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Abstract: Landslides occur frequently on the Loess Plateau in the north of Baoji City, Shaanxi Province, which

seriously threaten the economic development, production and life of the local people. Based on fractal dimen-

W #s B HA: 2023-03-22; & @ B H#A: 2023-09-24; FEHE: 50

ESWHE: BEyU4 =AM AR H (2024SF-YBXM-565) , B2 VG i #HE 4 Hb 8y 040 K11 35 31 B 2024 4F B N BT H (KCNY2024-2,
KCNY2024-4), [ V6 45 + 1 TR 2 5 45 1 N30 B0 H (DINY-ZD-2023-1, DINY-YB-2023-18, DINY2024-18) il Bk oY
b — VG 2 58 K A i TR 55 N BB H ARG 0 TR 8 4x (2024 WHZ0240) B 9 Bl .

EEB A TR (1992-), B, Wi+, THEEIG, 3 ZNFHFR E S - TR . E-mail: 517043740@qq.com,

*EWAEE: R (1987-), B, Wi, B TR, £ 8 F B SEIE ST M A BFSE . E-mail: 267001531@qq.com,


mailto:517043740@qq.com
mailto:267001531@qq.com

256 o4t o# R

NORTHWESTERN GEOLOGY

2024 4F

sion, entropy weight model (IOE), support vector machine model (SVM) and two hybrid models, namely F-IOE

and F-SVM, are used to quantitatively predict the possible occurrence range of landslide. First of all, 179 land-

slide samples were used to make landslide cataloguing maps, 70% (125) of the landslide samples were used for

training, and the remaining 30% (54) were used for testing. Then, 12 kinds of landslide influence factors are ex-

tracted, information gain rate and fractal dimension of each factor are calculated respectively, and four landslide

vulnerability zoning models are established using training data. Finally, the performance of the model was test-

ed using the receiver operating characteristic curve (ROC) and statistical indicators including positive predictive

rate (PPR), negative predictive rate (NPR) and accuracy rate (ACC), and the generalization of the model was
compared. The results show that F-SVM model has the highest PPR, NPR, ACC and AUC values in training and
test data sets respectively, followed by F-IOE model. Finally, F-SVM model is the best among all models.

Therefore, the hybrid model based on fractal dimension has more advantages than the original model, which can

provide reference for local landslide control decisions.

Keywords: GIS; research on landslide susceptibility; mixed model; fractal dimension
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Fig. 1 (a)Location of study area and(b) landslide inventory map
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45,2023) . TEABESEH, I T ROC MIZR LK 4
Tl 3 5 R VRS, $a R 1 Bk Y SR R Ry
SEHEMCR, ©NESLDEEE LA R IR
{8, DL 3 — 2R 50 R R S B SRS 284 DL 22 A
FEVE R Y 5l -4 52 B AE O XA i 2. M4 T i
(f&] Fx AUC) I T L B A 0F 5% o g A 80 7Y 1) PE i
AUC B G N 0~1, T AUC=1, | 3¢ B 1 3k Al
W% i) 43 2558 4 TE A (Lombardo et al., 2020). #H5Z, 4
R AUC=0, M 2e i, AT
TP

RO = p iy b
TN

(XTP+XTN)
P+N

FHor: P AN 591 2 7 A7F 5 DX 38 PR 3 3R 28 35
R G

AUC = (23)

4 4k

41 ZEHZHSHER

FEAFFE v, VIE F1 TOL # TR I 52 i [H 7
(VAR Z F AL M i, MOHRZE SR (GR 2) W LU
i, VIF (85 KA A NDVI(VIF=1.675), /A 22 e /IME
b - R R (8 22=0.650) o T AT 5 0 X F Y VIF
1 TOL N7V 75 Y 22 J1 38 1 1) 181 139 16 P9 (VIF > 10,
TOL<C0.1), X 12 52 7 PR A7 7E 22 J L4
P [F)

®2 ®WIEFH VIF# TOL &
Tab. 2 Variance inflation factors (VIF) and tolerances of

each conditioning factor

AN TOL VIF
W 0.934 1.071
4| 0.926 1.080
e 0.656 1.525

IR TR RN 0.908 1.101
P 1Y R 0.877 1.141
W7 )2 1 BE = 0.916 1.092
NDVI 0.597 1.675

& b ) 2 A 0.650 1.538
R A TR 0.814 1.228
R W 1 0.814 1.229

- 1 = 0.912 1.096
F i i R 0.925 1.082

42 #mEFMRIE

AHEFEIE L 10 H1 38 LI UE TP B A5 B 25 R
(AM)REREZ T . N 4 0T LLE W FEA 5% 00
K1 AM 5 A8 9 B e (0.598), LR = 39k B Fn gk
T f) A 7] (0.299), BF ) 9 A9 BE B (0.253), B¢ T &
(0.230), +H A FH2E5(0.210), HHE PR A RS (0.184),
5 W 2 4 B A0 NDVI A A ] (0.115), i1 1 il R
(0.046) Al JZ 45 1 (0.023) o SR, -1 2R 1) AM
Sk 0, 3 3% WS- 1T il 6 R 1 ok SR A SRR R 0, AT RE S
WAL T B, 765 2 g ARTIEAS o HERR - 1w il %
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Fig.4 Average Information Gain ratio of each

conditioning factor

43 HBEHPITE

AR 7 B e, Ry 7 i e PR 1 43 JE 4R R
TF 9 X 3 19 225 18] 43 A b 25006 A2 43 T8 R AiE (L AH 56
PE) o MR Bk, A (5) IR 5 X P i 4
B2 [ A3 TE 4e 5. NI S T LU ), AR X0 B 1 25
6] 3 4E KM 1.903 2, R 4 0.964 9, 33 2 WA ¥t 3k 114 23 ]
A3 A BT B S0 43 T REAE R S Y A A e . R,
Ak LTI RS e R T 19 2 ] A 2 R A R S, R
PR 19 0 55 f 035 3.

40+ »

351

InN,

3.0L InN=1.903 2Inr+6.889 3
R=0.964 9

25 : : : —
1.4 1.6 1.8 2.0 22

Es5 xt#¥EMEETZE

Fig. 5 Logarithmic graphs and linear equations

44 ETFIOE# F-IOE HEKBHEBEENX

fdi | TOE 1 F-IOE 45 Y (1) f5e ¢ 133 5004 I ¢ 3.
MEs LR, A0 14 TOE {5 F1 50 4E 528
FEARMF B KW, (0.3646) & T NDVI, H:k
JE TR 2R (0.246 2), BB A5 (0.169 8), fit
/AW;(0.0155) & THEWTZ 0 E] . JK F-W;(0.138 8)

J& T2, Hok® NDVI0.133 7)), K (0.1319),

/N F-W;(0.094 6) J& T3 7]
ML EcHE Al LA Y, NDVI 75 IOE 1 FIOE £ 7

8 A o A LA AR e A o 3 X R B 5 1
PRUZ 58 XK L3R ™ 5, B AN 2 o 55T TOE F F-
IOE 5 RV 5300 3 o & PE#E % (LSD . LSI{ATE 0 3 1
Z 0], BRI 1, W R AE R RS, 2R .
J B LSLioe 1 LSIpo Xl 5328 5 AN X [R], LLAE BT 32
Sy RAEEI(LSM), [6] B i H 28 W sl e o 5 2R IX
s MK S & 1X.(0.094 0~0.208 4) |, (0.1047~0.1945);
&5 % 1X.(0.208 4~0.2646) . (0.1945~0.2783); H 5
% 1X(0.2646~0.3228) | (0.2783~0.3834); & 5 & X
(0.3228~0.3893), (0.3834~0.5022); % = 5 & X
(0.3893~0.6244), (0.5022~0.7214) (|4 6a, & 6b).
45 EFZHEEEBNMF-SVM EERWBIES E ST

TEHE 7 5T RBF % oA B0 S2F5 1] & ML AT F-SVM
AL B, C S AR EXT TR R CE S, A TR
PR HL RS2 I 45 5, 3L T Python ¥R5%, I 10 138
SCEUEFN AR A8 R L, B2 T SVM R F-SVM | C Al
8 43 9R(256,0.1250) F1(512,0.016 5) . SRJEiHE SVM
FF-SVM A8 1 LSI, iy 70 Fl oy 0~1, BT 1,
e R BRI, R Z IR . deJa, % LSIgyy F
LSIysvm X430 5 /> DX [A], A2 B LSM, I3 i 28 B a5
B H A 535 K 5 &k IX (0.0145~0.2459) .
(0.0740~0.3061); fik & % IX (0.2459~0.3695) .
(0.3061~0.3962); " % %k IX (03695~0.5161),
(0.3962~0.4967); & & Kk X (0.5161~0.6974) .
(0.4967~0.6802); % = &y & X (0.6974~0.9983) .
(0.6802~0.9574) (& 6¢. & 6d) .
4.6 HERMTEHILE
4.6.1 RAMAEIFAE

B F NG g s 5, R 3 B S it 2% 48 A5 (PPR,
NPR Fl ACC) X ¥t 3 b e PEAS A (1) M B HE A7 VA, 45
SR LF 4. M PPR Fl NPR (8 45 - al DL Y, F-
SVM H5 A ) £ 25 {8 43 1) 4 88.72% F1 94.02%. it ]
FEARBEFEH, F-SVM B S 8 3 2 75 2% A 114 T80 fi
oo N ACC IS SRR FE, F-SVM AR (1) {H 1 i
1#(91.20%) , UK & SVM A7 (89.20% ) . F-1OE #5 !
(87.60%) £l IOE %1 (84.80% ) .
462 AR MK

et S B B2 R 3 Bl G T4 A o8 B TR AL
K, RS RN ER S iR . M PPR I NPR 1911545
RATLLE T, F-SVM 8 {8 (i, 43 0 R 92.73% Fll
94.34%,,

X, 7E HATR A 5E H, F-SVM A RLTE X 4 F
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Tab. 3 Spatial relationship between influencing factors and landslides
R AT S £ FR; P, H, Hipy I W, F-W,

<5 0.0772 0.303 5 0.0367
5~10 0.1906 0.8709 0.1053
10~15 0.228 5 0.9124 0.1104

ez () 22857 25850 0.1158 0.1595 0.120 1
15~20 0.2372 1.1518 0.1393
20~25 0.1682 1.9427 0.2350
>25 0.228 4 3.086 4 0.3733
K 0.0000 0.0000 0.000 0
it 0.0459 0.609 7 0.078 7
R 0.0317 0.356 4 0.046 0
K 0.2239 0.9802 0.126 6

e FNE] 0.1567 1.036 4 0.1338 2.900 4 3.1699 0.0850 0.073 2 0.094 6
&) 0.1429 1.1387 0.1470
() 0.1990 1.0215 0.1319
[ 0.2260 1.624 8 0.209 8
il 0.1251 0.977 1 0.1262
<850 0.5803 2.908 5 0.402 4
850~950 0.3346 1.1898 0.164 6
950~1 050 02131 0.7202 0.099 6

= 2 (m) 1050~1150 0.1009 0.5549 0.076 8 2.466 6 2.807 4 0.1214 0.1253 0.1279
1150~1250 0.0942 0.5738 0.079 4
1250~1350 0.1606 0.8630 0.1194
>1350 0.2092 0.4174 0.0578
<200 0.399 8 22738 0.4703
200~400 0.2220 0.8336 0.1724

HE VA 3 69 BE B (m) 400~600 0.0539 0.446 4 0.0923 20154 23219 0.1320 0.1277 0.1009
600~800 0.0706 0.864 1 0.178 7
> 800 0.1942 0.4171 0.086 3
<2000 0.4358 12216 0.2275
2.000~4 000 02725 1.2343 0.2299

1 7 )22 04 BE 2 (m) 4000~6 000 0.328 6 1.149 6 02141 2.2883 23219 0.0145 0.0155 0.126 3
6 000~8 000 0.3992 1.1191 0.208 4
> 8000 0.295 1 0.644 5 0.1200
<100 0.486 6 1.1476 0.5302
100~200 0.1407 0.7709 0.3562

1 T8 09 FE 2 (m) 13723 2.0000 0.3139 0.1698 0.103 0
200~300 0.133 4 0.2458 0.1130
> 300 0.0000 0.0000 0.000 0

R T X S R AR W B R A A B RE . X F
ACC ¥8 5, F-SVM A= A 5 {5t fi 55 (93.52%), Hk 2

SVM #71(92.59%) . F-IOE #5754 (88.89% ) fil IOE % %Y
(87.96%) ., M AL, 1% 4 FhALAY A PE REXT T HF 5T IX
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(a) IOE iR (LSM) 5 (b) F-IOE BRI (LSM) ;5 (c) SVMBLRI(LSM); (d).F-SVM Bi% (LSM)
6 BEHRMEE
Fig. 6 Landslide susceptibility map using

x4 EEUEENSKITERITEEREK
Tab. 4 Calculation result of statistical indicators for

model performance evaluation

x5 HEEMKTEMNSRITERITESERR
Tab. 5 Calculation result of statistical indicators for model

validation evaluation

- Y = LY
EiFk g
IOE SVM F-IOE F-SVM IOE SVM F-IOE F-SVM

LI 108 113 110 118 L 48 52 110 118
LB 104 110 109 110 FBATE 47 48 109 110
B8 BH 4 21 15 16 15 1B B 7 6 16 15
i B 17 12 15 7 i 15 4 6 2 15 7
PPR( %) 83.72 88.28 87.30 88.72 PPR( %) 87.27 89.66 86.21 92.73
NPR(%) 85.95 90.16 87.90 94.02 NPR(%) 88.68 96.00 92.00 94.34
ACC(%) 84.80 89.00 87.60 91.20 ACC(%) 87.96 92.59 88.89 93.52

BT Y Ty Ry AR A RE e Ah, MR SE Tt
TS5, F-SVM BRI AE BT A f6 bs 45 0 e, B
A HUF R R8T . TEARBESE T, PIFRR G AR
REAR L T I AR AR |
4.63 AERZACH

ABESEIE i 25 ROC 2k, 15 AUC {E R XT [
W 5y K MRS RL T A o 6T o mn i i B diE 4R
B AUC fH 53 5 an [ 7a FHE 70 iR o AAEEF Y125

B ROC LA E, F-SVM BRIy AUC {H i 5
(0.8527), H. ¥k J& SVM # # (0.8153). IOE £ #Y

(0.805 7) Fl F-IOE K % (0.8054) . M\ KL T a8 $ic 2 4
i) ROC ik, F-SVM #iAI[Y AUC {E = (0.976 1),
H Y2 F-IOE # #4 (0.859 1) . SVM H U (0.794 6) il
IOE #5751 (0.7434) . 53K B, F-SVM 1E Il 25 A it
B A v F B s 2 Ak, I B EHE 4R b
AUC {8 B &b & T H A AR
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—— IO B, AUC=0.805 7 -~ —— IOE #5}l, AUC=0.743 4
02l ; — SVM #iH, AUC=0.815 3 0.2 kr —— SVM #iHI, AUC=0.794 6
F-IOE Fi%, AUC=0.805 4 * F-IOE #i#, AUC=0.859 1
—— F-SVM i1, AUC=0.852 7 —— F-SVM 7, AUC=0.976 1
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0 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0
15 1S
(a) PBHEE; (b) MHAEE 5
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Fig. 7 ROC curves for landslide susceptibility models
B T H IR (IOE, SVM) . [RIAE, MR 7 0 3
5 e S5 R T, PIAR AR 3R 3 G5t

TEAWFFE T P o st 141, ZE B VE A £ X8 T
6B 7 5 XN T 4 R i 5 & PR RL, B IOE,
F-IOE. SVM. F-SVM 884, JEEAT T H3 5 K Mo IX o
gL, PR IR &8 (F-IOE, F-SVM) X ¥ 31 B
B HEET . BIRFZ2E C L0 e 4
OO AN 72 0 ATF 5T T W 3, (RS VA
TE 4 B Ay i ABE S IR AR ST . T
I Ol R e A SRS W< oy 1 o T | 4 2 &
AN 2 MEAS S5 T BEBLE, 50 T8 4E 5005 52 R - 22 [
AL FR . B, 8l 08 4E 800 i A
B A R A B, AT LS EG A 5 TR A AR R T A
BOR . 3 —J7 L, S TR AEECAT LIAE S A SR AT v 52 i)
PR IE T IR o 718 Bk o) & M Al R v, RUEE A
B PERNE R TR A — A e . 7EX
B S RSy X R TR B R AR A R
B b B AR IR S AR A B A0, e R R
JE f A AT RE 2 AR AR A, F M2 A AR A R BB B/
FERRUBE -, 500 D5 1) 25 ] SR RR AR AR A1 00 32 G,
AHEC, FE/INRUBETR 5% ) R 76 25 0] w2 R R AE 38
W AR, WA 5 B Z 0, A
T RUE ) 38 T, 72 Ak 23R 1 1) R i DA 14D 5% T 45 ik />
LT BR, AR AR AR A PR TS R 16 52 Dl PR 4R
B XS KR S B0 S kR X 2
S AR E R, R, 28 58 TN DG T RUBE A2 AR X)
T ) RSy DX 5

L RLPEBE A AL 25 oK, T 43 TR 4 550k HE 1
Wi AR A #5 R (F-IOE, F-SVM) i) PPR, NPR F1 ACC

o TR R AR,

ME 70 AT LU, PIANER & B AL AUC {8453 51
4 0.859 1(F-IOE) 1 0.976 1(F-SVM), & % & T J5L IA
B, DR, A8 3 A0 T 4 550k i A B8 TR A A A
SR FE I W Ty K PO R AR A R B A A H SR, B
DXIRAN JE D S R A T 95 1) 38 3k 3 FH 1, 75 R4 A
Z 1 X SR TSR

6 it

(DA WF 58 3 T 179 4> W B FE A A5, Bl ML 6
70% FTE A A TN SR, HoAr 30% A3 A Tt
VPR T 12 AR N, AR R M AR B
AR | B B RE R L BEMTZ B . NDVIL £
H A ST M)A L R AL T T SR
R, ZEILEMIS B R R, T Z R
VA 22 T 2P ), SR 5 11585 R 14 i S 4
2 2R, HERR T V- 2R R A

(2)AE 3 T WG D I 4R 43 2550, B TOE /1 SVM #5
R A, AR R e B Y 4 TR R, IR R AR
Ry i AN BCHE R A P AR 5 B AL, B F-IOE #l F-SVM
BT e 2l 1SR W7 A0 0RE T kB & 1 4y DX BT 43
HSF MM KX AKX T HKRX . mo KX
M o kX . feJa, i 3 Fh 48 1T 2% 38 #5 (PPR.
NPR Fll ACC) K PPAf A5 AL P R, I F ROC 4k
A 4 PSR 72 fh 1k

(3)4 FpBL AL ) ACC (AR &5 T 80%, iX % B i A
B (1 43 28 5 S AR T 52, JF BRI A ALY ACC
{EAR o TR BI R, pb Ak, DA 0 H5 4 45 1
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ROC MK F , 45 R AP, F-IOE B A Fl F-SVM A& &Y
B AUC {43 5 & 0.859 1 F1 0.976 1, & T IOE 4 #!
(0.743 4) F1 SVM %1 (0.794 6) .

(4) AR BT 25 R R IR G BRTE M I 5 R VE S
DX T e g, T LA D B A U S TR A R A ) TAR
i, O EEORE M L A AR T B U T T A A S
P, [RIA, A5G B 4 & At ] A 24 M i) B 9 0 T
VRS RIS 34
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