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Semantic Segmentation using Deep Learning for Microstructure Recognition
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The aspect of microstructures, such as the ratio of carbon precipitates to grain boundary, is thought to have a certain relation
with its mechanical properties. The ratio has been measured by experts, which consumes time and cost. However it is difficult
to detect the grain boundary by means of classic image recognition techniques since the aspect of microstructures is easily
affected by heat treatment time. Such complex features could be detected by the recently developed architecture, Encoder-
Decoder CNN. This paper presents the prediction results of U-Net based model, which IoU ( Intersection over Union ) was 72%
and 2 points higher than state-of-the-art architecture, DeepLab v3+.
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