414 %10 d = T Wk K % % # Vol.41 No. 10
2015 4F 10 A JOURNAL OF BEIJING UNIVERSITY OF TECHNOLOGY Oct. 2015

ETRRFHHNEAEEGESHEERT X

ITFEE, KEH, T #
(AL Toll s B ek o 5 R 5 TR b, dEsT 100124)

 E: T IREEGERBRAAE R SEER I TR T I E S B R s BRI B = ik ER i R
ST, Bt — i LT AR ML = S B A B R vk, Sl i N R — 2 = 143 SR A T g (9 TU A 7
M, AT S AR FER AR R AR T I 2 AR 45 A P ITUAR T LA TR B /i, B M R AR s R 8. 8 o 9t
FRE R R E R A PR m G R UG I T B U T A TAR B A, ) FH T A5 09 s 5 36 7m 3R B0
Xof I (4 e A R M R R B, SRR EE R 5 B T MG S B 43 PR S SRR BB G I Wk
FRAE U OR T AR L , B MR IR {514 L ( peak signal to noise radio, PSNR) 52 T & 5. %A K &L
PG G2 7 ) AT R AT B 50k , 3B O T A B0 R 0 20 U5 B R AT e 43 0 23 A Ity Sk 1 0 B (] )0t i 2 LI A dd
ERR T B RNERE

KR SOLIEEIR; MAPRER,; TURTH,; Wi

hE 4SS, U461; TP 308 EREREAD: A MEHS: 0254 -0037(2015)10 - 1522 - 06
doi: 10.11936/bjutxb2015020019

Algorithm of Spectral Super-resolution of Hyperspectral Imagery
Based on Redundant Dictionary
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Beijing University of Technology, Beijing 100124, China)

Abstract: To enhance the spatial resolution of hyperspectral image, a hyperspectral image super-
resolution restoration algorithm based on redundant dictionary was presented in this paper. By training a
group of high and low resolution redundant dictionary, the corresponding image element curve of high and
low resolution was made to have the same sparse representation coefficients in sparse decomposition based
on redundant dictionary in this algorithm. During the process of super-resolution restoration, the low
resolution of hyperspectral image sparse decomposes based on low resolution redundant dictionary. The
high resolution image was reconstructed by using the sparse representation coefficients and the high
resolution dictionary. The experimental results show that, compared with the image patch based sparse
super resolution algorithm and the traditional image bilinear interpolation method, the PSNR of image
reconstruction is significantly enhanced. The algorithm sparse decomposes the hyperspectral image along
the spectral dimension to avoid the traditional algorithm problem of spectral distortion caused by
restoration. The computational complexity of the algorithm is significantly reduced.
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Fig.1 Diagram of the redundant dictionary based

hyperspectral image super resolution algorithm
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Fig.2 Diagram of the redundant dictionary pair

training process
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