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ABSTRACT: To address the problem of weak feature information of small objects in remote
sensing image object detection tasks, a small-object detection algorithm for remote sensing imag—
es was proposed based on the dual-layer attention mechanism of channel and spatial features. The
algorithm was based on YOLOv8n and integrated dual-layer feature information from both the
channel and space. While amplifying cross—dimensional interactions, it focused on detecting the
key area information of the feature map. Therefore, the ability to detect small objects was en-
hanced. Meanwhile, by improving the regression loss function and combining the focus loss func-
tion and weight intersection ratio loss function, the problem of imbalanced samples being diffi-
cult to classify correctly during the training process was solved, and the similarity between object

boxes was more accurately measured. Thereby, the accuracy and stability of the algorithm’ s de-
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tection of object position and size were further improved. On the engineering vehicle remote sens-
ing data set, the mAP@0.5 and the mAP@0.5 : 0.95 of the proposed algorithm was 3.6% and
2.9% higher than that of YOLOv8n respectively. On the NWPU VHR-10 data set, the mAP@
0.5 of the proposed algorithm was 1.6% higher than that of YOLOvV8n, however, the mAP@0.5:

0.95 was slightly lower. The results of ablation experiments on two data sets showed that the pro-

posed algorithm can accurately identify small objects in images, and the confidence level of object

detection significantly increases compared to that of the original model, proving the effectiveness

of the improvement measures.
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Fig. 1 Overall network diagram of improved model
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Fig. 2 Dual-layer attention structure model
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Tab.1 Results of comparative experiments of

algorithm performance
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