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Abstract: A grinding surface roughness measurement method was proposed based on SA-CNN for
convenient and accurate prediction of roughness values on screw rotor surfaces after grinding. Through
orthogonal experiments, the surface roughness values of screw rotors and corresponding surface ima-
ges were obtained. After preprocessing including adaptive histogram equalization and unsharp mask-
ing, the images were used as training samples input into the SA-CNN model. The SA-CNN model was
employed to predict the roughness values on the grinding surfaces of screw rotors and compared with
the predictions of classical networks such as ResNet, AlexNet, VGG-16, basic CNN, and graph neu-
ral network (GNN). Experimental results show that the SA-CNN model achieves an average predic-
tion accuracy of 95.24 %, with an RMSE of 0.0706 ypm and an MAPE of 7.4206 % , outperforming the
compared networks. Furthermore, the SA-CNN model exhibits fast convergence, high accuracy, and
good robustness.
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Fig.1 Structure of SA-CNN neural network
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Tab.1 Experimental parameters

F./MPa | F;/MPa | v,/(m+s!) |v,/(mm e+ min )| S
0.4 0.2 5 100 80
0.425 0.225 7.5 150 100
0.45 0.25 10 200 120
0.475 0.275 12.5 250 180
0.5 0.3 15 300 240
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Fig.3 Image acquisition system
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Tab.2 Error of surface roughness value prediction

gy | R/ | BN | R ;jﬁ;ﬁ;ﬁ
pm pm MAE/pm |\ APECY)
1 0.606 0.613 0.007 1.118
2 0.935 0.934 0.001 0.127
3 0.744 0.766 0.022 2.904
4 0.461 0.479 0.018 3.856
5 0.669 0.731 0.062 9.199
6 0.385 0.397 0.012 3.149
7 1.497 1.366 0.131 8.76
8 0.608 0.65 0.042 6.876
9 1.079 1.012 0.067 6.164
10 0.878 0.861 0.017 1.913
11 0.946 0.767 0.179 18.908
12 0.368 0.415 0.047 12.839
13 0.845 0.746 0.099 11.7
14 0.531 0.535 0.004 0.72
15 0.711 0.656 0.055 7.765
1486 0.543 0.688 0.145 26.634
1487 1.512 1.469 0.043 2.857
1488 0.368 0.431 0.063 17.203
1489 0.792 0.821 0.029 3.657
1490 1.039 0.878 0.161 15.497
1491 0.443 0.422 0.021 4.667
1492 0.508 0.563 0.055 10.888
1493 0.519 0.521 0.002 0.309
1494 0.511 0.507 0.004 0.698
1495 0.64 0.634 0.006 0.947
1496 0.865 0.853 0.012 1.439
1497 1.328 1.182 0.146 11.016
1498 0.616 0.711 0.095 15.408
1499 1.231 1.189 0.042 3.429
1500 0.537 0.58 0.043 7.916
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Fig.5 Distribution of error for the prediction of surface

roughness value
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Fig.6 Prediction error of surface roughness value
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Tab.3 Comparison of prediction results of three methods

oy | TOIATERE R RRAT A LR 2 | R R
MAE/pum MAPE/ % RMSE/pm

ResNet 0.143 38 26.3625 0.206 41
AlexNet 0.1736 32.7021 0.2376
VGG-16 0.1117 14.4198 0.1362
HE@ECNN| 00,1651 29.5025 0.2036
GNN 0.189 83 40.3244 0.280 34
SA-CNN 0.0476 7.4206 0.0706
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Fig.7 Process of model training
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