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Abstract 

 
This paper proposes a novel criterion function for feature evaluation, intended to help the 

process of automated feature selection for object recognition. Decision trees of linear 
discriminant functions are used to evaluate the discriminant power of concrete subsets of 
features. In a previous knowledge acquisition task a complete set of color and texture features is 
calculated for every interest object. Afterwards, every object is mapped into several n-
dimensional feature spaces in order to select the minimum feature set able to discriminate 
against the remaining objects. Finally the object recognition using nearest mean classifier 
permits a fast testing and robust classification.  

Application of feature selection to the classification of corks illustrates the power of feature 
selection in reducing the number of features needed for classifier design. 
 
Keywords: Pattern recognition, Classification, Feature evaluation, Criterion function, Quality 
Control.  
 
 

1. INTRODUCTION 
 

Over the last 20 years, Machine Vision has taken a vital role in automated industrial 
applications. Over the same 20-year period, most academic research has focused on 
more ambitious schemes (attempting to emulate the human visual system) with notably 
less success. Nowadays, many systems devoted to quality control are using Image 
Processing and Computer Vision techniques to detect possible errors in the production 
process. In this sense, color and texture are undoubtedly the principal characteristics and 
play a very important role. Both can be computationally treated in many different ways. 
Moreover, it is well known that chromatic characteristics of elements are not stable, and 
highly depend on illuminant color, the reflectance of the object, illumination geometry, 
viewing geometry, and sensor parameters. Unfortunately, up to now no single solution 
has been found in order to characterize in an efficient way a large set of objects under 
different conditions. So, a wide range of proposals has been emerged in order to obtain 
object characterization [1][2]. Pattern Recognition can also become a useful technique 
to use in Quality Control problems, helping in building flexible and open systems able 
to carry out a quality control of different products.  

In the current work, these techniques were applied to the inspection of wine corks. 
Thus, given an image of a cork, first difficulties arise trying to choose the most 



appropriated features for its characterization. In this paper, we propose a new 
methodology in order to choose the best features for characterizing the objects, enabling 
to choose them among several features spaces. The feature selection is performed for 
every object, starting from a series of samples obtained in a previous supervised 
learning task. This methodology enables a better object characterization, which 
improves the object recognition process, as is demonstrated in the experimental trials. 

The rest of this paper is organized as follows. Section 2 presents the feature selection 
algorithm and our criterion function proposed. Some experimental results on the 
classification of corks are presented in section 3 to illustrate the performance of this 
approach. Finally, last section gives the conclusions. 

 
2. FEATURE SELECTION 
 
The proposed approach is based on a previous knowledge acquisition task intended as 

an interactive process to obtain sample data of the objects. Initially, a teacher selects 
meaningful examples of objects (four types of cork) in training images by clicking on 
blobs of pixels. Afterwards, every object is characterized by a great number of color 
features [3][4], deduced from different color spaces and texture features [5]. Figure 1 
shows the learning process. 
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Figure 1.  Learning process. 

 
In order to obtain this initial characterization, it is possible to use as many features as 

wanted, adding new color spaces and new texture features if necessary. Table 1 
indicates the color and texture features used in our trials. Once the data has been 
acquired, an Exhaustive Search selects the most interesting features for each object by 
comparing target from non-target instances. In this context “most interesting” means the 
features which separate the clusters of a feature space representing object samples in an 
optimal way. In this sense, we tackle one main challenge: to get an evaluation method 
for the discriminative power of a cluster in front of the others. Next subsection details 
this issue. 

There are several feature selection methods in the literature [6], but only the 
Exhaustive Search and Branch-and-Bound Search guarantee an optimal subset. All 
others strategies are subptimal due to the fact that the best pair of features doesn't need 
to contain the best single feature [7]. We chose the Exhaustive Search because the 



selection process is a previous learning task, which involves that its computational cost 
is not a real constraint. Furthermore, our criterion function proposed doesn't satisfy the 
monotonicity property, and therefore the Branch-and-Bound Search is not possible to 
use.  

 
Table 1. A set of features used for describing objects. 

 
Color features  Texture features 

R, G, B Blurriness 
HSI Granularity 

IC1C2 Discontinuity 
HSV Abruptness 
HLS Straightness 
HSV Curviness 

Normalized RGB Variance 
CIEL*u*v* End points 

((2R-G-B), (2G-B-R), (2B-R-G)) Cross points 
((3R+6G+B)/10, (R-G+1)/2, (R+G-2B+2)/4)  

 
2.1. Criterion function 
 
Given an object of interest, a comparative process seeks to select which is the set of 

features that best characterizes the object. Problems arise when is not clear which are 
the features that finest separate every object of interest from the others. It is well known 
that there are two solutions to this problem: the linear and the non-linear approach. 
Following the paradigm of "divide and conquer" and using the linear approach, we have 
solved the problem by a decision tree, which separates the samples in a recursively way. 
Figure 2 shows a decision tree operating in a two-dimensional feature space.  

 
 
 

LFD<0 LFD≥0

LFD<0 LFD≥0 LFD<0 LFD≥0

LFD<0 LFD≥0 LFD<0 LFD≥0

 
Figure 2.  A decision tree example. The Fisher LFD 
subdivides the set of samples between two subsets. 

 
 
The considered decision trees are binary trees with multivariate decision functions. 

Each node constitutes a binary test represented by the Fisher Linear Discrimination 



Function (LFD) [8]. This function maximises the ratio between inter-class covariance 
and the intra-class covariance. LFD can be expressed as 
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which indicates whether the instance point x belongs to the class 1 (LFD>0) or class 2 
(LFD<0). 1μ  and 2μ  denote the means of the samples corresponding to the class 1 or 
class 2 respectively, and Σ  indicates the covariance matrix. 

Each node of the tree attempts to separate a set of known instances (training set) into 
target (mapped as ) and non-target instances (mapped as ). The resulting two subsets 
of samples are subdivided again into two parts by using a new calculated Fisher LFD. 
This process is extended in a binary tree structure until an appropriated misclassification 
ratio is achieved. With this structure, the tree construction process can be computably 
long, which is solved by pruning the tree with a threshold corresponding to a maximum 
depth. When the Exhaustive Search finds several combinations with same 
misclassification, the Mahalanobis distance will be used as a function criterion to 
choose the best combination. 
 

3. EXPERIMENTAL TRIAL: CLASSIFICATION OF CORKS 
 

In order to evaluate the performance of our system we focused the experimental trial 
in the inspection of wine corks. A system prototype has been created to obtain results 
and check the classification, composed basically by a RGB camera and a frame grabber 
which snap pictures from the corks on the conveyor belt, which are later analyzed by the 
novel technique proposed. 

The analysis carried out on the corks showed that there exist four different types of 
corks: three can be considered as correct (A, B, C) according to their quality (A denotes 
the higher quality), while D is considered as faulty. The classification process starts 
with the characterization of the cork region by a set of features determined in the 
learning task. Afterwards, the cork is classified into one of the four former classes using 
a Nearest Mean Classifier that allows a fast testing and a simple and robust 
classification. Figure 3 shows the scheme of the classification process. 
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Figure 3.  Scheme of the classification process. 



The performance of our proposal has been tested with a learning data set of 1000 
points for every feature described in table 1. These learning data are extracted for eight 
cork images (two for each type). Showing the four corks types mapped in different 2D 
and 3D features spaces, it can be observed that the clusters representing the corks are 
clearly merged, so the misclassification ratio is high. Moreover, these clusters are more 
disperse than the ones identifying the same object with the features selected. 

The results obtained in the cork classification are summarized in Table 2. Trials 1 to 
4 are made with color space and texture features without using our criterion function, so 
when a color space is chosen all its features are used; while trial 5 makes use of our 
proposal, selecting the best features for every type of cork. Observing these results, it 
can be stated that the set of features selected by our proposal gives higher cluster 
separation and cluster compactness to the analyzed objects against the rest of objects, 
and consequently improves the classification process. 

 
Table 2. Classification rates obtained with typical features and our selected features. 
 

 Type Features Classification 
accuracy (%) 

Trial 1 

Cork A R, G, B and Granularity 91.3 
Cork B R, G, B and Granularity 83.4 
Cork C R, G, B and Granularity 85.8 
Faulty Cork R, G, B and Granularity 92.4 

Trial 2 

Cork A HSI and Abruptness 86.9 
Cork B HSI and Abruptness 72.4 
Cork C HSI and Abruptness 74.5 
Faulty Cork HSI and Abruptness 93.4 

Trial 3 

Cork A CIEL*u*v* and Straightness 83.8 
Cork B CIEL*u*v* and Straightness 67.3 
Cork C CIEL*u*v* and Straightness 64.6 
Faulty Cork CIEL*u*v* and Straightness 87.3 

Trial 4 

Cork A HSV and End points 87.6 
Cork B HSV and End points 74.9 
Cork C HSV and End points 86.2 
Faulty Cork HSV and End points 90.8 

Trial 5 

Cork A R and L 95.2 
Cork B R, Granularity and End points  94.9 
Cork C S, Granularity and Discontinuity 93.7 
Faulty Cork R and S 96.5 

 
 
5. CONCLUSIONS  

 
We have proposed a novel criterion function in feature evaluation, which has been 

demonstrated useful for carrying out quality control of different products, resulting in a 
flexible and open system. 

The proposed feature selection criterion provides a powerful tool in situations where 
it is not clear what features need to be used in the classification tasks, as in most 
inspection systems. Finally, the application of the proposed criterion to the classification 
of corks illustrates the power of feature selection in reducing the number of features 
needed for classifier design, while the reliability of our proposal has been proven. 
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