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A Deep Network Hyperspectral Unmixing Method with
Global Spatial Feature Extraction
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Abstract: Aiming at the current situation that the existing hyperspectral unmixing methods do not extract
enough global context information, and the fusion between spectral and spatial features could also lose
global information, which will lead to inaccurate land surface information, a method using a double-branch
network to improve the unmixing performance was proposed in this paper. The unmixing task had been
completed by this method through three modules. Firstly, the Swin Transformer was used to model the

global spatial context information in the spatial feature extraction module. Then, the model was fused
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with the spectral information extracted by the spectral module constructed by 3D convolution. Finally, the
spectral spatial self-attention residual module was used to analyze the spectral spatial features. The pro-
posed method was verified by four elements of soil, tree, water and road on the same hyperspectral data
set, and compared with the experimental data of five methods: DAEU, CyCU-Net, DeepTeans, MSNet
and DAAN. On the Samson dataset, the proposed method had an average increase of 18.31% in abun-
dance estimation and 2. 00% in endmember extraction compared with the above five methods. On the Jas-
per Ridge dataset, the average increase was 2. 70% in abundance estimation and 8. 24 % in endmember ex-
traction.
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