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Value Chain: 
What is the value of solar power 

forecasting? 
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Day-Ahead 
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Nowcast 

System

Haupt, S.E. and B. 

Kosovic, 2017: Variable 

Generation Power 

Forecasting as a Big 

Data Problem, IEEE 

Transactions on 

Sustainable Energy, 8 

(2), pp. 725-732. 

DOI: 10.1109/TSTE.20

16.2604679.

AI as Part of Systems Engineering
Engineering the Sun4Cast® System
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StatCast: Regime Dependent Forecasting

Tyler McCandless

Improvement over 
Clearness Index Persistence

ANN RD-ANN

13.7% 18.6%

McCandless, T.C., S.E. 
Haupt, and G.S. Young, 

2016:  A Regime-

Dependent Artificial 

Neural Network 

Technique for Short-
Range Solar Irradiance 

Forecasting, Applied 

Energy, 89, 351-359.
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Dynamic Integrated foreCast System

DICast Integrator System
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Uncertainty Quantification
Analog Ensemble (AnEn) Approach

Station SMUD 67, forecast initialized at 12 UTC, 15 July 2014 

Stefano Allessandrini
Luca Delle Monache
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WRF-Solar

AnEn

AnEn+ BC win

Alessandrini, S., L. 
Delle Monache, S. 

Sperati, and G. 

Cervone, 2015: An 

analog ensemble 

for short-term 
probabilistic solar 

power forecast. 

Appl. Energy, 157, 

95-110, 

doi:10.1016/j.apen
ergy.2015.08.011.



Kuwait Renewable Energy 
Prediction System (KREPS)
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Haupt, S.E., T. McCandless, S. Dettling, S. Alessandrini, G. Wiener, J. Lee, S. Linden, W. Petzke, T. Brummet, 

N. Nguyen, B. Kosovic, T. Hussain, and M. Al-Rasheedi, 2020: Combining Artificial Intelligence with Physics-

Based Methods for Probabilistic Renewable Energy Forecasting, Energies, 13, 1979; doi:10.3390/en13081979.



8

Predict Probabilistic Power

Outputs from DICast+AnEn as displayed by the web display

Alessandrini, S. and T. McCandless, 2020: The Schaake Shuffle Technique to Combine Solar and Wind Power 

Probabilistic Forecasting, Energies, 13, 2503; doi:10.3390/en13102503
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Newest Initiatives: Use of AIWP

Astitha, M., S.E. Haupt, I. Ebert-

Uphoff, Y. Rao, R. Redmon, D.J. 

Gagne II, D. Hall, and A. 

McGovern, 2026: Artificial 

Intelligence and Machine 

Learning for Short-to-Medium 

Range Weather Prediction, 

submitted to Nature Reviews.
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How Good is AIWP?

Obs

IFS

AIFS

GFS
Lee, J.A., S. Alessandrini, T. 

Brummet, S. Sperati, and 

S.E. Haupt, 2026: 

Comparison of AIFS with 

Operational NWP Models 

over CONUS and Europe, 

submitted to Artificial 

Intelligence for the Earth 

Systems.

HRRR
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Is AIWP Fit for Purpose?

Does the particular model meet the needs of 
the Energy Sector?

Which model is best for probabilistic 
prediction for the right use and for the right 
variable?

NCAR’s New BEACON AIWP 
Evaluation System
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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.

12
NCAR is sponsored by the National Science Foundation
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