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Lightweight Real-time Detection Network for Insulator Self-explosion Defects Based on
Model Compression and Knowledge Distillation

YANG Hongkuan, LI Zuoqing, YE Shengyan, WAN Shunchang
(Dehong Power Supply Bureau of Yunnan Power Grid Co., Ltd., Yunnan Mangshi 678400, China)

Abstract: In view of issues of present insulator such as complex network architecture and significant storage occu-
pation as well as low detection efficiency due to large inference computation in defect detection, a lightweight real -
time detection network for insulator selfe-explosion defects (insulator defects net, IDNet) is designed. First, the
26 pixel X 26 pixel YOLOhead in the YOLOv4-tiny base network, which is used for small object detection, is re-
moved through spatial scale transformation, thereby reducingnetwork complexity and improving detection speed.
Then, the channel pruning on the convolutional layer is performed in accordance with the preset pruning ratio
threshold, thereby reducing network weights and further improving the detection speed. Finally, the knowledge dis-
tillation method is used to finely adjust the accuracy incurred during model compression , thereby restoring the net-
work’ s accuracy.Experimental results show that, compared with the YOLOv4-tiny baseline network , the proposed
IDNet lightweight real-time detection network for insulator self-explosion defects can achieve 85.76% compression
in network weights (reduced to 3.19 MB) while incurring only a minor loss in detection accuracy. Moreover, the av-
erage detection speed is improved by 11.27%, reaching 44.02 frames per second. This paper provides an effective re-
al-time detection algorithm for insulator self-explosion defects , which offers fast detection speed, high accuracy, and
low storage space occupation , thereby faciliating the development of real-time detection equipment for insulator self-
explosion defects.
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Fig. 1 Anchor pixel visualization of insulator self-

explosion defects detection data set
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Fig. 2 Network structure after spatial scale transformation
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Fig. 3 Diagram of convolution layer channel pruning schematic
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Table 1 Experimental results of spatial scale

transformation
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Table 2 Experimental results of convolution layer

channel pruning
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Fig.7 Comparison of channel number before and after

convolution layer channel pruning
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Fig. 8 Detection effect of IDNet lightweight real time detection network for insulator self-explosion defects
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