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Study on Intelligent Operation and I nspection Technology of Substation Based on Edge Agent
and Lightweight Deep L earning M odel

YANG Dongdong', WANG Ruijue’, ZHENG Zhihong', YANG Gang'
(1. Electric Power Research Institute of State Grid Shanxi Electric Power Company, Taiyuan 030001, China; 2. State Grid Shanxi

Electric Power Company, Taiyuan 030001, China)
Abstract: With the development of Internet of things and artificial intelligence technology, patrol inspection robot has carried out
research in substation and achieved many results. Due to the influence of the terrain and electromagnetic environment on the site, as
well as the limitations of the installation location of the monitoring object, there are many deficiencies in the practicability of the
inspection robot.So we propose to use the edge agent integrated lightweight deep learning algorithm as a supplementary means for
the operation inspection of important substation equipment.Based on the open source in-depth learning model, we have carried out
cutting optimization, adopted Baidu's advanced paddle Lite framework andtaken the reading recognition of transformer oil
thermometer as a typical application case.The researching results can be widely used in the field of power grid intelligent operation
inspection, such as personnel identification, illegal operations, environmental safety monitoring, automatic meter reading, etc. in
substations. The research results of this paper have good progressiveness and popularization.
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Fig. 1 Substation inspection robot and oil temperature
and oil level thermometer
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Fig.2 Schematic diagram of edge agent+deep learning for

Intelligent oper ation inspection
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Fig. 4 Convolution network architecture
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Fig.5 Schematic diagram of convolution layer
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