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Comparative table of key parameters for the Anholt and e and fast for large datasets.
Westermost Rough (WMR) Offshore Wind Farms: Bi-LSTM
a g v 1.Datapreprocessing
Location Kattegat, Denmark  North Sea, UK, 8 km off Yorkshire coast Output 2.BI-LSTM architecture
Layer _ . :
Number of Turbines 111 35 Y 3. Training and optimization
Total Capacity (MW) 400 210 Laver
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Water Depth (m) 15-19 16 - 20 Layer output) that handle long-term
Distance to Shore (km) 15 10 dependencies and prevent vanishing
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data, offering detalled Insights Into wind and turbine 5 ] $ 104 I
performance. LIDAR data captures wind speed, direction, S || § 0 i
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