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Fig. 1 Initial structure of broad learning model
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Fig.2 Updated structure of broad learning model
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Fig.3 Debris flow disaster prediction model
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Tab.2 Significance and classification of influence factors
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Fig.5 Comparison of forecast results before
and after data preprocessing
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Tab.3  Comparison of forecast results before
and after data preprocessing
i SR e/ % VIR E]/s
K500 11 4 Ll 7000 79.64 2.9012
Boda Bk B 5 2000 93.58 0.9037
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Fig. 6 Average ROC curves of four models
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Tab.6 Comparison of average ROC curves

BiA P35 AUC fH/ % P 20 A [8] /s
GD-BP 91.44 0.0818
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SVDBL 93.18 0.0011
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Tab.5 Partial forecast results of four models
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Tab.7 Comparison of results before and after training sample expansion
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i
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GD-BP 26.2475 30.9594
SVM 18.2962 20.9901
BL 1.8023 2.0041
SVDBL 0.9037 0.9083
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Tab.8 Correspondence between the influence

factor and the curve in Fig. 7
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Fig.7 Comparison of forecast results of different influence factors
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Abstract; In the study of debris flow disaster forecasting model, it is a key problem to scientifically determine the
influencing factors of debris flow disasters and ensure the higher forecast accuracy and fast training speed of the
model, which is also an important foundation for debris flow disaster forecasting and early warning and disaster
prevention and mitigation as well. Aiming at the problems of large dimension of input data and long training time of
current debris flow prediction models, this paper used a fast-multiple principle components extraction algorithm
(FMPCE) to select 6 influence factors of debris flow disaster, including rainfall volume, hillside slope, ditch bed
ratio, relative height difference, soil moisture content and pore water pressure. Based on the broad learning ( BL)
algorithm , the influence factors of debris flow were taken as inputs and debris flow occurrence probability as output
to construct a debris flow forecasting model, and the model was optimized by using matrix random approximate
singular value decomposition ( matrix random approximation SVD). The prediction results of the optimized broad
learning model were compared with the results of the BP neural network prediction model ( GD-BP) optimized by
the gradient descent method, the support vector machine-based prediction model (SVM) , and the broad learning
prediction model ( BL.). At the same time, through the expansion of the input data set, different models were
compared from the training time. The results showed that the prediction accuracy of the optimized broad learning
debris flow disaster prediction model was 93. 52% , which was 1.60% , 1. 15% , and 0. 03% higher than the
prediction accuracy of the GD-BP model, the SVM model, and the BL model; The training time of the optimized
broad learning debris flow disaster prediction model was 0. 9039 s, which saved 25. 3867 s, 17. 2620 s, and
0.8974 s compared with the training time of the GD-BP model, SVM model, and BL model, respectively, which
showed that the broad learning algorithm can be used to predict the occurrence probability of debris flow disasters,

and provided a new idea for the practical application of debris flow prediction as well.

Key words: broad learning algorithm; debris flow; forecasting model;singular value decomposition



