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Measurement of retained austenite in gear steel microstructure
based on a novel semi—supervised segmentation framework

DENG Shuang"? | LI Jishuai'? , YANG Wei'? ZHANG Jia"? GU Jinrui'?, LI Pingping’, GENG Lufeng'*
(1. CRRC Technology Innovation (Beijing) Co., Ltd., Beijing, 100192, China;
2. CRRC Qishuyan Institute Co., Ltd., Changzhou, Jiangsu 213011, China)

Abstract: Retained austenite is a key microstructure influencing the hardness, wear resistance and dimensional stability of gear steel,
and its accurate quantification is crucial for optimizing heat treatment processes, controlling product quality and predicting service per-
formance. As the traditional methods for determining the content of retained austenite (such as X-ray diffraction) rely on expensive e-
quipment and are difficult to realize visualized quantitative analysis of the microstructure distribution, an advanced deep learning frame-
work is proposed to achieve automatic identification and quantification of the retained austenite area in gear steel metallographic images.
Firstly, a semantic segmentation image dataset for gear steel microstructure is constructed to implement pixel-level fine annotation. In
response to the fine—grained distribution of residual austenite, an image preprocessing method based on sliding window cropping is then
proposed. Furthermore, to address the scarcity of annotated data, a novel semi—supervised learning method is proposed, combining
pseudo—label fusion, low—confidence sample filtering, and hybrid data augmentation to improve segmentation performance with limited
labels. Lastly, a weighted DiceLoss function is proposed to enhance the network’s attention to semantically ambiguous pixels. Test re-
sults show that this framework can provide an efficient and reliable solution for the quantitative analysis of retained austenite, thus pro-
viding an efficient and low—cost intelligent detection method for optimizing the heat treatment processes for the gear steel.

Keywords : retained austenite ; gear steel ; semantic segmentation ; semi—supervised learning ; microstructure quantification
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