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A multi-label classification algorithm for hyperspectral image based on deep learning
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2.College of Computer Science and Electronic Engineering, Hunan University, Changsha 410082, China)

Abstract; A multi-label classification algorithm was proposed for hyperspectral images based on deep learning.

The deep features of each pixel were extracted by the Stacked Denoising Auto-Encoder ( SDAE) method of

deep learning, which could effectively represent the nonlinear mixed pixels in a high-dimensional feature

space. In addition, a multi-label logical regression method was used to predict and assign multiple class labels

for each pixel. The experimental results on the synthetic and actual hyperspectral image datasets show that the

proposed algorithm can accurately assign multiple class labels to the pixels of hyperspectral images.
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Fig.1 SDAE-based feature encoding for hyper-spec-

tral images
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Fig.2 SDAE-based feature training for hyper-spec-

tral images
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Fig.5 Accuracy comparison of label classification of-

synthesized hyperspectral image datasets
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synthesized hyperspectral image datasets
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Tab.2 Comparison of label classification results of real

hyperspectral image datasets
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