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ABSTRACT: [Objectives]
inspection methods suffer from high labor intensity and

Traditional power grid

low efficiency. Taking Shandong Golden Power Grid as the
research object, this study proposes an inspection algorithm
using unmanned aerial vehicle (UAV) based on lightweight
deep learning network YOLOv5-Mv3 for detecting grid
insulators and foreign objects. [Methods] Firstly, a dataset
is constructed using images captured by UAVs during
power grid inspection and is trained. Then, for the grid
insulators and foreign objects, Mobilenetv3 is used to
replace CSPDarknet53 as the feature extraction network in
order to lighten the YOLOvV5-Mv3 model, reducing
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parameters and computational cost while maintaining
accuracy and enabling real-time detection. [Results] The
proposed detection algorithm achieves a mean Average
Precision of 84.7% and 56.6 frames per second. Compared
to Faster RCNN, SSD, and YOLOv4 models, the improved
YOLOv5-Mv3 demonstrates higher detection accuracy and
faster performance. [Conclusions] The proposed algorithm
improves the efficiency of UAV-based power grid
inspection and achieves lightweight and high-efficiency
effect, fully meeting the requirements for intelligent power
grid inspection.

KEY WORDS: power system; artifical intelligence (Al);
power grid; unmanned aerial vehicle; target detection;
transmission line; power inspection; machine vision; image

processing
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Fig. 1 Flowchart of power grid inspection using UAV
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Tab.1 Comparison of detection performance before and

after improvement
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Tab.2 Comparison of transmission line detection

performance before and after improvement
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Fig. 5 Comparative experimental curves of YOLOVS series
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Fig. 6 Recognition effect of different algorithms
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