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Abstract : Aiming at low efficiency and a high error rate of safety helmet detectionin substations by the traditional manual video
detection method, a helmet detection method based on the improved high-precision Faster-RCNN is proposed. Firstly, the feature
pyramid network module is introduced into the RPN backbone network, so that the representation ability of shallow semantic
information and deep semantic information are enhanced. Secondly, the K-Means++ clustering algorithm is introduced to
improve the anchor parameters, so that the ability to detect small targets is enhanced.And then, Rol pooling is replaced by ROI
Align to eliminate the quantization error and the mapping deviation between original image and feature map, thereby improving
the detection accuracy. Finally, the open source dataset of safety helmet is used to train and test the improved network, and
the model is combined with YOLOv3, RFBnet and traditional Faster-RCNN. The results show that compared with RFBnet,
YOLOvV3 and traditional Faster-RCNN models, the improved Faster-RCNN increases the mAP value by 6.81%, 9.57% and
5.09% , which reaches 92.43%, and the detection speed is 18 frame/s,which can enhance the high-precision recognition ability
of safety helmets in substations.
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