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An Improved YOLO V3 Object Detection

XU Rong, QIU Xiao—-hui
(School of Telecommunications & Information Engineering, Nanjing University of

Posts and Telecommunications , Nanjing 210003 , China )

Abstract; Object detection is a hot and popular research direction in the field of computer vision, which is widely used in the fields of
national defense,security and medical security. However,the detection accuracy of small targets is not high. To solve this problem, we
propose an improved method based on YOLO V3 network model, which improves the detection accuracy of the whole network by
enhancing the detection accuracy of small targets. Because the small target occupies very few pixels in the image, the features extracted
after the multi—layer convolution are not obvious. The improved method enhances the shallow feature information by convolving the
feature maps of the original network model by two times down sampling onto the input ends of the second and third residual blocks re-
spectively. In addition,the RFB module is connected after the first 8 times down sampling feature map to enhance the feature extraction
ability. The improved network is compared with the original network on the PASCAL VOC data set. The results show that the improved
network effectively improves the detection accuracy of small targets.
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