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Abstract Hyperspectral remote sensing is one of the frontier technologies in the field of remote sensing. It”s a hot topic
in hyperspectral information processing to apply sparse coding model to process hyperspectral remote sensing image. To
improve the accuracy of hyperspectral image classification,a hyperspectral remote sensing image classification method
based on the second-moment spatial-spectral joint contextual sparse coding(SM-CSC) was proposed. First,a dictionary
was obtained by training the samples selected from the ground-truth data,then the sparse coefficient of each pixel was
calculated based on the learned dictionary. Afterward. the sparse coefficient was inputted to the classifier and the final
classification result was obtained. The visible and near-infrared hyperspectral remote sensing image collected by
Tiangong-1 in Chaoyang District of Beijing and the KSC hyperspectral image were applied to estimate the performance
of the proposed approach. Comparisons with three other classification methods such as support vector machine(SVM) ,
spectral sparse coding(SSC) ,and first-moment spatial-spectral joint contextual sparse coding(FM-CSC) were made. Ex-
perimental results show that the proposed method can yield the best classification performance with the overall accuracy
of 95.74% and the Kappa coefficient of 0. 9476 on the Tiangong-1 data and with the overall accuracy of 96. 84 % and
the Kappa coefficient of 0. 9646 on the KSC data.

Keywords Hyperspectral remote sensing image, Classification, Sparse coding
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Fig. 1 Schematic diagram of classification method of hyperspectral

image based on sparse coding
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Fig. 2 Location of data site of Tiangong-1
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Fig. 4 Diagram of sensing image of Tiangong-1 data
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Table 1 Categories of objects and numbers of pixels in training/test

set on Tiangong-1 data
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Table 2 Classification accuracy of different methods on

Tiangong-1 data

CHLT 2 20)
SVM SSsC FM-CSC  SM-CSC
PN 98.57 99.59 99. 80 99. 80
4 98.13 99. 44 99. 63 99. 81
# A 94.53 98. 25 98.47 98. 69
W 27.74 57.42 59. 35 64.52
#i 97.16 96.12 96. 38 99. 48
EAN 80.19 77.96 84.98 92.33

3 ORE SR LRR D0 SR 2 5 Kappa &AL
Table 3 Overall accuracies and Kappa coefficients of different

methods on Tiangong-1 data

SVM SSC FM-CSC  SM-CSC
B E/ % 89.08 91. 24 93.16 95.74
Kappa %%  0.8660  0.8931 0.9163 0.9476
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fEw.

(a)SVM (b)SSC (e)FM-CSC (d)SM-CSC

IRk R D RR D AR RS
5 RE S8R EARR I ki R85 R R B

Fig.5 Classification results of different methods on Tiangong-1 data
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Table 4 Related information of KSC dataset

%5 1D * 5 4 # L HAKE XiHe
c1 Serub ik 761 -
c2 Willow swamp W E 243 -
€3 Cabage palm hammock 4% % 256 [
c1 Cabage palm/oak B A/ 252 -
C5 Slash pine I8 A 161 -
€6 Oak/broadleaf hammock # f# /18 # % 229 -
C7 Hardwood swamp TR EF 105
C8 Graminoid marsh REEH 431 -
) Spartina marsh k%8 H 520
C10 Cattail marsh IR M 404
cl1 Salt marsh @ w [
c12 Muld flats i 503 -
13 Water A Ik 927 -

(R a

(b 35 Hb 9 28 53] (28 5] 44 Bk B
R B, 2 L3R 4)

P 6 KSC Hfisk
Fig. 6 KSC dataset
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25 Azs M SRE B 28 i 186G 5k FM-CSC 1 SM-CSC
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Table 5 Classification accuracy of different methods on KSC data
AL )
SVM SSC FM-CSC SM-CSC
C1 88.19 89. 45 93.95 95.50
C2 91.71 92.23 95. 85 96. 37
C3 92.72 94.17 97.57 93.69
C4 76.73 72.28 91.58 86. 14
C5 77.48 78.38 90. 99 99. 10
C6 73.74 64. 80 96.09 96. 65
C7 98.18 98.18 100. 00 100. 00
C8 86.61 95. 54 91. 86 95. 80
C9 98.51 94.68 100. 00 99.57
C10 92.94 96. 05 99. 15 94.63
Cl1 92.41 94. 85 100. 00 100. 00
Cl2 84.55 92.49 87.42 96.03
C13 97.95 98.29 98.29 99.77
B E 90. 48 91. 89 95.70 96. 84
Kappa Z#  0.8934  0.9090  0.9517 0.9646
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(h)SSC

B 7 KSC #fi b AR J7 ik 1 3 26 45

Classification results of different methods on KSC data
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Fig. 8 Confusions between classes for different methods on KSC data
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