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Abstract: In response to the problems of low prediction accuracy caused by the varying sensitivities of debris flow
triggering factors in current research, poor model training and prediction performance due to limited dataset samples,
and difficulty in determining parameters caused by severe nonlinear processes, an improved kernel principal component
analysis (KPCA) algorithm was used to screen out factors with general correlation, combined with broad learning (BL)
to establish a debris flow probability prediction model. Then, a particle swarm optimization (PSO) based on sine factors
was introduced to optimize the model, and finally, a debris flow prediction model based on KPCA-TFPSO-BL was
established. The performance of the classic BLL model, KPCA-PSO-BL model, and KPCA-TFPSO-BL model was
compared through experiments. The results showed that the root mean square error of KPCA-TFPSO-BL was 4. 92, the
average absolute error was 4. 60, and the training time was 7. 22 seconds. This model showed the best comprehensive
performance in terms of prediction error and training time. This study provides a new approach and reference for the field
of debris flow prediction.
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Table 4 The evaluation indexes of four models

TR MAE RMSE At 1] /s
GA-BL 8.07 8.65 77.33
PSO-BL 4.57 5. 40 49.19

TFPSO-BL 4. 60 3.92 7.22
BL 7.73 9.41 87. 26

AR A MER H TFPSO-BL (¥ BE &AL .
L S UE AR A 5 b TR AT I 1 N X A A 4 R
AT IR , TR AF 5T b 2 1 A RS 28 AT 10 YT AT AT 1
SLES S PSO-BL B (1 5 34 3 7 S 15 22 RV 14 45 X
R 22 HEAT L 45 R4 N3k 5 F 6 BT .
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Table 5 The mean root mean square error

55 I S PSO-BL TFPSO-BL
1 KA 3.24 1.34
2 TR A 4.03 2.11
3 1 U3 1) 3.66 1.15
4 e R 4.25 2.07
5 B B4 3. 88 0. 44

®6 THEIRE

Table 6 The mean absolute error

75 I PSO-BL TFPSO-BL
1 R 4.41 2. 65
2 ) 4.59 3.02
3 s 14 3.02 1.98
4 e R0 3.28 2. 26
5 Wi E- 94 2.70 1.17

£ 5 ¥R F W, TFPSO-BL 78 5 4~ 32t & &b 4 - 1
RMSE F1°F-3 MAE Y5/, 15 B 1900 2% 5 o8 352 30T 55 B 1
B, P UE T BIF 9 I SRR R A I A 3 T v ) T A A
R,
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