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Eye2Sky Instruments on the MET sations

" Irradiance (GHI, DHI, DNI, GTI)

" Air temperature and relative humidity

Photography of Eye2Sky station PVNOR
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Eye2SKky Instruments on the MET sations

" Irradiance (GHI, DHI, DNI, GTI)

" Air temperature and relative humidity

All-sky imagers (ASI)

" Commercial surveillance cameras

" Fisheye lens with 180° viewing angle

" Data recording every 30s

Photography of Eye2Sky station PVYNOR
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Eye2SKky Instruments on the MET sations #7
DLR

" Irradiance (GHI, DHI, DNI, GTI)

" Air temperature and relative humidity

All-sky imagers (ASI)

" Commercial surveillance cameras

" Fisheye lens with 180° viewing angle

" Data recording every 30s

Open DATASET in preparation (2024)

" 1 year of data to be published

" ASI images + MET measurements

" Expert QC + LogbOOk included Photography of Eye2Sky station PVNOR
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Forecast inputs
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Data availability

Characteristic | ____ Satellite | ____ASlnetwork __

Source Meteosat Second
Generation

Domain Europe

Spatial resolution 2 km

Forecast horizon 6 hours

Forecast step 15 min

Temporal availability from 2005 until today

Availability of forecasts 01.07.2020 to 31.08.2020
for this study
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Characteristic | ____ Satellite | ____ASlnetwork __

Source Meteosat Second 10 ASI imagers
Generation from the Eye2Sky network

Domain Europe 25 km x 25 km around
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Spatial resolution 2 km 50 m
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Forecast step 15 min 1 min

Temporal availability from 2005 until today from 2019 until today
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for this study

01.07.2020 to 31.08.2020

Jorge Lezaca, DLR VE, 10.04.24, Minute Scale Forecasting IEA task workshop

i DLR



Forecast inputs : 21.07.2020 @ 13:26 UTC 4#7
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Forecast inputs : 21.07.2020 @ 13:26 UTC
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v’ Can the high resolution information from the ASI network forecast be used to improve the quality of the satellite forecast?
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v’ Can the high resolution information from the ASI network forecast be used to improve the quality of the satellite forecast?

v Can we assess the benefit of the improvement at any location on the domain (independently if it has ground observations or not)?
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BLENDING METHOD
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Principle of the blending method
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Principle of the blending method
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Principle of the blending method
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Training strategy
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Training strategy
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Training strategy
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Blending results* :

average metrics for the 25 training cases DLR
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* The results shown from here onwards are part of a publication being prepared for submission in Meteorologische Zeitschrift.
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Blending results* :
average metrics for the 25 training cases
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SAT+ASInet improves over
. all leadtimes

e ground persistence : from 3 min
* forecast inputs (SAT; ASInet) : all
leadtimes

Optimal mix of weigths
* ASInet dominates from 0 to 10 min
* SAT dominates from 11 min
* cross point dependent on local weather

Wouldn‘t we obtain better/same

performance by blending satellite with the
less expensive ground persistence ?

* The results shown from here onwards are part of a publication being prepared for submission in Meteorologische Zeitschrift.
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VALUE OF THE ASI NETWORK




Test cases for blending of different inputs ‘#7
DLR

935
Test case 1 : Prediction on location
where ground observations are
available
R
E Test case 2 : Prediction on any
3 location on the irradiance map (not
® restricted to locations with ground
53.1 observations)
Blendings to compare:
53.0 +
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Test case 1 : Blending evaluation at OLDON ‘#7
DLR

Training Prediction
Stations used OLDON Stations used OLDON
Time range 30 days history Time range From 01.08.20 to 31.08.20

v'25 times less data compared to previous evaluation !

v OLDON selected because the station GND observations were used on for the calculation of the attenuation of the
cloud scene on the ASI network forecast processing (Blum 2022)

v'To evaluate in the other locations, the ASInet forecast should be reprocessed using the ground observations of the
location in question
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Test case 1 : evaluation at OLDON
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Test case 1 : evaluation at OLDON
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Test case 1 : evaluation at OLDON
DLR
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Test case 1 : evaluation at OLDON
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Improvement of SAT+ASInet from
LT2 to LT15 (around 2.5% points)

Values > LT15 (not sufficient data)
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Test case 1 : evaluation at OLDON
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Improvement of SAT+ASInet from
LT2 to LT15 (around 2.5% points)

Values > LT15 (not sufficient data)

For point forecast with known
observations the blending of
SAT+ASInet improves over
SAT+GNDper
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Test case 1 : evaluation at OLDON
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For predictions on pixels where there is no ground observations, the highly resolved spatial-temporal ASInet forecast will

provide a better improvement on the blending with Satellite than the one provided by the ground derived persistence.
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Conclusions and outlook ‘#7
DLR

" The blending of satellite and ASI network showed an absolute RMSE improvement of 3.5% to 9% over
the forecast inputs (SAT and ASI network)

" In point forecasts, the blending of satellite with ground persistence-based forecasts is not able to
outperform the satellite and ASI network blending. This is valid for locations with and without ground
observations.

" This study assess the performance of the blending only on a point forecast base. Other methodologies
based on spatial structures like forecast of spatial variability or ramp rate detection should be done in
order to asses the benefit of ASI network on these other metrics.

" The blending should be done on:
" bigger time range (1 year) —» see the season transferability
" Other climates — increased benefit ?

" Compare linear regression blending with machine learning based methods
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