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Abstract: Aiming at the common problems of mismatched classification scores and positioning accuracy, as well
as inaccurate calculation of Intersection over Union (IoU) in the process of remote sensing image rotation frame
positioning, this paper proposes a robust Single-stage Alignment Network (SAN). Firstly, alignment convolution is
adopted in the network to solve the problem of mismatched classification scores and positioning accuracy. Secondly, in
the process of network training, an elliptic loss function is introduced to convert the traditional calculation method of
positioning IoU into parameter representation calculation in the elliptic region. This method achieves average accuracy
of 74.3% and 89.0% respectively in experiments on the DOTA and HRSC2016 datasets, which is 13.2% and 15.5%
higher than the baseline method, and outperforms most of the state-of-art network models.

Key words: object detection; remote sensing images; convolutional neural network
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Fig. 1 Single-stage alignment detection network framework
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Fig. 2 Aligned convolutional network module
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Fig. 3 Process of calculating elliptic IoU
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Tab.1 Accuracy comparison of the proposed method with each

mainstream network
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Tab.2 Results using different algorithms
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Tab.3 Comparison of the proposed method with other loss functions
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Tab.4 Results of each method on the HRSC2016 dataset
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Fig. 4 Recognition results of some images
4 #5i2(Conclusion)
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