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Quality Prediction of Laser Milling Based on Optimized Back
Propagation Networks by Genetic Algorithms
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Abstract In order to control the quality of laser milling layer, back propagation (BP) neural network model of the
milling laser quality including milling depth and width, and milling layer parameters including laser power. laser
velocity and defocus amount is set up. The weight and threshold of the BP neural network is optimized by genetic
algorithm (GA), and a quality prediciton model is constructed based on BP neural network. The quality of the laser
milling layer is forecasted by the model of GA-BP neural network. The results from BP neural network are compared
with that of GA-BP neural network. The results of simulation show that the errors of the two network models are smaller,
and the test accuracy are higher. Therefore. the two network models can be used to predict the quality of the laser milling.
It is also shown that both the astringent and prediction accuracies of the GA optimized BP neural network are improved.
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Fig. 1 BP neural networks structure
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Fig. 2 Representation procedure of GA optimized BP networks
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Table 2 Contrast of the network output results with the experimental data
BP neural network output results GA-BP neural network output results
N v, v, 2 v, v 2 v, v, 2 v, v A

1 0.26 0.2538 —2.38% 0.84 0.8495 1.13%  0.26 0.2636 1.38%  0.84 0.8423 0.27%
2 0.21 0.2072 —1.33% 0.80 0.7921 —0.99%  0.21 0.2078 —1.05%  0.80 0.7934 —0.83%
3 0.16 0.1623 1.44% 0.71 0.7025 —1.06%  0.16 0.1611  0.69%  0.71 0.7045 —0.77%
4 0.20 0.1949 —2.55% 0.61 0.6238 2.26%  0.20 0.1979 —1.05%  0.61 0.6162 1.02%
5 0.22 0.2179 —0.95% 0.82 0.8124 —0.93%  0.22 0.2189 —0.50%  0.82 0.8162 —0.46%
6 0.19 0.1878 —1.16% 0.76 0.7504 —1.26%  0.19 0.1892 —0.42%  0.76 0.7654 0.71%
7 0.14 0.1346 —3.86% 0.68 0.6856  0.82%  0.14 0.1371 —2.07%  0.68 0.6836 0.53%
8 0.15 0.1526 1.73% 0.52 0.5399  3.83%  0.15 0.1457 —2.87%  0.52 0.5169 —0.60%
9 0.19 0.1914 0.74% 0.82 0.8128 —0.88%  0.19 0.1908 0.42%  0.82 0.8001 —2.43%
10 0.20 0.1933 —3.35% 0.78 0.7721 —1.01%  0.20 0.1967 —1.65%  0.78 0.7853  0.68%
11 0.17 0.1659 —2.41% 0.56 0.5663 1.12%  0.17 0.1673 —1.59%  0.56 0.5543 —1.02%
12 0.18 0.1769 —1.72% 0.64 0.6333 —1.05%  0.18 0.1786 —0.78%  0.64 0.6363 —0.58%
13 0.14 0.1388 —0.86% 0.42 0.4169 —0.74%  0.14 0.1389 —0.79%  0.42 0.4189 —0.26%
14 0.12  0.1229 2.42% 0.61 0.6162 1.02%  0.12 0.1211  0.92%  0.61 0.6132  0.52%
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Table 3 Contrast of the network output results with the experimental data of the prediction sample

BP neural network output results

GA-BP neural network output results

N v, v, A Y. v 2 v v A Y. v, A

1 0.24 0.2381 —0.79% 0.83 0.8423 1.48%  0.24 0.2378 —0.92% 0.83 0.8398 1.18%
2 0.18 0.1732 —3.78% 0.69 0.6728 —2.49%  0.18 0.1833 1.83% 0.69 0.6812 —1.28%
3 0.14 0.1359 —2.93% 0.52 0.5379 3.44% 0.14 0.1392 —0.57% 0.52 0.5061 —2.67%
4 0.23 0.2421 5.26% 0.71 0.7019 —1.14%  0.23 0.2221 —3.43% 0.71 0.7189 1.25%
5 0.16 0.1582 —1.13% 0.56 0.5638 0.68% 0.16 0.1588 —0.75% 0.56 0.5579 —0.38%
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