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Recognition of the cells in adipose tissue image using Deep learning
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Abstract: It is important problem to analyze the characteristics of adipose tissue in an obese study, be-
cause the excessive accumulation of the internal organs lipid causes the lifestyle-related disease onset such as
diabetes and hyperlipidemia, the arteriosclerosis. The most straightforward matter of adipose tissue about
obesity is enlargement of the adipocytes, therefore it is necessary to measure size and quantity of adipocytes.
Various methods are used for this measurement, and one of the typical method is to exploit information
processing technology. However, manual methods take labor because of amount of cells, and automated
processings which has been used conventionally is considered the drop of the accuracy, which caused by
a differences of the photography environments, or noises included in the images. Therefore, in this study,
we payed attention to Deep Convolutional Network which is one of the most remarkable technologies of the
machine learning in late years, and used it for automated recognition of adipocytes areas in images of adipose
tissue.
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Fig. 1 Left image: Original adipose tissue image. Right image:

Resulting binary image.
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Fig. 2 (a): Resulting segmentation by Simple segmentation

methodO (b): Resulting segmentation by Watershed

segmentation method
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Fig. 3 Resulting section of original image of Fig.1 by Water-
shed method.
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Fig. 4 Architecture of layers constituting U-Net.
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Fig. 5 Example of before(a) and after(b) segmentation pro-
cessing by Overlap-tile method.
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Fig. 6 Post-processing for output of CNN. (a) Binary with
Otsu’s adaptive thresholding method. (b) Remove too
small adipocytes. (c) Fill holes in adipocytes.
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Fig. 7 (Upper left) Original image #3. (Upper right) Result-

ing image of Simple segmentation, (Lower left) by Wa-
tershed segmentation, (Lower right) by CNN, each is

compared with ground truth.
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