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Hyperspectral image classification based on
spectral-spatial combination features and graph cut

YOU Yaping' ° CHENG Yun® SU Songzhi' > CAO Donglin' * LI Shaozi'

( 1. School of Information Science and Technology Xiamen University ~Xiamen 361005 China; 2 .Department of Information Science
and Engineering Hunan University of Humanities Science and Technology Loudi 417000 China; 3. Fujian Key Laboratory of the
Brain-Like Intelligent Systems Xiamen 361005 China)

Abstract: The high-dimension of the feature vs. small-size of training set is an unsolved problem in the hyperspectral
image classification task. To solve this problem a two-step classification method is proposed. Firstly a preliminary
classification is performed by the support vector machine ( SVM) and the classification results are used to calculate
the mean feature ( MF) of each class. Secondly a classification based on the graph cut theory is applied with the MFs
as an input of the energy function. The experimental results showed that spatially nearby pixels have large possibilities
of having the same label and similar features. Therefore a new feature called spectral-spatial combination ( SSC) is
extracted that combines the spectral-based feature and spatial-based feature. The SSC feature contains the related
spectral and spatial information of each pixel and provides better classification performance and robustness. Experi—
ment results on the Indian Pine dataset and the Pavia University dataset demonstrated the effectiveness of the pro—
posed method.
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Table 1 Information about the Indian Pine data set

1 Corn-notill 255 255 0
2 Com-mintill 02550

3 Grass-pasture 184 92 0

4 Grass-rees 192 192 192
5 Hay-windowed 255 102 0
6 Soybean—notill 255 00

7 Soybean-mintill 200 100 200
8 Soybean-clean 0 255 255
9 Woods 85 100 255

2 Pavia University

Table 2 Information about the PaviaU data set

1 Asphalt 192 192 192
2 Meadows 02550
3 Gravel 0 255 255
4 Trees 0128 0
5 Metal Sheets 255 0 255
6 Soil 165 82 41
7 Bitumen 128 0 128
8 Bricks 25500
9 Shadow 255 255 0
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Fig.2 Classification results with different training sizes
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5 Pavia University
Fig.5 Classification results of the Pavia University da—
ta set by different methods
3 Indian Pine k
Table 3 Overall accuracy and Kappa coefficient of the In—

4 Indian Pine dian Pine

Fig.4 Classification results of the Indian Pine data set

by different methods SVM SSC/SVM  SVM/GC  SSC/SVMGC

0.7329 0.750 6 0.805 8 0.869 1
K 0.693 0 0.713 8 0.772 6 0.8479
4 Pavia University K

Table 4 Overall accuracy and Kappa coefficient of the

Pavia University

SVM SSC/SVM  SVM/GC  SSC/SVMGC

0.834 8 0.906 4 0.886 3 0.967 2
K 0.7873 0.878 4 0.8517 0.956 6
GC
610340  Pavia University
SVM 2891s GC
6.03 s 6%
5 50x9  Indian Pine (kg =0.8)

Table 5 Producer’s Accuracy and User’s Accuracy of the Indian Pine with 50 training samples per class( %, =0.8)

(Class SVM SSC/SVM SVM/GC SSC/SVMGC SVM SSC/SVM SVM/GC SSC/SVMGC
1 0.567 9 0.5812 0.748 6 0.601 5 0.689 6 0.7137 0.5922 0.937 8
2 0.7133 0.788 0 0.6373 0.991 6 0.3814 0.390 4 0.763 3 0.543 6
3 0.9337 0.9545 0.9400 0.944 1 0.8740 0.893 4 0.968 0 0.9325
4 0.9877 0.990 4 1.000 0 0.983 6 0.941 3 0.9526 0.9733 0.969 0
5 1.000 0 1.000 0 1.000 0 1.000 0 0.9815 0.9835 0.965 7 0.9958
6 0.699 6 0.7233 0.7593 0.8056 0.6199 0.660 1 0.8522 0.750 7
7 0.5369 0.5409 0.7332 0.839 1 0.8126 0.8557 0.8119 0.9590
8 0.807 8 0.8516 0.640 8 0.984 8 0.623 7 0.662 7 0.569 7 0.945 0
9 0.978 7 0.987 4 0.998 4 0.999 2 0.990 4 0.994 4 0.992 9 0.983 7
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Table 6 Producer’s Accuracy and User’s Accuracy of the PaviaU with 300 training samples per class ( &, =0.1)
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spectral image analysis J . IEEE Transactions on Geosci—

Class SVM SSC/SVM SVM/GC SSC/SVMGC SVM SSC/SVM SVM/GC SSC/SVMGC
1 0.8153 0.9655 0.817 1 0.970 0 0.952 8 0.929 6 0.961 0 0.9423
2 0.8137 0.8755 0.900 0 0.989 0 0.9390 0.9830 0.960 2 0.997 6
3 0.805 6 0.8242 0.8347 0.8480 0.713 8 0.9212 0.761 7 0.965 8
4 0.955 6 0.9217 0.982 4 0.930 8 0.799 6 0.8545 0.777 2 0.936 0
5 0.997 8 1.000 0 0.997 8 1.000 0 0.994 8 1.0000 0.994 8 1.000 0
6 0.8029 0.940 5 0.848 5 0.9853 0.5890 0.698 6 0.803 9 0.962 3
7 0.908 3 0.934 6 0.9143 0.945 1 0.7123 0.9952 0.716 1 0.995 2
8 0.8126 0.8835 0.866 6 0.917 4 0.760 7 0.8558 0.787 1 0.8720
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