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ABSTRACT

Accurate prediction of the dynamic responses of Floating Wind Turbines (FWTs) 1s essential for optimizing their design and operation, especially as offshore wind farms are increasingly deployed in deeper waters. This complexity
necessitates advanced techniques to handle the intricate motions, loads, and deformations experienced by these structures. Artificial intelligence (Al) methodologies, particularly those based on machine learning, provide a promising

solution to these challenges.

By employing Al techniques that utilize real data from experimental tests and numerical modeling, we can predict the dynamic responses of FWTs, including motions, acrodynamic deformations, and mooring loads, with high

accuracy. These advanced predictive capabilities are crucial for reducing platform motions and mooring line loads, thereby enhancing the efficiency and reliability of offshore wind turbines.

OBJETIVES

“Employ artificial intelligence methodologies to predict the responses of FW s (in several dimensions including motions, loads and deformations of aerodynamic elements,

mooring loads, etc.). These techniques will be based on real data obtained from experimental tests and numerical modeling”

METHODOLOGY RESULTS
Experimental Campaigns Data-Set Generation and Numerical Model Validation
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Long Short-Term Memory Model L t=0
— Develop a Long Short-Term Memory (LSTM) Neural Network model suitable to predict all motions and fairlead tensions time series using waves and wind time series as input.
— (Ongoing) Evaluation of the accuracy and reliability of the model.
— (Ongoing) Training with fully coupled simulations results.
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