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1. Introduction

This thesis is the result of work in the field of digital image analysis,
applied to the field of cytometry. In other words, images of cells are
analyzed using the aid of computers. This could also be referred to
as digital image cytometry. The focus of this work has been to develop
models and methods, to be applied on images of cells taken through
light microscopes, with the aim of extracting features for analysis. This
includes conventional light microscopy, but also fluorescence, and con-
focal microscopy. The images acquired of cells, and their intracellular
structures, are both two, and three dimensional. The thesis focuses par-
ticularly on three dimensional images of skeletal muscle cells (fibers),
but also includes work on two dimensional images of point-like sig-
nals from inside the cells. The work has been performed at the Centre
for Image Analysis (CBA) at Uppsala University, Uppsala, Sweden, in
collaboration with other departments at Uppsala University, and at the
Swedish University of Agricultural Sciences, Uppsala, Sweden.

Aim and motivation
The aim of this thesis is to perform digital image analysis in image
cytometry. This includes applying existing methods, as well as devel-
oping new methods when required. Digital image analysis consist of
several steps, schematically seen as pre-processing, processing, and
post-processing, where the work leading to this thesis are applicable
to several of these steps. The images used for analysis are acquired by
light based microscopy techniques, mainly using fluorescence.

Amotivation for the investigation into automaticmethods for digital
image cytometry, is the growing amount of research in the field of
microscopy, imaging, genomics and proteomics, which produce a vast
amount of image data to analyze. Another motivation for performing
the above described research specifically at CBA, is the possibility to
continue to build on previous research performed in digital image
cytometry at CBA [47, 59, 75].
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About this thesis
The thesis is divided into five chapters, besides the introduction you
just read. First, the background chapter (Chp. 2) which presents basic
microscopy, basic digital image analysis, and the methodology used
throughout the work. These subjects are included to provide some
understanding of the respective fields, and also introduce some termi-
nology used in later chapters. The following chapter (Chp. 3) presents
each project that the author has been involved in, and also the papers
enclosed in this thesis, which are summarized with respect to the im-
age analysis content. The next chapter (Chp. 4) thoroughly presents
the steps taken in the different projects, from the beginning to the end,
using the methodology introduced in the backgrounds section. The
results chapter (Chp. 5) summarizes the models, and methods where
the author hasmade a significant contribution. The concluding chapter
(Chp. 6) sums up the thesis, and gives the author’s in-between the lines
thoughts on digital image cytometry projects, and some ideas about
the future.
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2. Background

Cytometry is the process of measuring the characteristics (-metry) of
cells (cyto-) and their subcellular parts. The reasons formeasuring these
characteristics may be either biological relating to the anatomy of cells
or living processes, identifying a disease or condition (diagnostic), or
relating to the treatment of a disease (therapeutic) values. This thesis
deals with image cytometry using digital optical microscopy, i.e., the
measurements on cells are based on images collected by digital sensors
mounted on microscopes that use photons for portraying the investi-
gated specimen. The images facilitate the use of color to discriminate
between photons with different wavelength (energy). Digital sensors
enables fast visualization and collection of the (sometimes very few)
photons from a very small area, or volume, as seen through the mag-
nifying microscope.

There is a growing need for computerized analysis of digital im-
ages. This is due to the time consuming manual interpretation of the
many times complex images of biological structures and processes, in
relation to the ease of which it is possible to generate large amount of
image data using digital optical microscopes. It is also due to the large
variance between humans as they interpret images. Even the repeated
interpretation of the same image by the same individual may have con-
siderable variance. Some images may even be too difficult to interpret
using only our eyes and mind.

The following two sections deal with the background of digital op-
tical microscopy and digital image analysis that facilitate cytometry. A
general reference for the whole Sec. 2.1, and a good place to start for
the interested reader, is [21].

2.1 Digital optical microscopy
The images used in this thesis are collected either using a conventional
light microscope (I), or more advanced fluorescence or confocal micro-
scopes (II–VI). The imagingdevice is a very critical component indigital
optical microscopy, because it determines at which level the photons
may be detected, and resolved. A commonly used light detector is the
photomultiplier tube (PMT). Light entering the PMT is used to release
electrons with high efficiency that generates an amplified signal. The
CCD (charged coupled device) is another widely used detector in mi-
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croscopy. There exist CCD models with sensor element sizes as small
as 4×4 microns.

A limiting aspect to consider when collecting information for image
reconstruction is the Nyquist-Shannon sampling theorem. The theo-
rem states that, in the words of Shannon: ”If a function f (t) contains
no frequencies higher than W cps [cycles per second], it is completely
determined by giving its ordinates at a series of points spaced 1/(2W)
seconds apart”. In image reconstruction it means that the analog sam-
pled signal can be completely reconstructed if the sampling rate was
1/2W, where W is the smallest signal (highest frequency) in the orig-
inal signal. If the signal is sampled too coarsely, the original signal
is not what is seen in the image, and we will also get aliasing. Alias-
ing refers to the effect that causes some continuous signals to become
distorted when under-sampled. Empirical experience suggest that a
magical number is 2.4, meaning that the sampling frequency needs to
be at least twice that of the smallest detail [32, 33, 56].

Adequate signal sampling is thus achieved if the underlying signal
covers at least two sensor elements. A 20× objective with a signal
sampling ability of 0.6μm projects a point signal to a 12μm signal on
the CCD. The required pixel size is then 6μm, and 4μm preferred.
The capacity to store charges in a CCD is proportional to the size of the
individual photodiode. In the example above, a 4×4μmpixel has a full-
well capacity of 16,000 electrons or holes, since the number of electrons
that fit in the pixel is approximately 1000 times the area of the pixel. One
electron-hole pair is generated for each detected photon. The dynamic
range for a 16,000 electron-hole full-well capacity CCD with about 10
electrons of noise is approximately 16,000/10 = 1,600. This means that
a 10-bit (210 = 1024 gray levels) analog-to-digital conversion is the best
utilization of the dynamic range of the CCD in the example. The typical
shape of a scientific-grade CCD is square, while the consumer grade
employ 4:3 and 16:9 aspect ratios.

Resolution is defined as the minimum distance between two equal
point signals (smaller than what the microscope can resolve) when
they are still perceived as two separate signals. The maximum resolu-
tion for a microscopic setup may thus be established by moving two
point sources closer together, until they can not be seen as two separate
signals. The distance between them when they are as close as possible,
but still are perceived as two separate signals, is the maximum reso-
lution with the used settings. The wavelength of light is the limiting
factor for the size of the details that may be seen by an optical micro-
scope. A signal that is smaller than what the microscope can resolve
still gives rise to a signal, theAiry ring pattern (Airy disk). The radius to
the first dark ring (minimum) of the Airy disk (in the lateral direction,
i.e., x and y direction) rAiry, and the distance from the center of the 3D-
diffraction to the first axial minimum zMin (depth response function)
defines the point spread function (PSF), see Fig. 2.1. The Rayleigh crite-
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rion for resolution states that two point signals are resolved when the
first minimum of one Airy disk is aligned with the central maximum
of the second Airy disk.

x (or y)

z Airyr

zMin

FWHM

FW
H

M

Figure 2.1: A theoretical point spread function (PSF) for a confocal microscope
using typical values 1.5NA for the objective, and wavelength λ = 500nm. The
FWHM is 0.2μm for the PSF in the x, and y dimension. The FWHM for the
PSF in the axial direction is 0.7μm.

The full width at half maximum (FWHM) measure of the PSF is used
to quantitatively measure, and compare resolutions. The theoretical
size of the PSF for a light microscopemay be calculated by rAiry = 0.61×
λ/NA laterally, and zMin = 2λn/(NA)2 axially, where n is the refractive
index of the immersion medium. Note that the described formulas
dealing with resolution (especially FWHM) are not exact analytical
formulas, but practical estimations.

2.1.1 Conventional optical microscopy
The basic optical microscope is a light microscope that collects visible
light that either has been transmitted through a specimen or reflected
by the specimen. An objective lens in the optical path of the light
collects the light (mostly) from the current focal plane, and allows it
to be viewed in an eye-piece or imaged by a detector. Commonly the
detector is either a digital camera, or a photomultiplier if the collected
light is faint. A weakness of the light microscope is that the collected
light contains not only light from the focal plane, but a lot of out-of-
focus light as well. The confocal techniques discussed in the following
section will address the problem.

The two main properties of an objective lens is the magnification
of the lens, and the numerical aperture (NA). The numerical aperture
NA= n×sinu is defined by the refractive index of the immersionmedia
n, and the top angle of the cone of light coming out from the objective
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Figure 2.2: Numerical aperture NA = n× sinu, where n is the refractive index
of immersion media, and u is the top angle of the cone of light coming out
from the objective.

u, see Fig. 2.2. The refractive index tells how much a ray of light will
change direction in oblique passage form one transparent medium to
another of different density (caused by the change of light velocity).
Common immersion media are air (n = 1), water (n ≈ 1.3), oil (n ≈ 1.5)
or glycerol (n ≈ 1.5). The resolving ability of an objective with, e.g.,
20×magnification, together with a numerical aperture of 0.5 (≈ 0.6μm
resolution limit using white light) is 20× 0.6 = 12μm. The resolving
power of a humaneye is approximately 0.2mm(200μm) in comparison.
To view the result from the 20× 0.5NA objective in the eye-piece, the
eye-piece itself needs to have a magnification of 20× to give a visible
image detail of 0.24mm. A digital camera on a light microscope has a
fixed pixel size on the CCD, with a common pixel size of 10×10μm. In
the above example, this means that the light from the resolved detail
of 12×12μm covers more than one pixel.

2.1.2 Fluorescence microscopy
There is an increasing use of fluorescent probes to pinpoint the loca-
tion of biological structures, molecules or proteins and thus highlight
biological properties or biomedical processes within a cell. The rea-
son for this increase is the successful idea to expose the tissue to a
fluorescent dye, engineered to only attach to specific molecules. This
fluorescent dye emits light when exposing the tissue to excitation light.
Fluorescent molecules (fluorochromes) absorb short wavelength light
(high energy) and are excited to a higher electronic energy state. The
duration of the unstable high energy state (fluorescence lifetime) before
the molecule relaxes by photon emission to the ground state is in the
order of nanoseconds. The fluorescence phenomenon is depicted in the
simplified Jablonski diagram in Fig. 2.3. The emitted light is always
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of longer wavelength (lower energy) than the excitation light due to
heat loss, and it is also much weaker. The emission spectrum of the
fluorescence often reflects the excitation spectrum, see Fig. 2.5.

0

1
2
3

0

1
2
3

S0

S1

Absorbtion Emission

Figure 2.3: A simplified Jablonski diagram for the state transition that cause
fluorescence phenomenon.

In ordinary fluorescence microscopy setups the number of photons
reaching the detector is very low. This is because the ratio between the
number of energy quanta emitted by the tissue sample compared to the
number of absorbed quanta is very low (also known as quantumyield).
The fluorescent light is emitted in all directions where only a fraction
reaches the objective lens. The light also has to pass through a setup of
filters and dichroicmirrors (beam splitters) that divert the emitted light
from the optical section, and filters the fluorescence before it reaches
the imaging device. To have a large number of photons reaching the
imaging device, high energy mercury (short wavelengths) or xenon
(long wavelengths) arc lamps are used. Laser (acronym for ”light am-
plification by the stimulated emission of radiation”) sources are also
commonly used to achieve the high-intensity illumination needed to
image weak fluorescence signals. The type of light source to use de-
pends on the wavelengths needed to excite the fluorochromes.

A limiting property in using fluorescence microscopy is the phe-
nomenon of photobleaching (commonly known as fading). Photo-
bleaching occurs when fluorochromes permanently lose their ability to
fluoresce. The number of fluorescence cycles that the fluorochromes can
performbefore photobleaching occurs is limited (from a few tomillions
of cycles), and dependent on the molecule and its environment. Dur-
ing the excitation stage the fluorochrome may interact with a nearby
molecule, and thus form a new configuration for which fluorescence
is no longer possible. Increasing the intensity of the exciting light will
speed up the process of photobleaching. Instead of increasing the laser
intensity for imaging thick tissue, or having prolonged exposure due
to high resolution demands, one may have to use lower resolution or
switch imaging technique to more advanced optical path setups, e.g.,
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single (or selective) plane illumination microscopy (SPIM) [39], or 2
photon microscopy [22].

2.1.3 Confocal microscopy
The confocal principle is based on the positioning of one or more small
pinholes in the optical path to block out the out-of-focus light from
reaching the detector. The pinholes provide adjustable apertures that
may be tuned to characteristics of the objective lens and the wave-
lengths of the light. The confocal setup facilitates a control of the depth
of field, and thus makes it possible to collect optical sections (in-focus
layers) in the specimen. These layersmay then be stacked to provide a
three dimensional image volume of the specimen. A general confocal
microscopy setup is schematically shown in Fig. 2.4.

specimen

objective lens

dichroic mirror detector

aperture

light

Figure 2.4: A schematic view of the optical path of a confocal microscope.
The internal positions of the lenses, filters and mirrors will vary in different
confocal microscopes.

In fluorescence confocal microscopy the PSF can be approximated
by rAiry = 0.4×λ/NA, and zMin = 1.4λn/(NA)2, due to the point-wise
illumination and point-wise detection employed. This gives a smaller
PSF compared to a conventional light microscope (see Sec. 2.1). Amore
detailed depth response function for a fluorescent confocal microscope
setup can be calculated as

FWHM = k
λ

8πn
(
sin
(
arcsin(NA

n )
2

))2 ,

where the parameter k equals 9.4 for fluorescence confocal microscopy.
As an example, using a 20× 0.5NA objective in water (n ≈ 1.3) with
a laser line at λ = 405nm, in a confocal microscopy setup (with the
parameter k = 6.0) gives the axial FWHM = 1.9μm. In fluorescence
confocal microscopy the wavelength of the fluorescence will also be
approximately 20% longer than the exciting laser line giving an axial
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FWHM = 3.6μm. There is no benefit to set a z-increment of the sec-
tioning stage that is smaller than half of the theoretically calculated
axial FWHM. In both equations dealing with axial resolution (zMin and
FWHM), it does well to note that the result depends on 1/NA2, which
means that a high numerical aperture is more important than a short
wavelength for high axial resolution. The pinhole size will affect the
axial FWHM of the PSF linearly, such that decreasing the pinhole size
produces a smaller FWHM. This is true until a certain experimentally
deduced optimal pinhole size is reached. Decreasing the pinhole size
below this value will have no effect on the FWHM (i.e., the thickness
of the optical section). However, choosing a too small pinhole size will
increase the noise in the optical section due to the lower light level
reaching the detector.

2.1.4 Fluorochromes
The fluorescence phenomena is inherent to many plants and animal
tissues, if illuminated by short wavelength light. This is known as pri-
mary fluorescence (autofluorescence), and has been used in research
and industry. In the study of animal tissue the primary fluorescence
is usually very faint, and does not always appear where wanted. In-
stead fluorochromes are introduced, allowing for target specificity, and
significantly better quantum yield. This is known as secondary fluo-
rescence, and there are several methods to stain a specimen with a
fluorescent dye.

The use of secondary fluorescence has increased due to the devel-
opment of hundreds of fluorochromes with well known excitation (ab-
sorption) and emission spectra, and with new techniques to increase
the specificity for a given biological target. One of the most common
fluorochromes is 4′,6-diamidino-2-phenylindole (DAPI). DAPI is a nu-
cleic acid dye, with two highly nucleophilic parts, which, e.g., is very
useful for fast identification of pathogens (microorganisms that cause
disease). The dye binds to the adenosine-thymidine (A-T) base pairs in
DNA, and fluoresces in the blue region of visible light when excited by
ultraviolet light, see Fig. 2.5(a). Another common fluorochrome is Rho-
damine, see Fig. 2.5(b). The decision of which fluorochrome to use for
fluoresce microscopy has to be based on that the quantum yield should
be sufficient given the light conditions, and that the fluorochrome can
stay attached to the target given the treatment of the specimen and the
environment.

Immunofluorescence is a very important application of fluorescence
microscopy based on mainly using antibodies specifically targeting an
antigen (protein) of interest. By chemically attaching a fluorochrome
to an antibody (also known as a conjugate) and adding many of them
in the presence of the antigen of interest, they bind to the antigen
increasing the local concentration of the fluorochrome. The antibody
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(a) DAPI. (b) Rhodamine phalloidin.

Figure 2.5: Typical efficiency spectra for excitation and emission of DAPI and
Rhodamine phalloidin fluorochromes. The emission spectrum of the fluo-
rescence often reflects the excitation spectrum. (a) The emission (left), and
excitation (right) spectra for the DAPI fluorochrome. (b) The emission (left),
and excitation (right) spectra for the Rhodamine phalloidin fluorochrome. All
spectra are based on Zeiss interactive fluorescence dye and filter database.

remains bound after the specimen is washed, and the presence of the
antigen is detected after excitation with specific wavelengths. This is
known as direct immunofluorescence.

Indirect immunofluorescence is when unstained antibodies are in-
cubated together with its related antigen to form an antibody-antigen
complex. If theprimary antibody is of, e.g.,mouse origin, an anti-mouse
antibody (secondary antibody) is conjugated with a fluorochrome and
introduced to the antibody-antigen complex. The conjugates attach to
the complex, and the complex is then detected by the fluorescence af-
ter excitation. This usually produces fluorescence with higher signal to
noise ratio, since several conjugates are likely to react with the same
primary antibody.

Genetic information contained in the DNA (deoxyribonucleic
acid) can be specifically stained by fluorochrome-conjugated
oligonucleotides (short segments of DNA, or RNA) that bind to
particular DNA sequences. Fluorescence in situ hybridization (FISH)
[57] is a common method that can detect large mutations, e.g.,
duplications, translocations or deletions, but is unable to distinguish
single nucleotide (structural unit of nucleic acid) variations in a DNA
sequence. Primed in situ labeling (PRINS) [43] reaction is an alternative
method that uses a specific primer that initiates synthesis of DNA
from stained nucleotides at the site of the detected sequence. However,
PRINS does not manage to produce signals from single-copy genes,
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that are distinguishable from noise caused by fluorescing nucleotides
in other places in the genome. By using two probes, hybridized
juxtaposed with the junction between them positioned at the point
mutation, the Oligonucleotide ligation assay (OLA) [44] can detect
single nucleotide variations. If there is a perfect match for the two
probes, they can be enzymatically hybridized and detected. In using
OLA, there is a risk, especially if many different mutations are sought
after in the same specimen, that the wrong oligonucleotides are
ligated. By using a single long linear probe, instead of two probes,
this can be avoided. The so called padlock probe [53] is designed
to have its ends hybridized juxtaposed at the point mutation, and
only if correctly paired at the point mutation, can the two ends be
enzymatically ligated. Thus, a circular DNA molecule is formed that
can be amplified using Rolling circle amplification [4, 45] generating
molecules that may be bound by hundreds of fluorescent probes.

The introduction of fluorochromes into living specimen, both in vitro
(in glass) and in vivo (in life), is a rapidly expanding use of fluores-
cence microscopy. The living specimen impose restrictions on the use
of most fluorochromes due to toxicity. In addition, most cellular anti-
gens are not accessible to antibody binding in living cells (i.e., before
fixation). An exceptional fluorochrome in this field is the Green fluo-
rescent protein (GFP) that was originally isolated from a luminescent
jellyfish (Aequorea victoria). The protein absorbs blue light, and re-emits
it as green fluorescence. The DNA sequence for GFP is known [58],
and can be inserted into the DNA of an organism [13], such that the
GFP fluorescence will show when and where the protein of interest is
expressed.

2.2 Digital image analysis
A digital image is an image represented in a computer, which differs in
many aspects from the continuous image you perceive through your
visual system when, e.g., looking at this page. Digital image analysis
is recognized to be computerized digital image analysis in this thesis,
which subsequently is the automatic or interactive interpretation of
digital images using one or more computers. The output of image anal-
ysis is a set of data, representing information deduced from a set of
images, e.g., the number of full stops on this page. The output of image
processing (a related way to handle images) is instead a new image
that has been transformed in some way, e.g., an automatic red-eye re-
duction performed in a digital camera. The opposite, in some sense, to
image analysis is computer graphics, in which the main purpose is to
turn information into images. Scientific visualization is the process of
communicating a message based on the images from image process-
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ing or image analysis/computer graphics. A good reference for more
information on image analysis is [67].

The origin of digital image analysis dates back to the 1950s and
1960s with the establishment of the artificial intelligence and robotics
branches of the growingfield of computer science. Theprecursor for the
computer science field is the development of general purpose comput-
ers during the 1940s. Pioneers and early contributions to image analysis
include, e.g., Azriel Rosenfeld [50], whowrote the first textbook [61] on
the subject in 1969 and was a founding member of the IEEE Computer
society’s Technical Committee on Pattern Analysis and Machine Intel-
ligence in 1965, and King Sun Fu [41], who was a founding member of
the International Association for Pattern Recognition (IAPR) in 1978.

2.2.1 Image analysis methodology
The field of image analysis spans a great variety of scientific disciplines,
and is part of a multitude of image related industrial and private enter-
prises. The number of applications have increased with the increased
availability of digital cameras togetherwith the advances in computers.
Evenwith all the different approaches available, the author, and several
before him, approach image analysis projects by applying the same (or
at least similar) analysis methodology. Depending on the problem at
hand, and to some extent the different people involved, some steps of
the below described methodology may be removed or the order ex-
changed. The work presented in this thesis touches, more or less, all
of the different steps of the methodology, where some work is hard to
place fully within a single category.

Sample preparation; the act of planning and performing the gather-
ing, preparation, and selection of the specimen that is to be im-
aged, including everything that must be done before imaging
takes places. The samples may need to be prepared differently
depending on the modality that is used for imaging. If the speci-
men is to be imaged several times, possibly in different systems,
some landmarks may need to be introduced at this stage to facil-
itate registration of images.

Image acquisition; the all important imaging step that often makes or
brakes a project. Great care should be taken to generate the best
images possible from an analysis point of view (not necessarily
the prettiest pictures) at this stage, since the image quality reflects
the output of the whole project.

Pre-processing; preparation of the images before the start of the anal-
ysis. If noise or errors were introduced in the imaging step, they
should be taken care of now. Registration of images from differ-

20



ent times ormodalities can be considered as pre-processing. Some
later steps may include pre-processing aspects as well.

Segmentation; the separation of what is interesting, from what is not,
in the image. The author’s personal view on this is to keep this
step as simple as possible. Simplicity at this stage, however, of-
ten depends on the care with which the previous steps were
performed, and also how well the project aims where thought
through. Segmentation is considered by many to be the most
difficult step in image analysis.

Feature extraction; given a completely or partially successful segmenta-
tion, measurements of desired features can take place. It happens
that this stage may be reached without a segmentation, if the
features are globally available in the image, e.g., average image
intensity. The measured features are not always the end result,
but serving as the basis for further analysis.

Data analysis; the feature data may need to be analyzed, and catego-
rized to reduce it to comprehensible information.

Evaluation; evaluating how well the method(s) performs, and how
good the result(s) are using statistical tools is a fundamental part
of scientific work.

The different headings above are used in Chp. 4 to describe the work
leading to this thesis. The reason for this is that the list touches all
aspects of what should be considered an image analysis project. It is
also useful to have these steps in mind whenever an image analysis
project is planed for.

2.2.2 Digital images
Digital images are composed of a set of numbers, mostly real (floating
point) numbers or integers, but imaginary numbers or higher dimen-
sional structures as vectors ormatrices (tensors) also exist. The numbers
are structured in some way, e.g., most often in a two dimensional (2D)
grid, but also in arrays of higher or lower dimensionality. The dimen-
sions are called the spatial dimensions if they relate to (abstract or real)
points in space. An image element in a 2D image is referred to as a pixel,
whereas an image element in 3D image (also called a volume image) is
commonly known as a voxel. Two pixels may be point (vertex), or edge
neighbors, whereas two voxels may be point, edge, or face neighbors,
see Fig. 2.6.

A pixel in a square grid may have at most eight neighbors: four edge
neighbors, and four point neighbors. Four edge neighbors together
with the center pixel define a 4-connected neighborhood, and all eight
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(a) Face neighbors. (b) Edge neighbors. (c) Point neighbors.

Figure 2.6: The three possible neighbor relations between two voxels.

neighboring pixels around a center pixel define an 8-connected neigh-
borhood. The concept is easily extended to 3D where a center voxel
may have six face neighbors (6-neighborhood), or 18 face and edge
neighbors (18-neighborhood), or 26 face, edge and point neighbors (26-
neighborhood).

An alternative to the square grid (in 2D) is the hexagonal grid which
has a higher packing density, and therefore requiring less samples [40]
(for the same resolution). Corresponding structures also exist in higher
dimensions, e.g., the 3D face-centered cubic (fcc), and body-centered
cubic (bcc) grids. These alternative grids are not widely used.

(a) 6-neighborhood. (b) 18-neighborhood (c) 26-neighborhood.

Figure 2.7: The three basic neighborhoods for a voxel. The 26-neighborhood is
also referred to as the 3×3×3-neighborhood.

The numbers in the grid may be used to describe the value of a
measured quantity at that specific position in the grid, e.g, the number
of photons accumulated at that point in space (intensity), or the number
may be a label indicating that the voxel belongs to a certain group
of voxels. If the values represent light intensity, and are composed
of one number per image element, the value is called a gray level.
A special case of this is the binary image, where the only possible
levels are 0 (zero) and 1 (one). The zeros are usually represented by
the color black (commonly referred to as the background), and ones by

22



white (i.e., the foreground or object). The binary image needs 1 bit of
memory (21 = 2 levels) for each image element, e.g., a 10× 10 large
binary image will use 100 bits of memory. The most common number
of intensity levels per image element is 28 = 256 levels, also know as an
8-bit image. If 0 is black, and 256− 1 = 255 is white, the intermediate
values represent linear shades of gray. This gray level (gray scale) image
has a dynamic range of [0, 255], whereas a 12-bit or 16-bit gray level
image have a dynamic range of [0, 4,095], and [0, 65,535], respectively.
Dynamic ranges above 16 bits per image element are seldom used due
to the large amount of memory required.

An image may have one (as described above) or more numbers rep-
resenting light intensity per image element. Spectral information may
be encoded as an image, where three spectral channels usually are
interpreted as an ordinary color image, i.e., the blue, green, and red
channels. Adding more channels for different sections of the electro-
magnetic spectrum is possible, e.g., using many fluorochromes at the
same time. Collecting electromagnetic radiation fromoutside the visual
spectrum is also common, e.g., in the ultra-violet (UV) and infra-red
(IR) ranges. Multi- and hyper spectral images, as used in remote sens-
ing (e.g., images collected from a distance by airplane or satellite) may
contain hundreds, or even thousands of channels. However, the work
in this thesis deals with images with one to three channels.

When acquiring an image, e.g., using a digital camera, the whole
dynamic range is not necessarily used. The image may be a little too
dark, or a little too bright. If a pixel in an 8-bit image has the maximum
gray level (255), it may be because the pixel has received more photons
than it can handle (the well is full) and the pixel has become saturated.
This means that we do not exactly know the true amount of photons
that should have been collected in that pixel, and subsequently infor-
mation is lost. The aim in image acquisition is to use the full dynamic
range of the imaging devicewithout saturating any pixels. Ideally, each
intensity level should be represented equally, which would be possible
if the sampling interval of the light intensity could be adjusted for each
level, thus assigning more importance to areas in the distribution that
contain more information. The sampling range of each level is more or
less predetermined, which means that the intensity levels in an image
will not be uniformly distributed. The distribution of the intensity of
an image is known as a histogram, see Fig. 2.8. Histograms are a funda-
mental representation of an image, detailing several properties of how
the image is constructed. A histogram is simply created by counting
the occurrence of each gray level in an image.

An image may also have temporal dimensions, e.g., several 2D im-
ages taken at different time intervals concatenated into a single image
array. This can be thought of as a movie, however, is a more general
concept. A color movie-clip seen on a computer may in this general
view be handled as an array with three values per movie element, i.e.,
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(a) Color image. (b) Red channel.

(c) Green channel. (d) Blue channel.
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(g) Blue histogram.

Figure 2.8: (a) Original 156×156 pixels 3×8-bit color image. The image depicts
part of a muscle fiber (red), a few nuclei (blue) where one nucleus belongs to
a satellite cell (green). (b) The red channel. (c) The green channel. (d) The blue
channel. (e–g) The corresponding histograms. The y-axis of the histograms
have been transformed (logarithm) to better show the high intensity values
more clearly, compared to the abundant dark background.
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with two spatial dimensions (width and height), one temporal dimen-
sion (image frame), and one spectral dimension with three channels
(e.g., blue, green, and red channels, or intensity, hue and saturation).
If the images are not sampled densely enough in the time domain, the
movie will appear discontinuous, and jumpy. The whole array may
be processed with the different dimensional properties in mind (treat-
ing them differently depending on internal relations), or as a whole
multidimensional matrix of numbers (see VII).

Visualization of volume images

How to visualize 3D images (volumes) is a question of what one wants
to see. Humans are not very well suited for viewing the inside of struc-
tures, since what we normally observe is light reflected of surfaces.
There are, however, a number of ways to portray the inside of, e.g., a
tissue sampledby a confocalmicroscope (or other 3D imaging systems).

The simplest and perhaps the most common way is to look at 2D
sections or slices through the volume. A cutting plane is positioned
in the image and the intersected voxels are displayed. If the cutting
plane is parallel to the image axes (x, y, or z) then this becomes a trivial
operation. More complicated methods that bring the viewer closer to
experiencing 3D are based on different projections of the volume data.
Below is a short description of standard projection techniques.

Look-through; the most commonly used projection method, which
given a view plane projects a ray perpendicularly from every
pixel in the view plane, through the volume, and subsequently
summing the intensities of the intersected voxels. This gives an
extended focus effect. However, internal structures may not be
well defined.

Maximum intensity; a related and also very common approach is the
maximum intensity projection (MIP) method that searches for,
and selects, the maximum intensity value along each projection
ray. The results look a lot like the look-through projection, but
with more detail for surfaces and internal structures. However,
the MIP is more sensitive to noise.

Closest intensity; by finding, and selecting, the intensity value of the
voxel closest to the viewer (with desired properties) along the
projection ray, an image of the surfaces is generated.

Depth coding; a method related to the previous, but where the dis-
tance to the closest voxel along the search ray is stored as an
intensity value. The image will illustrate the relative position of
structures in space.

Ray model; a more intricate method that gives a view of surfaces and
relative depth. A fraction A of the light, at each voxel along the
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projection ray (the light carrier) is absorbed, a fractionR is reflected,
and a fraction L is used to add extra illumination from the current
voxel. The absorption at each passed voxel decreases the amount
of light that reaches voxels deeper inside the volume. The reflected
fraction R is often modeled using the Lamberts cosine law which
states that “the radiant intensity observed from a Lambertian
surface is directly proportional to the cosine of the angle between
the observer’s line of sight and the surface normal”. The method
is sensitive to some types of noise.

Surface shading; works exactly like the the ray model, with the ex-
ception that all light gets reflected (R = 100%) at the closest voxel
with desirable properties (and thusA= 100%, and L= 0%). Gives
a surface rendering that is sensitive to noise.

The most commonly used visualization methods in this thesis is the
MIP, and the surface shading in the form of isosurface rendering. Iso-
surfaces are the surfaces of all visible voxels, with intensity higher than
a certain isovalue.

There are also devices or transformed images that give the illusion
of 3D, such as stereo paired images, anaglyphs, stereo projectors with
special glasses, and more. Such devices have not been used in this
work.

26



3. Projects and papers

This thesis dealswith image analysis problems in cell image analysis, in
particular image analysis of skeletal muscle cells. The work constitutes
a contribution to the field of cytometry. The work is mainly performed
by combining existing methods from different areas of image analysis
and applying them in the scope of digital cytometry. The novelty lies
chiefly in the development of models to facilitate analysis and segmen-
tation of cells or subcellular structures. The work may be divided into
four different projects, one is smaller and aims to investigate the ef-
fect of environmental chemicals on wildlife. The first of the two larger
projects deals with segmentation, modeling and analysis of patterns of
point-like fluorescent signals in images from confocal microscopy. This
projectwas performed in collaborationwith theDepartment of genetics
and pathology, Uppsala University, Sweden, and together with assis-
tant supervisors Joakim Lindblad and Carolina Wählby. The second
larger project deals with image correction, segmentation andmodeling
of cell nuclei, and skeletal muscle fibers in confocal microscopy im-
ages. This project was done in collaboration with the Department of
Neurosciences, Uppsala University, Sweden, and assistant supervisor
Joakim Lindblad. The last project dealt with tracking of stem cells in
time-lapse image sequencies, in collaboration with Chalmers Univer-
sity of Technology and Göteborg University, Göteborg, Sweden, and
assistant supervisor Carolina Wählby. The author’s main supervisor
Ewert Bengtsson has been involved in all projects. The author has not
been significantly involved in the biology and microscopy leading to
the images, except for stating requirements for the imaging to be suit-
able for image analysis. The majority of the contributions have been
performed after images have been acquired. This chapter briefly de-
scribes the projects the author has been involved with during the work
of this thesis, in the order ofmost significance for the thesis. The last sec-
tion contains brief summaries of the enclosed papers produced within
the projects.

Modeling skeletal muscle cells
The muscle project is divided into two sub-projects: one dealing with
the comparison between skeletal muscle fibers from different species,
and another one investigating muscle cell changes in aging humans.
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The aim is to develop a muscle fiber model, and methods for inves-
tigation of the cell structure, e.g., the myonuclear domains, which are
the finite volumes wherein each corresponding myonucleus controls
the gene products. The goal of the fiber model, and related methods,
is ultimately to provide understanding of the underlying mechanisms
of muscle wasting associated with, e.g., neuromuscular disorders and
aging. The project is a collaboration with the Muscle research group,
Department of Neuroscience, Uppsala University, Sweden, and aims
to characterize spatial arrangement of myonuclei in skeletal muscle
fibers. The author’s work was initially funded by the Uppsala Uni-
versity TN-faculty, but is currently funded by the Swedish Research
Council (621-2006-3681).

Figure 3.1:The confocal images of skeletalmuscle cells are eachmade up of two
spectral channels, nuclei (blue), and fiber (red), if the green channel is filled
with zeros, the composite image may be viewed as a ordinary color (RGB)
image. The above images are taken from a stack of 102 0.9μm thick sections
from a 3D confocal microscopy image volume.

The results from these projects are presented in: Paper IV, which has
been presented orally at the IEEE International symposium on biomed-
ical imaging, held in Paris, France, during April 14-17, 2008. Paper VI is
submitted for journal publication, and V is to be submitted for journal
publication. Related work i (provisionally accepted for journal pub-
lication) acts as a biological precursor for paper VI. Related work iii
was presented orally at the Symposium on image analysis, Lund, Swe-
den, 2008. The project has also been presented orally at the European
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muscle conference, held in Stockholm, Sweden, during September 8-
12, 2007, and presented by a poster at the Medicinteknikdagarna, in
Uppsala, Sweden, during October 3-4, 2006. The project has also been
presented, by co-authors, with posters at the Biophysical Society, in
Bethesda, Maryland, USA, during March 3-7, 2007, and at Medicin-
teknikdagarna, in Örebro, Sweden, during October 2-3, 2007.

Point-like signal segmentation and localization
This project investigated the distributions of wild type and point mu-
tatedmitochondrial DNA (mtDNA)within cells. The fluorescentmark-
ers bound to the mtDNA are seen as point-like signals in the captured
images. This project is referred to as the signal segmentation project.
The project was a collaboration with the Department of Genetics and
Pathology, Uppsala, Sweden. The author’s work was funded by the
Uppsala University TN-faculty. The project was divided into a general
part dealing with the whole chain of steps from image preparation,
image acquisition, segmentation of cell nuclei and cytoplasm, segmen-
tation of signals from labelledmolecules, and subsequent data analysis.
The data analysis included modeling of spatial distributions of signals
for hypothesis tests for patterns. The other part of the signal segmenta-
tion project dealswith segmentation and separation of clustered signals
from the molecules, see Fig. 3.2.

(a) Input image. (b) Output image.

Figure 3.2: (a) A maximal intensity projection of an image stack of wild type
mtDNA detected by padlock probes. Autofluorescence from nuclei and cyto-
plasm is seen in the background. (b) The extracted signals.

Results from this project have been presented in papers II, and III.
Results have also been presented in the relatedworks ii, and iii. Paper II
was additionally presented by poster at the IEEE International sympo-
sium on biomedical imaging, held in Arlington, VA, USA, during April
15-18, 2004. Related work ii was presented orally at the workshop on
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mass-data analysis of images and signals, as a part of the Industrial
conference on data mining, held in Leipzig, Germany, in July 13, 2006.
Related work iii was presented orally at the Symposium on image
analysis, held in Uppsala, Sweden, during March 11-12, 2004.

Quantifying testosterone concentrations in testicle
tissue
This project was a joint collaborationwith theDepartment of Obstetrics
and Gynaecology, at the Swedish University of Agricultural sciences,
Uppsala, Sweden, to investigate how a common industrial plastic soft-
ener affects the post-natal development in young mammals. The au-
thor’s work was funded by the Uppsala University TN-faculty. The
aim, for the author, was to develop an image analysis application for
the relative area measurement between Leydig cell area, and the tubuli
in stained slices of testicle tissue from prepubertal boars (see Fig. 3.3).
The application was developed as a semi-automatic module to the re-
search platform IMP [54]. This project is referred to as the testicleproject.
The result of this collaboration has been presented in paper I, and by a
poster presentation (by co-author) at the 5th International conference
on farm animal endocrinology, held in Budapest, Hungary, during July
4-6, 2004.

(a) Input image. (b) Output image.

Figure 3.3: (a) A 2D image of a testicle tissue slice. (b) The red regions are
manually delineated background regions, the blue and yellow regions are
automatically segmented tubuli, and Leydig cells areas.

Tracking of stem cells
The author was briefly involved in a joint collaboration with the De-
partment of signals and systems, Chalmers University of technology,
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Göteborg, Sweden, and the Institute of clinical neuroscience, Göteborg
University, Sweden, with the aim of developing automated segmen-
tation and tracking methods for comparative studies concerning rate
of cell splits, and cell motion analysis as a function of cell progeny
type. A time-lapse microscopy system with a computer controllable
motorized stage for automated compensation of stagemotion and auto
focus was developed at Chalmers. The author’s involvement related to
cell segmentation, and validation of tracking result of cell migration.
Two related works iv, and v were presented orally by co-authors at
the Symposium on image analysis, held in Uppsala, Sweden, during
March 11-12, 2004. An internal report VII on the theoretical frames for
using a mean-shift procedure in, e.g., filtering, segmentation, and sub-
sequently for the tracking of stem cells was also produced. This project
is referred to as the stem cell project.

(a) Cell image. (b) Mean-shift track.

Figure 3.4: (a) A 2D image of living stem cells from a time-lapse series of 275
images. (b) An isosurface rendering of a 3D (two spatial dimensions, and one
temporal) representation of a stem cell over time. A 4D mean-shift method
was employed with the aim of treating the time-lapse image stack as a single
image matrix.

3.1 Brief summaries of enclosed papers
The summaries aremadewith emphasis on the image analysis content.

Paper I
The paper “Delayed effects on plasma concentration of testos-
terone and testicular morphology by intramuscular low-dose
di(2-ethylhexyl)phthalate or oestradiol benzoate in the prepubertal
boar” describes a semi-automatic method for segmenting 2D
images of Leydig cells, and the tubuli. The method was applied on
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immunostained sections of testicle tissue from prepubertal boars
after 4.5 months of exposure to a plastic softener (DEHP) used in
the PVC-industry, or an oestrogenic substance. The segmentation
method included manual delineation of areas lacking tissue, and used
minimum error thresholding to automatically segment the remaining
image. The result was area ratios between testosterone producing
Leydig cells, and tubuli. Statistical analysis showed a significant
(p = 0.04) difference between the control and the DEHP exposed
group, corroborating other findings of increased testosterone levels.

Paper II
In the paper “Segmentation and separation of point-like fluorescent
markers in digital images”, an automatic method for segmentation and
separation of 2D point-like signals from fluorescence microscopy im-
ages was presented. The automatic method is a three step approach of
pre-processing for background removal, a segmentation using water-
shed, and an iterative clustered signal separation. The signal separation
utilizes distance transform based morphological operations to step-
wise fit discrete models of the point spread function of the fluorescent
signals. The curvature of the clustered signals decideswhere to position
themodel signals. Synthetic imageswere constructed using parameters
obtained by visual inspection. The synthetic images, together with a
correctnessmeasure (amodified ROC curve accuracy), showed that the
presented method performed with an average correctness (0.74±0.02)
that matched a manual average correctness (0.75±0.05).

Note that the version of the paper included in this thesis is the correct
version, and supersedes the incorrect draft version published by IEEE.

Paper III
In the paper “Finding cells, finding molecules, finding patterns” meth-
ods for the segmentation of cells, extracting point like signals, and
evaluation of the extracted pattern in 2D fluorescence microscopy im-
ages were described. Several methods for finding genetic mutations in
DNA were reviewed, as well as useful methods for automatic cell seg-
mentation. The cell and pattern modeling concept was illustrated with
a real experiment of using padlock probes for examining the spatial
distribution of mtDNA. Watershed segmentation in conjunction with
intensity thresholding was used to extract the nuclei and probe signals,
and model the cytoplasm. A virtual cell was created, which provides a
sufficient number of controlled cells with randomized signal distribu-
tions, so that hypothesis tests for randomness in the extracted pattern
could be performed.
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Paper IV
The paper “Non-uniform 3D distance transform for anisotropic signal
correction in confocal image volumes of skeletal muscle cell nuclei”
presents an automatic pre-processing method that transforms 3D im-
age volumes of skeletalmuscle cell nuclei into volumes that are easier to
segment. The correction transform is composed of three parts: an atten-
uation correction due to tissue opacity, a correction of the anisotropic
behavior of the nuclei signals in the axial direction, and a spatially
modulated distance transform. The distance transform also acts as the
carrier function for the correction terms. Examples of the method ap-
plied to real sub-volumes containing elongated nuclei signals were
shown. The method was subsequently used in paper VI.

Paper V
The paper “Effects of aging and gender on the spatial organization of
myonuclei in single muscle fibres expressing different myosin heavy
chain isoforms” presents a segmentation and modeling approach for
single skeletal muscle fibers. The robust fiber model was used in con-
junctionwithmanually delineatedmyonuclei centroids to characterize,
e.g., differences inmyonuclei domain sizes in aging humans. The image
volumeswere acquiredwith a confocal fluorescentmicroscope. A com-
parisonwithmanual fiber volumemeasurements showed that the fiber
model volume was within 1− 3% of the manually estimated volume.
The spatially extracted featureswere correlatedwith theMyosin heavy-
chain isoform of the muscle fiber, age, and sex of the human subjects,
in order to characterize fiber organization. The results from the study
showed that the digital image analysis fiber model prove beneficial in
acquiring detailed information about myonuclear organization.

Paper VI
The paper “Comparison of myonuclear domain size and myosin iso-
form expression through digital image analysis modeling of skeletal
muscle fibers from mammals representing a 100,000-fold difference in
body size” investigated the use of digital image analysis methods, in
contrast to manually obtained features for characterization of skele-
tal muscle fibers. The fibers were collected from six different species
and additionally characterized by body mass, femur length, and mus-
cle fiber myosin heavy-chain isoform expressions. The digital image
analysis measures described feature distributions of, e.g., myonuclear
domains, shared surface area between myonuclear domains and fiber
surface in more detail than possible using standard manual methods.
The results were compared with previous manual results performed
on a super set of the same dataset, and the deviation and statistical
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significance of the result were also computed. The conclusion was that
the digital image analysis approach shows good potential in providing
a tool for characterizing the spatial organization of myonuclei in single
muscle fibers.

Report VII
The report “Introduction to the Mean-Shift Procedure: Filtering and
Segmentation” describes the theoretical base for the kernel density es-
timation method Mean-shift. The Normal and Epanechnikov kernels
for density gradient estimationwere discussed, together with an exten-
sion into multiple bandwidth parameters. The choice of kernels were
briefly justified. Step by step directions for calculating the mean-shift,
and perform filtering and segmentation are presented.
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4. Models and Methods

This chapter gives a overview of the methods used throughout the
work leading to this thesis. The main part of the work performed by
the author is presented in Sec. 4.3–4.6, and is summarized in Chp. 5.

4.1 Sample preparation
The sample preparation is usually something that is dictated by the
biology that is to be imaged, and the image modalities available. Non
the less, good preparations are fundamental to achieving good images.
The author has not been involved with these preparations. The tis-
sue specimens have been sampled by using local anesthesia (horse,
human), anesthesia (rhinoceros), and after euthanasia (mouse, rat, pig,
andboar). Thedifferent studies have been approvedby the Ethical com-
mittee on human research at Uppsala University, Sweden, Karolinska
Institute, Stockholm, Sweden, the Institutional review board at Penn-
sylvania State University, PA, USA, and the Ethical committee for ani-
mal experiments, Uppsala, Sweden, respectively. In the signal segmen-
tation project, cultured human cells (skin fibroblasts) were used.

Fluorescent staining
In the muscle project, bundles of skeletal muscle fibers were chemi-
cally skinned, after which single fiber segments were gently removed,
labeled with fluorescent dye, and finally attached to 3D manipulators.
The actin filaments of the fiber were stained with Rhodamine phal-
loidin, the nuclei were stained using DAPI (see Fig. 4.1(b)), and in
some cases the tissue samples were stained with Pax7 (monoclonal
antibody) to detect satellite cells using an Alexa488 fluorochrome (con-
jugated secondary antibody).

In the signal segmentation project, padlock probes together with
rolling circle amplification (RCA) were used to detect point mutations
in mtDNA fragments, in cells cultured on glass slides. The cell nuclei
were stained with DAPI. Four different probes (two at a time) were
used for the mutations: Two non-competing probes (hybridizing to
different parts of the fragment) and detected using Cy3 (red color), and
FITC (green); Two competing probes (binding to the same mutation)
also detected using Cy3, and FITC, Fig. 4.1(a).
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(a) Three fluorochromes. (b) Two fluorochromes.

Figure 4.1: (a) The excitation (left) and emission (right) efficiency spectra of
the DAPI, FITC, and Cy3 fluorochromes, and (b) the excitation (left) and
emission (right) efficiency spectra of the DAPI, and Rhodamine phalloidin
fluorochromes. All spectra are based on Zeiss interactive fluorescence dye
and filter database.

Non-fluorescent staining
In the testicle project, slices with a thickness of 5μm were cut, from
paraffin embedded testicle samples, using a microtome, and placed
on glass slides. Immuno-histochemical localization of vimentin (inter-
mediate filament protein) was performed by coating the slices with
monoclonal antibodies and using a Vectastain® avidin-biotin com-
plex technique (non-fluorescent). The immuno-reactionwas visualized
using diaminobenzidine (DAB) tetrahydrochloride (dark brown color),
and counterstainedwithMayer’s haematoxylin (blue-white color) pro-
tocol.

4.2 Image acquisition
The image acquisition stage is generally one of the most important
steps in the chain of image analysis. If the images are of bad quality,
e.g., noisy, oversaturated, out-of-focus, badly illuminated, itwill always
negatively affect the image analysis. It is always a good idea to spend
extra time achieving good quality images. The author has had some
say in the choosing of some of the imaging parameters, but has not
been involved with the actual imaging.
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Confocal microscope
In the muscle project, one or more fields of view of each individual
fiber specimen were imaged using a Zeiss LSM 510 Meta confocal mi-
croscope with a Zeiss Plan-Neofluar 20× 0.5NA objective lens. The
DAPI fluorochrome (blue color) was excited with a 405nm laser line,
and the emission was filtered using a bandpass (BP) filter, only al-
lowing light with wavelengths between 420−480nm to pass through.
The rhodamine-phalloidin fluorochrome (red color) was excited with
a 543nm laser line, and the emitted light was filtered through a 560−
625nm BP filter. Some specimens in the species comparison projects
were stained with a Alexa488 fluorochrome (green color). This fluo-
rochrome was excited with a laser line at 488nm, and the emission
was filtered through a 505− 530nm BP filter. Pixel intensities were
captured using 12-bits per channel in the species comparison project,
and using 8-bits per channel in the human aging project. The propor-
tions of the image elements were set to 1:1:2, such that the final voxel
size was 0.45× 0.45× 0.90μm (x, y, and z, respectively). Volume sizes
depend on individual fiber sizes, but a typical image size is approxi-
mately 400×1000×100 voxels. Any manual interaction with the image
volumes were done using Bitplane’s interactive visualization software
Imaris.

Fluorescence microscope
In the signal segmentation project, the specimens were viewed with a
Zeiss Axioplan 2 imaging fluorescence microscope, with 63× magnifi-
cation objective lens. Image stackswere acquiredwith Zeiss Axiovision
as 16-layer z-stacks with 0.5μm thick optical sections. The fluorescence
from theDAPIfluorochrome (blue color), the FITCfluorochrome (green
color), and the Cy3 fluorochrome (red color) were collected using fil-
ter sets optimized for the respective fluorochromes. Even though the
specimen (cells cultured on glass slides) may be considered flat, im-
age stacks were taken to ensure that out-of-focus signals would not be
missed. The intensities were captured using 8-bits per channel, and a
typical image size was 1200×1000 pixels per optical section.

Light microscope
In the testicle project, the specimens were imaged using a Nikon Mi-
crophot FXA light microscope with a 64×magnification objective lens.
The images were captured digitally using a SONY SSC-C158P color
video camera. The images were captured so that as many tubuli as pos-
sible could fit in one image, while the Leydig cells between the tubuli
were still visible. The image sizes were 760× 570 pixels, using 8-bits
and three channels (RGB) for the intensities.
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4.3 Pre-processing
Even after careful sample preparation, and diligent image acquisition,
there may still be artefacts or errors introduced into the final images
by the imaging system. This may include simple things such as image
border artefacts, more difficult inconsistencies from nonuniform illu-
mination, or limitations to the imaging modality that need correction.
Pre-processing thus includes a wide selection of methods performed
for making the acquired images nicer, not necessarily for the human
eye, but for the subsequent image analysis methods applied for seg-
mentation and/or feature extraction.

Common pre-processingmethods include, e.g., registrationmethods
for image sequences captured over time so that they overlap correctly,
smoothing filters that weigh together local intensities to reduce noise,
or deconvolution filtering [2, 12, 36] to reduce blurring. A nice work
on image denoising is [77] that uses a Bayesian framework applied in
medical image analysis. Note that some pre-processing methods such
as smoothing, can be an integral part of image analysis algorithms
not dealing with pre-processing. The two pre-processes performed in
the work presented in this thesis, may be divided into one low-level
contrast enhancing model, and one higher level signal compensation
model for nuclei signals.

4.3.1 Background removal
In the signal segmentation project, the collected image stacks of rela-
tively flat cells contained point like signals in focus in different layers.
Each image volume consisted of 16 layers that were merged along
the z-axis using a maximum intensity projection (MIP), see Fig. 4.2(a).
However, the MIP is somewhat sensitive to noise, as it will act as max-
imum filter for each 1× 1× 16 pixel array. To reduce the amount of
non-point-like signal before the MIP, the background was removed in
each focus layer using top-hat filtering [31]. The top-hat filtering may
be described by a rolling ball analogy. Draw a squiggly line on a piece of
paper, and let an imaginary ball (a structuring element) with a certain
radius roll along the curve. Every point that the ball manages to touch,
being small enough to fit in to large holes and grooves, is set to zero.
Points that the ball does not touch, due to being too large, are given
values according to the distance between the ball and the line. In the
top-hat transform the imaginary ball has been replaced with a struc-
turing element with a flat top, like a hat. The operations underlying the
top-hat transform belongs to the field mathematical morphology, and
are further described in Sec. 4.4.2. Performing the MIP of the filtered
layers results in a single layer imagewith high contrast between signals
and background. The flattened images contain the fluorescent signals
from the fluorochromes and some noise, see Fig. 4.2(b).
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(a) MIP of original images. (b) MIP after background removal.

Figure 4.2: (a) MIP of the 16-layer image stack. The nuclei, and cytoplasms are
visible in the background. (b) Resulting image layer after top-hat filtering of
the layers and MIP along the z-axis.

As alternative approach for modeling severe intensity nonuniformi-
ties in the background a B-spline based method has been suggested in
[49]. Anothermethod thatwas successfully applied to reduce noise and
handle uneven background was using two differently sized smooth-
ing filters (Gaussian) on the input image, whereafter the more heavily
smoothed output image is subtracted from the lightly smoothed im-
age, i.e., Ip = I3×3 − I31×31, where Ip is the preprocessed image and the
size of the distributions were selected to span the masks. Pixels in Ip
with negative values are subsequently set to zero. The result was an
image with high contrast between signal and background. Also, if an
auto-fluorescence image of the cellular tissue was available, it could
have been used for subtracting the background.

4.3.2 A model for nuclei signal correction
The captured signals from DAPI stained skeletal muscle cell nuclei in
the muscle project show a great deal of presence outside the nuclei
themself, in the axial direction, see Fig. 4.3. The signals are anisotropic
along the z-axis, with more stray signal present above the true nuclei,
than below (see Figs. 4.3(b), and 4.4(a)). Also, the signals from nuclei
deeper in the tissue, or underneath the fiber in relation to the objec-
tive lens, is weaker due to attenuation of the signal as the light passes
through the fiber. A model-based pre-processing method that correct
for these signal distortions was developed to improve nuclei segmen-
tation and feature extraction.

The model-based correction method consists of an attenuation cor-
rection and an anisotropic signal correction, all fitted into one single
transfer function. The role of the transfer function is two-fold: to dis-
tribute corrections throughout the volume, and since the transfer func-
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(a) MIP of nuclei volume.

(b) Slice of muscle volume.

Figure 4.3: (a) MIP of the channel containing the signals from the DAPI stained
nuclei. (b) An xz-slice of the nuclei channel (blue) with the fiber (red) in the
background. The excess signal from the nuclei are clearly visible, and their
extent in the z-direction is almost the same as the whole fiber thickness. The
nuclei at the bottom show weaker signals, compared to the nucleus at the top
of the image (closer to the objective lens).

tion in this method is chosen to be a distance transform (DT) [9, 71],
it will itself include information on the shape and size of the signal
into the resulting signal. A DT of a binary image results in a gray level
image where the value of each object pixel denotes the distance from
that object pixel to the background. For a 2D or 3D binary image this
can be computed by two passes through the image with a filter mask
(typically of size 3×3, or 3×3×3). If the distance transform takes into
account the pixel intensities within a gray level image, the transform
is known as a gray-weighted distance transform (WDT) [62]. A WDT
is typically implemented using filter masks that require several passes
through the image before the distances converge. This is due to the
propagation of distance values along non-straight paths according to
the influence of the gray-level values. However, if the WDT is imple-
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mented as a front propagation narrow band-width algorithm based on
fast marching [46, 64, 69], the final distance value assigned to an image
element can be determinedwithout performing several passes through
the image data. This is done by the use of an efficient data structure
storing only voxels relevant for the calculations, which also lowers the
execution time.

The attenuation of a fluorescent signal [27] can be described by Iλ(z)=
Ie−αh(z), where Iλ(z) is the captured intensity, I is the un-attenuated
intensity, α is the sum of the attenuation for the excited and emitted
light, and h(z) is the amount of tissue occluding the image element. The
occluding tissue thickness h(z) can be roughly estimated by using the
depth z of the voxel within the image, or more exactly estimated by
modeling the occluding tissue, see Sec. 4.4.4. The attenuation coefficient
αmay be calculated in detail [11], or chosen by visual inspection of the
image volume.

(a) Sub-volume. (b) After correc-
tion.

Figure 4.4: (b) A MIP along the y-axis (i.e., into the paper) of a sub-volume
containing two nuclei signals. (c) A MIP along the y-axis (i.e., into the paper)
of the same sub-volume after applying the signal correction method.

The anisotropic signal correction within this pre-processing method
is achieved by the novel idea to add a position-dependent scaling of
the distance transform at the currently investigated voxel depending
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both on the relative local position to is neighbors, and the voxel’s global
z-position within the image volume. The scaling takes into account if
a voxel in the 26-neighborhood is above, below or in the same focus
plane before deciding the impact of the neighbors on the current voxel.

The result of applying the correction, see Fig. 4.4(b), is an image vol-
ume where approximately equal signals (nuclei) have approximately
the same output signal, independent of the position within the image
volume. An additional benefit is that correction does not have a nega-
tive effect on the signal to background contrast in a focus plane of the
original image. Also, the separation of signals achieved will simplify
segmentation of the nuclei.

4.3.3 Mean-shift filtering
Mean-shift filtering can lower the amount of intensity (spectral range)
variation in an image by discontinuity preserving smoothing. Mean-
shift, a kernel density estimation based method, was first presented in
[30], reintroduced twenty years later by [16], and subsequently made
popular by [18]. The method has also recently been included in [67].
Considering images to contain spatial, spectral, and temporal dimen-
sions, the most common dimensions in medical image analysis are 2D
and 3D gray level images, and 2D color images. A temporal dimension
can be used for capturing changes in intensity, or motion, e.g., in time-
lapse sequences. The time-lapse image sequences collected in the stem
cell tracking project can be considered 4D entities. Mean shift requires
very little input, but needs some initial resampling of the image data
into a n-dimensional uniform grid. The bandwidth of the kernel must
also be provided by the user, which is task dependent.

The author’s intention was to evaluate the mean-shift approach not
only for pre-processing stem cells, but for segmenting and tracking
them as well. The mean-shift iterations have been used in scale-space
tracking with a difference of Gaussians (DoG) based kernel [17]. This
approach demands relaxation on the kernel criterions to be able to
handle negative values, without having themean shift vector changing
direction (sign) and quickly diverge from themode. Themean-shift has
also been used as the optimization procedure in real-time kernel-based
tracking of non-rigid objects [19, 20]. A theoretical precursor to the
evaluation of mean-shift tracking of stem-cells is found in VII.

4.4 Segmentation
Segmentation is one of the most important, but also one of the most
difficult tasks in image analysis. Image segmentation is the process of
outlining regions (objects) in an image, most often based on the prop-
erties within regions, or by edge properties of regions. Even though
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segmentation is a fundamental part in image analysis, any useful gen-
eral purposemethod has yet to be discovered. This sectionwill describe
segmentationmethods that have been found useful in thework leading
to this thesis.

4.4.1 Segmentation by thresholding
Thresholding is the process of separating the image into foreground
(objects), and background based on selecting a threshold value us-
ing global, or local properties of the image intensity distribution. The
threshold value divides the image such that pixels with gray levels
below the threshold belong to the background, and pixels with higher,
or equal gray level belong to the foreground (or the opposite if the
image contains dark objects on a bright background). Beside bilevel
thresholding, multilevel thresholding techniques also exist, where the
problem lies in selecting two ormore thresholds for dividing the image.

Viewing the distribution of image intensities as a probability density
function (histogram) is often fundamental for calculating an optimal
threshold. Theprobability functiongives the likelihoodof a certain gray
level to occur in the image. In Otsu’s method [55], an optimal threshold
is reached by minimizing the variance between classes (background
and foreground), over the total image variance (three equivalent for-
mulations exist). The threshold that produces the smallest variance
ratio is selected. This approach was used in the signal segmentation
project. In minimum error thresholding [42] the gray level histogram
is viewed as two mixed normally distributed populations. An optimal
threshold is the value that minimizes a criterion function introduced
to avoid estimating the mean and variance of the two populations. The
method was used with good results in the testicle project, after some
interactive treatment of parts of images lacking tissue. A comparison
of these and other methods can be found in [63].

Instead of assigning a pixel to belong fully to background or fore-
ground, fuzzy c-means clustering [7] assigns a membership value to
each pixel. The membership value denotes the degree of belongingness
for the pixel to one class. In the case of there being only two classes the
membership to the second class is then oneminus the firstmembership.
If the probability density distribution is assumed to be amixture of two
clusters, two cluster centers are randomly used as an initial (likely in-
correct) guess. Each pixel is then assigned a membership based on the
intensity similarity with the cluster centers. The cluster centers and
memberships are iteratively updated until an objective function repre-
senting the distance to the cluster centers, weighted with the member-
ships is minimized. Since a crisp threshold is wanted, the membership
values have to be de-fuzzified according to some decision. One way,
used in the muscle project, is to select the half-way point in between
the two cluster centers as the cut-off value. This means that voxels with
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memberships below this value belongs to one class, and the remaining
voxels belong to the other class. Other fuzzy approaches, and fuzzy set
theory [78] are not covered in this thesis.

4.4.2 Models for cell segmentation
In the signal segmentation project, a model-based cell segmentation
was proposed. It contained two segmentation problems: finding cells,
and finding molecules (see Sec. 4.4.3). Segmentation of a cell was di-
vided into the two separate problems of segmenting the DAPI stained
nuclei (Fig. 4.5(a)), and segmenting the unstained cytoplasm. The de-
lineation of the nuclei was done using Otsu’s thresholding method
mentioned above, see Fig. 4.5(b). However, the intensities alone were
not enough to separate connected regions. A DT image combined with
a Watershed segmentation [6, 72] is often a useful method combina-
tion to separate round connected regions. The watershed algorithm
is a region growing method commonly explained by a “rain falling
on a mountain landscape” analogy. When the rain falls on the land-
scape, it trickles down and collects in catchment basins. However, a
more practical view is to imagine the landscape as a surface, where the
bottom of each catchment has a hole. If water is now allowed to rise
from underneath the surface, such that it slowly fill the lowest basins
first, small isolated lakes start to form. When two lakes meet, because
of the water level rising, a watershed (barrier) is erected. When the
whole surface is submerged, the water surface for each lake is now
all at the same level, but separated with barriers. Each lake represent
a segmented region, and watersheds represent the boundary between
each region. It can be mentioned that, although algorithmically quite
different, the mean-shift filtering has many similarities with watershed
segmentation.

A DT is applied to the binary nuclei image, which results in a level
image where zeros represent zero distance to the background, and
the highest values are assigned to the pixels approximately in center
of the regions (being furthest from the background), see Fig. 4.5(c).
If two round regions are connected so that there is a waist between
them, the distance image will contain two peaks. To segment them
into two regions, the image is inverted so that the top of the peaks are
now the bottom of the catchment basins. The watershed algorithm is
applied, and the connected region will be separated into two regions
with a watershed dividing them at the waist, see Fig. 4.5(d). In the
signal segmentation project, the DT nuclei images were smoothedwith
a small filter before the watershed algorithm was applied, to remove
small spurious basins that would lead to over-segmentation.

In the signal segmentation project, the cytoplasms surrounding the
nuclei were not stained and imaged. Neitherwas there enough autoflu-
orescence found in the two signal channels to segment the cytoplasm
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(a) Nuclei image. (b) Thresholded image.

(c) DT image. (d) Watershed image.

Figure 4.5: (a) An image of DAPI stained cell nuclei. (b) The same image
after thresholding by Otsu’s method and morphological processing. (c) The
distance transformed image after smoothing. (d) The nuclei signals separated
using the watershed algorithm.

explicitly.However, using the fact that the intensity variationwithin the
cytoplasm was larger than in the image background, a model defining
the cytoplasm was established. The two molecule images were com-
bined and filtered with a variance filter. The filter output for a pixel is
the intensity variance in the neighborhood defined by size and shape
of the filter mask. Here the filter mask was square-shaped and 10×10
pixels large, see Fig. 4.6(a).

The variance map was then thresholded, again with Otsu’s method,
and the resultmorphologically opened, anddilatedusing adisc-shaped
structuring element, see Fig. 4.6(b).Mathematicalmorphology is a very
useful field of image analysis, and is used predominantly in image pre-
processing, segmentation and feature extraction [31]. Two binary mor-
phological operations, dilation and erosion, are useful basic tools that
are easily described. Given a predefined structuring element (mask)
with a certain shape and center (not necessarily in the center of the
shape), e.g., a disc with a radius of 10 pixels. The dilation of a binary
object is performed by moving the structuring element’s center point
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(a) Variance image. (b) Thresholded image.

(c) Cytoplasm image.

Figure 4.6: (a) The variance map of the two combined fluorescence images
of probes. (b) The result after thresholding the variance map using Otsu’s
method, and after morphological opening, and dilation. (c) The contours of
the modeled cytoplasms overlaid on an image combined of the nuclei image,
and the two molecule images.

over all object pixels,while adding thepoints coveredby the structuring
element. The input binary region has thus been grown larger, depend-
ing on its own shape and the shape of the structuring element. The dual
operator of dilation is erosion. Binary erosion is performed by trying
to fit the structuring element inside the binary object, and only keep
the pixel underneath the center point when the structuring element fits
completely. The result is a reduction of the binary object. If a binary
erosion and binary dilation are done in sequence, a binary opening is
obtained. The erosion will remove regions that are smaller or thinner
than the structuring element. The following dilation will grow the re-
maining regions back to their original size, except for the removed fine
structures. The opening is often a good operation for removing small
regions in a binary image. If a binary erosion is performed after a bi-
nary dilation, the operation is called a binary closing. The dilation will
grow the region, filling in small cavities and obscuring fine details. The
subsequent erosion shrinks the large regions back to their original size,

46



with exception of the filled details. The binary closing operation is use-
ful for filling small holes in regions, and connecting close disconnected
regions. The dilation of the thresholded variance map thus removes
noise, and the dilation connects disconnected regions. Each pixel is
then assigned to the closest nucleus using a seeded watershed, with
the segmented nuclei as seeds. The seeds in the seeded watershed may
be thought of as the holes at the bottom of each catchment basin. They
allow for apriori information to guide the watershed algorithm. The
resulting contours (Voronoi tesselation) of the watershed segmentation
in Fig. 4.6(c) represent the delineation of the modeled cytoplasms.

4.4.3 A model for point-like signal segmentation
The images of the stainedmolecules in the sigsnal segmentationproject,
also need to be segmented into individual signals and background.
Non-uniform background was reduced or removed by pre-processing
(Sec. 4.3.1), which simplifies the segmentation. If the signals are not
clustered, a simple intensity thresholding (Sec. 4.4.1) will likely sepa-
rate the signals from the image background. If the signals are lightly
clustered, seeded watershed segmentation starting from local maxima
will separate the signals from the background, as well as separate the
clustered signals from each other. The local maxima may sometimes
be detected by simple intensity thresholding, or by h-maxima trans-
forms [66] that suppress maxima whose height is less than a certain
height above the surroundings. These methods all demand that there
exist individual peaks from the clustered signal. However, in heavily
clustered signals where no peaks are discernible, we have developed
a model-based method to separate the clustered signal using modeled
signals.

D DD
3

D2 4 5

Figure 4.7: Four 5− 7− 11 chamfer DT disks having radii D2 = [5, 6], D3 =
[7, 8, 9], D4 = [10], and D5 = [11,12,13]. Then, e.g., a disk with radius 8 is D3.

A single signal ismodeledby adiscrete diskwith apredefined radius.
The radius is measured with the 5− 7− 11 chamfer distance [9], see
Fig. 4.7. The signal model is then iteratively fitted to each region, until
no regions where the model can fit within are left. In every step, a
5− 7− 11 chamfer DT is performed inside each region, and the DT
image is thresholded with the disk radius. This is equivalent to an
erosion. If the region is smaller than the disk, it was removed by the
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thresholding. In the remaining regions, a disk is positioned with its
center at the point of each region contour that has the highest convex
curvature. Curvature is defined as the rate of change of direction of the
tangent of the boundary.

The point of maximal convex curvature (PMCC) is calculated by
moving a sliding window along the Freeman chain-code [28] repre-
sentation of the 8-connected contour of each remaining region. Chain-
coding of a region contour is performed by traversing all connected
pixels, starting at some point, and at each step encode the direction the
next pixel lies in. In an 8-connected contour there are 8 directions to
go to. By traversing the chain-code using the sliding window, and for
each transition encode how much the direction changes, a curvature is
estimated. The use of a sliding window in the curvature calculations
impart curvature information from a larger section of the contour. At
each positioning of the sliding window, a line was fitted in a least
squares sense to the underlying chain code, and the direction of the
line is the tangent direction at the current center of the sliding window.
By finding the largest (convex) change between two tangent directions,
the PMCC is found.

B

C

A

(a) First positioned disk.

D

(b) Second positioned
disk.

(c) Third positioned disk.

Figure 4.8: (a) A is the original clustered region. B is the remaining region after
first erosion. C is the disk fitted, positioned with its center • at the PMCC of
contour of B. The region A \C is the remaining region after the first iteration.
(b)D is the remaining region after an erosion ofA\C. A second disk is position
at the PMCC on the contourD. Removing the area under the disk provides the
output region of the second iteration. (c) In the third iteration, the remaining
region is eroded, and fitted with a disk. The third iteration leaves a very small
region, that is subsequently removed by the erosion in the fourth iteration.

The part of the region underneath the disk, positioned at the PMCC,
is removed. The remaining region is the output of each iteration. When
all the regions have been iteratively eroded away, and the image is
empty, the algorithm stops. The result is a list with all the found signal
centers. The modeling method is illustrated by an example in Fig. 4.8.
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4.4.4 A model for fiber segmentation
The skeletal muscle cells imaged in the muscle project are completely
different in shape and size from the cells imaged in the signal segmen-
tation project. The muscle cells are imaged in 3D, which increases the
complexity and workload for methods involved with, e.g., segmenta-
tion. The actin filaments in the fiber are stained, which gives rise to a
striping pattern (see, e.g., Figs. 4.9(a), and 4.9(b)). The inhomogeneous
signal, together with the thickness of the tissue attenuating the exci-
tation and emission laser light, lead to the need for a fiber model for
segmenting the fiber. In general, the fiber signals show an excess of sig-
nal at the part of the fiber closest to the objective lens. The fiber model
also needs to be able to handle the stray signal above the fiber, that in
general is stronger in intensity than signal collected from the bottom
part of the fiber.

The fiber is extracted by a two-step approach where the initial image
data is used to create weights used to emphasize the center core of
the fiber, and where the weighted data is used to extract parameters
that define the size and shape of a parameterized linear fiber model.
The fiber is modeled as an elliptical cylinder with its center line, major
axis length, minor axis length, and axis orientation allowed to change
linearly through the volume, see Fig. 4.9(c). The model considers the
image volume to be a stack of xz-slices, i.e, every slice should contain
an elliptical signal.

In thefirst step, each xz-slice it segmentedusing fuzzy c-means (FCM)
thresholding. Applying the FCM thresholding slice-wise, instead of on
the whole volume, allows the FCM to find a locally optimal threshold.
Since the FCM demands the final number of clusters as input, it also
makes sense to use the xz-slices that always can be assumed to include
some part of the fiber. From each object region a center point, major
axis length, minor axis length, and rotation of themajor axis (in relation
to the x-axis) were extracted. The values were extracted such that the
centroid is the center of mass of the region (and thus does not need
to lie inside the region) and the other values describe an ellipse with
the same normalized second central moments as the region. A line was
fitted, in the least squares sense, to each of the four arrays of collected
parameters: center points,major andminor axis lengths, andmajor axis
angle. These four arrays of linearly changingparameters are considered
to represent the initial signal, but also includes the stray signal above
the true fiber signal. To emphasize the center of the fiber, thus making
the stray signal above the fiber less important and the weak signal at
the bottom of the fiber more important, a weight volume was created.
In every xz-slice of the weight volume (having the same dimensions
as the image volume) a normalized Gaussian distribution is created,
using the corresponding center point as mean, the major and minor
axis represents the standard deviation. The z-coordinates of the linear
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Figure 4.9: The fiber images above illustrate variation in the fiber signals, and
are not necessarily representative of fibers from the species. (a) An example
of a general fiber image, where the signal attenuates towards the bottom of
the volume such that the signal at the bottom of the fiber is weaker than the
stray signal above the fiber, or so that there is no signal from the bottom of
the fiber. This usually leaves a horse shoe-shaped signal of the fiber in the xz-
slices. (b) A beautiful, but more varied signal, that is easily modeled using
a linear elliptical cylinder model. (c) The four parameters are only allowed
to vary linearly, which provides a robust model that does not fail even if the
segmentation completely fails for individual slices.
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center points were first translated a certain distance, based on visual
inspection of the thickness of the stray signal above the fiber in a sample
image set. The distribution is also oriented according to the orientation
parameter. This results in aweight volumewith the value one along the
translated center line, andwith Gaussian (normal) distributed decrease
of the weights outwards in an elliptical fashion.

The weight volume, and the original gray level fiber volume, are
element-wise multiplied together to produce a weighted fiber volume,
which in turn is the input volume to the second step of the model for
fiber segmentation. The weighted fiber volume is again segmented,
slice-wise along the y-axis, using FCM thresholding. Parameters for an
ellipse are extracted, and the resulting arrays are fitted with lines in
the least squares sense. These final four arrays containing the x, y, z-
coordinates for a center line, the lengths of the major and minor axes,
and the orientation of the major axis, all define a general elliptical
cylinder (GEC) that have been found, by visual inspections and com-
parative manual fittings, to be a robust model of the imaged skeletal
muscle fiber. A different type of model was suggested in [10]. When
needed for feature extraction, the GEC is represented as a binary vol-
ume. The GEC is also used in the preprocessing of the nuclei volume
in the muscle project. By simply calculating the cumulative sum in the
z-direction of the binary GEC, the thickness of the occluding tissue at
every point in the nuclei volume is acquired.

The nuclei are segmented after preprocessing, described in Sec. 4.3.2.
Due to the elaborate pre-processing, the segmentation can be per-
formed, more or less, in the same manner as suggested for the lightly
clustered 2D signals in the signal segmentation project (see the first
paragraph of Sec. 4.4.3). The main difference is that the method needs
to be extended to work in 3D. Working with large 3D volumes often
puts large demands on the computer architecture, mainly the memory
requirements, but also buses, CPU speed, and storage. If possible, the
author suggests, dividing the larger volumes into sub-volumes, and
process them individually, which will lower the requirements of the
architecture. The good contrast in the yx-layer of the confocal fluo-
rescent microscopy images (even before preprocessing) is something
that can be used as a guide to sub-divide the nuclei volume. A MIP
along the z-direction of the un-pre-processed nuclei volume produces
an image with high contrast between background and nuclei. The MIP
image is then segmented using fuzzy c-means clustering. The seg-
mented regions work as cut out masks for the preprocessed volume,
where regions (with areas above a certain size) can be assumed tomark
a sub-volume containing one or more nuclei.

For each pre-processed sub-volume, a thresholding (using the previ-
ous fuzzy cutoff) determines the signals. A DTmap is calculated inside
each region using the same front propagation narrow band-width al-
gorithm as used for nuclei pre-processing (Sec. 4.3.2). The watershed
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algorithm is applied to the DTmap, and connected regions are merged
based on the shallowness of the valleys between the regions [76, 5].
From the remaining regions centroids are extracted, and transferred
back into the coordinate system of the larger original volume.

4.5 Feature extraction
Theprocess following segmentation in the image analysismethodology
is the feature extraction step. The number of descriptive features that
can be extracted from a segmented region is very large, see, e.g., [60] for
an extensive list of general features for digital cytometry. Some region
features have already been utilized in this thesis, e.g, the intensity
variance used in Otsu’s thresholding approach (Sec. 4.4.1), and the use
of center of mass, and moments to create the GEC (Sec. 4.4.4). Often it
is necessary to combine general features, or design special features, to
be able to provide relevant information to the data analysis step. The
two main types of features used in the work of this thesis is the nearest
neighbor, and surfaces and volumes based on the positioning of the
neighboring regions.

Nearest neighbors
Thenearest neighbor (NN) feature represents thedistance froma region
to its closest neighbor region, typically based on the centroid of the
regions. In the signal segmentation project, the NN is searched for in
two 2D images at the same time to determine not only the distance,
but which color the NN has. The distance to the NN is measured in 3D
in the muscle project, see Fig. 4.10. All neighbor distances are stored
in an n× n distance matrix (where n is the number of regions in the
image), that is symmetric with respect to the diagonal. Position (i, j) in
thematrix contains the distance from region i to region j, and is equal to
the distance value ( j, i) in thematrix. All values along the diagonal (i= j)
are 0, since the distance to oneself is zero. The distances in the matrix
are Euclidean, and calculated by measuring the distance in pixels, and
multiplying the result by the side length of the pixels. The lowest value,
beside the diagonal, in each row (or column) is the NN distance. In the
muscle project, NN measures for MNDs adjacent to the fiber image
volume sides are removed since the distance to the NN is uncertain.
An unwanted region i can be removed from the distance matrix by
simply setting all values in row i, and column i to infinity, or simply by
removing row i, and column i, leaving an n−1×n−1 distance matrix.
The NN feature in 2D, and 3D is a measure of the organization of the
centroids.
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Figure 4.10: Visualization of some of the features investigated in the muscle
project. (a) Nearest neighbors. (b) Some myonuclear domains. (c) Myonuclear
domains/fiber surfaces.
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Surfaces and volumes
The output from the segmentation step in the testicle project are two
regions (not necessarily contiguous) where the surface areas are mea-
sured. The area is measured by summing up the number of pixels in a
given region, and multiplying with the area for one pixel. This is often
an adequate measure of the area, but since the pixels are digital square
samples of an underlying continuous object, the measure is nothing
more than a sample estimate of the true area.

In themuscle project, amyonuclear domain is defined as the 3Dvolume
embedding each nucleus within the fiber. The domains are calculated
using an Euclidean DT [29] starting at the extracted centroids, such
that the value in each voxel of the DT volume contains the distance
to the closest nucleus centroid. The DT volume is segmented using
watershed segmentation, and masked with the GEC. The remaining
volume regions are the myonuclear domains for the detected nuclei,
see Fig. 4.10. The volume is measured by calculating the number of
voxels in each myonuclear domain, and multiplied with the volume of
a voxel.

A related feature that is also measured is the shared surface area
between each myonuclear domain and the fiber model. This involves
estimating the surface of the GEC and the myonuclear domains [48], in
order to have a more accurate measure of the surface then only sum-
ming up the number of the voxel faces neighboring the background.
There is also methods using fuzzy techniques [65] to achieve better
area estimations. The shared surfaces are extracted and the shared esti-
mated surface area is measured [3]. The measured shared surfaces are
multipliedwith the area of a cubic voxel side. An example of delineated
shared voxel surfaces can be seen in Fig. 4.10.

4.6 Data analysis
Before the extracted data can be evaluated for performance, or be inter-
preted, it sometimes is necessary to transform or classify the extracted
data. Additional annotations about the datamay have to be included to
make sense of the extracted features. The extractedmyonuclear domain
data have to be pruned from domains and their corresponding nuclei,
that touch the sides of the image volume. This reduces the amount of
information about the fiber, but ensures that only data under complete
control is used. The data in the muscle project also include information
about species, muscle type, Myosin heavy-chain isoform expression,
and sometimes body mass, femur length, age, and sex.
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Virtual cells
To be able to analyze the signal pattern, or evaluate the segmentation,
in the signal segmentation project, a virtual cell model was created. The
aim of the virtual cell image is to emulate a real cell image, but using
operator controlled parameters. This means that some values need to
be extracted from the original cell images, to provide the model pa-
rameters for the virtual cells. The background for the virtual cells can
either be an autofluorescence image (if available) or the removed back-
ground from the pre-processing step. By examining the shape, signal
strength and variation of a number of point-like signals, it is possible
to create synthetic point-like signals. The signal density also needs to
be evaluated. With all necessary parameters evaluated, thousands of
synthetic cells can be produced, and, e.g., act as control for hypotheses
testing. See [14, 15, 37, 51, 52] for other cell models.

(a) Original image. (b) Virtual cell image.

Figure 4.11: (a) An original cell image with fluorescent signals in the red and
green channels. The blue channel is used to store the autofluorescence image,
which is why the cytoplasms are shown so clearly. (b) A virtual cell image,
showing the autofluorescence image as back drop for a channel of synthetic
point-like signals. The signal density is five signals per 1000 pixels, and with
a signal to noise ratio of 10db.

The signals PFS’s were modeled using Gaussian distributions, with
a certain standard deviation, and with intensity variations modeled
by a Beta distribution. The Beta distribution B(i, j), where i, and j, are
integers, allows for i+ j−1 random levels to be uniformly distributed
between zero and one. The signal to noise ratio (SNR) was used to bal-
ance signal strength, in relation to the background. The spatial density
of the signals was measured as the number of signals per 1000 pixels.
The synthetic signals were only positioned in the background image
(cytoplasm image) in areas with the 10% greatest variance.
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Statistics
A few statistical tools were used during the work. For measuring
differences between values predicted by a model and the observed
values, or between two predicted values, the normalised root mean
square deviation (NRMSD) was used. The root mean squared devi-
ation (RMSD) is the square root of the variance for an unbiased es-
timator, and also known as the standard error. The NRMSD is nor-
malised with respect to the range of the observed data, such that
NRMSD=RMSD/(max(observations)−min(observations)). Linear trends
in datawere investigated using an iteratively re-weighted least squares
(IRLS) algorithm [23, 34, 38, 68]. The algorithm gives lower weights to
points that do not fit well (outliers) to a line, by using the residuals
from the previous iteration, weightedwith the bisquare distribution, in
each iteration. The resulting regression will be less sensitive to outliers
compared with ordinary least squares.

Analysis of variance (ANOVA) was performed to investigate the
significanceofmeasured features ability todifferentiate between classes
[24, 25]. Since most data sets were unbalanced, a general linear model
was used. Pairwise comparisons were analyzed using the conservative
Sidak correction method [1, 73]. To test if two observations come from
the same distribution, the non-parametric Wilcoxon rank-sum test was
used [8, 35].

4.7 Evaluation
It is sometimes difficult to evaluate the accuracy of amethod, especially
if the output of the method are feature measurements that are new, and
thus are hard to relate to previous knowledge. TheGolden standard test
is a test of a procedure, inwhich a true result is compared to an achieved
result. The ideal golden standard test result shows a 100% sensitivity,
and a 100%specificity (seeROCcurves below). In thework in this thesis
the Golden standard are either manually produced results, or synthetic
data where parameters are exactly know. Manual delineation is very
tedious and error prone-due to inter- and intra-observer variability,
but often the only way to achieve qualitative comparative data. The
manual delineation can be done completely by hand by a specialist,
or by using a semi-automatic or interactive system that guides the
delineation process, or by simply providing the specialist with choices.
In the use of synthetic data, there is a risk of introducing results that
are not true for the original data set.

Evaluating a segmentation is a difficult process, e.g., it includes
decisions on how to weight together several manual delineations to
form a unified golden standard, or how to handle over- and under-
segmentation, etc. Frameworks considering this have been developed
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[74, 70], for medical image segmentation. However, the segmentation
evaluations in the projects in this thesis have been performed on the
extracted features, such as the centroids. The differences between syn-
thetic, manual, and method achieved centroids are easier to compare
than the differences between regions (sets of pixels, and voxels).

Receiver operating characteristic curves (ROC curves) is a compara-
tive plot of the sensitivity of a classifier over 1−specificity, as the classifier
threshold is varied [26]. Different classifiers can be compared by com-
paring the area underneath the respective ROC curve. The sensitivity
(true positive rate, also known as recall), and specificity (1−false posi-
tive rate), are derived from a confusion matrix (see Fig. 4.12) that collects
and labels the classification result in four bins depending on the ex-
pected and true outcome. Sensitivity is defined as the number of true
signals found (true positives), over the total amount of possible signals
to find (true positives and false negatives). Thus, a 100% sensitivity
would mean that all signals have been detected, however, the measure
says nothing about the number of un-true signals (false negatives) that
where found. Specificity is defined as the number of correctly rejected
signals (true negatives) over the sum of all correctly rejected signals
and false alarms (true negatives and false positives). The accuracy of
the classifier is measured by all true detected signals (true positives
and false negatives) over all possible types of outcomes (true positives,
false negatives, false positives, and true negatives).

FN TN

FPTP

True class

Hypothesized
class

Figure 4.12: The confusion matrix from which the evaluation measures are
derived. A confusion matrix is calculated from the classification result for
each threshold.

In the signal segmentation project, the ROC curve approach was ap-
plied after the segmentation step to evaluate the choice of disk radius.
This performance test was done using virtual cells. However, ordinary
ROC analysis could not be performed due to the lack of existence of
true negatives case. Seen from a segmentation point of view, the seg-
mentation hit rate (sensitivity) is the same as above (TP/(TP+ FN)),
over-segmentation is measured by the precision (TP/(TP+FP)). A mod-
ified accuracy measure was computed because of the lack of true nega-
tives. The measure of that no signal was found, where there should be
none, is difficult to extract froman segmented signal image. Instead, the
accuracy measure was redefined as TP/(TP+FN+FP) (correctness). In
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this case, a global maximum of the correctness curve define an optimal
threshold for a given disk size.

4.8 Implementation
Most of the models and methods presented have been developed
and implemented in MathWorks™ technical computing environment
Matlab®. Some algorithms were implemented on the research plat-
form IMP [54] using C, and C++. The hardware architecture has been
Alpha, or Intel processors running HP TRUE 64 UNIX or Red Hat
Linux. Other tools used for visualization includes Zeiss LSM Image
Browser, and Minitab® by Minitab Inc.

The methods have been implemented with accuracy in mind, and
only certain computationally demanding parts have been optimized
with respect to time.
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5. Results

This chapter aims to concisely sum up novel achievements produced
by the author in the work leading to this thesis. General results of the
methods (Chp. 4) and projects (Chp. 3) are presented in the correspond-
ing papers appended at the end of this thesis.

During the work on skeletal muscle fibers two separate methods
were developed, a pre-processing step and a modeling step. The pre-
processing step applied to myonuclei signals uses a spatially modu-
lated distance transform, to provide homogeneously behaving nuclei
signals (Papers IV, and VI). A beneficial byproduct of the correction
method is the increased separation between nuclei signals clustered
due to the excess signal in the axial direction. The main benefit is the
more coherent behavior of the nuclei signals, providing a better starting
position for the segmentation step. The nuclei segmentation (Paper VI)
shows how the cell segmentation concept presented in Paper III can be
extended to 3D.

A linearly parametric elliptical cylinder model representing a single
skeletal muscle fiber was presented in Papers V and VI. The two step
approach, using an initial parametric representation of the fiber signal
to emphasize the center line of the fiber, before fitting the final model,
provides a robust representation of the fiber. The intermediate weight
volume has the two-fold effect of both reducing the influence of excess
signal in the axial direction (closer to the objective lens), and relatively
strengthen the signal at the center of the fiber in cases with weak sig-
nals deeper into the tissue. The fiber model, including extracted nuclei
centroids, provides an excellent cell representation for studies of the
3D organization of myonuclei andmyonuclei domains in skeletal mus-
cle cells. Only the fiber model is used in Paper V, where the nuclei
were manually delineated, whereas both the nuclei pre-processing and
segmentation steps and the fiber model were used in Paper VI.

The algorithm for signal separation presented in Paper II is shown
to work on clustered and un-clustered signals, but the main benefit of
the disk fitting approach is that there is no need for distinguishable
local maxima in the clustered signals for separating them. The algo-
rithm is designed with an automatic stop criterion, that simply stops
the iterative fitting procedure when there are no more signal regions
remaining.

The virtual cell, introduced in Papers II and III, provides a controlled
testing ground for spatial and spectral patterns. The virtual cell pro-
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vides an absolute Golden standard that can be used to test automatic
segmentation, manual delineation and signal quantification (Paper II).
Nuclei and cytoplasm templates introduce natural boundaries of the
virtual cell. The enclosed areas can be used for random positioning of
synthetic signals, that subsequently can be used as comparison with
the aggregation of signals in real images, using distance or texture
measures.

(a) Real distribution. (b) Random distribution

Figure 5.1: (a) The real distribution of red, and green signals. (b) A synthetic
cell with random distribution of red, and green signals.

The virtual cell can also be used to test spectral behavior, whenmulti-
ple fluorescentmarkers are used to detect severalmolecules in the same
specimen. The detected signal positions in real images with two probes
can be used to assign a different color to each position according to
some distribution, to test for spectral aggregation of signals. The com-
bination of assigning position and color was performed to investigate
neighborhood relations between two competing and non-competing
probes in Paper III.

The work done on the semi-automatic segmentation method in the
testicle project is a good example of how a simple approach can give
fruitful results in a new area. The work done on mean-shift for stem
cell segmentation, and tracking, was not published, but the theoretical
framework for the mean-shift procedure is described in Report VII for
future use.
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6. Concluding remarks

It is self-evident that digital image cytometry requires accurate seg-
mentation of the constituent parts of a cell. The pre-processing step is
usually an integral part for achieving a good segmentation. Themethod
for pre-processing of the image volume containing signals from skeletal
muscle myonuclei is a very good example of how to lower the poten-
tial complexity of the subsequent segmentationmethod by appropriate
pre-processing. The separation of clustered point-like signals, indepen-
dent of whether the clustered region contains local intensitymaxima or
not, is shown tobebothversatile, andhave agooddegree of correctness.
The virtual cell model provides a good testing ground for hypotheses
about organization, but also provides a Golden standard for testing
both man and machine. The robust model of a skeletal muscle fiber
is beneficial in calculating relevant 3D features reflecting the spatial
organization of nuclei in relation to the fiber, but is also a functional
part in the segmentation of areas where little or no signal is visible.

During the work, many methods have been tried. Some have been
discarded, but others have been added to the ever growing toolbox of
image analysis techniques. There have also been a number of interest-
ing side-track problems, where many lessons have been learned. The
opposite has also been true, that a method had been encountered in
literature, and seemed so interesting that the author had to try it out.
This is, e.g., the case of the mean-shift procedure.

The describedmethods, and the methodology to apply them, should
be useful for solving other related real world problems in digital image
cytometry. There are probably also a large number of situations where
they are useful, outside the fields of image cytometry and digital mi-
croscopy.

6.1 Guidelines
The guidelines below are a collection of reflections that the author has
accumulated during the work. It is not meant to be a complete protocol
on cell image analysis, but aims to emphasize what should be read in
between the lines of a protocol.

Communication The research language, and research traditions vary,
especially between different fields. Spend time on educating each
other on the respective fields involved in the project.
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Staining Spend time on investigating alternative fluorochromes.
Which are the most common ones in the literature, which are
uncommon, and why have they been used?

Microscope If possible image a sample set of specimens using differ-
ent resolutions. Which resolution captures the signals best with
respect to, e.g., image contrast, bleaching, tissue thickness, etc?
Other parameters to decide on include voxel and volume sizes,
spectral range of voxels, etc.

Imaging Spend a lot of time deciding on, and explicitly writing down,
an imaging protocol. This lowers the amount of variability be-
tween operators, both in positioning of the sample in the image
and in consistent image intensity. The focusmust be on achieving
optimal images with respect to image analysis, not with respect
to the human operator. In many studies, the important part is
not to have the exact same settings for each image, but that all
captured images have the same (read similar) intensity variance.
In the authors view, a good microscopist is one that can achieve
similar looking results under different conditions.

Acquisition Image a representative sample using the same imaging
protocol that will be used for creating the image data set for the
study. Even though the images should be optimal (see Imaging
above) it is crucial that both good and bad images are represented
in this initial test set (i.e. the test set shall represent the underlying
sample quality, as well as the image quality).

Toolbox Have a toolbox with standard image analysis methods cover-
ing pre-processing, segmentation, and visualization ready. This
is the mark of a veteran in the field of image analysis.

Methods selection Be open minded when applying pre-processing
and segmentation methods to the initial test set of images, even
applying theonesyoudonot thinkare suitable. The results should
give enough hints on which types of methods to use, but also in-
dicate if there are problems in the previous steps. Verify, at least
the possibility of the existence of a complete chain of processing
steps leading to a finished product.

— This is the time to evaluate one’s options, and consider alternatives.
Sadly, this seems to be where some projects start for the first time,
missing out on lessons learned in the initial surveys.

Start-up If everything looks perfect, now is the time to start the image
acquisition of the images needed for the study, and create an ac-
tion list for the use of existing methods, or for the development
of new. Always acquire more images than you expect to use in
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the statistical experiment. If some issue arises later in the project,
e.g., a bad choice of specimen, then there should be enough data
gathered from other specimen to finish the study anyway. Cir-
cumstances may have changed during the project, such that it
is no longer possible to acquire additional images (e.g., due to
broken microscope, destroyed samples, loss of experienced oper-
ators, etc.).

Large data Work on sub-volumes if the methods are local, and the
image volume is large. The difference between having the current
investigated volume and its working copies in memory, rather
than having large data structures spilling over into the disk swap
space, is most probably a sizeable reduction in computing time.

Feature collection Collect features without averaging for as long as
possible. This ensures that variances of the data are keptwhole for
hypothesis tests.

Statistics Assign funds in the start of the project for statistical re-
sources. Even better, visit the statisticians in the planing stages, so
that the statistical foundations are the best they can be. Remember
that, to draw conclusions with equal confidence, non-parametric
methods need larger sample sizes, compared with parametric
methods for known data distributions.
Remember that non-parametricmethods need larger sample sizes
before conclusions can be drawn with the same confidence, as
with parametric methods when the data distribution is known.

6.2 Future work
The methods presented in this thesis are not perfect, even though the
author wants them to be. There are some logical continuations to the
methods, e.g., extending the separation of clustered discrete point-like
signals from 2D to 3D, and incorporate the gray level intensities for an
evenmore signal drivenmethod, applying the 3Dversionof themethod
to the corrected myonuclei signal volume, for a more refined cluster
separation performance. This would demand a more advanced cell
nuclei model, since the myonuclei are generally not spherical in shape.
Itwould be interesting to create a virtual cell application, completewith
statistical tools, for a streamlined analysis of intra- and inter-cellular
behavior. It would also be interesting to apply the skeletal muscle fiber
model to, e.g., data sets from humans with neuromuscular diseases, or
more data sets concerning the aging of humans.

The number of digital images in the world is increasing faster, and
faster. Images are also taken of new things, andnew imagingmodalities
are introduced. A very nice situation for a PhD in image analysis.
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Summary in Swedish

Dennaavhandlingär ett bidrag till forskningochutvecklingavmetoder
för cytometri i digitala bilder. För att kunnamäta egenskaper hos celler,
eller dess beståndsdelar, i digitala bilder behövs robusta och korrekta
segmenteringsalgoritmer. Med digitala bilder avses bilder represen-
terade i en dator och är i de presenterade studierna alstrade med
ljusmikroskopi. Huvuddelen av de i studierna analyserade bilderna
är alstrade genom fluorescensmikroskopi, där de beståndsdelar man
valt att avbilda är etiketterade med fluorescerande markörer. Dessa
fluorescensbilder är tredimensionella då muskelceller har studerats,
och tvådimensionella då punktliknande signaler från mitokondrie-
DNA (mtDNA) analyserats. Tvådimensionella bilder av testikelsnitt
har även avbildats genom konventionell ljusmikroskopi. Avsiktenmed
de utvecklade modeller och metoder som presenteras i denna avhan-
dling är att objektivt segmentera deundersökta bildobjektens bestånds-
delar och tillhandahålla egenskapsmått, utifrån, eller mellan, de extra-
herade delarna. Avsikten med de utvecklade metoderna har även varit
att de skall vara automatiska för att kunna hantera stora bildmängder.

Huvuddelen av metodutveckling har fokuserats på segmentering
och modellering av individuella muskelfibrer. En muskelfiber är en
stor cylinderliknande cell med flera hundra kärnor som alla delar på
en gemensam cytoplasma och där varje kärna reglerar en begränsad
volym av cytoplasman, den så kallade myonukleära domänen (MND).
Ett, eller flera, segment av varje undersökt muskelfiber har infärgats
med fluorescerande markörer (fiber och kärnor) och avbildats i tre
dimensioner med ett konfokalmikroskop. Muskelfibersegmenten har
modellerats med en geometrisk modell (generaliserad elliptisk cylin-
der, GEC). Modellen hanterar brus och intensitetsvariationer som up-
pkommer på grund av svårigheter att avbilda tjock vävnad och varia-
tioner i infärgningen av fibersegmentet. Konfokalmikroskop har lägre
förmåga att upplösa signaler i djupled (z-led) sett från objektivlinsen
jämfört med dess upplösning i fokalplanet (xy-planet). Denna egen-
skap och problemmed överflödig signal från kärnorna i z-led hanteras
med en nyutvecklad förbehandling av kärnbilderna. Bildvolymen av
kärnorna korrigeras för den överflödiga signalen, för den försvagn-
ing av signalen som uppstår djupare ned i fibervävnaden. Metoden
åstadkommer även en ökad separation av närliggande kärnor, genom
att applicera en spatiellt modulerad avståndstransform. I den förbe-
handlade volymen segmenteras sedan kärnorna enkelt och deras cen-
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trumpunkter extraheras. Utifrån de extraherade kärnpositionerna och
det modellerade fibersegmentet beräknas flera egenskapsmått, bland
annat MND-storleken samt avstånd till närmaste kärngranne (NN).
Egenskapsmåtten har sedan använts för att beskriva muskelfibrerna i
relation till fibertyp, mm.

En genomförd studie av ålders- och könsrelaterad inverkan på
kärnorganisation och MND-storlek hos människor påvisar till
exempel att variationen av MND-storleken ökar med hög ålder
oberoende av kön och fibertyp. Denna studie är ett led i att försöka
förstå och karakterisera organisationen hos mänskliga muskelfibrer
med avseende på ålder. I en annan studie påvisas ett samband
mellan MND-storlek och kroppsmassa, samt femurlängd, hos sex
olika däggdjur. Muskelfibrer från mus, råtta, människa, gris, häst
och noshörning har avbildats och analyserats med de utvecklade
metoderna. Studien visar på att de av metoderna framtagna
egenskapsmåtten på kärnnivå korrelerar väl med tidigare kunskap
baserad på medelvärdesbildningar på bildvolymnivå. Denna
jämförande studie visar även upp en underliggande variation hos
vissa egenskapsmått, till exempel MND-storleken, som inte har
varit möjlig att undersöka tidigare. Båda studierna visar på att de
utvecklade metoderna fungerar väl, men belyser också områden som
kan förbättras.

Metodutveckling har också skett inom segmentering och analys av
punktliknande signaler från fluorescerande markörer. Signalernas
punktliknande form åstadkoms av fluorescensmikroskopets
begränsade möjlighet att samla in fotoner från en mycket liten
underliggande signal. Varje detekterad foton representeras i
avbildningen av en punktspridningsfunktion, som sprider signalen
över ett större område (i alla avbildade dimensioner) och försvårar
möjligheten att visuellt separera närliggande signaler. En metod för
att separera mycket närliggande signaler har utvecklats. Metoden
segmenterar och separerar i tvådimensionella bilder individuella
och tätt klustrade punktliknande signaler genom att först dela upp
bilden i bakgrund och signal genom tröskling och sedan separera
klustrade signaler genom en iterativ inpassning av en diskret
punkspridningsmodell. Metodens styrka ligger i att separationen av
signalerna inte är beroende på signalernas intensitet, vilket gör att den
kan separera mycket närliggande signaler.

En syntetisk cellmodell har skapats för att kunna utvärdera seg-
menteringsresultat och analysera den spatiella organisationen mellan
två olikfärgade punktliknande signaler. Cellmodellen baseras på rik-
tiga cellbilder där kärna, cytoplasma och punktsignaler extraheras och
återanvänds. Signaler med kända distributioner och grannrelationer
används sedan för att kontrollera segmenteringsresultat från manuell
och metodbaserad segmentering. Studien visar att den ovan näm-
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nda segmenterings och separationsmetoden uppnår resultat likvärdiga
med manuell kvantifiering av punktsignaler.

En interaktiv segmenteringsmetod, baserad på befintliga metoder,
blev konstruerad och applicerad på mikroskopibilder av gristestikel-
snitt. Målet med studien var att visa att en industriell mjukgörare för
plast påverkar produktionen av manligt könshormon i unga grisar.
Metoden användes för att segmentera och beräkna areaförhållandet
mellan två vävnadstyper baserat på intensitetsvariationen hos
vävnadstyperna. Studien visade att det fanns en signifikant skillnad i
hormonproduktionen mellan en kontrollgrupp och de som utsatts för
plastmjukgöraren.

De metoder och modeller som har presenterats i avhandlingen har
alla applicerats på verkliga medicinska bilder och visats fungera väl.
Författaren har under arbetets gång lärt sig mer om, och dragit slut-
satser om, den naturliga följd avmetodologiska steg som ett medicinskt
bildanalysprojekt uppvisar. Slutsatsen innefattar även synpunkter på
hur ett bildanalysprojekt bör planeras och genomföras.
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