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Fault detection for overhead line power equipment based on improved YOLOv4

PENG Shurong', LIU Denggang', HE Jieni', LU Shuang', SU Sheng', HE Ming”

(1.School of Electrical & Information Engineering, Changsha University of Science & Technology, Changsha 410114, China;

2.Guilin Power Supply Bureau, Guangxi Power Gird Co., Ltd., Guilin 541000, China)

Abstract: Aiming at the problems of low detection accuracy and slow speed of traditional target detection algorithms, an
improved YOLOv4 target detection model is proposed to detect four types of common power equipment and faults in
overhead lines, such as poles, transformers, pole tilts, and insulators drop. Instead of the backbone network in the
original YOLOv4, MobileNet which is designed for the embedded platform is deployed in this model, making this model
lightweight. In order to further reduce the computational complexity and strengthen the learning ability of the convolutional
neural network, a deep separable convolution and a CSP structure is introduced in the neck network. This improved model
is used to conduct experiments on the overhead line image data set, and the experimental results show that this model can
increase the detection speed to 1.68 times of the original model with a equivalent detection accuracy. It can be better
applied to embedded devices, and thus achieves the real-time detection of common power equipment and faults in
overhead lines by drones.

Key words: fault detection; overhead line; MobileNet; YOLOv4; depthwise separable convolution
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Figure 1 Network structure of YOLOv4
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Figure 6 Comparison of detection results of different algorithms
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