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Time Series with Final Quality Scors
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Finding Suspect Data

Humans can identify suspect data in a time
series with little or no information

Finding suspect data with a computer may
involve calculating a statistic

The statistic may be used to identify the
suspect data

But the suspect data corrupts the statistic

And depending on the situation the statistic
may not identify the suspect data



Scatter Plot of Y(t,) vs. Y(t,)
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Optimal clusters

Time Series with “optimal” Clusters
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* optimal clusters in time domain
and delay space

* build a “feature” in the time
domain from optimal clusters in the
time domain

» drop-out and non-stationary cases
have two optimal clusters in delay
space, but distinct representations
in the time domain.

* nominal, block and uniform cases
have single clusters in delay space
but distinct representations in the
time domain
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Simulated example

* |dentified a set of
feature vectors which
could be used in a
machine learning
algorithm such as SVM

e Build a training data set
using simulated data
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