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Remote sensing image detection algorithm based on selective fusion
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Abstract; The detection of remote sensing images has a wide range of applications in monitoring the natu-
ral environment, military, homeland security and so on,while remote sensing images have the disadvanta-
ges of complex background,small target area and difficulty in character extraction. In this paper,a remote
sensing image detection algorithm based on selective fusion of multi-scale features is proposed. The pro-
posed algorithm uses the improved Resnet50 as the backbone network,replaces the first convolution of
the Resnet50 with dynamic convolution,and replaces the convolution in the ConvBlock module with pyr-
amid convolution to improve feature extraction capability. At the same time,in order to avoid missing the
underlying information, the proposed effective spatial channel attention mechanism module is added after
the dynamic convolution layer. Finally, the different scale features based on context information are se-
lected to fuse and improve the model's ability to locate the target object. The experimental results show
that the algorithm improves the detection accuracy of remote sensing images while ensuring speed, and
the mean average precision (mAP) reaches 91. 88% and 90. 23% , respectively, on the remote sensing
image disclosure data set RSOD and NWPUVHR-10,and thedetection speed reaches 33 FPS,
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Fig. 5 A context-based information fusion module
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Tab. 1 Data set RSOD target size statistics table

Scales

. 0-10 10-40 40-100 100-300 300-500 >500
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Width 0 0.21 0.53 0.22 0.023 0.007
Height 0 0. 27 0.49 0.18 0.003 0.007
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Tab.2 Data set NWPUVHR-10 target size statistics table
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Tab.3 The categories and number of small
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Fig. 6 Example of a dataset
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Tab.4 Comparative experiments on NWPUVHR-10 datasets by different algorithms

AP/ %

Targjz\tPand ) < Mask  RFBNet . < < Improved
m Faster-RCNN - p N 300 YOLOv4  Sig-NMS RICAOD YOLO-RS YOLOX-S algorithm
Plane 82.8 93.2 97.2 94.9 90. 8 99.7 98.9 86. 3 99.91

Warship 77.5 75.5 77.4 78.6 80.5 90. 8 86. 6 84.7 88.02
Oil tank 52.5 92.9 59.8 95.4 59.2 90. 6 94.3 91.2 98.79
Baseball field 96. 3 90. 4 97.7 98.3 90. 8 92.9 97.3 90. 3 98. 90
Tennis court 62.9 90. 3 81.6 88.2 80.9 90. 3 83.9 79.6 96. 26
Basketball field ~ 68.8 91.2 93.8 67.5 90. 9 80.3 71.7 75.9 50. 77
Athletics field 98. 4 95.2 96. 5 99.3 99.3 90. 8 97.7 90.7 99. 98
Port 82.5 75.2 98.5 80.7 90. 3 80.3 84.1 86.3 99. 99
Bridge 78.8 60. 6 97.6 95.9 67.8 68.5 62.3 88.2 90.13
Vehicle 63.8 74.2 55.2 67.7 78.1 87.1 86.9 91.3 79.06
mAP/ % 76.4 83.9 85.5 86.7 82.9 87.1 86.1 86. 4 90. 2
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Tab.5 Ablation experiment

Method gréi)ice):gg atgi(;‘t?on FPN ()il/ Ot/z;nk Play/%zound P/l;%le ()V;ﬂ%ass MmAP SES;SC/%‘(;JHS
1 X X X 88.35 86. 94 87. 38 56. 34 79.75 55
2 N X X 95.47 92.62 89.01 64.62 85.43 35
3 N J X 98. 54 93.52 90. 98 69. 07 88.02 35
4 N/ N N 99. 83 95.75 94. 17 77.15 91. 88 33
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(a) Method 1 (b) Method 2

(c) Methd 3

(d) Method 4
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Fig.7 The ablation experiment detects picture visualization in different ways
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