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Automatic Classification Algorithm of Cervical Cells Based on Improved CNN

LI Wei, SUN Xing-Xing, HU Yuan-Jiao

(School of Information Engineering, Chang’an University, Xi’an 710064, China)

Abstract: In this study, the convolutional neural network under the deep learning framework is applied to the field of
cervical cell identification to achieve automatic classification of cervical cell images. Firstly, the cervical cells are
pretreated, and the problem of different image input sizes is solved by nuclear cuft_ing, the image is flipped and translated,
the data set is expanded, and the sample size imbalance is solved. Then the VGG-16 network is selected for improvement.
The improved VGG-16 network is used for feature extraction and cell classification. The migration learning method is
used for network pre-training, which speeds up the network convergence speed and improves the classification accuracy.
Finally, through the training of the network, it achieves better result. According to the classification results, the
classification accuracy is impr(;ved compared with the manual extraction feature design classifier. The accuracy of two
categories classification is 97.3%, and the accuracy of the seven categories classification is 89%. The experimental results
show that the convolutional neural network automatically classifies the cervical cell images, and the classification
accuracy is better than that of the artificial extraction feature classifier, and the classification results are not affected by the
segmentation image accuracy.
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