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Integration of Internal and External Priors Based on Dirichlet Process Mixture Model
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Abstract In recent years,Bayesian approaches using Gaussian mixture model as a patch prior has achieved great success in image
restoration. Aiming at the shortcomings of fix components and mainly relying on external learning of these models.a new image
prior model based on Dirichlet process mixture model is proposed. The model learns external generic priors from a set of external
clean images and learns internal priors from a given degraded image. Due to the accumulative property of the statistics in the mo-
del, the integration of internal and external priori is naturally achieved in image restoration. Through the add and merge of cluster
components, the model complexity can be adaptively changed as the data increases or decreases, more interpretable and more com-
pact models can be learned. In order to solve the variational posterior of all hidden variables,a scalable variational algorithm com-
bining with batch update with birth and merge mechanisms is proposed. The new algorithm improves the traditional coordinate
ascent algorithm which is relatively inefficient under large data sets and often falls into the local optima. The effectiveness of the
proposed model is verified by image denoising and inpainting experiments where the proposed model has advantage both on objec-
tive quality assessments and on visual perception comparing to traditional methods.
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Wl psw.ps V,CFT;
1. Repeat
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6. MmO RGHEH r:l n (:);
7. CFT,<CFT,—CFT}';
8. MR (43 WH CFTY
9. CFT,<CFT,+CFT};
10. WX KCHEH ; gl \A/;
11, MAE=NADEH p F ;,iﬁlﬁﬁ L-BFGS 4k 3K i ;
12. End for
13, AT 4. 3.1 9 v A BT 4 SR M
14, 40AT 4.3, 2 1 RS IR s
15. Until ELBO i8¢
B 1 PN HE R T B FE B Y R S B4y B R TR AR 43
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Fig. 3 Comparison of various variational inference methods
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Fig. 4 Partial evaluation images
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Table 1 Comparison of denoising results

o BM3D) EPLLI'Y NL-Bayes!® PGPD' EPPGICI'®)  Ours

5 2074 29.55 29. 68 29.70 29. 85 29.75
' 0.82 0. 80 0.81 0.82 0.82 0.82
o 2832 28.06 28. 38 28.49 28.55 28,47

0.78 0.76 0.77 0.78 0.79 0.79
5 2743 27.05 27.18 27.50 27.59 27.53

0.75 0.73 0.74 0.76 0.76 0.77
;5 25.62 25.26 25.10 25.71 25. 80 25.82
’ 0.68 0.67 0.67 0.70 0.71 0.72
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Fig. 6 Comparison of visual quality of denoising results (¢=30)
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Fig. 7 Comparison of visual quality of denoising results(6=75)
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Table 2 Comparison of random inpainting results

Data Lost Ratio/ % MPIN*!  prpt'®!  EPLLIMT  E-pPLEY)  Ours
30 40.32 40. 43 40.18 40.25 40. 64
10 38.42 38.56 38. 29 38.31 38.65
50 37.12 36. 24 36.95 37.04 37.36
80 29.72 29.75 29.54 29.63 29.92
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Fig. 8 Comparison of visual quality of random inpainting when data lost ratio is 80%
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