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Image denoising using non-Gaussian bivariate model based
on non-aliasing Curvelet transform
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Abstract: A new image denoising method using a non-Gaussian bivariate model in a Complex Curvelet
Transform(CCT) domain is presented. For avoiding the shift-variance and under-sampling during the
1D inverse Fourier transform in the traditional Curvelet transform ,a new Curvelet transform, Com-
plex Curvelet Transform(CCT), is proposed by adopting the complex wavelet transform and reforma-
tive Radon transform to replace the traditional wavelet transform and the old Radon transform respec-
tively, which provides a non-aliasing property for the proposed method. Because the inter-scale corre-
lation of a signal coefficient is stronger than those of noise coefficients, the non-Gaussian bivariate
model is used for capturing inter-scale correlation of the signal coefficient and for obtaining the de-

noised coefficient from the noisy image decomposition by a Bayesian MAP estimator. Experimental re-
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sults show that the Peak Signel Noise Rotio(PSNR) of the proposed algorithm is averagely higher a-

bout 2.9 dB and 1.5 dB than those of the traditional Curvelet transform denoising method and Curve-

let domain HMT denoising method respectively at all noise levels. The proposed method avoids

“scratching” and “embedded blemishes” phenomena in the reconstructed image.,and achieves an excel-

lent balance between suppressing noises effectively and preserving image details and edges as many as

possible.
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Fig. 4  Denoised House images with different algo-
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DC~30GHz FH Btz RF MEMS FF /0%t 5 &l&

FREZ NEXFTE
CRAEA# b F #7807 % 100084)

XFid FH T DC~30GHz #5291 06 42 fi =X RF MEMS J- 56 (9 8% 1+ 5 i 647 7 0F58 . RHAR
N T L Aa B BEAE S R, SEEE T Rl R AR Z (B Au-Au $Efil, fITH] Boro 3K B EEAE AT, N
B TR Bl R 5 ) B g LB O EL R S b AR AR B S CPW R BE B L A T (LA
TR AE AR . BTt 3 i 9 F e 3 i X RF MEMS FF G T Hr s R 60 V., b H A% A% 422 fiok B BEL A
0.1Q, HAH#HFEHN—0.03 dB@IGH,—0.13 dB@10 GHz #1—0. 19 dB@20GHz,fE DC~30 GHz.H
I AFFEHS<<—0.5 dB; Bl —47 dB@1 GHz, —30 dB@10 GHz f1—25 dB@20 GHz.Jf H ., 7F
DC~30GHz H iy BE#f > — 23 dB, Mal4s R R W], prik i+ 9 9 B 4% fil =X RE MEMS JF ¢ F 76 DC
~30 GHz N H & — 7l i FH A3 3 30 [ 42 98 1) RE MEMS JF ¢,



