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Abstract: With the development of intelligent manufacturing and IoT, UAV has been widely utilized by power grid
enterprise in patrolling transmission lines. At the same time, massive patrol image data need to be analyzed urgently.
A U2U image analysis framework was designed from user data collection, automatic annotation and to user feedback.
Two deep learning methods, which were faster R-CNN and SSD, were explored and applied in U2U to detect five
types of power components, including insulators, dampers, grading rings and shielding rings. A refining method based
on K-means++ was proposed for the parameters of anchor box. Experimental results demonstrate that the proposed
methods can effectively improve the adaptability and detection accuracy of deep learning method for multiple-scale
power components and provide a useful reference for subsequent defect detection and deep application of UAV
patrolling.
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