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Research on power consumption anomaly identification of industrial
users considering industry relevance

Chen Jing,Zheng Chuiding,Li Guimin,Jiang Hao,Miao Xiren

(College of Electrical Engineering and Automation, Fuzhou University , Fuzhou 350108, China)

Abstract:In view of the influence of industrial users’ industry attributes on their power consumption patterns, a power consumption
anomaly identification method considering industry relevance is proposed in this article. Based on the real industrial consumer power
consumption data, the typical load characteristic curves of each industry are generated, and the improved grey correlation degree
algorithm is used to calculate the relevance between the power consumption characteristics of power users and the typical power
consumption characteristics of the industry. In this way, the industry relevance characteristics of users are achieved. The multi-head
attention (MHA) is used to extract the features contained in load sequences. Combined with the industry relevance features, the
reconstruction error provided by the variational autoencoder (VAE) is used as the anomaly decision metric to formulate the MHA-VAE
depth anomaly detection model to identify various types of industrial users’ power consumption anomalies. Results show that, the
accuracy, detection rate and false detection rate after introducing users’ industry relevance are 96.84% , 98.02% , and 4.35%,
respectively. Compared with only considering the load characteristics of users, the accuracy is increased by 1.06% and the error
detection rate is reduced by 2.24%.
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Fig. 1 The model network architecture of MHA
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Fig.2 Network architecture of VAE
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Table 2 Transformation formula of abnormal load sequences
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Fig. 6 Relevance of industry load characteristics
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Table 3 Comparison of anomaly detection effects of

different load sequences processing methods %
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Fig.7 Comparison of feature extraction results between
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Table 4 Comparison of anomaly detection effects of

different algorithms %
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Fig. 8 Comparison of typical sequences for misdetection

of class A abnormal load
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Fig.9 Comparison of typical sequences for misdetection of

class B abnormal load
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Fig. 11 Load curve combining industry relevance
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Fig. 12 Comparison of anomaly detection effect before and

after considering industry relevance
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