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(a)512x 512x 8 ,PSNR= 22.1dB
(‘a)Original 512x 512 % 8 image ( b) Noisy image with PSNR= 22.1dB
(c) PSNR= 31. (d) PSNR
7dB = 35.7dB
(o Filtered by MLLMSE algorithm, PSNR= 31.7dB. (d) Filtered by MHMM algorithm, PSNR= 35. 7dB.
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Fig.7 Experimental results.
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Table 1 Comparison of denosing performance using different algorit hms ( unit: dB)
Noisy image Lena Boat Goldhill
Gy 10 15 20 25 10 15 20 25 10 15 20 25

LLMSE ™ 32.2 287 28.0 266 31.4 28.0 26.8 25.4 31.0 28.0 27.1 25.8
MLLMSEL™ 32,1 30.1 29.1 27.9 30.3 28.7 27.9 26.6 30.1 28.6 27.7 26.7
WIENER  33.4 31.0 30.0 29.0 32.4 30.2 29.2 27.5 31.9 30.1 28.7 27.7
MHMM 338 31.8 30.1 29.3 32.9 30.6 29.1 27.9 32.2 30.1 28.7 27.8
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MHMM- based computed radiography image_denoising method

WANG Bo_bo', LAI Zhong xin?>, HUANG Lian_qging', WANG Xu_chao’

(1. Changchun Institute f Optics, Fine Mechanics and Physics,
Chinese A cademy o Sciences, Changchun 130022, China;
2. Jilin University, Changchun 130022, China;
3. Technology Department of Changchun Customs, Changchun 130021, China)

Abstract: In the process of computed radiography imaging, a lot of noises will be brought into the system.
T herefore, only by knowing their resources, characteristics and relationship with signals, can the authors
smooth them. On the basis of analyzing the computed radiography system in detail, the authors point out
that there are two kinds of noises affecting the quality of a computed radiography image: Gaussian white
noise and Poisson noise. Firstly, the statistical characteristics of wavelet coefficients and Gaussian white
noise are summarized. T hen, they are described with the mixture Gaussian model and hidden M arkov mod-
el (HMM), which can fit the dependency of wavelet coefficients between scales. Finally, the novel algo-
rithm developed by the authors is compared with other wavelet— based denoising methods.
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