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Abstract In the injection process, product quality can change depending on the internal and external
data of the injection machine, and these changes are reflected in the state of the molten resin, so it is
necessary to manage the product quality and process by extracting these data. Currently, quality control
of injection molding relies mainly on statistical methods and worker experience based on past
production data, but it is difficult to reflect complex conditions during injection molding. There is
always a possibility for mass production of defective products, so an efficient data management system
is needed. Data collection is not physically limited, but the number of companies using data is still small
because high-level analysis is required to extract meaningful information from the data collected in
terms of utilization, and to use that information at the manufacturing site. In this study, to solve the
quality problems arising from the actual injection process, we perform a correlation analysis of the
collected major-process data, and we create a defect prediction model for injection-process data using
various machine learning methods and algorithms. Through this, it is possible to minimize human error
and improve the defect rate through optimization of press-process conditions and quality prediction by

manufacturing companies.
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3.1 HI0|H M™X2|(Data Preprocessing)
3.1.1 Z=ZHMissing Value) Xz2|
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Data Collection Layer

Data Preprocessing Layer

Learning

Data Analysis Layer el e

B Data Collection

Data processing

Data analysis Result evaluation

- Main process factor infe.
- Factory environment info.

- Handling missing values
— - Handling cutliers
- Data sampling

- Analysis of each factor
- Correlation analysis
- Relevance analysis

- Evaluation of process
conditions

]
v

l

Data Labelling

Machine Learning

- Labeling the output factor

Check the result

- Accuracy analysis

- Multiple regression analysis
- Deriving optimal process

Factory environment info.

leaming
~— ]
DB _

conditions - 90% o less re-

Data reanalysis

S—

- Bad data analysis

- Defect rate management

Fig. 1. Al-based data analysis procedure

At Random)e|2tal 7Pdstal AEgks Adith 254
2] BIFH 0 24 CQI(Completeness Quality Indicator)S
F31o] A2t} Where N(u) denotes the number
of missing values, n denotes the total number of
data.

cqi = (1—N(u)/n)*x100 (1

Z+ Z¥(Column)@] AZZke] H]&o] 30% olAtold
glojel9] ed/de] EojA)7] mizol sig ZHs AAI
t}. dlojel9] AEXE EIskr] e isnull) TE A
&1L sum( ) FE oldsto] A& JE 1T T
HHY BE A¢E A3 AEA7F 10% BlgolH 2
Z3] HlolHE AMAek, 10% ol4deld 373 Q1A 3
o] opd 7} QIAke] EAE TEst g Adohe
3]# A(Regression Imputation)Z $35t] CQI7t
100%7F H=% &g AYE SHTch
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B4 5o AR 21, 53] AUAA EAL
W ol FX7F 2T 4= Sl o A|E QI W
Atol9] BHARQI TAZF = BA A4l G
)l 4 9ong AAIHYS 53 2] 5
Ak doleE At

oA ©A WO RE, HolH Ag AHEAEL
(Decision Tree) ez HH3) Fdghe E2lsk= IF
(Isolation Forest)& A-83ltth. A& 37349 dlolEl7t

=t

%

A AEolEke 7Hdstoll AgstA ZHEE A=sta,
A 4o gk kgkE Eeoke @2 HE
2 Mgt & AEAEDE AK0R EIA7|HEA
tlog #ZX9] 1Y ol wet oY E wHdth
oA A2 W o R = HHe| EEWALE o83t
99.7% o # (lv) B2 oJst FHuv)Z oVIAZ A|A
olAY diAstct. Where i denotes the mean, n

denotes the total number of data, ¢ denotes the

standard deviation.
lv=p—nXxp
ww = pu+nxp @

3.2 0| 24(Data Analysis)

dole E4E Slalol, S4, RES Felahy, W
219] BAE SIs7] FPolol BATE seleict, 94
7t 374 Q0] BAS BASIT, 7 4uUA BAS B
sfo] qlae] B9 U skt AlE BYe] BYE B4 2
2 B,

i

3.2.1 SAY I

Fig. 29} Zo] =3 dlo|g o] 2= 7, ¥, 2]
S8k, SHl 25% w S A3 25%, S it
o A 0% 1= o]Fof ol ES gRlsfof et
Result®] Ba& HH 0.79 A== FAH|E7} HWrke
2& & e FE EelETE AR ExtgdelE=
ofiEE AMgSl= Fsict. T12|al fEshAl 2 ghol
U AR el oA fle Ae Selet.

1003



Fate7|&tel=g A A23d A123, 2022

MOLD Temp  [Temp_WH OTemp_WH DTemp RM I[Press_njec OPress_njec  Temp_Fac  Humi Fac Result

count 1067000000 1057000000 1067.000000 1067.000000 1067.000000 1067.000000 1067.000000  1087.000000° 1067.000000

mean  37.71227, BT 496846208 27787002 39810020 0790438

175011246 165026992 20023482
std 481805 0590086 01e4200 3009885 9820065  '1.3GGT6 2304367 6091801 0.400608
min 32000000 174700000 164500000 198500000 135.000000 471000000 2106020 25366170 0.000000

25% 37000000 74900000 164800000 198.900000 1372000000  496.000000 26116826 34167735 1000000

50%  38.000000 *75.000000 165.000000 200.000000 376000000  500.000000 27625720  40.126180  *.000000
75% 38000000 (75100000 165.100000 200.100000 1388000000 503.000000 28298026  46.002235 000000

max 42000000 *93.3000C0 166.700000 220.800000 400000000 512000000 33303210 62853680  *.000000

Fig. 2. Data Variable Structure
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Zt ESgus 7k9] ATEH(Correlation Analysis)
5 Ao, Z+ QAL AWIAT S5 AR
(Multicollinearity) EA17F @Asict. ohg-5-4/do] &
Aohd =PHSe] FEAE FEO 274(Conditional
number)7}t 75, o= HAEsLt 39 At k&
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OLS Regression Results

Dep. Variable: Result  R-squared: 0.897
Model - OLS  Adj. R-squared: 0.896
Method: Least Squares  F-statistic® 1039.
Date: Wed. 09 Nov 2022 Prob (F-statistic): 0.00
Time: 18:25:23  Log-Likelihood: 604.35
No. Observations: 960 AIC: -1191
Of Residuals: 951 BIC: -114a7
0f Model - 8
Covariance Type: nonrobust

coef std err t P>1t] [0.025 0.975]
Intercept 6.3140 3.664 1.723 0.085 -0.877 13.505
MOLD_Temp 0.0031 0.003 0.997 0.319 -0.003 0.009
ITemp_WH 0.0025 0.007 0.371 0.71 -0.011 0.016
OTemp_tH -0.0307 0.022 -1.428 0.154 -0.073 0.012
OTemp_RM -0.0121 0.001 -8.156 0.000 -0.015 -0.009
IPress_Injec 0.0145 0.001 18.763 0.000 0.016 0.013
OPress_Injec 0.0431 0.001 67.482 0.000 0.042 0.044
Temp_Fac -0.0008 0.002 -0.354 0.724 -0.005 0.004
Humi_Fac -0.0006 0.001 -1.034 0.301 -0.002 0.001
Omnibus: 790.176  Durbin-Watson: 1.948
Prob(Omnibus) : 0.000  Jarque-Bera (JB): 11674.328
Skew: 3.715  Prob(JB): 0.00
Kurtosis: 22.664  Cond. No. 1.32e106
Notes:

[1] Standard Errors assume that the covariance matrix of the errors is correctly specified
[2] The condition number is large, 1.32e+06. This might indicate that there are
strong multicollinearity or other numerical problems.

Fig. 4. OLS Regression Results and Multicollinearity

Fig. 4°14] Cond. No.(27)E ERIsh}. o534
/do] 9lom sl FEo] "[2] The condition number
is large, 1.32e+06. This might indicate that there
are strong multicollinearity or other numerical
problems“& &Ik 4= Qlot.

tsaAde AASH] fste], Fig. 59 Zo]
VIF(Variance Inflation Factor)S &It} VIFE =
LS O E sHHsE 43393 4= UEd A
O =FA, VIF #to] 10 oldolH vty e g thgg4/gol
Ak wedie iR W] VIF= Eq. 3)1 At

1

VIF, = T ®3)
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4 Az)elet. the
Ak
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R

VIF Factor features
0 805.833010 MOLD_Temp
1 88260.416410 ITemp_WH
2 113775408996 OTemp_WH
3 5122.756179  DTemp_RM
4 87077.684402 IPress_lInjec

5 34986.874558 OPress_Injec

6 240.055077 Temp_Fac
7 37.863054 Humi_Fac
8 50.820579 Result

Fig. 5. VIF Factor
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Y oF-3414g0] ofds] EAstctd PCA(Principle
Component Analysis)E ©]-&3t 7Rz Z(Diagonal
Matrix)9] FeiE JEHQl JE£& Aot T4
AAZY}. PCAE= SVD(Singular Value Decomposition)S
Agsto] Hlolg 'FHE'S FE51L, o] FE HolH
£ o]8sto] BAS APt} Fig. 62 FFe} PCAS
A3 & tETAEE I Zolth. 24t
1.53°]a1, "[1] Standard Errors assume that the
covariance matrix of the errors is correctly
specified. "2A] thgg4/d0] AAE AL AT 5=
s

0LS Regression Results

Dep. Variable: Result R-squared: 0.585
Mode | : OLS  Adj. R-squared: 0.582
Method: Least Squares F-statistic: 238.4
Date: Tue. 08 Nov 2022 Prob (F-statistic): 7.64e-159
Time: 16:05:54  Log-Likelihood: -49.127
No. Observations: 853 AIC: 110.8
Df Residuals: 847  BIC: 138.7
Df Model : 5

Covar iance Type: nonrobust

coef std err t P>|t] [0.025 0.975]

Intercept 0.8030
principalcomponent 1 0.2181
principalcomponent2  -0.0300

.009 91.153 0.000 0.786 0.820
.006 83.427 0.000 0.201 0.226
.007 -4.259 0.000 -0.044 -0.016
.008 0.467 0.640 -0.012 0.019
.008 -3.512 0.000 -0.045 -0.013
.009 5.853 0.000 0.036 0.072

principalcomponent3 0.0037
principalcomponent4  -0.0288

0
0
0
0
0
principalcomponents  0.0539 0

Omnibus: 38.721  Durbin-Watson: 1.938
Prob(Omnibus) : 0.000 Jarque-Bera (JB): 24.831
Skew: -0.287 Prob(J8):
Kurtosis: 2.383 Cond. No. 1.46

Notes:
[1] Standard Errors assume that the covariance matrix of the errors is correctly specified.

Fig. 6. OLS Regression Results after Normalization
and PCA
324 EY o5 22
Keras package® €83t DNN(Deep Neural
Network) &2 Fig. 73} Zt}.

° .
* .
® .
.
Input :
factor e .
.
.
:
Input Layer RelU RelU RelU RelU  Softmax

Fig. 7. DNN Model

Fig. 87} 70| Sequential()> <x}F o2 AATS
F71eke S Aot} model.add()2] Dense(256)2
2y=9] L7} 2567091 AW 9Ju|ska, ‘activation’
2 24939 243t F=EA relug UEMH,
‘input_dim'-2 Y HolH 9 LE $EA 202 A4
gt 852 2 LE(YE, EFE)CIEE Dense(2)°]
1, EE3004 &2 Y gE5 Al st &
nEWA 8 ARSI 2 ok Ao, compile H
ATE SlA o5 Hlol gt &40l Basit
A7371(Optimizer)=  WAHSCREANY &3
ZH= "o & AME(Adaptive Moment Estimation)<
#-g2tth. &4 &4(loss Function)& °1 AKIER
T(binary_crossentropy) & AH&3o™, AA| ZHA
HE0 B DoF S of 22 72 7HA AL v o) A4
ol & #2 A "ot EF 240 disiA=
metrics=['accuracy'|2 A3t} 7|22 BEAE A

A

A B AR 4O 71E FSE ST 5 ek

model = Sequential()

model.add(Dense(256, activation=elu’, input_dim=20))

model.add(Dense(128, activation="relu’))

model.add(Dropout(0.5))

model.add(Dense(64, activation="relu’))

model.add(Dropout(0.5))

model.add(Dense(32, activation="relu’))

model.add(Dense(2, activation='softmax’))
model.compile(loss='(binary_crossentropy’,

optimizer="adam’, metrics=['accuracy’])

Fig. 8. Functions of the DNN Model

4. N5 24

Table 1°] A= Holy &4& it 2 &4 Hlo]
EIE HRItHI] F#8 e FHo= 7|&siier, &

A ATE AAZH.

dojg M7 9 2449 do|HE 7|9t E DNN&
ShEAI7|L A gRIght 2712 5 HolEE o]
25to] SVM(Support Vector Machine), SGBoost
(Extreme Gradient Boosting), RF(Random Forest)&
ATl Fofl, Z2e] &5 P H(Confusion Matrix)e

Foto] g wlmstet,
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Table 1. Process factors for analysis

Classification Category
Data type |Text, Number
Data Approximately 1400 numerical data of injection
Properties  [molding equipment
Data -~
X 1. PLC, Temperature and Humidity sensor
collection 2. Receive cycle: By Lot, Every 20 seconds
method ’ yele: By Lot v
IMold surface temperature | °C | MOLD_Temp
[nput temperature to the oC [Temp_WH
water heater
Output t at t
utput temperature to oC | OTemp WH
the water heater
the drying temperature o
Main of the raw material c DTemp_RM
Parameters i, .t pressure to the kgf/ .
L R 5 | [Press_Injec
injection device cm?
Output to th kgf/
A upu pressgre o the 8 5 | OPress_Injec
linjection device cm
[Temperature in the factory °C Temp_Fac
Humidity in the factory g/m?| Humi_Fac

FEI EFEY B ZAHE iAo Hstel E=3
H(Confusion Matrix)< o]&3ttt E=gHoA AR
Sh= 39 X oo} k. of7|A], TP(True Positive)=
AR FEE FEOZ A3 AL, FP(False Positive)

L AA EFES YEOZ =3 AL, FN(False
Negative)= Xﬂ FES EFEOE &3 AL 9y
3i},
- A& % (Accuracy): FA| dlole F AAGI o=
ol ZZ ATt AASH: HEEA
TN+ TP ok,
TN+ FP+ FN+ TP
- Y% (Precision)s ¥ROZ &3 HS T A4
2 B HREA Lol & o]
duht Hesrhg g3l
- A&E&Recal)> A FEQ A FollA FEO=
P

R E ELRNEEYY olet. 44 4

tho] Hlge =H3lc}
- F1 H2x(Score)= AUES} AAL0] ZsjgFgoz

Precision <X Recall

2X Brocial ok BF FUa el

Precision+ Recall
stet. ghol 19 24

Yolet 2#do] 2 1 A
4% 945 mdoltt.

TP+ FN

Fig. 82 DNN ZE@-& -8slo] FE3 EFES I
=31 AFolt}. 7|4 supports ZF 2FA(FE(1), EF

FO)) A4 A2 Aroltt. Bote, JUE, ABEe

0.92 ~ 1.0 Afo]9] gh& 7HAH, FUE7t 1.0012k= 9
uli= FP7} 0ok wlolal, Ajd&o] 1.0012h= 9
U= ENoJ 0zdofke <jvlolt.

AUES UL Az wedd Aued, 25 4
A7t %3, FESA 947 5L Arlait W
HE@BR)S S £1, AVR(IAD)] ek ol

A= 59,}0] El_g_ ﬁEJ,lro]q— Flg 8J,]. 71—0] DNN«] ;Hm
T FE 100%, E5F 98%, IS UE 2%, &
FE 100%, F1 A5 FE 96%, EFE 99%2A4, 7
Yo}t fELo] &1, AY #55H S & & Atk

precision recal | fil-score  support

0 1.00 0.92 0.6 62

1 0.98 1.00 0.¢9 259

accuracy 0.¢8 321
macro avg 0.99 0.96 0.¢7 321
weighted avg 0.98 0.98 0.8 321

Fig. 9. Statistics by Class Variables of DNN

Table 2 ~ Table 5= AA|E Hlo|HE 7|5t & Al
E4& 283 Aot} 321719] HloJe|2 Bretd L
DNN9| A%, Ag%=, AEE 5 ofz] B7HARIA
SVM, RF, XGBoost Rt} 9351 A3 HOlc}

Table 2. Confusion Matrix in DNN

assificati Prediction
Classification s00d bad
good 259 0
Reality
bad 5 57

Table 3. Confusion Matrix in SVM

Classification Prediction
good bad
Reality good 252 7
bad 15 47

Table 4. Confusion Matrix in RF

Prediction
Classification
good bad
d 256
Reality 800 > 5
bad 8 54
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Table 5. Confusion Matrix in SGBoost

Prediction

Classification

good bad

good 256

Reality

bad 11 51

6. 28

A AAA R Axd2 BAE vl doo] AXA &
TEIL o, FAlO] AlES] A= A7t 3 T2
£ =0T AlEL 74 vl Aol et 71
A& ALHNA oA Aot wEpA Az drte] 2
AA olv] a8dE 250 e A AAIE & 94 H
AE}SHoF Sk HA|] FEs] Sk & AFoM= A
o] F4, Al digt old A% A Al B
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