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Unsupervised band selection algorithm combined with
K-L divergence and mutual information

WANG Qi, YANG Guang, ZHANG Jianfeng, XIANG Yingjie, TIAN Zhangnan
( Department of Aerospace Intelligence, Aviation University of Air Force, Changchun 130022, China)

Abstract: Band selection is an important method of dimensionality reduction of hyperspectral images. In order to reduce the
dimensionality, an unsupervised band selection algorithm combining K-L divergence and mutual information was proposed. And
theoretical analysis and experimental verification were carried out. Firstly, the band with the largest information entropy was
selected as the initial band. Then, the ratio of divergence to mutual information was defined as the criterion of joint K-L
divergence mutual information (KLMI). The band which has large KLMI and information entropy was selected to band subset.
Then bands with large information and low similarity were obtained. Finally, the real hyperspectral data classification experiments
based maximum-variance principle component analysis ( MVPCA ) , affinity propagation ( AP) , mutual information (MI) and the
proposed method were realized by using k-nearest neighbor classifier. Experimental results show that, the accuracy of the
proposed algorithm is higher than that of other algorithms. The overall classification accuracy and kappa coefficient « are over
0. 8. Classification accuracy of the most objects is improved. The proposed method has outstanding performance on classification
and is a practical dimensionality reduction algorithm of hyperspectral image.
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Fig. 1 Synthetic false color image and real markings image
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Table 1 Comparison of band selection results and information
band selection algorithm MVPCA MI AP K-L proposed algorithm
band selection 8,20,36,62,63, 9,32,30,23,13, 112,113,31,114,121,  15,49,33,87,21,  112,42,31,40,108,
results 69,70,72,92 95 89,57,97,100,110  125,156,127,164,51  63,101,99,71,56 51,120,150,21,9
sum of entropy 67.1277 67.4139 67.0094 67.1058 67.7815

Fig.2 The resulis of band selection
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Fig.3  Overall classification accuracy of different samples with various
bands
a—5% samples b—10% samples
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Table 2 Classification accuracy of various types of objects (5% samples)

ass e agles MVPCA M AP SR
alfalfa 23 23 0.53 0.43 0.38 0.94
corn-N 34 1394 0.49 0.65 0.64 0.71
corn-M 27 803 0.49 0.55 0.64 0.69
corn 25 212 0.37 0.40 0.47 0.66
grass-M 27 456 0.80 0.83 0.91 0.94
grass-T 26 704 0.90 0.90 0.92 0.99
grass-P 14 14 0.57 0.56 0.86 0.86
hay-W 27 451 0.97 0.98 0.98 1.00
oats 10 10 0.27 0.36 0.60 0.93
soybean-N 30 942 0.62 0.63 0.76 0.84
soybean-M 31 2424 0.64 0.77 0.79 0.81
soybean-C 28 565 0.38 0.52 0.47 0.58
wheat 25 180 0.91 0.89 0.98 0.99
woods 30 1235 0.90 0.93 0.94 0.96
buildings 27 359 0.38 0.53 0.47 0.77
stone 26 67 0.86 0.86 0.90 0.96
0A 0.65 0.71 0.76 0.82
K 0.61 0.69 0.70 0.81

k >0.8 IR0 EAE R, k 72 0.4 ~ 0.8 ZJH],
IENEE Gk <0.4 B, o RRCR B 22, TEAHIRLRR
ALIHIEOT , A I OA ok BIETHE 3
FRER M RBCR L 3 RO T . XEE N
AR SC AR R F KM v DU R 7 B ok 4, S B 1 %
By e (5 8 S B ] AR U AR BE A5 W) 200 Bk i
(] AR AR 2 1, ELAS ] 28 30 1 5 i =2 [ 7y 22 S
TEH R [RIA, X TR X0y, A SO o 43 25K
FER T HE R, (R DB 5 BAE A F .
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Table 3 Classification accuracy of various types of objects (10% samples)

ass [ e MVPCA M ap SRR
alfalfa 23 23 0.28 0.71 0.7 0.79
corn-N 89 1428 0.64 0.60 0.74 0.74
corn-M 73 830 0.75 0.60 0.71 0.81
corn 66 237 0.49 0.49 0.49 0.64
grass-M 71 730 0.96 0.86 0.88 0.82
grass-T 81 478 0.73 0.92 0.9%4 0.98
hrass-P 14 28 0.47 0.57 0.83 0.62
hay-W 71 478 0.89 0.96 0.99 0.99
oats 10 10 0.44 0.47 0.58 0.47
soybean-N 76 896 0.76  0.74 0.71 0.72
soybean-M 112 2343 0.66 0.71 0.85 0.87
soybean-C 68 525 0.52  0.47 0.72 0.78
wheat 67 138 0.97 0.93 0.9%4 0.98
woods 89 1176 0.86 0.90 0.96 0.99
buildings 68 318 0.72  0.45 0.62 0.91
stone 47 46 0.20 0.91 0.88 0.91
OA 0.71  0.72 0.81 0.85
I 0.63 0.69 0.75 0.82
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