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Abstract: For the sparse representation of hyperspectral characteristics, a spatial weighted algorithm
based on multiscale segmentation is proposed for hyperspectral classification. The algorithm uses a
more reasonable neighborhood definition to mine spatial prior information to optimize the sparse
representation of a like-edge pixel. Firstly, spatial neighborhoods were obtained through multiscale
segmentation, and Laplacian Scale Mixture, (LSM) priori was then combined for the spatial-weighted
sparse representation of pixels in each neighborhood. Then, the probabilistic Support Vector Machine
(SVM) was used to classify the hyperspectral images and to provide classification labels and their
confidences. Finally, the multiscale segmentation was weighted by the confidence of each label and the

classification map was obtained by the fusion of labels. Experiments show that the algorithm enhances
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the sparse and roughness characterized by spectral features and improves the classification accuracy.

Under smaller sample training, the classification accuracy of single ground surface has increased by

30% swhich verifies the practicability of the proposed algorithm in hyperspectral applications.

Key words: hyperspectral image classification; spectral sparse representation; spatial prior fusion;
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Fig. 1 Overall framework of proposed method
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Fig. 3 Sparse representation of spectral feature
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Fig. 5 Sparse representation of different object pixels

3.1.2 A FHaeE MY kst kT h

R T B UE AR SCHE B A (8] 24 RO B 2R R 1
S K SSC.SWSC Jr i 78 459 43 21 (B 8 X 8 4f
B, AE 6 i) T R B RN 4 R S AU R
SERIATX L K 7 B . B 7 R R R OT
P (1~64) Y H AT i R B 5, TR —
AMEITT I B FR 7 0] B, 50 B B, R LI
K. ERBHIIHE BT,

() Z: % [ rh AR Bl 2 o2

(a)Location of

(b) 5 — 4R
(b)One of the
a neighboring group neighboring groups
K6 SWSC J5 ik il 2 — 4R 30E X
Fig. 6 Definition of neighborhood in SWSC



plies

)
=
—
o

% TR

5 23 &

Soybean-notill Hay-windrowed Wheat

[}
=4
[}

20
40
60
80

40
60

e
=
o0

[ =
==
[ =]
==
=]
S S

20 40 60
Index of pixel

200 40 60
Index of pixel

Sparse representation coefficient number
o
(=]
Sparse representation coefficient number
Sparse representation coefficient number

20 40 60 &
Index of pixel

(a)SSC B i
(a)SSC algorithm

Wheat

Soybean-notill Hay-windrowed

o e o

v w v

=] =] =]

£ £ E

= = =

5 20 5 5 20

2 g 2

=40 L= = 40

2 2 2

3 60 8 3 60

2 80 k= 2 80

£100 £1 £100

L") w L*)

glzo él glzo

2 20 40 60 2 20 40 602 20 40 60
2 Index of pixel 2 Index of pixel 2 Index of pixel
= = =

=9 (=9 (=9

(b)SWSC &3
(b)SWSC algorithm

Soybean-notill Hay-windrowed

20
40

20
40

80

(=
=

20 40 60
Index of pixel

20 40 60
Index of pixel

200 40 60
Index of pixel

Sparse representation coefficient number
Sparse representation coefficient number

Sparse representation coefficient number

(ARSI Ik
(¢)Proposed method
&l 7 2 ] 24 S T B 2R 19 5 )

Fig. 7 Influence of spatial constraint on sparse coding
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