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Segmentation method of milling machine debris image based on
improved DeepLabV3-+
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(1. School of Electronics and Information Xi'an Polytechnic University, Xi'an, Shaanxi 710048, China; 2. Munici-
pal Robotel Robot Technology Co, LLTD, Shenzhen, Guangdong 518109, China)

Abstract ;: Aiming at the problem that the irregular shape of the milling machine debris leads to the un-
clear outline of the debris and the low segmentation accuracy in the image segmentation, this paper pro-
poses an improved DeeplLabV3 + milling machine debris segmentation algorithm. First, the CBAM
model is embedded in the Xcepetion module of Deepl.abV3-+- to optimize the weight and position infor-
mation of the channel,and to strengthen the feature learning of the debris image area. Secondly,the AS-
PP module of Deepl.abV3-+ is changed to the dense connection method to increase the receptive field of
the feature points of the debris image. The feature reuse efficiency of the milling machine debris image is
improved. Finally, the multi-scale adaptive feature fusion method is adopted in the decoding process,and
the multi-scale features are aggregated as the input features of the decoder to improve the segmentation
accuracy and robustness of the debris image. The experimental results show that the algorithm in this
paper is better than other segmentation algorithms. Compared with Deepl.abV3 -, the improved algo-
rithm improves the pixel accuracy by 0. 026 ,mean intersection over union (MIOU) by 0. 020,and the F,-
measure by 0. 013.
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Fig. 6 Curves diagram of network training results
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Fig. 7 Visualization results of ablation experiments: (a) Original image; (b) Test 1;
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Fig.8 Comparison of visual effects: (a) Original image; (b) Label image; (c¢) DeepLabV3+; (d) CBAM-DeepLabV3+
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Fig. 9 Comparison of segmentation results under different light intensities: (a) Weak light segmentation results;

(b) Normal light segmentation results; (c¢) Segmentation results of partial strong light; (d) Highlight light segmentation results
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Fig. 10 Comparison chart of predictions of different segmentation networks: (a) Single object segmentation results;

(b) Multi-objective segmentation results; (c¢) Stack multi-object segmentation results
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Tab.2 Performance comparison of different

segmentation network models

Models MIOU Precision Recall F,
PSPNet 0.771 0. 826 0. 899 0. 860
U-Net 0.789 0.812 0. 898 0. 852
DeeplLabV3+ 0. 819 0. 845 0.894  0.868
Ours 0. 839 0.871 0. 891 0. 881
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