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Fig. 4 Clustering map of Salinas, (a) distribution of the actual surface features, (b) K-medoids,and (¢) NK-medoids
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Fig. 5 Results of Pavia University by different visualization methods
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Fig. 6 Results of Moffett by different visualization methods

SEE A B AT D ER R R R E AR OT R e 2 NIRRT B E Y o AIUESY 0.97 B, X



Forf, 45T KL-ISOMAP B EDEI ISR Gl k.

70 WANG Liguo, et al. KL-ISOMAP-based color visualization for hyperspectral imagery.
0.90
2000 | —o— Pavia B e
—*— Moffett -~ 0.85
yﬁ 1 800 E 0.80
= 075
= 1600 ®
N~ o
1M & 0.70
400 . &= e -0 Pavia
. 0.65¢- —— Moffeit 13 —— Moffett
1200 L L L L | 0.60 L L L L | 12 L L L L |
090 092 094 096 098 1.00 090 092 094 096 0.98 1.00 090 092 094 096 098 1.00

o
a BN ] a2 1L

K7

a
b BB R R B a2 1
12 IR [F1) S H J3E A 0 R ) 22

o
e AZTT] A3 PERE a2

Fig. 7 Change of operating time (a) ,accuracy (b) ,and feature separability (¢) with similarity thresholds

Moffett BRI Z M AN 2 032 s FREZE 1817 s, IHE
PR RS IT ] 200 2 SRR IOME ST 0.793 1
1 19.462 7,5 L-ISOMAP %5 B 1y+s brfEAH T H iz
AR T 158 s34 a /NF 0,97 B i85 A &
TR B 1a 25 R A B AR — 8 TR Y B AIC. BRIk
AT L-ISOMAP , KL-ISOMAP 7£ i it 45 5 50l 5
ZAFEEE AT A RO SR ] 5 AR R 1 B
(B TEA% T 8% 9% ) , KL-ISOMAP & K% R AL T L-
ISOMAP.

4 #ie

CMF J5 3] DAt 7w v ' i $icdis , (8 7 b 2
U Ll ISR P RE 2 A s N T oY S UL P S
A BR.ANATE FTAL U, PCA (T 12 (HAF 75
B2 [, 9 UG AT i A1 B PR 5 e s
B SR FRE IR R 8 B 205 SR A e, (E A £ P HCAth B
BEAR IR A 02

ASCHR Y KL-ISOMAP )5 E9R %M T L-ISOMAP
TERR B SRR LAY, RIS 4E T 2 i S
735 AR LG T30t 3 057 YR AEAS 0 T 431 R 5
PRFRFRRIE R B T R i R LA R RS i
X2 Y st B O BEM L T CMF FI PCA X 2
P PERE 4 nf WAL 7k, JEF L-ISOMAP () HE 6%
K2 T AL 7 3 a2 SR TR A i, A T it — 2 itk

S 3Tk

References

[ 1] Jacobson N P,Gupta M R.Design goals and solutions for
display of hyperspectral images[ J].IEEE Transactions on
Geoscience and Remote Sensing, 2005, 43 ( 11);
2684-2692

Polder G, van der Heijden G W A M. Visualization of
spectral images| C ] Vi Proceedings of SPIE the Interna-

tional Society of Optical Engineering,2001;132-137

[2]

[3]

(7]

[8]

Tyo J S, Konsolakis A, Diersen D 1, et al.Principal-com-
ponents-based display strategy for spectral imagery[J].
IEEE Transactions on Geoscience and Remote Sensing,
2003,41(3) :708-718

Du H T,Qi HR,Wang X L, et al. Band selection using
independent component analysis for hyperspectral image
processing[ C] //TEEE Applied Imagery Pattern Recogni-
tion Workshop,2003.:93-98

Jimenez-Rodriguez L. O, Arzuaga-Cruz E, Vélez-Reyes M.
Unsupervised linear feature-extraction methods and their
effects in the classification of high-dimensional data[ J].
IEEE Transactions on Geoscience and Remote Sensing,
2007,45(2) :469-483

Cui M,Razdan A,Hu J X, et al.Interactive hyperspectral
image visualization using convex optimization [ J ].IEEE
Transactions on Geoscience and Remote Sensing, 2009,
47(6) :1673-1684

Cai S S,Du Q,Moorhead R J.Hyperspectral imagery vi-
sualization using double layers[ J].IEEE Transactions on
Geoscience and Remote Sensing, 2007, 45 ( 10):
3028-3036

Cai S S, Du Q, Moorhead R J. Feature-driven multilayer
visualization for remotely sensed hyperspectral imagery
[ J].IEEE Transactions on Geoscience and Remote Sens-
ing,2010,48(9) :3471-3481

Tenenbaum J B, De Silva V, Langford J C.A global geo-
metric framework for nonlinear dimensionality reduction
[ J].Science,2000,290(5500) :2319-2323

Bachmann C M, Ainsworth T L, Fusina R A. Exploiting
manifold geometry in hyperspectral imagery [ J |. IEEE
Transactions on Geoscience and Remote Sensing, 2005,
43(3) .441-454

Roweis S T,Saul L K.Nonlinear dimensionality reduction
by locally linear embedding [ J]. Science, 2000, 290
(5500) :2323-2326

Zhang 7Z Y ,Zha H Y.Nonlinear dimension reduction via
local tangent space alignment[ C] // International Confer-
ence on Intelligent Data Engineering and Automated
Learning,2003 :477-481
Belkin - M, Niyogi
dimensionality reduction and data representation [ J].
Neural Computation,2003,15(6) :1373-1396

Tamayo P, Slonim D, Mesirov J, et al.Interpreting patterns

P. Laplacian Eigenmaps for



> 12 4 < EaS o ]
A7 1 246 2 SR QOSFIERD 2018,1001) 6371
Journal of Nanjing University of Information Science and Technology ( Natural Science Edition) ,2018,10( 1) :63-71 71

of gene expression with self-organizing maps; Methods
and application to hematopoietic differentiation[ J ].Pro-
ceedings of the National Academy of Sciences, 1999,96

nonlinear dimensionality reduction[ C ] // Proceedings of
the 15th International Conference on Neural Information
Processing Systems,2002.721-728

(6):2907-2912 [22] Sun W W, Halevy A, Benedetto J J, et al. UL-Isomap
[15] Bachmann C M, Ainsworth T L, Fusina R A. Improved based  nonlinear  dimensionality = reduction  for
manifold coordinate representations of large-scale hyper- hyperspectral imagery classification[ J ] .ISPRS Journal of
spectral scenes[ J].IEEE Transactions on Geoscience and Photogrammetry and Remote Sensing, 2014, 89 (2):
Remote Sensing,2006,44(10) ;2786-2803 25-36
[16] Bachmann C M, Ainsworth T L,Fusina R A, et al.Bathy- [23] BB, B . Num-VT 48 5 2 46 B9 K-medoids 2
metric retrieval from hyperspectral imagery using LI ATENLN S ,2015,32(1) :30-34
manifold  coordinate  representations [ J ]. IEEE XIE Juanying, GAO Rui.Optimized K-medoids clustering
Transactions on Geoscience and Remote Sensing, 2009, algorithm by variance of Num-near neighbor[ J |.Applica-
47(3) :884-897 tion Research of Computers,2015,32( 1) :30-34
[17] Chen Y C, Crawford M M, Ghosh J. Applying nonlinear [24] TIbrahim R,Elbagoury A,Kamel M S, et al.LLVC : Local va-
manifold learning to hyperspectral data for land cover riance-based clustering [ C] // IEEE International Joint
classification [ C ] // TEEE Tnternational Geoscience and Conference on Neural Networks,2016:2992-2999
Remote Sensing Symposium,2005,6:4311-4314 [25] #EIEZE /e EIR A R IR IE 2% > 17 & ot i
[18] Chen Y C,Crawford M, Ghosh J.Improved nonlinear man- TSGR e SRR E T RO E R (B B
ifold learning for land cover classification via intelligent BlRR) ,2011,36(2) :148-152
landmark selection[ C] // IEEE International Geoscience DU Peijun, WANG Xiaomei, TAN Kun, et al. Dimension-
and Remote Sensing Symposium,2006 :545-548 ality reduction and feature extraction from hyperspectral
[19] Crawford M M, Ma L, Kim W. Exploring nonlinear remote sensing imagery based on manifold learning[ J ].
manifold learning for classification of hyperspectral data Geomatics and Information Science of Wuhan University,
[ M] //Prasad S,Bruce L. M, Chanussot J.Optical Remote 2011,36(2) :148-152
Sensing: Advances in Signal Processing and Exploitation [26] L XPHR &5 BA B PR R Y R s

[20]

Techniques.Berlin; Springer,2011:207-234

Uto K, Kosugi Y.Estimation of Lambert parameter based
on leaf-scale hyperspectral images using dichromatic
model-based PCA [ J ]. International Journal of Remote
Sensing,2013,34(4) .1386-1412

Silva V D, Tenenbaum J B.Global versus local methods in

AT [ 7] RS54, 2013,31(1) :72-78
WANG Liguo, LIU Danfeng, ZHAO Liang. Distance-pre-
serving color visualization model for hyperspectral
imagery[ J ]. Journal of Applied Science,2013,31(1):
72-78

KL-ISOMAP-based color visualization for hyperspectral imagery

WANG Liguo' WU Fei'

1 College of Information and Communication Engineering, Harbin Engineering University , Harbin

150001

Abstract

hyperspectral imagery visualization.There are two problems in L-ISOMAP algorithm,i.e.,the computational cost is

Landmark-Isometric mapping ( L-ISOMAP ) ,as a dimensionality reduction method , has great potential in

high and the landmarks lack of representation for hyperspectral imagery.In this case,an improved L-ISOMAP algo-
rithm, named KL-ISOMAP, is proposed based on K-medoids clustering algorithm. The KL-ISOMAP algorithm
consists of the following steps:1) Selecting the landmarks by the improved K-medoids algorithm;2) Removing the
similar pixels according to the similarity;3) Implementing the non-linear dimensionality reduction of the rest pixels;
4) Implementing visualization on the reduced dataset. Experimental results show that KL-ISOMAP algorithm can im-
prove the intrinsic structure representation of the landmarks and therefore improve the visualization performance.
Furthermore , the algorithm can be speeded up by setting the similarity threshold.The visualization method is reason-
able ,feasible and of good visual effect,and has good performance in terms of feature distance and class separability
preserving for hyperspectral imagery.

Key words hyperspectral dataset;color visualization ;landmark selection ; L-ISOMAP ; NK-medoids



