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ABSTRACT 

Classification of medical imagery is a difficult and challenging process due to the intricacy of the images and lack 

of models of the anatomy that totally captures the probable distortions in each structure. Cervical cancer is one of the major 

causes of death among other types of the cancers in women worldwide. Proper and timely diagnosis can prevent the life to 

some level. Consequently we have proposed an automated trustworthy system for the diagnosis of the cervical cancer using 

texture features and machine learning algorithm in Pap smear images , it is very beneficial to prevent cancer, also increases 

the reliability of the diagnosis. Proposed system is a multi-stage system for cell nucleus extraction and cancer diagnosis. 

First, noise removal is performed in the preprocessing step on the Pap smear images. Texture features are extracted from 

these noise free Pap smear images. Next phase of the proposed system is classification that is based on these extracted 
features, RBF and kernel based SVM classification is used. More than λ4% accuracy is achieved by the classification 

phase, proved that the proposed algorithm accuracy is good at detecting the cancer in the Pap smear images. 

 

Keywords: cervical cancer, feature extraction, classification. 

 

1. INTRODUCTION 

Cervical cancer is one of the decisive reasons of 

cancer death in females worldwide. The Pap smear is the 

great active screening test used to perceive the cervical 

pre-cancerous and cancerous variations in a experimental 

of cervical cells based on the shape variations of the nuclei 

and cytoplasm [1-3]. Pap test has severely altered the 

prediction of women with cervical cancer as it has 

revealed its ability to detect 95% of the cancers of the 

vaginal neck. Cervical cancer can be prevented if it is 

perceived and treated early [4]. Pap smear test is a 

physical screening process used to identify cervical cancer 

or precancerous changes in a uterine cervix by grading 

cervical cells based on color, shape and texture properties 

of their nuclei and cytoplasms. A computer-assisted 

screening structure for Pap smear tests will be exact 

helpful to prevent cervical cancer if it increases the 

reliability of the diagnosis[5]. Papanicolaon (PAP) Smear 

Screening Test is the most common form of diagnosis for 

detecting cervical cancer in its early stages. Cervical 

cancer is a disease that occurs when cells in the cervix area 

instigate to produce out of controller and attack nearby 

tissues or feast throughout the body. Cancer or tumor can 

be divided into two groups i.e. benign and malignant. 

Benign, that does not attack and abolish the tissue in 

which it originates or spread to aloof sites in the body 

(non-cancerous tumor) while malignant, that attacks and 

abolishes the tissue in which it invents and can feast to 

other sites in the body via blood-stream and lymphatic 

system (cancerous tumor) [6-8]. 

Medical image processing system has lead to an 

increasing important and evolving role for image 

processing and computer-aided diagnosis (CAD) systems 

in numerous clinical applications. Cervical cancer is the 

second most common cancer affecting women worldwide 

and the leading cause of cancer mortality in developing 

countries. It can be cured in almost all patients, if detected 

early and treated adequately. An automated image analysis 

system of uterine cervical images analyzes and extracts 

diagnostic features in cervical images and can assist the 

physician with a suggested clinical diagnosis. Such a 

system could be integrated with a medical screening 

device to allow screening for cervical cancer by non-

medical personnel [9-10]. 

Image segmentation is a serious component of 

image recognition and analysis system. It plays a 

significant role in biomedical imaging applications such as 

the inventory of tissue volumes diagnosis, localization of 

pathology analysis of anatomical structure, treatment 

planning, partial volume upgrading of practical imaging 

data, and computer integrated surgery [11-12]. Medical 

Image segmentation is to partition the image into a set of 

regions that are visually obvious and consistent with 

respect to some properties such as gray level, texture or 

color.  On the other hand, feature extraction is one of the 

most important methods for capturing visual content of an 

image. To facilitate decision making such as pattern 

classification, feature extraction is used as the process to 

represent the raw image in its reduced form. This approach 

combines the intensity, texture, shape based features and 

classifies the tumor as white matter, gray matter, CSF, 

abnormal and normal area. The various methods such as 

multi texton histogram (MTH), principal component 

analysis (PCA) Texton co-occurrence matrix and linear 

discriminant analysis (LDA) are used for reducing the 
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number of features [13]. The MTH is a feature extractor 

and a descriptor to retrieve the content image which 

integrates the advantages of representing the attribute of 

the co-occurrence matrix using histograms [14]. This 

descriptor analyzes the spatial correlation between 

neighboring color and edge orientation based on four 

special texton types [15]. 

The feature extraction plays an important role in 

cervical cancer classification process, whose effectiveness 

depends upon the method adopted for extracting features 

from given images. The visual content descriptors are 

either global or local. A global descriptor represents the 

visual features of the whole image; whereas a local 

descriptor represents the visual features of regions or 

objects to describe the image. These are arranged as 

multidimensional feature vectors and construct the feature 

database. For similarity distance measurement many 

methods have been developed like Euclidean distance 

(L2), L1 distance etc.  Selection of feature descriptors and 

similarity distance measures affect performances of an 

Cervical cancer classification system significantly [16]. In 

this research article, we have developed a cervical cancer 

detection system that is able to detect and categorized 

cervical cells into normal and cancerous cells based on 

texture features and machine learning method. The rest of 

the paper is organized as follows: Our proposed technique 

is presented in section 2. The detailed experimental results 

and discussions are given in section 3, while the 

conclusion is summarized in section 4. 

 

2. PROPOSED CERVICAL CANCER  

    CLASSIFICATION SYSTEM 

Classification of medical imagery is a knotty and 

challenging process due to the intricacy of the images and 

lack of models of the anatomy that completely captures the 

possible deformations in each structure. Cervical cancer is 

the supreme common malignancy in women in the 

emerging countries. Cervical cancer grows over a 

protracted period covering two to three decades. Cervical 

cancer is the most common form of cancer in women 

under 35 years of age and the second most commonly 

occurring cancer in women of all ages, worldwide [17].  In 

our proposed, cervical cancer classification systems 

consists of preprocessing, segmentation, feature extraction 

and feature classification. In feature extraction, multiple 

features are used to determine the relevance of normal and 

abnormal images. In this scenario, it is essential to 

minimize all the features distances that are determined 

between the cancer image and the non cancerous images. 

To perform the classification stage efficiently, an effective 

classification algorithm is required. In this research work, 

we exploit the proposed hybrid algorithm in the 

classification stage to ensure the classification 

performance. Our proposed method consists of three 

phases namely, Cervical Cell Nucleus Detection, feature 

extraction and classification. In this paper, Cervical Cell 

Nucleus Detection is done by using pre-processing and 

segmentation process. In pre-processing, anisotropic filter 

is applied to remove the noise and enhance the image for 

the cell Nucleus detection process.  

 

2.1. Cervical cell nucleus detection 

 It is the crucial stage in the entire process. Pre-

processing and segmentation process are the steps to the 

tumor region identification stage. Preprocessing on the 

input image is extremely essential, so that the image gets 

altered to be related to the further processing. In this 

paper, experimental images cannot be given directly the 

segmentation process. The input image is passed through 

an anisotropic filter which diminishes the noise and 

enhances the image quality. Anisotropic filter is used for 

reducing image noise without removing significant parts 

of the image content, particularly the edges, lines or other 

details that are important for the interpretation of the 

image [18]. The proposed cervical cell nucleus detection 

process consists of three stages such as 

 

a) Image binarization using thresholding. 

b) Sharpening the region using morphological 

operations. 

c) Nucleus region identification 

 

2.1.1 Original image is convert into a binary image by  

         thresholding 

Initially, the input image is transformed into a 

binary image. An image of up to 256 gray levels is 

translated to a black and white image using the threshold 

value. The gray level value of every pixel in the improved 

image is considered at this stage. All the pixels with values 

above the threshold are set as white and the remaining 

pixels are set as black in the image during the binarization 

process. In this paper, the threshold value is selected based 

on the contrast of the image as given in equation (1). 

 

Binarized 

Image,



 


Otherwise

ThresholdykBif
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grey

Binary
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2.1.2 Sharpening the region using Morphological  

         operation 

After transforming into binary images, the 

morphological process is applied for sharpening the 

regions and filling the gaps. The main processes of the 

morphological operations are opening, closing, erosion 

and dilation. In this paper, erosion operation is applied for 

removing the hurdle, noise and enhances the image.  

Erosion: In the erosion operation on an image 

F  having labels 0 and 1 with structuring element Y , the 

value of pixel i  in F  is changed from 1 to 0, if the result 

of convolving Y  with F , centered at i , is below some 

predefined value. We have set this value to be the area 

ofY , which is principally the number of pixels that are 1 

in the structuring element itself. The structuring element, 
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also known as the erosion kernel, finds out the details of 

how particular erosion thins boundaries as given in 

equation (2). 

 

( , )IE imerode F Y
                                                  (2) 

 

2.1.3 Nucleus area identification 

After the morphological operation, the Nucleus 

regions are identified via a regionprops algorithm. The 

regions of the Nucleus are marked out based on their area 

properties. The regionprops algorithm measures the 

properties of image regions. Using the actual number of 

pixels in the region, the Nucleus region’s area is 
segmented. This value is slightly different from the value 

returned by bwarea, which weights diverse patterns of 

pixels in a different way. The regionprops calculates the 

area by measuring the distance between each neighboring 

pair of pixels around the border of the region. After the 

segmentation process is completed, we get the segmented 

nucleus from its surrounding cytoplasm. But the results 

were somewhat light portioning of the nucleus. For this 

reason, authors have gone for the enhancement process to 

enhance or increase the contrast of the nucleus. 

 

2.2 Feature extraction process 

 The process of extracting the features of the high 

contrast image sequence in a temporal frame with gray 

scale reference information for text block detection in both 

horizontal and vertical edge scanning of adjacent text 

block in a multi-resolution fashion are considered as 

feature extraction. It extracts information grounded on 

maximum gradient difference. The purpose of feature 

extraction is to reduce the original data set by measuring 

certain properties, or features, that distinguish one input 

pattern from another pattern. The extracted feature is 

expected to provide the characteristics of the input type to 

the classifier by considering the description of the relevant 
properties of the image into a feature space. The proposed 

method feature extraction process consists of five steps 

such as 

 

 Computation of Feature Vector F(V1) using LoG  

 Computation of Feature Vector F(V2) using GLCM  

 Computation of Feature Vector F(V3) using DGTF 

 Computation of Feature Vector F(V4 using RICGF 

 Concatenation of four feature vector 

2.2.1 Laplacian of Gaussian (LoG) 

LoG filters at Gaussian widths of 0.25, 0.50, 1, 

and 2 are considered. These values are convoluted with the 

input image. Sixteen features are retrieved by calculating 

mean, standard deviation, skewness, autocorrelation, 

busyness, coarseness and kurtosis for the LoG filter output 

in the SROI region. 

Mean: The mean (m) is defined as the sum of the 

intensity values of pixels divided by the number of pixels 

in the SROI of an image. 

Standard deviation: It shows how much 

variation or exists from the expected value i.e., the mean. 

The data points tend to be very close to the mean results 

low standard deviation and the data points are spread out 

over a large range of values results high standard 

deviation. 

Skewness: It is a measure of the asymmetry of 

the data around the sample mean. If the value is negative, 

the data are spread out more to the left of meaner than to 

the right. If the value is positive, the data are spread out 

more to the right. The sickness of the normal distribution 

(or any perfectly symmetric distribution) is zero. The 

skewness of a distribution is defined as given in equation 

(3). 

 

Y=E(x-µ)
3/σ3  

                                                                  (3) 
 

Where µ  is the mean of x, σ is the standard deviation of x, 

and E(t) represents the expected value of the quantity t. 

Autocorrelation: It is used to evaluate the 

quantity of promptness as well as the excellence of the 

texture present in the image, denoted as f (δi, δj). For a n x 

m image is defined as follows and it was given in equation 

(4). 
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                (4) 

 

Here 1 ≤ δi ≤ n and 1 ≤ δj ≤ m. δi and δj represent a shift 

on rows and columns, respectively. 

Kurtosis: The forth central moment gives 

kurtosis. It gives the measure of closeness of an intensity 

distribution to the normal Gaussian shape as given in 

equation (5). 

 

               (5) 

 

Coarseness: The Coarseness is calculated based 

on the Shape. This value is not equal to zero then the 

segmented area has been affected by the tumor, otherwise 

the tumor does not affect the segmented area. It is the 

average number of maxima in the auto correlated images 

and original images.  The coarseness (Cs) is calculated as 

follows and it was given in equation (6).  
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           (6) 

 

Busyness: It is calculated based on connectivity, 

how much the pixels are connected is calculated that is 

above 5 then the segmented area has a tumor. The 

business' value is below 5 the segmented area does not 

have a tumor. The Busyness value is depending on 

Coarseness. If the value of Coarseness is high, the It is 

related to coarseness in the reverse order, that is when the 

business is low and it was given in equation (7).    

 

1

1s sB C                                                                     (7) 

 

2.2.2 Computation of Feature Vector F(V2) using  

         GLCM  

Gray-level-based features: features based on the 

differences between the gray-level in the candidate pixel 

and a statistical value representative of its surroundings. It 

contains the second-order statistical information of 

neighboring pixels of an image. It is estimated of a joint 

probability density function (PDF) of gray level pairs in an 

image [19]. 

It can be expressed in the following equation (8) 

 

 ( , ) , 0,1,2,... 1P i j i j N                          (8) 

 

Where i, j indicate the gray level of two pixels, N 

is the gray image dimensions,  is the position relation of 

two pixels. Different values of  decides the distance and 
direction of two pixels .Normally Distance (D) is 1,2 and 

Direction (θ) is 00, 450, 900, 1350 are used for calculation 

[20]. 

Texture features can be extracted from gray level 

images using GLCM Matrix. In our proposed method, five 

texture features energy, and contrast, correlation, entropy 

and homogeneity are experiments. These features are 

extracted from the segmented MR images and analyzed 

using various directions and distances.  

Energy expresses the repetition of pixel pairs of 

an image as given in equation (9).   

  

1 1
2

0 0

1 ( , )
N k

i j

k p i j

 

 

                                                      (9) 

 

Local variations present in the image are 

measured by Contrast. If the contrast value is high means 

the image has large variations as given in equation (10).   

 

                                   (10) 

 

Correlation is a measure linear dependency of 

gray level values in co-occurrence matrices. It is a two 

dimensional frequency histogram in which individual 

pixel pairs are assigned to each other on the basis of a 

specific, predefined displacement vector as given in 

equation (11). 

 

                              (11)  

                                  

Where 
1 , 2 ,

1  ,
2    are  mean  and  standard  

deviation values accumulated in the x and y directions 

respectively. 

Entropy is a measure of non-uniformity in the 

image based on the probability of Co- occurrence values; it 

also indicates the complexity of the image as given in 

equation (12).   

 

1 1

0 0

4 ( , ) log( ( , ))
k k

i j

k p i j p i j 

 

 

                          

(12)                  

 

Homogeneity is inversely proportional to contrast at 

constant energy, whereas it is inversely proportional to 

energy as given in equation (13).    

 

                                 (13) 

 

2.2.3 Directional Gabor Texture Features (DGTF) 

Directional Gabor’s are used as they measure the 
heterogeneity in the SROI. Gabor filter is a Gaussian 

kernel function modulated by a sinusoidal plane wave. 

There-fore, it gives directional texture features at a 

specified Gaussian scale. Gabor kernel is defined as given 

in equation (14).   

 

         (14) 
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In this equation,  represents the wavelength of 

the sinusoidal factor, θ represents the orientation of the 
normal to the parallel stripes of a Gabor function, ψ is the 
phase offset, σ is the width of the Gaussian, and γ is the 
spatial aspect ratio, and specifies the ellipticity of the 

support of the Gabor function [21].  

 

2.2.4 Rotation Invariant Circular Gabor Features  

         (RICGF): 

Gabor filter is a Gaussian kernel function 

modulated by a radially sinusoidal surface wave; 

therefore, it gives rotational invariant texture features 

which are given by eqn(15): 

 

         (15) 

Where,  represents the wavelength of the 
sinusoidal factor, θ represents the orientation of the normal 
to the parallel stripes of a Gabor function, ψ is the phase 
offset, σ is the width of the Gaussian, and γ is the spatial 
aspect ratio, and specifies the ellipticity of the support of 

the Gabor function. The intensity and texture features 

summary is given in Table-1. 

 

Table-1. Summary of intensity and texture features. 
 

Feature 

category 
Features Number of features 

LoG 

Four statistical parameters for the LoG filter output in the SROI 

region are retrieved at σ = 0.25, 0.50, 1, and 2 thereby contributing 
16 features in the feature pool. These parameters are: (1) mean 

intensity, (2) standard deviation, (3) Skewness, (4) Kurtosis 

16 features 

GLCM 
Following GLCM features at 0°, 45°, 90°, and 135° are calculated: 

(1) contrast, (2) homogeneity, (3) correlation, (4) Energy 
4*4 =16 features 

DGTF 

DGTFs are calculated at  for 2√2, 4, 4√2, 8, 8√2) and θ for 0°, 
22.5°, 45°, 67.5°, and 90° are varied. Four statistical parameters are 

calculated for each filter output in the marked SROI and are taken as 

100 features in the feature bank. These parameters are: (1) mean 

intensity, (2) standard deviation, (3) Skewness, (4) Kurtosis 

25* 4=100 features 

RICGFs 

RICGFs are calculated at  =2√2, 4, 4√2, 8, 8√2) and two values of 
ψ, i.e., 0° and λ0° four statistical parameters for each filter output in 
the marked SROI and are taken as 40 features in the feature bank. 

These features are: (1) mean intensity, (2) standard deviation, (3) 

Skewness, (4) Kurtosis 

10* 4=40 features 

 

2.3 Hybrid Kernel-SVM classifier 

The diagnostic models, hybrid kernel based SVM 

has been developed for improving the classification 

process. The extracted textures features are used for the 

separation of two classes such as cancer and non-

cancerous. Since the texture feature follows the non-

linearity, non-linear SVM is needed to do the separation of 

hyperplane. To do non-linear task, kernel functions are 

introduced in SVM classification. Multiple kernels are 

combined to develop a new hybrid kernel that will 

improve the classification task of separating the training 

data. By introducing the hybrid kernel, SVMs gain 

flexibility in the choice of the form of the threshold, which 

need not be linear and even not to have the same 

functional form for all data, since its function is non-

parametric and operates locally. 

In most of the cases, an object is assigned to one 

of the several categories based on some of its 

characteristics in the real life situation. For instance, based 

on the outcome of several medical tests, it is mandatory to 

say whether the patient has a particular disease or not. In 

computer science such situations are explained as 

classification issue. There are two phases in the support 

vector machine namely, (1) Training phase and (2) Testing 

phase. 

 

2.3.1. Training phase 

The output from the improved multi-texton is 

given as input to the training phase. The input function 

gives the set of values which are non separable. All the 

possible separations of the pointset can be achieved by a 

hyperplane. For that, a set of data drawn from an unknown 

distribution,  1 1 1(( , ),..., ( , ) , ) , 1,1n

l i ix y x y x R y    

and also a set of decision functions, or hypothesis space 

 :f   are given, where Λ (an index set) is a set of 
abstract parameters, not necessarily vectors. 

 1,1: nRf   
is also called a hypothesis. 

The set of functions f  could be a set of Radial 

Basis Functions or a multi-layer neural network. All the 
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possible separations of the point set can be achieved by a 

hyperplane. In the Lagrange optimization formulation we 

can find the optimal separating hyperplane normal vector, 

A kernel is any function RRRK nn : . This 

corresponds to a dot product for some feature mapping as 

given in eqn(16) 

 

)().(),( 2121 XXXXK 
 
For some 

               (16)
 

 

The kernel function can directly compute the dot 

product in the higher dimensional space. 

Introduce kernel- based Lagrange multipliers 

ii  0
 as given in eqn(17). 
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     (17) 

 

Minimize pL  with respect to bw, and maximize 

with respect to i . 

In a convex quadratic programming problem, the 

plane is a nonlinear combination of the training vectors as 

given in eqn(18) 

 





n

i

iii xKyw
1

)(                                   (18) 

 

Thus, the hyperplane is separated into two 

clusters. The sample representation of this process is 

shown in Figure-1.  

 

 
 

Figure-1. Sample representation of separating optimal 

hyper plane. 

 

The point on the planes 1H
 and 2H

is the 

Support Vectors. 1H
 and 2H

are the planes:  

d  = the shortest distance to the closest positive point 

d  = the shortest distance to the closest negative point 

  dd Represents the margin of a separating hyper 

plane 

 

2.3.2. Testing phase 

The output from the improved multi-texon is 

given as an input cervical image to the testing phase and 

the output cervical image shows whether a tumor is 

present or not. 

The class of an input data x is then determined in 

eqn (19) 

 









  bxxysignbwxsignxclass iii )().()).(()( 

  

     (19) 

 

We have analyzed the kernel equation from the 

existing work [22] and used them in the proposed work 

namely, RBF and quadratic function.  

Radial basis function: The support vector will 

be the centre of the RBF and  will determine the area of 

influence. This support vector has the data space in 

eqn(20). 

 

2

2

2
exp(),(


ji

ji

xx
xxK




                                 (20) 

 

Quadratic kernel function: Polynomial kernels 

are of the form
dT zxzxK )1(),(




. 

Where 1d  , a linear kernel and 2d , a quadratic 

kernel are commonly used. 

Let  
)()( 21 QuadratickandRBFk

 be kernels over 
pR ,

, and 3k
 
be a kernel over

pp RR  . Let 

function
pR:

. The four kernel based formulations 

are represented by in eqn. (21and 22). 

 

 ),(),(),( 21 yxkyxkyxk  is a kernel            (21) 

 ),(),(),( 21 yxkyxkyxk   is a kernel               (22)                      

 

 Substitute the two equations (i) to (ii) in 

Lagrange multiplier equation (5) and get the proposed 

hybrid kernel. It is exposed in Equation (23). 
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Substitute the four theorems in Quadratic 

function equation (23) and get the given equation (24), 

 

1 2

1

( ( ) ( ))
n

i i i i

i

w y K x k y
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n

i

iii ykxKyw 


 
                                     (24) 

 

 

 

 

 

 

3. EXPERIMENTAL RESULTS AND 

COMPARATIVE ANALYSIS  

 

3.1 Experimental image data set  

The experimental Pap smear images are acquired 

through a powerful micro scope by the skilled cyto-

technicians. All images were captured with a resolution of 

0.201 �m/pixel from the open bench mark database of 

cervical cancer, Herlev University Hospital, Denmark [25-

26]. The images were prepared and analyzed by the staff at 

the hospital using a commercial software package 

CHAMP2 for segmenting the images. Each image was 

examined and diagnosed by pathologists of that hospital 

before being used as reference for this study.  

 

3.2 Experimental results 

In this Experimental Result Section as per the 

three process of this paper which was referred in our 

previous section (2.1.1 -2.1.3), collected images could be 

processed. The Result was given in following Table-2. 

 

Table-2. Experimental results. 
 

 

3.3 Performance evaluation of proposed system 

Classifier performance evaluation of this work is 

conducted with widely used statistical measures, 

sensitivity, specificity, accuracy and error rate [23]. True 

Positive (TP) is defined as the number of correctly 

identified positive pixels; True Negative (TN) is defined 

S. 

No. 

Input image 

(RGB image) 
Gray image 

Anisotropic filter 

image 

Final nucleus 

detected image 

1 

    

2 

    

3 

    

4 

    

5 
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as correctly identified negative pixels. For example, in a 

diagnostic test, evaluation focusing on the presence of 

abnormal tissues, tumor samples is considered in the 

positive category and normal tissues will be in the 

negative category. False Positive (FP) represents the count 

of normal tissues incorrectly identified as a tumor, and 

False Negative (FN) gives the count of abnormal samples 

incorrectly identified as normal tissues. Higher values of 

sensitivity, the proportion of correctly classified positives, 

indicate better performance of the method in predicting 

positives. Specificity measures how well the system can 

predict the negatives. Accuracy measures the overall 

correctness of the classifier in predicting both positives 

and negatives, and overall error rate is calculated as per 

the following eqn (25-28). 

 

FN)TP/(TPy Sensitivit 
                                   (25) 

 

Specificity TN/(TN FP) 
                                 (26) 

 

FP)FNTPTP)/(TNTNAccuracy  (          (27)       

 

Error rate = 1 – Accuracy                                             (28) 

 

3.4. Comparative analysis  

We have compared our proposed cervical cancer 

classification system, against the neural network 

techniques. The neural networks, we have utilized for 

comparative analysis are Feed Forward Neural Network 

(FFNN) and Radial Basis Function (RBF) neural network. 

The performance analysis has been made by plotting the 

graphs of evaluation metrics such as sensitivity, specificity 

and the accuracy are shown in Table-3.  

Table-3. Experimental results of existing and proposed method. 
 

Evaluation metrics 

Texture features 

with HKSVM 

(Proposed) 

Texture 

features with 

RBF 

Texture features 

with FFNN 

Input 

Cervical 

Cell  image 

data set 

TP 38 37 35 

TN 9 8 8 

FP 1 2 2 

FN 2 3 5 

Sensitivity 95 92.5 87.5 

Specificity 90 80 80 

Accuracy 94 90 86 

Total error (%) 6 10 14 

 

By analyzing the plotted graph; the performance 

of the proposed technique has significantly improved the 

tumor detection compared with Feed Forward Neural 

Network (FFNN) and Radial Basis Function (RBF) neural 

network classifier. The evaluation graphs of the 

sensitivity, specificity and the accuracy graph are shown in 

Figure-3. Based on the experimental results our proposed 

method produces better results compared to other neural 

network based classifiers. The Cervical cancer 

classification error bar is also given in Figure-4. 

 

 
 

Figure-3. Comparison result analyses of Texture features with HKSVM, RBF and FFNN. 
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Figure-4. Comparison error bar of the proposed Texture features with various classifiers. 

 

3.5 Comparative analysis using the K-fold 

      cross-validation method  

This section presents the performance analysis of 

the proposed system using K-fold cross-validation method 

[24]. According to this, the original data set of 100 images 

is divided into k subsets (k=10) of data and for every 

validation, a single subset is used as the testing data and 

the remaining subsets are utilized as training data. This 

procedure is repeated until all the subsets of data utilized 

as testing data. Here, we have chosen k=10 so that, the 

input data are divided into ‘10’ sub-samples to extensively 

analyze the proposed system. The obtained experimental 

results of sensitivity of proposed method and existing 

methods using k-fold cross validation method are shown 

in Figure-5, it can be observed that the sensitivity of 

existing methods (Textures+SVM) is 0.81 for data set 1, 

but in the same data set the sensitivity of the proposed 

method is 0.93. Based on the experimental results, the 

sensitivity value of proposed method results is better 

compared to the existing methods. 

 

 
 

Figure-5. Comparison results of sensitivity of proposed and existing methods. 

 

The obtained experimental results of specificity 

and accuracy of proposed and existing methods using k-

fold cross validation method are shown in Figure-6 and 

Figure-7 respectively. In Figure-6, the specificity of 

existing methods (Textures+SVM]) is 0.82 for data set 1, 

but in the same data set the specificity of the proposed 

method is 0.92. Based on the observation, the specificity 

and accuracy value of proposed method results is better 

compared to the existing methods. 
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Figure-6. Comparison results of specificity of proposed and existing methods. 

 

 
 

Figure-7. Comparison results of accuracy of proposed and existing methods. 

 

4. CONCLUSIONS 

In this paper, we have developed an automated 

cervical cancer diagnostic system with normal and 

abnormal classes. The medical decision making system 

was designed with the Texture features and kernel based 

Support Vector Machine. The proposed approach 

comprises feature extraction and classification. The benefit 

of the system is to assist the physician to make the final 

decision without hesitation. According to the experimental 

results, the proposed method is efficient for the 

classification of image into normal and abnormal. For 

comparative analysis, our proposed approach is compared 

with other neural networks RBF and FFNN. The accuracy 

level (94%) for our proposed method proved that the 

proposed algorithm graph is good at detecting the cancer 

in the experimental images. 
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