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Abstract

Magnetic resonance imaging (MRI) is a medical imaging technique used to generate 3D cross-sections of
body parts for medical diagnosis and monitoring. MRI scanners have a resolution that depends on the
strength of their magnetic field, measured in Teslas (T). Most clinical scanners have a resolution of 1.5T
and 3T resolution is used in wealthy hospitals and for research. A few research centers also have a 7T
scanner, a resolution only ever used for research. Yet, 7T images offer a very detailed view of the body,

which helps researching and diagnosing diseases.

Deep learning models can be used to create super resolution models that generate a synthetic 7T MRI
scan from a 3T MRI scan. The generated images carry information of a higher resolution and display
very tiny but important brain parts, otherwise invisible on the 3T. The creation of such a model relies

on training it on pairs composed of a 3T and a 7T brain scan acquired from the same patient.

In this work, we present how we handled the preprocessing of our 7T and 3T images pairs, as well
as the augmentation methods that can be used to enhance the diversity of the dataset. Then, we intro-
duce our deep learning model, an attention residual U-net with an extra layer specific to super resolution.
We also explain how to build a generative adversarial network using this model as a generator. We then
discuss how we used the models on the data, the parameters of the models and how we can assess the
quality of the results. Finally, we display the results of three models, one trained on a simple but small
dataset, two trained on a lower quality but bigger dataset, one being a U-net and the other a GAN
U-net. We discuss our achievements and the limitations that negatively affected the results, as well as

what could be done to improve them.
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Introduction

Presentation of the DeMON lab

BioFINDER is a cohort study based in Lund, aiming to discover key pathological mechanisms in

Alzheimer’s disease as well as other neurodegenerative diseases like Parkinson’s disease.

Jacob Vogel’s laboratory, the DeMON (Dementia Multi-Omics and Neuroimaging) lab, is a consult-
ing data-analysis unit for BioFINDER. It researches on aging and neurodegenerative diseases, using the

large data resources to model disease progression and discover contributions to disease pathogenesis.

Magnetic Resonance Imaging

Magnetic Resonance Imaging (MRI) is an in vivo non invasive medical imaging technique used to visu-
alize detailed internal structures of the body. It relies on magnetic fields that interact differently with
every tissue type. It generates high resolution images images that help the diagnosis of various medical

conditions. It is particularly effective for imaging soft tissues, such as the brain, muscles and organs.

This method can create different image modalities by measuring different properties of the body part
depending on what magnetic property it measures and on the modalities of the magnetic fields. The
most used for brain MRI are T1-weighted (T1w) and T2-weighted (T2w). T2w is great at detecting
fluids and fluids abnormalities. T1w provides images of anatomical structures with excellent contrast
between different tissues. It is particularly good at visualizing the brain’s anatomy. We will focus on

this second modality.

These images can also differ by their resolution. The resolution is controlled by the strength of the
magnets of the scanner, measured in Teslas (T). The most commonly clinically used scanners have a
resolution of 1.5T. 3T scanners are also used in research, wealthy hospitals and specialized clinics. They
provided high resolution images. 7T scanners are very rare and only ever used for research, yet they
provide very valuable information about tiny structures. Higher resolution scanners exist, but are meant

for researching MRI itself. Very low resolutions have also been used for portable scanners.

Going from 3T to 7T : Super resolution

7T scans offer a more detailed view of the brain, it allows a resolution of 0.65 x 0.65 x 0.65 mm? against
1 x 1 x 1 mm? for 3T scans. This enables us to see very tiny structures of the brain like laminar struc-
tures in the cerebral cortex and to see subcortical nuclei better, which might be very useful for dementia
diagnosis. Moreover, 7T images have a much better tissue contrast, which can improve visual diagnosis

or automatic tasks such as automatic segmentation.

The central idea of the project is to create a deep learning model that will learn how to go from 3T to
7T resolution. We say that we want to achieve super resolution (SR). Our assumption is that 3T images
may contain information that might be used by a model to uncover more high-resolution anatomy, even

if such anatomy may not be visible to the naked eye. With this goal come three questions :

e Can we visually enhance images in a way that could improve their utility in radiological diagnosis?

e Can we improve automatic tasks used for processing MR images, such as segmentation?



e Will we be able to image small and complex structures of the brain with greater resolution?

The aim of the project is to try to get as close as possible to answering these questions.

Brain anatomy

The brain is made of a few main parts shown in figure 1. Notice the cerebellum which we will mention

multiple times throughout this work.
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Figure 1: Anatomy of the brain. Source : “https://thealevelbiologist.co.uk/human-brain-structure-and-function/”, free to
use and share.

Related work

There are many related works that make us believe that this task is possible to perform. Firstly, the
recent developments in deep learning have shown very impressive results on natural images, including
super resolution. For instance Rombach et al. [46] show the results of their latent diffusion models. These
works have also shown that deep learning models take a lot of RAM and can require to split the images
into smaller blocks. Moreover, people have used these methods on medical images with a lot of success.
It includes tasks relatively similar to ours, like super resolution of brain MRI from 1.5T to 3T resolution
[56],[35] or super resolution from 3T to 7T but in a different modality [17].

Older techniques have also been tested on the task with a simple CNN [45], this was state of the art
during my project. We used a more complex and state of the art model (U-net and generative adversarial
network) with newer methods (residual blocks, attention mechanisms, conditioning, a perceptual loss,
an edge sharpening layer). However, they used different inputs, as they use both the spatial and wavelet
domains. We also used a bigger and more diverse dataset. Lastly, they decided to split the images into
2D slices (along the transversal dimension) to save RAM, which we also decided to do. Around the end
of my thesis, a paper using recent techniques was released by Qiming Cui et al. [14]. It mentions good
results and is now state of the art. Still, our work introduces new techniques like attention layers, an
edge sharpening layer and a different architecture for the model (U-net against a V-net). Also, they
work on 3D cubes of size 64 x 64 x 64 instead of 2D slices.



Notations and abbreviations
e H : height
e C : number of channels
e D : depth

W : width

e SR : super resolution

e GAN : generative adversarial network
e CA : cross attention

e SA : self attention

e Res : reisudal

e GMM : gaussian mixture model

e CSF : cerebro spinal fluid

e GM : grey matter

e WM : white matter



1 Data preprocessing

To build an efficient model, we need to make the data as easy to use and as diverse as possible. We thus
want to remove data flaws and use a wide diversity of images in order to capture the heterogeneity of
brain scans. Indeed, a brain lesion that the model has never seen during the training could be wrongly
processed and be misleading or even missing on the high resolution generated image. This is especially
important as we are working on medical images. Another major issue is that every scanner has its own
settings. As a result, images from different scanners may vary slightly [39], which could worsen the model
performance during inference. To remove the data flaws, we can use preprocessing tools. To artificially

solve the diversity issue, we can augment the data.

1.1 Description of the datasets

Our data is composed of images saved as NIfTI-1 files and comes from two sources :

e The UNC paired dataset : this dataset contains 10 sets of T1w MRI brain scans on 3T and
7T resolution. It was made available by Xiaoyang Chen et al. [13], who defaced and aligned them.
Since they are accessible on my computer and already aligned, this dataset was especially useful
to run first experiments. The characteristics of the participants are shown in figure 2. All of them

are cognitively normal. The aligned 3T and the 7T images are of size (256, 304, 308).

Age of the participants according to their sex

g
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Figure 2: Age and sex of the 10 subjects of the UNC dataset, each subject is represented by a dot.

An example of scan from this dataset can be seen in figure 3.

Figure 3: Example of 3 slices, one per dimension, of a scan in 3T and 7T resolution, from the UNC dataset.



e The BioFINDER study : this is a secured dataset provided by my laboratory. It contains
a lot of scans and includes 172 unprocessed 7T Tlw images that come from the same scanner,
each paired with at least one 3T T1lw scan [6]. The paired scans were taken at different points
in time and were usually acquired with a gap of one year. We only used the closest 3T scan in
time, but it could be interesting to use them all for a better generalization. The participants
are older than in the first dataset and each subject has a clinical diagnosis made at a specialist
memory clinic. The diagnosis can be : “Normal” - 74 patients -, “subjective cognitive decline”
(SCD), which means the patients felt impaired cognitively but are not clinically diagnosed as such
- 50 patients -, “mildly cognitively impaired” (MCI) - 46 patients - and “demented” - 2 patients
-. The “MCI” and “dementia” diagnosis have been given according to the DSM-5 criteria [2]. We
separated the diagnosis in two groups : the “normal” and “SCD” patients together and the “MCI”
and “demented” patients together. We can see the age distribution according to the diagnosis and

sex in figure 4.
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Figure 4: Age and sex of the participants of the BioFINDER 2 dataset, according to their diagnosis. Each dot represents
a participant and has a small random offset along the x-axis for more visual clarity.

The BioFINDER images are lower quality than those of the UNC dataset. Some preprocessing (skull
stripping and bias field correction, see the next section) has been performed on the BioFINDER 3T im-
ages, while the BioFINDER, 7T images are still completely raw. The 7T images are of size (352,352,272)
with a lot of background voxels. The images of the UNC dataset are raw, although they were aligned
and defaced.

Examples of scans from this dataset can be seen in the next subsection (section 1.2).

1.2 Removing flaws
1.2.1 Bias field correction

A common issue for MRI scans is the presence of a bias field [29] : a very smooth low-frequency signal
that corrupts the images. An example can be seen in image 5. The state of the art method to solve this

issue is the n4 bias field correction algorithm [52], which is accessible on the software ANTSs [53].



Figure 5: Example of 3 slices, one along each dimension, of a 7T scan, notice how the intensity of the white matter is much
higher towards the left back and center parts of the head.

The skull stripped images of the 3T BioFINDER dataset have been bias corrected too. We show the raw
3T scan of the same patient in image 6 and the skull stripped bias corrected version in image 7. Notice
how the bias in the raw 3T of BioFINDER is much less important than in the 7T scans.

Figure 6: Example of 3 slices, one along each dimension, of a 3T scan of the same patient as figure 5. The intensity scales
of this image and the previous image are not the same and they should not be compared.

Figure 7: Example of 3 slices, one along each dimension, of a 3T brain of the same patient as in the images 5 and 6, here
the intensity of the white matter is the same everywhere since they were bias field corrected.

It is important to remove this bias on both image resolutions. When it comes to the 3T images it will
make the task easier for the model, as the intensity of a voxel will be better correlated with its tissue
type (white matter, grey matter or other). For the 7T images it is paramount, indeed the modalities of
the bias field are random, so the model cannot predict it and will average it out, making the evaluation

of the performance of the model less accurate (see section 4.2).

The bias field is much harder to correct on the 7T images than on the 3T images. The first reason
behind that is that the n4BiasFieldCorrection algorithm has been extensively used on 3T images and its
default parameters are perfectly suited for this resolution. Meanwhile, few people mention the parame-

ters suited for 7T scans. A second issue is that the background, skull and neck can make the algorithm

10



perform badly. This can be solved using a mask indicating where to calculate the bias field. A mask is
typically created using a threshold but this cannot be done here as the intensities near the edges of the
brain are too close to those of the background (look at figure 5). To solve these issues I followed this

procedure :

e Do a first bias field correction.

e Perform a skull stripping using MRI SynthStrip [25] keeping the cerebrospinal fluid (CSF). The
resulting skull stripped image can then be used to create a brain mask.

e Do a second bias field correction with the brain mask.

I also did the last steps while tuning the parameters of the algorithm on a few images to optimize

them. With this procedure, I got very good results, which can be seen in figure 8.

Figure 8: Example of 3 slices, one along each dimension, of a bias corrected 7T scan of the same patient as in figure 5.
The intensity scales of this image is not the same as any other image.

Remarks :

e The first bias field correction is not so important, but it can improve the results of the skull

stripping.
e The parameters I ended up using are :

— Bias FWHM : 0.18

Wiener filter noise : 0.1

Convergence Threshold : le-7
— Maximum number of iterations : 150x4 (150 iterations at four resolutions)

Shrink factor : 4

The results are very slightly better when the shrink factor is smaller, but the running time is much

higher (run time with shrink factor 4 : around 2 minutes, with shrink factor 2 : around 10 minutes).

e The skull stripping algorithm MRI SynthStrip [25] is a deep learning model that has not been
trained on 7T images. Yet, it has been trained on 1.5T and 3T images in different modalities
(T1w, T2w, infant T1w, flair, PDw, DWI, CT and PET) and using many augmentation techniques
to make it work on a wide variety of brains. It thus also worked on our 7T scans. The results were

not perfect, but very good.

e We have been told that another way to remove this bias field is to apply the algorithm multiple

times in a row.
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1.2.2 Corruptions and bad acquisitions

As said previously, MRI relies on magnetic fields whose interactions with the brain tissues are measured.
The issue with this method is that the field can react strongly with undesired objects, such as a metal
tooth for instance, which results in a corruption in the image. This is particularly the case with 7T
images, as the magnetic fields are very strong. This cannot be easily solved and we decided to remove
the corrupted image parts during training. In practice we did it by only including the 2D slices above
the corruption (along the transversal dimension), as our model will be used on transversal 2D slices (see
section 3.1). Examples of corruptions we removed, although we are not sure what exactly caused them,

are shown in images 9 and 10.

Figure 10: Example of a slice of a 7T scan with a grey corruption, the part of the cerebellum in the red circle is extremely
smooth.

A second issue is that an acquisition takes a long time during which the patient can move, thus creating
artifacts. The most common artifact is stripes (see the stripes in figure 11), that cannot be removed
without a 4D acquisition, which we do not have. For most patients, the stripes are small and will
probably be averaged out by the model as they are completely unpredictable. They will unfortunately
make the evaluation of the performance of the model a bit worse. Some patients moved a lot, which
not, only resulted in big stripes but also a blurry image. We decided to remove these images as they
could worsen the model, which resulted in 7 removed images. An example of a removed scan is shown

in figure 11.

12



Figure 11: A 7T scan with too much movements, notice the big stripes in the red circle and how the front of the head is
blurred out.

1.2.3 Coregistration

Another important task to perform is coregistration. Indeed, in the BioFINDER dataset, the brains are
not aligned and the 3T image is smaller. This is especially problematic as the location of the 7T brain is
independent from the location of the 3T image and thus unpredictable. The registration is also necessary
when it comes to cutting the images in matching parts. The registration tools of ANTs are very efficient
for this kind of task. We used the default tool which relies on the algorithm SYN [3]. This algorithm
does an affine transform, which has 7 degrees of freedom (3 for a translation, 3 for the rotation and 1
for the scale) and a small deformation map (which has many degrees of freedom). To make sure this
was as efficient as possible, I skull stripped the 7T bias corrected images without CSF using the same
tool as before (SynthStrip [25]) and coregistered the 3T brains to their corresponding 7T brain. The
registration worked perfectly. An example is shown in figure 12.

Figure 12: On the left : 3 unregistered slices of a skull stripped and bias corrected brain in 3T and 7T resolution. On the
right : 3 registered slices of a skull stripped and bias corrected brain in 3T and 7T resolution, of the same patient. The
green cross indicates where the slices are. Notice how the slices do not match on the left image and match on the right
image.

The registration was a success. The transform used has been saved and can be used to register the full

scans too.

1.2.4 Anonymization

The BioFINDER data is considered sensitive data, especially as a scan can be used to reconstruct the
patient’s face. The patient could also be found using their associated data (birth date, diagnosis and
gender). To avoid privacy issues, we did all the preprocessing on secured servers and only extracted
anonymized data, which is the skull stripped images without their associated index. We also kept the
birth dates secured and rounded the ages to prevent anyone, including us, from easily matching patients

and brains.
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1.3 Solving the scanner diversity issue with augmentations

As said previously, the model should work for a wide variety of scanners and brains. This variety
can be expanded using data from other labs, but it can also be artificially increased using different
augmentations. Even though we explored the different solutions, we did not implement them as we were
short in time and we were not always sure that they would improve the results. Considering that we
have a large dataset, we should have a sufficiently large dataset to have a working model anyway. In this

section we talk about the possible ways to expand our dataset.

1.3.1 Gaussian mixture model augmentation

Maria Ines Meyer et al. [39] proposed a gaussian mixture model (GMM) data augmentation to help deep
learning models generalize to other 3T scanners. The idea is that there exist three main kinds of brain
elements : white matter (WM), grey matter (GM) and cerebrospinal fluid (CSF). Each have their own
intensity distribution determined by the scanner settings. Although these settings have other impacts
over the image characteristics (e.g. noise, artifacts, distortions), the impact of this phenomenon is said
to be significant on segmentation tasks and seemed interesting for our purposes too. This method is
performed on the bias corrected skull stripped brain with the CSF. We first have to change the range
of the data. So as to do it, we clip the voxels whose intensity belongs to the one percent lowest or
one percent highest intensities of the image and calculate the minimum and maximum and perform the

following transform, where I, is the clipped image :

, 1T —min(l,)
~ max(l,) — min(I,)

These percentiles are removed because very intense parts of the image (the blood vessels) can vary a

lot and are not that relevant to this task, see an illustration of this phenomenon in figure 13.

Clipped min-max normalization Default min-max normalization

Patient 1
density
density

00 02 04 06 08 10 12 14 02 o4 06 o8 1o 1z 14
Normalized intensities Normalized intensities

density
density

Patient 2

8
7
6
s
4
3
2
1
0

00 02 o4 06 08 10 12 14 % o2 o4 o8 o8 10 12 14
Normalized intensities Normalized intensities

Figure 13: Intensity distribution of two 3T brains with CSF after two normalization strategies. Notice how the clipped
min-max normalization gives more consistent results between subjects.

Then we can approximate the intensity distribution p as a sum of three weighted gaussians (each rep-
resenting the intensity distribution of one brain element CSF, WM or GM) using sklearn’s tool Gaus-
sianMixture [40] with 3 components. We note 7, the weight of the k" gaussian and fu,o the probability

density function of the normal law of mean p and of standard deviation o.

1 _ _ 2
Vo € R, fuo(r) = Noroe exp <(x202u)>
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We approximate p by :

3
b= E :kauk,ak
k=1

We display an example of normalized intensity distribution along with the approximation and the three

weighted components in figure 14.
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Figure 14: Distribution of the intensity of a brain with CSF of a UNC subject in blue, with the gaussian mixture model in
orange in its 3 components in red, purple and green, which are respectively mostly associated with CSF, grey matter and
white matter.

Unfortunately, two peaks are very close, the grey matter (purple component in figure 14) and the white
matter (green component in figure 14) are not well separated by the gaussian components. This makes

the gaussian components no so relevant which reduces the quality of the model.

According to Maria Ines Meyer et al. [39] the means and standard deviations of the three components
are mostly scanner dependant. To artificially expand our dataset, we introduce small variations to the
mean and std of each component & : ¢, and ¢, , such that our new means and stds are pj, = pr + gy,
and o}, = 0 +¢o,. The range of these variations must be found by looking at images from many different
scanners, which we could not do and would thus require us to contact the Maria Ines Meyer et al. . In
order to keep the structural information, we want to modify the voxels while preserving their distance
to the mean, defined for every voxel v by d, ,(v) = “=#. In order to do that we apply the following
transformation to a voxel v belonging to the k** component :

r /
V= g+ dyy o, O

If needed, the skull can then be added back and the augmentation is done. An example of such augmen-

tation can be seen in figure 15, along with the distribution of the augmented brain shown in figure 16.

Figure 15: Three slices of a brain and on the right their augmented version.
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Figure 16: Intensity distribution of the augmented brain of figure 15. There is a small bug around intensity=0.4, which is
easily solvable and is due to the fact that some voxels have intensities too far from the component they should belong to.

1.3.2 Other data augmentations

Many deep learning models rely on several augmentation techniques for brain MRIs [19], here are the

ones that we thought were interesting :

e Image distortions : to account for the variety of brain shapes, we can apply grid distortions or

elastic transforms to the data. This is represented in the figure 17 below :

Original image GridDistortion ElasticTransform

Figure 17: Alexander Buslaev et al. [9], example of grid distortion and elastic transform. Available via license CC BY

The advantage is that we can apply the same transform to both of the paired images. Unfortunately,
the results can be unrealistic which can make the results worse [20], which sounds especially bad

for super resolution.

e Adding noise : 7T images have a better signal to noise ratio [50] than 3T images. It could be
interesting to add noise to the images to help the model learn how to take it into account. This is

known to be extremely important in super resolution tasks involving real life images [46].

e Adding lesions : some papers mention taking a lesion from a brain and artificially adding it to
a healthy brain [48]. This task seems to be time consuming and requires a lot of care to be done

successfully.

e Linear shifts : changing the location of the brain in the image. This did not seem so useful as

we have many pairs.

e Intensity modifications : this consists in changing the intensity distribution of the image. The
easiest way to do it is to multiply by a factor close to 1. The aforementioned gaussian mixture

model data augmentation [39] is another example.
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2 Deep learning super resolution models

Super resolution (SR) is a complex task, as such, it has heavily benefited from the development of deep
learning. The first big development was super resolution convolutional neural networks (SR, CNNs), as
they are known to give good results while being very easy to train and do not require a huge dataset (10

pairs of images can be enough to get a working model).

The most popular super resolution method is perhaps the super resolution generative adversarial net-
works (SR GANSs). It is an evolution of SR CNNs in the sense that it uses a CNN to generate a high
resolution image (the generator) and a second CNN trained to estimate the probability that a given
image (real or generated) is fake, we call it the discriminator or the critic. During training, both are
updated, the discriminator learns how to tell a fake image from a real one, while the generator essentially
learns how to fool the discriminator. This is known to improve the results significantly and has widely

been used in medical super resolution tasks [4], [1], [51].

Finally, the recent developments of diffusion models have shown nice results in natural image super
resolution and have very recently started to be used for several medical image processing tasks such as
fake brain generation [42] and super resolution of brain T1w MRIs going from 1.5T to 3T [56]. Although
there are still not so many such studies, as their development is still very recent and as these models
are very complex. Moreover, some people have shown that diffusion model do not really perform better
than GANs for super resolution of natural images [32]. One can also be concerned that such models
would generate fake artifacts, like text to image models do by creating hands with 6 fingers for instance.
Diffusion models are also known to be more complex and take a lot of compute time. For all these

reasons, it did not seem reasonable to build and train a SR diffusion model.

2.1 Super Resolution using a CNN

The model we used is based on Jonathan Ho’s code [24], he used this model as a noise estimator he
used to build a diffusion model. It is a CNN built using classical layers, residual blocks and attention

mechanisms.

2.1.1 The main layers

CNN models are based on four main layers :

e Convolution : 2D convolutional layer [16] with a kernel a size 3, 0 padding of 1 and stride 1

(=apply the convolutions on each pixel) to keep the image size.

e Activation function : the most common and simplest activation function is ReLU (rectified
Linear Unit), it basically keeps the value as is if it is bigger than 0, otherwise it sets it to 0. It is

very efficient to generate features and makes the model very easy to train.
To add some complexity, LeakyReLU [59] can be used. It keeps the negative values using a small
positive slope with a predetermined parameter noted «. This parameter can also be trained using

Parametric ReLU (PReLU).

More recently, people have started using more complex functions such as SiLU (Sigmoid Lin-

ear Unit, also called Swish) [23], which we used. It does not weight the values according to their
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sign like ReLU but more according to how big it is compared to the other values. It is equal to the

identity function times the sigmoid function o.

ReLU : z — max(0, x)
LeakyReLU(«) : z — max(0,z) + amin(0, z)

. T
SiLU: 2z — zo(z) = ————
l14+e
3.0 — RelU
SiLU
251 — LeakyReLU, alpha=0.05
2.01
154
x
=
1.0 A
0.5 1
0.0 1
5 4 3 2 a1 0o 1 2 3

X

Figure 18: Graphs of three activation functions : ReLU, LeakyReLU and SiLU.

e Normalization layer : there exists different normalization layers : batch normalization, layer
normalization, group normalization etc. These layers are used to solve the internal covariate shift
[27], a problem that makes training harder and where the distribution of the features shifts because
of the weight updates. To solve it, it creates groups of pixels/voxels, channels and mini-batch
elements, which are then normalized to a trained mean and variance. This makes the distribution
easier to use for the following layers during forward propagation. Figure 19 represents the different

grouping strategies, by highlighting in blue an example of a normalization group.

Figure 19: Groups of pixels among which the normalization happens, the “C” dimension represents the channel/layer
dimension, the “N” dimension represents the mini batch dimension, while the “H.W” dimension represents the flattened
image. Image Credits: Siyuan Qiao et al. [44], licensed under CC-BY.
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Batch normalization normalizes along the mini-batch and image dimensions. This is not efficient
when using very large images like we are, as the batch size is small. We can then use layer or group
normalization, which normalize along the image dimension and one or more (respectively) groups

of channels. We used group normalization (GN).

e Downsampling : The main flaw of convolutions is that they only process the image at one scale,
by looking at the relationships between a pixel and its neighbors. To generate features at a wider
scale, we can include a downsampling layer, that divides each dimension by two. This is typically
done either using a max pooling (grouping the pixels by four and keeping the maximum only)
or using a convolution with stride 2 (skips every other pixel/voxel). In our model, we used max

pooling.
Other important layers :

e Upsampling layer : after a downsample, one can need to upsample the image to turn it back to
its original size. The most common method is to do an interpolation. We used nearest neighbor

interpolation.

e AdaDM : Adaptive Deviation Modulator (AdaDM) is a layer created by Jie Liu et al. [37]. It
is specifically used for super resolution to compensate one flaw of the normalization layers : they
make the edge information less distinguishable. This is a big issue as making edges sharper is an
important part of super resolution. They say this is due to the fact that normalization layers make

the feature standard deviation very small and proposed to increase it with their layer.

Let = be the input and h the output after a few layers including a normalization layer. Then
the AdaDM layer will output :
hexp(wlog(o(x)) +b)

Where o is the standard deviation of each mini-batch element and w,b are trained parameters.

2.1.2 Residual Blocks

These layers are often organised in Residual Blocks, the one we used is shown in figure 20.

Residual Block

Input

a
i
2

Figure 20: Drawing of the residual blocks used in Jonathan Ho’s code [24].

These blocks are composed of the residue (the bottom path of figure 20), where the input is processed
by going through a series of layers, here (group normalization, activation, convolution)x2+AdaDM. The

input is then added to the residue.

The first convolution can modify the number of channels. If so, the input also goes through a con-

volution that does it too.
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The reason why we add the input to the residue is to put a skip connection. These connections
are here to address the degradation issue that appears when using a very deep model [22], where the
information can have a hard time propagating during back propagation. This is solved by creating paths

on which the information can skip layers, which is what is done in a residual block.

2.1.3 U-net model

The main flaw of convolutional residual blocks is that they only generate features at the lowest scale. As
mentioned earlier, this can be solved using downsampling layers. In order to use them, we use a U-net

architecture (figure 21).
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Figure 21: U-net architecture based on Residual (Res) Blocks shown in figure 20, that takes a 3T slice as an input and
outputs the estimated 7T slice. ¢; is the number of channels in the i*? stage.

After a first convolution that sets the number of channels to ncpanners, features of the lowest scale are
generated by n,.s residual blocks. These features are saved for later and are also downsampled. The
downsampled features then go through n,.s residual blocks, which generate features at a wider scale.
Then the process is repeated a certain number of times until we reach the bottleneck where the features
are not downsampled, while the number of residual blocks is set to 2 (although I do not know the reason
behind this choice made in Jonathan Ho’s code). At this point we have generated features at different

scales and we want to process them all to generate the final result.

To do so, we upsample the features and concatenate them with the features generated by the previous
stage. The concatenation also acts as a skip connection, which improves the information propagation
during back propagation. The result is then processed by n,.s residual blocks. This is then repeated

until the first stage is reached.

At this point, information at different scales has been generated and processed. To generate the fi-

nal output, it goes through a final group of normalization+activation+convolution.

U-nets have been created for segmentation of medical images [47] and are now used for many other
tasks such as generation and discrimination in GANs [49], noise prediction in diffusion models [24], super
resolution [26] etc. Depending to the task, each scale of feature is more or less important. For segmen-
tation, high level features are very important as segments can be very large. For super resolution the

information at the lowest scales is probably the most interesting. We say it is a low level task.
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Remarks :
1) The output has to be of equal size or smaller than the input, if it is not the case one can add an
upsampling operation before the U-net. In our case, our images are of the same size thanks to the

coregistration, that upsamples the 3T images during the process.

2) At each stage, the number of channels is a multiple of the initial number of channels ncpannes,
changed in the first residual block. The deeper the stage, the more channels there are. We can describe
the number of channels as an increasing sequence of integers (ni,na,...,ng), where k is the number of
stages and such that for the i*? stage, the number of channels is n; times the initial number of channels.

Since we are working on a low level task, we typically use (1,2,2,...,2) and k € {4,5}.

2.1.4 Attention mechanisms

As said previously, U-nets are based on convolutions that create local features of the input images on
different scales. Yet, some distant parts of the image can be related and it can thus be interesting to
study more global information. This can be done using self attention mechanisms. It can also be inter-
esting to take into account external variables, such as diagnosis, age, sex. This can be done using cross

attention mechanisms.

Attention mechanisms in natural language processing

Attention mechanisms were popularized in 2017 by Ashish Vaswani et al. in the notorious “Attention is
all you need” [55] paper, as a natural language processing deep learning tool. This mechanism is now
widely used in language and image processing. It has been created to solve an important issue in language
translation : a word can depend on another one that is very far apart. To solve this, we create a matrix

describing how much two words are related, with a value between 0 and 1. We call it an attention matrix.

When using it for image processing, it indicates the relationships between two pixels of the image (self
attention) or between a pixel and an external variable such as age, sex, diagnosis or features generated

previously in the model (cross attention).

This is particularly interesting when it comes to a segmentation, as an attention map can represent
long range interactions between the different segments. An example of this is highlighted in figure 22.
An example of this has been done by Olivier Petit et al. [41], who used a U-net with self attention at

the bottleneck and cross attention mechanisms instead of concatenation as skip connections.

a) Ground Truth b) Attention map

Figure 22: On the left : segmentation of the Thorax. On the right : example of attention map for the pixel under the blue
cross, the more red the more intense the attention. Source : Olivier Petit et al. [41], licensed under CC-BY
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This map shows the regions that are important for segmenting the pixel under the blue cross. We can
see that the attention map leverages the long range interactions of the image and allows the model to

“check” if the pixel is in each plausible segment.

Attention mechanisms have also shown nice results for natural and medical images super resolution [11],[58],[15].

Building an attention map

An attention matrix is usually built using the following mathematical formula :

. QKT
Attention(Q, K, V) = softmax 1%
Vg

Where Q, K,V are, respectively, the query, the key and the value matrices, while dj, is the integer such

that K € R™* % These matrices change according to the use case of the attention layer.

Actually, it is common to calculate more than one attention matrix and concatenate them, to lever-

age more information. This is done using multi head attention :

Multihead(Q, K, V) = Concat(heady, ..., head,,)W°
where head; = Attention(QWS2, KWX, vwY).

The matrices Wi{Q’K’V} and W9 are weight matrices that are trained with the rest of the model.

Given an input X € Re*"*% when performing self attention we have : Q = K =V = ¢(X) + PE, where
¢ Rexhxw y Rexhw jg the “flatten along the last dimensions” operation and PE is the positional encod-
ing. The reason why we add this matrix is to take into account the position of the words/pixels/voxels

in the sentence/image. For cross attention, @, K are changed to be the vectors containing the context.

Positional encoding

The positional encoding we use comes from “Attention is all you need” [55], where it is used on sentences.
Since the order of the words matters but it is not taken into account in the attention mechanisms, we

have to inject some information about it, in order for the models to learn how to take it into account.

In order to do it, they consider a matrix representing a sentence s € R°*? where ¢ represents the
number of channels and d represents the number of words (for images d would be the length of the

flattened image). They add it to PE € R*? the matrix of the cosinusoidal and sinusoidal positioning :

PE(2i,pos) = sin (pos/lOOOOQi/C)

PE(2i+ 1, pos) = cos (pos/lOOOOQi/C)

This encoding has two main advantages, the first one is that it can adapt to any sentence/image size,
even ones that are longer that than any seen during training. The second is that for any fixed offset k,

PE(-,pos + k) is a linear function of PE(-,pos). For our task, the first point is not interesting.
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Remark :
One issue with attention mechanisms is the amount of memory that they require, they thus cannot be

applied in the highest stages of a U-net.

2.1.5 Attention U-net

There are many ways to implement cross and self attention layers in a U-net. Olivier Petit et al. [41]
decided to modify a U-net to add a self attention layer in the middle block and cross attention instead of
the concatenations as skip connections. In the code we used, created by Jonathan Ho [24], a self attention
mechanism can also be included at the middle of the bottleneck and cross attention mechanisms can be

included after each residual block of the desired stages.

In this code, the residual block from figure 20 is modified to include a positional encoding, see figure 23.

Residual Block

= )
>
- 1z S INARW
< = S| P
c=cl c=c2
Positional
encoding

Figure 23: The residual block with positional encoding.

The code also provides three attention blocks, a very simple one, shown in figure 24, that we did not use

and two big residual attention blocks, one self and one cross, respectively shown in figures 26 and 25.

Self Attention Block

Attention
Mechanism

Input
GN
Flatten
Linear
Unflatten

Figure 24: The simple attention block in Jonathan Ho’s code.

In this self attention block, a group normalization is added to make the distribution more convenient.
There is also a linear transformation and a residual addition at the end. We did not use this simple
block, but used a more complex version also provided in the code, see figure 25 for the self attention
block and figure 26 for the cross attention block. In our model, the cross attention is done between an
input and the context, which is a vector containing information about the sex, age and diagnosis of the

patient.
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Figure 25: Cross attention block used in Jonathan Ho’s code [24], that calculates an attention map between an input and

a context.

Self Attention Block 2

Attention
Mechanism

Linear

Attention
Mechanism

Feed Forward
Unflatten

Input
Linear

Figure 26: Second self attention block used in Jonathan Ho’s code [24]

Feed Forward

Input

Figure 27: Feed forward block used in self and cross attention mechanisms of Jonathan Ho’s code [24], shown in figure 26
and 25.

These blocks are composed of two consecutive attention blocks almost similar to the one shown in figure
24, although the second attention mechanism can be a cross attention. Then there is also a feed forward

at the end, shown in figure 27.

These layers can then be added to the model. In our code, we indicate at which stages we put a
cross attention (CA) layer, which are then put after each residual (res) block of the stage. There is also
a self attention block (SA) between the two residual blocks of the bottleneck. The resulting U-net is

shown in figure 28.
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Figure 28: Attention U-net with cross attention layers at the third stage.

2.1.6 Losses used

We note I, 1’ two images of the same size and V the set of all the indexes. Most image deep learning

2
Lo IVIZ v))2.

vEV

models use a L2 loss :

For most tasks this is very interesting as big errors will be severely punished. Yet, this loss performs

badly for super resolution models as it tends to create very smooth results and a L1 loss is thus preferred

L1( =l Zu v)].

veEV
It is also advised to use a perceptual loss [60] which are used because Lp losses are based on pixel to
pixel differences, which is limited for many computer vision tasks, as our perception takes into account
the quality of the image on multiple scales, from the small details to the more global appearance. This
is especially important for super resolution as one of the main points is to make the images look better.
The idea is to compare features on different scales of the generated image and the ground truth. This
is usually done using a CNN, pretrained for other tasks like segmentation. Let L be the set of all the
layers of the perceptual model and n., be the number of channels in the i*" channel. Let ¢;(I) be the

features of I generated by the layer [ of the pretrained CNN :

Lpere(I,1') = |V|><| > Zd)z — o) (c,v))*.

veV,leL Te; c=1

We then add a L1 loss and a perceptual loss weighted by a parameter A,e.., which represents how
important the perceptual loss should be compared to the L1 loss. We train our model using the resulting

loss :

L= £1 + ApeTcﬁperc-

Other brain MRI super resolution models have been trained using such losses, [42] and [56] mention using
it for MRI brain generation and super resolution respectively. They do not mention which pretrained
model they used, but we know they used the python library LPIPS [60]. This library allows us to use a

few perceptual losses, including three meant for medical images.
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They are based on the backbone of segmentation CNNs. Two of them “medicalnet_resnet50_23datasets”
and “medicalnet_resnet50_23datasets” were trained on 3D MRI scans of different parts of the body, in-
cluding the brain [12]. The difference is the number of residual layers used, respectively 10 and 50. The
third is “radimagenet_resnet50” (“radimagnet” for short), it has been trained on 2D slices of different

parts of the body and scanner modalities, including brain MRI [38].

2.2 Generative adversarial networks

To make the learning even more efficient, we can add a loss not pretrained but trained at the same time
as our model, using a second CNN model that learns to differentiate real images from generated ones.
This process is called Generative adversarial networks (GANs). In this context, the U-net is called the

generator while the trained loss is the discriminator.

GANSs have been used for many tasks [28], [49] including super resolution of natural images [33], [8],
[57], [21] and medical images [4], [1], [51].

The generator learns the distribution of the data, while the discriminator estimates the probability
that an image is fake. They are trained at the same time, the discriminator receives a fake and a real
image and is trained according to how well it distinguished the real one from the fake. In the mean
time, the generator is trained according to how well it did at generating the image (quantified by the
L1 and perceptual losses) and at fooling the discriminator (quantified by the probability that the gener-
ated image is fake), see figure 29. At the end the discriminator has learned to distinguished a real and
generated image and the generator has learned how to fool it. Actually, to add more complexity and
to leverage more information, we can use a patch GAN [34]. A patch GAN outputs the probability of
an image patch to be fake. The output of the discriminator is thus a matrix with the probability that
each patch is fake. The probabilities are then averaged to calculate the loss. Figure 30 shows the patch

discriminator we used.

L1 Loss
&
Perceptual Loss

Training

Discriminator ="

Training

Real 3T Unet
slice Model

Figure 29: Drawing of our GAN and the losses used. The red arrows are associated with the fake 7T slice, the green arrows
with the real 7T slice. The dashed arrows show the information transmission for the backward propagation.

The loss we use to train the discriminator is then, with D the discriminator that outputs the mean

probability (over all the patches) of a slice to be true, y the real slice and § the generated slice :

Lcan(y,9) = log(D(y)) +log(1 — D()),

and the loss used to train the generator is, with Agan the weight of the GAN loss :

‘C(y) g) = 'Cl(:% g) + )‘percﬁperc(yv g) + )‘GAN log(D(g))
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Figure 30: Drawing of our discriminator, k is the kernel size and s is the stride, s=2 implies that the image is downsampled
by a factor two. The leakyReLLU has a parameter of 0.2. LN stands for layer normalization. cl is the initial number of
channels. The number of patches is H/2™ x W/2", where n is the number of convolutions minus one, H is the height of
the input and W its width.

Although this type of models have shown very impressive results, they are notorious for being hard to
train, due to the fact that we train two different agents at the same time. The most common encountered

issues are :

e Mode collapse : this happens when the generator learns to output a very efficient solution and
thus fails to represent the entire data distribution. For super resolution, the generator can always
output the same kind of images regardless of the input. This can be solved using a Wasserstein GAN
with Gradient Penalty (WGAN GP) [21], which penalizes on the norm gradient of the discriminator
with regards to the input.

e Diminishing gradient : the discriminator becomes too efficient so the gradient of the generator

vanishes and thus stops learning.
e Oscillations : the parameters can oscillate and never converge.

¢ Wrong balance between the models : if one of the models is trained too fast, it can overfit
with regards to the other one. This can be fixed by training the discriminator multiple times in a

row.
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3 Implementation

Now that the dataset and the model are ready, we have to consider how we implement them to actually
perform the super resolution. To do so, we have to look at how to feed the data to the model, how we

assess the quality of the model and what hyperparameters to choose.

3.1 Handling the data

Even after the processing steps described in section 1, there are a few issues we have to solve before

feeding the data to our algorithm.

e Should the image be skull stripped?

e What should the range of the image intensities be?

How to have a reasonable memory usage?

How to handle to aforementioned corruptions (section 1.2.2)7

On what external variables do we condition the model?

3.1.1 Skull stripping

Initially, we thought about using the model on the entire image to reduce the number of preprocessing
steps needed during inference. Yet the skull and neck parts of the scans are low quality and will thus
be hard to predict. Since they are not so interesting anyway, we decided to work on the skull stripped

images. An example of the bad results on the skull obtained by a model can be found in section 4.2.

3.1.2 Normalizing

It is generally advised to normalize the input data, using either min-max normalization or mean-std
normalization. This is especially useful in our case, as the perceptual loss we use (radimagenet from
Ipips [38]) has been trained on data between 0 and 1 and because the range of the data varies a lot after
the bias field correction, which can be corrected using a clipped min-max normalization (see subsection
1.3.1, figure 13).

3.1.3 Reducing the memory usage

Large CNN models take a lot of RAM and even good GPUs cannot handle training a model on our full
3D images. Therefore, we decided to use a 2D CNN by working on the 2D slices of the image. This has
a major issue, as we lose the information contained by the neighboring slices. This issue can be reduced

by inputting more than one slice at a time, by including neighboring slices.

Moreover, the skull stripped brains are surrounded by a lot of background and we can crop the im-
ages. Initially, our images were of size (352,352,272) and we removed all the slices along the three
dimensions, in which for every brain, no voxel was different from zero. As a result, we had images of size

(288,244,222). This cropping transform can easily be reversed using a padding.

3.1.4 Image corruptions

Since we are working on 2D slices instead of the entire images, we can handle the cerebellum issue fairly

easily, by slicing from bottom to top (along the transversal dimension, the second dimension) to then
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remove the slices at the bottom until we are above the corruption. About 44 scans had to get some part
of their cerebellum removed, which is around 1/4 of the dataset. This is a lot, but not so terrible either.
We also removed the remaining empty slices along this dimension for every patient, to make the training
faster. The slices are then of size (288,222), although we padded them to a size of (288,224) to make

them divisible by 2% and thus compatible with at most five downsamplings.

3.1.5 External variables

Along with the images, BioFINDER provided a file with information about the patients and the scan
dates. As a result, I could get their age during the scan, their sex and diagnosis. As said before, we group
the patients by ill (demented or MCT) or healthy (cognitively normal or SCD). We also conditioned by
the slice location (relatively to the middle slice), in order for the model to know approximately where
the slice is located. Jueqi et al. [56] mention conditioning on the age, sex, brain volume and ventricular
volume, although they must do it as they use a pretrained diffusion model built to generate fake brain

according to these variables.

After all these last steps, the data has been saved using numpy.save, to not perform these steps ev-
ery time. Since the matrices that contain all the data are huge, we decided to save them in float16
data type. The associated errors are negligible, as the raw images only have a few hundreds to a few
thousands of unique values. Pytorch is not really compatible with float16 tensors, we thus convert the

images to float32 after loading them.

3.2 Model implementation

The U-net model we used comes from Walter Hugo Lopez Pinaya website [43], in which he adapted
Jonathan Ho’s code [24] but in 3D instead of 2D. Since we wanted to use a 3D model at first, we started
using and modifying this code and then I adapted it to 2D. It contains the codes needed for a latent
diffusion model, including the code for a U-net and the code attention layers, which we took. We modified
it to make a 2D version of it and added the adaDM layer [37]. To implement the WGAN-GP, we used
the code of Erik Linder-Norén [36]. All these models are based on the python package MONAT [10],
which includes the code to use the perceptual losses of LPIPS [60].

3.3 Testing the quality of the results

One of the issues with super resolution is that it can be hard to assess how good the model performed

and to compare it with other models. To do so, there exists three main solutions :

e Perceptual metrics : a simple way to compare our results to the ground truth is to do mathe-
matical assessments. The most popular metrics for super resolution are SSIM and PSNR. Let I be
the ground truth 3D image, I’ be the prediction and V the set of the image indexes. We define :

R(I) = max([) — min(7), the intensity range of I,

MSE(I,T') = \V| Z 2 , the mean square error,
%

2
PSNR(I,I') = 10log,, <R(I)> .

We also define :
k1 =0.01,ky = 0.03,¢1 = (k1 R(I))%, 2 = (k2R(1))?,
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and - QE(DE(I) + ¢1)(2Cou(I, ') + ¢2)

SSIMLT) = (2 B (D + e) (V(D) + V() + &2)

The PSNR metric is the log of the L2 error of the min-max normalized intensities. This is flawed
as some voxels (representing blood vessels) are very intense, making the range very fluctuating and
not so relevant. We thus decided to replace the maximum by the maximum of the clipped images
in the formula for R. The SSIM compares the first and second moments of the prediction and the
ground truth. The variables ¢, co are used to stabilize the results and not divide by a value close

or equal to 0.

A major flaw of these metrics is that they depend on the amount of background, which is very easy
to predict. We decided to calculate it on both the full image, the image without the background
and the image without the background with no corruption.

Visual assessment : Since the goal of super resolution is to make images look better, a great
way to assess such a model is to look at it ourselves or to ask people their opinion. We could ask
physicians to look at ground truth 7T scans and scans generated by different models and to tell
them apart. The issues with asking people is the time it takes and the fact that physicians are not

used to looking at 7T images.

Performing another automatic task : thanks to the better tissue contrast and the higher
number of details, 7T scans should perform better than 3T scans. Qiming Cui et al. [14] mention
using SynthSeg [7], a deep learning segmentation tool, to compare the results given by the 7T
image and the associated generated 7T image. We define V' the volume of a set and s(I) the set
that represents a specific brain segment of the image I. We can then compare the results of a

segmentation on both images with the DICE metric for the segment considered :

2V (s(I) N s(I'))

DICE(I,I") = V(s(I)) + V(s(I"))

This is done on all of the 31 segments generated by SynthSeg (except the background), which
generates a brain image composed of integers indicating to which segment each voxel belongs to.

We removed 4 of the segments as they belong to the cerebellum, which is often corrupted.

Remark :
The three aforementioned metrics should be as high as possible. SSIM and DICFE are between 0 and
1 while PSNR is between 0 and +o0o.

3.4 Model hyperparameters

3.4.1 U-net hyperparameters

Here are the hyperparameters of the U-net :

e Initial number of channels n.,gnneis ¢ We need to indicate the number of channels in the

model after the first convolution. The number of channels at each convolution is a multiple of this

parameter. It is a positive integer, usually a power of 2.

e Number of groups ngroups : group normalization requires a parameter that tells how many
groups should the layers be divided in during the normalization. It is a positive integer that divides

the initial number of channels. If it equal to 1, then this is equivalent to layer normalization.
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Channel multiplication : at the i*" stage of the U-net, there are nenannes * i, i > ni—1 € N
channels. Thus, we have a parameter (ny,nsg,..nx) that tells how the number of channels evolves,
where k is the number of stages (it is also the number of downsamplings). For super resolution, it

is usually (1,2,2,2) or (1,2,2,2,2), as the first stages are the most important.

Number of res blocks n,.s: number of res blocks put in a row. It is a small integer, usually

around 3.

Dropout parameter: a dropout an operation that deactivates a certain percentage of neurons
in the model during training, that helps reducing overfitting. The parameter is the percentage of
neurons deactivated and is between 0 and 1. Yet, for low-level tasks such as super resolution, this
is said to have a bad effect [31], so we set it to 0.

Optimizer parameters : our optimizer, “adam” has 3 main parameters : the learning rate (Ir),
a small positive real number which controls the pace at which the weights are updated, 5, and B2
which respectively control the weights of the past first and second moments of the gradient in the
adam optimizer [30]. They are between 0 and 1 and for a super resolution CNN; it is common to
take B1 = 0.9 and B2 = 0.999, which we used. The learning rate is very important, if it is too
high the model will diverge and if it is too low, it will converge too slowly. After a few steps or
epochs, the learning rate will be too high and prevent the model from learning more, this is solved
by reducing the learning rate after a while. We did this either by multiplying the learning rate by
a real number smaller than one (like 0.8) every epoch or every so many steps (like 200*) (“decay”
schedule), or by using the function “ReduceLROnPlateau” of Pytorch (“reducePlateau” schedule),
which divides the learning rate by 10 if the loss did not decrease after so many steps, usually 5

steps.

Number of attention heads : in each attention mechanism, it is possible to calculate multiple
attention maps and concatenate them. However, attention mechanisms are very costly in RAM,

so we set it to 1.

Cross attention locations : in the model, we have to indicate at which resolution the cross
attention between some feature layer and external variables happens. Since it takes a lot of RAM,

we do not use it before the third stage.

Number of input slices ninputsiices: this parameter tells the number of slices inputted in the
model, the middle slice being the one associated to the output slice. More slices means more
information, but the information of slices distant to the middle slice is less relevant. We usually
took 3 or 5.

Perceptual loss weight : this is the parameter in front of the perceptual loss, used to tell how
important it is compared to the L1 loss. If it is too high, the L1 loss will not decrease much and if
it is too low, the perceptual loss will not decrease enough either. Usually set to 1073, we increased

it to 5 x 1072 as the perceptual loss was not decreasing so much.

number of steps depends on the batch size but at every epoch there are around 26,000 training

slices in the BioFINDER dataset and 2000 for the UNC dataset. For the UNC dataset, there are not
so many steps, so we updated the learning rate after every epoch. For the BioFINDER dataset and a

batch size of 16, which I used a lot, I used they decay every 200 or 300 steps.
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3.4.2 Hyperparameters of the GAN

There are other parameters specific to the GAN :

e Discriminator training ratio n..;;.: this is a positive integer that tells how many times the
discriminator should be trained every time the generator is trained. It is common to set it to 5 to

have an efficient discriminator.

e Number of layers njqyers: the number of layer convolution+activation+normalization. It is
also the number of downsamplings, which also sets the size of the patches as the output is of size
with H the height and W the width of the images.

X

w
2™layers 2Mlayers

e Initial number of channels n.pqnneis,can: same parameter as in the generator. The number of

channels is multiplied by two at each convolutional layer.

e Discriminator optimizer parameters : we also use a adam optimizer. Following the results
of the experiments of [5], we chose Bgan = (0,0.9). We used a learning rate of 10~%, which we

chose based on a few tests.

e GAN loss weight : the weight of the discriminator loss when training the generator. Usually

around 1072,

e Gradient penalty weight : the weight of the gradient penalty. The common value is 10, which

we decided to use.

3.4.3 Choosing the hyperparameters :

To chose the parameters, besides taking into account advice found online and in literature, we can do
a grid search or a Bayesian optimization. We wanted to do a multi objective Bayesian optimization to
optimize around 5 parameters but the biggest models were extremely long to train and we did not have

enough compute resource allocation to perform this optimization anyway.
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4 Experiments

4.1 Resources

To run experiments, we had access to three compute sources :

e A computer at LTH with 4 Nvidia Titan X 12GB GPUs.

o A secured cluster : Bianca. It has 10 nodes with 2 Nvidia A100 40GB GPUs each. All the data is
stored on it and must be anaonymized to be extracted.

e A non-secured cluster : Berzelius. It has 34 nodes each with 8 Nvidia A100 80GB GPUs. I had a

limited amount of compute hours on this cluster.

I have a remote access to these resources through secured shell (ssh) protocol and I could transfer data
using secure file transfer protocol (sftp). These computers run on linux, which I had to learn to use. Run-
ning a job on the two clusters is done using Simple Linux Utility for Resource Management (SLURM),
which is an open-source cluster management and job scheduling system. To use SLURM, I also had to

learn how to use shell scripts.

For security reasons, Bianca does not have access to the internet and there are restrictions on the
administrative rights. This made setting up the preprocessing tools and python environments much

more difficult, especially as I was the first person of the lab to run GPU jobs.

4.2 First experiments

Our first experiment has been done by training the U-net model on the unprocessed UNC dataset using
the LTH computer. We did it to validate the code and to help me understand the data as well as the
model better. It is based on these results that we chose to implement many ideas such as the bias field
correction, the skull stripping and the clipped min-max normalization. I used the 10 pairs from the UNC
dataset, I kept 2 for later validation, 7 for training and 1 for testing. The results were visually good and

the results for the test subject are shown in figure 31.

Input

Truth Output

Figure 31: Three slices, one in each dimension, of the test patient, on 3T and 7T resolution with the generated 7T resolution.

We noticed a few things :

e The model requires a lot of RAM : training a U-net on 3D images with 26 million voxels (size
(256,320,320)) is not feasible even with huge GPUs. This convinced us to train the model on 2D
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slices of size (320,320). Even after that, we had to use a low batch size and a small model to not
go over 12GB of RAM. The RAM is better on the clusters.

e Poor results on the skull : as one can see on figure 32, the model does a poor job at predicting
the skull. This is not surprising as during the scan acquisition, the machine spends much more
time on the brain than on the skull, as it matters much less. As a result, the skull part is very

noisy and of a very low quality.
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Figure 32: Difference map I — I’, where I is a ground truth slice and I’ is the associated generated slice of the test subject.
Notice that the absolute difference is very high on most of the skull.

e The bias field is a big problem : The location and intensity of the bias field are a bit random
and it does not depend on the patient’s brain, the model cannot predict it. The model thus
attenuates it by averaging it, which is good for us but the loss functions punish the model for it,
which makes the training harder. The attenuation can be seen in figure 32, where the bias field is
less important on the output than on the ground truth. The bias fields on the 3T scans are not as
terrible because the model can learn how to remove it, but it is better if the model does not have

to.

e The model rapidly overfits : the test loss rapidly converges, while the training loss keeps going
down. Training the model on the BioFINDER dataset will solve this issue.

e Normalization : we realized that it was better to clip the first and last percentiles when doing
the min-max normalization. We did not use the mean-std normalization as it was not compatible

with the perceptual loss, trained with inputs between 0 and 1.

4.3 Experiments on Bianca and Berzelius

Actually, we did not have access to Berzelius until the end of the project. So we started all of our tests

on Bianca.

We worked on the processed data of both datasets, using the U-net model. We built two models,
one with the UNC dataset and one with the BioFINDER dataset. We did not mix them as they were

not acquired by the same 7T scanner, which creates unpredictable differences.
On Berzelius, we have very big GPUs but we had a small allocation. We worked on the processed

anonymised data to build a GAN. Since we did not have much allocation, we could not do so many tests

and we believe that we could achieve better results.
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4.4 Results of the experiments

We present the results for three models, the U-nets trained on Bianca on both datasets and the GAN
trained on Berzelius on the BioFINDER (BF) dataset. The parameters used are shown in the appendix.

We measured the efficiency of our model with 3 metrics : DICE, SSIM and PSNR. We applied the
DICE on the whole brain, removing the background, CSF and four segments belonging to the cerebel-
lum to avoid the corruptions. This results in 27 segment. We applied the two other metrics on : the
entire image and only the brain with and without the corruptions. Since the corruption part does not
apply to the UNC dataset, removing the corruption changes nothing. The amount of background on

both dataset is different, so it is not relevant to compare the metrics with background.

These metrics have been used on the two validation subjects of the UNC dataset and the 29 valida-
tion subjects of the BioFINDER dataset. We display the averages in table 1. It also includes the results

of the comparison between the normalized 3T and 7T images, to give a baseline.

Table 1: Table of average results for the three models and the seven metrics.

Model PSNR 1 | SSIM 1 | brain PSNR 1 | brain SSIM 1 | brain PSNR 1 | brain SSIM 1 | Mean DICE 7t

no corrupt. no corrupt.

BF 3T 254 0.955 16.8 0.554 16.8 0.559 0.879
U-net BF 26.2 0.966 17.3 0.559 174 0.564 0.874
GAN BF 26.1 0.957 17.1 0.558 17.2 0.564 0.882
UNC 3T 16.6 0.870 9.58 0.384 9.58 0.384 0.859

U-net UNC 24.6 0.936 17.5 0.583 17.5 0.583 0.878

We also show the boxplot of these metrics in figures 33,34 and 35. Note that we only have two patients
in the UNC validation dataset, so two PSNR and SSIM values each time. There are 31 DICE values
per patient and two validation patients on the UNC dataset (we did not remove the cerebellum). We
removed the UNC 3T to 7T from the PSNR and SSIM results boxplots, as they were too different.

DICE
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Figure 33: Boxplot of the DICE results for different models and datasets.

35



PSNR

PSNR brain

284

27

26

25

24

|

|

L] -

T 8

o

3T BF

Unet BF

GAN BF Unet UNC

3T BF

Unet BF Unet BF n.c. GAN BF GAN BF n.c. Unet UNC

Figure 34: Boxplot of the PSNR results for different models and datasets.
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Figure 35: Boxplot of the SSIM results for different models and datasets.

The results are about the same between the U-net and GAN on the BioFINDER dataset. A few results
are very poor (lower dots in “SSIM brain” and “PSNR brain”), this is probably due to the fact that
the 7T acquisition of the associated brain is bad. The results on the UNC dataset are lower on the
default PSNR and SSIM because there is less background, but it becomes better when the background
is removed. Our hypothesis is that although the BioFINDER dataset is bigger, it is of a lower quality
than the UNC dataset as the scan acquisition is less advanced and it has more diversity as it includes
older and unhealthy brains. It is difficult to interpret these values, but we can see that they are slightly
better than the 3T baseline for the BioFINDER data and a lot better for the UNC dataset. The DICE

scores seem to be good, as they compare to Qiming Cui et al. ’s results [14].

Remark :
The calculations of the PSNR and SSIM depend on the range of intensities of the ground truth image,
which we changed to the range of the clipped intensity of the image, as the range was is very unstable.

This choice reduces the values of our metrics, but makes them more reliable.

We also display a visualisation of the results for the BioFINDER dataset (figures 36 and 37) and the
UNC dataset (figure 38).
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Real 7T Real 3T U-net U-net GAN

Figure 36: Example of results of an unhealthy patient of the BioFINDER dataset, with a close-up on the cortex and the
cerebellum.

Real 7T Real 3T U-net U-net GAN

Figure 37: Example of results of an unhealthy patient of the BioFINDER dataset, with a close-up on a small brain part :
the hippocampus. The bottom line also includes the segmentation of the middle line.
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Real 7T Real 3T Unet

Figure 38: Example of results of the UNC dataset.

We see that the U-net on the BioFINDER dataset outputs an image very similar to the input. The GAN

outputs a result that is less blurry than the 3T, which is promising. These results are not very good.

The results on the UNC dataset are visually better. The output is less noisy than the ground truth, which
was expected and is good. The results are a bit more blurry than the ground truth, but much better
than the 3T input. We can also see that the 3T scan looks more similar to the 7T in the BioFINDER
example (figure 36) than in the UNC example (figure 38). This dataset difference is also what explains
the low PSNR and SSIM results in the baseline shown in table 1.

Remark :

One of the reasons the results for the BioFINDER, are not as appealing as those for the UNC dataset
might be due to the fact that the images are not as consistent. This can be seen in figure 37, where
the hippocampus looks very noisy in the 7T scan and where some very intense features (probably blood
vessels) are only in the 7T scan. The lack of consistency can also be seen in the intensity distributions.
Figures 39 and 40 show the intensity distribution of four T1w scans in 3T and 7T resolutions of four
patients, respectively from the UNC and BioFINDER datasets.

This inconsistency is probably due to the larger brain diversity and a poor choice of scanner param-

eters. Indeed, we have been told that a 7T scanner requires an entire team dedicated to its settings to

give good results, which is not the case for the scanner we used.
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Figure 40: Intensity distributions for both resolutions of four BioFINDER patients.



5 Conclusion

5.1 Discussion

In this thesis, I was able to make a lot of progress and build a good proof of concept. I preprocessed
the data, removed the bias field and the skull. I also registered the 3T and 7T scans. The processing is
not perfect as the skull stripping still left some artifacts and the data still has flaws (noise, stripes, ...),
but it is very good and hard to improve. I was able to implement the model by using and modifying
code found online and to gather a lot of information on how to use the model. To do all of this, I had
to learn a lot of techniques and to use a lot of softwares (freesurfer, linux, shell script, fsl and SLURM)
and python packages (MONAI, ANTs, LPIPS). We also showed how the usual metrics used to assess the
quality of a model give limited information on our dataset, because they depend on an unstable intensity
range and on the amount of background voxels. The final results are not so good yet, some more work

is required to keep improving them, but we managed to create a great proof of concept.

Another step to consider once a model is working and ready is to care about the clinical applications.
As of now, medical image super resolution is not much used as the models need to be very accurate
and unbiased to not skew clinical decisions [54]. Yet, these models could significantly improve diagnostic

accuracy and precision and could very well be widely used in a near future.

5.2 Things to explore

To further improve the model and its performance, there are a few things we can do :

e Augmentations : as mentioned earlier, it could be nice to augment the data. We have a lot of
scans so most augmentation techniques would not be so useful, but increasing the scanner diversity
could be useful. We could also ask other labs for their pairs of scans. For most patients, there are
multiple 3T scans for one 7T scan. We could use them, although we would have to care about the

time difference between the scans.

e Scanner harmonization : Qiming Cui et al. [14] mention training their model on images from
two datasets. To do so, they harmonize the datasets using RAVEL [18]. We could do it to use our

two datasets on the same model.

e Diffusion : as said earlier, we could try building and training a diffusion model. Nevertheless, it
does not seem so promising as the amount of studies is limited and they have not proven a better

efficiency than GANSs for natural images super resolution [32].

e More complex input : in our model, we inputted one slice with its neighbors. We could also
input the slice with its wavelet representation [45]. It is also possible to use a 3D model that takes
blocks instead of slices, like Qiming Cui et al. [14].

e Improving the discriminator : the discriminator I used is pretty simple, we could improve it

by adding residual blocks for instance.

e Last normalization layer : at the end of my experiments, I thought that the last normalization

should be remove because of the fact that this layers makes the edges more blurry [37].

e Histogram equalization : we showed that the intensity histograms of the BioFINDER dataset
are much less consistent than those of the UNC dataset. We could solve it by making the 7T

histogram match the one of the associated 3T image. Although this could add new issues.

40



e Doing more GAN tests : due to a limited compute ressource allocation Berzelius, I was not

able to run many GAN tests and optimize the parameters.

Other than improving our model, it would have been nice to spend time testing the model more. To do
this, we could take someone else model like those of Qiming Cui et al. [14] and Liangqiong Qu et al. [45],

train them on our dataset and assess their performance.
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Appendix

Parameters of the final models

See section 3.4 for the definition of the parameters and section 4.4 for the analysis of the models.

] Parameters | U-net UNC | U-net GAN
Nepochs 15 3 10
Nehannels 128 64 256
channel multiplication (1,2,2,2) (1,2,2,2,2) (1,2,2,2,2)
Ngroups 32 16 64
Nres 3 3 4
CA stages (3,4,5) (3,4,5) None
Npatch 16 16 48
Tinputslices 3 3 3
perc weight 5.1073 1073 1072
Ir 5.107° 107 101
Ir schedule reducePlateau decay decay

x0.5/200steps*

x0.8/epoch**

Table 2: Parameters used for every U-net model

| Parameters [ Value |
Neritic )

Ir 2.107°
Gan loss weight 0.2
Nchannels 256
Niayers 4

Table 3: Parameters used for the discriminator of the GAN.

*learning rate multiplied by 0.5 every 200 steps.

**learning rate multiplied by 0.8 at every epoch.
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