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Catenary Insulator Positioning Method Based on
Improved YOLOVS Algorithm

Liu Shibing, Zhou Shihan, Dan Yeguang

(School of Electrical and Automation Engineering, East China Jiaotong University, Nanchang 330013, China)

Abstract: [Purpose] A detection algorithm is proposed to address the issue of low detection efficiency of high-
speed railway contact line insulators in complex backgrounds. [ Methods ] On the basis of the original YOLOV5s
algorithm, in order to effectively improve the representation power of the model and increase the ECA attention
mechanism, a cross-channel method without dimensionality reduction is carried out to focus on the position infor-
mation of insulators. The BiFPN feature pyramid network is used to enrich the semantic information by multi-
scale feature fusion. The Meta- ACON adaptive control activation function is selected and the upper and lower
limits of the function is strictly controlled within the maximum range allowed by the function to prevent the mod-
el from running out of control. The original GIOU loss function is replaced with the EIOU loss function, and the
anchor box is further divided from the perspective of gradient, so as to improve the convergence speed of the net-
work. [Results] Acoording to the experimental results, the improved detection algorithm of YOLOVS5s can be
used to locate and identify the insulator more accurately, and the accuracy rate reaches 99.4%. [ Conclusion ] The

proposed detection algorithm provides a more accurate and faster method for insulator positioning detection.
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Fig. 1 Model architecture for CycleGAN
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Fig. 2 Schematic diagram of the process of insulators
image generation
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Tab.1 Comparison of various indicators of YOLOV5S

Network model Size mAP@0.5 (1oU=0.5) Number of Conv Detection speed/ms ~ Parameters/M
YOLOv5n 640 45.7 16,32,64,128,256 6.3 1.9
YOLOVSs 640 56.8 32,64,128,256,512 6.4 7.2
YOLOv5m 640 64.1 48,96,192,384,768 8.2 21.2
YOLOvS51 640 67.3 64,128,256,512,1 024 10.1 46.5
YOLOv5x 640 68.9 80,160,320,640,1 280 12.1 86.7
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Tab.2 Activation function precision

Activation function Accuracy/%
ReLU 94.9
HardSwish 94.7
Meta-ACON 95.1
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Fig. 7 Improved architecture diagram of YOLOVS insulator positioning network
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Tab.3 Model hyperparameter settings
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Tab.4 Ablation experimental results of different modules
Plan YOLOvSs C3ECA BiFPN mAP/% GFLOPs Time/ms
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