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Hyperspectral Remote Sensing Data Classification Method
Based on Sparse Non-negative Least-squares Coding
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Abstract; In order to improve the classification accuracy and reduce computation complexity, a
hyperspectral remote sensing data classification method based on sparse non-negative least-squares coding
was proposed. By adopting non-negative least-squares, the test samples were expressed as a linear
combination of training samples, and the obtained coefficients were used as its feature vector. As a result
of the non-negative constraint, the feature vectors were sparse, which can not only improve the efficiency
of the proposed algorithm, but also enhance the discrimination performance of algorithm. At last, the
minimizing residual was used to classify the test samples. The experimental verifications of the proposed
method were carried out on AVIRIS Indian Pines and Salinas Valley hyperspectral remote sensing data,
the classification accuracies of the proposed method were 85.31% and 99.56% , and the Kappa
coefficients were 0. 816 3 and 0.986 7, respectively. The proposed method was compared with PCA,
SVM and SRC in terms of classification accuracy and Kappa coefficients on two databases, experiment
results showed that the proposed method was superior to PCA, SVM and SRC. The proposed approach
was valuable for hyperspectral data classification with low computational cost and high classification
accuracy, it was a better method of hyperspectral remote sensing data classification.
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Fig. 1 Indian Pines data and ground truth value
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Tab.1 Sample distribution of Indian Pines

hyperspectral imaging

50 EA FEA BB
1 Alfalfa 46
2 Corn-notill 1428
3 Corn-mintill 830
4 Corn 237
5 Grass-pasture 483
6 Grass-trees 730
7 Grass-pasture-mowed 28
8 Hay-windrowed 478
9 Oats 20
10 Soybean-notill 972
11 Soybean-mintill 2 455
12 Soybean-clean 593
13 Wheat 205
14 Woods 1265
15 Buildings-grass-trees-drives 386
16 Stone-steel-towers 93
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Fig.2 Statistics number of non-zero coding for

testing samples
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Tab.2 Classification performance comparison of

algorithms in Indian Pines hyperspectral imaging
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Fig.3 Salinas Valley data and ground truth value
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Tab.3 Sample distribution of Salinas Valley

hyperspectral imaging

25 Ak FEA B
1 Brocoli_green_weeds_1 391
2 Corn_senesced_green_weeds 1343
3 Lettuce_romaine_4wk 616
4 Lettuce_romaine_5wk 1525
5 Lettuce_romaine_6wk 674
6 Lettuce_romaine_7wk 799
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Tab.4 Classification performance comparison of

algorithms in Salinas Valley hyperspectral imaging
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