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Remote Sensing Image Object Detection Technology Based on Improved YOLO-V2 Algorithm

ZHANG Man, LI Jie,DING Rong-li,CHENG Hao-tian and SHEN Ji
Shanghai Aerospace Electronics Technology Research Institute, Shanghai 201109, China
Abstract Traditional method of remote sensing image object detection has the disadvantages of high time complexity and low
precision. How to detect specific targets in remote sensing images quickly and accurately has become a hot research topic. In order
to solve this problem, this paper improves the YOLO-V2 object detection algorithm,reduces the convolution layers and dimen-
sion,and combined with the ideal of feature pyramid to increase the detection features’ scale,so as to achieve the purpose of im-
proving detection accuracy. At the same time,a general processing framework of remote sensing image object detection algorithm
based on deep learning is presented to solve the problem that large remote sensing images cannot be directly processed. Compari-
son experiments on the DOTA dataset show that the improved YOLO-V2 algorithm has better accuracy and recall rate in 15 cate-
gories than the YOLO-V2 algorithm,and the mAP value is increased by 0. 12. In terms of time complexity,it is slightly lower
than the YOLO-V2 algorithm. Specifically,on 416 X416 image patches,the detection time of the improved YOLO-V2 algorithm is
reduced by 0.1 ms compared to the YOLO-V2 algorithm.
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Fig. 1 YOLO-V2 network structure
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Fig. 2 Algorithm processing framework
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Fig.3 Cropping diagram of remote sensing image
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Fig. 4 Diagram of feature pyramid network structure
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Fig.5 Diagram of multi-scale network structure
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Fig. 6 Dataset examples
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Table 1 Performance evaluation results comparison of object detection algorithm
%31 RS EREES AP
YOLO-V2 % # YOLO-V2 YOLO-V2 % # YOLO-V2 YOLO-V2 % # YOLO-V2
plane 0.928 0.947 0.775 0.995 0. 689 0. 844
baseball-diamond 0.853 0.900 0.7190. 0.989 0.620 0.819
bridge 0.879 0. 899 0.833 0.959 0.719 0.817
ground-track-field 0.506 0.658 0. 660 0.980 0.323 0.598
small-vehicle 0. 886 0. 886 0.911 0.983 0. 804 0. 805
large-vehicle 0.903 0.983 0.795 0.963 0.657 0.812
ship 0.916 0.915 0.873 0.974 0. 750 0. 832
tennis-court 0.872 0.914 0.776 0.993 0.665 0.792
basketball-court 0. 855 0.870 0.703 0.985 0.622 0.791
storage-tank 0. 870 0.897 0.908 0.988 0.791 0. 816
soccer-ball-field 0. 349 0.457 0.510 0.996 0.191 0.416
roundabout 0.795 0. 820 0.827 0.973 0.651 0.745
harbor 0.861 0. 880 0.736 0. 989 0.639 0.782
swimming-pool 0.893 0.915 0.635 0. 640 0.582 0.568
helicopter 0. 889 0.902 0.871 0. 994 0.738 0. 809
mAP — — — — 0.630 0. 750
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Table 2 Detection efficiency comparison of object detection algorithm
i# & H AR
%% Ll
416 X416  4000X4000
YOLO-V2 10. 17 ms 1.46s
% # YOLO-VZ  10.26ms 1.48s
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Detection results of raw remote sensing images
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