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Abstract This study proposed an analysis framework for real-time prediction of CNC processing
defects using machine learning-based models that are recently attracting attention as processing
defect prediction methods, and applied it to CNC machines. Analysis shows that the XGBoost,
CatBoost, and LightGBM models have the same best accuracy, precision, recall, F1 score, and AUC,
of which the LightGBM model took the shortest execution time. This short run time has practical
advantages such as reducing actual system deployment costs, reducing the probability of CNC
machine damage due to rapid prediction of defects, and increasing overall CNC machine
utilization, confirming that the LightGBM model is the most effective machine learning model for
CNC machines with only basic sensors installed. In addition, it was confirmed that classification
performance was maximized when an ensemble model consisting of LightGBM, ExtraTrees,
k-Nearest Neighbors, and logistic regression models was applied in situations where there are no
restrictions on execution time and computing power.
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Fig. 1. Proposed Analytical Procedure
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Table 1. Confusion Matrix

Predicted Value
Negative (-) Positive (+)
Negative (<) TN (True FP (False
Actual 9 Negative) Positive)
Value " FN( False TP (True
Positive (+) Negative) Positive)
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Alzto] 714 A2 LightGBM Y Extra Trees HEEO|
AHE wdof ZGE QY =rFFog 9o & ndit
25 dE7t Aolet k-J2y ol %, EXAYH 3 Hd
o] =YLt (SVM ZdL 498 A A|7F EA|=Z 1]
s} U) g AME HEo] A Byl Ayl BE A=
A7 5ot ot 48 AF AlZto] IA ket A
= YET
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Table 2. Evaluation Results

. F1 time
Accuracy | Precision| Recall Score AUC (s60)

XGBoost 0.97 0.97 0.97 0.97 0.96 2.24

CatBoost 0.97 0.97 0.97 0.97 0.96 12.98

LightGBM 0.97 0.97 0.97 0.97 0.96 0.71

Random 096 | 096 | 096 | 096 | 096 | 3.85
Forest
Extra Trees | 0.96 | 0.96 | 096 | 096 | 096 | 1.90
SVM 080 | 079 | 080 | 079 | 072 | 4734
k=Nearest | a7 | 087 | 087 | 086 | 080 | 3.93
Neighbor
Logistic | 25 | 072 | 073 | 072 | 064 | 042
Regression

Ensemble 0.98 0.98 0.98 0.98 0.97 7.91

E3H B3] S vAE B WLEY AUE F
9% E LightGBM RE& EA3t Ay}, Table 33 &
Ol 2HEY AR 9A], AUEY & FF &L, xF

=9 A% 2UE9 AA &k, £ AA A &
o7 E7F d&o] JFL vAE AL Ilsioit

Table 3. Feature Importances

Feature Name Importance
Actual Position of Spindle 428
Current Feedrate of Spindle 216
Output Current of x Axis 163
Actual Velocity of Spindle 138
Actual Position of z Axis 17
Output Current of Y Axis 115
Output Current of Spindle 108
Set Acceleration of Spindle 102
Actual Position of x Axis 98
Actual Position of y Axis 98

4. 28

2 AdFe 2 7R B OS WHoRE FEy
A= HAHY 74k 29 % XGBoost, CatBoost,
LightGBM, :E EHAE Extra Trees, SVM, k-F|Z
A ol%, EXAY 3 2dZ A-8sto] CNC 7Hs &
A& EF AFRE dSsieich HAled 24 7+ 4
T, Ade, AFE, F1 A4, AUC 3, &8 A9 A7t

< v w3t A3} XGBoost, CatBoost, LightGBM 2&
o] 1:._01 0],7." 7].;(} O 25} ;HQLE(O 97) X%\:ﬂ E(O 97)
A&E0.97), F1 H40.97), AUC(0.96) = H3
H, o] & LightGBM Z&o] &8 A3 A[7to] 0.71%
& 7P BE A oE UEyTh olEtt F2 428 AY
AT A AL 5 Bl A HE B a5 o
£ CNC AH] m &E 74, A48 CNC E8F
371 59 AFE A¥S 7HAERE LightGBM Edo]
CNC 7hs SAIES £F o7 a5 7P anpzog
e 3 A8 AY AIRF 2 HRE o9 Aok
o] gl&= A¥oA+= LightGBM, Extra Trees, k-Z
7 ol%, EAAE I KPR FTHH HE L=
gL 49 &5 4ol HdskEs gRlskeinh

SHAYE 2 Ao A= ol ZE O A wiZo] &
4 CNC Zdo] X" AAEY Agte 717H6Y) W
tloERhs 40 o-&5t3l7] W A+ dxe] o
Hksto] RHAIZF EA5tH, FF Aol A= TFet CNC
g 9 AAZEE F7)7E 4% ol E ol & 4
9 Hr} gubzoly Awek CNC 78 £ & g
9] e} olE B3 HEE EFF dS0] 7T AL
wE
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