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Multi-factors wind speed forecasting based on support vector machine

QIAN Bin-kai', HE Cai-fen®", JIN Wei', NI Yong-sen’, GONG Fei', ZUO Deng'
( 1.Faculty of Electrical Engineering and Computer Science, Ningbo University, Ningbo 315211, China;
2.Zhenhai Observatory, Ningbo 315202, China; 3.Xiangshan Observatory, Ningbo 315700, China )

Abstract: The problem of deviation has long been identified in the wind speed forecasting with numerical model
when wind speed turns too high or low. To tackle this problem, multi-factors SVM model to predict and update
the wind speed of fishery harbor anchorage is established, which combines the data of WRF model forecast and

those from automatic observation stations. The experimental results suggest that the forecasting wind speed and
the actual one is basically in agreement with each other, and the correlation is found to reach up to 99%. The
presented model also acts as a good expression for the nonlinear relationship between wind speed and WRF

model forecasting factors, which verifies the model’s ability for updating the WRF wind speed forecasting. By
comparing forecast results obtained in this work with other forecast models such as SVN and LSSVM only using
historical wind speed, it proves the advantage of the proposed model.

Key words: support vector machine (SVM); wind speed forecasting; harbor anchorage; multi-factors



