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Abstract
This study aims to detect the abnormal growth of tissue in cervix region for diagnosis of cervical cancer using Pap test of patients.
The proposed methodology classifies cervical cancer for pattern recognition either benign or malignant stages using shape and
neuro-fuzzy based diagnostic model. In this experiment, firstly the authors segment Pap smear images of cervical cells using
fuzzy c-means clustering algorithm and shape theory to classify them according to the presence of abnormality of the cells.
Secondly the features extraction process is performed in the part of nucleus and cytoplasm on the squamous and glandular cells
and the authors used input variables such as cytoplasm area (CA), cytoplasm circularity (CC), nucleus area (NA), nucleus
circularity (NC), nucleus-cytoplasm ratio (NCR), and maximum nucleus brightness (MNB) in fuzzy tools and used fuzzy rules
to evaluate the cervical cancer risk status as an output variable. The proposed neuro-fuzzy network system was developed for
early detection of cervical cancer. A neural network was trained with 15-Pap image datasets where Levenberg–Marquardt(LM) a
feed-forward back-propagation algorithmwas used to get the status of the cervical cancer. Out of 15 samples database, 11 data set
for training, 2 data set for validation and 2 data set for test were used in the ANN classification system. The presented fuzzy expert
system(FES) successfully identified the presence of cervical cancer in the Pap smear images using the extracted features and the
use of neuro-fuzzy system(NFS) for the identification of cervical cancer at the early stages and achieve a satisfactory performance
with 100% accuracy.

Keywords Cervical cancer . Pap smear images segmentation . Features extraction . Shape theory . Neuro-fuzzy classification
system

Introduction

In our study Mathematical Shape theory and Neuro-Fuzzy
based methodology that are used in screening test of Pap
smear images for the abnormal growth of tissue in the cervical
cells at the early stages. In our previous work, we have made a
discussion that nanoscale (1 × 10−9 to 100 × 10−9m)-sized par-
ticles are of great importance because of their biophysical and

chemical properties at atomic /molecular scale level as report-
ed by Majumder [1, 2].This comparative investigative study
has been done in understanding the measurement of benignan-
cy and malignancy based work by Kar and Majumder [3].
Physicians are able to detect the abnormal growth of tissue
in a CTscan andMR images of the brain in the very early pre-
cancerous stages. Several shape-based features like shape dis-
tance (SD) and shape similarity measure (SSM) of brain of the
above-mentioned patterns are extracted from CTscan andMR
images for classification results. We have experimented with
the development of a medical expert system for diagnosis and
treatment using soft computing approaches such as the fuzzy
inference system (FIS) and ANN for decision-making in on-
cology in breast cancer, brain cancer and cervical cancer.. We
have developed a new approach to decision-making in oncol-
ogy which has been successfully applied to the early diagnosis
and therapy planning of breast cancer and brain cancer. In this
study, we propose to apply the same approach to the early
detection and treatment planning of cervical cancer. Pap smear
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test of a patient is very important medical diagnosis to detect
pre-cancerous changes in the cervical cells and findings the
important risk factor for cervical cancer caused by HPV infec-
tion [4]. In the first stage, we have made a segmentation pro-
cedure of Pap smear images using fuzzy c-means clustering
algorithm [5–7] with the help of two types of random number
generators corresponding membership matrix for each pixel.

In this study, three validity measures such as partition
coefficient(PC), partition entropy(PE) and compactness and
separation function(SC) are used for getting good clustering
results. Mathematical theory of shape are used here to classify
them according to the presence of abnormality in the structural

behaviuor of the cells [8]. Secondly, we extracted features
such as cytoplasm area (CA), cytoplasm circularity (CC), nu-
cleus area (NA), nucleus circularity (NC), nucleus-cytoplasm
ratio (NCR), and maximum nucleus brightness (MNB) which
are taken from the part of nucleus and cytoplasm on the squa-
mous cells and glandular cells [9–11].These extracted features
are considered as input variables and fed it into fuzzy tools and
using fuzzy rules to evaluate the cervical risk status as output
variable. In the third stage, the extracted features datasets are
classified using neuro-fuzzy classification system and we suc-
cessfully recognized the abnormal cells such as squamous
intraepithelial neoplasia (SIL) and differentiated them from

Fig. 1 a Basal cells: Normal cell,
Moderate dysplasia (CIN 2),
Severe dysplasia (CIN3) and CIS
(Carcinoma-in-situ) b Image
segmentation of a cervical cell:
original cell, cytoplasm and
nucleus

Table 1 Data description

Pap images /Extracted
features

Cytoplasm area
(CA)

Cytoplasm circularity
(CC)

Nucleus area
(NA)

Nucleus circularity
(NC)

Maximum nucleus
brightness (MNB)

Nucleus-cytoplasm
ratio (NCR)

Pap 1 680,029 0.7300 17,795.2 0.8520 102.6 38.976

Pap 2 50,446 0.7866 50,861.3 0.8630 90.33 10.723

Pap 3 700,000 0.8 120,000 0.7 95.2 32.4

Pap 4 450,000 0.5400 40,295 0.856 92 30

Pap 5 505,045 0.52 42,430 0.827 94 33

Pap 6 258,753 0.6480 112,275 0.8340 107.2 2.2290

Pap 7 194,935 0.7225 59,347.6 0.8400 90.75 3.3854

Pap 8 580,560 0.56 45,525 0.83 93 35

Pap 9 375,000 0.5 65,000 0.5 90 25

Pap 10 178,631 0.2487 40,367.2 0.6980 77.75 4.7378

Pap 11 620,450 0.62 47,425 0.84 96.13 36

Pap 12 650,700 0.65 48,456 0.85 95.12 34.2

Pap 13 560,402 0.58 44,350 0.812 92 32

Pap 14 640,720 0.74 54,350 0.83 94 34

Pap 15 630,420 0.72 52,450 0.82 96 35
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the normal epithelial cells. We have taken a 15-sample data-
base for the proposed work and experiment fed into Neuro-
Fuzzy System for classification of cervical cancer. We have
shown the early diagnosis of cervical cancer using a neuro-
fuzzy system(NFS) where LM is a feed forward back propa-
gation learning algorithm used to train the NN for a satisfac-
tory performance results.

Materials and Methods

The methodology is divided into three phases. Firstly cervical
cells are segmented using FCM clustering algorithm. The seg-
mented images of the cervical cells are analyzed with the help
of shape theory to classify them as normal or abnormal behav-
iour of the cells. Secondly the features extraction process is
performed in the part of nucleus and cytoplasm area on the
squamous cells and glandular cells. Thirdly, the extracted fea-
tures like CA, CC, NA, NC,NCR, and MNB are classified
using neuro-fuzzy system as benign or malignant in nature
(Fig. 1).

Data Description

For screening, out of 78 cervical cell images [12], we have
taken 15 sample database from the website Leica
Microsystems http://www.leica-microsystems.com/ [10] for
the proposed work and experiment for classification of
cervical cancer (Table 1).

Fuzzy C-Means Algorithm in Pap Smear Image
Segmentation

In Pap smear test, cervical cells are collected from the surface
of the cervix using a brush or spatula and are smeared to into a
slide. The slide is then stained Papaniclolaou method. The
staining makes it possible to observe the characteristics of
the cells under a microscope [11]. A stained slide when looked
upon under a microscope shows the cell nuclei and the cyto-
plasm along with the background. The cytologists look for
any cellular change in the slides. The factors that indicate
any abnormality are the change in the shape and size of the
cell nuclei, increasing nucleus-cytoplasm area ratio (N/C ra-
tio), and increasing chromatin content of the nucleus etc. We

Fig. 2 Block diagram of Pap
smear microscopic images
classification process by using
neuro-fuzzy system

Fig. 3 a Contour with major axis
and two intersecting points with
the contour b Directional codes,
Angle between d and i is (i-d)450

and Two reference points A and B
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mounted a high resolution camera on microscope through an
adapter. The 400x magnified microscopic images are shot by
the camera and passes into computer memory for analysis. We
consider colour Pap smear images in RGB colour [13] channel
for analysis. An image is nothing but a collection of pixels and

each pixel having a particular value for the three colour chan-
nels red (R), green (G) and blue (B). Hence to find the differ-
ent areas inside the image, we consider the image as a set of
data having pixel values R, G and B. This dataset
(x1,x2,x3......., xn) is classified using Fuzzy c-mean (FCM)
clustering algorithm to distinguish the different regions inside
image namely nucleus and cytoplasm [14]. To initiate the
clustering process we generate random numbers correspond-
ing to each of the R, G and B value. Three kinds of random
number generator are used, general random number generator,
chaos function and chaos function with timestamp. These ran-
dom numbers constitute the membership value (μ) of the
pixels. The μ value of the pixels are compared with that of
the cluster center and classified accordingly. The clustering
process segments the images namely into three classes: cyto-
plasm, nucleus and the background.

Features Extraction of Pap Smear Image

Our main work focuses on the segmentation of the cell
nuclei and the cytoplasm of the microscopic Pap smear
images of uterine cervix and classification of normal or
abnormal cells such as Cervical intra-epithelial neoplasia
(CIN) and Carcinoma in Situ (CIS) is based on Neuro-
Fuzzy system [15]. Fuzzy c-means algorithm used to
segment the images and generalized shape theory is ap-
plied to classify the images. The extracted features from
the part of nucleus and cytoplasm of the Squamous cells
(exocervix) and Glandular cells (endocervix) are cyto-
plasm area (CA), cytoplasm circularity (CC), nucleus ar-
ea (NA), nucleus circularity (NC),nucleus-cytoplasm ra-
tio (NCR), and maximum nucleus brightness (MNB).
Fifteen samples are taken and fed it into Neuro-Fuzzy
classification system [8, 12] (Fig. 2).

Table 2 Fuzzy sets of input variables

Input field Range Fuzzy set

Cytoplasm area 50,000–250,000 Very Small

150,000–450,000 Small

300,000–700,000 Medium

500,000–800,000 High

Cytoplasm circularity 0–0.4 Very Small

0.2–0.6 Small

0.4–0.9 Medium

0.7–1 High

Nucleus area 10,000–30,000 Very Small

20,000–40,000 Small

30,000–60,000 Medium

50,000–120,000 High

Nucleus circularity 0–0.5 Very Small

0.3–0.7 Small

0.5–0.9 Medium

0.8–1 High

Maximum nucleus brightness 60–80 Very Low

70–100 Low

85–105 Medium

95–120 High

Nucleus cytoplasm ratio 0–10 Very Low

5–25 Low

15–45 Medium

30–50 High

Fig. 4 Membership for the input
variables a cytoplasm area b
cytoplasm circularity
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Shape Based Analysis of Pap Smear Image

The perception of shape has been used for pattern recognition,
computer vision, shape analysis, and image registration. Here
we shall consider shape analysis and shape based similarity
measures based on Dutta Majumder’s generalized shape the-
ory, shape distance and shape metric approach [5, 16]. The
Generalized shape theory uses co-ordinate transformation of
landmark points of the region of interest (ROI) in the respec-
tive images. Whereas shape metrics and shape distance uses
degrees of match between the corresponding shapes of the two
nucleus images.

Generalized Shape Theory

In Generalized Shape theory we align on the basis of some
invariant landmark points on the boundary of the region of
interest (ROI) by means of translation and/or scaling and/or
rotation. We consider a geometrical figure X in Rk space

containing N control points that can be represented by X:
N×Kmatrix. Now two shapes, X and X´ are of the same shape
if they are related by the following rigid body transformation
equation X´ = βXΓ + INνΓwhere Γ: K × K is a rotation matrix
and |Γ| = 1, IN = N × 1 of one, ν= K ×1 is a translation vector,
β: isotropic scaling factor and > =0. It is possible to formulate
an approximate co-ordinate transformation for mapping be-
tween two sets of landmarks in a least square sense using
Taylor series expansion. For two sets of landmark points
(xm, ym) and (xm´, ym´), m = 1,2,…,n, one set can be expressed
in terms of other as follows:

x
0 ¼ q0 þ q1xþ q2yþ q3x

2 þ q4xyþ q5y
2þ ð1Þ

y
0 ¼ r0 þ r1xþ r2yþ r3x

2 þ r4xyþ r5y
2þ ð2Þ

The linear components of the Eqs. (1) and (2) are related to
the affine part and the higher order terms q3, q4, q5, r3, r4, r5 are
related to the non-affine (non-linear) part of the transformation
equations. So, we can say that affine and projective

Fig. 5 Membership for the input
variables c. nucleus area d
nucleus circularity

Fig. 6 Membership for the input
variables e. maximum nucleus
brightness f nucleus cytoplasm
ratio
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transformations are two special cases of generalized shape
theory. In affine transformation, one needs at least 3 landmark
points as it has 3 DOF (Degree Of Freedom), whereas projec-
tive transformation needs at least 4 control points. Our study
has shown that even in the case of change in structural (shape)
properties, the algorithm is general enough to capture the
changes. With the change, re-registration may be necessary
with different set of invariant points.

ShapeMetric and Shape Distance in Cancer Cell Image
Registration

We present a theoretic approach to define shape and shape
distance in our endeavor to apply the concept in cytolog-
ical image registration. The shape of an object is defined
as a subset X in R2 if (i) X is closed and bounded. (ii)
Interior of X is non-empty and connected. (iii) Closure
property holds on interior of X. An object, Y in R2 has
the same shape as X in R2 if it preserves translation, ro-
tation and scaling invariance. In terms of set, these three
transformations can be represented as follows:

Translation : Y ¼ xþ að Þ; yþ bð Þ : x; y ∈ Xf g;

where a, b are real numbers.

Rotation : Y ¼ P1 αð Þ:P2 βð Þ Xf g

where P1 & P2 are rotation around x and y axes respec-
tively, α. β ∈[0,2π)

Scaling : Y ¼ kx; kyð Þ : x; y ∈ Xf g;
where k is a + ve real number.

Each of translation, dilation and rotation defines an equiv-
alence relation on F. If R is an equivalence relation on F and
objects A,B,C ∈F then: Reflexivity: (A, A) ∈ R, Symmetry: if
(A, B) ∈R⇒ (B, A) ∈R, Transitivity: if (A, B) ∈R⇒ (B, C) ∈R
then (A, C) ∈R hold under each of translation, rotation and
dilation of shape transformation.

Shape Distance Measure

Distance d1 between shape X and Y in F is defined as:
d1(X,Y) = m2[(X-Y)∪(Y-X)], where m2 is Lebesgue measure
in R2 and d1 satisfies all the following metric properties of
algebra [1, 17].

i) d1(X,Y) ≥ 0
ii) d1(X,Y) = 0 if and only if X =Y
iii) d1(X,Y) = d1(Y,X) and
iv) d1(X,Y) + d1(Y,Z) ≥ d1(X,Z)

For shape similarity measure we consider two cells are
of same shape if and only if one of there image is transla-
tion, dilation and rotation of other. In order to register two
cells images, it is necessary to normalize the form of im-
ages of interest in terms of position, size and orientation.
After normalization, shape distance is measured in terms of
volume of mismatch. The shape is described on the basis of
its structural features using certain chain codes with respect
to one reference point. Reference points are obtained from
the intersection points of the major axis with the contour of

Table 3 Fuzzy set and membership function of output variable BRisk
status of cervical cancer^

Output field Range Fuzzy set

Risk status of cervical cancer 0–60 Low

50–100 High

Fig. 7 Membership function for
Risk status of cervical cancer
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the region, which is invariant under translation, rotation,
and dilation of the region and the major axis is unique [11].

Shape Similarity Measure

The degree of matching between shapes is measured in terms
of shape distance function [7]. The shape theory as discussed
by Dutta Majumder et al. states that, two objects are of same
shape if and only if one is translation, dilation and rotation of
other. In order to match two images, it is necessary to normal-
ize the form of images of interest in terms of position, size and
orientation. After normalization, shape distance is measured in
terms of volume of mismatch. The shape is described on the
basis of its structural features using certain chain code with
respect to one reference point. Reference points are obtained
from intersection points of the unique major axis with the
contour of the region, which is invariant under translation,
rotation, and dilation of the region. The shape in terms of

chain code is an equivalence class in the space RK and satisfies
the equivalence class relation with another region B in RK.
Convex polygonal approximations of objects in terms of chain
code are aligned after normalizing with respect to translation,
rotation and scaling. The centroid of an object A, C(A), is
equivariant under all of the above mentioned transformations,
i.e. C(f(A)) = f(C(A)) for all f in F, and F is closed under
composition with translation. The centroid (xg, yg) of the con-
tour is given by n number of points

as : xg ¼ 1

n
∑
n

j¼1
x j and yg ¼

1

n
∑
n

j¼1
y j

and in polar coordinate the shortest perpendicular distance
from the point(xj, yj) to a straight line y = x tanα+ c is the
absolute value of ccosα - rjsin(α-αj). The least square method
is applied to the boundary points to find the axis of the region
which makes an angle α to the x axis and passes through the

Table 5 Tested values of the system

Pap images /
Extracted
features

Cytoplasm
area
(CA)

Cytoplasm
circularity
(CC)

Nucleus
area
(NA)

Nucleus
circularity
(NC)

Maximum
nucleus
brightness
(MNB)

Nucleus-
cytoplasm
ratio (NCR)

Cervical
cancer
risk status (%)

Pap 1 680,029 0.7300 17,795.2 0.8520 102.6 38.976 50

Pap 2 50,446 0.7866 50,861.3 0.8630 90.33 10.723 50

Pap 3 700,000 0.8 120,000 0.7 95.2 32.4 50

Pap 4 450,000 0.5400 40,295 0.856 92 30 50.4

Pap 5 505,045 0.52 42,430 0.827 94 33 50.3

Pap 6 258,753 0.6480 112,275 0.8340 107.2 2.2290 50

Pap 7 194,935 0.7225 59,347.6 0.8400 90.75 3.3854 50

Pap 8 580,560 0.56 45,525 0.83 93 35 50.4

Pap 9 375,000 0.5 65,000 0.5 90 25 50

Pap 10 178,631 0.2487 40,367.2 0.6980 77.75 4.7378 50

Pap 11 620,450 0.62 47,425 0.84 96.13 36 50.4

Pap 12 650,700 0.65 48,456 0.85 95.12 34.2 50.4

Pap 13 560,402 0.58 44,350 0.812 92 32 50.4

Pap 14 640,720 0.74 54,350 0.83 94 34 50.4

Pap 15 630,420 0.72 52,450 0.82 96 35 50.4

Table 4 Rule base of the system

Rule no. Cytoplasm area
(CA)

Cytoplasm circularity
(CC)

Nucleus area
(NA)

Nucleus circularity
(NC)

Maximum nucleus
brightness (MNB)

Nucleus-cytoplasm
ratio (NCR)

Cervical cancer
risk status

Rule1 Very Small Very Small Very Small Very Small Very Low Very Low Low

Rule2 Very Small Very Small Very Small Very Small Very Low Very Low High

Rule23 Medium High High High High High Low

Rule29 High Medium Medium Medium Medium Medium Low

Rule32 High High High High High High High
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centroid (xg, yg). In polar coordinate, the square error is non-
negative real number.

f α; cð Þ ¼ 1

n
∑
n

j¼1
ccosαþ r jsin α−α j

� �� �2

where α ∈ [0, π) and rj should be minimum for required condi-
tions. The slope of axis (α) is obtained from the best linear fit
solution by minimizing f (α, c) passing through (xg,yg). and
making an angle α with x axis. The slope satisfies the relation

tan2α ¼
2 ∑

n

j¼1
x j−xg
� �

y j−yg
� �

∑
n

j¼1
x j−xg
� �2− ∑

n

j¼1
y j−yg

� �2 ;

cos2α ∑
n

j¼1
x j−xg
� �2− y j−yg

� �2
( )

þ 2sin2α ∑
n

j¼1
x j−xg
� �

y j−yg
� �

≥0

Feature Extraction of the Boundary of the Region
of Interest

To extract the feature of the boundary of the region of
interest(ROI) it is helpful to represent the closed contour with
a set of direction codes. The direction code may be taken
among Bn^ selected points on the contour, which has same
distance between any two consecutive points. The direction d
makes an angle(i-d) 45°with direction i, where real number d
∈ 1 to 8 and i = (1,2,..8) (Fig. 3).

Let dm = (dij)
n
j = 1 where m =A, B, be the contour starting

from each reference point A and B and denoted by dA and dB

Fig. 9 Calculation of the value
cervical cancer risk(CCR) for the
values CA= 630,420, CC = 0.72,
NA= 52,450, NC = 0.82,
MNB = 93, NCR = 35

Fig. 8 Developed fuzzy rules
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respectively. If d2 is a rotation of d1 then d2 = d1 +γ for any real
number γ [16]. For all j we can write d2 j = d1 j + γ ∀ j. The
distance function D, in terms of the direction code between the
contour of interest and the model is def ined as

D(d1,d2)= ∑
n

j¼1
min d1 j−d2 j

� �
; 8− d1 j−d2 j

� �� �
, The normalized

value of D is D/n and the shape similarity measure between
the two shapes is given by [18], μ ¼ 1− D

n ,where 0 ≤μ ≤ 1 and

0 ≤ D < 1, smaller value of D indicates higher degree of
Similarity [5, 16].

Classification of Cervical Cancer

In this section we propose the shape theoretic and neuro-fuzzy
based approach for pattern classification of cervical cancer.

Fig. 10 Surface viewer of nucleus
area and nucleus circularity

Fig. 11 Neural network model
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Fuzzy Inference System

Fuzziness is relevant to complexity because the nature of a
system when its complexity exceeds a certain threshold it
becomes impractical or computationally infeasible to make
precise assertions about it. Fuzzy control is based on fuzzy
logic – a logical system which is much closer in spirit to
human thinking and natural language than traditional logical
systems. The fuzzy logic controller (FLC) based on fuzzy
logic provides a means of converting a linguistic control strat-
egy based on expert knowledge into an automatic control
strategy [19]. The Fuzzy Inference System (FIS) has a vital
role in the medical field to provide medical assistance to the
radiologist to diagnose the abnormality in the medical images
[20]. Decision Support Systems through information technol-
ogy become a part of classification of cervical cancer.

Input Variables

Extracted features from the part of nucleus and cytoplasm of
Squamous and Glandular cells of the cervix are cytoplasm
area (CA), cytoplasm circularity (CC), nucleus area (NA),
nucleus circularity (NC), nucleus-cytoplasm ratio (NCR),
and maximum nucleus brightness (MNB) considered as input
variables. Membership functions of them are trapezoidal and
triangular fuzzy numbers. Fuzzy sets, Range sets and
Membership functions of the input variables are identified in
Table 2 and Figs. 4, 5 and 6.

For example, the membership functions of the Fuzzy
Sets of the Cytoplasm circularity input variable are

given below and the remaining membership functions
will follow the same.

μV:Small xð Þ ¼A 1 x <¼ 0:2
0:4−xð Þ=0:2 0:2 < x < 0:4

0 x > 0:4
μSmall xð Þ ¼A

0 x <¼ 0:2
x−0:2ð Þ=0:2 0:2 < x < 0:4

1 x ¼ 0:4
0:6−xð Þ=0:2 0:4 < x < 0:6

0 x >¼ 0:6

μMedium xð Þ ¼A
0 x <¼ 0:4

x−0:4ð Þ=0:3 0:4 < x < 0:7
1 x ¼ 0:7

0:9−xð Þ=0:2 0:7 < x < 0:9
0 x >¼ 0:9

μHigh xð Þ ¼A 0 x <¼ 0:7
x−0:7ð Þ=0:2 0:7 < x < 0:9

1 x >¼ 0:9

Output Variable

Risk Status of Cervical Cancer The Risk Status of ‘cervical
cancer’ is to classify the benignancy or malignancy of cervical
tumor lesions of patients. Membership function of them are
triangular fuzzy numbers. Fuzzy sets, Range sets and
Membership functions of ‘Risk Status’ of cervical cancer are
identified in Table 3 and Fig. 7.

Fig. 12 Cervical cancer screening by Pap test, Liquid-based cytology,
VIA and Shape theory and neuro-fuzzy based methodology along with
outcome of confirmatory diagnosis

Table 6 Pap smear images confusion matrix

Actual Predicted

Cancerous
(Positive)

Non-cancerous
(Negative)

Cancerous(Positive) 8 (TP) 0 (FP)

Non-cancerous(Negative) 0 (FN) 7 (TN)
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Fuzzy Rule Base

The Fuzzy rule base consists of 15 rules that determine the
Risk status (Low Risk, Medium Risk, High Risk) by evalua-
tion of the input variables CA, CC, NA,NC,NCR, and MNB
and it plays an important role in further treatment decision.
The Rule base of the system is shown in Table 4.

Defuzzification

In this stage, truth degrees (α) of the rules are determined
for the each rule by aid of the min and then by taking max

between working rules. For example, for CA = 630,420,
CC = 0.72, NA = 52,450, NC = 0.82, MNB = 96, NCR =
35 the Rule 4 and Rule 30 will be fired and we will
obtain: α4 = min(Very Small CA, Small CC, Small NA,
Small NC, Low MNB, Low NCR) = min(0, 0, 0, 0,
0.267, 0) =0, α30 = min(High CA, Medium CC, Medium
NA, Medium NC, Medium MNB, Medium NCR) =
min(1, 0.9, 0.755, 0.8, 0.9,0.67) = 0.67. From Mamdani
max-min inference we will obtain the membership func-
tion of our system as max(α4, α30) = max(0, 0.67) = 0.67
that means Very High Cervical cancer risk. Then we can
calculate the crisp output. The crisp value of the CCR is

Fig. 14 Confusion matrix of the
neural network

Fig. 13 Results from neural
network
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calculated by the method center of gravity defuzzifier by
the formula:

z* ¼ ∫zμmiddle zð Þdz
∫μmiddle zð Þdz

The tested values of the system are shown in Table 5.
Mamdani inference engine is used for rule evaluation purpose.
The proposed fuzzy expert system uses 32 rules in designing
fuzzy rule base as shown in Fig. 8.

The rules have been developed using if-then method.
Figure 9 shows a rule view of this proposed design. For ex-
ample, from the Fig. 8, if cytoplasm area(CA) is high, cyto-
plasm circularity(CC) is high, nucleus area(NA) is high, nu-
cleus circularity is high, maximum nucleus brightness(MMB)
is high and nucleus -cytoplasm ratio is high then output risk is
high. Using these rules, the result risk in term of percentage
(%) has been computed. Surface views of this design are pre-
sented in Fig. 10. As also seen from the Fig. 9 the value of
Cervical cancer risk (CCR) = 50.4 This means that the patient
has the cervical cancer with a possibility 50.4%. Because this
is a quite high percentage and it’s tendency goes to malignan-
cy stage and doctor has to decide a biopsy.

Neuro-Fuzzy Classifier and Back-Propagation
Learning Algorithm

A neuro-fuzzy classifier is used to diagnose the patients cer-
vical cancer disease at early stage. The ANN is a network that
interconnect all nodes. The input of a specific node is the
weighted sum of the output of all the nodes to which it is
connected. The output value of a node is a non-linear function
which is known as ‘transfer function’ or it is called as ‘

sigmoid function’ f(x) = 1
1þe−x of its input values. The nodes

in the input layer receive the data and transfer them to nodes in
the first hidden layer through the weighted links. The data
which are processed in the first hidden layer of the network
the result is transformed to the nodes in the next layer. The
nodes in the last layer provide the network’s output. The j-th

node in a hidden layer processes the incoming data xi by (i)
calculating the weighted sum and adding a Bbias^ term θj as:

netj=∑
m

i¼1
xiwij þ θ j,(j = i,2,......n), where wij is the weight of the

link from the j-th input node to the i-th hidden node. (ii)
transforming the netj through the sigmoid function f(x) =

1
1þe−x and (iii) transferring the result to nodes in the next layer.

We used here the feed forward neural network where the

Fig. 15 ROC curve

Table 7 Confusion matrices of various screening methods for detecting
cervical cancer

Actual Predicted

Cancerous Non-cancerous

Cancerous 5 (TP) 2 (FP)

Non-cancerous 4 (FN) 4 (TN)

Confusion matrix of Pap test model

Actual Predicted

Cancerous Non-cancerous

Cancerous 4 (TP) 2 (FP)

Non-cancerous 3 (FN) 6 (TN)

Confusion matrix of liquid-based cytology model

Actual Predicted

Cancerous Non-cancerous

Cancerous 6 (TP) 2 (FP)

Non-cancerous 3 (FN) 4 (TN)

Confusion matrix of VIA model

788 S. Kar, D. D. Majumder



network connections are allowed only between the nodes in
one layer and those in the next layer. Back propagation algo-
rithm is the most widely used learning algorithm to train mul-
tilayer feed forward network and applied for applications like
character recognition, image processing, pattern classification,
medical diagnosis etc.We used here the Levenberg-Marquardt
(LM) feed forward back- propagation learning algorithm
which is used to train the Neural Network for the diagnosis
of cervical cancer. The Training of these networks consists in
finding a function between a set of input values and a set of
output values. This function is accomplished by adjusting the
value of the weights wij, using a learning algorithm. After the
weights are adjusted on the training set, their value is fixed and
the ANN’s are used to classify unknown input images. In the
Levenberg-Marquardt (LM) back-propagation learning algo-

rithm we have to minimize the error term defined as Ep ¼ 1
2∑

j

tpj−opj
� �2

where the index p corresponds to one input vector
and the vectors tp and op are the target and observed output
vectors corresponding to the input vector p respectively. The
proposed neural network with 6 number of inputs is simulated
with a set of 10 numbers of hidden neurons and the network is
evaluated with a learning function LM in Fig. 11 which shows
a model of the neural network with 10 hidden neurons (Fig.
12).

Results

We have developed an FES and NFS for the early detection of
cervical cancer from the ROI of cervical tumor lesions data of
patients, where the NFS shows its ability to distinguish the
risk factors of various patients in a more precise way. The
experimental results show that six input features like cyto-
plasm area, cytoplasm circularity, nucleus area, nucleus circu-
larity, nucleus– cytoplasm ratio and maximum nucleus bright-
ness of cervical cells in 15 Pap smear images based neural
network is giving 100% classification rate. The confusion ma-
trix of Pap smear images presented in the Table 6.The perfor-
mance measures are calculated for six input features of
cervical cells in Pap smear images based NN are shown
in Figs. 13, 14 and 15. The proposed network was trained

with 15 cases Pap smear images data sets. These 15 cases
are fed to the ANN with 6 input neurons, one hidden layer
of 10 neurons and 2 output neurons. Out of 15 samples
database, 11 data set for training, 2 data set for validation
and 2 data set for test were used in the ANN classification
system. From the Pap smear images confusion matrix the
number of output of data sets of True Positive (TP), False
Positive (FP), True Negative (TN) and False Negative (FN)
are 8,0,7, 0 respectively. The Sensitivity, Specificity and
Accuracy are equal to 100% each.

A Comparative Study of Cervical Cancer Screening
Methods

A number of different tools or methods have been developed
and investigated over the years as alternative screening tests
for cervical cancer such as Pap smear test, Liquid-based cy-
tology, Visual inspection of the cervix with acetic acid(VIA),
Shape theory and neuro-fuzzy based methodology [4]. They
have served extensively for screening of cervical cancer. The
diagnostic analysis of cervical cancer at early stages of differ-
ent methods are summarized and reviewed in detail in the
following Fig. 12, Tables 7 and 8. The experimental results
have proved that shape theory and neuro-fuzzy based meth-
odology is a superior detection method of cervical cancer
compared to the current well-established methods [21].

Discussions

The proposed method used Fuzzy c-means clustering algo-
rithm approach with enhanced initialization procedure to seg-
ment Pap smear images of cervical cells. The segmented im-
ages of the cervical cells were analyzed with the help of a
generalised mathematical theory of shape to classify them
according to the presence of abnormality in the morphological
behaviour of the cells. Features extraction process is per-
formed in the part of nucleus and cytoplasm on the squamous
cells and glandular cells of the cervix. A neuro-fuzzy
system(NFS) is developed where the extracted features such
as cytoplasm area, cytoplasm circularity, nucleus area, nucleus
circularity, nucleus– cytoplasm ratio and maximum nucleus

Table 8 Performance of various
screening modalities for detecting
cervical cancer

Test characteristic Pap test (%) Liquid-based
cytology (%)

VIA %) Shape theory and
neuro-fuzzy-based
methodology (%)

Sensitivity(Se) 55.5 57.1 66.6 100

Specificity(Sp) 66.6 75 66.6 100

Positive predictive value(Ppv) 71.42 67 75 100

Negative predictive value(Npv) 50 67 57.14 100

Pap test Papanicolaou test, VIAVisual inspection of cervix using acetic acid
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brightness considered as input variables are classified success-
fully to indicate malignant or benign in nature.

In conclusion the method of cervical cancer diagnosis pre-
sented in this paper is a successful model in assisting the
doctors in the screening treatment for early detection of cervi-
cal cancer. This paper presented Fuzzy c-means clustering
algorithm in Pap smear images by which cervical cells are
segmented and analyzed with the help of shape theory to clas-
sify them accordingly to the presence of abnormality in the
morphological behaviour of the cells. Secondly the features
extraction process is performed in the part of nucleus and
cytoplasm on the Squamous cells (exocervix) and Glandular
cells (endocervix). In the third stage, the extracted features
data are classified using neuro-fuzzy system and we success-
fully recognized the abnormal cells such as squamous
intraepithelial neoplasia (SIL) and differentiated them from
the normal epithelial cells. The results we have obtained from
the clinical findings and texture features analysis of Pap smear
images the most important enhancement is to establish a direct
relationship between the actual cell dimensions and the pixel
dimension of the digital images. The morphological informa-
tion of the cells is used for the pattern classification system.
The experimental results have proved that shape theory and
neuro-fuzzy based methodology is a superior detection meth-
od of cervical cancer compared to the current well-established
methods. We intend to extend these methodologies for early
detection of cancer in other regions such as ovarian region and
human liver.
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