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Short-term wind turbine generation power prediction based on
sparrow search optimization support vector machine
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[ Abstract] With the large—scale integration of wind power into the grid, the proportion of wind power is increasing. However, due
to the uncertainty and randomness of wind, wind turbine power generation is not stable, which brings great difficulties to wind
power grid connection, and accurate wind power prediction needs to be introduced for this problem. In order to improve the accuracy
of wind power prediction, this paper proposes a sparrow search algorithm to optimize the support vector machine prediction model.
The model is based on the problem of difficult selection of learning parameters ( penalty coefficient C and kernel parameter g) of
support vector machines, and the SSA-SVM short—term wind power prediction model is established based on the optimized selection
of learning parameters by the sparrow search algorithm. The experimental simulation compares the prediction results of SSA-SVM,
GA-SVM and SVM models. After optimization, the mean absolute error of SSA-SVM model is reduced by 3.796 MW and 4.153
MW compared with GA-SVM, SVM model, and the relative improvement percentage is 68.25% and 70.16%. The root mean
square error is reduced by 4.886 MW and 4.945 MW, and the relative improvement percentages are 67.59% and 67.87%. The
experimental results show that the SSA-SVM model is more effective in improving the learning parameter selection efficiency and
prediction accuracy.
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Tab. 1 Comparison of prediction effects of different models

A RMSE /MW MAE /MW
SSA-SVM 2.343 1.766
GA-SVM 7.229 5.562

SVM 7.288 5.919
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