A%, &5 . S
T GIS 5 WOE-BP 8 B 8 3 5 & tE PR [T]. Ml
FRBLEE, 2019, 44(12): 4299-4312.)

Wu Xueling, Yang Jingyu, Niu Ruiging. A Land-
slide Method Using
SMOTE and Convolutional Neural Network [J].
Geomatics and Information Science of Wuhan Uni-
versity, 2020, 45(8): 1223-1232. (IRNEH, B4
T4 ERI . — R 45 A SMOTE 45 B 25 9 4% 1
W o KA Ik [T]. RO 222 R (fF B R
J§), 2020, 45(8): 1223-1232.)

Wang Jiajia, Yin Kunlong, Xiao Lili. Landslide Sus-

Susceptibility Assessment

ceptibility Assessment Based on GIS and Weighted In-
formation Value: A Case Study of Wanzhou District,

[29]

[32]

[34]

Three Gorges Reservoir[J]. Chinese Journal of Rock
Mechanics and Engineering, 2014, 33(4) : 797-808.
CEAEME, Bede, A . 5T GIS A B & (i
e G Ty RAEVEAN - DL =R XM XS B[], &
A 125 TR %A, 2014, 33(4): 797-808. )

Liu Yuanbo, Niu Ruiqing, Yu Xianyu, et al. Appli-
cation of the Rotation Forest Model in Landslide Sus-
ceptibility Assessment [J]. Geomatics and Informa-
tion Science of Wuhan University, 2018, 43 (6) :
959-964. (XU, 4-Ha00, FIE48, 5 . Bk ARk
R A T 3 oy R AT v g B 5 L)L iDLk
AR (fF BARFA IR L 2018, 43(6): 959-964.)
Guo Zizheng, Yin Kunlong, Huang Faming, et al.
Evaluation of Landslide Susceptibility Based on
Landslide Classification and Weighted Frequency Ra-
tio Model [J]. Chinese Journal of Rock Mechanics
and Engineering, 2019, 38(2) : 287-300. ( 5 F
iE, B, W R W], AL T B A 2 N B
RGBT o BRI (T, A A 35 TR
4R, 2019, 38(2): 287-300. )

Zhou Chao, Yin Kunlong, Xiang Zhangbo, et al. Quan-
titative Evaluation of the Landslide Susceptibility in
Chun’ an County Based on GIS[J]. Safety and Envi-
ronmental Engineering ,2015,22(1) :45-50. (JA# , B
Wilp, B, %L BT GISHE TR Y Lt
PN T, ZAa SRR TR, 2015, 22(1): 45-50.)
Wang Zan, Yan Ming, Liu Shuang, et al. Survey
on Testing of Deep Neural Networks[J]. Jouwrnal of
Software, 2020, 31(5): 1255-1275. (L%, EMH,
XN FE, 45 BB A MK Tk [T]. ek
2, 2020, 31(5): 1255-1275.)

Zhu Juntao, Yao Guangle, Zhang Gexiang, et al.
Survey of few Shot Learning of Deep Neural Net-
work [J].
2021, 57(7): 22-33. (BLEIBK, WEOLIR, SR B+,
G TRBERI R P2 W/ NRE AR S ) SRR [T]. TS AL
TR YR, 2021, 57(7): 22-33.)

ZhouC, YInK L, Cao Y, etal. Landslide Suscepti-
bility Modeling Applying Machine Learning Methods:

Computer Engineering and Applications,

A Case Study from Longju in the Three Gorges Reser-
voir Area, China [J].
2018, 112: 23-37.

Computers & Geosciences,



