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Fig.1 Hyperspectral image and endmember spectra
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Fig.2 The hyperspectral classification workflow based on 3D-CAE
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Tab.1 Network composition and related parameter settings

1 B BRE B FHAE

FHIEZ e .
AN B/ B Rof

Conv3D-1 (1,1,7) 32 ReLU (1,1, 155, 32)
Conv3D-2 (1, 1,7) 16 ReLU (1,1, 148, 16)
Conv3D-3 (1,1,7) 8 Rel.U (1,1, 141, 8)
Conv3D-4 (1,1,7) 2 ReLU (1,1, 134, 2)

Flatten — — — 134x2
Dense-1 — 32 ReLlU 32
Dense-2 — 6 Softmax 6
Dense-3 — 162 RelLU 162
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Tab.2 Model prediction of the abundance from different

endmembers compared to the true values
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Fig.3 Comparison chart of classification results predicted by different models versus ground truth
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Tab.3 Comparison table of prediction
accuracy for different models
o
FERHE
3D-CAE-SVM 0.927 0.936 0.883 0.905 0.829
PCA-SVM 0912  0.928 0.854  0.884  0.796
MNF-SVM 0.895 0.913 0.847 0.873 0.779
FCLS-SVM 0.850 0.832 0.775 0.778 0.657

LAY W AR F1LA5S mlU

SVM 0916 0929 0.856 0.885  0.799
SAM 0.847 0.870 0.831  0.821  0.777
SID 0.712  0.652 0.771  0.625  0.513
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Fig.4 Trend chart of classification accuracy variation for

various models at different sampling rates
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A hyperspectral unmixing and few—shot classification
method based on 3DCAE network

HUANG Chuan', LI Yagin', QI Yueran®, WEI Xiaoyan’, SHAO Yuanzheng®
(1. School of Mathematics and Computer Science, Wuhan Polytechnic University , Wuhan 430023, China; 2. School of Geography and
Tourism, Anhui Normal University ,Wuhu 241001, China; 3. Yunnan Provincial Archives of Surveying and Mapping ( Yunnan
Provincial Geomatics Centre) , Kunming 650034, China; 4. Collaborative Innovation Center of
Geospatial Technology, Wuhan University, Wuhan 430079, China)

Abstract: The rapid development of hyperspectral remote sensing technology in China fully ensures the effective
application of large—scale surface feature classification. However, achieving high—precision classification under few—
spot conditions while fully leveraging hyperspectral spatial —spectral information remains challenging. This study
developed a 3D convolutional autoencoder (3D—CAE) network guided by physical constraints from mixed pixel
decomposition. This approach enables accurate estimation of endmember abundance while effectively expressing
regularized spatial—spectral features of hyperspectral data. In combination with a support vector machine (SVM)
classifier, the method achieves hyperspectral classification under few — spot conditions. The classification
performance of various models was evaluated at different sampling rates. To validate the proposed method, this study
conducted experiments including comparisons with traditional hyperspectral feature extraction and classification
methods, such as supervised classification approaches. The classification performance of various models was also
evaluated at different sampling rates. The experimental results demonstrate that the proposed hyperspectral
classification method has a significant advantage of accuracy, achieving a mean intersection over union ( mloU) of
0.829, which was close to 0.8 even at a low sampling rate of 1/200, surpassing its counterparts. These results
confirm that the proposed method exhibits robustness under few —spot conditions. This study provides a valuable
technical reference for addressing hyperspectral classification challenges under few—spot conditions.

Keywords: deep learning; hyperspectral imagery; classification; convolutional neural network ; unmixing
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