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Recognition and Quantitative Characterization of Steel
Microstructure Based on MSCA—-Net
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Abstract: Traditional metallographic analysis of steel materials is highly dependent on manual
experience, and it is difficult to accurately quantify grain boundaries and fine secondary phases.

Therefore, a method for intelligent recognition and quantitative characterization of microstructure
based on a multi-scale convolutional attention network (MSCA—Net) was proposed. This method
integrated multi-scale convolution and attention mechanisms, which significantly improved the
accuracy of microstructure recognition. Compared with those of the fully convolutional network
(FCN) , the pixel accuracy (PA) and frequency weighted intersection over union (FWIoU) of
MSCA-Net on the test set were improved by 2. 71% and 5. 07%, respectively. In addition,
OpenCV was applied to quantitatively analyze microstructure features. The results demonstrate
that MSCA-Net significantly reduces measurement errors, achieves high-precision automated
characterization of microstructure features, and provides a new intelligent method for the analysis
of material microstructure.

Key words: steel material; microstructure; multi-scale convolutional attention; OpenCV;
quantitative characterization
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DSCx2_1 3x3 256 x 128 x 128
UpSample2d 2 — 256 x256 x 256
DSCx2 2 3x3 128 x 256 x 256
UpSample2d 3 — 128 x512x512
DSCx2 3 3x3 64x512x512
UpSample2d 4 — 64x1024x%x1024
DSCx2 4 3x3 32x1024x1024
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