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Abstract: The traditional Dimensionality Reduction (DR) methods consider the spectral features but
ignores useful spatial information in HSI. To overcome this problem, this paper proposed a new di-
mensionality reduction method called Multi-Feature Manifold Discriminant Embedding (MFDE).
First, the MFDE method extracted the features of the local binary pattern from HSI data. Next, the
with-class and between-class graphs were constructed using sample labels to exploit the local manifold
structure. Then, an optimal object function was designed to learn the combined spatial-spectral fea-
tures by compacting the intra-class samples and simultaneously separating the inter-class samples.
Thus, the discriminative ability of embedding features was improved. Experimental results in the In-
dian Pines and Heihe hyperspectral data sets show that the proposed MFDE method performs better
than some state-of-the-art DR methods in most cases and achieves an overall classification accuracy of

95.05% and 96.20% , respectively. Its advantage is more significant for less training samples, making
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it more conducive to practical applications.

Key words: hyperspectral remote sensing; dimensionality reduction; texture feature;multiple features

learning; manifold learning
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Fig.1 Computation of LBP textural features in hyperspectral data
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Fig. 2 Spectral and textural features of hyperspectral remote sensing images
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Fig. 3 Diagram of multi-feature manifold discriminant embedding
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Tab. 2 Classification results with different methods in Indian Pines data set (Overall Accuracy 4= Std) ¢79)
Algorithm 5 10 20 30 40
Spectral Feature Baseline 42.214£4.63 53.7243.97 64.05£2.03 69.724+1.25 69.78+1.58
PCA 42.00£5.56 53.3544.70 64.04=+1.73 68.07%+1.05 68.72+1.59
LDA 40,27+4.46 40.2941.76 52.93+1.44 61.004+0.84 63.51+1.23
NPE 34.25+6.33 48.49+3.36 60.61+£1.45 65.82+1.76 67.22+1.63
LPP 35.4045.40 47.41+2.77 60.14+£2.37 66.64+1.82 69.10+=1.51
MFA 42.984+4.78 49.6641.71 60.38£2.59 64.0941.87 66.16=0.89
LGSFA 41.264+5.35 49.57£3.00 60.95+£1.91 66.40+0.65 68.814+1.36
Texture Feature Baseline 68.1245.00 79.0742.97 87.58+1.66 90.3642.82 93.54+1.53
PCA 65.72+6.98 75.50+4.09 83.89+2.15 86.37%3.40 89.80+1.35
LDA 71.3043.75 79.69£3.24 87.624+1.78 91.02£2.04 93.63+1.25
NPE 66.71+4.61 75.06+4.32 84.60+1.95 86.55+1.89 89.87+1.24
LPP 65.88+2.80 75.73+£4.51 85.17%x1.97 87.71%£1.55 89.77%0.85
MFA 65.60+£7.20 75.69+4.70 84.68+1.63 85.73+2.55 90.34+1.24
LGSFA 65.594+2.11 74.90%E5.18 84.92+1.70 87.86+1.67 91.34+1.34
Spectral & Textural Feature  Baseline 56.36+5.70 73.2542.15 82.74+2.33 89.46+1.49 90.83+1.62
PCA 54.224+5.04 68.83%2.83 76.39%+1.66 81.34%1.30 83.71%+1.25
LDA 70.0644.65 84.37£2.34 89.5842.52 92.93£0.59 94.24+1.26
NPE 56.024+6.91 66.7343.68 74.37+£2.51 76.2841.71 78.62+0.91
LLPP 58.084+4.73 70.8142.49 74.43%+2.54 78.5941.36 79.30+0.73
MFA 53.94+2.49 69.44+2.47 77.15+2.12 80.57+2.70 82.94+1.83
LGSFA 63.83+5.17 73.3541.03 79.10+0.37 83.15+1.77 84.57+0.57
MFDE 73.44+3.77 84.78+3.02 91.19+1.30 93.76+1.17 95.05+0.388
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Tab. 3 Classification results of each class samples via different methods in Indian Pines data set %
Class Train Test Baseline PCA LDA NPE LPP MFA LGSFA MFDE
1 10 36 99.72 99. 17 98. 89 99. 44 99.72 99. 44 99. 44 98. 89
2 43 1385 93.91 92.94 93. 86 92.25 93.23 94. 09 93.10 92. 65
3 25 805 94. 31 92.42 93.74 92.01 91. 69 91. 66 92. 46 94.63
4 10 227 95.37 94. 85 94. 98 92.73 93. 66 94. 98 94. 23 92.95
5 14 469 84. 54 82.41 83.22 83.71 84. 86 82.90 84. 61 85.61
6 22 708 93. 29 92.97 92.19 92.13 91. 44 92. 20 91.91 98.79
7 10 18 100 100 100 100 100 100 100 99. 44
8 14 464 98.53 98. 38 98.41 97.91 98. 38 97. 80 97.95 100
9 10 10 100 100 100 100 100 100 99. 00 98. 00
10 29 943 89.72 88.23 90. 38 88. 29 87.41 89. 00 88.09 88. 65
11 74 2381 95. 46 94.93 95.72 94.51 94. 49 95. 08 95. 09 96. 35
12 18 575 87. 84 83. 34 88.52 85. 63 85.76 86.73 87.06 91.11
13 10 195 96. 36 95. 74 95. 85 94. 67 95.49 94.72 95. 85 98.41
14 38 1227 96. 85 96. 27 97.42 95. 98 96. 09 96. 10 95.75 99.74
15 12 374 87. 86 89.12 84. 47 87. 54 88. 34 86. 47 87.99 91.20
16 10 83 95.78 96. 27 92. 89 96. 39 96. 39 96. 27 95.42 98. 80
OA 93.57 92.57 93.43 92. 29 92.43 92.78 92.72 94.72
AA 94. 35 93. 56 93.78 93. 33 93. 56 93.59 93.62 95.33
Kappa 0.93 0.92 0.92 0.91 0.91 0.92 0.92 0.94
Running time of DR/s — 0.13 0.03 0.09 0,08 0. 60 0.21 12. 24
Running time of Classification/s 189. 58 5.4 1. 05 3.22 3.08 3.03 2.98 6. 33
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Fig.8 Classification results of different algorithms on Indian pines dataset
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Tab. 4 Classification results with different methods in Heihe data set (Overall Accuracy = Std) %
Algorithm 5 10 20 30 40
Spectral & Texture Feature Baseline 80.46+4.50 85.3642.14 89.71%+2.13 90.61F=1.21 91.58*+1.16
PCA 80.45+4.50 85.36£2.14 89.56£2.23 90.67+1.26 91.62%1.20
LLDA 80.94+4.48 89.31%E2.70 93.63+0.97 94.89+0.80 95.17+0.69
NPE 79.17£7.45 87.88+1.99 91.454+1.36 92.254+1.93 91.2241.03
LPP 80.0843.85 83.90+3.78 91.71+£1.18 93.09£1.30 93.7140.86
MFA 82.691+4.13 88.04F2.73 92.24%+1.02 92.74£1.02 93.82+1.04
LLGSFA 84.1144.40 90.2141.61 93.46+0.74 94.7240.97 95.2940.60
MFDE 86.51£5.56 91.65+1.28 94.54+£0.91 95.93+0.79 96.20+0. 388
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Tab. 5 Classification results of each class samples via different methods in Heihe data set %0

Class Train Test Baseline PCA LDA NPE LPP MFA LGSFA MFDE
1 42 41029 96. 23 95. 87 98. 49 97. 33 98.07 97. 64 98. 56 95.76

2 29 28557 97. 86 97.53 98. 74 96. 77 96. 89 98. 06 97.93 99.51

3 21 20334 95. 46 95. 26 97. 24 95. 27 95. 77 96. 54 95. 45 94,71

4 10 7598 81. 20 80. 72 59.71 63.93 67.57 71.42 59. 28 87.10

5 10 3752 84. 81 84. 21 72.62 84.03 73.25 78.11 72.79 84.21

6 10 1665 84.25 87.98 61.65 61.77 68. 06 74.43 61.37 84.22

7 10 975 88.76 88.18 73.56 81.12 69. 66 76. 39 72.91 87. 36

8 10 865 90. 97 90. 98 92.91 88. 31 89.99 89.49 93.57 93.54
OA 94.72 94. 45 93.71 93.10 93. 40 94, 31 93.14 95.26

AA 89. 94 90. 10 81. 87 83.57 82.41 85. 26 81.48 90. 80

Kappa 0.93 0.92 0.91 0.90 0.91 0.92 0.90 0.93

Running time of DR/s — 0.71 0.09 0. 17 0. 95 0. 09 0.13 39.08
Running time of Classification/s 76. 48 2.02 0. 39 1.28 1. 20 1. 14 1.29 2.22

Ground truth Training sample

NPE

Baseline

LPP MFA

PCA

LGSFA

9 RITERAE AT RE R A

Fig. 9

Classification results of different algorithms on Heihe dataset
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