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[Abstract] In industrial production, wearing a helmet is an important measure for the head safety of
construction personnel. According to the characteristics of non—standard helmet wearing, numerous equipment
and intensive personnel work, the helmet wearing detection algorithm based on YOLOv8n model is designed.
The algorithm calibration pyramid network (Re—CalibrationFPN) to improve the neck network of the original
model, Add a small target feature information layer, Strengthening the ability of the model to interact between
the deep and shallow layers, Thus increasing the accuracy of the model detection; Also using a lightweight test
head LSD (Lightweight Shared Detection Head), By reducing the number of model parameters and the
computation by using shared convolution, Make the model easy to install and deploy to terminals; Combining
the thought improvement loss function using Wise—IoU and Powerful-IoU v 2, Introducing new punishment
mechanism measures, Improve the ability of the model to handle complex samples. The experimental results
show that the improved RCLS—YOLOvV8 model reduced P by 0.2% on the public data set SHWD (Safety
Helmet Wearing Dataset), and R and mAP @ 0.5 increased by 3.9% and 2.9%, respectively, which can meet the
detection and deployment requirements.
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