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Abstract

Fast and Sliceous: Synthesis of Missing Brain MRI Modalities for Improved Tumor

Segmentation

The synthesis of missing MRI modalities has emerged as a critical strategy to address in-
complete multi-parametric imaging in brain tumor diagnosis and treatment planning. Recent
advances in generative models, particularly GANs and diffusion-based approaches, have
shown promising results in cross-modality MRI generation, although challenges persist in
preserving anatomical fidelity and minimizing synthesis artifacts. Building on the Hybrid
Fusion GAN (HF-GAN) framework, several enhancements are introduced to improve synthe-
sis quality and generalization across tumor types. These include the application of z-score
normalization, optimization of network components for faster and more stable training, and
the extension of the pipeline to support multi-view generation across diverse brain tumor cate-
gories such as gliomas, metastases, and meningiomas. The approach emphasizes refinement of
2D slice-based generation to ensure intra-slice coherence and reduce intensity inconsistencies,
ultimately facilitating more accurate and robust tumor segmentation in scenarios with missing

imaging modalities.

Keywords: Image Synthesis, MRI, Multimodal, BraTS, Brain Tumor Imaging, GANs,
Medical Imaging.
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Chapter 1

Introduction

This thesis will describe an automatic approach for generating a missing modality from the
three available ones in the context of brain MRI. The approach will include the development
of a model, its training, evaluation, and participation in Task 8 of the Brd] 8hallenge,

an international benchmark organized annually in conjunction with MICCAI to evaluate
algorithms for brain tumor analysis, followed by the nal results. Moreover, this work led to
the submission of a paper to the BraTS MICCAI challenge, and we will be cited as co-authors
in this year's of cial BraTS publication. Starting from the available dataset, we developed
and submitted a complete solution to the challenge, consolidating the entire work ow from
data preprocessing to model deployment.

1.1 Motivations

In the eld of medical imaging, automatic brain tumor segmentation from brain MRI has long
been a critical research area, attracting signi cant attention due to its potential to enhance
clinical work ows and improve patient outcomes. Automatic segmentation can drastically
increase both the accuracy and speed of tumor diagnosis, reducing the dependency on time-
consuming manual annotations by radiologists and minimizing interobserver variability.

However, the most effective segmentation systems typically require all four MRI modali-
ties—T1, Tlc, T2, and FLAIR—to achieve optimal performance. In practice, these modalities
are not always available. Missing modalities can arise from acquisition errors, incomplete
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Chapter 1lIntroduction Omar Carpentiero

scans, or the infeasibility of performing certain sequences, such as T1c, which requires admin-
istering a contrast agent to the patient and scheduling a second MRI session close in time to
the initial scans. These limitations make it impossible to directly apply the best state-of-the-art
algorithms, which are designed to work with all four modalities.

To address this, the scienti c communit§4b] has explored models capable of segmenting
tumors using an arbitrary subset of available modalities. While effective, these methods often
require designing and training specialized models.

An alternative approach, which is the focus of this thesis, involves leveraging generative
models to synthesize the missing modalities. By generating the absent data, it becomes
possible to directly apply high-performing, state-of-the-&ttdegmentation models that
expect all four modalities, without the need for retraining or modifying them. This strategy
not only facilitates the reuse of established models but also has the potential to recover
performance levels comparable to those achieved with complete data. Despite being less
frequently explored in the literature, generative approaches promise a robust solution to
the missing-modality problem and open new avenues for improving clinical applicability in
scenarios with incomplete MRI datasets.

1.2 Objectives

The obijective of this thesis is to provide a detailed description of all the steps undertaken,
the experiments conducted, the considerations made, and the results obtained that led to the
development of a generative model capable of synthesizing missing brain MRI scans. The
thesis will provide all the necessary background and tools for a proper understanding of
the problem, as well as implementation details that illustrate how the model works and the
optimizations that made it signi cantly more ef cient in its nal versions.

1.3 Contents Outline

A summary of what will be addressed in the following Chapters is now presented.
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» Chapter 2 introduces the medical and arti cial intelligence background required to
contextualize the scope of this thesis. It discusses the fundamentals of magnetic
resonance imaging (MRI), including its clinical signi cance, acquisition protocols, and
image formats. Furthermore, it provides an overview of automatic tumor segmentation,
with particular attention to the U-Net architecture.

» Chapter 3 presents an overview of the BraTS challenge, outlining its objectives, the
speci c task addressed in this work, and the approaches adopted by last year's winning
teams. It further details the dataset employed and the evaluation metrics used.

» Chapter 4 describes the proposed methodology, including the training pipeline, the
network architectures, and the adopted loss functions.

» Chapter 5 reports the main experiments, presenting the results obtained.

» Chapter 6 presents the conclusions and possible directions for future work.






Chapter 2

Context Overview

This Chapter provides an overview of the scope of this work, explaining the medical and
technical topics related to the problem addressed.

21 MRI

Magnetic Resonance Imaging (MRI) is a non-invasive imaging technigue that exploits the
magnetic properties of hydrogen nuclei in the body to produce high-resolution images of
internal structures. During an MRI scan, the patient is placed in a strong magnetic eld,
which aligns the nuclear spins of hydrogen protons. Radiofrequency pulses are then applied to
perturb this alignment, and the resulting signals emitted by the relaxing protons are measured
by the scanner. These signals are processed to generate detailed images that re ect differences
in tissue properties, such as proton density, relaxation times, and molecular environment. By
adjusting the sequence parameters, MRI can produce a variety of contrasts that highlight
different anatomical and pathological features. In brain tumor imaging, the most commonly
used sequences include T1, T1 with contrast enhancement (T1c), T2, and FLAIR. Each
modality provides complementary information: T1 images offer good anatomical detail,
T1c highlights areas with blood-brain barrier disruption, T2 emphasizes uid-rich regions
such as edema, and FLAIR suppresses cerebrospinal uid signals to enhance the visibility
of lesions. The combination of these sequences is critical for accurate tumor visualization
and subsequent segmentation. Among the MRI modalities, T2 images are often considered

5
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the least informative for tumor segmentation. They are sometimes acquired using fast,
low-resolution scans and subsequently upsampled via interpolation. While it effectively
highlights uid-rich areas, it provides limited contrast between tumor tissue and surrounding
structures, as many regions—including edema and normal anatomy—appear similarly bright.
A complete brain MRI acquisition protocol typically produces four 3D volumes per subject,
corresponding to the T1, Tlc, T2, and FLAIR sequences. These four modalities together
provide complementary anatomical and pathological information, forming the foundation for
accurate tumor visualization. A visual example of a complete acquisition protocol can be seen
in Figure 4.1

2.2 Brain Tumors and Their Imaging Characteristics

Brain tumors are abnormal collections of cells within the brain, and may be categorized as
primary (originating in the brain) or secondary (metastatic, spreading from another organ).
Both types are harmful and potentially deadly. Metastatic tumors are often characterized by
the presence of multiple distinct tumor bodies, whereas primary tumors, such as gliomas and
meningiomas, usually arise as a single mass, as shown in Figure 2.2 as a 3D rendering and in
Figure 2.3 to highlight their structure in the context of a complete 2D scan.

Gliomas are primary tumors arising from glial cells within the brain parenchyma, the func-
tional tissue of the brain. Being intra-axial, they grow inside the brain tissue and often in ltrate
the surrounding areas. On imaging, gliomas typically exhibit irregular shapes, heterogeneous
signal intensities, and variable contrast enhancement, re ecting regions of necrosis, edema,
or hemorrhage. High-grade gliomas, such as glioblastomas, are particularly aggressive and
associated with poor clinical outcomes.

Metastatic brain tumors arise from cancers outside the central nervous system and spread
hematogenously to the brain. These lesions are typically intra-axial, lodging within the
brain parenchyma without the diffuse in Itration seen in gliomas. They frequently present
as multiple, well-de ned lesions at the gray—white matter junction and are surrounded by
disproportionate vasogenic edema. Imaging features often correlate with the advanced stage
of the primary systemic cancer, and prognosis depends primarily on the characteristics of the
primary tumor.
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(a) T1 Contrast (b) T1

(c) FLAIR (d) T2

FIGURE 2.1: Representative axial slices from four MRl modalities: T1 with contrast (T1

Contrast), standard T1 (T1), FLAIR, and T2 images. Contrast differences result from

projecting the unbounded tensor values to the 0—255 range. The slices are taken from subject
GLI-00492 from the BraTS Dataset

Meningiomas are extra-axial, developing outside the brain parenchyma and attached to
the dura, the tough outer membrane that covers the brain. They generally appear as well-
circumscribed, homogeneous masses. While most meningiomas are benign and slow-growing,
they can still produce signi cant clinical effects through mass effect or recurrence. Unlike
gliomas, they compress the brain rather than in ltrating it.
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(a) Glioma tumor (b) Metastatic tumor (c) Meningioma tumor

FIGURE 2.2: 3D renderings of a glioma, a metastasis and meningioma, segmentation mask

from their respective training sets. The images highlight the distinct appearances of the three

tumor types, with gliomas typically forming a single in Itrative mass, metastases appearing
as multiple separate lesions, and meningiomas presenting well-de ned boundaries.

(a) Glioma tumor (b) Metastatic tumor (c) Meningioma tumor

FIGURE 2.3: Axial 2D scans of a glioma, a metastasis, and a meningioma from their

respective training sets. The images highlight the distinct appearances of the three tumor

types, with gliomas showing an irregular in ltrative mass that blends with surrounding tissue,

metastases appearing as multiple well-circumscribed intra-axial lesions often surrounded by

edema, and meningiomas presenting as extra-axial tumors with sharp, well-de ned margins
compressing the adjacent brain.

On MR, brain tumors present differently depending on the sequence and the pathological
subregion. The tumor core often shows contrast enhancement on T1 with contrast (T1c),
indicating breakdown of the blood—brain barrier. Surrounding edema and in ltrative zones are
typically hyperintense on T2 or FLAIR. Necrotic or cystic regions may appear hypointense on
T1 (and hyperintense on T2). Because of this heterogeneity, segmenting tumors is challenging:
different subregions exhibit varying signal intensities across modalities, and boundaries with
healthy tissue are sometimes ambiguous. An example can be seen in Figure 4.1.
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In this study, a conventional three-class decomposition of tumor tissue is employed:

» Necrotic / non-enhancing tumor core. The dead or non-enhancing portion (often
hypointense in T1c).

» Enhancing tumor. The actively growing, contrast-enhancing portion seen in T1c;

» Peritumoral edema. The swollen or in ltrated region around the core (visible espe-
cially in FLAIR/T2).

These three classes are also aggregated into composite labels:

» Enhancing tumor (ET). The enhancing tumor class alone.
» Tumor core (TC). The union of enhancing + necrotic/non-enhancing core.

» Whole tumor (WT) . The union of all three classes (enhancing + necrotic core + edema).

2.3 MRI Image Representation

An MRI scan can be considered a discrete representation of a continuous spatial distribution
of tissue properties. Given a three-dimensional position vector X, the function f(x) represents
the MRI signal intensity at that position. It is not possible to store or process MRI data as a
continuous function, so it must be discretized into a three-dimensional matsix ofi h
elements called voxels.

Discretization involves two main steps. The rst is sampling, in which a value is assigned
to each voxel based on the underlying continuous signal. The second is quantization, which
restricts these values to a nite set of discrete levels determined by the scanner's bit depth.
For example, a voxel with b bits can represghtliscrete intensity levels, often referred to as
grey-levels.

MRI volumes are typically acquired as a stack of slices along one or more axes. The acquired
slices are then automatically stacked, as shown in Figure 2.4 The slice distance is de ned as the
spacing between adjacent slices. If the in-plane voxel size (pixel spacing) is equal to the slice
distance, the volume is said to be isotropic, meaning voxels have a cubic shape. Otherwise, the

9
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volume is anisotropic, which can affect image analysis and processing, including segmentation
and registration tasks. This argument can be extended to three-dimensional images, that are
considered as three-dimensional matricewof d h elements called voxels. A volume can

be sliced in all three dimensions in order to get images. The distance between two adjacent
images is calledlice distance If the pixel distance is equal to the slice distance, then the
volume isisotropig and this means that the voxels have a perfectly cubic shape. Otherwise,
the volume isanisotropic

FIGURE 2.4: 3D render of a T1c volume from the glioma training set

2.4 The NIFTI format

The establishment of dedicated standards in medical imaging is essential to ensure consis-
tency, reliability, and interoperability across devices, institutions, and studies. General-purpose
image formats such as PNG or JPEG are unsuitable, as they cannot accommodate the mul-
tidimensional data, metadata, and quantitative information required in clinical and research
settings. Dedicated standards enable accurate comparison of results, support the development
and validation of computational tools, and ultimately improve both practice and research
outcomes.

10
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Medical Image Formats and Standards

MRI data are typically stored in standardized digital formats to ensure interoperability and
ease of processing. One of the most widely used formats in neuroimaging research is NIfTI
(Neuroimaging Informatics Technology Initiative). NIfTI les store volumetric MRI data

as three-dimensional matrices of voxels, along with essential metadata describing the image
acquisition and spatial orientation. This format has become a standard for computational
pipelines, particularly in tasks such as brain tumor segmentation. Although the more general
medical imaging format DICOM (Digital Imaging and Communications in Medicine) is
commonly used in clinical settings, it is less convenient for computational analysis due to its
complex hierarchical structure. Notably, the BraTS challenge does not provide DICOM data,
relying exclusively on NIfTI-formatted volumes.

File Types: .nii and .nii.gz

NIfTI les can exist as uncompressedii  les or compressedii.gz les, which reduce
storage requirements without losing information. Each le contains both the image data and a
header with metadata, making it self-contained and easily portable across software tools. The
compression is lossless and fully compatible with most neuroimaging software.

Voxel Data and Discretization

A NIfTl image stores voxel intensities as discrete values representing the underlying MRI
signal. Each voxel corresponds to a small volume element of the scanned tissue and has
de ned dimensions along each axis, known as the voxel dimensions. These dimensions are
critical for volume measurements, resampling, and accurate spatial analysis. While voxel
values can be stored as 16-bit or 32-bit integers or oating-point numbers in general, in the
BraTS challenge the NIfTI images uBieat64 internally, but the nal voxel values are
integers within the range afint32

Header information

The NIfTI header stores crucial details about the image, including:

11
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Voxel dimensions.The physical spacing between voxels along each axis, which ensures
correct scaling in 3D visualization and analysis.

Data type and bit depth. Determines how intensity values are represented, affecting
precision and quantization.

Image orientation. Speci es the spatial orientation of the volume, allowing consistent
alignment across subjects and modalities.

Additional metadata. Optional elds may include details about the scanning protocol,
patient anonymized information, and acquisition parameters.

A complete representation of the header information is shown in Table 2.1.

Preserving header information is crucial when data are loaded, processed, and subsequently
modi ed, either partially or fully. Any loss or corruption of the header can lead to incorrect
voxel dimensions, orientation errors, or misalignment between modalities. This is particularly
important in tasks where the output must remain aligned with the input, such as tumor
segmentation or image generation, where spatial delity is essential for accurate analysis and
model performance.

Advantages and Usage

The NIfTI format is widely supported by major neuroimaging libraries, includiiigabel

ANTs, andFSL. Compared to other formats, NIfTI provides a compact, self-contained
representation of the entire 3D volume, simplifying loading, preprocessing, and visualization
in computational pipelines. Its standardized structure facilitates reproducibility, dataset
sharing, and integration with machine learning models for segmentation or analysis. The
precise voxel size and orientation information ensures accurate registration, resampling, and
analysis of multi-modal MRI datasets.

12
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Type | Name Offset | Size | Description

int sizeofhdr OB | 4B | Header size (must be 348)
char | datatype[10] 4B | 10B | Not used; Analyze compatibility
char | db.name[18] 14B | 18B | Not used; Analyze compatibility
int extents 32B | 4B | Notused; Analyze compatibility
short | sessiorerror 36B | 2B | Notused; Analyze compatibility
char | regular 38B | 1B | Not used; Analyze compatibility
char | dim.info 39B | 1B | Encoding directions (phase, frequency, slice)
short | dim[8] 40B | 16B | Data array dimensions

oat | intentpl 56B | 4B | 1stintent parameter

oat | intentp2 60B | 4B | 2nd intent parameter

oat | intentp3 64B | 4B | 3rd intent parameter

short | intentcode 68B | 2B | NIfTlintent

short | datatype 70B | 2B | Datatype

short | bitpix 72B | 2B | Bits per voxel

short | slice start 74B | 2B | Firstslice index

oat | pixdim[8] 76B | 32B | Grid spacings (unit per dimension)
oat | vox offset 108B | 4B | Offsetinto.nii le

oat | sclslope 112B | 4B | Data scaling slope

oat | sclinter 116B | 4B | Data scaling offset

short | sliceend 120B | 2B | Last slice index

char | slicecode 122B | 1B | Slice timing order

char | xyzt.units 123B | 1B | Units of pixdim[1..4]

oat | calmax 124B | 4B | Maximum display intensity

oat | calmin 128B | 4B | Minimum display intensity

oat | sliceduration 132B | 4B | Time for one slice

oat | toffset 136B | 4B | Time axis shift

int glmax 140B | 4B | Not used; Analyze compatibility
int glmin 144B | 4B | Not used; Analyze compatibility
char | descrip[80] 148B | 80B | Any text

char | aux le[24] 228B | 24B | Auxiliary lename

short | gform_code 252B | 2B | Use quaternion elds

short | sform.code 254B | 2B | Use afne elds

oat | quaternb 256B | 4B | Quaternion b parameter

oat | quaternc 260B | 4B | Quaternion c parameter

oat | quaternd 264B | 4B | Quaternion d parameter

oat | goffsetx 268B | 4B | Quaternion x shift

oat | qoffsety 272B | 4B | Quaternion y shift

oat | qoffsetz 276B | 4B | Quaternion z shift

oat | srowx[4] 280B | 16B | 1st row af ne transform

oat | srow.y[4] 296B | 16B | 2nd row af ne transform

oat | srowz[4] 312B | 16B | 3rd row af ne transform

char | intentname[16]| 328B | 16B | Name or meaning of the data
char | magic[4] 344B | 4B | Magic string

TABLE 2.1: NIfTI header structure ( rst 348 bytes).
13
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2.5 U-Net

The U-Net [7] is a convolutional neural network originally introduced for biomedical image
segmentation, and it has since become a standard baseline for many medical imaging tasks,
including BraTsS. Its architecture is characterized by a symmetric encoder—decoder structure
with skip connections, forming a characteristic “U” shape, as shown in Figure X. U-Net is
particularly suitable in contexts where the output fExel- or voxel-wise map of tissue or
structure labelssuch as segmentation masks of tumor subregions in MRI volumes.

» Encoder (contracting path). The encoder progressively reduces the spatial resolution
while increasing the number of feature channels. This is achieved through repeated
applications of convolutional layers, nonlinear activations, and downsampling (e.g.,
max pooling). The encoder captures increasingly abstract and contextual features of the
input MRI slices.

» Bottleneck. At the bottom of the U, the network learns highly compressed, semantic
representations of the data, integrating both local and global context.

» Decoder (expanding path).The decoder gradually upsamples the feature maps to
restore the original spatial resolution. Transposed convolutions (or upsampling fol-
lowed by convolution) are used, and the decoder re nes the segmentation prediction at
increasingly ner scales.

» Skip connections.To recover spatial detail lost during downsampling, feature maps
from the encoder are concatenated with corresponding layers in the decoder. This
allows the network to combine semantic context from deep layers with ne-grained
localization from shallow layers, which is particularly important in medical imaging
where small structures (e.g., tumor subregions) must be precisely delineated.

2.6 Automatic Brain Tumor Segmentation

Automatic brain tumor segmentation is a critical task in medical image analysis, facilitating
accurate diagnosis, treatment planning, and monitoring of tumor progression. Over the years,

14
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FIGURE 2.5: Default U-Net architecture. The gure shows the U-shaped encoder—decoder
network with skip connections, which combine contextual information from downsampling
with precise localization from upsampling.

segmentation techniques have evolved from traditional image processing methods to advanced
deep learning approaches, signi cantly enhancing segmentation accuracy and ef ciency.

Classical Segmentation Methods

Early approaches to brain tumor segmentation primarily relied on traditional image processing
techniques, which include:

» Thresholding. This method involves segmenting the image based on intensity thresh-
olds, distinguishing tumor regions from healthy tissue. However, it is sensitive to noise
and variations in image intensity. Thresholding generally performs best after skull-
stripping (deskulling), as hyperintense structures such as mucus in the nasal cavities
can otherwise be incorrectly included in the segmentation of T1 images.

15
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» Region Growing. Starting from seed points, this technique grows regions by adding
neighboring pixels that have similar properties, such as intensity. It requires careful
seed selection and is susceptible to over- or under-segmentation [8].

* Clustering. Algorithms like K-means and Gaussian Mixture Models classify pixels
into clusters based on intensity or texture features. While they can handle variability in
tissue types, they may struggle with complex tumor structures. [9]

* Atlas-based SegmentationThis method involves registering a pre-labeled anatomical
atlas to the target image, transferring the segmentation labels. It is effective for standard
anatomical structures but less reliable for heterogeneous tumors due to the signi cant
variability in tumor shape, size, and intensity [10].

Despite their utility, these methods often fall short in accurately delineating complex and
heterogeneous tumor regions, paving the way for more advanced techniques.

Deep Learning-Based Segmentation

The advent of deep learning has revolutionized brain tumor segmentation. Convolutional
Neural Networks (CNNs), particularly U-Net and its variants, have demonstrated exceptional
performance in segmenting brain tumors from multi-modal MRI images. These models
automatically learn hierarchical features, capturing both local and global context, which is
crucial for accurate segmentation. Recent advancements include 3D U4\atdhitectures,
which extend U-Net to three dimensions to process volumetric data and capture spatial
dependencies across slices, with variants like nnU-Net introducing adaptive architectures
tailored to speci ¢ datasetd P-15]. In addition, CNN-Transformer hybrid models, such

as BiTr-Unet [L6], combine CNNs for local feature extraction with Transformer blocks to
capture long-range dependencies, improving contextual modeling and delineation of complex
tumor boundaries. Residual and dense connection strategies, used in architectures like 3D
Res-U-Net and Dense-U-Net, further enhance feature reuse and gradient ow, improving
segmentation accuracy for small or heterogeneous tumor subregions.
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2.7 Evaluation Metrics

A wide range of quantitative scores exists to evaluate medical image synthesis and segmenta-
tion, each emphasizing different aspects of image quality and task performance. However, for
the purposes of this work, only a subset of metrics is required. In particular, reconstruction
delity will be assessed with the Structural Similarity Index Measure (SSIM), while the
evaluation of segmentation performance will rely on three complementary metrics: the Dice
Similarity Coef cient (DICE), the Hausdorff Distance (HD), and the Normalized Surface
Distance (NSD). The following subsections describe these metrics in detail and outline their
relevance to the present study.

 Structural Similarity Index Measure (SSIM). Evaluates the perceptual similarity be-
tween the reconstructed image and the reference image, taking into account luminance,
contrast, and structural information. SSIM values range from -1 to 1, with 1 indicating
perfect similarity.

(2 X y+ Cl)(2 Xy + CZ)
(F+ §+C( 2+ §+Co)

SSIM(x;y) =

where , and  are the mean intensities? and 7 the variances, andyy the
covariance of images andy. C; andC, are small constants to stabilize the division.

» Dice Similarity Coef cient (DSC). Measures the overlap between predicted and
ground truth segmentations. A DSC of 1 indicates perfect overlap, while 0 indicates no
overlap.

_ 2JP\ GTj.

PR Jpi ety

whereP is the predicted segmentation a@d is the ground truth.

» Hausdorff Distance (HD).Quanti es the maximum distance between the predicted and
ground truth boundaries. The 95th percentile of HD (HD95) is often used to mitigate
the in uence of outliers.

n 0]
H(P;GT)=max sup inf d(p;g); sup inf d(g;
( ) pzfgzeT (p; 9) gZGg i, (CHY)
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whereA andB are sets of points (e.g., surfaces of the segmentationsy(anb) is a
distance metric (usually the Euclidean distance).

* Normalized Surface Dice (NSD)Evvaluates the similarity between predicted and
ground truth surfaces within a prede ned tolerance distance. Unlike the volumetric
Dice coef cient, NSD emphasizes boundary accuracy, making it particularly relevant
for small or irregular tumor structures. It is especially important for the enhancing
tumor, the actively growing portion of the tumor that surrounds the necrotic core.

fp2 @Pjd(p; @G} g + fg2 @CTjd(g;@F g

NSAPE) = i@+ j@GT

where@ Pand@ GTare the surfaces of the predicted and ground truth segmentations,
d( ; ) is a distance metric (usually the Euclidean distance), aisda tolerance thresh-

old that allows small deviations between the surfaces to be considered acceptable,
accounting for minor segmentation inaccuracies and discretization effects.

These metrics offer a comprehensive evaluation of segmentation performance, guiding model
development and comparison.

2.8 Additional Loss Metrics

In addition to the evaluation metrics described in the previous section, certain loss functions
are used during training to guide the model toward accurate reconstruction, realistic synthesis,
and correct segmentation. These functions can also be interpreted as quantitative measures
of discrepancy between predictions and targets, and are particularly relevant for model
optimization. In this work, we focus on the Mean Absolute Error (MAE) for reconstruction,

the Binary Cross-Entropy (BCE) loss for discriminator and classi cation tasks, and the Focal
Tversky loss for segmentation.

» Mean Absolute Error (MAE). Quanti es the average absolute difference between
the predicted image and the ground truth. MAE is widely used as a reconstruction
loss because it directly penalizes pixel-wise deviations, encouraging the generator to
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produce outputs that are numerically close to the target. Values closer to 0 indicate

better reconstruction. "

IXi Vi
i=1

1
MAE(X;y) = —
xy) = §
wherex andy are the predicted and reference images, respectivelyNaisdhe total
number of pixels.

 Binary Cross-Entropy (BCE). Measures the discrepancy between predicted probabili-
ties and binary labels, and is used for both adversarial and classi cation tasks. BCE
effectively evaluates how well the discriminator can distinguish real from generated
samples, or how accurately a network predicts binary labels. Lower BCE values indicate
better performance.

1 X
BCE(pi) = tilog(p)+(1  t)log(l pi)
i=1
wherep; is the predicted probability for sampllet; 2 f 0; 1g is the target label, and
is the number of samples in the batch.

» Focal Tversky Loss.Designed for highly imbalanced segmentation tasks, the Focal
Tversky loss modi es the standard Tversky index by introducing a focusing parameter
to emphasize hard-to-classify regions, such as small tumors. This loss helps the
network prioritize dif cult voxels while maintaining overall segmentation accuracy.
& 1

FTL= @ Th); T
i=0

_ TP
-~ TP+ FR+ FN

whereTl; is the Tversky index for cladgs TP;; FB; FN; are true positives, false posi-
tives, and false negatives,and control the penalty for FP and FN.,is the focusing
parameter, an@ is the number of segmentation classes.

2.9 Multimodal Learning in Arti cial Intelligence

Multimodal learning in arti cial intelligence (Al) focuses on integrating information from
multiple heterogeneous sources in order to build richer and more robust representations.
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In many real-world scenarios, data is inherently multimodal: for instance, vision can be
complemented by language, or audio signals may provide context to visual scenes. By learning
to combine modalities, Al systems are able to capture complementary cues, disambiguate noisy
or incomplete signals, and improve overall performance in complex tasks. This integration
is typically achieved through fusion strategies, which may occur at different levels of the
model architecture, such as early fusion (input-level concatenation), late fusion (decision-
level aggregation), or hybrid approaches involving attention mechanisms and cross-modal
interactions.

The importance of multimodality is particularly evident in the medical imaging domain, where
different acquisition techniques or contrast settings provide complementary perspectives on the
same anatomical structures. Instead of relying on a single source of information, multimodal
systems exploit the unique characteristics of each modality, enabling more accurate diagnoses
and better-informed clinical decisions. Moreover, multimodal learning is well-suited to
scenarios involving missing or corrupted data, as the system can infer the missing information
from the available modalities.

In the context of this work, the problem is inherently multimodal, as a complete brain MRI
acquisition consists of four distinct sequences (T1, Tlce, T2, and FLAIR), each contributing
complementary information to the synthesis task.

2.10 Generative Adversarial Networks (GANS)

Generative Adversarial Networks (GANS), rstintroduced by Goodfellow etld], [are a

class of deep learning models designed to generate realistic synthetic data by learning the
underlying distribution of a given dataset. GANs have gained tremendous attention due to
their remarkable ability to produce high-quality images, videos, and other data modalities,
often indistinguishable from real samples. This explanation is particularly important in the
context of our work, since the paradigm of our model follows the same adversarial framework.

The fundamental architecture of a GAN consists of two neural networks—the gen@rator
and the discriminatob —that are trained simultaneously in a minimax game. The generator
takes as input a random noise vea@ampled from a known distribution (typically Gaussian
or uniform) and produces a synthetic sam@€z) intended to resemble real data. The
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discriminator, on the other hand, receives either a real saxnptea generated sampl&(z)
and predicts the probability that the input comes from the real data distribution rather than the
generator. The networks are optimized using the following objective:

mGin mDaxV(D;G)z Ex pual09D (X)]+ E; p,[log(l D(G(2)))]:

Here, the generator seeks to minimize the probability that the discriminator correctly identi es
fake samples, while the discriminator aims to maximize its ability to distinguish real from
generated data (see Figure 2.6). Through this adversarial process, the generator progressively
improves, producing samples increasingly similar to the real data distribution.

A key strength of GANs is their ability to learn complex, high-dimensional data distributions
without requiring explicit density estimation. Unlike traditional generative models such as
Variational Autoencoders (VAESs), which often produce blurred outputs due to probabilistic
approximations, GANs are capable of generating sharp and realistic images by leveraging the
adversarial training framework. Despite their success, GANs are notoriously dif cult to train.

FIGURE 2.6: Simple visual representation of the GAN framework in the context of natural
images[18]

Common challenges include mode collapse, where the generator produces limited variations
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of outputs, and training instability, which arises from the delicate balance required between
the generator and discriminator.

In recent years, GANs have been partially outperformed by diffusion motigjlswhich

offer more stable training and often superior image quality. However, the scope of this
thesis focuses on GANSs, as there exist well-established GAN architectures and pre-trained
models that provide a strong starting point for our work, enabling rapid development and
experimentation.

In summary, GANs represent a powerful and exible framework for generative modeling,
offering unparalleled capabilities in creating realistic synthetic data. Their adversarial nature
encourages continuous improvement of generated samples, making them particularly suitable
for domains where high- delity data is crucial. Importantly, understanding this framework is
essential for our work, as our model adopts the same adversarial paradigm for learning and
generating realistic outputs.
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Chapter 3

BraT$S

This chapter provides an overview of the Brain Tumor Segmentation (BraTS) Challenge,
outlining its objectives and available tasks, with particular attention to tumor segmentation,
missing modality generation, the 2025 Lighthouse Challenge, and the new Python ecosystem
for reproducible Al development.

3.1 Challenge Overview

Since its inception at MICCAI 2012, the Brain Tumor Segmentation (BraTS) challenge has

advanced brain tumor image analysis by benchmarking algorithmic advances, providing
high-quality annotated datasets, and tasking participants with developing innovative solutions
to clinically relevant problems along the disease course and across different brain tumor
entities.

In collaboration with leading clinical organizations such as AI-RANO, RSNA, ASNR, NIH,
FDA, ASFNR, and CBTN, the BraTS 2025 Lighthouse Challenge expands this effort by
addressing additional clinical needs, including longitudinal assessment of tumor response,
generalizability of segmentation methods across different tumor entities, and inclusion of
tumor types for which annotated data are currently limited.

As a novelty in 2025, algorithmic performance will be tested against human expert inter-rater
variability, furthering insights into the clinical applicability of BraTS solutions.
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3.2 MICCAI and the BraTS Platform

The BraTS challenge is hosted annually as part of the Medical Image Computing and Computer
Assisted Intervention (MICCAI) conferen@&]], a leading venue in medical imaging and
computational methods in healthcare. MICCAI provides an international forum for the
dissemination of state-of-the-art research, and BraTS offers a benchmarking platform where
participants can compare algorithms on standardized datasets with well-de ned evaluation
metrics such as Dice score and Hausdorff distance.

Participants who perform exceptionally in BraTS are often invited to present their methods
in oral sessions at MICCAI workshops, increasing visibility and facilitating knowledge
transfer between the computational and clinical communities. The challenge encourages the
development of algorithms that are not only technically accurate but also clinically meaningful,
re ecting real-world variability in multi-center MRI datasets.

3.3 Evolution of BraTS Tasks

From its initial focus on pre-operative glioma sub-region segmentation, BraTS has consistently
introduced new tasks and diversi ed its objectives:

» Segmentation of glioma subregions based on multimodal MRI.

» Expansion to include additional tumor entities—such as meningioma, brain metastases,
and pediatric tumors—as seen in editions like BraTS-PEDs and BraTS-METS.

* Introduction of synthesis tasks, including global missing-modality generation (BraSyn)
and local inpainting, re ecting an emphasis on image completion and data augmentation
strategies .

» Broadening clinical impact by including longitudinal studies, generalizability assess-
ments, and inter-rater variability benchmarking.

* Alignment with MICCAI standards for reproducibility, fair benchmarking, and clinical
relevance.
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3.4 BraTS 2025 Tasks

In 2025, the BraT$S Cluster of Challenges encompasses eleven distinct tasks, each addressing
a critical topic under one of three computational categories: Sub-region Segmentation (SEG),
Image Synthesis (SYN), or Classi cation (CLASS). The tasks are:

1. Pre- and Post-Treatment Adult Glioma (SEG)

2. Pre-Treatment Intracranial Meningioma (SEG)

3. Pre-Radiotherapy Intracranial Meningioma (SEG)

4. Pre- and Post-Treatment Brain Metastases (SEG)

5. Brain Glioma in the underserved sub-Saharan African patient population (SEG)

6. Pre-Treatment Pediatric Tumor Patients in partnership with multiple related societies
(SEG)

7. Generalizability of Segmentation Methods Across Tumors (SEG)
8. MRI Global Synthesis (SYN)
9. MRI Local Inpainting (SYN)
10. Assessing the Heterogeneous Histologic Landscape of Glioma (CLASS)

11. Predicting the Tumor Response During Therapy (CLASS)

3.5 The BraTS Python Package

To foster reproducible research and streamline participation, the BraTS organizers have
developed thérats-toolkit [6], a dedicated Python package that signi cantly lowers

the barrier to entry. This toolkit is designed to standardize the entire experimental work ow,
from data acquisition to evaluation and submission. It is publicly available on PyPI for easy
installation and its source code is hosted on GitHpbpmoting transparency and community
contributions.

Yhttps://github.com/BrainLesion/BraTS
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Key features of thérats-toolkit include:

* Programmatic Data Access Provides utilities to easily download and manage the
extensive BraTS datasets directly within a Python environment, ensuring participants
use the correct, versioned data.

» Standardized Preprocessingincludes functions for essential preprocessing steps such
as NIfTI le handling, image co-registration, and normalization, which are crucial for
consistent model performance.

» Dockerized Baseline Models Offers access to containerized, pre-trained models
that represent state-of-the-art architectures from previous challenges. These serve as
powerful baselines and enable researchers to replicate leaderboard results with minimal
setup.

* Integration with Deep Learning Libraries . Designed for seamless compatibility
with major frameworks like PyTorch (often via MONAI) and TensorFlow, allowing
researchers to easily integrate the toolkit into their existing work ows.

By providing a fully containerized and standardized environmentpthes-toolkit

ensures computational reproducibility, a cornerstone of modern scienti ¢ inquiry. This
ecosystem not only aids challenge participants but also serves the broader neuro-oncology
imaging community by making high-quality data and benchmark models more accessible
for novel research endeavors. However, the toolkit is still under development and has some
limitations: it currently runs only on Docker, which can be impractical on shared clusters, and
executing heavy workloads with extensive 1/0O can be challenging.

3.6 BraTS 2025 Key Dates

The following timeline outlines the main milestones for the BraTS 2025 Challenge:

» 3 March: Registration opens
Participants can register @ynapse.org  until the short paper submission deadline.
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» 10 March: Training and validation data release
Training data with ground truth labels and validation data without ground truth labels
become available.

» 31 July: Short paper submission deadline
Participants submit reports of methods and results on training and validation data. The
nal paper will later include testing results.

e 28 July — 7 August: Containerized algorithm submission
Organizers evaluate algorithms on testing data for participants with submitted short
papers. Methods are ranked after statistical signi cance assessment via multiple permu-
tation testing.

» 15 August: Invitation to participate
Participants with valid submissions (paper + container) are invited to present at the
conference; presentation type is determined within two weeks.

» 23 August: Contacting top-performing teams
Preparation of slides for oral presentations.

» 10 September — 6 October: Camera-ready and copyright submission
Includes results on testing data for inclusion in the LNCS proceedings.

» 23-27 September: Challenge at MICCAI
Final top 3 ranked teams are announced during the conference.

3.7 Submission Protocol

The submission to the challenge followed a structured protocol, as summarized in the list
above. First, a short paper (see B) had to be submitted, detailing the key components and
implementation speci cs of the proposed framework, along with the results on the validation
set. In addition, participants were required to review two or three other submitted papers to
provide constructive feedback on their approaches. Finally, the complete solution, including
evaluation code, trained models, checkpoints and any necessary post-processing pipelines,
was containerized into a Dockef]] image to ensure reproducibility and facilitate evaluation

by the challenge organizers.
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3.8 Task 8: Brasyn

Participation to this speci c task will be the main focus of the thesis. Most state-of-the-art
brain tumor segmentation algorithms rely on four MRI modalities: T1, T1 with contrast, T2,
and FLAIR. In practice, some sequences are often missing. Building upon the Brain MR
Image Synthesis Benchmark (BraSyn) organized at MICCAI 2023 and 2024, the 2025 edition
continues to evaluate algorithms designed for the synthesis of entire MRI volumes, with an
emphasis on robustness across varying acquisition protocols and pathological conditions.
From a participant's perspective, this task is particularly relevant, as successful synthesis
enables the direct application of established BraTS segmentation networks in clinical envi-
ronments with limited imaging protocols and supports the analysis of archival tumor datasets
where modalities may be missing.

3.9 Last Year's Winners: HF-GAN

HF-GAN [22] was adopted as the baseline model, utilizing a lightweight 2D pipeline to
enhance training and inference ef ciency. The framework comprises two stages: a rst stage
that generates individual 2D brain slices from preprocessed 3D volumes, and a second stage
that re nes the stacked slices to enforce volumetric consistency. In the present work, only the
rst stage is employed for slice-wise synthesis.

Preprocessing

In the rst stage, the preprocessing pipeline employed a linear scaling of each slice to the
range[ 1;1]. While this normalization ensured a bounded input space, it also introduced
noticeable inter-slice discrepancies, as the scaling was sensitive to variations in intensity
across different slices. To mitigate this issue, the second stage adopted a single-sample
z-normalization, standardizing each slice by subtracting its mean intensity and dividing by its
standard deviation. This approach reduced intensity inconsistencies and improved the overall
homogeneity of the input data.
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First Stage

In the rst stage of the framework, the generator is designed to synthesize missing modalities
across all possible scenarios using a uni ed network (Figure 3.1). It consists of four modality-
speci c¢ late-fusion encoders (one for each modality), an early-fusion encoder that processes
all available modalities simultaneously, a channel-attention feature fusion module, a modality-
infuser, and a decoder. The overall encoder—decoder architecture follows the standard U-Net
structure.

Each late-fusion encoder, composed of residual convolutional blocks with SiLU activa8jon [
and group normalizatior2l], extracts modality-speci c features. The early-fusion encoder,
architecturally identical to the late-fusion encoders, accepts a stacked four-channel input (with
missing modalities masked) to capture complementary information across all modalities. The
feature fusion module integrates both global and modality-speci ¢ information, employing
channel-wise attention computed via global average pooling followed by softmax. A modality-
infuser, implemented using Transformer blocks [32], incorporates information about the
missing modality into the latent space.

The decoder reconstructs the output using upsampling blocks consisting of nearest-neighbor
interpolation followed by a 83 2D convolution for smoothing. Consistent with standard
U-Net design, skip connections link corresponding encoder and decoder layers, preserving
spatial information and facilitating gradient ow.

One of the main concerns with this rst-stage design lies in its overall complexity. Another
critical issue is the reliance on seemingly arbitrary loss coef cients, whose selection lacks
theoretical justi cation and may strongly in uence the nal performance. Finally, the use
of the simplistic[ 1, 1] linear scaling as a hormalization strategy proves to be particularly
problematic: it ampli es inter-slice inconsistencies and fails to provide a stable statistical
grounding, ultimately compromising the quality of the synthesized outputs.

Second Stage

While the rst stage synthesizes slices in a purely 2D manner, volumetric consistency and
tumor representation can be suboptimal due to the lack of 3D context. To address this, a
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FIGURE 3.1: A visual representation of the original rst stage implementation.

3D Re ner can be incorporated to enhance the slice-wise output by integrating structural
information across the entire volume.

The Re ner is composed of three main components: an encoder, an element-wise cross-
attention module, and a decoder (Figure 3.2) . The encoder processes both the synthesized
MRI sequence and the available modalities individually, producing a set of feature repre-
sentations. Speci cally, given a generated volumei 2 Rt b H W and available MR
sequenceX,, 2 Rt P H W withm; 2 f T1, T2, FLAIR, Tlcg, modality-speci ¢ en-
coders (based on simpli ed U-Net architectures) generate corresponding felé,mraad

ijZRCD H W.

The element-wise cross-attention module re nes the synthesized feature maps by performing
cross-attention in a voxel-wise manner. Unlike conventional attention mechanisms that rely on
dot products across vectors, this module computes the similarity between features at the same
spatial location using an absolute difference followed by a negative exponential, ensuring
maximal similarity when voxel intensities match. Formally:

whereQm,, Km,; , andVm; denote query, key, and value projections, respectivelyFid a
feed-forward layer implemented with 1 convolutions. The process is applied sequentially
across all available modalities in a xed order.
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The decoder reconstructs the re ned MRI volume from the updated features. To mitigate
voxel-wise inconsistencies introduced by the cross-attention mechanism, convolutional layers
with kernel size 3 are rst applied to enforce spatial smoothness. Alnall convolution

maps the features back to image space, and the result is added residually to the slice-wise
output from the rst stage, yielding a volumetrically consistent MRI synthesis.

Despite its conceptual appeal, such a re nement stage introduces signi cant practical chal-
lenges. The Re ner employs a full U-Net (including both encoder and decoder) for each
modality to extract voxel-wise features, which already makes the architecture computationally
demanding. On top of this, the element-wise cross-attention mechanism further increases the
memory load, as it requires processing and matching features at every voxel location across
multiple 3D volumes. The combination of several heavy U-Net backbones with voxel-level
attention results in an extremely large model, both in terms of parameters and runtime cost.
Training such a system becomes impractical. Moreover, the computational burden is dispro-
portionate to the expected performance gains, making this approach unsuitable for realistic
large-scale or resource-constrained scenarios.

FIGURE 3.2: Visual representation of the Re ner network, which was discarded in the
solution proposed in this thesis.
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The Dataset

The BraSyn-2025 dataset is derived from BraTS-GLI 2@8B[BraTS-METS 2023%6],

and BraTS-Meningioma&[7]. It consists of a retrospective collection of brain tumor multi-
parametric MRI (mpMRI) scans acquired from multiple institutions under routine clinical
conditions, using different scanners and acquisition protocols. This results in a heterogeneous
dataset that re ects the variability of real-world clinical practice. Ground-truth annotations

of all tumor subregions were reviewed and approved by expert neuroradiologists. All scans
were programmatically skull-stripped, removing cranial bone and non-brain tissue while
preserving brain and cerebellar structures. During the validation and test stages, segmentation
masks are not available, and for each subject one of the four modalities is randomly excluded
(“dropout”) to simulate incomplete clinical acquisitions. The training set includes 1,251
glioma cases and 238 newly added metastases cases. The metastases dataset was provided
in two separate folders: the main set (165 samples) and an additional set (73 samples). The
latter is considered “additional” by the organizers and is sometimes listed separaledyras
Metastases Add.The validation set consists of 219 glioma and 31 metastasis cases. The
private test set comprises 219 glioma, 59 metastasis, and 283 meningioma cases. A visual
representation of the dataset is shown in Figure 3.9. The inclusion of meningioma exclusively
in the test set is intended to assess the generalizability of methods to previously unseen tumor

types.

Test Metrics

In the inference task, each submitted algorithm is required to handle test cases in which one
of the four MRI modalities is randomly excluded. For each subject, only three modalities
are provided, and the algorithm must predict a plausible brain tumor image for the missing
modality. The resulting synthesized image is then evaluated based on both its visual realism
and its utility for downstream tumor segmentation.

Two complementary sets of metrics are employed for ranking the submissions (see formulas
in Chapter 2, Egs. 2.7-2.7).

» Image quality metrics. The structural similarity index measure (SSIM) is computed to
guantify the realism of the synthesized images relative to the clinically acquired images.
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FIGURE 3.3: Dataset structure

SSIM is evaluated separately within the tumor region and the healthy brain, yielding
two scores per test subject.

» Segmentation metrics.To assess the practical usefulness of the synthesized images, a
state-of-the-art BraTS segmentation algorithm is applied to the completed image vol-
umes. Performance is measured using the Dice similarity coef cient and the normalized
surface distance (NSD) for three tumor substructures. Initially, the Hausdorff Distance
was employed as the boundary-based metric, but it was changed to NSD in the nal
days before the challenge deadline. A pre-trained segmentation model is provided to
participants to allow optimization under the evaluation conditions. For each subject,
Dice and NSD scores are combined equally to produce a single ranking score per tumor
substructure, resulting in three scores per test subject.
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Chapter 4

Method

4.1 Summary

The main limitation of the previous HF-GAN framework was the use of [-1, +1] normalization,
which is suboptimal compared to z-score normalization widely adopted by state-of-the-art
models such as nnU-Net. The approach presented in this thesis adapts the HF-GAN pipeline
by integrating z-score normalization, providing a more stable standardization of MR intensities
and allowing the model to preserve absolute intensity information during de-normalization,
thereby eliminating the need for additional intensity encoding. The methodology focuses on
streamlining HF-GAN by employing only the rst stage for 2D slice-wise synthesis. This
design reduces computational cost, simpli es training, and maintains a lightweight framework,
with nal 3D volumes reconstructed by stacking the generated 2D slices, achieving competitive
performance with a considerably leaner architecture.

4.2 Preprocessing

Magnetic resonance (MR) images are notoriously challenging to preprocess effectively. Unlike
natural images, where pixel intensities are bounded and can be normalized with simple linear
scaling (e.g., mapping [0-255] to [0—-1]), MR voxel values represent magnetic eld intensities
and are inherently unbounded. Consequently, standard scaling techniques are inadequate.
To address this, the data distribution was rst analyzed and visualized. A small number of
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voxels with extremely high intensities were observed, introducing severe outliers that in ated
both the mean and standard deviation in a non-representative manner. In addition, some
samples contained negative values, considered unrepresentative artifacts originating from
acquisition errors. These issues were mitigated by clamping all negative values to zero, after
which histograms were computed to characterize the data distribution. For both visualization
purposes and accurate statistical estimation, background voxels were excluded, since the
distributions would otherwise be heavily dominated by background values. As the four
modalities encode distinct types of information and exhibit markedly different distributions, a
separate histogram was constructed for each modality.

(a) T1 Contrast histogram (b) T1 histogram

(c) FLAIR histogram (d) T2 histogram

FIGURE 4.1: The four histograms representing data distribution. Background voxels (value
0) are excluded, and intensities are clamped to a maximum of 8000 to enhance qualitative
visualization of the distributions.

After computing the histograms (see Figure 4.1), it became clear that clamping was required
to mitigate the effect of extreme outliers while preserving the overall statistical characteristics
of each modality. When clamping unbounded distributions, care must be taken to preserve
the statistical properties of the data and avoid excessive information loss. As illustrated in
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Figure 4.2, clamping results in a attening of high-intensity areas, particularly in the occipital
lobe and around the tumor. Extreme values are compressed into a uniform plateau, which
obscures variation and attens the distribution tails.

(a) 95th percentile clamp (b) 99th percentile clamp

(c) 99.5th percentile clamp (best) (d) Original
FIGURE 4.2: Different visualizations of the axial slice 90 from the sample BraTS-GLI-

00494-000. The original contained values in the range [0, 12060]. For visualization, the
differently clamped slices were linearly scaled using the same scale factor.

The 95th, 98th, 99th, and 99.5th percentiles were evaluated, resulting in different maximum
values for clamping, as summarized in Table 4.1.
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Perc. Tlc Tin T2f T2w

95th 3,696 2,799 1,403 1,707
98th 4,623 3,503 1,797 2,532
99th 5695 4,158 2,332 3,839
99.5th 8,664 7,315 8,842 8,233

TABLE 4.1: Max values in relation with different percentiles

Value Clipp. Norm. Tlc Tln T2f T2w

Max. 7 7 2,120,538 155,724 612,368 4,563,634
Max. X 7 8,664 7,315 8,842 8,233

Avg. X 7 1,066.34 781.22 510.99 673.44
Std. X 7 1,301.70 944.34 769.42 804.39
Min. X X -0.8192 -0.8273 -0.6641 -0.8372
Max. X X 5.8367 6.9189 10.8277 9.3979

TABLE 4.2: MRI intensity values of the training set before and after applying the 99.5th
percentile clipping and normalization strategies.

The nal stats for the chosen method are reported in Table 4.2.

After computing the dataset statistics, 3D volumes were sliced along all three spatial di-
mensions—axial (top-down), coronal (front-back), and sagittal (left-right)—to generate a
dataset of 2D brain slices. Following the approach used in HF-GAN, slices containing fewer
than 2000 pixels per modality were discarded to avoid expending computational resources
on nearly empty slices and to prevent the model from focusing on less informative regions.
Generating slices along all three axes provided multiple views, enabling models to be trained
on different perspectives and to select the best-performing one. The resulting number of slices
is summarized in Table 4.3. Finally, all background pixels were set to a value of -1 to provide
a consistent representation across modalities, ensuring coherence and full compatibility with
the HF-GAN framework.

4.3 The Models

The framework consists of three models: a generator, a discriminator, and a segmenter. The
generator is responsible for producing missing modalities, while the discriminator guides the
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Slicing TrainGli. Val. Gli. Train Met.  Train Met. Add. Val. Met.

Axial 158,867 27,830 20,723 9,156 3,843
Coronal 194,472 34,034 25,857 11,541 4,791
Sagittal 158,976 27,906 20,765 9,246 3,865

TABLE 4.3: 2D dataset sample counts

generation in a GAN-style adversarial setup. The segmenter provides additional guidance
to the generator, encouraging the production of slices with more accurately de ned tumor
structures, which are easier to segment.

4.3.1 The Generator

As anticipated in Section 4.1, the generator is based on the rst stage of the HF-GAN
framework, shown in Figure 4.3. It follows a U-Net architecture and consists of four main
components: the encoders, the channel attention module, the modality infuser, and the decoder.
The generator operates by accepting four input slices corresponding to the different modalities,
in which one, two, or three modalities may be masked (i.e., unavailable) and set to a value of
-1. The network then reconstructs a single target modality from these inputs. The following
sections provide a detailed description of each component.

Encoders

The generator employs four modality-speci ¢ encoders and one early-fusion encoder, all
sharing the same overall architecture. While each modality-speci ¢ encoder processes a single
slice from its corresponding modality, the early-fusion encoder operates on all four modalities
simultaneously, by receiving them as a stacked input.

Since feeding data sequentially into ve separate encoders is computationally inef cient,
the previous implementation was replaced with a Group Convolution approach. This mod-
ule effectively functions as four independent convolutional networks—corresponding to the
modality-speci ¢ encoders—executing in parallel. By processing all modalities simultane-
ously within a single operation, the Group Convolution module preserves the behavior of
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