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Aerial Scene Classification by Fusion of Dual-branch Attention and FasterNet *

YANG Ben-Chen, QU Ye-Tian, JIN Hai-Bo '
(Software College, Liaoning University of Engineering and Technology, Huludao 125105, China)

%

Abstract: The scenes in high-resolution aerial images are of many‘highly similar categories. The classic classification
method based on deep learning offers low operational efficiency because of the redundant floating-point operations
generated in the feature extraction proeess. FasterNet improves the operational efficiency through partial convolution but
reduces the feature extraction ability and hence the classification accuracy of the model. To address the above problems,
this study proposes a hybrid ;tructure classification method integrating FasterNet and the attention mechanism.
Specifically, the “cross-shaped convolution module” is used to partially extract scene features and thereby improve the
operational efficiency of the model. Then, a dual-branch attention mechanism that integrates coordinate attention and
channel attention is used to enable the model to better extract features. Finally, a residual connection is made between the
“cross-shaped convolution module” and the dual-branch attention module so that more task-related features can be
obtained from network training, thereby reducing operational costs and improving operational efficiency in addition to
improving classification accuracy. The experimental results show that compared with the existing classification models

based on deep learning, the proposed method has a short inference time and high accuracy. Its number of parameters is
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19M, and its average inference time for one image is 7.1 ms. The classification accuracy of the proposed method on the
public datasets NWPU-RESISC45, EuroSAT, VArcGIS (10%), and VArcGIS (20%) is 96.12%, 98.64%, 95.42%, and
97.87%, respectively, which is 2.06%, 0.77%, 1.34%, and 0.65% higher than that of the FasterNet model, respectively.

Key words: remote sensing scene; image classification; attention mechanism; residual connection; FasterNet
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