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Power losses prediction based on feature selection and Stacking integrated learning
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(1. State Grid Hunan Power Company Limited Research Institute, Changsha 410007, China; 2. College of Electrical and
Information Engineering, Hunan University, Changsha 410082, China; 3. State Grid Hunan Electric
Power Company Limited, Changsha 410004, China)

Abstract: In order to improve the efficiency of distribution network losses analysis and evaluation on a distribution
network, this paper proposes a distribution network loss prediction method based on feature selection and Stacking
integrated learning. First, based on the main method of feature selection, through the correlation analysis method, the
maximum information coefficient method and the tree-based model, the input features are comprehensively analyzed and
the importance of various features for the network losses prediction is obtained. The important features are selected as the
input of the distribution network losses prediction model. We then introduce Stacking integrated learning theory, which
considers the advantages of combining multiple prediction models. We establish the Stacking integrated learning
distribution network losses prediction model and finally obtain the results through simulation. The simulation data of the
paper is derived from the real data of 44 stations in a line of a 10 kV distribution network in Hunan Province. The results
show that the method can effectively improve the accuracy and robustness of distribution network losses prediction.
Compared with a single prediction model, it has higher prediction accuracy and better generalization capabilities.
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Fig. 1 Line simulation model of distribution network
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