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Abstract The CAT methodology is a numerical analysis technique using CAE. Recently, a methodology
of applying artificial intelligence techniques to a simulation has been studied. A previous study
compared the deformation results according to the injection molding process using a machine learning
technique. Although MLP has excellent prediction performance, it lacks an explanation of the decision
process and is like a black box. In this study, data was generated using Autodesk Moldflow 2018, an
injection molding analysis software. Several Machine Learning Algorithms models were developed using
RapidMiner version 9.5, a machine learning platform software, and the root mean square error was
compared. The decision-tree showed better prediction performance than other machine learning
techniques with the RMSE values. The classification criterion can be increased according to the Maximal
Depth that determines the size of the Decision-tree, but the complexity also increases. The simulation
showed that by selecting an intermediate value that satisfies the constraint based on the changed

position, there was 7.7% improvement compared to the previous simulation.
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Table 1. Parameters of injection molding process

Tooling variable Part/resin variable Molding variable

Mold material Size & thickness Molding window

Shrinkage rate Strength design Mold temp.

Gate design Assembly Melt temp.

Runner design Resin material Injection time

Sprue design Viscosity Packing pressure

Hot/Cold runner PvT Packing time

Cooling line Thermal property V/P Switch over

Cooling temp. Transition temp. Machine spec.

Eject system Ejection temp. Machine condition

Air venting Mechanical prop Reproducibility

Cavity number Filled or unfilled Environment

Table 29} Zo] Agtd A7t A& 24 HE
571 Yol A AtolAE FwHlE (Orthogonal
Array)oll TE 11082 108 A¥HS AYAJsto] <53t
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Table 2. Process setting problem formulation
No. | Process setting Variables | Unit | Lower | Initial gpper I-O'0876
ound
x1 | IT(Injection time) sec 1 2 3
-0.8705
x2 | PP(Packing pressure) MPa 20 50 80
x3 | PT(Packing time) sec 5 10 15 I L1653
x4 | MeT(Melt temperature) °C 270 290 310 .
5 | MoTOMold temperature) c P 50 | 100 Fig. 1. Moldflow deflection result of radiator tank part
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Fig. 2. Process of Decision-tree analysis
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Fig. 5. Compare of machine learning algorithms of
clamp Force
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Table 3. Comparison of Decision-tree results

CAE of CAE of CAE of CAE of

Case study case 44 case 33 case 24 DT
IT(sec) 2 1 1 1.25
PP(MPa) 20 80 50 72.5
Variable PT(sec) 10 15 10 8.75
MeT(T) 270 290 310 290
MoT(C) 100 80 100 80
FT(sec) 2.168 1.038 1.037 1.296
Result V/P(MPa) 85.78 8133 61.82 75.36
CF(Ton) 104.1 297.4 184.6 267
SumX(mm) 5.207  3.686  4.253  3.924
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