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1 Introduction

The Pap smear has, since it was instated as a standard method used for mass
screening in the late 1950’s, helped reduce the mortality rate of cervical squa-
mous cell carcinoma by 50-70% in developed countries. Its main purpose is the
early detection of neoplastic (cancerous) and proneoplastic (precancerous) dis-
ease of the cervix before it reaches the invasive stage. An interesting question
is what could be developed further in the quest to eliminate the disease?

The issue of which steps of the screening process that are currently not
performing as well as would be needed in order to reach zero deaths must first
be determined. Is it the selection of subjects from the population that in some
way fails to reach women who run the risk of being affected, could it be a case
of faulty specimen gathering that does not yield representative samples or is the
problem somehow related to the human factor during analysis, i.e., cases where
evidence of decease are present are still flagged as negative (false negative) by
cytology professionals.

The purpose of automated cervical cancer screening systems is to primarily
help address the last of these three issues. Because cytotechnologists on a daily
basis screen large amounts of samples they are susceptible to making erroneous
decisions caused by, e.g., the monotony of the task or fatigue. A computer
system has several advantages in that it does not get tired, it is not susceptible
to monotony related errors and it will never make biased decisions.

Another possible gain with an automated cytology system is that a well
functioning system would reduce the number of trained cytotechnologists that
have to spend valuable time evaluating samples. This would be especially ben-
eficial in countries which lack the resources to educate a sufficient number of
cytotechnologists needed to set up mass screening programs. [1]

However, even though the gains of a well functioning system are clear the
problems inherent to creating such a system are also very real. There are many
steps that need to be designed with care and many preparatory steps that need
to be adapted in order to create such a system. This has been an active research
area for several decades and therefore there exists a vast amount of information
on the subject. This report has focused on the recent (from the period 2000
- 2008) developments related to most of the tasks spanning the distance from
sample acquisition to the final decision making.
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2 Sample preparation

The sample preparation process can be divided into three main tasks: sampling,
application to glass slide and staining. Each task is individually important since
an unsatisfactory result from either of them lessens the possibility to reach a
correct screening result in the following diagnostic [1].

Sampling is the process of obtaining endocervical and ectocervical cells (cells
from what is known as the transformation zone, which is the area where the
inside and the outside of the uterine cervix meet) [2]. The sampling can be
performed using a variety of tools including spatulas, brushes and brooms [1].
Other than the methodology of collecting a sample there are several physiologi-
cal factors can can adversely affect the sample quality. These factors include: [3]

• menstruation, blood loss, breakthrough bleeding.

• vaginal inflammation/infection.

• sexual intercourse within 24 hours of sample collection.

• severe genital atrophy (menopause).

• pregnancy, postpartum period and lactation.

• physical manipulation or chemical irritation.

• radiotherapy.

Immediately after the sample is acquired it is applied to a glass slide followed
by fixation and staining. The fixation needs to be performed immediately in
order to avoid partial air drying which would ruin the sample [3].

The application of the sample on a glass slide can be performed using one
of two major methodologies, both of which will be described in the following
segments.

2.1 Conventional Pap smear

A conventional Pap smear is achieved by spreading the obtained sample as thinly
as possible on a slide. Firm longitudinal sweeps (figure 1) are used to ensure
that materials from both sides of the spatula is removed [3]. The sample is then
studied using a microscope to determine whether the sample is normal. Using
this method cytotechnologist have been able to detect up to 84% of precancer
and cancer. The specificity of the test is usually over 90% [2].

The usage of the Pap test has during the last >50 years resulted in a decrease
of the death rate from cervical cancer by 50-70% [4]. However, there exists some
problems inherent to the method. It is difficult to achieve a monolayer of cells
on the slide and it is not uncommon to have large areas on a slide which contains
several layers of cellular material [1]. Artefacts such as mucus, inflammation and
blood are common, which of course make interpreting a slide more difficult. It
is also hard to achieve a homogen distribution of the different celltypes that are
harvested from different parts of the cervix on a slide. This means that in order
to ensure that all types of cells in a test has been screened the cytotechnologist
has to study the entire slide which in turn leads to longer screening times and
a higher workload [4]. Another important issue is that a large percentage of
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the collected sample is never transferred from the sampling device to the slide.
Investigators have observed that as much as 80% of cellular material remains
on the collecting device, which could result in missed abnormal cells [5].

Figure 1: Longitudinal sweep used to apply a collected sample to a slide.

2.2 Liquid based cytology

Liquid based cytology (LBC) was introduced in the mid-1990s and is increas-
ingly used in high resource settings. Instead of applying a sample onto a slide
directly, as is the case with the conventional method, LBC involves the rinsing
of the sampling tool in a preservative liquid thus producing a suspension of cells.
The cell-suspension is then transported to a laboratory for further processing
and analysis. [2]. Three LBC systems are currently approved by the US food
and Drug Administration (FDA): the ThinPrep R©Pap Test (Cytyc Corporation,
Marlborough, MA), the SurePath R©Pap Test (TriPath Imaging, Burlington, NC)
and most recently the MonoPrep R©Pap Test (MonoGen, Lincolnshire, IL).

Before being applied to a slide the cell-suspension is first dispersed or dis-
aggregated. This is a chemical, enzymatic or mechanical process designed to
break up secondary cell clusters which would interfere with the diagnostic pro-
cess. This step is then followed by the removal of unwanted material in the
sample, such as red blood cells and mucus. With the cleanup stages complete
the next step in the process is the deposition of the cell-mixture onto a slide.
This can be accomplished in a number of ways, e.g., cytocentrifugation, filter
mediated deposition or gradient centrifugation. Regardless of the method the
goal is to produce a single layer of cells containing all celltypes present in the
sample. This would ensure that the area cytotechnologists needs to study is
reduced at the same time as visual identification of individual cells is easier. [1]

There has been some debate regarding the performance of LBC in relation
to the conventional Pap smear. On one hand there are studies which claim
that using LBC leads to more representative samples, fewer false negatives,
fewer unsatisfactory specimens and a more efficient and cost-effective screening
process [2, 5, 6, 4, 7, 8, 9]. On the other hand some studies claim that little
or no gain can be obtained by switching to a LBC system, especially when one
takes the cost of obtaining necessary equipment and educating the personell
into account [10, 11, 2, 12]. This conclusion is even more common when LBC
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is evaluated for use in developing countries [13].
A final promising aspect of LBC is that the residual material from the

slidepreparation can be used for e.g. human papillomavirus (HPV) DNA test-
ing [7, 2, 10, 11]. However, there are problems coupled with this prospect in
that LBC preservation is not guaranteed beyond a few weeks. Also HPV testing
could be readily be done from plastic spatulas used for conventional smears as
well without the added steps that LBC implies [11].

2.3 Staining

In biomedicine staining is defined as a physicochemical process which adheres
color to microscopically small objects. When applied stains enhance the contrast
of cells and tissue versus the unstained background which make them possible
to study using a routine light microscope. Routine staining procedures using
dyes and stains can generally be divided into histological staining, in which thin
sections of plastic- or wax-embedded tissue blocks are stained, and cytological
staining, in which smears, imprints, cell cultures or cytocentrifuged material
are stained. A stain can be defined as a aqueous or alcoholic solution of a dye,
which in turn is defined as a dry powder.

The Pap stain has reached its importance in diagnostic cytology because
of its unique staining pattern with differentially stained cytoplasm. Nuclear
staining is achieved with the oxidation product (hematein) of a metal-complex
dye (hematoxylin). Cytoplasmic counterstaining is performed using the anionic
dyes eosin Y, fast green FCF or light green SF, orange G and Bismarck brown
Y combined with phosphomolybdic and phosphotungstic acids. The Pap stain
is relatively easy to handle. However, it is time-consuming and requires wet
fixation of the cytological material. Air drying leads to reduced nuclear staining
and the loss of the transparancy of the cytoplasmatic staining.

There are further shortcomings of the Pap stain that are worth mentioning.
Firstly there exists no way to synthesize the hematein dye. It is extrakted from
an American logwood (Haematoxylon campechianum) and the process results in
a not entirely pure product. Also, it is not applicable for quantitative measure-
ments because the nuclear hematin content does not correlate with the nuclear
DNA content. Another issue is that there are some spectral overlap between
the nuclear stain and the cytoplasmic stain leading to problems when performin
densiometric evaluations. Finally the hematein solution deteriates over time,
leading to further variation of the staining pattern depending on the age of the
solution. Because of the shortcomings inherent with the Pap stain several sub-
stitutions have been recommended. Most of these where devoloped with the
replacement of hematein as a primary goal. The following list contains a short
description of two of these:

Thionin as a Nuclear Stain. This variant uses the cationic thiazine dye
Thionin as a nuclear stain. Thionin is easy to produce synthetically in
large batches with a very high and consistent quality. Eosin Y and fast
green FCF are still used as cytoplasmic counterstains but orange G and
Bismarck brown Y are omitted. The greatest benefit for this staining vari-
ant is that it includes fewer preparatory steps, which of course leads to
shorter processing times. Also, nothing is lost in terms of stain quality
making it a useful alternative to the standard Pap stain.
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Gallocyanin Chromalum as a Nuclear Stain. Gallocyanin Chromalum
(GCA) is an oxazine dye which forms a complex with metals. It has the
same benefit as Thionin in that it is a synthetic dye which is available at
a very good consistent quality. However, it has a problem in that it has
a long staining time (48 hours at elevated temperatures) which makes it
unsuitable for routine screening procedures.

Both GCA and thionin are excellent nuclear stains which overcome some of
the disadvantages of hematein. However, they both have similar problems with
spectral overlaps which means that they do not surpass the hematin in that
aspect.

Even though there are some shortcomings inherent with the conventional
Pap stain it is still the standard staining method for automated cytology sys-
tems. The biggest issue is the spectral overlap which makes it impossible to
take quantitative measurements. However, there are several reasons why the
Pap stain is still used. The foremost reason is that when a sample needs to
be visually analysed by a human cytotechnologist he or she is trained to do so
on a Pap-stained smear. When using computer-guided cytometry it is possible
to forgo the cytoplasmatic counterstain since most of the analysis is based on
nuclear features. However, this makes a sample harder for a cytotechnologist
to verify the results since the human observer needs the cytoplasmatic counter-
stain. There are workarounds around this problem which can be used, such as
using the nuclear stain for the computer-guided analysis and then add a cyto-
plasmatic counterstan for the visual inspection. The Pap stain is certanly not
the optimal staining technique when used for automated cytologic applications
but it is still the preferred choice much because it is the best alternative for a
broad range of application areas. [1]
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3 Image acquisition

At first glance the problem of acquiring images of a sample seems relatively
easy. However, once a bit of math is applied the task immediately becomes
more complex. A smear prepared according to the conventional method covers
a surface of about 10 cm2 (if LBC techniques are used the area is reduced to
about 1 cm2). A typical smear contains 10 000 - 100 000 cells where a typical
cell has a diameter of about 35 µm. This means that under ideal conditions 100
000 cells could be packed in an area of 1 cm2. In practice, however, cells are
usually much less densely packed in order to avoid extensive overlapping.

To obtain reliable data for classification the cells should be digitized at max-
imum resolution. The spatial resolution limit of a light microscope is approxi-
mately 0.5 µm and according to the sampling theorem this leads to the need to
digitize with about 0.25 µm pixel size. Using these last two facts together with
the general size of a sample the total number of pixels per sample will end up
at around 10 billion (the range 1 600 000 000 - 25 000 000 000).

In order for an automated system to be cost effective the digitization (and
subsequent processing) of all pixels has to be completed within a period of ten
minutes. This corresponds to a scanning rate of about 20 million pixels per
second.

In the following text three different image scanners are going to be discussed.
They are all based on the the principle that an image of a part of the specimen
falls upon a sensor that measure the light intensity by integration of the number
of incoming photons over some time period.

Flying spot scanners (single point integration): These methods measure
one point at a time either by moving the entire sample in a raster fashion,
by moving the measuring point over the sample or finally by moving the
illumination source over the sample. Of these three the last one is of the
greatest practial interest because it has a documented ability to reach the
speeds required to fulfil the criteria stated above.

Continuous motion imaging (single line integration): Single line inte-
gration uses a line of photo sensor, typically a linear CCD array, which
is moved orthogonally to the line direction across the sample. There are
some issues that need to be resolved in order for the method to work well.
The speed with which the array is swept across the sample, or the sample
is moved below the array, needs to be synchronized with electronic scan-
ning speed. Also, the focus need to be continuously altered during the
entire scan and the light has to be adjusted so that it almost saturates the
brightest part of the sample. Continuous motion imaging systems using
modern arrays should easily be able to fulfil the criteria stated above.

TV-scanners (full area integration): TV-scanners integrate light from a
whole rectangular area at once. The rectangular area is moved in or-
der to capture the entire area of the sample. A problem with this is that
for each captured image the microscope sensor has to be moved, the image
has to stabilize and focus and light has to be optimized. This process can
take a few hundred milliseconds which when repeated for the few thou-
sand images needed for each slide quickly adds up to substantial time-loss.
Ways to avoid this time-loss is to use a strobing light source which enables
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faster image acquisition or to use a bigger CCD array which means fewer
stops.

All three methods can achieve the datarates that are of the right order of
magnitude for the needs in cervical prescreening. However, they all require well
designed systems to achieve that datarate. Factors that also have to be taken
into account are cost, complexity and speed. The continuous motion scanners
have nice properties when entire samples are to be scanned, which is generally
the case. However, if multiple wavelengths and full color is required the best
option is probably using a color CCD camera. [14]

3.1 Alternative imaging methods

In an attempt to further improve the cervical cancer screening process alter-
native image acquisition approaches have been developed. Two of these are
explained below.

IR microspectroscopy: There exists a group of spectroscopic methods which
has been applied to cancer studies. This group include Fourier Transform
IR (FT-IR) microspectroscopy [15, 16], attenuated total reflection-FT-IR
(ATR) microspectroscopy [17], Raman microspectroscopy and photother-
mal microspectroscopy [18].The general principle for all these methods is
that an IR beam is focused on a received sample that absorbs the energy.
However, the way in which the subsequently emitted signal is detected is
what characterises the different methods. IR spectroscopy is used to ob-
tain ”biochemical-cell fingerprints”, detailed spectra of cells and/or tissue,
by measuring cellular biomarkers such as DNA, RNA, lipids, phosphate
and carbohydrates. These fingerprints varies according to the clinical
status and can thus be used in a diagnostic fashion. In general IR mi-
crospectroscopy has the potential to become a valuable tool not only in
cervical cancer screening but in cancer research as a whole as well. [18]

Spectral image analysis: The automated systems for cervical cancer screen-
ing that are used today uses standard RGB or HSV (HSI) models for the
image analysis. This can in some instances lead to chemical and physical
information being buried under the spectral characteristics of the imag-
ing system. In contrast, spectral imaging systems captures a spectrum
of wavelengths for each pixel thereby adding a greater flexibility to the
following image analysis. The spectral information is captured by using
a Liquid Crystal Tunable Filter (LCTF) device attached to the micro-
scope. Advantages of using spectral information includes the ability to
e.g. achieve more flexible, accurate and robust segmentation at smaller
computational costs. [19, 20]

11



4 Image analysis

Aside from the sheer number of cells that need to be analysed, which has been
discussed above in section 3, there are other factors that need to be taken into
consideration when images of samples are processed. A conventional Pap smear
usually contain both single cells as well as clusters of cells. Overlapping is
common and the physical appearance can differ depending on the means with
which the sample was obtained and prepared. Cells can also have different colors
as a result of the staining process. Furthermore, aside from cervical cells other
cells are generally also present such as white blood cells, red blood cells and
even bacteria. [21]

The process of handling these issues in order to extract correct sample fea-
tures through image analysis is discussed in the following sections.

4.1 Preprocessing

The preprocessing step is needed for background extraction and definition of
the regions of interest in the image. It is also important to define the regions
containing cells, or the regions void of cells, in order to reduce the area to be
searched. This step can also include the removal of artefacts that are clearly
not large enough to be of interest [22]. Furhermore, the color model to be
used needs to be determined. Generally, many papers suggest that the micro-
scopic images should be converted into 8-bit gray level images before moving
on. However, a convertion to the HSI color model could be beneficial for image
segmentation [21].

4.2 Segmentation

Segmentation is one of the most fundamental problems of quantitative anal-
ysis of cells in microscopic images. For cytological images the main focus is
generally to isolate the cell nucleus since the malignant or abnormal character-
istics are most prominent there [21]. However, the cytoplasm is also a region of
interest [23].

There are several segmentation methods which have been applied to cell
microscopic images. Examples of the these are water immersion, active coun-
tour models (snakes), Hough transform, seed based region growing algorithm
and moving k-means clustering. Most of the methods listed above work well
for microscopic images with a cell grid where there is no overlapping. How-
ever, images obtained from Pap-tests are more difficult to segment because of
diversity of cell structures, intense variation of background and overlapping of
cell clusters. These difficulties makes identifying nuclei boundaries harder and
renders some of the previously mentioned techniques more or less suitable. [21]

4.3 Features

When the features of microscopic cell images are discussed perhaps the main
focus lies on the arrangement of the chromatin in the cell nuclei. This is due
to the fact that the eu- and hetero-chromatine has been shown as the most
important discriminator between different states of malignancy. Because of
this fact it is of great importance to describe the properties of the chromatine
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in a good way. The two main approaches to describing these properties can
be classified as the structure approach and the texture approach. With the
structure approach the chromatin distribution is seen as a local arrangement
of more or less small objects of varying intensities. This is a more or less
heuristic approach where the features try to mimic the diagnostic clues of the
cyto-technologist. The second method characterises the chromatine distribution
using 2nd or higher order statistics. This means that it facilitates, e.g., Laplace
or median transformations or co-occurrence and run-length features in order to
model the repetitions of arrangement configurations. Texture measurement is
the more widely used method but there are issues that need to be taken into
account when using it. It is difficult to relate the results to visually perceived
chromatic changes. Also, the measurements are sensitive to variations in sample
preparation, image gathering setup and the focus of the microscope.

Which features that are extracted from microscopy images and how they are
grouped and/or combined varies. Below one suggestion is listed which groups
selected features into four specific groups. [23]

1. Size and shape: This group contains the morphometric features which
express the overall size and shape of a cell. To calculate these the only
things needed are the object mask and border. Morphometric features are
perhaps not the most prominent for distinguishing between healthy and
abnormal cells but they can be of great use when trying to distinguish
between objects of interest and debris. Examples of measurements that
fall beneath this group are: position and orientation dependent features
(boundingbox), geometric features (area, perimeter, largest inscribable cir-
cle), contour features (curvature, bending energy, convex hull, deficiency,
elliptic deviation, Fourier descriptors) and invariant moment features.

2. Intensity: Densitometric features uses the absolute intensity values in the
image. Because of this it is important that they are as well controlled and
normalized as possible. Furthermore, pure densitometric features uses no
spatial information which means that all the information can be obtained
from the histogram. Some of the densitometric features are: larges/lowest
density and different region intensity features (total image, background,
object, inside border zone, outside border zone).

3. Texture: The main purpose with extracting the textural features is to
obtain quantifiable measures of overall local density variability inside an
object of interest. Usually the zone of measurement is the entire nucleus.
However, it can also be a subpart since splitting the nucleus into differ-
ent regions can result in better results. Examples of texture measures
are: gradient image features, Laplace image features, flat texture image
features, topological gradients (watersheds), run-length and co-occurrence
features.

4. Structure: With structural or contextual features each chromatin parti-
cle is considered to be an object. Features are extracted by describing
the relationships between these objects. This method requires a way of
defining particle followed by a way of generating useful measures from the
relationships between the particles. Perhaps the most prominent feature
derived this way is the Delaunay triangulation but some other examples
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of features are the number of derived particles (varies depending on the
definition of a particle), the nearest neighborhood graph, the minimum
spanning tree graph and the convex hull derived from different types of
particles.

Which of the types of features listed above that are used differs depending
on the thought application of the analysis. In the following text the features
used by [24] for analysis of Pap-smear data is listed.

- Count of nuclei and cytoplasm pixels
- Size of nuclei relative to cell size
- The average perceived brightness
- The shortest diameter of nuclei and cytoplasm
- The longest diameter of nuclei and cytoplasm
- The ratio between the shortest and the longest diameter
- The length of the perimeter of nucleus and cytoplasm
- A measure of how well the nucleus is centered in the cytoplasm
- Count of the number of pixels with the maximum/minimum value within

a 3-pixel radius
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5 Classification

The purpose of any cervical screening system is to determine whether or not
a sample contains any evidence of cancer (or precancerous lesions). There are
some differences in how the classification process is approached. The most
common method involves analysing all cells using features like those discussed
in section 4.3 and then classifying each cell as normal or suspicious. As a final
step the system then weighs all results together to establish a smear diagnose.
These systems which focus on finding (the rare) occurrences of suspicious cells
are referred to as rare event (RE) systems.

A different and much less frequent approach to the classification problem is
to look for subvisual alterations to general cell properties which differs between
a healthy and a affected sample. The phenomenon is sometimes known as
Malignancy-Associated Changes (MAC) and it cannot be analysed in a cell
by cell basis, but must instead take the entire cell population into account
since the alterations are often so subtle. The population parameters (means,
variances), when obtained, are what is used to classify a smear. Mimicking the
classification methodology used by cytotechnologists and pathologists is another
approach to designing a classification system. They do not rely solely on one
single context but analyse the sample based on several factors such as patterns
in cell distribution, the frequency of cells and cell clusters, the occurrence of
degenerated cells and cytoplasms, the abundance of bare nuclei, and so on. If
they were forced to classify a sample based on single cells alone they would
not be able to reach the same accuracy they have today. Systems which try to
model this approach to classification are often referred to as using contextual
evaluation (CE). Other terms that are common in the literature are architectural
features and relational features.

There are pros and cons with all the methods described above. The RE
approach makes it easy to present suspicious cells for visual analysis, however,
there always exists the risk that no or to few abnormal cells are present in a
sample which makes it impossible to make a correct analysis. With MAC the
problem with too few or missing abnormal cells is resolved because changes can
be detected distant from the lesion. However, there is no simple way to visually
present the result which makes them hard to confirm. Also, MAC requires
that large populations of cells are examined which makes it computationally
demanding. Finally, the CE approach has its greatest advantage in that it
mimics the approach taken by human screeners. However, it is sensitive to
hormonal and inflammatory changes. Also, some abnormal samples still show
a normal overall pattern. Finally, because of the complexity of the analysis it
requires a multilevel classifier which is hard to evaluate. [1]

Regardless of which of the above mentioned approaches that is used for
a classification system the choice of which classification algorithm to use still
remains. In the following text the classification process is discussed in greater
detail.

5.1 Feature selection optimization

A big part of any classification process involves evaluating and optimizing the
feature space which is used. It is important that all features used adds infor-
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mation which increase the separability between different samples. Adding new
features to a set will not always lead to a better separability but could instead
add noise to the different classes. [25]

In the following sections a few approaches to feature selection optimization
is covered.

5.1.1 Multivariate statistics

Multivariate statistics involve a number of procedures which are used to analyse
more than one statistical variable at a time. Among these we find many well
known analysis techniques, e.g., principal component analysis (PCA) and linear
discriminant analysis (LDA).

Principle component analysis seeks to find the features which have the largest
variance for a dataset. This is done by transforming the data to a new coordinate
system where the feature which shows the greatest variance for the dataset is
used as the first coordinate, the second greatest as the second coordinate and
so on. Theoretically this corresponds to the optimum transform for a given
data in least squared terms. PCA is often used for dimensionality reduction
for feature sets. This is usually done by selecting the features displaying the
greatest variance and removing those that add smaller amounts of information.
In most application this action is equivalent to obtaining the ”most important”
aspects of the data.

Linear discriminant analysis is a method that seeks to find the linear com-
bination of features which best separates two or more classes of objects. The
results of the analysis could be used directly as a linear classifier, however, the
more common application is to use LDA for reducing the dimensionality of the
data. Eventhough LDA is closely related to PCA it explicitly tries to model the
differences between the classes of data whilst PCA does not take class differences
into account at all. [26, 27]

5.1.2 Genetic Algorithms

Genetic Algorithms (GA) uses a model of genetic evolution to attempt to find an
optimal solution to some kind of problem. In the classical approach individuals
are represented using bit strings containing different features or variables. In
an I-dimensional search space these bit strings contain I encoded variables or
features. In the least complicated scenario each feature can be described using
a binary value. In the case of nominal-valued variables, each nominal value can
then be encoded as a D-dimensional bit vector, where 2D is the total number
of discrete nominal values for that variable.

In order to achieve some kind of evolution GA uses cross-overs to get a vari-
ation in the ”genetic material”. The cross-overs combine the ”genetic material”
of two parents creating two new individuals. The rate of cross-overs is deter-
mined by a preset probability parameter pc ∈ [0, 1]. There are several ways by
which the genetic material can be mixed through a cross-over. A few of these
are illustrated in figure 2.

Yet another way to add variance to the populations is to allow mutations to
occur. These mutations are applied to the offspring generated from the cross-
over operation with a probability pm ∈ [0, 1]. This is done on order make sure
that all possible solutions are included in the optimization.
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In conclusion one could summarize the GA process using the following pseu-
docode.

1. Let g = 0.

2. Initialize the initial generation Cg.

3. While not converged

(a) Evaluate the fitness of each individual ~Cg,n ∈ Cg.

(b) g = g + 1.

(c) Select parents from Cg−1.

(d) Recombine selected parents through cross-over to form offspring Og.

(e) Mutate offspring in Og.

(f) Select the new generation Cg from the previous generation Cg−1 and
the offspring Og.

[28]

1 0 1 0 0 1 0 0 0 1

Parent 2

Parent 1

Mask

Offspring 1

Offspring 2

(a) Uniform cross-over

0 0 0 0 0 0 1 1 1 1

Parent 2

Parent 1

Mask

Offspring 1

Offspring 2

(b) One-point cross-over

0 0 1 1 1 1 0 0 0 0

Parent 2

Parent 1

Mask

Offspring 1

Offspring 2

(c) Two-point cross-over

Figure 2: Illustration showing three cross over operators.

5.2 Clustering methods

Clustering is defined as the unsupervised and exploratory classification of sam-
ples (observations, data items, or feature vectors) into groups (clusters). This
can be accomplished in a number of ways which are adapted to the investigators
need. It can e.g. be hard (with all data partitioned into groups), fuzzy (where
each pattern has a variable degree of membership) or hierarchical (a nested se-
ries of partitions based on a criterion for merging or splitting clusters). The
two most common clustering methods are k-means and hierarchical clustering.
K-means seeks to minimize the distance between a predefined number of cluster-
means according to a specific distance metric whereas hierarchical cluster uses
an agglomerative method to pair samples/clusters together until all are part of
a single group. [29]

Both of these methods are, however, so well known that they will not be
discussed further in this report.
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5.3 Baysean methods

Classification methods that are based on the Bayesian fundamentals are centered
around Bayes’ theorem

P (A|B) =
P (B|A)P (A)

P (B)
. (1)

Here P (A) denotes the prior or marginal probability of A, P (A|B) denotes
the conditional probability of A given B, P (B|A) is the reversed conditional
probability and P (B) is the prior or marginal probability of B which acts as
a normalizing constant. From this theorem several methods that are useful
for classification purposes can be derived. Among these are the very common
maximum likelihood and minimum distance classifiers.

The maximum likelihood method is derived from Bayes theorem with the
assumptions that samples are distributed according to a Gaussian probability
density function and that all classes are equally likely to occur in order to obtain
more manageable calculations. The discriminant function is hyperquadric and
is written as follows

dj(x) = −
1

2
ln|Cj | −

1

2
[(x − mj)

T C−1

j (x − mj)], (2)

where x is the sample to be classified, mj is the mean vector of class j and
Cj is the covariance matrix of class j.

The minimum distance classifier is a further simplification of the maximum
likelihood classifier where also uncorrelated aswell as independent samples and
same covariance for all classes is assumed. This results in a linear classifier with
the following discriminant function. [25]

dj(x) = (x − mj)
T −

1

2
mT

j mj. (3)

5.4 Artificial Neural Networks

The concept of artificial neural networks (ANN), also known as neural networks
(NN), is based on trying to mimick the way the brain computes information. The
brain can be described as a highly complex, nonlinear, and parallel computer.
It organizes its structural constituents, known as neurons, in such a way that it
is able to perform certain tasks (e.g. pattern recognition, perception and motor
control) many times faster than the fastest digital computer in existence today.
The fast processing is achieved through a combination of efficient processing
and the ability to build up own rules which we usually refer to as ”experience”.

A neuron is an information processing unit that is fundamental to the opera-
tion of a neural network. The attempt to model a neuron can be seen in figure 3.
The neuron model can be divided into three separate levels of operation.

The first level is made up of synapses or connecting links, each of which is
characterized by a weight or strength of its own. Using the figure this can be
specified by taking a signal xj , which is the input from synapse j connected to
neuron k, and multiply it with the corresponding weight wkj . The subscripts
of the weight is written so that the first subscript refers to the intended neuron
and the second subscript refers to the specific input synapse.
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The second level is an adder which sums the weighted incoming signals. In
this example this operation constitutes a linear combiner.

The final layer corresponds to an activation function which limits the ampli-
tude of the output of a neuron. The activation function could also be referred to
as a squashing function in that it limits the range of the permissible amplitude
to some finite value.

The model depicted in figure 3 also includes an externally applied bias,
denoted by bk. The bias bk has the effect of lowering or increasing the net
input of the activation function, depending on whether it is negative or positive
respectively.

weights
Synaptic

Summoning
junction

x1

x2

x3

xm

Input
signals

wk1

wk2

wk3

wkm

Σ

Activation
function

ϕ(.) Output
νk

yk

Bias
bk

Figure 3: Nonlinear model of a neuron

In mathematical terms the neuron k could be described using the two fol-
lowing equations:

uk =

m∑

j=1

wkjxj (4)

and

yk = ϕ(uk + bk). (5)

Here uk corresponds to the linear combiner output, ϕ(·) is the activation
function and yk is the output signal of the neuron. The use of bias bk has
the effect of applying an affine transformation to the output uk of the linear
combiner, as shown by

νk = uk + bk. (6)

To construct a neural network several nodes are combined to form layers.
A network can be built up of several layers some of which are referred to as
”hidden” layers which add the ability to extract higher-order statistics from the
network. These networks have many good features. The most beneficial prop-
erties include nonlinear separation, real-time adaptation of decision boundaries,
evidential responce (how certain was a specific classification) and robust calcu-
lations even under adverse operating conditions. [30]
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5.5 Support Vector Machines

The goal of support vector machines (SVM) is to separate multiple clusters with
a set of unique hyperplanes that have the greatest margin to the edge of each
cluster. Basically the support vector machine is a linear machine with some very
nice properties. If one considers the training sample {(xi, di)}

N
i=1

, where xi is
the input pattern for the ith example and di the corresponding desired response
(target output). In the most basic scenario one can assume that the pattern
(class) that is represented by the subset di = +1 and the pattern represented
by the subset di = −1 are ”linearly separable”. A hyperplane that performs
this separation is defined as

wT x + b = 0 (7)

where x is an input vector, w is and an adjustable weight vector and b is a
bias. Furthermore, it is thus possible to write

wT xi + b ≥ 0 for di = +1
wT xi + b < 0 for di = −1.

(8)

For a given weight vector w and bias b, the separation between the hy-
perplane denoted in Eq. (7) and the closest data point is called the margin of
separation, denoted by ρ. The goal of a support vector machine is, as was stated
earlier, to maximize ρ. When this is fulfilled the decision surface is referred to
as the optimal hyperplane. Figure 4 illustrates the resulting optimal hyperplane
for a two-dimensional input space.

For a non-linearly separable problem the problem is solved by mapping
the input vectors into a high-dimensional feature space using, e.g., the kernel-
trick. [30]

Figure 4: Illustration of the idea of an optimal hyperplane for linearly separable
patterns.
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6 Comments and discussion

This report has encompassed the process of cervical cancer screening from sam-
ple collection to classification. Because of the width of the subjects covered each
individual topic has of necessity been kept at a shallow level of detail. How-
ever, it is the hope of the author that enough has been mentioned to properly
visualize the complexity of automated cervical cytology screening. It is a mul-
tifaceted problem where each step of the sample analysis process needs to be
well developed in order to get an accurate result.

There is one conclusion that can easily be drawn about the process as it
stands today and that is that much is centered around resources. The choice
of which tools to use for each individual step is to a large extent dependent on
the amount of money that is available. This will decide which sampling tool is
bought (wooden spatulas ar far less expensive in the long run than the combina-
tory brush/spatula tool options), whether to use a liquid based cytology system
or the conventional smear method (which is far cheaper), the hardware for the
image acquisition (whether to use a motorized system for moving the slides,
automated loading of new slides and the quality of the microscope/camera),
the hardware for the image processing (for transmitting images from camera to
computer and the computational power) and in the end the software (for the
actual image processing). Also it needs to be decided whether expert council
should be available locally or if a system for centralized analysis of samples
should be instated.

Many of these issues that may seem trivial in a western society are of the
greatest importance in developing countries where the resources are much more
scarce. Unfortunately, it is in these areas that the demand for easy to use, well
developed screening systems are greatest and also where such a system would
achieve the greatest reduction of the ratio of women killed by cancer each year.
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