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Object detection algorithm for high resolution remote
sensing image based on YOLOv5
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[ Abstract] Aiming at the characteristics of dense distribution and large scale variation of objects in high-resolution remote sensing
images, an object detection algorithm R—-YOLOVS5 is proposed. On the basis of YOLOvVS model, the algorithm firstly introduces
Cross Stage Partial Dilated Network in the backbone network, which adopts an enhanced feature extraction method to alleviate the
problem of undetected dense distributed targets by integrating dilated convolution and dense connection. Secondly, in the bottleneck
part of the backbone network, the Transformer module is combined to enhance the expression of features and highlight the target
area. Finally, multi-scale feature fusion module is introduced to solve the inconsistency problem in multi—scale feature fusion to
improve the detection effect of the model. The experimental results on public remote sensing image detection dataset DIOR show that
the MAP of R-YOLOVS reaches 80.6% , which has good detection performance.
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Fig. 1 R-YOLOVS algorithm structure
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Fig. 2 Cross Stage Partial Dilated module
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Fig. 3 Transformer bottleneck module
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Fig. 4 Multi—scale feature fusion module
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Fig. 5 R-YOLOVS algorithm flowchart
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Tab. 1 Results on Dior dataset %

METHOD Faster—RCNN SSD RetinaNet  YOLOv4 ~ YOLOX R-YOLOv5
Expressway service area 65 64 90 89 80 93
Basketball court 71 76 90 87 89 92
Tennis court 77 76 87 88 90 92
golffield 70 65 85 74 72 86
Ground track field 62 69 83 82 81 88
Stadium 94 61 81 70 74 80
Chimney 89 66 81 80 76 82
Airport 68 72 79 80 71 92
Dam 59 57 75 70 61 81
Baseball field 92 72 74 85 84 81
Wind mill 44 66 70 83 89 92
Airplane 91 60 68 73 85 84
Trainstation 40 55 61 63 48 75
Expressway toll station 55 53 59 71 71 83
Harbor 54 49 59 63 52 67
Overpass 51 48 57 62 61 66
Ship 21 59 47 85 88 91
bridge 22 30 37 44 44 55
Storagetank 73 47 34 63 70 76
Vehicle 30 27 21 44 49 58
MAP 61.58 58 66.92 72.69 71.7 80.6
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Fig. 6 R-YOLOVS5 detection result
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