Missing Data in Forecasting
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The Problem Key Results

Missing training data can have a significant impact on results if
not dealt with properly; multiple imputation is the best method
to compensate (Fig. 3)

Accurate wind power forecasts reduce
uncertainty in the operation of the power
system by allowing better scheduling and

trading decisions'. . - - -
If inputs for issuing a forecast are missing, retraining a model

without these inputs shows greater performance than filling
these values using a regression model with the remaining

Statistical forecasts that use the most recent
wind speed and power measurements are
commonly used for very-short-term (minutes
to hours ahead) horizons?.

available inputs (Fig. | and 2)

Spatio-temporal models including a greater number of sites are

Inaccurate assumptions and imperfect more robust to missing data (Fig. |)

datasets mean forecast accuracy is reduced in
a real life setting unless proper mitigation
methods are used.

Forecasts continue to worsen with increasing length of missing
period, but the largest proportion of the loss of forecast skill
comes from missing the most recent information (Fig. 2)
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