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Abstract

In this paper, a texture synthesis technique based on the NCAR(non-causal auto-regressive)
model and the pyramid structure is proposed. In order to estimate the NCAR model parameters
accurately from a noisy texture, the MAP(maximum a posteriori) estimation technique is also
employed.

In our approach, since the input texture is decomposed into the Laplacian pyramid planes
first and then the NCAR model is applied to each plane, we are able to obtain a good synthesized
texture even if the texture exhibits some non-random local structure or non-homogenity. The
usefulness of the proposed method is demonstrated with several real textures in the Brodatz album.
Finally, the 2-dimensional MAP estimation technique can be used to the image restoration for noisy
images as well as a texture image synthesis.
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Fig. 8. Results of the proposed method using raffia
texture image.
(a) original texture (64X 64).
(b) pyramid texture images.
(c)
(d)

synthesized pyramid texture images.
synthesized texture images (64X 64).
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