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Fig.1 Physical architecture of non-intrusive load

monitoring edge calculation model
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Fig.2 Architecture of NILM task allocation strategy
generation method based on deep learning
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Fig.3 Task allocation strategy generator based on DNN
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generation method based on deep learning
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Fig.6 Optimization similarity for different learning rates
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Application method of non-intrusive load monitoring technology for region-level users
CHEN Zhong' ,FANG Guoquan',ZHAO Qi*,XING Qiang',XU Xiao'
(1. School of Electrical Engineering,Southeast University, Nanjing 210096, China;

2. Suzhou Power Supply Company of State Grid Jiangsu Electric Power Co.,Ltd.,Suzhou 215004, China)
Abstract: Non-intrusive load monitoring is an advanced means of load monitoring, but the existing applica-
tion schemes expose the disadvantages of high energy consumption and complex construction, for which, an
application method of non-intrusive load monitoring technology for region-level users is proposed. An edge
calculation model of non-intrusive load monitoring based on the existing power information collection system
is built for regional-level users. On this basis, the task allocation problem of non-intrusive load monitoring
is analyzed,a task allocation strategy generation method based on deep learning is used to solve the problem,
and the optimal task allocation strategy is generated. The results of a case with a medium-sized residential
area verify the feasibility of the proposed method,and it has lower energy efficiency cost than the existing
application methods.

Key words: non-intrusive load monitoring; edge computing; task allocation strategy; deep learning; electricity

information collection system



