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Advances in application of deep learning in cell image analysis
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Abstract: With the development of microscopy technology, microscope has overcome the limitations of human eyes and
became an essential tool for the study of cell biology, and it has made tremendous achievements in speed, scale and resolution
in recent years. In addition, the application of deep learning in image processing, especially in cell image processing, has
attracted extensive attention. Herein the commonly used algorithms of deep learning in cell image analysis are introduced,
and the application of deep learning in cell image processing in recent years is discussed in detail, including image
classification, image segmentation, target tracking, and image super-resolution reconstruction. Finally, the opportunities and
challenges of deep learning in cell image analysis are forecasted.
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