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Abstract

Abstract: Aiming at the nonlinear and non-stationary characteristics of electrical power consumption
data, an abnormal electrical power consumption detection model based on deep autoencoder is
proposed. Gated recurrent unit (GRU) network of the deep learning is combined with autoencoder
structure, and the encoder and decoder parts of traditional autoencoder are realized by gated recurrent
unit network, which gives full play to the data feature extraction capability of gated recurrent unit and the
data reconstruction function of autoencoder structure. Based on the reconstruction error between original
data and reconstructed data, abnormal data points of the electrical power consumption are detected. By
applying the proposed method to actual workshop electrical power consumption data set, it is shown that
the proposed method can detect the abnormal points of power consumption data, and the detection
effect is better.
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Abstract: Aiming at the nonlinear and non-stationary characteristics of electrical power consumption
data, an abnormal electrical power consumption detection model based on deep autoencoder is
proposed. Gated recurrent unit (GRU) network of the deep learning is combined with autoencoder
structure, and the encoder and decoder parts of traditional autoencoder are realized by gated recurrent
unit network, which gives full play to the data feature extraction capability of gated recurrent unit and
the data reconstruction function of autoencoder structure. Based on the reconstruction error between
original data and reconstructed data, abnormal data points of the electrical power consumption are
detected. By applying the proposed method to actual workshop electrical power consumption data set,
it is shown that the proposed method can detect the abnormal points of power consumption data, and
the detection effect is better.
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Fig. 1 Basic structure diagram of autoencoder
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Fig. 10 Reconstruction function analysis diagram of
abnormal threshold
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