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Abstract: The microstructure of high-strength steel (HSS), such as grain size and phase fraction, is a key factor
determining its final mechanical properties, including toughness plasticity, and fatigue performance. Traditional
metallographic analysis methods suffer from limitations such as strong subjectivity and insufficient quantification. To this
end, it is necessary to explore and evaluate the application potential and impact of machine vision technology in the
automatic recognition of HSS microstructures, quantitative analysis, and the study of its correlation with mechanical
properties. A deep learning-based image segmentation and feature extraction algorithm was developed and optimized,
achieving high-precision, automated recognition and quantitative characterization of complex microstructures. Furthermore,
it focused on establishing machine learning models to predict key mechanical properties of HSS (tensile strength, elongation)
using extracted microstructural feature parameters (e.g., phase fraction, phase content). Through the implementation of these
technologies, an analytical approach for influencing microstructure and property regulation is provided.
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Fig.2 Metallographic image processing results: (a) metallographic image of DP steel; (b) experimentally processed image of DP steel
2
Tab.2 Parameter comparison of recognition and classification models for deep learning model training
Model Model 1 Model 2 Model 3 Model 4 Model 5
conv2d 5x5,6
fcl 30x27 relu
fel 30x27 norm maxpool2d 2x2 conv2d 5x5, 64
fcl 30x27 relu relu conv2d 5x5,16 norm )
- -X
Structure fc2 27x20 fc2 27x20 fc2 27x20 relu relu
fc3 20x2 relu norm maxpool2d 2x2 maxpool2d 2x2
fc3 20x2 relu fcl 400x120 fc 256x2
fc3 20x2 fc2 120x84
fc3 84x2
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Fig.3 Visualization of deep learning model training for recognition and classification tasks

SRl ES PRI

https://www.cnki.net



( $10/2025 ,

<993 .

4 .(a) DP

;(b) Label

H (C) DP

Fig.4 Metallographic image processing results: (a) metallographic image of DP steel; (b) manually annotated Label image;
(c) experimentally processed image of DP steel
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Tab.4 Performance evaluation metrics for DP steel image
processing algorithm
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Tab.5 Accuracy comparison of recognition and
classification models in deep learning model training

Accuracy Model 1  Model 2 Model 3 Model 4 Model 5
3x3 92.18%  92.08%  92.35% - -
5x5 96.77%  93.61%  94.65% - 94.63%
9x9 97.25%  96.96%  9573%  96.92%  97.02%
11x11 99.74%  98.71%  99.38%  99.63%  98.91%
15x15 99.76%  99.71%  99.52%  99.65%  99.78%
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