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Abstract: Pattern recognition algorithms can discover valuable information from mass data of biomedical
images as guide for basic research and clinical application. In recent years, with improvement of the theory and
practice of pattern recognition and machine learning, especially the appearance and application of deep
learning, the crossing researches among artificial intelligence, pattern recognition, and biomedicine become a
hotspot, and achieve many breakthrough successes in related fields. This review introduces briefly the common
framework and algorithms of image pattern recognition, summarizes the applications of these algorithms to

biomedical image analysis including fluorescence microscopic images, histopathological images, and medical
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radiological images, and finally analyzes and prospect several potential research directions.
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