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3 Results and applications

In the previous section we presented a method to learn the probability density functions
and basic underlying structures, encoded as Bayesian Networks, which model different
textures. These PDFs can straightforwardly be integrated into a Bayes classifier [21]. Given
an instance of a texture of an unknown class, the probability of this texture according to each
learned model is computed, and the texture is assigned the label of the most probable class.

To test our texture learning framework with this application, we selected a subset of 66
images from the Brodatz database. Each of these images was split, using a 4 by 4 grid, into
16 non overlapping sub images. For each image, one sub image was committed for training
and the other 15 to evaluate the classification performance (in total, 66 sub images were
used for training and 66x15=990 for evaluation). Images from the Brodatz database were
visually inspected and discarded if the stationarity requirement was not satisfied (i.e. their
sub images did not produce similar statistics; see texture D43 in the Brodatz database for an
example of this). No preprocessing was carried out on the images to compensate for
variations (e.g. due to the illumination).

Using this dataset we compared the classification performance of the models described in
Section 2 (whose optimal parent sets have on average 2.6 pixels) against control models
having a fixed parent set with the closest pixels to the origin (4 pixels in size; larger parent
sets should perform worse due to severe overfitting). Our model performed slightly better
(77.1% versus 75.9%), used a smaller context (2.6 average against 4), and thereby run in
35% less time (the computation is linear in the context size).

We move now into the application of texture synthesis. An immediate question is whether
this analysis (modeling) is ready, as it is, to be used for synthesis (which is of course just
one of the many important applications of good texture models). Using our proposed
learning framework and manageable sample sizes (m < 10000, recall that m is the number of
pixels in the training texture), the optimal parent sets found are often relatively small
(between 4 and 7 pixels in Figure 2d) in order to directly synthesize new textures from the
learned PDF, unless the texture is such that small contexts are sufficient to characterize it
(see Figure S1 in the supplemental material for one such example). This is expected since, as
mentioned before, the optimality criterion imposed to learn the PDF was not perceptually
motivated (if it were so, we may give more weight to learning the edges correctly). We then
proceed differently.

Looking at “entropy maps” (as in Figure 2b-c), we observe that the assumption of spatial
locality and isotropy often made in state-of-the-art texture synthesis methods (e.g. [1,18-20])
is poorly satisfied in textures containing structure and some degree of periodicity. This is
often the reason for the deficient performance attained by Efros and Leung’s (E&L)
algorithm [1] with smaller than recommended window sizes on these textures (see first two
columns, 1 to 3" rows in Figure 3). E&L recommend setting the window (context) size
equal to the size of the biggest texture feature, which the user is asked to determine. We
propose, motivated by our learning framework, an alternative approach that automatically
selects the “context” or parent set (pixels that must be looked at when synthesizing a new
pixel). Both close and far away pixels can be simultaneously used as part of the context if
the structure of the texture, as automatically learned, dictates so.

We suggest choosing the context (and after that proceeding as in E&L) as the set of
pixels in the allowed region (see discussion regarding the “ancestral ordering” in the
previous section) that have the greatest information gain (when considered individually).
Notice how this criterion selects pixels close to the pixel being generated to maintain the
local appearance of the texture, but also pixels far away to respect its structure (Figure 4).
The corresponding weights for the pixels are chosen proportionally to the information gain
of each pixel. Results of this approach are shown in Figure 3, 3" and 4" columns.

Our approach works significantly better for textures that violate the spatial locality or
isotropy hypothesis (e.g., Figure 3, 1% to 3™ rows). Furthermore, our approach uses much
smaller contexts and, therefore, is considerably less computationally expensive (at the
synthesis stage), and does not penalize the synthesis of small scale texture embedded in
bigger scale regularity. On the other hand, for textures where the locality is a proper
assumption, we do not necessarily improve the results of E&L (see last row of Figure 3).



Figure 3: Comparison of the proposed algorithm against the algorithm proposed by E&L on the textures of the previous
figure. 1% and 2™ columns: E&L results with contexts of size 12 and 24 pixels, respectively. 3 and 4™ columns: results of
our proposed method with contexts of size 12 and 24 pixels, respectively. Synthesized images are not square because only
the best parent sets for each of three pixel equivalence groups were used: one for the interior pixels and one for the pixels
close to each of the borders. Synthesis starts in every case in the smaller side of the “quadrilateral” and proceeds to the
opposite side. Note how for the first three textures, our learned context leads to better results. The fourth row shows a
partial failure of the proposed approach (while also E&L produces poor results in this case).

4 Conclusions and future work

We presented a novel approach to learn and model textures with probability density
functions by means of Bayesian Networks. We learned these BNs relying on very weak and
general hypotheses. Along the way, we learned meaningful structural information about the
texture in the form of what we call “entropy trees” and “entropy maps.”

Inspired by the proposed texture modeling framework here introduced, a modification to
the fundamental texture synthesis algorithm by E&L was proposed. This modification shows
a clear improvement in textures with some degree of structure, suggesting that the choice of
square patches (weighted by isotropic Gaussians) is not optimal for this kind of textures.
Furthermore, other metrics consistent with the current knowledge on texture perception, if
substituted by the current model selection criterion (maximum likelihood), could further
improve the learned context. Similarly, we showed that texture classification can benefit
from the learning of contexts, perhaps as part of current state-of-the-art methods (e.g. [8]).
These improvements are based on the automatic selection of the context used by the
synthesis/classification algorithms.

The study of information gains going beyond individual pixels might provide further
insights into the automatic computation of the most relevant context (Figure 2c). The
approach here developed for pixel gray values can be easily extended to other features, such
as gradients, color, or filter responses. The use of our proposed approach for tasks such as
texture detection, compression, and denoising, will be investigated in the future.



Figure 4: The parent set used to synthesize the texture in the 1% row, 4™
column, of Figure 3. The red square is the pixel being synthesized and
the blue squares are the pixels in the parent set, automatically learned
with our proposed framework. Notice that the ancestral ordering
constraint forces the parent set to lie only on one side of the pixel being
synthesized. For each pixel in the parent set, a weight is automatically
computed based on the information gain of the pixel by itself, as
explained in the text. Note how both local and global structure is used.
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Additional Figures:

Figure S1: Direct synthesis example for a simple
texture. a) The original texture. b) The texture
synthesized directly using the learned PDF. See text
and Figure 3 for an alternative technique derived
from our approach and more difficult textures.

Filling-in property

In this section we address the following question: What is a necessary and sufficient
condition on the Set of Potential Parents (SPP) to guarantee that a single parent set can be
used to fill-in a finite arbitrarily shaped area?

Theorem:
Pa(Xo) < HP < it can be used to fill-in a finite arbitrarily shaped area.

In words, the parent set of the current pixel is included in a half plane (HP) if and only if
it can be used to fill-in a finite arbitrarily shaped area.

Proof:

(=) Suppose, with no loss of generality, that the half plane is defined as in Figure la.
Fill-in the pixels one at a time, starting from the rightmost pixel on the upper line, and
continuing from right to left and from top to bottom until all the pixels have been filled.

(«<=) The parent set can be used to fill-in any arbitrary area. Therefore, exists an ordering
“=<in this area such that if X; € Pa(X;) = X; < X;.
X, e Pa(X,)
X_; ePa(X,
pixels in the parent set and therefore it can not be contained in a HP).

By absurd, suppose there exists U € Z? such that { ) (there are opposing

Then, X, X_; < X,. But X, ePa(X ;)= X, < X_,.

This is an absurd, therefore such U € Z* does not exist and Pa(XO)C HP.

QED.



