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Analysis of Defective Causes in Real Time and Prediction of
Facility Replacement Cycle based on Big Data
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Abstract Along with the recent fourth industrial revolution, the world's manufacturing powerhouses are
pushing for national strategies to revive the sluggish manufacturing industry. Moon Jae-in, the
government is in accordance with the trend, called ‘advancement of science and technology is leading
the fourth round of the Industrial Revolution’ strategy. Intelligent information technology such as IoT,
Cloud, Big Data, Mobile, and Al, which are key technologies that lead the fourth industrial revolution,
is promoting the emergence of new industries such as robots and 3D printing and the smarting of
existing major manufacturing industries. Advances in technologies such as smart factories have enabled
IoT-based sensing technology to measure various data that could not be collected before, and data
generated by each process has also exploded. Thus, this paper uses data generators to generate virtual
data that can occur in smart factories, and uses them to analyze the cause of the defect in real time

and to predict the replacement cycle of the facility.
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Table 4. Data Generation Conditions - Pressure
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901~1000 50%
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Fig. 11. C Process Average, Standard Deviation, and
Variance for each cluster
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OLS Resiression Results
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Fig. 17. OLS regression results table on Process A
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