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Modeling of high speed milling workpiece using
surface roughness algorithm and BP neural network
HUANG Xiyu, QI Xiang
(School of Mechanical and Automotive Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] As an efficient and parallel global search optimization method, Genetic Algorithm is very suitable for BP neural
network learning rate optimization. In this paper, a genetic algorithm ( GA) based on BP ( BP) neural network is proposed. Based
on the experimental data of high speed milling experiments 1,2,5,6,9,11,13 and 15, a set of training samples is constructed for
high speed milling surface roughness modeling, the regression model of high speed milling workpiece surface roughness is used to

predict the high speed milling workpiece surface roughness in experiment 3 and 7 states. By comparing the prediction results with the
actual results, it is demonstrated that the surface roughness neural network is a very effective method in the modeling of high speed

milling workpiece surface roughness.
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Tab. 1 Experimental parameters and results

o FhhEe  RZGE YWl IH) xmo EH
oy WO B/ RE MR W
min~!) ~min”!)  /mm /mm /pm /(°)

1 5 000 5 000 0.02 0.01 0.725 8 10

2 5 000 6 000 0.04 0.03 1.115 6 20

3 5 000 7 000 0.06 0.05 1.008 6 30

4 5 000 8 000 0.08 0.07 1.177 2 40

5 10 000 5 000 0.04 0.05 0.901 2 40

6 10 000 6 000 0.02 0.07 1.086 8 30

7 10 000 7 000 0.08 0.01 1.866 0 20

8 10 000 8 000 0.06 0.03 1.984 8 10

9 15 000 5 000 0.06 0.07 2.0418 20

10 15 000 6 000 0.08 0.05 1.726 4 10

11 15 000 7 000 0.02 0.03 1.138 6 40

16 20 000 8 000 0.02 0.05 1.254 6 20
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Tab. 2 Results of optimal learning rate under different prediction

error variation criteria

TR 5 25 P A 10°(-1) 10°(-6)
w2 % 0.472 0.763

(a) PR SUE R HENY 10°(-6)

(a) The prediction error variation criteria is 10"( -6)

80

(b) Pl 22 o 5 k) o 10°(-1)
(b) The prediction error variation criteria is 10*( -1)
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Fig. 1

The optimization process of learning rate under

different prediction error variation criteria
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Tab. 3 Comparison of prediction results and experimental results

for high speed milling workpiece surface roughness

T URIEZR S TR LR Y xRz AHX R ZE
o / pm / pm / pm /%

3 1.008 64721431465 1.0086 0.000 04721431465 0.0047
7 1.86586594527211 1.8660 0.000 06594527211 0.0035
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Tab. 4 Comparison of prediction results and experimental results

for high speed milling workpiece surface roughness

T RIS SR Y% R 22 AHXS R 22
W /pm /pum /pum /%

3 1.008 174 177 14153 1.008 6 0.000 425 82285847 0.0422
7 1.86616359821066 1.8660 0.000 16359821066 0.0088
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