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Abstract

In recent years, deep learning-based hyperspectral unmixing techniques have gained increasing
attention and made significant strides. However, relying solely on the Transformer approach falls
short in effectively capturing both global and fine-grained information, thereby impacting the ac-
curacy of unmixing tasks. To fully harness the information embedded in hyperspectral images,
this study explores a network called PCTU-Net, which deepens the network and extracts image
detail features through pooling operations, synergizing with the Transformer for hyperspectral
image unmixing. PCTU-Net end-to-end learns both global and local information to achieve more
effective unmixing. The network comprises two core modules: a multi-scale pooling module, con-
sisting of max-pooling, stripe pooling, and average pooling operations, and a Transformer encod-
er, which includes embedding layers, self-attention modules, linear layers, and multi-layer per-
ceptron. This research extensively evaluates PCTU-Net and six other hyperspectral unmixing me-
thods on three datasets (Samson, Apex, and Synthetic datasets). The experimental results robustly
demonstrate that the proposed approach outperforms others in terms of accuracy, showcasing its
potential for effectively addressing hyperspectral unmixing tasks.
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Figure 1. PCTU-Net structure diagram
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Figure 2. Multi scale pooling process
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Figure 3. The comparison chart of RMSE values in the Samson dataset
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Figure 4. The comparison chart of SAD values in the Samson dataset
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Figure 5. The comparison chart of RMSE values in the Apex dataset
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Figure 7. The comparison chart of RMSE values in the synthesized dataset
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Figure 8. The comparison chart of SAD values in the synthesized dataset
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Figure 9. Visual comparison chart of Samson dataset obtained through different abundance unmixing techniques
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Figure 10. Visual comparison chart of Apex datasets obtained through different abundance unmixing techniques
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Figure 11. Visual comparison chart of synthesized datasets obtained through different abundance unmixing techniques
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Figure 12. Visual comparison chart of Samson dataset obtained through different end member unmixing techniques
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Figure 13. Visual comparison chart of Apex datasets obtained through different end member unmixing techniques
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Figure 14. Visual comparison chart of synthesized datasets obtained through different end member unmixing techniques
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