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 Feature selection among various textural features of the cervical cell nuclei is an 
important optimisation problem in the perspective of supervised pattern classification. 
This paper, propose a method to select the optimal combinational features for the 
classification of cervical cancer cells using Support Vector Machine. And also, to prove 
the basic need of many image classification tasks such as good features for 
classification purpose. Various stages of processing are undergone such as pre-
processing for noise removal, nuclei segmentation, feature extraction, classification and 
feature selection. Since, the textural analysis of the nucleus structure plays an important 
strategy for the classification among the cell, the densitometry features of nuclei such as 
Energy, Entropy, Contrast, Correlation, Cluster Shade, and Cluster Prominence is being 
utilized. In classification phase, optimal features are selected from the textural features 
of nuclei which is been used as the inputs for the Support Vector Machine. It is also 
proved that the optimal feature combination produces the minimum classification error. 
The classification performance of the SVM was experimented with original 
combinational feature that results within 90%. In a while, the accuracy is improved by 
using the feature vector that comprises Energy, Entropy and Correlation features of 
nucleus. The result shows that the combination Energy with Entropy, Energy with 
Correlation and Energy with Contrast gives better classification accuracy of 100% 
while using SVM 
 
 

© 2014 AENSI Publisher All rights reserved. 
To Cite This Article: B. Savitha, Dr.P. Subashini, Dr.M. Krishnaveni, Selection of Optimal combinational features for identification of 
Cervical Cancer cells using Support Vector Machine. Aust. J. Basic & Appl. Sci., 8(1): 583-589, 2014 

 
INTRODUCTION 

 
Worldwide, cervical cancer is the second most common cancer in women. The feature extraction process 

used in cytology aims to exploit information from segmented Pap smear images. In real life situations, 
Cytologist looks through the microscope and makes a diagnosis probably using an unconscious process based 
on pattern recognition. Consequently, in practice it is relatively difficult to extract and formulate the expert 
knowledge used by a cytologist during diagnosis (R. Manavalan and K. Thangavel, 2011). The difficulty in 
diagnosis is to map the morphometric quantitative descriptions measured to the known qualitative pathological 
entities. In order to address this problem, the application of machine learning techniques such as Support Vector 
Machine seems to provide a solution to the above situation and constitutes a new promising field in diagnostic 
cytology.   

The extraction of cell nuclei ‘hidden’ biological information in the form of quantitative nuclei attributes 
could provide an objective index for assessing cancer malignancy characteristics. Although the diagnostic and 
prognostic value of these features has already been mentioned, no attempt has been made to investigate the 
potential of such features to address the problem of predicting cervical cancer cell recurrence. In the present 
study our aim is to select the optimal combinational features by incorporating the useful information of nuclear 
characteristics, and the efficient processing of the Support Vector Machine in handling the problem of 
predicting cervical cancer recurrence. For this, a sample of 22 textural nuclear features was evaluated. 

The paper is structured as follows, the methodology to extract the cervical cell nuclei features is detailed in 
the section 2, section 3 discusses the selection of optimal features using SVM, section 4 discusses the 
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experimental results for the taken image dataset and section 5 gives the conclusion and followed by references 
used. 
 
2. Methodology To Extract Cervical Cancer Cell Features: 

The block diagram of the proposed methodology for selection of optimal combinational features for 
cervical cancer cell classification contains various stages as shown in Figure.1 
 
2.1 Pre-Processing:  

Computerized medical images like Pap smear images requires the pre-processing phase, because noises like 
uneven lighting, poor contrast and blur  gets added up to the microscopic cell images during  the specimen 
preparation and while capturing the pap smeared specimen using the Microscopic Digital camera.        
Therefore, standard pre-processing of the images was already experimented in the previous work (B.Savitha and 
P.Subashini, 2013) with the same dataset, and found that the Adaptive Wiener Filter (Wiener Filter) is the best 
filter to restore the Pap smear image which is corrupted by Poison noise. In this paper, the same is been 
proposed for this research work. 

 
 
 
 
 
wiener filter 
 
 
 
 
 
 

2.1.1 Adaptive Wiener Filter: 
For the given input Pap images, the noise power, local mean and variance around each pixel is calculated. 

From the experiment it is found that, the wiener filter performs little smoothing when the variance calculated 
from the given image is large unless it performs more smoothing.  

The mean and variance is calculated by using the equation (1) & (2) 

   𝜇𝜇 =
1
𝑁𝑁𝑁𝑁

� 𝑎𝑎(𝑛𝑛1,𝑛𝑛2)
𝑛𝑛1,𝑛𝑛2∈ ƞ

                … … … … … … … … … … … (1) 

𝜎𝜎2 =
1
𝑁𝑁𝑁𝑁

� 𝑎𝑎2

𝑛𝑛1,𝑛𝑛2∈ ƞ

�𝑛𝑛1,𝑛𝑛2� − 𝜇𝜇2     … . . … … … … … … … … …  (2) 

where, 𝜇𝜇 is the mean and 𝜎𝜎2 is the variance and  ƞ is the N-by-M local neighborhood of each pixel in the 
image. 
 
2.2 Segmentation: 

In this paper, the segmentation is to segment each nucleus from its surrounding cytoplasm using the 
threshold value based segmentation method. For the determination of the best segmentation method, already a 
comparison experiment has been done in the previous work (B.Savitha and P.Subashini, 2013) with the same 
dataset, and found that the sure shrink method gives better threshold value than others. Explanation of the 
experimentation is given in 2.2.1. 
 
2.2.1 Finding Threshold Using Sure Shrink Method: 

Using sure shrink, a separate threshold is computed for each sub band. For the given denoised pap smear 
image, it computes the value that minimizes Stein’s Unbiased Risk Estimator,  the size of the image and noise 
variances to calculate the sure shrink threshold by using the soft thresholding rule. 

The sure shrink threshold (B.Savitha and P.Subashini, 2013) is calculated by using the equation (3) 
                        𝑡𝑡∗ = min�𝑡𝑡,𝜎𝜎�2𝑙𝑙𝑙𝑙𝑙𝑙𝑛𝑛�               … … . . … … …   (3) 

where, t is the value that minimize Stein’s Unbiased Risk Estimator , 𝜎𝜎 is the noise variance, n is the size of 
the images and 𝑡𝑡∗ is the sure shrink threshold. 
 
2.3 Feature Extraction: 

Nuclei region is resulted from segmentation process. The exact separation of the true nuclei regions from 
the total segmented regions requires the creation of meaningful features of very good discriminative ability 
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(Marina E. Plissiti et al., 2011). Having found the areas of the nuclei enclosed by the detected boundaries, 
features concerning the shape, the texture and the intensity of the detected regions can be easily determined. In 
this work, Gray-Level Co-occurrence Matrices features such as Energy, Entropy, Correlation, Cluster Shade, 
Cluster Prominence and Inverse Difference Moment are extracted to feed into the Support Vector Machine. 
 
2.3.1 Gray-Level Co-Occurrence Matrices (Glcm): 

GLCM is a commonly used method for medical image analysis. This method provides information 
regarding the relative position of two pixels with respect to each other. To identify texture in Pap smear image, 
modeling texture as a two dimensional array gray level variation. This array is called Gray Level co-occurrence 
matrix. GLCM features are calculated for direction 00 and distance d=1. Six statistical measures such as Energy, 
Entropy, Correlation, Contrast, Cluster Shade and Cluster Prominence are computed based on GLCM. Table 1 
provides explanation and equation for six features. 
 
Table 1: List of GLCM features with formula 

Features Description Formula 
Energy(Angular Second-
Moment) 

The angular second-moment is a measure of 
homogeneity of the nuclei image −� 𝑝𝑝(𝑖𝑖, 𝑗𝑗)2

𝐺𝐺−1

𝑖𝑖,𝑗𝑗=0
 

Entropy Entropy is a feature which measures the 
randomness of gray-level distribution −� 𝑝𝑝(𝑖𝑖, 𝑗𝑗)log(𝑝𝑝(𝑖𝑖, 𝑗𝑗))

𝐺𝐺−1

𝑖𝑖,𝑗𝑗=0
 

Correlation The correlation is a measure of linearity in the 
nuclei image � 𝑝𝑝(𝑖𝑖, 𝑗𝑗)(𝑖𝑖 − 𝜇𝜇𝑖𝑖)

𝐺𝐺−1

𝑖𝑖,𝑗𝑗=0
(𝑗𝑗 − 𝜇𝜇𝑗𝑗 )/𝜎𝜎𝑖𝑖  

Contrast The contrast is a measure of the amount of local 
variations present in the image. �((𝑖𝑖 − 𝜇𝜇𝑖𝑖) + (𝑗𝑗 − 𝜇𝜇𝑗𝑗 ))3𝐶𝐶(𝑖𝑖, 𝑗𝑗)

𝑖𝑖 ,𝑗𝑗

 

Cluster Prominence Cluster Prominence is measures of the skewness 
of the matrix. 

�((𝑖𝑖 − 𝜇𝜇𝑖𝑖) + (𝑗𝑗 − 𝜇𝜇𝑗𝑗 ))4𝐶𝐶(𝑖𝑖, 𝑗𝑗)
𝑖𝑖 ,𝑗𝑗

 

Cluster Shade Cluster shade is measures of the skewness of the 
matrix. When cluster shade and cluster 
prominence are high, the image is not 
symmetric. 

�
1

1 + (𝑖𝑖 − 𝑗𝑗)2
𝑖𝑖 ,𝑗𝑗

𝐶𝐶(𝑖𝑖, 𝑗𝑗) 

 
3. Selection Of Optimal Features: 

A significant part of any classification process involves evaluating and optimizing the feature space which 
is used. It is essential that all features used should increase the separability between different samples (Meng 
Liang, 2012). In this research work, among the various texture features of nuclei an optimal feature is selected 
using the Support Vector Machine. 
 
3.1 Feature Selection Using Svm: 

The prognosis of cervical cancer was seen as a two-class classification problem separating those cells which 
experienced cancer reappearance from those which are known to have been cancer free. Support vector 
machines use the training data to create the optimal separating hyperplane between the classes. The optimal 
hyperplane maximizes the margin of the closest data points. A good separation is achieved by the hyperplane 
that has the largest distance to the nearest training features of any class.  

For this purpose, a Support vector Machine was designed. In this proposed methodology, a sample of 15 
normal and 7 abnormal cell nuclei’s features marked by the experts are taken for training the classifier. Then, 
each nucleus is tested by using SVM classifier with the linear kernel function.  In additional, each instance in the 
training set contains one target values (1 or -1) and several attributes. With a goal of producing a model which 
predicts target value of data instances in the testing set which are given only the attributes. Classification in 
SVM is an example of Supervised Learning (Shintaro Eday and Tetsuya Shimamura, 2007). As a result,              
the known label helps to indicate whether the system is performing in a right way or not.  
 
4. Experimental Results: 

This section details the results of automatic classification on cervical cancer cells using GLCM features and 
SVM classifier. 
 
4.1 Pre-Processing: 

The objective of the pre-processing is to improve the quality of the image. At the beginning of the testing, 
sample of 15 Pap smear images were loaded. The Pap smear image was in RGB format. The RGB image was 
converted to gray scale image using RGB to GRAY function. Then, the 15 gray scale images were given as 
input to the filters in order to remove the noise. From the result, it is found that for the wiener filter, the PSNR 
value was high for 12 images and MSE value is low for 13 images. 
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Fig. 2: Subjective and Objective comparison results of wiener filter, Lucy- Richardson and Regularized filter. 
 
4.2 Segmentation of Nuclei: 

In this paper, the nuclei region alone was segmented from the background using threshold value based 
segmentation, which takes the threshold value from various shrinkage methods. From the result, it is found that 
the threshold value from sure shrink method segments the nuclei region more perfectly than other shrinkage 
methods in terms of lower threshold value. Because, the loss of information will be less if the threshold value is 
small. 

 

 
Fig. 3: Subjective and Objective comparison results of Visu Shrink, Bayes Shrink and Sure Shrink in 

combination with Adaptive wiener filter. 
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4.3 Gray-Level Co-occurrence Matrices (GLCM): 

For the given sample input nuclei images, the GLCM features like Energy, Entropy, Contrast, Correlation, 
Cluster Shade, and Cluster Prominence is being calculated from four different directions. The GLCMs are stored 
in a i x j x n matrix, where n is the number of GLCMs calculated usually due to the different orientation and 
displacements. And, the values i and j are equal to 'NumLevels' parameter of the GLCM computing function 
graycomatrix().  
 
Table 2: Feature Vectors of cell Nuclei Images 

Images  Image Class Energy Entropy Correlation Contrast Cluster shade Cluster 
prominence 

1 Normal 5.992 
   

- 
 

 

9.866 9.699 1.035 8.652 1.142 
2 Normal 6.322 9.84 9.758 1.407 -1.526 2.067 
3 Normal 6.859 9.839 9.796 9.734 -1.214 1.61 
4 Normal 1.968 9.961 9.491 4.775 -2.298 2.996 
5 Normal 4.112 9.914 9.573 7.628 -4.281 5.486 
6 Normal 2.535 9.949 9.583 4.761 -2.767 3.578 
7 Normal 5.643 9.87 9.747 9.471 -9.567 1.273 
8 Normal 9.35 9.758 9.847 1.134 -1.928 2.589 
9 Normal 9.777 9.75 9.811 1.506 -2.048 2.737 
10 Normal 1.264 9.658 9.842 1.633 -2.671 3.586 
11 Normal 2.544 9.947 9.746 3.503 -3.441 4.511 
12 Normal 1.666 9.968 9.113 3.715 -8.716 1.018 
13 Normal 7.877 9.796 9.892 7.277 -1.762 2.378 
14 Normal 9.109 9.762 9.869 1.073 -2.133 2.868 
15 Abnormal 1.212 9.671 9.856 1.513 -2.73 3.668 
16 Abnormal 6.456 6.254 9.304 1.195 -2.492 3.029 
17 Abnormal 3.957 8.351 9.911 6.289 -1.629 2.094 
18 Abnormal 7.108 5.959 8.944 1.897 -2.391 2.927 
19 Abnormal 3.426 8.731 9.961 1.913 -1.204 1.569 
20 Abnormal 9.446 5.764 9.977 3.647 -2.333 2.813 
21 Abnormal 

3.519 8.82 
 

8.82 9.948 2.037 -9.5 1.233 

22 Abnormal 3.657 8.654 9.948 2.672 -1.239 1.612 
 
4.4 Selection of Optimal features based on accuracy: 

The very fast and direct training of the SVM enable to perform an exhaustive search on feature space and 
select the optimized feature combination that produced the minimum classification error. For each feature 
combination the classifier performance was tested by means of the confusion matrix.  
 
Table 3: Number of cases correctly classified with Textural Feature combination of Normal cells 

 Energy Entropy Correlation Contrast Cluster Shade Cluster Prominence 
Energy - 15 15 15 12 13 
Entropy 15 - 12 7 12 6 
Correlation 15 12 - 4 3 4 
Contrast 15 7 4 - 11 12 
Cluster Shade 12 12 3 11 - 11 
Cluster 
Prominence 

13 6 4 12 11 - 

 
Table 4: Number of cases correctly classified with various Textural Feature combination of abnormal cells 

 Energy Entropy Correlation Contrast Cluster Shade Cluster Prominence 
Energy - 7 7 7 6 7 
Entropy 7 - 1 7 1 7 
Correlation 7 1 - 6 6 6 
Contrast 7 7 6 - 3 4 
Cluster Shade 6 1 6 3 - 3 
Cluster 
Prominence 

7 7 6 4 3 - 

 
Table 3 and Table 4 explains that for the sample of 15 normal and 7 abnormal cervical cells, textural 

features such as Energy, Entropy, Contrast, Correlation, Cluster Shade, and Cluster Prominence was extracted 
and given as input to the SVM. By experimentation it is  found, the optimized feature vector combination for 
separating cervical cell into two predictive groups, according to cells textural reappearance was three features 
namely Energy, Entropy and correlation. Since, its optimal combinational feature the classifier gives 100% 
accuracy for cervical cells. Whereas, for the original features the classification rates range lies between 40% -
90% only and it is shown in Figure.5 
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Fig. 5: Classification accuracy for all the Combinational Features 

 
4.5 Classification accuracy using Confusion matrix: 

A confusion matrix is a table layout to visualize the performance of the proposed algorithm. It contains the 
information about actual and predicted classifications. In confusion matrix (Meng Liang, 2012), each column of 
the matrix represents a predicted class, whereas each row represents the actual class. The Table 5 illustrate a 
confusion matrix which a is the number of the correct prediction with negative, b is the number of incorrect 
prediction with positive, c is the number of incorrect prediction with negative and d is the number of correct 
prediction with negative. Table.6 illustrates a confusion matrix of the proposed optimal combinational features. 

 
Table 5: Confusion Matrix 

 
 

Predicted Class 
Negative Positive 

Actual Class Negative a b 
Positive c d 

    

 
 
Table 6: Classification accuracy for the proposed optimal combination features 
 
Conclusion: 

In this research work, the selection of optimal combinational features for the identification of cervical 
cancer cells has been done using SVM. And, before selecting the proposed textural features, irrelevant 
information’s are removed from the pap smeared cervical images. Firstly, as compared to Lucy Richardson filter 
and Regularized filter, the wiener filter performs better for noise filtering in terms of higher PSNR value. 
Secondly, with the smaller threshold value the sure shrinks in combination with adaptive wiener filter segments 
the nuclei region with no loss of information. Followed by, six textural features of the nuclei were extracted 
using GLCM. The result shows that the combination of features such as Energy with Entropy, Energy with 
Correlation and Energy with Contrast gives better classification accuracy of 100% when compared to the 
original features that are used for classification of nuclei.  
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