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Non-invasive load monitoring based on an improved GMM-CNN-GRU combination

YANG Xiu', LI An', SUN Gaiping', TIAN Yingjie?, LIU Fang', PAN Ruiyuan', WU Jihai'
(1. School of Electric Power Engineering, Shanghai University of Electric Power, Shanghai 200090, China;
2. East China Electric Power Research Institute, Shanghai 200437, China)

Abstract: A non-intrusive load monitoring method based on Gaussian mixture model clustering combined with a deep
neural network is proposed to explore the potential of energy saving and emission reduction at the customer side. It also
fine-tunes the analysis and management of customer electricity consumption behavior, and improves the efficiency of
electricity use. First, we tackle the problem that the same electrical appliance often has similar power but inconsistent
operating status. In order to classify the load working status in fine manner, the advantages of "soft classification" and
flexible clustering in the Gaussian mixture model clustering algorithm can be used to form a load status feature library
that conforms to the actual operating conditions of electrical equipment. Secondly, note that in the common deep neural
networks applied to non-invasive load monitoring models, there are problems such as low recognition accuracy in
multi-label classification. Thus a deep neural network model with a mixture of convolutional neural networks and gated
recurrent units is proposed. Finally, the validation analysis is carried out on the AMPds2 dataset by considering the
influence of external environmental data on the energy consumption habits of household users, and the results are
compared with other models. The results show that the proposed non-invasive load monitoring model has high accuracy.
This work is supported by the National Natural Science Foundation of China (No. 61872230).
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Fig. 2 Gaussian mixture model clustering flow chart
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Table 2 Electrical operating status number and

related characteristics
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Table 4 Deep learning algorithm comparison
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CNN 1041 193 1889 1630  9.95 781 7.66
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Ak 702 135 1016 9.57 8.74 444 475
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Fig. 7 Comparison results of CNN-GRU and our algorithm
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Table 5 Status recognition results (eg.score)
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