e 5t = 430 5

Caj-cdiET2ZHETI
HYDROGEOLOGY & ENGINEERING GEOLOGY

BRG—FE BT R P IR T

ZERZ, 3 B, KW, R, FES

Analysis of the influence of dimensional unity in landslide susceptibility assessment
LI Guoying, LIU Ping, ZHANG Kai, WU Qianqian, and LI Yuxiang

TEZL AL View online: https://doi.org/10.16030/j.cnki.issn.1000-3665.202304005

LT RO H A R

Articles you may be interested in

e s ATSIEISE - OIE e tliSiER e e Z) ks ily

Landslide susceptibility mapping in the Sichuan—Tibet traffic corridor using logistic regression— information value method
FEEZE, Bpbde, 2L AL =4, AR KO TR . 2021, 48(5): 102-111

ST IRV T S R

Landslide susceptibility assessment in Xining based on landslide classification

M, i B, AR, WSO, 2R Ak, X, FE, ERUE KSCHLBT TR T 2020, 47(3): 173-181

BT E M Mk Q2 IR AR ERT 5T

A study of the collapsibility of Q2 loess based on principal component analysis

FET, XN, S KSCHL R TR 2020, 47(4): 141-148

e e MRS PIIEENRe s #iier @& STk ¢ kit

A early warning model of regional landslide in Qingchuan County, Sichuan Province based on logistic regression

JrSRAT, XIHAWE, 737K H, BEA K SCHLBT TR BT, 2021, 48(1): 181-187
22 B B T 1 VE P Y Newmark AR FE Hb 52 0 2 XUBS B4R A % 1 P

Application of Newmark improved model considering matrix suction in earthquake landslide risk assessment
15T, RV, XA, BB KSR TREHBIR. 2019, 46(5): 154-160

LT A8 T R B 1 e 1] (Y A R 2 9 Pt 1

Prediction of rainfall-type landslides based on effective rainfall intensity and logistic regression

R ML, 2, TR EE, R WL PRE K BT TR 2019, 46(1): 156-156

KEMIE AT, PFAHEZTER


https://www.cgsjournals.com/article/doi/10.16030/j.cnki.issn.1000-3665.202304005
https://www.cgsjournals.com/article/doi/10.16030/j.cnki.issn.1000-3665.202104009
https://www.cgsjournals.com/article/doi/10.16030/j.cnki.issn.1000-3665.201906074
https://www.cgsjournals.com/article/doi/10.16030/j.cnki.issn.1000-3665.201911046
https://www.cgsjournals.com/article/doi/10.16030/j.cnki.issn.1000-3665.201911034
https://www.cgsjournals.com/article/doi/10.16030/j.cnki.issn.1000-3665.2019.05.20
https://www.cgsjournals.com/article/doi/10.16030/j.cnki.issn.1000-3665.2019.01.21

Vol. 51 No. 3 FRK o TR 516 53
May, 2024 HYDROGEOLOGY & ENGINEERING GEOLOGY 2024 4F 5 A

DOI: 10.16030/j.cnki.issn.1000-3665.202304005

EE, X, skl 55 G TE S VTN T B SE e S A (9] K S BT TR M BT, 2024, 51(3): 118-129.
LI Guoying, LIU Ping, ZHANG Kali, et al. Analysis of the influence of dimensional unity in landslide susceptibility assessment[J].
Hydrogeology & Engineering Geology, 2024, 51(3): 118-129.

ENHE—HEBESZIETN PRI

FEES, 2 PR P, KEE, F2 A
(1. HRABRRH =8 E TR o o =3b i FE &R, Hi 20 7300205 2. H K K CH R A2 3R
BREA RIS, HH ZM 73002033, ZMKFERTRELE HFER, HH 20 7300005
4. BARELSABAFHAREEEERE (ZHXF) ,H5F 20 730000)

TEE: LIRS 1 I 5 R M PPN 0 52 22 LA LGOS TR) PP A 280 23 SR 0 oS a0 Sy 2, T 22400 17 9T e B0 0 PR 1) 15 L O
BA LA B TR A A A B8 — B4 TR A SRy R T B0 TR T A AR S T R RN B % TR 4 SR A B R, L H A I B X
PERWFIE X, BRI AR L 38 | 3 1) R A AR 8 56 12 AN 7, R F2 00 e MT AR BB B 7 2 5 5 R IT A0, 1R 4K
Ebr Al W AE B AR E —KE TR, RJFE T GISF AL T X5 ZEa X E, Wil
ROC [P Ak 2 BT G 55 R AT 5 RS BE o 25 SRR B 765 BB | 38 48 [l 3B R AR AL Y b, 28 32 i 43 4 A A
B DR 45 3] A A5 280 T 5 SRS B R v, SR IS B AR IR R S — IR 1 T AR RB 65 30— 25 4R T2 8 (1] 3 R S LA R
TEO 25 SR B2 [RIAF, 3 b PP 468 20 R ATLASE TR 1) 45 SHORS B B v (AUC = 0.936 7), 1 T5 B L B (4UC = 0.917 3) A2 4
[B] R (AUC = 0.927 2), S WF 5T DX 5 3 By & M PEAN (9 SARURBE 1, o P 26 2% 1 o B 5 45 2R mT A R0t IXC A By 9 D K T4
PR RN BOE S S

KBRS AL BOR IR F5 U400 15 BRI RY; 3248 A BAL; B LAY s 42

PEDES: P642.22 XHMRRRRD: A YEHS: 1000-3665(2024)03-0118-12

Analysis of the influence of dimensional unity in landslide
susceptibility assessment

LI Guoying'*, LIU Ping**, ZHANG Kai’, WU Qiangian’, LI Yuxiang’

(1. The Second Geological and Mineral Exploration Institute, Gansu Provincial Bureau of Geology and Mineral
Exploration and Development, Lanzhou, Gansu 730020, China; 2. Gansu Hydrogeological and Engineering
Geology Investigation Co. Ltd., Lanzhou, Gansu 730020, China; 3. College of Civil Engineering and Mechanics,
Lanzhou University, Lanzhou, Gansu 730000, China; 4. Key Laboratory of Mechanics on Disaster and
Environment in Western China, Ministry of Education (Lanzhou University ), Lanzhou, Gansu 730000, China)

Abstract: Previous studies on the susceptibility assessment of regional landslides mainly focused on comparing
and improving the results of different evaluation models, while neglected the preservation of information on

selected disaster-causing factors and the issue of how to unify factor dimensions. To explore the correlation and
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dimensionality of disaster causing-factors and their impact on susceptibility assessment, this study selected 12
factors such as elevation, slope, aspect, and terrain undulation, and used new factors extracted from principal
component analysis in susceptibility assessment in the northern Jingyuan County. Data standardization, landslide
density, and information quantity substitution methods were used to unify the dimensionality of disaster-causing
factors. The landslide susceptibility zoning map was drawn based on the GIS platform in the study area. The
accuracy of the susceptibility assessment of each mode was evaluated by the receiver operating characteristic
curve. The results show that among the information model, the logistic regression model, and the perceptron
model, the accuracy of the model evaluation obtained by the factors processed by principal component analysis is
the highest. Using the information value substitution method to unify the dimensions of factors can further
improve the accuracy of the evaluation of the logistic regression model and the perceptron model. The perceptron
model has the highest accuracy (AUC=0.936 7), which is superior to the information model (AUC=0.917 3) and
the logistic regression model (AUC=0.927 2). This is an ideal model for the landslide susceptibility assessment in

the study area and should be given priority. The results can provide the basic theoretical information for disaster

prevention and mitigation in similar areas.
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Fig. 1 Locations of study area and landslides
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Table 1 Information value of each disaster-causing factor
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Table 2 Pearson correlation coefficient of disaster-causing factors
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BT AH S T 1 KA A E B, v LR 5 A PEVEAN Y
WA, K8 F.F, ERRER . EAKEE.
PRI ATEE RS . ISR | SPT, B ) 22 [6) fi KA O R
B A 0.33 < 0.46, £ 5 3 P {1 B2 AH DG, A0 H AR B0k
SE5 i — 25 BIE T 32 55340 BT BE 8 B A b AR A1 R - [

4
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e O HREAL S Wi R X8 7 14 170 22 205

A——F I R R AH

Z— A B BISE R N 1, 2, 2., Zs. 2,
Zs. Zs o3 0 FRon OB RUBE BE . R AR
TWI, Y | 47 SR TR 6 A A 28 pm A
Ab PR S A

F,—% m A~ 5ME .

MR 3 K 4 R4 R T 15
F,=047%xZ,+050x2Z,-041XZ;+
0.50xZ, - 0.24 x Z; — 0.26 X Z; (6

F,=0.14xZ7Z,+0.50%x27,-0.41XZ;+
0.50x2Z,—024xZs—0.26 X Z, 7)
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Table 3 Characteristic values and variances
[l sEER R (e AT

Bit mEAEA BB%e M FEESR BE%
F, 3787 63.117 63.117 3787  63.117  63.117
F, 1490 24836 87953 1490 24836  87.953
F; 0428 7.130 95.083
F, 0226 3.763 98.846
Fy  0.059 0.982 99.828

F, 0.010 0.172 100.000
F4 BPTERY
Table 4 Composition coefficient values
o B
FrifEfb iR 7
Fi F
Z 0911 0.167
Z, 0.964 0.214
Z3 —0.792 —-0.270
Zy 0.964 0.219
Zs —0.473 0.812
Zs —0.500 0.797

4 ZEBHERERSH

4.1 BERDRGEEPEAN JT ik

ZARE TAERRIE th 2k (receiver operating char-acteri-
stic curve, ROC) i #] iz H T W ik %32 5 5 #g 11 01T
B, J5 w51 2 B2z s, FH T 56 12 W1 BE Y IT
Hre, BT, ROC T8 )iz M H 29 I &) & A Al
K BEVEH Z B2 e B e PR F8 BRI 50 4 AR
BN G AR, i AR R T I/ 0% T Sy 9 3
/N IR P S0 A T 3 B A, ROC TR b (R PH A 32
(false positive rate, FPR) /& $i§ il ] “hy 5 3 & A= 3 43 vh
S5 BR R A T B 0 TR AR o S B oA e A T B TR BR A L
1, B A 2 (true positive rate, TPR) & 5 il i Ay 35 B
R HE TR A3 v S PR e AR T B 0 T AR o S PR A AR T 3
TR E A9, DA BH M 256 R il i, L PH PR 2R L 4
il i ROC [th£k . £k~ i 1E FX (area under curve, AUC)
A S i et B RUORG B 09 T 2248 bR, AUC {E 1935 [ 0~1,
M AUC<0.5 I}, FRos BRI 0 25 S AR AT {5 X AUCE
(0.5, 0.7], & 7~ 154 BY T KG B 5415 24 AUCE (0.7, 0.8]
I, 27 A B 25 23R ) DL 325 24 AUCE(0.8, 0.9]
I, 37 A5 AL SIS B 4 4F 5 2 AUCE (0.9, 1.0] I, 3
7S Y F0I0 B A
4.2 BRI SR BORS RV

i I ArcGIS BB 4% 3158 T H ¥ 3£ 115 B 5 (6 R

HZ5 25 A, AT E (D) IR EA b #E (12 4
SEMA PR ) L SR AH G R F1 PCA $2 BURE 56 R -1 3
By 3 T OL (1 5 & AR B, 4 R A B Y ROC
MLk (anf&l 2 fir R ) o MAIEL 2 FR A48, 22 PCA Ab B i) 4
WF AUC 5, 9 0.917 3; Hi B Br 2 By £ 50y F.
F, BEME AR BE T AHIC IR F RO 4 )G 4015 B, BERE 5 219
Bk R AH G M I R, O e iE— 20 4R M AR RS B, 18
HHTF 5 kTN .

1.0

0.8

SRV S

0.2 T 1AMEE T, AUC=0.886 3
SIBRASCIH -, 4UC=0.915 0
—— PCAHEFE ALY, AUC=0.917 3

0/ 052 0.4 0.6 0.8 1.0
[[EYEIEE
B2 =R TEEEREAN ROC HLk

Fig.2 ROC curves of information model in three cases

R B 20— Fk SO, B R A (7] 42 20 A 52 0 [
T A BRI BT I8 SRR A T LY, O a3 )R
AR HEA R ME PR 2 S %8 2 A B (e O S il
VB D i AR B G AT A G — o R A EL A BR
HHOG A 5 A PCA 12 3= Bl o0 P i 7 5 1R B3R TR 5[]
FASCAE, 8 175 A 18 330 B P B AL E 4% 875 /> 1 3
A, IEAE A B X B 875 AN AR SRR AR S, DIREA
JEORE I S PR A S B R R A S AR
AR AR S A F SPSS 26.0 At AT 2 4 AR A I 2k . 4
A 45 R b K 7 1Y L sig > 0.5 I, RETIZN 75
T e A Z IR AR OGS R A iR, A B Gt R
S, RS B DR T TR R, PR A B B2 B ] )9 7 R
it A ArcGIS H 5 B 5T XY 5y A P R 5, 22
HIRLEY ROC i ZeIF 35Tt AUC{H, W36 5 fiom .
®5 JEEEEFREMN AUCHE

Table S AUC values for each logistic regression model

THERE AR iR e Ty fFE R
SIBRA AT 0.898 2 0.920 1 0.926 2
PCA&ZE 0.898 2 0.9253 0.927 2

Fe A R B9 S A B, Bl sklearn AL 2= > JE I
S R D 1 e LIS Y, A Bl ArcGIS 19 python2.7
Ui A i VE ArcGIS BRI HLAR Y 42 0 T =, 113 Ak 7Y
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XTI B By RAEFR B, THE A S5 R AUCHE, 3k 6
JI7R o R Y Ay g v 27 o] S0 28 ST A B0
Pt A Y 1 77 Ak BE T R RS S R A A G Sy R BT
AN T) B B 5 BN BT R 2L . SCHR 28 PCA [ 4, I TR
TA5 B B HEE— 2 15 1 B RS i e, H
AUC{H R 0.936 7, 2 %A R 1) 2l i R A M 0.9,
22 2] R 0.102,

Fo6 BRMVEREN AUCHE
Table 6 AUC values for each perceptron model

VBRI FHEC T 75 PR W [E3s85K:
SIBRAEH T 0.920 8 0.505 1 0.9330
PCA&4E 0.930 8 0.820 3 0.936 7

Hi e 5 I 6 T, B H 0 BR AR OC ] B A 31 14
LERAN PCA R4 U > B A5 (9 45 R0 JE i, E
—HUESE T 4 PCA $2 B 32 573 RE S & B It 9 1
HAY R (5 B, ELREAS B AF I BR X 1 =2 8] A A 5
P, B4R e SR AR A . R, fE 2 4 0l T
Gi— 1w A 3 Fh T I T A 45 AR A4 R RO - AR
B R A Bl R AR A, T 7 SRR AL A 2
TR P MR UK A = s B (BB A A o A >0 39 2
o R I B AT S A G — I, SRR A A
B 45 FORG BE I A A 22 B ] )RR, B 2R 9 THE B A
B 35 VR I 2 R R R R AR G, AR T AT
DI 3 BT ot T AL B AR /S, R ) 2 A [ D 5 i
10 0 3 B A 220 R, IR R — R 22, AR AL

TR v AR T A 48 I A TR IV 5 1 32
[ A5 70 235 g L 5 7 B, 550 X6 B A BB A8 Al 75 5
X A N BE TEAT O, R G 1 ) REAR w5 e HL I 2
RO S AL, X Tk P AR AL A A% ) BRI AR S B E
G — N RIS BRI 5 R M 45 5
43 Sy RGN A by

LAV BV 19 25 58, SR PCA TH BR 2 mi A
FlE AR, 158 F. F,. BB RS . BB IR
B LR SPLL YT 8 AN EE N R T
S 3 S A R R i DR 26, X T3 [ 0 R R LA
RUR FG B G — 4, 445 2 3 R Rl 5 &
PEITEAN G55 . T A AUC {1 7] 45 31 46> s 8 4%
TG BEAR YA A>3 B 8] )5 > B |

3] 3 PRI 1 B R MR AL, ST A AR
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R R 1 DX G R ) £ L SR LA, DU 43 DX 45 SR
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Fig.3 Landslide susceptibility zoning map based on information model



- 126 - TR SCHb B TR 4 R %3

EMPLBE R 2> KA A o L R AT, B0 B 7 WRSE XA 37.84%, 1T 3 i AR L o G e 3 i ALY
WY 5 BA AL PR 3 X5 2R, Rl b 5 R IS 16.02%, 15 B & (/N T 0, AT ULAF B 8 A AL 43 DOSCRR
BREMEHRT o, MAEFE R TR LXHAE 028 e S AE LR

o WIICE
(e

Sh BNESYIX

(= BV 3 by kX

IS AKX e EK 0

[ E—
E 4 ETEEMDARANERSLZESXE

Fig. 4 Landslide susceptibility zoning map based on logistic regression model
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Fig. 5 Landslide susceptibility zoning map based on perceptron model
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Table 7 Statistical results of landslide susceptibility zoning for each model
(el 5 B IX YA m? Sy X T Am’ WA 107 S E 5 /% Sy X 43 L% B AE

EZEX 2571 547 969 365 0.47 21.41 0.28 -6.26

N oKX 39 502 815 045 498 4.85 31.85 4.30 -2.89
{5 B R R

g K IX 147 158 959 176 506 15.34 37.48 16.02 -1.23

s KR IX 729 606 236 878 631 308.01 9.26 79.40 3.10

k5 KX 24537 1462113 826 1.68 57.13 2.67 -4.42

" K5 K& X 72297 636 718 143 11.35 24.88 7.87 -1.66

T2 ] P AR -

g & X 115 994 237 569 020 48.83 9.28 12.62 0.44

5 KX 706 009 222 669 011 17.07 8.71 76.84 3.14

=5 KX 18 888 1766 670 263 1.07 69.04 2.06 -5.07

» 5 KX 57285 366 837 348 15.62 14.33 6.23 -1.20
TR o

g K IX 86 797 183 517 408 4730 7.17 9.45 0.40

o KX 755 867 242 044 981 312.28 9.46 82.26 3.12

K5 BET, [ I3 BB 5 3t %) 73 11 1 2 R IX R vb By
DX, 6 S 14 - R oA A 48 AR . AR
T e (0 0 39 o e R JEE SR VY i AR I, v o R IX R A3 A
TEATT S AU X%BE S MUK £, J2th THF5EIX
F0 VG 320 R A AR R L LRSI B O, O i e ) e A 4 3
T RUFFRAT . FIAh, 25 M AR 7 Sl 3k AR
WHRA —E e o AR5 bR 5 b S B 3 32 5
O A AE I AT PN, Hr (4 Y 3 2 T A
B S A, [ I A7AE o B RO T D, S A AR P
GER & o A A RS (D T = RNl AN
R P Y MR 23 T, g — AP IR T R
AR AT BETE o AT DXAR TS G T B 3H ) 3 A
N I KT AR, EE RS KX AR
Ty KX, T e iy 5 X ALY A6 9 T A A

5 #it

(1) FIF PCA $5 5 B B 7 AR 5 AR g b 5 Bk Dt A
T2 ] B AH P, R G B 5 bR A O R T BB TR £ b
PR B S i O B S S, E— D B A RS B

(2) i1 F 52 49— SO ), 78 32 5 18] 05 s Bl
R I 5 {7 B Bl R T G —, R T bR vE AL £
L I R S AL R A KR 3 R NS —
W57, BRI R 25 0 AUC H L, 7 BB E
PRIE AT B I GE— P A5 I B RORS B fe v o

(3)3 FPF A B AR v B HTALASE ARY 11 3 DX 8 2R e
HA R BP0 RS B (AUC = 0.936 7); {5 BB 5
SR B B VRN RS B (4UC = 0917 3), (B HAE S K&
PEO X L N SEBRIE 5L B A, 78 5y & IX R B0 1Y)
Oy KRR A 22, ASREAS B i b A5 2 $E A BIF 9 IX 5 A 1
X & P&

(4) T X K E Ty S eV s AR AR, i 5 K X
FEAMIEAT] S BB, XS FUKCH £, il
Ao AT, WYOR T B2 M DR R Sl .

K PCA T B B 19 AR G PR A5 BB (B Ak
Gi—EURIN TR, dt— BRI T 5 R 4R
AORERE, 15 8] 1 W58 DX 38 5 R VR 2 R o3 A e ik o {HL
SCH R T A 22 A 8] U1 R LA 2R 2 D B A —
SE AL, g PR AIE S5 SR A TR P, ST &R
SRR AT o SR SRR SR O I M B S T
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