Journal of the Korea Institute of Information and
Communication Engineering

5125 HEAIBS| =2 X| Vol 25, No, 6: 749~756, Jun, 2021

The methods to improve the performance of predictive model using machine
learning for the quality properties of products

Jong Hoon Kim' - Hayoung Oh*"

'Graduate Student, Applied Data Science, Sungkyunkwan University, Seoul, 03063 Korea
¥ Associate professor, College of Computing & Informatics, Sungkyunkwan University, Seoul, 03063 Korea

2 o

Az BAFA ol Rt A E B8l AAIEe = oF2 o HlolE 7} tlofeH o] 2o SA =1L gt o]2} FHA
AR Ao A oIl ol 36 o] ASH I A AT e A T A o] 2]
E|HA] 42} AL AP & grolstar Qlth. 1 = ol| A= o] g Al 2 A o] S5l uhet FA S = AR A|
Fo) EAEAS oS ok WAl Lulo] g Faels WS AT B ALY malel Asg el
QJutz o 2 ALR-E = ME g7)9] =7}, Hyper-Parameter_J 2| A 3} 9 A3 S Ao guE AZES) 1
2] 3L, A 22 s S AAISEL, 1 aTE HE o) =2ol A AR S S A AR YollA= Bl
P A 0] o] SR A S 75, 0|2} pelo] 27 olub T 4 9L Aol

ABSTRACT

Thanks to PLC and IoT Sensor, huge amounts of data has been accumulated onto the companies’ databases. Machine
Learning Algorithms for the predictive model with good performance have been widely utilized in the manufacturing
process. We present how to improve the performance of machine learning predictive models. To improve the performance
of the predictive model, typical techniques such as increasing the sample size, optimizing the hyper parameters for the
algorithm, and selecting a proper machine learning algorithm for the predictive model would be shown. We suggest some
new ways to make the model performance much better. With the proposed methods, we can build a better predictive
model for predicting and controlling product qualities and save incredibly large amount of quality failure cost.
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Table. 1 Tasks of Past Studies

Task Goal Model

Random Forest,
DNN

The Deformation

Regression Prediction[5]

Sillicon Wafer
Micro-Cracks
Prediction[6]

Classification SVM

Surface Defect

Prediction[7] KNN

Classification

Hot Deformation

Prediction[8] DNN, SVM

Regression

Logistic Regression
SVM, DNN,
Random Forest

Fine Dust PM10

Classification Prediction [9]

Fruit Size

Regression Prediction[10]

Linear Regression
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2.1, Linear Regression Model
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Fig. 1 Bagging : Random Forest Algorithm

2.3, SVM(Support Vector Machine)
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Fig. 2 SVM(Support Vector Machine)

2.4, KNN(K-Nearest Neighbors)
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Fig. 3 KNN(K-Nearest Neighbors)

2.5, DNN(Deep Neural Networks)
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Fig. 4 DNN(Deep Neural Networks)
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Continuous Type | Categorical Type
Sample Size (n)
Tested 237 237
Samples Matched 193 200
to True
Accuracy 81.4% 84.4%
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