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ABSTRACT There are several statistical descriptors for feature extraction from texture images. Local binary
pattern is one of the most popular descriptors for revealing the underlying structure of a texture. Recently
several variants of local binary descriptors have been proposed. The completed local binary pattern is an
efficient version that can provide discriminant features and consequently provide a high classification rate.
It finely characterizes a texture by fusing three histograms of features. Fusing histograms is applied by
jointing the histograms and it increases the feature number significantly; therefore, in this paper, a weighted
constraint feature selection approach is proposed to select a very small number of features without any
degradation in classification accuracy. It significantly enhances the classification rate by using a very low
number of informative features. The proposed feature selection approach is a filter-based feature selection.
It employed a weighted constraint score for each feature. After ranking the features, a threshold estimation
method is proposed to select the most discriminant features. For a better comparison, a wide range of different
datasets is used as a benchmark to assess the compared methods. Implementations on Outex, UIUC, CUReT,
MeasTex, Brodatz, Virus, Coral Reef, and ORL face datasets indicate that the proposed method can provide
high classification accuracy without any learning step just by selecting a few features of the descriptor.

INDEX TERMS Local binary pattern, weighted constraint feature selection, texture image classification.

I. INTRODUCTION recognition [5], and image retrieval [6] are related to texture

Texture images usually include material and objects that
present texture information. They can be regarded as any
visual non-regular or irregular patterns. Texture image pro-
cessing is a popular area in many applications of image
processing recently. One of the important processing of tex-
tures is related to textures classification. It is an important part
of image processing that is very useful in many applications.
Some applications such as the detection of defect fabric [1],
[2], medical image processing [3], remote sensing [4], face
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classification.

The key point of texture processing is related to extracting
a set of discriminative features. In the last two decades, many
feature extraction approaches [7], [8], [9] have been intro-
duced that are used for texture images for classification [10],
[117, [12], [13], [14] or segmentation [15], [16]. Most of these
techniques employed statistical local descriptors for texture
analysis. Statistical models are some types of techniques
that extract features for all kinds of textures. Furthermore,
it is possible to combine these descriptors with some other
local descriptors to provide more discriminative features for
classification. Haralick methods are some of the statistical
feature extraction techniques based on matrix processing. For
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example, GLCM [17], GLDM, GLRLM, and SGLDM [18],
[19] were proposed for the extraction of features from texture.
These methods are simple however, they are sensitive to
changes in illumination and rotation.

One of the popular and simple techniques for texture fea-
ture descriptors is Local Binary Patterns (LBP). Ojala et al.
proposed LBP [20] for the first time. It is a basic operator
to describe local patterns and achieved a high classification
rate for texture images [21]. The main goal of proposing
LBP is related to texture classification. However, LBP can be
used in different applications, such as shape localization [22],
face recognition [23], texture recognition [24], and medical
image analysis [25]. LBP is a local descriptor that provides
noise-sensitive features. It extracts too many features that are
sensitive to rotation. So Ojala et al. proposed some robust and
rotation-invariant LBP versions (rotation-invariant, robust to
noise) [26], [27].

After proposing the first version of LBP, some extended
LBP variants [28], [29] were proposed. They could provide
more discriminant features for textures. Furthermore, these
variants can extract more features from each image. The
number of features was raised exponentially by increasing
the neighborhoods of LBP. Many other methods are pro-
posed based on LBP. Ojala et al. combined the LBP and
variance operator and LBP/VAR [16] to prepare more dis-
criminant features. Some researchers [30] proposed Local
Ternary Pattern (LTP). It can quantize the difference between
each center and its neighborhood values into three levels.
Some versions of LBP, such as derivative-based LBP [22]
used derivative patterns for feature extraction. Liao et al.
proposed dominant LBP (DLBP) [31]. The DLBP method
used the most frequently occurring patterns. It includes uni-
form and non-uniform local patterns that describe textural
information. It can select the most frequent patterns of tex-
ture. Center-symmetric LBP [32] is another type of LBP.
It was proposed to decline the number of LBP features.
Local Derivative Patterns (LDP) [33] is another type of this
group of descriptors that used high order form difference of
LBP. It could capture more detailed features than first-order
LBP, but it was sensitive to noise. Despite the development
of LBP in texture classification and pattern recognition, its
fundamental working mechanism requires further study and
investigation [34].

In this paper, the CLBP [34] method is used because
it achieves high accuracy in texture classification. CLBP
provides high features number, especially for large neigh-
borhoods. In this research, the feature number is decreased
in two parts, the first part is related to mapping or merg-
ing the features into a smaller number of features and the
second part includes the feature selection. Some mapping
approaches [35] such as riu2 decrease the features by using
only a uniform pattern. Although CLBP achieves a high
classification rate, it joints the LBP_S, LBP_M, and LBP_C
histograms by the 3D jointing method, therefore, the fea-
ture number grows significantly. Therefore, a dimensionality
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reduction method is needed to address this problem. In other
words, it is necessary to apply a feature selection approach to
decrease the irrelevant features of CLBP. Feature selection is
an important step in computer vision and image processing
applications which deletes irrelevant and redundant features
and improves learning performance [36], [37], [38], [39].
It can be used to reduce the size of big data [40] and remove
irrelevant features [41]. Some approaches were proposed to
select features for the histogram of LBP [42], [43]. Applying
feature selection not only declines the number of features but
also raises the classification rate significantly. Feature selec-
tion is an approach to finding a set of the most discriminative
features [44].

There are three groups of feature selection, Filter, Wrapper,
and Embedded techniques. The wrapper method selects fea-
tures based on the result of classification accuracy. Therefore,
it optimizes the classification rate and includes the train step.
Filter-type methods select variables regardless of the model.
They are based only on general features like the correla-
tion with the variable to predict. The third class, embedded
methods, is similar to wrapper methods. The difference to
wrapper methods is that an intrinsic model-building metric
is used during learning. They have been proposed to com-
bine the advantages of both filter and wrapper methods [45].
Feature selection can be divided into supervised and unsu-
pervised approaches. Supervised feature selection techniques
use labeled data for feature selection and evaluate feature
relevance by measuring the feature correlation or information
gain [46], [47], [48]. Unsupervised feature selection meth-
ods estimate feature relevance by the capability of keeping
particular attributes of the data, such as the variance or the
locality-preserving ability [49], [50].

Some methods provided more discriminative and robust
features of texture images by decreasing the extracted fea-
tures. One type of these methods identified the most dis-
criminative local pattern elements based on some information
about textures. These approaches prepare mapping or merg-
ing techniques for local binary features [26], [27]. The second
group of these methods decreases the feature number by
selecting a discriminative set of features from the entire of
them. Some researchers used feature selection for color tex-
tures [42]. They combined some color channels and selected
features from a set of color textures. Porebski et al. proposed
a novel approach to select the most discriminant features
from the histogram of local patterns [51]. Some papers pro-
posed a supervised feature selection based on the Laplacian
score [43], [52]. The Laplacian score is used for feature
selection for histogram bins as features. In another approach,
feature selection used a block-based Local Binary Pattern for
face recognition [53]

In this paper, a score-based feature selection method is
proposed. The main goal of this paper is related to the pro-
posed framework to achieve a high classification rate only
by a very small number of features. It is because of some
limitations of memory in some applications. According to the
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implementation results of the proposed method, it is possible
to reach a high accuracy only by using a small number of best
features. The results indicate that by using 3, 5,or 10 features
from the entire of all, it is possible to record a classification
rate that is only 5 or 10% lower than the best rate with all
features.

The contribution of this paper is related proposing a novel
feature selection method for selecting the completed local
binary pattern features. It combines the constraint and fisher
feature selection methods and provides a new method that
named weighted constraint feature selection (WCFES). The
implementation shows that the features that selected by the
proposed method are more discriminant than Entropy, Fisher,
and Constraint approaches. The constraint method is used
as a semi-supervised technique for feature selection [42].
However, in this paper, it is used as a supervised method,
and by using, the Fisher score as a weight of constraint
scores it can be possible to increase the classification rate by
selecting a few CLBP features. Furthermore, a new method is
proposed to estimate the threshold value. This value is used
for selecting the ranked features. In other words, it indicates
the best cut of value for ranked features and the best selection
of them. In addition, an enhancement part is proposed at the
end of the feature selection part to remove or append some
features for better selection.

The paper is organized as follows: in the next section
LBP and CLBP are explained. Section three presents the
proposed method. Experimental results and conclusion part
are reported in sections four and five respectively.

Il. RELATED WORK

In this part, a summary of some local descriptors is discussed.
In addition, a review of feature selection approaches that are
related to the proposed method is presented.

A. LOCAL BINARY PATTERN (LBP)

The LBP [20] is a powerful tool to describe texture charac-
teristics and has been used frequently in many applications of
machine vision [54]. It provides a binary string to compare P
neighbor values with the center point. It generates a binary
value of 1 if the value of the neighborhood pixel is greater or
equal to the center pixel; otherwise, it is set to 0. Next, each
binary bit is multiplied by a weight value, and the LBP code
is generated. This value is calculated as follows in Eq. (1).
If the center point of a patch is g. and g; is the point value of
the i-th neighborhood, P is the number of neighbor points and
R is the radius of the local patch.

P—-1
LBPp R(xy) = s (gi — 2)2' (1
i=0
1g>
s(gi—g) =] =& ®)
O0gi<g.

Figure 1 illustrates the calculation steps of LBP. Occurring to
this figure, the square shape neighborhood is employed. The
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FIGURE 1. Example of the LBP code.

square shape patch is not rotation invariant. There are several
versions of LBP extract the textural features of images. Most
of these methods are not rotation invariant. To make a rotation
invariant descriptor, the original LBP extended to a circu-
lar symmetric neighbor set of P values on a circular patch.
It has a radius of R and uses uniform patterns for exploit-
ing the local information [39]. For circular neighbor point
values, an interpolation operation for each neighbor of the
square patch must be applied. The uniform LBP with rotation
invariant specification can be obtained as it is mentioned in
(Eq. (3)—(5)): In these relations, riu2 illustrates the rotation
invariant uniform patterns. They have a U value of at most
2. U is estimated as the uniformity of texture. It is equal to
the number of transitions, i.e., bitwise 0/1 changes between
successive bits in the neighborhood of each patch.

P-1
. i — ) if U(LBPpR) <2
LBPRY (x.y) = g‘s(g‘ g) if U (LBPp.r) =
P + 1 otherwise
(3)
1 g>
s (g — g0) = [ Si= & @)
Ogi <&
U (LBPpR) = s (gp—1 — g¢) —s (80 — g0)|
P
+ > Is (g — o) —s(gi—1 — go)| ©)

i=1

B. COMPLETED LOCAL BINARY PATTERN (CLBP)

The Complete LBP (CLBP) [34] is proposed as a variant
of LBP. It utilizes local difference sign and magnitude as
LBP_S and LBP_M. LBP_S is shown in Eq. 3. LBP_M
is similar to LBP_S however, it compares the absolute dif-
ference magnitude of the center value and each neighbor
value to a threshold value. In addition, for each local patch,
the center value is compared to the entire image average
and LBP_C is made. The LBP utilizes only the sign vec-
tor to represent the local patterns. This may lead to some
incorrect classification results. The sign components give
higher accuracy than the magnitude components. Besides,
using sign and magnitude components together and combin-
ing them gives much better results. The sign components
preserve plenty of local details. However, the magnitude
components may provide extra discriminant patterns. CLBP
is prepared by jointing three histograms of LBP_S, LBP_M,
and LBP_C as a 3D joint histogram. It is possible to combine
these features (i.e. CLBP_S, CLBP_M, and CLBP_C) by
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concatenation (i.e. CLBP_S_M_C) or joint (CLBP_S/M/C)
of these histograms. In addition, it is possible to provide two
or three combinations of them [34], the best features are pre-
pared by CLBP_S/M/C. Therefore, in this research and other
papers [34], [35] CLBP_S/M/C illustrates CLBP. The below
relations indicate the CLBP method. In this relation, LBP_S
is the same as LBP and LBP_M calculates the magnitude of
LBP. m; is the magnitude of each neighborhood and c is the
average value of all m; Also the Avg value in LBP_C is the
average value of the entire of each image.

P—1
i s(gi — g)if U (LBP_SpRr) <2
LBP_SE (x, y) = g g — gif U ( ) <24
P + 1 otherwise
1g;>
S(gi — &) = { Si=8e (7)
Ogi < g
P—1
P.R i=0
P + 1 otherwise
Ix >c¢
t(x—c¢) = -
( ) { 0x <c
LBP_C (X, y) = [(gc’ Avg) (9)

C. SCORE-BASED AND FILTER METHOD FOR

FEATURE SELECTION

In this part, several supervised or semi-supervised score func-
tions are explained that are used for feature selection as a filter
method, including constraint score [37], Fisher score [55],
information gain, or entropy-based score [56].

1) FISHER SCORE

Fisher score [55] is a supervised feature selection method that
seeks the features with the best discriminant ability. The basic
idea of Fisher’s score is to maximize distances between data
samples in the different classes and minimizes the distances
between data samples in the same class. It is illustrated in
Eq. (10). In this equation u; and o] show the average and
variance values of the r-th feature from the i-th class of data.
1" indicates the average value of the r-th feature for all of
the samples and n; shows the number of samples of the i-th
class.

St — u)?
> nilo])?

Fisher” =

(10)

2) CONSTRAINT SCORE

The constraint method is a supervised method that estimates
the score of features such as Eq. 11. In this equation Xj
and X are two sample values. If they belong to the same
class they are members of M sets, otherwise, they belong
to C. Fj indicates the r-th feature value of the i-th sample.
The sum of the magnitude difference of each feature such
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as Xj and X; is estimated and used in this equation. Some
papers proposed the score based on the absolute difference of
each pair of features as a constraint method [49]. However,
in this research, this relation is used as a part of the proposed
supervised technique to determine the rank of the feature.
In the feature selection step, each feature with a low score
is removed. Eq. 11 shows the score estimation of the r-th
feature.

2 xpec 1F] = Fjl
U+ 2 xpem [F7 =

(11)

Constraint” =

3) ENTROPY SCORE (INFORMATION GAIN)

Information Gain (IG) is an entropy-based feature evaluation
method [56]. As information gain is used in feature selection,
it is defined as the gain of each feature according to the label
of data. It is illustrated by the entropy of the r feature in
Eq. (12). The higher information gain the better feature can
be selected for classification. In this relation, F' is related to
values of the r-th feature and y; shows the label of the i-th
class.

n
Entropy” = Entropy(F") — Zi:l P(y;).Entropy(F" |y;)
12)

Ill. PROPOSED METHOD

The proposed method is a score-based approach that selects
features from the whole features of CLBP. It belongs to the
filter selection methods. Such as some previous well-known
papers [20], [34] the riu2 method is used for mapping the
extracted features of CLBP into rotation-invariant and uni-
form patterns. However, some papers employed different
mapping techniques for feature extraction [48].

As it is mentioned in the previous section, the filter
approach is faster than the wrapper method. It selects a
discriminative subset of features without a learning step.
It includes two parts. First, a criterion score sorts the fea-
tures. The criterion score may be based on the label of the
sample or not. They are named as supervised and unsuper-
vised respectively. Some popular supervised criteria were
proposed before, such as variance [55], correlation [44],
mutual information [57], [58], and consistency [59]. In the
second part, high-rank features are selected and the remain-
ing features are removed. If the rank criterion uses label
information of samples for selection, it is named an unsu-
pervised method. Some well-known unsupervised methods
such as Variance [55], unsupervised Laplacian [60], and
unsupervised sparsity score [61]. The techniques estimate the
feature’s relation by using some criteria such as information
gain, distance, correlation, and dependency. In supervised
approaches, class labels play a main role in feature selec-
tion [62].

The proposed approach is a filter-based method that uses
label information for feature selection. Therefore, it belongs
to the supervised and score-based techniques. It is explained
here.
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LBP Features Features Mapping

FIGURE 2. The block diagram of the proposed framework.

TABLE 1. The parameters of the proposed method.

LBP S 12 4 Joint 3D Histogram
Features Feature Selection  Classification
LBP_M riu2 4o CLBP [ WCFS > KNN
b LBP C
1 2 3 4 S

Parameter Comment

R The radius of each local patch of LBP

P Number of points for each local patch of LBP

m Number of original features

Ff r-th feature value of i-th sample

Ff r-th feature value of j-th sample

nc Number of samples in class C

Ny Number of samples in class M

[Th The average value of r-th feature for data in class C

pr The average value of r-th feature

oy The standard deviation of r-th feature for data in class M
B¢ Between class variance of r-th feature for data in class C
Wiy Within-class variance of r-th feature for data in class M

L Fix coefficient of within class variance

K Fix coefficient for threshold value

1G? Information gain of i-th feature

IG Average of information gain for all features

Tr Threshold value to add or remove features

D(S,M) The distance value of two samples S, and M of data for KNN classification

A. PROPOSED METHOD (WEIGHTED CONSTRAINT
FEATURE SELECTION)

Here a supervised method is proposed. It proposed a weight
of dissimilarity of each pair of features as a selection criterion.

Fig. 2 shows the block diagram of the entire framework.
This diagram has some steps. In the first step, the LBP
features are extracted by LBP_S, LBP_M,and LBP_C. Asitis
mentioned before LBP_S and LBP_M extracted 2/P features
in each texture if each local patch has P points. Also, LBP_C
extracted two features. In the next step (i.e. step 2) the feature
number is reduced by the mapping method. As it is shown
in relation 3 all of the non-uniform patterns are merged into
one feature therefore by using riu2 mapping method 2P
features map into P+2 features. It means LBP_S provides
P-+2 features (also LBP_M). In the third step by the 3D joint
of LBP_S, LBP_M,and LBP_C features, the CLBP features
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are obtained. By 3D jointing, the number of features increases
into 2(P+2)(P+2) features.

The main contribution of this framework is related to
step 4. In this step the best features are selected by the
proposed method (WCEFS) then these selected features are
used for classification by KNN in step 5. Table 1 shows
the parameters of proposed method. Also, all details and
relations of the proposed method (WCFS) are illustrated in
pseudo-codes of Table 2.

The proposed method estimates the score of the feature as
it is shown in Eq. 13. It estimates the score of each feature
based on maximizing the inter-class value and minimizing the
intra-class value. In this equation, X; and Xj are two samples.
These samples include features such as Xj= [Fil, Fiz, ...FM

and Xj = Fjl, sz, .. ij If they belong to the same class,
it is indicated by M, else it is mentioned by C. Sum of the
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TABLE 2. The pseudo-code of the proposed method for feature selection (WCFS).

For each feature such as r:
Calculate the average of each feature (")
Calculate the average of each feature in each class such as C (ug)
Calculate the standard seviation of each feature in each class such as M (o)

End

2. For each Feature such as r (r from 1 to m):
Set BC' =0 and WC"=0

End
End
WC' = BC" — L.WCF

End

Rank all of the features by WC score.
Calculate pi-c of WC scores.
For all features (r=1:m)
If WCT > p-6 Then
Add F" to FS1 subset.
End

kW

End
6. Calculate Threshold T:

For each pair samples such as X; = [F{, FZ, ...F["] and X; = [F}, F}
If X;and X; belong to the different class such as C
BCT = BCT + (u& — p")? |F} — FJ]|
Else (Xj and X; belong to the same class such as M)
WC = WC' + o,” |Ff — FJ|

O

m(m — 1)

7. For all features in FS1 subset (r=1:ml)
If Information Gain of F' < Tr Then
Remove FT from the FS1 subset.
End

End
If Information Gain of F'> Tr Then

Add FT to FS2 subset.
End

End

Tr = K\/mZ{Zl 16} — 12, 1G)?

8. For all features in FS - FS1 subset (i=1:m-ml)

9. FS1+FS2 is the final subset of selected features for classification.

absolute difference for each pair of features is calculated
and used for both similarity and dissimilarity. For each pair
of samples, this relation estimates the score value for each
feature such as r.

Here the numerator and denominator values of the Fisher
method (i.e. Eq. 10) are employed as coefficients of the
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proposed method. In Eq. 13 B is used as a weight of dis-
similarity. It is a difference between the average of feature
r in class C and a whole average of feature r. Further-
more, W}, shows the similarity of features. It determines
the within-class variance of class M for the r-th feature.
Values nc and nyp indicate the sample number of class C

VOLUME 11, 2023
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TABLE 3. Specifications of some texture datasets that are used in this paper.

Data Subset of Data Type Number of Sample per Size of image Comments
classes class
Outex TC3 General textures 24 20 128x128 inca illumination
Outex TC10 General textures 24 180 128x128 inca illumination and 9 rotation
angles
Outex TC12(t) General textures 24 380 128x128 t184 illumination
Outex TC12(h) General textures 24 380 128x128 horizon illumination
Outex TC13 General textures 68 20 128x128 9 rotation angles
CUReT - General textures 61 92 200x200 small and similar pattern details
UIUC - General textures 25 40 640x480 large pattern details
Virus - Virus 15 100 41x41 low size and low contrast
MeasTex - General textures 69 16 128x128 high details textures
Brodatz - General textures 112 16 128x128 Sharp edges textures
ORL - Face 40 10 128x128 face texture
Coral Reef RSMAS Coral Reef 8 48 256%256 coral reef textures
Outext_TC3: R=1 ,P=8 Outext_TC3: R=2 ,P=12
100 T T T = 100 T T
90 90 k
80 [ 80 1
;\3 70+ ;\S‘ 70 - R
P @
® 60 = b E
a:ﬂ g 60
_E 50 4 _5 50 b ]
g E
= 40} = 401 1
O 30 O 30+ ]
20 | I Constraint 20| I Constraint ]
I \Veight Constraint I Weight Constraint
10l W Fisher 10k T Fisher |
I Entropy IR Eriropy
0 j N "HEN THN 0 i AN T"HEN THN
1 5 10 50 100 200 1 3 5 10 50 100 392
Selected Features No. Selected Features No.
a
Outext_TC3: R=3 ,P=16 Outext_TC3: R=3 ,P=24
100 — = 100 . : ; , LI,
90 90 - 1
80 80 - 1
$ 701 1 (s 1
I Y
w 60 ™ 60 1
i 4
S 500 S 501 1
g g
= 40r 1 =40+ 4
4 2
O 30F O 30- |
20k I Constraint 20 - I Constraint i
I \Weight Constraint I \Veight Constraint
10l N Fisher 10k W Fisher |
N Eniropy I Entropy
0 J BN THEN ThE 0 ] N "HEN TN
1 5 10 50 100 648 1 3 5 10 50 100 1352

FIGURE 3. The results for Outex_TC3 texture for some local size.

Selected Features No.

C

and M respectively. In Eq. 13 the L, is a coefficient value
that changes the percentage of similarity and dissimilarity
of features for the estimation of the score. Here it is set
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Selected Features No.

d

by one. However, it can be trained and set for different
datasets. The suitable value of L can be estimated by dividing
the average values of Bi.|F] — FJT| by the average value
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Outext_TC10: R=1 ,P=8

Outext_TC10: R=2 ,P=12

100 100 : ,
90 r 4 9F _
80 1 80F i
70+ 170t |
‘ ;
60 I ]
50 F 11 os0f ]
i
1]
401 16 a0f ]
)
i
30+ 40 301 |
20 F I Constraint J 20 + wCOr.ws‘rraim N
I \Veight Constraint -Welght Constraint
10 I Fisher 1 10f W Fisher ,
I Eniropy N Eniropy
0 j 1 THEE TN 0 i Il THEN TEN
1 3 5 10 50 100 200 1 3 5 10 50 100 392
Selected Features No. Selected Features No.
a b
QOutext_TC10: R=3 ,P=16 Outext_TC10: R=3 ,P=24
100 T — T . | 100 T : T T |
90 4 90 |
80 4 80 1
> 70t 13 70F |
: & 60 |
i 60 i %
: c
i B0 F 1 e 50r i
|
! = 40¢ i
P40t 13
i o
i 30 F 10O 30°F 1
20 I Constraint | 20+ —CﬂﬁlStraiﬂt N B
[ \Veight Constraint I \Weight Constraint
10+ I Fisher 1 10 + I Fisher i
I E ntropy I Eniropy
0 ] il THEE THE 0 j HN THEN THN
1 3 5 10 50 100 648 1 3 5 10 50 100 1352
Selected Features No Selected Features No.
c d

FIGURE 4. The results of Outex_TC10 texture for some local size.

of Wy,

F — FJr

2
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Table 2 shows the pseudo-code of the proposed frame-
work for feature score, the threshold for selecting,and feature
selection.

13)
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B. PROPOSED METHOD (SET THRESHOLD FOR FEATURE
SELECTION)

In the previous part a weighted constrain score is proposed
to score each feature. According to this score, the features
are sorted and selected. In this section, a threshold value is
required to select high-score features and remove remain of
them that their scores are lower than this threshold. In other
words, it is necessary to determine the cutting value of the
score to remove low-score features. Some papers [63] pro-
posed an automatic threshold method for feature selection.
It combines some data complexity measures to estimate the
threshold value. In some research [48] the threshold value is
set by using normal distribution values. Standard deviation
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FIGURE 5. The results for Outex_TC12(t) texture for some local size.

(o) and average value (u) are two parameters of normal or
Gaussian distribution.

In this section, a method for the threshold of feature selec-
tion is proposed. Some papers [64] introduced a technique
that estimates the threshold based on information gain [56].
Information gain is a score of each feature that estimates
the correlation between each feature and the label of the
class based on entropy. It is shown in Eq. 8. Prasetiyowati
et al. proposed [64] a threshold estimation method based on
information gain. It is illustrated in Eq. 10. In this relation,
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m is the number of original features. The information gain
for each feature i is calculated (i.e. Eq. 8) as a IG;j. Relation
10 estimates the threshold value Tr as a cutoff value for
feature selection. IG is the average of all IG;. In our paper a
coefficient K (0.5<K<1.5) is multiplied by the threshold of
the Prasetiyowati et al. [64] method. This value is depending
on the dataset.

m 2 _ m =2
Tr — K\/“‘Zi:l 1G] — 22, 16) (14)

m(m — 1)
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FIGURE 6. The results for Outex_TC12(h) texture for some local size.

C. PROPOSED METHOD (SELECT MORE DISCRIMINATIVE
FEATURES)

As it is mentioned in before two sections, first the features are
extracted by using the CLBP descriptor. This descriptor pre-
pares features by jointing 3 histograms of LB_S, LBP_M, and
LBP_C and provides a high number of features, especially
for large neighborhoods. In the second part of the proposed
framework, a weighted constraint feature selection (WCFES)
method is proposed that selects some of the features based on
the proposed score. After scoring the features, an estimation
of the threshold value is proposed. It selects features that
have scored more than the threshold value and removes the
remain of them. The third part of our proposed method is
introduced here. In this part, some discriminative features
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that are removed by threshold value are selected and some
irrelevant features that are selected in the previous part are
deleted from the set of selected features.

D. PROPOSED METHOD (EXPLANATION ABOUT
PARAMETERS)

Table 1 shows the parameters of the proposed method. These
parameters are used in Figure 2 and Table 2. They illus-
trate the diagram and pseudo code of the proposed method
respectively. R is the radius of each local patch and P is the
number of neighbor points of LBP. Other values are related
to the feature selection part. All of these parameters are
explained in the proposed method part. K is a coefficient for
normalization and its value depends on the average value of
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FIGURE 7. The results for Outex_TC13 texture for some local size.

information gain. Tr is a threshold value to select the best
score features and D(S,M) is a distance value that is used in
KNN classification.

IV. EXPERIMENTAL RESULTS

Here some different textures are used for implementation
and comparing the performance of the proposed approach
and some novel methods: the Outex dataset [21], includes
24 classes. It includes textures under nine viewpoint angles
and three illuminations. Five groups of Outex are used in this
paper (TC3, TC10, TC12(t), TC12(h), and TC13). In addi-
tion, Columbia-Utrecht Reflection (CUReT) dataset [57]
includes 5612 images in 61 classes and 92 samples per class.
These textures are prepared in different illumination and
viewpoint. UIUC dataset is another dataset that has 25 classes
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and each class has 40 images [66]. Another texture dataset
is MeasTex [67] with 69 classes and 16 samples per class.
The virus dataset [68] includes some low-quality and small-
size textures of virus images. It contains 1500 images in
15 classes. ORL [69] is a face dataset with 400 faces in
40 classes. RSMAS [70] is one of the special textures. it is a
collection of coral reefs in 8 classes and 48 images per class.
Also, Brodatz [71] textures include 112 classes of sharp edges
textures. It contains 16 images in each class. Table 3 indicates
these textures and their specifications.

A. DISSIMILARITY METRIC METHOD
Such as some scientific papers [33] K-NN (K=1) is used
for classification. To compare a pair of textures, the CLBP
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FIGURE 8. The results for CUReT texture for some local size.

histograms or CLBP feature vectors of them must be com-
pared. For comparing two histograms some criteria were pro-
posed [33]. Some of the popular methods such as chi-square
metric, log-likelihood ratio, and histogram intersection [16]
are used for this purpose. Such as some scientific papers [22],
[25] in this paper, chi-square is employed for the K-NN
distance metric. Relation (15) shows the chi-square method.
S is a test sample that is assigned to the class of model M to
minimize the chi-square value. In Eq. 15, N is the number
of features, and Si and Mi are two values for the sample and
model images of the i-th feature.

N

D(S,M):Z

i=1

(Si — M;)?

15
Si + M; )

91684

The same as other previous papers [22], [25], [33], the aim of
this paper is related achieving the highest classification rate.
The classification rate is obtained by dividing the number of
textures that are classified correctly by all of the textures.

B. EXPERIMENTAL RESULTS

Here the implementation of results for the proposed method is
compared to some state-of-the-art and advanced approaches.
The proposed method is a filter-based method. Therefore,
the results of implementations are illustrated without the
learning phase. In addition, it is a supervised approach.
Therefore the implementations of the proposed method are
compared to some supervised and filter-based methods (i.e.
Constraint, Fisher, and Entropy). Figs. 3 to 13 compare these
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FIGURE 9. The results for UIUC texture for some local size.

results. In each figure, four plots are illustrated for differ-
ent neighborhoods. (i.e. R=1,P=8, R=2,P=12, R=3,P=16
and R=3,P=24). In each plot, the classification rate is
compared for 1, 3, 5, 10, 50, and 100 selected features.
In addition, the result for whole features is illustrated.
The Outex [21], CUReT [65], UIUC [66], MeasTex [67],
Virus [68], ORL [69], RSMAS [70],and Brodatz [71] datasets
are used in this part.

C. EXPERIMENTAL RESULTS FOR OUTEX DATASET

The Outex texture includes many test suites [21]. They were
collected in different viewpoints, light, and scaling size.
In this paper TC3, TC10, TC12(t), TC12(h) and TC13 are
employed. The comparison of results for Outex textures is
shown in plots of Figs 3 to 7.
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Plots of Fig. 3 show the results of TC3 of the Outex dataset.
It includes 480 textures in 24 classes. This figure compares
the results of the proposed weighted constraint method and
the other three feature selection methods for different R, P,
and features number. As can be seen from this figure, for all
cases, the proposed method outweighs the other approaches.
Only for R=1 and P=8 the constraint technique is slightly
better than weighted constraint. Because in Outex textures
the small regions do not have enough distinctive information
and their weighting cannot provide more distinctive features.
In each plot, the classification rates of four methods are
compared for different numbers of features. The max number
of features (i.e. 200, 392, 648, and 1352) indicates the whole
of features (without feature selection). These plots show that
the classification rate of the proposed method only for 50
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FIGURE 10. The results for Virus texture for some local size.

(or even for 10) selected features is the same as using whole
features. In addition, for 3 or 5 selected features the proposed
method provides a rate that is around 10% to 80% better than
Fisher and Entropy method. Considering Fig3.c or Fig3.d
they indicate that for the 10 best features that are selected
by the proposed method, they can reach the rate of around
97% which is slightly lower than the rate of using whole
features.

Fig. 4 shows the classification accuracy of TC10 texture
for some local size and features number. TC10 includes
4320 textures in 24 classes. So it includes more textures
than TC3. These textures have nine rotations and Inca illu-
mination. Fig. 4 indicates that for larger neighborhoods by

91686

using the weighting proposed method the classification rate
is increased. By considering these results they indicate that
only 10 features selected by the proposed method can provide
more than 90% of accuracy for all plots. In addition, for all
cases, the weighted constraint is better than the constraint
method. Unless for R=1, P=8 when 3 or 10 features are
selected, the constraint is slightly better than the proposed
method.

Fig. 5 and 6 illustrate the results of Outex_TC12(t) and
Outex_TC12(h). These datasets contain 9120 textures in
24 classes. The difference between these two datasets is
related to illumination of them. The trend of these plots is
the same as in previous figures.
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FIGURE 11. The results for MeasTex texture for some local size.

Fig. 7 illustrates the results of Outex_TC13. It contains
a high number of texture classes. This texture set includes
color images. However here, only grayscale information is
employed and they are converted into grayscale for feature
extraction. The difference between this suit and the previous
suits of Outex is related to the number of classes. TC13
includes 68 classes of textures. This figure indicates that the
proposed selection method can select discriminative features
for a high number of classes. However, it slightly increases
the accuracy of the constraint method for this suit of data.

As it can be seen from the results of OUTEX datasets,
the proposed method can extract more discriminative fea-
tures, especially for the higher local patches. In all plots
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that are shown in Figs. 3 to 7, the weighted constraint
and Fisher methods obtained the best and the worst rate
respectively. However for some cases especially for small
neighborhoods, the constraint method may record a slightly
better rate than the proposed method. It is because of this
fact that the LBP features of large neighborhoods contain
more uniform and more discriminative patterns than small
neighborhoods [34] and if the local patch is not large enough
the local information may not provide discriminative details
and weighting this data does not strengthen them. For some
suits of OUTEX dataset such as TC12(t) and TC12(h) which
include a high number of textures the proposed method is
better than other methods even for the small local patches
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FIGURE 12. The results for ORL Face texture for some local size.

(R=1, P=S8). In other words, the higher number of samples
the better performance of WCES is obtained. It is because of
more complexity of features for a large number of samples
and the proposed method can elicit better features by using
the weight technique.

D. EXPERIMENTAL RESULTS FOR CURET DATASET

The CUReT data [65] includes 92 classes of texture and each
class has 61 images. This dataset includes different view-
points and illumination textures. For each class, 92 images
are selected from the images that have a viewing angle of
less than 60°. These textures contain some classes of very
similar images that include very small details. In each training
step, 46 images (i.e. 50% of images) are randomly chosen for
the train, and remain half is used for the test. The average
classification rate over 20 random tests is used as the result
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of each test. Fig. 8 demonstrates the results of implementa-
tion for CUReT textures. This figure illustrates that for all
neighborhoods the proposed method provides the best rate.
Unless in Fig. 8.a for R=1, P=8 the constraint method is
better than the weighted constraint. As it is mentioned for
OUTEX dataset in CUReT textures, the small local area
does not include enough information therefore the extracted
features are not discriminative such as a large local patch.
The best rate is obtained in Fig 8.d and it is around 97.8%
by selecting the best 50 features.

The plots of Fig 8 especially b, c,and d show that the classi-
fication rate of the proposed method declines slightly when a
small number of selected features are used for classification.
Whereas the classification accuracy decreases significantly
for Fisher and Entropy methods. The same as the Outex
dataset in CUReT textures the small local patch does not
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FIGURE 13. The results for RSMAS Coral Reef texture for some local size.

include enough discriminative details and the weighting pro-
cess does not enhance the classification rate.

E. EXPERIMENTAL RESULTS FOR UIUC DATASET

The UIUC textures [66] include 25 classes of data and each
class has 40 images. The size of the texture is 640x«480. Half
of the texture of each class is used for train and remains
for the test. The test operation is repeated 50 times and the
average of the test results is shown in Fig. 9. Despite OUTEX
and CUReT textures, this texture includes large textures
with sharp edges and high-contrast local details. Because of
using textures with high contrast and sharp edges, the LBP
features provide high discriminative features even for small
patches such as Fig9.a. Therefore, in spite of previous textures
the proposed method has better performance than constraint
even for small local patches. Fig. 9 indicates that for all
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neighborhoods the proposed method outweighs other meth-
ods. This figure shows that using weight for the constraint
method increases the classification rate by around 1 to 20%.
Only in Fig9.a for R=1, P=8 when 50 features are selected
the constraint method is slightly better than the proposed
approach. These results indicate that the proposed method
provides better results for sharp-edge textures. However, for
one best feature, the proposed method is slightly worse than
other methods. Nevertheless, one feature is not enough for a
fair comparison.

F. EXPERIMENTAL RESULTS FOR OTHER DATASETS

For better comparison not only, the general textures are
used for implementation, but also some special textures are
employed. Fig. 10 shows the performance of classification for
the Virus [68] dataset. The Virus dataset includes 1500 small
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FIGURE 14. The results for Brodatz texture for some local size.

and low-contrast images in 15 classes. As can be seen from
the figure, the classification rate is almost lower than 50% in
all plots. It is because of the low quality and low size of tex-
tures of virus images. This figure indicates that the proposed
method provides a slightly better rate than other methods,
especially for the large neighborhood. Only n Fig 10.a for
R=1, P=8 the Fisher method is negligibly better than the
proposed method for 50 and 100 selected features. The larger
local patch the better features are obtained from each local
area and the higher classification rate is prepared. It can be
seen in Figures 10.b, 10.c and 10.d. From these four plots, the
best rate is obtained in Fig.10.b. In this plot, the classification
rate is around 52% for whole features. Whereas it is around
45% and 47% for 50 and 100 selected features. The results
of these histograms indicate that for low-quality images the
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weighted constraint method can select better features than
other approaches.

Fig. 11 shows the results of implementation on Meas-
Tex [67] textures. This dataset is the same as the Outex
textures, therefore the results are the same as Outex results.
Fig 11.a has a slightly lower rate than constraint whereas
Fig 11.b, 11.c and 11.d indicate the highest rate for weighted
features. The change of classification accuracy for this texture
is the same as previous general datasets such as Outex.

Fig. 12 shows the comparison between the proposed
method and other supervised feature selection methods for
the ORL dataset [69]. This dataset is different from other
datasets. It includes 400 face images in 40 classes. The
highest classification rate is recorded by using completely
1352 features in Fig. 12.d. and it is around 98%. Despite
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TABLE 4. Comparison of the best classification rate for some textures.

Method TC10 TC12(t) TC12(h) CUReT Average Published
LBP [16] 97.70 87.30 86.40 87.22 89.66 TPAMI 2002
LBP/VAR [16] 98.15 87.13 87.08 91.12 90.87 TPAMI 2002
LTP [30] 98.64 92.59 91.52 95.46 94.55 TIP 2010
DLBP [31] 98.10 91.60 87.40 84.93 90.51 TIP 2009
CLBP [34] 98.93 95.32 94.53 95.85 96.16 TIP 2010
EMCLBP [70] 99.61 96.37 95.32 95.17 96.62 MMTAP 2018
SLGP [72] 97.79 84.17 83.82 94.83 90.15 SPL 2018
NTLNP [73] 98.65 92.15 92.35 91.64 93.70 PRL 2012
BRINT [10] 97.76 95.95 96.92 96.85 96.87 TIP 2014
DRLBP [74] 99.19 97.15 95.37 90.77 95.62 PRL 2016
NRLBP [75] 93.44 86.13 87.38 90.95 89.47 TIP 2013
LDDP [76] 98.64 95.99 94.16 94.49 95.82 NCAA 2012
CLBC [11] 98.96 95.37 94.72 95.39 96.11 TIP 2012
DNS+LBP [77] 99.27 94.40 93.85 95.00 95.63 TIP 2011
LBPV [78] 97.63 95.06 93.88 96.04 95.65 PR 2010
VZ-Patch [79] 92.00 91.41 92.06 96.59 93.02 TPAMI 2009
CRLBP [80] 99.43 96.46 96.44 95.39 96.93 NERO COMP 2012
CJLBP [81] 98.85 95.21 95.56 97.60 96.80 TVC 2017
CRDP [82] 97.99 94.07 91.67 89.88 93.40 PR 2017
CLBP_CPS [83] 99.38 95.63 95.53 97.64 97.04 ESWA 2019
CLBP_ACPS [84] 99.22 96.64 96.04 96.96 97.21 ESWA 2021
CLBP_SFB_OCPS [85] 99.22 95.79 94.58 96.70 96.57 ESWA 2023
CLBP_WCFS 99.63 97.12 97.22 97.81 97.95 Proposed

other datasets, in this dataset, the Fisher method provides
high accuracy. It is because face images have low within-class
variance and a high difference between the whole average and
the average of each face class. However, for features selecting
the proposed and constraint methods prepare better perfor-
mance than Fisher and entropy methods. The lower number
of selected features the more accuracy can be obtained for
constraint and weighted constraint methods.

Fig. 13 illustrates the results of RSMAS [70] images. This
dataset includes eight classes of coral reefs of 48 images. For
this, image the rate of classification is slightly better than the
constraint method.

Fig. 14 shows the comparing of the results of weighted
constraint and other methods for the Brodatz dataset [71].
These plots indicate that for a small number of best features
such as 3, 5,and 10 features the proposed method outweighs
the other methods. Only for some cases such as small patches,
the constraint method is slightly better than the proposed
method. Similar to previous datasets the proposed selected
features are better than Fisher and Entropy features. The
smaller number of selected features the higher rate is obtained
for proposed method compared to Fisher and Entropy.

G. COMPARING TO OTHER DESCRIPTORS
AND LBP VERSIONS
In this section, for some datasets, the classification rate is
compared to some advanced and state-of-the-art methods
[78-102]. Most of these methods in this part use R=3, and
P=24 for each local patch.

Table 4 compares the results of the proposed method and
some state-of-the-art and advanced local descriptors of tex-
tures. The proposed method is CLBP_WCEFS (i.e. Weighted
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Constraint Feature Selection of CLBP). This table illustrates
the best results of each textures descriptors for three types of
Outext and CUReT datasets. As can be seen from the table,
WCES achieves the best rate for TC10 and TC12(h) and they
are 99.63% and 97.22% respectively. For TC12(t) textures the
best result belongs to DRLBP and it is only 0.03% better than
the proposed method. For the CUReT dataset, the proposed
method achieves the highest rate and it is 97.81%. For better
comparison, the average accuracy of these four datasets is
shown in the last column of data. The best average rate is
recorded by the proposed method and it is 97.95%.

H. THE COMPARISON OF FEATURES NUMBER VS.
CLASSIFICATION RATE

Table 5 shows the comparison of the feature number of
the proposed method and some state-of-the-art methods.
This table indicates the average classification rate for some
datasets that provide by each extracted feature. As it can be
seen from the table, the proposed method records the best
accuracy whereas the feature number is lower than most of
the other methods.

The features of the proposed method are selected from
1352 features. Therefore the feature number for the best rate
is lower than 1352. In some cases, it is very low such as
10 features to achieve the best classification rate.

I. THE COMPARISON WITH DEEP FEAURE

Table 6 indicates the comparison of deep features [86]
and proposed method features for Outex and CUReT tex-
tures. Table 6 illustrates that for Outext10 and Outex12(t)
the selected features have higher accuracy than some deep
features [87], [88]. The deep models of this table include
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TABLE 5. Comparison of the best classification rate for some textures.

Method Average Features No.
Classification Rate

LBP [16] 89.66 26
LBP/VAR [16] 90.87 2400
LTP [30] 94.55 676
DLBP [31] 90.51 52428
CLBP [34] 96.16 1352
EMCLBP [70] 96.62 8712
SLGP [72] 90.15 256
BRINT [10] 96.87 1296
CLBC[11] 96.11 4490
LBPV [78] 95.65 555
VZ-Patch [79] 93.02 240
CRLBP [80] 96.93 1352
CLBP_CPS [83] 97.04 1352
CLBP_ACPS [84] 97.21 1352
CLBP_SFB_OCPS [85] 96.57 1352
CLBP_WCFS 97.95 <1352

TABLE 6. Comparing the results of selected CLBP_WCFS features and
deep features for datasets.

Features Outex10 Outex12(t) CUReT
AlexNet [87] 67.30 73.30 98.40
FV+ALexNet [88] 67.30 72.30 98.40
FV+CNN [88] 80.00 82.16 -
FV-VGGM [87] 72.80 77.50 98.70
FV-VGG-VD [88] 80.00 82.30 99.00
CLBP_WCFS 99.63 97.12 97.81

AlexNet and AlexNet with Fisher Vector (FV). VGG net
and VGG-VD (Very Deep VGG net) with Fisher vector,
Convolutional Neural Network with Fisher vector. The results
illustrate that for CUReT textures all of the deep features pro-
vide higher accuracy than the proposed method. It is because
of very similar texture classes and very small details of these
types of textures. Very Deep VGG [87] achieves the best
rate for CUReT textures. CLBP_WCES provides the rotation
and illumination invariant features whereas the deep are not
rotation and illumination invariant. Therefore the proposed
method prepares better results for rotated and different illu-
mination textures such as Outex10 and Outex12(t).

V. CONCLUSION

In this paper, a framework for texture classification was pro-
posed. The main part of this framework belongs to the selec-
tion of extracted features. The weighted constraint feature
selection method was proposed. In this technique, the Fisher
score is used as the weight of the constraint score. In other
words, this method uses the numerator and denominator of
the Fisher equation as weights of the constraint method to
select better features than both of these methods. This score is
based-on minimizing the within-class variance and maximiz-
ing the between class variance. By selecting the features, it is
possible to use small memory for keeping features without
decreasing the classification rate. The improvement of the
proposed methods is significant for large values of R and P.
It is because of LBP features. The LBP features include more
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uniform patterns for large local patches. The more uniform
patterns the higher discriminant attributes can be extracted
from the textures. If LBP is used for large neighborhoods the
number of features increases significantly. However, if these
features are filtered by the proposed method the selected
features of large neighborhoods provide better results
than all features of small neighborhoods. Furthermore, the
implementation proved this statement that for textures with
sharp edges and high contrast details the proposed method
provides better results. It is because of more discriminative
features of LBP for high contrast and high details textures.

After the selection of features by the proposed score,
an enhancement technique is proposed that by employing the
threshold value some enhancement is applied to the features
set. The threshold value is estimated based on information
gain of features. The discriminant features that are removed
because of their low score, are added to selected features.
Furthermore, some removed features with higher scores than
threshold values are added to the features set. The proposed
threshold can select the discriminative features properly and
decline the feature number drastically. Therefore, feature
selection can remove redundant features and increase the
classification rate significantly.

The proposed framework can be used for some applications
with a lack of storage. Because of the small size of memory,
a small number of features can be used for classification. The
implementation results of almost all of the datasets of this
paper indicate that by selection of a very small number of
best features (i.e. 3 or 5 or 10 feature) we can achieve the
classification rate that is only 5 to 10% lower than the highest
rate. The maximum rate almost can be obtained by using all
of the features such as 1352 features for a large local patches
in CLBP.
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