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Fig.1 Structure of typical DNN
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Fig.2 Classification of deep learning
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Application and challenge of deep learning in Ubiquitous Power Internet of Things

XIE Xiaoyu',ZHOU Junhuang’,ZHANG Yongjun'
(1. School of Electric Power,South China University of Technology,Guangzhou 510641, China;
2. Guangzhou Power Electrical Technology Co.,Ltd.,Guangzhou 510700, China)

Abstract: UPIoT (Ubiquitous Power Internet of Things) is an advanced application form of smart grid deve-
lopment, which requires higher data processing and computing ability of the power grid. In recent years,the
deep learning technology has made a breakthrough, providing a strong support for the realization and deve-
lopment of UPIoT. Based on this, the main components and technical characteristics of the existing deep
learning models are summarized. Based on the technical requirements of UPloT application, the technical
characteristics and application scenarios of deep learning in data processing,edge calculation and situation
awareness are reviewed. Based on the typical application scenarios of UPIoT, the specific application of
deep learning in UPIoT is deeply analyzed,providing reference for the construction and research of UPIoT.

Key words:deep learning; UPloT ;situation awareness;edge calculation;data processing;smart grid



