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Abstract :

In general, semantic segmentation by deep learning requires training images with pixel-level
ground truth labels. Manual pixel-level annotation needs a lot of time and cost. Thus, in this paper,
we propose semantic segmentation method from a small number of training images. To train good
features for semantic segmentation from a small number of training images, we utilize the relation
of pixels in addition to standard pixel-wise training. When we select certain pixel in an image, we
increase the similarity of pixels with the same class and decrease the similarity of pixels with
different classes. Because the proposed training method is used at only training phase, the
computational cost of test phase does not decrease. This is the merit of the proposed method. We

confirmed the effectiveness of our method by experiments on two kinds of datasets.
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#1 COVID-19DIoUkki

ToU(%)
Label kFIE | BEFE | BEFE
(1 #0) (2 #)
Back ground 92.88 91.89 91.92
Lung other 6.05 6.61 6.85
Ground glass 27.72 34.17 23.51
Consolidation 0.03 7.52 8.33
mean 31.33 35.05 34.55
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#2  vawVay T ORI MHEROToU s

ToU(%)
Label ERFIE REFEAH | BERFECHK
Back ground 87.02 88.68 88.87
Membrane 54.98 62.17 63.45
Mitochondria 28.34 40.01 40.27
mean 56.78 63.41 64.20
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