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Introduction

The aim of this dissertation is to present dedicated algorithms of image processing developed to

meet specific tasks related to identification and classification of multiple objects in images. Such needs
appear more and more frequently e.g. in automated screenings and examinations in medicine and
biology. The essence of the presented approaches was to infuse the well tested algorithms of image
processing, pattern recognition, etc. with the problem specific knowledge. The problem domain was
constrained by the analysis of images of cells acquired with different microscopy techniques that define
a multimodal input data.
Multimodal images are generated when an object is visualized with more than one detector. In cy-
tology, where cells are studied with different observation techniques, phase contrast and fluorescence
microscopy play an important role. The phase contrast microscopy enables to observe living cells
while the fluorescence microscopy allows to visualize structures of interest within the cell. In medical
and biological researches, where large number of microscopy images (hundreds of thousands) has to
be examined, the automated image processing algorithms seem advisable. The dissertation is focused
on two research fields, where such algorithms are strongly desirable, namely study of gene functions
and the cervical cancer diagnosis.

One of the key aspirations in system biology is to study the role of genes in organisms using
high-throughput research techniques. Many experiments that quantify changes in the cell behavior
in response to a given perturbation are based on the image analysis. The mitotic index is the crucial
parameter that describes the cell cycle and is often used to examine cell proliferation. In high-content
screenings its automated quantification is necessary to provide results in an acceptable time.

A cervical cancer is the second most frequent type of cancer among women worldwide and the
first in many developing countries. Standard screening techniques, while successful in reducing the
mortality, still have serious drawbacks among which misdiagnosis is the most significant. Therefore,
alternative methods are search for. One among a few promising options is to study cervical smears
with the use of the phase contrast microscopy. Practically immediate, this technique allows to diagnose
numerous diseases at a reasonable price. The critical factor is the fast degradation of samples (it dries
up after 3-4 hours) what necessitates digital recording of samples. As the method is intended for
screening purposes and involves checking a huge amount of recorded samples, it is essential to provide
an image analysis algorithm that will automate the task and unburden physicians from massive and
messy selection process.

Before dedicated algorithms were developed, a considerable attention was paid to mine the problem
domain knowledge, i.e. to understand the optics and microscopy principles and to discover specificity
of images. Following the Occam’s razor principle, entia non sunt multiplicanda praeter necessitatem,
the simplest and literature-based solutions were tested at first. As the collected experience indicated,
none of the standard methods performed satisfactory and each stage of the analysis flow needed to be
revised to carry as much domain-specific knowledge as possible. Also, the analysis of single modalities
was to no avail. Difficulties arise from the fact that analyzed images contain real, often noisy and
contaminated objects with various appearance, size and structure. Their analysis has induced special
considerations of the flow of the analysis.

Thus, the holistic approach is proposed where each step of the analysis was considered equally
important. Incorporation of multimodality extended the range of possible solutions. It was possible to
construct an original flow of dedicated algorithms that comprise already known techniques adapted to
considered problems and combined with novel methods.

Current trends in microscopy prefer rather a passive visualization where images of specimen are
taken automatically without paying any attention to their content. Such an approach is far from being
optimal because many images are not always informative. This particular problem can be solved by
active vision based microscopes (robots) which can be feedback controlled by the image analysis sys-
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tem. The introduction of such systems will be possible when image analysis systems provide reliable
accuracy and satisfactory performance. Algorithms presented in this thesis are intended to conform
these requirements and can be considered as the first step toward image feedback-driven systems.

The interdisciplinary range of the dissertation and intended necessity of being self-contained has
induced the introduction of numerous concepts from medicine and biology. They are collected in
Chapter 1. Additionally, the most important biological and medical terms are explained in the glos-
sary supplementing the thesis. Notations and the index of frequently used terms were also included.
Chapter 2 contains a review of different concepts in segmentation of medical and biological images. A
considerable attention was paid to revise methods in the field of segmentation of medical images and
Markov Random Fields.

The system presented in Chapter 3 is aimed to support gene functions study by measuring a mitotic
index from multimodal images acquired from two different sources, namely the phase contrast and
fluorescence microscopy. Determining the value of this parameter is achieved by a selective detec-
tion of three types of cells in a novel manner. Correlation-based method detects mitotic cells from
phase contrast images while normal and dead cells are detected from both modalities by dedicated
pre-processing techniques followed by the watershed segmentation. Classical methods, such as filter-
ing in the Fourier space and the rolling ball algorithm were adapted to the image domain to remove
selectively unimportant information such as background, noise or image regions with low fluorescence
signal. Further, the importance of the filtering stage was justified by a suitable example. In Chapter 3.2
an innovative cascade of classifiers is built to detect mitotic cells. The correlation-based detection algo-
rithm is applied to form a list of candidate objects and originally developed gradient and evolutionary
based validation methods are applied to analyze candidate correlation peaks more precisely to improve
performance of the detection process.

The image processing algorithm, presented in Chapter 4, is aimed to support cervical cancer screen-
ings by providing to a physician filtered images with unimportant objects excluded. An original ap-
proach exploits Statistical Geometrical Features to characterize classes of image regions that contain
epithelial cells, contaminated medium and cell membranes. Sequential Forward Floating Selection
is employed to identify the most representative features. Different feature selection criteria (scatter
matrices, misclassification rate and Bhattacharyya distance) and different classifiers (Fisher Linear
Discriminant, k-nearest-neighbor classifier and Kernel Fisher Discriminant) are compared to justify
the proposed method. The shape of cells is identified with post processing techniques followed by
the application of an active contour model. Alternative methods such as segmentation with Markov
Random Fields are also evaluated. The thesis is concluded with Chapter 6.

Despite the presuppositional advantage of the multimodal analysis of images over standard ap-
proaches where single modes are considered, the empirical analysis of its efficiency needs to be de-
rived. The dissertation raises this issue partially by restricting the evaluation only to a given problem
domain defined by the microscopy technique and cell type. Results of this thesis are applicative. Algo-
rithms presented in Chapter 3 were implemented and applied in biological experiments performed in
Max Planck Institute of Cell Biology and Genetics, Dresden, Germany. Software used in experiments
is presented in Chapter 5. Algorithms presented in Chapter 4 were successfully used as a first stage
in the system that identified atypical cells in images of cervical smears. Experiments performed by
Grzegorz Gisb MD, PhD and Marcin Smereka in Diagnostic Center of Obsterics and Gyneacology,
Opole, Poland further justified the importance of the filtering stage and may improve the cervical
cancer screenings.
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Notations

Some of the most commonly used notations are collected below. Standard conventions are ex-
ploited, for example a vector is denoted by a lower-case quantity in bold face and a matrix by upper

case.

Bayesian Model:
Q= {(01,...,wc}
0;

X = (X1,...,Xq)

n

n;

P(x),p(x)

g(x)

P(w;)

P(x]y)

The Markov Random Field model:
F

C

N

S={(,j): 1<i,j <N}
L={l:1=1,2,...N.}

#L

I('v')

Ixy)
X={X\,i=1...n}
o(X)

Tr(-)

IA|]* = Ziinzj

Ir

class set

label of class i

a measurement vector, a pattern or observation vector
number of samples x

number of samples x in ®;

probability, density function of random variable x
discriminant function

prior probability of the given class ®;

conditional probability

set of all possible configurations
cliques set

neighborhood set

set of sites

label set

number of elements in L

image of size N x M

intensity value at position (X,y)
population

fitness function

trace operand of a given matrix.

template of the size M x M

correlation map
edge map
vector field



1. Biological Background

Cell is the smallest unit in a living organism that is capable of integrating essential life processes.
The schematic cell structure is presented in Fig.1.1. Structures of interest for algorithms presented
in latter chapters are nucleus, cytoplasm and the cell membrane. The entire process of cell division
including division of the nucleus and the cytoplasm is called mitosis. A dividing cell is called mitotic.
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Figure 1.1. Scheme of a cell

Cells are transparent by their nature and, therefore, for their observation specialized microscopy
techniques need to be applied. Phase contrast is the least toxic method that does not require staining.
When the light passes trough a transparent part of the specimen, it is shifted (diffracted (D) wave) in
relation to the uninfluenced light (surround (S) wave) and arrives about a quarter of a wavelength out
of phase. This difference in phase is not detectable by the human eye. However, the change in phase
can be increased to 1/2 wavelength by a transparent phase-plate in the microscope and thereby causing
a difference in brightness (particle (P) wave). Due to destructive interference, the transparent object
appear darker against a lighter background. This is called dark or positive phase contrast (Fig.1.3(a)).
Another possibility is to slow down the direct light so that the influenced light and unobstructed light
arrive in step and interfere constructively. As a result the specimen appear brighter than a background
(Fig.1.3(b)).

Automated interpretation of images with biological structures from phase contrast microscopy is
difficult. Correct adjustment of the microscope is necessary to exploit the microscope’s full potential
and ensure the uniform and free from glare illumination (for example through the Kohler illumination).
However, the phase contrast microscope generates phenomena such as shade-off effect or halos that
are unavoidable with manipulations with microscope optics. Shade-off and halo effects are a natural
consequence of the phase contrast optical system. Bright phase halos usually surround the boundaries
between large fragments of the specimen and the medium (Fig.1.4). Halos occur in phase contrast
microscopy because the circular phase-retarding ring located in the objective phase plate also trans-
mits a small amount of diffracted light from the specimen. The shade-off phenomenon occurs because
central parts of the specimen, having uniform thickness, diffract light differently than the highly re-
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Figure 1.2. Principles of phase contrast and fluorescence microscopes. Source: nobelprize.org
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Figure 1.3. Negative and positive phase contrast of a kidney tissue. Source: Nikon MicroscopyU
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fractive zones at edges and boundaries. While halo effect may simplify detection of the mitotic cell
by enhancing boundaries between the specimen and the medium, shading off phenomenon makes the
boundary between the cell and the medium hard to detect.

Another effect present in phase contrast images is uneven illumination. It manifests itself by the
gradient in light intensity that traverses from one side of the image to the other. It is caused either by a
wrong adjusted optical system or by the meniscus of the medium. The magnitude of this effect depends
upon the magnification zoom ratio, but usually appears with one side of the image being much lighter
than the opposite one. Consequences of above mentioned effects should determine the selection of
applied image processing algorithms. Classical methods do not perform well on phase contrast images
(see Chapter 4) and more sophisticated methods could avail [88].

When a specific component of the cell need to be observed, a different microscopy technique
should be employed. Fluorescence microscopy is used to study specimens, which can be forced to
fluoresce. It is based on the phenomenon that certain materials emit energy detectable as visible light
when irradiated with the light of a specific wavelength (see Fig.1.2(b)). Many different fluorescent
dyes can be used to stain different structures of a cell. Green Fluorescence Protein (GFP) can be fused
on DNA level to the structure of interest. It is not toxic and, therefore, is widely used by biologists.
Other stains are used to visualize nuclei. The 4’-6-Diamidino-2-phenylindole (DAPI) is known to form
fluorescent complexes with the DNA in nuclei while the antibody histone H3 stains only those nuclei
that undergo mitosis. Two of the latter stains are used in the experiments presented in Chapter 3.

Figure 1.4. An example of the halo effect (the round cell in the bottom center) and hard detectable cell membrane
(the cell in the center)

Undesired effects in fluorescence microscopy that most contribute to the final image quality are
uneven illumination and noise. The first phenomenon is formed by a meniscus, i.e. curved upper
surface of the medium. The light that passes the meniscus is reflected differently and as the result the
image is illuminated in a different manner. The noise, as generally random, reduces and increases the
image brightness in each pixel position. It may be generated due to instability in a light source or image
detector itself. Also charged couple device that detect photons include those that are present in the dark
current in the device itself. Although these types of noise can be reduced by careful microscope design
and proper wiring, there is an irreducible amount of noise superimposed on the signal when the image
of the specimen is readout by the camera, amplified and digitized [86]. It is caused by the differences
in arrival time of light to the sensor.
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2.1. Segmentation of medical/biological images

Segmentation is a fundamental image processing technique. It has been successfully applied in
medicine and biology automating or facilitating the delineation of anatomical and cytological struc-
tures. It partitions image into homogeneous regions that share a common feature such as brightness,
texture, motion or shape, and simplifies further processing.

Segmentation can be regarded as a classification task. Image contains different areas that need to
be assigned to different classes based on a classification strategy. Given a feature vector x and classes
set Q = {w;,i = 1...C}, where C denotes the number of classes, a decision rule based on probabilities
can be stated as

Definition 1. assign x to o; iff
V]#l P(COJX)ZP(O)AX) (2.1)

The a posteriori probability P(;|x) can be expressed using Bayes’ theorem as follows

P(x]w;) - P(®;)

Ploix) = =50

(2.2)

where P(®;) and P(x|®;) denote a priori probability and the class-conditional probability respectively

and
c

0# P(x) = Y P(x]y) - P(00;). (2.3)

i=1
Therefore a rule based on Def.1 can be written as

Definition 2. assign x to o; iff
Vj#£i P(X|0)l'>-P(0)i) >P(X|(l)j)-P((l)j). (2.4)

The rule is known as Bayes’ rule for the minimum error. A classification rule can be also defined with
discriminant functions g;,i = 1,...,C of the pattern x. In the case of C classes, the pattern is assigned
to the class with the largest discriminant:

Definition 3. assign x to w; iff
Vj#i gi(x) = gj(x). (2.5)

The optimal discriminant function can be defined as
8i(x) = P(x|;)P(a)

which leads to the Bayes’ decision rule but there are also other discriminant functions that lead to the
same decisions [108]. The main difference between the discriminant functions and the Bayes’ decision
rule is that the form of discriminant functions is well defined and it is not imposed by class-conditional
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distributions. Discriminant functions can be constructed based on a priori knowledge about patterns
used or can be given analytically. Their parameters can be adjusted in a training procedure. Many
different forms of discriminant functions were proposed in the literature but their discussion goes
beyond the scope of this thesis. Interested reader is referred to [21, 108].

Segmentation methods can be divided into classes based on techniques. The simplest include edge
detectors such as first derivative Roberts, Prewitt, Sobel or Frei-Chen operators, compound operators
such as first derivative of Gaussian, or second derivative operators such as Laplacian [80, 96]. Other
standard methods examine the image histogram, applied either to a single color band (gray level image)
or a multiband image (color image). In general for light microscopy images, it is advisable to thresh-
old stained nuclei in HSI space (three channels corresponding to Hue, Saturation and Intensity planes).
The hue plane identifies where a particular stain is located, the saturation plane indicates amount of the
stain while the intensity plane correspond to overall density of stained specimen [86]. In the case of
texture segmentation, image thresholding may be sufficient provided additional operators are applied
beforehand, such as Laplacian or Hurst operators. Generation of simple statistics from the image, such
as variance or range may also provide different textures [86].

Morphological image processing techniques modify either a spatial form or a structure of objects
in images. Originally developed for binary images the morphological basic operators such as dila-
tion and erosion are now extended with hit-or-miss transformations or more sophisticated methods
like shrinking, thinning, skeletonizing and thickening operations that enhance desired image features.
These methods can be also applied to gray scale images but with some limitations. For example, the
background and objects should be distinct and spatially smooth [80].
The morphological methods often fail in the case of significant global non-uniformity which manifests
itself as the intensity gradient crossing the image, not visible in visual scene. In microscopy shading
may originate from sample curvature, non-uniform illumination, imperfect, dirty or dusty optics, un-
even spatial sensitivity of the sensor, dark-level camera response and/or camera nonlinearity [86].
Tomazevic et al. [97] evaluated and compared different retrospective shading correction methods. The
problem of finding a shading free image Iy from the acquired image [ is equivalent to deriving the
inverse of the degradation model f~! that can be applied to acquired image yielding a shading free
image:

Iy = f~'(I). (2.6)

A simple affine approximation of this model is often used:

I=1Iy-Sy—+Sa 2.7)

where S); and S4 correspond to the multiplicative and additive shading component, respectively. The
problem is thus concerned with finding estimates of these components. Linear filtering technique
assumes that only an additive component is present and it can be determined by a low-pass filter.
Homomorphic filtering derives a multiplicative component and involves low-pass filtering of the log-
arithm of the acquired image. Morphological filtering assumes that objects of interests are limited in
size and larger than the scale of background variations. Moreover, there should be a contrast in inten-
sity between objects and a background. Under these circumstances, morphological operator may be
used to filter out object and thus deriving an object-free estimation of a background. Non-parametric
non-uniform intensity normalization searches for a smooth multiplicative field that maximizes fre-
quency content of the intensity distribution. Parametric methods include surface fitting methods where
intensity at points from background or an object class are used to estimate a background surface[97].
Because a manual selection of points is often a tedious task, an automated approaches have been
proposed. For example one of the methods divides an image into grid of equal rectangles and repre-
sentative points correspond to mean, median, minimal or maximal value in each rectangle [86].

The entropy minimization method assumes that shading increases entropy of the shading-free image.



2. Literature Review 11

Minimization of the entropy of the transformed image, where shading components are modelled by
the second order polynomials, should result in the optimal corrected image. Tomazevic et al. [97]
concluded that the method based on the entropy minimization is the most robust and insensitive to
noise. However, it is also computationally expensive. Linear, homomorphic and morphological fil-
tering methods are suitable for correcting images that contain small objects, thus can be applied to
microscopic images with an appropriate magnification. Advantages of these methods result from a
simple implementation and low computational costs. Parametric methods performed well on images
with small- and medium-sized objects but the selection of representative points and suitable parameters
may be troublesome. In the case of small objects, average filtering with sufficiently large mask results
in a shading-free image [71].

Robust Automatic Threshold Selection [50] segments an image by using a local image statistics in
3D and 2D images with shading. Kittler et al. noticed that the threshold value is optimal for noise-free
images. Additionally, an example of biased threshold value in case of images with Gaussian noise is
provided.

Once an object of interest is segmented it is possible to measure its shape properties. Shape de-

scriptors are used in image processing domain as a tool to determinate similarity between shapes and
description of local properties of the shape. Global models describe a shape as a set of features or parts.
Common descriptors rely on spherical harmonics [104], deformable regions, shock graphs [91], shape
contexts or wavelet decomposition [3]. Fourier descriptors date back to Zahn’s work [114], where a
parametrized curve function is expanded into a Fourier series. The set of modules of the coefficients are
called Fourier descriptors. They are invariant to the following transformations: translation or rotation
of the shape, change of its origin or scale. The method also has its disadvantages. For instance, one
cannot guarantee that a simple closed curve will be rendered reliably after truncating the set of Fourier
descriptors. Sometimes, the curve generated has one or more crossovers.
The basic idea behind shape contexts [3] is following. Given a set of points from an image (e.g.
extracted from a set of detected edge elements), the shape context captures the relative distribution of
points in the plane relative to each point on the shape. Specifically, a histogram using log-polar coor-
dinates is computed. Thus descriptors are obtained that are similar for homologous (corresponding)
points and dissimilar for non-homologous points.

Other family of features used in segmentation is derived from the analysis of the image texture.
Textures have proved to reflect human visual processes [99]. Among brightness, color and form,
a texture belongs to important discrimination cues for human. An image texture defined as spatial
variations in pixel intensities has been the subject of numerous research. They have been used in
medical applications, such as digitized mammograms [90], analysis of ultrasound images [14], X-ray
images [61], evaluation of bone structure in MR images [40]. Many examples such as remote sensing,
document processing, automated inspection, analysis of Synthetic Aperture Radar images and medical
image processing one can find in the Tuceryan’s review paper [99]. There are three types of appli-
cations where texture features can be used: texture classification (identification of previously known
texture classes in the image), texture segmentation (separation of regions in the image which have
different texture regions and identify boundaries between them) and texture synthesis (used in image
compression algorithms and image graphics where realistic surfaces need to be generated). The texture
classes need not to be recognized in the latter case. Another instance of tasks called shape from texture,
is aimed at extraction of 3D object shape from various cues such as texture, shading and stereo.
Texture features fall into numerous families. The following groups can be enumerated: statistical,
geometrical features and features derived from model based methods. However, these families are
not independent [30]. The first family, statistical methods, take into account a statistical distribution
of pixel intensities. Haralick [39] suggested the use of gray level co-occurrence matrix which has
become a popular in definition of texture features such as energy, entropy, contrast, homogeneity or
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actual positive actual negative
predicted positive | TP (true positive) | FP (false positive)
predicted negative | FN (false negative) | TN (true negative)

Table 2.1. Confusion matrix

correlation. These features suffer from many drawbacks and the choice of parameters of the method as
well as computational effort is still investigated. Autocorrelation features inform about the repetitive
nature of placement of texture elements in the image. They can be used to assess the texture coarness
and fineness. Moreover, they are also related to the energy spectrum of the Fourier Transform which
further indicates the texture directional properties.

The second family of features, geometrical methods, characterize a texture by means of geometric
properties of its primitives (texture elements). Voronoi tessellation features are extracted from prop-
erties of Voronoi polygons. A significant difference in features indicates a texture edge. The method
successfully segmented gray level texture images as well as synthetic textures [98]. Model based meth-
ods rely on construction of any image model that not only describes the texture but also can be used to
synthesize it. Model parameters describe important texture features. Ahuja and Schachter [1] divided
image models based on different levels of abstraction and defined them as a description that captures
only relevant image features and leaves other ones unspecified. Low-level models characterize spatial
variations in intensity and include pixel-based and region-based models. High-level models involve
semantic description. Pixel-based models require that values of the variables (pixels) meet certain
constraints. If all the variables are considered independently and values are constrained individually,
the result is a random noise. If values of variables are generated independently from the Gaussian
distribution, the result is the Gaussian noise. Such models do not consider spatial arrangements of
pixels and therefore are not interesting for most of natural textures.

As model based methods have proved to be efficient in segmentation, they were also tested in
segmentation of phase contrast images. The concept of a random model is introduced in Section 2.1
while its evaluation study is presented in Chapter 4 where a simple multi-logistic model was tested
with two minimization techniques: Iterated Conditional Modes (ICM) and Gibbs sampler.

Evaluation of segmentation methods The evaluation of image processing systems justifies their
applicability and allows to optimize their behavior. Therefore, it is desirable to define measures of
systems’ performance with respect to specific needs.

Detection of a cell can be considered as a binary decision problem where a classifier labels objects
either as positive or negative. The decision made by the classifier can be represented in the framework
known as a confusion matrix or contingency table. The confusion matrix comprises four categories:
True positives (TP) are examples correctly labeled as positives. False positives (FP) refer to negative
examples incorrectly labeled as positive. True negatives (TN) correspond to negatives correctly labeled
as negative. Finally, false negatives (FN) refer to positive examples incorrectly labeled as negative.
From the confusion matrix coefficients called sensitivity and specificity can be calculated. The first
parameter measures the fraction of negative examples that are misclassified as positive. The second
one measures the fraction of positive examples that are correctly labeled. They are defined as follows:

TN

—_— 2.
TN+FP’ 28)

sensitivity =

TP

S 2.
TP+FN 2)

specificity =
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Sensitivity and specificity are also known True Positive Factor (TPF) and False Positive Factor (FPF).
Trace of the confusion matrix defines the accuracy of a given method. Large values (approaching 1) of
mentioned parameters are preferred.

Markov Random Fields

Graphical modeling provides a mathematical framework that represents the logical structure of

a joint probability distribution in the form of a network or graph. The graphs can be either di-
rected, such as Bayesian Networks, or undirected, such as Markov Random Field (MRF). Contrary
to one-dimensional time series models that are not particularly useful in image analysis, MRF models
are able to constraint pixels in two-dimensional neighborhood i.e. that pixel intensity depends only on
its neighborhood. The method was also adopted for image analysis within the Bayesian framework [34]
where the model is able to capture significant physical characteristics of the scene. Such an approach
is useful when dealing with images that reflect a known physical phenomenon.
Often it is not possible to relate spatial variation to a known physical process. In such cases, a variety
of schemes may be used to specify the relationship between image features. The term “field” associates
a value of property of interest with a co-ordinate system. Hidden Markov Models refer to those MRF
where parts of the nodes (variables) are not observed or missing.

MRF models are constructed from observed values. In image processing observed values corre-
spond to pixel intensities. These values are related by a stochastic function to the values of interests,
here labels of individual pixels that form a segmented image. Therefore an image segmentation can
be considered as a labeling process that is more general and therefore it can be described as an opti-
mization problem. MRF are models that define a joint probability distributions between observation
sequences (pixel intensities) and their corresponding label sequences defined as random variables. In
order to define the joint distribution, models have to enumerate all possible observation sequences. This
task is often intractable because the number of all observed sequences is enormous (for a binary image
of the size 300 x 300, the number of possible segmentations is equal to 2309309) ‘unless elements in
observation sequences (unlabeled pixels) are represented as independent one from another.

As MRF will be tested in Section 4.2 this model is presented in details following Li’s work [57].
Let S ={(j,k): 1 < j,k <N} denote a rectangular lattice of sites that correspond to pixels of an N x N
image in the 2D plane. A segmentation task, also termed as a labeling task, is to assign a label from the
label set L to each of the sites in S. To each site i € S a function with domain § and segmented image
L assigns a unique label (Fig.2.1)

f:S—L.
The set of all possible configurations, also called the configuration space, is denoted as F (I = IN*N ).

For binary images L = {/: ] =0V [ = 1} while for gray-level images L = {I/ € {O,N.}} (N1 = 255).
In a multiclass segmentation task L = {l: [ =0,1,...,Np} for Ny different segments. In vision, a
labeling or configuration f corresponds to segmented image.

Definition 4. A neighborhood system N = {N,Vi € S} is a collection of subsets of S for which
1. a site is not neighboring to itself: i ¢ N;
2. the neighboring relationship is mutual: i € Ny < i € N;

A\ is the set of sites neighboring i and

Definition 5. A clique c is a subset of S for which every pair of sites are neighbors.
Definition 6. A clique set C in the neighborhood system N\ is C = {c|c C A;}
Definition 7. A random field is the MRF with respect to the neighborhood system N iff
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(a) A labeling of sites can be considered as a map-  (b) Neighborhood and cliques on a lattice of regu-
ping from the set of sites S to the set of labels L. lar sites.

Figure 2.1. Labeling and neighborhood systems. Source [57].

1. P(f) > 0 forall f €F (positivity)
2. P(filfs—i) = P(filfag) (Markovianity)

where § — i is a set difference, fs—; is the set of labels at the site S —i and fy, = {f7]i" € NG}
Definition 8. f is the Gibbs Random Field (GRF) with respect to the neighborhood system N iff

P = jexo (- 700) 2.10

Z

where Z = ¥ rcpexp [—7U(f)] is a normalizing constant. U(f) = Y.ccVe(f) is the total energy
function and V,.(f) denotes a potential function. P(f) measures the probability of the occurrence of a
particular configuration f. The more probable configurations are those with lower energies. A particu-
lar MRF model tends to favor the corresponding class of configurations, by associating them with larger
probability than others. The temperature parameter 7' controls the sharpness of the distribution. When
the temperature is high, all configurations tend to be equally distributed. Near the zero temperature,
the distribution concentrates around the global energy minima.

The MRF is characterized by its local property (the Markovianity) whereas GRF is characterized
by its global property (the Gibbs distribution). These two properties are related with each other by the
Hammersley-Clifford theorem.

Theorem 1. (Hammersley-Clifford) A random field f is the GRF with respect to the neighborhood
system N iff f is the MRF with respect to N..

Its proof can be found in [34]. The theorem sets the equivalence between MRF and GRF and allows
to use GRF to represent the corresponding MRF. Alternatively, the theorem provides a way to define a
joint probability using the knowledge of conditional probability for a neighborhood at the points.
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There are many models to define the energy function U(f) [57]. The simplest auto-models derive
contextual constraints on two labels coded as pair-site clique potentials. They are widely used due
to their simple form and low computational costs. The models can be also classified according to
assumptions concerning the label set. In an auto-logistic model labels take values from a discrete label
set. When a neighborhood system is defined on a lattice (4 nearest neighbors 2D lattice or 2 nearest
neighbors for 1D lattice), the auto-logistic model is reduced to the Ising model [57]. An auto-model
becomes an auto-binomial model if labels can attain multiple values. An auto model is said to be an
auto-normal model, also called a Gaussian MRF , if the label set is a real line and the joint probability
is multivariate normal. The auto-logistic model can be generalized to the multi-level logistic model
also called Strauss process or the generalized Ising model. The model assumes that clique potentials
depend on their size, location and orientation as well as on a local configuration of the neighborhood
system. Labels take values from a label set. The energy function is positive if all sites of a clique have
the same label and negative one otherwise.

In vision applications it is reasonable to assume a smoothness prior. This prior states that the
evolution of physical processes is not sudden and generally does not change abruptly. The temporal
and spatial changes usually exhibit a coherence and smoothness. For example many objects in human
environment have the same textures pattern. It is also very likely that in medical images background
pixels will lie adjacent to other background pixels. Likewise, the object (cell, particle) pixels will be
located in the neighborhood of other object pixels.

It has been developed into a general framework called regularization. Smoothness prior is usually
incorporated into a model by an additional prior probability or an energy term measuring an extent
to which the smoothness assumption is violated by labels. In regularization, an energy consists of
smoothness and closeness terms, that impose constraints from data, and the minimal solution is a
compromise between the two constraints allowing a conversion of ill-posed problem into well-posed
problem. In the Hadamard sense an ill-posed problem is a problem if its solution (1) does not exist,
(2) is not unique or (3) does not depend continuously on initial data [57]. Good examples are surface
reconstruction and interpolation.

The aim of the MRF estimation is to find the most likely realization of the segmentation field f
given observed field I (image). It can be achieved within the maximum a posteriori (MAP) frame-
work. The MAP-MRF framework, advocated by Geman and Geman [34], is a special solution in the
Bayes framework and minimizes an energy function which is equivalent to maximizing the posteriori
conditional probability distribution (Gibbs distribution in this case).

f = argmax;cp{P(1|f)P(f)} (2.11)

where f denotes a true labeling of the MRF f. To simplify calculations the number of pixel classes
is often estimated a priori but the computation of P(I|f) requires the estimation of model parameters.
The expectation maximization approach [92] is a standard method to estimate parameters of the model
when available data are insufficient or incomplete. It consists of two steps: the expectation step where
the current expectation formula is calculated with respect to unknown variables and the maximization
step where the new estimate of parameters is calculated. Once, model parameters are estimated, the
calculation of MAP criterion can be performed. If the energy function is convex the global mini-
mum is obtained by deterministic algorithms, such as ICM proposed by Besag [6]. For non-convex
energy functions sampling methods are usually employed, for example the Gibbs sampler [34] or the
Metropolis sampler [63]. With the use of annealing scheme [49] convergence to the global minimum
is guaranteed [34].

MRF models have been used in many areas of speech recognition and image processing. Genovese
[35] presented a statistical model of functional magnetic resonance imaging data incorporating the
noise process and structure of time dealing with drift and changes in shape of hemodynamic response.
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The author admited, that the algorithm fitting model parameters via Markov Chain Monte Carlo sim-
ulations is computationally intensive. Comparison of convergence methods by Cowles [17] stated
that none of thirteen methods perform well when applied alone and a combination of strategies was
recommended. Djafari and Sauer [73] proposed a method to reconstruct X-ray tomographic images
from compact binary objects based on a small number of their projections. The coordinates of the of
the object are estimated directly from the projections using Bayesian MAP estimation framework of
a Gaussian Model. To find the optimal solution, two methods were tested: the global optimization
algorithm based on simulated annealing that theoretically is independent on initialization and the local
descent-based method based on the ICM method. Both methods work satisfactory but ICM approach
may be trapped at local minima.

Cai and Liu constructed a model that segments handwritten numerals and showed its high per-
formance [10]. Flach et al. [25] assumed the Gibbs distribution of a prior model of possible scene
segmentation and used the Potts model to segment multi-modal images from magnetic resonance and
position emission tomography. Deng and Clausi [19] introduced a function-based weighting param-
eter between two components into standard two-component segmentation model that automatically
estimates model parameters. The energy function was defined as a sum of multi-level logistic model
and feature model included data derived from the Gaussian distribution. Gibbs and Metropolis sampler
were applied to implement the MAP criterion and Expectation Maximization (EM) algorithm estimated
model parameters without training data. Their method was successfully employed in segmentation of
Synthetic Aperture Radar (SAR) sea ice images and artificial and real scene color images.

Dias and Leitao [20] presented a method for endocardial (inner) and epicardial (outer) contour
estimation from sequences of echocardiographic images. The complete probabilistic model was built
within the Bayesian framework. As estimation criterion the MAP was adopted. Authors introduced
an algorithm called Iterative Multigrid Dynamic Programming that is fully data driven without ad-hoc
parameters. As it name suggests, it embodies iterative, dynamic programming and multrigrid concept.

Kato [46] proposed an unsupervised segmentation method for images with unknown number of
pixel classes. He built a Bayesian color space model using the Potts model where the external field
(observations) is represented as a mixture of Gaussian distributions while inter-pixel interactions favor
similar labels at neighboring sites. The model parameters to be estimated were the hidden label field
configuration, the Gaussian mixture parameter, parameters of the MRF and the number of mixture
components. The Reversible Jump Monte Carlo Markov Chain Sampler was used to sample the whole
a posteriori distribution in order to obtain a MAP estimate via simulated annealing. Although the
segmentation results of color real images was impressive, the computation time of segmentation of a
single image was long (from 9 min up to 395 min).

Application of MRF in segmentation of epithelial cells in phase contrast images is presented in Sec. 4.2.

Segmentation of cells Santos et al. performed automatic discrimination and quantification of alive
and dead cells in phase contrast microscopy with texture features derived from co-occurence matrix and
histogram [87]. Once images are automatically segmented, the approximate number of live and dead
cells is obtained by dividing each area by the average size of each cell type. The method was tested on
three different cell cultures and proved to be reliable. However, the number of cells is approximated
from segmented regions and segmentation of each single cells is not possible.

Also in the field of cytology some results seem to be promising. In breast cancer treatment the sys-
tem detects cancerous-like cells with watershed and morphological operations [103]. Another system
use mathematical morphology tools such as watersheds and color information in several color spaces.
An extension of watershed as the optimal region-growing operator has been used [56].

Ji et al. presented an algorithm to segment colposcopic images with texture features[44]. The
images were preprocessed with the rolling ball algorithm to subtract background, followed by adaptive
threshold algorithm that is sensitive to variations in local contrast. Next steps included sceletonization
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and detection of line segments and merging of short line segments. The authors chose texture features
that optimally characterized cervical textures. Textures were obtained directly from the vectorized
image and normalized distributions of length and orientation of previously detected line segments. It
was concluded that reduction of feature set (from 24 to 13) decreased the discrimination performance
from 87.03 % to 80 % which is acceptable compared to computational saving of almost 40 %.

Segmentation and recognition are usually considered as separated processes. However, there exist
models combining both of them. For example a mechanism based on spectral graph partitioning was
introduced by Yu[113]. The image is partitioned into patches that are grouped later on. The patch
grouping discovers a set of patches that conform best to the object configuration, while the goal of
pixel grouping is to find a set of pixels that have the best low-level feature similarity. These two
processes were performed as one joint optimization task. The method was evaluated only in the human
detection application but results are promising.

Andrade et al. introduced an Interactive Algorithm for Image Smoothing and Segmentation in
[18]. They employed a non-linear partial differential equation to smooth the image while preserving
contours (anisotropic filter). Then user marks region of interests and sort all pixels in ascending order
according to certain criteria. Finally, labels were assigned according to a set of rules (region growing
and merging).

Classification of cells in fluorescence images has been addressed in many medical applications.
Wurflinger proposed a method based on repeated staining of a cell smear. The correlation of features
and data extracted from different stains sufficed to classify cell nuclei and may yield an increase of
diagnostic reliability in early cancer detection [110]. Perner constructed an automated image analysis
system that detects Hep-2 cells which are used for the identification of antinuclear autoantibodies.
The system classifies cells into 6 classes on the basis on most relevant features extracted from flu-
orescence images [79] with high accuracy. Although successful in certain applications the methods
analyze images with stained and fixed cells. Since observed cells are immobilized further extension of
applications to include also the analysis of the cell motion and behavior is not possible.



3. Multimodal Image Processing in Gene Function
Analysis

Recent publications on human and mouse genome have revealed that the genomes contain 30,000
- 40,000 genes [23]. The functional information can be assigned to only 40% of them. The function of
the rest is unknown and has become a challenging target for research conducted by biologists. Classical
genetics used phenotypes, observable physical or biochemical characteristics of an organism, to deduce
the functions of genes without any knowledge of molecular biology. Fast and reliable identification of
the role of a chosen gene has become possible when a mechanism called RNA interference (RNAi1) was
discovered [38]. It was stated that when a chemical compound called small interfering RNA (siRNA)
is transfected to cells, the gene, that is encoded in that chemical compound, is no longer expressed
— its function is suppressed. Therefore, this process, known as ’gene knockdown”, could be applied
for experimental analysis of the function of genes in organisms [S1]. As quick as the method was
adopted, genes with different functions have been successfully knocked down in various organisms
such as plants[100], flies[15] and mammals[62].

HelL a is a cancerous cell line that belongs to the most commonly used human cell lines because it is
easy to maintain and transfect. The application of siRNA to the HeLa cells has lead to the discovery of
many genes related to cancer[51, 53]. These genes can be further investigated as targets for therapeutic
interventions.

The automated production of siRNAs and their application in high-throughput screens can simplify
the identification of even larger amount of genes. Libraries containing large amount of siRNAs that
knock down different genes significantly speed up the analysis of their functions. Concomitant with the
recent advances in genomics, combinatorial chemistry, laboratory automation and information systems
such experiments could analyze tens of thousands of samples per day.

The data from such screen is often in the form of images of biological samples acquired by auto-
mated microscopes. Gene function is often represented by a phenotype that can be measured in these
images. In most cases a phenotype is exhibited by a single cell appearance, behavior or by statistics
computed for all cells, such as a number of specific cells. The statistical analysis of these parame-
ters can indirectly deliver information about the gene function. Therefore, the accurate detection and
analysis of phenotypes in large numbers of images strongly relies on image processing.

One of parameters that indicate how the mitosis proceeds is the mitotic index. It is defined as
the quotient of cells that stay in mitosis (nM) and the total number of cells (nN). Dead cells (nD) are

excluded from considerations. "
n

nN —nD
For normal cell cultures the mitotic index does not exceed 5%. Greater values demonstrate a
disturbance in the mitosis and may suggest that a "knocked down” gene played an important role in this
process. Therefore, the automatic quantification of mitotic and normal cells is necessary to determine
genes that impact the mitosis. Dead cells should be also detected and excluded from considerations.
Standard methods perform a calculation of the mitotic index directly from fluorescence images
[75, 84]. Fluorescence dyes added to nuclei of normal and mitotic cells make these structures visible.
The task is simplified to the detection of fluorescence spots and has been addressed in [41, 109].
The main disadvantage of standard methods is a high toxicity of dyes that immobilize cells and limit

MI 3.1
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measurements.

The alternative would be to detect cells from phase contrast images. The method is the least toxic
method and allows to study changes of the mitotic index over time in living cell cultures.

Three types of cells observed in the phase contrast microscopy exhibit different appearance. Mitotic
cells can be distinguished from other cells by a characteristic round shape. As a consequence of a
spherical shape of a cell that rounds up during mitosis the light that passes the cell is shifted stronger
in phase and, therefore, gives higher contrast. Normal cells are flat and long-shaped. The contrast
between the cell membrane and a medium is weak and difficult to detect. As the contrast depends on
the amount of the protein in a sample, dead cells are brighter, the structure of the cell membrane and
the nucleus is broken, the cytoplasm is more dense and the cell is shapeless.

To test the usefulness of classical image processing methods that use intensity, contrast, or the cell
shape, different approaches were evaluated. Edge detectors (Fig.3.1(b)), global and local threshold
methods (Fig.3.1(c)) did not perform well due to different intensity profiles of cells and uneven illumi-
nation (Fig. 3.1(a)). Binary operators and morphological operators were also tested to detect mitotic
cells from negative phase contrast images but due to high number of parameters and limited efficiency
the method was not further investigated [71, 67] (Fig.3.1(d)).

Because of a high toxicity of fluorescence dyes and limitation of phase contrast method, it was
presumed that the combination of two modalities could provide enough information to calculate the
mitotic index. The suggested classifier scheme is presented in Fig.3.2.

A pair of input images (Ipc and Iy ) are transformed to intermediate forms from which a feature set
x is calculated. @, transforms the phase contrast image to a correlation map Ic and P, detects nuclei
from fluorescence images and saves them in the list Q. Features are taken either from the correlation
map (x1,x3) or from the phase contrast image (xz,x4). Superscript Q (x3Q ,xg) indicates that features
were calculated for each detected nucleus g;.

Discriminant functions g; and g, use information from both modalities to generate the list ¥ of
classified cells into three classes (mitotic (®,,), normal (®,) and dead cells (®,;)). Description of all
transformations and features are presented later in this chapter.

In order to justify the choice of the microscopy technique and a cell line different imaging scenarios
were evaluated:

1. TDS HeLa cell line imaged with the positive phase contrast microscopy and fluorescence mi-

croscopy (nuclei are enhanced by the DAPI stain). See Fig.3.4(a) and Fig. 3.4(b).

2. TDS HelLa cell line imaged with the negative phase contrast microscopy and fluorescence mi-
croscopy (cytoplasm is enhanced by the GFP-histone marker). See Fig.3.3(a) and Fig.3.3(b).
3. Kyoto HeLa cell line imaged with the positive phase contrast microscopy. See Fig.3.5(a).

Each cell line was imaged with the CCD camera attached to the Axiovert 200 Microscope with the

20X objective. The imaging took place every 10 minute in 96-well plates.

Active vision One of main concepts of active vision is based on the premise that the observer (human,
robot or microscope) may be able to understand a visual environment more effectively and efficiently
if the sensor analyzes information selectively. Let us consider the microscope as a manipulator with
three degrees of freedom where the stage with a sample is moved in the (x,y) plane and the focus is
fixed along the z-axis. In this case, the acquisition camera that records images of the sample plays
the role of the manipulator’s sensor (effector). In more conventional, passive approach the sensor
(CCD camera) is supposed to analyze the whole scene, attempting to make sense of all that it sees.
The camera passively scans the sample area in a line-by-line manner and the final image is formed by
sequential readings marked with positional information.

In active vision based microscopes, instead of imaging the whole area in the field, only selected region
of interests will be stored. Images without objects or with insignificant structures will not be consid-
ered. For that purpose the acquisition should be feedback controlled by the image processing software.
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(c) Robust Automatic Threshold Selection [50]. (d) Top-hat transform.

Figure 3.1. Phase contrast image analyzed with different image processing methods.
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Figure 3.2. Classifier scheme.

Figure 3.3. TDS HelLa cell line imaged by the negative phase contrast and fluorescence microscopy (GFP)
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Figure 3.4. TDS HelLa cell line imaged by the positive phase contrast and fluorescence microscopy (DAPI)

(a) Kyoto HeLa cell line, positive phase contrast (b) Segmented image without preprocessing.

Figure 3.5. Kyoto HeLa cell line imaged in positive phase contrast (a). Watershed segmentation performed on
an image without preprocessing steps (b).
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Such an approach will unburden the storage capacities by acquiring a relatively small number of im-
ages. The possibility of imaging a single cell will deepen the knowledge about its biological processes.
Information about the behavior, evolution and the life cycle of a single cell is more useful than statistics
computed for the whole cell population.

To our knowledge, there are a few active vision based systems and even fewer in the field of auto-
mated microscopy. The ultraprecision six-axis visual servo-control system developed by Kim [48], is
a white-light interferometer that is partially controlled by image processing. The system is capable of
real-time visual tracking of six-degree-of-freedom rigid body motion with near-nanometer precision.
Yang [112] constructed the active visual inspection planning system for active visual inspection of
three-dimensional manufacturing computer-aided design (CAD) models that obtains the optimal sen-
sor placement by introducing various sensor constraints, such as resolution, focus, field-of-view, and
visibility constraints. High resolution optical systems with controllable intrinsic and extrinsic param-
eters for microassembly applications is another example that incorporates the active vision approach
[101]. The authors presented results of two active vision strategies, depth-from-defocus and visual
servoing using an optical microscope. Conrad [16] presentes a system for identification of Subcellular
Phenotypes on Human Cell Array. The automated fluorescence microscope is feedback controlled by
the image analysis algorithm that selects nuclei for further more specific imaging.

Feedback controlled systems require filtering and segmentation stages to be accurate, fast and ded-
icated to solve a concrete problem. In that sense, the algorithm presented in the next section that
quantifies cells from multimodal images can be reckoned as a first step toward active-vision-based
microscopy.
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3.1. The analysis of fluorescence images

To decide which of image sets is the best for the calculation of the mitotic index, different al-
gorithms were developed to analyze fluorescence images with cells stained with the GFP-histone
marker and the DAPI stain. The analysis flow for both image classes is similar. Firstly, images are
pre-processed and a list of cells is generated. Clustered cells are further separated with a watershed
technique. Finally, detected cells are classified as normal or dead. Employed methods, already known
in the literature, were adopted to a particular fluorescence image class using cell line specificness in
order to construct dedicated algorithms.

Pre-processing

Pre-processing step is critical in image processing. Noise, uneven background or poor contrast
complicate the segmentation and should be either eliminated from images or significantly reduced.
An example of the watershed segmentation performed on the image that underwent no pre-processing
presents Fig. 3.5(b).

In this section, two pre-processing algorithms are presented that extract the information from flu-
orescence images. Specificness of a fluorescence dye and the microscope used impose the flow and
characteristic of applied algorithms. As both of GFP and DAPI image classes had the non-uniform
background and the noise, thresholding techniques could not be successful and the shading correction
had to be applied.

Images dyed with the GFP-histone marker Non-uniform background, widespread fluorescence sig-
nal in the cytoplasm and low signal-to-noise ratio highly obstructs detection of cells (Fig.3.3(b)). To
reduce these effects a combination of two Gaussian filters and contrast stretching techniques were
applied. A Gaussian filter is defined as a product of two univariate Gaussian distributions centered at
u=0:

1 (x—p)? 1 (y—p)? 1 ¥4y
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The width of the Gaussian increases as G increases.

(a) High pass filter. (b) Bandpass filter.

Figure 3.6. Plots of applied filters.

To compensate for the uneven background a high-pass filter was used to remove low frequencies
responsible for the global intensity gradient (Fig.3.6(a)). It was realized by subtracting a version of the
image, which was smoothed by a filter with ¢ of the given size. Next, a band-pass filter (Fig.3.6(b))
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was applied that discards all but a handful of spatial frequencies that are present in the original image.
The band-pass filter was realized as a concatenation of the high and low pass filters. The low-pass
filter removed high frequencies that often include random noise. As only the strongest signal sufficed
to detect a cell, pixels that belonged to the background and the low signal were also removed. A final
step consisted in contrast stretching that selectively enhanced only the strongest signal present in cells.
Results of these pre-processing steps are depicted in Fig.3.7(b). Parameters of this step are the size of
filters 6. Precautionary means were taken to minimize the undesired effects of wrong set parameters.
For example, too large values of the high pass filter accidentally removed cells. If the low pass filter
was too small the uneven illumination remained in the image.

Experiments have shown that best results were achieved for the high pass filter of the size ¢ = 10
(Fig.3.6(a)). Band-pass filter was realized a sequence of the low and high pass filters with ¢ equal to
16 and 8, respectively. These values guaranteed the strongest signal to be emphasized.

(a) Original image with nuclei in cells are stained (b) Pre-processed image.
with the GFP-histone marker.

(c) Detected nuclei. (d) Detected nuclei (DAPI) combined with the
phase contrast image.

Figure 3.7. Results of pre-processing methods.

In the next step an adaptive threshold technique [83] was employed and a list of detected nuclei
was generated. The adaptive thresholding function divides the image into objects and background in
the iterative process. For a test threshold value the average intensity of pixels at or below the threshold
(Thrp) are computed as well as the average intensity above the threshold (7' hr,). Then, it computes
the average of those two, increments the threshold (7 hr), and repeats the process. Incrementing stops
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when the threshold is larger than the composite average Thr > (Thr, + Thry)/2.

Images with the DAPI stain The DAPI stain induced a different pre-processing technique. As images
were acquired with a lower noise level, a rolling ball algorithm [94] sufficed to enhance the DAPI
signal present in nuclei and remove the uneven background. The principles of the algorithm follows.
The center of the filtering object, a patch from the top of a sphere, is moved along each scan line of the
image. Any point with an intensity being either on or below the patch during this process is considered
as a part of the background and attains a zero value. In that way, the intensity of pixels belonging
to differently illuminated background will be below the patch. Only very light objects, that belong
to the fluorescence signal remains unchanged (their intensity is over the patch). The method has got
one parameter, a sphere radius. Generally, the sphere (ball) radius should be at least as large as the
diameter of the largest object in the image. If it is smaller then more nuclei pixels are considered as
the background and the computation lasts longer. For larger values the ability to remove the uneven
illumination gets worse.

During experiments the best results where achieved for a sphere radius set to 50 to guarantee the elim-
ination of background pixels only. Filtering took 5 [sec] (PC AMD Athlon 900MHz, 512 MB RAM).
The final step consisted in a median filtering that replaces each pixel with the mean intensity value
calculated in the 3 x 3 neighborhood. This step enhanced the quality of the adaptive local threshold
that was applied afterward.

Separation of clustered cells. As many clustered nuclei were present in pre-processed images, their
separation was necessary.

The watershed segmentation is a method automatically separating or cutting apart objects that touch
each other. It was successfully used in many medical applications such as transmission electron mi-
croscopy, SEM micrographs, 3D holographic pictures, radiography [7]. In the field of cytology water-
shed was used to segment clustered cells in the fluorescence microscopy [59] or segmentation of white
blood cells in bone marrow images [78].

The intuitive description of the method is quite simple: if the image is considered as a topographic
relief where its every point is related to the image gray level, then the watersheds are the lines that
separate lakes formed by a hypothetic rain that gradually falls on this relief. A detailed description of
the watershed segmentation can be found in [37, 74]. The are numerous implementation of watershed
transform [74]. In our application the method introduced in [86] was applied. It calculates the Eu-
clidean distance map (EDM) for an input image. For each point in the EDM that belongs to the cell,
its Euclidean distance to the nearest background pixel is determined. The EDM is then used to find
ultimate eroded points (UEP), i.e. the peaks or local maxima of the EDM. The UEPs are then dilated
either until the edge of the cell is reached, or the edge of the region of another (growing) UEP is met.
The watershed transform has important drawbacks that worsen the segmentation. It has been widely
treated in the literature [37] and cover following problems: oversegmentation, sensitivity to noise,
poor detection for low contrast object boundaries and poor detection of thin structures. Because these
problems were rarely encountered in the pre-processed images no additional post-processing steps
were applied. The output of the method is presented in Fig. 3.7(c). All detected nuclei are further
classified by a discriminant function described in Sec.3.1 and Sec.3.2. Watershed operation took about
3 [sec] (PC AMD Athlon 900MHz, 512 MB RAM).

Evaluation of pre-processing methods In order to decide which pre-processing method performs
better, they were applied to both of image classes. Tab. 3.1 presents results of the evaluation. Higher
specificity values and lower computational time indicate that the rolling ball method performs better.
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Image Specificity [%] Computation [sec]
Band-pass filtering | Rolling ball || Band-pass filtering | Rolling ball

GFP 65 98 120 4

DAPI 89 99 33 5

Table 3.1. Evaluation of filtering methods performed on the training set (419 (DAPI) and 578 (GFP) measure
points).

Moreover, the method has fewer number of parameters than the band-pass filtering. Therefore, the
rolling ball algorithm was chosen to detect cells.

Classification of normal and dead cells

The active vision, understood as a selective analysis of image fragments, covered by detected nu-
clei, allows to classify cells in an efficient way. Various statistics were computed for areas covered
by detected nuclei by taking into consideration appearance of cells in different modalities. Because
of the dense structure dead cells appear bright on positive phase contrast images and dark on nega-
tive phase contrast images (see Figs. 3.3(a), 3.4(a) and 3.5(a)). Their correlation with templates (a
method is described in Sec.3.2) is higher than for normal cells. Finally, comparing to normal cells
the fluorescence signal of the GFP marker is stronger in destructed DNA fragments of dying cells.
Therefore, it was presumed that following features, calculated for regions covered by detected nuclei,
could help to discriminate normal and dead cells: mean intensity in phase contrast image (denoted as
meanPC), mean intensity in fluorescence image (meanGFP) and mean intensity in the correlation map
(meanCorr).

It was important to construct a cheap classifier therefore a 2D feature space was evaluated with
easy to implement linear and quadratic discriminant functions. As a reference a k-nearest-neighbors
classifier was also evaluated.

In the Bayesian framework (cf. Eq.(2.2)) the MAP classification rule assigns the pattern x with
d features to a class for which a posteriori probability is maximal (or equivalently log(p(w;|x)) is
maximal). It is equivalent to the discriminant rule (Eq.(2.1)) where

gi(x) = log p(w;[x) = log(p(x|®;)) +log(p(®;)) —log p(x). (3.3)

In the linear and quadratic discriminant analysis the form of the class-conditional probability dis-
tribution may be assumed as the multivariate Gaussian:

1

1
p(x|oy) = (2m)42|Cov,| 12 exp(— (x =) - Covi ! (x =) (34)

When constant terms are eliminated above assumptions transform Eq.(3.3) into

1 1
8i(x) =log(p(w)) — S log(|Covil) — 5 (x — )" Covy”" (x — ). (3.5)

The term p(x) was excluded because it does not depend on a class. In the normal-based quadratic
discriminant analysis a pattern x is classified according to g;(x) i = 1...C from Eq.(2.5). Further
suppose that the classes have a common covariance matrix (Cov; = Cov), in which case the discriminant
function is transformed to a linear form

1
—,uiTCovfl,u,' —|—XTC0V71,U,'. (3.6)

(%) = log(p(01)) — 5
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Classifier
Features Quadratic Linear kNN
meanCorr vs. meanGFP 11.5 11.5 8.7
meanCorr vs. meanPC 10.6 10.2 6.7
meanPC vs. meanGFP 104 10.7 7.2

Table 3.2. Apparent error rate of classifiers [%]

For convenience the prior probability was estimated by empirical frequencies of the training set:

p(w;)

n;

where n; is the number of patterns in ®; and # is the total number of samples.

Classifiers were constructed according to Egs. (3.6) and (3.5) from the training set that comprised
around 1000 manually classified measure points obtained from 6 randomly chosen images (DAPI
stained fluorescence image and positive phase contrast image of HeLa cells). Linear and quadratic
discriminant analysis were evaluated by means of the minimum apparent error rate on the training set

(Figs.3.8 and 3.9).

Linear classifier not only derived the lowest error rate for features meanCorr and meanPC but also

allowed to use a single threshold value to classify normal and dead cell as indicated in Fig.3.8.

The specificity (cf. Eq.(2.9)) of the method on the test data (6 random images) was equal to 71.38%.
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Figure 3.8. Linear discriminant classifier. The apparent error rate is equal 10.7% (top-left), 11.5% (top-right)
and 10.2% (bottom). Manually segmented cells are labeled as "1’ (normal nuclei) and ’3’ (dead nuclei).
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Figure 3.9. Quadratic discriminant classifier. The apparent error rate is equal 10.4% (top-left), 11.5% (top-right)
and 10.6% (bottom). Manually segmented cells are labeled as "1’ (normal nuclei) and ’3’ (dead nuclei).
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3.2. Correlation based method to detect mitotic cells

Phase contrast microscopy offers the least toxic method to record time lapse movies of life cells.
The combination of this technique with the fluorescence microscopy reduces the time cells are exposed
on the incident light, which, in turn, also reduces the effect of photobleaching. Therefore, an algorithm
was developed that recognizes mitotic cells from phase contrast recordings of two subclones of HeLLa
cells, Kyoto (Fig.3.5(a)) and TDS (Fig.3.3(a)) that contain cells with different shapes. Both positive
and negative phase contrast images were tested to evaluate whether one or the other would be more
reliable to identify mitotic cells in growing populations. The a priori knowledge about the cell appear-
ance was used to design the correlation-based method followed by the validation algorithm aimed at
improving the detection of mitotic cells. The efficiency of the method was demonstrated by analyzing
two different image classes.

Detection of objects with image processing methods has already been investigated. Many of them
have been employed in the cryo-electron microscopy where automatic particle detection has been stud-
ied for a long time. Several approaches with different degrees of success were recently reviewed
by Nicholson and Glaeser [76]. Authors compared methods that use template matching based on
cross-correlation, edge detection, methods based on intensity comparisons, texture-based methods,
and neural networks. They concluded, that none of the methods used alone performs good enough.
Thus, it is presumed that combination of different approaches could provide better results. Among
alternative methods, template matching proved to be an efficient method of finding candidate particles
in various lighting conditions. As images from phase contrast microscopy and from cryo-electron are
similar in terms of uneven illumination and the consistent definition of the object’s model, the template
matching approach was chosen to detect mitotic cells of various cell lines imaged by two different
phase contrast microscopy techniques. Moreover, the round shape of mitotic cells allows to construct
a small number of rotation invariant templates that depend only on the scale.

Template matching In template matching approach the template image /7, which is assumed to be
similar to the target object, is shifted with respect to the original image I by the vector (x',y’). In the
shifted position the scalar product! of the two images is computed and placed in the cross-correlation
map at the position (x,y"). The vector (x',y') includes all possible positions on the sampling grid
[76]. Degree of similarity is indicated by the height of intensity peaks that will be formed at positions
corresponding to detected objects. In the spatial domain, this operation is described by the formula

M

v(x’,y’)e[O,NfM] Y(xl7yl) = Z IT(xvy)I(x+xl7y+y/)a (3.7)
x,y=1

where [ is the original image of the size N X N and Ir is the template image of the size M x M.

There are several disadvantages of using Eq.(3.7): the range of y(x’,y’) depends on the size of the
template, the correlation is not invariant to changes in image intensity such as uneven illumination.
The correlation coefficient overcomes those drawbacks by normalizing both the image and the template
(Eq.(3.7) is replaced by Eq.(3.8))

y YV Ux,y)=T)- (Ir(x+x',y+y) = Ir)
()= —= — —
\/Zx7y:1(1(x7y> _I>2 xjy:l(IT(x_*—xlvy—{_y/) _IT)2

where I stands for the mean of / in the region under the template, and Ir is the mean of the template

(3.8)

T %yzl IT(x’y) 7 _ nyz[rl(xay)
M M

! The scalar product of two images is equivalent to element-wise multiplication of two matrices.
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When considering the numerator in Eq.(3.8) with removed mean values I and I the operation
requires approximately N*(M — N + 1)? additions and N?(M — N + 1)? multiplications [55]. This mod-
ification also leads to increase of computational costs. Taking advantage of the correlation theorem,
the correlation can be computed faster [55] in the frequency domain:

c=F Y (F()F*(Ir)) (3.9)

where F indicates the Fourier transform operation, F~! denotes its inverse. The complex conjugate
F*(Ir) is the image in which all values are replaced by their complex conjugates. The complex con-
jugate of a complex number a + bi is the complex number a — bi (the sign of the imaginary part is
changed).

The two dimensional discrete Fourier transform over (N x N) image [ is defined as

F (k1) ! NE_INZ_II( )e 21 kx+ly (3.10)
= — X Xp —1i —+ = .
’ N2 =0 y=0 V) €XP N N
and its inverse as
1 N—1N-1 kx ly
F (F(k,0)) =1I(x,y) = N2 kz_o I_EOF(k,l)eXpZZTt (—+—N). (3.11)

The effective implementation of the FFT algorithm (the butterfly algorithm) requires the template
and the image to be extended to the size equal to a power of two [81]. To ensure the effective mul-
tiplication (Eq.(3.9)), the size of the template image was extended (M = N) by filling the template
image with its mean value. The complexity of the transform is 12N?log, N real multiplications and
12N? log, N real additions [55]. The transform is therefore faster than its ’spatial’ version [85].

Templates can be obtained either from a computational model or from experimental data. The
presented method evaluates both approaches. Other possibilities regarding the generation of templates
include averaged templates, projections from 3D models, or two-dimensional Gaussian function of
the size close to the target object and are evaluated in [76]. The review also discusses modified
cross-correlation-based methods in the form of SPD (synthetic discriminant function) - MINACE
(constraint of minimum noise and correlation energy) filter. This filter attempts to obtain sharper
peaks while avoiding instability in the presence of noise. Other mentioned improvements consider the
phase only matched filter and the symmetric phase only matched filter. Cross-correlation could be also
improved by using the shape information of the peak.

In cryo-electron microscopy [77] the cross-correlation function was compared with local correlation
coefficients followed by smoothing by the anisotropic diffusion. The results showed that, in this par-
ticular problem, correlating with multiple references has little advantage over using single reference.
The authors also concluded that smoothing the image before the correlation does not produce dramatic
improvements in particle detection.

Dufour and Miller [22] proposed the method to locate an object in the image when its size and rotation
are unknown. By using a diffusion-like equation they produce a library of templates which was then
used to perform the object detection, described as minimization of the maximum likehood solution
which lead to higher detection rates and required higher computational time.

Important drawback of cross-correlation technique is that it depends on rotation and scaling of the
template. This imposes the use of multiple templates with various sizes with different orientations.
The choice of the number of templates is usually a difficult task due to trade-off between the quality of
results and computational costs. Moreover, due to spatial variations in image intensities and different
peak heights, additional post-processing steps, such as a search for correlation peaks, have to be taken.
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Validation of candidate peaks The correlation map c¢ attains higher values at positions where the
image matches the template. Those intensity peaks indicate possible positions of target objects. Due
to the fact that there were still little differences in shape and size between templates and mitotic cells,
not only high but sometimes low peaks correspond to target objects. Therefore matched filters allow
to achieve reasonably efficiency to detect candidate objects only and further validation of detected
peaks is necessary [76]. There are many techniques of searching for peaks. Ludtke et al. [58] as well
as Nicholson [77] combined different correlation-maps, each from a different template, by selecting
the maximal value at each pixel location from the set of cross-correlation map. Since some particles
can have multiple peaks really close to each other the cross-correlation image map is then low-pass
filtered [58]. It overcomes the problem of choosing the same particle many times. Slightly different
algorithm is presented in [77]. Candidate peaks are detected by a suitable threshold and then pruned
on the basis of peaks adjacency. Peaks within user-selected distance (usually slightly larger than the
size of the target object) are eliminated in favor of the highest peak. This attempt leads to removal of
contaminations and aggregates objects larger than true ones.

Another validation algorithm is proposed in color image segmentation task [107] using mean shift
algorithm developed by Fukunaga [29]. One of the features of mean shift vector is that it always points
toward the direction of the maximum increase in the density and is very sensitive to local peaks. The
authors validated the peaks by calculating the normalized contrast for the valley and two neighboring
peaks and excluding the smaller peak if the difference between the valley and the smaller peak is
small. Another family of algorithms pruning the candidate objects are performed to the original image,
provided the list of candidate peaks is present indicating the positions of candidate target objects.
Kivioja et al. [54] propose a ring filter which calculates at every pixel position the average intensity
inside the round particle, and intensity in a ring surrounding it. The filter values are formed by the
difference between the average intensities inside the circle and those at the ring. The authors proved
that the method was successful in detection of spherical virus particles. In the same task Boier Martin
et al. [60] described the cross-point which is applied directly on the original image. The image is
scanned twice in the same manner. The first scan is done starting from the top of the image, the second
from the bottom. The output binary image is created according to the difference in intensities of pixels
pairs located at a fixed distance in the horizontal and vertical direction. If in both cases the difference
between pixels is larger than a given threshold, the output pixel at this position is marked as hit. The
final image is an average sum of the two binary images.

Both of the methods are suitable mainly for the cryo-electron microscopy as they depend strongly on
properties of the original image and particles themselves.

We have focused on the detection of mitotic cells. One of the simplest features of many mitotic
cells is that they round up during mitosis. It was also observed that the inside of mitotic cells, in both
phase contrast techniques, have rather homogeneous intensity which changes dramatically at the cell
periphery. These observations lead to the choice of four features that may help to identify mitotic
cells: area, eccentricity?, intensity level of the cell membrane and intensity of the cell inside. Their
distributions are presented in Fig.3.11 (calculated from the training data). This a priori knowledge was
used to design the detection method based on the template matching technique.

Description of the method From 360 images per movie available, four series of 31 8-bit images
of the size 1392 x 1040 (TDS HeLa cell line) or 736 x 570 (Kyoto HeLa cell line) were selected
randomly. The aim of the detection algorithm is to process a high number of movies. Thus, we have
performed the cross-correlation in the Fourier space (Eq. (3.9)) and limited number of templates [69].
The templates were designed either artificially or from test data (Fig.3.10(b)). In the latter case, the

2 The eccentricity of a shape is a measure that describes its circularity. For the ellipse with the same second moments
as the shape, the eccentricity is the ratio of the distance between the foci of the ellipse and its major axis length.
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(a) The surf plot of the mitotic cell. (b) Templates used for cross-correlation. Left panel: artificial
templates, right panel: templates from test data, top row: Kyoto
cell line, bottom row: TDS cell line

Figure 3.10. Original and artificial templates.

templates were formed by cropping mitotic cells from test images. The model of Kyoto mitotic cells
was a black circle with white boundary. Similarly, the model of TDS mitotic cells was a white circle
with black boundary. Due to higher brightness of images, the background was gray (intensity 128).
The experimental estimated radii of target cells varied from 20 to 32 pixels and the cell membrane was
about 2 pixels thick (cf. Fig.3.11). In both cases, radii of templates were chosen to cover the whole
range by equi-length partition (r = {20,24,28,32}). As templates were of circular shape they did not
depend on rotation.

The method flow In the pre-processing step images were smoothened by the (3 x 3) median filter [86]
to suppress local fluctuations in pixel intensities. The detection algorithm is described by the following
steps:

Step 1: Correlate the given image / with each of the templates i, k =1, ...,n, according to Eq. (3.9).
As the result correlation maps ¢, are generated.
Step 2: Determine the maximum correlation value at each pixel position (X,y):

Vi) €1, Inax(x,y) = mixey(x.). (3.12)

Step 3: Peaks detection and validation (Peak searches)
The highest peaks are detected by using a suitable threshold p determined by visual inspection of
cross-correlation results. A candidate object is centered in image I at the position (x,y) iff
Lnax(x,y) > p.
Because the peaks in I, have different heights this operation generates many false positives.
Therefore, there is a need to validate candidate objects. Presuming that peaks coordinates indicate
positions of candidate target objects, the validation is performed on the original image / to exclude
false positives from the object list. Two validation methods were compared. The first one is a
modification of the cross-point method developed by Boyer [60], called the modified local gradient.
The second one is our contribution and is based on the evolutionary approach.

The modified local gradient method Using the mean intensity of the image (which, as observed, is
close to the intensity of the cell-inside) the gradient is calculated along four directions (up, down, left,
right) originated at the object center. If a prescribed gradient is detected in all the directions at a certain
distance from the center, the object is classified as a mitotic cell. Otherwise, the object is removed
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Figure 3.11. Distribution of features used in detection of mitotic cells (values of a given feature vs. their fre-
quency). Following features were measured: area (top-left), eccentricity (top-right), intensity level of the cell
membrane (bottom-left) and intensity of the cell inside (bottom-right).
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from the list of target objects. An object is also neglected if the gradient found is to close to the center
of the cell or if peaks are to close to each other (closer than the radius of the cell). The parameters of
this step are the following: the difference in gradients between the inside of a cell and its boundary, the
range where the gradient is to be observed. They have to be estimated during the learning procedure.

The resulting list of objects is assumed to be the list of detected mitotic cells. The output image is
depicted in Fig.3.12.

(a) HeLa Kyoto cell line, positive phase contrast (b) HeLa TDS cell line, negative phase contrast

Figure 3.12. Sample images with marked detected mitotic cells for Kyoto and TDS cell lines (imaged by two
phase contrast techniques).

The detection method was evaluated for many images taken in various conditions. The comparison
of original and artificial templates was also performed. The results are presented in Fig. 3.13 by
means of sensitivity and specificity for both imaging techniques (also known as TPF and FPF (here
FPF =1—FP/(FP+TN)), see Eqs.(2.9) and (2.8)). These results were obtained using real images
segmented by an expert. The Fig. 3.13 shows that, in average, the specificity is equal to 90.8% for
positive phase contrast (TDS cell line)
indexcell line!TDS HeLa and 82.3% for negative phase contrast (Kyoto cell line).
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Figure 3.13. TPF vs. FPF measured for negative (left) and positive phase contrast (right). Each element (quad-
rants for artificial templates, circles for real templates) represent mean value and standard deviation for one film.
Dotted line represents the mean value of all results.

The algorithm was implemented in Java using Image Processing Library provided by ImageJ [82].
The whole process of detection for one image and one set of four templates took couple of seconds,
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when performed on Power Mac G5 with two 2 GHz processors and 2 GB RAM and up to 22 seconds
when performed on PC with Intel Pentium 4 3.06 GHz processor and 2GB RAM.

Evolutionary approach to validation Evolutionary algorithms are stochastic optimization methods
that mimic processes derived from natural biological evolution [2, 64, 72]. Candidate solutions of the
optimization problem are individuals in a population that evolves iteratively. Processes borrowed from
the biological evolution such as reproduction, mutation, recombination, natural selection or survival of
the fittest are used to promote individuals that are close to the optimal solution. The use of a population
of solutions helps the evolutionary algorithm to avoid being trapped at a local optimum, in cases when
a better optimum may be found in its vicinity.

The applied method was based on the evolutionary algorithm with soft selection[31]. Unlike a
standard approach when the fittest individuals are selected, the soft selection promotes more frequently
these individuals which are better suited to their environment. The mutation step ensured the explo-
ration of the search space. During the optimization process the algorithm changes the parameters of the
artificial circle in order to achieve higher fitness function values, and, in turn, to match mitotic cells.

The radius of the cell and position of its center defined the R search space. 8 individuals were
initiated with the same coordinates of a candidate (x,y) and 4 different radii values (each radius was
given to 2 individuals). The individuals formed the initial population X = {x;, i=1...n.} with
x' = (x;,y;,7:)T. Each center was set at a tested candidate peak and radii were equal to radii of the
templates. Mutation was Gaussian shaped with the standard deviation ¢

Y =X+ E>N(/J7G)

where Y denotes the next generation and & is a random variable with values taken from a normal
distribution defined as

_ 1 (x—p)
N(u,0;x) G\/ﬁexp< a2 )

Non-negative fitness function ¢(-) was calculated for each individual on the phase contrast image
1. Tt was equal to the average of I(x,y) values at positions defined by a circle (x — s¢)? + (y — sy)? = 72
(for negative phase contrast images the inverse of the average was taken). s, and s, correspond to the
center of a candidate peak.

After t = 1,4 generations the fitness of best individual indicated a final individual (solution).
Step 1: initialization X’ = {x/ ...,x;e} (Xl = (sx,sy,r)T, r varies, time t = 0
Step 2: initial evaluation of X’ :

oX")={d},....4,,}, di=0(x) (3.13)

and selection of the current best item ¢* = maxi(qﬁ)
Step 3: iteration (¢ < #,,,4x)

1. evaluation of X’ (Eq.(3.13))
2. the choice of the best item among ¢!

q" =maxi(q",q})

3. soft selection



3. Multimodal Image Processing in Gene Function Analysis 38

4. mutation

yi=x+N(0,0)

5. new population
Xl‘+1 —y!

6. next step of the iteration
t—t+1

Parameters of the method are 6 and the number of individuals n,. P(x;) denotes a probability of
choosing the ith individual. As small populations have the ability to escape local optima and cross
fitness valleys to reach higher-fitness regions of a fitness landscape (this phenomenon is often termed
as a “saddle crossing” ability) [26, 32, 33] 8 individuals were used. For ¢ = 0.3 possible variations
of the position are up to the unit change on the image grid (with 99.99% confidence). Experiments
indicated that after 150 iterations, the position of the best individual matched the center of the mitotic
cell, therefore, the #,,,, parameter was set to 200 iterations which sufficed to find the local optimum.
No training is required to set the parameters. Validation of one phase contrast image took about 6 [sec]
(PC AMD Athlon 900MHz, 512 MB RAM) and the specificity of the method was equal to 77.71 %
and 86.00 % (two independent tests) for negative phase contrast images and 81.11 % for positive phase
contrast images. More detailed description of the method can be found in [68].

Biological evaluation To evaluate the method in practice, a biological experiment was constructed.
The aim of the experiment was to calculate the mitotic index from phase contrast and fluorescence im-
ages with algorithms presented in previous sections. The evaluation of the detection method performed
on different data sets as well as the comparison of validation methods justified the experimental setup.
As better results were achieved for negative PC images, TDS HelLa cells stained with the GFP were
examined.

Despite a slightly worse specificity, the evolutionary validation was chosen. The method required
less number of parameters which could be set without the training procedure. The mitotic index was
calculated by dividing a number of mitotic cells (present in PC images) by a number of normal cells
(present in fluorescence images). Dead cells were also detected with a method described in Sec.3.1 and
excluded from consideration. HeLa cells were transfected with esiRNA against CDC16 (expression of
the gene CDC16 was supressed) which is known to give an increase in mitotic index. The comparison
with negative control (unmodified cells), that is known to give 3-5% mitotic index, is presented in
Fig.3.2.

The increase in the mitotic index both for a control and CDC16 are consistent with the theory (the
increase were also present in experiments presented in [75]) and show that the analysis of multimodal
images leads to satisfactory results. Although the specificity of different algorithms’ stages is around
80%, due to large number of cells and images, it is acceptable in practice. In comparison to fixed cells
analysis where the mitotic cells are calculated for only one timepoint, the method allows to analyse
the mitotic index evaluation over time in living cell populations. Further analysis of properties of the
mitotic index curves may result in detection of additional phenotypes.

Discussion

A simple and fast method aiming at calculation of the mitotic index from two modalities was
presented. Two cell lines and different microscopy techniques were examined. Therefore, it is pre-
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Figure 3.14. The mitotic index for control (quadrants) and CDC16 (circles) cells.

sumed that the method can be also used for other types of cell lines as long as target objects have
distinguishable morphology.

In the case of mitotic cells, their round, regular shape and characteristic intensity pattern allowed to
limit the number of templates to only a few. We observed that four templates with an evenly spread radii
range were sufficient for the reliable detection. It is also noticeable that artificial templates perform
quite well comparing with templates derived from test data. It allows to use them for a preliminary
detection despite different lighting conditions. The tests also revealed importance of the validation
algorithm which significantly decreases the high number of false positives obtained after first three
steps of the algorithm (correlation and thresholding). Two validation algorithms were also presented.
Due to limitations of the modified local gradient method, an alternative, the evolutionary algorithm was
constructed. Future enhancements may consist in the use of a local threshold (for example calculated
around each peak) instead of a global one.

It is also possible to set parameters such as threshold automatically, according to some a priori knowl-
edge about the microscopy technique or features of the object itself. The only parameters to be set
would be the size of a target object (minimal and maximal cell radius).

Designing a system that automatically selects cells is a very difficult task due to problems with
modeling visual processes in recognition of faulty cells [54]. The proposed method may be considered
as an example of automated system that solves a specific task, determination of the mitotic index in
multimodal images. The method has proved its reliability in biological experiments [52]. Moreover,
the use of multimodality reduces the toxicity of cells and, as such, could be applied to living cells.



4. Cervical Cancer Diagnosis Support

4.1. Introduction

Phase contrast microscopy [4, 8, 115] holds considerable promise in cervical cancer diagnosis,
second most frequent type of cancer worldwide (Fig.4.1).

Evaluation of samples directly after the examination and large diagnosis spectrum makes this
method a recommendable alternative to Papanicolau (Pap) smear test. Although successful in reduc-
ing cervical cancer mortality, Pap tests have many drawbacks including high false positives and false
negatives ratio, limited identification of premalignant and malignant disease of cervix.

On the contrary, study of the smear with phase contrast microscopy allows simultaneous cyto-
hormonal evaluation, indication of components in vaginal eco-system, determination of menstruation
cycles and oncological diagnosis [28, 36, 43, 65, 66, 95]. Moreover, observed cell samples have to be
neither stained nor dyed which yields, on one hand, more reliable and accurate diagnosis, on the other
hand, fast degradation of the sample, which dries up after 3-4 hours. The use of digital methods of
recording microscopic images provides a solution to this problem. Because the evaluation of hundreds
or thousand of images is a tedious task an automated image analysis seems to be indispensable.

In this chapter, a method is presented that simplifies evaluation of images obtained from the phase
contrast microscope. It is aimed to automatically analyze images, generated during an examination,
and present the physician only regions of interests that contain objects essential for oncological screen-
ing, namely epithelial cells. Non epithelial elements such as granulocytes, semen, lymphocytes, ery-
throcytes, vaginal microflora (bacterias or viruses) and artifacts that result from false sample prepara-
tion (dust particles, pieces of glass or air) obscure the diagnosis and as irrelevant should be removed
from images.

4.2. Evaluation of segmentation methods

The epithelial cells are located in three layers in the cervix tissue. Basal and parabasal cells in the
lowest layer transform into intermediate and superficial cells in upper layers. The transition between
these forms is continuous, which makes the cell type detection based on their size or shape difficult.
Moreover, due to various lighting conditions and similar intensity profile of many objects, such as nu-
clei or granulocytes, the intensity also does not provide reliable discrimination properties (see Fig.4.3).

Different edge detectors (Roberts, Sobel, Prewitt, Laplace of Gaussian and Canny) were evaluated
[12, 93, 86]. Although the most reliable detection of the cell contour is provided by the Canny operator,
the edge detector alone is not sufficient for detection of cells (Fig.4.4(b)).

Segmentation with Markov Random Fields.

As MRF proved to be efficient in segmentation of medical images [73, 92, 102] a simple MRF was
also evaluated.

From Eq.(2.11) the segmentation of the image is equivalent to the labeling f which maximizes
P(f|I). According to the Bayes’ rule, P(f|I) = P(I|f)- P(f)/P(I). As P(I) does not depend on the
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1491972 (29,5%) Other

GLOBOCAMN 2002, TARC

Figure 4.1. New cancer cases worldwide (2002)

labeling f, and plays the same role as the normalization factor Z in Eq.(2.11), it can be omitted. By
assuming that

P(I|f) = HP LIfi) 4.1)

a posteriori probability is proportional to:

P(f|I) =< P(f HP1|f, 4.2)

Further, the image segmentation model is defined as follows. Let’s assume the Gaussian form of

P(L|fi)
1 I; — Hf;
P(|fi) = o7 P (— / ) (4.3)

where uy. (f; takes values from L, #L = N is a number of labels) and 67, denote statistics computed for
a image region labeled with f; (the mean and the standard deviation). This expression multiplied by
the 1/T corresponds to the energy potential of cliques of the first order (cf. (4.5)). The multi-logistic
MRF model of P(f) is assumed and given by

P(f) =exp(~ 2y —exp(- L T v =ep(- 1 X BAhis) (44)

T cEC {l JEC}

with cliques ¢ € C of the first and the second order. In the first case (Eq.(4.3)) ¢ consist of a single site,
in the second (Eq.(4.4)), of a pair of neighboring sites. The energies of cliques of first order directly
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(b) A cell with not fully distinguishable mem-
brane.

(c) A cell with numerous granulocytes (bright oval

(d) Basal cells (big, round objects in the center)
objects) and bacteria.

with semen.

Figure 4.2. Phase contrast images of epithelial cells.

fungi

granulocytes

semen

nuclei of basal and parabasal cells

nuclei of superficial cells

nuclei of intermediate cells

0 50 100 150 200 255
Intensity

Figure 4.3. Intensity of typical elements in phase contrast image. Data were collected from manually segmented
elements.
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(a) Comparison of different edge detectors. The measure K (b) Canny detector.

corresponds to the number of correctly detected contour pixels,
the measure G is the ratio of grouped and manually segmented
contours. The results were obtained from 30 manually seg-
mented images and further normalized (the best value for both
measures is 10).

Figure 4.4. Evaluation of simple edge detectors.

reflect the probabilistic modeling of labels without context, which is used for classifying or labeling
the pixels independently. B is the model parameter controlling the homogeneity of regions. Owing to
its simplicity, y(f;, f;) is defined as

—1 iffi=f

+1 otherwise.

1051 =

Such a model has been widely used for modeling regions and textures [57] and tend to generate
texture-like patterns. The estimation of f, denoted as f is computed as follows

A 1
f = a@nmx<—mpuuy+mpui>: (4.5)
feF \ T
Moo (I — up)? 1
= argmax —— | In\/2n6+—5"— | — = B-v(fi,fj) | =
feF ,; r 205, d {i,jZGC} ’
N (Ii—yf.)z 1
= argmin —|In\/2n6+ ——"— | + = Y(fi, fi) |- 4.6
g min 1;1 T 7 27 T {WZG:C}B Y(fis f7) (4.6)

The estimate of f was done through energy minimization with two iterative optimization methods:
ICM [6] and Gibbs sampler [34]. The first method uses the “greedy” strategy in the iterative local
minimization and its convergence is guaranteed after only a few iterations. Gibbs sampling is an
algorithm to generate a sequence of samples from the distribution of each variable in turn, conditional
on the current values of the other variables.

The image was segmented into three classes that correspond to background, cell and the cell membrane
in the open source software [5, 45, 47]. Initially 7 = 4 and B = 0.9. The performance was evaluated in
two respects of each algorithm: the reached global minimum of the energy function (computed from
Eq.(4.5)) and computational time. In both cases the execution was stopped when the energy change
AU was less than 0.1% of the current value of U. In the initial step, a random configuration f was
chosen. Tab. 4.1 presents comparison study. Segmentation results depicted in Fig.4.5 ! show that

! Here and later on black rectangles in the left-upper corner were shaded because they contained personal data of
patients.
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Iterations | CPU time [sec] | Global energy
Gibbs sampler 202 99 1733620
ICM 17 10 1782860

Table 4.1. Comparison of minimization algorithms.

(a) Gibbs sampler. (b) ICM

Figure 4.5. Segmentation with Markov Random Fields.

optimal configuration (labeling) was not satisfactory. Many pixels were assigned to wrong classes.
Moreover, minimization of energy was computationally expensive and practically not applicable in
real applications.

4.3. Segmentation with Statistical Geometrical Features

Observation that the phase contrast microscopy distinguishes these parts of cells that contain a
higher level of proteins has lead to an approach which uses texture features [89]. As cell structures
such as cell membranes, cytoplasm or nuclei contain different protein level, they also display different
texture patterns than the medium. Therefore, a texture seems to be an important factor to distinguish
cells from other regions.

Texture features were successively used in many applications. Santos [87] used texture features
derived from the histogram and a gray level co-occurence matrix to perform segmentation of epithelial
cell cultures. Once the image is segmented, the approximate number of cells, computed as a quotient
of area size and the average cell size, can be determined. His approach does not allow to segment any
single cell.

Vliet [103] has proposed a method to detect malignant and normal cells in Pap smears as a support
in a breast cancer diagnosis. The author used a combination of morphological and clustering methods
with watershed to segment both types of cells. The problem of under- and oversegmentation was not
addressed, and the report does not contain any numerical results.

Results obtained by Ji, Engel and Craine [44] are based on texture features that help a physician to eval-
uate various patterns in colposcopic images. Vascular structures are extracted from original cervical
lesion images that are later on vectorized by line segments. First and second order statistics calculated
from the distribution of extracted line segments (in terms of length and orientation) are then used to
construct 24 features. The classification was performed with the minimum-distance classifier for all
features and their subset representing most discriminant ones.

Walker [105] overviewed texture based methods aimed at classifying images of Pap smears from the
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cervix. The features obtained from the gray level co-occurence matrix, Gibbs and Markov fields, sta-
tistical geometrical features [106] were compared with each other. The author concluded that methods
based on random fields outperforms the others. It was also shown that author’s original self-adaptive
multi-scale technique allows the simultaneous capture of texture characteristics at, and across, several
spatial resolutions. The method proved to be more accurate than standard approaches. It also captures
characteristics that can be used to identify image locations where differences between texture classes
occur. Finally, the broad applicability of all methods by classifying a wide spectrum of texture images
from natural, industrial and biological origins was demonstrated.

However, to the best of our knowledge, the use of texture analyzing techniques to support the diagnosis
of cervical cancer with the phase contrast microscopy has not been addressed so far in the literature.

A statistical algorithm is proposed to characterize and recognize textural patterns in epithelial cells.
It follows a three stage process. At first, the original image is divided into regions. From each Statistical
Geometrical Features (SGF) are extracted. Then, the most discriminant features are selected and used
to classify image regions. Finally, post processing steps refine the classification results and an active
contour model is employed to locate membranes of epithelial cells.

The proposed approach captures Statistical Geometrical Features that are essential for detection
of epithelial cells in phase contrast images. These features are used to classify image regions into
three classes: background, cell membrane and cell cytoplasm. The process includes three steps:
pre-processing, feature extraction and selection, classification. Detection of exact shape of cell mem-
branes is achieved by combining an active contour model with a gradient vector field and postprocessing
steps. Detailed description of the stages follows.

Pre-processing

At first, an original image was linearly transformed into 8-bit gray level image with a contrast
stretching technique [24]. Because the calculation of SGF for common 255 gray-scale levels is a
tedious task, the number of gray levels was reduced to 16. The similar approach employed in [106]
did not cause a remarkable lost of texture information. In the next stage, each image was divided into
1131 overlapping regions of the size 32 x 32 pixels each. The size of windows was chosen taking
into account a constant magnification of the sample, the image size and ability of a window to capture
essential texture features. For each region a set of statistical geometrical features was generated. As
various features differ in range of their values, the scaling of features was performed to ensure reliable
distance calculations in the features’ space. The normalization guaranteed that each feature has the
zero mean and the unit standard deviation [13].

Finally, the feature vector was used to assign a class label to the center of each 32 x 32 window.
Because not always the boundary between different textures overlayed with windows, the latter ones
were additionally shifted half of the window size.

Feature extraction and selection

Statistical Geometrical Features are recalled following Chen work [13] where a discrete gray-level
image window? of M x N size is described as 2D function I(x,y) where (x,y) € [0,1,...,M — 1] x
[0,1,....N—1] and I(x,y) € L ={0,...,N. — 1}. I(x,y) corresponds to the intensity of the pixel at
(x,y). The image is then decomposited into a set of thresholded images with a threshold value o € L:

1 if I(x,y) > «,

0 otherwise *7)

L(x,y;00) = {

2 Here, the window is equivalent to region of the size 32 x 32. The number of gray levels #L = 15.
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where I (x,y; o) denotes a binary image after the threshold operation with the cut-off value a.. The
original image is then split into Ny — 1 binary images

[—1
I(x,y) =Y I(x,y;0) (4.8)
o=1

and the mapping is bijective, i.e. no information is lost. For each image I;(x,y;a), the number of
connected regions is calculated and denoted NOC| (o) for connected regions of 1-valued pixels and
NOCy(o) for connected regions of 0-valued pixels. The connected region is understood as a set of
pixels of the same value (0 or 1) that are adjacent to each other in 4-neighborhood sense. These
measures are used to define 16 features that are further characterized by five statistics: minValue, max-
Value, averageValue, sampleMean and sampleStandardDeviation. Therefore, for each texture image
80 features are obtained. Their definition can be found in Appendix A.

The aim of the feature selection algorithm is to select the optimal subset of features from the
original feature set [42, 108]. There are many methods discussed in the literature to deal with this task.
Generally they can be divided into "bottom-up’ and ’top-down’ approaches, both including optimal
and sub-optimal methods. The first approach starts with an empty feature set and the optimal subset is
built up incrementally. The second one starts with the full feature set and removes redundant features
successfully. Optimal methods, like Monte Carlo methods, simulated annealing, genetic algorithms or
branch and bound procedure, involve a deep search for the solution and they are feasible for simple
problems only, whereas suboptimal methods use different optimization techniques to reduce compu-
tational costs. They include sequential forward selection (SFS) and sequential backward selection
methods (SBS). During this incremental process a feature that yields the extremal value of a criterion
function J(-) is added or removed to the current feature set until the prescribed number of features is
obtained or the feature set deteriorates the classification. The criterion function J(+) is related to some
measures of distance or dissimilarity between distributions of features. A clear disadvantage of these
methods is that no revision of previously made decisions is allowed. However, updates are possible in
sequential forward floating selection (SFFS) method [11]. The algorithm starts with an empty feature
set and, in each step, the best feature that satisfies the given criterion function is added to the current
feature set, i.e. one step of the SFS is performed. The algorithm also verifies possibility of improvement
of the criterion if one feature is excluded. In this case, the worst feature (w.r.t. the criterion) is elimi-
nated from the set and one step of the SBS is carried out. Therefore, the SFFS proceeds dynamically
by increasing and decreasing the number of features until their prescribed number is reached.

Basically, there are two approaches to define a criterion function J(-). The first one designs a
classifier for a reduced number of features and chooses the features’ set that performs well on separated
training/test sets by calculating its error rate. The second approach estimates the distance between
distributions of class-conditional probabilities and favors those features’ sets that maximize the class
separability. This approach is independent of the classifier and it is relatively cheap to implement but
certain assumptions about the form of distribution have to be made.

In our case,n d-dimensional feature vectors X = (x1,...,xg) (x € X4.d = 80) were generated (num-
ber of vectors n = 1131). To select optimal combination of d* features (1 < d* < 80) the SFFS selection
method was used with one of three criterion functions (classification error rate of Fisher Linear Dis-
criminant (FLD) classifier, Bhattacharyya Distance and scatter matrices). The latter two measures are
defined only for bi-class case. Therefore, in multi-class problems (Q = {®;}, i = 1..C), the pairwise
distance measures must be adopted, where the final criterion function is equal to the sum of pairwise
combinations|[108]:

C
J(o;,0,) =Y P(o)P(w;)J;j.
i,j=1
Jij denotes a criterion function between two classes ®; and ;.
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The Bhattacharyya distance measures the distance between two distributions. Because the measure
requires to estimate probability density functions and its numerical integration, the assumption about
the form of these distribution usually simplifies the calculations. In our case normally distributed den-
sity functions were assumed with means y; and g and covariance matrices Covy and Cov; estimated
from the training data. Therefore, the Bhattacharyya distance

1
Ty(@1,02) = ~log [ (p(x|n)p(x|wz)? ax. “9)
X
can be simplified to the form

1 _ 1 Covi+Cov
JE (w1, 07) = 1 (1 —,ul)T (Covy 4 Covy) ! (o — 1) + Elog ( [Cov: 2| 1) (4.10)
2(|Covy||Cova])2

where |- | denotes determinant of a matrix. The covariance matrix and the group mean for the class o;
are defined as follows:

1 n
Covi=—- Y zij (xj— i) (Xj—/di)T
i j=1

pi=—Y x @.11)

where n; is the number of samples in class ;. z;; = 1 if x; € ®; and 0 otherwise.
Scatter matrices [108] define another distance measure between data sets that aims to find a set of
features for which the within-class spread is small and the between-class one is large:

JS=Tr (Sv—vl SB) (4.12)
where
C n:
=) —Cov; 4.1
SW = " Cov ( 3)

denotes the scatter matrix within the class and

CI’L,'

Sp = ; — (=) (i —u)' (4.14)

is the scatter matrix between classes. In Eq. (4.12) T'r(+) stands for the trace operator of a matrix and
the sample mean is defined as

C
u=Y —u;
=1 N

where n denotes number of patterns. The recognition rate, defined as the percentage of correct classi-
fied samples, can be also used to determine the optimal number of features. In this case, for a given
subset of features a criterion function J(+) is equal to the recognition rate of FLD classifier.

In order to avoid the apparent error rate (present when data used to design a classifier are also
used to estimate the classification error rate), each obtained feature set with a given d* and the criterion
function J(-) was verified using the cross-validation method [21] as follows. Data were separated into
10 disjoint sets. In turn, one of them served as a test set while the others formed a training set. The
final classification error rate, defined as the mean value of error rates of FLD classifier calculated for
each setting, derived the estimation of the optimal number of features.
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Figure 4.6. Comparison of feature selection methods. The diagram presents the optimal number of feature d*
vs. classification error.

Criterion function | FLD | Bhattacharyya distance | Scatter atrices
Classification error | 15,6 16,9 15,2

Table 4.2. Classification error [%] for d* = 20 features.

The mean classification error rates for different number of features are depicted in Fig. 4.6. It can
be noticed that the classification error is relatively constant for at least 20 features. Therefore, three
J(-) distance measures were compared for d* = 20 (see Tab.4.2). Once, d* was estimated, SFFS was
again applied to select the best 20 features with a distance measure based on scatter matrices.

The list of selected features is presented in Appendix (Tab.A.1).

Classification

The following classifiers were tested with SFFS method and scatter matrices used as distance
measures: k-nearest-neighbor classifier (kNN), Fisher Linear Discriminant (FLD) and Kernel Fisher
Discriminant (KFD) as examples of linear and non-linear discriminants.

The kNN classifier assigns the feature vector x to this class that receives majority of votes amongst
the k nearest neighbors in the feature space (see Fig.4.7):

Definition 9. Assign a feature vector X to the class ®,, < Vk,, > k; where k,, € ®,, and Zz('::l ki =k.

Fa¥
= O
m]
FAN /D A
A O “x
K h\\g A
A FaY
O
0 A O

Figure 4.7. An example classification. Two classes from the training set are represented by rectangles (®;) and
triangles (;). A new feature vector X is assigned to the ®; because it received majority of votes amongst k = 6
nearest neighbors. In this example k; = 4 (solid lines) and k, = 2 (dotted lines).
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Figure 4.8. Estimation of the k parameter with cross-validation and Euclidean metric (Dasarthy,1991). The
minimal value of the average classification error (15.2%) for k = 20.

The choice of the parameter k and the metric are crucial for classification. Here, the Euclidean

distance was applied. The k parameter is estimated by previously described fivefold cross-validation
technique where data are split into two parts, the validation (test) and training sets. The latter set is
used to adjust the k variable. The validation set is used to estimate the generalization error which is a
measure of the true error between the hypothesis and the true target function. Typically one can not
measure it directly, instead it can approximated by measuring the performance of a parameter on an
independent test set.
The classifier is trained until the minimum value of this error is found. The minimal value of the
average classification error (15,2%) corresponds to k = 20 (Fig.4.8). Therefore, this value was chosen
as the classifier parameter. Classification results are presented in Tab. 4.3 in the form of a confusion
matrix [108] which shows the decomposition of the error rate (see Chapter 2.1). The (i, j)th element
of this matrix is the number of patterns of class ®; that are classified as class w; by the classifier.

FLD projects high-dimensional data onto a line and performs classification in one dimensional
space [108]. More precisely, a direction w that separates two classes is sought. The vector w that
maximizes J(-) leads to the best separation between two sets:

T
w' Spw
J(W)= ——— 4.15
(w) wlSyw (415)
where Sy and Sp are called within-class and between class scatter matrices (cf. Egs. (4.13) and (4.14)).
Because Spw points in the direction of my — my, the optimal w that optimizes J(-) can be written as:

w=S_!(my; —my) (4.16)

where my and my; are groups’ mean.

The results of classification are presented in Tab 4.3. As previously, the fivefold cross-validation of
data was performed.

For the case of C classes the One-Against-One methods is applied. C — 1 classifiers are constructed
where each of them discriminates patterns between two classes. A pattern x is classified using each
classifier in turn, and a majority vote is chosen. In the end, a feature vector is classified into the class
that was chosen most frequently.

In contrary to linear classifiers, KFD performs the classification using non linear functions. The
method, originally used in functional interpolation problems, was first applied for discrimination by
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Figure 4.9. Estimation of the & with fivefold cross-validation. The minimal value of the average classification
error (12.9%) for h = 5.5.

Predicted class
True class Background Cytoplasm Cell membrane
Classifier kNN | FLD | KFD || kNN | FLD | KFD || kNN | FLD | KFD
Background 49,1 | 49,2 | 50,7 5,5 3,5 3,3 1,0 2.4 1,1
Cytoplasm 22 | 27 | 2,7 | 303|276 | 297 | 1,5 | 3,6 1,6
Cell membrane | 1,9 1,2 2.1 3,8 1,8 2.5 5,2 8,0 6,4

Table 4.3. Confusion matrix on the training set for KNN, FLD and KFD classifier. Accuracies of each of clas-
sifiers, computed from the matrix trace, are equal to 84,6% (= 49,1% + 30,3% + 5,2%), 84,8% and 86,8%
respectively.

Broomhead and Lowe [9]. KFD may be described as a linear combination of radially symmetric non
linear basis functions [108]. In our case, the exponential basis function ¢(-) was employed:

i 2
O(x, 1) ZGXP{—M}- (4.17)

Its parameter 4 was estimated by the fivefold cross-correlation method. The minimal value of
classification error was obtained for 7 = 5.5 (Fig. 4.9). Therefore, this value was used as the parameter
classifier.

Results of classification with kNN, FLD and KFD are presented in Tab. 4.3. The trace of the
matrix corresponds to the accuracy of each classifier. The best accuracy is achieved by KFD and
further justifies the choice of this classifier.

Post-processing

Image regions were classified independently with the KFD classifier. Therefore a certain mis-
classification error is likely to occur. By introducing three classes: background, cytoplasm and cell
membrane and taking the a-priori knowledge into consideration, classification errors were reduced
when the following rules were applied:

1. background regions surrounded entirely by the cytoplasm were marked as cytoplasm,
2. small regions classified as the cell membrane and cytoplasm were marked as background,
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3. cell membrane regions must be adjacent to the background (Note: the true cell membrane between
clustered or overlapped cells are considered as medically unimportant) and is limited in width.
Redundant cell membrane regions were marked as background),

4. only large 4-neighborhood connected objects were considered as potential cells (the minimal cell
size is induced by the microscope magnification. The average cells size was approximated manu-
ally),

5. the adjacency between potential cells and cell membrane regions was measured by the 8-connected
neighborhood rule

Boundaries of potential cells formed final cell membrane regions where the active contour was
initialized.

(b) Post-processed image
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(c) GVF snake. (d) Final cell shape.

Figure 4.10. Segmented image (a) and its post-processed version (b). Detected cytoplasm is marked in light
gray and the cell membrane in black. The snake initialized on the GVF (c) and final segmentation of the cell
membrane (d).

GVF snakes in cell membrane detection

Precise detection of cells requires a reliable location of their membranes. The detected cell mem-
brane contour should not include any holes and should fit to the real cell membrane. In our approach,
an active contour model is applied that employs the Gradient Vector Field (GVF) developed by Xu
and Prince[111]. Active Contour Models, often referred in the literature as snake models, have been
extensively used in image processing and computer vision applications to detect boundaries of objects.
To show advantages of the applied method, first, the classic snake model is recalled.
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The traditional snake model is given as a 2-D parametric curve [111] v(s) = (x(s),y(s))” where
s € [0,1] is the running variable. The snake is moved in the image domain by minimizing the energy

function:
1

E(v()) = / <% (G‘V/(S)|2+B}V”(S)|2> —|—Eext(v(s))) ds (4.18)
0

where o and 3 are weighting parameters that control the snake’s tension and rigidity, and v/(s) v”(s)
stands for the first and the second order derivatives w.r.t. the variable s:

/ ds " ds
V<S):[a_y]>v(s): 2y |
os Os2
E is derived directly from an image and it attains small values at edges. A snake that minimizes the
energy function must satisfy the Euler equation:

v’ (s) — BV"(s) = VEx(s) =0 (4.19)

where the internal force Fy;(s) = av”(s) — Bv"”(s) prevents the snake from stretching and bending
while the external force F,\ (s) = —VE,y(s) moves the snake into the direction of gradients of intensity.

V denotes the gradient operator:
v_(2 o)
~ \ox’dy

The transient solution of Eq. (4.19) expresses v as the function of time ¢ and space s variables:

ov(s,t)
ot

This term vanishes when the solution of Eq. (4.20) stabilizes and the solution of Eq. (4.19) is achieved.

The standard snake model that minimizes the energy defined as a sum of external and internal
forces displays poor converge capabilities. The external forces point correctly toward concavities but
when the concavity is reached forces point into opposite directions and no further snake deformations
are possible. As cells often have irregular shapes, an improved snake model, called GVF snake, was
applied to improve location capabilities. The model employs the GVF field [111] and replaces the
external force —VE,,(s) by a field { changing the standard model into:

ov(s,t)
ot

where the vector field {(x,y) = (a(x,y),b(x,y))" is defined in the image domain and it minimizes the
following energy functional:

=o'’ (s,t) — BV (s,t) — VEexu(s). (4.20)

=ov’(s,t) — Bv" (s,t) +C. 4.21)

X+Axy+Ay
e(x,y) = / / N(@+a2+ b2+ b2) + || Vel |2 ||¢ — Vel [Fdxdy (4.22)
x—Axy—Ay
where Ax, Ay are some small parameters and || - || denotes the Euclidean norm. ay, by, a, b, are partial

derivatives w.r.t coordinates x and y. e(-,-) is an edge map derived from the image /, it is larger near
image edges and can be computed by gradient operators. The regularization parameter 1| governs the
trade-off between the first and second term in the integrand. It depends on the noise level in the image
(more noise, increase M). The GVF snake is solved numerically by discretization and iteration [111].

The classified image and the results of post processing are presented in Fig 4.10(a) and Fig.4.10(b).
The example of detection of the cell membrane with GVF Snakes is depicted in Fig 4.10(d).
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True class predicted class

Background | Cytoplasm | Cell membrane
Background 53,1 2.0 1,3
Cytoplasm 1,9 29.4 1,8
Cell membrane 1,9 2,7 59

classifier is 88,4 %.

True class predicted class

Background | Cytoplasm | Cell membrane
Background 48,1 4.4 3,9
Cytoplasm 3,1 26,5 3,5
Cell membrane 1,2 1,7 7,6

Table 4.4. Confusion matrix on the test set (in %) for the KFD classifier with SGF-features. Accuracy of the

Table 4.5. Confusion matrix computed on the test set (in %) for the FLD classifier with GLCM-features. Accu-
racy of the classifier is 82,2%.

Simulations

Available images were split into two disjoint data sets: test set included 69 images and training set
was composed of 16 images. Each image was divided into 1131 overlapping regions of size 32 x 32
pixels. For each region a set of statistical geometrical features was generated and then normalized form-
ing a feature vector. SSFS selection method reduced the number of features to the most discriminant
ones (20 out of 80 features were selected). Each region was represented as a point in 20 dimensional
feature space X. The classification was performed with the Kernel Fisher Discriminant as follows. A
window of size 32 x 32, was moved along the image and its middle part (16 x 16) was assigned to one
of three pre-defined classes (background, cytoplasm or cell membrane). 30 regions in the left upper
image corner that included the patient data were not considered.

The comparison of results with expert’s segmentation showed that 88,4 % of windows were clas-
sified correctly. The algorithm was implemented in MATLAB and run on PC with AMD Sempron
1,67 GHz. Generation of SGF feature set took 114 [sec] per image. The training process, performed
only once, took 8 min. and the classification of each image lasted 11 sec.

In order to compare the feasibility of SGF features, another set of texture features was chosen. This
feature set was also used in a similar task where alive and dead cells observed in phase contrast images
should be detected and classified [59]. Features were calculated from a histogram and the gray-level
co-occurrence matrix (GLCM) for the same regions from the training set. Similarly, each region was
represented by a feature vector and then classified into three classes: alive, dead cells and background.

Similarly to [59] original images were firstly pre-processed, where the number of gray-levels was
reduced to 16, divided into regions and then classified with selected first order and second order features
computed from the GLCM for distance T = 1,2,3,4,5 and angle 6 = 0°,45°,90°,135°. The region size
was again 32 x 32 and 16 x 16. The classification was performed with FLD. The classification results
with GLCM features are presented in Tab. 4.5. Calculation of GLCM features requires 267 [sec] per
image. The training took 13 [sec] and classification of each image 5 [sec]. Definitions of GLCM
features are presented in Appendix A.

The alternative method, although much faster, brings worse results, only 82,2% of regions were
classified correctly.

Also, the detection of the cell membrane with GVF snake was compared against standard snake model
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(a) Standard snake. (b) GVF snake.

Figure 4.11. Comparison of standard and GVF snake.

(a) Intermediate cells (b) Epithelial cells with different texture patterns

Figure 4.12. Segmented intermediate cells (a). Segmented epithelial cells with different texture patterns (b)

where the external force was calculated directly from the smoothed image. The calculation of the first
model took at average 2 [sec]. The snake overlapped true cell membrane in 94% of cells in average.

The calculation of 50 iterations of the GVF field took about 104 [sec] per image. Next, the field
was used to calculate the GVF Snake. 3 [sec] was enough to achieve accuracy of 95% at average.
These results show that the GVF snake offers only a slightly better segmentation and much longer
computational time. However, the method is less sensitive to local intensity fluctuations at the cell
membrane and performs better at image borders (see Fig. 4.11). Therefore, its usage should be limited
to poor quality images and those applications where the entire cell should be segmented.

Figs. 4.11, 4.12 and 4.13 present a few segmentation examples. It can be noticed that the method
works well for different kinds of cytoplasm. Basal, parabasal, intermediate and superficial cells were
detected. While the background and numerous bacteria were not captured. When granulocytes were
inside the cytoplasm or when cells overlapped the method failed. In the first case, the algorithm left
them untouched because of their similarity to nuclei. Snake seems to be pulled in the direction of the
inner cell membrane which results in false outline of the cytoplasm.
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(a) Contaminated medium (b) Basal cells

Figure 4.13. Segmented cells flowing in the contaminated medium (a) and an example of segmented basal
cells (b).



5. esilmage Software

Recently automated microscopes have been developed that acquire large amounts of images of
biological samples. The huge amount of data collected in these experiments require the development
of image processing software to find and quantify differences and similarities within the data sets. To
allow flexible analysis of large numbers of microscopy images the esilmage application was developed
[70]. In comparison to commercial software like [27, 58], Velocityl, Imaris? or Cellenger3 that offer
a limited number of algorithms which implementation is hidden from the user, the open architecture
of esilmage and access to the ImagelJ [82] image processing library allows a simple integration of any
image processing algorithm. Generated results can be easily incorporated in other systems for further
analysis. The software was written in Java.

There is a graphical user interface (see Fig. 5.1) and a list of available algorithms that analyze
images. The user interface simplifies the choice of images to analyze and presents the results immedi-
ately. The esilmage allows processing of images acquired by any type of microscopy technique. It is
also possible to process the combination of fluorescence channels or different modalities (fluorescence
and phase contrast) in cases when the sample is imaged with multiple microscopy techniques. The
number of fluorescence channels and declaration of modalities as well as other settings (experiment
description) is defined in separated XML file and loaded at the application startup. It allows to automate
processing of images and set-up specific for the machine. This feature is useful to process numerous
images when the module is run in parallel on different machines as separated software.

The software has been extensively used in the Max Planck Institute of Cell Biology and Genetics
(Dresden, Germany) in a high-throughput screening experiment where 1389 genes, essential for cell
cycle progression in human cells, were examined [52]. The software analyzed about a hundred of
thousand images and calculated the mitotic index as one among nine parameters that formed a pheno-
typic signature. This pattern was later used to assign novel cell cycle functions to genes by combining
hierarchical clustering, bioinformatics and proteomic data mining.

The current implementation of the software comprises methods described in Sec. 3 and was applied
to evaluate the algorithms.

The next step is a combination of the esilmage with a larger system, called Open Screening Envi-
ronment. The system is designed for managing and analyzing all areas of high throughput screening
experiments. It integrates information about produced biological compounds, their use, screen param-
eters (date, experiment conditions, equipment) and imaging techniques applied and provides access
to most common biological databases. The system tracks the complete screening process starting
from production of biological and chemical compounds, their application in assays and evaluates their
influence on cells by analyzing images generated during experiments. The role of the esilmage will be
to store and process images or movies. Its results will be later analyzed by other data mining modules
to describe relations between existing phenotypes or to detect new ones.

I www.improvision.com

2 www.imaris.com
3 www.cellenger.com
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Figure 5.1. The graphical user interface of the esilmage.



6. Conclusions

The PhD thesis presents two algorithms that process multimodal, microscopic images and is aimed
at supporting the gene function study and the diagnosis of the cervical cancer. Both methods analyze
raw, noisy and uneven illuminated images with target objects often being unstructured and contami-
nated.

The first method analyzes images from two different sources (phase contrast and fluorescence) and
calculates the mitotic index. It detects and classifies mitotic, normal and dead cells from fluorescence
and phase contrast images. The method was tested on different cell lines imaged by different phase
contrast and fluorescence techniques. The algorithm comprises a number of image processing meth-
ods adopted for the image class or originally developed. The method was experimentally evaluated to
calculate the mitotic index in time lapse movies of the gene CDC16. Results derived by the algorithm
were consistent with the theory. Further, the method allows to analyze the characteristics of the mitotic
index and may result in a detection of additional phenotypes. Alternative cell segmentation method
based on the Markov Random Fields was also evaluated.

Different filtering and pre-processing methods emphasizing fluorescence signal were evaluated, such
as contrast stretching followed by band-pass filter in the Fourier space or the rolling ball algorithm
as a shading correction method. It was shown that pre-processing methods effectively improved the
watershed segmentation applied to detect nuclei. The cross-correlation method of the phase contrast
image with a set of templates resulted in a correlation map from which the exact position of mitotic
cells could be deduced. The decision was supported by post-processing steps based on the innovative,
evolutionary validation approach. For comparison purposes a gradient based original method was also
considered. There are three main contributions. The first is the original method flow that includes three
stages of analysis: pre-processing, segmentation and classification. Each of the stage was considered
equally important and a considerable effort was made to combine the stages into a complementary and
consistent system. The second one is the demonstration that multimodality simplified detection and
classification of cells by combining features from different sources. The experimental advantage of
the method is a reduced exposure of cells to fluorescence light. The addition of least harmful stain
allows to analyze living cells and limit the effect of photobleaching. A novelty is also present in the
combination of classifiers into a ”cascade” which allows background regions of the image to be quickly
discarded while spending more computation time on promising regions.

The active vision based analysis of regions of interest consisted in a segmentation of a filtered flu-
orescence signal and focusing the attention only on those image regions that contained information.
More sophisticated classifiers could reason about the cell type on the basis of chosen features. Linear
discriminant proved to be more efficient than its quadratic equivalent.

Since the majority of dyes immobilize cells, multimodal analysis that combined a less harmful
fluorescence stain with the phase contrast microscopy - the least toxic observation method - extend
possible applications to those that also examine the cell behavior and kinematics. Although not real-
ized, a cell tracking algorithm is a natural extension of presented considerations. However, it seems
that independent recognition of cells in consecutive frames is a rather futile approach because results
from previous frames are not considered and misclassification is more likely to occur. Also, features
of higher order, such as texture features, could be sufficient to classify cells only from fluorescence
images.
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The analysis of phase contrast images in the gynecology is treated in sequel. A method supporting

cervical cancer diagnosis was developed that processes images acquired by phase contrast microscope.
The method analyzes images, removes elements that are not important for the diagnosis and marks only
epithelial cells. The method comprises algorithms known from the literature, adapted to the problem.
Statistical Geometrical Features were used to construct a feature set used to classify image regions.
By using the Sequential Forward Floating Selection method the number of features was reduced to
most significant ones. k-Nearest Neighbors classifier, Fisher Linear Discriminant and Kernel Fisher
Discriminant were evaluated as potential classifiers. The last method seemed to be most reliable.
An active contour model was chosen to detect a cell contour. As an alternative approach features
from GLCM matrix were evaluated. By presenting to a cytopathologist only images with relevant,
cytological structures, the system unburdens a physician from examination of messy data and, in that
way, improves the diagnosis of cervical cancer.
The main contribution in this stream is a novel combination of already known methods into a reliable
system. To the author’s knowledge, there are no other systems that back the diagnosis of cervical
cancer with phase contrast microscopy. Therefore, the method could contribute to the propagation of
the phase contrast microscopy in cervical cancer screening.

Finally, to test the performance of algorithms, the application, called esilmage, was implemented.

The software allows processing of images acquired by any type of microscopy technique. It is also
possible to process a combination of fluorescence channels or different modalities (fluorescence and
phase contrast) in cases when the sample is imaged with multiple microscopy techniques. Currently
methods presented in Chapter 3 are implemented.
The developed software was extensively used in the Max Planck Institute of Cell Biology and Genetics
to evaluate the function related to the cell cycle of novel genes. Selective filtering of images with cer-
vical smears was also successfully employed as a first analysis step in the application where malignant
lesions were detected. The computational time of each of algorithm was acceptable in both cases.



A. Definition of texture features

Statistical geometrical features [13, 105] are defined as follows. Irregurality of the jth region in the
image (-, -;0) is defined as:

IRGLi(j, ) = v ' 1, (A1)
where y y
_ iclXi  _ iclYi
— — A2
X i) T (A.2)

and k € {0,1}. I is the set of indices of all pixels connected in the jth region, #I denotes the number
of elements in set / and (X,y) can be thought as the center of mass of the connected region.
The average of the irregularity of the region of k-valued pixels is defined as follows:
NOC . .
2o Y NOP(j,0) - IRGLi(j, )
NOC .
LYY NOP(j, o)

where NOP,(i,o) is the number of k-valued pixels in the ith connected region in the (-, -, a). Walker
[105] defines other geometric measures:

IRGL; (o) = (A.3)

NOCi (o) .
Z i— ¢ NOPk J, &
MEANAREA (o) = =2 1N0Ck (a)( )

where NOCi () denotes the number of regions formed by k-valued pixels. The area size of regions
built of k-valued pixels

(A.4)

NOCy(o)
TAREA (o) = ). NOP(j, o), (A.5)
j=1

the minimal size of the region
MINAREA () = min; < j<yoc, (ayNOPx(j, ), (A.6)

the maximal size of the region
MAXAREA () = max; < j<noc, (o) NOP(j, ), (A7)

the variance of maximal regions
| NOCy (o)) . )

VARAREA; (o) = NOC(@) 1 ,; (NOP,(j, o) — MEANAREA; () (A.8)

and the standard deviation of regions’ size

STDAREA; () = \/MEANAREA(a). (A.9)
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Therefore for given o and k there are 16 functions, which are further characterized by following
statistics:

max value = max;<q<n, —1 g(Qt), (A.10)
min value = minj<g<p, —1 g() (A.11)
1 N.—1

mean = a), (A.12)

oA 0; g(a)

1 Np—1
sample mean = —x———— Z o-g(a), (A.13)

o=1 g((x) o=1

1 Np—1

std dev = ) (ou— sample mean)? - g(av), (A.14)

——
Z](;/L:1 g((x) o=1

where NV is the number of gray-scale levels and g is one of the functions NOCy, IRGL;, MEANAREAy,
TAREAy, MINAREAy, MAXAREAy, VARAREA) and ST DAREA.

Altogether, there are 8 functions of a for regions made of 0-valued pixels and 8 for 1-valued pixels.
For each of them 5 measures are calculated resulting in 80 features for an image.

Feature Region SGF name
1. max value 0 NOC
2. std dev 0 NOC
3. mean 1 NOC
4. | sample mean 1 NOC
5. max value 0 IRGL
6. min value 1 IRGL
7. min value 0 TAREA
8. std dev 0 TAREA
9. min value 1 TAREA
10. mean 1 TAREA
11. min value 0 MAXAREA
12. mean 0 MAXAREA
13. std dev 0 MAXAREA
14. mean 1 MAXAREA
15. std dev 1 MAXAREA
16. | sample mean 1 MAXAREA
17. mean 0 MINAREA
18. mean 0 MEANAREA
19. | sample mean 1 MEANAREA
20. mean 0 VARAREA

Table A.1. List of 20 features chosen with feature selection method based on scatter matrices.

List of 20 features chosen with feature selection method based on scatter matrices

GLCM features The gray-level co-occurrence matrix (GLCM) can reveal certain properties concern-
ing the spatial distribution of the gray levels in the texture image. Each component of the GLCM,
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Pr0(zi,z;) is obtained by calculating how often a pixel with the intensity (gray-level) value z; occurs
in a specific spatial relationship (at the distance 7 and the angle ©) to a pixel with the value z;. The size
of the GLCM is defined by the number of gray levels N. The following statistics can be computed

from the GLCM.

Second order angular moment:

Contrast:

Correlation:

Sum of Squares:

Inverse Difference Moment:

Entropy:
Sum Average:

Sum Variance:

NL—1

N—1 2
= X5 —o(@i—2)"p(zi,2))
N1 ZiZjP(Ziy2j) = Mby
= 7i,2j=0 GxGy

— )?p(2ir2))
Ni—1 p(ziazj)

@01+ (2 - 27)?
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. 2(NL—1)
- 221:6
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zi,sz:O( J
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(zi — Sum Average) py4,(zi)

Sum Entropy: = %26 pes(z) 1og [pary (2]
Difference Variance: = Zi(ivé_l)(zi— ,ux—y)sz—y(Zi)
Difference Entropy: = Zi(ivé_l)px—y(zl'> log [px—y(zi)]

where
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(A.15)
(A.16)

(A.17)
(A.18)
(A.19)

(A.20)
(A.21)
(A.22)
(A.23)
(A.24)
(A.25)

(A.26)
(A.27)
(A.28)

(A.29)
(A.30)

(A.31)

(A.32)

and Ny is the number of gray-levels, z; denotes a gray level. p(z;) or p(z;,z;) denotes the number of
occurrences of a gray level z; or a pair of gray levels z; and z;, respectively. Additionally, first order
statistics could derived directly from the histogram:

Mean: u
Variance: 6° =
Skewness: u3 =

Kurtosis: gy =

Z;\[L 01le(Zl)
= (@i — 1) p ()
o 32 (@i — 1) p(i)

o2 @i —m)p(a) - 3,

(A.33)
(A.34)
(A.35)
(A.36)
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The second order statistics can be used to describe the texture of an image. For comparison pur-
poses (see Sec. 4.3) textures collected in Tab.A were computed.

Feature Distance 7
1. Variance from the histogram
2. | Second Order Angular Moment 1
3. Correlation 1
4. Inverse Difference Moment 1
5. Sum Average 1
6. Difference Variance 1
7. | Second Order Angular Moment 2
8. Contrast 2
9. Correlation 2
10. Inverse Difference Moment 2
11. Sum Average 2
12. Difference Variance 2
13. Inverse Difference Moment 3
14. | Second Order Angular Moment 4
15. Inverse Difference Moment 4
16. Sum Average 4
17. | Second Order Angular Moment 5
18. Sum of Squares 5
19. Inverse Difference Moment 5
20. Sum Average 5

Table A.2. List of 20 GLCM features computed for different T and ® = 0°,45°,90°,135°.
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Glossary

assay
An analysis or examination 3.0

cell line
A permanently established cell culture that will grow indefinitely given the appropriate medium
and conditions, thus making the cell line immortal 3.0

DAPI
DAPI or 4°,6-diamidino-2-phenylindole is a fluorescent stain that binds strongly to DNA. It is used
extensively in fluorescence microscopy. 1.0

DNA
A nucleic acid that carries the genetic information in the cell and is capable of self-replication and
synthesis of RNA. DNA consists of two long chains of nucleotides twisted into a double helix
and joined by hydrogen bonds between the complementary bases adenine and thymine or cytosine
and guanine. The sequence of nucleotides determines individual hereditary characteristics (from
Answers.com) 1.0

Fisher Linear Discriminant (FLD)
Fisher’s linear discriminant are used to find the linear combination of features which best separate
two or more classes of objects or events. The resulting combinations may be used as a linear
classifier, or more commonly in dimensionality reduction before later classification. 4.3, 4.3

GFP
The green fluorescent protein (GFP) is a protein from the jellyfish Aequorea victoria that fluoresces
green when exposed to blue light. The GFP is usually much less harmful when illuminated in living
cells. 1.0

Gibbs Random Field (GRF)
A set of random variables F which configurations obey the Gibbs distribution 2.1, 2.1

HelLa cell line
an immortal cell line used in medical research. The cell line was derived from cervical cancer cells
taken from Henrietta Lacks, who died from her cancer in 1951. (from Wikipedia) 3.0

Iterated Conditional Modes (ICM)
a deterministic algorithm which maximizes local conditional probabilities sequentially. Proposed
by Besag (1986) due to difficulties in maximizing the joint probability of an MRF 2.1, 2.1, 4.2

Markov Random Field (MRF)
Markov random field (MRF) theory provides a convenient and consistent way to model context-dependent
entities such as image pixels and correlated features. This is achieved by characterizing mutual
influences among such entities using conditional MRF distributions. 2.1, 2.1, 4.2

Maximum a posteriori (MAP)
the MAP estimation can be used to obtain a point estimate of an unobserved quantity on the basis
of empirical data 2.1, 2.1, 3.1
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meniscus
The curved upper surface of a nonturbulent liquid in a container that is concave if the liquid wets
the container walls and convex if it does not. 1.0

mitosis
the entire process of cell division including division of the nucleus and the cytoplasm 3.0

Pap smear
Pap test, Pap smear, or Papanicolaou test, medical procedure used to detect cancer of the uterine
cervix. A scraping, brushing, or smear, is taken from the surface of the vagina or cervix and is pre-
pared on a slide and stained for microscopic examination and cytological analysis. The appearance
of the cells determines whether they are normal, suspicious, or cancerous. Although the test is 80%
to 95% reliable, results termed suspicious may indicate infection or some abnormal condition other
than cancer. The smear technique is also used to detect cancer of other tissues, e.g., in the bladder.
The Pap test was developed by G. N. Papanicolaou and H. F. Traut in 1943. (The Encyclopedia of
the Columbia University Press) 4.1

phenotype
The observable physical or biochemical characteristics of an organism, as determined by both
genetic makeup and environmental influences. 3.0

photobleaching
Photobleaching is the destruction of a photochemical fluor by high-intensity light. In microscopy,
photobleaching may complicate the observation of fluorescent molecules, since they will eventually
be destroyed by the light exposure necessary to stimulate them into fluorescing. This is especially
problematic in time-lapse microscopy (from answers.com) 3.2

RNA
Ribonucleic acid, a nucleic acid that transmits messages in the DNA to other elements in the cell
(from gale Encyclopedia of Neurological Disorders). 1.0

staining
the use of a dye to color specimens for microscopic study 1.0

transfection
Introducing DNA into eukaryotic cells (with nucleus) 3.0



	Contents
	Introduction
	Notations
	1. Biological Background
	2. Literature Review
	2.1. Segmentation of medical/biological images
	Markov Random Fields

	3. Multimodal Image Processing in Gene Function Analysis
	3.1. The analysis of fluorescence images
	Pre-processing 
	Classification of normal and dead cells
	3.2. Correlation based method to detect mitotic cells
	Discussion 

	4. Cervical Cancer Diagnosis Support
	4.1. Introduction
	4.2. Evaluation of segmentation methods
	Segmentation with Markov Random Fields
	4.3. Segmentation with Statistical Geometrical Features
	Pre-processing
	Feature extraction and selection  
	Classification
	Post-processing
	GVF snakes in cell membrane detection
	Simulations

	5. esiImage Software
	6. Conclusions
	A. Definition of texture features
	Bibliography
	Index
	Glossary

