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Nuclei segmentation using contrastive learning and contour guided U-Net
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Abstract: Aiming at the problems of nucleus edge blurring and overlap in nucleus segmentation, a nuclei segmentation
method based on contrastive learning and contour guided U-Net is proposed. The global and local feature contrastive learning
is adopted for contrastive learning using the global and local features of unlabeled pathological images, thereby solving the
problem of insufficient labeled data. Then a contour guided U-Net is developed to fuse the contour features of each layer of
encoder for improving the segmentation performance of U-Net, and the fused contour features and Jeffreys divergence-driven
active contour method are used to guide and assist the nuclei segmentation. Finally, the alternate training using the global and
local feature contrastive learning and the contour guided U-Net is carried out. The unlabeled data with high confidence are
taken as pseudo-label and mixed into labeled data, and the contour guided U-Net is used for segmentation training.
Experimental results show that the proposed segmentation method can effectively improve the accuracy of nuclei
segmentation, and has a relatively stable segmentation performance.
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Figure 1 Overall architecture of CCAM
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Figure 8 Comparison of segmentation performance

among different segmentation methods
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Table 2 Experimental results of different segmentation methods

ViRiS PA MIoU F1-Score DCS

ACSM 0.8064 0.8256 0.7930 0.8014
GACM 0.7925 0.8182 0.8077 0.7952
HVDM 0.8220 0.824 1 0.8182 0.8125
U-Net 0.8143 0.8422 0.8015 0.8107
U-Net++ 0.8256 0.8464 0.8128 0.8189
DU-Net 0.8280 0.8532 0.8284 0.8251
EFCNN 0.8453 0.8695 0.8369 0.8429
CCAM 0.9155 0.9317 0.8642 0.8806
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