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Abstract: In order to improve the accuracy of mushroom toxicity discrimination and eliminate individual differences, a method of
mushroom toxicity discrimination based on broad learning system was proposed in this work. Firstly, the correlation between each characteristic
of mushroom and its toxicity was explored. The results showed that the odor and color of mushroom were the most distinguishing characteristics.
These results were consistent with the experience of manual discrimination. Then, broad learning system was established and trained. By
comparing performance in diverse sample sizes of different methods, it was found that when the sample size is larger than 1000, the
classification accuracy of the broad learning system was higher than 99.5%. Compared with BP-neural network, the proposed method was of
high-accuracy and fast-training. Finally, according to the incremental learning algorithm of broad learning system, when the performance of the
system does not meet the requirements, the system can be updated quickly by increasing the hidden nodes, and the accuracy can be improved
from 98.55% to 99.99% without retraining the whole network. It was possible to discriminate the toxicity of mushrooms in real time. Therefore,
compared with other methods, this method of mushroom toxicity discrimination based on broad learning system has the advantages of high
accuracy, short training time, rapid discrimination and easy expansion.
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Fig.1 The standard structure of broad learning system
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Fig.2 Hlustration of incremental learning algorithm
xR 1 BRI FHER R

Table 1 Partial characteristic data of some samples
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Table 2 Partial characteristic data of some samples after digitization
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Fig.4 The procedure of mushroom toxicity discrimination
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Table 3 The accuracy of different algorithms with different sample size
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Fig.5 The influence of regularization parameter C on accuracy

REF ARG
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HAE EAEY Y| /s VX E 7 Y LA 18] /s
500 MEA 96.89 0.0391 94.16 2.1962
1000 /A 99.63 0.0436 99.29 2.6846
2000 MEEA 99.84 0.0541 99.77 3.6257
4062 MEA 99.98 0.0737 99.97 4.8984
6000 MEA 99.99 0.0877 99.99 6.0593
8124 MFA 100 0.1112 100 7.7858
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Table 4 The accuracy with different numbers of enhancement

nodes
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Fig.6 Line chart of accuracy with different numbers of
enhancement nodes
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