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Abstract

Landslides are a highly destructive natural disaster that poses a serious threat to human life safety
and socio-economic development. Traditional prediction methods have obvious limitations in deal-
ing with complex environments, seriously affecting prediction effectiveness and application scenar-
ios. With the rise of multidimensional data, machine learning models capable of processing large
amounts of data have become mainstream. XGBoost, with its unique advantages, exhibits strong
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prediction accuracy in landslide prediction and strong robustness in sample imbalance problems.
This article combines XGBoost in regional susceptibility assessment, landslide displacement predic-
tion, and the application of XGBoost multi model integration in step landslide displacement, further
demonstrating the strong adaptability of XGBoost in predicting different types of landslides. In
terms of application prospects, XGBoost can be integrated with deep learning, integrated cost sen-
sitive learning, and uncertainty quantification methods in multiple aspects in the future, making
landslide prediction more accurate, reliable, and practical, and building a more intelligent and ac-
curate landslide risk management system to provide support for landslide risk assessment and dis-
aster prevention decision-making.
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FEN LTI, XGBoost AL T 15 Gibl s > FE R B 35 L3, HoAZ 022 R B EEBRTHIEZE
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Figure 1. Feature engineering flow chart
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PLS #i%, SVM 1% 5 XGBoost #5415 7F Fl B4 WY 175 & [ M R AL T 3 A7 % . XGBoost it 1F k£ 51
WL (2) R 25 T L (B) R 0 70 AT, 7E A4 R SO PRI A R SR LA sl S R L ) 17, Gaaiin 2
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Figure 2. Error distribution histogram
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Figure 3. Histogram of absolute displacement error distribution
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Figure 5. BOVMD-P-BOXGBoost hybrid model architecture
5. BOVMD-P-BOXGBoost ;R & 15 #4244 &

4, EibERE
4.1. &

XGBoost 514 G R A L IS 2 STRITAR EE L BER8H6 P25 4 THHE 40 I U A0, 46 W 356 32 4 5 ) 7
W 2 AR Lk S5 B, TR T A ER R CE A 2 i B 4 P R BRI, BB, XGBoost [fI4FHE
FEVEPMEAE ST, AL R TR I T IO TTIRE . AN [FIHLR 21 XGBoost I FIE B & 7Tiz At
PR T Fofb S G 282 SRR . 9 LR T LA BB A T 4 2, PR e T AR . i,
XCBOoOost 757 3 TN AT - A7 % BL AT 10 L FE AL, Rt i o e S22 A3 1 L
42. RERE

Kk, TEMEBETRIMATIR A, XGBoost AT LA it HC AR 5 Ay 42 22 Y MU AN A 2 SR 1 hAR K

A ZHEARYF SRR R TI R S MG 2R, SIS RIZh A1 E[16]; XGBoost 5
RIESA )G 6, R TINAS LA 5l R AR R R m] Rt s SRR U 1 S A e MR AL ik,

DOI: 10.12677/me.2025.135097 869 ol TAE


https://doi.org/10.12677/me.2025.135097

F 7% XGBoost B EAEF AT 8t T RIS Sz Ry, SEBLUXUS AT B AL TR 5ESCHF . XGBoost filt A
SR, 0k 6 Ps.

BT M AR

REFS —HEgR RIS KB

XGBoostiZi(x

RNBBES A S semeRs

THREEELX —BEEXE

Figure 6. XGBoost fusion multi-model architecture diagram
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