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Deep Learning Domain Adaptation
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Abstract: The extraction of bubbles from ice micrographs using deep learning methods requires a significant
amount of annotated data. However, the manual annotation of bubbles presents a significant challenge in this
regard. A domain-adaptive extraction method is proposed, which utilizes the CycleGAN style transfer
network and the Attention U-Net image segmentation network. In this method, the image generated by
simulating the shape of the bubble is used as the source domain, and the icing microscopic image is used as
the target domain. The source domain image is converted into the target domain style through CycleGAN,
and the Attention U-Net network is trained using the style-converted source domain dataset. The two cases of
unlabeled icing images and a few labeled images are verified by comparative experiments. Experimental
results show that the unsupervised extraction of air bubbles from icing microscopic images can be achieved
without annotated images, and the method can achieve more accurate air bubble extraction with only a few
annotated images.
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Fig.1 Flow chart of overall method
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Table 1 Quantitative indicators of various methods

WRES SR /101 mFE]/ (s 5k ) PA MPA MIoU

CycleGAN + FCN™! 8.07 0.139 626 5 0.951 06 0.710 16 0.679 82
CycleGAN+ U-Net' ™ 12.82 0.163 56 0.949 86 0.731 53 0.688 88
CycleGAN-+R2U-Net * 149.20 1.236 622 0.911 32 0.799 15 0.641 51
CycleGAN+ Deeplab v3+ 141.59 0.787 920 9 0.946 34 0.688 77 0.654 58
CycleGAN+ TransU-Net'* 186.44 1.583 922 0.942 71 0.700 13 0.653 41
CycleGAN+ MedT" 168.56 1.362 861 0.944 88 0.724 37 0.672 72
CycleGAN+ Attention U-Net 33.36 0.287 234 2 0.971 94 0.758 02 0.734 87
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(g) Data fine-tuning (4%) (h) Data fine-tuning (8%) (i) Data fine-tuning (15%) (j) Data fine-tuning (100%)
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Fig.8 Bubble extraction results for different fine-tuned models
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Table 2 Quantitative indicators of different training
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