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Motivation

Problem statement
Quality control in semiconductor manufacturing plants (FABs) is
becoming increasingly complex. Production problems causing low
wafer yield are often hard to find.

Goals

Identify problems during wafer production
Give engineer problem insight
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Robust yield prediction
Methods
Fuzzy ARTMAP neural network (FAM) [1]
Feature selection [2] (feature extraction destroys semantic information)
Challenges
High data dimensionality, unbalanced classes
Process drift (non-stationarity of data due to changing machine state)
Analysed data is merely a subset of whole process

A subset of 35 electrical measurements from wafer is shown.
Two classes signify “high yield”
and “low yield”. Ratio of
training to test data is 3:1
(in chronological order).
Independent test set is vital
for feature selection [4].
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@ Visualisation of Fuzzy Rules
® More datasets needed to prove generality of results and allow online

A feature subset of size 5-15 gives best yield prediction for Data Set 1. ! 1S€
yield prediction

The trend is not as clear for Data Set 2.
As expected, the FAM criterion function delivers the best results.
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