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Remote Sensing Image Target Detection Based on Hybrid Attention and Dynamic Sampling

CAI Qing, WANG Jing-Yu, LIANG Hong-Tao
(School of Information Science and Technology, Qingdao University of Science & Technology, Qingdao 266061 , China)

Abstract: Ineffective object recognition models occur in remote sensing images through complex background
interference and dense target integration. To this end, this study improves the YOLOvSs object output model. First, a
mixed attention menu is utilized to improve the convolutional attention model (CBAM) and add it to backbone networks.
Accordingly, the extracted features of the model contain local and global information to enhance the model’s ability to
identify targets in complex backgrounds. Then the study uses the ultra-light sampler DySample to reduce model
parameters and improve model performance. Finally, the study employs the EIoU loss function to improve the positioning
level of the target to be detected. Experimental verification of RSOD and DIOR data sets shows that the improved
YOLOVSs has a 7.8% higher accuracy than the original model in detecting targets in remote sensing images, meeting the
real-time detection requirements of targets in remote sensing images. In addition, the improved model retains the
advantages it has in comparison to other object recognition models.
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AP (%
R aircraft oiltank : ozzerpass playground mAP (%) APs (%) Params (M)
YOLOVS-S 96.02 98.38 86.92 100 97.36 45.6 11.2
YOLOvV7 97.36 98.42 84.62 100 95.10 41.7 36.90
ARST-YOLOV7 96.82 97.91 86.45 99.68 97.30 42.9 78.80
YOLOX-S 96.37 98.19 83.78 100 94.58 40.2 8.93
CWAF-YOLOX 97.01 98.42 90.39 100 97.75 453 9.94
YOLOVS5s 95.74 98.18 80.32 99.28 95.30 373 7.20
GC-YOLOVS 95.37 97.56 82.61 100 92.30 41.0 11.37
Faster R-CNN 81.78 97.69 93.28 100 93.19 11.6 136.71
IF-RCNN 84.49 95.78 92.61 99 89.64 37.7 145.48
M2Det 88.11 97.87 94.01 100 95.00 14.7 86.50
FCOS 93.95 98.81 85.06 100 94.45 314 51.0
Ours 98.60 98.49 95.91 99.40 98.10 45.1 7.47
F 4 AFEAIVESE DIOR U5 TERE (%)
P
B airplane chimney harbor overpass ship storagetank vehicle windmill mAP APs
YOLOVS-S 91.24 85.92 70.15 69.01 93.61 80.49 71.27 84.74 76.49 13.7
YOLOvV7 90.57 78.31 65.64 61.84 91.04 79.98 56.03 82.03 72.76 11.7
ARST-YOLOV7 91.56 82.81 71.34 65.21 91.85 82.12 73.46 84.81 75.31 12.6
YOLOX-S 83.49 76.83 63.19 58.59 89.82 72.93 52.74 78.79 70.91 11.2
CWAF-YOLOX 84.92 81.67 70.56 59.73 89.23 78.71 77.21 81.23 73.98 13.6
YOLOVS5s 86.55 77.91 59.46 57.98 89.30 75.24 52.23 75.10 69.23 11.9
GC-YOLOV5 90.23 70.39 56.89 57.82 87.49 76.48 53.89 75.67 69.52 10.5
Faster R-CNN 58.29 76.27 54.80 53.52 27.13 33.91 17.04 59.65 57.94 1.3
IF-RCNN 68.47 78.45 69.42 67.21 84.67 65.39 55.37 70.49 70.25 8.2
M2Det 72.25 77.49 55.06 51.59 52.34 44.43 28.17 65.66 59.94 4.1
FCOS 87.91 80.44 62.68 58.94 87.09 73.02 49.01 80.35 71.57 11.8
Ours 94.52 92.44 71.05 68.47 94.24 86.05 78.81 83.91 77.18 12.7
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