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ABSTRACT

In this paper, we propose a time-series generation methodology using a generative adversarial network (GAN)
for long-term prediction of wind and sea conditions, which are information necessary for operations and
maintenance (O&M) planning and optimal plans for offshore wind farms. It is a “Conditional TimeGAN” that
is able to control time-series data with monthly conditions while maintaining a time dependency between
time-series. For the generated time-series data, the similarity of the statistical distribution by direction was
confirmed through wave and wind rose diagram visualization. It was also found that the statistical distribution
and feature correlation between the real data and the generated time-series data was similar through PCA, t-SNE,
and heat map visualization algorithms. The proposed time-series generation methodology can be applied to
monthly or annual marine weather prediction including probabilistic correlations between various features (wind
speed, wind direction, wave height, wave direction, wave period and their time-series characteristics). It is
expected that it will be able to provide an optimal plan for the maintenance and optimization of offshore wind
farms based on more accurate long-term predictions of sea and wind conditions by using the proposed model.
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Fig. 8 Wind rose (left: original, right: generation)
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