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compression (JPEG2000, 2002)

denoising (Simoncelli & Adelson, 1996; Portilla et al., 3Q®Roth & Black, 2005; Gehler
& Welling, 2006)

inpainting (Roth & Black, 2005)

super-resolution (Freeman et al., 2000)

texture synthesis(Zhu et al., 1998; Portilla & Simonc&(i0)
segmentation (Figueiredo, 2005)

forensics (Lyu & Farid, 2005; Lyu & Farid, 2006)



Multi-scale multi-orientation image decomposition (wavéet)
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Gaussian scale mixtures (GSM)
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Block GSM (Portilla et al., 2003)
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overlapping blocks are independent GSM samples



Multi-scale tree of GSM (Wainwright et al., 2001)
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Field of Gaussian scale mixture (FOGSM)
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Ay modeling wavelet subband

S S spatial homogeneity
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FoOGSM: X " u

u: zero mean homogeneous Gauss MRF

Z . exponentiated homogeneous Gauss MRF
Xjz : iInhomogeneou&auss MRF

X pE: homogeneous Gauss MRF
marginal distribution is GSM

generative model: ecient sampling



Fitting FOGSM model:

(2 u 2) = argmaxog p(ZX; v 2)
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Marginal distributions
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Image denoising

In wavelet domain
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assume  FoGSM

estimatex fromy

Z
— Maximum a posteriorix = argmaxp(xjy) = argmax  p(X; zjy)dz
X Z X 4
— Bayes least square& = E(Xjy) = Xp(x; zjy)dxdz

X;Z
— Maximum joint mode(X; z) = argmaxog p(x; zjy)
X,Z

combine with parameter estimation:

(X2 u 2) = argmaxog p(x; ziy; u; 2)
X3Z, us z




Denoising+ parameter estimation
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standard image set as used in (Portilla et al., 2003)

steerable pyramid (Simoncelli & Freeman, 1995) of 8 oritote

5 level decomposition for image of 512512

4 level decomposition for image of 256256

di erent noise levels

initialization with block GSM denoised subband (Portiltaaé, 2003)
heuristic choice of model structure

Running time: On average:%t hours to denoise a 512512 image
on PowerPC G5 (2.3 Ghz processor, 16 GB RAM) and unoptimized
MATLAB (version R14) code.
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1/48.13
5/34.15
10/28.13
15/24.61
25/20.17
30/18.59
50/14.15
75/10.63
1008.13

48.75(48.40)
38.65(37.78)
35.01(34.01)
32.85(31.83)
30.10(29.07)
29.12(28.11)
26.40(25.45)
24.29(23.61)
23.01(22.61)

49.88(49.25)
38.98(38.39)
35.05(34.42)
32.92(32.27)
30.44(29.73)
29.61(28.88)
27.36(26.63)
25.64(24.96)
24.44(23.84)

48.59(48.43)
37.39(36.99)
34.12(33.58)
32.31(31.68)
30.03(29.34)
29.22(28.52)
27.01(26.35)
25.33(24.78)
24.20(23.79)

48.67(48.46)
37.28( 36.69)
33.28(32.45)
31.07(30.15)
28.45(27.44)
27.56(26.54)
25.11(24.13)
23.16(22.39)
21.78(21.21)

48.33(48.33)
37.16(36.91)
33.78(33.38)
31.99(31.51)
29.91(29.37)
29.22(28.67)
27.38(26.82)
25.93(25.46)
24.88(24.53)
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1/48.13
5/34.15
10/28.13
15/24.61
25/20.17
30/18.59
50/14.15
75/10.63
1008.13

49.79(48.26)
36.43(35.65)
32.47(31.78)
30.63(29.86)
28.29(27.48)
27.42(26.60)
24.82(24.02)
22.72(21.94)
21.24(20.49)

48.57(48.87)
38.98(38.62)
35.63(35.27)
33.89(33.54)
31.64(31.32)
30.82(30.50)
28.51(28.23)
26.69(26.50)
25.33(25.31)

47.92(48.47)
38.66(38.48)
35.94(35.60)
34.28(33.91)
32.11(31.70)
31.32(30.89)
29.12(28.62)
27.37(26.92)
26.12(25.77)

49.03(48.42)
37.91(37.30)
34.38(33.73)
32.34(31.70)
29.78(29.18)
28.89(28.30)
26.43(25.93)
24.53(24.11)
23.17(22.80)

50.08(48.18)
36.61(35.06)
31.69(30.42)
29.19(28.04)
26.34(25.33)
25.41(24.45)
23.03(22.28)
21.47(20.99)
20.58(20.32)

PSNR: 20 l0g,(255= ¢), where . is the standard deviation of the error.
PSNR:FoGSMvs. (block GSM) (Portilla et al., 2003)




original image noisy image (= 50) (PSNR= 14.15dB)

block GSM (Portilla et al., 2003) (PSNR 26.34dB) FoGSM (PSNR 27.02dB



original image noisy image (= 50) block GSM (Portilla et al., 2003) FoGSM
(PSNR= 14.15dB) (PSNR= 26.34dB) (PSNR= 27.02dB



original image noisy image (= 100) (PSNR= 8.13dB)

block GSM (Portilla et al., 2003) (PSNR 22.61dB) FOGSM (PSNR 23.01dB



original image noisy image (= 25) (PSNR= 20.17dB)

local GSM (Portilla et al., 2003) (PSNR29.73dB) FOGSM (PSNR 30.44dB



original image noisy image (= 100) (PSNR= 8.13dB)

local GSM (Portilla et al., 2003) (PSNR22.61dB) FOGSM (PSNR 23.01dB



Conclusion

photographic images have statistical regularities in \dve
domain

local GSM descriptior global MRF structure can capture
such regularities

construction with homogeneous Gauss MRF makes compu-
tation feasible

applied to denoising, FOGSM achieved substantial improve-
ment in performance



Future work

general Markov neighborhoods across scales and orienta-
tions

other modelings for the eld

modeling of other image characteristics, e.g., local phase
and orientations

combining with neuronal spiking model
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