FRARYRE BB FI  ommnmn oonn

Caj-cdiliEsR3IZHAH]
THE CHINESE JOURNAL OF GEOLOGICAL HAZARD AND CONTROL

FEFXGBoostERY 1 =k PR X LI & 183 5 & M 5 X R

AZEMm, B &, & &, mMiz, KTk

Assessment of landslide susceptlblhty mapping based on XGBoost model: A case study of Yanshan Township
WU Hongyang, ZHOU Chao, LIANG Xin, YUAN Pengcheng, and YU Lanbing

TELL AL View online: https://doi.org/10.16031/j.cnki.issn.1003-8035.202206020

LT RGO H AN S R

Articles you may be interested in

FLTRBFFZ W25 5 B AR SRR B W o AN
Landslide susceptibility assessment by the coupling method of RBF neural network and information value: A case study in Min

Xian, Gansu Province

BT, R, 2RI, SRR, SR K S B TR 2R ). 2021, 32(6): 116-126
BT IR R A7 BB SO S0P B 3 o K VA

Landslide susceptibility assessment based on K—means cluster information model in Wenchuan and two neighboring counties, China
JRIRAE, VR, VR, He A, SRR, XU P IEHLUR F S BA . 2021, 32(5): 137-150

BLER =7 I BRI 3 5 AT v B4 10 ]

Application of machine learning model in landslide susceptibility evaluation

XItEER, TR, HARTH PR E 56 2021, 32(6): 98-106

BTG AR 22 U 3 15 15 IR 1P i e 2 R P X )

Landslide susceptibility assessment based on multi—scale segmentation of remote sensing and geological factor evaluation

ZESCHA, AR E ML TR E S AR 2021, 32(2): 94-99
DU &) /NG N TR E I . IR PR R 40 Ar

Influencing factors of landslides and rockfalls along the Jinchuan—Xiaojin highway in Sichuan

W, XIS, SO, BREUE, Bt EHL TR F S BRI, 2021, 32(1): 10-17
VY TN TR F it A Pear AR 7R K FL R

An improved Pearl model for landslide forecast and its application

BUNER i E ML ETR S BG AR 2020, 31(6): 91-95

KR AT, RAHHEZ PR


http://www.zgdzzhyfzxb.com//article/doi/10.16031/j.cnki.issn.1003-8035.202206020
http://www.zgdzzhyfzxb.com//article/doi/10.16031/j.cnki.issn.1003-8035.2021.06-14
http://www.zgdzzhyfzxb.com//article/doi/10.16031/j.cnki.issn.1003-8035.2021.05-17
http://www.zgdzzhyfzxb.com//article/doi/10.16031/j.cnki.issn.1003-8035.2021.06-12
http://www.zgdzzhyfzxb.com//article/doi/10.16031/j.cnki.issn.1003-8035.2021.02.13
http://www.zgdzzhyfzxb.com//article/doi/10.16031/j.cnki.issn.1003-8035.2021.01.02
http://www.zgdzzhyfzxb.com//article/doi/10.16031/j.cnki.issn.1003-8035.2020.06.11

9 34 % 5 s e [ 5 UCE 5 B IR A A Vol. 34 No. 5
2023 4% 10 A The Chinese Journal of Geological Hazard and Control Oct., 2023

DOI: 10.16031/j.cnki.issn.1003-8035.202206020

R, I, B8, 55 25T XGBoost BERY A =k 2 DXL £ ¥ 5 A PRV A 15 X 3l (0], o [ 3 B 5 5 Bl it 241, 2023, 34(5):
141-152.

WU Hongyang, ZHOU Chao, LIANG Xin, et al. Assessment of landslide susceptibility mapping based on XGBoost model: A case study
of Yanshan Township[J]. The Chinese Journal of Geological Hazard and Control, 2023, 34(5): 141-152.

E F XGBoost R B 1) = Ik FE X 3%k L & i3 1K 5 & T E9r
'—ﬁlZﬁ'J

2 A AR A R A ERS
(1. P ERFGRF (X)WL 52 6T, #Hdb XX 430078; 2. =4k X i % FH %N
LEmEREE S, T8 404199; 3. P E MG KF(XRX) TALFE, #H XX 430074)

HE: Pﬁiﬁ%krinﬁ*EkaH%miﬁk”*’ﬂlmTﬁE’Jﬁﬁw AT BT S S R PRV A RS RE R AR R 1, DL = R X
TTN X #e 1l & Sy ], 35 BT o HE R IR AE LA 5 W DR T A R Bk S R PRI SR AR AR R, A S AR R
WA E AT 'ﬁ%MTZIHiE’Jaé/%O e A b, BE B I 70%/30% 1Y ¥ SEAE AR S DIl 25 /56 Uk K0 4R N B B0RE B
FH AT (extreme gradient boosting, XGBoost) i 5y & M VP o Bifi J5 MAASE TR0 T 00 A% 8 R4S TR 5 1 v T 44 L 5 DR SRR AR T (dleci-
sion tree, DT) 16 J& 32 I #f #5 7 (gradient boosting decision tree, GBDT) #E47 %f tb . Z5 R EW . IR X MR Z WK FEZ KT
K FR L HER ) IR B R TR M T 2H R W . XGBoost 5 B EL A S5 i B UE B 3R (94.3%) FN TN ORS BB (97.3%). FE AR TR E M I
E A, S 2 000K L i = (97.3%), T DT(91.3%) Fil GBDT(95.7%), 15 B Ax 1 22 #1142 57 R ALY o 0.01, Ik T H AP R EL
XGBoost 7E DX 35 #7 3¢ 5y & M VAN 5 10 Pl e A5 21 17 ] S 9 45 5L, S B 3 ¢ A ) S0 4 fE TR B0 B R S8

KRR T B B MR R MR BORR B AR T AR T TR B A R

HESES: Pe42.22 XEFRERD: A XEHS: 1003-8035(2023)05-0141-12

Assessment of landslide susceptibility mapping based on XGBoost
model: A case study of Yanshan Township
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Abstract: Landslide susceptibility assessment forms the foundation for precise evaluation of landslide risk. To enhance the
accuracy and robustness of landslide susceptibility mapping, a state-of-art machine learning algorithm named the extreme
gradient boosting model (XGBoost) was introduced to this study. Yanshan Town in Wanzhou district, Three Gorges reservoir,
was chosen as a case study. Nine influencing factors, including engineering geological lithology and thickness of deposit layer,
were selected to construct the landslide susceptibility evaluation index system. The relationship between landslide development

and these indicators is quantitatively analyzed using the information value model. Subsequently, 70% of landslide samples were
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randomly assigned for training, while the remaining 30% were used for validation. The XGBoost model was then employed for
landslide susceptibility mapping. The output were compared with those of the decision tree model (DT) and gradient boosting
decision tree (GBDT) in terms of prediction accuracy and model stability. The findings revealed that distance to the Yangtze
River, soil thickness, and lithology were the primary factors influencing landslide development. The XGBoost model
demonstrated the highest average prediction accuracy (97.3%) in 100 repeated trials, surpassing the DT (91.3%) and GBDT
models. Moreover, the XGBoost model exhibited superior robustness with a standard deviation and coefficient of variation of
0.01, lower than the other two models. It also achieved the highest accuracy (94.3%) and prediction accuracy (97.3%) in the

validation process. The proposed XGBoost model serves as a reliable assessment method and yields optimal results in regional

R

landslide susceptibility mapping.

Keywords: landslides; landslide susceptibility mapping; extreme gradient boosting model; prediction accuracy; model
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Table 1 The weighted information values of each factor state
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Fig. 10 Proportion of disaster points in different susceptibility zones
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