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ABSTRACT

This work intends to develop an efficient and reliable algorithm for cervical cell image analysis system which
could be used for analysing and investigating the pre-cancerous cell changes in blood smears at early stage.
Segmentation of cervical cells is the key to effective and timely analysis of cellular images obtained through high
precision, high-speed, and increasingly, low cost microscopes. Higher the segmentation process with better algorithm
would improve the identification of affected cells in a better way, hence it leads to categorize the already existing
techniques with underlying concepts and overall view. This paper focuses on a survey on segmentation of cervical
cell Images.
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1. INTRODUCTION

Cervical cancer is the second largest cancer existing for women. The main cause of this cancer is deposit of
older cells which seems to form layers like mountain. These layers of dead and damaged cells turns to cancer in
future. Once the new cells are grown the older cells should be dead and vanished. No symptoms are exposed at earlier
stage. The earlier diagnosis for women is undergone from the age group of 15. Manual screening method is done by
Pap smear Test. The cervical cancer is caused by the human Pamplona virus (HPV). Recent studies have advised
that HPV-DNA positive ladies has nice risk of cervical cancer just in case of mistreatment oral contraceptives for
amount longer than five years.
Segmentation Methods: Here we have presented some of the methodologies which have been applied for
segmentation and counting of blood cells. An easy way to comply with the conference paper formatting requirements
is to use this document as a template and simply type your text into it.
Thresholding: Thresholding is based on pixel distribution in image. It converts multilevel image into binary image
by choosing proper thresholding value T. If the pixel value is greater than T, than it belongs to object region otherwise
it is from background region. It is fastest and efficient approach for segmenting different portion of images. Blood
cells have different intensity levels, so it can be easily extracted using thresholding. Otsu’s thresholding was used to
extract WBCs and RBCs from microscopic blood sample images. By analysing histogram of 20 images they have
concluded that best threshold value to extract WBCs and RBCs; values were 64 and 140 respectively. Dilation and
erosion for whole filling in cells. After that they have used erosion for smoothening the image before counting. Here
the comparison of Otsu, Zack, and fuzzy threshold with IFS is other approaches. This approach cannot segment &
count RBCs that are too much complex like overlapping cells which have eccentricities closer to zero. Overlapping
cells which have huge overlapping areas and are difficult to differentiate with same intensity or color gives poor
result in IFS approach. Many of researchers have used thresholding to extract blood cells from image. So we can say
that thresholding is most widely used approach for segmentation in blood sample images.
Morphological Operations: Morphology is a wide set of image processing operation that process image base on
shapes. Morphological operations apply a structuring element to an image and create output image of same size. In
these operations, the value of pixel in the resultant image is based on a comparison of corresponding pixels in input
image with its neighbours. Here the number of pixels added or removed from the objects in resultant image depends
on the size and shape of structuring element used to process the image. Many researchers have applied morphological
operation with the combination of other methods to segment and count blood cells. Erosion and Dilation are widely
used operations to segment blood cells. Maji (2015), used dilation and erosion for whole filling in cells. After that
they have used erosion for smoothening the image before counting. Alomari (2014), have segmented blood cells
using thresholding and used morphological operations as post processing steps before counting. Dilation can be used
to fill holes while erosion can be useful for separating overlapped cells. Hari (2014), have applied morphological
operation opening to remove half-filled objects or cells that is the blood cells at the boundaries. After that closing
operation is applied this enlarges the boundaries of foreground regions in an image. Hence morphological operations
are widely used as a post or pre-processing step in segmentation and counting of blood cells.
Watershed Transform: The watershed transform can be classified as a region-based segmentation technique. The
instinctive idea underlying this method comes from geography: it is that of topographic relief which is flood by
water, water shades being the divide lines of the domains of attraction of rain falling over the region.

A clumped cell appears largely in blood smear images with various degree of overlapping. Watershed
segmentation is an attractive method and tends to favour in the attempts to separate touched or overlapped objects
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which is one of the most difficult image processing operations. Hari (2014), have segmented clumped cells using
watershed with distance transform to pre-process the image to make it suitable for watershed segmentation. They
have applied Euclidean, quasi-Euclidean, city block and chessboard distance transform and concluded that chess
board distance with watershed segmentation gives the efficient counting result for blood cells. Tulsani (2013), used
marker control watershed segmentation for counting of WBCs, RBCs and Platelets. Although the blood cells were
segmented the overlapped RBCs were not properly extracted. Lepcha (2014), have presented automated approach
for counting RBCs and Handled overlapping cell counting using modified marker controlled segmentation with the
integration of morphological and distance mapping method. Overall accuracy of this method was 93.13% with the
comparison of manual method. Tulsani (2013), have also used marker based watershed segmentation to remove the
problem of over segmentation. The watershed segmentation is also used to detect individual nucleus in the special
problem of cell populations growing in complex clusters in Angulo, 2008. A probabilistic algorithm counts the
number of nuclei in a cluster. The separation or merging (after applying the watershed) is presented in a more
complex approach in Cheng and Rajapakse, 2009.

Nuclei segmentation shows in Zhou (2009), better and improved using different threshold values and
watershed algorithm. Both to improve the cell feature and examining the context information Markov Model is
proposed. The stable count threshold, (Russell, 2009) is a powerful method which increases the process by automatic
changes in different threshold levels. SCT algorithm shows nearer results to the ground-truth segmentation of Otsu’s,
mixture modelling and Isodata. The adaptive thresholding is also mainly used in (Madhloom, 2010), to identify five
types of white blood cell nucleus.

Region Growing: Generally, the process of region growing has a basic idea of setting the pixel as a base and
comparing it with nearby pixel thereby establishing their own connectivity between them to answer the question of
collecting pixels belonging to its unique group or region. How can it define its own pixel region leads to a solution
of basic comparison and matching of homogeneity or similarity of basic properties that exhibit through texture, color
or shape. Region growing supports the segmentation of cytoplasm from WBC in which similarity is performed until
the threshold value is less than estimated range in certain established color range as specified. It supports different
color spaces and carries out segmentation. Better results were obtained once L*a*b color space was applied along
with noise removal as a pre-process step. This leads to cut down the over segmented region. Region growing method
in HSI color space with the color as a criteria was implemented during segmentation in which the element HUE was
chosen since it hold the position of colour specifier.

Histogram-based Techniques: The histogram-based technigques deal with the image histogram, which is a plot
showing the occurrences of pixel measurements. The histogram is then partitioned into m parts, p1, p2, ..., and pm,
and neighboring pixels in the image with the measurements belonging to the same partition are merged together to
form objects. These techniques are also called thresholding, as the histogram is partitioned by thresholds. A
histogram can be based on the distribution of colors, gray level variations, or spatial properties. The pixels can be
counted in 2D or 3D color spaces to produce 2D- or 3Dhistograms. As for most image processing applications the
color/grey-level pixel values have to be ‘binarised’: Thresholding is a technique to binarise images using a threshold
value — the technique helps to compress and simplifya given image, and is essential for image segmentation. Two or
three- dimensional thresholding is more time-consuming than 1D thresholding, and hence improved algorithms have
been developed to expedite the process of choosing the optimal thresholds. Among them the notable techniques for
finding optimal threshold are: peak-and-valley thresholding, variance thresholding, iterative thresholding, and
entropy thresholding. The peak-and-valley thresholding depends upon the peak analysis and detects the threshold at
the first terminating and the second initiating zero crossing. Variance thresholding depends upon the minimization
of the variance between the two histogram partitions. Iterative thresholding updates the threshold iteratively by taking
the mean of the average gray level of the current two histogram partitions until the mean converges. Entropy
thresholding involves the computation of histogram entropy, and an optimal threshold is the one that either
maximizes or minimizes the entropy.

In principle, any number of thresholds can be used in a histogram based analysis. However, in most cases
only one threshold value is chosen. This choice is exercised for two reasons. First, in many cases discrimination
between objects and background is usually the segmentation goal, for example, in cell image analysis. Second, some
of the techniques used in histogram-based analysis for image segmentation, including variance and iteration
thresholding, are not designed for detecting multiple thresholds. Despite the considerable efforts spent in improving
histogram thresholding techniques, these techniques are inherently limited, as a histogram under-constrains images.
This means that whilst two different images may have the same histogram (even the 2D histogram), the same
threshold does not work for both images. Sezgin and Sankur conducted an exhaustive survey on histogram
thresholding techniques, and from the test they concluded that, Automated image thresholding encounters difficulties
when object and background gray levels process substantial overlapping distribution, even resulting in an unimodal
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distribution and that any single algorithm could not be successful for all image types, even in a single application
domain.

Boundary-based techniques: In cell image analysis, and indeed in a number of biological/health care applications,
it is important to detect various constituent objects in an image. There are two different ways to delineate boundaries
of a constituent object: detection of edges and active contour model. The detection of ‘edges’ (of an object) relies on
the fact that the changes in intensity of pixels across the edge of every two objects are more significant than that of
the intensity within the confine of a simple object. There are two steps involved here. First, all edges are detected by
the use of first and second derivative of intensity changes. Second, like the histogram based techniques, effective
edges are located by detecting the most 'significant’ changes using a threshold value either manually or by using
optimization techniques for instance. The techniques mentioned above do not take into account the effect of noise
on changes in the intensity across an image, and the consideration of noise is important for low contrast images
where the rate of change of the intensity may not be well pronounced. Therefore, if a color image is available then it
will perhaps be more worthwhile to use the color distribution or color moments for detection of boundaries. The
problem of noise in detecting boundaries has been addressed through the use of statistical, wavelet techniques and
neural computing techniques. The detection of edges can simplify the analysis of images by drastically reducing the
amount of data to be processed, and the useful structural information about object boundaries is also preserved.
However, typically a detected object boundary is discontinuous and the linking of a number of (discontinuous) edges
remains an open challenge to researchers in the area. Therefore, researchers working on boundary-based
segmentation are seeking for alternative methods for replacing the current detection of edge methods. Increasingly,
attention is being focused on the so-called active contour models (ACM), also known as snakes. Essentially, an initial
active contour is generated, either manually or automatically. The contour is then deformed as driven by two forces.
One is the internal forces acting within the confines of a curve itself consisting of the continuity and the curvature of
the contour curve, and the other is the external forces ‘exerted’ by the external environment, for instance, the visual
features of the curve given that the curve is placed on an image. Deformation is terminated when the contour reaches
the actual boundary of objects — the termination point is related to the minimization of an objective function generated
from both internal and external forces. There are two major variants of the ACM proposed in literatures: parametric
models and evolving geometry models. Parametric models deform faster than the geometry models but the simulation
of the model depends on the intrinsic properties of the contour and its parameterization. Also, parametric models
cannot naturally handle changes in the topology of the evolving contour. The geometry model in contrast, can manage
topology changes and allows multiple contours to be evolved simultaneously. However, geometry models are much
slower in speed than parametric model. It appears that the snake has the flexibility (and its inherent straightforward
numerical implementation) and the ability to achieve both image segmentation and smoothing by using a piecewise
smooth representation of an image. It has been argued that a snake can generate a continuous contour, which is a
much more precise representation of the object boundary than those produced though the conventional edge detection
techniques.

Region-based techniques: Conventional region-based techniques segment images in two different ways: growing
and-merging and splitting- and merging, as well as, more recently, region-based techniques rely on morphological
operations. The growing-and-merging techniques involve the selection of seeds: pixels of an image with conspicuous
features e.g. highest or lowest gray level. A selected seed (or segment) is grown by merging the neighboring pixels
that are significant similar to the growing region. The procedure is repeated with another seed until no more seeds
can be detected. For further analysis, it is required by cell biologist that the whole cell can be detected as a single
region from which features used for further analysis can help to, for instance, make clinical decisions. The splitting-
and-merging techniques, in contrast to the growing/merging techniques, regard the whole image as a big region, and
each region is iteratively divided into two until no more regions can be cut. At each stage of the division, a merger
is performed to prevent over-segmentation. The growing-and-merging techniques are more widely used as they are
object-focused thus producing better object segmentation than the splitting-and-merging. There are two important
issues related to the growing-and merging techniques; seed selection, and the similarity measurements for region
merging. The issues have been addressed by incorporating notions from fuzzy systems and from graph theory, but
challenges still persist.

Region-based techniques use morphological operations that require the conversion of an image into its gray-
scale. The gray values are considered as topographic reliefs with each pixel being the elevation at the pixel. A relief
is partitioned into regions called catchment basins, and the boundary of the basins is called a watershed. ‘Water’ that
drops on the watershed lines has the equal probability of falling into the any one of the regions (called catchment
basins) that are separated by the watershed. The search for a watershed is conducted using two different techniques:
immersion approach and toboggan simulation. The former starts from the low altitude to high altitude, while the
latter operates in the opposite direction. In the immersion approach, water floods from the catchment basins, and
dams corresponding to the watersheds are built to prevent water from falling from one catchment to another. The
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toboggan simulation searches for a downstream path from every pixel with high altitude to the catchment basins, and
pixels that can slide into more than one catchment basin are watersheds. Although the immersion approach is more
popular than the toboggan approach, a recent comparison of the two algorithms suggests that the two algorithms
produce exactly the same segmentation results and that the toboggan simulation algorithm performs more efficiently.
Although the watershed algorithm was originally proposed and used to analyze gray-level images, it makes more
sense to apply the algorithm to the gradient image so that the catchment basins (partitioned regions) have lower
altitude while the watershed (boundary that separates regions) has higher altitude. The watershed algorithm has a
number of advantages; (a) The algorithm produces closed and connected boundaries for objects; (b) the algorithm
helps to separate strongly overlapping objects; and (c) the algorithm helps to form the union of all the regions
comprising the entire image. The three principal disadvantages of the algorithm are: (i) over segmentation; (ii)
sensitivity to noise, and (iii) ‘poor detection of significant areas with low contrast boundaries and thin structures'.
Pixel-based Techniques: In pixel-based image segmentation pixels are clustered into two classes: foreground (cell)
and background pixels. Pixels of the same class, that are connected, are grouped together to form a region. The
classification of pixels into fore-/background pixels has a significant impact on the final segmentation results. One
key property of a pixel is its intensity. For color images the intensity is typically measured for each of three primary
channels, red/blue/green, while for gray images only the gray-level is used. There are three drawbacks associated
with a pixel-based segmentation. First, the absence of spatial information about the location of the pixel, which is
particularly responsible for introducing errors in regions with blurred boundaries. Second, such an approach is
sensitive to noise and causes over segmentation for noisy images. The third drawback relates to the fact that pixel-
based segmentations are more sensitive to color and lighting variations than humans. For example, such a technique
will not be able to produce semantic regions that can be used directly by humans. To address the first drawback,
researchers have started to include spatial information as a part of pixel measurement. The problems of noise, the
second drawback, may be circumvented by using the median or average of a block of proximate pixels. The (third)
drawback related to semantics of a region isolated using region-based segmentation has not been addressed either
systematically or exhaustively. The use of pixel properties, including color, texture, edge, spatial homogeneity and
adaptability in the classification under constrains an image and does not quite facilitate a meaningful interpretation.
Recall that cell images taken under different illuminations shows that such images cannot easily be segmented using
pixel-based techniques. The large background in these images is segmented into many regions even they have a very
constant intensity that is close to black.

Al-based Cell Segmentation Systems: One of the major applications of automatic cell segmentation will be in the
area of cell division or mitosis. Cell division provides critical diagnostic and therapeutic information related to the
spreads of disease and the response of cells to drugs for instance. Cell division is observed with high-powered
(electron and light) microscopes with digital interface and consequent large volume throughput. Unless automated
analysis is available, the full potential of the throughput cannot be fully realized just by human diagnosticians and
therapists. Zhou (2009), have developed knowledge-base of heuristics regarding the interpretation of images of cells
(and tissues) that have been treated with organic dyes for staining various components of cells. The background
appears grey, and the cells appear red, green or yellow and hence segmentation from background is made possible.
Supervised Machine Learning Methods: A full review of all the various learning systems is not within the scope
of this paper. We will briefly discuss cell segmentation programs that are based on neural networks techniques. The
result of our discussion can be used to understand how often learning systems can be used in cell segmentation.

A neural network contains an input set of nodes, an optional set of hidden nodes, and set of output nodes.
Each input node may be connected to all the hidden nodes by some strength of association — or weights, that may be
positive, negative, or zero. The network then calculates a weighted sum of inputs from all neurons and decides
whether the weighted sum is above a threshold: If the weighted sum is above the threshold, the neuron will fire. One
of the most popular supervised neural networks is the multilayer neural network, training by the back propagation
algorithm. The network consists of usually three layers, input layer, hidden layer, and output layer. Weighted inputs
are summed and presented to the hidden layer, where the outputs are generated using mostly linear functions. The
generated outputs are then compared with the desired output, and the differences (or errors) are back propagated
through the network to adjust the weights using the equations below such that the network outputs are driven
gradually towards the desired outputs.

Zheng (2007), trained a supervised learning network for successfully classifying three different types of cells
heterophil, lymphocytes and macrophage. They have used color histograms of the images to train a back-propagation
network with data from 75 images. Since the image consisted of a large amount of data, they passed the image
through a pre-processing stage and obtained an input vector with the dimension of 32x32x3 for each image. They
have tested the classification power of the network by presenting 205 unseen images to the network and obtained
over 90% correct results. The authors had to guess a number of parameters of the neural network they developed on
an ad hoc basis. A hybrid method involving neural nets and genetic algorithm-related particle-swarm organization
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has been used to suggest that very similar results for precision have been obtained by ordinary back propagation
network. The hybrid approach involves a training set of 978 images as opposed to a 39,000 image set that was
required for a simple back propagation.

Back-Propagation Neural Networks (BPNNs) were implemented and trained to classify populations and
individual cells. A survey of Artificial Neural Network (ANN) list out the properties of reaction of various color
images in Colantonio (2007), Boland & Murphy (2001), with different antibodies which leads to the study of pattern
of existing protein. The basic features evolved where cellular number, the average and variance value of different
pixels, edges directions, eccentricity, etc. A new method segmentation based on nuclei classification was proposed
by Jeong (2009). It projects overlapping and isolated with Bayesian networks. Morphological features were identified
followed by watershed segmentation to extract the nuclei. Different views and progression of machine based
screening of different classifiers like naive Bayesian classifier, neural networks and their impact in medical biology
are discussed in Kononenko (2001). A new method of video based tracking Yang (2006), was introduced for
segmentation of cell nuclei. Even Three-Dimensional images were studied for differentiating normal from that of
affected human specimen in Solorzano (1999). Cubic B-Spline was proposed instead of normal threshold (Cong &
Parvin, 2000; Zhou, 2009; Xiangzhi, 2008), to differentiate the exact background. After which a particle is detected
and put on a pixel and finally local minima is fixed by applying threshold. Support vector classifier is utilized. The
leukocytes segmentation in images of bone marrow samples have been research in Nilsson and Heyden (2005). First
the leukocytes are located using level set methods and the watershed. In the second part, a set of features (area,
compactness, and variance) is used to validate the correct segmented objects and to assembly the over-segmented
cell parts). An improved active contour model is proposed in (Hu, 2004) to isolate each cell nucleus from esophageal
cell images. The cell nuclei are localized using the ultimate erosion and dual thresholds. The important role of active-
contour based algorithms has been shown in many researches (Malpica & de Solorzano, 2002; Dzyubachyk, 2008),
some shortcomings have been improved for better segmentation accuracy and tracking robustness.

Hybrid Unsupervised and Supervised Machine Learning Methods: The relative merits and drawbacks of both
the supervised and unsupervised learning systems was discussed in the two previous sections. With supervised
learning system one can segment fairly accurately provided one has exemplar training images comprising clearly
delineated segments. With unsupervised learning one can, in principle, segment an arbitrary image but it is not
possible to name the segments. A new neural computing architecture has been proposed — the so-called local linear
map (LLM) that incorporates the best features of the two learning systems. The LLM has a similar structure to the
self-organizing map but with an adaptive locally valid piecewise linear approximation of the output values. However,
this technique is limited by its supervised learning manner. In supervised training, a training dataset with well-
prepared samples that cover any similar patterns which will occur during testing is usually required to train the
system to obtain satisfactory results. A prior knowledge about the possible types and intensity of the cells in the
images captured is the key factor to perform the training, whereas such knowledge is usually unavailable because of
the large volume of images generated from microscopes, the complex nature of cells, and the great diversity of cells
under microscopes.

Edge-Based Techniques: Relevant edge pixel is matched based on the target using Hough Transform, which
includes not only the straight line points but also the edge point with circles. Based on this requirement a table is
created which records edge tanget orientation along with direction of flow and the actual distance moved from the
reference point. This method encourages the extension of images with any shapes and orientation and hence edges
are detected. With the help Edge detection the neighbourhood spectral variation the possibility of determining the
boundaries position is highly possible. Followed by region growing, region dividing. Parameters includes the length,
point of extraction, angle of deviation, edge point of the curves in which initially length refers a measurement in
centimetres which is soon converted into image pixels. Edge boundries are recognized using Canny edge Detector.

The method proposed by Sathik (2011), is an edge based segmentation which preserves the standard of
foreground image. The image is actually divided into two sections: Foreground and Background. Added to this JPEG
compression is implemented for segmentation.

Clustering based Methods: Clustering refers to grouping under a common team head within which similar variables
are brought together. If a variable matches to that native team then it is combined to participate under the label. In
layman’s terms it is the grouping a lot of similar variables under a common head. Initially unprocessed data are
collected, based on the certain hypothesis they undergo segmentation based on some similarities among them. Hence
basically clustering of similar objects (i.e.) is used in mapping a subset of dataset X={x1, x2}. Once the clustered
image are obtained its easy to describe their properties and behaviours based on their coefficients and generally they
are considered as sub images which are in the form of bunch of cells. According to Naqvi (2009), definition of
clustering is stated as "the organization of data points of multidimensional space into groups based on some similar
criteria”. A new grading method was focussed in order to distinguish affected tissues from unaffected one. Those
two are PCA (Principal component analysis) and FCM (Fuzzy c-mean) clustering algorithm. The Spatial relationship
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existing between the pixels induces a method to stabilize and cluster for further division of cell regions proposed by
Krooshof (2006), it represented hybrid model hierarchical clustering. In Fuzzy c-mean clustering algorithm was
proposed by Chen (2010), which resulted in efficient results for unsupervised data to identify meaningful group.
Fuzzy Based Techniques: The main task of segmentation process is separation of the given input image from
background and extracting the nucleus and cytoplasm. Splitting of nuclei exactly at precancerous stage is a tedious
process since it epics the status of the abnormal cell. A clustering approach was proposed by Thanatip and Theera
(2009), as FCM Fuzzy C means clustering followed by classifier to show the obtained features of the relevant image
.Different Dataset s like LCH, ERUDIT and Herlev, where examined for segmentation and the resultant image
features were extracted .This computerized screening process showed best results for LCH and Herlev except the
ERUDIT dataset. Any prevention method is completely successful once it has been screened properly during initial
input image without visual error. In order to avoid such visual error an error free system was proposed by Fabio
Vaschetto (2009), with fully automatic system called THREECOND. It comes with the support of fuzzy systems and
identifies the exact boundaries to be separated and initiates the classification process by applying the fuzzy rules.
Three colors such as blue, pink and transparent cell are used.

2. RESERACH LIMITATION AND DISCUSSION

According to statistical report by different medical research publications the existence level of cervical
cancer disease goes on increasing every day. Most of the developed countries are aware of proper screening
methodologies as compared with developing countries. Generally twice a year this screening process should be
performed .Even though the disease has optimal impact on affected cells the progression of the disease has no
symptoms externally visualized or felt by the person. Once earlier detection leads to better healing methods but post
detection leads worsen the situation leading to death. Accuracy plays an important role in any screening methods.
After a change in color with AW of cervical cell sampled is confirmed during biopsy. After the arrival of computer
based automatic implementation of cervical cells diagnosis shows better results .Comparing with manual methods
the real visual error was eradicated and accuracy reached a standard by using computerized technigques. There are
many computerized methods available for detecting cervical cancer with expected accurate results. Once identified
in right time the abnormal growth and death ratio could be reduced. By using algorithm for classification it yields
not only accurate results but also easy to implement. Since the obtained image stays back in registration based on
different methodologies adapted and distortion with supporting noise its quite to handle them manually. A step ahead
is supported by computerized algorithm based segmentation which proved its way of success in forthcoming years.
Even the input image is less in noise it may suffer due to overlapping of cells and hard to derive the boundaries alone
(i.e.) extracting the needed data. Even the Cytopathologist could not process the needed regions since its done
manually. In the process of cervical cancer classification and extraction of nucleus from background followed by
studying the features obtained pays a way to project the status of disease as normal or abnormal which leads to a
final decision of further treatment. So the features obtained shows the real picture of affected cells .The task of
working with these cells is to evaluate the abnormal and overlapped cells. The irregular and overlapping regions of
nucleus and cytoplasm must be identified by segmentation methods. Classification of cells leads to further
specification of cancerous or normal cells. If the cells are cancer affected then various stages of cells are displayed
based on their level of tumor growth. For example it may be mild, moderate or severely affected cell. The size of the
nucleus becomes larger and brighter from normal cells to abnormal cells. The nucleus to cytoplasm ratio of tumour
cells goes low when compared to normal cells.

3. CONCLUSION

Screening process undergone for cervical cancer manually has higher issues of producing false negative rates
in Pap smear test. Hence an alternate method came into existence called automated computer based technique to
increase accuracy for testing cervical smears. Better performance were shown in classifying normal and abnormal
cells. Review of analysis, segmentation and classification of cervical cancer is projected in this paper. It shows most
accurate and perfect results through different algorithms. In future work, based on the level of accuracy, speed and
cost more supporting algorithms will be studied and extended to increase the performance of automatic screening
technology.
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