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ABSTRACT

Purpose: The injection molding process, crucial for plastic shaping, encounters difficulties in sustaining product
quality when replacing injection machines. Variations in machine types and outputs between different pro-
duction lines or factories increase the risk of quality deterioration. In response, the study aims to develop
a system that optimally adjusts conditions during the replacement of injection machines linked to molds.
Methods: Utilizing a dataset of 12 injection process variables and 52 corresponding sensor variables, a pre—
dictive model is crafted using Decision Tree, Random Forest, and XGBoost. Model evaluation is conducted
using an 80% training data and a 20% test data split. The dependent variable, classified into five characteristics
based on temperature and pressure, guides the prediction model. Bayesian optimization, integrated into the
selected model, determines optimal values for process variables during the replacement of injection machines.
The iterative convergence of sensor prediction values to the optimum range is visually confirmed, aligning
them with the target range. Experimental results validate the proposed approach.

Results: Post-experiment analysis indicates the superiority of the XGBoost model across all five character—
istics, achieving a combined high performance of 0.81 and a Mean Absolute Error (MAE) of 0.77. The study
introduces a method for optimizing initial conditions in the injection process during machine replacement,
utilizing Bayesian optimization. This streamlined approach reduces both time and costs, thereby enhancing
process efficiency.

Conclusion: This research contributes practical insights to the optimization literature, offering valuable guid-
ance for industries seeking streamlined and cost-effective methods for machine replacement in injection
molding.
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Figure 1. Principle of Injection Process
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Figure 2. Overview of Variable Optimization in Injection Molding Process
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3.3 Bayesian Optimization
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Figure 3. Example of Mold’s Pressure Sensor, Temperature Sensor Position

Table 1.

Independent Variables of Injection Molding Process

Metering Position Set
Value 3

Back Pressure Set Value 1

Metering RPM Set Value

Filling Process Set
Position 1

Velocity Set Value
during Filling 1

Velocity Set Value
during Filling 2

VP Position Set Value

Packing Pressure Set
Value 1

Packing Time Set Value 1

Barrel Temperature
Set Value ZH

HRS Temperature Set
Value

Mold Temperature

Table 2. Dependent Variables of Injection Molding Process (Temperature Sensor)

T3_Detect T4 _Detect T5_Detect T6_Detect
T7_Detect T8_Detect T9_Detect T10_Detect
T11_Detect T12_ Detect T13_ Detect T14_ Detect
T15_ Detect T16_ Detect T3_Max T4_Max
T5_Max T6_Max T7_Max T8_Max
T9_Max T10_Max T11_Max T12_Max
T13_Max T14_Max T15_Max T16_Max

T3_MaxDetect

T4_MaxDetect

ThH_MaxDetect

T6_MaxDetect

T7_MaxDetect

T8_MaxDetect

T9_MaxDetect

T10_MaxDetect

T11_MaxDetect

T12_MaxDetect

T13_MaxDetect

T14_MaxDetect

T15_MaxDetect

T16_MaxDetect
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Table 3. Dependent Variables of Injection Molding Process (Pressure Sensor)

P1_Max P2_Max P3_Max P4_Max P5_Max
P1_MaxDetect P2_MaxDetect P3_MaxDetect P4_MaxDetect P5_MaxDetect

Table 4. Injection Molding Process Data Frame

Metering Back Pressure
Index Position Set P3_MaxDetect | P4_MaxDetect | P5_MaxDetect
Set Value 1
Value 3
1 99.4 5 3.49 4.115 2.16
2 99.4 3 4.315 2.65 4.315
3 100.3 7 4.47 2.665 4.325
4 99.4 3 2.00 1.94 1.78
182 99.4 7 2.27 2.075 2.165
42 A% wd 45
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t}, o= J_Ei_-_"éﬁ 52709 FEHMTE S @Sé}i =8 4 9 Multioutput Regressorgs €83t} 7zt
o & 2ol isA 12719 34 ¥ AAM k1468 o2 A9 85 dlo|E(Train Data)”}

Y= E Decision Tree 29| ¢ 24 (D] MSE,,,,,°] Axstd = s 54 34 M| dAgE 44
e

o e
o
o
=
1o
>
e
of
o

ol a3 WM 7o wE o= M @SEJEP 1% 3639

[e]
g A 1270 58 W] PEL drH o] Sl Bl B atHl wel 54 2= ol wjde
=

[}
Decision Tree& AAdstet. 2+7+¢]

Iy JolE] 3635
43 Al 100782} Decision Treeoll Eﬂb‘}oi 7179 o /i/\ﬁ}o] LS o] gES 74 (2% o] Hatststo
HE o5 AAgEE gtk XGBoost 229 79 8k HlolElE 949 Al 724 (3)3 o] 14638l tigh A= AlA]
G AS5ake] eAE Fole WFoR F A EgE AT o]F F WA ERE o539 Ak A5
QAFE 543l o] QAFE Folw WO R Al WA EglE AT o Ao 10719 ERE SAH o R
BBl T2E ShEdth A5 volEE 4 A 12709 &4 ®Sg Aol ek o5 AA kS EETT 2 At
AE = mde) A 37k AxzA 28 A% (R B Aol ©xHMean Absolute Error, MAE)E A+8-519]
ok MAE= AS53} 2F A5kl &5 289 d53ke] Apole] Hatoltt. webs RF Y o5 Aol 555

AZgkat dlS3ke] Aol7k o1 Ha, MAEE 2 #g 717 9k
A% dlo|E)(Test Data)oll thgk aﬂé 2el 8 A5 Ads <Table 5>¢F 2t} WA dloje] 1863l dlste] 107
o) WAAZE APk Eek 7 374K TR 2do| giste] 579 wAHTE Bt o]y e S A3



52 J Korean Soc Qual Manag Vol. 52, No. 1: 43-56, March 2024

= F5WHY 57F4] 549 ‘T _Detect’, ‘T_Max’, ‘T_MaxDetect’, ‘P_Max’, ‘P_MaxDetect' =
E 255 333 A= ‘All Dependent Variables’'# %8 30K Table 5.
A8 Ayl LW EX w2 57 EALS AL A9dl= RS} MAE 7] Decision Tree9} XGBoost 22!

o] Random Forest =9l H|a] wAlsHAl & AeS HoFAh T3 BE $5%¥4 7]F(All Dependent

o

<,
to ¢

Variables) 2.2 R23-& XGBoost 220 0.81% 7F4 =9kom MAE %A XGBoost E@o] 0.772 714 £& A%
S BT B Ade] gk 2 S <Figure 4> UERIOH, XFHS A AAGL YES dF & =
AA S gkol )

it
ot off

Table 5. Results of Variables for Predictive Models

All Dependent
Predictive Variables
Models R? MAE | R2 | MAE | R2 | MAE | R?2 | MAE | R? | MAE | R? | MAE

Decision Tree | 0.96 | 0.01 | 0.90 | 045 | 0.47 | 0.20 | 098 | 6.08 | 0.88 | 0.07 | 0.80 | 0.78
Random Forest| 0.96 | 0.02 | 0.88 | 049 | 0.51 | 0.20 | 0.96 | 9.60 | 0.86 | 0.11 | 0.81 | 1.12
XGBoost 096 | 0.01 | 090 | 044 | 047 | 0.20 | 0.98 | 6.20 | 0.88 | 0.07 | 0.81 | 0.77

T_Detect T_Max T_MaxDetect P_Max P_MaxDetect

All Independent Variable Temperature Detect
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Figure 4. Comparison Between the Actual Values and Predicted Values of Sensors
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Table 6. Optimal Range of Dependent Variable

Dependent Variable Optimal Range Dependent Variable Optimal Range
T3 Detect 1.005 < X < 2.380 T15_Max 50.90 £ X < 66.30
T4_Detect 0.980 < X < 2430 T16_Max 51.30 < X < 64.80
T5_Detect 2.010 < X < 3.780 T3_MaxDetect 2.255 < X < 5400
T6_Detect 1.075 < X < 2.780 T4_MaxDetect 2.520 < X < 5.690
T7_Detect 0.615 < X < 1.585 T5_MaxDetect 3.340 < X < 5.805
T8_Detect 0.995 < X < 2.745 T6_MaxDetect 2.065 < X < 4.290
T9_Detect 1.060 < X < 2.325 T7_MaxDetect 1.575 < X < 3.235
T10_Detect 0.405 < X < 2,510 T8_MaxDetect 1.600 < X < 6.305
T11_Detect 0.405 < X < 3.000 T9_MaxDetect 2.240 < X < 4.265
T12_Detect 0.405 < X < 2.950 T10_MaxDetect 1.770 < X < 4.265
T13_Detect 1.620 < X < 3.140 T11_MaxDetect 2.165 < X < 4.015
T14_Detect 1.540 < X < 2.740 T12_MaxDetect 1.735 < X < 5.110
T15_Detect 0.995 < X < 2.695 T13_MaxDetect 2.715 < X < 4.655
T16_Detect 1.370 < X < 2.575 T14_MaxDetect 2.610 < X < 5.655

T3_Max 54.20 < X < 66.90 T15_MaxDetect 1.965 < X < 5755
T4_Max 56.20 < X < 69.40 T16_MaxDetect 2.520 £ X £ 4.710
T5_Max 50.50 < X < 63.80 P1_Max 19.00 < X < 4187
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Dependent Variable Optimal Range Dependent Variable Optimal Range
T6_Max 54.30 < X < 69.00 P2_Max 386.0 < X < 553.7
T7_Max 54.00 < X < 68.40 P3_Max 41.80 < X < 363.1
T8_Max 55.60 < X < 68.40 P4_Max 138.6 < X < 4455
T9_Max 52.70 < X < 66.70 P5_Max 194.3 < X < 4984
T10_Max 52.50 < X < 66.40 P1_MaxDetect 2.000 < X < 4.230
T11_Max 38.80 < X < 53.70 P2_MaxDetect 1.595 < X < 3.300
T12_Max 49.00 < X < 69.10 P3_MaxDetect 1.720 < X < 4.925
T13_Max 50.10 < X < 64.80 P4_MaxDetect 1.640 < X < 4.210
T14_Max 51.80 < X < 66.60 P5_MaxDetect 1.620 < X < 4.340

Table 7. Independent Variable with Bayesian Optimization

Independent Variable Value Independent Variable Value

Metering Position Set Value 3 95.73 VP Position Set Value 13.82

Back Pressure Set Value 1 3.275 Packing Pressure Set Value 1 43.34

Metering RPM Set Value 1 75.03 Packing Time Set Value 1 1.831

Filling Process Set Position 1 85.07 Barrel Temperature Set Value ZH 255.5

Velocity Set Value during Filling 1 23.30 HRS Temperature Set Value 237.0

Velocity Set Value during Filling 2 67.06 Mold Temperature 51.66

5.4 2
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