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Deformable convolution system for the detection of workers' safety
helmets using YOLOVS
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School of Computer and Information Engineering, Tianjin Chengjian University, Tianjin 300384, China

Abstract: The complex environment of construction sites presents a huge challenge for detecting unsafe behaviors among
workers. In order to accurately identify the wear of helmets for workers in complex construction environments, and effec-
tively reduce the incidence of safety accidents, a detection algorithm based on deformable convolution for the identifica-
tion of safety helmets worn by workers is proposed. The algorithm fuses deformable convolutional modules in the YO-
LOv8 backbone network part, alleviating the limitations of traditional standard convolution layers, which rely on fixed
geometric structures for feature extraction. This enhancement improves the model's ability to analyze and identify com-
plex construction environments. By employing image geometric transformations and pixel-level processing, the algorithm
enriches the number of training samples, thereby enhancing the generalization capability of the detection model across
various site scenarios. The algorithm is deployed on the Jetson TX2, and the target detection software is developed to fa-
cilitate on-site detection of the actual construction site environment. The results indicate that the model can effectively de-
tect unsafe behaviors among workers in complex construction environments, achieving a recognition accuracy of 95.2%
on a standard dataset. Furthermore, the model demonstrates robustness and can be applied across various construction
sites.
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