








Figure2. Selected images for visual comparison. First row, degraded images;
second row, restored with the proposed method; third row, restored with the
method in [9]. The images are best viewed on the screen and zooming in.
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Figure 3. A real example. (a) Blurred and noisy image. (b) Result with the
method in [9]. (c) Result with the proposed method.

VI. CONCLUSION

We have presented a new BID method formulated in the
�lter space. The novelty of the proposed model lies in the
introduction of the spike-and-slab prior on the high-pass
�ltered image. A convenient reparametrization of the spike-
and-slab prior makes VB inference possible and a sensible
factorization provides a better approximation of the posterior.
This leads to an ef�cient algorithm that accurately estimates
the blur kernel due to the ability of such priors to shrink
irrelevant information. All the prior model parameters are
estimated along with the blur within the VB framework.
Automatic estimation of the noise parameter, as well as the use
of other hyperprior distributions on the parameters, is under
study. Empirical experimentation provides suf�cient proof of
the competitiveness of the proposed method.
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