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Remote sensing image object detection with attention mechanism
WANG Guangchuan, ZHAO Shouwei

(School of Mathematics, Physics and Statistics, Shanghai University of Engineering Science, Shanghai 201620, China)

Abstract: In view of the complex imaging conditions of optical remote sensing images, the variability of object angles, and the
characteristics of easy missed detection and false detection, based on the YOLOv8n object detection algorithm, an improved remote
sensing image object detection algorithm based on YOLOvVS8n is proposed to improve the performance of remote sensing image object
detection. Firstly, the SimAM attention mechanism module is integrated into the backbone network to improve the quality of the
feature map of the backbone network. Secondly, the EC-DCAM attention mechanism module is constructed by combining the ECA
attention mechanism and the dilated convolution, and is integrated into the output stage of the neck network to improve the network’
s ability to learn multi—scale features. Finally, the WIoU loss function is used to replace the CloU loss function for dynamic loss
calculation. The improved algorithm was tested on the DIOR dataset and MAR20 dataset, and the accuracy rate on the DIOR dataset
increased by 1.3% to 74. 7% ; on the MAR20 dataset, the accuracy rate increased by 3. 8% to 87.2%. At the same time, the
number of parameters and computational complexity of the improved algorithm were almost unchanged. The experimental results
verify the effectiveness of the method.
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Fig. 1 ECA module structure diagram
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Fig. 2 Structure of EC-DCAM module
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Table 1 Experimental environment
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Table 2 Experiment on EC-DCAM module of DIOR dataset

GIRPRTETR mAP50/% SHE/M FLOPs/G
FELRARY 73.4 3.015 6.375
+CBAM 73.8 3.026 6.378
+ECA+SAM 74.0 3.015 6.377
+ECA-DCAM 74.3 3.015 6.377
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Table 3 Ablation experiments on DIOR dataset

Bk mAP50/% mAP75/% Z¥i/M  FLOPs/G
YOLOv8n 73.4 58.5 3.015 6.375
+SimAM 74.3 60. 1 3.015 6.375
+EC-DCAM ~ 74.3 58.5 3.015 6.377
+WIoU 74.2 58.6 3.015 6.375
E GRS 74.7 59.0 3.015 6.377

F4 MAR20 HIE&EH RSN
Table 4 Ablation experiments on MAR20 dataset

Bk mAP50/% mwAP75/% ZBHE/M  FLOPs/G
YOLOv8n 83.4 77.6 3.015 6.375
ARSI 87.2 80.9 3.015 6.377
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Fig. 4 Loss variation of MAR20 dataset
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