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Abstract In recent years, fluorescence microscopy has been commonly applied in various fields of scientific
research, such as biophysics, neuroscience, cell biology, and molecular biology, owing to its specificity, high
contrast, and high signal-to-noise ratio. However, traditional fluorescence microscopes have limitations regarding
spatial resolution, imaging speed, field of view, phototoxicity, and photobleaching; these limitations compromise
their applications in subcellular observation, in wivo imaging, and molecular structure profiling. To moderate such
limitations, researchers have adopted data-driven deep learning methods, which can enrich the existing fluorescence
microscopy technologies and boost the performance boundary of traditional fluorescence microscopy. This article
focuses on the technologies and applications of deep learning based fluorescence microscopy. First, we briefly
summarize the basic principle and development path of deep learning technologies; then, we introduce the latest
domestic and global progress of deep learning based fluorescence microscopy. Compared with the traditional
microscopic imaging system, we show the superiority of deep learning in solving fluorescence microscopy problems.
Finally, the future potential of developing deep learning based microscopy is highlighted.
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Fig. 2 Confocal microscopy results based on deep learning. (a) Restored images using the UTOM algorithm
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, where

the scale bar represents 50 um; (b) super-resolution imaging using BPGAN""" | where the scale bars are 10 pm and

20 pm; (c¢) imaging on neuronal mitochondria using PSSR

19 where the scale bar represents 10 pm
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Fig. 3 Imaging results of deep learning in light-sheet fluorescence microscopy. (a) Reconstruction result of zebrafish hearts

using DVSR algorithm™7 ; (b) neural/nuclear reconstruction of the Deep-SLAM algorithm in mouse brain
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Fig. 5 Imaging results of deep learning in light-sheet f{luorescence microscopy. (a) Imaging results of various cardiac

=

dynamics in beating zebrafish heart using VCD-LFM""Y |

where the scale bar is 50 pm; (b) imaging results of

HyLFM algorithm on medaka heart™, where the scale bar is 50 pm
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Fig. 6 Structure and principle of SIM system™?*
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Fig. 7 SIM imaging results based on deep learning. (a) Cross-modal imaging results from TIRF to TIRF-SIM"* ; (b) U-
Net-SIM3 super-resolution imaging effect under extreme low-light conditions"”’, where the scale bar is 1 pm;
(¢) 3_SIM imaging results™ ; (d) 5_NSIM imaging results"*” ; (e) imaging results of DFCAN/DFGAN™! |

where the scale bar is 2 pm
R FSCEE AR T U-Net X SIM A AR 5458 1F PG BT o5 14 D i AR T ek 9 o 20 21 3 i, 2
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Fig. 8 Principle of STED microscopy imaging
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Fig. 9 STED imaging results based on deep learning.

(b) multimodal imaging results from confocal images to STED super-resolution images

(a) Super-resolution imaging results using SRDANM!;

o8] Qeale bar of first row:

2000 nm. Scale bar of second row: 300 nm
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Fig. 10 Improved imaging performance of single molecular positioning microscope by the deep learning algorithm.
(a) Reconstructed microtubule images using Deep-STORM™ | where the scale bar is 0.5 um; (b) super-resolution

=

three-dimensional imaging using DeepSTORM3D™ | where the scale bar is 5 pm; (c) volume tracking results of

telomeres in living mouse embryonic fibroblast (MEF) cells using DeepSTORM3D™™ | where the scale bar is 2 pm
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