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Abstract - In this paper, we have proposed an
algorithm to detect and locate the nuclei from cell
masses and then segmentation ofoverlapped
cervical in MRI images. Detection of cancerous
area with fine boundaries in overlapped cell
clusters is an important butchallenging task.In this
proposed approach, multiple cell masses are
detected from MRI images of overlapped cervical
cells by generating superpixels and then multiple
thresholding is performed. From cell masses,
nuclei of multiple cells are detected and located by
applying clustering thresholding. Finally, an
integrated active contour algorithm is applied on
cell nuclei for segmentation.

Index Terms: Cell Mass, Clustering Thresholding,
Integrated Active Contour Method Multiple
Thresholding, and Superpixel Generation.

I. Introduction

Cervical cancer has now become the most
common cancer in women residing in developing
countries. According to the report, in year 2000,
approximately 400,000 cases of cervical
cancerhave been recorded [5]. The very familiar,
The Lancet Serieshas claimed that every year
nearly 800000 women are dying because of
cervical andbreast cancer.  Althoughmany
diagnostic methodologies and screenings are
available to diagnose the cancer at early stage, but
all are very costly and not affordable by
everybody. Some cost effective and efficient
screenings, which can prevent lots of deaths, are
also there in medical science but not available
everywhere in the world [1]. If the cancer of cervix
is detected at early stage then it can be treated and
fully cured in almost all the patients. But in poor
resource countries and regions of the countries, it
cannot be diagnosed and treated due to
unawareness of  high  grade  screening
methodologies as well as unaffordability. The most
commonly wused screening method does the
examination of visual color change of cervical
cells when these cells are exposed in acetic acid.
This methodology is cost effective too. The visual

screening of these exposed cervical cells can be
improved by recording a film image of these
exposed cells. This is the advanced technique of
cervicography [8].

If the stage of the cancer is diagnosed
then the treatment can be done. According to the
staging of the cancer, treatments like radiotherapy,
Chemotherapy, or combination of both are given to
patients. A small surgery with minimum pain can
cure the patient if cancer is diagnosed at early
stage. To reduce postoperative sickness, there is a
need to enhance surgical technologies based on
nature of tumor. This enhancement will also
preserve childbearing capability in women.

Magnetic resonance imaging (MRI) is
more precise than computed tomography (CT) for
the estimation of carcinoma volume and area, stage
of the cancer, and parametrical invasion because
the contrast resolution of tissues is remarkable
[4,3,2].

Since last few years, software based
methodologies are being used and a numerous
number of algorithms have been resolute for the
automatic segmentation and detection of cancer in
MRI images. The segmentation of overlapped
cervical cells is still a very challenging task due to
inhomogeneous overlapping between cells.Few
such challenges are well interpreted in ISBI 2014
and ISBI 2015 conferences. In both the
conferences, images of overlapped cervical cells
are obtained from Pap Smear Test and the data sets
obtained in these conferences are used as
references. A lot of experiments [13, 15, 16, 14,
17] have been done with the aim of detecting and
segmenting overlapped cells and attained state-of-
art level executions.

Nosrati et al. [13] has been applied
Maximally Stable External Region (MSER) [9] in
conjunction with random forest classifier to detect
cell nuclei. These overlapped cell nuclei are
considered as various signed distance functions
and Chan-Vese method [6] is applied for
segmentation. Ushizima et al. [14] have been
firstly detected cell masses by applying superpixel
clustering using triangle algorithm and then nuclei
of the cell masses are located by performing local
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thresholding. VVoronoi diagram has been applied on
the located nuclei to segment the overlapped
cells.Lu et al. [17] have been using shape based
level set segmentation method [7] to segment
overlapped cervical cells. The results obtained
from this method are then refined using joint level
set representation along with geodesic shape prior.
Phoulady et al. [15] have been applying iterative
thresholding to locate overlapped cell nuclei and
then Gaussian mixture model (GMM) estimation
approach with the fabrication of step-based
distance map on the images with multiple focal has
been using for the segmentation of these nuclei.
Ramalho et al. [16] have detectedand polished the
edges of overlapped cells by integrating the
boundary information from extended depth-of-field
(EDF) image and from images with multiple focal.

This research hasproposed a novel
approach for the detection of fine boundaries of
multiple overlapped cancerous cells inMRI
images.First, to distinguish the area of interest; cell
masses have beenidentified by using superpixel
generation method. This method is thenfollowed
by multiple thresholding. After extracting area of
interest as cell masses, nuclei of these cell masses
are identified and located by applying clustering
thresholding. Finally, to outline the edges of the
overlapped cells, a new integrated active contour
method is applied in which, shape, edge, and
region segmentation techniques are combined
together.

I1. Problem Formulation

We can categorize the normal cervical
cells on the basis of its shape as well as its area,
butcategorization of cytoplasm cervical cells is
difficult. All the researchessay that accurate
segmentation of overlapped cells is still a very
challenging  but  importanttask. ~ However,
segmentation itselfforms overlapped
clusterssometimes. Above all, many times upper
layer cells can partlyabstrusein an overlapped
image.

In this novel approach,the prime focus is
on detecting the nuclei and cancer-affected area in
overlapped cervical cells. The cytoplasmobjects,
which are present in the MRI, image needs to be
wellextracted with their nuclei so that the cancer-
affected region can be marked accurately.

I11. Proposed Approach and Workflow

The framework of proposedmethodology is
well described in Fig.1. This approach is framed
with three keystages:

o Detecting cell masses by generating
superpixels and  then  performing
multilevel thresholding on the superpixels
of the image,

e From cell masses, all the cell nuclei are

located by  applying
thresholding on the cell masses.

e Now, to finally extract the cancer-affected
area, an integrated active contour method
is applied to perform segmentation.

clustering

Superpixel

Superpixels

‘ Cell Masses

Clusterini

Cell Nuclei

Integrated Active

Fig.1: Process Flow of the Algorithm

A. Cell mass ldentification

Cell mass identification is required to
extract the region of interest. In this, multiple cell
masses that consist of nuclei as well as overlapped
cells are identified.

The input MRI image acquired is firstly
filtered using spatial filtering to reduce the noise
occurred during the MRI process. Then from that
filtered image, superpixels are generated using
advanced Simple linear iterative clustering (SLIC)
method [12].In SLIC superpixel segmentation
method, firstly, doing sampling of image pixels at
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fixed and regular grid steps initializes the cluster
centers. These centers are then moved to lowest
gradient point to ensure that not even a single
superpixel is centered at the boundary. Then, for
each pixel of every cluster, the distance from the
center of cluster to the pixel is calculated to
determine the threshold values. Now, to segment
the image into multiple levels using multilevel
thresholding, the mean and variance of the
generated superpixel is calculated to determine the
optimal threshold values. Using these multiple
thresholding values, the image is segmented and
the cell masses are extracted properly. Result of
cell mass extraction is shown in Fig.2.

~‘ ’ .
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Fig.2: (@) Input Image, (b) Cell Masses

B.Locating Nuclei

Extraction of multiple distinct cell nuclei
from an image with numerous cell masses is a
necessary and important task. Since all the cell
nuclei are coinciding so, the threshold value is
adjusted in a way that a specified range of cell
masses is amplified and remaining areais
attenuated.Now, the value at which the combined
range is minimized is calculated and marked as
reference threshold.

Let us interpret the in-class variance as
the weighted sum of the variance of each cell
mass:

vizn—class (t) = Xp (t)vl%’ (t) + X, (t)v(? (t)
Where,

t—1
HOEDYT0
i=0

n—1
%, (0) = ) y(0)

v (t)is the variance of background pixels that are
below threshold, vZ(t) is the variance of
foreground pixels that are above threshold,and
intensity levels lie within the range of [0, n-1].
Now, subtract the in-class variance from overall
variance of combined distributionand calculate
mid—class variance:

2 — 2 2
Vinid (t) = V" =~ Vin—class (t)

= x5()[65(t) = 8 ]°
+ x,(®)[8, () — 6]°
where, v is the overall variance of the pixels, and
6 is the overall mean of the pixels.Now the mid-
class variance (&) is weighted variance of the mass
means around the overall mean, so,
§ = x(0)65(t) + x,(t)6, ().
After substituting,
vEia (£) = x5(0)x, (0)[65(2) = 6,(D)]?
Now, renovate the mid-class variance by using
simple recurrence relations, as each threshold is
tested consecutively:
xp(t+1) = x5(t) + x,
x,(t+1) = x,(0) — x,
8p ()xp(t) + x,(t)

G+ 1) =—"—"771
5.(t+1) = 60(t;x€t(:—)1—) Xt

Now, test all these quantities for the range of t =0
to 256 and find out the threshold value that
minimize the v2,, (¢t). This value is the reference
threshold value. Superpixels with lesser value of
mean intensities than this threshold value are
nuclei with outliers. These outliers are removed by
neglecting both very small and with low circularity
superpixels. The most of extracted nuclei are now
cell nuclei with fine area.

C. Cytoplasm segmentation

As we have extracted nuclei, for the
segmentation of multiple nuclei with overlapping,
an Integrated Active Contour method is used. In
this approach, three segmentation techniques
(edge, shape, and region growing) are combined.
To derive the segmentation function, the shape of
nuclei is presumed as elliptical.

Now, level set method is used for

shape prior function and is defined as,

Loe = | (1) = y00) 107180 )ax

where, f is the function of level set segmentation
and y is the shape prior function. 5§(f) is the
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measurement of contour at {f = 0} This shape
function is applied on the image, all the cell masses
of interest similar to this function are extracted and
the same time all the dissimilar masses are
suppressed. This function can find maximum one
and minimum zero cell masses.

To extract globally similar regions, a region
growing function, with collaborating the shape
function s, is defined as,

Lregion (y' Bin ’ Bout )

=f einSydx+f Boue S_ydx
a

where, S, is the Heavisid function [6], 6, =
|] = B.|?> + ulVB,|?, and x € {in, out}.B;,, B,y
are background and foreground respectively.
Integrating all the functions,

L= Ll + Lregion (y' Bin'Bout)

Ll = BlLshape (C) + :BZLedge (f' Y)
= [ B -y
T B (e(Va. DIVFIS()dx

where, eis a function of edge detection, 8; and 5,
are some arbitrary positive constants to balance the
edge, shape, and region terms.Putting all the values
we get,

L= BC@-y0?
+ B(e(IVq. DIVFIS()dx
+j GmSydx+j Bour S—_ydx

Now, consider the image has numerous cell masses
of almost same shape. As, we have assumed that
all the nuclei are elliptical in shape; also assume
that each pixel is correlated with multiple masses
or the background. Assign one level set per cell
mass and allow masses to overlap within the range
of image. To segment these m-overlapped cells,
integrated active contour function can be defined
as,

L= Z | B =y
+ B (e(Va DIVAIS ()
+ﬁrf (ein Sx1Vx2)dX

+f (eout - Sx1Vx2)dX

roy | mzdx+2f i - 7

l#k

where, Sy vy, =Sy, +S,, —S,,Sy,
Sy, Sy, Last two terms in the equation check for
the level set function and stops two functions to
become identical. It also corrects the overlapped

area between two regions that are to be segmented.

=88y, 1 Sxiaxy =

IV. Performance Analysis with Quantitative
Measures

The proposed approach is being tested on
more than 100 MRI images of overlapped cervical
cells. To test the validity and performance, this
proposed approach is also verified on the images
provided in the ISBI 15.

To validate this proposed approach,
estimation of all the quantitative measurements
like sensitivity (SN),overlap ratio (OR)nuclei
based false negative rate (FN,) i.e. the number of
nuclei overlooked by this method, nuclei based
true positive rate (TPp) i.e. the number of correctly
recognized nuclei from the cell masses, and false
positive rates (FPp)i.e. the number of incorrectly
recognized nuclei is being done. Table 1 is the
summary of numerically calculated values of this
proposed methodology and other state-of-the-art
methodologies [15,16].

TABLE |
QUANTITATIVE MEASURES ON THE TRAINING SETS (ISBI
15)) AND COMPARATIVE ANALYSISWITH OTHER

APPROACHES
D | Appr OR= SN F T F
at | oache TPp = No | Po | Pp
as s TPp+FNy+F| TPp
et TPp+FNy
IS | Phoul 0.692 69.43 | 0. | 0. | O.
B | adyet % 40 | 92 | 00
| al. 8 7 3
1 [15]
5
Ramal 0.641 6421 | 0. | 0. | O.
ho et % 50 | 89 | 00
al. 1 9 2
[16]
Propo 0.875 8758 | 0. | 0. | O.
sed % 14 | 98 | 00
Appro 0 8 12
ach
V. Results

The quality of the results of this proposed
approach is shown in fig. 2. Very close to exact
boundary is detected for multiple nuclei in these
cervical MRI images. All the techniques proposed
in this approach are implemented in MATLAB.
The results show the successful detection of
overlapped cervical cells.
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Fig.2: (@),(d) InputMRI Images, (b),
(e)Extracted Cell masses, (c), (f) Segmentation of
overlapped cells.

VI. Conclusion and Future Works

It can be summarized that this paper has
proposed an advanced segmentation algorithmfor
overlapped cervical carcinoma cells obtained
fromMRI images. For detection of cell masses,
superpixels aregenerated and superpixels undergo
withmultilevel  thresholding to extract the
carcinoma cell masses. Cell nuclei are located by
applying clustering thresholding on the cell
masses. Now, for the segmentation of multiple
overlapped cervical cells, an integrated active
contour method is applied. Shape, edge, and the
region of the single cell is segmented then all are
integrated in  one methodology to well
segmentmultiple overlapped cells with nuclei. The
sensitivity of proposed approach is nearly 90% that
shows the accuracy of the approach in the
comparison of other available state-of-the-art
approaches. In qualitative results, boundaries of
overlapped cervical carcinoma cells are detected
with fine edges. This work can be extended as
nuclei extraction in multi-focal images.
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