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Abstract

Sickle Cell Disease (SCD) is a group of disorders of red blood cells that cause ab-
normal hemoglobin and could lead to different symptoms.

Brain MRI scans of patients affected by this condition show peculiar lesions in
White Matter, without any apparent neurological evidence, called Silent Cerebral
Infarcts (SCI).

To increase the comprehension of this condition is necessary to find and segment
the lesions. Up to now this process is performed manually, comporting an high
consumption of time and a dependence on the experience of the involved operator.

The European project GenoMed4All aims to provide solutions, control and pre-
vention for haematological diseases, including SCD, by applying AI technologies. In
this context, a pipeline for identifying and segmenting SCIs was proposed.

This work of thesis aims to develop and implement a pre-processing and post-
processing steps to improve the results obtained with the proposed segmentation
technique.

The pre-processing step includes a phase of brain automatic extraction and seg-
mentation of its main tissues. The post-processing step consists in the classification
of the lesions found in the segmentation step, aiming to remove the false positives.

The proposed steps were developed and tested on a data set of MRI scans pro-
vided by different medical centers in Italy. The performances of the pre-processing
step were tested comparing the obtained results with those of the software FSL,
which is a standard in the analysis of MRI scans. The brain mask comparison mea-
sured a Dice coefficient of 0:87, the white matter of 0:78, the grey matter of 0:67
and the cerebrospinal fluid of 0:66.

The post-processing step was developed training a set of three classifiers and
their results were compared to the manual annotation of the SCIs in the same data
set, obtaining a, AUC precision-recall for the best classifier of 0:75.
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Introduction

Sickle Cell Disease (SCD) is a group of inherited red blood cell disorders. A subject
a�ected by SCD has abnormal hemoglobin, which causes the red blood cells to
become hard and sticky and look like a sickle. Those cells die early, which causes a
constant de�ciency of red blood cells [1].

The main symptom of SCD is anaemia, a medical condition that consists in a
low value of the haemoglobin (the substance that resides in the red blood cells,
responsible of the oxygen transport) in blood. Another frequent symptom is the
occurrence of painful episodes known assickle cell crisisdue to blood vessels that
become blocked and are frequently localized in limbs or back. People with SCD are
more vulnerable to infections, particularly in the early ages of life [2].

The most common neurological complication in subjects with SCD is the presence
of Silent Cerebral Infarcts (SCIs)[3]. SCIs are de�ned as an abnormal magnetic
resonance imaging of the brain in the setting of a normal neurologic examination,
without a history or physical �ndings associated with an overt stroke [4]. In the
brain magnetic resonance imaging(MRI) SCI usually present itself as an hypointense
region in the T-1 weighted image, or as an hyperintense region in the FLAIR image,
and are localized in the white matter as show in Figure 1.

SCIs' consequences includes a decrement in general intellectual abilities, poor
academic achievement, working abilities and a minor quality of life [4]. Speci�c
morbidity can lead to a progression to overt stroke and progressive SCIs [4, 5].
Neuropsychological and neuroimaging studies are needed to understand how SCI
negatively a�ect cognition and provide a starting point for the identi�cation of
potential targets for preventive therapies [6]. Up to now the segmentation of those
lesions is manually made by high trained and specialized neuroradiologists, which is
highly time consuming(severaly hours) and can be very subjectively, in�uenced by
the experience of the operator.

To overcome those issues it was proposed the usage of a neural network to auto-
matically segment the SCI in a brain MRI. A stepwise procedure was used to achieve
the segmentation of those lesions, di�erentiating the segmented regions from other
non-clinically relevant hypo regions in the white matter [5].

To do that it was necessary to process the MRI images before (pre-processing)
and after (post-processing) the application of the implemented SCI segmentation
tool. In the pre-processing stage the aim is to prepare the image to be processed by
the segmentation tool, cleaning it from everything could badly in�uence the success
of the AI segmentation. In the post-processing stage the purpose was to re�ne the
results obtained by the neural network.

This work of thesis, made in collaboration with the Department of Neuro-
science of the University of Padova, �ts in the contest of the European project
"Genomed4All"[7] which aims to �nd correlation between -omics data and pheno-
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(a) Axial slice of a T1-weighted MR scan
without SCI evidences

(b) Axial slice of a FLAIR MR scan
without SCI evidences

(c) Axial slice of a T1-weighted MR scan
with SCI evidences

(d) Axial slice of a FLAIR MR scan with
SCI evidences

Figure 1: Comparison between healthy brain image and brain with SCI in both
T1-weighted and FLAIR MR scan. It's possibile to appreciate how the SCI appears
as an hyperintense region in the FLAIR image and as an hypointense region in the
T1-w image, pointed by the red arrow.

type by the help of Arti�cial Intelligence [8] using European data of patients a�ected
by haematologic diseases, that often presents anomalies in the DNA.

The purpose of this work of thesis is to develop reliable, open source and relatively
quick strategies for the pre-processing and post-processing phase.
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Chapter 1

Preliminary Knowledge

The aims of this work of thesis was to prepare head MR images for a segmentation
using a U-Net and then to re�ne the outcomes cleaning the misclassi�ed ones. In
order to do that di�erent techniques was used and is necessary to brie�y de�ne,
show and explain the approaches used. In this chapter, medical images are brie�y
introduced, then the main segmentation techniques used are illustrated; �nally, the
metrics useful for evaluating the results obtained are treated.

1.1 Medical Images

An image is a collection of measurements in two-dimensional (2-D) or three-dimensional
(3-D) space [9]. A medical image is a discrete representation of the internal struc-
ture or function of an anatomic region in form of a tensor of picture elements called
pixels/voxels. A pixel is a discrete numeric representation of intensity or gray-
level[10]. The representation results from a process that maps every numerical
value in a position in space and the number of picture elements involved express the
level of detail with which the subject will be depicted [11]. The physical meaning
of the numerical value of a pixel changes according to the imaging modality, the
acquisition protocol, the reconstruction and eventually the post-processing. Nev-
ertheless there are 4 concepts in common for every medical image:pixel depth,
photometric interpretation, metadata and pixel data [12]. In the following
lines these characteristics will be rapidly described.

Pixel Depth Pixel depth is the number of bits used to encode the information
stored in each pixel. A higher number of bits per pixel permits to store a greater
information but requires a greater usage of memory [12]. We can exemplify the
concept just expressed considering a square image with a side of256pixel of depth
2 bytes= 16 bit (1 byte= 8 bits). In this case each pixel can express216 = 65; 536
levels which are usually arranged as integers in range[0; 65; 535]. It is also possible
store the values in the interval[� 32; 768; 32; 767]using 15 bits to store the level and
a bit to represents the sign. In this example the image will occupy256� 256� 2 =
131; 072bytes.

It is to mention also the possibility for a pixel to store a real number. For this
case the Institute of Electrical and Electronics Engineers created a standard (IEEE-
754) in which de�nes two basic formats for the binary encoding of a �oating point
number: single precisionwith 32 bit depth and double precisionwith 64 bit depth.
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Photometric Interpetation The photometric interpretation speci�es how the
pixel data should be interpreted for the correct image display as a monochrome or
color image. To clarify that sentence it is useful to introduce the concept ofnumber of
channels, also known assample per pixel. Monochrome images have only 1 sample
per pixel and all the bits in the pixel depth is used to represents the gray level
[12]. Typically x-ray computed tomography (CT) and magnetic resonance (MR)
images are monchrome, and so, in that elaborate, we will mainly consider those
kind of images. Furthermore nuclear medicine images, such as positron emission
tomography (PET) and single photon emission tomography (SPECT) the data are
usually visualized with a color map, that map is however prede�ned and the colors
are not information stored in the pixels. In that case the number of channels is 1 and
that images are usually referred to be inpseudo-color. To encode color information
into pixels is necessary to have more than one number of channels. It is common to
have RGB (Red, Green and Blue) images, which are composed of 3 channels. In this
case the pixel depth can be obtained multiplying the number of bits per channels
(usually 8 bits [13]) for the number of channels [12]. An example of colored images
in medical usage are the Doppler ultrasound in which the color is used to encode
blood �ow direction and velocity. [11].

Metadata Metadata are informations that describe the image. It is usually stored
at the beginning of the �le as a header and contains at least the image matrix di-
mensions, the spatial resolution, the pixel depth, and the photometric interpretation
[12]. Using the metadata, advanced medical image visualization software are able
to correctly read, display and elaborate medical images if the format is supported.
In medical images metadata acquires an also greater importance due to the nature
of the images itself. It is possible to store information about how the image was
produced and even informations on the patient [11].

Pixel data Pixel data represents the numerical value stored in the pixel. Accord-
ing to the data type, pixel data are stored as integers or �oating point numbers.
Although is not common, it is also possible to store complex numbers in pixels. An
example is pixel data from MRI before the reconstruction that provides informations
about both the phase and the intensity (The so calledk-space) [12].

1.1.1 Medical Image Format

Image �le formats provide a standard way to store the information describing how
the image data are organized inside the image �le and how the pixel should be
interpreted by software for the correct loading and visualization. First of all, it
is necessary to distinguish between two main categories of formats: The �rst is in-
tended to standardize the images generated by diagnostic modalities and the seconds
has the purpose of facilitate and strengthen post-processing analysis [12]. The ex-
ample here discussed areDICOMfor the �rst category, that is the original �le format
of the datas analyzed in that paper, andNifti for the second category, which is the
format mainly used during during this thesis work.

DICOM The Digital Imaging and COmmunications in Medicine (which acronyms
is DICOM) standard was established by the American College of Radiology and the
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National Electric Manufacturers Association in 1993 and was introduced in imaging
departments a the end of the '90s. Now it is the backbone of every medical imaging
department, also because it is not only a �le format but also a network communica-
tion protocol. The value of DICOMis that the pixel data and the description of the
medical can't be separated, accentuating the concept that an image is quite mean-
ingless without its metadata and so they are merged in a unique �le. TheDICOM
header contains a full description of the entire procedure used to acquire the image,
including patient information such as name, gender, age, weight, and height [12]. It
has 2 main limitations: As a matter of fact pixel that can only store integer values
(altough �oating point data can be stored in the metadata), and also it is born for
only 2D images, so a 3D volume is described by a series of �les containing the single
slices [11].

Nifti The Nifti format was originally created at the beginning of 2000s by a
committee based at the United States' National Institutes of Health (known as
NIH) [12]. It's strength is due to the header that can store information about image
orientation image centre and origin, and that can, for example, resolve ambiguity
between left and right in brain hemisphere MRI. It is supported by many software
of image viewing and can store 3D images. For those reasons it is the format used
in this work.

1.2 Magnetic Resonance Imaging (MRI)

Magnetic Resonance Imaging is an imaging technique base on the physics phe-
nomenon of Nuclear Magnetics Resonance (NMR), a process that involves the mag-
netic moments of the atoms that, immersed in a constant magnetic �eld, align
themselves with the external magnetic �eld, giving rise to a small paramagnetic
polarization contrasted only by the thermal agitation. The constant magnetic �eld
also give rise to a phenomenon calledLarmor precession, in which the nuclei's mag-
netic moment precess around the external magnetic �eld direction with a particular
frequency, calledLarmor frequency, dependent on the external �eld. Applying an os-
cillating magnetic �eld, perpendicular to the constant magnetic �eld (z axis), at the
Larmor frequency puts in resonance the nuclei, which magnetic moment's latitude
will change accordingly to the magnetic pulse received. Inserting in the apparatus a
coil with axis perpendicular to the plane where lie the magnetic �elds, it is possible
to register an oscillating induced voltage [14].

The nuclei, immersed in the constant magnetic �eld, will tend to come back
to their original orientation once the oscillating magnetic �eld is turned o�. NMR
informations, and in particular the ones needed for the recording of an MRI im-
ages, comes just from the relaxation time of the magnetic polarization, that is the
time needed for the vector to return parallel to the constant �eld. It is necessary
to underline that magnetic polarization is a vector and so it can be splitted in two
components, one longitudinal (z axis) and one transversal (xy plane). The relax-
ation is so de�ned as the time to made the transversal component go back to0
and the longitudinal component return to the initial value. Those two processes
has di�erent individual relaxation times: T1 for the longitudinal component andT2

for the transversal component. The processes of realignment in longitudinal and
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transversal directions have di�erent natures. The longitudinal relaxation for a nu-
cleus is due to the interaction of the spin with the lattice and so the T1 time is also
called spin-lattice relaxation time. The transversal relaxation otherwise is due to
the interaction between the nucleus' spin with other spins, then the T2 time is also
called spin-spin relaxation time. It is also to be noticed that the T1 time is longer
than T2. This process of relaxation produce a signal called Free Induction Decay
(FID) that is the signal registered.

1.2.1 Pulse Sequences Images

In MRI the constant magnetic �eld is usually not uniform, but has a gradient.
The presence of a not uniform �eld lead to nuclei with di�erent Larmor frequency
depending on their displacement in the space. Adjusting the frequency of the pulsing
�eld is possible to select only a small slice of space in which nuclei will have that
determined resonance frequency.

It is possible to obtain di�erent contrast between tissues applying particular
sequences of impulses for the oscillating magnetic �eld that permits to maximize
or minimize the e�ect of some particular physics phenomena of the FID. It is, for
example, the case in which the FID from T1 relaxation time or the T2 relaxation
time are maximized, as brie�y explained below. Another example of phenomena
which FID can be maximized is the di�usion, but they wouldn't be treated because
are not relevant for this work of thesis. In the next lines will be brie�y discussed
the main images obtained by the di�erent sequences and the most used during the
work.

T1-Weighted T1 Weighted image (also referred asspin-lattice) is one of the more
frequently recorded image modality in MRI and demonstrates di�erences in the T1
relaxation times of tissues. For example fat's longitudinal magnetization realigns
rapidly with B0, and it therefore appears bright. On the contrary water has a slower
relaxation time in the longitudinal axis and therefore has a lower signal appearing
dark [15].

T2-Weighted T2 Weighted image (known also asspin-spin) is also one of the
basic pulse sequences on MRI and highlights di�erences on theT2 relaxation time
of tissues [16]. In this kind of images the water appears bright and conversely fat
appears darker than the T1-w images. T2-weighted images are often most helpful
for assessing areas of pathology because diseased or injured tissue contains a higher
water content than is normal, resulting in signal hyperintensity [17].

FLAIR FLuid Attenuated Inversion Recovery (FLAIR) is a special sequence that
removes signal from the cerebrospinal �uid in the resulting images. Brain tissue on
FLAIR images appears similar to T2W images with grey matter brighter than white
matter, but cerebrospinal �uid (CSF) is dark instead of bright. It is very useful in
evaluating cerebral infarts and multiple sclerosis lesions because they will appear
hyperintense in this kind of images [18].
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