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Semi-supervised Band Selection Based on Graph Laplacian and
Self-training for Hyperspectral Data Classification

Huang Rui, Lii Zhiqiang
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Abstract: Band selection is an effective method for dimensionality reduction. However, the in-
formation from the small size of labeled samples usually misleads the supervised band selec-
tion. A semi-supervised band selection method based on graph Laplacian and self-training idea
is proposed. The method first puts forward the graph-based semi-supervised criterion for fea-
ture ranking to generate the initial band subset. The graph Laplacian used in the criterion is re-
fined with aid of the label information. Then, the supervised classifications are carried out
based on the band subset and some unlabeled samples with higher confidence values are added
into the labeled sample set. Afterwards the band subset is updated according to the feature
ranking based on the newly generated labeled and unlabeled data, and is used for classification.
The process repeats to obtain the final subset. The experiments on hyperspectral data sets are
carried out compare several unsupervised, supervised and semi-supervised band selection meth-
ods. Results show that the proposed method can produce the band subset with better perform-
ance.
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Fig.1 AVIRIS image

Kl 2 DAIS $dls 2 &
Fig.2 DAIS image

R 1 EWHERHR
Table 1 Data description

ey AYIRIS e I?AIS
Hdl K i

Corn-min 834 Water 4 281
Corn 234 Tree 2 424
Grass/Pasture 497 Asphalt 1251

Grass/ Tree 747 Parking lot 1 475
Hay-windrowed 489 Bitumen 1704
Soybeans-notill 968 Brick roof 287
Soybeans-min 2 468 Meadow 2 237
Soybeans-clean 614 Soil 685
Bldg-Grass-Tree-Drive 380 Shadow 241
St 7231 14 585
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Fig. 3 Performance comparisons among six band selec-

tion methods
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Table 2 Classification accuracies of band selection methods

when number of labeled samples changes

. Fric BEA B
10% 20% 30%
GST_FS 60. 37 62.13 62.11
FS 53. 86 55. 32 55. 56
AVIRIS
. LSDF 56. 56 57.50 58. 54
GSFW 57. 84 59. 26 60. 39
MMCA 57.12 61.07 60. 90
GST_FS 89.01 88. 96 90. 18
FS 86.76 87. 64 87. 84
DAIS

N LSDF 86. 62 87. 66 88. 36

i o
GSFW 87.51 88.18 89.12
MMCA 84.93 87. 04 87. 60
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Table 3  Classification accuracies of band selection methods

when number of unlabeled samples changes

o oA
o 20%  30%  40%  50%

GST_FS 58.26  57.59  60.32  59.41

AVIRIS LS 50.46  50.75  50.69  50.75
Bt LSDF 56.08  56.35  56.57  56.35
GSFW 57.15  57.23  57.30  57.48

GST_FS 87.98 88.88 88.96  88.28
DAIS LS 84.66  84.64  84.58  84.74
B LSDF 86.74  86.68  86.56  86.68
GSFW  87.12 87.26 87.19  87.34
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