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Hyunmin Cho, Hyun Joon Shin’

Department of Management Engineering, Sangmyung University

12

lo >
riE
rO

uhE3 o] NESHE 7S5 o) A BolH BHEE T8 B HolES ses 3% el w4t
BASEI FAISHE Zlo] AAZIOE Ko, olefd Heleg ngos B A JAEYE T 4
Eeiag AEHY B W AASIA AYEE F 3679 AzzA dold 5L B

=

%0 rlr ko

e, flo
iy
2
>

=

A ot 2 = o5
AEY FEEL d&ste 242 FRE Itk F4 d5E A% doid g2 T2 AA LERIAH, 7] 719473,
A AATE HLaltt. s dlojE Al KAMP(Korea Al Manufacturing Platform)& 3] 3331 2%
FEI EFEC] tgt glolEPo] Holslth 74 ndd mEtnEE g O}O:] *3168 nﬂ7}o}§a_u1 7z BdS Hw-EA
sto] £2 452 W 29 st g £5FE 9 fl-scores &85 .2 AFolA] Akt
g2 2do] 7RkE & AR F2YS ALY AETIARRE AARE H%’JQL ‘ﬂ/ﬂ Hlol8 Al o]-§sto 34
Z27 ¥zl g FAZ S o F4 AL E oty 38 FAAA FUEE AUT S US AR
71t

Abstract When it comes to smart factories technology, the analysis, and exploration of the causes of
problems in the processes can be made in real-time, based on the myriad data gathered from
manufacturing facilities, and efficient decisions can be made based on these data. We conducted a study
to predict the quality of products through the analysis of sensor data from the plastic injection molding
process. We utilized a denoising autoencoder (DAE), long-shot memory network (LSTM), and a
convolutional neural network (CNN) to formulate deep learning models for quality prediction. The
training data set was collected through KAMP (Korea Al Manufacturing Platform) and the information
regarding defects was labeled. Performance was evaluated by different parameters for each model and
compared using two measures such as the confusion matrix and fl-score. A quality prediction system
based on deep learning models for an injection molding factory makes it possible to accurately predict
the quality according to a change in process conditions by utilizing the sensor data set gathered from
the machines. We can therefore expect an improvement in quality and reliability and a reduction of the

input manpower for process quality inspection.
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Table 1. Description on Data

Process Condition Categories
Variables 8
Temperatures Screw/Cylinder, Resin, Mold, Dry,
on Hydraulic, Circumstance
_ Filling pressure, Clamping pressure,
5 .
2| Pressure on Holding pressure, Release pressure,. Back
3 pressure(Pressure generated during
2 metering), Mold opening pressure
9
=3 . Cooling time, Holding time, Filling time,
Time on . .
§ Drying time
®
5 Injection speed, Screw rotation speed,
) Speed on Mold opening speed, Ejection(ejecting)
speed
Weighing, Release amount, Cushion
Volume on
amount
= i Good Qualit
= s v Y Y: Good quality
= ) N: Defect (Labeled)
28 Defect

4.1 HO[Ef Ho| U =X

£ Ao &89 tolE= A5A & fY AlE &
3 AxZE W A= 4F7] AA Hlolet 717 178
4, F71= 0.2 sece® FH=HI

EYHSel SEHSE ZIRE TR HeE
St WEE FEL Table 1.3 Zo] HF 4+ 9

i
Sl
Table 2. Ho[&2] £/4d& HEWAL ATt
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Table 2. Data Properties

Data Properties Unit Data Properties Unit
id - Cushion_Position mm
TimeStamp - Switch_Over_Position mm
PART_FACT_PLAN_DATE - Plasticizing_Position mm
PART_FACT_SERIAL - Clamp_Open_Position mm
Shot_Number - Max_Injection_Speed mm/s
PART_NO - Max_Screw_RPM mm/s
PART_NAME - Average_Screw_RPM mm/s
EQUIP_CD - Max_Injection_Pressure MPa
EQUIP_NAME - Max_Switch_Over_Pressure| MPa
PART_FACT_PLAN_QTY | Qty(Pcs) Max_Back_Pressure MPa
ERR_FACT_QTY Qty(Pcs) | Average_Back_Pressure | MPa
FACT_QTY Qty(Pcs) | Barrel_Temperature_1~7 ¢
Injection_Time Sec Hopper_Temperature T
Filling_Time Sec Mold_Temperature_1~12
Plasticizing_Time Sec Clamp_open_time Sec
Cycle_Time Sec P’assOrFail~ E
Clamp_Close_Time Sec

* Dependent Variable, Y(Good Quality), N(Defect)

4.2 40|y 2

Korea Al Manufacturing Platfrom(KAMP) A&
4%7] Al HolEA61E &85t AFE FHoI3ih
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3t FolEFE dHolHE &85, 349 HolE &
E 83 HolBE AAS AE CN7o it A+
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Fig. 7. Correlation by variable in product 'cn7'
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Validation SplitghZ #-835}9th. DAE, LSTM, CNN
79 o #d nES 4719 metrlE Alg H85to]
ARE XYsI, 7 2 AFEARRS Table 5.~7.
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Table 4. Parameter setting values for 3 models

nu“ | ||||_ | n L it 1 _ ' - “ Batch epoch | Validation | oo
woom W woomo @ Size Split
Fig. 8. Histogram by variable in product 'cn7’ Set 1 30 30 0.2 15
Set 2 30 60 0.3 20
Fig 7.7} Fig 8—3— Z7F & A5t &84 dlolE Y Set 3 60 60 03 30
W oA, 28 S45d o SlAETHS 1 w1 o o -
o3l Ut
Table 3. Hyperparameter setting values for 3 models Table 5 DAE Model Analysis Results
Model Set Accuracy Precision Recall F1 Score
Settings DAE LSTM CNN
1 0.9925 0.1667 0.4000 0.2353
Performance Accuracy, Precision, Recall, F1-Score 5 0.9983 1.000 0.4000 05714
Data set Plastic injection molding machine 3 0.9931 0.2308 0.6000 0.3333
Hidden Layer 3 4 0.9931 0.2308 0.6000 0.3333
Hidden Unit 5, 15
Dropout 0.3
Leaning rate 0.0001 Table 6 LSTM Model Analysis Results
Optimizer Adam
Activation . Set Accuracy Precision Recall F1-Score
Function eLU, Softmax
1 0.9977 1.000 0.2000 0.3333
Loss Function MSE 2 | 09983 1.000 0.4000 0.5714
Scaler MinMax Scaler 3 | 09977 1.000 0.2000 03333
4 0.9971 0 0 0
43 M3 2 HoSA
£ AFof A= Tensorflow, Keras 5& &-8sto] Table 7 CNN Model Analysis Results
olElE BAasT 379 Held mof ok Tefue
He Ag3la] 7+ mdElo] A%S Hlwshe o R o Set Accuracy Precision Recall F1 Score
T AFYElQity. mdlo] ALL3l flolg: SUsH A 1 0.9994 1.000 0.8000 0.8889
;'(—]{-4'8]—0:1 = 6’7367]1,] 1:-”0]]}]—%~ /\]"8‘61'93\-1_—’-, 6‘7367]1 2 1.000 1.000 1.000 1.000
9] dlo]8E Sklearn Package®] MinMaxScalerg & 3 0.9994 1.000 0.8000 0.8889
‘8‘3}0:1 Eﬂ"]"ﬂ% ;g_ﬁl_i]_é}_saq_ E‘fi:-loﬂ l:c_)_o] 5t tﬂ ]HE 4 0.9994 1.000 0.8000 0.8889
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HxZ fl-scores E&sl7|= it

wEbA] AA| AREZAol 2 CNN 7|5ke] H&3shd &
A& AAEE EART Y 7S A8, dF Y,
Adz, AL, fl-score’t E—,— 100%°ll 77+ s
= Holug AE S AE9 &FF, EFE oFE A4
Aoz Asto] 718 IIJ-E} é‘ ALANY 58S
=Y 5 Utk HEo] FEY JFE = 80 Hohf
o] AZ7|E AT & ot HAH EFEZ WE A
= Zo|t

o

28

£ d7= EAE AR 4371004 39 AA Tl
olHE HIF & AF F4| et Hloly £4& 53
stolct. 92d 71 & DAE, LSTM, CNNEZS &
Sto] AlF B gt A% 45 Aok A
Fotlet. £ dold & £4o et AwE A
A2jste] glolE Ao AMEE HlolH9] = F 6,736
7H°]‘:} 1 % 85 dlojE+ 500078019, 3 HlolE

= 7 mepE Ao wet 8=tk HE T olE
Hl &2 h5HolEY] 20%, 30%= ZF RAER X85
ot E53E0] AFgkS v g AYE (Accuracy),
U (Precision), A&&(Recall), f1 scoredtx &
]_

it
-

A#E FI1 H|wsto] ZF i aEja)e Al E2
sAOIE Hln-EASHI. HEHHE Alg H|wEA
St A3} Batch Size 30, Epoch 60, Validation Split
0.3, Patience 2022 A3t atulg set27} 7P 4
50l £2 2 ERIT 5 Ut ZAEE netu]E
set2E A-goto] BAS 435 HoS o CNNZEE
otulE Set27t 7} A0l 2 A& SR £ U
o} £ AFolA A’k ded Bl 7Rk E AT
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