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ABSTRACT Cervical cancer is the second most common gynecologic cancer among women. Cervical cancer can
be prevented completely if found at the initial stages. Pap smear test is a simple screening procedure for detecting
the cervical cancer at the early stage. Pap smear image analysis is an open issue which does not show satisfactory
results. The limitation of the analysis is due to the complexity of the cell structure. The smear image analysis
struggles with issues like overlapping and folding of cells. Segmentation of individual cytoplasm and nuclei from the
cluster of overlapped cervical cell helps in detecting the cancer. Appropriate classifiers are used to classify the
smear image as normal/abnormal using the identified parameters. This paper provides collective reviews on
cervical cancer analysis which includes various segmentation approaches for overlapping problems, parameter
identification methodologies and classifiers used for smear image analysis.

INTRODUCTION

Cervical cancer is considered as the fourth
most common cancer among women and the
seventh most common cancer overall. Ninety
percent of cervical cancer deaths occur in de-
veloping countries due to the lack of screening
programs. Cervical cancer begins in the uterine
cervix, which forms the lower part of the uterus.
The uterus and the vagina (which is called as
birth canal) are connected by cervix. There are
two parts of cervix: (i) end cervix, (ii) ectocervix.
End cervix is the part which is closest to the
body of the uterus. Ectocervix is the part next to
the vagina. There are two main cells covering
the cervix: (i) squamous cell which covers the
ectocervix and, (ii) glandular cells that covers
the end cervix. There two cells meet at a point
which is the transformation zone. The location
of the transformation zone gets altered due to
aging and after pregnancy. Cervical cancer most-
ly occurs in cells that are present in the transfor-
mation zone. The affected cells in this zone will
not suddenly change as cancer cells. Initially
the cells develop into pre-cancerous cells then
it will change to a cancer cell. The pre-cancer-
ous cell stages are described as cervical intraep-
ithelial neoplasia (CIN), squamous intraepithe-
lial lesion (SIL) and dysplasia. Pap test helps in
detecting these changes at the early stage which

can be treated to prevent cancer. Pap smear im-
ages are microscopic images. Pre-cancer/cancer
cells are identified by the nature of the cell struc-
tured viewed under a light microscope. Squa-
mous cell carcinoma and adenocarcinoma are
the two major types of cervical cancer. Aden
squamous carcinoma is another type of cancer
which has the mixed features of squamous cell
carcinomas and adenocarcinomas which is less
common.

The Papanicolaou test which is abbreviated
as Pap test also known as Pap smear/cervical
smear/smear test. Pap test is a cervical screen-
ing procedure that helps in detecting the pre-
cancerous and cancerous cells in the cervix. A
regular Pap test helps in preventing the cervical
cancer at the early stage.

Pap test is done by collecting the cells at the
transformation zone. These cells are then exam-
ined under light microscope to find the abnor-
malities. The factor that affect the sensitivity of
Pap test are: (i) number of sampled cells, (ii) over-
lapping among cells, (iii) poor contrast of cyto-
plasm, (iv) presence of mucus and, (v) blood
and inflammatory cells. Automated cell deposi-
tion techniques are used which help in mono
layer preparation, removal of blood, mucus and
debris and help to get smear image with less
overlap. These automated cell deposition tech-
niques help in improving the sensitivity and
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specificity and ease in detecting, segmenting and
classification of microscopic cells. Cell detection
and segmentation are the major issues for auto-
mated analysis of cervical cytology specimen.

Recently, Bora et al. (2017) proposed an au-
tomated method to classify normal and abnor-
mal cells. In this process Ripplet Type I trans-
form, Histogram first order statistics and Gray
Level Co-occurrence, Matrix have been used.
Dey et al. (2017) discussed this similar problem
for habitual smokers. Saha et al. (2017) proposed
a method, which is circular shape constrained
fuzzy clustering (CiscFC) for nucleus segmenta-
tion. This method provides precision of 0.96.
Zhang et al. (2017), discussed a Graph-Based
Segmentation method for abnormal Pap smear
cells.

Research work on Pap smear images focus
mainly on segmentation of overlapping cells, pa-
rameter identification and classification for de-
tecting the presence of cervical cancer. This pa-
per is a survey done on various segmentation
approaches, parameters identified and various
classifiers used for identifying the cancer. The
paper is organized as Section I: Various segmen-
tation approaches for segmenting the overlap-
ping smear images, Section II: Parameters iden-
tification and classification, Section III: Compar-
ative analysis, Section IV: Discussion and Sec-
tion V: Conclusion.

METHODOLOGY

Profile Based Method

In this approach, Bengtsson’s extracted fea-
tures from profile of cell images. This algorithm
used for both boundary and nuclei segmenta-
tion. Regions are evaluated based on the densi-
ty profile of image. Difference chain code meth-
od is used for analysis. From the analysis, size,
relative location of nuclei and overlapping posi-
tion are identified. Overlaps in the cell image
separated based on the concavity properties.
This test applied more than 200 images and at-
tained notable accuracy in segmentation.

Pixel Base Method

A fast boundary finding algorithm is dis-
cussed which works without threshold opera-
tion and without any interactive control. The
procedure can be described as a hierarchical

two-step algorithm. In the first step the image is
divided into two disjunctive regions, one of them
including the whole object of interest. In the
second step the problem of boundary finding is
suggested as a classification problem, which
means that for any pixel a four-dimensional fea-
ture vector is computed which allows classifica-
tion of pixels into contour elements and any other
pixels.

Fourier Transform Method

This method extracted features of mean, vari-
ance and entropy. This feature varies from nor-
mal to abnormal cells. For classification fourfold
validation method is used. For classification,
Bayesian classifier, linear discriminant analysis
(LDA), K-nearest neighbor (KNN) algorithms,
artificial neural network (ANN), and support
vector machine (SVM). The result from the sup-
port vector machine provides the best accuracy
and the lowest false rate. It achieves more than
ninety-two percent correct classification rate on
a set of 276 cervical single-cell images contain-
ing 138 normal cells and138 abnormal cells.

Segmentation of Nucleus and Cytoplasm

Segmentation helps in extracting the specif-
ic region of interest (ROI) of any object/image.
Pap smear cell has nucleus and cytoplasm. The
location of nuclei is a challenging issue due to
cell overlapping, inconsistent staining process
and the presence of artefacts. Automated analy-
sis of Pap smear image deals with the location of
nuclei and extracting the boundary. Initially sin-
gle Pap smear cell which has single nuclei sur-
rounded by cytoplasm is taken for analysis by
many researchers. Many segmentation method-
ologies are proposed for extracting the nuclei
and cytoplasm regions. When real time Pap
smear images are considered, the segmentation
algorithm should consider many addition infor-
mation about the overlaps and certain artefacts
which can make the segmentation to fail at some
point. More sophisticated algorithms should be
considered for automated analysis of Pap smear
to isolate the cell clusters and find the nuclei
and cytoplasm regions.

Thresholding is the most commonly used
process for segmenting the foreground from the
background. The foreground is generally con-
sidered to be the object of interest. The segmen-
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tation of cervical cell is based on intensity his-
togram where the segmentation is done by char-
acterizing the pixel. The nuclei are separated from
the cytoplasm and the background as the nuclei
has the darkest intensity pixels compared to
another region. Threshold selection methods,
segmentation of nuclei from a low-resolution Pap
smear image (Poulsen and Pedron 1995), an op-
timization process for segmenting the nuclei re-
gion, these methods help in extracting the nu-
clei from the smear image. Classifying the nuclei
as normal/abnormal using fuzzy radial basis func-
tion neural network (Kim et al. 2007) where the
thresholding help in image binarization for nu-
clei detection. The nuclei extraction is done based
on multiscale local adaptive threshold (Li and
Najarian 2007) with shape stability. Threshold-
ing done on mean filtered and rescaled pixels
helped in detecting the nuclei region.

Nucleus Segmentation

The nucleus segmentation is the extraction
of nuclei region (Plissiti et al. 2011) based on
colour information of the image. The nuclei is
extracted based on the colour characterization.
The method is suitable for both single and over-
lapping cell clusters. The method undergoes pre-
processing and yields binary mask. Finding the
candidate nuclei centroid using morphological
operators and refinement of candidate centroid
by spatial characteristics and nucleus circum-
ference is found. Finally, the nuclei is extracted
by two steps. The empirical rule helps to find
the distance between the centroid for reducing
the false positive value. Fuzzy C means and SVM
(Plissiti et al. 2011) classifiers are used to detect
the nuclei centroid. The performance analysis
of K means, spectral clustering, SVM using dis-
criminative features are done based on minimum
redundancy maximum relevance criteria. The
approach helps in extracting the nuclei and its
corresponding neighbourhood regions.

Fuzzy grayscale morphological operation
(Kim et al. 2006) is used to detect the nucleus
boundary using watershed transformation. Pix-
el classification techniques (Lezoray and Car-
dot 2002) detects nuclei markers and helps in
reducing the over segmentation problems. K
means and Bayesian classifiers are used to ex-
tract the nuclei. Nuclei detection is done based
on fuzzy rules and pixel classification. Segmen-
tation of nuclei is based on colour information

using fuzzy system and expert knowledge
(Vaschetto et al. 2009).

Wu et al. (1998) proposed parametric fitting
algorithm for segmentation with shape and re-
gion image information. The algorithm is related
to template matching process. Parametric ellipti-
cal model is developed for nucleus shape detec-
tion and the obtained parameters are adjusted
to fit in the nucleus region. Coarse and fine op-
timization search is done to find the optimal fit.
The shape information is considered which re-
duces the number of parameter and helps in de-
tecting the boundary of the nucleus.

A deformable template approach (Garrido and
Perez de la Blanea 2000) for segmenting the nu-
clei region was developed. The approach in-
cludes location of nucleus, elliptical approxima-
tion of nuclei boundary and refinement of bound-
ary using deforming models. Generalized Hough
transform is used to detect the nuclei location.
Deformable template approach is used to extract
the exact nucleus boundary. Active contour model
(Bam ford and Lovell 1998) is used to extract the
nuclei boundary. The contour model is initialized
by search space construction by which the pos-
sible points to locate the nuclei boundary is done.
The search space is done by Viterbi search based
dual active contour algorithm.

Plissiti (2011) presented a method to segment
the nuclei region which is a combination of phys-
ical based model with active shape model (ASM).
The training is done based on the shape of the
nuclei represented by vibration of a spring mass
system. The deformable model which is devel-
oped based on physical model is used for train-
ing. The deformable model with shape model is
used for training and helps to identify the nuclei
region. The morphological operation is per-
formed to define the candidate nuclei centroid.
GVF is applied for segmenting the candidate
nuclei boundary. Fuzzy C means clustering help
in the final decision for determining the candi-
date nuclei with the GVF snake which gives a
better accuracy in nuclei detection. The shape
of the nuclei is segmented using elastic seg-
mentation algorithm (Bergmeir et al. 2012). The
noise in the image is removed using mean shift
and median filtering and the edges of the nucle-
us region is detected by canny edge detector.
The candidate nuclei is generally elliptical shape
which is initially identified using randomized
Hough transform and then processed using lev-
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el set algorithm. A database of 207 images are
taken for analysis and the algorithm gives prom-
ising results compared with another algorithm.

Segmentation of Cytoplasm and Nucleus

A pixel classification method (Lassouaoui
and Hamami 2003) was developed based on multi
fractal algorithm. The algorithm is used to clas-
sify the pixels of the image into background,
cytoplasm or nucleus. Genetic algorithm is an
optimization technique used to reclassify the
pixels of the image as the above three catego-
ries. The optimization helps in preserving the
detected area.

The nucleus, cytoplasm and background is
detected using predefined criterion function
based on statistical object structure. The local
spatial likelihood functions with prior probabili-
ties are considered as criterion function. K mean
algorithm with iterative procedure helps in
grouping the pixel into any three categories.
Modified seed based region grouping is used
for cervical cell segmentation. K mean cluster-
ing algorithm for classifying the pixel into three
region cytoplasm, nucleus and background.
Seed pixel location and calculation of moments
are used to relate the pixel to any of the three
regions.

A geometric active contour without re-ini-
tialization (GACWR) (Harandi et al. 2010) helps
in classifying the image into three region free
lying cells, connected cells and irrelevant ob-
jects. The original image is divided into sub im-
ages. Binary mask is developed for each sub-
images which helps to remove the irrelevant
objects. An initial contour is created using
GACWR for each cell. This method helps in seg-
menting the cytoplasm and nuclei boundaries.

In linear contrast enhancement method is
used for segmenting the nucleus and cytoplasm.
The noise is removed using median filter and
preserves the edge and boundary of the nucle-
us and cytoplasm from the background. The
nucleus contour is extracted by maximum grey
gradient difference method. Radiating gradient
vector flow (RGVF) snake algorithm for extract-
ing the nucleus and cytoplasm. K means clus-
tering algorithm is used to extract the region of
nucleus, cytoplasm and background separately.
RGVF snake is then applied which include edge
map computation and stack based refinement

for boundary detection of nucleus and cyto-
plasm. Herlev dataset with 917 images is used
for study.

A gradient direction edge enhancement
based contour (GDEEBC) detector method is
used for segmenting nucleus and cytoplasm.
Trim meaning filter is used to remove impulse
and Gaussian noise in cervical images and pre-
serve the edges in the image. The nucleus and
cytoplasm regions are segmented using bi group
enhancer. The gradient direction enhancer is
used to suppress the noise gradient and helps
to improve the brightness of the nucleus and
cytoplasm contour. The algorithm is also appli-
cable for other types of images. FCM clustering
algorithm is used for segmenting nucleus and
cytoplasm. Two types of random number gener-
ators are considered as the membership matrix.
Few parameters are measured. They are parti-
tion coefficient, partition entropy, compactness
and separation function. The segmentation is
performed based on the shape and the calculat-
ed parameters.

Tsai et al. (2008) presented the work to de-
tect the nucleus and cytoplasm using CNC (Cy-
toplasm and nucleus detector). The CNC uses
median filter to remove the noise. The noise is
suppressed and the object boundary is bright-
ened by bi group enhancer. The cytoplasm is
differentiated from the background using K
means clustering and maximal colour difference
method is employed for extracting the contour
of the nucleus. An unsupervised approach for
segmenting the cervical cell is proposed. The
method uses Herlev and Hacettepe dataset. The
segmentation involves two stages. The first seg-
mentation stage uses homogeneity and circu-
larity property to partition the image into sub
region called as multi scale hierarchical segmen-
tation. The cells are separated from background
using thresholding based on morphological op-
eration. The second stage is about classifying
the region into nucleus and cytoplasm. The bi-
nary classifier is used for this purpose. The oth-
er classifiers used for the classification are Baye-
sian, decision tree, support vector machine.

The cytoplasm and nucleus is segmented
from the clusters of overlapping cell using level
set optimization approach (Lu et al. 2013). The
researchers have developed Adelaide Pap smear
dataset with real free lying cells and synthetic
overlapping cell images. The initial step is to
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extract the free lying cells and their nucleus from
the background. The level set optimization al-
gorithm is used to segment the nucleus and cy-
toplasm. The optimization algorithm helps in
calculating the area and length of each cell, the
amount of overlapping, and the grey values in-
side the overlapping regions. Polar gradient vec-
tor field (PGVF) snake algorithm (Chuanyun et
al. 2013) helps in segmenting the nucleus and
cytoplasm boundary. The dataset used for the
analysis is Herlev dataset. The input image is
taken, the Descartes coordinates of the image is
converted to polar coordinates. The boundary
of the cell is obtained using the Sobal operator
and the interference elements present on the
boundary is identified by sand inhibition meth-
od. Now the polar coordinates of edge map are
again converted back to Descartes coordinates.
Gradient vector flow snake algorithm is then
applied to segment the nucleus and cytoplasm
regions.

 The patch based fuzzy C-means clustering
method (Chankong et al. 2014) helps in segment-
ing the nucleus and cytoplasm. The dataset used
for the analysis is Herlev dataset. The input im-
age is converted to grayscale image. The medi-
an filter is applied on the image to remove the
noise and smoothen the image. The FCM clus-
tering is now applied on the smoothen image to
segment the image into three regions, they are
nucleus, cytoplasm and background. FCM helps
in sorting the patches by its center value. From
this the patches with darker value is considered
as nucleus and if the patch value lies between
nucleus and cytoplasm threshold is the cyto-
plasm and other values are the background.

The graph cut approach (Zhang et al. 2014)
is presented for segmenting the cervical cell
based on global and local schemes. Multi-way
graph cut approach is used to segment the cy-
toplasm region from background and consid-
ered as the global scheme. The local adaptive
graph cut is used as local scheme for segment-
ing the nucleus region. The touching nuclei are
separated by identifying the concave points.

Segmentation of Overlapping and Touching
Nuclei and Cytoplasm

An overlap detection algorithm (Bengtsson
et al. 1981) for segmenting the overlapping nu-
clei base on nucleus contour and density profile

is proposed. The nuclei contour is extracted by
thresholding. The concavity nature along the
contour is identified and features are extracted
for verifying the nuclei as single or overlapping
nuclei. The overlapping nuclei region is extract-
ed based on distance transform and topograph-
ic surface determined by distance transform. The
parameters of the nucleus are determined using
EM algorithm. The overlapping nucleus is sepa-
rated using separation lines defined by a criteri-
on function. Constrained ellipse fitting technique
is used to reconstruct each occluded nucleus
area.

Segmentation of overlapped nuclei is con-
sidered as optimization problem and a marker
based H-minima transform (Jung and Kim 2010)
is introduced which help in obtaining the dis-
tance map to segment the nuclei region. Seg-
mentation of cervical cells is done using local
and global scheme based on graph cut segmen-
tation (Zhang et al. 2014). Multi way graph cut is
performed with global scheme on a* channel
enhanced images for segmenting the cytoplasm
region. The approach is effective when the im-
age histogram is a non-bimodal distribution.
Local scheme based graph cut approach is use-
ful to segment the nuclei region especially when
they are abnormal which needs the information
on intensity, texture, boundary of the nuclei re-
gion. The touching nuclei is segmented based
on concavity points.

Classification Techniques

The extracted features are given as inputs to
the classifier. The classifier gives the informa-
tion related to the cervical cell. The classifier
result helps in classifying the cell into normal
and abnormal cell.

Oliver et al. (1979) presented the work to clas-
sify the cervical cell as normal/abnormal by Bayes
rule which is based on two decision rules. Tex-
ture features are extracted using parametric Bhat-
tacharya distance formulation. These features
are considered as input to the classifier. The clas-
sifier is used for classifying the Pap smear sam-
ples using Bayes classifier. The Bayesian clas-
sifier is used by other researchers (Chankong et
al. 2009) for classifying the cervical cell.

 The neural network based classifier is used
for classifying Pap smear cell, hierarchical hy-
brid multilayer perceptron network, where the
cervical cell is classified into three types normal,
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low and high grade squamous intraepithelial le-
sion. The mentioned classifier is compared with
RBF, MLP and HMLP networks with 1 to 50 vary-
ing hidden nodes. The work is done with 550
annotated Pap smear images. Gallegos-Funes et
al. (2009) proposed rank M type radial basis func-
tion neural network for classifying the Pap smear
image. The parameters are estimated using me-
dian M type estimator. The sensitivity and spec-
ificity are calculated and compared with simple
median RBF neural network.

 A feed forward neural network with back
propagation as training method helps to classi-
fy the Pap smear cell. The training method em-
ploys variable learning rate and network uses
single hidden layer for classification. Multilayer
sigmoid neural network is used for classifying
the Pap smear images. The network uses Levan-
berg Marquardt back propagation training algo-
rithm which is comparatively better than fuzzy
classifiers. Fuzzy RBF classifier (Kim et al. 2007)
is used for classifying the nuclei as normal and
abnormal. Fuzzy adaptive resonance theory al-
gorithm (Kim et al. 2006) is used for classifying
the Pap smear image into three category normal,
abnormal and cancerous cells.

 The Pap smear cell image is classified into
normal and abnormal using support vector ma-
chine (SVM) (Chankong et al. 2009). SVM (Zhang
and Liu 2004) based classifier is used for classi-
fying multispectral Pap smear images. A system
is used with dual wavelength method for sepa-
rating cytoplasm and nuclei. The method in-
volves four steps segmentation, feature extrac-
tion, cell and smear classification. Linear dis-
crimination analysis is used for classification.
The nucleus detection is done by nucleus defi-
nition failure logic based on the regions like sur-
face cell, intermediate cell, parabasal cell, cylin-
der cell, dyscaryotic surface, intermediate and
parabasal cell. The discriminant analysis helps
in categorizing the cell into surface and inter-
mediate as one group, parabasal and cylinder
cell into the second group and the third group
includes malignant cells. The smear classifica-
tion helps in classifying the single cell as nor-
mal by counting the number of atypical cell and
others as abnormal. The limitation of the ap-
proach is the wavelength selection of cell based
on thresholding.

 The classification of Pap smear image data
analysis is based on numerical measure (Jantz-
en and Dounias 2006). The data analysis fol-

lows manual classification of cell classes, fea-
ture extraction and cell classification. The sam-
ple images are initially categorized into seven
groups/classes: superficial squamous epithelial,
columnar epithelial, dysplasia, mild, moderate and
severe squamous non- keratinizing, and squa-
mous cell carcinoma. The superficial squamous,
columnar and dysplasia are normal cells and oth-
ers are abnormal cells. The classifier is trained
with twenty features like nucleus and cytoplasm
area, nucleus to cytoplasm ratio, brightness of
nucleus and cytoplasm region, shortest and
longest diameter of nucleus and cytoplasm,
elongation of nucleus and cytoplasm, round-
ness of nucleus and cytoplasm, nucleus posi-
tion, maximum and minima nucleus and cyto-
plasm. The degree of overlap is obtained by
finding the distance between each class cen-
ter. This simple minimum distance classifier is
compared with other classifiers. The classifier
helps in classifying the cell into mild, moderate
and severe dysplasia.

 Genctav et al. (2012) proposed an unsuper-
vised approach for segmenting nucleus and cy-
toplasm. Two stages of segmentation is carried
out. Multi-scale hierarchical segmentation is
used to partition the image into various sub re-
gions. The partition is done based on homoge-
neity and circularity. The foreground is separat-
ed from background using thresholding followed
with morphological operation. The second step
is to discriminate the regions into nucleus and
cytoplasm which is done using binary classifier.
The other classifier used is Bayesian classifier,
decision tree, SVM, combination of all three-clas-
sifier using sum and product of posterior proba-
bility. Adaptive network based fuzzy inference
system is compared with various clustering
based classifier like fuzzy C means, nearest
neighbourhood and Gustafson Kessel classifi-
ers. The classification performance can be im-
proved by feature reduction obtained using sim-
ple simulated annealing operation. The classifi-
cation of cervical cell is done using supervised
and unsupervised learning based on clustering
algorithm. Three different classifiers are used
for the work are hard and fuzzy C means,
Gustafson Kessel with K fold. Comparing the
three classifiers supervised Gustafson Kessel
gives better performance with simulated anneal-
ing process.

 The feed forward neural network is trained
with Leven Berg Marquardt with adaptive mo-
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mentum (LMAM) and Optimized Leven Berg
Marquardt with adaptive momentum (OLMAM)
(Ampazis et al. 2004). LMAM and OLMAM is
the two second order algorithm applied on Her-
lev dataset for classification. The performance
of the classifiers is done using 10-fold cross
validation and then it is compared with intelli-
gence approaches. The discrimination of classi-
fiers as two and seven class is done using in-
ductive and transductive classifiers (Norup
2005). The classifier used are inductive and trans-
ductive model classifier, linear least square net-
work, nearest, K nearest and weighted K near-
est neighbour classifiers. Neuro fuzzy inference
method for transductive reasoning is done and
the results obtained are not promising compared
to the work previously done. The classification
was done with 20 fixed features without any fea-
ture reduction algorithm.

 Marinakis and Dounias (2006) presented
various nearest neighbourhood classifiers by
features obtained by Tabu search algorithm and
the performance of the classifiers are analysed.
The various classifier used are 1-nearest neigh-
bor, 3-nearest neighbor, 5-nearest neighbor,
weighted 3 and 5 nearest neighbour classifiers.
The k fold cross validation is used for analysing
the performance. The classification of cervical
cell into normal or abnormal is done using nu-
cleus area (Plissiti and Nikou 2012). Two unsu-
pervised classifiers namely spectral clustering
and fuzzy C means are considered for classifica-
tion. Non-linear techniques like kernel PCA,
Laplacian Eigenmaps, locally linear embedding
techniques and Isomap are used for feature re-
duction. The analysis reported that the consid-
ered nucleus area as single feature gives a bet-
ter result than the combined 20 features of both
nucleus and cytoplasm region.

Chankong et al. (2014) presented artificial
neural network for classifying the cervical cell.
The two class and seven class problem is ad-
dressed. The classification is done using nine
features considering both nucleus and cyto-
plasm regions. Six features are related to nucle-
us and remaining features are related to cyto-
plasm. The k fold cross validation is considered
for performance analysis. Finally, the artificial
neural network is compared with other classifi-
ers like K-NN, Bayesian, SVM and LDA. ANN
with 5 nucleus based feature with ERUDIT
achieved 96.2 percent and 4 and 2 class achieved
97.83 percent accuracy. The accuracy was 93.78

percent and 99.27 percent for 9 cell based fea-
tures for 7 and 2 class problem. For LCH dataset
the accuracy 9 cell based feature was 95.00 per-
cent and 97.00 percent for 4 and 2 class problem.
Mariarputham et al. (2015) proposed a classifi-
cation system for seven class problem called as
nominated texture based cervical cancer classi-
fication system. The features used for the clas-
sification are relative size of nucleus and cyto-
plasm, relative displacement of nucleus, tamura
features, grey level co-occurrence matrix, dynam-
ic range of nucleus, first four moments of inten-
sities of nucleus, edge oriented histogram. The
classifiers used for the analysis are SVM and
neural network. Various combination of the fea-
tures is considered for the analysis. The k fold
cross validation is used for the performance val-
idation. From the analysis the linear kernel SVM
is considered better.

 Sajeena and Jereesh (2015) proposed an au-
tomated method for cervical cell segmentation
and classification. Radiating gradient vector flow
(RGVF) snake is used to segment the cervical cell
into nucleus, cytoplasm and background. The
dataset used for the analysis is Herlev dataset.
Seven cell classes of the dataset are used for clas-
sification. The features of cell and nucleus are
considered. The classification of cell into normal
and abnormal is done using SVM, ANN and Eu-
clidean distance based system. Guven and Cen-
gizler (2014) proposed data cluster analysis based
classification of overlapping nuclei of Pap smear
images. An unsupervised clustering approach is
used for finding nuclei region. The morphologi-
cal operations are performed for refining the out-
put obtained using clustering method. The clus-
tering helps into segment the nuclei region into
overlapping and non-overlapping. The features
extracted are two local minima and three shape
based features for identifying the overlapping
regions. The classification is performed based
on feature score, precision, recall values. From
the analysis the unsupervised approach with
extracted features helps in detecting the over
lapping nuclei.

RESULTS AND DISCUSSION

This study consolidates the various meth-
ods of segmentation, classification and most
probable features to identify the Pap smear cells
in semi-automated and automated systems. Ta-
ble 1 shows the various segmentation methods
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and its performance comparison.  Spectral clus-
tering method provides the least accuracy which
is 82.46 percentage. Support Vector Machine
(SVM) and Artificial Neural Network (ANN) net-
works provide better results of ninety-six and
ninety-seven percentage of accuracy in the clas-
sification process.

More over the effectiveness of the segmen-
tation and classification of pap smear images is
depends on the feature which is used for seg-
mentation. In this study shows that, texture and
shape based segmentation method provides
better results. Filtering and clustering based
methods like Laplacian, fuzzy clustering meth-
ods provides better results. Segmentation is
more accurate using Snake models in Pap smear
images. Still these snake models not suitable for
automated analysis due to the segmentation time
constraints and reliability.  This study provides
the key values to researchers to carry out their
research in the updated models like CNN archi-
tectures, deep neural networks in various imple-
mentation platforms.

CONCLUSION

The automated analysis of Pap smear image
is the challenging issue in computer vision and
scientific filed. The segmentation of nucleus,
cytoplasm and background regions are challeng-
ing task in cervical cancer analysis. The feature
extraction is the next step after segmentation.
Feature selection is the next problem which
should be addressed which is given as the input
for the classifiers. Identifying the classifiers for
classification is also one of the important tasks
for automated analysis of Pap smear images. The
paper gives a review report for automated anal-
ysis with various methods adopted for nucleus
and cytoplasm segmentation, the features used
for classification and the various classifiers like
LDA, KNN, SVM, PCA, etc., for cervical cell
study are also discussed.

RECOMMENDATIONS

In Pap smear cell analysis, feature selection
and classification techniques plays a major role.
Selected method need to be fulfilled for various
resolution of Pap smear images. SVM and neu-
ral networks provides better results and suit-
able for this analysis. Further, different kind of
Convolutional Neural Networks architectures

and deep neural networks with large number of
datasets will be a better alternate for segmenta-
tion and classification of Pap smear images.  This
method will overcome the problems in classifica-
tion of Pap smear images in various resolutions.
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