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Research on handwritten digit recognition based on deep convolution self-coded neural network

Zeng Wenxian, Meng Qinglin, Guo Zhaokun
(School of Information Technology, Hebei University of Economics & Business, Shijiazhuang 050061, China)

Abstract: Handwritten digit recognition requires extremely high accuracy in various application environments. Traditional
machine learning methods are easy to identify errors in migration applications due to the single training sample. The article
studied the accuracy of handwriting recognition under different fonts, combined a deep convolutional neural network with
an automatic encoder to design a convolutional self-encoder network layer to form a deep convolutional self-encoding
neural network. Firstly, this paper used the bilinear interpolation method to preprocess the MNIST dataset and 10, 000
self-made Chinese college students' handwritten digital images. Then, this paper used a single MNIST dataset to train and
test the deep conlutional self-encoding neural network. Finally, this paper mixed MNIST with 5, 000 self-made data sets,
trained the network again, and tested another 5, 000. The experimental data showed that the correct rate of the deep
convolutional self-encoding neural network in the MNIST test set reached 99.37%, which was more effective than the
predecessors. And the correct rate of 5, 000 self-made dataset model tests was 99.33%. The result indicates that the
algorithm has strong migration and application ability, and it has higher recognition accuracy on different pen Figures. The
model is accurate and effective.
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