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Abstract 
 

Classifying cork stopper into group required large set of visual features. Selecting an 

optimal feature subset from large input feature set speeds up classification task and improve 

the classifier accuracy. Traditional feature selection methods, such as sequential forward 

selection, sequential backward selection, and sequential forward floating search are costly to 

implement. This paper we propose a feature selection method known as principal feature 

analysis that exploits the structure of the principal components of a feature set to find a 

subset of the original features information and support vector machines (SVMs) for 

classification. The experimental result show that the proposed method for SVM based 

classifier is lot faster than PCA and ICA based methods. It is also leads to better performance 

when the same number of principal/independent components is used and consistently picks 

the best subset of features in terms of sum-squared-error compared to competing methods. 
 

Keywords: Principal component analysis, Covariance matrix, eigenvector, eigenvalue, 

Independent component analysis, Support vector Machine, Dimensionality reduction. 
 

1. Introduction 
  

Cork is a light, soft material produce in the Mediterranean countries. Cork stoppers are 

used for closing bottles, especially wine bottles because, unlike man-made material, they 

avoid leakage even in presence of irregularities in the bottle neck. They show an excellent 

chemical inertia and avoid any reaction with the wine that changes its taste. Their best 

characteristic is the ability to allow gaseous exchange with the outside atmosphere. This is an 

important step that makes it possible to improve the wine quality as time goes by [1]. 

  Cork stoppers are routinely classified in different quality classes (see Fig. 1) and inspected 

for different defects like small holes due to insect attacks, stopper breaking or cracks (see 

Fig.2). Although it does not seem hard for human beings to visually analyze the cork stopper, 

it turns out difficult to precisely formulate the characteristics of the cork surface that are 

relevant to these tasks due to the porosity of the natural material. It is difficult even for the 

cork quality experts to exactly define all cork features necessary in the process of cork quality 

grading [2].  

  In an effort to tackle these drawbacks, automatic cork stopper quality classification is very 

much essential. The problem of cork analysis is based on considering a large set of visual 

features which may includes relevant and irrelevant features that can degrade the 

generalization performance of classifiers [3, 4]. However, for a real-time cork stopper 

classification problems high dimensional feature vectors is not suitable and thus some kind of 

dimensionality reduction must be performed. An approach to dimensionality reduction is 
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feature selection, which consists of determining an optimal feature subset from a large input 

feature set. The benefits of using feature selection are reduction in the time and cost of feature 

acquisition, as well as reduction in classifier training and testing time. It is also helpful in 

improving classifier accuracy, provided that noisy, irrelevant or redundant features are 

eliminated [5]. 

  Most research work on feature selection for classifier design uses principal component 

analysis (PCA) and Independent Component Analysis (ICA) techniques for representing data 

in a reduced dimension [6, 7, 8]. This might be because feature selection methods, such as 

sequential forward selection (SFS), sequential backward selection (SBS), and sequential 

forward floating search (SFFS) [9, 10], require training and testing a classifier at each feature 

addition or elimination step, hence are costly to implement.  

  In this paper, to address the above mentioned problems, we propose another 

computationally efficient feature selection method that exploits the structure of the principal 

components of a feature set to find a subset of the original features that contains most of the 

essential information. The proposed method when used with support vector machine (SVM)-

based classifiers on different kinds of features is much faster in term of speed with minimum 

error, compared to feature selection method based on PCA and ICA  

   The paper is organized as follows: After a brief discussion of PCA and ICA based feature 

selection in Section 2, Section 3 proposes the PFA based method. Experimental results are 

showed in Section 4 and Section 5 contained the conclusions. 

 

 

Figure 1. Surfaces of cork stoppers of 5 quality groups ordered from best to 
worst quality (from left to right). 

 

 

Figure 2. Cork stopper without defects, woody stopper and a stopper with a 
crack. 
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2. Overview of PCA and ICA  
 

A. Principal Component Analysis  

 

Principal component analysis is a classic tool for analyzing large scale multivariate data. 

PCA describes as an unsupervised feature selection technique provides mapping of 

n dimensional data space onto q dimensional data space where  nq  [11]. In the 

context of object classification, a set of N sample images 
n

ix  where Ni ,,1  
is 

considered and there is a mapping from the original n dimensional image space to 

q dimensional feature space where nq . The new feature vectors  are defined by the 

following linear transformation   

x
T

q                                                                   (1)  

with qq

T

q I where q  is a matrix with orthonormal columns  m ,,, 21  , 

and qI is the mm  identity matrix.  

  The mean image of all the samples is denoted by 
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where )(xE is the expectation of x . The difference,   of each set of sample image from the 

mean image of all samples is computed: 

mxii                                                                                                     (3) 

Then the covariance matrix is estimated by 
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where,  NA  21 . 

 Eigenvectors i and corresponding eigenvalues i of the covariance matrix xC are the 

solutions of the equation 

niC iiix ,,1    ,                                                                               (5) 

Since xC is very large  NN  , solving its eigenvector and eigenvalues  is a non-trivial task. 

Instead, eigenvectors iv  and corresponding eigenvalues i of matrix 
TAA )( MM  can be 

computed. After that, i can be computed from iv as follows: 

Rjv j

R

j

iji ,,1  ,
1

 


                                                                                (6)  

 To reduce dimensionality, there is a need to keep only a smaller number of eigenvectors 

)( MRRK  corresponding to the largest eigenvalues. A new sample image x , after 

subtracting the mean )( mx   can then be reconstructed in eigenspace by the formula:  
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where xw
T

ii   are coefficients of the projection (i.e., eigenfeatures) which allow images 

to be represented as a linear combinations of the eigenvectors.  

 

B. Independent Component Analysis  

  

Independent component analysis (ICA) is a statistical technique for decomposing a complex 

dataset into independent sub-parts [7]. It develops from blind source separation of 

independent sources from their observed linear mixtures [12]. The model of ICA can be 

expressed as follows: 

  

 Asx             (8) 

where; 
Txxx ),,,( 21 x is the measured data matrix, A  is nm  nonsingular mixing 

matrix, and ),,,( 21 nsss s is the source matrix containing statistically independent 

source vectors in its rows. The aim of ICA algorithm is to find the components is as 

independent as possible so that the set of observed signals can be expressed as linear 

combination of statistically independent components. The original source vector s  is 

recovered with the help of the following linear transformation  

  

 Wxy                                                                                                                     (9) 

where; 
T

nyyy ),,,( 21 y are statistically independent (called also the estimated sources of 

the ssi ' ); and W  is equal to the pseudo inverse matrix of A. The estimation of sources and 

basis functions could be done by maximization of negentropy )( isJ [13]: 
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where iw  is the thi row of mixing matrix W , G is a contrast function and v is a 

standardized Gaussian variable. 

 

3. The Proposed Method 
 

Both the PCA Based Dimensionality reduction and the ICA Based Dimensionality 

reduction method choose a subset of feature by computing its PC projection to a smaller 

dimensional space. The drawback of these methods is the complexity of finding the subset. 

The goal of the proposed PFA method is to exploits the structure of the principal components 

of a feature set to find optimal subset of the original features in terms of sum-squared-error 

compared to competing methods using the same number of principal/independent 

components. 

In order to simply formulate what PFA does, let  TdfffX ,,, 21 
 
denote a set of 

d features in 
n space with zero mean (i.e., 

n

jf  ) ; jf are column vectors and X is of 

size nd  . Let   be the covariance matrix (correlation matrix) of X  . Let  be a matrix 

whose columns are the orthonormal eigenvectors of the matrix   
[14, 15]: 
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TD  
                                                                                               (11) 

where D  is a diagonal matrix whose diagonal elements are the eigenvalues of  :
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d  21 .  Let m  be the first m  columns of  and let the row of the matrix 

 consists of m feature vectors
 

 

nmm

dk    ,,,,,, 21                                                                          (13)        

  Each vector i   represents the projection of the 
thi feature (variable) of the vector X to 

the lower dimensional space, that is, the m  elements of i  correspond to the weights of the 

thi feature on each axis of the subspace. Thus, for any vector X , the reduced image m -

vectors are given by  

Xi                                                                                                        (14) 

  The key observation of this method is that features that are highly correlated or have high 

mutual information will have similar absolute value weight vectors i   (changing the sign has 

no statistical significance [16]). On the two extreme sides, two independent variables have 

maximally separated weight vectors; while two fully correlated variables have identical 

weight vectors (up to a change of sign). To find the best subset we use the structure of the 

rows i   to find the subsets of features that are highly correlated and to choose one feature 

from each subset. The chosen features represent each group optimally in terms of high spread 

in the lower dimension, reconstruction and insensitivity to noise. The algorithm may be 

summarized as follows: 

1. Compute the correlation matrix from the patterns of the training set.  

2. Compute the eigenvalues and corresponding eigenvectors of the correlation 

matrix as defined in Equation (11).  

3. Choose the subspace dimension m and construct the matrix m   and  from 

 .  

4. Cluster the vectors 
m

dk   ,,,,, 21 
 
using K-Means algorithm. 

Choosing n greater than m  is usually necessary if the same variability as the 

PCA is desired. 

5. For each cluster, find the corresponding vector i   which is closest to the mean of 

the cluster.  

6. Compute the representation of the features in the lower dimensional space as 

defined in (14). 
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4. Support Vector Machine  
   

The effectiveness of the feature space depends on how well different classes can be 

separated in the space. To compare the proposed method with both PCA and ICA based 

feature selection methods, we used Support vector machine (SVM) based classifier. SVMs 

are primarily two-class classifiers that have been shown to be an attractive and more 

systematic approach to learn linear or non-linear decision boundaries [17, 18]. The classifier 

constructs an optimal separating hyper-plane between the classes in the dataset by 

maximizing the distance of either class from the hyper-plane using the Gaussian radial basis 

kernel. This is equivalent to performing structural risk minimization to achieve good 

generalization [17, 18]. Finding the optimal hyper-plane implies solving a constrained 

optimization problem using quadratic programming [4].   

  The dimensionality of the feature space is determined by the number of support vectors 

extracted from the training data. The SVM can locate all the support vectors, which 

exclusively determine the decision boundaries. To estimate the misclassification rate (risk), 

the so called leave-one-out procedure is used. It removes one of iN  training samples, 

performs training using the remaining training samples, and tests the removed sample with 

the newly derived hyper-plane. It repeats this process for all of the samples, and the total 

number of errors becomes the estimation of the risk [19]. 

 

5. Experimental Results 
  

We have performed a number of experiments and comparisons to demonstrate the 

performances of the proposed feature selection method based on SVM.  For training sixty 

samples for each of the five classes are used and seventy samples for each class are used for 

testing.  

 In this experiment LibSVM [20] was used to train SVM classifiers with a Gaussian radial 

basis kernel on selected feature subsets. The results in Figure 3 shows the performances of the 

SVM classifiers trained on subset features selected by our method using top-50 eigenvector 

compare to that of PCA and ICA based feature selection. Our method performs better than 

PCA or ICA when the same number of principal/independent components is used. The speed 

of our method per second using SVM classifier is also compared to that of PCA and ICA 

feature selection in Table 1. Our algorithm is a lot faster than PCA and ICA feature selection 

when the number of features in each subset is large enough, e.g., 80. 

 

6. Conclusion 
  

We have presented a systematic feature subset selection method using PFA. To evaluate 

the proposed method, we considered cork stoppers classification problems. In this case, we 

used PFA for feature selection and SVMs classifier with a Gaussian radial basis kernel. 

Experimental results on different kinds of features used for cork stopper classification shows 

that the proposed method is capable of removing redundant and irrelevant features, 

outperforming traditional approaches. Further analysis illustrate that the proposed method 

improves the performance of classifier both in terms of accuracy and complexity (i.e., number 

of features).  
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Figure 3. Sum-square-error curves for SVM classifiers trained on different 

feature subsets selected from different selection method. 
 

 

Table 1. Time required for feature selection and training using SVM 

No. of Features PCA Based Feature 

Selection 

ICA Based Feature 

Selection 

PFA Based Feature 

Selection 

         2 

         5 

         7 

         10 

         13 

         15 

         20 

         30 

         35 

         40 

          492 

          493 

          493 

          495 

          496 

          496 

          498 

          498 

          501 

          501 

          1034 

          1034 

          1036 

          1038 

          1038 

          1039 

          1043 

          1048 

          1053 

          1054 

           192 

           193 

           193 

           195 

           196 

           196 

           198 

           198 

           200 

           200 
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