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Improved YOLOv4 Transmission Lines Bird's

Nest Detection Method
WU Minghu, LEI Changding. LIU Cong
School of Electrical and Electronic Engineering , Hubei Univ. of Tech., Wuhan 430068, China

Abstract: Transmission line defect detection methods based on deep learning often need expensive hard-
ware support to achieve real time and high precision technical requirements, so it is difficult to be popular-
ized on a large scale. To solve this problem, an improved lightweight YOLOv4 neural network model is
proposed. Specifically, in order to improve the detection accuracy, a lightweight attention mechanism is
added to the feature extraction network. In order to improve the detection speed, lightweight Mobilenet v3
network is selected as the backbone network of YOLOv4, and deep deprivable convolution is adopted to re-
place the traditional multi scale characteristic pyramid convolution in YOLOv4 model. The experimental
results show that the improved lightweight YOLOv4 model can effectively detect nests in transmission
lines, and the average detection accuracy (AP) value reaches 97.56% , which is 1.80% higher than that of
YOLOv4 model. The detection speed is 45.8 times that of YOLOv3 and 56.6 times that of YOLOv4,
which has strong practical application value.

Keywords: deep learning; defect detecting; YOLOv4; Attentional mechanism
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