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ule] AgE oE3lr] S AledleldE F3 SCU A Ao Hskst Tk dleole AE ek 12a
o] dHlo]E]E RNN(Recurrent Neural Network) LSTM(Long Short-Term Memory) X GRU(Gated Recurrent
Unit)®] Al 714 2ol H8sla A . AlEHe]d AFE E3l R2-score 0.9922] A3 =7 GRU7}
HA9 oS Sl AFEE 24 »ﬂ‘:} ol#4gl % 1]'— 7HEe R GRUE °]43F PdM %5 7Hdsiict. e
g FYFS AAEeR gHEE dlolHE rHke R 3F F7]9] Hlo]eE e 75s Z2EE Uk
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ABSTRACT

Recently, with the rise of smart factories, the aging of process equipment and maintenance costs are
increasing. As a result, there is an increasing need for technology to predict the lifespan of production
equipment. A brief shutdown of an automated production line can result in significant financial losses.
Therefore, equipment condition monitoring and real-time failure prediction technology are indispensable.
Productivity can be increased with PdM (Predictive Maintenance), which predicts malfunction cycles, rather
than PM (Preventive Maintenance), which repairs equipment regardless of failure. In this paper, we developed
Al (Artificial Intelligence)-based PdM technology to be applied to SCU (Shift-by-wire Control Unit) inspection
equipment. The platform developed performs real-time equipment condition prediction. In order to predict
equipment failure, a data set of voltage and frequency for SCU inspection equipment was created through
simulation. Then, this data was applied to three models: RNN (Recurrent Neural Network), LSTM (Long
Short-Term Memory), and GRU (Gated Recurrent Unit), and their performance was compared. Through the
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simulation results, the GRU model achieved optimal prediction speed and accuracy, with an R2-score of 0.992.

Based on these results, a PdM platform using GRU was developed. The developed platform has a function

that predicts daily cycle data based on real-time data input.
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