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Abstract— In this paper, we propose to compare the performances of two sequential feature selection schemes used for
supervised color texture classification. We focus this study on
the sequential forward selection (SFS) scheme and the more
complex sequential forward floating selection (SFFS) scheme
which avoids the “nesting effect”. These schemes retain Haralick
features extracted from chromatic co-occurrence matrices of
images coded in different color spaces. We experimentally study
the contribution of these two feature selection schemes with three
benchmark color texture databases.
Keywords— Color texture, feature selection, SFS, SFFS.

two feature selection schemes for color texture classification.
II. C OLOR SPACES AND TEXTURE CLASSIFICATION
The color of pixels can be represented in different color
spaces which respect different physical, physiologic, and
psycho-visual properties [4]. Figure 1 shows several spaces
commonly used in color image analysis. They can be classified into four families: the primary spaces, the luminancechrominance spaces, the perceptual spaces and the independent
color component spaces [4].

I. I NTRODUCTION
A lot of papers have shown that there do not exist color
texture features which allow to discriminate all kinds of color
texture [15]. That is why we propose to compute a high
number of color texture features from images coded in several
color spaces. The most discriminating color features are then
selected thanks to a sequential feature selection procedure
which is achieved during a supervised learning scheme [14].
In this paper, we propose to measure the contribution of two
sequential feature selection schemes on the quality of color
texture classification. For this purpose, we propose to compare
the classification results obtained by operating in a feature
space selected by the sequential forward selection (SFS) and
those obtained by considering the feature space selected by
the sequential forward floating selection (SFFS).
A first study hold by Schenk and al. has shown that using
the SFFS for feature selection in on-line hand written letter
recognition does not lead to better results than using the simple
SFS [21]. We experimentally extend this study to the color
texture classification by measuring the contribution of these
two feature selection schemes with three benchmark color
texture databases.
In the second section of this paper, we present the influence
of the choice of color spaces on texture classification. Then, in
the third section, the color texture are characterized by Haralick features extracted from chromatic co-occurrence matrices
of images coded in several color spaces. The fourth section
details the two sequential feature selection schemes which
determine low dimensional feature spaces. In the fifth section,
the set of images coming from the OuTex, VisTex and BarkTex
image databases and used in our experiments are presented.
Finally, experimental results show the contribution of these
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Fig. 1.

Color space families.

Many authors have tried to compare the classification performances obtained with different color spaces [5], [10], [8],

[20]. Their goal is to determine the color space which would be
the best suited to their color texture classification application.
However, the synthesis of these works shows that there is no
color space which is adapted to the discrimination of all the
textures.
To solve this problem, we have proposed to combine different color spaces in order to improve the performances of
color image classification [12]. We associate the informations
coming from different color spaces by coding color texture
images into several color spaces and by computing some
texture features from the so-coded images.
III. C OLOR TEXTURE FEATURES
For the texture classification purposes, a color texture is
described by a set of dˆ features and is represented by a
ˆ
point in a d-dimensional
feature space in order to achieve
the classification. There exists a large number of color texture
descriptors and it is well-known that the performance of the
classifier depends on the choice of the color texture features.
In order to represent both the color and the texture informations, three kinds of features are used in the literature:
•

•

•

“luminance based texture features” mixed with color
statistical features [2],
“within color component texture features” which take into
account only the spatial relationships within a single color
component (for example within the color component R,
G or B) [5], [3],
"between color component texture features" which consider spatial relationships within and between different
color components [10], [1].

Even if the two first approaches seem to be computationally
fast, they do not take into account the spatial relationships
between color components. So, the information contained in
the whole color texture is lost and the classification quality
is reduced [1]. That is why several authors privilege features
which consider spatial relationships within and between color
components. We have shown that the well-known Haralick features extracted from Reduced Size Chromatic Co-occurrence
Matrices (RSCCM) are relevant for this purpose [14]. That is
why, we choose to consider these features, which are easily
implementable, in order to carry out our experimental study.
RSCCMs are N × N co-occurrence matrices where the
quantization level N of the color components is reduced in
order to decrease the memory storage cost and so, the time
required to extract features from these matrices. In a previous
study, we have shown that when N is set to 16, we obtain
satisfying classification results while significantly reducing the
processing time [14].
Each color image I, coded in a (C1 ,C2 ,C3 ) color space of
Fig 1, is characterized by the NM = 6 following RSCCMs:
•

three within color component matrices:

•

mC1 ,C1 [I], mC2 ,C2 [I] and mC3 ,C3 [I].
three between color component ones:
mC1 ,C2 [I], mC1 ,C3 [I] and mC2 ,C3 [I].

It has been proved that the choice of the neighborhood
shape used to compute RSCCM depends on the analyzed
textures [13]. When textures do not present any privileged
direction, it is necessary to compute features which take into
account all the possible directions. That is why we choose to
use the 3x3 isotropic 8-neighborhood.
Usually, RSCCMs are not directly exploited because they
contain a large amount of information. To reduce it, while
preserving the relevance of these descriptors, we use the first
NH = 13 Haralick features denoted f1 to f13 extracted from
theses matrices [6].
In order to exploit all the properties of the NS color spaces,
each image is firstly coded in each of these color spaces. Then,
for each color space, the NM = 6 RSCCMs are computed and
the NH = 13 Haralick features are extracted from each matrix.
A color texture is firstly represented by Nf = NH × NM ×
NS = 13 × 6 × 28 = 2184 candidate color texture features
(see. Fig. 2).
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Candidate color texture features.

It is well-known that the performances of the classifier in terms of rates of well-classified textures and computation
time - depends on the dimension of the feature space. As the
dimension of our candidate color texture feature space is too
high, it is necessary to select the most discriminating color
texture features during a supervised learning stage. For this
purpose, we choose to use a sequential selection procedure
associated with a measure of the discriminating power of each
candidate color texture feature space.
In this paper, we propose to select the most discriminating
features thanks to two different selection approaches (SFS and
SFFS, detailed in the next section) and to experimentally compare the performances reached by each of these procedures.
IV. F EATURE SELECTION
Our supervised classification scheme is divided into two
successive stages:

•

•

A supervised procedure selects a low number of discriminating texture features among a set of candidate ones in
order to build a low-dimensional feature space. During
this stage, the classifier is trained to partition this feature
space.
A decision stage where each examined color texture is
represented by a point in the so-selected feature space in
order to be classified.

For our experimental study, the examined texture images are
equally divided into two sets according to the Holdout method:
half of the images are used to build the training set, while the
other images are used to test the performance reached by the
classifier. These test images are also used to determine the
dimension of the selected feature space.
The determination of the most discriminating feature space
is achieved thanks to a non-exhaustive iterative selection procedure. In this paper, we propose to compare the performances
reached by two sequential procedures: SFS and SFFS.
a) SFS: The SFS algorithm, whose pseudo code is
described in Fig. 3, consists in iteratively adding features from
a set which is initially empty [16]:
•

•

•

•

The initial input data are E, the set of the Nf candidate
features Xl (l = 1, . . . , Nf ) and J, the discriminating
power measure. In this illustration, we choose to maximize this measure to obtain the best discrimination.
As the iterative selection procedure is a "Forward" type
algorithm, the evaluated feature subspace is initially
empty (E0 = ∅).
At each step s of the SFS procedure, we consider the
(Nf − s) feature subsets Es ∪ {Xl }, composed of the s
features already selected and one of the available features
Xl . The available features are those which have not been
yet selected, i.e. those which belong to the subset E\Es .
The discriminating power J(Es ∪ {Xl }) of each of these
subsets is then evaluated thanks to the discriminating
measure J defined by eq. (1). The feature Xl which
maximizes J(Es ∪ {Xl }) is denoted X+ . It is associated
with the subspace Es of the already selected features to
form the discriminating s+1-dimensional subspace Es+1 .
The value of s is then incremented (s = s + 1).
Once the stopping criterion is satisfied, the selection
procedure stops and Es is the selected feature space Edˆ.

A known drawback of the SFS procedure is its monotonic
growing feature set. Indeed, once a feature is added, it cannot
be removed. This involves the “nesting effect” [17].
b) SFFS: The SFFS algorithm allows to avoid the “nesting effect” by removing at each step s of the procedure one or
several selected features while this removal allows to improve
the discriminating power [18]:
•

•

First, the initial conditions are the same than the SFS
ones.
The "Forward" step corresponds to a SFS procedure.

Data
E = {Xl , l = 1, . . . , Nf }, the Nf candidate features,
J, the discriminating power measure,
Ed = {Yk ∈ E, k = 1, . . . , d}, the evaluated ddimensional feature subspace (d ≤ Nf ).
Initialization
s=0
E0 = ∅
Do
X+ = argmaxXl ∈E\Es J(Es ∪ {Xl })
Es+1 = Es ∪ {X+ }, Ys+1 = X+
s=s+1
While s < dmax
Edˆ = Es
Fig. 3.

•

SFS Algorithm.

The selected feature X+ influences the rest of the procedure. To avoid local optima, it is necessary to apply
one or several "Backward" steps. This step consists in
removing a selected feature Yk from the subspace Es .
The corresponding discriminating power J(Es \{Yk }) is
then measured. This operation is done for each feature
Yk (k = 1, . . . , s) of the subspace Es . We thus denote
X− , the feature Yk which maximizes J(Es \{Yk }). If
J(Es \{X− }) is higher than J(Es−1 ), the subspace selected at the step s − 1 becomes Es \{X− } and we start
a new "Backward" step until the feature removal does
not improve the discrimination, i.e. until J(Es \{X− }) ≤
J(Es−1 ). When the backward steps are finished, the
stopping criterion is evaluated. If it is not satisfied, we
start a new "Forward" step else the selection procedure
stops and Es is the selected feature space Edˆ.

The SFFS algorithm is summarized in Fig. 4.
In order to only select color texture features which are not
correlated, we measure, at each “Forward” step, the correlation
level between each of the available color texture features and
each of the (s − 1) other color texture features constituting the
previously selected (s − 1)-dimensional space. The considered
features are selected as candidate ones only if their correlation
level with the already selected color texture features is lower
than a threshold fixed by the user [19].
We assume that the more the clusters associated with the
different texture classes are well-separated and compact in the
candidate feature space, the higher the discriminating power
of the selected color texture features is. That leads us to
use measures of class separability and class compactness as
measures of the discriminating power. That is the reason why
we choose to minimize the Wilks’ criterion:
J=

|ΣW |
,
|ΣW + ΣB |

(1)

camera. To build the Outex set, each of 68 textures of this
database is split up from an original image into disjoint subimages whose size is 128×128 pixels. Since the original image
size is 746×538 pixels, this makes a total of 20 sub-images by
texture. Figure 5 illustrates each texture class by one image.

Data
E = {Xl , l = 1, . . . , Nf }, the Nf candidate features,
J, the discriminating power measure,
Ed = {Yk ∈ E, k = 1, . . . , d}, the evaluated ddimensional feature subspace (d ≤ Nf ).
Initialization
s=0
E0 = ∅
Step 1 (Forward) :
X+ = argmaxXl ∈E\Es J(Es ∪ {Xl })
Es+1 = Es ∪ {X+ }, Ys+1 = X+
s=s+1
Step 2 (Backward) :
X− = argmaxYk ∈Es J(Es \{Yk })
If J(Es \{X− }) > J(Es−1 ) Then
Es−1 = Es \{X− }
s=s−1
Go to Step 2
Else
If the stopping criterion is satisfied Then
Edˆ = Es
Else
Go to Step 1
Fig. 4.

SFFS Algorithm.

where ΣW is the the within-class dispersion matrix which
characterizes the compactness of each texture class, ΣB is
the between-class dispersion matrix which measures the class
separability and |M | is the determinant of the matrix M .
The selection procedure builds dmax d-dimensional preselected color texture feature spaces. In order to determine
the dimension dˆ of the most discriminating feature space, we
propose to measure the rate Td (1 ≤ d ≤ dmax ) of wellclassified test images obtained with each d-dimensional preselected space.
We choose to classify the images of the test set thanks to
the simple and widely used 1-NN classifier. The selected color
texture feature space is thus the pre-selected space for which
Td is maximum:
dmax

dˆ = argmax Td .

(2)

d=1

V. T EXTURE DATABASES
In this section, we present three well-known and largely
used benchmark color texture databases used in our experiments and more precisely, three different benchmark texture
sets, coming from OuTex, VisTex and BarkTex databases,
respectively [9], [11], [7].
A. OuTex database
Outex contains a very large number of surface textures
acquired under controlled conditions by a 3-CCD digital color

Fig. 5. Example of OuTex color textures: each image represents a class of
texture.

The examined dataset is available at the OuTex web
site (http://www.outex.oulu.fi/temp/) as test suite
Contrib-TC-00013. Among the 1360 images of the Outex set,
680 images are used for the training set and 680 for the test
set.
The illuminant which have been considered to code the
color components of the different color spaces of Fig. 1 is
the illuminant CIE A [8].
B. VisTex database
VisTex is a large set of natural color textures acquired under
non-controlled conditions by different color cameras. To build
the VisTex set, each of 54 textures of this database is split up
from an original image into disjoint sub-images whose size is
128 × 128 pixels. Since the original image size is 512 × 512
pixels, this makes a total of 16 sub-images by a texture (see
Fig. 6).
This set is available at the OuTex web site
(http://www.outex.oulu.fi/temp/) as test suite
Contrib-TC-00006. Among the 864 images of the VisTex set,
432 images are used for the training set and 432 for the test
set.
Here, the illuminant which have been considered to code
the color components of the different color spaces of Fig. 1
is the illuminant D65 [8].

by comparing the classification results obtained with these two
sequential selection procedures.
Figures 8, 9 and 10 show the rates of well-classified test
images reached by considering the SFS and SFFS schemes.
These rates T , obtained according to the dimension d of
the pre-selected feature space, are presented with the OuTex,
VisTex and BarkTex databases, respectively.






Fig. 6. Example of VisTex color textures: each image represents a class of
texture.





C. BarkTex database




Color images of the BarkTex database are equally divided
into six tree bark classes, with 68 images by class. The size
of each image is 256 × 384 pixels.
To build the BarkTex set, a region of interest, centered
on the bark and whose size is 128 × 128 pixels, is firstly
defined. Then, four sub-images whose size is 64 × 64 pixels
are extracted from each region. We thus obtain a set of
68 × 4 = 272 sub-images by a class (see Fig. 7).









    

    

    

    

Fig. 8. Rates T of well-classified OuTex test images, according to the
dimension d of the pre-selected feature space, considering the SFS and SFFS
procedures.






















Fig. 7. Example of BarkTex color textures: each column represents a class
of texture.

Among the 1632 images of the BarkTex set, 816 images are
used for the training set and 816 for the test set.
As the natural color textures of the BarkTex database are
acquired under non-controlled conditions, the illuminant which
have been considered to code the color components of the
different color spaces is also the illuminant D65.
VI. E XPERIMENTAL RESULTS
The SFS procedure is known to be less expensive in computation time than the SFFS one. However, the SFFS procedure
avoids the “nesting effect” as it allows “backtracking” during
the selection. It thus seems to be more efficient than the SFS
procedure. That is what we propose to verify in this section







                    



Fig. 9. Rates T of well-classified VisTex test images, according to the
dimension d of the pre-selected feature space, considering the SFS and SFFS
procedures.

We notice that the rates of well-classified test images
reached with each of these two selection procedures are quite
similar whatever the value of d, particularly for the OuTex
and VisTex images. This conclusion concurs with the fact
that the first selected features are the same whatever the
used selection scheme: for the OuTex database, the three first
selected features are the same and for the VisTex images, the
five first selected features are identical.
For the BarkTex database, only the single first selected
feature is shared by the two selection approaches. This concurs
with the classification results: when d is lower than 5, the
SFS procedure allows to obtain better classification results
and when d is higher or equal to 5, the results obtained by



between classification results and processing time.

'

%

R EFERENCES

$
#
"
!



()(
())(







!

#

%   ! # %   ! # %   ! # %





!

#

%

&

Fig. 10. Rates T of well-classified BarkTex test images, according to the
dimension d of the pre-selected feature space, considering the SFS and SFFS
procedures.

considering the SFFS procedure are better than those reached
with SFS. However, this difference tends to decrease when d
increases.
We have shown that these conclusions about the comparison
between the SFS and SFFS approaches are quite similar when
the Trace criterion is considered instead of the Wilk’s ones.
For the OuTex database, the best classification rates reach
95.44% whether the SFS (dˆ = 38) or the SFFS (dˆ =
24) procedure is considered. The SFFS procedure selects a
discriminating feature space with a lower dimension than the
one selected thanks to the SFS procedure, while keeping the
same performances.
With the VisTex images, the best classification rates are also
the same. They reach 99.07% with the SFS (dˆ = 26) and the
SFFS (dˆ = 32) procedures. In this case, it is the dimension of
the subspace selected by considering the SFS approach which
is lower than that selected by SFFS.
Finally, for the BarkTex database, the best classification
rates reach 93.87% (dˆ = 50) by considering the SFS procedure
and 93.38% (dˆ = 50) with the SFFS ones.
VII. C ONCLUSION
The using of the complex SFFS procedure does not improve the classification results with regard to the basic SFS
algorithm. This conclusion concurs with that provided by
Schenk and al., who compare the handwritten recognition performances reached by considering each of these two selection
procedures [21].
Moreover, the SFS approach does not allow "backtracking"
during the selection. It is thus less expensive in processing
time: the time required to select the dmax = 50 discriminating
features from the color textures of the OuTex database is
576 s when the SFS procedure is considered, and 1 391
s when the SFFS procedure is performed. The sequential
SFS procedure allows thus to offer a satisfying compromise
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