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Application of YOLOv3 in Safety Helmet Wearing Detection

MA Xiaolu, WANG Mingming, WANG Bing
(School of Electrical and Information Engineering, Anhui University of Technology, Ma’ anshan, Anhui 243002, China)

Abstract: In view of the complex construction site environment and the problems of the YOLOv3 hel-
met wearing detection algorithm such as low accuracy and poor robustness, an improved YOLOv3 helmet
wearing detection algorithm was proposed. The K-means algorithm was used to cluster out anchor boxes,
s0 as to improve the network output scales. The residual block was introduced at the output to form a re-
sidual module; at the same time, the classification loss function was improved to balance the influence
of positive and negative samples and difficult and easy samples on the model. In order to verify the ef-
fectiveness of the method, it was verified on the NVIDIA GTX1660Ti. The experimental results show
that the mAP of the improved YOLOv3 helmet wearing detection algorithm increase by 4. 84% , the de-

tection ability of occluded targets and small targets is improved, and the model has strong robustness.
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Fig. 6 Data set annotation

<annotation>
<folder>data_set</folder>
<filename>0001.jpg</filename>
<path>/home/alien/5EMH /data_set/0001.jpg</path>
<source>
<database>Unknown</database>
</source>
<size>
<width>1000</width>
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<height>762</height>
<depth>3</depth>
</size>
<segmented>0</segmented>
<object>
<pose>Unspecified</pose>
<truncated>0</truncated>
<difficult>0</difficult>
<bndbox>
<xmin>334</xmin>
<ymin>15</ymin>
<xmax>630</xmax>
<ymax>370</ymax>
</bndbox>
</object>
</annotation>
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Fig. 7 Label information
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