
 

 

 

Abstract— Automatic classification system of cervical cells 

images has been developed by some researchers. The process 

however takes long time or less accurate. In order to decrease the 

processing time while maintaining the accuracy of detection, a new 

method in classification of cervical cancer has been proposed. Before 

classification, the image is optimized and labeled. This will accelerate 

the segmentation and classification process. Test result shows the 

significant reduction of computation time compare to other results, 

while maintaining the accuracy, specificity, sensitivity and positive 

predictive value. 
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I. INTRODUCTION 

fter breast cancer, the carcinoma of cervix is the 

second most common cancer among women 

worldwide. Statistically, one woman dies every 2.5 

minutes because of cervical cancer. It is the most common 

women’s killer in both developing and developed countries. 

Worldwide around 500,000 cases are counted annually, 75-

80% of these are in developing countries [1,2]. Effective 

screening and adequate treatment can actually prevent women 

from having cervical cancer [15]. The screening of cervical 

precancerous lesions is done using Pap smear, a method 

developed by G. Papanicolou in early 1940’s. To do this test 

cervical specimen are taken with spatula or small brush and 

smeared on glass slide for examination [3].  
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Under the microscope, cytologists identify abnormalities of the 

uterine cervix cells. If there are any abnormalities detected in 

Pap smear test, it doesn’t automatically mean that the patient 

has a cervical cancer, but it indicates that changes might have 

occurred in the cervical cells and further action might 

necessarily to be done. 

In developed countries screening with Pap smear had 

significantly reduced the incidence of cervical cancer and the 

mortality among women caused by this disease. In countries 

like USA, cervical cancer is only the eighth most common 

cancer among women due to a successful, effective and 

widespread prevention program using Pap smear test. In 

developing countries however, where the lack of resources 

exists, cervical cancer remains a serious deadly threat [2].  

Infection of cervical epithelium by HPV (Human 

Papillomavirus) is considered to be the trigger of carcinoma 

development in cervical cells [5]. There are more than 80 

serotypes of this virus that can cause pathologies in human. 

Seventy percent of invasive cervical cancers in the World are 

attributed to serotypes 16 or 18 of HPV [5, 6]. During an 

infection a virus enter the epithelium through a micro fissure to 

reach basal layer (stratum cylindricum) of the squamous cells - 

the only cell type the virus can enter.  Infection occurs in the 

basal cells which are still competent to replicate and not yet 

differentiated. The infected cells proliferate and spread in sync 

with the differentiation process through the overlying cells of 

the epithelium into the upper cell layer. New viruses are 

released by the infected superficial layer (stratum corneum) 

when these differentiated cells flake off in the process of skin 

renewal. Released virions start a new cycle of infection on 

surrounding cells or other side of the organs [5]. 
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Fig. 1 Progression of Cervical Interepithelial Neoplasia (CIN) in the 

squamous epithelium of cervix (Source : [4]) 
 

It takes usually decades until a viral infection of cervix 

develops into a cancer. The presence of abnormal 

precancerous cells in Pap smear test is termed Cervical 

Interepithelial Neoplasia (CIN) or Squamous Intraepithelial 

Lesions (SIL). If not early detected or not properly treated this 

cervical dysplasia can further develop to an invasive 

carcinoma. The progression CIN is divided into three stages: 

CIN 1, CIN 2 and CIN 3 (Figure 1) [4, 5]. CIN 1 is considered 

as a mild dysplasia, the abnormal appearing cells are found in 

the bottom 1/3 of the epithelium, whereas in CIN 2 already 2/3 

or the bottom part of epithelium has been affected. CIN 3 stage 

is categorized as a severe dysplasia. At this stage the entire 

epithelial thickness has been affected [4]. According to “The 

Bathesda System of Terminology” CIN1 is classified as Low-

grade Squamous Intraepithelial Lesion (LSIL), whereas CIN 2 

and CIN 3 are High-grade Squamous Intraepithelial Lesion 

(HGSIL or HSIL) [6]. 

Cancerous transformation of cervical cells is associated with 

an increase of nucleus size and a decrease of cytoplasm size. 

On Pap smear slide HSIL cells therefore show a significantly 

higher nucleus to cytoplasm ratio (NC ratio) compared to 

normal cells [8]. Another feature difference between normal 

and HSIL cells is the fact that the abnormal cells usually gain 

darker color after the procedure of fixation and Pap staining. 

This color intensity difference can be utilized to discriminate 

between normal and cancerous cells [9, 10].  

 
Fig. 2 Example of Pap smear slides. A:normal, B:cancerous cells  

In recent years some efforts have been done to improve the 

analysis of Pap smear slides. The invention of a Liquid Based 

Cytology (LBC) has significantly helped the work of 

cytologists due to the introduction of an automation system for 

sample preparation resulting in cell specimen as monolayer 

which is easier to be evaluated. The conventionally prepared 

Pap smear slides show often multilayer cell preparation that 

makes it more difficult for the analysis.   

The LBC system is however not always an affordable 

technology everywhere in the world. In developing countries 

the conventional Pap smear technique is still method of choice 

for cervical cancer screening. To characterize them as normal 

or abnormal Pap smear slides are carefully examined under the 

microscope by an expert cytologist or pathologist. Due to the 

fact that conventional smear often show multilayer, crowding 

and overlapping cells, the visual interpretation of the 

microscopic pictures of slide is labor-intensive and requires 

high level of expertise and experiences by the analyzer. [11, 

12, 13]. This requirement cannot always be fulfilled and 

afforded in developing countries. Additionally, with the 

increasing number of women gaining access to preventive 

health care and due to a shortage of skilled and experienced 

cytologists, the analysis of Pap smear slides becomes highly 

prone to human error, leading to more inaccuracy of the 

diagnosis. Driven by this motivation some researchers have in 

the last few years contributed with ideas to develop an 

automated system for analyzing such Pap smear images.    

A. Existing Work 

There are some investigations have been done by 

researchers to determine whether a cell in Papanicolaou smear 

images is cancerous or not. They were done due to some 

problems such as lack of an expert cytotechnologist, a large 

number slide per day, insufficient lab facilities, procedures  

becomes time consuming and highly susceptible to human 

errors. Automatic cervical detection have been introduced by 

researchers in order to solve the problems [16,23,24]. 

In order to classify between cancerous and non-cancerous 

cells, there are few methods have been proposed by  

researchers. Jeremiah [16] has introduced Pattern Recognition 

on 2D Cervical Cytological Digital Images. The paper 

attempts to investigate patterns of cervix cells based on its 

morphological features, in term of size, shape, and color. 

Strengthens of this paper, the parameters that will be used for 

their automated recognition system were cytoplasm to nucleus 

ratio, color intensity, and wavelet characteristics to enable 

automatic identification of abnormality in the cervix cells. 

Algorithm classifiers used by her study are kNN, SVM and 

NB classifier. 

Afterwards, Tanatip [24] proposed a new method which is 

classification cervical cancer using Fourier transform. The 

features that used to discriminate between normal and the 

abnormal cells are calculated based on the mean, variance and 

entropy obtained from the frequency components along the 

circle radius centered at the centre of the spectrum and the 

frequency components along the radial line having an angle θ. 

Calculating the features were done by using some 

mathematical formulas and subsequently can give a result 

whether the Papanicolaou smear images are cancerous or not. 
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Tanatip also evaluated performance of five classifier in 

discriminating the normal and abnormal cell. The classifier 

consists of Bayessian classifier, linear discriminant 

analysis(LDA), k-nearest neighbour algorithms(KNN), 

artificial neural network(ANN), support vector 

machine(SVM). All the classification rates have accuracy 

higher than 85% , and  Support Vector Machine have the best 

results which 92.65% accurate and the false rate are 7.35% for 

both positive and negative. 

Recently, Rahmadwati [23] carried out classification 

cervical cancer using histology images. Different from other 

researchers, the cervical histology images that have been 

proposed is just not only can discriminate digital images of 

cervical cancer is cancerous or not, but also can distinguish the 

stages of cancerous: 1) normal 2) pre cancer and 3) malignant. 

Besides that, the studies have several important discriminatory 

features which are a) the ratio of nuclei to cytoplasm b) 

diameter of nuclei c) shape factor and d) roundness of nuclei. 

However their studies have shown that N/C feature is very 

favorable and indicates the most discriminatory power of the 

feature. 

Recently, Eric also apply a new method which are 

classification cervical cells based on Fourier transform 

infrared spectroscopy (FTIR) absorption data. Eric makes a 

comparison of the FTIR response of a normal and malignant 

sample. The infra-red spectra of malignant cervical samples 

displayed the difference from FTIR spectrum of healthy 

cervical cells. At some point of frequency, there are some 

significant changes in intensities of the bands, significant shifts 

of the peaks normally appears, and an additional band peaking. 

The infrared spectrum of a sample dysplasia displayed same 

features as the malignant sample but less significant changed. 

From those researches, it was found that the classification of 

cervical cancer based on colour intensity is the best method, 

since less time consuming and give higher accuracy. The 

existing problem by colour intensity classification is the 

overlapping colour distribution for normal and cancerous cells 

that produce inaccuracy of classification. Hence, a new 

technique called labeled colour intensity has been proposed in 

this work. The idea was to pre process the images before 

classification including image conversion, segmentation and 

labelling. This enables the better accuracy of classification 

while maintaining the short processing time.  

 

II. MATERIAL AND METHOD  

The images cervical cells were captured from Pap smear 

slides analyzed using Olympus BX-51 microscope. Images of 

desired sections of the slides were stored in the computer using 

imaging software (Olympus). The processing of the images 

was performed using MATLAB with Image Processing 

Toolbox and the system’s prototype was designed using 

graphical user interface (GUI).  All this data including data 

bases of patients were collected from The National Cancer 

Hospital Dharmais, Jakarta, Indonesia.   

 This experiment applied a systematic methodology 

consist of five consecutive procedures: image acquisition, 

image enhancement, feature extraction, image segmentation 

and image classification, as describes in the following sections. 

 

 

 

 

 

 

 

 

 

 

Fig. 3 The proposed Cervical Cancer detection 

A. Data acquisition 

Image data used in this research are collected from 

cytological diagnoses of Pap smears performed during 2010 at 

Dharmais Cancer Hospital, Jakarta, Indonesia. A total number 

of 100 selected images were kindly provided by the hospital 

for this experiment after a pathologist has evaluated each of 

them and categorized it into normal and abnormal one. The 

cervical cells images were captured from cytological Pap 

smear slide using Olympus BX-51 microscope under 100X 

objective lens. All of these data originated from cervical 

examinations of patients between 17 and 81 years of age. 

Eighteen women out of 746 patients having undergone the 

examination in 2010 were positively diagnosed with cervical 

cancer, whereas 728 of them were normal. Figure 4 shows 

each a section of Pap smear image samples that have been 

used to analyze whether someone has cancer or not. The data 

base of the patients contains information about the number of 

slides for the Pap smear examination of a certain patient,  age, 

blood type, as well as the pathological medical data.  

 

 

 

 

 

 

 

 

 

 

(a)                                                (b) 

Fig. 4  The image of normal cervical cells (a), and cancerous cell (b). 

B. Image Pre Processing 

In this step the images have undergone several digital image 

pre processing procedures. These techniques include image 

conversion and morphological operations. Figure 5 shows the 

flow chart of the image processing: 
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Fig. 5  Image processing techniques 

  

The image processing starts with the loading of a digital 

image of cervical cells. This image is then converted into gray 

scale image to binary image.  Boundary of all ‘elements’ in the 

image are detected and marked using green color line. What 

are designated as ‘Elements’ here refer to all features 

appearing in the Pap smear slide including cervical cells, 

blood cells, leukocytes and other structures. The next step 

consists in the measurement of all properties of the elements 

such as color intensity level and area. Subsequently, criteria 

selection is performed.  This criteria selection refers to the 

criterion that has been chosen to distinguish between cervical 

cell and other cells.  The criterion used was cells’ area and 

cells’ color intensity distribution. This allows only cervical 

cells to appear in the image and other structures will be 

eliminated. After this step has been accomplished only cervical 

cells are left in the image.   

 The last step of the image processing is the 

characterization of cervical cells done using a color intensity 

classification. As mentioned earlier, cancerous cell shows 

increasing nucleus size but shrinking cytoplasm, resulting in a 

higher nucleus to cytoplasm ratio (NC ratio) compared to a 

normal cell. This is a feature that characteristically can be used 

to distinguish between normal and cancerous cell. The relative 

size of the nucleus compared to cytoplasm of cancerous 

cervical cells results in a different color intensity distribution 

compared to normal cells. Cancerous cells have typically a 

bigger proportion of darker pixels.  

 Based on the sample testing of cervical cells, a specific 

range of color intensity level of cancer cell is calculated. 

Because the color intensity level of cervical cancer cells is 

distinctively different from normal ones the characterization of 

the cervical cell can easily be done. 

C. Feature Extraction 

In this procedure, the target cell (normal and cancerous 

cervical cell) is extracted using color intensity classification. 

Again, cancerous cells and normal cells have distinctively 

different color intensity distribution. A cancerous cell has 

relatively larger distribution of darker pixels compared to a 

normal one.  The method used to determine the range of color 

intensity and area of the cervical cells was “Variational Level 

set Formulation of Curve evolution Without Re-

initialization”[10, Chunming Li 2005]. The color intensity 

level of cancerous cells ranges between 80-100, whereas that 

of normal cells is between 122-150. 

 

Here is the formulation: 
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                                                                 (1) 

where function F is referred to speed function, while 

φ
refers to level set function.  Then, re-initialization has been 

introduced to overcome drawbacks of the traditional Level Set 

Method.  The re-initialization of Level Set equation: 
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where φ  refers to the function that will be re-initialized and 

sign is the sign function. Signed distance function must satisfy, 
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φφ                                                  (3) 

this is the key role of this method.  This integral was used to 

characterize the distance between function φ  to sign distance 

function in
2ℜ⊂Ω .  Then a variational formulation was 

proposed. 
 

)()()( φξφµφξ mP +=                                                      (4) 

where 0>µ is a parameter that will control the penalizing 

deviation effect of φ  and sign function. 
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Fig. 6   The implementation of Level Set Algorithm 

 

D. Image Segmentation 

After the feature extraction process was completed, the 

extracted features were undergoing segmentation process.  
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Segmentation using mathematical morphology (Yeshwanth et 

al, 2007) was used.   

 Mathematical morphology involves the use of ‘structuring 

elements’ which eventually smooth the original region of the 

image.  Mathematically, the operation is as follows: 

 

SEII opened o=                                                                    (5) 

where openedI is referred to open image 

Ebinmask SEII Θ=
                                                                (6)

 

where Θ refers to the erosion operation and SE is refers to 

structuring element. 
edgeI  is used to obtain the object mask.  It 

was first dilated using 4 different angels 0, 45, 90, 135. 
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filledI  was used to fill in the holes(black pixels) in the 

image while ‘Region_fill’ function fills the black and white 

boundary with white.  The final mask is: 

 

)( Efilledmask SEII •=
                                                       (9) 

            

E. Image Classification 

After the result for every cell has been gained through the 

automatic detection, a binary classification set is applied to 

measure the performance of the system. The training data was 

classified into two classes, cancerous or non-cancerous. There 

are 100 images acquired from Pap smears using Olympus BX-

51 microscope. Diagnosis done manually by the pathologist 

resulted, that out of 100 samples 53 was verified as cancerous, 

whereas the rest was not. The comparison between the results 

gained from the output of the automatic system and those of 

pathologist’s diagnosis is shown in Table 1. Some features 

associated with each extracted object include mean intensity, 

cell area, nuclear-cytoplasm contrast, and nuclear-cytoplasm 

radius ratio. 

This classification divides the training data into four classes 

which are true negative (TN), false negative (FN), false 

positive (FP), and true positive (TP). People positively 

diagnosed with cancer, and also tested positive are the true 

positives (TP), while those tested negative are the false 

negatives (FN). People with non-cancerous diagnosis, but 

tested positive are the false positives (FP), and those tested 

negative are true negative (TN). These results were concluded 

after comparison of the diagnosis using our automated 

detection system with the diagnosis done by pathologist. We 

calculated that among 53 non-cancerous samples, 44 were 

tested true and 9 false. While among the 47 cancerous, 33 

tested true and 14 were false. As shown on the Table 1 the 

values of TP, FN, FP, TN are 33, 9, 14 and 44 respectively.  

Figure 7 shows the result of comparison of the diagnosis using 

our automated system and the diagnosis done by the 

pathologist. From the result of classification, the accuracy, 

sensitivity, specificity and positive predictive (PPV) value for 

our system can be measured. 

 

 
Fig. 7 Number of TP (True Positive), TN (True Negative), FP 

(False Positive) and FN (False Negative) 
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Table 1. Comparison of cell classifications by software and pathologist for few examples  

Cell # Intensity Area 

Diagnosis 

(MATLAB) 

Time 

(MATLAB) 

Diagnosis 

(Pathologist) 

Time 

(PAthologist) Conclusion 

1 147 7865 Normal cell 34 ms Normal cell 5 minutes TN 

29 129.3 485 Normal cell 25 ms Leukocyte 8 minutes FN 

44 106.8 2478 

Cancerous 

cell 

36 ms 

Normal cell 

7 minutes 

FP 

47 92.6 2683 

Cancerous 

cell 

32 ms 

Cancerous cell 

8 minutes 

TP 

 

III. RESULT AND ANALYSIS 

 

A. Image conversion and labeling. 

The objective of the image conversion and morphological 

operation is to label the connected elements in binary image so 

that the properties of the element can be measured.  At the 

beginning of the testing, a cytological image of cervical cancer 

cell was loaded.  The image was in RGB format.  The RGB 

image was converted to grayscale image using ‘rgb2gray’ 

function and then converted again to binary image using 

thresholding method.  The connected elements in the binary 

image were then labeled using ‘bwlabel’ function.  It was 

important to bear in mind that the labeled image may comprise 

of cervical cells, blood cells, leukocytes and other elements 

that usually found in cervix smear.  The result is shown in the 

following figure. 

 

 
(a) 

 

 
(b) 

 

 
(c) 

 

 
(d) 

Fig. 8 Image conversion from RGB image (a) to grayscale image (b) 

to binary image (c) and morphological operation labeled image (d) 

 

B. Image boundary detection and numbering 

The objective of this part is to measure the elements 

properties such as color intensity level, area, and centroid 

using ‘regionprops’ function. These properties will determine  

 

 

 

 

whether the element is cervical cell or not.  Moreover, 

‘bwboundaries’ function is also used to return a cell array, 

where each element in the image is assigned to a row and 

column coordinates. The coordinates returned by 

‘bwboundaries’ are then used to plot the borders of all 

elements in the image.  Finally, all elements are numbered 

from top to bottom, then from left to right.  The result is shown 

in the Figure 9. 

  

 

  
 

(a) 

 

 
(b) 

Fig. 9  Image analysis.  From labeled image (a) to the image of 

elements with boundaries (b) 

 
C. Criteria selection 

 

The objective of criteria selection is to detect the cervical 

cells and make them visible while eliminating other elements.  

This is accomplished by applying ‘ismember’ function and 

cervical cell filter to all of the elements.  This filter will only 

permit elements that meet with the criterion set which is based 

on the range of the area and color intensity of cervical cell.  

This operation results in decreasing number of elements 

appeared in the image. 

 

D. Morphological operations and image analysis 

 

The objective of this operation is to relabel the cervical cells 

left in the image using ‘bwlabel’ function.  The 

‘bwboundaries’ function was again used to return a cell array, 
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where each element in the image is assigned to a row and 

column coordinates. The coordinates returned by 

‘bwboundaries’ were then used to plot the borders of all 

elements in the image.  The result is shown in the Figure 10. 

 

 

     
 

 

 

 

 

 

 

 
 

 

 
Fig. 10 The result of morphological operation and every cell labeled 

by number.  From image of elements with boundaries (a), to labeled 

image of cervical cells (b), to cervical cells with boundaries (c) 

 

E. Image classification 

 

 The objective of the classification is to categorize the 

cervical cells into cancerous and non-cancerous cell.  At the 

beginning of this stage, all cervical cells left in the image were 

looped to number and the cell properties such as intensity, 

centroid and area were measured. The cells were then 

categorized into cancerous or non-cancerous cell based on the 

color intensity classification as mentioned above.  

Subsequently the measurements of the properties of the 

cervical cells and their diagnoses were printed on Matlab 

command.  The result is shown in the Figure 11. 

 

 
Fig. 11   Detection and characterization of cervical cells. 

 
The implementation result of this system is shown in Figure 

11.  An image of a cancerous cervical cell was used for this 

implementation.  The image was converted from RGB image 

into grayscale image, and then into binary image.  The image 

was labeled so that the elements’ properties can be measured.  

After applying criteria selection to the image, only cervical 

cells remained.  Then, the image was relabeled again to 

measure the properties of each cervical cell.  By using 

‘bwboundaries’ function, the boundary of cervical cells in the 

image has been plotted.  The measurements of the cell 

properties were then printed on Matlab screen.  

Cytological analysis of normal and cancerous cells reveals 

some characteristically different features that can be utilized as 

parameters to discriminate these two cell types from each 

other. In this experiment we applied the differences of color 

intensity distribution between cancerous and non-cancerous 

cervical cells to classify them. The transformation from normal 

cervical epithelium cells into dysplasia and finally to cervical 

carcinoma is associated with an increased nuclear-cytoplasmic 

ratio, loss of the layer of flattened cells close to the surface and 

an increase in the volume of extra cellular space [21 and 22]. 

These cytological differences lead to a different ‘behavior’ of 

normal and cancerous when processed in the fixation and 

staining with Pap stain reagents. Due to bigger size of the 

nucleus and generally a shrunken cytoplasm cancerous cells 

appear with lower color intensity (darker) then normal cells. 

To evaluate the validity of the detection system and to 

assess the system performance a performance testing was 

done. Four types of performance testing are calculated by 

formula (10) to (13) and the result is shown in Table 2. The 

result shows an acceptable performance however some 

influence factor should need to be considered to improve the 

accuracy, specificity, sensitivity and PPV. These include the 

presentation of the cells on Pap smear slides that usually in 

multilayer form and tend to clump together, which makes the 

system unable to detect the cell boundaries. Additionally the 

specimen staining method contributes also to the changes of 

mean intensity of cells.  Improvement needs still to be done in 

(a) (b) 

(c) 
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order to achieve more precise results with higher accuracy. 

The results show that the develop system is able to be used for 

cervical cancer detection based on labeled color intensity 

distribution. 

 

 

 

 

 

 

 

   

 

 

 

 

 

 

 

 

 

 Table 2. Result of performance testing 

IV. CONCLUSION 

A new technique for cervical cell classification has been 

developed. The classification is done based on differentiation 

of labeled color intensity distribution. This method has been 

tested on cervical cell images from 746 patients and compared 

with manual classification done by experienced pathologist. 

Besides, the method also compared with other similar methods 

developed by others researchers. Test result shows the method 

able to classify the cervical cells with accuracy up to 77% in few 

milliseconds processing time, while manual pathologists require 

few minutes and other methods consume few seconds.  This 

proofs that the developed method improve the existing color 

intensity classification method and can become a potential 

candidate for cervical cancer rapid screening. 
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