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Subspace-based dictionary pair learning for

hyperspectral image classification

Wang Jinjia, Jiang Xue, Yang Zhongyu
(School of Information Science and Engineer, Yanshan University, Qinhuangdao, Hebei 066004 )
Abstract

In view of the problem of huge data amount from hyperspectra’ s high resolution and the mixed pixels problem
from the spatial resolution, a subspace-based dictionary pair learning ( DPL) algorithm, abbreviated to DPLsub al-
gorithm, was presented. The DPL algorithm is an improvement of the dictionary learning, which reflects the high
efficiency in pattern recognition through learning a synthesis dictionary and an analysis dictionary, while the sub-
space projection method better characterizes noise and highly mixed pixels. The fusion of spectra and spatial char-
acteristics was applied to the classification experiment, and two hyperspectral images were used as the experimental
data to compare the classification result of the DPLsub model with that of the other three classifiers of least squares
support vector machine (LS-SVM) , sparsemultinomial logistic regression (SMLR) and dictionary learning ( DL-
OMP). The experimental results verifies the feasibility and effectiveness of the proposed DPLsub algorithm in clas-
sification of hyperspectral images, and show that it outperforms other current algorithms in time and accuracy.

Key words: hyperspectral image classification, subspace projection, mixed pixels, dictionary pair learning

(DPL) , fusion features
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