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The Question
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Wave modeling approaches & coastal nonlinearity
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REEF3D — open-source hydrodynamics

GitHub
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NORA-SARAH — down-scale coastal wave modeling

NORA-SWAN- REEF3D-ALE-HDC
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Case study — Store Lyngholmen, Southern Norway




Artificial Neural Networks
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Coastal wave prediction - shoaling

Input variables H= 0.5:0.1:10.5m; T,=12 s
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Coastal wave prediction - diffraction

Output Hs (M)
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Coastal wave prediction - force
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Machine learning framework

Offshore wave forecasting
LSTM

(Long-term short-term memory)

Metocean-ml (MET) : time series forecast offshore

Model: LSTM, Training Variables: hs,tp,Pdir
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Machine learning framework
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