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(Effective Parameter Estimation of Bernoulli-Gaussian Mixture Model
and its Application to Image Denoising)
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Abstract

In general, wavelet coefficients are composed of a few large coefficients and a lot of small coefficients. In this paper,
we propose image denoising algorithm using Bernoulli-Gaussian mixture model based on sparse characteristic of wavelet
coefficient. The Bernoulli-Gaussian mixture is composed of the multiplication of Bernoulli random variable and Gaussian
mixture random variable. The image denocising is performed by using Bayesian estimation. We present an effective
denoising method through simplified parameter estimation for Bernoulli random variable using local expected squared error.
Simulation results show our method outperforms the states-of-art denocising methods when using orthogonal wavelets.
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Table 1. PNSR results for several denoising methods
with Lena image.
PSNR
Ty 10 15 20 25
LAWMLI[2] 34.18 | 32.11 | 3065 | 2950
LAWMAP[2] 34.32 | 3233 | 3090 | 29.80
Bivariate[8] 34.23 | 32.32 | 31.04 | 29.92
Cail9] 3422 1 3223 | 3085 | 29.79
Changl[3] - 32.36 | 31.04 | 30.4
Ao 1(DbY) | 3431 | 3238 | 31.04 | 29.95
(b) Zreo] MIHE Lena PAte (}k 13 xﬂol'ﬂhjﬂ] 2(Db8) | 34.36 | 32.43 | 31.08 | 30.01
. 2 Aot 1{QMEY) | 3448 | 3260 | 31.28 | 30.25
Fig. 1 (@) Noisy Lena image when o = =100 xﬂol‘uc}.ué Z(Q].\/[Fg) 3454 | 3266 | 31.35 | 30.32
(b) g value of noisy Lena image. e uoof of

E 2 Cigst EHE M g o
gt #2 MAHE Barbara QA2 PSNR 2t

Table 2. PNSR results for several denoising methods
with Barbara image.
PSNR
Oy 10 15 20 25
LAWMLI2] 3250 | 3010 | 2850 | 27.26
LAWMAP[?2] 3260 | 30.19 | 2853 | 27.24
Bivariate[8] 32.25 | 2997 | 2836 | 21.16
Cai[9] - S -
Changl[3] - 2992 | 2833 | 21.20
(@ b) Ak 1(DbY) | 3256 | 30.21 | 2860 | 27.39
A 2(DbY) | 3260 | 30.25 | 28656 | 2745
a8 2 (@ o, =100 ¥ uel Zol 42l Baara ¥ A 1(QMFY) | 3274 | 3041 | 2882 | 2166
A (b) B20| L= parbara Qake) Qk Ak 2(QMF9) || 32.79 | 3046 | 28.88 | 27.71
Fig. 2. (a) Noisy Barbara image when o2 = 100 (Lena, Barbara:8bpp)dl] tisle Roja#de 4t 7}

(b) qk value of noisy Barbara image.

21 (19), Q0AA (g),=g=0%
g 022 Fv iAot 18

o, gol3, g<0 ¥

7t (ue) = Ickl Y v @D FAs] AE [, = HolrY 2o we} A
Yi € ¢
2A LA A 2AYRE 245 {9, 9,9, 25 BIE
2 1 ettt
=7 > (- 22
7 () el yi;ck( % = ¥ 1% ¥ 2% Lena ¥ Barbara %/gel tistd]
b o e A PR vEd 29
Aol |e kl—t‘ 8 ol Wz ALEF ASolw Aok W 2_‘: (}k"“ qat o
V. Zolus AE) A 0l A B A
Folth B(G)8 AT 7 8 8T B
At AN Fe AA BHE ojEIto BE FA t} ekzke] PSNR 7HAo] 5S¢ & Arh FolA &

5

Aol &=

2 Wl oo
HE S

T2

AsM e e
H & $8]A Daubechies2] 8-
(Db8 % QMF 9
el olEdl s

T

MATLABS AH&ate] AAatgch
AA Aete)
2 A doj &8l dUE
-5 ZE(QMFY)!™'E Abgste oA
TP = N5 #AHS




2005 oF HxISE| =X A 42 ¥ SPH H 5 &

51

© 6]
3% 3 0,=20 ¢ e Lena Falol CHE D[E LD mob wHe EHF MA Zzh (@ LAWML (3065dB), (b)
LAWMAP (30.90dB), (d) Bivariate (31.04dB), (d) X2t 4+ (31.35dB).
Fig. 3. Denoising results for Lena of conventional methods and the proposed method when o, = 20. (a) LAWML
(30.65dB), (b) LAWMAP (30.900B), (d) Bivariate (31.04d8), (d) The Proposed method (31.35dB).
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a8 4. 0,=20 ¥ me| Barbara Faol tist 7|E weint Mo drHol g MA ZEb (@) LAWML (2850dB), (b)

LAWMAP (28530B), (d) Bivariate (28.36dB), (d) Xl ot & (28.880B).
Fig. 4. Denoising results for Barbara of conventional methods and the proposed method when o, = 20. (a) LAWML

(28.50dB). (b) LAWMAP (28.53dB}, (d) Bivariate (28.36dB), (d) The Proposed method (28.88dB).
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