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Abstract
spatial contexture information in classification of hyperspectral images, a new spectral-spatial joint classification method

To deal with the problem of “curse of dimensionality” caused by high dimension and the underutilization of

based on edge-preserving filtering is proposed. The proposed method consists of the following four steps. Firstly, the
hyperspectral image is divided into several subsets of bands. By extracting the principal component of each subset, a new
low-dimensional feature set is constructed. Secondly, the pre-classification result, which is obtained by support vector
machines with the new feature set, is represented as multiple initial probabilistic maps. Then edge-preserving filtering is
operated on each initial probabilistic map to merge the spectral and spatial information. Finally, the class of each pixel is
determined by the maximum value of the corresponding filtered probabilistic maps. The proposed algorithm is examined
by the Indian Pines and Pavia University hyperspectral datasets. On the same experimental conditions, the proposed
method achieves the highest classification accuracy and the lowest time consumption, demonstrating obvious advantages
in hyperspectral image classification.
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Table 1

Classification accuracy for the Indian Pines dataset using different methods

A Y gkEA MikkA SVM (%) SVMCK (%) EPF-B-g (%) BFSVM-PC1 (%) BFSVM-PC3 (%) GFSVM-PC1 (%) GFSVM-PC3 (%)

1 8 38 73.68 75.00 90.91 100.00 100.00 100.00 100.00
2 143 1285 77.37 89.31 93.17 99.83 99.58 99.59 99.83
3 83 747 78.13 88.81 98.98 97.46 97.59 97.58 97.72
4 24 213 76.27 77.25 96.30 98.98 98.98 98.51 98.53
5 48 435 92.30 94.85 99.02 98.82 98.82 99.52 98.81
6 73 657 90.43 98.81 97.76 99.85 99.85 100.00 99.85
7 8 20 88.88 93.75 100.00 100.00 100.00 100.00 100.00
8 48 430 97.48 98.18 100.00 100.00 100.00 100.00 100.00
9 8 12 38.09 100.00 100.00 100.00 100.00 100.00 100.00
10 97 875 77.05 85.30 93.61 98.74 98.89 99.13 98.76
11 246 2209 80.46 92.98 95.38 94.47 94.13 94.01 93.73
12 59 534 79.34 87.16 91.58 96.32 96.15 97.94 97.94
13 21 184 87.80 97.91 99.46 100.00 100.00 100.00 100.00
14 127 1138 90.93 96.82 97.76 97.14 97.15 95.90 97.57
15 39 347 74.89 73.10 94.74 96.65 96.35 96.20 97.01
16 9 84 90.69 96.47 92.41 98.67 98.51 98.48 98.59
OA (%) 82.87 91.28 95.84 97.42 97.33 97.29 97.43
AA (%) 80.86 90.36 96.32 98.56 98.50 98.55 98.65
Kk R 0.8038 0.9004 0.953 0.971 0.969 0.969 0.971
HiF1E] (s) 159.42 210.44 159.47 34.00 33.25 29.42 32.91
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99 2 o8 2
97
o5 i |
= 97
o3 K
® &
91

74 s 8 10 %= =36 2 4
w 10¢
(a) (b)

Kl 5 Indian Pines $5185 | SUEPAS SHO0 - FAG L 520
Fig.5 The influence of the parameters of Guided filter in

Indian Pines image

ME 6 BT PAE H, ANE 5207 AT o 2 4G
R, Hrp SVM T %A 45 G =S AL, 4 28 =
AT TEER NS SVMCK fil EPF |l 145
B T A BIFHE, 52855858 SVM A R4 F, E
ST NG AR S R ESRAS TR
H o LR, BEARUE T 4P FEAS IS —2L, IR T
) 43S AL, LS ] REHD S R T M) o A b S
Prif oL
3.2.2 Pavia University H#E&E

R T R TR R A M, A Pavia
University $#g4 Fg-AT 07 B2, 07 B2 il
SRR A E, 3R 2 FoR, Hhlghiea sy b
4%, MRFEARZ S 96 %.

& 7 Br7nok Pavia University £ 8 ik B 1
BN I NG L E . BE A B BT S B 3



286 H 3l 1k 2 i 44 %

B Altaifa [] oats
- Corn-notill \:\ Soybeans-notill
. Corn-min . Soybeans-min

. Corn . Soybeans-clean
. Grass / Pasture - Wheat
|. Grass / Trees . Woods
D Grass / Pasture-mowed . Building
- Hay-windrowed i Stone-steel Towers
() Indian Pines 5414 (o) BHHA
(a) Indian Pincs image (b) Reference image

(€) BFSVM-PC3 (97.33 %) (h) GFSVM-PC1 (97.29 %) (i) GFSVM-PC3 (97.43 %)

6 Indian Pines XS AR Tk 28 R ]

Fig.6 Classification maps for the Indian Pines dataset using different methods
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Table 2  Classification accuracy for the Pavia University dataset using different methods

250 YLreA MiRAEA SVM (%) SVMCK (%) EPF-B-g (%) BFSVM-PC1 (%) BFSVM-PC3 (%) GFSVM-PC1 (%) GFSVM-PC3 (%)

1 265 6 366 92.91 96.97 98.11 95.12 95.12 95.12 94.87
2 746 17903  96.07 99.54 97.25 99.20 99.22 99.24 99.49
3 84 2015 80.97 85.51 99.94 100.00 100.00 99.83 100.00
4 123 2941 95.18 95.31 99.73 99.67 99.64 99.86 100.00
5 54 1291 98.09 99.85 100.00 100.00 100.00 99.92 99.92
6 201 4828 88.72 96.21 98.87 98.64 98.64 98.73 98.75
7 53 1277 85.84 94.13 100.00 100.00 100.00 100.00 100.00
8 147 3535 86.22 92.53 91.65 92.99 93.01 92.77 93.61
9 38 909 100.00 100.00 100.00 100.00 100.00 100.00 100.00
OA (%) 92.92 97.00 97.55 98.05 98.06 98.07 98.23
AA (%) 91.56 96.56 98.39 98.40 98.40 98.39 98.52
K B2 0.9061 0.9602 0.967 0.974 0.974 0.974 0.977
I 1E] (s) 94.56 178.32 97.48 47.22 47.01 28.98 47.37
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Fig.8 Classification maps for the Pavia University dataset using different methods

(i) GFSVM-PC3 (98.23 %)



288 H 3l 1k

% 444

s OB, BRIz SR 2) X X SRR
B SE R SVM 1339146 7 R AR K] 3) FI
R 18 o 18 S S AR FHIE B AR O R, I
Xt TR 3 SRR I HEATUE B 4) 2 SRR X B
B AR/ E B MR R I AR J5
TRAEGEME Wb LR FIZE )30 507 T AT 5
DL, RERS LS AT S L S e ) 23115 1) 52 B i D

References

1 Pan Zong-Xu, Yu Jing, Xiao Chuang-Bai, Sun Wei-Dong.
Spectral similarity-based super resolution for hyperspectral
images. Acta Automatica Sinica, 2014, 40(12): 2797—2807
(BoRIF, B, M, DA, BT AU s e ik e R 4
FeREVE. AR, 2014, 40(12): 2797—2807)

2 Du B, Zhang L P. Target detection based on a dynamic
subspace. Pattern Recognition, 2014, 47(1): 344—358

3 Plaza A, Benediktsson J A, Boardman J W, Brazile J, Bruz-
zone L, Camps-Valls G, Chanussot J, Fauvel M, Gamba P,
Gualtieri A, Marconcini M, Tilton J C, Trianni G. Recent
advances in techniques for hyperspectral image processing.
Remote Sensing of Environment, 2009, 113(S1): S110—
S122

4 Jia X P, Kuo B C, Crawford M M. Feature mining for hy-
perspectral image classification. Proceedings of the IEEE,
2013, 101(3): 676—697

5 Han M, Liu B. Ensemble of extreme learning machine for
remote sensing image classification. Neurocomputing, 2015,
149: 65—-70

6 Ramzi P, Samadzadegan F, Reinartz P. Classification of hy-
perspectral data using an AdaBoostSVM technique applied
on band clusters. IEEE Journal of Selected Topics in Ap-
plied Earth Observations and Remote Sensing, 2014, 7(6):
2066—2079

7 Ni Ding, Ma Hong-Bing. Spectral-spatial classification of
hyperspectral images based on neighborhood collaboration.
Acta Automatica Sinica, 2015, 41(2): 273—284
(i, hitle. BT mephm i moti EIgE - =k a2 83
1b2E4R, 2015, 41(2): 273—284)

8 Zhang Z, Pasolli E, Crawford M M, Tilton J C. An ac-
tive learning framework for hyperspectral image classifica-
tion using hierarchical segmentation. IEEE Journal of Se-
lected Topics in Applied Earth Observations and Remote
Sensing, 2016, 9(2): 640—654

9 Fauvel M, Tarabalka Y, Benediktsson J A, Chanussot J,
Tilton J C. Advances in spectral-spatial classification of hy-
perspectral images. Proceedings of the IEEE, 2013, 101(3):
652—675

10 Ji R R, Gao Y, Hong R C, Liu Q, Tao D C, Li X L.
Spectral-spatial constraint hyperspectral image classifica-
tion. IEEE Transactions on Geoscience and Remote Sensing,
2014, 52(3): 1811-1824

11 Camps-Valls G, Gomez-Chova L, Munoz-Mari J, Vila-
Francés J, Calpe-Maravilla J. Composite kernels for hyper-
spectral image classification. IEEE Geoscience and Remote
Sensing Letters, 2006, 3(1): 93—97

12 Benediktsson J A, Palmason J A, Sveinsson J R. Classifi-
cation of hyperspectral data from urban areas based on ex-
tended morphological profiles. IEEE Transactions on Geo-
science and Remote Sensing, 2005, 43(3): 480—491

13 Tarabalka Y, Chanussot J, Benediktsson J A. Segmentation
and classification of hyperspectral images using watershed
transformation. Pattern Recognition, 2010, 43(7): 2367—
2379

14 Li X R, Pan J, He Y Q, Liu C S. Bilateral filtering in-
spired locality preserving projections for hyperspectral im-
ages. Neurocomputing, 2015, 164: 300—306

15 Kang X D, Li S T, Benediktsson J A. Spectral-spatial hy-
perspectral image classification with edge-preserving filter-
ing. IEEE Transactions on Geoscience and Remote Sensing,
2014, 52(5): 2666—2677

AR REH T RFRFERSHEA
I i S G S S s |
R RALBE, ROk
E-mail: zhangchengkundon@mail.dlut.
edu.cn

(ZHANG Cheng-Kun Ph.D. can-
didate at the Faculty of Electronic In-
formation and Electrical Engineering,
Dalian University of Technology. His research interest cov-
ers remote sensing image processing and hyperspectral data
classification.)

8 KEMTR¥FHETFEESEA
TR BAZ. F BT Ty i A=
B, 522k R G EAR 5 A AT S )R] 5 3
M. ASCEIEEHE.

E-mail: minhan@dlut.edu.cn

(HAN Min
of Electronic Information and Electrical

Professor at the Faculty

Engineering, Dalian University of Tech-
nology. Her research interest covers pattern recognition,
modeling and analysis of complex system, and time series
prediction. Corresponding author of this paper.)



