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images, markedly reducing the complexity and phototoxicity of live-cell imaging and enabling high-resolu-
tion, multi-channel, high-throughput, and long-term acquisition, which is of great significance for biomedic-
al research. Existing methods mostly rely on supervised learning with paired data. To reduce the dependence
of virtual staining on paired data and further improve the quality of generated images, we propose an unsu-
pervised virtual staining framework, MVS-CycleGAN, which integrates a masked self-supervised mechan-
ism. Without requiring paired images, MVS-CycleGAN introduces a random masked reconstruction task that
occludes parts of the input and forces the network to complete the missing regions using semantic context.
This design allows the model to capture both global morphology and local texture in the target domain, im-
posing effective semantic constraints and alleviating the semantic drift commonly observed in conventional
unsupervised models during cross-domain translation. Experiments on three cell datasets demonstrate that
MVS-CycleGAN consistently outperforms traditional approaches: FSIM reaches 0.784/0.565 on BJ-5Sta
membrane/nuclei, 0.854/0.830 on HEK293T, and 0.657/0.740 on Neuromast (corresponding improvements
of 1.03%, 9.50%, 1.07%, 0.85%, 1.08%, and 5.56%, respectively). In addition, downstream segmentation ex-
periments further confirm the effectiveness of the virtually stained images for quantitative analysis. These
results indicate that the proposed method provides a feasible solution for extending virtual staining to diverse

biomedical scenarios.
Key words: virtual fluorescence staining; unsupervised learning; masked self-supervised learning; deep

learning
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Fig.3 Virtual staining images of cell membranes and nuclei in BJ-5ta, HEK293T and Neuromast produced by different meth-

ods. Comparisons of bright-field images, real fluorescence images, and virtual staining for BJ-5ta cell membranes (a)

and nuclei (b) (scale bar: 50 um), HEK293T cell membranes (c) and nuclei (d) (scale bar: 50 pm), and Neuromast cell

membranes (e) and nuclei (f) (scale bar: 10 pm)
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Tab.1 Pixel error and structural similarity metrics for

cell and organoid virtual staining
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Tab.2 Structural similarity and perceptual quality

metrics for cell and organoid virtual staining
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MVS-CycleGAN st 1340 0215 0724
CycleGAN Nuclei 1296 0226  0.703
MVS-CYycleGAN oo 2072 0.094 0.5
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Fig. 4 Comparison of virtual staining indices of BJ-5ta human fibroblast cell membranes
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Fig. 6 Cell segmentation results from bright-field and virtual staining images. Scale bar: 50 um (BJ-5ta cells, HEK293T cells);

10 um(Zebrafish Neuromast)
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