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High uncertainties in renewable
energy production (also in demand)

How

& 1OS

INSTITUT FUR OPTISCHE SYSTEME

We combine

Neural Networks

] Network Shelf :[Pro S. Distribution Shelf

with traditional
statistic [1-5]
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Current projects
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Development of uncertainty measures to
Increase transparency and traceability in
Deep Learning. (BmBF 640k€ Euro 2020 -
2023)

forecasting

/Boss: When do we have\
the greatest opportunity to

produce our product
(2MWh) with 100%

\_ renewable energy?
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Mr. Meanpredictor:
“Tomorrow we
expect to have
AMWh compared to
3MWh in two days.”
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NN to model
Interpretable
distributions [3]

NN to model
complex prob.
distributions [2, 5]
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* Optimale Ausnutzung der
Produktionspfad N “\ /

Abwidrme
* Maximale Ausnutzung
erneuer barer Energien
* Emissionen:20+5¢t

Decarbonization of energy-intensive
Industry through smart sector coupling with
Al-based probabilistic forecasting and
operations management. (Carl Zeiss
Stiftung 1M€ 2023-2026)
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Deep probabilistic modelling for energy

Tomorrow In two days
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mr. Probability: \
“Wait, but in two days .
there is a 96% Probab|l|ty
chance that the
energy will be o rescue.
sufficient, compared

to the 73% chance
we get tomorrow. We O
should prefer to

\roduce in two days”
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Schritt 1: Entwicklung der Algorithmen
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KNN-Regler Topologie Lokalisierung neuer Netz- Lastprognosen
Erkennun g zustandsschatzung
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Schritt 2: Test der Algorithmen in Laborumgebung

Test der einzelnen Algorithmen und des Gesamtsystems in einer
Laborumgebung
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Schritt 3: Test und Demonstration in realer Umgebung /

Al-based planning and operational
management of distribution grids and
microgrids for optimal integration of

renewable generators and fluctuating loads
In the context of the energy transition.
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