5

LASER TECHNOLOGY

41 % 556 M Vol. 41,No. 6

2017 4E 11 H

XEHS: 1001-3806(2017)06-0921-06
ETREBEARNSLIERZKRA

mES, B KT, KEE, T OH
(22 TR WA MRAGRER , KA 130000)

FEE . B T2 G B 0 61 R ER AL , DA S i SR N AE AR PSS F Hh R 4R 1 T — PR T Ob A
MM RS RIRTE = D ik . SRR ALY 2% 2 5k R 3 AR S5 4052 (LPP) X g ol ik 1 SR A 4l ik A 7 A R M
Y XIS R AT G , BB B A 22 I = GBS GO G R R A (0 G B AR AR AU B R R LPP ik IR
SIS RS T IR AE LSS UG T 8T LPP 73k AR R G TS M 1) LPP 5 i i g 5. 45 SRR, OGS M TE (b e IE (.
Ji T B EIL T LPP AR ADGTE MY LPP Jr i 75 B = I ORErJr T, BoAA BB Ar 0 )R i 4079 (5 B AR R & . R
ST BE AR IR TR 2% 20 07 i T = Y AR R A RE U 4 ) AR R

KW il WIBAE s 4L R EOE R kM

hmESHES: TPISI. 1 THRFRARAD: A doi: 10. 7510/jgjs. issn. 1001-3806. 2017. 06. 030

o= S B4R

Dimensionality reduction for hyperspectral imagery manifold learning
based on spectral gradient angles

XIANG Yingjie, YANG Guang , ZHANG Jianfeng, WANG Qi
( Department of Aerospace Intelligence, Aviation University of Air Force, Changchun 130000, China)

Abstract: In order to extract the local characteristics of hyperspectral data, a dimensionality reduction method of
hyperspectral imagery manifold learning based on spectral gradient angle was proposed from the nonlinear structure of
hyperspectral imagery. Locality preserving projection ( LPP) of localized manifold learning algorithm was performed to reduce the
dimensionality of hyperspectral remote sensing data. In order to improve the distance metric, similarity measurement of spectral
gradient angle, which can better characterize local features of hyperspectral images, was applied to LPP method. The real
hyperspectral images were subjected to dimensionality reduction experiments. The results were better than the original LPP method
and the LPP method using the spectral angle. The results show that the proposed method is superior to LPP method and LPP
method using the spectral angle in the spectral normalized eigenvalues. Meanwhile, the proposed method can also obtain a good

performance in information retainment and have better local information retention. Therefore, the manifold learning method with
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spectral gradient angle has a better performance in dimensionality reduction of hyperspectral images.
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Fig. 1 The 20th band image of San Diego airport

Fig.2 The 20th band image of PAVIA university
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Fig.3 Dimensionality reduction results of data 1 by three algorithms

a—LPP algorithm b—SA-LPP algorithm ¢—SGA-LPP algorithm
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Fig.4 Dimensionality reduction results of data 2 by three algorithms
a—LPP algorithm b—SA-LPP algorithm ¢—SGA-LPP algorithm
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Fig.5  Comparison of the normalized eigenspectra by LPP, SA-LPP and
SGA-LPP
a—data 1 b—data 2
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Table 1  Index evaluation of dimension reduction for data 1
algorithms RRI MSE EI

LPP 89.35% 1.7637 x 10° 4.54
SA-LPP 92.41% 1.4554 x10° 6.33
SGA-LPP 94.54% 1.5469 x 10° 6.98

Table 2 Index evaluation of dimension reduction for data 2

algorithms RRI MSE EI
LPP 88.42% 2.4735 x10° 5.24
SA-LPP 90.87% 1.8373 x10° 7.85
SGA-LPP 93.19% 1.9724 x 10° 8.20
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Fig. 6 RGB fusion results of data 1
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Fig.7 RGB fusion results of data 2
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