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Company Information Problem Descriptio

Micron Semiconductor Asia is a semiconductor company that specializes in Current tool maintenance is based on a fixed schedule. There are signs of degradation of machine parts but
developing and manufacturing memory and storage products commonly used in are not change out promptly leading to unplanned downtime.

computers, data centres, as well as the automotive and healthcare industries.

. . . . o Predictive Maintenance (PdM) of machine tool parts has to be conducted to identify information that can
Micron produces a rich portfolio of highly efficient DRAM, NAND, and NOR predict the useful lifespan and trigger pre-emptive replacement or delay the change if the part can last longer

memory storage products. Their Singapore plants focus on NAND products. than currently planned.

. . . . Our group was assigned 2 machine tools that make up our 2 use cases. Analysis had to be conducted to
We were working with the Data Science department. The goal of the department is determine the variables affecting Remaining Useful Life (RUL).

to use data science methods to increase overall productivity and cost optimisation.
Problem Impacts Objectives Key Skillsets
1. Programming - Python language that enables:

- Lead to unplanned downtime due to tool part replacement To develop predictive models for both use cases by a.Data Analysis - Data cleaning, feature engineering, data

. Lead to unnecessary opportunity costs due to early using machine learning and data analysis to maximize visualization.
replacement the useful lifespan for the machine tool parts, and b.Machine Learning - Comparison of different techniques
« Lead to deviation from the optimal performance of the recommend an optimal useful lifespan for each of the 2 using different metrics. _ .
machine sets of machine tools assigned. 2.Project Management - Liaising with stakeholders with

different needs.

Methodology
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Data Collection Feature Generation/Selection  Train & Test Models Model Validation Results Analysis Reccomendations
Data Pre-Processing (Use Case 1) Prediction Model (Use Case 1)
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Use Case 2 _
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maintenance dates

prediction modelling

@ Benefits

Recommendations

Future Directions

-

. Delay the replacement change period of the - Constant monitoring of 2 use cases has to

« Reduction in downtime of machine tools

tool part in Use Case 1 by 2 months which is be conducted to further improve model.

resulting 1n increased machine availability.

the threshold for healthy temperature - More prediction can be made if other tool

- Reduction of unnecessary machine part

fluctuations. parts have failure data.

replacements.

. Continue monitoring the temperature daily . Prediction model still to be developed for

. Increased fabrication machine performance

using prediction algorithm, prompting T+3 Use Case 2 (1in the coming weeks).

. . and efficiency. .
days in advance for the filter change. . J , - PdM can be applied across other use cases
: . Saves maintenance costs and opportunity : :
- Prompt T+4 days in advance for the tool part provided further datasets are given.
costs for replacement for company.

change in Use Case 2.




