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Fig. 1 Deep neural network identification model
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Fig. 2 Sigmoid function curve
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Fig. 3 Add dropout and improve the loss curve of cost function
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Fig. 5 Recognition rate of traditional neural network
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Simulation Study on Handwritten Numeral Recognition Based on
Deep Neural Network
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[ Abstract |

work method are mostly used in image recognition at present. However, the traditional image recognition technology

The traditional machine learning method based on feature extraction and the convolutional neural net-

requires manual extraction of image features, while convolutional neural network has high requirements on hardware
and long training time. In view of the above problems, a handwritten image recognition method was proposed based
on the deep neural network model, which enables the machine to learn the features automatically. On this basis, it
improves the recognition rate of handwritten numeral recognition by improving the cost function and adding dropout
to prevent overfitting. The results of simulation experiment show that the method based on the deep neural network
model has improved the recognition rate by 3. 41% compared with the current traditional algorithm, which effective-
ly solves the problem of labor and time consuming in manual recognition.

[ Key words ] feature extraction dropout

image recognition deep neural network



