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ABSTRACT

In our daily life, artificial intelligence performs simple and complicated tasks like us, including operating
mobile phones and working at homes and workplaces. Artificial intelligence is used in industrial technology
for diagnosing various types of equipment using the machine learning technology. This study presents a fault
mode effect analysis (FMEA) of start motors using machine learning and big data. Through multiple data
collection, we observed that the primary failure of the start motor was caused by the melting of the magnetic
switch inside the start motor causing it to fail. Long-short-term memory (LSTM) was used to diagnose the
condition of the magnetic locations, and synthetic data were generated using the synthetic minority
oversampling technique (SMOTE). This technique has the advantage of increasing the data accuracy. LSTM
can also predict a start motor failure.

Keywords: Start Motor(2~EtE 2E), Machine Learning(H212{'d), Failure Prognostics(ZL &0 X|), Failure Mode
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e & 4 50°] RPN(Risk Priority Number)©] 7} Fig. 1 Photos of before and after failure of start motor

Table 1 FMEA results of Start Motor

Part name Function Failure mode | Cause of failure |Occurrence| Severity | Detection| RPN
Mag'netlc Connects the start motor] Coil melts Defenoratlon, g 5 g 320
Switch to the flywheel electrical overload
Dri i c D
Pinion Gear & rive connection Grinding sound a@ged duc? 'to
. between starter motor abrasion on pinion 3 4 4 48
Ring Gear at start a car .
and flywheel gear and ring gear

Broken cable Short circuit due to
Cable  [External power supply due to short 3 5 4 60

.. agin
circult ging

Main power and battery] Motor Failure Electric sparks due

B Terminal .
charging to repeated contact

3 7 6 126
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Fig. 3 Choosing the right data for data analysis
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HA forget gate layer(f,)= ©1% GAle A Je] 7hs
dupt o] gata HEA] AAZITE 094 14to]9] =9
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o 7] A, W, weight for the forget gate
h,_, : output of the previous LSTM block
x, : input at current timestamp

by : bias of forget gate
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