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Face recognition research based on improved LeNet-5
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[ Abstract] In recent years, deep learning has entered the public’s vision and played a pivotal role in fields like speech recognition
and face detection, etc. This paper takes advantage of deep learning, using Tensorflow, on the basis of the LeNet-5 model,
according to the development of academia and innovatively increases the number of convolution kernels of two convolutional layers
to 15 and 20. Moreover, the two methods of batch normalization and Dropout are added to reduce the occurrence of over-fitting and
improve the generalization of the model. The experimental results are analyzed from the test accuracy. The results show that the
addition of batch normalization and Dropout is the best. Simply increasing one of them has little precision loss. The results verify

that the improved LeNet—5 model has a good effect on face recognition in a single age group on campus.
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Fig. 2 Data set example
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Tab. 1 The influence of the number of convolution kernels on

accuracy %
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Tab. 2  The influence of the number of neurons in the fully
connected layer on accuracy %
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1 200 99.89 94.33
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