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Abstract : This paper proposes a model bas'mproved P—Unet cuttings particle identification method. The method is

based on the Unet model structure,and uses p¥amid pooling module to aggregate contextual feature information in differ-
fornftion. The improved P —Unet model uses the residual network ResNeXtl101,

ers on the premise of improving the accuracy of debris particle recognition. In

ent regions to make full use of glob

which reduces the number of super
this model , the focus loss funghi used to solve the problem of the unbalance of cuttings particles. At the same
time , the deep separable copv is used to replace the traditional convolution, which greatly reduces the parameters of
the network and the predictiof™N§ime. The experimental results show that the recognition accuracy of the improved P-Unet
model is improved compared with similar advanced algorithms, and the recognition results of cuttings particles are more
accurate .

Key words : identification of cuttings particles ; Unet network ; P —Unet network ; pyramid pooling module ; deep separable
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