








UNIVERSITAT ROVIRA I VIRGILI

SUPERVISED AND UNSUPERVISED SEGMENTATION OF TEXTURED IMAGES BY EFFICIENT MULTI-LEVEL PATTERN CLASSIFICATION
Jaime Christian Meléndez Rodriguez

ISBN:978-84-693-7671-3/DL:T-1750-2010

Chapter 5: Experimental Validation 157

Figure 5.12: Segmentation maps for images 1 to 14. Corresponding ground-truth

(first and fourth columns). Results by: GMM-SVM-OAO+SVR (second and fifth
columns) and GMM-PDgc-PBC (third and sixth columns).
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5.5 Summary

This chapter presents the experimental validation of the supervised and unsupervised
texture segmentation methodologies developed in Chapters 3 and 4, respectively.
Three sets of experiments have been performed in order to complement those reported
in the previous chapters.

In the first set of experiments, the best classifier in terms of classification rates de-
veloped in Chapter 3 has been compared with different well-known supervised texture
classifiers. The obtained results show that the proposed technique yields higher clas-
sification rates than the other approaches with significantly lower processing times,
due to its efficient classification scheme.

In the second set of experiments, the best segmentation technique in terms of
segmentation quality developed in Chapter 4 has been compared with alternative
well-known unsupervised texture segmenters. The results in the first part of these
experiments show that the proposed technique produces the best segmentation quality
and is the fastest among the evaluated approaches. The results in the second part
show that the proposed technique is the most robust, as it achieves higher average
segmentation quality when it is evaluated along a sequence of images while keeping
its parameter configuration invariable.

Finally, in the last set of experiments, both the supervised and unsupervised
methodologies developed in this thesis have been compared in terms of segmentation
quality. As a result, it has been shown that the proposed supervised segmentation
technique outperforms a number of unsupervised segmenters previously reported in
the literature. In addition, it has also been shown that the extension of the proposed
technique to the unsupervised domain is, indeed, advantageous, as the segmentation
quality yielded by this extension is, on average, superior to the one yielded by the

supervised version.
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Chapter 6

Concluding Remarks

This chapter presents the final remarks of this dissertation. It is organized as follows.
Section 6.1 summarizes the contents of this dissertation and its main contributions.
Section 6.2 proposes future lines of research that arise from the development of this
thesis. Finally, Section 6.3 lists the publications that have already been derived from
this thesis.

6.1 Summary and Contributions

Improving low-level tasks, such as image segmentation and classification based on tex-
ture, has been the main objective of this thesis, which has led to several contributions

in the fields of computer vision and pattern recognition as highlighted below.

6.1.1 Supervised Pixel-Based Texture Classification for Su-

pervised Texture Segmentation

A new methodology for evaluating and processing texture information has been pro-
posed with the final purpose of improving supervised pixel-based texture classification

as a way to perform supervised texture segmentation. The classification scheme pre-
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sented in this dissertation is based on two new stages that consist of processing texture
features obtained from the evaluation of texture methods over multiple windows of
different size and, on the other hand, of the efficient learning of texture models from

these features.

6.1.1.1 Classification with Multiple Evaluation Windows

Usually, texture classifiers and segmenters evaluate texture methods over single win-
dows whose size is set on an empirical basis. Since the performance of texture methods
is greatly influenced by the particular textures to which they are applied, it is not
possible to devise general strategies for determining single window sizes that allow
optimal discrimination of arbitrary textures. Although there have been a few at-
tempts to integrate the information of multiple evaluation window sizes, they still do

not take full advantage of the multi-window paradigm.

Following a different approach from the current algorithms, this work proposes a
methodology that consists of evaluating texture methods over multiple windows of
different size and then classifying the image pixels according to a multi-level top-down
scheme that starts with the largest available evaluation window and then refines the
boundary zones of the current segmentation by sequentially applying the remaining
windows. This methodology has proven to yield good results for segmentation and
classification of images both within wide regions of uniform texture, where large
windows are appropriate, as well as in boundary zones among different textures,

where small windows are more adequate in order to identify the correct texture.

Experiments have demonstrated that, in general, the proposed scheme leads to
higher classification rates than previously developed multi-window and single-window
classifiers due to the benefits derived from the utilization of the aforementioned top-

down approach.
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6.1.1.2 Efficient Learning of Texture Models

Another important drawback of current image classifiers and segmenters based on
texture features is that they do not provide an efficient characterization of the learnt
texture patterns. Therefore, in order to achieve accurate results, computationally
expensive strategies are utilized, which limit their application in tasks where the
processing time is relevant.

In particular, due to the nature of pixel-based classification, a huge number of
texture feature vectors are associated with the training patterns. Therefore, it is
necessary to summarize all the available information in order to efficiently model
each pattern. In this thesis, three efficient pixel-based classifiers are proposed. The
first two classifiers utilize the KNN rule. Thus, their main issue is how to determine
appropriate sets of prototypes that yield a high classification accuracy while keeping
a low processing time. To solve this problem, prototype computation by a resolution-
driven clustering algorithm and a normalized cut-based clustering algorithm has been
introduced. For the third classifier, a one-against-one multiclass extension of binary
SVMs that incorporates probability estimates in its voting strategy is utilized.

Experimental results presented in this dissertation have demonstrated that these
efficient pixel-based classifiers lead to higher classification rates and significantly lower

processing times than previous supervised classifiers proposed in the literature.

6.1.2 Automatic Parameter Selection

An automatic parameter selection algorithm is integrated in the classification method-
ology proposed in this thesis with the purpose of determining a suitable set of parame-
ters for configuring the proposed classifiers. It consists of a search procedure that aims
at identifying the combination of parameters that yield the best classification rates
in classifying the training set. Three parameters have been considered: the number

of neighbors used in the voting stage of the KNN classifier, the number of prototypes
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(or a related parameter) evaluated during classification, and the maximum number
of evaluation windows applied by the top-down scheme discussed earlier. While all
these three parameters are taken into account to configure the KNN-based classifiers,
only the last one is considered for the SVM-based classifier.

The conducted experiments indicate that this parameter selection algorithm is able
to determine combinations of parameters that lead to “near-optimal” classification

rates.

6.1.3 A Heuristic for Efficiency Improvement

A new version of a previously proposed heuristic for efficiency computation derived
from the well-known benefit-cost ratio has been included in this thesis as a criterion

for prototype reduction and feature selection.

6.1.3.1 Prototype Reduction

In this case, the automatic parameter selection algorithm summarized above is modi-
fied in order to search for the combination of parameters that yield the maximization
of the newly proposed heuristic instead of the maximization of the classification rate.
As a result, a considerably lower number of prototypes than with the initial algorithm
is determined, while virtually preserving the classification rate (the degradation is
minimal) or even improving it. Experiments also show that the new version of the

heuristic leads, in general, to more efficient approaches than the original one.

6.1.3.2 Feature Selection

The aforementioned heuristic has also been incorporated to feature selection by means
of a sequential forward generation procedure, thus allowing for a significant reduction
in the number of texture methods to be evaluated during feature extraction and in the

number of features to be evaluated during classification. A similar algorithm as with
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prototype reduction is followed, but measuring the cost as the number of texture fea-
tures instead of as the number of prototypes. As with the previous case, experiments
have shown that the new version of the heuristic leads to a lower number of selected

features than the original one, with very small degradation in the classification rate.

6.1.4 Support Vector Reduction

By utilizing the simplest linear kernels with the SVM-based classifier, a method for
summarizing the several SVs resulting from SVM optimization into a single element
has been incorporated. Experiments carried out in this thesis have demonstrated
the suitability of the linear kernels for the texture classification task at hand and,
furthermore, have demonstrated that, by sacrificing the small, extra percentage in
classification rate that could be obtained with other kernels, a huge saving in compu-

tation is achieved.

6.1.5 Extension of the Supervised Methodology to the Un-

supervised Domain

An inherent problem of current approaches for unsupervised texture segmentation is
the lack of prior knowledge about the texture patterns to be discriminated, since, by
definition, such information is not available. In this sense, a new methodology for un-
supervised texture segmentation that incorporates the advantages of supervision has
been proposed in this dissertation by extending the key aspects of the previously pro-
posed methodology for supervised pixel-based classification. In order to accomplish
this extension, the concept of pattern discovery has been introduced. Moreover, a
segmentation quality measure derived from the classification rate used for evaluating

supervised classifiers has also been developed.
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6.1.5.1 Pattern Discovery

As its name suggests, the pattern discovery stage of the proposed methodology aims
at determining the texture patterns present in a given image in order to provide a
set of texture models that can be used later as input for a subsequent stage, such as
the pixel-based classification stage utilized in this thesis, which is responsible for the

final segmentation.

In this dissertation, three general purpose clustering algorithms have been utilized
for pattern discovery. In order to overcome some of their limitations and also to
achieve an efficient solution, several modifications to the baseline algorithms have
been introduced. Moreover, it has been shown that the resulting algorithms do not
need to obtain a highly accurate initial segmentation for the complete segmentation
technique to succeed. Thus, only a reduced number of feature vectors are processed,

which contributes to significantly reducing the computational burden.

6.1.5.2 Supervised Pixel-Based Texture Classification for Unsupervised

Texture Segmentation

Once a set of texture models has been obtained, thus effectively transforming the orig-
inal unsupervised problem into a supervised one, the application of the methodology
for supervised pixel-based texture classification discussed so far is straightforward. At
this point, the main concern is to choose the technique with the lowest associated cost
both in training and in classification among the developed ones, which corresponds

to the SVM-based classifier.

Experiments have shown that the proposed methodology outperforms many state-
of-the-art segmenters in terms of segmentation quality, robustness and processing
time, and is also better in terms of segmentation quality than its fully supervised

counterpart.
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6.1.5.3 Segmentation Quality Measure

The proposed segmentation quality measure is inspired by the classification rate uti-
lized for assessing the performance of supervised pixel-based classifiers, but, due to
the lack of correspondence between the labels in a segmentation map and the labels
in a ground-truth, it compares and associates regions instead of pixels. By ensuring
the uniqueness of these associations, both oversegmentation and undersegmentation

are penalized.

6.2 Future Work

The methodologies described in this dissertation may be further extended in order to
include new capabilities or give support to new application fields. Some of the future

research lines are briefly outlined below.

6.2.1 Evaluation of Different Texture Features

This dissertation has shown that, although the used Gabor features yield the best
segmentation/classification results in general terms, there are particular instances for
which other texture features, such as LBP, lead to more accurate representations of
texture. Therefore, it would be beneficial to incorporate those features into the pro-
posed methodology. Moreover, in the supervised case, the developed feature selection
procedure can be applied in order to determine the best set of features for every given

problem.

6.2.2 Improve Feature Selection and Prototype Reduction

for Supervised Texture Segmentation

The feature selection algorithm proposed in this thesis is based on a benefit-cost

ratio analysis, where the benefit is measured in terms of the classification rate and
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the cost is measured in terms of the number of evaluated features. Both measures
could be improved by integrating alternative criteria. For instance, the separability
between classes produced by a set of features or the degree of complementarity in
classification of a given feature with respect to the previously analyzed ones could be
added to the classification rate in order to measure the benefit. This could also be
extended to prototype reduction by considering prototypes instead of features. On
the other hand, if, as previously proposed, different families of texture methods are
evaluated, the cost could be more precisely measured by considering the computation
time of each feature and the method associated with it instead of by assigning the

same cost to every feature.

6.2.3 Feature Selection for Unsupervised Texture Segmenta-

tion

Since the techniques for unsupervised texture segmentation proposed in this thesis
have a supervised component, any feature selection algorithm oriented to supervised
classification would be applicable. However, the main issue is the computation time
associated with that algorithm, as it must be run online and, thus, accounts for the
overall segmentation time. Therefore, a fast algorithm would be necessary.

According to the reviewed literature, an alternative may be to use a filter algo-
rithm instead of a wrapper (such as the one developed in this thesis). Unfortunately,
wrappers usually yield better solutions than filters, as the former are tailored to the
classifier that later uses the resulting feature set. Furthermore, even when filters tend
to be much faster than wrappers, there is no guarantee that an acceptable tradeoff
between segmentation quality and processing time can be achieved.

Under such premises, a second alternative would be to devise some kind of offline
feature selection procedure, which may seem impossible due to the lack of training

models. However, by utilizing a set of general, representative texture models, such
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as those based on perceptual features determined by (Rao and Lohse, 1996), a “one-
time”, application-independent feature selection algorithm, such as the one proposed

in (Puig et al., 2010), can be formulated.

6.2.4 Minimum Evaluation Window Size for Supervised Tex-

ture Segmentation

It has been stated that, for texture segmentation, large evaluation windows are pre-
ferred inside regions of homogeneous texture, whereas small windows are preferred
near boundaries between those regions in order to precisely locate the boundaries.
The latter, however, is not completely true, as, usually, small evaluation windows
have low discrimination power due to their reduced spatial coverage, which limits
their capabilities of capturing enough texture information. As a consequence, clas-
sification with too small evaluation windows may lead to errors and to worsening
boundary localization instead of improving it. Therefore, a procedure for determin-
ing the minimum acceptable window size, maybe by following a similar approach as
the one defined in this dissertation for the maximum evaluation window size utilized

for supervised texture segmentation, is desirable.

6.2.5 Minimum and Maximum Evaluation Window Sizes for

Unsupervised Texture Segmentation

The issues regarding the minimum and maximum evaluation window sizes discussed
above are also found in the unsupervised domain, although with the added difficulty of
lacking a training set, which means that any method based on classifying the training
set is unfeasible. In this case, those parameters must be determined directly from the

image contents, perhaps by frequency or structural analysis.



UNIVERSITAT ROVIRA I VIRGILI

SUPERVISED AND UNSUPERVISED SEGMENTATION OF TEXTURED IMAGES BY EFFICIENT MULTI-LEVEL PATTERN CLASSIFICATION
Jaime Christian Meléndez Rodriguez

ISBN:978-84-693-7671-3/DL:T-1750-2010

168 Chapter 6: Concluding Remarks

6.2.6 Texture Segmentation and Classification of Color Im-

ages

The schemes developed in this work are oriented to gray-scale texture segmentation
and classification. However, the spread of new technologies and applications requires
the development of new algorithms for processing and analyzing color images. In
this case, the key point is how to integrate both cues in a coherent way, as they
do not necessarily complement each other and, furthermore, may yield contradictory

segmentations when evaluated on their own.

6.3 Publications

The following publications have been derived from this thesis:

1. Melendez, J., Puig, D., Garcia, M. A., 2010. Multi-level pixel-based texture
classification through efficient prototype selection via normalized cut. Pattern

Recognition 43 (12), 4113-4123.

2. Melendez, J., Garcia, M. A., Puig, D., Petrou, M., 2010. Unsupervised texture-
based image segmentation through pattern discovery. Submitted to Computer

Vision and Image Understanding.

3. Melendez, J., Garcia, M. A., Puig, D., 2008. Efficient distance-based per-pixel
texture classification with Gabor wavelet filters. Pattern Analysis and Applica-

tions 11(3-4), 365-372.

4. Puig, D., Melendez, J., Garcia, M. A., 2009. Texture-based approach for com-
puter vision systems in autonomous vehicles. In: Solanas, A., Martinez-Ballesté,

A. (Eds.), Intelligent Information Systems. Vol. 1, pp. 223-248.



UNIVERSITAT ROVIRA I VIRGILI

SUPERVISED AND UNSUPERVISED SEGMENTATION OF TEXTURED IMAGES BY EFFICIENT MULTI-LEVEL PATTERN CLASSIFICATION
Jaime Christian Meléndez Rodriguez

ISBN:978-84-693-7671-3/DL:T-1750-2010

Chapter 6: Concluding Remarks 169

5. Melendez, J., Puig, D., Garcia, M. A., 2010. On adapting pixel-based classifica-
tion to unsupervised texture segmentation. In: Proceedings of the International

Conference on Pattern Recognition. pp. 854-857.

6. Melendez, J., Puig, D., Garcia, M. A., 2009. Gabor-based texture classification
through efficient prototype selection via normalized cut. In: Proceedings of the

IEEE International Conference on Image Processing. pp. 1385-1388.

7. Melendez, J., Garcia, M. A., Puig, D., 2007. Supervised pixel-based texture
classification with Gabor wavelet filters. In: Proceedings of the International
Conference on Computer Vision Systems. <http://dx.doi.org/10.2390/biecoll-
icvs2007-118>.

Other publications related to this thesis are:

1. Puig, D., Garcia, M. A., Melendez, J., 2010. Application-independent feature
selection for texture classification. Pattern Recognition 43 (10), 3282-3297.

2. Melendez, J., Puig, D., Garcia, M. A., 2007. Comparative evaluation of classical
methods, optimized Gabor filters and LBP for texture feature selection and
classification. In: Proceedings of the International Conference on Computer

Analysis of Images and Patterns, Lecture Notes in Computer Science. Vol.

4673. pp. 912-920.

3. Melendez, J., Garcia, M. A., Puig, D., 2006. Comparison of Local Binary Pat-
terns, Gabor filters and integration of multiple methods for pixel-based texture

classification. In: Segundas Jornadas de Investigacion en Automatica, Visién y

Robética. pp. 195-199.
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Appendix A

Images Used in Experimentation

A broad collection of images of 256 x 256 pixels has been considered in this work.
They correspond to the following sets: a) composite images of Brodatz (1999) and
MeasTex (Smith and Burns, 1997) textures, b) composite images of Vistex textures
(MIT Vision and Modeling Group, 1998), c¢) real outdoor images taken at ground
level, d) real outdoor images taken by aerial devices and e) natural images from the
Berkeley database (Martin et al., 2001). Figures A.1 to A.9 show these images. Both

gray-scale and color versions (when available) are shown.

Figure A.1: Examples of Brodatz (top) and MeasTex (bottom) compositions.

171
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Figure A.4: Examples of outdoor images taken at ground level (gray-scale).
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Figure A.T: Examples of outdoor images taken by aerial devices (color).
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Figure A.9: Examples of natural images from the Berkeley database (color).
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