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WIP-forecasting Case study results

Short-term WIP forecasting is referred to as a prediction of Three equipment groups, referred to as Cap L, Cap W and Cap
Work-In-Process (WIP) lots at an equipment group in 48 hours E, are useq for thls.fab case study. The performance is bench-
at NXP's Nijmegen front-end fab. Front-end semiconductor fabs marked with statistical (SES) and simulation models (ASAP). The
are high-volume high-mix job shop environments with complex LSTM mpdels _48-hour ahead WIP forecasts for the second half
production dynamics. This makes planning and scheduling no of 2023 is depicted below.

trivial task. The forecasts give insights to planners for improv- Encoder-decoder LSTM forecast and actual values for Cap L

ing stable throughput and increasing on-time delivery perfor- . — scauwp

LSTM forecast

mance. Examples of what these insight are used for are: (1)
Planning preventive maintenance - low WIP forecast, (2) Com-
mit more operator capacity - high WIP forecast

Machine Learning (ML)

WIP [lots]

In this thesis Random Forest and Long Short-Term Memory
(LSTM) models are explored. The input of both models con-
tains information about tool status, previous WIP levels, waiting
times, status of up- and down-stream equipment groups. The
Random Forest makes only one prediction 48-hours ahead, and
the LSTM predicts a sequence of WIP-values.

Time [date]

The best performing model is different for each equipment
group. This shows that there is not one best way to forecast
WIP, and the best performing model ultimately depends on the
group. Other conclusion from the results and modeling:

=it « LSTM models perform best on equipment groups with

/ \ high stress level and process complexity.
eeconr ©%0 URERGIE M o 0 + Random Forest models can fit lower complexity groups,
alue = - value = -0.884 value = 0.566 value = -0.758 . . .
but cannot capture production dynamics on high-
/ \ / \ / \ / \ complexity groups like Cap L.

. . . . . . . . + Using a feature set appropriate for the equipment group

is essential for accurate forecasting.
In the decision trees of the Random Forest model each node

evaluates one of these feature values based on a splitting cri- Performance comparison WIP-forecasting models
teria until forecasts are made in the leaf nodes. The average of WASAP WSES mRandom Forest MLSTM
these forecasts is the 48-hour ahead WIP level prediction for the 16000

equipment group of interest. For the LSTM model a sequence

- . 14000
of hourly features x, — x,, is used as input, and a sequence of

48 hourly WIP forecasts y, — y.q is predicted. 12000
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