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ABSTRACT

Purpose: The improvement of yield and quality in product manufacturing is crucial from the perspective of
process management. Controlling key variables within the process is essential for enhancing the quality of
the produced items. In this study, we aim to identify key variables influencing product defects and facilitate
quality enhancement in CNC machining process using SHAP(SHapley Additive exPlanations)

Methods: Firstly, we conduct model training using boosting algorithm-based models such as AdaBoost, GBM,
XGBoost, LightGBM, and CatBoost. The CNC machining process data is divided into training data and test
data at a ratio 9:1 for model training and test experiments. Subsequently, we select a model with excellent
Accuracy and Fl-score performance and apply SHAP to extract variables influencing defects in the CNC
machining process.

Results: By comparing the performances of different models, the selected CatBoost model demonstrated an
Accuracy of 97% and an Fl-score of 95%. Using Shapley Value, we extract key variables that positively
of negatively impact the dependent variable(good/defective product). We identify variables with relatively
low importance, suggesting variables that should be prioritized for management.

Conclusion: The extraction of key variables using SHAP provides explanatory power distinct from traditional
machine learning techniques. This study holds significance in identifying key variables that should be priori-
tized for management in CNC machining process. It is expected to contribute to enhancing the production

quality of the CNC machining process.

Key Words: CNC Machining Process, Defect Prediction, Variable Impact Analysis, Machine Learning,
SHAP
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2.1 497k A5AS

XAl(eXplainable Artificial Intelligence, A% 7153k Q1 FA]5)= HAZGoU Hed Zde] Azt gl &

AZ AFE 4+ A 71oIthArrieta et al, 2020). XAIE Ale] 4% 9218 517 ola|E 4 YL Ateol, o
= N %

FE & 5 §lo] BAVF AR 71E AlY] S S5 = & -] Ak T o] FAAA A 71,
EFE 44 59 7dadsE 47 A8 TA A A0 G| o]Fofx]an tkHong, et al., 2023). Nahm

2.1.1 SHAP(Shapley Additive exPlanations)

SHAP(SHapley Additive exPlanations)s= Al¢lo] &l 71¥t3k 7|H o g W 7 SYAS
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o] TheFg Aol 249 5 Q& 71Wolth SHAPOA A% Shapley Value® 7F S @57} F40 0] 14
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3. 7

2 =79 A3 WHE F 4=, Xﬂl‘:}ﬁ]* oy 43 9 AA, A2t 9 &5, A3t XY e
Ha, A4GAE T8 B FE22 ]W(Flgure 1. "loJel =3 2 AAZE 9 H OL%X T TAaHA Ax EH
o| A Al&3= Open Al Hlo]E] Al 25811, Bag vuk duEES 3eate] nd 349 s

3.1 Collecting and

3.2 Training
Preprocessing Data

3.3 Comparison of
Classification Models

3.4 Extracting
Model's Performance

Variables using SHAP

!

Figure 1. Methodology Process

3.1 glojg 3 3 AR

Table 1. Independent variables of CNC process data
Independent variable Unit Independent variable Unit
X_ActualPosition mm Z_ActualVelocity mm/s
X_ActualVelocity mm/s Z_ActualAcceleration mm/s/s
X_ActualAcceleration mm/s/s Z_SetPosition mm
X_SetPosition mm Z_SetVelocity mm/s
X_SetVelocity mm/s 7_SetAcceleration mm/s/s
X_SetAcceleration mm/s/s 7_CurrentFeedback A
X_CurrentFeedback A Z_DCBusVoltage \Y
X_DCBusVoltage \Y 7_OutputCurrent A
X_OutputCurrent A Z_OutputVoltage \Y%
X_OutputVoltage \Y 7_OutputPower kw
X_OutputPower kw S_ActualPosition mm
Y_ActualPosition mm S_ActualVelocity mm/s
Y_ActualVelocity mm/s S_ActualAcceleration mm/s/s
Y_ActualAcceleration mm/s/s S_SetPosition mm
Y_SetPosition mm S_SetVelocity mm/s
Y_SetVelocity mm/s S_SetAcceleration mm/s/s
Y_SetAcceleration mm/s/s S_CurrentFeedback A
Y_CurrentFeedback A S_DCBusVoltage \Y
Y_DCBusVoltage v S_OutputCurrent A
Y_OutputCurrent A S_OutputVoltage \Y%
Y_OutputVoltage \Y S_OutputPower kw
Y_OutputPower kw S_Systemlnertia kg*m”™2
7_ActualPosition mm
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B =10 KAISTOA ATt AF3AS 22 A2 ZPEKAMP)Y CNCHAL Al doEAMS Al&sich
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3.2 2 3%
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7FeAE 249 o] AAS FE ofd WA S5 ATt vy @AY S Aol FEE mAA Hrh webA
Sho] A= B AAA A HolH e 7A7E Frkete] O R g S E S 2tE ¢ A Ak & AT
d|A= AdaBoost, GBM, XGBoost, LightGBM, CatBoost & 57HA] 28 dugFE 7|ute] ndlS A}8-5lo] gy

3.2.1 AdaBoost
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3.2.3 XGBoost

XGBoost(eXtreme Gradient Boosting) ¥¢al2]&2 7= (Kaggle) 5 T3 dlolE] £4 tig]olA Hold A4
S AFE dugFes, 2 43 Holy oF 2dg #8851 ) XGBooste BE 418]E(Greedy algo-
rithm)& AREsle] Ulo] AgE todst Rdse 45s BHgshs 7AE 948t (Chen and Guestrin,
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3.2.5 CatBoost

CatBoost¥ XGBooste} F-A8H level-wise WA 0& Eg]E R A= dug|Zo|t) o] SugEe o= &
= wEa, E4¥3 golgd e E & o= H%S Hol: EAS JHa ?}E}(Prokhorenkova et al.
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jas)

H& 2, True® o|5¢ 237}t drpt 82 & g<1ed 4= 9t Recall& AA| Truedl HlolHE True® o5
]%i A Trued drid 2 d538=A45 & 4 Atk Fl-scorei= Precision?} Recall& &Alol 12{3}H7]
W 0 2 Precision?} Recall?] #3102 Ao)dt} Fl-score 03} 14}o] gho & 10 7p&s 7
E]r% 1S ou)git), B =Fo M= Accuracy®t Fl-scoreZ 7|02 2dlS MA3CHTable 2).
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Table 2. Confusion Matrix and Evaluation Metrics

TP+ TN
TP+ TN+ FP+FN
P
TP+ FP
P
TP+ FN
Precision™® Recall
Precision + Recall

Actual Accuracy =

True False Precision =

True True Positive(TP) False Positive(FP) Recall =

Predicted
False False Negative(FN) True Negative(TN) Fl-score = 2 X
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Table 3. Example of CNC Machining Process Data & Used Feature

Index | Pass Or Fail(Y) | X_Actual Position(X1) | X_Actual_Acceleration(X2) | =~ " | S_Output_Voltage(X45)
1 0 202 4 o 6.96e-07
2 0 200 -13.8 o -5.27e-07
32,048 1 163 1.9 T 0.158

12 29 o

AT HHE FAo A AFE BEF ofFo JeS nAE UAE A AR, FHASTT AE FF
ooy, OFE 42 BFdsle B 2 ARt 2d sh4S Q) Ry dugE uk B 2dS ALeE)
gom A8+ 71H-& AdaBoost, GBM, XGBoost, LightGBM, CatBoost® & 571o]t}, A8 dagjZo)z o4t
E 7Y F sE, 2710 ot e571E AAstY 92k A YA A 515 vtes dagSoltt
o]d Rdlo] QEFA A 1 £ /IFAE Fodle] e&EFo| IFEte] o8 ¢ & AT F = Bdo] HEF
FAS Ut B =R Fay dagE 7] 58 AAste] skl AREghth ndl 852 98] sy,
A% doly H&S 912 o] A4S Hagit) Bdl g5l ALEH 355 tlo|El& 28,8437, Al AMEH A
= I

4,3 29 A% Bl

Table 4. Comparison of model’s performance

Accuracy Precision Recall Fl-score
AdaBoost 0.93 0.88 0.89 0.89
GBM 0.95 0.91 0.91 0.91
XGBoost 0.97 0.93 0.95 0.94
LightGBM 0.97 0.93 0.95 0.94
CatBoost 0.97 0.93 0.96 0.95

AdaBoost, GBM. XGBoost, LightGBM, CatBoost E€ Als Ay Table 49 2t} Accuracy® 2%
CatBoost7} 0.97= 7 52& 455 HR13L, Precision?} Recall?] %3} H39l Fl-score®] 4% CatBoost7}
095% 714 5& A% walth A% vla Aol weh Fo 0F $EE 918 SHAP 7ol AHgE 2R
CatBoostE AAsto] d3e Wyt

o
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2 zh= M4=9] ‘41. S_DCBusVoltage'&= CNC
o] A Mekel ‘43, S_OutputVoltage ¢} &zl 7| A9 4=
29

9. X_OutputCurrent -
37. 5 SetPosition

41. 5 DCBusVoltage
20. Y_OutputCurrent -
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