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Battery Storage Use Cases - New Challenges, New Opportunities {u
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Battery Arbitrage: the Basics

Power generation in Germany: share of RES & fossil; DAM prices
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Battery Arbitrage: the Basics

Power generation in Germany: share of RES & fossil; DAM prices
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Battery Arbitrage: The Scientific Theory...

Energy Market Data (DAM, 1 h, 2019)
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Kumtepeli, V., Hesse, H. C. Energy Arbitrage Optimization With Battery Storage:... IEEE Access, 2020 8, 204325-204341. https://doi.org/10.1109/ACCESS.2020.3035504
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Battery Arbitrage: The Scientific Theory...

Energy Market Data (DAM, 1 h, 2019)
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Battery Arbitrage: The Scientific Theory...
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Battery Arbitrage: The Scientific Theory...

Energy Market Data (DAM, 1 h, 2019)
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Forcasting energy markets and battery aging?
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How to anticipate and tweak the arbitrage profit? o e
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N.Collath, M. Cornejo, V. Engwerth, H. Hesse, A. Jossen: Increasing the lifetime profitability of battery energy storage systems through aging aware operation, Applied Energy 348 (2023)
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How to tune arbitrage-optimization to ever-optimal revenue? iy
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Revenue Lost to Aging in Grid Storage Optimization, ACC conference 2024 https://arxiv.org/abs/2403.10617
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How to tune arbitrage-optimization to ever-optimal revenue?

Profit = Revenue — A - CoStggss
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Battery Storage Use Cases - New Chall
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