[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-04 ]

- 10.18869/acadpub.jsdp.13.3.155 ]

rw (0 9 T‘SJLEJM duo> ":E:"G»élﬁé Cnns>
Sl ol il Sle cirio oBiils wlbls )l 5 Slellbol (5 ,5ld aoiima’
Sl el il Slo cimio ol8iils o Sog Sl g 5y (owdigo polizee’

US>

SLaLS 51l solisiw! 319l cpand 10wl 590 3 i 53 o (i Ty (SLBAI) I (S (b pl pgleai hub & s
SIS (et 9 4y Slgo 2l poiasl 4 (53Le chhogmgo ST &y 5 41 45 LSy ool 5 sl il 33 b &y 35 el (g (Sinb
OFon UG5 &gy by )18 53 5 Siwarnd 45 Wit b g9l b GALLS a5 LT 51 Lol temas Jub 51 byl
Jooly 4 cnlpoglhe g 0ogr (o adgi &y comud W9, (0] 3 ol 50 Bub 51 LaicS wdei (slaianyy deu gL Jool ) el
by ol 53 39250 (Ginb Slellbl ulul p b &l fayl 53 Ul Ui Jo (5ly Allie 55 Nigdh ood yia (S JolS y5boy
‘_glbu‘l}.g.La}T o] o oLl SCF & 557 (6l ST o 59! 51 L g 00 (o yB (Guudib g (guiudlips LSS oolisiwl
T (2Bly 2 glal g o adgi 4 JUSms o b gl 40 (50l gy 4T W g0 L (2Blg 9 (oslojT yglad (59) » onbplnil

B 0 Cewddy 6yl

WS Ay o b QLS oy b il glai s ganls (55l

Sparse unmixing of hyper-spectral images using a
Pruned spectral library

Hossein Fayyazi'*, Hamid Dehghani? & Mojtaba Hosseini®

"Faculty of ICT, Malek-Ashtar University of Technology, Tehran, Iran
2Faculty of Electrical and Electronic Engineering, Malek-Ashtar University of
Technology, Tehran, Iran
3Department of Computer Engineering, Amirkabir University of Technology,
Tehran, Iran

Abstract

Spectral unmixing of hyperspectral images is one of the most important research fields in remote sensing.
Recently, the direct use of spectral libraries in spectral unmixing is on increase. In this way which is called
sparse unmixing, we do not need an endmember extraction algorithm and the number determination of
endmembers priori. Since spectral libraries usually contain highly correlated spectra, the sparse unmixing
approach leads to non-admissible solutions. On the other hand, most of the proposed solutions are not noise-
resistant and do not reach to a sufficiently high sparse solution. In this paper, with the purpose of overcoming
the problems above, at first the spectral library will be pruned based on the spectral information of the

Lol lsosge baiumy ¥
YA b ¥ 65led YR8 Jlu


http://dx.doi.org/10.18869/acadpub.jsdp.13.3.155
http://jsdp.rcisp.ac.ir/article-1-128-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-04 ]

[ DOI: 10.18869/acadpub.jsdp.13.3.155 ]

image,clustering and classification techniques. Then a genetic algorithm will be used for sparse unmixing.
The experimental results on the simulated and real images show that the proposed method gives good results

in noisy images.

Keywords: Hyper-spectral images, Spectral Library Pruning, Sparse Unmixing.
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(Table-1): Comparison the impact of different
similarity measures on k-means clustering

algorithm.
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(Figure-1): Block diagram of the proposed

algorithm.
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The feature space is formed by counting the
number of points in each cell.
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(Figure-4): The comparison of SRE (db) values of
different spectral library pruning methods by
applying SUnSAL algorithm on simulated images.
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classifiers on library pruning method for real
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(Figure-9): The comparison of the average
number of end-members in each pixel for different

spectral unmixing methods by applying on
simulated images in different SNRs.
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