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Learning to detect high altitude tower nest using dual-scale YOLOv3 network
DING Jian, HUANG Luming, ZHU Difeng, CAO Haonan
(Maintenance Branch of State Grid Zhejiang Electric Power Co., Ltd, Hangzhou 311200, China)
Abstract; On high-altitude power transmission tower, the birds nesting phenomenon is very com-
mon and risky to the operation safety. The manual inspection of bird’s nest is of low efficiency
but high costs. Unfortunately, the existing automatic inspection techniques are still facing the
trade-off problem in accuracy and efficiency. In this paper, we propose a dual-scale YOLOv3 net-
work learning method for the detection of high-altitude tower nest. Different from the classic
YOLOv3, the proposed network consists of two ordered YOLOv3 networks, which are the pre-
detection network and discrimination network respectively. By introducing the dual-network
structure, the proposed solution has good performances in both precision and efficiency. To im-
prove performance, we use images of different scales as the input, and apply a gradient domain
enhancement. On multiple real datasets, the experimental results show that the proposed detec-
tion outperforms the existing algorithms on the performances of precision and anti-noise. The
proposed algorithm is especially better in the comparison of recall ratios of bird’s nest detection.
Key words: bird’s nest detection; power inspection; YOLOv3 network; deep learning; high-

altitude power tower
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Fig. 2 Overview of the proposed processing pipeline
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Fig. 6 Bird’s nest inspection results in partial occlusion
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