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Gas Turbine Power Prediction Based on Support Vector Regression
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(Department of Computer Science and Technology, Tongji University, Shanghai 201804, China)

Abstract Forecasting for the next few hours of the gas turbine power is the key to predict trips, while the domestic re-

lated researches are still few. Though using support vector regression(SVR) model, and integration of multivariate fore-

casting, it improves the accuracy of the forecasts. These experimental data from the real data of a power plant, through

some comparative experiments,describes the experimental procedure and selection methods of important parameters in

detail. The results verify the effectiveness of the support vector regression techniques applied to practical power predic-

tion.,
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