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Abstract
constructed by the automatic encoder pre-training method was used to construct the tobacco leaf quality identification model. The experimental

(Xuchang Cigarette Factory,Henan China Tobacco Industrial Co. , Ltd. ,Xuchang,
The main basis for the identification of tobacco leaf quality and ripening degree was summarized. The convolution neural network re-

data were used to verify the experimental results and the results showed that the reconstructed depth training self-encoder achieved 99.92% accu-

racy in classification performance.
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Fig.1 The network structure of automatic coding machine
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Fig.2 The algorithm logic of automatic coding machine
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Fig.3 The network structure of convolutional automatic encoder
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Fig.4 Network structure of fully connected multi-layer percep-
tion machine and stack sparse self-encoder
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