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An unsupervised band selection algorithm for hyperspectral
imagery based on maximal information
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Abstract: An unsupervised band selection algorithm for hyperspectral imagery based on maximal information is proposed in
this paper. The objective of the method is to preserve the maximal information from original data in the selected bands. The
bands with less information are removed one by one from the original data. K-L divergence is used to quantify the informa-
tion amount and its distribution over all the dataset is considered to judge the specific band which needs to be removed.

Compared with traditional methods, the proposed approach has an explicit physical meaning and its computational process is

very simple. It is an unsupervised method and can perform automatically.
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Fig.1 The abundance distribution map for some experimental data
sets (a)Indiana dataset,(b) Cuprite dataset,(c)Urban dataset
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Fig.2 The principle of band removal ( Coordinates in the sub-
face is the indices of two bands, while the ordinate stands for
the information difference between the two bands)
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Fig.3 Indiana dataset ( a)False-color image, (b) Ground truth
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Table 1 Number of samples for ground objects in Indiana

dataset
g Xof I 4 S RHEAAEL
Cl1 E K RHHb ( Corn-notill ) 1256
2 T A F A ( Con-min) 726
Cc3 e 25 ( Grass/Pasture ) 431
Cc4 R ( Grass/Tress ) 626
C5 F %% ( Hay-windrowed ) 443
Cc6 K&Kk ( Soybeans-notill) 828
C7 K GGk ( Soybeans-min ) 2284
C8 K & B #k i ( Soybeans-clean ) 503
C9 BA (Woods) 1198
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Bk, Bt e MR AT R ENTHER
BOAR, REREE— et BN EEE
TR, 3R 2 P T AR TR PR B A 45 R BB B
FF305, LR ENTXT AR STREZ . 3R 2 7] 1A
A, MLJT R B A R (5 R B TR K, d Al
A TRZHFERR.

2 EFFHERERLEROERETETIL
Table 2 Comparison of the information distribution among
different band selection methods
BB MI MVPCA AP D
1,25,31,32, 17,31,32,33, 25,31,32,38, 12,31,32,33,
PrBrbRREEIR 33,72,88,92, 36,67,81,90, 40,76,89,90, 34,73,86,90,
126,129 93,126 91,126 93,113
{5 BRFH 0.4808 0.3757 0.2547 0.3438




170 ahh 5 2K ¥R 31%

L e g e e s s s g

90 [—=— AP

—— All bands
85 & R
C

80 1

/%

57

70

100
9071 | —— MI
—e— MVPCA
80f | —=—AP
——1ID
& L | — All band:
E 70 ands
60t
i
50 F
g
34 5 6 7 8 91011 12 13 14 15
!
(b)
85 —
80
751

it - -

70

/%

651

&
60 §
NI o—>

7| T S
34 5 6 7 8 9 101112 13 14 15

/%
>

—5— MVPCA ||

65
—5— AP
60} —— 1D
9 —— All bands

P
34 56 7 8 9101112131415
1
(CY

B4 NS PR ER BB KX R (a) KNN J7ik,
(b)LDA 5%, (c)RBF ik, (d)SVM ik

Fig.4 Relationship between the classification accuracy and the
number of selected bands (a) KNN method, (b) LDA method,
(¢) RBF method, (d) SVM method
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