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Tab.1 Arrangement of process parameter level

1 2 3 4 5

AlC 40 50 60 70 80

B/ C 240 250 260 270 280

Cls 4.2 4.7 5.2 5.7 6.2

D/s 11 12 13 14 15

Els 37 38 39 40 41 2
F/MPa 15 20 25 30 35 Fig. 2 Drawing of the model of

6 5 Los( 56) an injection molding product
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Tab.2 Analysis result of experimental simulation
Al C B/ C Cls D/'s Els F/ MPa WV %
1 40 240 4.2 11 37 15 3.718 4
2 40 250 4.7 12 38 20 4.164 4
3 40 260 5.2 13 39 25 4.668 8
4 40 270 5.7 14 40 30 5.001 8
5 40 280 6.2 15 41 35 5.248 5
6 50 240 4.7 13 40 35 4.201 3
7 50 250 5.2 14 41 15 4.198 9
8 50 260 5.7 15 37 20 4.518 1
9 50 270 6.2 11 38 25 4.893 0
10 50 280 4.2 12 39 30 5.277 8
11 60 240 5.2 15 38 30 4.074 7
12 60 250 5.7 11 39 35 4.491 2
13 60 260 6.2 12 40 15 4.458 2
14 60 270 4.2 13 41 20 4.780 6
15 60 280 4.7 14 37 25 5.181 8
16 70 240 5.7 12 41 25 3.921 7
17 70 250 6.2 13 37 30 4.416 2
18 70 260 4.2 14 38 35 4.813 1
19 70 270 4.7 15 39 15 4.679 5
20 70 280 5.2 11 40 20 5.050 8
21 80 240 6.2 14 39 20 3.8959
22 80 250 4.2 15 40 25 4.354 1
23 80 260 4.7 11 41 30 4.778 3
24 80 270 5.2 12 37 35 5.056 0
25 80 280 5.7 13 38 15 4.896 9
2.2
(ANOVA),
[7] .
) 5 ,
_ Ly,
y=7 Dz (4)
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Tab. 3 T able of direct analysis
R
1 2 3 4 5
A 4.560 4 4.617 8 4.5973 4.576 3 4.596 2 0. 057 4 3
B 3.962 4 4.3250 4. 6473 4.8822 5.1312 1. 168 8 1
c 4.5838 8 4.601 1 4. 609 8 4.5659 4.582 4 0.043 9 5
D 4.586 3 4.575 6 4.592 8 4.6183 4.5750 0.043 3 6
E 4.578 1 4.568 4 4. 602 6 4.6132 4.5856 0. 044 8 4
F 4.390 4 4.482 0 4. 6039 4.709 8 4.762 0 0.371 6 2
(D )
(2) , , 40 C 240 C
5.7 15s 38.s 15 M Pa.
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Tab.4 Arrangement of process parameter level
1 2 3 4 5 6 7
Al'C 36 38 40 42 44 46 48
B/ C 240 243 246 249 252 255 258
Cls 4.8 5.1 5.4 5.7 6.0 6.3 6.6
D/s 13.5 14.0 14.5 15.0 15.5 16.0 16.5
E/s 36.5 37.0 37.5 38.0 38.5 39.0 39.5
F/M Pa 15 17 19 21 23 25 27
0.001,40 32
0.001, e 3 (n ). 0.001,
0. 000 892 406 9 , 4 4 e ;N
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Fig.3 Error of neural network training Fig.4 Error of test sample
s 5 . 5 T, Tk €, er
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Tab.5 Prediction of volumetric shrinkage variation by neural netw ork
A/C BI'C Cls D/ s E/s  F/MPa N/ % Mg/ % e, % e./ %
1 36 252 6.0 15.5 38.5 23 3.760 5 3.749 4 0.0111 0.2952
2 38 246 5.7 15.5 39.0 27 3.593 7 3.574 2 0.0195 0.542 6
3 40 240 5.4 15.5 39.5 17 3.434 4 3.420 2 0.014 2 0.4135
4 40 255 4.8 14.5 38.5 27 3.825 6 3.816 7 0.008 9 0.2326
5 42 249 6.6 14.5 39.0 17 3.706 2 3.739 4 0.0332 0.8958
6 44 243 6.3 14.5 39.5 21 3.537 4 3.561 8 0.024 4 0. 689 8
7 44 258 5.7 13.5 38.5 17 3.887 1 3.870 9 0.0162 0.4176
8 46 252 5.4 13.5 39.0 21 3.728 4 3.725 1 0.003 3 0. 088 5
9 48 246 5.1 13.5 39.5 25 3.563 8 3.548 8 0.0150 0.4209
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2 2 (1) 39 C( ), 250 C( ),5.0 s( ),

14 s( ), 38 s( ),22 MPa( );(2) 43 C( ), 245 C( ),6.0s
( ), 16 s( ), 39 s( ), 20 M Pa( ).
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Optimization and Forecast of Numerical Simulation of
Volumetric Shrinkage Variation for
Injection Molding Products

XU Jiamwen, LIU Bin

(College of Mechanical Engineering and Automation, Huaqiao University, Quanzhou 362021, China)

Abstract: The influence order of each process parameter on volumetric shrinkage variation of injection molding products
and optimum process parameters can be obtained by numerical simulation and calculation of injection molding process with
combination of experimental design of T aguchi method and M oldflow software. The volumetric shrinkage variation of in-
jection molding products is predicted by back propagation neural network, in which the arrangement of orthogonal trials by
adjusting each process parameter is made on the basis of optimum process parameters and the experimental results are
used as the sample data of neural network. The trained neutral network can accurately predict the volumetric shrinkage
variation so that the optimization and control of injection molding process could be achieved using few er experiments.
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