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Current Solution Implemented By Micron
Currently, to extract useful sensors
from the pool of sensors, Micron
employees are tasked to manually
sieve out these sensors by
identifying a saw-tooth trend in
those sensors.

Problem Background
There are 12 tools in FAB10W each having nearly 200 sensors
measuring different performance indicators:
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Problem Description

To develop an efficient and effective
methodology to extract relevant sensors
and predict sensor values to be used for
Predictive Maintenance of tools.
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could be monitored by the sensors to provide a
more holistic prediction model
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