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Prediction of thermal error of CNC drilling center feed axis based
on improved neural network algorithm
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Abstract: To reduce the impact of thermal errors on CNC machine tools, improve the machining accuracy of workpieces, and solve the
problem of poor thermal error prediction accuracy under different working conditions. The thermal error measurement experiment of the
CNC machine tool feed system is conducted under working conditions of a feed speed of 10 m/min and an ambient temperature of 20°.
The Pelican optimization algorithm is used to optimize the neural network, determine the optimal weight and threshold of the BP neural
network, and the thermal error of the feed system prediction model of POA-BP is established. The experiment is compared and analyzed
with traditional BP neural network, GA-BP neural network and the SCN random configuration network. The results show that the average
relative error of traditional BP neural network prediction is 12. 23%, the average relative error of GA-BP neural network is 11. 5%, the
average relative error of SCN prediction model is 12. 71% , and the average relative error of POA-BP prediction model is 9. 93% , which
improves the accuracy. Conclusion: The neural network improved by the proposed Pelican optimization algorithm has strong effectiveness
and accuracy in thermal error prediction, which can improve the accuracy of feed motion and provide theoretical guidance for the
realization of thermal error compensation.
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Fig. 1  Flow chart of the POA-BP algorithm
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Fig. 7 Experimental laser measurement loop
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Table 1 Experimental data for thermal error
AR R T C AN B IR 22/ um
i Pl P2 P3 P4 P5 P6 P7 P8
AT1 AT2 AT3
(0,0) (55,0) (110,0) (165,0) (220,0) (275,0) (330,0) (385,0)
1 0.5 0.4 0.1 17.30 15.95 15. 40 13.90 12.90 11.75 11.30 10. 50
2 1.3 1.0 0.2 26. 50 24. 80 23.50 21.85 20. 05 18. 60 17. 60 16.20
3 2.1 1.3 0.5 33.00 30. 85 29.10 27.35 24. 85 23.00 21.35 20.75
4 3.4 1.8 0.7 36.90 34. 80 32.75 31.00 27.75 26. 15 24.30 23.35
5 3.9 1.9 0.8 38.75 37.10 35.05 32.85 30. 20 28.10 26.30 25.25
6 4.5 2.2 0.8 41.90 39.75 37.45 35.20 32.30 29.95 27.90 26. 85
7 4.7 2.4 0.8 44. 05 41. 80 39.50 37.25 34.35 31.85 29.40 28.35
8 5.3 2.5 0.8 46. 60 43.85 41. 60 39.00 36. 10 33.15 31.55 29.25
9 5.6 2.4 0.8 48. 40 45.95 43.50 41. 30 38.10 35.05 33.40 30. 65
10 6.1 2.6 1.1 50. 80 48. 15 45.40 43.10 39. 80 36. 90 34.95 32.85
11 6.2 2.7 1.1 51.75 49. 45 46. 45 43. 80 40. 80 37.55 35.35 33.35
12 6.0 2.5 1.0 50. 40 48. 00 45.05 42. 60 39.55 36.45 34.00 32.15
13 6.0 2.4 1.0 50.25 47.95 44. 35 42.10 38.75 35.85 33.10 31.55
14 6.1 2.7 1.1 50. 45 48. 05 45. 05 42.10 39.20 36.05 33.90 31. 15
15 6.9 3.1 1.3 51.80 49.33 46. 15 43.55 40. 15 37.15 35.15 33.10
16 7.0 3.2 1.2 52.15 50. 05 46.6 43.95 40. 80 37.75 35.65 33.60
17 7.1 3.2 1.3 52.2 49. 80 46. 35 43. 85 40. 45 37.50 34.70 32.90
18 6.8 3.1 1.3 51. 15 49. 10 45.8 42.95 39.9 36. 95 34.45 32.55
19 6.9 3.1 1.4 51.35 49. 35 46. 05 43.35 40. 00 37.05 34.45 31. 80
20 7.2 3.3 1.5 51.80 49. 60 46. 15 43. 45 39.95 37.10 34. 65 32.70
21 7.6 3.7 1.7 53. 00 49.20 46. 00 43.40 40. 00 37.10 34.50 32.55
22 7.2 3.4 1.6 51.95 49. 50 46.20 43.45 40. 10 36.75 34.30 32.10
23 7.5 3.6 1.7 52. 60 50. 15 47.12 44.10 40.75 37.75 35.05 32.85
24 7.3 3.5 1.6 52.46 50. 30 46. 80 43.85 40. 40 37.55 34.75 32.35
25 8.0 4.0 1.8 54.00 51.95 48.20 45.45 42.00 39.1 36. 10 33.75
26 7.9 4.0 1.8 53.65 51.30 48. 05 45.95 42.35 39.2 36. 65 35.20
27 7.9 3.9 1.7 53.45 51. 15 48. 00 45. 05 41. 50 38.7 35.75 33.80
28 7.7 3.8 1.7 53.10 50. 95 47.50 44. 65 41.50 38.5 35.60 33.75
29 7.8 3.8 1.8 53.30 51.20 47. 80 45.30 41. 50 38.5 35.75 33.75
30 7.4 3.6 1.6 52.40 50. 45 47.30 44.25 41.10 37.95 35.55 33.15
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Fig. 15 Thermal error prediction results
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Table 2 Comparison results of parameters

for prediction accuracy

oA 7 MSE MAPE RMSE
POA-BP 8. 04 9.93% 2.84
GA-BP 10. 15 11.50% 3.17
BP 10.77 12.23% 3.28
SCN 11.39 12.71% 3.38

TS S B, POA-BP #5521 11530 1) 45 S 34 07 # i
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