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Abstract

Die products are in the structure of complex cavity, with high precision, multi-features, difficult
to process and other characteristics, and have a significant advantage of high-speed milling
processing in the die processing, the optimal milling process parameters affect the production ef-
ficiency of the workpiece, surface quality. Firstly, the orthogonal experimental design method was
used to carry out the milling experiment of H13 die steel, the range analysis of the results was car-
ried out, and the GA-BP neural network was used to construct the surface roughness prediction
model. Secondly, with the established GA-BP surface roughness prediction model and material
removal rate as the objective function and related process parameters as the main optimization
variables, a multi-objective milling parameter optimization model was established based on the
multi-objective grey wolf optimization algorithm. The results show that the sensitivity of milling
parameters to surface roughness is in the order of spindle speed > cutting width > feed speed >
cutting depth. The GA-BP neural network prediction model can effectively predict the machining
surface roughness, and the average relative error is 8.72%. The optimized process parameters are
verified by an example. Compared with before optimization, the material removal rate is in-
creased by 40.1%, the surface roughness is reduced by 36.4%, and the processing time is reduced
by 29.3%.
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Figure 1. Experimental processing
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Table 1. Result of the orthogonal test
1. EXREER

e Bl E DIHIGR ety d I3 T RLRE L ﬁﬂ?ﬁ;ﬁ%%
n/(r/min) ap/mm vi/(mm/min) ae/mm Ra/um Q/(mm’/min)
1 6000 0.03 1800 0.06 0.169 3.24
2 6000 0.06 2400 0.15 0.596 21.60
3 6000 0.09 3000 0.09 0.500 24.30
4 6000 0.12 2100 0.18 0.511 4536
5 6000 0.15 2700 0.12 0.691 48.60
6 8000 0.03 3000 0.15 0.598 13.50
7 8000 0.06 2100 0.09 0.459 11.34
8 8000 0.09 2700 0.18 0.587 43.74
9 8000 0.12 1800 0.12 0.199 25.92
10 8000 0.15 2400 0.06 0.173 21.60
11 10,000 0.03 2700 0.09 0.279 7.29
12 10,000 0.06 1800 0.18 0.209 19.44
13 10,000 0.09 2400 0.12 0.322 25.92
14 10,000 0.12 3000 0.06 0.323 21.60
15 10,000 0.15 2100 0.15 0.401 47.25
16 12,000 0.03 2400 0.18 0.532 12.96
17 12,000 0.06 3000 0.12 0.217 21.60
18 12,000 0.09 2100 0.06 0.167 11.34
19 12,000 0.12 2700 0.15 0.245 48.60
20 12,000 0.15 1800 0.09 0.181 24.30
21 14,000 0.03 2100 0.12 0.161 7.56
22 14,000 0.06 2700 0.06 0.201 9.72
23 14,000 0.09 1800 0.15 0.182 24.30
24 14,000 0.12 2400 0.09 0.256 25.92
25 14,000 0.15 3000 0.18 0.286 81.00

Table 2. Range analysis results

F 2. WMENTLER

G5 A B C D Y

B Loy PZLEIRZ S BELE D R MHLREE
n/(r/min) ap/mm vi/(mm/min) ae/mm Ra/um

K1 0.4934 0.3478 0.188 0.2066

K2 0.4032 0.3364 0.3398 0.335

K3 0.3068 0.3516 0.3758 0.318

K4 0.2684 0.3068 0.4006 0.4044

K5 0.2172 0.3464 0.3848 0.425

R 0.2762 0.0448 0.2126 0.2184
FIRIGFF A>D>C>B
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Figure 2. Mean value of each factor level
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Figure 3. BP neural network structure
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Figure 4. Comparison of predicted and true values

B 4. FUNE S ESLEXTEE

Table 3. Test set prediction comparison

2 3. MR EFUMXTEE

FMFARE GA-BP ##! BP 7
Ra/pm TRIE AHHF R 2 TRIE AR %
0.286 0.2902 1.4% 0.3006 5.0%
0.201 0.2150 6.9% 0.1763 12.3%
0.598 0.5248 12.2% 0.5312 11.2%
0.256 0.2248 12.1% 0.1946 23.9%
0.169 0.1877 11.0% 0.1375 18.6%
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Figure 5. MOGWO algorithm flow
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Figure 6. Multi-objective optimization modeling process
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Table 4. Partial Pareto solution set

% 4. B4y Pareto fREE

e Bl Eg DI il 2K RIHLRE L ﬁﬂ?&g}ﬂ%%
n/(r/min) ap/mm vi/(mm/min) ae/mm Ra/um Q/(mm’/min)
1 14,000 0.150 2342 0.119 0.153 41.85
2 14,000 0.148 2297 0.114 0.140 39.01
3 14,000 0.149 2304 0.120 0.149 41.53
4 14,000 0.141 2250 0.118 0.159 39.31
5 14,000 0.135 2308 0.114 0.143 35.52
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Figure 8. Typical test pieces for die and mold machines
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