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Value Chain:
What is the value of solar power
forecasting?
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Al as Part of Systems Engineering
Engineering the Sun4Cast® System
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StatCast: Regime Dependent Forecasting
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Dynamic Integrated foreCast System

Weighted average RMSE 12z hub-hgt-wind-speed forecasts for 20100901-20101231 for all XCEL sites
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Uncertainty Quantification
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Analog Ensemble (AnEn) Approach
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Predict Probabilistic Power

Outputs from DICast+AnEn as displayed by the web display
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Newest Initiatives: Use of AIWP @ NCAR e
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Figure 1 | Evolution of ATWP. A non-comprehensive timeline and evolution of AT/ML technologies that have
9 been integrated into the weather enterprise through post-processing. emulation of physical parameterizations,
full data-driven models, data assimilation, and end-to-end prediction.



How Good is AIWP?
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Figure 9. Time series of 10-m wind speed at Copper Mountain, Colorado (KCPR) for
observations (black solid line) and AIFS (blue dashed), IF'S (green dashed), GFS (vellow
dashed), and HRRR (purple dashed) forecasts initialized at 00 UTC on 2 Mar 20235.
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Is AIWP Fit for Purpose?

One Evaluation Does Not Fit All
Sector-Specific Evaluation within BEACON
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NCAR’s New BEACON AIWP
Evaluation System

Does the particular model meet the needs of
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éﬁ Summary

Modern Forecasting systems blend:

» Observations — public and private
» Physical Models — public and private
> AI/ML techniques to enhance the forecast

New AIWP Models are Changing Best Practices.
But standard assessment mechanisms may not
be adequate for Energy Applications.

NCAR is sponsored by the National Science Foundation
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