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Advances in computer-aided diagnosis based on pathological images
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Abstract: Histopathological diagnosis is the gold standard for all diagnostic modalities of cancer. Due to the subjective

decision-making of pathologists, the accuracy of the diagnostic results based on microscopic observation is not high. With the

rapid development of computer technology, computer-aided diagnosis for pathological image analysis has become a trend in

the field of artificial intelligence. Herein the literatures related to pathological image assisted diagnosis in recent years are

reviewed, mainly focusing on the research advances in pathological image sources, phased processing with machine learning,

end-to-end fully automatic diagnosis and pathological image retrieval. Finally, an outlook on the development trend of the

computer-aided diagnosis based on pathological images is provided.
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Figure 1 Histopathology workflow diagram
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Figure 2 Pyramid whole slide image
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