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Abstract: The data mining technique deals with the extraction of implicit knowledge with data relationship or 

other patterns not explicitly stored in the dataset. The main objective of this paper is to apply data mining on 

features extracted from mammograms to classify and detect the cancerous tissue. The data mining techniques 

are generally more suitable to larger databases than the one used for small dataset tests. Generally association 

rule algorithms adopt an iterative method to discovery frequent item set, which requires very large 

calculations and a complicated transaction process. Because of this, a modified association rule algorithm is 

proposed in this paper. Experimental results show that this method can quickly discover frequent item sets and 

effectively mine potential association rules. Texture features are most vulnerable features that include 

histogram intensity features and GLCM features which are extracted from mammogram images. A new 

approach of feature subset selection FSFCN is proposed which approximately reduces 50 to 60% of the 

features and the proposed association rule is used for classification. The most interesting one is that oscillating 

search algorithm which is used for feature selection provides the best optimal features and no where it is 

applied or used for GLCM feature selection from mammogram, Experiments have been taken from a data set 

of 322 images of MIAS of different types with the aim to improving the accuracy by generating minimum no. 

of rules to cover more patterns. The accuracy obtained by this method is approximately 97.82% which is 

highly encouraging. 

 

Keywords: Mammogram, Gray Level Co-occurrence Matrix feature, Histogram Intensity, Feature Selection 

based on Feature Correlation Networks FSFCN,  Association rule mining. 

 

1. Introduction 

Breast Cancer is one of the most common cancers, leading to cause of death among women, especially 

in developed countries. There is no primary prevention since cause is still not understood. So, early detection of 

the stage of cancer allows treatment which could lead to high survival rate. Mammography is currently the most 

effective imaging modality for breast cancer screening. However, 10-30% of breast cancers are missed at 

mammography [1]. Mining information and knowledge from large database has been recognized by many 

researchers as a key research topic in database system and machine learning Researches that use data mining 

approach in image learning can be found in [2,3]. 

Data mining of medical images is used to collect effective models, relations, rules, abnormalities and 

patterns from large volume of data. This procedure can accelerate the diagnosis process and decision-making. 

Different methods of data mining have been used to detect and classify anomalies in mammogram images such 

as wavelets [4,5], statistical methods and most of them used feature extracted using image processing techniques 

[6].Some other methods are based on fuzzy theory [7,8] and neural networks [9]. In this paper we have used 

classification method called Decision tree classifier for image classification [10-12]. 

Classification process typically involves two phases: training phase and testing phase. In training phase 

the properties of typical image features are isolated and based on this training class is created .In the subsequent 

testing phase , these feature space partitions are used to classify the image. A block diagram of the method is 

shown in figure1. 
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Fig.1: Block diagram for mammogram classification system 

 We have used association rule mining using image content method by extracting low level image 

features for classification. The merits of this method are effective feature extraction, selection and efficient 

classification. The rest of the paper is organized as follows. Section 2 presents the preprocessing and section 3 

presents the feature extraction phase. Section 4 discusses the proposed method of Feature selection and 

classification. In section5 the results are discussed and conclusion is presented in section 6. 

 

2. Methodologies 

2.1 Digital mammogram database 

The mammogram images used in this experiment are taken from the mini mammography database of 

MIAS (http://peipa.essex.ac.uk/ipa/pix/mias/). In this database, the original MIAS database are digitized at 50 

micron pixel edge and has been reduced to 200 micron pixel edge and clipped or padded so that every image is 

1024 X 1024 pixels. All images are held as 8-bit gray level scale images with 256 different gray levels (0-255) 

and physically in portable gray map (pgm) format. This study solely concerns the detection of masses in 

mammograms and, therefore, a total of 100 mammograms comprising normal, malignant and benign case were 

considered. Ground truth of location and size of masses is available inside the database. 

. 

2.2. Pre-processing 

The mammogram image for this study is taken from Mammography Image Analysis Society (MIAS), 

which is an UK research group organization related to the Breast cancer investigation [13]. As mammograms 

are difficult to interpret, preprocessing is necessary to improve the quality of image and make the feature 

extraction phase as an easier and reliable one. The calcification cluster/tumor is surrounded by breast tissue that 

masks the calcifications preventing accurate detection and shown in Figure.3. .A pre-processing; usually noise-

reducing step [14] is applied to improve image and calcification contrast figure 3. In this work the efficient filter 

(CLAHE) was applied to the image that maintained calcifications while suppressing unimportant image 

features. Figures 3 shows representative output image of the filter for a image cluster in figure 2. By comparing 

the two images, we observe background mammography structures are removed while calcifications are 

preserved. This simplifies the further tumor detection step. 

Contrast limited adaptive histogram equalization (CLAHE) method seeks to reduce the noise produced 

in homogeneous areas and was originally developed for medical imaging [15]. This method has been used for 

enhancement to remove the noise in the pre-processing of digital mammogram [16]. CLAHE operates on small 

regions in the image called tiles rather than the entire image. Each tile’s contrast is enhanced, so that the 

histogram of the output region approximately matches the uniform distribution or Rayleigh distribution or 

exponential distribution. Distribution is the desired histogram shape for the image tiles. The neighboring tiles 

are then combined using bilinear interpolation to eliminate artificially induced boundaries. The contrast, 
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especially in homogeneous areas, can be limited to avoid amplifying any noise that might be present in the 

image. The block diagram of pre-processing is shown in Figure 4. 

 

                   
 

                 Fig 2: ROI of a Benign           Fig 3: ROI after Pre-processing Operation 

 

 

 
 

Fig 4: Image pre-processing block diagram. 

 

2.3. Histogram Equalization 

Histogram equalization is a method in image processing of contrast adjustment using the image's 

histogram [17]. Through this adjustment, the intensities can be better distributed on the histogram. This allows 

for areas of lower local contrast to get better contrast. Histogram equalization accomplishes this by efficiently 

spreading out the most frequent intensity values. The method is useful in images with backgrounds and 

foregrounds that are both bright or both dark. In particular, the method can lead to better views of bone structure 

in x-ray images, and to better detail in photographs that are over or under-exposed. In mammogram images 

Histogram equalization is used to make contrast adjustment so that the image abnormalities will be better 

visible. 
† peipa.essex.ac.uk/info/mias.html 

 

3. Feature extraction 

Features, characteristics of the objects of interest, if selected carefully are representative of the 

maximum relevant information that the image has to offer for a complete characterization a lesion [18, 19]. 

Feature extraction methodologies analyze objects and images to extract the most prominent features that are 

representative of the various classes of objects. Features are used as inputs to classifiers that assign them to the 

class that they represent. 

In this Work intensity histogram features and Gray Level Co-Occurrence Matrix (GLCM) features are extracted. 

 

3.1 Intensity Histogram Features 

Intensity Histogram analysis has been extensively researched in the initial stages of development of this 

algorithm [18,20]. Prior studies have yielded the intensity histogram features like mean, variance, entropy etc. 

These are summarized in Table 1 Mean values characterize individual calcifications; Standard Deviations (SD) 

characterize the cluster. Table 2 summarizes the values for those features. 
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Table 1: Intensity histogram features 

 
In this paper, the value obtained from our work for different type of image is given as follows: 

 

Table 2:  Intensity histogram features and their values 

 
3.2 GLCM Features 

It is a statistical method that considers the spatial relationship of pixels is the gray-level co-occurrence 

matrix (GLCM), also known as the gray-level spatial dependence matrix [21,22]. By default, the spatial 

relationship is defined as the pixel of interest and the pixel to its immediate right (horizontally adjacent), but you 

can specify other spatial relationships between the two pixels. Each element (I, J) in the resultant GLCM is 

simply the sum of the number of times that the pixel with value I occurred in the specified spatial relationship to 

a pixel with value J in the input image. 

3.2.1 GLCM Construction  

GLCM is a matrix S that contains the relative frequencies with two pixels: one with gray level value i 

and the other with gray level j-separated by distance d at a certain angle θ occurring in the image. Given an 

image window W(x, y, c), for each discrete values of d and θ, the GLCM matrix S(i, j, d, θ) is defined as 

follows.  

An entry in the matrix S gives the number of times that gray level i is oriented with respect to gray 

level j such that W(x
1
, y

1
)=i and W(x

2
, y

2
)=j, then  

 

We use two different distances d={1, 2} and three different angles θ={0
°
, 45

°
, 90

°
}. Here, angle 

representation is taken in clock wise direction.  

Example  

Intensity matrix  
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The Following GLCM features were extracted in our research work: 

Autocorrelation, Contrast, Correlation, Cluster Prominence, Cluster Shade, Dissimilarity Energy, 

Entropy, Homogeneity, Maximum probability, Sum of squares, Sum average, Sum variance, Sum entropy, 

Difference variance, Difference entropy, information measure of correlation1, information measure of 

correlation2, Inverse difference normalized. Information difference normalized. The value obtained for the 

above features from our work for a typical image is given in the following table 3. 

Table 3: GLCM Features and values Extracted from Mammogram Image(Malignant) 

 

 

4. Feature subset selection 

Feature subset selection helps to reduce the feature space which improves the prediction accuracy and 

minimizes the computation time [23]. This is achieved by removing irrelevant, redundant and noisy features 

.i.e., it selects the subset of features that can achieve the best performance in terms of accuracy and computation 

time. It performs the Dimensionality reduction. 

Features are generally selected by search procedures. A number of search procedures have been 

proposed. Popularly used feature selection algorithms are Sequential forward Selection, Sequential Backward 

Selection, Genetic Algorithm and Particle Swarm Optimization, Branch and Bound feature optimization. In this 

work a new approach of Feature Selection based on Feature Correlation Networks is proposed to select the 

optimal features. The selected optimal features are considered for classification. The FSFCN search has been 

fully exploited to select the feature from mammogram which is one of the best techniques to optimize the 

features among many features. We have attempted to optimize the feature of GLCM and statistical features. 

 

4.1 FSFCN: Feature Selection based on Feature Correlation Networks 

The method for feature selection proposed in this paper, denoted by FSFCN, is based on the notion of 

feature correlation networks. A feature correlation network describes correlations between features in a dataset 

that are equal or higher than a specified threshold. To formally define feature correlation networks, we will 

assume that a dataset is composed of data instances having numeric features and a categorical class variable. 

The below stated definition of feature correlation networks can be adapted in a straightforward manner for other 

types of datasets (categorical features, a mix of categorical and numeric features, continuous target variable) by 

taking appropriate correlation measures. 
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Definition 1  (Feature Correlation Network). 

Let D be a dataset composed of data instances described by k real-valued features Definition  1  

(Feature Correlation Network). Let D be a dataset composed of  data  instances  described  by  k  real-valued  

features  f1, f2, . . . , fk   ∈  R  and  a categorical class variable c. Let Cf  : R×R → [−1, 1] denote a correlation 

measure applicable to features (e.g the Pearson or Spearman correlation coefficient) and let  Cc   be  a  

correlation  measure  applicable  to  a  feature  and  the  class  variable (e.g.  the mutual  information,  the  

Goodman-Kruskal  index,  etc.).  The  feature correlation  network  corresponding  to  D  is  an  undirected,  

weighted,  attributed graph G = (V, E) with the following properties: 

 

–  The set of nodes V  corresponds to the set of features (fi  ∈ V  for each i in[1 .. k]). 

–  Two features fi  and fj , i = j, are connected by an edge ei,j  in G, ei,j  ∈ E, if |Cf (fi, fj )| ≥ T , where 

T  is previously given threshold indicating a significant correlation between features. The weight of ei,j  is equal 

to |Cf (fi, fj )|. 

–  Each node in the network has a real-valued attribute reflecting its association with the class variable 

which is measured by Cc. 

The  features  in  D  can  be  ranked  according  to  the  Cc   measure  and  highly ranked features can 

be considered as the most relevant for training a classifier. 

 

Definition  2  (Subset  of Relevant Features). A subset Fr of the set of features F  is called relevant if 

(∀f  ∈  Fr) Cc(f) ≥  R  where R  denotes a threshold indicating a significant association between a feature and 

the class variable. 

 

Definition  3  (Pruned  Feature  Correlation  Network).  A  pruned  feature correlation  network  is  a  

feature  correlation  network  constructed  from  a  subset of relevant features. 

 

Our implementation of the FSFCN method for datasets with real-valued features  and  categorical  class  

variables  uses  pruned  feature  correlation  networks which  are  constructed  without  explicitly  stating  the  

threshold  T.  This means that  the  algorithm  for  constructing  pruned  correlation  networks  has  only  one 

parameter R separating relevant from irrelevant features. Additionally, the algorithm uses the Spearman 

correlation coefficient to determine correlations among relevant features (the Cf   measure), while correlations 

between relevant features and the class variable are quantified by their mutual information (the Cc measure). 

The mutual information between a real-valued feature f and the categorical class variable c, denoted by I(f, c), 

can be approximated by 

 

 
 

where  is  the  set  of  discrete  values  obtained  by  a  discretization  of  f,  p(x, y) is the joint 

probability distribution function of and c, and p(x) and p(y) are the marginal probability distribution functions 

of and c, respectively. I(f, c) equal  to  0  means  that  f  and  c  are  totally  unrelated.  A larger value of I(f, c) 

implies a stronger association between f  and c. 

The algorithm for constructing pruned correlation network consists of the following steps (see 

Algorithm 1): 

1.  The subset of relevant features Fr is determined using the mutual information measure.  Then,  the  

nodes  of  the  network  are  created  such  that  each node corresponds to one feature from Fr. 

2.  For  each  pair  of  relevant  features  fi   and  fj ,  the  algorithm  forms  a  list  L, 

where  elements  are  tuples  in  the  form  (fi, fj , Sij ),  where  Sij   denotes  the value of the Spearman 

correlation coefficient between features fi  and fj . 

3.  L  is  sorted  by  the  third  component  (Sij )  in  decreasing  order,  i.e.  the first element of the 

sorted list is the pair of features exhibiting the highest correlation, while the last element is the pair 

of features with the lowest correlation. 
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4.  In  the  last  step,  the  algorithm  forms  the  links  of  the  network  by  iterating  through  the  

sorted  list  L  beginning  from  the  first  element.  Let  ek   = (fi, fj , Sij )  denotes  the  element  

processed  in  the  k-th  iteration.  The algorithm forms a link lij   connecting fi and fj   with weight 

Sij . If the addition of  lij   results  in  a  connected  graph  (i.e.,  a  graph  that  has  exactly  one  

connected component or, equivalently, a graph in which there is path between each pair of nodes) 

then the algorithm stops, otherwise it goes to the next element in the sorted  list  and repeats the  

same procedure.  In other  words, the  algorithm  iteratively  builds  the  network  by  connecting  

features  having the highest correlation until the network becomes a connected graph. 

Consequently,  the  weight  of  the  last  added  link  determines  the  value  of  the threshold T 

The basic idea of the FSFCN method is to cluster a pruned feature correlation network in order to 

obtain cohesive groups of relevant features such that correlations between features within a group are stronger 

than correlations between features belonging to different groups. The FSFCN method leans on com- munity 

detection techniques to identify clusters in feature correlation networks. The development of community 

detection techniques started with Newman and Girvan [18] who introduced a measure called modularity to 

estimate the quality of a partition of a network into communities. The main idea behind the modularity measure 

is that a subgraph can be considered a community if the actual number of links connecting nodes within the 

subgraph is significantly higher than the expected number of links with respect to some null random graph 

model. In the case of weighted networks, modularity accumulates differences between the total weight of links 

within a community and the mathematical expectation of the previous quantity with respect to a random 

network having the same degree and link weight distribution [17]. 

Definition 4  (Modularity).  For weighted networks modularity Q is defined as 
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where nc  is the number of communities in the network, Wc  is the sum of weights of intra community 

links in c, Sc  is the total weight of links incident to nodes in c, and W  is the total weight of links in the 

network. Four different community detection algorithms provided by the  iGraph  library [24] are used to detect 

non-overlapping communities in feature correlation networks: 

 

1.  The Greedy Modularity Optimization (GMO) algorithm [25]. This algorithm relies on a greedy 

hierarchical agglomeration strategy to maximize modularity. The algorithm starts with the 

partitioning in which each node is assigned to a singleton cluster. In each iteration of the algorithm, 

the variation of modularity obtained by merging any two communities is computed. The merge 

operation that maximally increases (or minimally decreases) modularity is chosen and the merge of 

corresponding clusters is performed. 

2.  The Louvain algorithm [26]. This method is an improvement of the previous method. The algorithm 

uses a greedy multi-resolution strategy to maximize modularity starting from the partition in which 

all nodes are put in different communities. When modularity is optimized locally by moving nodes 

to neighboring clusters, the algorithm creates a network of communities and then repeats the same 

procedure on that network until a maximum of modularity is obtained. 

3.  The Walktrap algorithm [27]. This algorithm relies on a node distance mea- sure  reflecting  

probability  that  a  random  walker  moves  from  one  node  to another  node  in  exactly  k  steps  

(k  is  the  only  parameter  of  the  algorithm having  default  value  k  =  4).  The  clustering  

dendrogram  is  constructed  by Ward’s  agglomerative  clustering  technique  and  the  partition  

which  maxi- mizes modularity is taken as the output of the algorithm. 

  

4.  The Infomap algorithm [28]. This method reveals communities by optimally compressing 

descriptions of information flows on the network. The algorithm uses  a  greedy  strategy  to  

minimize  the  map  equation  which  reflects  the expected description length of a random walk on 

a partitioned network. 

 

Each of used community detection algorithms defines one concrete implementation instance (i.e. one 

variant) of the FSFCN method. 

The  final  step  in  the  FSFCN  method  is  the  selection  of  features  according to  obtained  

community  partitions  in  pruned  feature  correlation  networks.  The main idea is to select one or more 

features within each community such that: 

1.  selected features have a strong association with the class variable, and 

2. any two selected features belonging to the same community are not directly connected. 
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The procedure for forming the set of selected features is described in Algorithm 2. 

After  the  pruned  correlation  network  is  constructed  and  clustered,  the  FS- FCN method forms 

subgraphs of the network corresponding to identified com- munities where one subgraph is induced by nodes 

belonging to one community. For each of community subgraphs the following operations are performed: 

1.  A  feature  having  the  highest  association  with  the  class  variable  is  identi- fied  and  put  in  the  

set  of  selected  features.  Then,  it  is  removed  from  the community subgraph together with its neighbors. 

2.  The previous step is repeated while the community subgraph is not empty. 

In other words, for each of identified communities the FSFCN method selects one or more features 

which represent the whole community. The method also takes into account the size of communities – for larger 

communities a higher number of features is selected. Also, when a feature is added to the set of selected features 

its neighbors are removed from the community subgraph which implies that the set of  selected  features  will  

not  contain  features  having  a  high  mutual  correlation (otherwise,  such  two  features  would  be  directly  

connected  in  the  community subgraph). 

This search algorithm must give productive results in conjunction with better accuracy positively. The 

features selected by the method are given in table 4. 

Table 4: Feature selected by proposed method 
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5. Classification 

5.1 Preparation of Transactional Database: 

The selected features are organized in a database in the form of transactions [31], which in turn 

constitute the input for deriving association rules. The transactions are of the form 

[Image ID, F1; F2; :::; F11] where F1:::F11 are 11features extracted for a given image.  

 

5.2 Association Rule Mining: Discovering frequent item sets is the key process in association rule 

mining. 

 In order to perform data mining association rule algorithm, numerical attributes should be discretized 

first, i.e. continuous attribute values should be divided into multiple segments. Traditional association rule 

algorithms adopt an iterative method to discovery, which requires very large calculations and a complicated 

transaction process. Because of this, a new association rule algorithm is proposed in this paper. This new 

algorithm adopts a Boolean vector method to discovering frequent item sets. In general, the new association rule 

algorithm consists of four phases as follows: 

1. Transforming the transaction database into the Boolean matrix. 

2. Generating the set of frequent 1-itemsets L1. 

3. Pruning the Boolean matrix. 

4. Generating the set of frequent k-item sets Lk(k>1). 

The detailed algorithm, phase by phase, is presented below: 

 

1. Transforming the transaction database into the Boolean matrix: The mined transaction database is 

D, with D having m transactions and n items. Let T={T1,T2,…,Tm} be the set of transactions and 

I={I1,I2,…,In}be the set of items. We set up a Boolean matrix Am*n, which has m rows and n columns. 

Scanning the transaction database D, we use a binning procedure to convert each real valued feature into a set of 

binary features. The 0 to 1 range for each feature is uniformly divided into k bins, and each of k binary features 

record whether the feature lies within corresponding range. 

 

2. Generating the set of frequent 1-itemset L1: The Boolean matrix Am*n is scanned and support 

numbers of all items are computed. The support number Ij.supth of item Ij is the number of ‘1s’ in the jth 

column of the Boolean matrix Am*n. If Ij.supth is smaller than the minimum support number, itemset {Ij} is not 

a frequent 1-itemset and the jth column of the Boolean matrix Am*n will be deleted from Am*n. Otherwise 

itemset {Ij} is the frequent 1-itemset and is added to the set of frequent 1-itemset L1. The sum of the element 

values of each row is recomputed, and the rows whose sum of element values is smaller than 2 are deleted from 

this matrix. 
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3. Pruning the Boolean matrix: Pruning the Boolean matrix means deleting some rows and columns 

from it. First, the column of the Boolean matrix is pruned according to Proposition 2. This is described in detail 

as: Let I• be the set of all items in the frequent set LK-1, where k>2. Compute all |LK-1(j)| where j belongs to 

I2, and delete the column of correspondence item j if |LK – 1(j)| is smaller than k – 1. Second, re-compute the 

sum of the element values in each row in the Boolean matrix. The rows of the Boolean matrix whose sum of 

element values is smaller than k are deleted from this matrix. 

4. Generating the set of frequent k-itemsets Lk: Frequent k-item sets are discovered only by “and” 

relational calculus, which is carried out for the k-vectors combination. If the Boolean matrix Ap*q has q 

columns where 2 < q £ n and minsupth £ p £ m, k q c, combinations of k-vectors will be produced. The ‘and’ 

relational calculus is for each combination of k-vectors. If the sum of element values in the “and” calculation 

result is not smaller than the minimum support number minsupth, the k-itemsets corresponding to this 

combination of kvectors are the frequent k-itemsets and are added to the set of frequent k-itemsets Lk. 

 

6. Experimental results 

In this paper we used association rule mining using image contents for the classification of mammograms. The 

average accuracy is 97.67 %. We have used the precision and recall measures as the evaluation metric for 

mammogram classification. Precision is the fraction of the number of true positive predictions divided by the 

total number of true positives in the set. Recall is the total number of predictions divided by the total number of 

true positives in the set. The testing result using the selected features is given in table 5. The selected features 

are used for classification. For classification of samples, we have employed the freely available Machine 

Learning package, WEKA [32]. Out of 322 images in the dataset, 208 were used for training and the remaining 

114 for testing purposes. 

Table 5: Results obtained by proposed method 

Normal 98.08% 

Malignant 96.07% 

Benign 100% 

 

The confusion matrix has been obtained from the testing part .In this case for example out of 97 actual 

malignant images 07 images was classified as normal. In case of benign and normal all images are correctly 

classified. The confusion matrix is given in Table 8. 

Table 6: Confusion matrix 

Actual Predicted class   

Benign Malignant Normal 

Benign 62 0 0 

 

Malignant 51 48 03 

 

Normal 209 04 205 

 

 

The following graph shows the comparative analysis of our method and various other methods. 
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Fig 5: Performance of the Classifier 

7. Conclusion 

Mammography is one of the primary methods to detect breast cancer, but in some cases radiologists 

find difficulty in diagnosing the tumors. We have described a comparatively suitable method for the specific 

application in detection of micro calcifications in mammogram images. In this paper, a new method for 

association rule mining is proposed. The main positive impact of this method are that it only scans the 

transaction database once, it does not produce candidate jtemsets, and it adopts the Boolean vector “relational 

calculus” to discover frequent itemsets. In addition, it stores all transaction data in binary form, so it needs less 

memory space and can be applied to mining large databases. 

 Although till date a few better progress has been achieved, there are still challenges and directions for 

future research, such as, developing better preprocessing, enhancement and segmentation techniques; designing 

better feature extraction, selection and classification algorithms; integration of classifiers to reduce both false 

positives and false negatives; employing high resolution mammograms and investigating 3D mammograms. 

Mammogram image analysis society database is a standard test set but defining different standard test set 

(database) and better evaluation criteria are still very important. With some rigorous evaluations, and objective 

and fair comparison could determine the relative merit of competing algorithms and facilitate the development 

of better and robust systems. The methods like one presented in this paper could assist the radiologists and 

improve the accuracy of detection. This proposed method can reduce the computation cost of mammogram 

image analysis and time complexity. The algorithm uses simple statistical techniques in collaboration with a 

standard and efficient feature selection technique for mammogram image analysis. The value of this technique is 

that it not only tackles the measurement problem but also provides a visualization of the relation among 

features. In addition to ease of use, this approach effectively addresses the feature redundancy problem. The 

method proposed has been proven that it is easier and it requires less computing time than many existing 

methods. 
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