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Recognition of Insulators in Power Transmission Scenarios Based on
Improved Single Shot Multibox Detection

QIN Jinlei, WANG Zhaonan, LI Zheng
(North China Electric Power University, Department of Computer,Baoding 071003 ,China)

Abstract:In order to meet the requirements of accuracy and speed for the construction of intelligent inspection systems in power
transmission scenarios,this paper proposes an insulator target detection method for power transmission scenarios based on an
improved lightweight Single Shot Multibox Detector (SSD) network.Firstly,based on SSD,the model structure is improved u-
sing the lightweight network MobileNetV3-large, introducing a channel attention mechanism and a new activation function,
which enhances feature extraction capability while reducing model complexity.Secondly.by integrating Efficient Channel Atten-
tion (ECA) ,information from cross-channel interactions is effectively captured.Finally,a dataset containing images of transmis-
sion line insulators with different backgrounds and types is constructed for model training,testing,and validation. Experimental
results showed that compared with the original SSD algorithm,for detecting insulator images,the number of model parameters
is reduced by 82.93% ,the target detection speed was increased by 96.38% ,and an accuracy of 92.70% was achieved, providing
a feasible solution for convenient deployment while ensuring fast and effective recognition.
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