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Abstract As the electricity grid systems has been intelligent with the development of ICT technology,
power consumption information of users connected to the grid is available to acquired and analyzed for
the power utilities. In this paper, the energy theft problem is solved by feature selection methods, which
is emerging as the main cause of economic loss in smart grid. The data preprocessing steps of the
proposed system consists of five steps. In the feature selection step, features are selected using analysis
of variance and mutual information (MI) based method, which are filtering-based feature selection
methods. According to the simulation results, the performance of support vector machine classifier is
higher than the case of using all the input features of the input data for the case of the MI based feature
selection method.
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