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Rice Knowledge Text Classification Based on Deep Convolution
Neural Network
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(1. College of Information and Electrical Engineering, Shenyang Agricultural University, Shenyang 110161, China
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Abstract; The data of weeds, pests, diseases and cultivation management of rice extracted from
agricultural text data is a typical text classification problem, which is fundamental to key text information
extraction, text data mining and agricultural intelligent question and answer. The classification of Chinese
texts, especially agricultural texts, is characterized by poor data redundancy, sparsity and normativity.
While the deep learning technology can automatically extract the key features of the text, and the built
model has strong adaptability and mobility. For that reason, in order to solve the problem of classification
performance of the model deteriorates caused by inaccurate text feature extraction and deepened network
hierarchy, a text classification method of rice knowledge oriented Q&A system was proposed. The Python
of scrapy was adopted to obtain Chinese text data on rice pests, grass pests, cultivation and management,
such as the experts online system of Hownet and the planting question and answer website, as training
and test samples. Jieba segmentation method was applied to rice knowledge text for word segmentation to
remove useless symbols and stop words in the text. Meanwhile, the results of Chinese segmentation were
greatly influenced by the segmentation lexicon. In order to improve the precision of word segmentation of
rice knowledge text and reduce the situation of misclassification, omission and misclassification, a rice-
related corpus was constructed on the basis of sogou agricultural corpus, which further expanded the basic
Jieba word segmentation database and improved the identification degree of specialized words such as rice
diseases, insect pests, grass and drugs, cultivation and management. At the same time, Word2Vec

method was used to vectorize text data, and it was compared with One — Hot, TF — IDF and Hashing
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methods, and it was concluded that Word2Vec method can effectively solve the text vector typical

problems such as sparsity and incomplete information. Based on the fundamental structure of ResNet,

nine kinds of rice knowledge text classification models were constructed by means of the change and

design of its residual module and network hierarchy. The test results indicated that a network with 4-layer

residual module structure had good feature extraction accuracy, and the Top —1 accuracy was 99.79% .

In the convolutional neural network, the pooling layer was used for the under-sampling operation, which

would lose certain text phrase relative position characteristics in the pooling process, thus affecting the

classification accuracy of the model, therefore, the optimized 4-layer residual module structure was taken

as the basic structure, and the CapsNet was used to replace the pooling layer, and a rice knowledge text

classification model, referred to as RIC — Net, was designed. Through comparative analysis of six text
classification models, including FastText, BiLSTM, Atten — BiIGRU, RCNN, DPCNN and TextCNN, it

was concluded that the text classification model designed was able to precisely classify rice knowledge

texts with different sample sizes and different levels of complexity, which enabled the accuracy rate,
recall rate and F1 value of the model to be no less than 95.17% , 95.83% and 95.50% , respectively,

and the accuracy rate was as high as 98. 62% . The model can realize accurate and efficient classification

of rice knowledge text, meeting practical application requirements.

Key words: rice knowledge text; text classification; deep convolution neural network; vectorization;

feature extraction; classification model
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Tab.2 Network structure based on four kinds of

residual modules

] £ 25 70 %) £ 25 44
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B—NN  Embedding — B — Maxpool/2 — FC/128 — FC/4 — Softmax
C—NN  Embedding — C — Maxpool/2 — FC/128 — FC/4 — Softmax
D—NN  Embedding — D — Maxpool/2 — FC/128 — FC/4 — Softmax
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Fig.2  Four kinds of text vectorization modeling heat maps
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Tab.4 Network classification performance based on number of different residual modules
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Tab.5 Comparison of test results with different classification networks %
24 3 1 K i % 7 ] % F1 i
%1 %2 %3 %4 %1 %2 %3 %4 %1 %2 %3 %4

FastText 80.18 93.76 94.25 79.73 95.29 96.86 56.94 40.97 87.08 95.29 71.00 54.13 86.79
BiLSTM 95.59 97.92 93.71 85.42 95.09 98.60 93.06 85.42 95.34 98.26 93.38 85.42 95.32
DPCNN 98.42 98.10 95.21 86.62 95.26 98.78 96.52 94.44 96.82 98.44 95.86 90.37 96. 70
RCNN 97.13 98.61 95.77 90.91 97.29 98.95 94.44 90.28 97.21 98.78 95.10 90.59 96. 97
TextCNN 96.96 98.78 95.80 89.73 97.12 98.43 95.14 90.97 97.04 98.60 95.47 90.34 96. 83
Atten — BiGRU 98.61 98.10 92.57 90.67 95.94 99.13 95.14 94.44 97.26 98.61 93.36 92.52 96.97
RIC — Net 98.98 99.13 95.58 95.17 98.98 99.48 96.53 95.83 98.98 99.30 97.54 95.50 98. 62
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