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Roughness prediction of spiral surface milling based
on improved BP neural network
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Abstract:In order to improve the milling surface quality of screw rotor and other parts with spiral surface. According to the machining
characteristics of screw rotor, the single factor rotation milling experiment is carried out according to the spindle speed, feed rate and
intermittent feed. The improved particle swarm optimization algorithm is used to determine the optimal value of the initial weight and
threshold of BP neural network. The trained improved BP neural network algorithm is used to predict the surface roughness of the milled
screw rotor, and compared with the traditional BP neural network. The results show that the training accuracy of traditional BP neural
network for surface roughness is the lowest, and the average relative error of 2000 iterations of particle swarm optimization in the
improved algorithm is the lowest, which is 1.21%. Using the model to predict the influence law of process parameters on surface
roughness, it can be seen that under the premise of other process parameters unchanged, the surface roughness shows a decreasing trend
with the increase of spindle speed; With the increase of intermittent feed rate, the surface roughness first decreases then increases; With
the increase of feed rate, the surface roughness decreases first then increases. Conclusion: The improved neural network algorithm can
accurately predict the surface roughness of spiral surface after milling, and provide theoretical guidance for the selection of process
parameters in screw rotor milling.
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Table 1 Surface roughness measurement result

JnL FREE s GG S RTERE

K (remin”") f,/mm R F, Ra/pm
1 162 2 10% 1. 449
2 180 2 20% 1. 174
3 180 2.5 10% 1. 156
4 198 2.5 10% 1. 794
5 162 2.5 20% 1.753
6 198 2 30% 1.62
7 180 2.5 30% 0. 641
8 162 5 30% 0. 445
9 180 5 10% 1.739
10 198 5 20% 0. 456
11 180 2 10% 0. 546
12 198 2 10% 0.978
13 162 2 20% 0.919
14 180 2.5 20% 0. 808
15 162 2.5 30% 0. 744
16 198 2 20% 1. 171
17 180 2 30% 1.287
18 162 5 20% 1. 086
19 162 5 10% 1.772
20 162 2.5 10% 1. 142
21 198 2.5 30% 0.914
22 198 2.5 20% 1.267
23 189 5 20% 0.767
24 189 5 10% 1. 682
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Table 2 Prediction results of improved BP neural

network and traditional BP neural network
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Fig.3  Fitness curve based on improved

particle swarm optimization algorithm
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Table 3 Error value of surface

roughness prediction algorithm
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