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Fig.7 Three images of testing results
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Tab. 2 Distribution of three kinds of carbides’ diameters
i F 42 Equivalent diameter/ um 7% Fq 7 HATE Ferret diameter/ pm
B i F4% Equivalent diameter/ P FRFEAR Ferret diameter/
Carbide 53 70 SN FE{E Sy A KA FEE
Distribution range Maximum value Average value Distribution range Maximum value Average value
MC 0~14.58 14 1.17 0~16.02 16 1.47
M,C 0~5.13 5 0.59 0~13.14 13 0.96
M,.Cq 0~1.26 1.2 0.45 0~1.35 1.3 0.45
5 Z:E'L/Q [J]. Tribology International ,2018,119:165-174.
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Research on carbides in M50 bearing steel based on Mask R-CNN deep

learning model
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Abstract: The main types of carbides in M50 bearing steel are MC, M,C and M,,C,. Under the scanning electron

microscopy (SEM), they exhibit significant differences in the shape, size, and distribution. Some carbides have larger sizes

and uneven distribution. They become areas of stress concentration under loading, which has a negative impact on the bearing

fatigue performance. So an improved mask region-based convolutional neural network (Mask R-CNN) model was proposed

which can batch identify the types of three kinds of carbides in SEM pictures, the diameters of carbides were measured, and

the distribution of carbides was showed. The output images and histogram results show that the size of M,C carbide in M50

bearing steel is large and unevenly distributed, but the distribution of MC carbide with the largest size and M,,C; with the

smallest size is reasonably uniform.
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