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Hyperspectral Image Target Classification and Segmentation Method

Based on Multi-task Learning
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Abstract: Hyperspectral images have rich spectral and spatial features. Traditional hyperspectral image classification

methods based on convolutional neural networks can only complete a single task and lack generalization ability for other

tasks. In this paper, a multi-task learning hyperspectral image classification and segmentation method is proposed to achieve

different tasks by sharing a unified network. The framework uses a shared encoder to efficiently extract multi-scale features,

while introducing spectral attention in the backbone network to achieve joint extraction of spatial and spectral features, and u-

ses two task-specific decoders to obtain results for different tasks. The proposed method performs comparative experiments of

two tasks on hyperspectral image datasets. The results show that compared with other methods, the proposed multi-task

learning method achieves the best performance.
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