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Active Learning Based on Spatial-Spectral Feature for

Hyperspectral Image Classification

WANG Yan', LIU Liqgin*, SHEN Xiahong', HOU Jun', ZHANG Ning', SHI Zhenwei’
(1. Shanghai Aerospace Electronic Technology Institute, Shanghai 201109, China;
2. School of Astronautics, Beihang University, Beijing 100191, China)

Abstract: In order to solve the problem that the number of samples is limited and the accuracy of the
classification is low, the authors propose a hyperspectral classification method which extracts the spatial feature with
fully conventional networks in three-channels image built by themselves. The following parts are included in this
method: three channel image building, spatial feature extracting, spatial and spectral feature fusion and training
examples selecting. Active learning method is used to select training sample after the fusion of spatial and spectral
feature. By combining the spectral characteristic of the pixel and the spatial correlation of adjacent pixels, the
integrated feature which can reflect associated spatial-spectral characteristic of the pixel is obtained. The combination
can also enhance the expression ability of the pixel. In order to overcome the limits of the labelled data of hyperspectral
image and lack of training samples, the active learning algorithm is put into use. The algorithm selects the most
representative sample for training, and occurs ideal accuracy using limited samples. Experiment on the standard dataset
shows that the accuracy of the method is as high as 99. 79% when one percent samples are selected to train.
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Fig.1 Flow chart of the hyperspectral image classification method
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Fig.2 Composed three-bands image
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Fig.3 Spatial characteristic diagram
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Fig.5 Pavia University classification results
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Tab.1 Pavia University ground distribution
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Tab.2 Accuracy of active learning

ERe2 ALbS?F BEHLIE A B P B
A KL e IURE NS e LIRES 1E iy % VIES 3 NRES
1 86 6 545 1.000 86 6 545 0. 958 49 6 582 0. 954
2 90 18 559 1. 000 90 18 559 0. 984 49 18 600 0. 925
3 43 20 56 0. 999 43 2 056 0. 957 49 2 050 0. 979
4 60 3 004 0. 991 60 3004 0. 970 49 3015 0.998
5 12 1333 0. 999 12 1333 0. 995 49 1296 0. 999
43 4986 1.000 43 4986 0. 879 49 4980 0. 966
7 21 1309 0. 995 21 1309 0. 859 49 1281 0. 999
8 67 3615 0.993 67 3615 0. 940 49 3633 0. 964
9 18 929 0. 982 18 929 0. 906 49 898 0. 961
BIE#IER OA 0.998 BIET R OA 0. 956 BIEFZE OA 0.951
SEHERZE AA 0. 995 EHIEE AA 0. 939 SEHER R AA 0.972
Kappa R4 « 0.997 Kappa 23 « 0.942 Kappa 28 0.936
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Tab.3 Accuracy of two three-channel image constructing
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2 e s U
1 100 6 531 0.970 0. 987
2 100 18 549 0.979 0.975
3 100 1999 0. 984 0. 998
4 100 2 964 0.977 0. 981
5 100 1 245 0.999 0. 999
6 100 4929 0.982 0. 998
7 100 1230 0.998 1. 000
8 100 3582 0.996 0. 995
9 100 847 1. 000 1. 000
MIEHFE OA 0.981 0. 985
S IE# R AA 0.987 0.993
Kappa &% « 0.975 0. 980
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Fig.6 Comparison between two three-channel images

5 #RiE

A SC3E 1ot 4 — PR 4 4 B R A 3
Bl A o T T B2 59 7 2 0 10 U kR AR 10 5 0
PG Ay B LSBT E — 5 B R A B BT
B 4R BE IRt T —FR BT 0 RGB {9 K0 s
Jrak. SRRy A T E R A 08 S i
O A F T R TR 0 50 0 % o B B 2
AT,

5% 30k

[1] GUALTIERIJ A, CROMP R F. Support vector ma-
chines for hyperspectral remote sensing classification
[J]. Proceedings of SPIE - The International Society
for Optical Engincering. 1998, 3584(25): 1-28.

[2] WANG F, ZHANG C. Label propagation through



56

TIPS

AEROSPACE SHANGHAI

5536 4 2019 445 5

[3]

[4]

[5]

[6]

L7]

[8]

[9]

[10]

[11]

[12]

linear neighborhoods [ ] J.
Knowledge &. Data Engineering, 2007, 20(1): 55-
67.

XIA J, GHAMISI P, YOKOYA N, et al. Random

IEEE Transactions on

forest ensembles and extended multiextinction pro-
files for hyperspectral image classification[ J]. IEEE
Transactions on Geoscience &. Remote Sensing.,
2018, 56(1): 202-216.

HERAS D B, ARGUELLO F, QUESADABARRI-
USO P. Exploring ELLM-based spatial-spectral classi-
fication of hyperspectral images [ J]. International
Journal of Remote Sensing, 2014, 35(2): 401-423.
CHEN Y, NASRADADI N M, TRAN T D. Hyper-
spectral image classification using dictionary-based
sparse representation[ J]. IEEE Transactions on Geo-
science & Remote Sensing, 2011, 49 (10): 3973-
3985.

LIJ, BIOUCAS-DIAS ] M, PLAZA A. Spectral-spa-
tial classification of hyperspectral data using loopy be-
lief propagation and active learning[J]. IEEE Trans-
actions on Geoscience & Remote Sensing, 2013, 51
(2): 844-856.

OJALA T, PIETI K, INEN M, et al. A generalized
local binary pattern operator for multiresolution gray
scale and rotation invariant texture classification[ ] ].
2001, 24(7): 397-406.

JIA' S, XIE H, DENG L, et al. Gabor feature based
support vector guided dictionary learning for hyper-
spectral image classification [ CJ]// IGARSS 2017-
2017 1EEE International
Sensing Symposium. IEEE, 2017. 2211-2214.

PAN B, SHI Z, XU X. Hierarchical guidance filte-

Geoscience and Remote

ring-based ensemble classification for hyperspectral
images[]]. IEEE Transactions on Geoscience &. Re-
mote Sensing, 2017, 55(7): 4177-4189.

CHEN Y, LIN Z, ZHAO X, et al. Deep learning-
based classification of hyperspectral data[]J]. IEEE
Journal of Selected Topics in Applied Earth Observa-
tions & Remote Sensing, 2014, 7(6): 2094-2107.
CHEN Y, JIANG H, LI C, et al. Deep feature ex-
traction and classification of hyperspectral images
based on convolutional neural networks[]J]. IEEE
Transactions on Geoscience &. Remote Sensing.,
2016, 54(10): 6232-6251.

YU S, JIA' S, XU C. Convolutional neural networks
for hyperspectral image classification[ J ]. Neurocom-

puting, 2017, 219 88-98.

(13]

[14]

[15]

[16]

[17]

[18]

(19]

[20]

[21]

[22]

[23]

[24]

CHEN Y. ZHAO X, JIA X.Spectral-spatial classifi-
cation of hyperspectral data based on deep belief net-
work[ ] ]. IEEE Journal of Selected Topics in Applied
Earth Observations & Remote Sensing, 2015, 8(6):
2381-2392.
LI M, ZHANG N, PAN B, et al. Hyperspectral im-
age classification based on spectral-spatial cooperative
feature and deep forest[C]//9th International Confer-
ence on Image and Graphics. 2017 325-336.
ZHONG Z, L1J, LUO Z, et al. Spectral on: a 3-D
deep learning framework[]J]. IEEE Transactions on
Geoscience & Remote Sensing, 2017, 56(2); 8471-
858.
MOU L, GHAMISI P, ZHU X. Deep recurrent neu-
ral networks for hyperspectral image classification
[J]. IEEE Transactions on Geoscience & Remote
Sensing, 2017, 55(7): 3639-3655.
ZHU L, CHEN Y, GHAMISI P, et al. Generative
adversarial networks for hyperspectral image classifi-
cation[ J]. IEEE Transactions on Geoscience & Re-
mote Sensing, 2018, 56(9): 5046-5063.
SHELHAMER E, LONG J, DARRELL T. Fully
convolutional networks for semantic segmentation[ ] ].
IEEE Transactions on Pattern Analysis & Machine
Intelligence, 2017, 39(4). 640-651.
SUN Z, CHI M. Superpixel-based active learning for
the classification of hyperspectral images [ C ]//
Workshop on Hyperspectral Image &. Signal Process-
ing: Evolution in Remote Sensing. IEEE, 2015; 1-4.
INMACULADA D, L1J, PLAZA A. et al. Semi-su-
pervised active learning for urban hyperspectral image
classification [C]// Geoscience &. Remote Sensing
Symposium. 1EEE, 2012; 1586-1589.
JIAO L, LIANG M, CHEN H, et al. Deep fully
convolutional network-based spatial distribution pre-
diction for hyperspectral image classification [ J ].
IEEE Transactions on Geoscience & Remote Sens-
ing, 2017, 55(10): 1-15.
CHANG C, LIN C. LIBSVM: a library for support
vector machines[ M]. ACM, 2011: 2157-6904.
TR AR LT AR U ) AR B i b
I DG T B AR I A A T ). R R 2018, 35
(1) 23-29.
B AR N ZE L 5K T L AT CCSDS Y 5t 15 15 4
ZEEIRA FPGA B 5 SEB[T ], BWEATR . 2015, 32
(6): 53-57.

(KL% 4 BBt Ah)



