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ABSTRACT
Texture analysis and classification remain as one of the biggest
challenges for the field of computer vision and pattern
recognition. This article presents a robust hybrid combination
technique to build a combined classifier that is able to tackle
the problem of classification of rotation-invariant 2D textures.
Diversity in the components of the combined classifier is
enforced through variation of the parameters related to both
architecture design and training stages of a neural network clas-
sifier. The boosting algorithm is used tomake perturbation of the
training set using Multi-Layer Perceptron (MLP) as the base clas-
sifier. The final decision of the proposed combined classifier is
based on the majority voting. Experiments’ results on a standard
benchmark database of rotated textures show that the proposed
hybrid combination method is very robust, and it presents an
excellent texture discrimination for all considered classes, over-
coming traditional texture modification methods.

Introduction

Texture analysis and classification have a huge variety of applications in many
areas such as computer vision, remote sensing, medical image processing, defect
detection, and image retrieval and classification. Although it has been widely
studied, the topic remains open for research and, in fact, is one of the biggest
challenges for the field of computer vision and pattern recognition. Texture
classification assigns a label to every texture category using a classification rule.
A texture classification system has two major components: the feature extractor
and the classifier.

Early methods for texture classification focus on the statistical analysis of
texture images. The representative methods include the co-occurrence matrix
method (Haralick, Shanmugam, and Dinstein 1973) and filtering-based
approaches (Randen and Husoy 1999), such as Gabor filtering (Manjunath
and Ma 1996), wavelet transform (Laine and Fan 1993), and wavelet frames
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(Unser 1995). In general, their classification results are good as long as the
training and test samples have identical or similar orientations. However,
the rotations of real-world textures will vary arbitrarily, severely affecting
the performance of the statistical methods and suggesting the need for
rotation-invariant methods of texture classification.

Kashyap and Khotanzad (1986) were among the first researchers to study
rotation-invariant texture classification using a circular autoregressive model.
Later models include the multiresolution autoregressive model (Mao and Jain
1992), hidden Markov model (Wu and Wei 1996), Gaussian Markov random
field (Deng and Clausi 2004), and the autocorrelation model (Campisi et al.
2004). Ojala, Pietikainen, and Maenpaa (2002) proposed using a local binary
pattern (LBP) histogram for rotation-invariant texture classification. Varma and
Zisserman (2005) presented a statistical algorithm, MR8, in which a rotation-
invariant texture on a library is first built from a training set and then an
unknown texture image is classified according to its texton distribution. The
LBP and MR8 methods are both state-of-the-art algorithms and yield good
classification results on large and complex databases (Varma and Zisserman
2005). Scale and affine invariance is another issue to be addressed in texture
classification, and some pioneer works have been proposed that use affine
adaption (Lazebnik, Schmid, and Ponce 2005), fractal analysis (Xu, Ji, and
Fermuller 2006) and combination of filters (Mellor, Hong, and Brady 2008).

Recently in Guo, Zhang, and Zhang (2010), a hybrid scheme, globally
rotation-invariant matching with locally variant LBP texture features is
proposed. Using LBP distribution, they first estimate the principal orientations
of the texture image and then use them to align LBP histograms. The aligned
histograms are then, in turn, used to measure the dissimilarity between images.
More recently, in Li et al. (2014), a rapid-transform-based descriptor is
proposed for rotation-invariant texture classification. The proposed descriptor
is based on the local circular neighborhood, and the local feature vector is
obtained by means of rapid-transform. The local feature vector is rotation-
invariant because of the cyclic shift invariance property of rapid-transform.

However, neural classifiers can be used for feature extraction when trained on
raw texture data. Neural classifiers are categorized as base classifiers or ensemble
classifiers as given in Figure 1. A base neural classifier has a single learning
algorithm and is trained on a single fixed training dataset. An ensemble neural
classifier, however, consists of a combination of base classifiers.

Classifier combination is a popular technique that has been applied to
many pattern recognition and classification tasks. A number of terminologies
are used in the pattern recognition community for classifier combination,
such as classifier ensembles, classifier fusion, mixture of experts, classifier
integration, etc. (Kuncheva 2014). One of the main benefits of classifier
combination is that the various classifiers in the combination would comple-
ment each other, resulting in better performance. The combination itself can
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be at the level of features or at the level of decisions (Kuncheva 2014). In this
study, we have used the decision-level combination.

Classifier combinations have been extensively used for a wide variety of
tasks. A useful background for using classification combinations was given
in Kittler et al. (1998). In (Lotte et al. 2007), an elaborate review of
classification algorithms for EEG-based brain-computer interfaces (BCIs)
including classifier combinations was given. Successful applications of
classifier combinations for BCI have been reported also (Rakotomamonjy
et al. 2005). Classifier combinations have been used in Lu, Wang, and Jain
(2003) for face recognition purposes. Besides, a rough set based ensemble
classifier was used for classification of web pages (Saha et al. 2007) and an
ensemble classifier was applied for web services categorization and focused
crawling (Saha et al. 2010). More recently, a combination of neural network
classifiers was applied in 3D hand gesture recognition (El-Baz and Tolba
2013) and in tracking of human motion (Etemad and Arya 2014). Also, a
hybrid intelligent system-based rough set and ensemble classifier has been
used for breast cancer diagnosis (El-Baz 2015).

Classifier combination schemes broadly consist of a set of classifiers and a
combiner that combines the outputs of the classifiers to produce the final result
(Figures 2 and 3). The individual classifiers can be put together in basically three
architectures: serial or cascade architecture, parallel architecture, and hierarch-
ical architecture. In this work, we have used the parallel architecture. The
majority voting scheme is used to combine the outputs of the individual base
classifiers.

The main contribution of this article is building a combined classifier that is
based on a hybrid combination of both the parameter variation of architecture
design of neural network and the AdaBoost to achieve better detection results
through the concept of decision fusion.We show that by using a combination of
relatively weak classifiers, we can achieve better overall performance on a
standard rotated textures database.

The rest of the article is organized as follows. “Background Knowledge”
describes previous work related to this study. The proposed combined

Ensemble Base Classifier

Data driven
diversity

Feature driven
diversity

Architecture driven
diversity

Parameter driven 
diversity

Classifiers

Figure 1. Classifiers categories.
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classifier and the underpinning algorithm are presented in “Proposed
Method.”. In “Experiments on Rotated Texture Database,” the experimental
evaluations and comparison of the proposed ensemble technique on standard
rotation textures databases are given. The final section concludes the article.

N Input Patterns

Majority Voter

1MLP
2MLP 3MLP 4MLP

1−MMLP MMLP

Final Decision

Diversity Matrix 

Figure 2. Architecture of parameter-based ensemble.

Training

Data  Set 1 Data  Set 2 Data  Set M

Base classifier 1 Base classifier 2 Base classifier M

Combiner

Final Decision

Figure 3. Architecture of data-driven ensembles.

80 A. H. EL-BAZ ET AL.

D
ow

nl
oa

de
d 

by
 [

U
ni

ve
rs

ity
 o

f 
C

al
if

or
ni

a 
Sa

nt
a 

B
ar

ba
ra

] 
at

 0
4:

30
 1

6 
M

ar
ch

 2
01

6 



Background knowledge

Ensemble classifiers

Classifiers such as Multi-Layer Perceptron (MLP), learning vector quantization
networks (LVQ), and Support Vector Machine (SVM) (Li et al. 2003)
suffer from the problem of the selection of the suitable parameter set, and
improper selection results in inferior and unstable performance.

Additionally, base classifiers are susceptible to facing the bias-variance
dilemma (Geman, Bienenstock, and Doursat 1992). Combining multiple
classifiers in an ensemble helps solve this dilemma by reducing both bias and
variance. Bagging and Boosting algorithms are the most common techniques for
diversity enforcement in classifier ensembles through the dataset. Theoretical
analysis of a bagging algorithm could be found in Fumera, Roli, and Serrau
(2008). Also, Eibl and Pfeiffer (2005) give explanation and theoretical analysis of
the boosting algorithm. Table 1 summarizes the classification principle and
weaknesses and strengths of different classification approaches.

Ensemble methods enforce diversity in performance of base classifiers using
bootstrapped versions of data (Kittler et al. 1998; Etemad and Arya 2014; Li
et al. 2003). The AdaBoost is the most widely used algorithm for construction
of classifier ensembles. As a theoretically founded algorithm, it substitutes for
the misclassifications made by weak classifiers (Schapire 1990). Table 2 shows
a comparison of three different diversity enforcement methods: bagging,
boosting, and parameter based diversity enforcement (PBDE).

Figure 2 shows the architecture of a parameter -based ensemble of MLP base
classifiers. All base MLPs are trained on the same complete pattern set, and the
decisions of all MLPs are then combined using majority voting. A stopping
condition is used to stop adding more base MLPs to the ensemble as long as
more MLPs do not change the performance. Figure 3 shows the architecture of
the data-driven ensemble. All base MLPs are trained on different datasets
and the decisions of all MLPs are then combined using majority voting.
The architecture of both boosting- and bagging-based ensembles, which
belong to the data-driven ensemble, is completely different from that of the
parameter-based ensemble.

Diversity of ensemble base classifiers

Diverse base classifier outputs enhance the accuracy of the ensembles built
around them. Different classification errors made by base classifiers are
preferred. Therefore, only those base classifiers that have diverse classifica-
tion results are used for getting the majority vote. To identify the most
diverse set of base classifiers, the diversity matrix for M MLP base classifiers,
which are used in testing N patterns, is constructed by calculating the
normalized Hamming distances between the classification results of all
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Table 1. Base and ensemble classifiers approaches.
Category Summary Examples Reference

Base
Classifiers

Classification Principle:
based on a single learning algorithm
Strengths:
Low computational complexity
Weaknesses:
Low accuracy
Unstable behavior
High sensitivity to data or parameter
variation

MLP, SVM (Sengur et al.
2007) (Shutao
et al. 2003)
(Haykin 1999)
(Li et al. 2003)

Data-driven
Ensembles

Classification Principle:
Rely on sensitivity to data variation or
parameter variation
Strengths:
High detection accuracy
Stable behavior
Encompasses diversity
Low sensitivity to data or parameter
variation
No overfitting
suitable for nonparametric methods
Weaknesses:
High computational complexity
data dependent

Boosting
Other

(Breiman 1996)
(Freund and
Schapire 1997)

Feature-
Based
Ensembles

Classification Principle:
Same algorithm applied on different
features or feature sets
Strengths:
Enforce more diversity
Weaknesses:
Applicable only to parametric
approaches

Bagging
Boosting

(Breiman 1996)
(Freund and
Schapire 1997)

Classifier-
driven
Ensembles

Classification Principle:
by different learning algorithms
combines the features of statistical,
neural, or machine learning methods
Strengths:
suitable for nonparametric methods
overcome deficiencies of a particular
classification algorithm
exploit the advantages of multiple
approaches while overcoming their
weaknesses
Weaknesses:
learning algorithm dependent
high computational complexity

MLP with Parzen Windows and
HMMs, EM with HMMs, GBFN,
JAM System
Fusion scheme based on
multiple SVMs with translation
invariant wavelet transform
features

(Hodge and
Austin 2004)
(Kwang et al.
2002)

Parameter-
Based
Ensembles

Detection Principle:
by parameter change
same data or features applied to
detectors of different parameter sets
and same learning algorithms
Strengths:
more room for diversity enforcement
Weaknesses:
depending on parameters. It is suitable
for parametric methods

Parameter-based ensemble proposed
method
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possible classifier pairs for N patterns. The number of diversity values for an
ensemble of M base classifiers is M.(M-1)/2. In this study, the diversity
between a pair of base classifiers will be calculated using the Normalized
Hamming Distance (NHD). The normalized Hamming distances dNHDði; jÞ
between two vectors i and j is given by the number of mismatching elements
of the two vectors divided by the vector size N (Schulz 2008).

dNHDði; jÞ ¼ 1
N

XN
k¼1

½yi;k � yj;k� (1)

The median of the NHD is then used as a threshold above which the classifier
pair is added to the pool of classifiers that will be used in calculating the
majority vote.

Majority voting

Givenm learners (MLP neural networks) and n classes (normal, abnormal), we
denote by dji the posterior probability estimate of learner j for class i given the
input. Different dj’s use different parameter sets (fsj) to represent the input. In
Moglu and Alpaydin (2001), to combine the final decision of the individual
classifiers in order to find fdi, the final estimate for class i, given input fs,

fdi ¼ f ðdMLP1ðfs1Þ; dMLP2ðfs2Þ; . . . ; dMLPmiðfsmÞÞjψ; (2)

f is the combining function with ψ denoting its parameters. Assuming that fdi
estimates the posterior probability of class i, and that the zero-one loss function is
used, to minimize Bayesian risk, we choose the class with the highest probability:

Table 2. Comparison of diversity enforcement methods (Kuncheva 2014).
Aspect/Diversity
Enforcement Bagging Boosting PBDE

Processing Parallel Serial Parallel
Diversity Bootstrap replicates of the

training set.
Emphasis on misclassified patterns Parameters

variation
Variance, Bias Reduces variance without

changing the bias. However,
it has been found to reduce the
bias as well,
for example, for high-bias
classifiers.

Boosting primarily reduces bias
while at the later iterations
it has been found to reduce
mainly variance

Reduces both
bias and variance

Accuracy High High Higher
Weakness High computational complexity Sensitive to noise and outliers,

especially for small datasets
High computational complexity

High
computational
complexity
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i� ¼ arg max
i

ri (3)

To fuse the decisions of a group of individual weak classifiers, the simple
majority vote algorithm is used to determine in any given sequence of votes
whether there is a candidate with more votes than all the others, and if so, to
determine this candidate. Majority voting has many advantages such as
effectiveness, robustness to noise, and avoidance of overfitting. Each classifier
MLPi is independently trained on a certain feature set (fsj) and decides on the
pattern class by its individual decision, dMLPi . Perrone (1993) gives a number
of didactic examples that depict the advantage of voting. He also shows that
for minimum square error, when the learners are unbiased and uncorrelated,
weights should be inversely proportional to variances.

Probability of wrong prediction

An ensemble of classifiers is expected to improve the overall performance of
the detection system because the individual classifiers complement each other.
As a measure of performance, the probability of wrong prediction is expected
to be low for an ensemble of classifiers. Assuming an ensemble of six classi-
fiers, the probability of wrong prediction is given by (Kuncheva 2014):

P ensemble incorrectð Þ ¼
X6
i¼1

6
i

� �
εið1� εÞ6�i; (4)

where ε is an average error rate of the base classifier. This result is consistent
with our empirical results of improved performance using an ensemble of
classifiers.

Proposed method

The base classifier

The base classifier used in this study is the MLP. It consists of three layers: an
input layer, an output layer, and one hidden layer. Each layer is composed of a
predefined number of neurons. The training algorithm adopted in this study is
the resilient propagation algorithm (RPRO; Reidmiller and Braun 1993). Each
gray-scale texture image is resized to 32 × 32 = (1024) pixels and is used as a set
of texture features. Each neuron in the input layer represents one of these
pixels. Consequently, the input layer contains 1024 neurons. The hidden layer
contains n neurons. This number is used as a varying parameter to generate
base classifiers and enforce diversity. There are 13 neurons in the output layer,
each of them represents a texture class in the texture database used.
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Stability of base and ensemble classifiers

Neural networks’ stability is crucial in the applications. Figures 4 and 5 show
the oscillatory performance of the base MLP classifiers with the variation of the
number of training epochs or the number of hidden neurons. This instability
in performance indicates that selection of MLP parameters is a challenging
task. Experimental results in this study indicate that the performance of
boosted MLP is much more stable than that of the base MLP, and the

0 20 40 60 80 100 120
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Figure 4. Accuracy of base MLP versus the number of hidden neurons.
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Figure 5. Accuracy of base MLP versus the number of training epochs.
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parameter-boosted MLP is more stable than both. The major challenge with
the MLP training is to select the suitable training parameters such as

(1) initialization of the weight vectors,
(2) number of training epochs,
(3) number of hidden neurons.

Figures 4 and 5 show the sensitivity of the MLP classifier to parameter
variation. It is observed that all the previous parameters greatly affect the
performance of the base MLP classifier. This weakness of the base classifier
has been converted to an opportunity for enforcing diversity of the pool of
base MLP, which is used for constructing the boosted parameter-based
ensemble.

The variability of the base MLP performance can be due to many factors:

(1) small changes in the initial random weights can lead to large changes
in the MLP representations of the input patterns (chaos theory; see
Figure 6).

(2) less training results in less accurate representation of the input pattern
space and more training results in overfitting (bias-variance dilemma)

Rationale behind the proposed boosted parameter based MLPS combined
classifier?

The design of a combined classifier system has been widely used in neural
networks. A number of researchers have applied it to improve the
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Figure 6. Variation of base MLP accuracy with different initial weights.
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performance of a neural network (Tolba and Abu-Rezq 2000; Kang and Park
2009; Meynet and Thiran 2010). Figures 7–9 provide the flow chart and the
algorithm of the proposed combined classifier system.

Representation of rotation invariance is a challenging task from two
perspectives: feature extraction and classification. The MLP has been trained
on the rotated gray-level texture blocks, which makes use of the inherent
feature extraction capability of the neural classifiers. Design of a robust base
classifier is not possible because of the parameter selection and data depen-
dency problems, which could result in an unstable classifier. Therefore, using

        Start 

Generate a pool of classifiers

Move to the 
next classifier 

Yes 

No 

Take the majority vote of these 
hypotheses for each classifier  

Final decision 

        End 

Calculate the hypothesis of this 
base learner for each example  

Is 
there another 

classifier? 

Start

Input a sequence of examples

Generate a pool of classifiers

Start with the first classifier

Adaboost uses this classifier as 
a base learner 

Figure 7. The flow chart of boosted parameter-based combined MLP classifier (BPBMLP).
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an ensemble is the most suitable approach for tackling the rotation-invariant
texture-classification problem. A robust ensemble should encompass all
possible diversity sources. In this article, diverse base classifiers have made
use of diversity through data variation through the boosting algorithm and
the parameter-based diversity using MLPs with different parameter sets.

This system combines the advantages of both the parameter-based
diversity enforcement and the robustness of Adaboost.M1 (Freund and
Schapire 1997). A parameter-based combined classifier gives its final decision
by applying majority voting on the outputs of a pool of individual classifiers
that are different in both their architecture and training parameters.

A pool of 16 MLP base classifiers has been generated with the following
parameters: number of hidden neurons starts from 165 and is incremented
by 5 until it reaches a maximum of 180. The number of training epochs starts
with 1700 and is incremented with 100 until it reaches a maximum of 2000.
Number of output neurons = Number of texture classes are 13 classes.

Computational complexity of an ensemble of MLP classifiers is higher than
that of a single MLP classifier. The training complexity is not an issue because
training is done once and offline. Computation complexity of the testing phase
for an ensemble of n base classifiers is determined by the time of calculating the
outputs of nMLP classifiers plus the time of calculating the collective decision
using the majority vote. The parameter-based variation selection of the
proposed ensemble could be implemented on a parallel system.

The complexity of the proposed combined classifier during the testing phase
depends on the number of hidden neurons, the size of the input layer, and the
time needed for computing the majority vote. The complexity of MLP classifier
ensembles depends on the difficulties of tuning parameters of the MLP base
classifiers. In Terry (2006), a measure is described that is capable of predicting
the number of classifier training epochs for achieving optimal performance in

Boosted-Parameter based MLP (BPBMLP) Ensemble Algorithm:
Input:       Multidimensional data set P of M patterns with N features each
Output:    Classified textures

BPMLP Algorithm:

   for n-epochs =

      for n-hidden =

1- Generate a base PBMLP 
2- train the PBMLP using Adaboost  (Algorithm 2 of Fig. 9) 
3- test the PBMLP on the testing set 
4- save the classes of the N test patterns 

        end; 
      end;
      Apply the majority voting to test results to decide the final classes

Figure 8. Algorithm 1: BPBMLP.
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an ensemble of MLP classifiers. In addition, changing the number of hidden
nodes has a major impact on the base classifier. Prediction of the optimal
parameter set for building the base classifiers is a topic of future work (Terry
2006). In this work, selection of the most diverse set of base learners is done
using Hamming distance contributes to reduce computational complexity. The
processing time T for testing a new pattern is proportional to the number of
hidden neurons (H), the pattern size (S), and the number of base classifiers:

TEnsemble ¼ n:TMLP ¼ O n:H:Sð Þ (5)

Figure 9. Algorithm 2: Training the PBMLP using AdaBoost.
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Experiments on rotated texture database

Wedemonstrate the performance of the proposed technique on a standard rotated
textures database available in the WWW USC-SIPI Image Database (The USC-
SIPI Image Database 1977). The image database comprises 13 textures from the
Brodatz album (Brodatz 1966) shown in Figure 10. The database contains 91 gray-
scale images, including 13 distinct textures, each with seven images that vary in
rotation angle (0°, 30°, 60°, 90°, 120°, 150°, and 200°).

Using this database, we perform four experiments. For each experi-
ment, three rotated images of each texture are used to construct the
training set, and the remaining four rotated images of the same texture
are used for testing. Figure 11 shows a sample texture with its rotated
version.

Figure 10. Texture images. Each texture was digitized at seven angles: 0°, 30°, 60°, 90°, 120°,
150°, and 200°.

Figure 11. Sample texture image: (a) original bark image and (b) rotated bark image.
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In the first experiment, we train a pool of MLP classifiers and get the
performance of the best one. The best recognition rate in this case is
38.5%. In the second experiment, the majority voting rule is used to get
the final decision of a committee of the base MLP classifiers, which have
been trained on the same dataset at different parameters; the percentage
of correct classification (PCC) is 66.7%. In the third experiment, the
boosting algorithm is applied to the MLP as base classifier; the accuracy
of the ensemble in this case is 56.2% at four rounds. Finally, we applied
the proposed BPBMLP combined classifier, which resulted in 97.44% and
100% accuracies at three and four rounds. This result shows that the
proposed method compares favorably with the state-of-the-art systems
reported in the literature.

Moreover, Table 3 shows that the proposed method at only two rounds
is more efficient than the best individual classifier, committee MLPs, and
boosted MLP. Also, it is clear from Figures 12 and 13 that the proposed
method reaches the accuracy 100% at four rounds and remains stable with
increasing number of rounds, whereas the boosted MLP reaches the same

Table 3. Percentages of correct classification (PCC) of rotated
textures database.
Method PCC (%)

Best individual classifier 38.6
Committee MLPs 66.7
Boosted MLP (after 4 rounds) 56.2
The proposed method (after 2 rounds) 95
The proposed method (after 3 rounds) 97.44
The proposed method (after 4 rounds) 100
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Figure 12. Accuracy of the Boosted MLP on rotated texture.
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accuracy at 18 rounds and begins to decrease, which indicates that the
performance of the proposed method is more efficient and stable than
boosted MLP.

For the sake of comparison, we present the results of the well-known
methods, which have used the same dataset in this study. Table 4 and
Figure 14 summarize the results obtained in the literature. It is clear that
the proposed combination method results in superior performance com-
pared to the other methods. The major advantage of the proposed
method is the stability of its performance.

2 4 6 8 10 12 14 16 18 20
20

30

40

50

60

70

80

90

100
Proposed combination method on rotated texture

iteration number

P
C

C
 o

f t
es

tin
g 

se
t

Figure 13. Accuracy of the boosted parameter-based combination method.

Table 4. Comparison between the proposed method and other well-known methods on the
same dataset used in this study.

Reference Method
Percentage of Correct

Classification

(Haley and Manjunath 1999) Complete space–frequency model. 96.8%
(Pietikäinen, Ojala, and Xu 2000) LBP,

Combination of LBP and VAR
91.54%
94.89%

(Lahajnar and Kovačič 2003) Gabor functions and multidimensional
histograms.

99.42%
A major weakness is that
the design and selection of
the Gabor filters has a
greater impact on the
classifier performance.

(Ojala, Pietikainen, and
Maenpaa 2002)

LBP 98.4%

proposed method BPBMLP 100% for 4 boosting
rounds
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Conclusion

Rotation-invariant texture classification is a challenging problem for any
base classifier. This article presents a robust combined classifier for invar-
iant-texture classification. The proposed ensemble method is based on a
hybrid combination of both the parameters variation of the architecture
design of the neural network and the AdaBoost. Diversity in base classifier
performance has been enforced at two successive levels. At the first level,
diversity has been enforced through learning and architectural parameter
variation. At the second level, the boosting algorithm has been used to
make perturbation of the training set used by the multilayer perceptron
(MLP) as base classifier. The final decision is based on the majority
voting. Four experiments have been conducted on a standard benchmark
rotated textures database and showed that the proposed combined classi-
fier compares favorably with the other systems reported in the literature,
and its overall performance is 100%. Moreover, the performance of the
proposed combination method is more stable than that of the boosted
MLP. As a future work, we will study the theoretical analysis behind this
robust hybrid combination method and apply it to other challenging
pattern recognition problems.
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Figure 14. Comparison between the proposed method and other methods on the same dataset.
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