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ABSTRACT

In most industrial plants, electric motors are the essential devices that serve the
manufacturing process to run continuously. The losses in the process may arise in case of
premature failures in the motors before the replacement schedule. The former research revealed
that the cost for predictive maintenance was significantly lower than preventive maintenance. In
addition, effectively predicting the replacement intervals can be performed using the LSTM deep
learning technique.

Therefore, this work proposes a web-based system for predicting the remaining useful
lifetime (RUL) of electric motors using the LSTM deep learning technique. Once users upload the
sensor logs into our system, our model classifies whether the devices will malfunction or work
flawlessly during a given period. As result, the appropriate action plans can be prepared.
Experiments on a public dataset show that our model obtains high accuracy in a short period of
RUL. Contrastingly for the dataset with a long period of RUL, less accuracy is produced. Thus,
the combination of prediction results and preventive maintenance plans may reduce costs and

sustain the manufacturing process.

Keywords: Predictive Maintenance, Deep Learning, RUL (Remain Useful Life), Electrical Motor
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