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Chapter 1

Introduction

1.1 Biological Context

Red blood cells (RBC), also called erythrocytes, are the most important cell type in blood. Their
role is to ensure tissues oxygenation by transporting oxygen. Oxygen is fixed to RBC thanks
to haemoglobin. RBC have a well known shape : they are biconcave disks with a diameter
of about 8 um. However, some diseases can modify this shape. Two common disorders are
hereditary elliptocytosis (HE) and hereditary spherocytosis (HS) [14]. HE is characterized by
elliptic RBC. They are formed due to mechanical weakness or fragility of their membrane caused
by defects in some proteins. HE can lead to anemia and jaundice but most of the time patients
are asymptomatic [I4]. HS is characterized by a lack of cohesion and stabilization properties of
cells [9][IT]. It leads to a reduced cells life span mainly due to the fact that damaged cells are
destructed by the spleen. This leads to an increased erythropoietic rate and if the red blood cells
production rate is not sufficient enough, it leads to anemia. It will increase the bilirubin level
and can potentially trigger jaundice and gallstones [9][35].

Researchers from the CELL Unit in De Duve Institute are currently analyzing red blood cells
to figure out how and why their mechanical properties are weakened [23]. Previous researchers
[34] thought red blood cells membranes were quite homogeneous structures. However, Léonard
C. and co-authors [23] found out that membranes are composed of lipidic domains : some are
very small (nanometric) while others are larger (micrometric). These larger ones show different
organizations for ill patients compared to healthy subjects and can thus be thought to play a role
in HE and HS. To be able to quantify better the organization of these domains, red blood cells are
analyzed by fluorescence microscopy [23]. Fluorescent probes are attached to the domains under
analysis and create bright spots in fluorescence images. Researchers are then able to see where
micrometric domains are localized and in what quantity. Currently, these images are manually
processed and it can be very time consuming because a lot of data need to be analyzed. To
help researchers, image processing tools are needed to perform automatic analysis of the images.
This will reduce time dedicated to image analysis and will provide more reliable quantitative
results. The processing tools will also enable the analysis of a huge amount of images and provide
quantitative and statistically relevant comparisons between patients, which could potentially be
useful for clinical purposes.

1.1.1 Images description

For their research, biologists work with control samples (healthy subjects) but also with samples
from patients suffering from elliptocytosis and spherocytosis. Images represent thus circular or
elliptic cells. Different fluorescent labelling but also different microscopes have been considered
during acquisition. We will explain here the impact of these choices on the obtained images and



characterize them visually. We will also point out artifacts that can be observed in samples and
that must be taken into account.

Fluorescent labelling

Tyteca et al. have identified in 2 types of domains. The first kind of domains are spots composed
of cholesterol. These domains are found in the central part of red blood cells but also on their
edges. The second kind of domains are composed of sphingomyelin, these ones are always found
in the central part of red blood cells. To analyze these domains, they used different fluorescent
agents [23]. For sphingomyelin domains (fig. and [1.2)), they enriched RBC membranes
with BODIPY-sphingomyelin molecules. The sphingomyelin part will behave normally in the
cell, while the BODIPY part will emit light to track the organisation of sphingomyelin. Since
sphingomyelin is present everywhere in the membrane (and more in domains), light is emitted
from the whole cell. For cholesterol domains (fig. [1.3)), the D4 Theta toxin is used to bind to the
cholesterol molecules naturally present in domains. Cholesterol is not present in other membrane
structures and thus light is only emitted from domains. These probes respectively emit green
and red light and thus determine the color of the acquired image.

\J

{

Figure 1.1: Wide-field mi-
croscopy image of Sphin-

Figure 1.2: Confocal mi-
croscopy image of Sphin-

Figure 1.3: Confocal mi-
croscopy image of Cholesterol

gomyelin labelled with BOD-
IPY, this probe emits green
light. Sphingomyelin domains
are located only in the central
part of the cell.

gomyelin labelled with BOD-
IPY, this probe emits green
light. Sphingomyelin domains
are located only in the central
part of the cell.

labelled by the Theta probe,
this probe emits red light.
Cholesterol domains are lo-
cated on the centrum and pe-
riphery of the cell.

Microscope type

To capture images, 2 types of microscopes are considered : wide-field fluorescent microscopy
and confocal microscopy. Wide-field fluorescent microscopes gather the light emitted by the
whole sample structure and thus leads to brighter images : red blood cells are brighter and the
spots are more difficult to see (fig. . This microscope can produce an image in less than
one second. Alternatively, confocal microscopy may be used. In this case, only the light coming
from a thin layer (400 nm) of the sample is recorded. This leads to darker images where the
spots are easier to see (fig. and . However, this technique takes more time to produce
images (15 secondes for one imagd'|) and is also more expensive to use. Biologists chose to use
both techniques. They use wide-field microscopy for sphingomyelin domain analysis. Capturing
the whole fluorescence emitted from the sample is not a problem here since domains are located
in the center of the cell and can be easily seen. On the contrary, confocal microscopy is used

! Acquisition times are provided as indicative values since they depend on many parameters and can vary
considerably.
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to analyze cholesterol domains. Indeed, since these domains are also located on the border of
the cell, they are less visible on wide-field fluorescent images. Moreover, they appear blurred
and are difficult to detect even manually, leading to counting discrepancies between researchers.
Confocal microscopy is thus favoured for this case, with the disadvantage of a higher cost.

Finally, for both techniques, the microscope gives two images : the transmission image (fig.
and built from the light passing through the sample and thus without the fluorescent
information; and the fluorescent image (fig. and built from the light emitted by the
fluorescent probes.

Figure 1.4: Confocal microscopy image of Figure 1.5: Confocal microscopy image of
cholesterol domains : Fluorescence image. cholesterol domains : Transmission image.

Figure 1.6: Wide-field microscopy image Figure 1.7: Wide-field microscopy image
of sphingomyelin domains : Fluorescence of sphingomyelin domains : Transmission
image. image.

Images characteristics and biological relevance of their visual features

Whatever their acquisition method and fluorescent labelling, images show common properties.

e The microscope returns grey-level images : for convenience, color is then added to the
fluorescence images to reflect the emitted color of the probe but it brings no information.

e Resolution may differ from one image to the other. However, each image is given with its
resolution (number of pixels) and scale (total real size of the image).

e Lipidic domains are bright spots in the images with a diameter of about 0.5-0.6 nm. Red
blood cells are very well shaped cells : there are circular with a diameter of about 8 um.

11



Samples are not perfect. Potential artifacts have to be taken into account when segmenting
and analyzing red blood cells. The main irregularities and sources of confusion that can occur
are :

e The presence of another cell : generally a white blood cell. These cells are larger and can
thus be removed based on their size (fig. [1.§(a)).

e The presence of dying cells : these cells begin to vesiculate and bright spots are released by
the cell. These isolated bright spots and the ones belonging to the dying cell must not be
taken into account. These dying cells are not present in the transmission images, we will
thus make our cell segmentation on these images (fig. [1.8{(b)).

e Artifacts due to cells lying above or under the confocal plane or mis-placed on the support
: these cells are seen in the transmission images but they don’t show bright spots in the
fluorescent image. They can be differentiated from confocal cells in the transmission images
due to their darker appearance (fig. [L.§|«c)).

The given examples only show cholesterol domains, however these exceptions are also seen for
sphingomyelin domains.

(a) White blood cell (b) Dying cell that vesiculates (c) Artifact due to a cell out of the
confocal plane

Figure 1.8: Examples of artifact and exception occuring in images. Confocal microscopy image
and transmission image are superimposed.

1.1.2 Problem statement

Concretely, researchers are interested in different information. They would like to :

e Count the number of bright spots and thus the number of lipidic domains per red blood
cell unit surface;

e Count the surface occupied by the bright spots per red blood cell unit surface;

e Compute the radial distribution of bright spots in a cell by looking at their distances to
the center of the cell.

These requirements can be translated in two problems : Bright Spots Detection and Cells
Segmentation. The proposed algorithm will thus focus on these two tasks. On top of this,
methods used to compute spots sizes and remove unwanted cells will also be presented.

As explained previously, images can be obtained with different acquisition procedures. Biol-
ogists are mainly using BODIPY-labelled domains acquired with wide-field microscopy to see

12



Sphingomyelin domains and Theta-labelled domains acquired with confocal microscopy to see
Cholesterol domains. The developed methods will thus focus on these images. These two types
of images will be called wide-field images and confocal images, without mentioning the used
probe. When talking about bright spots detection in confocal images, we are thus speaking
about cholesterol domains, and similarly, the bright spots detection in wide-field images refers
to Sphingomyelin domains (this nomenclature is summarized in table [1.1)). Since currently no
processing tool exists to solve this problem, the running time is not critical. However, achieving
a running time comparable to the acquisition time (1s/image for wide-field microscopy and
15s/image for confocal microscopy) should be convenient. Concretely, algorithms for the three
tasks must be provided in the form of a MATLAB program.

Wide-field microscopy Confocal microscopy
Sphingomyelin | Referred as wide-field images (fig. Not used in this work (fig. [1.2
domains [1.1)
Cholesterol do- Not used in this work Referred as confocal images (fig. [1.3
mains

Table 1.1: Nomenclature used for the different image types

1.2 General methods in segmentation and bright spots detec-
tion

A lot of techniques are currently used for cells image analysis [I7][41]. Mainly two general
approaches can be used to analyze images : image processing techniques and learning techniques.
These two can either be used for cell segmentation or for bright spots detection. Different
methods belong to these categories and have already been used for red blood cells analysis.
Moreover, in most cases, many methods are combined together to perform the whole processing.
We will explain them briefly and a deeper explanation of methods used in this work, will be
given in section [2

1.2.1 Image processing techniques

This type of techniques has the property to keep the pixel representation of the image to analyze
it. Algorithms directly use a numbers array that keep track of the spatial location of each
intensity value. A first method is thresholding. The idea is to keep only pixels that have an
intensity higher or lower than the pre-defined threshold. The threshold can be the same for the
whole image or can be adapted depending on the illumination of the image [32]. Then, we have
corner detectors. These methods aim at finding image patterns by comparison of pixel intensity.
Different detectors have already been proposed depending on the type of pattern to analyze
[16][18][21]. Mathematical Morphology can also be used [3I]. It can be applied on grey-level
images but is generally applied on binary images (that can be obtained from thresholding, for
example). It consists of 2 operations : dilation and erosion, that will respectively dilate or
erode the binary mask of the image. Other techniques that are more focused on segmentation
are the Watershed algorithm [8][27][39]; the Hough Transform and in particular the Circular
Hough Transform that is adapted for circle detection [43] and Active Contours. Active contours
algorithm starts from a manually drawn curve around the object to segment and by minimizing
an energy associated to this curve, the curve will converge toward the edge of the object.

13



1.2.2 Learning based techniques

Even if pixels locations is always taken into account, the pixel representation is not central in
these types of methods. There are mainly three algorithms that are used in cell segmentation.

The first one is clustering. It relies on features extraction and computations in the feature
space. Characteristics for each pixel are computed and form a feature vector. Pixels belonging
to the same object are supposed to be close to each other in the feature space : these features
need to be chosen adequately depending on the type of cells and the type of images. In most
cases, cells are of the same type and show the same features, they thus cannot be clustered into
different clusters. We end up then with only two clusters. If different types of cells are present,
clustering can be used to distinguish them. The distance between vectors can be computed with
different metrics : Euclidean distance and correlation being the most used ones. Based on these
distances, algorithms will cluster vectors together. There are mainly three algorithms used for
this purpose [41] : K-means, fuzzy C-means [5] and Expectation-Maximization.

Then, we have graph-based methods. These methods represent pixels or sub-pixels as nodes in
a graph. Edges between nodes correspond to the similarity between the two pixels and thus their
likelihood to belong to the same object. Nodes are then partitioned, building the segmentation
of each object. Some methods require the number of output partitions, while others do not [38].

Finally, supervised classification can also be used. This method relies on a model that has
previously been built based on data : this can be a geometrical representation as in [7] or a
probabilistic one. Each pixel can be classified independently or super-pixel blocks can be built
and then classified. Both techniques are not able to handle touching object and thus require
second step to segment them. Different well-known classification algorithms are used for cell
segmentation once the model is built : Support Vector Machine (SVM) [33], Convolutional
Neural Networks (CNN) [37][40] or also the K-Nearest Neighbors (KNN).

1.2.3 Method selection

Since we are working on red blood cells, we have a very good prior on the object we are looking
for. These cells are circular and their radius is approximately known. Moreover, all cells have
the same appearance. Their edges are also already well defined in images. Concerning the bright
spots detection, their size is well known and they are defined by a high intensity. Due to these
reasons, we are going to use an image processing approach to solve the current task. Indeed,
with these kind of methods we can use our prior information to define the parameters of our
methods. On the contrary, with learning techniques, the prior information is not used in the
implementation : the algorithm is going to find it by itself. However, in our case, this prior might
not be easy to find by learning since we can have noisy images.

1.3 Work Contributions

The solution to the biologists task will be first to segment cells from the transmission image and
then to detect the bright spots from the fluorescence image. Bright spots that are lying outside
of cells will be removed and only the other ones will be kept in our computations. Finally, we
will be able to count the number of spots, the number of cells, evaluate their surface and location.
Each spot can then be assigned to one cell and finally the spot density and radical distribution
can be computed.

The structure of this report will be the following. In chapter [2], we will present the different
algorithms we are going to use to perform cells segmentation and bright spots detection. Then,
chapters [3| and {4] will be devoted to our methods explanation, respectively for Bright spots
detection and Cells Segmentation. Next, chapter [5| will present the different metrics that are
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used to analyze algorithm performances and to characterize bright spots. It also defines precisely
the input parameters that are used to perform it. The ground truth will also be defined in this
chapter. Afterwards, results of the predefined algorithms on the testing data will be presented
and discussed (chapter @ This consists mainly in comparing algorithm results with ground
truth. Chapter [7| will then present a brief analysis of lipidic domains (detected bright spots)
properties. These properties will be compared with other literature results that has already been
gathered and with ground truth. For each property, comparison between healthy cells and elliptic
ones will also be made. The relevance to use the proposed methods to compare these cells will
be assessed. Finally, a conclusion about the proposed method and its results will be given in

chapter
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Chapter 2

State of the Art Review

This chapter introduces the main image processing techniques that are considered to answer
biologists questions. The way these techniques are adapted will be given in chapters [3| and

2.1 Salient points detection

Bright spots detection can be seen as a salient point detection problem, also named corner
detection in the literature.

Salient points correspond to singularities in the image intensity pattern. Detecting them will
largely rely on the comparison of pixels intensities in a local neighborhood, using appropriate
filters. A first simple corner detector was proposed by Moravec [16]. It takes a window and
compare this window to adjacent ones. If there is a large difference between the two, an edge is
present. This is repeated in all four directions and determine if we have an edge, a corner, an
isolated point or a flat surface. Harris [16] improved this tool by considering smaller window
shifts and by using smoothing functions. The Harris detector was then used as a starting point
for other works [22]. Kitchen and Rosenberg [18] also built salient point detectors by combining
edge detection and gradient computation.

Concerning edge detectors, we have also differential local filters [24]. This filter category
clusters Prewitt, Sobel and Robert filters. Unlike Moravec detector that compares windows to
detect a gradient, they compare neighbouring pixels intensities directly. They can be represented
as convolution kernels, typically a 2x2 matrix for Robert and a 3x3 matrix for Sobel and Prewitt
filters. These filters are directional, meaning they only detect edges in one direction. To find
all edges, the image is filtered in each direction and the solutions of all filterings are added.
As example [15], two Sobel operators are given here : S} detects vertical edges and Sy detects
horizontal edges.

-1 0 1 1 2 1
-1 01 -1 -2 -1

More advanced works have been developed to have scale invariant detectors. It is the case
of the SIFT (Scale Invariant Feature Transform) detector [22]. The method uses a Gaussian
function G(z,y,0), as scale-space kernel that is then convoluted with the image intensity I(x,y):

L(z,y,0) = G(z,y,0) * I(x,y)

To detect salient points, a difference of these Gaussian functions is applied on the input image
[22]. This corresponds to filter the image with two different Gaussian filters and then substracting
the obtained images.

D(‘T7y70-) = (G(xvya kO’) - G(‘T7y7 U)) * I(‘Tvy) = L($7y, kO’) - L(xvyvo-)
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Here, the two Gaussian functions have standard deviations ¢ and ko. This difference of
Gaussian functions is also called the Mexican Hat function (as can be understood in figure
. This Mexican Hat can be seen as an approximation for the Laplacian of Gaussians filter.
Formally, Mexican Hat functions can also be defined

like,

g2
\Ij(.fU) = (2 — x2)€T 0.05

where x = x|, the length of the position vector x.
Bay [3] went a step further and developed the SURF
(Speeded-Up Robust Features) detector. It uses the
Hessian matrix and approximate it as done in SIF'T,
by image integrals. Mathematically, it is written as
follows :

H(x,0) = Lyy(x,0) Lyy(x,0) - -
Ly.(x,0) Lyy(x,0) e

where x is an image point (x,y), Lazz(x,0) is the

convolution of the Gaussian second order derivative Figure 2.1: Mexican hat function in the

with the image I in point x and similarly for the 3D-space, generated by a difference of two

other directions. In practice, the filtered values will Gaussian functions. It shows why it is

be estimated with box integrals that are faster to called a Mexican hat.

compute (fig. . These techniques can be easily

extended to color images since RGB images can be seen as three gray-level images. They were

also further developed to be scale and affine invariant [36].

I11

Figure 2.2: Real Gaussian second order derivative in y-direction (first panel) and in xy-direction
(second panel) and their corresponding box integral approximation (third and fourth panels) [3]

2.2 Cells segmentation

Cells segmentation techniques have been widely investigated. Many techniques are used nowadays
to solve this problem [I7][41]. The aim of cell segmentation is to define the boundary of each cell
in the image. This allows to distinguish each cell from other cells and from background.

2.2.1 Intensity Thresholding

Thresholding is a simple image processing tool that consists in keeping only pixels that have
an intensity lower or higher than a predefined threshold. This operation will produce a binary
image, defining if the pixel is above or under the threshold. The method is suited for segmenting
images in which the object (e.g. cell) of interest has a higher or lower intensity than the rest
of the image. In simple images, the threshold may be the same for the whole image. In more
complex cases, where the illumination is not the same everywhere, a locally adaptative threshold
may be used. Otsu’s method [32] computes this local threshold on sub-windows of the local
image by maximizing the between-class variance of the current sub-window. Alternatively,
iterative thresholding can be used. It is the use of successive thresholdings. Thresholds may
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be increasing or decreasing, the thresholds used are defined by a maximum threshold ¢,,4., &
minimum threshold ¢,,,;, and a number of iteration nteration. In the context of this work, iterative
thresholding is used in two ways for bright spots detection. The first one, referred here after as
sequential thresholding, will apply sequentially different thresholds on the same initial image. For
each threshold, pixels that have a larger (lower) intensity are set to one (zero). The obtained
binary image is analyzed to extract white pixels regions that correspond to bright spots based
on a geometry criterion. Finally, the best threshold is chosen to maximize the number of regions
that have the right properties. This threshold is used for a final thresholding that will define
regions that are kept. A second way of using iterative thresholding is to adapt the image that is
thresholded at each step. For the first step, the image is thresholded with the highest threshold.
Again, pixels that have a larger (lower) intensity are set to one (zero). Regions properties are
then computed and only regions that have properties corresponding to the criteria are kept.
These regions are stored and removed from the initial image. This new image is then used for the
next thresholding. The process is repeated again with decreasing thresholds until the minimum
threshold is reached. At each step, the regions that are kept are stored to finally have a mask of
all kept regions.

2.2.2 Morphology Operators

Mathematical morphology applies on binary and grey-level images. We restricted here our
definition for binary images since, in the rest of our work, mathematical morphology is only
considered to denoise thresholded images. Basically, two operations exist : erosion and dilation.
These operations apply a structuring element B € Z2 on the image A € Z? and are defined as

follows [10][44]:

Dilation : A& B = UpepAy
Erosion : AS B =Mpcpd_y

with Ay, = {c € Z® | ¢ = a+b, for some a € A}. A schematic representation of the two
operators is given in figures [2.3] and 2.4]

(B)—__

(B)x

AD®B

Figure 2.3: Dilation operation : The operator Figure 2.4: Erosion operation : The operator
enlarges the boundaries of the binary images. crops the boundaries of the binary images. A is
A is the original image, B is the structuring the original image, B is the structuring element,

element, A @ B is the resulting image. (from A © B is the resulting image. (from [44])

[44])

These two operations can be applied successively and create two other ones called opening
and closing and defined as follows:

Opening : AeB=(A®B)S B

Closing: AoB=(A©6B)®B
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Figure 2.5: Opening with a 3X3 square Figure 2.6: Closing with a 3X3 square struc-
structuring element. (from [13]) turing element. (from [12])

2.2.3 Watershed Transform

Watershed transform is widely used for segmentation. The pixel intensity or alternatively the
image gradient profile is here seen as a landscape. Water is flooded from lowest locations in
the landscape and progressively fills valleys. The merging of two growing regions defines the
boundary between those regions. This is done until water fills the whole image.

From a formal point of view, the Watershed algorithm can be defined in different ways [30].
Definitions for the continuous case as well as for the discrete case exist. We will here focus on
the latter since we are working on images that have discrete intensities values. Moreover, two
definitions are possible in this case : one by immersion and one by topographical distance [30].
This latter one will be presented [27]. In both cases, a graph formalism is adopted.

A graph G=(V,E,w) is defined by vertices (or nodes) V and by edges E C V x V that link
vertices between each other. The graph may be directed or not. Ng(v) represents the neighbours
of vertice v, i.e. all vertices that are linked to v by an edge. In the case of a weighted graph,
each edge (p,q) is associated with a non-negative weight w=d(p,q), where d(p,q) is the distance
between non-neighbouring pixels p and q. This distance is defined by the minimum path length
among all paths form p to qg.

An image or its gradient can be seen as a graph where each pixel is a vertice and is linked
in the graph to its neighbouring pixels. Let f be the digital grey value of an image defined
for all pixels p in this image. We focus here on lower complete f functions, meaning that each
non-minimum pixel has a neighbour of lower grey value. It rejects images where plateaus of
pixels with the same intensity are present. The extension of the algorithm to this case can be
found in [30]. To build the watershed definition, different concepts need to be defined. This is
what is done here under.

The lower slope LS(p) of f at a pixel p is defined as the maximal slope between p and one of
its neighbours.
f(p) — f(9)
LS(p) = max S
v q€NG(p)U{p} ( d(p,q) )

where Ng(p) is the set of neighbours of p and d(p,q) is the distance associated with the edge
between p and . From this lower slope, a cost to go from pixel p to a neighbouring pixel q can

be built.
LS(p)-d(p,q) if  flp) > f(9)
cost(p,q) = § LS(q)-d(p,q) if flp)<f(9)
5(LS(p) + LS(q))-d(p,q) if f(p)= f(q)
The set of lower neighbours q of p for which the slope % is maximal (thus equals the value

of LS(p)) is denoted by T'(p).
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The topographical distance along a path m = (py, ..., p;) between pg = p and p; = ¢ is defined

as
-1

T7(p,q) = Y d(ps, pit1)cost(pi, pit1)
=0
The topographical distance between p and q is then the minimum topographical distance along
all paths between p and q :

T = min 77
7(p,q) L 7(p;q)

where the set of all paths from p to q is denoted by [p — ¢|. The path (pg, p1, ..., pr) from py = p
to pn, = q is of steepest descent if p;+1 € I'(p;) for each i=0,...,n-1.

The watershed definition is based on a property of the topographical distance : Let f(p)>f(q),
a path 7 from p to q is of steepest descent if and only if TF (p,q) = f(p) — f(g). If not we have
17 (p,q) > f(p) — f(q). The paths of steepest descent are thus the shortest paths (geodesics) of
the topographical distance function. Thereafter, the term of catchment basin CB can be defined.
Let f € C(D) have minima {my}rer for some index I, where C(D) is the space of real twice
continuously differentiable functions on a connected domain D. The catchment basin C'B(m;) of
a minimum m; is defined as the set of points € D which are topographically closer to m; than
to any other minimum m:

CB(mi) ={ze D | VjeI\{i}: f(mi)+Ts(x,mi) < f(my)+Ty(x,m;)}

Finally, the watershed definition of f is given by the set of points which do not belong to any
catchment basin :

C
Watershed(f) = DN ( U CB(mi)>
i€l
where the superscript ¢ refers to the complementary operation. The Watershed transform is
thus a mapping between the image pixels (or alternatively their gradient) and a set of indexes
that label each catchment basin and the watershed region. Formally, let W be some label with
W ¢ 1. The watershed transform of f is the mapping A : D — I U {W}, such that A(p) = ¢ if
p € CB(m;), and A(p) = W if p € Watershed(f).

The major drawback of the Watershed algorithm is that a lot of local minimum are present
in gradient images. This leads to over-segmentation since for each minimum a catchment basin
will be built. A subsequent step is generally to merge regions together. Mainly two ways are
possible to do it : either use the edge information, either build a statistical object model. In
most cases, when edge information is used, the idea is to delete edges that are too weak, i.e.
have a too low gradient amplitude and do not correspond to a real edge. The other solution is to
build a statistical object model [19] : first, cells are modeled with a multivariate Gaussian; then a
merging score is computed for each segment depending on its agreement with the Gaussian model
and finally, the decision to delete the edge or not is taken by thresholding the score. Another
way to do this, is to build a hierarchical merge tree [20]. The first step of this method consists in
building a region adjacency graph of the image. Then, a merge tree of a given depth is built
for each node. The score of each node of the tree depends on the likelihood for regions to be
merged according to some criterion. Finally, the node with the highest score will induce merging

(graphical representation in fig. [2.7).
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Objects Merge Tree 7°(3,1)

h Region Adjacency Graph level ¢=0

level d=1
DX
4
level d=2
Node has the highest score, so
{1,2,3) will be possibly merged
(8 (b) (©)

Figure 2.7: Graphical representation of the merge tree method. (a) Watershed segmented regions
of the input image, (b) Region adjacency graph built from segmentation, (c¢) Merge tree built
from the region adjacency graph and used for merging the over-segmented regions [20].

Another commonly used solution is to use a marker-controlled watershed algorithm [28]. The
idea is to restrict the sources of water to locations where we want an object to be detected.
Different methods can be used to perform this : H-minima/maxima, Hough Transform and
mathematical morphology are examples. In the scope of this work, morphological reconstruction
is used to apply the computed marker on the image to segment. This method is explained in the
following section.

Marker-controlled watershed transform

In marker-controlled watershed, locations where water rises are controlled to avoid over-segmentation.
In practice, this is done by enforcing pixels of the control marker to be regional minima of the
image to segment. Concretely, morphological reconstruction is used to perform it. This algorithm
uses an image and a mask as input. The procedure to obtain these inputs is given below.

e Input image :

1. Modify the image to be segmented such that pixels indicated by the mask have a
positive infinite value;

2. Take the complementary image of the one obtained at previous step;

e Input mask : Impose a positive infinity value at white pixels locations and a negative
infinity value at black pixels location.

Morphological reconstruction is then applied with these inputs. Concretely, it consists to
apply dilation on the image iteratively, under the constrain to lie underneath the mask. When
further dilation ceases to change the image, the process ends. A schematic representation of this
algorithm is given in figure 2.8
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Successive F
dilations of the mask

Reconstructed
image

Figure 2.8: Schematic representation of the morphological reconstruction algorithm. The red
curve is the input mask and the blue curve is the input image. This algorithm is used to apply
our control marker for the watershed algorithm on the transmission image to segment [26].

An example of how the image is modified with this technique is given below (fig. .

Three regional minima

} e

L

-1 Original image

Single minimum

L

Marker image
J =~ superimposed

I

=+ Original image

Single minimum
Image after
minima imposition

-« QOriginal image

-

Figure 2.9: Example of how morphological reconstruction can be used to impose a local minimum
on an image. This algorithm is used to apply our control marker for the watershed algorithm on
the transmission image to segment [26].
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2.2.4 Circular Hough Transform

The Circular Hough Transform is relevant for red blood cells detection. Indeed, red blood cells
have a well defined circular shape and their diameter is approximately known.

The Circular Hough Transform algorithm is based on edge detection and on an accumulator
space [2]. The basic principle is as follows. A circle in an image can be represented by the
equation (z — a)? + (y — b)? = 2. The aim is to find a, b and r for all circles in the image.
Edge points, i.e. pixels defining object boundaries, are first extracted from the image. Various
methods can be used to perform this. The accumulator space is composed of three dimensions
: x and y, the location of the center of the circle and r, its radius. For each edge point, the
increment in the accumulator space has a cone shape (fig. [2.10). This cone represents the
possible locations for a circle center, if the edge point belongs to the circle. The cone peak is
centered at the edge point location and grows upward. This procedure will be repeated for
all detected edge points. Finally, the point in the accumulator space that has the larger value
will be chosen to be the circle center and the third dimension will give the radius of the circle.

This procedure requires a large storage [42] but

is however robust to noise, occlusion and illumina- r
tion variation [25]. To reduce storage requirements
[42] but also enhance efficiency and accuracy, and
reduce complexity [2], researchers have adapted this
basic principle in various way. First, edge orientation y
(Kimme et al.) was exploited [2]. Thanks to this
information, a smaller part of the accumulator array
will be incremented since we know on which side
of the edge point the center will be. Going further,
Minor and Sklansky [2] only incremented a line per-
pendicular to the tangent at edge point. This line
takes into account all radius length possibilities. A
2-dimensional accumulator space is thus sufficient,
reducing the computational complexity. Finally, if a oD space for a unique detected edge point
range for the radius value is known, only a segment (from [29])

will be incremented in the accumulator array. Another idea, proposed by Atherton and Kerbyson
[1], was to use a complex accumulator array. This algorithm is known as Coherent Circle
Hough Transform or Phase Coding. It uses the previous idea and only increments lines in the
accumulator array. The real part of the array records the location of the circle center. The
phase (from 0 to 27) records the radius by being proportional to the distance from the edge
point. Points coming from the same circle will be in phase at the center location, producing
a constructive interference. On the other hand, points coming from noise or edges points not
coming from a circle will interfere destructively, leading to a lower peak. The larger peak in the
accumulator array is then chosen to be the center of the circle and its phase gives the radius of
the circle.

Figure 2.10: Accumulation pattern in the

Mathematically, this is written as follows [I]. Let the edge image be defined by O(x) =
(Oz(x),04(x))T, where x is the point location. The edge magnitude is e(x) = [|O(x)|| and its
orientation is 1(x) = arg(O(x)), with the unit vector in this direction noted by O(x). Initially,
the accumulator for the set of points X, in the image I is :

H(x)=0 vxeX
The accumulator values are then incremented :

Hp(x)= ) e(x)

x’€S(x)
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where S(x) is the set of points lying in a range between R,,;, and R4z, on the line coming from
the current edge point. R, and R,,q; are respectively the minimum and maximum radius
length provided by the user. Mathematically, this is written as follows :

S(x) = {w; [|(L = O(w)O" (W) (W = %)|| < 1, Rynin < [[(W = %) < Rynas'}

In phase coding, the array increment is slightly modified to contain complex numbers and to
take the radius of the circle into account.

H.(x) = Z e(x”)exp(—2miug||x — x’||)
x’eS(x)

where wug is fixed such that one wavelength of the sinusoid function fits the range R0z — Rmin,
i.e.
ug = (Rmax - Rmin)_l-
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Chapter 3

Bright Spots Detection

In this section, the algorithms used to detect bright spots will be described. Strategies are
different depending on the image type : confocal images with Theta-labelling to see Cholesterol
domains or wide-field images with BODIPY-labelling to see Sphingomyelin domains. Methods
will thus be described independently. Two methods were developed for the confocal images while
only one was built for wide-field images. Before presenting the algorithms, the prior knowledge
that is exploited by each of them will be presented. This prior is common to both image types.

3.1 Prior knowledge

Bright spots are defined by their area and eccentricity. The criteria that are used here to
characterize bright spots are an area interval A and a maximum eccentricity FE.q.. These
parameters can be adjusted depending on the aspect of the spots that need to be detected. Values
used for results and how they are defined are given in section The area interval is given in
pum?, the algorithm translates these values in number of pixel in the image. To do so, the size of
the image S in um and its resolution Res in number of pixels are provided by the user.

3.2 Confocal microscopy images

Two techniques are proposed to detect bright spots in confocal images. The first technique
performs an iterative thresholding on the fluorescence image. The second one performs a unique
thresholding on a filtered version of the fluorescence image.

3.2.1 Iterative Thresholding method

Iterative thresholding (see explanation in section is here performed from high intensities
to lower ones. Points that correspond to the criterion previously defined can be extracted. For
all presented simulations, the maximum and minimum thresholds are respectively set to 0.98
and 0.2 since pixels intensities go from 0 to 1. The number of iterations is set to 50.

3.2.2 Unique Thresholding and Filtering method

The first step consists in filtering the fluorescence image with a Mexican Hat filter (see figure
in section for more details). This Mexican Hat is defined to have a high response to
points and a low response to edges. These conditions can be translated in integral conditions
as can be seen in figure 3.1} The red integral computed for a horizontal border must be low

and the magenta integral computed for a point must be high. The expression adopted here is
2

U(X)=(2- 1.475X2)e%, where X = }’“:;yz . x and y are the coordinates with respect to
the center of the pattern. R,eqn is here the average radius of the points we are looking for, this

25



15
10
5 1
0
05
5
o
-10
05
5 -10 5 0 5 10 15

15
-1

Figure 3.1: Mexican Hat used for bright spots detection in the Unique Thresholding and filtering
2

method :W(z) = (2 — 1.47522)e 2 . Parameters are chosen to have a low response for cells
borders (red integral must be low) and a high response for spots (magenta integral must be high).
Point diameter is here of 5 pixels, the red integral is of 5.66 and the magenta integral is of 19.08.

parameter enables to adapt the filter width to the points width. This radius is computed from
the area range provided as input : the mean area range is computed and the radius is deduced
from this value by assuming points are perfect circles.

The second step is to apply sequential thresholding to determine the best threshold (see
section for more details). The computed properties are the ones used to defined bright spots,
i.e. area and eccentricity. The used thresholds go from the maximum of the image intensity to
the minimum and the number of iterations n;., can be adjusted. However, in all our simulation
it will be set to a value of 100 iterations.

3.3 Wide-field microscopy images

In the case of wide-field images, the contrast between bright spots and the rest of the cell is lower
than for confocal images (see figure [3.2|(a)). Images are thus filtered with a Sobel operator (see
section for more details) in order to have images that look like confocal image : bright spots
with intensity much higher than the neighbouring cell. However, Sobel filtering increases noise
and leads to false detection outside cells. The background of the image will thus be extracted
first. Background can be easily detected from histogram analysis of the fluorescence image.
Indeed, the light of the whole cell is captured by the microscope in wide-field images, background
is thus completely dark and cells are brighter. A unique thresholding will be enough to define
background and the used threshold is defined as the minimum location between the two larger
maximum in the histogram (see figure [3.2).

Once background pixels have been extracted and the images have been filtered by a Sobel
filter, the final step consists in an iterative thresholding method (as in method of section
to select regions that meet requirements to be a bright spot (requirements defined in terms of
area range and maximum eccentricity as previously). Number of iterations is again set to 50 and
the range for thresholds is [0.4; 0.98]. The lower threshold is higher than previously to be sure to
detect only points with a high contrast with respect to cell intensity.
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(a) Fluorescence image (b) Histogram - Region 1 corresponds to background and region 2 to
cells

Figure 3.2: Example for fluorescence image in the case of BODIPY-labelling : the analysis of
the histogram can be used to define the threshold between cells and background. The threshold
between regions 1 and 2 is defined as the minimum location between the two larger maximum in
the histogram.

3.4 Spots size computation

For both image types, the way spot sizes are defined is the same. Around each spot centroid, a
square with sides S = 2D, with D the diameter of spots, is kept. This small image is thresholded
with a threshold T defined like : T = Iar — (Imaw — Imin) * &, where Ipq, and I, are
respectively the maximum and minimum intensities of pixels in the kept square. « is determined
based on biologists delimitation of spots : a = 0.7 for confocal images and a = 0.5 for wide-field
images. Based on the obtained binary image, the number of pixels belonging to each connected
region is computed. If many connected region are observed in the square image, then only the
largest one is kept.

3.5 Parameters summary

Here is presented a summary of input parameters that must be provided by the user. They are
the same for all methods. The numerical values that were used for simulation and the way there
are defined are given in section [5.3

e Image characteristics :

— Res, the image resolution;

— S, the image size.
e Bright spots descriptors :

— A, the area range of bright spots ;

— Emax, the maximum eccentricity of bright spots.
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Chapter 4

Cells Segmentation

The method used to segment cells is a marker-controlled watershed algorithm. This method is
fully explained in section It has already been used in cell segmentation [4][39][43]. The
specificity of our implementation lies in the procedure adopted to define the markers. Depending
on the image type, markers will be different. Two methods are presented for the confocal images
and one for the wide-field images. Adaptations of each of them in the case of elliptic cells are
given. As for bright spot detection, a prior knowledge about cells is first presented.

4.1 Prior knowledge

Cells are defined based on their size and concavity ratio. The concavity ratio CR is defined as

follows : 4 A
C R — convexr ~

ACOTL’UELE

where A is the area of the cell and A onvesr is the area of the convex hull around the cell. The
larger the concavity ratio, the more concave the cell is. An allowed area range A and a maximum
concavity ratio CR,,q: will be used to reject regions that are segmented and do not correspond
to cells. Values used for results and how they are defined are given in section [5.3] The area range
is given in pm?, the algorithm translates these values in number of pixel in the image. To do so,
the size of the image S in wm? and its resolution Res in number of pixels, are provided by the
user. Finally, a second shape criterion is used to define cells. The length ratio LR is defined as
the ratio between the major and minor axis length of the ellipse that has the same normalized
variances as the cell. To ensure cells to have a circular shape, a maximum length ratio LR,,q.
will be imposed, knowing that the perfect circle has a length ratio of 1.

In the case of elliptocytosis, cells have elliptic shapes and a different area. Research is still
ongoing but globally, we can already say that elliptic cells have a lower area than control cells
but the area variance is larger. This is translated by new boundaries for the allowed cells area.
Moreover, the concavity ratio is kept as criterion while the length ratio is not used anymore since
cells are not circles.

4.2 Confocal microscopy images

Two methods are proposed to segment cells in confocal microscopy images. The first one uses
thresholding to determine the seeds for the watershed algorithm, while the second uses the
Circular Hough Transform (CHT) (see method explanation in section to define them. In
both cases, the watershed algorithm is then applied on transmission images. Indeed, these images
have high intensities values at cells edges, which is required for the watershed algorithm to work.
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The fluorescence images do not present such characteristics (see the example provided in figure

1).

(a) Fluorescence image (b) Transmission image

Figure 4.1: Confocal microscopy images of cholesterol domains : the transmission image is used
for watershed algorithm since it has high intensity values at cells edges, this is not the case for
the fluorescence image.

4.2.1 Thresholding controlled watershed

This method is composed of three steps: firstly, the threshold that isolate cells edges is computed
and the marker is built; secondly, the marker is applied on the image to be segmented and thirdly,
the watershed algorithm is applied on the new image to produce the final segmentation and
wrong cells are deleted.

Threshold selection and marker construction

Based on histogram analysis, a threshold can be found to extract cells that are darker in the
image. An example of this is shown in figure The first threshold T1 between regions 1 and
2 is defined as the minimum between the two larger maximum of the histogram. The second
threshold T2 between region 2 and 3 is defined as the location where the histogram derivative
is the lowest. In some cases, the histogram does not show a local minimum between the two
maxima to define T1. In these cases, only a maximum is visible in the histogram and this
maximum is chosen as T1 threshold.
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(a) Transmission image (b) Histogram - Region 1 corresponds to the cells, region 2 to the background
and region 3 to the cells borders

Figure 4.2: Example of transmission image in the case of theta-labelling : the analysis of the
histogram can be used to define the threshold between the inner part of the cells, their borders
and the rest of the image

Pixels with values under the T1 threshold are kept and stored as a mask. An opening is then
performed on this mask with a disk structuring element with a radius of 10 pixels. This mask is
used as control marker for the watershed algorithm.

Image modification and Watershed algorithm

Morphological reconstruction (see more details in section is used to impose pixels belonging
to the mask as regional minima, and consequently as sources of water in the watershed flooding
process. After they have been imposed, the watershed algorithm is applied. This produces the
segmentation of the image. The result for one image is given in figure [£.3] and compared to the
result without control marker. Clearly, over-segmentation is present without the use of markers
and segmentation is strongly improved with them. However, some cells may have been badly
delimited and thus cells that do not respect the predefined criterion (see details in section
are rejected. Background can also be segmented in several regions that are larger than cells, the
criterion also enables to reject them.

(a) Watershed segmentation with-(b) Watershed segmentation with (¢) Marker used to obtain the seg-
out control markers control markers mentation in panel (b) built from
thresholding

Figure 4.3: Example of the impact of control marker used in watershed segmentation
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4.2.2 CHT controlled watershed

As for the previous method, this one is composed of three steps : control marker construction,
watershed segmentation and wrong cells removal.

Control marker construction by CHT

As already seen previously, cells edges can
be extracted by thresholding the transmission
image (histogram was shown on figure .
However, thresholding does not provide well
defined edges depending on the image illumina-
tion. Circular Hough Transform is then used
to detect circular shapes. Circles centers will
then be chosen as markers for the watershed al-
gorithm. The phase coding technique for CHT
(described in section is chosen since its
complex accumulator array speeds up radii
computation and it is more robust to noise.

The technique used to determine edge pix- 0 0.02 0.04 0.06 0.08 04
els is the Otsu thresholding method already Accumulator value
explained in section [2.2.1] [32]. The gradient
is computed for all pixels and the threshold
on the gradient value is computed to minimize
the intraclass variance. Only pixels with a
gradient value larger than the threshold will
be used for accumulation. A radius range R
will also be provided to limit the number of
points to be incremented in the array. This one is computed based on the cells area range
provided by the user, by assuming cells are perfect circles. Based on the accumulator array, an
histogram of the occurrences of each accumulator value is built (see example on fig. . A
lot of accumulator values are really low and does not correspond to cells. A threshold based
on this histogram is computed to reject too low accumulation values. The histogram curve is
filtered with a all zero-phases digital filtering (window size of 3) and discretely differentiated.
The location of the last negative peak of the obtained curve corresponds to the threshold above
which occurrences begin to be relatively low. This threshold is multiplied by 1.5 to give the final
threshold on the accumulator values. This factor is added to remove more circles because even for
metrics higher than the defined threshold, the number of occurrences is relatively high compared
to the number of cells in each image. It is of approximately 100 as can be seen in figure [£.4]
Only circles with an accumulator value higher than this threshold will be considered as real circles.

Occurrences

Figure 4.4: Histogram of the accumulator value
occurrences. It is used to define the threshold
on the accumulator value above which they cor-
respond to a circle. This threshold is defined as
the value for which the filtered histogram slope
is the lowest multiplied by a factor of 1.5.

Among all circles that are detected, a lot of them are really close to each other. Indeed, since
cells are not perfect circles, we often have 5 circles found for one cell. The idea is then to remove
circles that are too close to each other and to only keep one of them. Circles that are too close
to each other are defined here as circles for which the distance between their centers is smaller
than the maximum radius allowed for cells. The circle that is kept is not critical since only
the center will be used to determine the control marker of the watershed algorithm. The pro-
posed implementation will keep the circle with the largest accumulation value, which seems logical.

Once all cells centers are found, they are combined in a binary mask : black everywhere and
white where a center is located. This mask will be our control marker.
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Image modification and Watershed algorithm

The image that is used to apply the watershed algorithm is the Sobel filtered version of the
transmission image (the principle of the Sobel filter is explained in section . This will increase
intensity of not well defined edges and avoid water leakage where edge intensity is too low. Next,
as for the previous algorithm, morphological reconstruction (see section is used to impose
the regional minima of the control marker on the filtered image. Finally, the watershed algorithm
is applied on this modified image to produce segmentation and wrong cells are rejected based on
the predefined criterion (see details in section [4.1)). Resulting segmentation and marker for one
image is given in figure The comparison with the segmentation without marker shows the
crucial contribution of control marker in segmentation results.

e AR

(a) Watershed segmentation with-(b) Watershed segmentation with (c) Marker used to obtain the seg-
out control markers control markers mentation in panel (b), built from
CHT circle centers

Figure 4.5: Example of the impact of control marker used in watershed segmentation

4.3 Wide-field microscopy images

For this type of images, a combination of the two techniques proposed for the confocal microscopy
images is used. The control marker for the watershed algorithm will be built from thresholding
and from CHT results. This improvement is made because in these images, more cells are
touching each other and flattened. The CHT will thus detect less cells and seeds will be missing,
this is thus solved by adding seeds form thresholding.

Thresholding built control marker

For wide-field images, the fluorescence image can be used to easily extract background pixels.
This is made using threshold analysis to determine a threshold between bright cells and black
background. The algorithm used to compute the threshold and an example of this were already
given in section (fig. 13.2)). Pixels under this threshold will form a region used as background
marker for the watershed algorithm. Concerning cells seeds, iterative thresholding on the
transmission image is used to find them. The image used for thresholding is the transmission
image where the pre-computed background has been removed. Tested thresholds go from the
background threshold to the maximum intensity of the image. The iteration step s can be
adapted, however in all our simulation it will be set at a value of 0.5. After each thresholding,
regions under the threshold are analyzed and if they meet the geometric criteria they are kept as
seed and removed from the image. The iteration can then go further. Criteria for seeds’ geometry
is related to the cell criteria : the maximum and minimum allowed area are the half of the
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maximum and minimum area allowed for cells. A maximum eccentricity of 0.8 is also imposed to
avoid structure that do not represent cells, to be used as seeds. Seeds and background are then
combined to form a unique control marker.

CHT built control marker

In addition, centers returned by the CHT applied on the fluorescence image are used as marker.
The fluorescence image is chosen because it is less noisy than the transmission image and presents
a gradient large enough on cells borders. The algorithm is exactly the same as for the confocal
images (see section [4.2.2)).

Image modification and watershed segmentation

Finally, seeds from thresholding and CHT are combined in a unique control marker. The
fluorescence image is used because it is less noisy, however this image does not have a high
intensity at edges and the watershed algorithm cannot be performed directly on image intensity
values. The differential Sobel operator is thus applied to produce hills at cells borders. The control
marker is then used to apply regional minima on the image by morphological reconstruction and
the watershed algorithm performs segmentation. As previously, wrongly segmented regions that
do not respect the cells geometry criterion are removed (see details in section .

4.4 Elliptic red blood cells

Confocal images Concerning the thresholding controlled watershed, no modifications need to
be done in the algorithm to segment elliptic cells. Only the input parameters that define cells
need to be adjusted. For the CHT controlled watershed, the CHT algorithm must be slightly
modified since cells are not circles anymore. The idea is to lower the radius range of circles to
detect, such that 2 circles are found in each ellipse. The new radius range is defined from the

given area range as follows :
| A
R=4—
27

Previously, circles with centers distant of less than the maximum allowed radius were rejected.
However, this criterion must be adapted and we will reject here circles that are less than 2 times
the maximum allowed radius apart.

Wide-field images The same adaptation than the one made for the CHT controlled watershed
for confocal images is made.

4.5 Irrelevant cells detection

Among detected cells, some of them are not correctly attached to their support. In some cases,
one cell is above another one or cells are not in the confocal plane. An example of one of these
cases was already given in figure [1.8] of section These cells appear darker and should be
removed for analysis. Their detection will be based on the analysis of the mean and variance of
the pixels intensities belonging to each cell, in transmission images. This method is thus valid
for both cells types and images. In the 2D space, the RANSAC method will be used to built a
model based on the observations of all detected cells in the image. 100 iterations will be made
and for each of them, half the number of cells will be used to build a Gaussian model. Cells are
randomly chosen. For each model, the number of outliers is defined as points located outside the
[ — 20, 1+ 20] interval, for each dimension. The chosen model is the one with maximum 10% of
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outliers and with the largest probability value for each point to belong to the model. Outliers
of the chosen model correspond to cells with an aspect different from the majority of the other
ones. They can then be removed from segmentation.

4.6 Parameters summary

Here is presented a summary of input parameters that must be provided by the user. They are
the same for all methods. The numerical values that were used for simulation and the way there
are defined are given in section

e Image characteristics :

— Res, the image resolution;

— S, the image size.
e Cells descriptors :

— A, the area range of cells;
— CRiax, the maximum Convexity Ratio of cells;

— LRmax, the maximum Length Ration of cells, only used for healthy cells.
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Chapter 5

Validation method

In this section, the algorithms validation will be presented. Ground truth images will be detailed.
Validation metrics and how they are computed will be explained. Metrics for the lipidic domains
analysis will also be defined. Finally, used values of input parameters will be given.

5.1 Validation metrics

The algorithm validation is based on the manual annotation of the different image types (fig.
. The annotation consists in marking the cells of interest with a blue dot, this dot is placed
as much as possible in the center of the cell. Moreover, bright spots are marked with a white dot.
Note that the validation does not rely on all cells of the image, i.e. not all cells are marked with a
blue dot. This is due to the fact that some cells are really close to each other and their boundaries
are difficult to determine visually, making the assignment of bright spots to a cell ambiguous.
These cells are thus discarded for validation because there are not used by biologists. Moreover,
manual segmentation of individual cells has not been considered for algorithm validation.

Figure 5.1: Example of annotated image

Validation will be made on four sets of five images. We have two sets of BODIPY labelled
images (sphingomyelin domains) : one set of healthy cells and one of elliptic cells, and two sets
of Theta labelled images (Cholesterol domains), again one of healthy cells and one of elliptic
ones. Samples come from the CELL unit of the De Duwve Institute, courtesy to D. Tyteca.
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5.1.1 Segmentation

To assess segmentation quality, the percentage of blue dots that can be assigned to a segmented
cell will be computed. This defines a cell detection rate. A cell is assigned to a blue dot when the
blue dot to cell centroid distance is lower than the mean cell radius computed on this image. The
number of detected cells is also given and a joint detection percentage is computed to compare
method results. This joint percentage is defined as the percentage of cells detected by both
methods with respect to the highest number of detected cells. This gives an idea of the number
of cells that are detected but not if they are correctly segmented. To assess this, we will compute
the percentage of annotated points that are part of the annotated cells. This will be called the
shape coefficient. Mainly in theta-labelled images, bright spots are located in the cell periphery.
To ensure that bright spots located on the watershed borders are assigned to the correct cell,
the computed segmentation is dilated with a disk structuring element with a radius equivalent
to the mean radius of bright spots. Dilation is performed iteratively so that, at each step, cells
merging can be avoided by recording edges between cells. At each step, all cells are dilated of
one pixel and the overlapping regions are removed to keep regions isolated. This is done many
times until complete dilation is performed. The dilated segmentation will be used for all other
metrics computations, except for their area evaluation.

Cells that are darker (badly attached to their support or one above another) are not taken
into account by biologists and thus not selected for ground truth. Further results are thus not
affected by their removal since we only compare cells selected by biologists. Moreover, for the
analysis of cells properties in section [7] all cells were taken into account. This does not influence
results since only a small part of cells are removed compared to the large number of cells used to
compute these properties.

5.1.2 Bright spots detection

Since our algorithms will detect all bright spots in the image and the annotation only focuses on
some cells, only a detection rate can be extracted from this information. Indeed, a percentage
of false detection cannot be built consistently. Two points will be considered to be the same if
their centers distance is less than their mean prescribed diameter multiplied by a factor of 0.7 to
support manual matching. Segmentation and spots detection can then be combined to give more
precision on the algorithm performances. Different metrics will be computed :

e Detection rate for the whole image : in the segmented cells kept by the annotation, the
percentage of points that are correctly detected;

e False positive rate for the whole image : the percentage of points detected in the segmented
cells kept in the annotation that were not manually detected;

e From above defined metrics, a ROC curve can be defined for thresholding techniques. For
different threshold values, the detection rate is plotted with respect to the false positive
rate.

e Detection rate per cell : the detection percentage of each annotated cell. These values will
be summarized in an histogram.

e False positive rate per cell : the false positive percentage for each annotated cell. Again,
these values will be summarized in an histogram.

5.2 Domains Analysis metrics

Concerning the analysis of lipidic domains, different metrics will be computed : there are listed
hereunder.
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e The number of bright spots per cell is computed only for annotated cells. Values are
summarized in an histogram. As a second step, the number of bright spots is normalized
by the maximum number of bright spots in a cell to produce a normalized histogram. This
enables to compare methods regardless the number of detected spots;

e The density of spots is computed as the number of spots divided by the total area of
cells annotated in the image. Densities in healthy cells and elliptic ones are then compared
by computing the ratio between them. To compute this ratio, all detected cells are taken
into account.

e The cumulative number of detected spots is plotted with respect to the distance to
the cell center. To be able to compare curves returned by different algorithms and by the
ground truth, this curve is normalized by the total number of detected cell in each case.
Again, only spots in annotated cells are used to build this curve;

e The percentage of bright spots located at the center of cells. To compute this
value, cells regions have been eroded with a disk structuring element of radius equal to the
bright spots diameter. This enables to remove spots on the cells periphery. The percentage
of kept spots with respect to the total number of spots is then computed. To compare
results in healthy and elliptic cells, the ratio of their percentage is computed. To compute
this ratio, all detected cells are considered;

e The frequency histogram of spots size. For cholesterol domains, all detected spots
in segmented cells are used to build the histogram. On the contrary, for sphingomyelin
domains, since their number is much lower and the number of false positives high (as we
will see later), only correct detections are used to build the histogram. For cholesterol
domains, it was not necessary. Indeed, because of the high amount of detected spots, the
small number of false positives do not influence the statistics.

e The surface coverage of spots is the ratio between the total area of spots and the total
area of cells for one image. All detected cells are used to compute this value.

5.3 Used Parameters

Most of the key parameters involved in our algorithms are directly derived from biologists
knowledge. Concerning bright spots detection, numerical values for A, the area range and F,,qy,
the maximum eccentricity are provided by the user. Parameters are different depending on the
image under analysis because spots appearances are quite different. Cholesterol domains (in
confocal images) have a quite large area range that is valid for healthy cells as well as for elliptic
cells. However, Léonard et al. [23] (see also figure [7.6](c)) have shown that the distribution is
not gaussian so the range cannot be built from mean and standard deviation values. It will be
chosen to cover a majority of possible areas. The maximum allowed eccentricity[ﬂ is set close but
smaller than one because a lot of points are located on the cell periphery and are flattened. For
sphingomyelin domains (in wide-field images), the area range can be considered the same as the
cholesterol ones. However due to their more central positioning, the eccentricity criterion can be
more limiting. Used values are given in table

For watershed segmentation, A, the cells area range; C' R4z, the maximum Convexity Ratio;
and LR, the maximum length ratio are given as input. What is proposed for area range
definition is to suppose a Gaussian distribution for their area and to take the 99.7% interval
(£ 30). In most cases, wrong segmented regions have a larger or smaller area and if it is not the

IThe eccentricity E of a circle equals zero. For ellipses, 0 < E < 1 and if E=1, we have a parabola.
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case, the shape criterion (based in Convexity Ratio and Length ratio) is enough to discard them.
A large interval is thus appropriate to keep the maximum number of cells. However, for elliptic
cells the assumption for Gaussian distribution is less valid and the computed lower bound is very
small (4 m?) and should not allow rejection of small regions not corresponding to cells. This
lower bound was thus increased to 20 gm?. The other parameters are fixed based on empirical
evaluation but a deeper analysis should allow to have more precise estimation for them. Values
are given in table

Finally, in our dataset, for confocal images, 1024 pixels were corresponding to 102.04 um,
while for wide-field images 1376 pixels correspond to 124.94 pum.

Confocal images \ Wide-field images
Alum?] [0.1; 0.8]
Emax 0'9 ‘ 0-5

Table 5.1: Numerical values of parameters for bright spot detection

Healthy cells | Elliptic cells
Alpm?] [40; 90] [20; 60]
CRaz 0.2 0.2
LR oz 14 /

Table 5.2: Numerical values of parameters for cells segmentation
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Chapter 6

Algorithms validation

This chapter presents the results obtained for confocal images and wide-field images, for seg-
mentation and bright spots detection. Results are compared with ground truth, analyzed and
discussed.

6.1 Confocal images

6.1.1 Cells Segmentation

Two methods were proposed to segment cells in confocal images : both are marker controlled
watershed algorithms. One is controlled by thresholding, the other by Circular Hough Transform
(CHT) analysis. A comparison between them will be first presented and then their performance
regarding the ground truth will be assessed.

VisuallyE], segmentations are quite similar (figs. and [6.2)) and show the same properties.
First, cells that are too close to borders are not detected, either because their area is out of the
prescribed range, either because the center of the cell is out of the image and thus not detected
by CHT for the CHT controlled segmentation. Missing these cells is not a major drawback since
each image shows enough cells for analysis. Moreover, these cells even if there are not complete
could be used for the spots density analysis as well as for their surface coverage. However, for
the radial distribution evaluation these cells would be anyway useless.

Secondly, missing cells in the inner part of the image are due to over-segmentation (cell
divided in different watershed regions) or under-segmented (cells are merged together). In both
cases, this is due to incorrect seeding : two seeds are placed in the same cell or the seed crosses
two cells. Indeed, once the seed is correctly placed, watershed performs well due to well defined
cells edges. Except in some particular cases where cells stick to each other, the edge between
them is missing or when a cell is too flatten its edges are less clearer. However, these cells are also
discarded by biologists for analysis. A solution to incorrect seeding is to use graph-cuts that allows
multiple seeding in the same cell [6]. Another idea is to generate too much seeds and then merge
cells based on their shape and intensities values [39]. Concerning seeds that are placed on cells
edges, the intensity at seeds location could be analyzed to reject or cut incorrect seeds. Finally,
seeds present outside cells are not critical since they will define large regions because there are
not surrounded by edges. These regions are removed based on the shape and size criterion on cells.

Concerning methods comparison, a large part of cells are detected by both methods but each
method detects cells that the other one has not detected. More quantitatively, for healthy cells
(fig. [6.3|a)), the CHT controlled watershed detects more cells and in average 72% of cells detected
by the CHT controlled watershed are also detected by the thresholding controlled one. For

! Additional results images at each step are provided in appendice A for both methods and both image types.
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elliptic cells (fig. [6.3|(b)), the thresholding controlled watershed detects more cells. In this case,
the percentage of jointly detected cells is higher (78%). CHT controlled watershed seems thus
better suited for healthy cells detection, while thresholding controlled watershed is better suited
for elliptic cells detection. However, a large number of detected cells reflects neither the quality
of the segmentation, neither the false positive detection rate. Results are thus compared with
ground truth. For healthy cells, the detection rate is higher with the CHT controlled watershed
method : it is of 77% (fig. [6.4(a)). On the contrary, for elliptic cells the Thresholding controlled
watershed performs better with 66% of detection (fig. [6.4[b)). This result can be explained by
the fact that the CHT controlled watershed detects circles to define marker : it can be thus
easily understood that it performs better for healthy and thus circular cells than for elliptic ones.
On the contrary, thresholding controlled watershed is not shape specific. In both cases, detection
rate is not very high. Concerning the CHT controlled watershed, this could be due to a too
high threshold on accumulator value to keep circles. However, analysis shows that this threshold
has a minor impact on the detection rate. Indeed, if too much circles are kept, cells will be
over-segmented due to many seeds in one cell. On the contrary, if too low circles are kept, some
cells have no seeds and are thus not detected. Concerning the thresholding controlled watershed,
high performances were not expected due to the simplicity of the method. If images were uniform
in cells pixels intensity, results should be higher. However, this cannot be guaranteed for all images.

The cells detection rate analysis does not provide information about the shape of the segmented
regions. However, we can see (fig. that cells shapes are well preserved by both methods. The
analysis of the shape coefficient for each method (fig. shows that both for healthy cells and
elliptic ones, the CHT controlled watershed provides better segmented cells. For both methods,
performances are better for healthy and thus circular cells. Since CHT controlled segmentation
shows better performances than the thresholding controlled watershed, the former method will
be used for the rest of the analysis. Indeed, shape information is crucial to know where bright
spots are located in the cells, which is of strong interest for biologists. It is thus preferable to
have a lower amounts of detected cells that are well segmented than too much badly segmented
cells. More quantitatively, shape coefficient are not close to 1, despite good visual results. This
is due to the fact that even spots of cells that were not detected are used to compute it. If we
suppose that spots are equally spread among cells, we can see that the shape coefficients are
generally only slightly under detection rate. This reflects thus a good segmentation for cells that
are detected.
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(a) Markers for the CHT con- (b) Markers for the threshold-
trolled watershed ing controlled watershed

(c) Segmentation image ob-(d) Segmentation image ob-

tained with the CHT con-tained with the threshold-

trolled watershed algorithm ing controlled watershed algo-
rithm

(e) Segmented cells with the (f) Segmented cells with the
CHT controlled watershed al- thresholding controlled water-
gorithm shed algorithm

(g) Initial transmission im-
age with annotated cells

Figure 6.1: Segmentation results for confocal images of healthy cells, with the two proposed
methods : left column is for CHT controlled watershed and right column is for thresholding
controlled watershed. The image to segment, the markers, the segmentation results as well as
the regions kept from the segmentation and that correspond to cells are shown.
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(a) Markers for the CHT con- (b) Markers for the threshold-
trolled watershed ing controlled watershed

(c) Segmentation image ob-(d) Segmentation image ob-

tained with the CHT con-tained with the threshold-

trolled watershed algorithm ing controlled watershed algo-
rithm

(e) Segmented cells with the (f) Segmented cells with the
CHT controlled watershed al- thresholding controlled water-
gorithm shed algorithm

(g) Initial transmission im-
age with annotated cells

Figure 6.2: Segmentation results for confocal images of elliptic cells, with the two proposed
methods : left column is for CHT controlled watershed and right column is for thresholding
controlled watershed. The image to segment, the markers, the segmentation results as well as
the regions kept from the segmentation and that correspond to cells are shown.
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Figure 6.3: Number of cells detected with each method and for each image : (a) healthy cells,
(b) elliptic cells.
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(a) Healthy cells. Mean detection rate for (b) Elliptic cells. Mean detection rate for
CHT controlled watershed = 0.7734+0.018 CHT controlled watershed = 0.596+0.002
; for Thresholding controlled watershed = ; for Thresholding controlled watershed =
0.66340.015. 0.66440.0091.

Figure 6.4: Detection rate for each method and for each image : (a) healthy cells, (b) elliptic
cells.
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(a) Healthy cells. Cells shape coefficient for (b) Elliptic cells. Cells shape coefficient for
CHT controlled watershed = 0.765+0.0256; CHT controlled watershed = 0.60240.0026;
for thresholding controlled watershed = for thresholding controlled watershed =
0.6236+0.0203 0.58440.0283

Figure 6.5: Cells shape coefficient for each method and for each image : (a) healthy cells, (b)
elliptic cells.

6.1.2 Bright spots detection

Two methods are proposed for the bright spots detection. One is based on iterative thresholding
while the other is based on image filtering and a unique thresholding. A comparison between
them will be given and their performances will be assessed. From a preliminary analysis of
figure we can say that both techniques miss some bright spots. Moreover a lot of points
not belonging to ground truth are also detected. This is due to the fact that not all cells are
annotated by biologists. Figure shows a comparison of points detected by both methods.
They have a lot of detections in common : bright spots detected by the iterative thresholding
method are nearly all detected by the Unique thresholding and filtering method. Moreover, this
second method detects much more spots. Note that similar images for elliptic cells are provided
in appendice B.

Concerning, the unique thresholding and filtering method, we can analyze how it behaves
depending on the chosen threshold (fig. . The right threshold to minimize the percentage
of points that do not correspond to the right geometry is computed, and then modulated by a
coefficient. A higher threshold (fig. [6.8(d)) leads to less detection and points are thus missing.
However, some points are already false positives. By lowering the threshold, more and more
points (panels (b) and (c)) are detected : some are part of ground truth but others are not.
Finally, even with the lowest shown threshold (panel(b)) some points manually detected are not
detected by the method.
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(a) Initial fluorescence image  (b) Unique thresholding and filter- (c) Iterative thresholding method
ing method

0

(d) Initial fluorescence image :(e) Unique thresholding and filtering (f) Iterative thresholding method :
zoomed version method : zoomed version zoomed version

Figure 6.6: Bright spots detection results for both methods. Red dots are detection results and
green circles are ground truth. The upper row shows total images while the lower row shows
zoomed versions of images.

Figure 6.7: Comparison between both methods - Green dots : Unique thresholding and filtering
method results; red circles : Iterative thresholding method results.
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Figure 6.9: ROC curve for the bright spot detection methods on confocal images.
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To be able to have a more quantitative analysis, the cell segmentation must be taken into
account to be able to only look at points located in cells chosen by biologists. This allows to
compute a false positive rate. For the Unique thresholding and filtering method, a ROC curve
can be drawn by varying the used threshold. This is shown in figure (a) for healthy cells
and in figure (b) for elliptic ones. A point for the performances of the Iterative thresholding
method is also added for comparison. The best method is the one for which the detection rate is
high and the false positive rate is low, corresponding to points in the left upward part of the
graph. Regarding to this criterion, the Unique thresholding and filtering method performs better.
However, even with a large false positive rate, the detection rate never reaches 100% reflecting
that some bright spots will always be missing. The iterative thresholding is in comparison less
efficient. Missing detections are mainly occuring for low intensities spots. A solution could be to
lower the minimum threshold. However, the minimum threshold cannot be lowered otherwise
every small intensity increases in the image (due to cells edges for example) will also be chosen
as spot. This will also increase the false positive rate, something we want to avoid. Performance
of this method can thus hardly be increased since it is not enough shape specific. The Iterative
thresholding method is thus less accurate since for the same detection rate, the false positive
rate is higher.

A comparison between performances for healthy cells and elliptic cells can also be done. We
can see that performances of the Unique thresholding and filtering method are better for healthy
cells, since for the same detection rate, the false positive rate is lower (ROC curve shifted to the
left). This is explained by the fact that for elliptic cells, spots are less well shaped. Some of them
are larger and also more flattened. The Mexican hat filtering is thus less suited for such spots.
It could be interesting to use different filter sizes to be able to detect larger spots. Concerning
their shape, improvement is more difficult since to respond to elliptic shapes, the orientation
of the filter must be chosen. We do not know which orientation the spots have and thus many
filters must be tested, increasing computational time. When looking at the performance of the
iterative thresholding method, drawing a conclusion is more difficult since only one point in the
ROC curve can be obtained. Nevertheless, we can see that performances for healthy cells and
elliptic cells are strongly different. False positive rate is higher for elliptic cell, this is explained
by the fact that intensities in these images are higher. The minimum used threshold should thus
be increased or in general adapted to the intensities histogram, which is something that was not
implemented.

Concerning the Unique thresholding and filtering method, an optimal threshold can be chosen
based on the ROC curve. Depending on biologists requirements, we can allow more or less
false positives. In our case, since bright spots need to be counted, a compromise must be found
between correct detections and false positives. For the following analysis, we will choose the
threshold that is located, as already said, the most in the upper left corner of the curve. For
healthy cells, Tpes; = 0.8 * Tiomputed and for elliptic cells, Tyesy = 0.6 * Tiomputed- The fact that
this computed threshold is not optimal indicates that the criterion to define what a spot is, do
not support ground truth. By taking a closer look to figure we can guess that undetected
spots are mainly small spots. Based on the spots size analysis that will be made in section [7], we
could see if the chosen criterion was coherent or not.

To grasp more easily methods performances, the histograms of detection rates and false
positive rates per cell for each method and each cell type (fig. and are analyzed.
Globally, detection rate histograms have an increasing exponential shape, while false positive
rate histograms have a decreasing exponential shape. This reflects good performances of the
algorithm : a lot of cells have a detection rate of one and a false positive rate of zero. However,
some histograms do not follow this trend. For healthy cells first, panel (c) of figure shows
that more than 15 cells have a detection rate of zero : the iterative thresholding method is thus
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missing a lot of detections, as already seen with the ROC curve (fig. a)). Concerning elliptic
cells, as already seen previously with ROC curves (fig. [6.9(b)), panel (d) of figure shows
that the false positive rate histogram has a high number of cells with a false positive rate of one.
Moreover, this analysis enables to see that we are not in a binary case where some cells have a
detection rate close to one, while some others are very close to zero. Instead, errors are regularly
spread over all cells.
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Figure 6.10: Analysis of the detection rate and false positive rate per cell for healthy cells.
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Figure 6.11: Analysis of the detection rate and false positive rate per cell for elliptic cells.



6.1.3 Partial conclusion for confocal images

Concerning cells segmentation, analysis shows that CHT controlled watershed has a higher
detection rate than Thresholding controlled watershed for healthy cells. For elliptic cells, it is
the reverse situation. However, for both image types, the detection rates nearly reach 77 and
66% depending on cells type. This is mainly due to incorrect cell seeding. Either many seeds
are present in one cell, a solution for this could be to merge regions together. Either seeds
are placed on edges, many cells are thus merged together. The intensity of marker location
could be analyzed to reject these seeds or to cut them to have one seed in each cell. In terms
of cells shapes, CHT controlled watershed regions shapes are more conform to ground truth.
However, both methods yield good results : if a cell is detected, its shape is correctly drawn.
Some exceptions are present for strongly flattened cells or cells that are anyway not used by
biologists because they are mis-placed on their support or overlapping each other.

Concerning bright spots detection, the unique thresholding and filtering method performs
better than the iterative thresholding one. Indeed, the iterative thresholding method is less shape
specific. Moreover, the minimum used threshold seems to be crucial and it should be adapted
to image intensities. Globally, we have seen that for elliptic cells, intensities were higher. It
could be intrinsically due to the type of cells or could depend on acquisition parameters. For the
unique thresholding and filtering method, performances are higher. However, the used threshold
was slightly adapted to optimize results. For further use, the same adaptation could be used for
same images type or the way it is defined should be adapted mainly by modifying the way a
correct spot is defined. Finally, this method is better suited for healthy cells where spots are
better shaped. For elliptic cells, spots are larger and flattened. Many Mexican Hat filter sizes
could be used to detect spots of larger areas. However, an adaptation to elliptic spots will be
more difficult since their orientation is variable.

Finally, the developed methods were only used for cholesterol domains acquired with confocal
microscopy. However, since segmentation is made on the transmission images, the segmentation
methods are general whatever the fluorescent labelling and can be used for all segmentation
tasks of RBC in confocal images. On the contrary, domains detection techniques are limited
to cholesterol domains in confocal images, or at least to cases where light is only emitted from
domains and not from the whole cell as it is the case for BODIPY-sphingomyelin labelling.
Moreover, input parameters can be adapted to detect larger or smaller domains, as well as
differently shaped ones. However, for the Unique thresholding and filtering method, domains
must stay circular.
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6.2 Wide-field images

6.2.1 Cells Segmentation

For wide-field images only one technique for cell segmentation is proposed. It consists in a
controlled marker watershed, where the marker is based on thresholding and on Circular Hough
Transform. Visual results are given in figure [6.12] for healthy and elliptic cells. Globally, touching
cells are not well segmented since their shape and size are different from the regular red blood
cells. It is thus preferable to have images where cells are not touching. This is also required by
biologist to be able to correctly detect bright spots manually. As for confocal images, the weak
point of this method is seeding. However, here seeding seems better accurate since we have less
cells segmented in many regions. Same improvement as the one proposed for confocal images
could be implemented.

Detection rates and shape coefficients are computed for each image to provide a better
evaluation of the segmentation. The detection rate (fig. [6.13{a) and [6.14fa)) is better for elliptic
cells. As previously said, this is mainly due to the fact that elliptic cells are smaller and thus not
touching each other in the image. Cells are better detected when there are not touching other
ones. Concerning segmentation quality, shape coefficients are equivalent for both image types
and are satisfactory because if we assume that spots are well spread among cells, all spots in
detected cells are in the segmented regions.
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(a) Initial fluorescent image with anno- (b) Initial fluorescent image with anno-
tated cells tated cells

(¢) Markers used for controlled water-(d) Markers used for controlled water-
shed shed
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(g) Segmented cells (h) Segmented cells

Figure 6.12: Segmentation results for wide-field images of healthy (left column) and elliptic cells
(right column). The image to segment, the marker, the segmentation results as well as the regions
kept from the segmentation and that correspond to cells are shown.
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Figure 6.13: Detection rate and shape coefficient for the different images for healthy cells.
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Figure 6.14: Detection rate and shape coefficient for the different images for elliptic cells.

6.2.2 Bright spots Detection

Some detection results are shown on figure [6.15] For both images, there are missing detections
and also false positives. False positives are due to Sobel filtering that add noise to the image,
while missing detections are due to the fact that in the Sobel image, spots are not brighter
enough compared to cell. From the histograms of detection rate and false positive rate, we can
say that for elliptic cells there are less false positives than for healthy cells. However, since there
is not much points detected, the statistic is poor and histograms are less representative of a
global behaviour. In comparison to confocal images results, bright spots results are here worse.
Indeed, due to the fact that the fluorescence of the whole cells is detected by the microscope,
contrast between cells and spots is lower. This complicates spots detection. Moreover, since there
are not a lot of spots per cell, results need to be really accurate for further computations. On
the contrary, for confocal images, it was less critical due to the large amount of spots that will
attenuate errors in terms of location and density. To improve results, Sobel filtering should be
avoided as it increases noise. Thresholding is not well performing. This is due to the microscope
used as well as to the kind of labelling. Using confocal images (this type of image was shown in
figure will maybe yield better results as for cholesterol domains.
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(a) Healthy cells (b) Elliptic cells

Figure 6.15: Bright spots detection results for healthy cells and elliptic cells. Red dots are
algorithm results and green dots are ground truth.
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Figure 6.16: Analysis of detection rate and false positive rate for healthy and elliptic cells
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6.2.3 Partial conclusion on wide-field images

Concerning cells segmentation, unpacked cells are better segmented and this is mainly visible for
elliptic cells that are smaller. As for confocal images, correct seeds location is crucial. Solutions
to improve it are watershed regions merging, graph-cuts used to allow many seeds in one cell or
intensities analysis at seeds location to remove or modify them. These are the same than the
ones proposed for confocal images.

Concerning bright spots detection, the number of spots per cells is well evaluated by the
algorithm. However, frequently detected bright spots do not match ground truth. Since the
number of spots in one image is not huge, detection must be really accurate. We have seen that
Sobel filtering and thresholding were not the best tools for this. A solution to improve detection
is to use confocal images instead of wide-field images. Wide-field images were firstly used due to
their rapid acquisition. However, confocal images because they gather light only from a thin
sample layer will be less bright and spots could be easily detected.

Finally, it is worth mentioning that proposed methods were designed specifically for the
detection of sphingomyelin domains in wide-field images. Since segmentation and spots detection
methods are performed on the fluorescence image, methods cannot be used for other microscope
images or other lipidic domains. However, the detection of domains of other sizes or shapes can
easily be implemented.

6.3 Irrelevant cells detection

As explained in section some cells need to be removed from the segmentation we obtained
previously. Primary results show that the RANSAC method was able to remove irrelevant cells
but each time wrong segmented cells were also removed. This led us to define irrelevant cells as
darker cells not well attached to the support, but also as wrong segmented cells that have not
been removed by previously applied methods. Since the same method is applied on both images
types, results are shown together.

First of all, RANSAC is a random method, results are thus variable. Depending on the
randomly generated sample, cells that are rejected will be different. We can see in figure [6.17
that rejected cells correspond to darker cells as expected (cells n°9, 14 and 35) but also to lighter
cells as cell n°19. Moreover, due to random variations, cells n°13, 18 and 32 also appear to be
rejected in some cases. Cells n°13 and 18 are darker because many cells stick to each other and
this results also in a wrong segmentation. Finally, cell 32 should not be removed at all but it is
sometimes the case.
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Figure 6.17: Ransac results for a sphingomyelin marked image (wide-field acquired image)

More quantitatively, the detection rate and the false positive rate can be assessed for each
image type. Results are shown in table [6.1} Detection rates are close to 100%, which is good.
However, as mentioned, false positive rates are high too. This reflects the removal of cells we
would like to keep for analysis. False positive rates are higher for confocal images than for
wide-field images. Globally, those results are not critical since, as we will see later, the number
of cells kept for the analysis does not influence much results due to the large number of cells
used. However, to improve results, the fluorescence information could be used too. Learning
technique could also be implement to learn a cell model based on annotated data and then be
able to reject irrelevant cells.

Detection rate | False positive rate
) . Healthy cells 100% 35%
Wide-field image | g, e cells 92.3% 50%
Confocal image Healthy cells 87.5% 68%
& Elliptic cells 100% 54%

Table 6.1: Detection rates and false positive rates for irrelevant cells detection.
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Chapter 7

Lipidic Domains Analysis

Algorithm results have been compared to ground truth to assess their quality. But even with
wrong detections or segmentation, some values of interest could be well estimated. A relative
comparison between healthy cells and elliptic cells could also be meaningful. Some outputs
analyzed by biologists will thus be computed : they are interested in the location and radial
distribution of bright spots, their density, their size distribution and their coverage of cells. The
precise definition of each characteristic and the way there are computed are explained in section
For each characteristic, values computed by the algorithm will be compared to ground truth.
The meaningfulness of a comparison between healthy cells and elliptic ones will also be assessed.

7.1 Cholesterol domains

7.1.1 Number of bright spots

The number of bright spots per cell does not follow a gaussian distribution (as seen in figure
. Moreover, the distribution returned by the algorithms is wrong compared to ground truth.
Even when the numbers of spots are normalized by the maximum number of spots per cells
(right column of figure , distributions do not match. Only for elliptic cells, the proportion
of cells that have no bright spots is in agreement with ground truth. However, if we normalize
the number of spots by the cells area i.e. compute the density, we can see that the unique
thresholding and filtering method is able to reproduce ground truth results (fig. [7.2]). The
iterative thresholding method does not estimate the mean density correctly, it detects either too
much or not enough spots. A comparison can then be made between healthy cells and elliptic
cells. We can see that for ground truth, the density is 2 times larger for healthy cells than for
elliptic cells (values are given in table [7.1)). This is also confirmed by the Unique thresholding
and filtering method. However the iterative thresholding method completely fails at evaluating
this value. This is due to the fact that, as seen previously, this method shows a high number of
false positives for elliptic cells and nearly not for healthy cells.
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Ground truth | Unique thresholding and | Iterative thresholding method
filtering method
0.52 0.47 2.49

Table 7.1: Ratio between density of bright spots in elliptic cells and healthy cells.

7.1.2 Bright spots location

Since biologists are interested in the radial distribution of bright spots, we analyzed the detection
performances regarding the distance to the center of the cell. Results are shown in figures [7.3]
and [7.4] for both techniques. First, concerning healthy cells, the unique thresholding and filtering
method is performing pretty well : the curve is in good agreement with the ground truth curve.
On the contrary, the iterative thresholding method, due to a lower detection rate, is under the
ground truth curve. However, once curves are normalized with respect to the total number of
bright spots detected, distributions are similar (right panel of fig. . This proves that even if
detections are missing and false positive detections are present, distributions computed by both
techniques can be trusted for healthy cells. This property can be explained by the fact that a lot
of points (nearly 1000) are detected in all 5 images and used to draw the curve. Globally, false
detections and missing ones are compensating each other, leading to a correct distribution.

Concerning elliptic cells (fig. , the Unique thresholding and filtering method is also in good
agreement with ground truth. Even if it misses some detections, the bright spots distribution
corresponds also the ground truth. On the contrary, the iterative thresholding method detects
much more points and these points are mainly located more than 20 pixelsE from the cell center.
The bright spot distribution is thus not the same and the mean distance to cell center will be
overestimated if based on this method. By looking at normalized curves, distributions are in
good agreement, the Iterative thresholding method seems however sharper.
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Figure 7.3: Comparison of bright spots distributions between ground truth and both detection
methods for healthy cells. The left panel is the cumulative number of spots and the right panel
is the normalized curve.

120 pixels correspond approximately to 2 um for confocal images in our dataset.
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Figure 7.4: Comparison of bright spots distribution between ground truth and both detection
methods for elliptic cells. The left panel is the cumulative number of spots and the right panel is
the normalized curve.

Another way to look at the bright spots distribution is to compute the percentage of bright
spots located at the cell periphery and in the central part of the cell. As can be seen in figure [7.5]
for healthy cells, the mean percentage of spots located in the central part of the cell is correctly
estimated by both methods compared to ground truth. This result is comparable to what was
already computed by C. Léonard et al. in 2017 [23]: they also reached a percentage of about
40% for central bright spots. This also proves that cells segmentation is adequate. However, for
elliptic cells, the ratio is underestimated by both methods. It shows that not enough cells are
detected in the central part of cells. This was also seen in figure [7.4] where results curves are
under ground truth curve for distances less than 30 pixels.

A comparison between healthy cells and elliptic ones can now be performed (values are given
in table . Ground truth defines a ratio of percentage of bright spots in central part of cells
between elliptic cells and healthy ones of 0.619. The unique thresholding and filtering method
approximate this value quite well. Even if both percentages are lower than ground truth, the ratio
between them is the same. On the contrary, the iterative thresholding method underestimates
this value greatly due to a percentage for elliptic cells too low compared to healthy cells.
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Figure 7.5: Percentage of bright spots in the central part of cells for ground truth and algorithmic
results : upper panel : healthy cells; lower panel : elliptic cells.

Ground truth | Unique thresholding and | Iterative thresholding method
filtering method
0.619 0.55 0.25

Table 7.2: Ratio between percentage of bright spots in the central part of elliptic cells and healthy
cells.

7.1.3 Domains area and surface coverage

Manual results for domains area are not available for our dataset. A comparison between our
results and results obtained on another dataset is performed (fig. . We can see that for both
methods, results are in agreement with results from Léonard et al. However for elliptic cells, we
detected spots with larger sizes. For both methods, results are really similar due to the fact that
the way the size is computed is the same, only domains used for analysis are different and since
there are a lot of points, distributions are comparable. Next, a comparison between healthy cells
and elliptic cells can be made. Elliptic cells have larger points and the size distribution is larger,
compared to healthy cells.

The major issue here is that the way biologists determine domains area is not well defined.
The definition lack of precision and results are hardly reproducible.

Finally, based on domains size, the surface coverage of cells, more precisely of hemi-red blood
cells since only one side of the cell is seen by microscopy, can be computed. Since no ground truth
is available, results quality cannot be assessed. However, because the shape of segmented cells
was correctly defined and because the size of spots is in agreement with other results, surface
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coverage should be correctly estimated. Concerning healthy cells, both methods compute a
coverage of about 1.5%. However, coverages computed for elliptic cells are different depending
on the spots detection method. The iterative thresholding method evaluates quite well spots
area but due to a really high false positive rate, the coverage is importantly over-estimated.
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Figure 7.7: Coverage percentage for healthy and elliptic cells

7.1.4 Partial conclusion on cholesterol domains

We have seen that despite low detection rates for both methods, some domains characteristics
were correctly computed and matched ground truth. Concerning the number of domains per cell,
only the percentage of cells without domains was correctly estimated by both methods. The total
number of domains was well evaluated only by the unique thresholding and filtering method.
The related domains density was also correctly computed by this method. Concerning domains
location, both methods were able to reproduce normalized cumulative distributions and thus
percentage of domains in the central part of cells, for healthy ones. For elliptic cells, densities
were underestimated by both methods due to slightly too much detection in the outer part of
cells and not enough detection in the central part. Concerning domains area, discussion is more
tricky since ground truth is not available. However compared to other works, our area definition
seems appropriate. Mainly for healthy cells, area and thus surface coverage are in agreement
between both methods. However, for elliptic cells, the iterative thresholding method due to a
too high false positive rate, clearly over-estimates domains coverage.

61



7.2 Sphingomyelin domains

7.2.1 Number of bright spots

Since the detection rate is high and the false positive rate low, the number of bright spots per
cell is correctly evaluated by the proposed method. From figure [7.8] we can see that frequencies
are well reproduced by the algorithm. However, for both cells types, the method has a lower
frequency for high numbers of spots. Indeed, we miss some spots and have no cells with more
than 4 domains for healthy cells and 2 domaines for elliptic ones.
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Figure 7.8: Frequency of the number of brights spots per cell for healthy cells (left panel) and
elliptic cells (right panel).

We can then look at the density of bright spots. When comparing values between ground
truth and method results, they are relatively in the same range. However, values are in both
cases smaller due to the fact that we detected less domains. Moreover, ground truth results are
more spread than algorithmic results. A comparison between healthy cells and elliptic cells can
then be made. The ratio of density is slightly different depending if it is based on ground truth
or algorithmic results (see results in table[7.3). However, values stay comparable.
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Figure 7.9: Density of domains : left panel : healthy cells; right panel : elliptic cells

Ground truth | Algorithm results
0.889 0.764

Table 7.3: Ratio between densities of bright spots in elliptic cells and healthy cells.
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7.2.2 Bright spots location

Concerning the bright spots distribution, both for healthy and elliptic cells, results do not match
ground truth (fig. and . For healthy cells, distributions are similar until 20 pixelsﬂ
away from the center (approximatively half the cell radius), after there are too much missing
detections and the number of points is lower. Concerning elliptic cells, few points are detected
too far from the cell center compared to ground truth. This leads to a normalized distribution
shifted to the left.
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Figure 7.10: Comparison of bright spots distributions between ground truth and method detection
for healthy cells. The left panel is the cumulative number of spots and the right panel is the
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for elliptic cells. The left panel is the cumulative number of spots and the right panel is the
normalized curve

As previously, we also analyzed the percentage of spots that are located in the central part
of cells. Results are shown in figure [7.12] Ground truth and algorithm results show the same
tendency : most of spots are located in the central part of cells. However, we have seen previously
that bright spots detection was not performing very well : it misses mainly spots located at the
cells periphery and thus overestimate the proportion of spots located in the central part of cells.
However, these results are in good agreement with value collected by C. Léonard et al. They
computed that 100% of bright spots were located in the central part of cells [23]. However, when
comparing elliptic cells to healthy ones, the ratio between them is different for ground truth and
algorithm results (values are given in table . Ground truth predicts a ratio of 0.896 while our

290 pixels correspond to approximately 1.8um for wide-field images of our dataset.
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algorithm computes a ratio of 1.014. In one case, the percentage is higher for healthy cells and
in the other, it is higher for elliptic cells.
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Figure 7.12: Percentage of bright spots located in the central part of cells for healthy cells and
elliptic ones. Comparison between ground truth and algorithm results are provided. Left panel :
healthy cells; right panel : elliptic cells.

Ground truth | Algorithmic results
0.896 1.014

Table 7.4: Ratio between percentage of bright spots in the central part of elliptic cells and healthy
cells.

7.2.3 Domains area and surface coverage

For domains area and coverage, no ground truth is available to compare results. Only algorithmic
results are given in the following section. We already know that we have a large number of
false positive detection. This is why these domains have been discarded for analysis. There-
fore, presented results do not reflect global algorithm performances but only size evaluation on
correctly detected domains. Since no ground truth is available to assess computation quality,
visual checking was used to evaluate performances. Such results are show in figure [7.13] for two
domains. We can see that areas are correctly estimated.

Domains area histogram is show in figure [T.14}Heft panel for healthy and elliptic cells. Healthy
cells have larger spots and their area range is larger than for elliptic cells. Domains coverage (fig
right panel) then follows the same trend. Here only cells with detected domains are kept to
compute the coverage. Indeed, a lot of cells have no domains and their coverage is thus zero,
computing the mean coverage will give a value close to zero. Concerning the histogram, zero
coverage values have also been removed to see more clearly the distribution for cells that have
domains in them. Most of cells have a coverage of 0.4% for both cells type. Moreover, a larger
amount of healthy cells have a larger coverage compared to elliptic cells.
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Figure 7.13: Sphingomyelin domains size evaluation results for 2 domains. Left images :
fluorescent images, central images : thresholded images, right images : domain contour applied
on fluorescent images.
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Figure 7.14: Left panel : frequency histogram of domains size; right panel : frequency histogram
of domains coverage

7.2.4 Partial conclusion on sphingomyelin domains

The proposed method is able to correctly compute the number of domains per cell, except for
high number of domains. The density of domains is thus slightly underestimated. Concerning
domains location, undetected ones are mainly located at the outer part of cells. This leads to
an overestimation of the percentage of domains in the central part of cells. Finally, concerning
domains sizes, no ground truth is available to confirm results but visual assessment validate the
size computation. Moreover, only correct detection have been kept for computation leading to a
good size estimation.
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Chapter 8

Conclusion

We proposed methods to detect bright spots (lipidic domains) and segment red blood cells in
fluorescent images. We mainly focused on wide-field images of sphingomyelin domains labelled
with BODIPY-sphingomyelin probes and on confocal images of cholesterol domains labelled with
Theta probes.

Confocal images - cholesterol domains

Concerning confocal images, we proposed two methods to detect cholesterol domains. Both are
applied on fluorescence images. The first is an iterative thresholding method and the second,
a unique thresholding and filtering method. The iterative thresholding method will iteratively
threshold the image, store regions that correspond to the domain definition and remove them
from the images. The unique thresholding and filtering method will first filter the image with a
Mexican Hat filter and then threshold this image with a computed threshold defined as the one for
which the percentage of regions corresponding to domains is the highest. These methods require
as input parameters an area range of domains to keep and a maximum allowed eccentricity.

We have shown that both methods missed detection and had false positives. For the unique
thresholding method, the threshold was adapted by a multiplicative coefficient, leading to better
results. It was defined thanks to the ROC curve analysis. However, this adaptation shows that
the criterion to define correct domains should be adapted. We have seen that the used area range
was correct, mainly the maximum eccentricity should be adapted. Another way to solve the
problem is to use the same adaptation that was made based on ROC curves. Indeed, all confocal
images of cholesterol domains have the same properties and keeping the same multiplicative
coefficient is relevant. Performances of this method for healthy cells were higher since domains
in healthy cells seemed better shaped. To increase detection in elliptic cells, many filter sizes
could be used and an adaptation could be made for flattened shapes.

Regarding the iterative thresholding method, performances are lower compared to the other
method. We have seen that the lower threshold used was crucial. It was currently a constant
value. However, it could be adapted depending on image intensities. This will help to increase
detection rate or lower false positive rate. The threshold was observed to be higher in elliptic
cells, for intrinsic reasons or for acquisition reasons. Whatever the reason, if it is adapted for
each image, performances will get better.

Concerning cells segmentation, two methods were also proposed for confocal images. Based
on the transmission image, a marker controlled watershed algorithm is performed. For the
Circular Hough Transform controlled watershed method, the marker is defined by centers of
circles detected by the CHT. For the Thresholding controlled watershed method, the marker is
obtained from binarization of the transmission image with a threshold computed from histogram
analysis.
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Performances have been assessed and results show that methods reach between 60 and 80%
of detection rate. The CHT controlled method is better suited for healthy cells segmentation,
while for elliptic cells the thresholding controlled watershed yields better results. This is mainly
due to the fact that the CHT controlled watershed is very specific to circular shapes. The main
cause of missing detections is incorrect seeding. Many seeds can be found in one cell, resulting
in over-segmentation. In other cases, no seeds are present, the cell is thus not segmented or
finally, the seed is badly placed and englobes two cells that are thus merged together. Potential
solutions for this could be to use graph-cuts that allow many seeds in one region to segment, or
to produce too much seeds and then merge regions together. For seeds that are placed on cells
edges, the intensities at this location could be analyzed to determine if seeds should be kept or
not or to cut them to have one seed in each cell.

Methods have been used to compute domains characteristics. We have seen that domains
densities are correctly evaluated by the Unique thresholding and filtering method. Both methods
were able to reproduce cumulative number of domains with respect to center distance, for healthy
cells. For elliptic cells, curves are less suited : there are not enough detections in the central
part of cells and too much in the periphery. Percentage of domains in the central part of cells
is slightly underestimated by the unique thresholding and filtering method. However, the ratio
of this percentage between healthy cells and elliptic cells are in agreement with ground truth.
On the contrary, the iterative thresholding method completely fails. Finally, domains areas and
area coverage were correctly computed for healthy cells. For elliptic cells, since a too high false
positive rate is observed, the area coverage computed by the iterative thresholding method is
strongly overestimated. On the contrary, the value from the unique thresholding and filtering
method is trusted.

Wide-field images - sphingomyelin domains

One method is proposed to detect sphingomyelin domains. The first step was to filter the
fluorescent image with a Sobel filter and the second step was to use iterative thresholding to
detect domains. Results with this method are quite poor. A lot of false positive detections and a
low detection rate are observed. This was mainly due to noise introduced by the Sobel filter.
Moreover, domains are hardly detectable only with a thresholding since cells are already highly
bright due to the type of fluorescent labelling and microscope type. A solution to improve results
could be to use confocal images.

In terms of cells segmentation, a unique method was proposed. It combines thresholding
and CHT results to build a control marker for watershed segmentation. Results are similar
to confocal images. Since methods are based on the same principles, same improvements are
proposed.

Due to poor domains detection results, their analysis is quite limited. Despite this, the
number of domains per cell is correctly estimated and the domain density is slightly underesti-
mated. Concerning domains location, the percentage of domains in the central part of cell is
overestimated since mainly domains at periphery were not detected. Due to bad performances,
only correct detections were used to compute domains sizes. Ground truth data was not available
to assess quality. However, visual analysis shows that size computation was correctly done.

Globally, we can say that sphingomyelin domains are less present in cells. Due to this,
detection must be really accurate to produce good results. On the contrary, cholesterol domains
are more numerous. Thanks to this, small errors have a lower impact on global results. Regarding
these results, it could be useful to analyze how much images are needed to reach statistical
significance.
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Perspectives

Methods were not perfectly working and some adaptations suggested previously could be im-
plemented and tested to try to improve them. However, for cholesterol domains, the main
characteristics were correctly computed by the Unique thresholding and filtering method. More-
over, proposed methods require a limited amount of parameters and all of them are related to
biologist knowledge on shape of cells and domains. We have seen that the definition of what a
domain is, lacks of precision for cholesterol domains. Afterwards, some aspects were not covered
in this work. Methods were not tested on other image types and domains. However, in some cases
it could be relevant : e.g. to segment every RBC image acquired with a confocal microscope,
whatever the fluorescent probe; or to detect larger domains with similar shapes. What could also
be done is to compare properties of sphingomyelin domains and cholesterol ones. Since detection
method for sphingomyelin domains was not optimal, this comparison was not performed yet.
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Appendix A

Additional segmentation results

Confocal images

(a) Initial transmission image (b) Marker for watershed control (c) Image used for watershed and ob-
tained by morphological reconstruc-
tion

(d) Obtained segmentation (e) Watershed regions kept as cells

Figure A.1: Results images at each step of the Thresholding controlled watershed for a confocal
image of healthy cells (Theta labelling).
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(a) Initial transmission image (b) Circles kept by the CHT

(¢) Marker for watershed control (d) Image used for watershed and ob-
tained by morphological reconstruc-
tion

(e) Obtained segmentation (f) Watershed regions kept as cells

Figure A.2: Results images at each step of the CHT controlled watershed for a confocal image of
healthy cells (Theta labelling).
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(b) Marker for watershed control (c) Image used for watershed and ob-
tained by morphological reconstruc-
tion

r

(d) Obtained segmentation (e) Watershed regions kept as cells

Figure A.3: Results images at each step of the Thresholding controlled watershed for a confocal
image of elliptic cells (Theta labelling).
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(a) Initial transmission image (b) Circles kept by the CHT

(¢) Marker for watershed control (d) Image used for watershed and ob-
tained by morphological reconstruc-
tion

(e) Obtained segmentation (f) Watershed regions kept as cells

Figure A.4: Results images at each step of the CHT controlled watershed for a confocal image of
elliptic cells (Theta labelling).
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Wide-field images

(¢) Marker for watershed control (d) Image used for watershed obtained by morpho-
logical reconstruction

(e) Obtained segmentation (f) Watershed regions kept as cells

Figure A.5: Results images at each step of the algorithm for a wide-field image of healthy cells
(BODIPY-sphingomyelin labelling).

77



(b) Circles kept by CHT

<

(¢) Marker for watershed control (d) Image used for watershed obtained by morpho-
logical reconstruction

(e) Obtained segmentation (f) Watershed regions kept as cells

Figure A.6: Results images at each step of the algorithm for a wide-field image of elliptic cells
(BODIPY-sphingomyelin labelling).
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Appendix B

Additional detection results

(a) Initial fluorescent image (b) Unique thresholding and filter- (c) Iterative thresholding method
ing method

(d) Initial fluorescent image :(e) Unique thresholding and filtering (f) Iterative thresholding method :
zoomed version method : zoomed version zoomed version

Figure B.1: Detection results for a confocal image of elliptic cells. Red dots are algorithm results
and green circles are ground truth spots.
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