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Abstract: On the basis of multi-class and nonlinear characteristics of hyperspectral remote sensing
image database, this paper assumes that hyperspectral remote sensing database have a bundle manifold
structure property and proposes a Semi-supervised Bundle Manifold Learning (SSBML) algorithm to
effectively extract the discriminant characteristics of hyperspectral remote sensing image. The
algorithm uses labeled samples and unlabeled samples to construct two neighborhood graphs to
maintain a “whole” structure (the relationship between the various sub-manifolds) of bundle manifold

in the data set and the intrinsic structure characteristics in each sub-manifold. By which, it achieves
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semi-supervised bundle manifold learning. The experimental results on Kennedy Space Center (KSC)
and PaviaU hyperspectral database show that the algorithm efficiently discovers the subtle
characteristics of the bundle manifold structure in hyperspectral remote sensing database, and
enhances the classification accuracy of hyperspectral remote sensing images. For the overall
classification accuracy, this algorithm is improved by 2. 9% —15. 7% as compared with those of
Locality Preserving Projection(LLPP) and Neighborhood Preserving Embedding(NPE) algorithm based
on single-manifold assumptions, and increased by 2. 6% —12. 4% as compared with those of the Semi-

Supervised Maximum Margin Criterion (SSMMC) and the Semi-Supervised Sub-Manifold Preserving

Embedding(SSSMPE ) based on semi-supervised algorithms.

Key words: hyperspectral remote sensing image;

discriminant characteristics; bundle manifold

structure; Semi-supervised Bundle Manifold Learning(SSBML.)
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R H i A 2 8] (4 2 5K C1 Water 927
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C3 Spartina marsh 520
C4 Mud flats 503
C5 Graminoid marsh 431
C6 Salt marsh 419
C7 Cattail marsh 404
C8 Cabbaage Palm hammock 256
C9 Cabbaage Palm/oak 252
C10 Oak/broadleaf hammock 229
Cl1 Willow swamp 243
C12 Slash pine 161
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Tab. 3 The highest overall classification accuracy of
different algorithms in KSC data set(mean =+
std( %) (dimensions))

Morithm 10labels 20 labels 30 labels

30unlabels 30unlabels 30unlabels
PCA  66,7842.30(33) 74,08+1,34(49) 75,9120, 88(43)
LDA  60,1042.85(11) 72,14£2,27(11) 82.18%1.00(11)
LPP  75.0640.79(36) 78,68+1.28(37) 81.40%1.39(36)
NPE  71.4541.69(43) 74,02£1,24(50) 73.88£1.40(44)
MMC  65.80+2,27(46) 71.75%1.62(22) 73.54£0.73(15)
SSMMC  74,78£0.97(11) 76,9340, 95(37) 77,170, 76(46)
SSSMPE  79.87£1.97(18) 83,2741.78(39) 84.22£2,84(27)
SSBML  83.78£1,09(28) 87.66%0.82(29) 89.59+1.23(19)
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GBI AR T AR S5 K I RS A AR AR . AE VAR Sy
FREBE b AHX T — B R BEIE S,
LPP ByE BRI T 8.72%,8.98%,8.19% 5 [t
NPE &4 B4R TH T 12, 33%,13. 64%,15. 71% 5
[F] B, SSBML 59 A Shy — B 2f W B 9 R F 42 B3R
e, B Sy 2R BE A T SSMMC Bk R T T
9.00% ,10. 73% ,12. 42 % s #H%F T SSSMPE %34 47
T T 3.91%,4.39%,5.37%.,

R4 KSCHEEFARLINMBEERREZ THIRAZE

Tab. 4 Recognition rates of different class data with different algorithms in KSC data set <%

Class name PCA LDA LPP NPE MMC SSMMC SSSMPE  SSBML
Water 76.00 82. 40 79.70 75.40 74. 30 76. 80 84. 80 88. 50
Scrub 90. 80 98. 80 94. 50 87. 30 90. 50 92. 60 98. 60 98. 80
Spartina marsh 77.70 70. 20 72.60 74. 60 74. 60 80. 90 86. 10 86. 60
Mud flats 47.40 50. 40 50. 90 44. 20 46. 00 47.00 58. 70 66. 00
Graminoid marsh 58. 40 66. 20 66. 40 54.70 55. 00 57.70 70. 20 77.10
Salt marsh 48. 30 75.40 64. 60 50. 20 47,00 50. 90 62. 60 79.90
Cattail marsh 68. 60 80. 30 74.50 66. 90 59. 80 68. 60 87.90 88. 80
Cabbaage Palm hammock  89. 00 86. 60 90. 30 85. 40 85.00 86. 60 95. 00 95. 60
Cabbaage Palm/oak hammock 85. 90 97. 60 93. 60 82.70 86. 30 89. 20 94. 40 95. 90
Oak/broadleaf hammock 94. 40 96. 10 95. 90 95. 40 94. 60 96. 10 97. 60 97.70
Willow swamp 76. 30 85. 60 81. 40 73.90 72.90 75.10 86. 90 91. 50
Slash pine 98. 20 99. 50 98. 40 98. 50 98. 40 98. 50 98. 50 98. 30

e 4 AlA5  EAH RS2 5 25 7 7 . i SSBML
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T AT BT X 15 Ot 3 18 IR 22 2800 AR A
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Tab.5 Label information of PaviaU data set

Category Class name Sample number
C1 Meadows 18 649
C2 Bitumen 1330
C3 Bare Soil 5029
C4 Self-Blocking ricks 3682
C5 Trees 3 064
Cé Gravel 2 099
C7 Painted metal sheets 1 345
Cs8 Asphalt 6 631
C9 Shadows 947
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Tab. 6  The highest overall classification accuracy of
different algorithms in PaviaU data set(mean +
std( %) (dimensions))

. 101abels 20 labels 30 labels
Algorithm
30unlabels 30unlabels 30unlabels

PCA 73, 44%2.14(17) 77.11£2,08(12) 78.06+2,21(2)

LDA  29.80%4.27(8) 63.03+2.48(6)  72.3242.49(6)
LPP 77.71=1.89(41) 79.86L1.80(37) 80.98%2.00(17)
NPE  76.71%1.10(41) 78.10+2,13(38) 77.50+1,95(12)
MMC 72,4443, 04(46) 75.72£2.03(46) 76,962, 24 (36)
SSMMC 78,011, 39(48) 78.8941,90(48) 78,58+ 1,92(50)
SSSMPE 76,9142, 34(50) 79.30% 1. 71(49) 79.93£1.32(50)

SSBML ~ 80.642.15(22) 83,4642.02(15) 84,4442, 13(19)

£ 7 PaviaU HIEER TR EFNBRBESRE L THIRAZE

Tab. 7 Recognition rate of different class data with different algorithms in PaviaU data set %)
Class name PCA LDA LPP NPE MMC SSMMC SSSMPE  SSBML

Meadows 68. 30 53. 80 69. 80 70. 70 68. 20 70. 20 64. 80 72.70
Bitumen 65. 10 75. 20 68. 00 61. 30 61. 20 61. 60 65. 30 77.30

Bare soil 65. 20 60. 60 66. 20 62. 60 61. 60 63.10 64. 40 71. 30
Self-Blocking ricks 88. 80 90. 40 90. 30 90. 30 87.70 91. 50 92. 20 92.70
Trees 99. 10 99.70 99. 50 98. 80 99. 10 99. 20 98. 80 99.70
Gravel 67. 20 60. 70 76. 20 69. 50 65. 50 67. 20 74. 20 81. 90
Painted metal sheets 88. 30 60. 30 86. 80 86. 30 85. 80 86. 20 85. 20 88.90
Asphalt 66. 70 51.70 67.90 65. 80 66. 10 69. 50 62. 40 71.90
Shadows 99. 70 90. 90 99. 80 99. 80 99. 70 99. 80 99. 20 99. 70
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