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Question Classification Method of Agricultural Diseases and Pests
Based on BERT_Stacked LSTM

LI Lin DIAO Lei TANG Zhan BAI Zhao ZHOU Han GUO Xuchao
( College of Information and Electrical Engineering, China Agricultural University, Beijing 100083, China)

Abstract: In order to solve the thorny problems in the process of classification of agricultural diseases and
insect pests questions, such as fewer public data sets, shorter texts and sparse features, and difficult to
learn implicit semantic information, using the hot agricultural investment network as the data source, a
data set for the classification of agricultural pests and diseases was constructed, and a deep learning
model BERT_Stacked LSTM for the classification of agricultural pests and diseases was proposed. Firstly,
the BERT obtained the character-level semantic information of each question, and generated a hidden
vector containing sentence-level feature information. Then, stacked long short-term memory network
(Stacked LSTM ) structure was used to learn the hidden complex semantic information. Experimental
results showed the effectiveness of the proposed model. Compared with other comparative models, the
model proposed had more advantages in classifying agricultural diseases and insect pests questions. The
F1 score reached 95.76% , and it was widely used in public. Tested on the domain data set, the FI
score reached 98. 44% , indicating that the generalization of the model was also very good.
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Tab.2 Experimental results on test set %

A R B2 FENCIES F1 {8
CNN 93.09 91.91 92. 45
Bi— LSTM 92.91 91.75 92.33
Bi— GRU 90. 67 88.48 89. 50
Bi— GRU — MulCNN 89.41 88.90 88.94
BERT 94.57 94. 12 94. 26
BERT_Stacked LSTM 96. 83 94. 84 95.76
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Tab.3 Sogou news classification data set test results

%

B T 1 ERITES F1{g
CNN 97.36 96. 50 96. 89
Bi— LSTM 95.97 95. 11 95.41
Bi - GRU 95.53 95.01 95. 08
Bi — GRU — MulCNN 97.18 97.00 97.02
BERT 97. 60 97.65 97.61
BERT_Stacked LSTM 98.43 98.47 98. 44
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Tab.4 Training time and test response time s

H TR MR W3 o 7 B )
CNN 25 4.2 x1072
Bi— LSTM 52 0. 409
Bi— GRU 50.018 1.684 x10 73
Bi— GRU — MulCNN 50.019 1.920 x10 73
BERT 2928. 65 2.83
BERT_Stacked LSTM 4330. 40 4.29
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