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This study introduces a novel approach for identifying potential failure risks in missile manufacturing by leveraging Quality
Inspection Management (QIM) data to address the challenges presented by a dataset comprising 666 variables and data imbalances.
The utilization of the SMOTE for data augmentation and Lasso Regression for dimensionality reduction, followed by the application
of a Random Forest model, results in a 99.40% accuracy rate in classifying missiles with a high likelihood of failure. Such
measures enable the preemptive identification of missiles at a heightened risk of failure, thereby mitigating the risk of field
failures and enhancing missile life. The integration of Lasso Regression and Random Forest is employed to pinpoint critical
variables and test items that significantly impact failure, with a particular emphasis on variables related to performance and con-
nection resistance. Moreover, the research highlights the potential for broadening the scope of data-driven decision-making within
quality control systems, including the refinement of maintenance strategies and the adjustment of control limits for essential test

items.
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ltem Case Study Author Year
Gas Pressure Failures in pressure regulators were classified using Gradient Boosting after data augmentation with | Seo et al. 2020
Regulator SMOTE, achieving the highest accuracy of 99.97%. [19]
Vibration data from solenoid pumps were analyzed with Spearman's test for dimension reduction and| Kim et al.
Pump . . . .
classified for failures using a multilayer perceptron. [10]
Bearin The imbalance data problem in bearings was solved and failures were classified using the proposed| Wei et al. 2001
£ oversampling method SCOTE and Multi-Class LS-SVM. [23]
Thermal Power |In a thermal power plant, 20 features obtained were reduced using the fastICA algorithm, and failures | Chae et al.
Plant were classified through control charts. [2]
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Silica Concentrate | . . . . :
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Laminated Failure in laminated composite specimens was classified using deep learning models after data| Kim et al.
Composite Material | augmentation through state space models with chop input and response signals. [11]
Injection Molding | From 98 features, 32 were selected using the Stepwise technique through linear regression, and failures Si et al.
Machine in injection molding machines were classified using the proposed adversarial generation method. [21]
2023
. The mixup algorithm was used to balance the ratio of normal and failure data in electric motors, and | Choi et al.
Electric Motor . . .
failures were classified using CNN. [5]
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<Figure 2> Comparison of Undersampling and Oversampling
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3.2.2 Lasso Regression[22]
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<Table 3> Results of the Test

KS Test Mann-Whitney U Test
Test Item P-value Test Item P-value
X1 0.6918 X1 0.6045
X2 0.3761 X2 0.9259
X666 0.9616 X666 0.9971
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<Figure 4> Cgm.parison of I_-listogrgms between_NorrpaI iiéé:?ﬁi Eﬂ i]%j;;;}]iqEliiyltifaiﬁjl
Missiles and Guided Missiles that Will Fail 0w Al T =20 e = = L= S
) 98 BE WEE U W9 vz 2Yshe Yt
4.2 Ho|E| M2 % Min-Max Scaling #-&-8}3lr}. Aarsh= 4 (8)3 &
of waakglon, 666709 M F AZgto]l EAFAL
B Ao HE A5 ZHA dolEHE Btsle AlRe  EE 49 o] 543 A4S T WMEE AAs ey
NES ST Zes 7 BEFS ol mnd Py dolHe Auy R B ARG w0k AXe A3,
o] SMOTE 7S Z&ato] onAZgS Agalgny. 646712 WollA] 20717 A AE ] 646707} = ULt
oW AEY B Holezt 7|E AR dolee R¥E @
w2 =4 34%8}71 e FAA AA B %EEE_E- g Xini—Min(Xp) ®)
221 2% Z(Kolmogorov-Smirnov, KS) HIAES} TLIFE max(x,; )—min(xp, )



36 Ye—Eun Jeong - Kihyun Kim - Seong—Mok Kim - Youn-Ho Lee - Ji-Won Kim - Hwa-Young Yong - Jae—=Woo Jung - Jung—Won Park - Yong Soo Kim
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<Table 4> Dimensionality Reduction Results
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<Table 5> PCA Principal Component {Table 6> Confusion Matrix
Dimension| X1 X2 X3 X646 Actual
1 -0.0089 | -0.0053 | -0.0094 -0.0055 Positive Negative
2 -0.052 -0.0367 -0.0263 0.0033 Predicted Positive True Positive False Positive
reaicte
3 -0.035 -0.0445 -0.0438 0.0069 Negative False Negative True Negative
66 0.0278 | 0.0386 | 0.0213 -0.0104 Accuracy @ Edlo] &ul27] BE3 =] ngR 7
ATy,
44 J|Aets RHE
TP+TN
_ . Accuracy=———————— 9)
437014 o2 718 Fa) AL F28 dolHE 24 TP+FP+FN+IN
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= 3 i“ lme AY B WFEel M 9= A <Table 8> Variable Importance for Classification Criteria
oA EEstaAl st
Ranking | Importance | Test ltem Number Test Item
- = Exploration
46 3H 2y MH ! 0.0866 X633 performance
Launch
M 5 WS AY e g e | 0 | MY o procedure
I, 7 H g2 A B fARE =2 A5S HolB=® 3 0.04139 X246 Con_n;ection
AR WS vlole] Aol golg W A o) walg e
HE ndz AAs A s wghd] B AT b Connection
A 7Y F 7ME =& A45S K2 Lasso Regression- 88 0.00045 X133 resistance
g
<Table 7> Experimental Results
Classification Model
Model Dimension Random Forest XGBoost Gradient Boosting |Logistic Regression KNN
Accuracy |F1-Score| Accuracy |F1-Score| Accuracy |F1-Score| Accuracy [F1-Score| Accuracy |F1-Score
Original 646 0.9552 | 0.9565 | 0.9641 0.9639 | 0.9696 | 0.9705 | 0.9279 | 0.9348 | 0.5808 | 0.7059
PCA 66 09970 | 09970 | 09970 | 09969 | 09850 | 09846 | 09369 | 09422 | 0.6824 | 0.7618
e;erztc‘gzn LDA 1 09338 | 09405 | 09338 | 09405 | 09338 | 09405 | 09189 | 09278 | 09104 | 09166
SVD 300 09970 | 09970 | 09970 | 09969 | 09730 | 09732 | 09279 | 09348 | 0.5808 | 0.7059
RFE 30 0.9850 | 09845 | 09580 | 09584 | 09462 | 09508 | 09069 | 09133 | 0.8799 | 0.8965
Feature | Lasso 88 0.9940 | 09937 | 09491 | 09506 | 09699 | 09714 | 09729 | 09741 | 0.7766 | 0.8238
selection | Regression
Elastic Net| 311 09880 | 09874 | 09696 | 09705 | 09641 | 09661 | 09549 | 09578 | 0.6060 | 0.7173
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