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Object Detection of Security Monitoring Based on ResNet

Sun Yi, Wu Siman, Fang Wei, Wu Shuangging*, HU Chao
(School of Information Science and Engineering, NingboTech University, Ningbo 315100, China)

Abstract: With the regulations of wearing helmets while driving the electric bicycle, it is urgent to develop a detection algorithm
that can accurately detect whether the drivers are wearing helmets. This paper introduces a novel method to detect the helmets based
on the YOLO framework. The branch absorption module is proposed to improve the residual backbone network, then the feature
fusion is improved through the channel recombination. Finally, the designed structural fusion pruning is applied to further compress
the hyper-parameters of the model. The experimental results showed that, the proposed algorithm has higher accuracy and faster
speed. Performance of small targets detection also can be improved, with the average accuracy of multiple classification up to 88.8%
and detection speed of 29.5fps, which can meet the demand of video surveillance in real applications.
Keywords: Object detection; Feature fusion; Residual backbone network; Channel recombination; Structure fusion pruning
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Fig.2 Feature Extraction Module in the Backbone Network
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Fig.8  Comparison of the Algorithm with YoloV3 in Practical Verification
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