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Fig. 10 Results of comparative experiments
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Helmet Detection Based on YOLO-CDF Neural Network

ZHANG Xue-feng, WANG Zi-qi, TANG Ya-ling

(School of Computer Science and Technology, Anhui University of Technology, Anhui Maanshan 243000, China)

Abstract; In order to solve the problem of low accuracy and poor adaptability of helmet detection, the author
proposed an improved helmet detection method based on YOLOv3 network. Aiming at ensuring the accuracy of
helmet detection and increasing the attention to the helmet in the picture, this method used attention mechanism to
enhance the spatial information and semantic information extracted from the picture, and reduced the loss of image
details. And then the author used deformable convolution to adapt to the variety of human posture, enhance the
adaptability of the model to the target, and reduce a few of training samples. In the end, the author changes the
size of output feature map and the shallow network features are integrated to improve the recognition rate of small
targets such as human head. The self-made HELMET dataset is used to train and test the method, and the
comparative experiments show that compared with other detection methods, this method can extract more target
features, achieve higher mean average accuracy, and has better adaptability in practical application.

Key words: safety helmet detection; attention mechanism; deformable convolution; feature map
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