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Semantic Segmentation of Ferrograph Images Based on Improved DeepLabV3+
CHENG Liang, WANG Jingqgiu, LIU Xinliang, SUN Kang
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Nanjing 210016, China)
Abstract: To overcome the shortcomings of traditional ferrograph images segmentation methods such as artificial design features,

feature redundancy and error accumulation, an improved DeeplLabV3+ method is proposed to realize the semantics of six kinds of

wear particles like severe sliding, fatigue and cutting particles in ferrograph images segmentation. The proposed method based on

DeepLabV3+ introduces densely connected spatial pooling pyramid module to increase the receptive field. By improving the dense

spatial pooling pyramid module, atrous convolution with co—prime dilation is adopted to avoid grid effect. Conditional random field fully

connected is applied to improve the segmentation results. Experimental results show that the mean intersection over union of the

improved method on the test dataset of ferrograph images is 87.1%.
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