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ABSTRACT

Brain tumors are abnormal cell growths that affect the brain or central nervous system

(CNS) and are estimated to be the cause of death for more than 200,000 individuals each year.

However, the prognosis for patients with brain tumors can be improved by early diagnosis

and treatment. The gold standard test for brain tumor diagnosis is the cranial Magnetic

Resonance Imaging (MRI) and artificial intelligence (AI) methods have shown potential to

improve radiologist efficiency and reduce human errors by predicting brain tumor diagnosis

from Magnetic Resonance (MR) images. Like other imaging methods, MRI is susceptible to

image distortions or degradations that impair the clinical utility of such images and negatively

impact AI methods used to analyze brain MRI images.

To obtain degradation-robust brain diagnosis from 2D MRI images, we propose a two-stage

diagnosis method. First, we use a U-shaped transformer model, called Uformer, to perform

image restoration, removing image distortions, and then we use Convolutional Neural Network

(CNN) models, namely EfficientNet, to obtain diagnosis predictions from the restored images.

To train the restoration model, we propose an artifact generation function that trains the

restoration model to restore images affected by an arbitrary number of degradation types.

We evaluated degraded images from various datasets, observing that images are often af-

fected by more than one artifact type and that different artifacts affect each other, changing

the characteristics of individual artifacts. We also observed that different artifact types have

different degrees of impact in computer-aided diagnostic accuracy, with noise having the most

significant impact and ghosting having the least impact. Our proposed artifact generation

function takes into account these characteristics to generate realistic artificial artifacts.

Our experiments also show that image quality also has a negative impact during the training

of deep learning models. Artifacts in the training images can lower the accuracy of models or

cause overfitting that makes the models unreliable. We compared various image restoration and

classification models, different methods to generate the training data, and multiple datasets

to train the models. We tested our methods with artificial artifacts to evaluate the impact of



specific artifacts and intensities, but also tested the solution on five different datasets, including

cross-validation between datasets, which included real cases of degraded images, showing the

potential of our approach for real-world applications. The method is shown to improve image

quality, computer-aided diagnostic accuracy, and model generalization.

Keywords: Brain tumor, MRI, CNN, image artifacts, image restoration, image diagnosis.



RESUMO

Título: Um Método de Aprendizado Profundo Robusto À Degradação para o Diagnóstico de

Tumores Cerebrais Auxiliado por Computador em Imagens de Ressonância Magnética

Tumores cerebrais são crescimentos anormais de células do cérebro ou do sistema nervoso

central, os quais são responsáveis por uma estimativa de mais de 200.000 mortes por ano no

mundo todo. O prognóstico para pacientes com câncer cerebral pode, porém, ser melhorado

com diagnóstico e tratamento precoce. O teste mais recomendado para o diagnóstico de tumo-

res cerebrais é a ressonância magnética (RM) cranial e métodos de inteligência artificial (IA)

demonstraram potentcial em aumentar a eficiência de radiologistas e reduzir o erro humano

no diagnóstico de tumores do cérebro a partir de imagens de ressonância magnética. Assim

como em outras modalidades de imagens, ressonâncias magnéticas podem ser afetadas por dis-

torções ou degradações que pioram a utilidade clínica dessas imagens e prejudicam métodos

automáticos de diagnóstico por imagem.

Para obter um diagnóstico de tumor cerebral a partir de imagens de ressonância magné-

tica 2D de forma robusta contra degradações de imagens, nós propomos uma solução em duas

etapas. Na primeira etapa nós utilizamos um modelo transformer em forma de U, chamado

Uformer, para remover distorções e restaurar as imagens e em seguida utilizamos uma rede

neural convolucional (RNC), particularmente a EfficientNet, para classificar a imagem restau-

rada e obter um diagnóstico quanto a tumores cerebrais. Para treinar o modelo de restauração

de imagens, nós definimos uma função para gerar um número arbitrário de tipos de distorções

em imagens, assim treinando o modelo para remover combinações arbitrárias de degradações

em imagens de ressonância magnética do cérebro.

Nós realizamos uma avaliação de imagens de ressonância magnética contendo degradações,

identificando os tipos mais comuns de artefatos de imagem em RM, sendo elencados os artefatos

de ruído, borrão, artefato de Gibbs, mal contraste e artefatos de compressão JPEG. Também

bservamos que imagens são tipicamente afetadas por mais de um tipo de artefato e que os

próprios artefatos são por outros artefatos, alterando suas características individuais. A distri-



buição de ruído, por exemplo, pode ser afetada por mal contraste, borrão, artefato de Gibbs

e de compressão JPEG. Apesar de todos os tipos de artefatos observados terem significativo

impacto na qualidade das imagens, esses artefatos não tem impacto equivalente na facilidade

de diagnóstico de imagens degradadas, com ruído resultando em grandes reduções na acurá-

cia de diagnóstico, enquanto artefatos de contraste e de ghosting tem impacto mais reduzido.

Levando essas características em consideração, nossa função geradora de artefatos foi definida

para gerar artefatos de forma realista.

Artefatos de imagem reduzem a acurácia de modelos no momento de gerar a predição de

diagnóstico, porém um risco talvez ainda maior é no momento de treinar modelos com imagens

de baixa qualidade. A presença de artefatos nas imagens de treinamento pode fazer com que

modelos aprendam a correlacionar esses artefatos com diagnósticos específicos, um tipo de

sobreajuste que pode resultar em elevadas acurácias no momento de teste do modelos, mas

gerando modelos não confiáveis para a aplicação em casos reais.

A solução foi avaliada por meio da qualidade das imagens restaurada, medidas pela métrica

MSSIM e por análises qualitativas; e pela acurácia na predição do diagnóstico das imagens.

Artefatos artificiais foram adicionados a imagens de boa qualidade para testar a qualidade do

método para artefatos específicos e diferentes intensidades de degradações. A solução também

foi testado com 5 bases de dados de classificação de tumores cerebrais a partir de imagens de

ressonância magnética. Essas bases incluem casos reais de imagens degradadas, demonstrando

assim a efetividade da solução proposta para situações reais de imagens com degradações. Com

as várias bases de dados também foram realizados testes cruzados, em que uma base de dados

era utilizada para treinar o modelo e outras bases eram utilizadas para testes. Esses testes

cruzados demonstraram o quanto a inclusão da etapa de restauração melhora a capacidade de

generalização da solução.

Testes extensivos foram realizados para avaliar os diferentes aspectos da solução. O modelo

Uformer foi comparado com outros modelos de restauração de imagem como UNet e autoen-

coders. O modelo EfficientNet foi comparado com outras redes neurais para classificação de

imagem, incluindo transformers para visão (ViT), redes residuais e ConvNeXts. Bases de da-

dos variadas foram utilizadas para treinar os modelos, observando-se o impacto que bases de

dados diferentes têm na acurácia, qualidade de imagem e capacidade de generalização da solu-

ção. Métodos variados para gerar artefatos artificiais foram testados para treinar o modelo de



restauração, demonstrando quais aspectos são relevantes na geração de degradações artificiais.

O solução também foi comparada com um método alternativo ou complementar de treinar o

modelo de classificação em imagens com degradações artificiais, o qual ainda demonstra que a

inclusão da etapa de restauração continua sendo efetiva. Os testes extensivos corroboram que

a solução tem bons impactos na melhora de qualidade de imagens de ressonância magnética,

aumento da acurácia na predição de diagnóstico e melhora na generalização dos modelos de

classificação de imagens.

Palavras-chave: Tumor cerebral, RM, RNC, artefatos de imagem, restauração de imagens,

diagnóstico por imagem.
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CHAPTER 1

INTRODUCTION

Brain tumors are abnormal cell growths that a�ect the brain or central nervous system

(CNS) (DEANGELIS, 2001; ISLAM et al., 2024) and are estimated to a�ect between 7 and 11

individuals per 100,000 persons-year worldwide, leading to an estimated 200,000 deaths each

year (MAHDAVI et al., 2023; ILIC; ILIC, 2023). The 5-year survival rate of patients diagnosed

with brain cancer can be as low as a disconcerting 6.9%, for the particular case of glioblastoma

tumor(KHALIGHI et al., 2024).

However, the prognosis for people with brain tumors can be improved by early detection

and treatment, even allowing surgical resection of early stage tumors (MAHDAVIet al., 2023;

ISLAM et al., 2024). The gold standard test for brain tumor diagnosis is cranial magnetic re-

sonance imaging (MRI) (DEANGELIS, 2001; CHANDARANAet al., 2018). MRI is a medical

non-invasive imaging modality that employs radio frequency waves in the presence of carefully

controlled magnetic �elds to produce high �delity images of internal anatomical structures

(KATTI et al., 2011; HYUN et al., 2018; JHAMB et al., 2015). Compared to other methods

such as X-ray and computed tomography (CT), the advantages of MRI include the fact that

it does not expose patients to potential hazardous radiation and produces high-resolution ima-

ges that can even detect structural lesions or nonenhancing tumors that could be missed by

other methods(KATTI et al., 2011; DEANGELIS, 2001; BRENNER; HALL, 2007). Its main

disadvantage is the fact that it requires a long exposure time to produce the images.

In order to assist in faster tumor detection, arti�cial intelligence (AI)-based diagnosis

methods have shown potential to improve radiologists' e�ciency and reduce human error (KHA-

LIGHI et al., 2024), with several deep learning (DL)-based methods proposed for automatic

brain tumor diagnosis (REHMAN et al., 2020; BADšA; BARJAKTAROVI‚, 2020; TUM-

MALA et al., 2022; YAZDAN et al., 2022; ISLAM et al., 2024). As is the case for other

imaging methods, MRI can be subject to image distortions that may be introduced during
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acquisition, processing or compression (OKSUZ, 2021). Not only do these distortions a�ect

the perceived quality of these images, they can also negatively a�ect the clinical utility of those

images (RODRIGUESet al., 2022). Machine learning diagnosis methods are specially a�ected

by such image degradations, which may result in lower prediction con�dence, lower accuracy

and even incorrect predictions with high con�dence (OKSUZ, 2021; DODGE; KARAM, 2016;

FARIAS et al., 2022; BAUCHSPIESS; FARIAS, 2024; REBUFFIet al., 2021). In addition to

lower inference performance, image distortions during DL model training can cause �noise le-

arning,� resulting in over�tting (YING, 2019; JABBAR; KHAN, 2015; POTHUGANTI, 2018).

Correcting such image artifacts and distortions is therefore crucial for e�ective brain tumor

analysis (KHALIGHI et al., 2024).

Several works have been proposed to remove or alleviate image distortions in MRI and other

modalities of medical images. Such works were used to restore images with noise (EL-SHAFAIet

al., 2022a; ZHONGet al., 2020a), poor contrast (MZOUGHIet al., 2019), blurring (YIM et al.,

2020; LIM et al., 2020), Gibbs ringing (MUCKLEY et al., 2021) and ghosting(LEEet al., 2016b;

JUREK et al., 2023), among others. Most image restoration works use methods that focus on

only one speci�c artifact type, but several images a�ected by a combination of multiple artifact

types can be recognized when evaluating MRI images from popular brain tumor datasets, which

are shown in Figure 1.1. Taken from the (NICKPARVAR, 2021) dataset, Fig. 1.1 (a) shows

a scan with ghosting, noise and blurring artifacts, Fig. 1.1(b) shows a scan with contrast and

JPEG compression artifacts and Fig. 1.1(c) shows a scan a�ected by ghosting, noise, blurring

and poor contrast. Taken from the (SIAR; TESHNEHLAB, 2022) dataset, Fig. 1.1(d) shows a

MRI scan a�ected by noise and Gibbs ringing artifacts.

We introduce a two-phase approach that aims at �rst restoring brain MRI scans, followed

by classifying the presence and type of tumor in the enhanced image, o�ering a diagnosis

prediction resistant to degradation. This method is tailored to work with images impacted

by various types of artifacts, including those previously illustrated, ensuring that the image

restoration system can handle images with mixed types of artifacts. Illustrated in Fig. 1.2,

a Uformer model (WANG et al., 2022) is used to restore the images, and an E�cientNet

model (TAN; LE, 2019) is used to classify the restored images.

To train the restoration model, pairs of degraded and nondegraded images are required.
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(a) (b)

(c) (d)

Figure 1.1: Various MRI scans with di�erent artifacts: (a) ghosting, noise, and blurring; (b)
contrast and JPEG compression; (c) ghosting, noise, blur, and contrast; (d) noise and Gibbs
ringing.

We use good quality images as the non-degraded images and arti�cially add degradations to

generate the corresponding degraded image. To make the restoration model more e�ective in

real world scenarios, arti�cial degradations should resemble those of real cases. We evaluated

real cases of degraded brain MRI to identify the most common artifact types, estimate the

magnitude distribution of these artifacts, and understand the impact of multiple artifacts si-

multaneously a�ecting a single image. Common artifacts identi�ed were Rician noise, blurring,

Gibbs ringing, poor contrast, Nyquist ghost, and JPEG compression artifact. One relevant

observation is that di�erent types of artifact a�ect each other, and the image restoration model

has to account for that to restore images more e�ectively. Based on this study, we de�ned an

artifact generation function that generates realistic degraded images, accounting for artifact

types, intensities, and how images are a�ected by multiple artifacts simultaneously.

Our method was tested on �ve di�erent datasets with real cases of image degradation and

also on arti�cially degraded images. The results show that the inclusion of the image resto-
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Figure 1.2: Proposed framework split into �ve modules: Dataset, preprocessing, artifact gene-
rator, restoration model and classi�cation model. Modi�ed from (BAUCHSPIESS; FARIAS,
2024).

ration step leads to more accurate diagnosis predictions, showing that the restoration models

trained on arti�cially degraded images generalize well to real cases. By cross-validating between

di�erent datasets, our results show that our two-stage approach signi�cantly improves the ge-

neralization of the computer-aided diagnostic method. In our experiments, we also observed

how image quality a�ects the generalization capabilities of image classi�cation models, with

poor quality images leading to signi�cant model over�tting.

We conducted extensive experiments to evaluate the di�erent aspects of the proposed so-

lution. Experiments included changing various aspects of the artifact generation function,

comparing di�erent image restoration models and various image classi�cation models, and

changing the datasets used to train the models. The solution was evaluated qualitatively and

quantitatively, using accuracy and MSSIM metrics and confusion matrices.

The organization of the text is as follows. Chapter 2 presents a review of various techniques

for image restoration, detailing the types of images and artifacts considered and the methods

for diagnosing brain pathology by MRI. In Chapter 3, we provide an overview of brain tumors,

including the subtypes examined in this study, and the basic concepts of magnetic resonance

imaging. This chapter further outlines the artifact types and evaluation metrics utilized, along

with a discussion on the layer types and architectures used to develop neural network models

and their training methodologies. The chapter concludes with an outline of the baseline mo-
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dels and datasets used for testing, including qualitative dataset analysis. In Chapter 4, the

Methods section elaborates on the suggested solution in more detail, examining the de�nition

of the artifact generation function, as well as the approaches for training and assessing the

models. Chapter 5, the Experiments section, outlines a series of �ndings that demonstrate the

performance of the solution and analyze its various components. These experiments investi-

gate the correlation between image quality and accuracy, the e�ect of di�ering artifact types

and intensities, the results of diverse artifact generation techniques, the e�cacy of multiple

image restoration models, and the performance of various image classi�cation models. The

dissertation is ultimately wrapped up in Chapter 6, the Conclusion section.



CHAPTER 2

STATE OF THE ART

In this chapter, we review the state-of-the-art in image restoration, with a focus on medical

images and methods to predict daignosis based on medical images.

2.1 IMAGE RESTORATION

Mzoughi et al. stating that reduced MRI acquisition time results in degraded image contrast

and SNR, which reduces the precision of clinical and computer-aided diagnosis (MZOUGHIet

al., 2019). Their work proposes the use of a bilinear �lter to reduce noise and a contrast

stretching function to adjust contrast. The contrast stretching function multiplies each voxel

by a parameter that depends on image mean and variance and if the tumor is high-grade or

low-grade, with low-grade tumors requiring an increase in contrast to better distinguish the

tumor. This contrast enhancement method may be used to improve the accuracy of tumor

classi�cation as high-grade or low-grade (MZOUGHIet al., 2020).

El-Shafai et al. trained an autoencoder to denoise CT and X-Ray torax images with ar-

ti�cially added Gaussian, salt-and-pepper, and speckle noise and used Convolutional Neural

Networks (CNNs) to classify those images (EL-SHAFAIet al., 2022a). Their results show

that using the autoencoder denoising as a pre-processing step increased the classi�cation CNN

accuracy.

Zhonget al. proposed to train a residual CNN to denoise CT images of multiple parts of the

body (ZHONG et al., 2020a). This CNN model estimates the di�erence between the clean and

noisy image, which is subtracted from the input image to obtain the estimated clean image.

Their work argues that pre-training the model to denoise natural images before training on CT

images results in improved model performance.

Yim et al. proposed to train two autoencoders, one for denoising and one for deblurring,
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and then concatenate these models with a convolutional layer and retrain this �nal model,

applied to lung CT images (YIM et al., 2020). Results indicate that this models obtain better

quality image than a simple CNN in terms of Peak Signal to Noise Ratio (PSNR), Mean Square

Error (MSE) and Stuctural Similarity Index Measure (SSIM). Muckley et al. proposed using

a residual model based on the UNet family to remove MRI noise and Gibbs ringing artifacts

(MUCKLEY et al., 2021).

Wang et al. proposed a residual UNet model for natural image restoration called Uformer

(WANG et al., 2022). The model architecture is based on the vision transformer architecture,

to which depth-wise convolutions were added to the feed forward block. The degradations

considered were various types of noise, blur, and rain artifacts. Color images taken from

smartphones and handheld cameras were considered.

Zamir et al. proposed another residual UNet model based on the addition of convolutions

to the transformer architecture, with the aim of restoration of natural images (ZAMIRet al.,

2022). The model adds depth-wise convolution to both the self-attention and the feedforward

blocks of the transformer architecture and adds a gating mechanism to the feedforward block.

Rain, noise, and blur artifacts, including motion blur and defocus blur, were considered.

Lee et al. proposed to restore MRI images a�ected by Nyquist ghost artifact without

reference, using the ALOHA algorithm (LEEet al., 2016a; LEEet al., 2016b). The method

is shown to perform even better than reference-based models, without as many requirements.

Lim et al. trained a residual CNN to spatially vary blur correction in real time for MRI (LIM

et al., 2020). The model is evaluated both quantitatively with quality metrics, including PSNR

and SSIM, and qualitatively through visual inspection.

Jurek et al. revert images to the k-space and introduce Nyquist ghost and ramp sampling

e�ects in this order and then add noise in the image domain (JUREKet al., 2023). The noise

is obtained from an air scan. The model trained with all e�ects resulted in loss of edges as well

as noise removal; for this reason the model was then trained only with phase e�ects and noise,

with better results. This work also considered the blurring function of imaging systems to be

a Point Spread Function that approximates the Gaussian function, with standard deviation

around 0.65, and when applicable adds this blurring before noise. The model used to denoise

the image was a residual CNN, so the CNN estimates the noise to be subtracted from the
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Table 2.1: Comparison of di�erent image restoration methods, based on artifact type, image
type and algorithm used to restore the images.

Paper Artifacts Image type Method
(LEE et al., 2016b) Ghosting MRI ALOHA

(MZOUGHI et al., 2019) Rician noise, Brain MRI Bilinear �lter,
contrast contrast stretching

(YIM et al., 2020) Gaussian noise, Lung CT Autoencoder
Gaussian blur

(ZHONG et al., 2020a) Gaussian noise CT Residual CNN
(LIM et al., 2020) Blur MRI Residual CNN

(MUCKLEY et al., 2021) Gibbs ringing, MRI, natural Residual UNet
Gaussian noise images

(EL-SHAFAI et al., 2022a) Gaussian, Torax CT, Autoencoder
salt and pepper X-Ray

and speckle noise
(WANG et al., 2022) Noise, blur Natural images Conv+transformer

residual UNet
(ZAMIR et al., 2022) Noise, blur Natural images Conv+transformer

residual UNet
(JUREK et al., 2023) Rician noise, Brain MRI Residual CNN

ramp-sampling
e�ects, ghosting,

Gaussian blur
Proposed Rician noise, Brain MRI Conv+transformer

ghosting, residual UNet
Gibbs ringing,
Gaussian blur,
Poor Contrast,

JPEG compression

image. The work proposes �rst applying the Nyquist ghost correction and then applying the

denoising method, arguing that the reverse order yielded worse results. Two reference methods

were considered: averaging of repeated scans and the blockwise Non-Local Means (NLM).

We selected the Uformer model introduced by (WANGet al., 2022) as our baseline model.

The study used 2D brain magnetic resonance images and evaluated artifact types including

Rician noise, Gaussian blur, Gibbs ringing, ghosting, low contrast, and JPEG compression

artifacts. Table 2.1 presents a comparison among various works, highlighting the artifact

types, image types, and restoration techniques used.
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2.2 BRAIN IMAGE CLASSIFICATION

Korolev et al. proposed to use 3D CNNs with and without residual to classify 3D MRI

images into Alzheimer's disease, late mild cognitive impairment, early mild cognitive impair-

ment and normal cohort (KOROLEV et al., 2017). Their results indicate that CNNs with and

without residuals perform similarly. Rehmanet al. evaluated a range of convolutional neural

network models alongside an optimization algorithm to categorize two-dimensional MRI data

into three distinct types of brain tumors: meningioma, glioma, and pituitary (REHMANet al.,

2020). The method included a contrast stretching pre-processing step.

Badza and Barjaktarovic proposed their own CNN model to classify 2D MRI as meningioma,

glioma, and pituitary (BADšA; BARJAKTAROVI‚, 2020). They observed that the dataset

tested (CHENG et al., 2016) included multiple scans of the same subjects. They separated the

images into train sets and test sets in two manners. In the �rst manner, scans were separated

by subject, i.e. images belonging to the same subject were all put in the train set or all put

in the test set. In the second manner, the scans were separated individually, so that one scan

from a subject could be in the train set and another scan from the same subject could be in

the test set. They observed that this second manner led to higher test accuracy, indicating a

kind of over�tting in which the model recognized the subject rather than the tumor type.

Tummala et al. proposed to use an ensemble of vision transformers (ViT) (DOSOVITSKIY

et al., 2020) to classify 2D MRI into meningioma, glioma, and pituitary (TUMMALA et al.,

2022). They increased performance by increasing image resolution and combining the outputs

of multiple models. Yazdan et al. proposed a multiscale CNN to classify 2D MRI into four

classes: meningioma, glioma, pituitary and non-tumor (YAZDANet al., 2022). They included

a pre-processing step to remove Rician noise, using a Fuzzy Similarity-based Non-Local Means

(FSNLM) �lter to improve accuracy. The pre-processing step was shown to improve accuracy

both on the dataset original data as well as on the dataset with synthetic noise added. Islam

et al. proposed to use E�cientNet (TAN; LE, 2019) CNN architecture to classify 2D MRIs

into meningioma, glioma, and pituitary tumor classes (ISLAMet al., 2024). They argue that

the E�cientNet architecture achieves higher accuracy with fewer computational resources than

other CNN architectures.



2.2 � Brain image classification 10

Table 2.2: Comparison of di�erent image classi�cation methods, based on the target classes,
type of image and the type of model used to predict the output.

Paper Classes Image type Method
(KOROLEV et al., 2017) Alzheimer disease 3D MRI 3D CNN
(REHMAN et al., 2020) Brain tumor 2D MRI CNN

(BADšA; BARJAKTAROVI‚, 2020) Brain tumor 2D MRI CNN
(TUMMALA et al., 2022) Brain tumor 2D MRI ViT

(YAZDAN et al., 2022) Brain tumor 2D MRI CNN
(ISLAM et al., 2024) Brain tumor 2D MRI E�cientNet

Proposed Brain tumor 2D MRI E�cientNet

For our work, we used E�cientNet models to classify 2D MRI images in di�erent brain

tumor categories. Five di�erent brain tumor datasets were considered, which included the

categories glioma, meningioma, pituitary, non-tumor and generic tumor classes; with di�erent

combinations depending on the dataset. Multiple models were trained depending on the classes

included in each dataset. Tests were performed on datasets with undegraded and distorted

images, as well as images with synthetically added artifacts, and we evaluate the accuracy

improvement when an image restoration step is included. Table 2.2 summarizes the methods,

based on the type of pathology predicted, the data type used and the method or neural network

architecture used for classi�cation.



CHAPTER 3

FUNDAMENTALS

In this chapter, we review concepts and fundamentals required for the research.

3.1 BRAIN TUMOR

Brain tumors encompass various neoplasms, each characterized by distinct biology, progno-

sis, and treatment approaches; however, a more precise term is intracranial neoplasms because

some tumors, such as meningiomas, are not related to brain tissue (DEANGELIS, 2001). These

tumors can cause focal or generalized neurological symptoms such as headaches, nausea, vomi-

ting, sixth-nerve palsy, hemiparesis, aphasia, and seizures. Brain tumors vary widely in type.

High-grade gliomas and meningiomas are the predominant forms of primary brain tumors in

adults (BONDY et al., 2008). Another fairly prevalent tumor is the pituitary tumor, which

makes up approximately 15% of intracranial neoplasms (CHATZELLISet al., 2015). The

preferred diagnostic method for brain tumors is magnetic resonance imaging with gadolinium

enhancement (DEANGELIS, 2001). In this section a concise overview is provided, accompanied

by MRI scans of these three types of tumors.

3.1.1 Glioma

The term glioma encompasses all forms of tumors believed to originate from glial cells

(SCHWARTZBAUM et al., 2006), and can also be known as glial tumors (DEANGELIS, 2001).

Gliomas exhibit a heterogeneous appearance and have poorly de�ned boundaries. The margins

of active tumors do not align closely with contrast enhancement features, and pathological con-

trast enhancement is generally associated with more aggressive tumors (UPADHYAY; WALD-

MAN, 2011). Figure 3.1 presents several slices of MRI showing glioma tumors (CHENGet al.,

2016).
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Figure 3.1: Glioma samples taken from a brain tumor dataset (CHENGet al., 2016).

3.1.2 Meningioma

Meningioma tumors arise from meningothelial cells in the outer membrane of the brain and

are found primarily at the base of the skull, over cerebral convexities, and within the parasellar

areas (DEANGELIS, 2001). These tumors are often asymptomatic and are often discovered

accidentally during autopsies. On MRI scans, meningiomas are usually observed near the bones.

Figure 3.2 presents several slices of MRI showing meningioma tumors, sourced from (CHENG

et al., 2016).

3.1.3 Pituitary tumors

Pituitary tumors are marked by excessive growth of cells in the anterior pituitary and

dysregulated overproduction of speci�c hormones(MELMED, 2015; DAIet al., 2021a). These

tumors are predominantly benign and are known as pituitary adenomas, with a small number

classi�ed as pituitary carcinomas. The range of symptoms, such as hypertension, psychological

problems, headaches, and soft tissue swelling, varies depending on the cell type and hormones
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Figure 3.2: Meningioma samples taken from a brain tumor dataset (CHENGet al., 2016).

involved. Fig. 3.3 illustrates example MRI scan slices of pituitary tumors (CHENGet al., 2016).

3.2 MAGNETIC RESONANCE IMAGING - MRI

Magnetic Resonance Imaging (MRI) is a non-invasive medical imaging modality for mapping

internal structures of the body. It uses non-ionizing electromagnetic radio frequency (RF)

radiation in the presence of carefully controlled magnetic �elds to produce high-quality cross-

sectional images of the body in any plane (KATTIet al., 2011). MRI machines produce

relatively strong magnetic �elds that cause the nuclei of atoms in the body, including hydrogen,

to align with it. When energy in the form of RF electromagnetic waves is directed at it, protons

in tissue that have Larmor frequency matching that of the RF wave absorb energy and rotate

away from the direction induced by the magnetic �eld; the longer the exposition, the larger

the rotation. When radio waves are turned o�, the radiation energy is released to surrounding

molecules and the protons realign with the magnetic �eld, a process called T1 recovery, and

the energy loss is detected as a signal (KATTIet al., 2011; WESTBROOK, 2016).

MRI has some di�erent modalities that lead to images with di�erent characteristics. Two
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Figure 3.3: Pituitary tumor samples taken from a brain tumor dataset (CHENGet al., 2016).

common modalities are the T1 weighted (T1) and the T2 weighted (T2). For brain tumor

diagnosis, T1 is considered good for tumor segmentation, and T2 makes the �uid around the

tumor visible (DAIMARY et al., 2020). In T1 brain scans white matter (WM) is lighter than

gray matter (GM), while in T2 scans white matter is darker than the gray matter1 Fig.3.4

exempli�es the T1-CE and T2 MRI modalities for brain scans with glioma tumors.

The raw data obtained from MRI scanning devices are spatial frequency information of an

object, usually referred to as K-space data (MEZRICH, 1995; MORATALet al., 2008; JHAMB

et al., 2015). The K-space data contains the density of nuclear magnetic resonance signals

generated from the body. To obtain a conventional image or spatial volume from k-space data,

the inverse Fourier transform is applied (GALLAGHERet al., 2008; CÁRDENAS-BLANCO

et al., 2008). The signal obtained from the inverse Fourier transform is a complex signal, with

real and imaginary parts, but it is common practice in MR to obtain the magnitude of this

signal, resulting in real-value magnitude images.

Brain MRI scans are usually 3D volumes that can be sliced into 2D images, typically in 3

orientation planes: axial, sagittal, and coronal (PADMANABAN et al., 2020; DAIMARY et

1https://radiopaedia.org/articles/mri-sequences-overview
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Figure 3.4: Brain MRI scan modalities. Left: T1-CE brain scans taken from (CHENGet al.,
2016). Right: T2 brain scans taken from (QADRIet al., 2022).

al., 2020). The axial plane goes from the top to the bottom of the head, the coronal plane goes

from front to back, and the sagittal plane goes from side to side. Fig. 3.5 illustrates the 3

planes.

Figure 3.5: Brain MRI planes. From left to right: Axial, coronal and sagittal.Images taken
from the Figshare dataset (CHENGet al., 2016).
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3.3 MRI ARTIFACTS

MRI artifacts are degradations that a�ect the quality of the image and a�ect the classi�-

cation performance of neural networks (FARIASet al., 2022). Types of MRI artifacts include

noise, Gibbs ringing, blurring, ghosting, and poor contrast. Image compression can also gene-

rate artifacts such as JPEG compression artifacts. In this section, we review these six types of

image artifacts that can a�ect MRI scans.

3.3.1 Noise

Noise in MRI images is described as complex additive signals, in which its real and ima-

ginary components are independent, identically distributed, zero mean Gaussian distributions

(CÁRDENAS-BLANCO et al., 2008). A noisy k-space MR signal is then de�ned as

S = SR + N (0; � 2) + j � (SI + N (0; � 2)) ; (3.1)

where SR and SI are, respectively, the real and imaginary parts of the signal andN (0; � 2)

is the noise drawn from a normal (Gaussian) distribution with mean value 0 and standard

deviation � . Note that the noise has a real and an imaginary part, both drawn from the same

distribution. Those values are, however, independent, i.e. the actual value of the real part does

not in�uence the value of the imaginary part and vice versa. Fig. 3.6 illustrates the signal in

the k-space with added noise.

The spatial MRI signal is obtained through the inverse Fourier transform, which keeps the

additive properties of the noise:

F � 1(S) = F � 1(SR) + F � 1(N (0; � 2)) + j � (F � 1(SI ) + F � 1(N (0; � 2))) : (3.2)

However, when the magnitude MRI image is obtained from these complex signals,

Magnitude =
p

(F � 1(SR) + F � 1(N (0; � 2))) 2 + ( F � 1(SI ) + F � 1(N (0; � 2))) 2; (3.3)

there is a change to this distribution, due to the non-linear nature of this transform.

The probability distribution of magnitude MRIs in the presence of noise is characterized by

the Rician distribution (RICE, 1944; GUDBJARTSSON; PATZ, 1995), de�ned by:

PM (M ) =
M
� 2

e� (M 2+ A 2 )=2� 2
I 0

�
A � M

� 2

�
; (3.4)
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Figure 3.6: Frequency signal with added noise, with real (R) and imaginary (I) parts.

whereM is the measured pixel intensity,A is the pixel intensity without noise, I 0 is the zeroth

order Bessel function, and� is the standard deviation of the Gaussian noise in the complex

image. It should be noted that this distribution is in�uenced by the signal-to-noise ratio (SNR,

A=� ) and is not the noise distribution on its own (CÁRDENAS-BLANCOet al., 2008), although

several works refer to noise in MRI as Rician noise (COUPÉet al., 2010; BASUet al., 2006).

Gudbjartsson and Patz point out that for A = 0, the Rician distribution is equivalent to the

Rayleigh distribution (RAYLEIGH, 1896; BECKMANN, 1964), while for SNR (A=� ) > 2 the

distribution approximates the Gaussian distribution as seen in Fig. 3.7(GUDBJARTSSON;

PATZ, 1995). Like the Rayleigh distribution, the Rician distribution is exclusively positive.

Another observation is that the image noise adds a bias shift in the image mean, such that the

mean image value may be de�ned approximately by:

�M =
p

A2 + � 2: (3.5)

To generate arti�cial Rician noise in magnitude images we apply

RicianNoise(I; � ) = magnitude(I + N (0;� ) + j � (N (0;� ))) : (3.6)

where j is the imaginary unit, I is the clean image andN (0;� ) is a function to generate

noise from a Gaussian distribution with mean zero and standard deviation� . We de�ned the

standard deviation of the noise function based on anintensity parameter as

� = 0:025� intensity; (3.7)
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Figure 3.7: Rician probability distribution for di�erent SNR. Extracted
from(GUDBJARTSSON; PATZ, 1995).

with which we generated Rician noise examples with intensities ranging from 1 to 10, shown in

Figure 3.8.

3.3.2 Gibbs-Ringing

The Gibbs artifact, also known as a ringing or truncation artifact, is characterized by

spurious ringing near sharp edges of reconstructed images when the Fourier space is truncated

at acquisition or compression, and thus lacks an adequate number of high-frequency terms

(VERAART et al., 2016; GALLAGHER et al., 2008; WILBRAHAM, 1848, 1848). In Figure

3.9, this can be seen as a ripple e�ect associated with the sharp edges of the cranium in the

MRI.

The most common method to suppress this artifact in images is to apply spatial smoothing

(blurring); however, this method inherently lowers the image resolution and adds partial volume

e�ects (VERAART et al., 2016). Gibbs-ringing can be arti�cially generated by masking the

frequency domain image, such that only lower frequencies are considered. This is the ideal

low-pass �lter. To illustrate this artifact, a circular mask was de�ned with radius according to

radius = (10 � intensity)=9 � 50 + 16; (3.8)
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Figure 3.8: MRI with arti�cially applied Rician noise with levels from 1 to 10, increasing from
left to right and top to bottom.
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