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Time-varying nonlinear power load combined forecasting algorithm based on meta-learning

LUO Dian-sheng, XIAO Wei, HE Hong-ying
(Hunan University, Changsha 410082, China)

Abstract: Inductive bias exists in single prediction algorithm more or less, which results in system bias usually. A new time-varying
nonlinear combined forecasting algorithm is presented. Meta knowledge formed by the results of base predictors and feature
attributes of series is used as inputs of meta predictor when combined forecasting is applied. System bias can be founded and rectified.
The weights of base predictors are calculated using gating network in metal predictor. Weights of base predictors are time-varying
and non negative. The new algorithm is applied in very short-term load forecasting. Results show that the proposed method improves

forecasting precision comparing with single prediction algorithm and normal combined forecasting algorithm.
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Fig.1 Structure of combined forecasting based on meta

learning
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Tab.1 Load forecasting results comparison
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Fig.3 Load forecasting results comparison of combined

forecasting based on meta learning and ANN
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