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ABSTRACT

Purpose: The purpose of this study is to propose an optimization process to improve product yield in the process
using process data. Recently, research for low—cost and high—-efficiency production in the manufacturing process
using machine learning or deep learning has continued. Therefore, this study derives major variables that affect
product defects in the manufacturing process using eXplainable Artificial Intelligence(XAI) method. After that,
the optimal range of the variables is presented to propose a methodology for improving product yield.
Methods: This study is conducted using the injection molding machine Al dataset released on the Korea Al
Manufacturing Platform(KAMP) organized by KAIST. Using the XAl-based SHAP method, major variables
affecting product defects are extracted from each process data. XGBoost and LightGBM were used as learning
algorithms, 5-6 variables are extracted as the main process variables for the injection process. Subsequently,
the optimal control range of each process variable is presented using the ICE method. Finally, the product
yield improvement methodology of this study is proposed through a validation process using Test Data.
Results: The results of this study are as follows. In the injection process data, it was confirmed that XGBoost
had an improvement defect rate of 0.21% and LightGBM had an improvement defect rate of 0.29%, which
were improved by 0.79%p and 0.71%p, respectively, compared to the existing defect rate of 1.00%.
Conclusion: This study is a case study. A research methodology was proposed in the injection process, and
it was confirmed that the product yield was improved through verification.
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Figure 1. Principle of Injection Molding
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PassOrFail Injection_Time Average_Screw_RPM | Average_Back_Pressure | Barrel_Temperature_1 | ..... Mold_Temperature_4
1 9.59 292.5 5903 2762 | ..., 27.5
1 9.60 2924 59.1 2765 | ..., 27.6
0 9.98 2924 58.8 2755 | ..., 27.6

- =

'PassOrFail’, 'Max_Screw_RPM', 'Average_Screw_RPM', 'Max_Injection_Pressure', 'Max_Switch_Over_Pressure’, 'Max_Back_Pressure’,
‘Average_Back_Pressure’, 'Barrel_Temperature_1', '‘Barrel_Temperature_2', 'Barrel_Temperature_3', 'Barrel_Temperature_4', 'Barrel_Temperature_5',
‘Barrel_Temperature_6', 'Barrel_Temperature_7', 'Hopper_Temperature', 'Mold_Temperature_3', 'Mold_Temperature_4'

Figure 5. Example Dataframe & Used Feature

Table 1. Description of Independent Variables

Independent Variable Description Unit
Max_Screw_RPM Maximum speed of screw for injection mm/s
Average_Screw_RPM Average speed of screw for injection mm/s
Max_Injection_Pressure Maximum pressure applied to the molten resin flowing into the mold MPa
Max_Switch_Over_Pressure | Pressure converted from injection to packing pressure MPa
Max_Back_Pressure Maximum pressure to prevent the screw from being pushed out MPa
Average_Back_Pressure Average pressure to prevent the screw from being pushed out MPa
Barrel_Temperature_1 °C
Barrel_Temperature_2 °C
Barrel_Temperature_3 °C
Barrel_Temperature_4 Temperature of the barrel °C
Barrel_Temperature_5 °C
Barrel_Temperature_6 °C
Barrel_Temperature_7 °C
Hopper_Temperature Temperature of the hopper °C
Mold_Temperature_3 °C

Temperature of the mold

Mold_Temperature_4 °C

‘id’, “TimeStamp’




Hong et al: Injection Process Yield Improvement Methodology Based on eXplainable Artificial Intelligence (XAl) Algorithm 61

2 Ao A ARE-3E dloJel= A4 7,84870, B2 71700]H, o] Train Data$} Test DataZ 5:5 H|&& o]
AeS Agsitt, g5 AMS-E Train Data® 745 A4 3,96470, E3F 31712 FA5W, HSol A1849 Test
Data®] 7% A4 3,95570, B 4070 = <F 1.0%«] EFES 7Ith &2 dlolge} o] Bty e HloJH R A4S
28Ye A] Ak SlFo 7 ojojx] Bl AA| e des Ak o & sty flal] SMOTE &atg]&5s ©]-&3t

SHAIEDS PP HAIEDES AT Ao 1d g HW #5219 AFE vERli= K9 #3262 A4
stglom, dd A= SMOTE ¢a1E]59] Default #Eo24] AREaR3ich. &% tlo|EHE 4 vlolE <] 7lre} 2
& 291 3964702 Z7AA HEHOE 9AH Train Datat % 7,9287]0]t},

4.2 SHAP(SHapley Additive exPlanations)

XGBoost®} LightGBM= Abg-3te] Z W<=2] Shapley Valued H+#k< 1/}5}‘44 T X += Figure 63 2t} 1

YA A ElE 4= 9% XGBoost2] 74-9- 491 6719] W47}, LightGBME] 74-%- 441 5719) ¥4V A4l $8%
9] o 70%°] SFSHnR 2 W2 AAEIL, Table 29 Pk ¥ m E%oﬂ A FARR W] Fa MR
AREoH, g Rl Ant MAFE F8 WG] Agole, A BEoA Hlad] 52 FREE HS 91T
& g,
XGBoost LightGBM
[ —— ] pRT— ]
o iperaca_Freseur [ Mot T pecature o
rrold wwpesaure + I s mrecios ez [N
wrpper_Terrgeratice [ [ g —
i _saviect_over_eressure [ NGINIG average_saresy_rev NG
sevege s 5e [N Ve Scres RPM
war_erena 251 [N ieaper_emeasavase [N
fasrel Sowpesatuse 5 [N sasnel Ternpesature: 1 [N
rrold Feempecatue 3 [N sarel Terrpesatore = [
warel_empesatuce_s [T canrel_lerperature._ 4 [
Busral Tompura » [ bt o puvaters 2 [N
e emaperatuze_ [N rarel Terperature s [
wasrel wmpesaoure_2 R sasrel_lerpesature, 2 [l
Was_Bazk Fressure: [ Faurel Ter-peaatire_ 2 [l
warel mmperatuse 4 [ Pies_ack [rsssmie [l
Barel Renperatuse T Sawrell Tarmpesature 7
3] oo aos (o s & Bl [ E Daiel s 1] LT aes LY L ELl L0 | 383
T G ﬂlu‘.ﬂrvﬁml! (aoiage ISt &7 meds! outpul ma mlmr et b AR valacB dave et impeat om rsasdel s ol mage Ladal
Figure 6. Result of SHAP
Table 2. Result of SHAP Method
XGBoost LightGBM
Feature Name Value Feature Name Value
1 Average_Back_Pressure 0.131 Average_Back_Pressure 0.169
2 Max_Injection_Pressure 0.111 Mold_Temperature_4 0.101
3 Mold_Temperature_4 0.101 Max_Injection_Pressure 0.078
4 Hopper_Temperature 0.055 Max_Switch_Over_Pressure 0.067
5 Max_Switch_Over_Pressure 0.051 Average_Screw_RPM 0.057
6 Average_Screw_RPM 0.049
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4.3 ICE(Individual Conditional Expectation)
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&Y £ Y ¥ ’
13.30 90.80 x 080 z779 x Tra, . 183.08 %
(a) Average_Back_Pressure (b) Mold_Temperature_4 14069 (¢} Max_Injection_Pressure
'R ¥
115.58 146.69 x 28.00 293.89 x
(d) Max_Switch_Over_Pressure (e) Average_Screw_RPM
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Table 3. Control Range of XGBoost

XGBoost
Feature Name Range
1 Average_Back_Pressure 59.0 < x £ 60.1 | 63.0 < x = 65.7
2 Max_Injection_Pressure 1417 < x < 142.2 | 1429 < x < 1457
3 Mold_Temperature_4 217 < x <250 | 27.3 < x < 277
4 Hopper_Temperature 65.0 < x < 68.4
5 Max_Switch_Over_Pressure 116.0 < x < 142.0
6 Average_Screw_RPM 160.0 < x < 290.0
Table 4. Control Range of LightGBM
LightGBM
Feature Name Range
1 Average_Back_Pressure 59.0 = x < 60.1
2 Mold_Temperature_4 217 < x <251 | 27.3 < x < 277
3 Max_Injection_Pressure 1417 < x < 1424 | 1429 < x < 1457
4 Max_Switch_Over_Pressure 116.0 < x < 138.0
5 Average_Screw_RPM 29.0 < x < 290.0

Table 5. Data Constructure of XGBoost

XGBoost Normal Data Abnormal Data Flow Rate(%)
Test Data 3,995 40 1.00
Validation Result 973 2 0.21
Table 6. Data Constructure of LightGBM
LightGBM Normal Data Abnormal Data Flow Rate(%)
Test Data 3,995 40 1.00
Validation Result 2,375 7 0.29
5. 2 &
& A9t XAIL 718F SHAP®} ICE 71HS AHEste] &89 8 BTE 5313, a9 Hys9] 4 Ul 14
2 5o B4 Awe] BUE P4 BHow 9 XAIE Bauls 548 N JEe) A AsEe ge A%
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