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B.2 Textures synthesised with various multiscales

In our multiscale texture syrnthesis algorithm, as outlined in Fig. 7.4, one of the
variablesis the multigrid heiglt. In the presened algorithm we have setthe variable
to the maximum height possible. This howewer, is a default setting and is not
a requiremen. In the following Figs. B.167{B.175 we explore the possibility of
syrthesising various Brodatz textures [28] with di erent settings of the multigrid
height. For ead training texture a syrthetic texture was produced, one using 2
multigrid levels, another 3, and also all multigrid levels. In eah case,we useda
5 5 neighbourhood and alsoa 7 7 neighbourhood. Again the training textures
were 128 128 pixel images,and the synthetic courterparts were 256 256 pixel
images.

The synthesis results, Figs. B.167{B.175, indicate that it is possibleto limit
the multigrid to just a couple of levels. As discussedn Section7.7, the lower the
multigrid height can be set the better. In fact, with someof these textures, we
can successfullymodel them with just two grid levels. In conbination with neigh-
bourhood sizethis givesan indication of the spatial extert of the direct interactions
betweenpixels, i.e., the required spatial extert of the neighbourhood. From the ob-
senational results, the required spatial extert of a neighbourhood is related to the
macro-texture and how spatially diverseit is. That is, ne texture like Fig. B.174
canbe modelledwith a small neighbourhood at a low multigrid heigh, while coarse
texture like Fig. B.170needsto be modelledwith a larger neighbourhood at a higher
multigrid heigh.

The neighbourhood sizeand maximum multigrid height aretwo parametersthat
can be usedto optimise the \ideal" model for open-endedtexture classi cation. Ba-
sically an ideal model is optimised whenit capturesall of the characteristic features
of a texture class,but no more. The ideal model doesnot want to be overtrained
by capturing featuresthat are only speci c to the training texture and not to the
classit belongs. Thereforethe choice of neighbourhood size and maximum multi-
grid height should be made on the basisthat they are the minimum required to
reproducerepresenativ e syrthetic texture of the texture class.
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(e) 2 multigrid levels (f) 3 multigrid levels (g) All multigrid levels

Figure B.167: Brodatz texture D0OO1a: (a) original 128 128image; (b{g) syrnthe-
sised256 256 imagesusing Gibbs sampling; (b) using5 5 neighbourhood and
2 multigrid lewels; (c) using5 5 neighbourhood and 3 multigrid levels; (d) using
5 5 neighbourhood and all multigrid levels; (e) using7 7 neighbourhood and 2
multigrid levels;(f) using7 7 neighbourhood and 3 multigrid levels;(g) using7 7
neighbourhood and all multigrid levels.
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(a) Training texture

(b) 2 multigrid levels (c) 3 multigrid levels (d) All multigrid levels

(e) 2 multigrid levels (f) 3 multigrid levels (g) All multigrid levels

Figure B.168: Brodatz texture DOO1c: (a) original 128 128image; (b{g) syrnthe-
sised256 256 imagesusing Gibbs sampling; (b) using5 5 neighbourhood and
2 multigrid lewvels; (c) using5 5 neighbourhood and 3 multigrid levels; (d) using
5 5 neighbourhood and all multigrid levels; (e) using7 7 neighbourhood and 2
multigrid levels;(f) using7 7 neighbourhood and 3 multigrid levels;(g) using7 7
neighbourhood and all multigrid levels.
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(a) Training texture

(b) 2 multigrid levels (c) 3 multigrid levels (d) All multigrid levels

(e) 2 multigrid levels (f) 3 multigrid levels (g) All multigrid levels

Figure B.169: Brodatz texture D003a: (a) original 128 128image; (b{g) syrnthe-
sised256 256 imagesusing Gibbs sampling; (b) using5 5 neighbourhood and
2 multigrid lewels; (c) using5 5 neighbourhood and 3 multigrid levels; (d) using
5 5 neighbourhood and all multigrid levels; (e) using7 7 neighbourhood and 2
multigrid levels;(f) using7 7 neighbourhood and 3 multigrid levels;(g) using7 7
neighbourhood and all multigrid levels.
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(e) 2 multigrid levels (f) 3mult|gr|d levels (g) All multlgrld Ievels

Figure B.170: Brodatz texture D015a: (a) original 128 128image; (b{g) syrnthe-
sised256 256 imagesusing Gibbs sampling; (b) using5 5 neighbourhood and
2 multigrid lewels; (c) using5 5 neighbourhood and 3 multigrid levels; (d) using
5 5 neighbourhood and all multigrid levels; (e) using7 7 neighbourhood and 2
multigrid levels;(f) using7 7 neighbourhood and 3 multigrid levels;(g) using7 7
neighbourhood and all multigrid levels.
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(a) Training texture

(b) 2 multigrid levels (c) 3 multigrid levels (d) All multigrid levels

(e) 2 multigrid levels (f) 3 multigrid levels (g) All multigrid levels

Figure B.171: Brodatz texture D020a: (a) original 128 128image;(b{g) syrnthe-
sised256 256 imagesusing Gibbs sampling; (b) using5 5 neighbourhood and
2 multigrid lewels; (c) using5 5 neighbourhood and 3 multigrid levels; (d) using
5 5 neighbourhood and all multigrid levels; (e) using7 7 neighbourhood and 2
multigrid levels;(f) using7 7 neighbourhood and 3 multigrid levels;(g) using7 7
neighbourhood and all multigrid levels.
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(a) Training texture

(b) 2 multigrid levels (c) 3 multigrid levels (d) All multigrid levels

(e) 2 multigrid levels (f) 3 multigrid levels (g) All multigrid levels

Figure B.172: Brodatz texture D021a: (a) original 128 128image;(b{g) syrnthe-
sised256 256 imagesusing Gibbs sampling; (b) using5 5 neighbourhood and
2 multigrid lewels; (c) using5 5 neighbourhood and 3 multigrid levels; (d) using
5 5 neighbourhood and all multigrid levels; (e) using7 7 neighbourhood and 2
multigrid levels;(f) using7 7 neighbourhood and 3 multigrid levels;(g) using7 7
neighbourhood and all multigrid levels.



362

(a) Training texture

(b) 2 multigrid levels (c) 3 multigrid levels (d) All multigrid levels

(e) 2 multigrid levels (f) 3 multigrid levels (g) All multigrid levels

Figure B.173: Brodatz texture D022a: (a) original 128 128image; (b{g) syrnthe-
sised256 256 imagesusing Gibbs sampling; (b) using5 5 neighbourhood and
2 multigrid lewels; (c) using5 5 neighbourhood and 3 multigrid levels; (d) using
5 5 neighbourhood and all multigrid levels; (e) using7 7 neighbourhood and 2
multigrid levels;(f) using7 7 neighbourhood and 3 multigrid levels;(g) using7 7
neighbourhood and all multigrid levels.
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(a) Training texture

(b) 2 multigrid levels (c) 3 multigrid levels (d) All multigrid levels

(e) 2 multigrid levels (f) 3 multigrid levels (g) All multigrid levels

Figure B.174: Brodatz texture DO77a: (a) original 128 128image; (b{g) syrthe-
sised256 256 imagesusing Gibbs sampling; (b) using5 5 neighbourhood and
2 multigrid lewels; (c) using5 5 neighbourhood and 3 multigrid levels; (d) using
5 5 neighbourhood and all multigrid levels; (e) using7 7 neighbourhood and 2
multigrid levels;(f) using7 7 neighbourhood and 3 multigrid levels;(g) using7 7
neighbourhood and all multigrid levels.
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(a) Training texture

(b) 2 multigrid levels (c) 3 multigrid levels (d) All multigrid levels

(e) 2 multigrid levels (f) 3 multigrid levels (g) All multigrid levels

Figure B.175: Brodatz texture D103a: (a) original 128 128image; (b{g) syrnthe-
sised256 256 imagesusing Gibbs sampling; (b) using5 5 neighbourhood and
2 multigrid lewels; (c) using5 5 neighbourhood and 3 multigrid levels; (d) using
5 5 neighbourhood and all multigrid levels; (e) using7 7 neighbourhood and 2
multigrid levels;(f) using7 7 neighbourhood and 3 multigrid levels;(g) using7 7
neighbourhood and all multigrid levels.
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B.3 Textures synthesised with various clique sets

An important aspect of the texture syrthesis algorithm is its ability to test the
statistical order required to model various textures. By choosing the maximum
clique sizethat is usedin the strong MRF model, we cantest to seeif the de ned
model can be usedto syrthesisea represetativ e version of the training texture. If
indeedthe syrthetic texture is visually similar to that of the training texture, we
may s& that the texture cortains no signi cant statistical information greaterthan
the order represemativ e of the maximum clique size.

In Figs. B.176{B.179we usevariousforms of the strong MRF modelto syrnthesise
the texture. We look at the di erence betweenusingthe direct estimate, Eq. (6.10),
and the simple estimate, Eq. (6.49), of the LPDF. As discussedn Section6.6, the
direct estimateis really only applicablefor the strong MRF model when no greater
than secondorder cliquesare used. This accourts for the fact that using fourth and
third order cliquesin the strong MRF model did not producerepresetativ e versions
of the training texture. Better results were obtained with usingthe simple estimate.
Howeer Fig. B.179(b) doesshaw the surprising capability of the direct estimation
technique.

Choosing small clique sizesis one method for reducingthe statistical cortent in
the model. Another method is to reducethe number of cliquesby discriminating on
the basisof their assaiated ertropy. In the following Figs. B.176{B.179, we test to
seehow many third order cliquesare requiredto achieve an adequatereproduction
of a training texture. in ead casewe choosea subsetof the third order cliques
that had the lowest ertropy. Unfortunately this was almost a random process,as
all clique ertropies werevirtually the same.

A further setof syrnthesisedtexturesis preserted in Figs. B.180{B.221. Again the
strong MRF model was used,but this time only pairwise cliqueswereincorporated.
The training texture were from VisTex [203.
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(a) Training texture (b) 2nd and lower order cliques (c) 2nd order cliques
(d) 3rd order cliques (e) 3rd order cliques (f) 3rd order cliques
(g) 4th and lower order cliques (h) 4th order cliques (i) No cliques

Figure B.176: Brodatz texture DO0O3a: (a) original 128 128image;(b{i) synthesised
256 256imagesusing Gibbs samplingand5 5 neighbourhood; (b) using pairwise
and single site cliques; (c) using just pairwise cliques; (d) using just 10 of the 3rd
order cliqueswith the lowest entropy; (e) usingjust 20 of the 3rd order cliqueswith
the lowest ertropy; (f) usingjust 3rd order cliques;(g) using4th and all lower order
cliques;(h) usingjust 4th order cliques;(i) using plain nonparametric MRF.
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(a) Training texture (b) 2nd and lower order cliques (c) 2nd order cliques
(d) 3rd order cliques (e) 3rd order cliques (f) 3rd order cliques
(g) 4th and lower order cliques (h) 4th order cliques (i) No cliques

Figure B.177: Brodatz texture D021a: (a) original 128 128image;(b{i) synthesised
256 256imagesusing Gibbs samplingand5 5 neighbourhood; (b) using pairwise
and single site cliques; (c) using just pairwise cliques; (d) using just 10 of the 3rd
order cliqueswith the lowest entropy; (e) usingjust 20 of the 3rd order cliqueswith
the lowest ertropy; (f) usingjust 3rd order cliques;(g) using4th and all lower order
cliques;(h) usingjust 4th order cliques;(i) using plain nonparametric MRF.
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(a) Training texture (b) 2nd and lower order cliques (c) 2nd order cliques
(d) 3rd order cliques (e) 3rd order cliques (f) 3rd order cliques
(g) 4th and lower order cliques (h) 4th order cliques (i) No cliques

Figure B.178: Brodatz texture D022a: (a) original 128 128image;(b{i) synthesised
256 256imagesusing Gibbs samplingand5 5 neighbourhood; (b) using pairwise
and single site cliques; (c) using just pairwise cliques; (d) using just 10 of the 3rd
order cliqueswith the lowest entropy; (e) usingjust 20 of the 3rd order cliqueswith
the lowest ertropy; (f) usingjust 3rd order cliques;(g) using4th and all lower order
cliques;(h) usingjust 4th order cliques;(i) using plain nonparametric MRF.
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(a) Training texture (b) 2nd and lower order cliques (c) 2nd order cliques
(d) 3rd order cliques (e) 3rd order cliques (f) 3rd order cliques
(g) 4th and lower order cliques (h) 4th order cliques (i) No cliques

Figure B.179: Brodatz texture DO77a: (a) original 128 128image;(b{i) synthesised
256 256imagesusing Gibbs samplingand5 5 neighbourhood; (b) using pairwise
and single site cliques; (c) using just pairwise cliques; (d) using just 10 of the 3rd
order cliqueswith the lowest entropy; (e) usingjust 20 of the 3rd order cliqueswith
the lowest ertropy; (f) usingjust 3rd order cliques;(g) using4th and all lower order
cliques;(h) usingjust 4th order cliques;(i) using plain nonparametric MRF.
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(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.180: VisTex texture Bark.0000: (a) original 128 128image;(b{d) syrthe-
sised256 256imagesusinga5 5 neighbourhood; (b) using Gibbs samplingand
just pairwise cliques; (c) using ICM sampling and just pairwise cliques; (d) using
plain nonparametric MRF.

(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.181: VisTex texture Bark.0001: (a) original 128 128image;(b{d) syrthe-
sised256 256imagesusinga5 5 neighbourhood; (b) using Gibbs samplingand
just pairwise cliques; (c) using ICM sampling and just pairwise cliques; (d) using
plain nonparametric MRF.
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(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.182: VisTex texture Bark.0002: (a) original 128 128image;(b{d) syrthe-
sised256 256imagesusinga5 5 neighbourhood; (b) using Gibbs samplingand
just pairwise cliques; (c) using ICM sampling and just pairwise cliques; (d) using
plain nonparametric MRF.

(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.183: VisTex texture Bark.0003: (a) original 128 128image;(b{d) syrthe-
sised256 256imagesusinga5 5 neighbourhood; (b) using Gibbs samplingand
just pairwise cliques; (c) using ICM sampling and just pairwise cliques; (d) using
plain nonparametric MRF.
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(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.184: VisTex texture Bark.0004: (a) original 128 128image;(b{d) syrthe-
sised256 256imagesusinga5 5 neighbourhood; (b) using Gibbs samplingand
just pairwise cliques; (c) using ICM sampling and just pairwise cliques; (d) using
plain nonparametric MRF.

(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.185: VisTex texture Bark.0005: (a) original 128 128image;(b{d) syrthe-
sised256 256imagesusinga5 5 neighbourhood; (b) using Gibbs samplingand
just pairwise cliques; (c) using ICM sampling and just pairwise cliques; (d) using
plain nonparametric MRF.
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(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.186: VisTex texture Bark.0006: (a) original 128 128image;(b{d) syrthe-
sised256 256imagesusinga5 5 neighbourhood; (b) using Gibbs samplingand
just pairwise cliques; (c) using ICM sampling and just pairwise cliques; (d) using
plain nonparametric MRF.

(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.187: VisTex texture Bark.0007: (a) original 128 128image;(b{d) syrthe-
sised256 256imagesusinga5 5 neighbourhood; (b) using Gibbs samplingand
just pairwise cliques; (c) using ICM sampling and just pairwise cliques; (d) using
plain nonparametric MRF.
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(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.188: VisTex texture Bark.0008: (a) original 128 128image;(b{d) syrthe-
sised256 256imagesusinga5 5 neighbourhood; (b) using Gibbs samplingand
just pairwise cliques; (c) using ICM sampling and just pairwise cliques; (d) using
plain nonparametric MRF.

(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.189: VisTex texture Bark.0009: (a) original 128 128image;(b{d) syrthe-
sised256 256imagesusinga5 5 neighbourhood; (b) using Gibbs samplingand
just pairwise cliques; (c) using ICM sampling and just pairwise cliques; (d) using
plain nonparametric MRF.
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(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.190: VisTex texture Bark.0010: (a) original 128 128image;(b{d) syrthe-
sised256 256imagesusinga5 5 neighbourhood; (b) using Gibbs samplingand
just pairwise cliques; (c) using ICM sampling and just pairwise cliques; (d) using
plain nonparametric MRF.

(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.191: VisTex texture Bark.0011: (a) original 128 128image;(b{d) syrthe-
sised256 256imagesusinga5 5 neighbourhood; (b) using Gibbs samplingand
just pairwise cliques; (c) using ICM sampling and just pairwise cliques; (d) using
plain nonparametric MRF.
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(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.192: VisTex texture Bark.0012: (a) original 128 128image;(b{d) syrthe-
sised256 256imagesusinga5 5 neighbourhood; (b) using Gibbs samplingand
just pairwise cliques; (c) using ICM sampling and just pairwise cliques; (d) using
plain nonparametric MRF.

(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.193: VisTex texture Brick.0000: (a) original 128 128image; (b{d) syn-
thesised256 256imagesusinga 5 5 neighbourhood; (b) using Gibbs sampling
and just pairwise cliques; (c) using ICM sampling and just pairwise cliques; (d)
using plain nonparametric MRF.
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(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.194: VisTex texture Brick.0001: (a) original 128 128image; (b{d) syn-
thesised256 256imagesusinga 5 5 neighbourhood; (b) using Gibbs sampling
and just pairwise cliques; (c) using ICM sampling and just pairwise cliques; (d)
using plain nonparametric MRF.

(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.195: VisTex texture Brick.0002: (a) original 128 128image; (b{d) syn-
thesised256 256imagesusinga 5 5 neighbourhood; (b) using Gibbs sampling
and just pairwise cliques; (c) using ICM sampling and just pairwise cliques; (d)
using plain nonparametric MRF.
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(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.196: VisTex texture Brick.0003: (a) original 128 128image;(b{d) syn-
thesised256 256imagesusinga 5 5 neighbourhood; (b) using Gibbs sampling
and just pairwise cliques; (c) using ICM sampling and just pairwise cliques; (d)
using plain nonparametric MRF.

(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.197: VisTex texture Brick.0004: (a) original 128 128image; (b{d) syn-
thesised256 256imagesusinga 5 5 neighbourhood; (b) using Gibbs sampling
and just pairwise cliques; (c) using ICM sampling and just pairwise cliques; (d)
using plain nonparametric MRF.
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(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.198: VisTex texture Brick.0005: (a) original 128 128image; (b{d) syn-
thesised256 256imagesusinga 5 5 neighbourhood; (b) using Gibbs sampling
and just pairwise cliques; (c) using ICM sampling and just pairwise cliques; (d)
using plain nonparametric MRF.

(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.199: VisTex texture Brick.0006: (a) original 128 128image; (b{d) syn-
thesised256 256imagesusinga 5 5 neighbourhood; (b) using Gibbs sampling
and just pairwise cliques; (c) using ICM sampling and just pairwise cliques; (d)
using plain nonparametric MRF.
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(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.200: VisTex texture Brick.0007: (a) original 128 128image; (b{d) syn-
thesised256 256imagesusinga 5 5 neighbourhood; (b) using Gibbs sampling
and just pairwise cliques; (c) using ICM sampling and just pairwise cliques; (d)
using plain nonparametric MRF.

(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.201: VisTex texture Brick.0008: (a) original 128 128image;(b{d) syn-
thesised256 256imagesusinga 5 5 neighbourhood; (b) using Gibbs sampling
and just pairwise cliques; (c) using ICM sampling and just pairwise cliques; (d)
using plain nonparametric MRF.
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(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.202: VisTex texture Fabric.0000: (a) original 128 128 image; (b{d)
synthesised256 256imagesusinga5 5 neighbourhood; (b) using Gibbs sampling
and just pairwisecliques;(c) usinglCM samplingand just pairwisecliques;(d) using
plain nonparametric MRF.

(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.203: VisTex texture Fabric.0001: (a) original 128 128 image; (b{d)
synthesised256 256imagesusinga5 5 neighbourhood; (b) using Gibbs sampling
and just pairwisecliques;(c) usinglCM samplingand just pairwisecliques;(d) using
plain nonparametric MRF.
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(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.204: VisTex texture Fabric.0002: (a) original 128 128 image; (b{d)
synthesised256 256imagesusinga5 5 neighbourhood; (b) using Gibbs sampling
and just pairwisecliques;(c) usinglCM samplingand just pairwisecliques;(d) using
plain nonparametric MRF.

(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.205: VisTex texture Fabric.0003: (a) original 128 128 image; (b{d)
synthesised256 256imagesusinga5 5 neighbourhood; (b) using Gibbs sampling
and just pairwisecliques;(c) usinglCM samplingand just pairwisecliques;(d) using
plain nonparametric MRF.
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(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.206: VisTex texture Fabric.0004: (a) original 128 128 image; (b{d)
synthesised256 256imagesusinga5 5 neighbourhood; (b) using Gibbs sampling
and just pairwisecliques;(c) usinglCM samplingand just pairwisecliques;(d) using
plain nonparametric MRF.

(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.207: VisTex texture Fabric.0005: (a) original 128 128 image; (b{d)
synthesised256 256imagesusinga5 5 neighbourhood; (b) using Gibbs sampling
and just pairwisecliques;(c) usinglCM samplingand just pairwisecliques;(d) using
plain nonparametric MRF.
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(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.208: VisTex texture Fabric.0006: (a) original 128 128 image; (b{d)
synthesised256 256imagesusinga5 5 neighbourhood; (b) using Gibbs sampling
and just pairwisecliques;(c) usinglCM samplingand just pairwisecliques;(d) using
plain nonparametric MRF.

(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.209: VisTex texture Fabric.0007: (a) original 128 128 image; (b{d)
synthesised256 256imagesusinga5 5 neighbourhood; (b) using Gibbs sampling
and just pairwisecliques;(c) usinglCM samplingand just pairwisecliques;(d) using
plain nonparametric MRF.
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(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.210: VisTex texture Fabric.0008: (a) original 128 128 image; (b{d)
synthesised256 256imagesusinga5 5 neighbourhood; (b) using Gibbs sampling
and just pairwisecliques;(c) usinglCM samplingand just pairwisecliques;(d) using
plain nonparametric MRF.

(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.211: VisTex texture Fabric.0009: (a) original 128 128 image; (b{d)
synthesised256 256imagesusinga5 5 neighbourhood; (b) using Gibbs sampling
and just pairwisecliques;(c) usinglCM samplingand just pairwisecliques;(d) using
plain nonparametric MRF.
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(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.212: VisTex texture Fabric.0010: (a) original 128 128 image; (b{d)
synthesised256 256imagesusinga5 5 neighbourhood; (b) using Gibbs sampling
and just pairwisecliques;(c) usinglCM samplingand just pairwisecliques;(d) using
plain nonparametric MRF.

(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.213: VisTex texture Fabric.0011: (a) original 128 128 image; (b{d)
synthesised256 256imagesusinga5 5 neighbourhood; (b) using Gibbs sampling
and just pairwisecliques;(c) usinglCM samplingand just pairwisecliques;(d) using
plain nonparametric MRF.
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(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.214: VisTex texture Fabric.0012: (a) original 128 128 image; (b{d)
synthesised256 256imagesusinga5 5 neighbourhood; (b) using Gibbs sampling
and just pairwisecliques;(c) usinglCM samplingand just pairwisecliques;(d) using
plain nonparametric MRF.

(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.215: VisTex texture Fabric.0013: (a) original 128 128 image; (b{d)
synthesised256 256imagesusinga5 5 neighbourhood; (b) using Gibbs sampling
and just pairwisecliques;(c) usinglCM samplingand just pairwisecliques;(d) using
plain nonparametric MRF.
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(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.216: VisTex texture Fabric.0014: (a) original 128 128 image; (b{d)
synthesised256 256imagesusinga5 5 neighbourhood; (b) using Gibbs sampling
and just pairwisecliques;(c) usinglCM samplingand just pairwisecliques;(d) using
plain nonparametric MRF.

(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.217: VisTex texture Fabric.0015: (a) original 128 128 image; (b{d)
synthesised256 256imagesusinga5 5 neighbourhood; (b) using Gibbs sampling
and just pairwisecliques;(c) usinglCM samplingand just pairwisecliques;(d) using
plain nonparametric MRF.
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(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.218: VisTex texture Fabric.0016: (a) original 128 128 image; (b{d)
synthesised256 256imagesusinga5 5 neighbourhood; (b) using Gibbs sampling
and just pairwisecliques;(c) usinglCM samplingand just pairwisecliques;(d) using
plain nonparametric MRF.

(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.219: VisTex texture Fabric.0017: (a) original 128 128 image; (b{d)
synthesised256 256imagesusinga5 5 neighbourhood; (b) using Gibbs sampling
and just pairwisecliques;(c) usinglCM samplingand just pairwisecliques;(d) using
plain nonparametric MRF.
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(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.220: VisTex texture Fabric.0018: (a) original 128 128 image; (b{d)
synthesised256 256imagesusinga5 5 neighbourhood; (b) using Gibbs sampling
and just pairwisecliques;(c) usinglCM samplingand just pairwisecliques;(d) using
plain nonparametric MRF.

(a) Training texture

(b) 2nd order cliques (c) 2nd order cliques (d) No cliques

Figure B.221: VisTex texture Fabric.0019: (a) original 128 128 image; (b{d)
synthesised256 256imagesusinga5 5 neighbourhood; (b) using Gibbs sampling
and just pairwisecliques;(c) usinglCM samplingand just pairwisecliques;(d) using
plain nonparametric MRF.
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