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ABSTRACT: A large number of potential safety and quality defects have brought great potential safety hazards to the
operation of distribution network. Applying the deep detection network to the dynamic defect detection of distribution
network engineering could strengthen the management, reduce the workload of manual operation, and achieve the
purpose of improving quality and efficiency. Firstly, the types of defects of distribution network engineering are
classified. Secondly, the advanced deep detection network and its application in the field of dynamic defect detection in
distribution network engineering are researched and analyzed in-dept, and the existing research achievements are
reviewed in detail. Then, the key issues and its solutions of deep detection network applied to dynamic defect detection
of distribution network engineering are summarized. Finally, the research direction is prospected in order to provide a
valuable reference for the follow-up research.
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Table 1 Schematic diagram of dynamic defect
classification of distribution network engineering
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Fig. 1 Dynamic defect detection of distribution network
engineering
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Fig. 2 Target detection network
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Fig. 3 Implementation process of dynamic defect
detection in distribution network engineering
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