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Survey of Classification Methods of Breast Cancer Histopathological Images

MAN Rui' , YANG Ping',JI Cheng-yu' and XU Bo-wen®
1 Smart City College,Beijing Union University, Beijing 100101, China

2 Faculty of Information Technology,Beijing University of Technology.Beijing 100124, China

Abstract Histopathological examination of breast cancer is the “gold standard” for breast cancer diagnosis. The classification of
breast cancer histopathological images has become a hot research topic in the field of medical image processing. The accurate clas-
sification of images has great application value in the fields of assisting doctors to diagnose the disease and meeting the needs of
clinical application. This paper assesses the advantages and disadvantages of one breast cancer histopathological image classifica-
tion algorithm. The methods are classified into two categories, depending on whether or not it is necessary to manually extract
feature of breast cancer histopathological images or if the classification of breast cancer histopathological images can be based on
a deep learning algorithm. The research on binary or multi-classification of breast cancer histopathology images is further
tracked. Finally. the classification algorithm of breast cancer histopathology images using the latest theory of deep learning is gi-
ven. Conclusions of the classification study of breast cancer histopathological images are drawn,and possible directions in the fu-
ture are discussed.
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Fig.2 Hematoxylin & Eosin images of breast carcinoma
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