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Purpose & Goals

Energy/PV operators need reliable nowcasting to intra-day forecasts tailored to sites...

Westudy.. | AT pased forecasts

objective: PV nowcasting ( short-range )
init-time: UTC 6:00-16:00 (solar day), daily+hourly
testing: 2023

training/validation period for Al: 2010 — 2022
data/model optimized to each location

usinga-- | synthetic data generator

objective: generate past time series at PV site
testing: 2022 (2023)

synthetic data generation: 2013-2017

training period Al: 2021-2020

input data sources: ERA-5, CAMS, (observation)
output: AROME surface, PV

driven by various :

DATA SOURCES: analyses + forecasts

=8 >> ERA5-land: hourly reanalysis in high resolution (surface)

% >> CAMS: radiation time series of the ADS data store (satellite prod.)
EJ >> OBS/TAWES: observation obtained at close observation sites

a >> AROME: high-resolution NWP (numeric weather model) forecasts
§ >> IrradPhyDNet: in-house grid based nowcasting for irradiances
=

>> PV: observation at production site
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)
9 Denmark (DK): selected sites (#11) A S
9 Austria (AT): trafo level sites (#8)

AIM: up to + 6h ahead, 15 min. update frequency

set of predictions P
>> consistent resolution
>> matched lead time
>> normalized

a set of random forest models use
time-series of related data sources (X)
to predict data of a reduced source (¥)

@ INPUT: AUXILIARY 3
IrradPhyDNet : P

@ TARGET: REDUCED -;
PV output

! - 15 minute updates
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- normalization: none, min-max, robust B s

! - interpolation, imputation - ANN

- time step recursion

gomeey META INFOS ----3
I- location: lat, long, altitude
- module, peak pv

- azimuth

declination

'\ semi-synthetic data
¥ [ for all target features ]
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Outlook
semi-synthetic + location based predictions are a win in point optimized PV
forecasts when utilizing Al/deep learning in complex terrain / difficult situations

... in DE_330 we aim for:
» operationalization / triggered for events + more locations
* including completely synthetic scenarios driven by meta-data as needed

... we need to improve:
» diurnal / seasonal peak production
- forecast range /extend

CASE STUDY RESULTS

SYNTHETIC HISTORIC DATA (2016-2020/22)

AROME surface level: different lead/model tested, various params

MAE 8.fold crossualidation

Copenhagen - 2018-06-12 12:00 up to +6h

" lead tin [1), 2019.06.12 00000 - 15:00:00

A forecast

ADDED VALUE

(‘/tailored to single PV sites

v both real and synthetic PV

v fast computation by Al

v beneficial in complex
terrain and events

¥ to be extended to various

Z foecasting ranges, init time

A tun for and forecasting range

AT/ANNS, e.g.: sequence-to-sequence
LSTM (long short-term memory) serve as
a method learning diverse background
forecast models P to give a, PV forecast Z

v able to operate on top of
IrradPhyDNet's forecasts

v triggering + on demand
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