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Risk point prediction model of warehouse grain situation based on broad learning system

LIAN Feiyu, QIN Yao, FU Maixia"
College of Information Science and Engineering, Key Laboratory of Grain Information Processing and Control,

Ministry of Education, Henan University of Technology, Zhengzhou 450001, China

Abstract; Timely forecast of stored grain condition is a necessary means to ensure the safety of stored
grain. At present, traditional forecasting methods mostly predict the stored grain situation from one side,
and cannot achieve accurate comprehensive assessment of the risk of stored grain situation. However, deep
learning methods have bottleneck problems such as a large number of required training samples, high train-
ing difficulty and long training time. In view of this situation, by using the feature extraction and fusion
method based on broad learning and the training method based on incremental learning, and combined with
the multi-modal characteristics of grain situation data, a grain situation risk prediction model was proposed
on the basis of the existing framework of the broad learning system. The results showed that, compared
with the existing deep learning model, the training difficulty and time-consuming of the model were greatly
reduced without reducing the accuracy of prediction. The predictive model proposed in the paper may be an
effective alternative to deep learning models.
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Fig. 1 Basic structure of broad learning system
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Fig.5 Partial sample of grain condition multi-modal data
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Table 1 Risk grading of grain situation
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Table 3 Results of EIBLS
R HE T fn A B HE SR R F, G-mean YR ) /s WK B 7] /s
10x10 1 000 100 0. 83 0. 88 8.84 0.12
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10x10 1 000 300 0. 85 0.90 11.34 0.13
10x10 1 000 400 0. 85 0.90 13.78 0.13
10x10 1 000 500 0.87 0.91 15.72 0.14
10x10 1 000 600 0. 88 0.91 16. 48 0.15
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Table 4 Results of IIBLS
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Table 5 Comparison between the proposed

model and the other models on the first dataset

oA A5 ik Fy G-mean EUEER AT
BiLSTM 0. 87 0. 89 722.67
Transformer 0.89 0.90 605.22
BLS 0. 82 0. 84 17.78
CFBLS 0. 84 0. 86 19. 56
LCFBLS 0. 86 0. 88 20. 33
EIBLS 0. 87 0. 88 16.48
IIBLS 0.88 0.89 48.51
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Table 6 Results of EIBLS
FFAE Y A5, iy A B d Y 5 F, G-mean YIl I f61) /s I 7] /s
10x10 100 100 0.78 0. 81 27.53 0.33
10x10 100 200 0.79 0.82 29. 38 0.33
10x10 100 300 0. 81 0. 83 32.74 0.34
10x10 100 400 0. 81 0. 83 34.67 0.35
10x10 100 500 0. 83 0. 85 35. 14 0. 35
10x10 100 600 0. 84 0. 86 37.65 0. 36
A7 UBLS ¥ E%3] HksER
Table 7 Results of IIBLS
FRAE A i AR B R F, G-mean I Rt ] /s W3R ] /s
10x10 100 100 0.78 0. 81 27.53 0.33
10x10 200 200 0.83 0. 85 34.55 0.33
10x10 300 300 0. 88 0.92 52.78 0.34
10x10 400 400 0.91 0.95 63.22 0.34
10x10 500 500 0.94 0.96 70. 67 0. 36
10x10 600 600 0.96 0.98 79. 15 0.36
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Table 8 Comparison between the proposed model

and the other models on the second dataset

U0 AR T B F, G-mean YI 2t ] /s
YOLOv3 0.92 0.95 4 647.13
SSD 0.91 0.95 5427.82
BLS 0.78 0.84 29.43
CFBLS 0.79 0. 86 30.21
LCFBLS 0. 81 0. 88 32.56
EIBLS 0. 88 0. 89 37.65
1IBLS 0.90 0.93 79. 15
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