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Research on Safety Helmet Detection Algorithm Based on Improved YOLOv10

HUANG Kun, LI Tianming, YIN Jianhua, CAO Ben, CAO Zhao, HU Wenjie
(Hubei Sanjiang Aerospace Jiangbei Machine Engineering Co. , Ltd. , Xiaogan 432000, China)

Abstract; Safety helmet wearing detection is a critical part of factory safety, which uses pattern recognition methods to
monitor the wearing of safety helmets by workers during monitoring, thereby achieving intelligent detection; In construction
and factory environments, it is difficult to extract the features with different scales and complex scenes in monitoring work-
ers; Thereby, research on the YOLOv10n is conducted to propose a Helmet-YOLO algorithm; The SimC2f module is de-
signed in the backbone network to enhance the algorithm’s ability to extract and represent the features of safety helmets in
complex scenes; A dynamic selective attention mechanism is adopted in the neck network to ensure that the long-range se-
mantic information is fully utilized during feature fusion. A lightweight dynamic upsampling operator is introduced in the up-
sampling part to improve the quality of upsampling. Experimental results show that the algorithm achieves the mAP;, by
91.5% and the mAP:, 4 by 58.2% on the SHWD dataset, respectively. With an increase of only 0. 3 GFLOPS, the mAP;,
and mAP;, 4 of the algorithm increase by 2. 2% and 1. 3% than those of the YOLOv10n, respectively with an improvement
in detection performance.

Keywords: safety helmet wearing detection; YOLOv10n; Helmet-YOLO; SimC2f; dynamic selective attention; light-

weight dynamic upsampling
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