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Multi—scale Depth Separable Safety Helmet Detection on Construction Site

LIU Jinzhi, FANG Rui, WANG Junlin, WANG Changyang
(School of Computer Science , Chengdu University of Information Technology , Chengdu 610225, China)

Abstract: Automated helmet monitoring significantly improves regulatory efficiency and reduces human negligence , thereby lowering the oc-
currence of safety accidents. To address the challenge that existing safety helmet detection algorithms struggle to achieve accurate detection in
complex backgrounds and with varying target scales, this paper proposes a multi-scale depth—separable safety helmet detection algorithm—
MDSDet based on YOLOvSs. A separable feature fusion backbone network is designed, incorporating the global separable feature fusion mod-
ule and the spatial channel fusion module, to handle complex background environments. This backbone network effectively filters background
noise and redundant features, enhancing the model’s ability to capture global contextual information. Additionally, to address the issue of vary-
ing target scales, a multi-scale depth—separable extraction module is introduced. This module utilizes convolution combinations of varying siz-
es to improve the model’s adaptability to helmets of different scales, significantly enhancing detection accuracy. Comparative experiments dem-
onstrate that the proposed algorithm achieves excellent performance across various metrics, with an mAP of 87.9%, and an mAP, , increase of
5.1% compared to YOLOvS5s. The results indicate that the MDSDet algorithm effectively improves the detection accuracy of multi-scale targets
in complex environments.
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Table 3 Comparative experiment of backbone improvement
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tion modules
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Table 5 Ablation experiment results
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