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Fig.2 Obtaining super pixel level features
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Tab.1 Comparison of classification accuracy of Indian Pines data set (%)
SR SVM PCA LDA BG - SuperPCA S3 - PCA SuperPCA ARIE S
0A 85.23 83.52 84.74 87.35 94.62 93.56 98.26
AA 83.51 84.69 82.34 88.10 95.39 94.37 97.63
Kappa 2%k 83.62 82.69 83.08 87.96 95.10 94.50 98. 65
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Fig.7 Classification results of data set of University of Pavia
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Tab.2 Comparison of classification accuracy of University of Pavia data set (%)
TEhR SVM PCA LDA BG — SuperPCA S3 - PCA SuperPCA RICHE
OA 86.39 84.45 86.75 89.35 96.34 95.20 97.68
AA 85.78 86.12 86.10 88.36 95.56 94.85 98.45
Kappa Z%¢ 84.23 84.55 85.19 88.67 95.78 94.03 98. 66
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Hyperspectral image classification based on superpixel
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Abstract: Superpixel segmentation — based image processing has been extensively used for the classification of
hyperspectral images ( HSI) in recent years. However, it fails to fully extract the HSI information at a single scale,
and its classification process highly depends on parameters. Given the insufficient spatial information utilization by
the superpixel segmentation — based HSI classification technology, this study proposed an HSI classification method
that combines the superpixel segmentation method and the extended multi — attribute profile ( EMAP) method.
First, the superpixel segmentation and EMAP methods were employed to extract superpixel — level and pixel — level
HSI features, respectively. By fusing the two types of features, the resulting images displayed complete HSI
structural characteristics. To eliminate information redundancy, the fused images were subjected to spectral filtering
through the recursive filtering method. Finally, the features were input to the support vector machine (SVM) for
pixel tag determination. Experiments on the Indian Pines and University of Pavia datasets analyzed the effects of
parameter variations on classification accuracy. Compared with the S3 — PCA algorithm, the method proposed in
this study exhibited superior classification accuracy and Kappa coefficient, which were improved by 3.55 and 2. 88
percentage points, respectively.

Keywords: hyperspectral image classification; information fusion; feature extraction; superpixel segmentation
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