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Classification of Hyperspectral Images by Fusion of Multifeature
Under Kernel Mapping
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(1 Department of Control Engineering , Naval Aeronautical Engineering Institute ,
Yantai , Shandong 264001, China)
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Abstract: The spectral bands have strong relation with land covers both partically and theoretically. Thus
it is possible to extract enough spectral features with the help of more efficient data represent methods to
distinguish land covers. More pertinent spectral matching methods can be taken to improve the similarity
and dissimilarity metric and to improve the performance of the classifiers. A couple of classic and efficient
spectral measures, such as spectral angle mapper, spectral correlation mapper, mahalanobis distance,
spectral similarity value and spectral information divergence, were selected. Then the RBF Guassian
function was used and the spectral measure under the kernel mapping were obtained. A new method based
on the fusion of multifeatures under kernel mapping was taken to dig the features of hyperspectral remote
sensing data. Profile the similarity between different classes and thus a new classification algorithm was
proposed. At last, this method was applied to a hyperspectral remotely sensing AVIRIS dataset named
92AV3C using the LIBSVM toolbox of MATILAB. The results show that the classification method of
hyperspectral images by fusion of multifeatures under kernel mapping can significantly improve the
accuracy of the classification. Experimental comparison shows the proposed algorithm can provide better

performance for the pixel classification of hyperspectral image than many other wellknown techniques.
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(a) Data set 92AV3C displayed in simulated color infrared form
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(b) A generalized reconnaissance map of the dataset

H1 92AV3CHEHETEHR
Fig.1 The map about the hyperspectral dataset 92AV3C
®1 LBEFMASELERKENMMEINREREE
Table 1 The classes and number of samples used in
the experiments

No. Landcover types Number of samples

1 Alfalfa 54

2 Corn-no till 1434

3 Corn-min till 834

4 Corn 234

5 Grass/Pasture 497

6 Grass/ Trees 747

7 Grass/pasture-mowed 26

8 Hay-windrowed 489

9 Oats 20

10 Soybean-no till 968

11 Soybean-min till 2 468

12 Soybean-clean till 614

13 Wheat 212

14 Woods 1294

15  Bldg-Grass-Tree-Drives 380

16 Stone-steel towers 95
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Fig. 2 Google image for the test area
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(b) The classification on the certain area

B

Fig. 3 The classification result by the Method proposed in this article
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Table 2 The confusion matrix

Ci C, Cs Cy Cs Cs C; Cs Cy Cio Cu Ciz Cis Cu Cis Cis
G 49 0 0 3 0 0 0 2 0 0 0 0 0 0 0 0
C, 0 1380 2 0 1 2 0 0 0 18 28 2 0 0 1 0
C; 0 4 827 0 0 0 0 0 0 0 0 3 0 0 0 0
Cy 0 0 2 230 0 2 0 0 0 0 0 0 0 0 0 0
Cs 0 0 0 0 480 4 0 0 0 0 12 1 0 0 0 0
Cs 0 0 0 0 0 746 0 0 0 0 0 0 0 0 1 0
C; 0 0 0 0 1 1 15 8 0 0 1 0 0 0 0 0
Cs 0 3 0 9 0 0 0 474 0 0 0 0 3 0 0 0
Gy 0 4 0 0 2 0 0 0 11 0 1 0 0 0 2 0
Cyo 0 3 0 0 2 2 0 0 0 957 4 0 0 0 0 0
Cn 0 9 7 0 10 6 0 0 0 12 2411 11 0 0 2 0
Ci 0 0 4 0 0 0 0 0 0 0 2 607 0 0 0 1
Cys 0 0 0 0 0 0 0 0 0 0 0 0 211 1 0 0
Cy 0 0 0 0 1 0 0 0 0 0 0 0 0 1274 19 0
Cis 0 0 0 1 0 0 0 6 0 3 0 0 0 4 366 0
Cis 9 0 5 0 0 0 0 2 0 0 0 0 0 0 79
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