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Multi-objective optimization of injection molding processes for truck wheel cover cross beams based on
Bayesian regularized neural networks
ZHANG Han', WANG Mingwei', CAI Shiming', WANG Zongqiang', YU Junwei', YE Xinghui’®
(1. School of Mechanical Engineering and Automation, Dalian Polytechnic University,, Dalian 116034, China;
2. Zhejiang KaihuaMould Co., Ltd., Taizhou 318020, China)

Abstract : Taking the volume shrinkage rate (Y,) and Z-direction (assembly direction) maximum warpage deformation of a
large plastic part—truck wheel cover cross beams—as the response objectives, the following experimental variables were selected:
melt temperature,, mould temperature, first holding pressure time, second holding pressure time, first holding pressure, and second
holding pressure. A optimal Latin hypercube design was employed to generate 100 sample sets, which were simulated using
Moldex3D mold flow analysis software. Bayesian regularized neural network (BRNN) was employed to establish regression predic-
tion models of Y, and Y,, the coefficient of determination (R?) values of the two models were 0.991 and 0.989 respectively. Multi-
objective optimization of the models was performed using nondominated sorting genetic algorithm II (NSGA-II) to derive optimal
experimental variable parameters. The optimized experimental parameters were simulated in Moldex3D and applied in actual
production. For Y, and Y,, the errors between the Moldex3D simulated results and BRNN-NSGA-II predicted optimal outcomes are
0.14% and 7.28%, respectively, representing reductions of 3.16% and 64.42% compared to initial simulations. The actual molded
part quality is excellent and meets production requirements. Thus, the proposed BRNN combined with NSGA-II method can effec-
tively solve the multi-objective optimization problem for injection molding processes of large complex plastic parts.
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Tab.1 Material properties

Properties Values
Fiber density/(g-cm ) 2.55
Modulus of elasticity E, (fiber direction)/GPa 72
Poisson's ratio v,, 0.2
Shear modulus G,,/GPa 30
Melt temperature/°C 200~270
Mould temperature/°C 80~120
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Unit: mm
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Fig.2 2D dimensional drawing of truck wheel cover cross beam
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Fig.3 Finite element model of truck wheel cover cross beam
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Tab. 2 Initial molding process parameters and opening times of

valved hot runners

Molding process parameters ~ Value Valve St? rting
Sequence time/s
Melt temperature/°C 250 Gl 0.000
Mould temperature/°C 110 G2 1.558
First holding time/s 10 G3 1.558
Second holding time/s 5 G4 1.987
First holding pressure/MPa 45 G5 1.987
Second holding pressure/MPa 30 G6 3.720
Cooling time/s 25 G7 3.720
G8 3.340
G9 3.586
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(b) Filling contours

Filling_Fiber Orientation
Time = 4.432 sec (EOF)

[
Max g 0.990
0.902

-0.815

0.727

0.640

0522 ¢

0.465

. #0377
Min+¥0.333
(c) Fiber orientation

Filling_Weld Line
Time = 4.432 sec (EOF) {

(d) Welding line
Warpage_Z-Displacement

(e) Warpage in Z direction

Packing_Volumetric Shrinkage
Time = 19.351 sec (EOP)
[%]
Max g 10.307
[9.228
8.149
£7.070
5.990
4911
3.832

. N2.753
Min-%2213

(f) Volume shrinkage
4 IR s HTEE R

Fig. 4 Initial analysis results
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Tab.3 Parameter ranges for test variables

Experimental factors Levels -
Low High
Melt temperature/°C 245 255
Mould temperature/°C 105 115
First holding time/s 8 10
Second holding time/s 6 8
First holding pressure/MPa 45 55
Second holding pressure/MPa 30 40
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Tab. 4 Simulation results

No. 4/°C B/°C Cls Dis l\ffia l\/ﬁ/’a Y /% Y,/mm
1 247 112 10 6 49 34 10.347 4.935
2 248 108 8 6 48 35 10.434  4.693
3 251 109 10 6 51 35 10.417 4.684
4 251 115 7 50 31 10.684  4.381
5 254 112 9 7 54 33 10.609 5.083
6 247 111 10 6 54 38 9.984  4.634
7 252 113 10 6 47 38 10.409 4.685
8 253 109 8 8 51 37 10.512  4.605
9 253 115 10 7 51 36 10.457 4.382
10 248 111 9 6 52 32 10.386 5.172
11 254 108 8 6 46 37 10.603  4.805
12 252 113 10 6 48 32 10.647 4.954
13 252 110 10 7 51 40 10.244 4300
14 245 108 9 7 48 34 10.408 3.807
15 250 111 8 6 51 39 10.213  4.822
16 253 106 9 8 47 32 10916 2.324
17 246 113 9 8 49 30 10.632  4.984
18 246 107 9 8 51 31 10.609  2.647
19 255 109 9 6 47 36 10.664 4.782
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(b) Pearson correlation heatmap (ABCDEF vs Y,)
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Tab.5 R’and RMSE for 1-3 neuron cycling test

Number of Results of Y, model Results of ¥, model
neurons R’ RMSE R RMSE
1 0.977 0.031 0.921 0.254
2 0.970 0.035 0.989 0.097
3 0.991 0.020 0.978 0.135
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(a) Volume shrinkage for optimum process parameters

Warpage Z-Displacement
[mm]
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(b) Z-direction warpage with optimal process parameters
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Fig. 10  Simulation results of optimum process parameters
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Tab. 6 Comparison of initial simulation, BRNN-NSGA-II optimiza-

tion, and Moldex3D simulation results

L ey . BRNN-NSGA-II Moldex3D
Objectives  Initial simulation .. . .
optimization simulation
Y\/% 10.307 9.995 9.981
Y,/mm 5.051 1.675 1.797

1 RERERRRIPRREC

Fig. 11 Truck wheel cover cross beam actual sample
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