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[ Abstract] Speckle noise exists in synthetic aperture radar (SAR) images and the number of available samples is small, which
makes feature extraction difficultl. In order to extract more representational features, dilated graph convolutional network for SAR
image classification is proposed. The network constructs a new residual dilated graph convolutional module (RDGC). RDGC module
is a graph structure with three different expansion rates. It extracts the features with different receptive fields through convolution and
adjusts the size of receptive fields to adapt to feature information of different scales. On this basis, multiple RDGC modules are
superimposed, and the output of each RDGC module is fused to extract more details. Finally, the coarse features of SAR images are
added to them to form global residual connection, and the low—level spatial features are integrated into the high—level semantic
features to further supplement details and avoid feature loss and gradient disappearance. Experiments are carried out on two groups of
real SAR images, and a variety of algorithms are used for comparison and quantitative analysis. The experimental results verify the
effectiveness of the improved network in SAR image classification.
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Fig. 1 The network model architecture of this paper
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Fig. 2 Neighbor nodes at different dilated rates
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Fig. 3 Residual dilated graph convolutional module
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Fig. 4 The images and the corresponding ground truth
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Tab. 2 Classification results of different algorithms on Flevoland

Ry ACEP: MSGCN  AGCN  GCN  PSPNet ResNetl8
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Fig. 5 Visual results of different algorithms on Flevoland
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Fig. 6 Visual results of different algorithms on San Francisco—Bay
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