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Modeling of high speed milling workpiece by surface roughness method

QI Xiang, ZHANG Xinguang, LV Zezheng
(School of Mechanical and Automotive Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] Because ant colony algorithm has good robustness, compatibility and positive feedback, it is very suitable for
optimizing the learning rate of BP neural network, so as to establish ant colony—BP neural network. The training sample pair is
composed of high—speed milling test data under experiment 1, experiment 3, experiment 5, experiment 7, experiment 9, experiment
11, experiment 13 and experiment 15, and the surface roughness of workpiece in high—speed milling experiments is used to model.
The surface roughness prediction model of high-speed milling workpiece is established to predict the surface roughness of high—
speed milling workpiece in experiment 2 and experiment 6. By comparing the prediction results with the experimental results, it is
found that ant colony—BP neural network can effectively model and predict the surface roughness of high—speed milling workpiece.
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Tab. 1 Experimental parameters and results

. F L DIl biEl ®m GEH
Yo e/ R/ WEE A7 RUBERE  fwisn
(remin”") (mm-min”') /mm /mm /pm /(°)
1 5 000 5 000 0.02 0.01 0.7258 10
2 5 000 6 000 0.04 0.03 1.1156 20
3 5 000 7 000 0.06 0.05 1.0086 30
4 5 000 8 000 0.08 0.07 1.1772 40
5 10 000 5 000 0.04 0.05 0.9012 40
6 10 000 6 000 0.02 0.07 1.0868 30
7 10 000 7 000 0.08 0.01 1.8660 20
8 10 000 8 000 0.06 0.03 1.9848 10
9 15 000 5 000 0.06 0.07 2.0418 20
10 15 000 6 000 0.08 0.05 1.7264 10
11 15 000 7 000 0.02 0.03 1.1386 40
16 20 000 8 000 0.02 0.05 1.2546 20
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Tab. 2 Results of learning rate optimization under different ant

sizes

i A It > % %ﬁﬁéuj H%E
HERS B2 AR TOUR 10 22
15 0.367 0 1.254 0e™*
25 1.000 7.194 2 ¢7*
35 0.884 9 1.944 7¢7*
45 0.836 8 1.482 2¢7°
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Tab. 3 Comparison of prediction results and experimental results ol e e
for surface roughness ant colony — BP neural network 0 '-'-l “2 ”-’ U4 Dj ':] ‘r’ []" UH Uq 1.0
&2 ‘f
model () BUBE R 5005 7] AR Pt 1
s S s X iR 2 iR 2 (d) The lcarning rate optimization process with 43 ant colonics
O i }
/pm /pm /pm /% Bl AEEME TS SRR R
2 1.126 7 1.115 6 0.011 1 0.99 Fig. 1 The optimization process of learning rate under

6 1.098 1 1.086 8 0.011 3 1.04

different ant colony scales
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Tab. 4 Comparison of prediction results and experimental results

of surface roughness neural network prediction model

TH BNER SCREER EXbERZE AXhRZE
/pm /pm /pm /%
2 1.162 8 1.115 6 0.047 2 4.23
6 1.123 6 1.086 8 0.036 8 3.39
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