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Abstract: Supplementing spectral information with spatial information to improve the classification of
hyperspectral image is becoming a hot research in recent years. An improved scheme was put forward
according to existing methods. An algorithm of supervised classification was proposed which was
combined with bilateral filter and pixel neighborhood information ( BS — SVM ). Firstly, the spatial
texture information of hyperspectral image was extracted whose dimensionality was reduced by PCA.
Secondly, spatial correlation information was formed by building pixel neighborhood information of
hyperspectral image. Finally, spatial-spectral information was merged by the two kinds of spatial
information and the spectral information, which was classified by SVM. The BS — SVM classification
method was implemented on the hyperspectral data of Indian Pines and Pavia. The results indicated that
in the first place, the OA (Overall accuracy) of G —SVM for Indian Pines and Pavia were 3% ~49% and
2% ~3% higher than those of SVM, the same index for B—SVM were 3% ~4% higher than that of G —
SVM, and the classification performance can be improved effectively by the spatial texture information of
hyperspectral image extracted by bilateral filter. Furthermore, the salt and pepper can be removed
effectively by BS — SVM, showing very good performance in hyperspectral classification. In the second
place, the classification of some methods for Pavia was better than the Indian. The reason was that the
types and distribution of grounds for Indian were more complicated than Pavia. The classification for the
less ground were bad, especially the Oats (only 20) was the worst. Therefore, it directly led to the AA
(Average accuracy) generally lower than OA. However, the standard deviation of the classification for
BS — SVM was much smaller than those of other methods, and the effectiveness of the method was verified
with good stability. The experiments showed that the BS — SVM algorithm was better than original SVM

with the pure spectrum information, the spatial-spectral information-based methods with Gabor. With the

W F 0. 2016 — 12— 18 &[5 H 4. 2017 — 01 — 23

HEEmMB: BHEARFFELTHE (61275010, 61675051) ([F ZK & AT H (2014GAT80056 ) Fl | 7R 3¢ 38 Bk £ AR 27 e A% ol 5 o5 B
19 (2017 — 1 —001)

TEER A B (1982—) , B M, R I, F 2S5 615 BHR A FEDF 5T, E-mail ; liaojianshang@ 126. com



5 8 1)

BRI A c T OO0 IR e R I AR R A L B G R 4 2 141

spatial correlation information extracted by the bilateral filter and the pixels neighborhood information, the

performance of the classification with BS — SVM algorithm was greatly improved, and the effectiveness of

BS — SVM was fully verified in the classification of hyperspectral image. The method can be applied to the

field of crop growing, accurate classification and identification.

Key words: hyperspectral image; classification; bilateral filter; pixel neighborhood information; spatial

correlation information
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Tab.1 Classification statistics of Indian pines( average of ten times test + standard deviation)

Bk SVM(CA) G- SVM(CA) B-SVM(CA) BS—SVM(CA)

0 B58 QN VA [} VA 3 ZWA R B3 ZWA R B ZWA R B LA Rk
HiE 54 10 90 68.6+8.0 67.0+£9.1 68.9+4.4 85.0+5.7 87.7+4.9 86.1+4.4 85.8+5.2 85.7+5.4 84.7+4.3 89.4+4.1 87.5£3.7 90.8+£2.8
BHEXK 1434 10 90 73.2+£1.3 76.7+1.3 76.4+1.5 79.4+2.1 77.8£3.1 81.3+2.4 88.1+1.2 89.0£0.9 89.3+1.9 90.8+2.1 94.0+1.5 95.0£1.2
PHFE K 834 10 90 66.4+2.0 68.4+1.1 73.5£2.6 79.3+5.6 75.0£3.7 77.2+4.0 79.5+2.5 87.5+3.4 88.6+2.3 91.0£2.8 95.8+2.2 95.9+1.9
Tk 234 10 90 47.0£5.1 56.7+3.3 58.7+4.8 62.2+9.1 52.4+5.1 75.9+4.4 64.2+7.8 75.8+8.9 74.2+6.7 85.9+5.9 85.1£8.2 91.6+7.3
i/ 497 10 90 92.4+1.1 91.4£1.4 90.9£0.8 91.5+1.2 92.4£3.4 91.5+2.3 94.2+1.3 93.3£3.0 96.3+1.4 93.8+1.9 94.5+1.9 95.4+1.8
/B A 747 10 90 95.0+£1.1 95.9+0.8 96.2£0.9 97.0+£1.0 97.3£0.7 96.4£0.6 97.9+0.8 98.4+1.8 98.3+0.6 98.1+1.0 98.2+1.2 99.1+0.5
16 B HY 26 10 90 56.7+6.7 51.5+6.1 67.6+5.5 80.7+6.9 82.8+5.2 80.6+4.5 73.9£9.4 62.0£6.2 66.4+5.9 75.8+7.0 67.2£6.2 81.7+5.9
TR 489 10 90 98.1£0.6 96.7«1.1 98.5+0.4 98.9+0.1 99.7£0.2 99.4£0.2 98.6+0.6 98.2£0.6 99.1£0.8 99.7£0.2 99.6+£0.1 99.6£0.3
Mk 20 10 90 45.7+5.2 52.5£4.1 69.7+3.2 56.9+7.2 64.3+6.9 70.4+6.0 45.7+6.4 46.8+5.5 33.4+4.2 47.7+5.2 49.024.5 71.04.4
RHRE 968 10 90 63.4+2.1 66.9+1.8 70.6+2.8 70.3+4.9 77.2+£5.2 84.1£2.9 78.3+2.6 80.2+3.0 87.1+2.4 82.1+3.8 92.6+2.2 93.0¢1.6
PR 2468 10 90 85.4+1.1 85.3+1.1 86.1+0.9 87.9+2.5 89.1+2.0 88.4+1.4 91.5+1.1 93.9+0.8 94.1+1.2 93.2+1.1 96.5+1.1 97.3+0.7
FIRE N 614 10 90 72.6+2.9 82.6+1.6 84.4+1.7 71.6+8.3 87.3+7.1 85.1£4.2 80.5+1.9 90.9£3.1 90.1£3.1 95.0+1.5 96.4+1.2 94.0+L.5
INE 212 10 90 97.0£0.5 98.7+0.3 98.0£0.9 92.8+1.6 99.2+1.4 96.7+1.6 98.7+1.3 99.2+1.7 99.6+1.5 99.5+0.2 99.5£0.3 99.5£0.3
Btk 1294 10 90 97.6+0.4 98.2+0.8 96.6+1.1 97.6+0.4 98.2+0.8 99.0£0.7 98.7+0.3 98.7+0.5 98.0+1.1 99.9+0.3 99.9£0.3 99.6+0.3
AR 380 10 90 55.3+1.3 52.2+4.0 59.0£4.3 78.1£6.1 71.0£4.9 82.5£5.4 63.5+4.6 59.7+4.4 72.4£6.9 94.8+3.0 95.8+1.5 96.7+£2.3
1 95 10 90 74.0£4.1 80.5+3.1 79.0£4.1 75.0£6.5 76.7+7.1 79.8£8.3 80.6+6.9 83.7+8.2 85.5+2.0 85.2+5.3 84.7+6.7 89.2£3.5
0A/% 80.9+0.4 82.2+0.3 83.5+0.3 84.9+0.5 86.1+0.8 88.0+0.7 88.3+0.5 90.5+0.4 91.8+0.6 93.1+0.6 95.8+0.2 96.4 +0.3
AN/ % 73.8+1.9 76.3+£1.9 76.4+1.3 81.5+2.4 83.0£2.9 85.9+1.7 82.5+3.6 83.9£2.6 84.8+2.8 88.9+1.9 89.8+2.6 93.1£1.7
Kappa 78.0£0.5 79.6+0.4 81.1£0.4 82.7+0.6 84.1£0.9 86.3+0.8 86.5+0.5 89.1£0.5 90.6£0.7 92.1£0.7 95.2£0.2 95.9£0.3

K2 METKFHREEGITEBR (10 REHER 7 EE)
Tab.2 Classification statistics of Pavia (average of ten times test + standard deviation )
FEA SVM(CA) G—-SVM(CA) B-SVM(CA) BS—-SVM(CA)

B B WG/ Wik/% gk ZOA Rk B3 ZOA Rk 4tk ZUA Rk 4tk 2O Rk
= g 6641 10 90 88.6+0.7 88.1+0.5 91.3+0.6 89.6+0.8 90.0+0.6 92.5+0.6 92.0+0.9 92.8+0.6 92.5+0.9 93.7+0.6 95.6+0.7 96.1+0.4
L 18 649 10 90 96.5+0.3 96.4+0.4 96.6+0.4 96.2+0.3 97.0£0.2 97.1£0.3 98.2£0.3 98.8£0.2 98.8 0.2 99.4£0.2 99.9£0.199.9 £0.01
Wk 2099 10 90 58.9+2.8 63.0+£2.1 65.3+£3.4 63.2+1.0 63.2+2.1 70.4+1.7 75.8 1.8 76.8£2.2 75.1£2.1 77.3+1.8 90.1£1.5 94.0£1.2
A 3064 10 90 89.9+1.1 91.9+0.8 91.3+1.3 91.3+0.5 94.0+0.6 94.8+0.5 95.8+0.8 96.5+0.5 96.9+0.7 96.7+1.0 98.1+0.2 97.3 +0.4
SR 1345 10 90 99.7+0.2 99.6+0.2 99.4£0.2 99.6£0.2 99.5£0.2 99.3£0.2 99.6£0.2 99.6£0.2 99.2£0.5 99.5£0.2 99.7+£0.2 98.7£0.3
1t 5029 10 90 52.5+1.6 67.3+£1.4 70.8 1.7 65.8 1.1 76.3£0.7 79.7+0.8 81.7+1.6 91.6£0.9 93.0£0.8 95.6£0.6 99.1£0.3 99.4 £0.2
PRI 1330 10 90 63.7£2.4 71.3+£1.6 73.2£2.2 71.0£1.9 71.0£1.5 77.6 £1.5 83.8£2.3 82.5£2.0 79.3+1.5 84.8+2.4 86.5+2.1 89.4+1.0
ik 3682 10 90 82.3+2.2 81.6+1.5 81.2+2.4 83.0+0.7 85.0+1.8 85.4+1.6 88.0+1.1 87.8+1.2 86.3+1.8 91.6+1.2 92.9+1.0 94.7+0.6
i} 947 10 90 93.4+1.6 94.9£2.2 92.8 1.7 95.2£2.0 95.1+1.4 93.7£2.6 93.0£3.9 92.6+1.5 91.9£2.8 93.7£2.0 96.3£0.7 95.9£1.0
0A/% 85.6+0.1 87.7+0.1 88.8+0.1 87.8+0.2 89.8+0.2 91.2+0.2 92.6+0.2 94.2+0.1 94.0+0.1 95.5+0.1 97.4+0.197.9£0.04
AA/% 80.6+0.3 83.8+0.3 84.7+0.2 83.9+0.3 85.7+0.4 87.8+0.4 89.8+0.4 91.0+0.4 90.3+0.3 92.5+0.3 95.3+0.3 96.2+0.2
Kappa 80.5+0.2 83.5+0.2 85.0+0.2 83.6+0.3 86.4+0.3 88.3+0.2 90.2+0.2 92.3+0.2 92.0+0.1 94.1+0.2 96.6+0.2 97.2+0.1
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