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In the case of a die-casting process, defects that are difficult to confirm by visual inspection, such as shrinkage bubbles,

may occur due to an error in maintaining a vacuum state. Since these casting defects are discovered during post-processing

operations such as heat treatment or finishing work, they cannot be taken in advance at the casting time, which can cause a

large number of defects. In this study, we propose an approach that can predict the occurrence of casting defects by defect

type using machine learning technology based on casting parameter data collected from equipment in the die casting process

in real time. Die-casting parameter data can basically be collected through the casting equipment controller. In order to perform

classification analysis for predicting defects by defect type, labeling of casting parameters must be performed. In this study,

first, the defective data set is separated by performing the primary clustering based on the total defect rate obtained during the

post-processing. Second, the secondary cluster analysis is performed using the defect rate by type for the separated defect data

set, and the labeling task is performed by defect type using the cluster analysis result. Finally, a classification learning model

is created by collecting the entire labeled data set, and a real-time monitoring system for defect prediction using LabView and

Python was implemented. When a defect is predicted, notification is performed so that the operator can cope with it, such as

displaying on the monitoring screen and alarm notification.
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<(Table 1> Examples of Die-casting Defects

Defect type Cause of defect Prognostic factor Countermeasure
. . - Plunger tip/Sleeve life/Plunger oil - Vision inspection
. - Casting velocity unevenness . .
Plunger tip/Sleeve damage | Back flash shortage - Plunger tip noise/Sleeve
abrasioncheck(1ea/Shift)
Low casting pressure |- Bubble, Short shot - N2 gas Leakage - Real time monitoring of casting pressure
. . - Fusion, deform, mold - High bath temper.a'ture ' - Ope'n.mg check of Spray nozzle
High casting pressure - Spray nozzle position setting error position/blockage
damage . .
- Spray nozzle blockage - Daily report logging (warm-up shot)
Low mold temperature |- Bubble, Short shot - Mold preheating lack - Daily report logging (warm-up shot)
Low vacuum -Blister - Vacuum block blockage - Vacuum leCk replacement before
warm-up(daily)
. . - Opening check of SPRAY NOZZLE
. . - Spray nozzle position setting error "
Deformation - Work size error position/blockage
- Spray nozzle blockage . .
- Daily report logging (warm-up shot)
Biscuit thickness defect |- Short shot - Mold moisture inconsistence - Biscuit thickness check (27+ 7mm)
. . . . . . - Initial off-set check
Eject pinprotrusion - Assembly size error - Eject pin length shortage - Patrol check(+0.2/-0.5)
Appearance defect - Customer complain - Casting work standard deviation - Daily report 10gglpg .
- Total appearance inspection
. . . . . - Blister test 2EA/Shift
Low density - Soldering defect - Density control inconsistence - Casting work standard
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<Table 2> Die-Casting Parameters

© O
-

No Column Unit Sampling Source ref

1 Cycle Time Sec lea/shot Double byte PLC MES

2 Total Stroke mm lea/shot Double byte PLC MES

3 Casting Pressure MPA lea/shot Double byte PLC MES

4 Ist Velocity m/s lea/shot Double byte PLC MES

5 2nd Velocity m/s lea/shot Double byte PLC MES

6 Low stroke mm lea/shot Double byte PLC MES

7 High speed m/s lea/shot Double byte PLC MES

8 Mold open time Sec lea/shot Double byte PLC MES

9 High stroke mm lea/shot Double byte PLC MES

10 Pressure boost time Sec lea/shot Double byte PLC MES

11 Heating time Sec lea/shot Double byte PLC MES

12 Cylinder pressure Kgf lea/shot Double byte PLC MES

13 Clamping force Ton lea/shot Double byte PLC MES

14 Cooling time Sec lea/shot Double byte PLC MES

15 Biscuit thickness mm lea/shot Double byte PLC MES
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<Figure 1> Scatter Plot Analysis
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<Table 3> Process Condition Change Analysis
Vi V2 V3 V4 V5
Parameter - - - -
Cycle time Total Stroke Diecast Pressure 1st Velocity 2nd Velocity
Date Block 1~19 20~24 1~19 20~24 1~19 20~24 1~19 20~24 1~19 20~24
Mean 62.7761 63.8735 557.4258 558.0898 71.9919 71.9939 0.0436 0.0512 0.1070 0.1290
Stddev 0.5574 0.8396 2.0906 3.1454 0.0964 0.0941 0.0012 0.0028 0.0040 0.0064
()% 0.0089 0.0131 0.0038 0.0056 0.0013 0.0013 0.0267 0.0545 0.0375 0.0496
V6 \%i V8 V9 V10
Parameter - - - - -
Low Stroke High Speed Mold open time High Stroke Pressure Boosting time
Date Block 1~19 20~24 1~19 20~24 1~19 20~24 1~19 20~24 1~19 20~24
Mean 415.1333 414.7038 2.7049 2.7276 5.0346 5.0723 142.1602 142.8346 0.0410 0.0417
Stddev 0.3399 12.1846 0.0244 0.0838 0.0639 0.1279 2.0947 3.1440 0.0030 0.0021
()% 0.0008 0.0294 0.0090 0.0307 0.0127 0.0252 0.0147 0.0220 0.0724 0.0502
Vil V12 V13 Vi4 V15
Parameter - - - - - - — -
Heating time Cylinder Pressure Clamping Force Cooling Time Biscuit Thickness
Date Block 1~19 20~24 1~19 20~24 1~19 20~24 1~19 20~24 1~19 20~24
Mean 13.0104 12.9092 29.9939 29.9956 643.9362 656.3242 15.9232 16.4971 22.6294 22.9453
Stddev 0.2679 0.1053 0.0777 0.0665 8.5964 11.0575 0.0422 0.1611 0.6323 0.5295
()% 0.0206 0.0082 0.0026 0.0022 0.0133 0.0168 0.0027 0.0098 0.0279 0.0231
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o l~lgldays 20~2=; days l~lgldays 20~2=; days 1~19 days 20~2=; days
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<Figure 2> Result of Significance Analysis of Die-Cast Parameters
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<Figure 3> Validation Analysis with 1st Time Block Data
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<Figure 4> Result of Correlation Analysis

<Table 4> 2-Class Labelling Result

Good Defective Total
20,136 601 20,737
20,132 605 20,737

0.02% 0.67% -

Category
Actual(A)
Predicted(B)

Accuracy

<Table 5> 4-Class Labelling Result with Defectives

LUB | PR Valve | TCC Valve | General

HOEL | &Blow | &Blow | Bubble | '°t@

Category

Actual(A) 140 119 38 304 601

Predicted(B) 183 126 41 255 605

Accuracy 7.9% 10.2%

Fl

= 3l grg FEEFE TH
= %% Ei¥(Data Imbalance)©] =43t T}
, 3 dlolE el HlaaiA =

= & dlolE 7H7t Al
SHAl A7) wizol o] 2 QIgk 7] Algkss A &K(Bias)o] LAY
& 4 on= olE A7 93l Synthetic Minority

Oversampling Technique(SMOTE)S ©]&34 WA=
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ol Tosttta weteta glone G EFEN 2ol 2o WHARR AT <Table 7> 7 W FHRAYE
2 EREHNAME BFES A EFFoRE B W/HAR AWE RoFa vk unEA ERASE S|
W3k PR E QD 5ol = (Specificity) S H7FAF 2 ¥ A Logistic Regression, SVM, AdaBoost 52 &i1g]50]
SHATE <Table 6>oll 4= 2-Fel 2~ EREHE F7HAE A EFEYS d3538ta &S IR & 3l ol5
A3E 2T Atk ol FWeA= SVM Bl  F s EFEYE FEgor A9 5 g
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<Table 6> 2-Class Classification Result 4. ELIEEY Al2E 75
Model |Accuracy |Specificity| Recall |Precision|F1-score B A A E oA Ama A o] A Y
Rggrg;:;in 09581 | 0.8387 | 09642 | 09908 | 09773 AEEYE 7 SR 2 g dojE e} gry
Hars TE=E Q F wl 2) {Xe3| _Q. Pt s Nex]
AdaBoost | 09287 | 08710 | 09374 | 09858 | 09609 FE ARS oA e A TRl of
SVM | 09665 | 09355 | 09888 | 09758 | 09822 A3E ol &aA mAaleld R (Logistic Regression,
=\o ] 2ol A
R;mdortn 09919 | 05065 | 09709 | 09709 | 09709 Adaboost, RandomForest, SVM —o)—a Thersle] & Aol A
gokel AN BUHYS £ 5 9= LabViewsh
<Table 7> Classification Result by Defect Types
Model Accuracy Confusion Matrix
Actual
General LUB PR TCC
o General 51 - - -
nggrg;:;‘;n 1.0000 i |_LUB 37 -
predic PR _ 2% _
TCC - - - 9
Total 51 37 26 9
Actual
General LUB PR TCC
General 51 - - -
SVM 1.0000 ) LUB - 37 -
Predict
PR - - 26 -
TCC - - - 9
Total 51 37 26 9
Actual
General LUB PR TCC
d General 51 - - -
Ada 1.0000 . LUB 37 ;
Boost Predict
PR - 26 -
TCC - - - 9
Total 51 37 26 9
Actual
General LUB PR TCC
General 51 1 - -
Random Forest 0.9919 . LUB 36 -
Predict
PR - 26 -
TCC - - - 9
Total 51 37 26 9
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