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Fig. 1 Neuronal structure
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Fig. 2 The basic structure of the multilayer perceptron
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Fig. 3 Image of ReL.U function
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Fig. 4 Four-fold cross validation
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Fig. 5 The schematic diagram of the influence parameter selection of slip distance
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Tab. 1 Statistics of typical landslide cases in southwest China

¥ e HE TS V/Ji m? Hpax/m a/ () B8/ Y/ L/m
1 P LB ELA B T 110. 7 100 50.0 14.0 10. 0 400
2 Ve B Ve e 850. 0 252 26. 0 50.0 25.0 377
3 DY) R YL EL R R 0 R 13.0 200 45.0 16.0 5.0 460
4 Pl RE & Wbk 3 000. 0 200 62.5 10. 0 15.0 1 000
5 =T AR 500. 0 400 50. 0 48.0 32.0 1 000
6 DA R EL VDI Y 1.500.0 500 18.0 10. 0 42.5 1 300
7 SN NG T T 2 700. 0 400 35.0 12.5 12.0 1344
8 PG 8 244 2Fe A48 1.000. 0 310 50. 0 44,0 15.0 1479
9 TG K 1 A T b 2 200. 0 800 51.0 40.0 30.0 1 800
10 PN OIS T 3% 117. 6 430 80. 0 32.5 25.0 1500
11 VORI 48.0 500 59.0 40. 0 20. 0 1 400
12 REAY 1L 3 500. 0 720 56.0 21.0 30.0 2 200
13 HPOT M B 7 b 540. 0 325 20.0 22.0 28.0 1300
14 U148 BT S SCE IR £ W 4 18.0 150 30.0 17.0 41.0 400
15 Pk BT £ Wik 1100.0 400 60. 0 15.0 13.0 2 000
16 PRI P 18 ¥ 860. 0 210 70.0 21.0 7.0 690
17 P15 4 AT 6 R 48 400. 0 150 16.0 5.0 16.0 600
18 PO LI 700. 0 335 16.0 17.0 14.0 1200
19 1 PR NS S04 3 35 400. 0 700 40. 0 60.0 25.0 880
20 DU e B R 110.0 450 55. 0 1.0 35.0 760
21 P A2 TR 1 T 4 100. 0 500 45.0 45.0 8.0 1 560
22 2 M TT 4 TR 43.0 880 60. 0 35.0 10.0 1600
23 BN ENYT A 17T 1 210.0 210 50. 0 30. 0 25.0 700
24 ST 20.0 300 43.0 18.0 10. 0 800
25 TR BEZE BT 1L 3 820. 0 600 55.0 68.0 40.0 1 450
26 U VL LA R 300. 0 140 41.0 12.0 21.0 680
27 DU R LB A ARV 400. 0 280 16. 0 13.0 20. 0 950
28 Y| 2 T 37 430.0 101 33.0 15.0 17.0 600
29 DU 1 P VT B P 28.0 160 12.0 11.0 10.0 310
30 DU 17 H sl 43 3 600. 0 154 35.0 38.0 15.0 609
31 VUSRS 20 2 e 200. 0 291 28.0 50. 0 25.0 415
32 O AL 810.0 200 9.0 11.0 45.0 1100
33 DU 1 25 BH B R 5 v 700. 0 150 16.0 16.0 8.0 580
34 TR B BRIV M I 220. 0 150 41.0 45,0 16. 0 580
35 Y )13 2 L A W 60.0 366 54.0 34.0 33.0 488
36 DU 1RV HE T A 77.0 400 22.0 24.0 12.0 1200

FEHL AR MR ¥ (random forest, RF) 23T A%
PR B AT A B 2= > Ty i, B 7 o EE B
JPRIRE T R E AR 1 E A — BT
G302 2 V2R Al 0 BE AL AR AR (mean de-
crease impurity, RE) 1 15 1 6 52 3l 20> il AL 25 Ak
(mean decrease accuracy, RF) ., RFRi#E HAT4HAE

« 976 « KA TAEAR

AT AE [ R TRLEE L G 5 7 22 8 R/ s —fedt
AR R A R B

ez 1 o8l o BRI SR 08D BEHL AR
MR T ZLEST /3B 20 I 3 U B R4 2R DL
2 ROR 220 BRI A L A AR 3
DXHIE i =M SR A 38 A A 2
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Tab. 2 Importance of the factors

MHBER LK 2k HwI3W CPWH EEMHE
BREZE 0.6716 0.6870 0.6634 0.6740 1
B UNEN A 0.1022 0.0805 0.0938 0.0921 3
WX 0.0682 0.0675 0.0686 0.068 1 4
H R f 0.0633 0.0635 0.0718 0.066 2 5
PR RE  0.0946 0.1016 0.1024 0.099 5 2

SR Z e AEHXS LA 5 R R EA T4
2 VB 9506 1 AR DX ) AR 1] 05 28 50t 3 P A
B (¢ KL A5 2R S BR 1 Bk 22 LASh . AR 5 AR T
RIVBEMAR (P DR T (16—95%0) AN TG
FWeL s EiEE G e SR A S ESEIVE R oS NUSSCilin 8
ZICLR L ] 9 BT AL IE 2R € &R KL Cadjusted
R-squared) 2y 0. 552 9., AR AEFR BL H AR B A Gk
22 SELNE [ AUANSE FH TR

IR ZENE N BB ol ARl AT 5T
HE BRI AT AU S A SR LA 6.
RIS HOCER L I o by T 0000 e v 22 P
A83 ., FEMSER W 35 K3l IF O B a5 K 2548 100~
1 000 m [ SEBREAS , 3 55 A AR 52 401] 5 00 8 48] 114
ORI e W BN LA 1 36 41 2 B, AR H
TR B A BT B 22 Z AN A [ R

HEANE AN B G, WL 2. (HJE X & )
T Wiz g B g 5 v S ) B R 2 i AR S ¢
Z - M BEAL AR AR E 20 HUBE R BL 1% 2 2O BE HIL 2R Ak
PRI B Tk L OF A BE RN B S HAR S HON
AR o PRIk R ST 2 aaoRE P AC A 300 0 9 33 8 401
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Fig. 6 The fitting diagram of maximum height difference and

maximum horizontal slip distance curve
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Tab. 3 Model parameters of deep neural network

MAM%ZE RSB/ BT EEC TR R val_loss YIRS loss KEUH Epochs/¥X  Batch size/41  fifbB %
AR 64 Rel.U %k
&R 128 RelLU pR%L
MAE %% MSE pRi%% 4 2 000 4 RMSprop
fa 2 2 32 ReLU pR%L
i )2 1 I
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T 5T MR A R R 43 B SR (5 A
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i PR 28 -5 5 B i B8 40 91 A 7 b o b A B LR
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= S
N o IREABEIIE : S AR T 22

(6)
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B N Rt 2 -5 R B b 5 A2 e DR 3R DR A7
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. features 248 5 D FHLRZ M R, samples N &
TR PR BT IZ 5 ADSHON R ) BAREUE . B
A SRR Sk 2D SKEAE S — AR AR S i A B 5
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FE5 YN BARE LR D — A2 5] A MSE $i1 2% bR
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Fig. 7 Training loss and verification loss curves
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FEHT 100 W Zk I Zrahi 2k 45 2 A R s, I 4

Hofgr T B 1 3] 0. 01 ~0. 05, 31F BH IR 1 #h 22 )
KRERIC SR, iR R B mMEEIHFH S
IRV E R E R 1 56 3 5 PEAL pR B2 BRI B R R
B AR 0. 17 BiF I 2k B0 I, 28 B0 i s 7Y
HAREMZ AR ). W Bl 2 e
SR T BN B0 S T AR TR 7 Bk S R 3 A )M (L A
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2 JRyf/IMEL 1T 2 25 i 4 28 388 K/ N A TRl A4 30 i
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IR ZE R
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DA, IF AT RObn AL 5 AR B FRAE H 15 2]
USSR, W 4. nTLUE L 7E 9 AR pd,
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Tab. 4 Statistical table of verification results

FF5 e EA SZBR Linin/m Bt Luax/m Hixf % /m M2/
1 DU LI L AT e v 400 403.2 3.2 0.8
2 VUSRS AR B 377 504. 5 127.5 33.8
3 PR LB PG A T 45 460 511. 2 51.2 11. 1
4 INIPN=E2i:¢"1 1000 942, 7 —57.3 —5.7
5 BEIE AU 1 000 1133.5 133.5 13.4
6 RO B IE T 1300 1140. 4 —159.6 —12.3
7 DN AT I T 1344 1 301.2 —42.8 —3.2
8 PG 24 A A 33 1479 1.338.6 —140. 4 —9.5
9 PH A% T 10. 11 1 800 1 930. 3 130. 3 7.2
3 Tk W e s AR a2 % SRR AR A], b A

3.1 RHAARAE

IRUVE WS F & PR LS BRI
BE AR AT, WL 8 AH AU AR T 5 P T I 2 DAL
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Prediction of high landslide range based on deep neural network
DONG Jianhui' , QIAN Kejiang' , ZHAO Jianjun? , XIE Feihong' , LI Haijun’* ,ZHU Yaoqiang®
(1. College of Architecture and Civil Engineering ,Chengdu University ,Chengdu 610106,China;2. State Key Laboratory
of Geological Disaster Prevention and Geological Environment Protection ,Chengdu University of Technology .
Chengdu 610059, China; 3. Guizhou Geological Environment Monitoring Institute ,Guiyang 550000, China)
Abstract: Geological hazards frequently occurred in China due to its complex geographical location. Landslides are characterized
by the outbreak and destructive impacts, threaten the lives and property of civilians are regularly reported in mountainous areas
of China. Therefore, predicting dangerous areas of the landslide has significant importance to estimate the affected area and loss,
and to protect people’s property and life safety. A method is tried to find for the prediction of the longest horizontal travel dis-
tance of the landslide combining K-fold cross-validation and deep learning theory due to complex factors that are hard to find.

Jianshanying landslide is a high slope in Faer Town, Shuicheng County, Guizhou Province, and its failure may cause a great
loss. A deep neural network model of the high slope’s hazard zone was established to carry out a nonlinear prediction. Five fac-
tors are integrated based on its locomotion length studied by foreign and domestic academics, which do not exist multicol-
linearity, including the largest discrepancy in elevation, the volume, slope gradient, slope angle, and stratum dip angle. Typi-
cal rainfall-causing landslide cases in the southwest part of China are also collected by reviewing relevant literature and docu-
mentation. The parameters selected from these cases are evaluated by multiple linear regression and random forest regressor
to sufficiently understand their feature. Besides, due to the size of the data set, the deep learning theory is applied to the dan-
gerous areas prediction of the landslide with the K-fold cross-validation method. The deep neural network model is built and
continuously optimized base on the training data of these cases. Generalization ability is tested by the K-fold cross-validation
method,and the best model has been selected. The largest locomotion length, namely the dangerous areas of the landslide, is pre-
dicted.

The largest discrepancy in elevation of the front edge and back edge of the landslide is the most significant factor in predic-
ting the longest horizontal travel distance of the landslide. Multiple linear regression model is not suitable to solve this issue, ex-
cept for the discrepancy in elevation. The P-values of its intercept and other indicators are all larger than 5%, so there is no
enough evidence to reject the hypothesis H, , their regression coefficients are equal to zero. Besides,according to the model train-
ing and prediction, the loss curve shows a staged decrease,dropping to 0. 17, which achieves a convergence and displays its good
generalization ability. After model training, using the nine examples of testing data to input into the model and compared with
the actual target distance,except for the example in Liena, Tibet, the relative errors of the others are between —14% and 14%
while their absolute errors are between —160 m and 160 m.

The elevation is the main factor, while the volume, slope gradient, slope angle, and stratum dip angle are of equal importance
in prediction indicators. The deep neuron network model is highly authoritative and has good generalization ability, so it tends to
predict the travel distance of the landslide. After the relevant factors of the Jianshanying landslide are input into model, the re-
sult illustrates that the hazard zone starting from its back edge within the linear distance of landslide direction is 1 769 m.

Key words: landslide distance prediction;deep neural network;nonlinear prediction
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