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Abstract: A real-time detection algorithm for construction site safety helmets based on improved YOLOvS is proposed to address the problem
of difficulty in identifying occluded targets and the presence of dense small targets in construction site safety helmet detection. Firstly, the
RVBS module is used to replace some Conv modules in the feature extraction network , which enhances the network’s feature extraction capa-
bility through a multi branch structure and information loss free downsampling operation, facilitating the detection of dense small targets; Sec-
ondly, the RepNCSSPELAN4 module is used to replace all C2f modules in the feature fusion network, enabling the model to more effectively
fuse shallow and deep features, thereby improving the detection of occluded targets; Again, adding a small target detection layer to further in-
tegrate multi—scale features and enhance the detection capability for small targets; Finally, the WloU v1 loss function is used instead of the
original CloU loss function to accelerate model convergence and improve regression accuracy. The experimental results show that the improved
YOLOv8 algorithm performs well on the SHWD dataset mAP@0.5 and mAP@0.5 0.95 improved the original algorithm by 2.8% and 3.2% re-
spectively, with a detection time of 25.7 ms per image. Compared with other mainstream algorithms, the improved algorithm mAP@0.5 high-
est. The proposed algorithm can effectively detect densely occluded small targets and has high application value.
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Fig. 9 Improved YOLOVS network structure
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Fig. 10 P-R curve of some algorithms
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Fig. 11 P-R curves of ablation experiments
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Fig. 14 Comparison of detection results of YOLOVS algorithm before and after improvement
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