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Introduction 

• Goal: Predict Clearness Index (Kt)  
Kt =  Observed GHI / Extraterrestrial GHI 

• Time Period: 15-min average   
– Can easily convert back to GHI for operational 

forecasting 

• Data: 
– Solar irradiance time series (SMUD) 

– METAR Observations (Weather Observations) 

– *GOES-East (Satellite Data – *Current work) 



Process Design 



Why Test Regime Classification? 

• Rather than burden the ANN with the task of both 
identifying cloud regimes and responding to them 
correctly 

• Build a separate statistical model to identify regimes 
before fitting the ANN  

• This approach allows the ANN to focus on the forecast 
mission for a specific cloud type  

• This simplification of each ANN’s mission allows it to be 
implemented with a simpler configuration (fewer nodes 
and tunable parameters).  Thus, better tuning can be 
achieved for a given amount of training data 

• We utilize a combination of inputs that are specific to the 
goal of optimally identifying cloud regimes 



Data 

• SMUD Sites (8) 

• Real-time 

• METAR Sites (3) 

• Length of data:  

Jan 25 2014 –  

Jan 26 2015 



Predictors: METAR and Derived Data 



Artificial Neural Network (ANN) 

• AI prediction method 
used to model non-
linear relationships 
among predictions 

• All met variables, 
derived variables, and 
Kt observations (last 60 
minutes) are used as 
predictors 

• Python Module: 
Neurolab 



Artificial Neural Network (ANN) 

• For each cloud regime: 
• Different number of cases 
• Different levels of complexity 

in relationships between the 
predictors and the predictand 

• ANNs are trained with 5, 10, 
15, 20, 25, or 30 hidden layer 
neurons and the configuration 
with the lowest error on a 
subset of the training data 
held out for an independent 
verification was the 
configuration chosen for that 
regime.  



K-Means Regime Classification 

• Data mining method to 
partition “n” 
observations into “k” 
clusters (i.e. regimes) 

• Goal is to: 

– Minimize the variance 
within clusters 

– Maximize the variance 
between clusters 



Clearness Index Variability: Differences 
Across Regimes? 

Does this indicate differences in forecast difficulty across regimes? 



K-Means Regime Classification 



K-Means Regime Classification 



Regime Classification: Irradiance 
Variability 



Forecast Error Comparison: KT 
Persistence, ANN and RDANN 



Percent Improvement over Clearness 
Index Persistence at 180-Min Lead Time 



Comparing Deterministic Error vs 
Variability 



Conclusions: 

• K-Means Clustering: input set 5 is optimal 
–  Includes cloud cover derived variables 

• ANN trained on each of the clearness index regimes 
shows highest percent improvement of the forecast 
error compared to clearness index persistence and 
ANN-All Data for 60, 120 and 180 minute lead times 

• Clearness index persistence still best at first forecast 
interval (15 minutes) 

• The forecast accuracy improvement increases with 
increasing forecast lead time 

 



Next Steps: Bayesian Combination 

• Forecasts via a Bayesian combination 

– Prior probability of regime 

– Probability of regime given inputs 

– Deterministic forecast from ANN model trained on 
each regime independently 

– Use Monte Carlo method to randomly sample 
from the probability density functions 

– Goal is to create a more accurate and calibrated 
forecast pdf 
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Current Work: Satellite-based 
Regimes 



Current Work: Satellite Regime GHI 
Forecasts 


