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Motivation
To help mitigate climate change, power systems are rapidly integrating 
renewable energy sources.

*https://www.inspirecleanenergy.com/blog/clean-energy-101/types-of-renewable-energy-sources



Motivation
● These resources, such as solar, are 

variable and uncertain in nature.

● To enable reliable integration, 
photovoltaics (PV) systems need 
accurate solar irradiance 
forecasting.

*https://energy.mit.edu/news/the-future-of-solar-energy-a-summary-and-recommendations
-for-policymakers/



Contributions

● Deep sequence learning methods that provide forecasts for a significantly 
long horizon: approximately 2-week lead time.

● Forecasts that include uncertainty estimates via probabilistic prediction. 

● Experiments demonstrate improved performance over various benchmarks 
that show promise for applications in future power systems storage 
operations.



Method
We show the potential of following deep multivariate sequence models:

● Temporal CNN (TCN)

● Temporal CNN with Attention

● Transformer



Method
Temporal CNN(TCN) TCN+Attention    Transformers

   

*https://github.com/vdumoulin/conv_arithmetic ; Self-attention generative adversarial networks, Zhang et al. 2019; Attention is all you need, Vaswani et al. 2017

Dilated convolutions Self-Attention module     Transformer encoder

https://github.com/vdumoulin/conv_arithmetic


Data
● NOAA’s SURFRAD network

- Ground-truth :  Global Horizontal Irradiance (GHI) (Watts/m2)
- Meteorological measurements :  e.g zenith angle, wind, pressure, temperature

● Models trained on years 2016-2017 and evaluated on 2018.

● Inputs are converted to an hourly resolution, and only the daytime values are 
considered. 



Baseline models
● LSTM

● NgBoost : Natural gradient boosting
ML-based probabilistic model (benchmark in short-term 
solar forecasting)

● Benchmarks from the solar energy literature:
- Hourly Climatology (HC)
- Complete history Persistence ensemble (CH-PeEN)
 

* Ngboost: Natural gradient boosting for probabilistic prediction, Duan et al. 2020 ; 
Benchmark probabilistic solar forecasts: Characteristics and recommendations, Doubleday et al. 2020



Results: Point forecasting

Results in terms of skill score(%) based on RMSE
                                                 (the higher the better)



Results: Probabilistic forecasting

Results in terms of Continuous Ranked Probability Score or CRPS scores
   (the lower the better)



Results

Plot comparing the sharpness of probabilistic models
for Penn State station
(TCN and Transformers are sharper than CH_PeEN)



Conclusion
● We show the potential of deep learning methods for long-term point and 

probabilistic forecasting

● Proposed models: TCN, TCN+Attention, Transformers, outperform baselines 

● Results comparable to Ch-PeEN benchmark in terms of CRPS, but better in 
terms of forecast sharpness

● Future work: Include NWP model ensemble outputs as input features to our 
models to observe enhanced performance 
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