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the domestic injection molding industry is currently experiencing several
difficulties, including the aging of skilled engineers and lack of investment in
new technology. To address these challenges, this study aims to establish ways
to reduce the time and cost required for quality inspection by quickly
identifying defects in the injection molding process through defect-prediction
and defect-cause analysis using an artificial intelligence algorithm. In addition,
by identifying the relationship between major explanatory variables and
explanatory variables for defects, we intend to establish a quantitative analysis
through fundamental cause analysis of defects to implement a smart factory

with an advanced response.
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Table 1 Characteristics of 3 analytical techniques
(a) Auto encoder

(b) SHAP

Algorithm that can explain the predicted value of
observation x by calculating the contribution of
each feature to the prediction

Description

Providing the importance of each variable for

Strengths individual predictions

Calculation slows down when there are many

Weakness . .
input vectors to predict

Key utilization | Description of the prediction of the model

(¢) Random forest

A tree-based model that constructs a number of

Description decision trees for classification and uses
ensembled results
High accuracy and good generalization
Strengths gh Y g &
performance
Weakness Vulnerable to overfitting and abnormal data

Key utilization Classification and regression

. Algorithm to learn the model approximating the
Description .
output value to the input value
Data compression (saving memory), reducin;
Strengths . P . ( & . 1Y) . &
data dimensions, and extracting attributes
Learning loss occurs when normal and abnormal
Weakness & .
data are similar
Key utilization Anomaly detection and denoising
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Fig. 1 Structure of the auto encoder model
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Fig. 2 Structure of the SHAP algorithm
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Application of Results to
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« Pressure AutoEncoder, SHAP correlation among defect factors
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Comparing to actual values
Fig. 4 Procedure for developing and applying Al algorithms
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Time

Injection time, Packing pressure time, Filling time,
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Speed

Max injection speed, Max/Average screw RPM, etc.

& %ELQOI Eejutet agkE= E2(flash), $EEAC]
Zro] Z|oir]o] REAo 7 SHEo] Yojil= AJAmbA(sink

mark), J9E Edo] Felol Aol o] Wish F29nia

(flow mark), 5 Wl F 7 ol &5 Aldo] W wf Ao]

A7) deeRl(weld line), ¥ E FHol Y59 75 WFor
;§1;

_l

S Fo] A7]E 22E(silver streak) oJoll £, 7|2, &
&9 5o] Sl

A= B dle AgetA oofstr] dEx B
& SiZs7] fistol W Alzto] £8% o]ek Zho] Al ¥
ol W& Weet Bl o7l tiiel 35S 283 d
2ld ¢agge B0 BAe st 52 582 BY 2o
Z o e a2y IFAG R B¢ B HoHE 7
2 ohgsto] 23 A APEY EF AEHE IR/ 4 AT
AA @M e BEFEY v wie 7] wiol £2 AFAS
BEZ FRASH7} ofgle A7 IR B = olME oY
gt ZAE slFst7] fisto] tlole] ZAje] ZgolA Hlole 54
(data argumentatlon)i]' FZ3K(standard scaler)Z &3] do]

et siol

3.2 Blofe| iz
Aulo|A] S5 Hlol8] % ol =2 Qlsf Hojele] Flo]
%e 4 glomz ol sl Sl AAe FHe A8

455

AE defzstoto] tlolEle] S50 MAIAY ol A5 YEht
AR 52 Bl FEE EAE 4 qlth

T WA= lole 8F3hE £33t B AR AlzcolH
£ MPa, mm, sec 5 EAUiTH T2 T2 7|&% 7] wliol
a2 ARESHE S5 &7t Lo ago] golx|A . o]y
st FAIE 75l fsh AHgElE Fo] glole mEstet st
AQjolt). ol Z7] 2 BAEY 49 HAE HixsHA wHEol
FE Aoz B AAUY =& tojg AAYYoR B
E A oM Ato]A| g4xQl Standard Scaler ©]-&dto] 1%

l‘ll‘

p

Al WA=, 598 AHE TlolElollN EFTole]] Hl&S XA
tlolel Q] oF 2% w=oltt. Tloje Q] A3t BvPe =Y <
36 Aste] ¢Qlo] Hrt. o] & siZst7] flsf HlolE 57 (data
augmentation) 7|H& ARSIt o]& Holg 9] &g 587
sl YEoll Z4F WS AEsto] g FAste 7Moot
E}‘ﬂ"aol 547‘] % H]O]EM] ghlg 2ol tloje 54459 B

¢

1.
1

33 WKE

2 AFoMe 2 A4S 9 dRIEA dagEe dee Bt
317] 9J5to] @4} gE(confusion matrix) S AHESFIT. 24} &
H & TrainingS 537 A& 5= SA5H7] S1sl ISkt AAl
= vlatshy] 913k Fo|th Fig. 7oA Hole Hieh Zo] T+
True, F:= False, P= Positive, 12|32 N-& NegativeZ oJu|3ict.
&, TP TN AAIZRE UA cll&3h Zolw, FPe FN2 Al
o o2 o&et FES uliith

A F =lo] vi2A] 73 vl&S ¥ (accuracy)2kal ot
o A@Ho vdl o /d5S UedlEs Aotk a2y ol
2572 tolE, 3] E4S tlolg 29 B¢ FI= £

4



Minjae Ko, Yongju Cho

PART_FACT SERIAL

masorrar [
tion

Fig. 5 Correlation analysis of variables

Original data
250
200
150
100
50
0 = e ==
Normalized data
1.0 == = 7
08
086
. H
0.2
0.0 - -
Standardized data
2
1
-1

ight
Y

Item_MRP

ltem_Waei
Item_Visibilit:
stablishment_Year

Fig. 6 Data standardization

075

050

025

- 000

SR 52 HrlebA] et} mElo] Positivedt B3t 7
AAIZko] Positive?! BlE-S U= (precision)2tal gttt oS

A B A C
TN FP TN | FP
True | False True |' False
Negative || Positive I Negative |' Positive
Semll- Supervised ‘[: [ ‘ Classifier Layer ‘ [
eamlng EN ™ ] FN |' TP
False I True False 1 True
Negative || Positive Negative | Positive

A
TN

' FP |
' False |
' Positive :

TP |
True !
Positive |

Final predictive value

True
Negative

FN
False
Negative

Fig. 7 False prediction process

o] duht FEeHA| & L}E}‘fﬂ_‘:}. AAIgko] PositiveQ! A - =&
o] Positivezta IA &
AA =S grhd ‘2"%9}1“57(]‘5 B713H. UW“POE =gt
ANAg] =3} Btk

7o) dlofg] E+g0]

N
N
oE
N
i

il

sk5E Auto Encoderg— H]-EhQ
Auto Encoder?] tpx]at H —‘E‘—Oﬂ
ehddolETt &

Fig. 83} Zo] False Negatlve 7} 071 0] 7] C)]
BEFS ‘:'] AESIA|E gttt =3t 7|€ False Pos1t1ve4
ofA mdlo] By AE Eth2 BHFS HEsok

2 nug 0|8 A% ELaA AT

g NS

0 o
=
odk

ol
ok
8
W L

oM.
o

(<0
—

N o X

ju)
;

2

O _(>'
o m_m

)

.

° J?l
30
= ¢

ofo
i
o oy mr &

g’
I
3

o
S
rlo
o,
ot

)
w
k

rk

I?HE
{
ol
ok
N,

o

K
o
n
fifeu
=)
ofo
ok
£

o
it

4>
o
ok
oz
=
N
)
et



Journal of the Korean Society of Manufacturing Technology Engineers 31:6 (2022) 452~459

Table 3 Applicaion of defect detection analysis model

Table S Major cause factors for defective type ‘gas’

Analysis | - Unsupervised learning and self-supervised learning Factor SHAP value
technique | using Auto Encoder Average screw RPM 0.127284
Effect -Reducipg the time and cost of product quality Clamp open position 0.069465
Inspection Max back pressure 0.031705
Injection time 0.010504

Table 4 Application of cause analysis model

. | - Extracting the main causes of defects using SHAP
Analysis . . .
. - Extraction of major and related variables that affect
technique .
defect using random forest
- Prevention of defects through management of
important factors for defects
Effect . .
- Improvement of defects through the relationship
between major factors and factors affecting the defect
Confusion matrix @0.13
- 600
° 647 - 500
- 400
% 300
g
200
100
0
0 1
Predicted label
Confusion matrix
- 400
o 481
_ 300
§ 200
- 100
]
0 1
Predicted label
Fig. 8 Data confusion matrix
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U AASE WHoR 7h o] FRES siMshs WA FIITh
te] 2dl g2 TS we s 2 f(x)9 g(x)7t 2ot
£ Qg0 Yeizlel xE B3 X2 HlyolEt dga x
E& &8st TE gERY g0 7SR (coefficient)E 7HA] 2L
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Table 6 Major cause factors for defective type ‘short shot’

Factor SHAP value

Average screw RPM 0.120784

Clamp open position 0.073884

Max back pressure 0.032684

Injection time 0.008275
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Fig. 9 Data features by random forest

Table 7 Root cause analysis for defective type ‘gas’

Factor SHAP value | Related factor | Related factor
Average screw RPM| 0.127284
Clamp open position| 0.069465
Cushion Injection
position(0.997)| time(-0.982)
Max back pressure | 0.031705 tirrlj;?-l(r)l.géS)
Max Injection
speed(0.989)
Injection time 0.010504

Table 8 Root cause analysis for defective type ‘short shot’

Factor SHAP value | Related factor |Related factor
Average screw RPM| 0.120784
Clamp open position| 0.073884

Cushion Injection

position(0.996) | time(-0.974)

Max back pressure | 0.032684 poIs)ilZi)ttllif)l,ggl) timlzl(l_l(l;.lggﬂ)

Max Injection

speed(0.983)
Injection time 0.008275
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