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ABSTRACT 
Cervical Cancer is one the most threatening diseases of Indian 

women. According to ICMR – an institute for Cancer 

Prevention and Research, nearly   1, 22,844 women are 

affected by cervical cancer and out of that nearly 67,477 

women were become victims. This malignant disease will 

develop in the cells of the cervix or on the neck of the uterus. 

But, this can be prevented and /or cured if it is diagnosed in 

the early stage. Due to the complexity of the cell nature, still it 

is a continuous problem for automating this procedure. 

Various algorithms and methodologies were proposed for 

segmenting and classifying cancer cells at the early stage into 

different categories. Different algorithms and methodologies 

are proposed by various researchers under various situations. 

In this paper, various research papers related to early 

prediction of cervical cancer are analyzed. This paper 

discusses Machine Learning algorithms like GLCM (Gray 

Level Co-occurrence Matrix),  SVM (Support Vector 

Machines), k-NN (k-Nearest Neighbours CNNs 

(Convolutional Neural Networks), ), MARS (Multivariate 

Adaptive Regression Splines), PNNs (Probabilistic Neural 

Networks), spatial fuzzy clustering algorithms,  Genetic 

Algorithm, C5.0, RFT (Random Forest Trees),   Hierarchical 

clustering algorithm for feature extraction and CART 

(Classification and Regression Trees), cell segmentation and 

classification. The proposed work compares the merits and 

demerits of different algorithms which obtain good accuracy 

in classifying cervical cancer cells using machine learning 

algorithms.  
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1. INTRODUCTION 
Cervical cancer is the third type of cancer which has the 

highest death rate. For every two minutes at least one woman 

dies due to this terrific disease. Nearly 122,844 women are 

diagnosed as cervical cancer victims annually and placed 2nd 

cause of female cancer [1]. Mostly the women aged between 

15 to 44 are affected by this disease.  In the developing 

countries [2], around 80% of cancer deaths happen due to 

cervical cancer.  The cervical cancer affected women shows 

no symptoms which in turn decreases the survival rate. So 

they have to undergo another manual screening test called, 

PAP smear test. It is done once in three years to test whether 

any precancerous cells are present or not. Out of 170 types of 

Human Papillion Virus (HPV), HPV16 and HPV18 are the 

main cause for 70% of cervical cancer. The uterus and the 

vagina are connected by the passageway made up of three 

type of tissues called, Cervix. The cytologist screens the 

tissues manually and the test is called as PAP Smear test. The 

main cause of creating cancer cell is HPV16 and is detected 

by the Cervical Intraepithelial Neoplasia (CIN) method. Due 

to the few availability of experienced cytologist and more 

expensive, this method is not suitable for all kinds of cervical 

cancer patients.  On analyzing, more chances for human errors 

leads to high false positive rates. Detecting cervical cancer 

using computer based system is a challenging one when 

segmenting the cervical cells. There are three tissues that 

forms the cervix layer : columnar epithelium (CE), squamous 

epithelium (SE) and Aceto white (AW) region. To detect the 

cervical cancer symptoms, the AW region turns white when it 

is exposed to 5% acetic acid. It is very difficult to separate the 

cytoplasm region and the nuclei as its cell structure has 

irregular boundaries. It is also difficult to find the overlapping 

boundaries of nucleus cells for calculating nucleus and 

cytoplasm ratio (NC).  

2.  RELATED WORKS 
Cervical cancer is fifth among the most dangerous and deadly 

diseases globally, based on the mortality rate. The main 

reason as informed by the National Comprehensive Cancer 

Network (NCCN) is due to the delay in diagnosis of cervical 

cancer that in turn increases female fatalities even though the 

advanced medical facilities are available (3). Many 

researchers have identified several factors which are 

responsible for the occurrence of this deadly disease. 

Averbach et al. [4] have deliberated that the risk of cervical 

cancer is increased due to IUD. In another research,  Rousset-

Jablonski et al. [5] has claimed that risk of pelvic 

inflammatory diseases are increased due to IUD if it is not 

treated and will lead  to cervical cancer.  Xu et al. [6] in their 

research concluded that consumption of hormonal pills and 

smoking also leads to development of cervical cancer cells 

after examining the data of 886 patients. Shukla et al.; [7] 

insisted the same problem, long term consumption of 

harmonic pills will lead to several harmonic changes in 

women   that results in cancers like breast cancers and cervical 

cancers. Excessive smoking will also lead to Human 

Papillomavirus Infection (HPV) infection and hence becomes 

one of the main causes of cervical cancer ([8],[9]). Parthenis 

et al [10] gives another reason for causes of cervical cancer is 

Sexually Transmitted Diseases (STDs) also leads to the same. 

Teame et al. [11] identified that age of the women above 38 

years with STD history are becoming the victims of cervical 

cancer. Since no symptoms of cervical cancer are known by 

the women at its earlier stage, its leads to their life loss 

Okunowo et al [12]. Many algorithms were proposed to 

identify the cancer cells at its initial stage based on their 

images, herewith we have discussed some recent research 

related to it. 

Mathematical Morphology [13,14,15,16] is an influential 

technique to solve  various problems in the field of Computer 

Vision and Image processing. Morphological operations play 

a vital role in extracting, manipulating, modifying the features 
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the image based on their shape and size. The methods include 

dilation erosion, closing, opening,  bottom-hat transformation, 

top-hat transformation, etc.  In 2009, G. Jayalalitha et al.[17] 

use Box Counting Method and Harfa Programme software  to 

identify the fractional dimension and calculated the variation 

of texture complexity and intensity of cervical cancer cells . In 

2009 , C. Todd et al.[18] insisted that texture analysis is 

important for analyzing nuclei structure and used digitized 

histology images of biopsies .   

Based on color features, Naganathan[19] et al used K-means 

algorithm for segmenting cervical cytology images. Here, 

color separation of the image is done by de-correlation 

stretching concept and   grouping of classes is done by K-

means clustering. Since, K-means clustering depends on the 

selection of the initial centroid, it cannot provide guarantee for 

optimal solution. Anantha Sivprakasam et al [20] enhanced 

the image segmentation by using L*U*V , an unsupervised 

segmentation method for color transformation. In this method 

, the performance of K-means algorithm is enhanced with 

weighted and initial seeding method and also Fuzzy-C-means 

Clustering method for image segmentation. But its accuracy is 

degraded by over noise and over segmentation. Again, Anatha 

Sivaprakasamet al [21] proposed arithmetic and automatic 

thresholding concept for segmenting the cytoplasm and 

nucleus from cytology images. Histogram equalization, 

automatic contrast stretching and image arithmetic operation 

are used for localizing first cell nuclei.   Minimum filter is 

used for increasing the intensity value. The main drawback of 

this method is over segmentation of cytoplasm and nuclei 

which in turn reduces segmentation accuracy.  

Multiscale morphology based segmenting grey scale images 

was proposed by Susanta Mukhopadhyay [22].  In this 

method, growing ,merging and saturation are the three scales 

used  for valid segmentation. Finally, the results of each scale 

segmentations are combined to get the final output. But the 

drawback is time consuming and need more memory space for 

storing the result  

Thanatip Chankong et al. [23] used PAP Smear for automatic, 

single cervical cell segmentation and classification. This 

single cell image was segmented into nuclei and cytoplasm 

and the background used here is FCM techniques.  They also 

used 4 main classifiers, K-nearest neighbor) KNN, (Support 

Vector Machine) SVM, (linear discriminant analysis) LDA, 

(Artificial Neural Network) ANN. This method doesn’t suit 

for the images with multiple cells.  

For distinguish the cell regions from the other background 

images, Asli Genctav et al. [24] proposed an unsupervised 

segmentation and classification method, the automatic 

thresholding and the morphological operations. For 

partitioning and segregating the nuclei from cytoplasm, the 

hierarchical segmentation algorithm and binary classifier are 

used within the cell regions. Finally, based on the cells’ 

feature characteristics ranking will be given by calculating 

from the nuclei and cytoplasm regions. The main drawback is 

cells are not segregated when they are overlapped.  

By considering the entire cell for segregating and analyzing 

various stages of cervical cancer instead of considering single 

cell, Karthigai Lakshmi [25] proposed active contour method 

and fuzzy thresholding.  Rahmadwati et al. [26] proposed a 

method that combines preprocessing, nuclei and cytoplasm 

detection, image segmentation, feature determination and 

classification. Based on the morphological features and 

abnormality degree of the cervical cells , the images are 

classified into CIN1, CIN2 and CIN3. Even though the 

accuracy is improved in segmentation, still K-means 

algorithm for clustering doesn’t provide optimal solutions.  

Laplacian of Gaussian (LoG) filter method is used by N.B 

Byju [27] to identify the edges of the cell nuclei from PAP 

Smear images. Nucleus and cytoplasm undergo segmentation 

and edge group detection using bi-group enhancement, 

proposed by Mohideen Fatima [28]. The main drawback is 

this method is not suitable for multiple cells and overlapping 

cells. Automatic segmentation of Leukocytes from nuclei 

using Otsu method was explained by Naveed Abbas [29]. 

Because of over segmentation, its accuracy differs from image 

to image. Marina E. Plissiti [30] proposed an automated 

method for the detection of boundary of cell nuclei in Pap 

smear images. For detecting the nuclei areas , morphological 

reconstruction process is applied and for segmenting the 

boundaries of the nuclei ,watershed transform is used. Since it 

retrieves only the boundaries of the nuclei which is not 

suitable.  

Mehdi et al. [31] classified the cervical cells automatically 

using ANN with Back-propagation (BP) method. They 

classified the slides of the cervical cells into mild cancer cells, 

moderate and severe cancer cells. During 1998, Tumer et al. 

detected the cervical cancer cells using radial basis function 

(RBF) networks [32]. They showed the experimental results 

for both RBF network and Multi-layer Perceptron (MLP) 

network. From the input Pap smear slides, the features are 

extracted and then fuzzy rules are applied for classifying the 

normal and abnormal cells was introduced by Zhong Li et al. 

[33]. The cervical cancer cells are predicted using the new 

ANN-based method was developed by Takashi et al. [34]. 

Royan et al. [35] proposed Artificial Neural Network and 

Learning Vector Quantization (LVQ). Preprocessing , filtering 

and feature extraction are some of the modules used  to 

categorize the normal and abnormal cells of cervix region. M. 

Kusy et al [36] proposed a gene programming which 

compares the MLP, probabilistic NN and RBF. In this, the 

chromosomes are considered as fixed length linear strings. Its 

structure is ordered as head and tail. The gene’s length is 

depending on the head size, the MLP used consist of of few 

layers (i) input layer has the features, hidden layer has the 

number of nodes that are predefined and the output layer is 

comprised of response neurons. Usage of MLP in ANN is the 

technique proposed by N. Wickramasinghe et al to perform 

the thinking. Due to better understanding and results, ANN 

architecture has one input and one output and no restriction in 

the number of hidden layers [37]. To overcome the cell 

overlapping , Babak et al proposed a novel Pap smear where 

cancer cells undergoes two process, preprocessing using MLP 

and feed forward MLPNN[38]. The hybrid approach for 

detecting cervical cancer was executed by Phatak et al. where 

they combined Support Vector Machine (SVM) and ANN 

[39]. 

Table 1 compares the merits and demerits of different 

algorithms which obtain good accuracy in classifying cervical 

cancer cells using machine learning algorithms. This table 

also contains the information related  
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Table 1 Comparison of different cervical cancer classification algorithms

Sl.No Title of the paper Author Method Merits Demerits Year 

1 

Enhanced Colour 

Image Segmentation 

on Cervical Cytology 
Image 

Dr. E.R. 

Naganathan, S. 

Anantha 

Sivaprakasam and 
V. Saravana Kumar 

K-means 

clustering 
algorithm 

Faster convergence It depends on 

initial seed  

Hard to obtain 
optimal solution 

2013 

2 

Segmentation of 

Cervical Image Using 

Unsupervised 

Clustering 

Algortihms with 

L*u*v Color 
Transformation 

Anantha 

Sivaprakasam 

Sivaprakasam and 

Naganathan Ealai 

Rengasari, 

 unsupervised 

methods in 

L*U*V color 
transformation  

Image is 

segmented using 

fast K-Means with 

weighted and 

careful seeding 

method and Fuzzy-

C-means clustering 
method. 

Noise & 

Over 

Segmentation 

Reduced accuracy 

 

2015 

3 

Automatic Cervical 

Image Segmentation 

using Arithmetic and 
Threshold Concept 

Anantha 

Sivaprakasam 

Sivaprakasam and 

Naganathan Ealai 
Rengasari, 

To segment the 

nucleus and 

cytoplasm from 

cytology image 

using 

arithmetic and 

automatic 

thresholding 
concept 

Improved first cell    

nuclei  

the intensity value      

of the nuclei is      

increased using    

Minimum filter. 

Over-

segmentation of 

the nuclei and 

cytoplasm 

dwindle the 

segmentation 
accuracy. 

2014 

4 

Automatic Cervical 

Cell Segmentation 

and Classification in 
Pap Smears 

Thanatip 

Chankong, Nipon 

Theera-Umpon and 

Sansanee, 
Auephanwiriyakul 

Automatic 

cervical cell 

segmentation 

and 

classification in 

Pap Smears 

single cervical cell 

image was 

segmented into 

nuclei, cytoplasm 

and background 

using FCM 
techniques  

Not suitable for 

the image with 
multiple cells 

2014 

5 

Automatic Color 

Nuclei Segmentation 

of Leukocytes for 

Acute Leukemia 

Naveed Abbas and 

Dzylkifli 
Mohamad,  

Automatic 

segmentation 

of nuclei of 

Leukocytes 

using Otsu 
method  

 Improved 

accuracy in cell 
classification 

Segmentation 

accuracy differs 

from image to 

image because of 
over-segmentation 

2014 

6 

A Review towards 

Evolutionary 

multiobjective 

optimization 
algorithm   

 

S. Sharma et al To develop 

multi objective 

evolutionary 
algorithms. 

Various meta 

heuristic technique 

such as differential 

evolution, Genetic 

algorithm, 

gravitational search 

algorithm(GSA) 

and particle swarm 

optimization (PSO) 

have been used to 

solve multi 
objective problems. 

Need optimization 

to get the desired  

robust output 

2014 

7 

A Framework for 

Diagnosing Cervical 

Cancer Disease Based 

on Feedforward MLP 

Neural Network and 

ThinPrep 

Histopathological 

Cell Image Features, 

Neural Computing 
and Applications 

 

 

Babak Sokouti, S. 

Haghipour and A. 
D. Tabrizi, 

Levenberg–

Marquardt 

feedforward 

MLP neural 

network 
(LMFFNN)  

Good agreement 

between the expert 

decision and values 

gained from the 
ANN model 

 

 Still problems in 

identifying the 

boundaries of 

overlapping cells 

2014 
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8 

Classification of 

Images of Cervical 

Cancer Using SVM 

and 

ANN Engineering, 
issue  

A. S. Phatak and B, 
P. A. 

Support Vector 
Machine 

and 

Artificial 

Neural 

Network 

Improved accuracy  Extensive  data 

for manual 

interprepation and 

analysis  

 

Classification and 

segmentation is 

particularly 

critical for 

diagnosis and 
treatment purpose. 

2015 

9 

Morphological 

Characteristics of 

Cervical Cells for 

Cervical Cancer 

Diagnosis 

Rahmadwati et al. Hybrid 
Approach 

Improved accuracy 
in segmentation 

Due to             K-

means algorithm , 

poor optimal 

solution is 

obtained. 

2010 

10 

A Hybrid Image 

Segmentation of 

Cervical Cells by Bi-

group Enhancement 
and Scan Line Filling 

Mohideen Fatima 
et al 

Bigroup 
enhancement 

Undergo 

segmentation and 

edge detection  

Not suitable for 
overlapping cells 

2012 

11 

Machine learning 

Technique for 

detection of 

Cervical Cancer 

using k-NN and 

Artificial 

Neural Network 

P. K. Malli, S. 
Nandyal [40] 

K-Nearest 

Neighbours (k-
NNs) 

and Artificial 
Neural 

Networks 

(ANNs). 

k-NN 
Classification 

and  

Coupled fuzzy 
based 

segmentation  

 

Large accuracy 
difference 

for different 

types of cells. 

2017 

12 

Cervical Cancer 

Detection and 

Classification 

Using Texture 

Analysis 

M.K. Soumya, K. 

Sneha and C. 

Arunvinodh [41] 

Texture 

analysis or  

feature 
extraction  

using GLCM 
and 

cell 
classification 

using SVM 

Outperformed  in 

Statistical features 

and 

transform features  

 

Results differ for 

different types of 

images 

2016 

13 

Cervical Cancer 

Prediction using 

Data Mining  

 

D. N. Punjani, K. 
H. Atkotiya [42] 

Decision Trees. Used to identity 

low, moderate and 

high level of 
cancer for a patient 

Only general 

attributes are used  

Not specific  

to cervical cancer. 

2017 

14 

DeepPap: Deep 

Convolutional 

Networks for 

Cervical Cell 

Classification 

L. Zhang, L. Lu, I. 

Nogues, R. M. 

Summers, S. Liu et 
al., [43] 

Convolutional 

Neural 
Networks 

(CNNs) 

Deep features are 

automatically 

extracted from cell 
images using CNN 

1. Takes more 

evaluation time 

for single patch 

cell approximately 
3.5 seconds 

2. Nucleus center 
is 

required for 

Implementation. 

3. Incorrect 

classification of 
few cells 

2018 
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3.  CONCLUSION  
In this paper, various causes of cervical cancer followed by 

various methods and algorithms used for detecting cervical 

cancer cells at its early stage is discussed. The common 

problem identified in most of the researches is noise, over 

segmentation, obtaining poor optimal solution, not suitable for 

overlapping cells, classification issues etc. The research on 

classifying cervical cancer is not bounded to single problem, 

the study of complexity of cell nature need to be done in 

detail. This will helpful in determining the successful 

prediction of cervical cancer at its early stages.  
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