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Abstract: Aiming at such issues as low detection accuracy and slow speed of multi-defect detection of insulator, a
kind of improved YOLOVS accurate detection algorithm for multi-defect detection of insulator(YOLOv5-GSEM) is pro-
posed. Firstly, GhostNet structure is introduced to replace C3 module of the original YOLOvS backbone network to
improve the network computing speed. After SPPF, the non-parametric attention module SimAM is introduced to en-
hance the effective features and suppress the interference features. Secondly, the enhanced feature pyramid network
(EFPN) and the multiscale feature fusion network (MFFN) are introduced to fully integrate multiscale features and
improve the detection accuracy of multi-defects of insulator by the network. The experimental results show that the av-
erage of the accuracy of the model (mAPys) proposed in this paper reaches 87.8%, which is 2.7% higher than that of
YOLOVS algorithm, and the detection speed is increased by 4.6%. The proposed network provides a more effective
method for the detection of various defects of insulator.
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