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Tab.1 Training and Testing Samples of Urban Dataset

g HeA

x5 k4 UIER HUREY
1 AsphaltDrk 17 68
2 AsphaltlLgt 12 45
3 Concrete01 25 99
4 VegPasture 47 189
5 VegGrass 25 102
6 VegTrees0O1 53 210
7 Soil01 23 90
8 Soil02 11 42
9 Soil03Drk 12 47
10 Roof01Wal 24 94
11 Roof02A 18 73
12 Roof02BGvl 8 31
13 Roof03LgtGray 7 28
14 Roof04DrkBrn 17 67
15 Roof05AChurch 18 67
16 Roof06School 13 51
17 Roof07Bright 15 59
18 Roof08BlueGrn 9 36
19 TennisCrt 19 77
20 ShadedVeg 8 32
21 ShadedPav 13 51
22 VegTreesO1 52 210

®2 PaviaU §EMIIGEMNIXERER
Tab.2 Training and Testing Samples of PaviaU Dataset

2 A
%45 k4 PR UREY
1 Asphalt 839 3 356
2 Meadows 437 1748
3 Gravel 420 1679
4 Trees 310 1240
5 Painted metal sheets 269 1076
6 Bare Soil 1 006 4023
7 Bitumen 266 1 064
8 Self-Blocking Bricks 469 1878
9 Shadows 186 743
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Fig.2 The Curves of OCA from all Five Band Selection
Methods on Urban and PaviaU Dataset
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Tab.3 Contrast in Computational Times Among all Five Band Selection Methods on Urban and PaviaUDatasets

FiEITE S e BEEL R

AN 7 %% W S ]/ min

SSR LCMV-BCC MVPCA SpaBS SNMF
k=10 75.158 1123.124 18.241 1512.036 21.743
k=20 123.928 1574.263 23.256 1727.641 30.471
Urban
sl k=30 171.568 1607.272 31.382 1 906.576 48.262
g k=140 202.489 1772.241 45.582 2 035.429 52.803
k=50 223.472 1 807.454 58.483 2 106.553 74.425
k=10 104.689 1515.092 27.526 1 728.659 32.592
. k=20 193.446 2 076.524 43.137 2 237.461 51.677
PaviaU
K k=30 233.156 2 917.889 59.205 3 141.394 70.224
k=40 276.946 4 052.803 81.732 4 277.556 89.539
k=050 300.457 5 044.261 102.422 5 429.083 121.773
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Band Selection Using Sparse Self-representation for Hyperspectral Imagery
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Abstract: Hyperspectral imaging could collect spectrum information of ground objects on the earth
surface using hundreds of bands and are widely used in recognizing subtle differences among difference
ground objects. Unfortunately, numerous bands with strong intra-band correlations cause unbearable
computational burdens in hyperspectral processing, and especially that seriously hinders the classifica-
tion of Hyperspectral imagery (HSI) in many realistic applications. Therefore, a sparse self-represen-
tation (SSR) method was proposed to select proper bands and make dimensionality reduction on HSI
data to benefit its further classification procedure. The SSR improves the sparse representation model
of multiple measurement vectors (MMV) using the idea that the dictionary matrix is equal to the
measurement matrix, and it regards the aimed band subset as the representative from all bands of the
HSI dataset. The method formulates the band selection into finding nonzero row vectors of sparse co-
efficient matrix in MMV, and adopts the mixed norm to constrain the number of nonzero row vectors.
The sparse coefficient matrix is solved by using fast alternating direction method of multipliers and
nonzero row vectors are clustered to make proper selection from all bands. Two open HSI datasets in-
cluding Urban and Pavia University are implemented to testify our SSR method and the results are
compared with the other four alternative band selection methods. Experimental results show that the
SSR achieves comparable even better overall classification accuracies than the linear constrained mini-
mum variance-based band correlation constraint (LCMV-BCC) algorithm and the sparse nonnegative
matrix factorization (SNMF) algorithm, whereas the computational speed of SSR significantly outper-
forms that of LCMV-BCC. The proposed SSR could accordingly be a good alternative to help choose
proper bands from hyperspectral images.

Key words: band selection; sparse self-representation; multiple measurement vectors; hyperspectral

imagery; classification;fast alternative direction method of multipliers
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