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Motivation

What is the problem?

« Short-term irradiance fluctuations induced by clouds pose
a challenge for the power system

How to deal with this?

» Apply solar nowcasting to anticipate changes in solar
irradiance and adapt plant operation

What are potential benefits? "é“
» Optimized real-time trading . pr ;
« Ramp rate control
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* Frequency control

What are the requirements?
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ASI Nowcasting

= All-Sky Imager

» Ground-based camera observing complete
hemisphere using fish-eye lens

* Image analysis
= Physical approach

= Explicit modelling of clouds, their motion
and transmittance

= Data-driven approach

= Model learns correlation of clouds and
irradiance directly from images

= Nowcast: intra-hour irradiance forecast
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HYBRID NOWCASTING MODELS
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Hybrid Model
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Physical model
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Hybrid Model
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Physical model
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Persistence model
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Hybrid Model
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Hybrid Model
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Validation

= Comparison of standalone deep learning
model with hybrid models (global vs
dynamic weights)

= Reference data

= GHI field average from 9 measurement
stations at CIEMAT's PSA (Spain)

» Benchmark dataset [4]: 28 selected days
from 2019 covering different atmospheric
conditions

= Validation metric:
» Forecast skill based on persistence
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Validation Results

DLR
Forecast skill on RMSE Forecast skill on MAE
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» DL point forecasts work well on field average (optimization on MSE leads to low RMSE)
» Forecast quality of hybrid models depends on combination method

» Generally persistence is already quite good in the first minutes — lower FS for all models
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Validation Results

DNI Variability classes [5]
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= DNI variability classification as representation of different cloud conditions

= Generally higher FS for more variable conditions
= Difference between Hybrid (dynamic) and Hybrid (global)/DL greater for variable conditions
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Conclusion

Study presents a benchmark of purely data-driven and hybrid models
confirming potential for data-driven models in solar nowcasting

For limited regions (~1km?2) data-driven point forecasts can compete with spatial
forecasts from physical models in terms of FS

Advantage of hybrid models strongly depends on combination of nowcasts

Forecast skills assess nowcast quality only partially
— further metrics need to be established in solar nowcasting community

Analysis of probabilistic nowcasts shows benefit from deep learning
model [6]
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DNI Variability Class Distribution A#y
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Probabilistic results
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» DL achieves best CRPSs in terms of lead time and discretized by DNI variability classes
» Higher values for CRPSs under less variable conditions indicate less uncertainty
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