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Abstract: In order to impro racy of benign and malignant diagnosis for breast cancer pathological images,

this paper proposes a diagnosi for breast cancer pathological images based on convolutional neural network (CNN).
This method makes a quic matic benign and malignant diagnosis for breast cancer pathology images. As breast
cancer pathological imageSNJave very complex structures, VGG16 (Visual Geometry Group) architecture convolutional
neural network is used to extract the features of pathological images, and data enhancement is used to expand the data set.
By using transfer learning, weights trained on the ImageNet data set are used as the initialized parameters of the network.
The model can achieve 95% accuracy on breast cancer data set Breakhis; the classification accuracy is as high as 99% after
thawing some training layers and adjusting learning rate. The experimental results show that the optimized method can
greatly improve the accuracy of breast cancer benign and malignant diagnosis.
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Fig.1 Different magnifications of benign breast cancer
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Fig.4 Accuracy before and after fine—tuning
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