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Non-motor vehicle detection based on improved YOLOv3 network
YANG Zihui, JIANG Lei, REN Hongjuan
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[ Abstract] At present, the main body of traffic in china is mainly composed of motor vehicles, non— motor vehicles and
pedestrians, and non — motor vehicles account for a considerable proportion in daily traffic participation. With the continuous
breakthrough and upgrading of unmanned vehicle automatic driving technology and motor vehicle driving assistance technology, non
—motor vehicle detection has become an important part of road information acquisition. Due to the large number of non-motor
vehicles, small area in the video and easy to block each other, it is easy to detect inaccurate and missed detection.to solve this
problem. Based on the yolov3 algorithm, an improved model is proposed in this paper. By using the dual feature extraction network ,
the feature information fusion of the auxiliary network and the backbone network uses the attention mechanism to improve the
detection accuracy. The experimental results show that the improved model achieves better detection results than YOLOV3 in public
datasets, and the average detection accuracy is improved from 79.33% to 83.26%.
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Tab. 1 Comparison between optimized model and original network

model test result

Detection Algorithm P/ % R/ % mAP/ %
YOLOv3 79 82 79.33
Improved YOLOv3 83 85 83.26
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