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Motivation
The sub-seasonal forecasting gap What do we do beyond the skill horizon of the NWPs?

1 mo

Climatology

TMY, TGY, LTA
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Actual was far lower than the long-term average
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How good is climatology?



Some months it’s better…
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Some sites it’s worse…
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IAV: 6.7 W/m2



IAV: 2.8 W/m2 ß3x lower IAV



What is the ENSO?

• ENSO causes shifts in global circulation and regional cloudiness 
changes.

• Using the ENSO signal, can we better predict cloudiness (KT*) 
anomalies and therefore yield at the month-ahead levels?

• We’re translating a known, large-scale climate driver into a 
usable, site-specific forecast signal

El Niño–Southern Oscillation (ENSO)
It’s a natural climate pattern involving changes in sea surface 
temperatures and atmospheric pressure in the tropical Pacific 
Ocean. ENSO has two main phases:

1. El Niño – 
• warmer-than-average ocean temperatures in the eastern Pacific.

2. La Niña 
• cooler-than-average ocean temperatures in the same region.



What is the ENSO?
El Niño–Southern Oscillation (ENSO)

El Niño
 

    

La Niña 



But why does it matter?

…yet the MA window remains poorly addressed 
in operational PV modeling

↳ So how can we improve this?

Month-Ahead Deviations Materially Impact:
• PV Yield
• Operational Planning; maintenance scheduling
• Financing uncertainty: DSCR adherence
• Hedge positioning

↳ Let’s continue to focus on California, 
where the ENSO deviations in weather from LTA



Let’s build a model to predict KT* anomaly using this signal

KT* = GHIclr

GHI

KT*Anomaly = KT*M - KT*LTA



KT* = GHIclr

GHI

Here’s another month: Sometimes the Anomaly is tighter

KT*Anomaly = KT*M - KT*LTA



How do we do it?

KT*Prediction  = KT*Anomaly.Pred +  KT*LTA 



Let’s establish some baselines first
↳ Typical Year (TMY)_

↳ Next month’s GHI will be the typical GHI of next month
Spatial Characteristics of RMSE



↳ KT* Anomaly Persistence
↳ Next month’s anomaly in cloudiness will be the same as  this month’s

Let’s establish some baselines firstLet’s establish some baselines first

Spatial Characteristics of RMSE↓1.9 W/m2

↓2.6 W/m2

↑1.6 W/m2

↔

Less N/S bias



We train an XGB1 model on readily available weather data

1eXtreme Gradient Boosting Decision Trees

KT*Anomaly

Climatological Persistence



How does XGB work?

1eXtreme Gradient Boosting Decision Trees



↳ Seasonality + Multivariate Climatological Persistence as predictors
How does XGB Perform?

Spatial Characteristics of RMSE↓7 W/m2

↓6.1 W/m2

↑3 W/m2

↔

Even less N/S bias than 
anomaly persistence



Let’s try with just the MEI along with lat/long and seasonality

1eXtreme Gradient Boosting Decision Trees

KT*Anomaly

A significantly 
simpler variable set



Spatial Characteristics of RMSE

↳ Our best model yet!
How does XGB Perform without a bunch of lagged weather?

Spatial Characteristics of RMSE↓7.4 W/m2

↓6.6 W/m2

↑3.8 W/m2

↔

Even less N/S bias than 
anomaly persistence



Improvement of models versus TMY-as-prediction

Simpler Model with MEI as main predictor is best
But degrades a bit relative to XGB in the Sierras
Where there’s lots of weather variation

None of the models do particularly well in the high sierras



We’ve significantly improved forecast skill at the MA horizon
Forecast skill only matters insofar as it reduces uncertainty in operational and financial decision-making.

31% average improvement in MA GHI prediction relative to TMY

Yield ∝ GHI at this timescale ∴ 31% average improvement in MA yield prediction

Merchant Exposure = Yield Forecast Error (MWh) X Merchant Power Price ($/MWh)
↳ Example for a 200 MWDC plant @ 75$/MWh merchant price | 30y integration

Let’s quantify it:



Merchant exposure across the models

A map of Merchant Exposure 
for a 200MW plant across 30 y

A density plot highlighting the median
Median plant loses $61M across 30y from TMY

The median plant saves $20M 
across 30y w/ our best MA forecast



Relative Improvement vs. TMY
↳ Overprediction   à    Replacement energy purchases/ hedge shortfalls
↳ Underprediction à    Replacement energy purchases/ hedge shortfalls

Here we can see that for the S. CA,
 the error gets worse than TMY

Only in the high sierra does our best 
model perform worse



We’ve significantly improved forecast skill at the MA horizon
Forecast skill only matters insofar as it reduces uncertainty in operational and financial decision-making.

31% average improvement in MA GHI prediction relative to TMY

Yield ∝ GHI at this timescale ∴ 31% average improvement in MA yield prediction

Merchant Exposure = Yield Forecast Error (MWh) X Merchant Power Price ($/MWh)

Variance Reduction = 1 - (RMSEmodel/RMSETMY)2 : Variance ∝ RMSE
*fractional reduction in forecast error variance relative to climatology



CF Variance
…resulting from forecast error remains about the same as TMY for persistence 
XGB reduces it by 17% on median No persistence, MEI-driven reduces it by 52% on median



Conclusions

•Climate Signal as Predictor— ENSO materially modulates irradiance across California, w/ strong spatial structure.
•Forecast Skill — Simple ML models using ENSO and seasonality significantly outperform LTA (TMY) as prediction.
•Mountain Noise — Forecast improvements ≫ outside highly stochastic mountain microclimates (e.g., High Sierras).
•Risk Reduction — Reduced irradiance forecast ε translates directly into lower merchant settlement exposure and 
reduced cashflow variance.
•Economic Value — Median modeled merchant exposure reductions across CA approach ~$20M over 30 years for a 
representative 200 MW plant.
•Commercial Relevance — Results suggest actionable economic value for month-ahead probabilistic solar 
forecasting in merchant and hybridized PV portfolios.
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