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Abstract. This article introduces an approach that integrates color and
texture features for the segmentation of natural images. In order to deal
with the vague or imprecise information that is typically shown in this
kind of scenes, our method consists in a supervised classifier based on
rules obtained using the rough-set theory. Such rough classifier yields a
label per pixel using as inputs only three color and three textural fea-
tures computed separately. These labels are used to carry out the image
segmentation. When comparing quantitatively the results from this work
with state-of-the-art algorithms, it has shown to be a competitive app-
roach to the image segmentation task. Moreover, the labeling of each
pixel offers advantages over other segmentation algorithms because the
outcome is intuitive to humans in two senses. On one hand, the use of
simple rules and few features facilitate the understanding of the segmen-
tation process. On the other hand, the labels in the segmented outcomes
provide insight into the image content.
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1 Introduction

Image segmentation is defined as the process of partitioning an image into its
constituent components, called segments or clusters of pixels [1]. The resulting
segments are collections of pixels that share a similarity with respect to some
feature or property. Over the last years, image segmentation has resulted to be
of the most difficult tasks in computer vision and image processing, but also a
promising approach towards object recognition and image understanding, mainly
because each region within an image usually corresponds to an object. According
to Ilea and Whelan [2], the image segmentation task has been developed mostly
using color and texture properties in a large number of approaches, including
region growing, edge detection, clustering and histogram-based, among others.
In fact, the current research is leaning toward the integration of features and
methods.

The use of color and texture information collectively, has strong links with
the human perception and, in many scenarios, the use of color or texture solely
c© Springer International Publishing Switzerland 2016
J.F. Mart́ınez-Trinidad et al. (Eds.): MCPR 2016, LNCS 9703, pp. 74–83, 2016.
DOI: 10.1007/978-3-319-39393-3 8



Toward the Labeled Segmentation of Natural Images Using Rough-Set Rules 75

is not sufficient to describe the image content. The segmentation of natural
images exemplifies this problem, mainly because these images present significant
inhomogeneities in color and texture [2,3]. In addition, scenes are often complex,
with a degree of randomness and irregularity. Likewise, the strength of texture
and color attributes can vary considerably from image to image when adding
distortions due to uneven illumination, scale changes, and other sources.

Rough set theory, proposed by Pawlak in [4], is a promissory approach to
deal with inconsistency of data. The theory has been proposed to solve a wide
number of problems, particularly those related to artificial intelligence and cog-
nitive science as machine learning, data mining and pattern recognition, but
applications in image processing are relatively few. The rough set theory offers
advantages when compared to other approaches. (I) There is no need of addi-
tional or preliminary information regarding the data. (II) Data quantification
is carried out together with the rule induction. (III) Redundant information is
reduced in two ways: when identical objects are represented several times or when
some attributes do not contribute to the classification (superfluous attributes).
(IV) The minimum set of attributes that preserves the knowledge in the original
data is found. (V) Decision rules are induced automatically from data. (VI) The
rough set theory can ease the interpretation of results.

Although several methods of color-texture image segmentation have been
proposed, rule-based classifiers for image segmentation have not been widely
explored. Our approach takes into account the fact that natural images are taken
under different light conditions and other irregularities present by the nature of
image acquisition. At first, we use color constancy in an image preprocessing
step, and afterward a rough-set-rule classifier is utilized as an alternative to
image segmentation approaches. This classifier integrates features allowing the
processing of imprecise, incomplete or uncertain information of the real world.
Furthermore, a rule-based classifier induces intuitive decision rules, thus enabling
the understanding of the image segmentation process. Besides, the labeling of
pixels, and consequently, of regions, provides a higher level of knowledge regard-
ing the image content.

The rest of this paper is organized as follows. Section 2 describes the method-
ology used throughout our work. It discusses the selection of color and texture
features, and the rough set rules obtained by the classifier. Section 3 includes
the experimental results in the test series, and the observations from the data
obtained. Finally, the concluding remarks are given in Sect. 4.

2 Methodology

In this section, we describe the methodology implemented for the natural image
segmentation task. An explanation of the process is provided, as well as the crite-
ria to choose the methods and the parameters used for the system configuration.

The block diagram shown in Fig. 1 depicts the system used for image segmen-
tation. Regarding this diagram, two general processes are distinguished: training
and testing stages.
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Fig. 1. Block diagram of the rough-based system for image segmentation.

The purpose of the training stage is to induce decision rules in order to gen-
eralize and label future unknown pixels using color and texture features. The set
of training images is constituted by instances to be described. Each input image
is a representative sample of a desired class. In our study, the number of classes is
limited to four (“Foliage”, “Soil”, “Sky” and “Water”) and, additionally, an “Inde-
terminate” class is included for denoting outliers. At the training stage, the first
step consists in the application of a color constancy algorithm to the input image.
In this study, the Gray-World assumption [5] and the White-Patch [6] algorithms
are used to process the training images and increase the number of samples.

2.1 Feature Extraction

The second step consists of the feature extraction. The extraction of color fea-
tures in this work requires a color space that shows minimum correlation between
components, as a consequence providing more information of the scene and thus
improving the segmentation. A color space with perceptual characteristics in
its components is needed. In other words, little changes in each component are
translated into changes perceived by humans. The CIELAB color space has the
proper characteristics for this work. This color space considers one channel for
Luminance L and two color channels a and b. We use the well-known equations
in literature and the D65 white reference [7]. The image is transformed from the
RGB color space to CIELAB giving as a result three images, each containing
one of the color features used in the system (L, a∗, b∗). These three images are
smoothed using a simple mean filter.

In addition to color features, the textural content exhibited in all images
plays an important role in image analysis in a wide range of applications as
medical imaging, industrial processes and robotics. Despite texture is an intuitive
concept, there is no formal definition for a visual texture. Tamura et al. [8]
mention that “A texture can be considered as a macroscopic region. Its structure
is attributed to repetitive or primitive patterns whose elements are arranged
according to a rule of position.”
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The processed image after the color constancy algorithm is transformed to
gray scale, and the texture features are extracted on a neighborhood centered
over each pixel using a w × w window. Homogeneity and entropy are extracted
using sum and difference histograms [9] and the standard deviation map is
extracted as well, obtaining three texture maps. These images are also smoothed
using a low-pass filter. This procedure is repeated for each image in the training
set obtaining an m × n matrix, where m is the number of samples and n is the
number of features. In our study, n equals to six, combining only three color
features and three texture features.

For computing the Sum and Difference Histograms (SDH) [9], the relative
displacement vector (V) between two picture elements is an SDH parameter, and
in our study, it is defined as the composition of the Cartesian product R × θ,
where R = {1, 2} and θ = {0, π/4, π/2, 3π/4}. Homogeneity and entropy are
calculated using

Entropy = −
∑

i

Ps(i) · log(Ps(i)) −
∑

j

Pd(j) · log(Pd(j)) (1)

Homogeneity =
∑

j

(1 + j2)−1 · Pd(j) (2)

where Ps and Pd are the normalized SDH.
The last texture feature used throughout the system is a standard deviation

map. Texture regions within an image show more intensity variations than those
pixels in homogeneous regions. A measure of those variations is used to deter-
mine the boundaries of such textured regions. Moreover, different textures have
distinct variations in intensity allowing to discriminate those textures.

The computation of the standard deviation image T is obtained for each pixel
in the image in a desired neighborhood consisting of a square region containing
k = (2d + 1)2 pixels and centered at the current pixel position. The parame-
ter d is the number of pixels from the central pixel to a side of the window.
Equations (3) and (4) are used to compute σ. In these equations Ii represents
the intensity of the ith pixel of the neighborhood, μ and σ are the first and
second statistical moments about zero, respectively.

μ =
1
k

k∑

i=1

Ii, (3)

σ =

√√√√
k∑

i=1

(Ii − μ)2/(N − 1). (4)

Now that the features have been defined, the system requires a pixel wise
classifier in order to assign labels to pixels according to the input features.
In the training stage, the last step consists of the induction of rules using
MODLEM [10], which is an algorithm based on rough set theory. The rules
induced in this step are stored on a database of rules.
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The testing stage is similar to the training one. For each testing image, the
feature extraction is performed using the same window size, but this time the
resulting matrix is of the size P × N , where P is equal to the number of pixels
within the test image and N still being the number of features. Each pixel gen-
erates a feature vector. The matching of this vector with the stored rules yields
a label. Therefore, the process of segmentation involves the labeling of pixels at
each position on the testing image, obtaining a matrix of labels with the same
size that the image. The last step in the testing stage is the conformation of a
map of labels as an image.

2.2 The MODLEM Classifier

After the feature extraction process, a decision table is obtained. This decision
table can be inconsistent due to unbalanced data or confusing samples. There-
fore, decision rules can be generated from rough approximations [11]. For this
matter, rule-based classifiers are suitable algorithms. These algorithms itera-
tively create a set of rules for each class or concept. In addition, one of the main
advantages of using rule-based classifiers is that a comprehensive description for
the class or the concept is generated.

The rules allow the control of the complexity of the classifier describing the
class, in order to simplify the understanding of the classification process, mak-
ing this procedure intuitive to humans. Usually, decision rules are of the form
IF (antecedent) THEN (consequence). The left-hand side of the rule is called
antecedent; this expression refers to an attribute and its value. The right-hand
side of the rule defines the consequence, in our case the label given for the class.

In this work, the MODLEM classifier is used. It is a sequential covering
algorithm introduced by Stefanowski in [12] as a modification of the induction
rule algorithm developed by Grzymala-Busse [13]. This rule induction algorithm
has been chosen because there is no need for data discretization as it is computed
simultaneously with the rule induction.

This algorithm generates a minimal set of decision rules for every decision con-
cept (decision class or its rough approximation in case of inconsistent examples).
Such a minimal set of rules attempts to cover all positive examples of the given
decision concept denoted as B, and not to cover any negative examples (U \B).

The main rule induction scheme is described in the following steps:

1. Create a first rule by choosing sequentially the “best” elementary conditions
according to the chosen “Find best condition function”.

2. When the rule is stored, all learning positive examples that match this rule
are removed from consideration.

3. The process is repeated while some positive examples of the decision concept
remain still uncovered.

4. Then, the procedure is sequentially repeated for each set of examples from a
concept or category.

After the rules are induced in the training stage, then the testing stage con-
sists of using those rules to predict a class assignment for pixels in an unseen
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image. This is done evaluating the matching of the new feature description with
the condition parts of decision rules. This may result in unique matching to rules
from one single class. However, two other ambiguous cases are possible: match-
ing to more rules indicating different classes or the feature description does not
match any of the rules. In these cases, it is necessary to apply proper strategies
to solve these conflict cases [14].

The rule induction process is illustrated in Fig. 2, completing the whole sys-
tem. This figure describes the classifier training stage, where the input to the
classifier is a joint color-texture vector feature per sample to be classified. In the
figure, the rule induction for the “Foliage” class is shown.

Fig. 2. Sample of rule induction using MODLEM (Color figure online)

To measure our system performance, an evaluation strategy is needed. This
evaluation consists of a standard dataset, an evaluation measure and a specific
strategy for training and testing stages. This strategy is discussed in the following
section.

3 Experimental Results

In this section, we present the results obtained by our method called Labeled
Rough-Set-Based Segmentation (LRS). The goal of test series has been to eval-
uate the performance of our approach in comparison with other state-of-the art
algorithms. In these tests, we have applied our approach to natural images using
four categories: “Foliage”, “Soil”, “Sky” and “Water”.

For the experiments, the Berkeley segmentation dataset (BSDS300) [15] is
used. This dataset consists of 300 natural images, either color or grayscale. As
our method utilizes color and texture features, only the color images have been
used. Moreover, for each image in the dataset, a set of ground-truth images
made by humans is available, and it is used to quantify the reliability of a given
method. The dataset also presents a diversity of content, including landscapes
and portraits, resulting in a challenge for any segmentation algorithm.
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In order to assess the segmentation performance of our method, three widely
used metrics are adopted: Probabilistic Rand Index (PRI) [1], Variation of infor-
mation (VoI) [16] and Global Consistency Error (GCE) [15]. Each metric pro-
vides a measure obtained from the comparison of a segmented image and the cor-
responding ground-truth. We have used the source code provided by Yang et al.
[17] to evaluate our system performance using PRI, VoI and GCE.

As a general explanation, the PRI counts the number of pixel pairs whose
pixels are consistent, for both, the ground-truth and the segmentation result.
If the segmented image and the ground-truth images have no matches, then
the PRI is zero, giving the minimum value. On the other hand, the maximum
value of 1 is achieved if both, the outcome and all the ground-truth images are
identical. According to Yang et al. [17], the PRI describes a good correlation
with the human perception through the hand-labeled segmentations. The VoI
metric calculates conditional entropies between distributions of class labels. The
GCE evaluates the extent to which a segmentation map can be considered as
a refinement of another segmentation. For both, the VoI and the GCE metrics,
the segmentation is better if the values are closer to zero.

3.1 Qualitative Evaluation

Three parameters are of special interest in our study: (i) the inspection window
to compute the texture features (homogeneity and entropy); (ii) the inspection
window for the standard deviation map and (iii) the number of samples used to
train the pixel classifier. We have exhaustively searched for these parameters,
finding to be the best a 23 × 23 window for the first parameter and an 11 × 11
window for the second one. Regarding the number of samples, it has been found
that using more than 90 representative samples per class does not improve the
segmentation results. It is important to mention that a post- processing stage
is performed after the segmentation results are obtained. It consists of a simple
median filter of 3× 3 size applied to the segmented image. The final goal of this
procedure is to eliminate extremely small regions and improve segmentation
results.

The segmentation approach proposed in this work has been carried out with
the 300 images from the BSDS300. Three examples are given in Fig. 3 where
the images in the row (a) correspond to original images taken from the Berkeley
dataset. The row (b) shows human-made segmentations taken from the ground-
truth images. Notice that the reference images were colored randomly. The row
(c) shows the images obtained by our system. Here, each pixel is associated to
a class. Green, brown, light blue and dark blue correspond to “Foliage”, “Soil”,
“Sky” and “Water” classes, respectively. Those pixels that the system is unable
to classify based on the given features are colored in black.

It is important to point out some details of our results. The outcome obtained
in row (c) of Fig. 3 shows a segmentation similar to the ground-truth. Our system
is able to classify the pixels within the image based on color and texture features
in a correct manner. However, our system cannot distinguish grass from trees
based on the features used. In the same manner, the ability of abstraction of
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Fig. 3. Example showing qualitative results: (a) Input image, (b) Human-made refer-
ence segmentation (not labeled) and (c) Segmented image using our approach. Last
row: Color labels for each class in our approach (Color figure online).

a human to say if a house is in front of another as shown in the ground-truth
image is a task that is beyond the scope of this work.

The results show that the final goal of this work has been achieved. Those
images containing the trained classes are well segmented. The integration of
color and texture using rough-set-rules was a successful approach for the image
segmentation task.

3.2 Performance Evaluation

In our evaluation, we have compared our approach (LRS) with three state-of-the-
art algorithms that use both, color and texture features: the J-image Segmenta-
tion (JSEG) method proposed by Deng and Manjunath [18], the Compression-
based Texture Merging (CTM) approach introduced by Yang et al. [17], and the
Clustering-based image Segmentation by Contourlet transform (CSC) presented
by An and Pun [19]. The average performance of each method using the three
quantitative measures, PRI, VoI and GCE is presented in Table 1.

Under specific circumstances, the results obtained by our method are compa-
rable to those obtained using state-of-the-art methods, as can be seen in Table 1.
Considering that these results have been obtained using a reduced number of
classes to partition the universe of features, and that the qualitative results
shown in Fig. 3 are good, our method is well placed among other approaches.
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Table 1. Average performance of the segmentation algorithms.

Method PRI VoI GCE

JSEG (300) 0.774 2.134 0.196

CTMγ=0.1 (300) 0.756 2.464 0.176

CSC (100) 0.796 2.732 0.225

LRS (300) 0.602 2.529 0.254

Besides, for many real-world applications, it can be more important to have
labeled clusters of pixels than achieving a higher accuracy in segmentation
results.

4 Conclusions

The segmentation based on rough-set-rules has resulted to be a promissory tool
for the integration of color and texture features. Our method has proven to be
an efficient and robust approach for feature integration. Even in those cases that
our quantitative results are below the state-of-the-art approaches, our system
provides an important feature over other methodologies: for each pixel within
the image, there is a related label that corresponds to the pixel categorization.
This means that our results not only provide the segmented image, but each
segment of the image represents a class, which is intuitive to humans. Having
a label for each segment provides basic information to make further assertions
about the image, for example, if the segment with label X is besides, above,
below or under another segment with label Y . We believe that our approach is
a first step toward image understanding.
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