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Abstract: Landslide hazards continuous sequence the safety of people's lives and property and the sustainable development of
regional society and economy, and landslide risk assessment can provide an effective theoretical basis for disaster mitigation
and regional planning. A total of 1 711 historical landslide hazard sites around Nanping City were obtained, and 11 impact
factors, including elevation, slope, aspect, curvature, geological lithology, soil type, rainfall, water system, land use, road and
railway etc. were selected. The covariance analysis of each factor was carried out using the Spearman correlation coefficient.
Based on the data of 1 711 landslides and 1 711 non-landslides, an artificial neural network (ANN) model was used to evaluate

the landslide risk in the study area, and the model was validated using a confusion matrix and receiver operating characteristic
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(ROC) curve. The results show that the confusion matrix accuracy was 84.91% and the area under the ROC curve (4UC) was

0.93, indicating that the model has high accuracy and prediction rate. The landslide risk index was classified into five classes by

natural break method, and the results show that the highest risk areas in the study area locate in Yanping District and Pucheng

County, followed by Shunchang County and Songxi County, and the rest of the areas were mostly low-risk areas and lower-risk

areas. The results of the study can provide theoretical basis and scientific guidance for local regional planning and disaster

mitigation.

Keywords: landslides; landslide risk assessment; Artificial neural networks; machine learning

il

0 3

W RA AL R A EEE AR S ke A
TR AR N T RN ) R RS . A I kR sh i — 2
oI E, Hfa FEE K A1z, R X it
SHRTR BN R AW =2 a0, w2 E
2V Wl 9 A R A M X 22—, Y 2013—2017 45 [A] 5t
KA 1334 Y B, 1 BT 2 IR AR B A
TP, I o 6 DT 3B O T XU DA 1 A
B Y, BE A B 9 U8 I TN I E IR BRAR LS 2 {96 A e
fHEP,

VI A 6 A R VS R e R L AT
FERATCRN Ay | ST PR ABE R AR A S5 A0 B, e S
RO 1 1) B ARG T A 25 R LA & e Z R Y.
T G I R PR O T R AR I S TR L R R
X7k T Y BT 5 3k 3 T 48 A R gy
P BTG Ay A5 25 T v Ak T
AT K TR E SR A0, 4612 48 [ 54
R R DU R ik S N T2
o 245 S 108

X1 TR 08 548 ) P )2 K 43 AT 3 6 72 L M R X R AT T
WY SR RPN, 200 T HIE X W R 7, AT
WEoE X WGP X . E B SRR GIS HOR Al
DTk AN R R AR oK By B AT T S B VR A
SRV Y G B R VE (9 B 2 4k Fi{E B 1k . Dehnavi
AEUOMR T — R TR A A VAL HL A HT (SWARA) J7
0 A R A2 AR A B R 48 (ANFTS) (937 BUIR &
R 1 FH B B0 38 A B 1k DA R IR R R
Bourenane %5V Il R AT L SRR LTS AR
(e =1 00 A s 4S9 6 SR 0T E T T EAT T G B R D
F LA, &5 5 2 W0 3R b vk A A 5 b B A AL
Ho BEE TR LM RE B — 2B e, T 8 0 24
UG Fb HC b 7 BRCASE AR EL A T A1 A ) B RN T £
N7 S, HAE W B B M AN R B O
%\-_—:{I)[I']J[IZ*M]O

R T OK T 24, — L8273 W X Y
BT ICE BEAT T IS, AR 12 DX S BAT LAY
AR I 15 XU T B0 SRR 1 1700 AR, 2 X X
S ) B S REPEN TAED B = o AT LR - i
F14 1y S0 35 R A D ST R, WSO 22 Tl i 3R i TN
¥, 38 PN T 28 0 28 A5 R 0327 DX sl e 3 3 i i M
Frivsti.

1 AREBRSEREWET

1.1 WS XA B T 3 i

F T X R - T L T 4 G R, H AR 2.63 7 km?
(B 1) o BT X MY b 35 32 48 365 3 3l 1Y 52 i sk 2, 44
T SR RRAE A 2 B G, 1L k2 R AR b -Pa pg . IR
FEB 43R T, LR 245 M AT A8 87 oA, L s U1) 1 A 4
1o 25 B, LA Sy 2 00 W B L Ly e O, DT R L
RS A) o BIFFEIX R S 4 7 AT 2 XS A,
AR R T 29 1500 ~ 2 000 mm, FEF £ EE
R, AR BB EERKR,

AF 9 DX 5 9 5 a0 A1 15 450 DL L 1(b), ARl S5 bl
2014 4F Varnes 1350 KA RILGE WL | i de Fle A
Wi 3 PP B AV Z R R RIS, o 1AL 1008
B, i3 679 B, Je i 24 B, It 1711 fil,

1.2 ¥

S I R A TR 2, AT LI R B
FE L HhR MRS R BRR L KR £
MR FH2E R A BREk % N 2RWF (R D, AR
THIEHON S &, Hod, Sm AR s 7 1) 4328,
A Wi R P4 B SR s ik E A T4 25 (L 2, 181 3)

Hiu TV b 50T ¥ 3 A0 B AT BRI . iR
) e AP T A28 TR IS o S B2 M A ELREAE FH, AT 5 M)
Y FE RS FR I ; e B — )12 N ) v B A R
PEM R T, Hogmib bR R R p e AR
SRR W, ORI R, R
25 PP T O RERK B B 1), A [R]  3  JHE BH O i
SRS ) 5 5 B R TR] L K T AN [ Sk S5 8 T



2022 4E

WRIKS , A5 BT AT 23 00 23 A ) 2 T Tl 9 S R VAN - 135 -

0 130 260 km
T |
(a) BFFY X HOBRAL

(c) B 2]

&1 BEBRETFHESKRE
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