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1. Introduction

In medical imaging it is common that a specialist examines the human brain slice-by-
slice to form an understanding of the subject as a whole [53]. However, the large and
complex data produced by medical imaging devices makes manual data extraction a
laborious, time-consuming, and challenging task, where even small errors in analysis
become the responsibility of an individual clinician [13]. Consequently, there is a
growing demand for algorithmic methods that assist with analysis and diagnostics.
Image segmentation is the process of dividing an image into distinct regions based
on specific criteria, represented as masks or contours. In semantic segmentation, each
pixel is assigned a label corresponding to a specific category. The goal of segmentation
is to divide an image into semantically meaningful, cohesive, and distinguishable regions
that share common characteristics such as intensity, depth, color, or texture [13, 35].
Medical image segmentation involves identifying lesions and organs, which aids
medical experts with early support, accurate diagnoses and treatment planning [67].
With brain images specifically, segmentation methods are used in visualization of struc-
tures, delineation of injuries, analysis of brain development, and planning of surgical
procedures [13]. Some studies target specific conditions, such as neonatal brain de-
velopment, traumatic brain injury, and brain tumor segmentation [63]. Among these,
brain tumor segmentation has received the most attention, with a wide range of deep
learning methods proposed for segmenting tumor images [59], while the segmentation
of brain tissues and structures has received comparatively less attention in research.
In recent years, Convolutional Neural Networks (CNNs) have been the primary
architecture for computer vision tasks [15], significantly advancing medical image anal-
ysis [6]. However, their use in medical imaging still faces challenges, including limi-
tations with annotated datasets, demands for computational power, and issues with
interpretability. Various techniques have been developed to address these challenges,
and ongoing research continues to introduce more effective methods [51]. More re-
cently, the Transformer architecture, originally designed for machine translation tasks,
has gained traction in computer vision field. The Transformer demonstrates improved
performance in image segmentation compared to earlier deep learning approaches, and

offers benefits such as reduced inductive bias and lower computational costs [52].
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The objective of this thesis is to study the application of Transformer architec-
tures in brain image segmentation, focusing on their architectural design and accuracy
improvements over traditional CNN-based approaches. This thesis provides a back-
ground on medical imaging and brain image segmentation, summarizes the the the-
oretical framework of Transformer-based models for computer vision, reviews recent
state-of-the-art Transformer-based architectures designed for brain image segmenta-
tion, and evaluates the performance of Transformer-based architectures in brain seg-
mentation tasks using a small-scale experiment. Since most state-of-the architectures
extend U-Net, a widely used CNN-based segmentation model, the research question in
this thesis is to study how the integration of Transformer with U-Net impacts brain
image segmentation performance.

This thesis continues with a background on medical imaging and brain image seg-
mentation in Chapter 2. Chapter 3 discusses the theoretical foundation of the Trans-
former architecture and its extensions to computer vision tasks. Recent state-of-the-art
architectures designed for brain image segmentation that utilize the Transformer are
reviewed in Chapter 4. Experimental comparisons of different architectures are pre-
sented in Chapter 5. Chapter 6 concludes with a summary of the key findings and final

remarks on the topic.



2. Background

This chapter covers the main principles of non-invasive medical imaging, particularly
Magnetic Resonance Imaging (MRI) and Computerized Tomography (CT), which serve
as the primary imaging modalities to provide imaging data for the segmentation mod-
els. A brief summary of brain segmentation methods is presented, including some

traditional approaches prior to the rise of deep learning.

2.1 Medical Imaging

MRI and CT are the primary imaging modalities used in brain studies, each offer-
ing specific imaging qualities. MRI is especially suited for imaging soft tissue contrast,
which is essential for distinguishing brain structures, while CT provides high-resolution
imaging for detecting brain hemorrhages and fractures. Understanding these modal-
ities helps in adapting segmentation models to specific tasks, as each imaging type
introduces unique challenges, such as their difference in noise and artifacts. Images

from both MRI and CT have been used for training brain segmentation models.

Magnetic Resonance Imaging

MRI is a medical imaging technique based on nuclear magnetic resonance, which pro-
duces detailed cross-sectional images of the human body, referred to as slices. Most
MRI scans focus on the central nervous system, but MRI methods can also be used
for real-time imaging of the body’s moving structures [19]. MRI is highly suitable for
studying brain structures and damage, as it allows for the contrasting of soft tissues in
the body [42].

A typical MRI scan includes multimodal information, where images taken with
different sequences interact with each other. Pulse sequences refer to a collection of
imaging settings used to contrast various body tissues [60]. A key factor affecting the
sequence is relaxation time, which is a tissue-specific constant that cannot be changed
during imaging [19]. Relaxation time affects the magnitude of the measurable magnetic

resonance signal, which in turn creates contrast differences between tissues in the MRI
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image. In this context, contrast differences refer to the variation in signal intensity
between different areas of the image. High intensity, or hyperintensity, appears bright in
the MRI image, whereas low intensity, or hypointensity, appears dark [12]. The choice
between relaxation times depends on the imaging goal and the properties of the tissue
being studied. Multimodal information (using multiple images with different relaxation
times) provides a clearer and more comprehensive view of the target compared to an
image with single modality.

Relaxation times are typically categorized into T1- and T2-weighted relaxation.
T1-weighted images provide a detailed anatomical view of the tissue and are suitable for
forming an overall perspective. T1 with contrast material gadolinium (T1c) can help
in distinguishing small pathologies, such as tumors, from the image [47]. T2-weighted
images reduce tissue visibility but highlight fat and fluid in the image. T2-weighted
images are often used to emphasize pathological changes with increased fluid, such as
tumors. Additionally, the signal from cerebrospinal fluid (CSF) can be suppressed using
Fluid-Attenuated Inversion Recovery (FLAIR) to highlight structures near fluid from
a T2-weighted image [60, 62]. Figure 2.1 shows the difference between T1-weighted,
T2-weighted, and FLAIR brain images.

Figure 2.1: Tmages of MRI with different modalities [42]. T1-weighted image (left) highlights fat
as bright and fluid as dark. T2-weighted image (middle) highlights both fat and water bright while
keeping tissues dark. The FLAIR scan (right) suppresses CSF and emphasizes pathological fluid as
bright.

Artifacts, which are distortions that degrade image quality and interfere with
analysis, are often present in MRI [13]. MRI artifacts can be roughly categorized
into two types: artifacts caused by the equipment and those caused by the patient or
the equipment operator [37]. Artifacts caused by the equipment are relatively rare,
although they can be difficult to diagnose. Artifacts resulting from the patient or

operator are common but are often preventable and correctable once detected. The
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most common source of artifacts is caused by movement, for example breathing by the
patient or pulsation of blood flow. Movement can cause repetitive patterns (ghosting),

blurred areas, or noise in the images.

Computerized Tomography

Computerized Tomography (CT) scans are a non-invasive tool for examining internal
organs and tissues [51]. For segmentation tasks, CT is preferred for multiorgan ab-
dominal segmentation and hard tissue segmentation, such as bones. Along with MRI,
CT is a preferred choice in medical diagnosis due to its versatility.

In CT scanning, X-ray beams pass through a subject and measure the attenuation
of different tissue densities across multiple angles to create cross-sectional images [45].
CT gathers attenuation coefficients from many angles, which are then processed to
reconstruct images. Each cross-section represents a thin slice of the body, typically
ranging from 1.5 to 10 mm, depending on the application [4]. For clearer imaging,
thin contiguous slices reduce the loss of depth dimension, but may increase the image
noise and artifacts [3, 44]. Thicker slices, on the other hand, reduce noise but lower
the resolution of the image.

The properties of CT images are influenced by various parameters that affect
resolution and contrast [44]. Resolution, in particular, is determined by detector size
and scan parameters, such as the number of projections and the reconstruction filter.
Smaller detectors produce higher resolution but increase the number of partitions and
decrease detection efficiency, while a larger number of projections provides finer resolu-
tion. High-resolution reconstruction filters improve spatial resolution but are prone to
producing more noise. Contrast, essential for distinguishing tissues, depends on inher-
ent tissue properties, with higher beam energy generally reducing contrast. Contrast
media injected into the bloodstream enhances the contrast for specific structures, such
as the surrounding tissue of blood vessels.

As with MRI, CT head scans have limitations that affect imaging accuracy, in-
cluding off-center spiral issues, patient radiation exposure, and artifacts that can ob-
scure or mimic pathology [24]. Common artifacts include ring artifacts, noise, beam
hardening, and scatter [3]. Ring artifacts are caused by a miscalibrated or defective
detector, resulting in rings centered on the center of rotation. Noise, resulting from
low photon counts, appears as bright or dark streaks. Beam hardening and scatter
produce dark streaks between high attenutation objects (such as metal or bone). Ring
artifacts can be often fixed by recalibrating the detector, while noise, beam hardening,

and scatter can be mitigated through iterative reconstruction.
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MRI and CT in Segmentation

Most brain segmentation research uses MRI over CT, as MRI is preferred for brain
imaging due to its excellent soft tissue contrast [29]. However, MRI is not suitable
for certain patients, such as those who are too large, claustrophobic, have implants, or
cannot stay still. In these cases, CT is often used while being faster, more accessible,
and cost-effective [24]. There have been examinations to segment soft tissue from CT
images, although brain segmentation is more commonly studied using MRI rather than
CT for better soft tissue contrast [63].

Lauric and Frisken [29] have shown that brain segmentation is feasible on CT
data, but lacks the detail needed to differentiate gray and white matter compared to
MRI, as shown in Figure 2.2. Segmentation methods can also vary based on imaging
modality and target tissue. For instance, thresholding works well for bones in CT
images due to high contrast but fails for soft tissues.

Over the years, there have been extensive research on MRI-based brain segmen-
tation, while studies on CT brain segmentation have been limited [24]. Lenchik et al.
[31] found that 94% of neurological segmentation studies used MRI, while only 5% used
CT. While CT-based segmentation typically underperforms compared to MRI-based
segmentation, some studies have applied deep learning for brain segmentation in CT

with promising results, as shown by [25], [63], and [70].

Figure 2.2: The MRI image (left) differentiates gray and white matter well, while the CT image
(right) highlights bone structure but lack distinction of soft tissue [29].
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2.2 Brain Image Segmentation

Semantic segmentation involves labeling each pixel or voxel in a data set according to
specific image criteria, such as tissue type or tumor in medical images [29]. Traditional
brain image segmentation methods, such as thresholding, clustering, manual feature
extraction, and contour techniques [6], often rely on conventional algorithms that fail
to capture the complex patterns in MRI images [52]. These methods mainly targeted
segmenting three brain tissue types, which are white matter (WM), grey matter (GM),
and cerebrospinal fluid (CSF) [63]. While effective in specific contexts, challenges with
noise, variability in image quality, and lack of adaptability across varying imaging
conditions degrade their applicability.

In addition to the three tissue types, many other brain tissues and anatomical
regions, such as cerebellum, brain stem, and basal ganglia, hold significant physiolog-
ical and pathological relevance [63]. These regions should receive attention for many
reasons, such as advancements in pathological studies, improvement of deep learning
models, enhanced diagnostic accuracy, early detection capabilities, and opportunities
for cross-modal comparisons. Accurate segmentation of various brain structures is es-
sential in applications such as radiation therapy planning, where precise knowledge of
both tumor and surrounding healthy tissue locations ensures targeted radiation with-
out harming unaffected areas [42]. In addition, quantitative measures of lesions and
surrounding structures enable clinicians to explore disorder impacts on brain anatomy,
potentially aiding in identifying biomarkers for early diagnosis and disease progression
monitoring.

Recent advances in deep learning, particularly those involving Convolutional Neu-
ral Networks (CNNs), have significantly enhanced the accuracy of medical image anal-
ysis. Among these, U-Net has become a leading model for medical image segmentation
[67] and is discussed in greater detail in Section 4.1. More recently, Transformer models
have gained attention for their superior ability to capture complex spatial features in
medical images, often outperforming previous state-of-the-art models based on CNNs
[52]. In medical image segmentation, the Transformer is able to capture long-distance
dependencies and global context, and to minimize feature loss to preserve relevant local

information and integrity.

2.3 Challenges

Brain image segmentation faces multiple challenges, largely due to variability in image
quality and the limitations of training data. Brain images often contain noise, artifacts,

and inconsistent contrast due to differences in imaging devices and settings. This
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variation complicates the segmentation of brain tissues, especially in clinical contexts
where high precision is required. In addition, the availability of diverse, high-quality
training data is limited, as medical images are difficult to gather in large quantities
due to privacy concerns, high costs, and the need for expert annotation [1, 18].

Although there has been significant progress in automatic segmentation of brain
tissues in recent years, many of the methods developed are not easily applicable to clini-
cal settings due to the variable quality of imaging scans and the presence of pathologies,
such as tumors or injuries [52]. As a result, clinicians must manually analyze the in-
formation, which is a time-consuming task and introduces variability based on the
clinician’s subjective judgment [42]. It is not expected that the results provided by
algorithmic segmentation methods would replace clinicians’ diagnoses; rather, these
methods can be used to alleviate workload, provide a second opinion, or assist in
modeling brain development [14]. This highlights the need for interdisciplinary collab-
oration between clinicians, radiologists, data scientists, and engineers to ensure robust
solutions suitable for real-world medical applications.

One of the issues with traditional segmentation methods is that they have been
developed to segment based only on specific intensity distributions [42]. However, se-
quences, imaging devices, and imaging methods all impact how a brain image appears.
MRI scans used in studies may, for example, use the same sequence or come from the
same manufacturer’s imaging device, which can reduce the performance of segmenta-
tion methods when the intensity characteristics of the MRI being studied differ from
those used in developing the method. Additionally, limiting training data to, for in-
stance, only T1-weighted MRIs might slow down the integration of promising studies
into clinical use. In the clinical setting, it is typical to take MRIs of the same region
using multiple different sequences. These MRIs of the same region contain complemen-
tary information, which can and should be utilized for the development of segmentation
methods.

Although methods utilizing deep learning have only been developed for a few
years, they have proven to be more reliable than previously used segmentation tech-
niques [1]. Brain image analysis has been a major challenge for computer-assisted
techniques due to the brain’s complex anatomy and variability in appearance, non-
standardized sequences resulting from variations in imaging protocols, imperfections
in image acquisition, and the presence of pathologies. More general techniques, such
as deep learning, are best suited to handle the variability found in datasets. However,
while deep learning has advanced the brain image segmentation models, they often
struggle with limited data, imbalanced classes, and making predictions that are inter-
pretable [70]. Additionally, fine-tuning these models also demands high computational

power and expertise [52].
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While deep learning models have shown promise in addressing some segmentation
challenges, their effectiveness is held back by limited training datasets. Larger datasets
are essential, as model accuracy has shown to improve with larger data size [1]. Outside
of brain tissue segmentation methods, deep learning has shown significant results when
there are millions of images available as training data. As deep learning methods
improve when the size of the training dataset increases, the growing demand for brain
images is justifiable.

There are several reasons for the lack of high-quality imaging data [18]. First,
securing funding for the creation of quality teaching data is challenging, as developing
such material requires medical expertise and various types of brain imaging. Addi-
tionally, privacy-related factors complicate the sharing of medical data. Despite these
challenges, progress has been made in data availability. Studies routinely use publicly
available datasets for the development and validation of novel methods.

In brain image segmentation, obtaining even thousands of training images is usu-
ally challenging, however, data augmentation has led to promising results for deep
learning based models [1]. By adjusting the contrast, rotation, shape, and exposure
of an MRI, neural networks can adapt so that the segmentation result is not signif-
icantly affected by the imaging method, imaging device, noise, or sequence. Efforts
using data augmentation have helped the network learn invariance and robustness,
even with limited training samples [49]. Yet, reliable segmentation models that per-
form consistently across various imaging devices and patient conditions are still under
development [16, 42].

It will still take years before segmentation methods can be applied in clinical
environments. A reliable method that is independent of the imaging device, sequences,
imaging technique, or noise has yet to be developed. Additionally, integration into clin-
ical settings requires collaboration with hospitals and changes in radiologists’ working
methods. The use of segmentation methods in clinical environments is also affected
by the lack of regulations that would govern, for instance, the purpose of use, ethical
considerations, and responsibility in diagnostics. Nevertheless, there is significant de-
mand for segmentation methods. Computer-based segmentation methods are expected
to become an essential tool in clinical environments, especially in qualitative diagnosis
and studies where 3D reconstruction and visualization of anatomical structures are

important [13].






3. Transformers in Computer

Vision

The Transformer is a neural network architecture, originally developed for Natural
Language Processing (NLP) tasks, particularly machine translation. It surpassed ar-
chitectures based on Convolutional Neural Networks (CNNs) and Recurrent Neural
Networks (RNNs), setting a new state-of-the-art baseline. The Transformer’s success
inspired researchers to adapt the architecture for image classification tasks, achiev-
ing results similar to or better than CNNs and RNNs [20]. This chapter begins by
presenting the encoder-decoder structure, which sets the foundation for understand-
ing the fundamental design of the Transformer, and the extensions that enabled the

Transformer’s application to image classification.

3.1 Encoder-Decoder

The encoder-decoder framework is a neural network architecture that is used for se-
quential data processing and generation. It is widely applied across natural language
processing, computer vision, speech processing, and interdisciplinary fields [39], and
commonly used for tasks such as image and video captioning, question answering for
text and images, text summarization, anomaly detection, and image segmentation.

The encoder-decoder splits the neural network into an encoder and a decoder. The
encoder extracts a fixed-length feature vector from the variable-length input to capture
the most relevant patterns and relationships within the data [8]. The feature vector
is passed to the decoder, which then generates a relevant variable-length output based
on the features extracted by the encoder [39]. The encoder and decoder structures can
be adapted with other deep learning models for more flexible feature extraction, for
example, CNNs are commonly used for images and videos, while RNNs have commonly
been used for sequential or structured data [43]. A basic encoder-decoder model is
illustrated in Figure 3.1

A limitation of the baseline encoder-decoder approach is that the encoder must

compress all input information into a single fixed-size vector, which can make it chal-
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Figure 3.1: The encoder-decoder model [39]. X = {Xo, X1,..., X} denotes the input and ¥ =
{Yy, Y1, ..., Y}, } denotes the output. The encoder creates a fixed-length feature vector from the input,
which the decoder then uses to produce an output.

lenging for the model to capture long-term dependencies [39]. The attention mechanism
addresses this limitation by extending the encoder-decoder model by encoding the in-
put into a sequence of annotation vectors, which the decoder can adaptively use to
generate the output. The attention mechanism is discussed more closely in Section
3.2.

3.2 Transformer

The Transformer model is an encoder-decoder based neural network architecture, in-
troduced by Vaswani et al. [61] for NLP tasks, particularly machine translation. Before
Transformers, existing models that convert input sequences into output sequences re-
lied on RNNs or CNNs with encoder-decoder structures, often enhanced by attention
mechanisms which connect the encoder and the decoder. The Transformer, however,
uses only the attention mechanisms to capture global dependencies between inputs
and outputs, eliminating the need for recurrence or convolutions. This results in an
improved performance and reduced training complexity compared to prior models.
There are two key elements that make Transformers work well in NLP tasks -
positional encoding and the attention mechanism, specifically Multi-Head Attention
(MHA) and Self-Attention (SA). In the context of machine translation, positional en-
coding assigns order to input data for the network to learn and interpret the significance
of word order. The attention mechanism allows a text model to focus on specific words
in the input sentence when generating the output. MHA allows the model to attend
to multiple representation subspaces simultaneously, capturing complex relationships
within the data. SA is a refinement of traditional attention, where the attention is

turned on the text itself to understand the context of each word within the input.
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Positional encoding

Language models break down text into tokens, which are the smallest units that can
represent words, subwords, or characters. However, as the Transformer lacks inherent
mechanisms to recognize the order of tokens (contrary to recurrence or convolution),
it uses positional encodings to include order information of a sequence [61]. These
encodings are added to the input embeddings for both the encoder and the decoder,
and share the same dimensions as the respective embeddings to allow summation.
The positional encodings can be learned or fixed [61]. Learned positional encod-
ings are parameters that are trained as part of the model. These encodings are flexible,
as they adapt during training to represent positional information. Fixed positional en-
codings use predefined functions, such as sinusoidal functions, to encode positional

information. These encodings remain constant and do not change during training.

Attention

As discussed in Section 3.1, the encoder-decoder models transform input into a fixed-
length feature vector, with the decoder generating output based on this encoded in-
formation. However, this approach has inherent limitations. Certain output elements
rely on specific parts of the input, requiring detailed information about them, while
irrelevant input data can mislead the model [39]. Moreover, the fixed-length vector
representation can restrain the neural network’s ability to process long sentences effec-
tively [2]. The attention mechanism addresses these issues by enabling models to focus
more precisely on relevant sections of the input during output generation.

The attention mechanism architecture was first introduced by Bahdanau et al.
[2] to improve the performance in machine translation tasks. The input is encoded into
a sequence of vectors, from which the decoder adaptively selects subsets to generate
the output [39]. Their proposed model extends the basic encoder-decoder architecture
by allowing the decoder to focus on relevant parts of the input sequence, eliminating
the need to compress all input information into a fixed-length vector. This mechanism
supports handling long-term dependencies and producing more detailed outputs.

An extension of the attention mechanism was introduced in the Transformer
model by Vaswani et al. [61], demonstrating that the attention mechanisms can replace
convolutional and recurrent layers in network architectures to improve performance and
reduce computational complexity. An attention function maps a query and key-value
pairs to an output, all represented as vectors. The output of the attention function is
the weighted sum of the values, with weights determined by a compatibility function
between the query and the corresponding key.

To get a better intuition of the queries, keys, and values used in the attention
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Figure 3.2: Scaled Dot-Product Attention (left) and Multi-Head Attention (right) [61]. The Scaled
Dot-Product Attention inputs the queries @, keys K, and values V. The dot product between @) and
KT measures the similarity between queries and keys, scaled by 1/d}, to stabilize gradients, normalized
with a softmax to produce probabilities, and then multiplied by the values V' to generate the output.
The Multi-Head Attention divides the queries, keys, and values into h heads, where each head processes
a different subspace of the input. The output of all heads is concatenated and then combined into a

single output using linear transformation.

mechanism, the interaction between these elements in the context of processing an
input sequence can be considered as follows. Tokens, which are the smallest units of
the input sequence (e.g. words), are mapped to a vector representation, known as an
embedding, which encodes its meaning in a high-dimensional space. The query (Q)
is used to represent what is being searched and is compared to all keys (K) in the
sequence to measure similarity. The corresponding values (V') capture the meaning or
context of the tokens. This process is analogous to information retrieval, where the
query is used to identify the target, keys are treated as the search space, and values
are used based on the relevance scores.

In the Transformer model, attention is computed using Scaled Dot-Product At-
tention, which acts as the compatibility function by calculating the dot product be-
tween the query and all keys. The result of the dot product is scaled by dividing by the
square root of the key’s dimension (dy) to stabilize gradients and generate meaningful
probabilities. The scaling prevents issues with overly large dot products, which could
produce extremely small gradients in the softmax function. The matrix of the output

is

Attention(Q, K, V) = soft (QKT> v (3.1)
ention(Q, K, V) = softmax .
Vdy

where queries are packed into a matrix ), keys to a matrix K, and values to a matrix
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V. The Scaled Dot-Product Attention provides the basic mechanism for focusing on
specific input elements relevant to a given context. The process of the Scaled Dot-
Product Attention is illustrated on the left side of Figure 3.2.

Multi-Head Attention

As an extension of the single-layer Scaled Dot-Product Attention, the Transformer
uses Multi-Head Attention (MHA) in the model’s encoder-decoder attention layers
[61]. This mechanism enables the model to capture complex relationships by attend-
ing to multiple representation subspaces simultaneously. Instead of directly applying
attention to the original query, key, and value vectors, these vectors are first linearly
projected into different subspaces called "heads". Using multiple heads allows the model
to simultaneously attend to information from different parts of the sequence or focus
on various features of the same sequence. This design avoids potential information loss
caused by compressing all attention into a single representation.

In MHA, the queries come from the prior decoder layer, while keys and values
come from the encoder’s output, enabling the decoder to focus on all input sequence
positions. The process involves dividing the model into multiple attention heads, where
each head projects the queries (@), keys (K), and values (V') into distinct subsets,
performs the Scaled Dot-Product Attention calculations independently, and combines
their outputs. This process is illustrated on the right side of Figure 3.2.

For a single head 7, the transformed vectors are computed as follows:
Qi=QWF, K=KWS Vi=vw/

where the projections are performed using learned weight matrices (W) specific to each
head. These weight matrices, trained during the model’s learning process, are defined

as:

WZQ € Rémoder*dk — which projects the query vectors,
VVZ-K € Rimoder*dk  which projects the key vectors,

WY € Rfmeaerdv = which projects the value vectors.

The concatenated outputs of all heads are projected back to the model’s dimension
using the matrix W € RF@Xdmodel which projects concatenated outputs of all heads

back to the dimension of the model. The formulation of the MHA process is

MultiHead(Q, K, V) = Concat(head, . .., head;) W

(3.2)
where head; = Attention(Q;, K;, V;)
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Self-Attention

The attention mechanism can be considered as a general technique to focus on specific
parts of the input while processing a sequence. Self-Attention (SA) is a specific type of
attention, that computes relationships within a single sequence [61]. The Transformer
model uses only SA to understand its input and output.

The key characteristic of the SA mechanism, compared to the general attention
mechanism, is that it operates within the same sequence to get a more precise under-
standing. SA is essentially the same as the attention mechanism, except that the @,
K, and V vectors are all derived from the same input sequence. This results in the
SA calculating attention weights for each token relative to every other token in the
sequence.

Both the encoder and the decoder in the Transformer model use SA, specifically
MHA, but with subtle differences. The encoder includes SA layers, where (), K, and V'
originate from the output of the previous encoder layer. Each position in the encoder
can focus on all positions in the prior layer. In the decoder, SA layers ensure each
position attends only to itself and preceding positions, maintaining the auto-regressive
property where the current value is a function of the past values. This is achieved
by masking invalid connections in the Scaled Dot-Product Attention, setting these

connections to —oo before applying the softmax.

Model Architecture

Architecture of the Transformer model illustrated in Figure 3.3. The encoder of the
Transformer model consists of a stack of N = 6 identical layers, each containing two
sub-layers. The first sub-layer is a Multi-Head Self-Attention mechanism, and the
second is a position-wise fully connected Feed-Forward Network (FFN), which is a
two-layer neural network that processes each element of the input sequence indepen-
dently. The term "position-wise" refers to the Transformer’s ability to process input
sequences in parallel, with the FFN operating on individual input vectors indepen-
dently. Each sub-layer is followed by a residual connection and layer normalization
for stabilization. The residual connection mitigates the vanishing gradient problem by
summing the original input of a sub-layer to its output, which would otherwise lead to
diminishing gradients during the training of the network. The residual connection and
layer normalization are depicted as the "Add & Norm' in the sub-layers of Figure 3.3.

The decoder is similar to the encoder, as it also consists of a stack of N = 6
identical layers, but adds a third sub-layer. The Masked MHA ensures that the decoder
only attends to earlier positions in the sequence to preserve the auto-regressive property.

The second sub-layer performs MHA over the output of the encoder stack where the
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Figure 3.3: The Transformer model architecture by Vaswani et al. [61]. The encoder is illustrated
on the left half of the picture, and the decoder is illustrated on the right.

keys and values come from the encoder’s output, and the query comes from the previous
decoder layer. This allows the decoder to focus on relevant parts of the encoded input
sequence while generating the output. Similarly to the encoder, the position-wise FFN

processes each position independently.

3.3 Vision Transformer

While the Transformer model has established itself as the state-of-the-art in NLP,
convolutional architectures have remained dominant in computer vision. Before the
introduction of the Transformer model, attention mechanisms in computer vision were
typically integrated into CNNs or used to replace specific components without altering
the overall CNN architecture. Building on the success of the Transformer, Dosovitskiy
et al. [15] introduced the Vision Transformer (ViT), which adapts the Transformer
architecture for computer vision tasks.

ViT divides images into patches, models their global relationships using Trans-

former layers, and applies the resulting representations to the corresponding tasks.
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Unlike the original Transformer, which uses both encoder and decoder stacks for
sequence-to-sequence tasks, the ViT architecture only uses the encoder, as the ViT
initially experimented with image classification tasks. However, segmentation tasks
require a decoder to convert the feature representation back to the spatial domain,
which is explored in more detail in Chapter 4.

Transformers lack the inductive biases of CNNs, such as translation equivariance
and locality. Inductive bias refers to the assumptions a learning algorithm makes
to generalize from training data to unseen data. As a result, Transformers are less
effective with limited training data [15]. However, when training with large datasets,
the training surpasses the inductive bias. For this reason, ViT is typically pre-trained
on large datasets before being fine-tuned for smaller, target-specific tasks [50]. This
type of strategy has achieved excellent results, as ViT scales well with increased model
size and dataset size, with larger models showing significant improvements when trained
on extensive datasets. ViT outperforms CNN-based baselines in accuracy across most
benchmarks, while requiring less computational resources.

Directly applying SA to images would involve every pixel attending to all others,
resulting in quadratic complexity that does not scale for realistic input sizes [15]. To
address this, various approximations have been proposed for adapting Transformers to
image processing. These include limiting SA to local pixel neighborhoods, replacing
convolutions with localized MHA blocks, using sparse approximations to scaled global
SA, and structuring attention in blocks or along single axes. While these specialized
attention architectures have achieved strong results, they are often complex and chal-
lenging to implement efficiently.

In contrast, ViT simplifies image processing by representing an image as a se-
quence of patches [15]. These patches are extracted and converted into linear em-
beddings, which are then processed by the standard Transformer encoder. ViT treats
patches similarly to word tokens in NLP tasks, with no additional image-specific biases
apart from patch extraction. This process is illustrated in Figure 3.4.

To adapt a standard Transformer for image processing, fixed-size image patches
are flattened into 1-dimensional patch embeddings, which serve as an input to the
Transformer. For an image with resolution H x W and C color channels, the image is
divided into patches of size P x P, resulting in N = HW/P? patches. Each patch is
flattened and passed through a trainable linear projection to produce a D-dimensional
patch embedding, where D is the consistent latent vector size maintained across all
Transformer layers. To encode positional information and account for patch arrange-
ment, positional embeddings are added to the patch embeddings.

The original ViT architecture uses one-dimensional positional embedding, which

considers the inputs as a sequence of patches in raster order. The positional encoding
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Figure 3.4: Architecture of the Vision Transformer (ViT) by Dosovitskiy et al. [15]. The left side
of image shows the process of the ViT. The ViT splits an image into fixed-size patches, embeds them
linearly, adds positional embeddings along with a class token used for classification, and processes the
sequence with a Transformer encoder. The right side of the figure shows the encoder of the ViT. The
encoder processes input image patches as a sequence of tokens. The encoder consists of alternating
layers of Multi-Headed Self-Attention and Multi-Layer Perceptrons (MLPs), with layer normalization

(LN) and residual connections.

may also be two-dimensional, have relative positional embedding or no positional in-
formation at all. In the case of two-dimensional positional embeddings, the input is
treated as a grid of patches. Two separate embeddings are learned for each axis (X
and Y'), each with a size of D/2. The positional embedding for each patch is then
constructed by concatenating its corresponding X and Y embeddings based on the
patch’s coordinates. Relative positional embeddings, on the other hand, encode the
spatial relationships between patches by focusing on their relative distances rather than
their absolute positions. When no positional information is used, the model processes
the input as an unordered collection of patches.

The encoder consists of alternating layers of Multi-Head Self-Attention (MSA)
and Multi-Layer Perceptrons (MLPs), with layer normalization and residual connec-
tions. MSA captures global relationships between the patches. The MLP blocks contain
two layers with a Gaussian Error Linear Unit (GELU) non-linearity as activation for
capturing complex relationships. Layer normalization ensures stability, while residual
connections improve learning.

In image classification tasks, an additional learnable embedding, called the "class
token', is added to the beginning of the sequence of each patch embedding to aggregate

information for the final classification task. Initially, the class token is a randomly
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initialized placeholder with no inherent meaning. As the Transformer processes the
sequence, the class token gathers information from the other patches using SA. After
the encoding process, the class token’s output is processed by a small MLP called
the "MLP Head", which contains a single hidden layer using the hyperbolic tangent

function (tanh) for non-linearity to produce the class prediction.

3.4 Extensions

ViT currently serves as a backbone for various computer vision tasks [20]. However,
ViT poses inherent challenges, such requirements for large datasets and fixed patch
sizes. To address these challenges, researchers have proposed modifications to the
ViT’s architecture and mechanisms. Notably the Data Efficient Transformer (DeiT)
by Touvron et al. [58], the Swin Transformer by Liu et al. [33], and the Transformer
in Transformer (TNT) by Han et al. [21] have built upon the original model.

DeiT

ViT typically requires large datasets and significant computational resources for effec-
tive training. The Data Efficient Transformer (DeiT) by Touvron et al. [58] addresses
this challenge by demonstrating that Transformers can be trained to be robust on
medium-sized datasets through distillation. DeiT utilizes a teacher-student strategy
specific to Transformers, which relies on a distillation token. The distillation token
complements the traditional class token in the student model (ViT) to reproduce the
label that is estimated by the teacher model (typically a pre-trained CNN). The stu-
dent learns from the teacher through the attention mechanism and leverages soft labels
(teacher’s probabilistic predictions) to allow the model to learn from the hard labels
(teacher’s class predictions) using the distillation token. This approach improves gen-
eralization and training efficiency, making ViT’s more suitable to use with smaller
datasets.

Figure 3.5 illustrates the distillation process. At the bottom of the diagram, three
types of tokens are shown: class token, patch tokens, and the distillation token. The
class token, depicted as a circle on the left, enables the model to make predictions in
a way similar to traditional classification methods. The patch tokens, represented by
squares in the center, correspond to parts of the input image. Finally, the distillation
token, shown on the right, transfers knowledge from the teacher model during training.
As these tokens pass through layers of self-attention and an FFN, they interact and
exchange information, which enables the Transformer to understand both global and

local features within the image. At the top of the image, two loss functions guide the
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Figure 3.5: The distillation procedure [58]. A distillation token is added to engage with class and
patch tokens through self-attention. Unlike the class token, the distillation token aims to reproduce
the teacher’s predicted label (rather than the true label) at the network’s output. Both class and

distillation tokens are learned using back-propagation.

learning process. The cross-entropy loss (Leog) uses the class token to compare the
model’s predictions to the true labels so that the model learns to classify images cor-
rectly. The distillation loss (Lieqcner) uses the distillation token to compare the model’s
output to the predictions of the teacher model. This setup allows the Transformer
to learn from both the true labels and the teacher’s predictions, while also receiving

inductive biases of the teacher model.

Swin Transformer

Adapting Transformers from language to vision is a challenging task due to differences
between domains, including varying scales of visual entities and higher pixel resolu-
tion in images compared to words in text. The Swin Transformer by Liu et al. [33]
addresses these challenges by using a sliding windowing scheme. This approach im-
proves efficiency by restricting self-attention to local, non-overlapping windows while
allowing cross-window connections. The hierarchical design supports modeling at mul-
tiple scales and maintains linear computational complexity relative to image size. This
concept is illustrated in Figure 3.6.

The Swin Transformer’s main design feature is shifting the window partition be-
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Figure 3.6: Compared to the original ViT (left), Swin Transformer (right) builds a hierarchical

representation by merging small patches progressively in deeper layers [33].

tween consecutive self-attention layers, as demonstrated in Figure 3.7. This shift con-
nects windows across layers to improve the modeling power and has shown excellent
results in image classification, object detection, and semantic segmentation, outper-
forming ViT by a significant margin [33]. The Swin Transformer is suitable for various

downstream tasks in which extracted features can be used for further processing [22].

Layer | Layer I+1

A local window to
perform self-attention

A patch

Figure 3.7: In the Swin Transformer, self-attention is computed within regular windows at layer [,
and by shifting the windows in layer [ + 1, connections across previous window boundaries are created

for a broader self-attention [33].

TNT

Natural images are highly complex with rich details and colors, making coarse patch
division insufficient at capturing features at varying scales and locations. The Trans-
former in Transformer (TNT) by Han et al. [21] describes patches as "visual sentences'
and divides them into smaller sub-patches, described as "visual words". An inner Trans-
former block is used to model the relationship between the sub-patches and an outer
Transformer block is responsible for patch-level information exchange. In other words,
the inner Transformer computes relationships within visual words of a single visual

sentence to capture local details, and the outer Transformer processes relationships
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Figure 3.8: The TNT architecture by [21].

across visual sentences to capture the global context. Unlike the original ViT, which
disrupts the local structure of an image with fixed-size patches, the TNT architecture
preserves and models local and global information more effectively.

The TNT architecture builds on the basic configuration of ViT and DeiT, as
illustated in Figure 3.8. The input image is split into larger patches (visual sentences)
and each patch is further split into smaller sub-patches (visual words). Positional
encoding is applied at two levels: sentence position encoding is added for the entire
patches and word position encodings are shared across visual sentences.

The architecture includes two types of Transformer blocks. The inner Trans-
former blocks are shared in the same layer and operate on the visual words within
a visual sentence. These blocks capture local relationships and detailed features by
modeling the relationship between visual words within the same sentence. The outer
Transformer block processes the visual sentences and models relationships between
them by augmenting the sentence embedding with the sequence of word embeddings.
The output values of each attention head are concatenated and linearly projected to
produce the final output.

The TNT has shown superior performance on several benchmarks, achieving
higher results than comparable models, such as ViT and DeiT. The hierarchical ap-
proach of TNT has shown an improvement for efficiency by offering a better accuracy-

to-computation trade-offs.






4. Transformers in Brain Image

Segmentation

Segmentation is a key focus in medical image analysis, as evidenced by the large vol-
ume of research and the rich research landscape of studies experimenting with various
model architectures [51]. Recent Transformer-based approaches, including DeiT and
TNT, show promising results in generic vision tasks, but adapting them to domain-
specific medical imaging remains challenging [50]. Nonetheless, models that have uti-
lized Transformer in their components have demonstrated success in medical image
segmentation with competitive performance and great potential compared to CNNs
[20].

Transformer-based segmentation models have been widely applied to segmenta-
tion tasks in different regions of the human body, including the brain, lungs, heart, and
abdominal organs [67]. In these tasks, the Transformer encoder divides the input image
into patches and processes them to generate high-level feature embeddings. To achieve
pixel-level (2D) or voxel-level (3D) predictions, these abstract features are transformed
back into the input domain using custom segmentation decoders, which map the en-
coded features to spatially detailed outputs that align with the input resolution [56].

Recent research has increasingly focused on hybrid approaches that integrate
CNNs for modeling local features and Transformers for capturing global dependencies
[62]. In particular, U-Net-based Transformer architectures, which incorporate Trans-
formers in the encoder or between the encoder and the decoder, have shown to be well
suited for segmentation tasks [67]. However, segmentation requirements often require
modifications to these architectures. Among brain segmentation methods, brain tumor
segmentation has received the most attention for utilizing Transformers, while research
on brain tissue segmentation and whole-brain segmentation using Transformers is still
limited.

This chapter provides an overview of recent state-of-the-art architectures for brain
image segmentation and highlights their key characteristics that contribute to their
success. Architectures commonly used in medical image segmentation are introduced

in Section 4.1, emphasizing their general applicability for medical image segmentation.

25
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Section 4.2 focuses on state-of-the-art methods for brain tumor segmentation, followed
by an overview of architectures for brain tissue segmentation in Section 4.3. Although
these architectures are primarily designed and trained for specific tasks, such as tumor
or tissue segmentation, they have also been applied to other segmentation tasks and
evaluated against alternative architectures with various datasets. The chapter ends

with discussing future directions in brain image segmentation.

4.1 General Architectures

This section introduces U-Net, a type of CNN designed specifically for image segmen-
tation tasks, along with notable extensions and state-of-the-art adaptations of this ar-
chitecture. These architectures have been evaluated on various medical image datasets,

including those for brain image segmentation.

4.1.1 U-Net

The U-Net, introduced by Ronneberger et al. [49] is a CNN architecture that has
significantly advanced image segmentation performance, particularly in medical ap-
plications due to its performance with limited number of training images compared
to traditional CNNs. U-Net has been adopted across various imaging modalities, in-
cluding CT scans, MRI, X-rays, and microscopy [51]. While originally developed for
biomedical image segmentation, it has also been successfully applied to other tasks,
such as image reconstruction and object detection.

The architecture of the U-Net follows the encoder-decoder structure, as illustrated
in Figure 4.1. The encoder (contracting path) learns global contextual representation
using downsampling and the decoder (expansive path) upsamples this representation
back to the input resolution with pixel-wise semantic prediction [23]. The architecture
also utilizes skip connections to retain and reuse information from the encoder, such
as lost spatial information that is caused by downsampling. The network is trained in
a supervised manner using input images and corresponding segmentation masks [49].

The encoder is a typical CNN that downsamples the image into a compressed
representation, capturing the most essential features of the image. The image is down-
sampled by repeatedly applying two unpadded convolutions, each followed by ReLLU
and max pooling. At each downsampling step, the number of features is doubled to
preserve the representational capacity of the network.

The decoder upsamples the compressed representation back to the original input
dimension. Every upsampling step is followed by an up-convolution that halves the

feature channels. During each upsampling step, a skip connection is utilized, which
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Figure 4.1: The U-Net architecture [49]. Blue boxes represent multi-channel feature maps. Arrows
illustrate operations, such as convolutions, pooling, and upsampling. The number of channels is
displayed above each box, and the spatial dimensions are noted at the lower left. White boxes indicate
feature maps from the encoder (contracting path), which are concatenated to the decoder (expansive

path) using skip connections (grey arrows).

concatenates a cropped feature map from the encoder. After the concatenation, two
convolutions are applied, each followed by ReLLU activation. A final convolution maps
features to target classes.

While the U-Net architecture performs well with limited datasets, training the
U-Net effectively requires data augmentation especially in medical image segmenta-
tion, where annotated datasets are often limited [49]. Data augmentation techniques
apply shifts, rotations, and intensity variations to improve the model’s invariance and
robustness even with limited datasets. However, significant deformations can cause
substantial damage and introduce noise, leading to unrealistic and unnatural images
[17].

The U-Net and architectures based on it have achieved state-of-the-art perfor-
mance benchmarks on different 2D and 3D semantic segmentation tasks across vari-
ous imaging modalities [22]. The structural design and success of U-Net has inspired
the development of modified architectures, including 3D U-Net [9], UNETR [23] and
TransAttUNet [7].

4.1.2 3D U-Net

Volumetric data is widely used in biomedical analysis, but labeling it raises significant
challenges due to the limitations of displaying only 2D slices on screens [9]. Annotating

slice by slice is both time-consuming and inefficient, as adjacent slices are nearly iden-
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tical. For machine learning, which requires extensive labeled data, fully annotating 3D
volumes is not a practical approach for building large, diverse datasets necessary for
effective generalization.

To address the challenges of annotating volumetric data, the 3D U-Net was intro-
duced by Cigek et al. [9] as an extension of the original U-Net. The 3D U-Net modifies
the original architecture by replacing all 2D operations with 3D operations, enabling
detailed volumetric segmentation while requiring only a limited number of annotated
2D slices for training. 3D volumes are processed with corresponding 3D operations,
in particular, 3D convolutions, 3D max pooling, and 3D up-convolutional layers. The
network is able to segment images using minimal annotated examples, as 3D images
often contain repeating structures and shapes. This characteristic also enables faster

training process, even with a limited amount of labeled data [51].

4.1.3 UNETR

UNEt Transformers (UNETR), proposed by Hatamizadeh et al. [23], is designed for 3D
medical image segmentation and marks as the first architecture to use the Transformer
as its encoder without relying on a CNN-based feature extractor. UNETR formu-
lates volumetric segmentation as a sequence-to-sequence prediction problem by directly
leveraging the Transformer’s ability to model long-range dependencies, which CNNs
struggle with. The architecture has been validated on both CT and MRI datasets,
including datasets for brain tumor and spleen segmentation, and achieves superior ac-
curacy and efficiency across diverse tasks [22], outperforming previous state-of-the-art
methods.

Similar to the U-Net, UNETR follows a U-shaped structure that consists of an
encoder (contracting path) and a decoder (expanding path), as illustrated in Figure 4.2.
Transformer encoder is used for learning sequence representations of embedded input
patches, reframing 3D segmentation as a 1D sequence-to-sequence prediction problem
while capturing global, multi-scale contextual information [23]. The representations
learned by the Transformer are combined with a CNN-based decoder through skip con-
nections across multiple resolutions to generate segmentation outputs. A CNN-based
decoder is preferred over Transformers for this purpose, as Transformers are highly
effective at capturing global information but are less suited for processing localized
information.

The encoder consists of a stack of Transformers that are connected to the decoder
via skip connections. The 3D input volume is first flattened to a 1D input that contains
uniform non-overlapping patches. The linear layer then projects these patches into a

K dimensional embedding space (constant feature size) with 1D learnable positional
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Figure 4.2: UNETR architecture [23]. A 3D input volume with dimensions H x W x D, such
as a multi-channel MRI image with C' = 4 channels, is split into uniform, non-overlapping patches
and transformed into an embedding space through a linear layer. Position embeddings are added
to the sequence, which is then used as an input to a Transformer model. The architecture uses 12
Transformer layers, and encoded representations from various layers (Zs, Zg, Zg, Z12) are extracted

and concatenated (blue circles) with the representations in the decoder using skip connections.

embedding that is used for preserving the spatial information between the patches.
After the embedding, the Transformer layers, consisting of MSA and MLP sublayers,
are used for feature extraction.

The decoder applies a deconvolutional layer to increase the resolution by a factor
of 2. This resized feature representation is then concatenated using skip connections
from the Transformer’s output in the encoder. Consecutive convolutional layers are
applied and the output is upsampled using a deconvolutional layer. These steps are
repeated for all the subsequent decoding steps and a final output is generated using a
1x1x1 convolutional layer with softmax activation to generate voxel-wise class predic-

tions.

4.1.4 TransAttUnet

One of the most recent state-of-the-art architectures is a Transformer-based attention
guided network called TransAttUnet by Chen et al. [7], which uses multi-level guided
attention and multi-scale skip connection to improve the segmentation performance of
a 2D image. Multi-level guided attention models concurrently global spatial relation-
ships among encoder semantic features. Multi-scale skip connections aggregate residual
or dense contextual feature maps from decoder blocks of varying semantic scales to gen-
erate more discriminative feature representations. TransAttUnet has shown significant
improvement of the medical image segmentation quality and outperforms existing U-
Net-based state-of-the-art methods.
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Figure 4.3: The architecture of TransAttUnet [7]. The architecture builds on a standard U-Net
backbone by integrating a Self-Aware Attention (SAA) module between the encoder and the decoder.
This module combines Transformer Self-Attention (TSA) (green) and Global Spatial Attention (GSA)
(blue) mechanisms to capture long-range contextual relationships and enhance the representation of
global features. Here, Q¢, Ky, and V; represent the query, key, and value tensors for TSA, while @,
Kg4, and V, serve similar roles in GSA. Multi-scale skip connections merge semantic features from

varying scales using bilinear upsampling (smoothing intermediate layers) and concatenation.

The architecture of TransAttUnet shows similarity to the U-Net architecture,
as illustrated in Figure 4.3. Multi-level guided attention is implemented by using a
Self-Aware Attention (SAA) module, that is placed between the encoder and decoder.
The SAA module consists of two independent self-attention mechanisms: Transformer
Self-Attention (TSA) and Global Spatial Attention (GSA). These mechanisms capture
broader and more detailed contextual representations compared to the standard U-Net.

The TSA module uses MSA to extract semantic information from global repre-
sentation subspaces to model global context of the input. Within this module, each
attention head operates independently, and the outputs of these heads are combined
through a subsequent embedding layer to form a unified representation. The TSA uses
learned positional encodings, that are shared across all attention layers to capture ab-
solute and relative position of information. By using query, key, and value embeddings,
TSA computes attention maps that reflect relationships across different positions in the
input feature map.

The GSA component extends the feature representations from the SAA mod-
ule with global context, which improves intra-class compactness (similarity within the
same class) and optimizes feature representations. The GSA encodes broader con-
textual positional information into local features by first transforming feature maps
from the encoder into two subspaces using convolutional layers. These subspaces are
then processed to generate attention maps that encode positional dependencies among
features.

The final feature representation is derived by combining the output of the GSA
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module and the output of the TSA module with the encoder’s original feature map. In
the decoder’s sub-network, multi-scale skip connection aggregates contextual informa-
tion progressively by performing different operations, including upsampling, concate-
nation, and convolution.

The TransAttUnet focuses on two different multi-scale skip connection schemes:
residual connections and dense connections. Residual connections aggregate features by
progressively feeding the output of each decoder block into the next stage, while dense
connections incorporate all previous decoder block features as input to the current
block. While both connection schemes show improvements over traditional U-Net
architectures and other advanced Transformer-based methods, the residual connections
perform the best due to their ability to maintain accuracy while reducing redundant
information.

The TransAttUnet outperforms previous methods and demonstrates strong gener-
alizability in medical image segmentation across five different medical image datasets.
These datasets include skin lesion segmentation on dermatoscopic images, lung seg-
mentation on chest X-ray images, COVID-19 pneumonia lesion segmentation on chest
CT images, nuclei segmentation on divergent images, and gland segmentation on his-
tology images. While the original experiments did not contain brain image segmenta-
tion, other studies, such as [46], have shown the TransAttUnet to outperform previous
state-of-the-art methods in brain tumor segmentation, demonstrating its potential for

accurate and robust performance across anatomical regions and imaging modalities.

4.2 Brain Tumor Segmentation

Brain tumor segmentation is a challenging problem in medical imaging and computer-
aided diagnosis, with relatively extensive research dedicated to it [34]. As manual
segmentation of brain tumors is a tedious task, computer-based methods are increas-
ingly essential in healthcare for tumor diagnosis and surgical planning [22]. Detailed
tumor characterization, such as volumetric and texture analysis, helps monitor tumor
progression, plan surgeries, and predict life expectancy. The complexity of brain tu-
mor segmentation is caused by multiple factors, such as uncertain tumor locations and
shapes, poor imaging contrast, inconsistent annotation, and imbalanced data.

Brain tumors are categorized into two types: primary and secondary [22]. Pri-
mary tumors are formed from brain cells, while secondary tumors spread to the brain
from other organs. Gliomas, the most common primary brain tumors originating from
glial cells, are classified into low-grade (LGG) and high-grade gliomas (HGG) based
on their varying levels of malignancy and aggressiveness [64]. High-grade gliomas are

aggressive, grow quickly, often need surgery and radiotherapy, and are associated with
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poor survival outcomes. LGGs, on the other hand, are slow-growing.

Multiple 3D MRI modalities (including T1, Tlc, T2, and FLAIR) are needed
to highlight different tissue characteristics and regions of the tumor spread [22]. The
regions of a brain tumor are typically classified into three sub-regions: Enhancing
Tumor (ET), Tumor Core (TC), and Whole Tumor (WT) [62]. ET represents areas of
active tumor growth. TC contains the enhancing tumor, necrosis, and non-enhancing
tumor. W'T includes all regions of a tumor: peritumoral edema, enhancing tumor,
non-enhancing tumor, and necrosis. Figure 4.4 illustrates an example of brain tumor

segmentation highlighting these sub-regions.

3D Volume

Figure 4.4: An example of volumetric brain tumor segmentation from MRI with different modalities
(T1c, FLAIR, T1, T2), illustrating the three primary sub-regions of a brain tumor: ET (yellow), TC
(red), and WT (green) [62].

The International Brain Tumor Segmentation challenges (BraTS), begun in 2012
and held annually, provide benchmark MRI datasets that contain images of LGG and
HGG [11, 41]. The BraTS§ challenge evaluates advanced techniques for semantically
segmentating brain tumors using a 3D MRI dataset, which includes voxel-level labels
annotated by medical experts [22]. This challenge encourages researchers to develop
and refine state-of-the-art algorithms for automated brain tumor segmentation.

The Dice Similarity Coefficient (Dice Score) and Hausdorff distance are the pri-
mary metrics used to evaluate brain tumor segmentation performance for ET, TC, and
WT [28, 41]. The Dice Score is defined as

2|AN B

Dice =
|A| + |B|

where A represents the set of foreground pixels/voxels in the annotated image (ground
truth) and B represents the set of foreground pixels/voxels in the segmentation result.

The Hausdorff Distance measures the maximum distance between two sets. Figure
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4.5 illustrates X and Y to be two different sets, where the Hausdorff distance dy is
defined as dy(X,Y) = max(dyy,dyx). However, the standard Hausdorff distance is
highly sensitive to outliers and noise in the data. To address this issue, the 95 percentile
Hausdorff Distance (HD95) is often used, where instead of considering the single worst-
case point (maximum distance), it measures the 95 percentile of all distances, providing

a more practical evaluation metric.

Figure 4.5: Hausdorfl distance estimation curve [41]. The Hausdorff distance dy is defined as
dy(X,Y) = max(dxy,dyx), where X and Y are two different sets.

This section introduces state-of-the-art methods that have demonstrated excellent
results in brain tumor segmentation. TransBTS is the first architecture to combine the
Transformer and a 3D CNN for MRI brain tumor segmentation. BiTr-UNet gets its ar-
chitectural inspiration from TransBTS and addresses some limitations that TransBTS
and UNETR pose. Swin-UNETR extends the UNETR, architecture with the shifting
windowing mechanism and is specifically tailored for brain tumor segmentation. Fi-
nally, VT-UNet uses a Volumetric Transformer (VT) and improves on the segmentation
results over TransBTS and UNETR.

4.2.1 TransBTS

Wang et al. [64] introduced TransBTS, the first architecture to integrate Transformers
with 3D CNN for MRI brain tumor segmentation. By processing all image slices at
once using 3D CNNs, TransBTS captures information from slices continuously (depth
dimension) and is able to capture long-range dependencies across spatial dimensions.
TransBTS achieves significant improvements over previous 3D segmentation models on
brain tumor segmentation, such as the 3D U-Net.

TransBTS extends the encoder-decoder design and shares characteristics with the
U-Net architecture, as illustrated in Figure 4.6. To encode compact volumetric feature
maps that capture the local spatial context information, a 3D CNN extracts volumetric
spatial features and downsamples the input data into a feature representation, which
serves as input for the Transformer [64].

The distinguish feature of TransBTS are the four layers that connect the encoder
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Figure 4.6: Architecture of TransBTS for brain tumor segmentation from 3D MRI scans [64]. The
input MRI scan X has dimensions C' x H x W x D, where C' is the number of channels (modalities),
H and W represent spatial resolution, and D denotes the depth dimension (number of slices). The
3D CNN encoder extracts compact spatial and depth feature maps, while the Transformer encoder
captures global dependencies. The decoder progressively upsamples these features to generate the

segmentation output R, restoring the original resolution. Skip-connections improve recovering the
spatial detail.

and the decoder: linear projection layer, patch embedding layer, Transformer layers
and feature mapping layer [28]. The linear projection increases the channel dimension
and the patch embedding layer collapses the spatial and depth dimensions into one
dimension (as the Transformer expects a input sequence). The Transformer layers
extract long-range dependencies and the feature mapping layer fits the sequence data
back to the 3D CNN decoder. The output of the Transformer is reconstructed back
to a full-resolution 3D segmentation map by progressive upsampling. Skip connections
between encoder and decoder layers are used to merge encoder features with decoder
features through concatenation.

Unlike most ViT-based segmentation approaches, TransBTS is trained from
scratch on task-specific datasets without relying on pre-trained weights [50]. Compared
to previous U-Net-based models, TransBTS demonstrates significant improvements in
HD95 and achieves comparable results on the Dice Score. Test Time Augmentation,

which applies random modifications to test images, has shown to further improve its
performance.

4.2.2 BiTr-UNet

Inspired from the architecture of TransBTS, Jia and Shu [28] introduced Bi-
Transformer UNet (BiTr-UNet) for 3D MRI Brain Tumor Segmentation. There are
two distinguishing features from the architecture compared to TransBTS: two sets of

Transformer layer connect the encoder and the decoder instead of one (which the prefix



4.2. BRAIN TUMOR SEGMENTATION 35

(16,128,128,128)

(32,64,64,64)

(16,32,32,32)

v | g
(4,128128,128) > s & —) s ™ > ) (4,128,128,128)
> L
‘ ‘ >
(128,16,16,16)

(128,16,16,16)

(256.88.8) (256,88.8)

s Downsample Convolutional Block
Skip Connections

........ > Linear Projection

mmm)  Vision Transformer Block

[ > Feature Mapping

— Upsample Convolutional Block

Figure 4.7: Architecture of BiTr-UNet [28], illustrating a CNN-based encoder, two ViT blocks for

extracting long-range dependencies, and a 3D CNN decoder.

'Bi" reflects), and an attention module is added in the CNN encoder.

The architecture of BiTr-UNet is illustrated in Figure 4.7. The BiTr-Unet en-
coder uses 3D CNN layers for downsampling. An initial convolutional block increases
the feature map dimensions, after which convolutional blocks extract feature represen-
tations and reduce the output size. To improve local context extraction, this output
goes through a 3D Convolutional Block Attention Module (3D CBAM) [65], which se-
quentially infers a channel attention map and a 3D spatial attention map. Compared
to TransBTS, the 3D CBAM blocks replace the 3D CNN blocks in the encoder.

The outputs from the initial three layers of the encoder are directly passed to the
final three layers of the decoder using skip connections. The outputs from the fourth
and fifth downsampling layers are processed through feature embedding of feature
representation layer, Transformer layers, and a feature mapping layer before being
passed to the corresponding upsampling layers. Four sequential convolutional blocks
followed by a final convolutional block reduce the feature map dimensions in the decoder
to produce the segmentation image.

The BiTr-UNet is specifically designed for the BraTS dataset, and uses postpro-
cessing to achieve a higher Dice Score [28]. The postprocessing strategy used eliminates
a volume of predicted segmentation if the volume is smaller than a threshold. To fur-
ther improve accuracy, majority voting is used to combine predictions from multiple
models to improve accuracy. Each voxel is assigned the category that receives the most
votes as its final prediction.

The validation results of BraTS suggest that BiTr-Unet effectively extracts local
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and long-range dependencies from 3D MRI scans. Compared to U-Net-based models
without attention modules which already perform well in BraTS, BiTr-Unet benefits
from adding a Transformer module. However, a dissimilarity between testing and

training data highlights potential challenges for BiTr-Unet in handling unseen patterns.

4.2.3 Swin-UNETR

Hatamizadeh et al. [22] proposed Swin UNEt Transformers (Swin-UNETR), which
combines a Swin Transformer encoder with a CNN-based decoder [50]. Unlike the
UNETR model, Swin-UNETR is specifically designed for brain tumor segmentation.
Feature representations are extracted at multiple resolutions with shifted windows,
which are then used for computing self-attention. Compared to methods with fixed
resolutions, the hierarchical Swin Transformer has shown to better manage long-range
dependencies. As with other U-Net based architectures, the Swin-UNETR uses skip
connections, where the features obtained by the encoder are passed to the decoder at
each resolution.

In the encoder, the patch partition layer transforms multi-modal input data into
a one-dimensional sequence of embeddings, which are then processed by a hierarchical
Swin Transformer that serves as the encoder. Self-attention is computed from non-
overlapping windows generated by the patch partition layer. Figure 4.8 illustrates the

shifted windowing mechanisms for subsequent layers in a 3D image.
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Figure 4.8: Overview of the shifted windowing mechanism of Swin UNETR, where 8 x8x8 3D tokens

and 4x4x4 window size are illustrated [22]. The green cubes illustrate self-attention units.

The encoder features are passed to the decoder through skip connections at each
resolution. At each stage in the encoder and bottleneck, feature outputs are reshaped
and processed by a residual block with two convolutional layers normalized by instance
normalization. Instance normalization normalizes each element of the batch indepen-

dently (unlike batch normalization which normalizes all images across the batch). The
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resolution is doubled using a deconvolutional layer, and the results are concatenated
with the outputs from the previous stage. These concatenated features are processed in
a similar residual block as described earlier. Final segmentation outputs are produced
using a convolutional layer.

Swin-UNETR achieves state-of-the-art performance on several 3D segmentation
benchmarks and outperforms TransBTS in segmenting brain tumors [22, 30]. This
improvement is likely due to Swin-UNETR/’s architectural design, which integrates the
Swin Transformer features into a CNN decoder via skip connections across multiple
resolutions, similar to the UNETR-~architecture shown in Figure 4.2. In contrast, Trans-
BTS employs a less efficient design, confining the Transformer between the encoder and
the decoder as a standalone attention module without skip connections.

Although the original Swin-UNETR was tested only on the BraTS dataset with-
out pre-training, Tang et al. [55] pre-trained the Swin-UNETR on CT images from
multiple datasets covering multiple anatomical regions. This approach improved per-
formance by approximately 10% compared to training the model from scratch, resulting
in a pre-trained model with robust feature representations for various medical imaging
tasks. The pretrained Swin-UNETR model, when fine-tuned, achieves higher accuracy,

converges faster, and reduces annotation effort compared to training from scratch.

4.2.4 VT-UNet

Peiris et al. [40] introduced VT-UNet, a volumetric segmentation model for 3D image
modalities, such as CT and MRI. Unlike many earlier 3D segmentation models that
process 3D inputs as 2D slices, VT-UNet processes volumetric data in its entirety,
fully encoding interactions between slices. As the model is built purely based on
Transformers, it is convolution-free while still being capable of keeping volumetric
input data intact. Additionally, VT-UNet limits model parameters using patch merging
and Fourier Positional Encoding (FPE), which reduce computational complexity while
maintaining high segmentation accuracy and robustness.

Designing a Transformer-based U-Net for volumetric segmentation is challeng-
ing for three main reasons [40]. First, capturing relationships between voxels across
arbitrary positions is complex, as data in each slice is connected to three orthogonal
views (axial, sagittal, and coronal). Second, preserving spatial information in volumes
is hard, as breaking images into patches risks losing local structural cues, requiring
effective encoding of local and global interactions along multiple axes. Third, the
quadratic complexity of self-attention and the large size of 3D volume tensors demand
computationally efficient design.

VT-UNet addresses these challenges through its architecture, which incorporates
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Figure 4.9: Illustration of the VT-UNet architecture [40]. The input 3D medical volume of size
D x H x W x C is processed through VT Encoder and Decoder blocks, using keys (K) and values
(V) for parallel self-attention and cross-attention. The output is a D x H x W x K volume, with K
representing the number of segmentation classes.

two types of Transformer blocks: one in the encoder and another in the decoder. In
the encoder, Transformer blocks hierarchically process 3D volumes to capture both
local and global voxel relationships, similar to Swin Transformer blocks. The decoder
uses parallel cross-attention and self-attention mechanisms, connecting queries from the
decoder with keys and values from the encoder. This parallelization preserves global
context and spatial information during decoding.

The absence of convolutions and attention outputs during decoding highlight
the importance of sequence order. Relative positional encoding improves attention in
each Transformer block, and complementary information from FPE is added during
decoding. FPE uses sine and cosine functions with varying frequencies to generate
unique encodings for each token by modulating high-frequency functions based on the
token’s location within the 3D volume.

The architecture of VT-UNet is illustrated in Figure 4.9. The encoder uses a
3D patch partitioning layer, liner embedding layer, 3D patch merging layer, and two
successive VT encoder blocks. The patch partitioning layer creates a set of tokens by
dividing the input into non-overlapping 3D patches. Linear embedding is used to map
each token to a vector with fixed dimension. The 3D Patch merging blocks generate
feature hierarchies, which are used to generate finer details in the output. The VT

Encoder Blocks follow similar principle windowing scheme as the Swin Transformer,
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but for volumetric data.

The bottleneck layer consists of a VT Encoder Block and a 3D Patch expanding
layer. The 3D Patch Explanding layer "reverts" the patch merging effect, which involves
creating new tokens in the decoder. In patch expanding, the dimension of an input
token is increased by a factor of two using linear mapping. The resulting vector, with
its dimensionality doubled, is reshaped into tokens.

The decoder uses successive VT Decoder Blocks with 3D Patch expanding layers
and a classifier to produce the final voxel-wise predictions. The VT Decoder Blocks in-
clude self-attention and cross-attention. Each VT Decoder Block processes information
from the preceding decoder stage while integrating spatial and contextual details from
the VT Encoder Blocks through skip connections. After the final 3D patch expanding
layer in the decoder, 3D convolutional classifier layer maps the features to classes.

VT-UNet achieves state-of-the-art results on the BraTS dataset. Specifically,
it outperforms previous methods in Dice Score and HD95 across metrics for WT,
TC, and ET. VT-UNet has a smaller model size and lower computational complexity
compared to other state-of-the-art models, including TransBTS and UNETR, making
it more practical for real-world clinical use. When subjected to synthetic artifacts
such as motion, ghosting, and spike effects, VI-UNet consistently demonstrates higher

robustness compared to other models.

4.3 Brain Tissue Segmentation

Segmentation of Gray Matter (GM), White Matter (WM), and Cerebrospinal Fluid
(CSF) is essential for clinical and neuroscience studies, and supports the visualization
of anatomical structures, aids surgical planning, and enhances image-guided interven-
tions (medical procedures that use computer-based systems to provide virtual image
overlays) [10, 66]. An example of a tissue segmentation from brain MRI is shown in
Figure 4.10.

Manual segmentation of brain tissue is labor-intensive, difficult, and impractical
for large datasets [48], while automated segmentation remains challenging due to in-
herent properties of MRI scans, as well as variability introduced by imaging devices,
settings, and modalities. While CNNs have achieved significant progress solving this
task, many solutions fail to generalize effectively to new datasets. Transformers, which
have demonstrated success in image segmentation tasks, present an opportunity to
enhance performance and generalization when integrated with CNNs for brain tissue
segmentation. While the attention mechanisms have received some recognition in brain
tissue segmentation, the Transformer architecture itself is less studied for this task.

This section introduces recent methods that have utilized the Transformer for
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Figure 4.10: T1- and T2-weighted MRI images of the brain, along with the brain tissue segmentation
results. Red indicates Gray Matter (GM), green represents White Matter (WM), and blue corresponds
to Cerebrospinal Fluid (CSF) [13].

brain tissue segmentation. HybridCTrm compares results for two different encoder
implementations. TABS demonstrates that the integration of a Transformer module
between the encoder and the decoder improves brain tissue segmentation performance
and generalizability. 3D UX-Net mimics the behaviour of a hierarchical Transformer

but with reduced computational complexity.

4.3.1 HybridCTrm

Sun et al. [54] proposed HybridCTrm, a hybrid multimodal segmentation model com-
bining Transformers and CNNs. The model encodes a 3D input using both a CNN
encoder and a Transformer encoder. For the final segmentation, the decoder con-
catenates features from the CNN and the Transformer into a single matrix, which
is processed through batch normalization layers, a Parametric Rectified Linear Unit
(PReLU), and a 1x1x1 convolution kernel. Softmax is applied to generate final seg-
mentation probabilities.

The HybridCTrm can be implemented using one of two strategies: the single-
path strategy and the multi-path strategy. The single-path strategy combines T1-
and T2-weighted MRI inputs into a multichannel image, which is then encoded using
convolutions and Transformers. In contrast, the multi-path strategy encodes the T1-
and T2-weighted inputs separately with independent encoders, merging the encoded
representations afterward. A multi-path network is designed to integrate and utilize
the information and features from various modalities, whereas a single-path network
emphasizes the interactions between these modalities.

Compared to previous CNN-based methods without Transformer blocks, Hybrid-
CTrm outperforms in nearly all metrics with both single-path and multi-path strate-

gies. The single-path strategy outperforms CNN models across all three brain tissues
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Figure 4.11: Architecture of TABS [48]. The model includes a 5-layer encoder-decoder with a Trans-
former between the encoder and the decoder. Input data is processed through the encoder to extract
features, which are transformed into tokenized vectors for the Transformer module. The Transformer
module captures long-range dependencies before passing data to the decoder for reconstruction. The

final output consists of three channels corresponding to GM, WM, and CSF.

by integrating information from both modalities (T1 and T2) early on, enabling the
Transformer to fully model their complexity. The multi-path strategy shows improve-
ments on many metrics but is less effective than the single-path model. This is likely
due to the limited information in each modality, which limits the Transformer’s ability
to learn features as effectively as the CNN’s strong inductive bias. Nonetheless, the
results show that the hybrid structure performs better than pure CNN models with
greater stability.

4.3.2 TABS

Rao et al. [48] proposed the Transformer-based Automated Brain Tissue Segmentation
(TABS), which is a 3D CNN-Transformer hybrid architecture for brain tissue segmen-
tation. The TABS architecture follows the U-Net based architecture, and consists of
5-layers of 3D CNN encoder and decoder with a ViT between the encoder and the
decoder, as illustrated in Figure 4.11. The input is first downsampled, and linear pro-
jection and learned positional embedding is used to convert the encoded feature tensor
into tokenized vectors. These vectors are used as an input to the Transformer in the
order that the positional embeddings are in. The decoder reconstructs the image back
to the original input dimension using upsampling and skip connections, and a final
convolution is applied for the final 3-channel output for each tissue type (WM, GM,
and CSF).

TABS outperforms many benchmark U-Net-based models in segmentation accu-
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Figure 4.12: Overview of the 3D UX-Net architecture [30]. The depthwise convolutional blocks serve
as the encoder backbone. Depthwise Convolution (DWC) applies a large kernel to effectively extract
features. Depthwise Convolutional Scaling (DCS) uses a 1x1x1 kernel to independently scale each
channel for improved feature representations with minimizing redundancy. H, W, and Z denote the
height, width, and depth of the input patch dimensions. The LK projection layer generates patch-wise

embeddings for hierarchical feature extraction.

racy across various datasets, showing robustness and generalizability in datasets with
differing field strengths, scanner parameters, and patient conditions. However, as full-
resolution MRI inputs were used for training TABS, memory constraints limited the

batch size, potentially affecting its performance.

4.3.3 3D UX-Net

The 3D architectures that utilize the Transformer excel due to their large receptive
fields for non-local self-attention, but require a substantial number of model parame-
ters. To address this challenge, Lee et al. [30] proposed the 3D UX-Net, which uses
CNNs with depth-wise convolution to emulate large receptive fields more efficiently.
The 3D UX-Net does not directly use the Transformer architecture, but mimics the
behaviour of a hierarchical Transformer. Specifically, it is inspired by the large recep-
tive fields and hierarchical feature extraction, and uses Large Kernel (LK) depthwise
convolutions instead of Multi-Head Self-Attention mechanisms to minimizes computa-
tional complexity.

The architecture of 3D UX-Net is illustrated in Figure 4.12. The Depth-wise
Convolution encoder (DWC) processes 3D image volumes divided into random sub-
volumes, with depth-wise convolution applied for feature extraction. Instead of flat-
tening patches and applying a linear projection (similarly to most of the previously
introduced architectures), LK convolutional layer computes partitioned feature maps

that are projected into a 48-dimensional space. The LK convolutional layers are used
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to create a large receptive field that mimics the behavior of self-attention mechanisms
in hierarchical Transformers. Depth-wise Convolutional Scaling (DCS) process com-
plements DWC by simulating global self-attention behavior. DCS improves feature
learning by using 1x1x1 kernels to scale each channel feature independently, reducing
cross-channel redundancy and preserving spatial resolution.

The encoder architecture includes four stages, each containing two LK convolution
blocks, totaling eight layers. Each block consists of DWC layers along with DCS scaling
and layer normalization. To reduce feature resolution by half and exchange information
between channels, a standard 2x2x2 convolution block with stride 2 is used. This
process is repeated to progressively reduce resolutions to extract multi-scale features
hierarchically.

The multi-scale output from each encoder stage is connected to a CNN-based
decoder via skip connections. The feature maps from each encoder stage are extracted
and processed through a residual block with two post-normalized convolutional layers
and instance normalization to stabilize features. These processed features are then
upsampled with a transpose convolutional layer and concatenated with features from
the previous stage. Residual features from input patches are also concatenated with
upsampled features and passed through a residual block with 1x1x1 convolutional
layer and softmax activation to predict segmentation probabilities.

3D UX-Net outperforms many of the Transformer-based architectures, includ-
ing TransBTS, UNETR, and Swin-UNETR, with lower number of parameters and
reduced training complexity. The results have been validated using three challenging
public datasets, including for brain tissue segmentation, in both supervised training

and transfer learning.

4.4 Future Directions

Transformer based models have significantly improved medical image segmentation,
yet several challenges remain in regards of limited labeled data, model efficiency, and
interpretability. Bringing these models into clinical workflows requires validation and
explainability, as well as generalizability across different institutions, scanner types,
and imaging protocols. In addition, these based models often require extensive com-
putational power, making them difficult to deploy in real-world clinical settings with
constrained resources.

Current methods for fully-supervised deep learning models heavily depend on
large labeled MRI datasets. However, obtaining segmentation labels, particularly for
brain tumors, is both costly and time-consuming [62]. In future research, the focus

is to build models to train with fewer labels. This would be possible using semi-
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supervised learning to train models with limited labeled and extensive unlabeled data.
Semi-supervised learning uses the information gathered from unlabeled data to achieve
effective segmentation with minimal manual labeling. Additionally, weak-supervised
learning can be used for simpler box-level annotations instead of detailed pixel/voxel
labels. This would result in efficient training while maintaining similar performance,
significantly reducing annotation effort.

The datasets used for training often contain noisy annotations, particularly with
tumors due to the complexity of marking tumor regions [62]. While some methods
exist for handling noisy labels in image classification, they are challenging to adapt
for segmentation. Additionally, brain tumors occupy only a small part of the brain,
causing class imbalance in MRI data, which can bias segmentation towards healthy
tissue and limit detection of small tumors. Adaptive class reweighting can improve
the performance on small tumor regions, as it gives higher importance to the minority
class, aiming to improve the model’s focus on tumor regions.

Current brain segmentation methods typically assume complete MRI data, but
their effectiveness drops significantly with incomplete inputs, such as missing T1, T2
or FLAIR images [62]. In clinical practices, obtaining multiple modalities is often
challenging, as many institutions only have partial data due to equipment limitations.
Although some recent studies have proposed solutions for missing modalities, such as
[32], [68], and [69], they generally address only specific cases, limiting their applicabil-
ity. Image segmentation competitions, such as BraTS, release well-annotated datasets,
which serve as benchmarks for advancing semantic segmentation models [56]. Most
research improvements rely on these datasets, making them important for progress in
the field [50]. The BraT$S challenge is likely the main reason brain tumor segmenta-
tion has attracted more attention in the research landscape compared to other brain
segmentation tasks, such as brain tissue segmentation.

In clinical environments, deep models are deployed on resource-limited devices, re-
quiring them to be efficient [62]. During training, models are expected to be lightweight
and efficient. Compression techniques, such as pruning and quantifying weights, distil-
lation, and low-rank approximations, can reduce memory and computational demands.
Research on model efficiency and deployment for brain segmentation tasks is limited
but considered essential for future clinical applications.

Deep learning models are often seen as "black-boxes" due to their lack of inter-
pretability, which poses challenges in understanding their decision-making process [51].
Especially in clinical practice, it is important to understand what guides the model’s
decision process. One suggestion is to use visualizing feature maps to highlight dom-
inant regions that influence model outputs [62]. Researchers have developed various

techniques to analyze the intermediate layers of deep learning models and recent ad-



4.4. FUTURE DIRECTIONS 45

vancements adopt feature attribution methods to identify the most relevant features
to a given prediction. Additionally, attention maps offer a way to visualize how a
Transformer-based model processes and prioritizes different parts of an image.
Despite these challenges, Transformers have shown very promising results for
medical image segmentation tasks. The hybrid Transformer architectures, as discussed
in this chapter, show notable performance improvements (around 13% increase in over-
all Dice Score) over baseline Transformer models [50], highlighting rapid progress in
the field. Architectures that are able to process high-dimensional volumetric infor-
mation have demonstrated superior results, but improving on their efficiency is not
yet extensively explored. Additionally, the Transformers have been applied for various
tasks other than segmentation, including detection, classification, restoration, synthe-
sis, and registration, which further justifies the Transformer’s versatility and potential

in medical imaging.






5. Experiments

U-Net has achieved significant success in segmentation tasks due to its effective cap-
ture of local features. As described earlier, recent advances in Transformer-based ar-
chitectures offer new architectural designs for segmentation models. The purpose of
this experiment is to study how the integration of Transformer models with U-Net
impact segmentation performance, specifically examining whether a non-pretrained
Transformer can enhance segmentation performance on a small 2D dataset.

The hypothesis is that the integration of the Transformer should result in seg-
mentation performance that is comparable to or better than that of the conventional
U-Net. The models’ performance is validated using the Dice Score and the 95th per-
centile Hausdorff Distance (explained in Section 4.2). The code for the experiment is

available at https://www.github.com/juicy-monkey/grad_thesis.

5.1 Setup

The code is written in Python, and main libraries used include PyTorch [38], Torchvi-
sion [36], seg-metrics [27], and Matplotlib [26]. PyTorch is used for developing the
models by using predefined and custom components. Torchvision, an extension of Py-
Torch for computer vision applications, provides pre-coded models (such as the Vision
Transformer) and functions for image transformations. The seg-metrics library evalu-
ates image segmentation models, with Dice and the 95th percentile Hausdorff Distance
used as validation metrics. Matplotlib is used to visualize model performance with

different input images.

Dataset

The dataset used in this experiment was acquired from [5]. The dataset contains brain
MR images with manually segmented FLAIR abnormality masks. The images were
obtained from The Cancer Imaging Archive (TCIA), corresponding to 110 patients
from The Cancer Genome Atlas (TCGA) LGG collection.

Each input image is a 3-channel RGB image, consisting of three MRI sequences
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in the order of pre-contrast, FLAIR, and post-contrast. Pre-contrast (non-contrast)
MRI is acquired before the injection of a contrast agent, such as gadolinium. FLAIR
highlights structures near fluid, as discussed in Section 2.1. Post-contrast MRI refers
to images captured after the injection of a contrast agent. The segmentation masks
(target images) are 1-channel binary images.

For this experiment, 2D brain slices are considered to be independent, i.e. adja-
cent slices are not considered for segmentation. To align with the experiment’s objec-
tives, the dataset is filtered, as using the full dataset leads to poor predictions across
all models. The original dataset consists of 3929 MRI slices, but since most do not
contain brain tumors, only 1373 relevant slices are used for this experiment. Among
the 1373 images, 1098 are randomly picked for training, and the remaining 275 images

are reserved for performance comparison.

Models

The experiment compares three models:

U-Net The model introduced in Section 4.1. This model serves as the baseline

architecture for comparison.

ViT-UNet A customized U-Net with Skip Connection from a ViT, designed
specifically for this thesis. A ViT is used to transform the input image into a 784-
length tensor with a patch size of 16 x 16, similar to the ViT-Base model in [15].
A learnable linear layer extends this tensor to the length of 1024-16-16 = 262144,
which is then reshaped into dimension (B, 1024, 16, 16), where B is the batch size.
This transformed tensor is used in the skip connection to concatenate features
from the final down-convolution. The model has four encoder layers, with a
Multi-Layer Perceptron (MLP) dimension of 2048 and 16 attention heads.

2D UNETR A modified version of the UNETR model introduced in Section
4.1, where all 3D operations are replaced with 2D operations. The code has been
adapted and modified from [57] to be suitable for this thesis. Similar to the ViT-
UNet, the Transformer encoder in the 2D UNETR outputs a 784-length tensor.
The hyperparameters are the same as in the ViT-UNet, but the number of layers

is increased from 4 to 12, similar to the original UNETR architecture.

For all models, a final Sigmoid activation maps predictions to probabilities, de-

termining whether each pixel belongs to a tumor or not.
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Training

The models are trained on the same dataset with the same parameters. Instead of
processing all data at once, the training data is divided into smaller subsets (batches).
Each batch, which is set to 32, is passed through the model, and the gradient of the loss
function is computed to update the model weights, resulting in more efficient training
compared to processing the entire dataset at once.

The optimization algorithm used is Stochastic Gradient Descent (SGD). Gradi-
ent Descent is an iterative method that updates model parameters by moving in the
opposite direction of the gradient to minimize the loss function, improving accuracy on
both training and test datasets. Unlike standard Gradient Descent, which processes
the entire dataset at each step, SGD updates model parameters using small, randomly
selected batches, introducing stochasticity into the optimization process. The learning
rate, which scales the size of the step taken in the direction of the negative gradient,
is set to 0.1. Momentum is set to 0.9, helping the optimizer gain speed in consistent
gradient descent directions while reducing oscillations in less relevant ones.

The loss function used is Binary Cross Entropy Loss (BCE Loss), which is a
widely used metric for binary classification tasks. BCE Loss measures the dissimilarity
between the predicted probability and the ground truth label. For a single-channel
output image, BCE Loss is defined as

1 Y ) .
Loop = =% > lyilog(9:) + (1 — y;) log(1 — §;)]
=1

where N is the total number of pixels, y; is the ground truth label (0 for background,
1 for tumor), and §; is the predicted probability (output from the Sigmoid function,
ranging from 0 to 1). The log-function penalizes wrong predictions more heavily than

correct predictions.

5.2 Results

Table 5.1 summarizes the results from the testing set of 275 images. The Dice Score
represents the overlap between predicted and ground truth segmentation masks, with
higher values indicating better performance. The 95th percentile Hausdorff Distance
(HD95) measures the segmentation error, where a lower value suggests better model
performance in terms of accurately detecting tumor boundaries.

As shown in Table 5.1, the standard U-Net model achieved the highest Dice Score
(68.634%), demonstrating the best segmentation performance among the tested models.
The ViT-UNet model, which incorporates a Transformer component, performed slightly
worse with a Dice Score of 67.129%. Additionally, its HD95 value of 17.692 was higher
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Model Dice Score (%) HD95
U-Net 68.634 15.982
ViT-UNet 67.129 17.692
2D UNETR 60.396 28.663

Table 5.1: Comparison of average Dice Score and average 95th Percentile Hausdorff Distance (HD95)

between the models.

than that of the U-Net (15.982), meaning that its segmentation boundaries were less
accurate. The 2D UNETR model, which is a more novel Transformer-based approach,
had the lowest Dice Score of 60.396% and the highest HD95 value of 28.663. These
results indicate that this model struggled the most with segmenting brain tumor regions
effectively. The increased complexity of the Transformer-based architectures did not
yield improvements in segmentation performance, and in fact, resulted in a decline in
accuracy and an increase in boundary error.

Figure 5.1 further highlights the performance differences across models. In gen-
eral, U-Net consistently produces segmentation masks that align with the ground truth.
The tumor shapes are captured well with smooth and continuous boundaries, which
aligns with its performance in quantitative metrics. ViT-UNet, while naive in its use
of the Transformer, demonstrates slightly less reliable results. However, in some cases,
it was able to locate brain tumor areas that the other models failed to detect. The
2D UNETR model, on the other hand, performs the weakest among the three. Its
segmentation results are frequently noisy, with fragmented and disconnected regions
that fail to accurately represent the tumor areas.

Overall, the experimental results and visualizations suggest that the addition
of Transformer components to the U-Net architecture does not result in significant
improvements in segmentation performance on a small dataset. The U-Net model re-
mains the most effective, achieving the best balance between segmentation accuracy
and boundary precision. The ViT-UNet and 2D UNETR models are affected by higher
complexity and, most likely, the limitations of the dataset size. The additional com-
putational complexity might have contributed to overfitting or difficulties in learning

effective features.

5.3 Discussion

The objective of this experiment was to explore and study the implementations of
Transformer components, and integrate these components to the U-Net to improve on

its performance. The process involved multiple trials and errors, including experimental
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MRI U-Net ViT-UNet 2D UNETR
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ViT-UNet 2D UNETR

.

U-Net ViT-UNet 2D UNETR

MRI U-Net ViT-UNet 2D UNETR

U-Net ViT-UNet

.
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Figure 5.1: Visual comparison of segmentation results produced by the different models. Each row

U-Net ViT-UNet 2D UNETR

represents a different test case from the dataset, and the columns display the MRI input, ground truth
segmentation (GT), and predictions from the U-Net, ViT-UNet, and 2D UNETR models.
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models that integrated Transformers with multiple linear layers, significantly increasing
computational cost. While these models had potential to outperform U-Net, their
inefficiency and high training costs made them impractical.

Unfortunately, the models selected for the experiment showed that incorporating
a Transformer into the U-Net architecture did not improve segmentation results. How-
ever, considering that the training set relatively small, further testing would be needed
to determine whether these models can outperform the traditional U-Net. While the
results of this experiment cannot lead to general conclusions, the results suggest that
performance did not degrade significantly when including the Transformer, indicating
potential for further exploration and optimization in future studies.

Several improvements could be made to improve the experiment. First, including
cross-validation would reduce the small dataset size to better generalize results. Second,
increasing the dataset size or applying data augmentation techniques could help reduce
bias and improve generalizability. As the dataset contains only a small proportion
of images with brain tumor areas, techniques such as synthetic data generation and
image augmentation could improve model performance and robustness. Third, since
individual image slices were treated as independent, there models lack spatial coherence
across the whole brain area, limiting the models ability to consider surrounding brain
structures. Treating the dataset as a collection of 3D models would address this issue,
but it would also require greater computational resources and more advanced modeling
techniques.

The training process used BCE Loss as the loss function for all models. While
BCE Loss is effective in many applications, it has limitations in segmentation tasks
when dealing with imbalanced datasets. In brain tumor segmentation datasets, the
proportion of tumor pixels is significantly smaller than the background, making BCE
Loss suboptimal. Many recent studies on medical image segmentation have proposed
modified loss functions that incorporate Dice Loss in combination with BCE Loss.
Dice Loss is specifically designed to address class imbalance by directly optimizing the
Dice Score, which measures the overlap between predicted and ground truth masks.
For example, the UNETR [23] architecture uses a combination of soft Dice Loss and
Cross-Entropy Loss. Incorporating Dice Loss into the training process could potentially
improve the segmentation performance of all models tested in this study. Specifically,
it might address the deficiencies of 2D UNETR, where noisy and fragmented segmen-
tations were produced. While weighted BCE Loss could have been used to address
the class imbalance, it was not incorporated in this experiment to maintain a simple
experimental setup.

Although Transformer-based architectures did not outperform the conventional

U-Net, they did not significantly degrade segmentation performance. Notably, ViT-
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UNet, while slightly underperforming in overall metrics, detected tumor regions that
other models missed. This highlights its potential in capturing critical features that
might be overlooked by traditional CNN-based architectures and suggests that Trans-
formers may still offer advantages in specific cases. However, it remains unclear whether
the overall underperformance of Transformer-based architectures comes from limita-
tions in the loss function, model design, small dataset size, or a combination of these
factors. With further refinements, the experiment could offer deeper insights into the

Transformer’s suitability and impact on segmentation performance.






6. Conclusion

This thesis provided background on medical imaging and brain image segmentation,
and reviewed the theoretical foundation of the Transformer architecture and its ex-
tensions in computer vision. Recent state-of-the-art Transformer-based architectures
for brain image segmentation were reviewed, and performance between a traditional
U-Net and more novel models was experimentally compared on a small-scale setup.

With advances in deep learning, particularly CNNs and Transformers, the perfor-
mance of automated segmentation has significantly improved in recent years. Recent
state-of-the-art models, including UNETR, TransBTS, Swin-UNETR, and VT-UNet,
integrate the local feature extraction capabilities of U-Net with global context model-
ing of Transformers. These models have surpassed previous CNN-based models, setting
new benchmarks in brain image segmentation.

Experimental results showed that while Transformer-based models offer promis-
ing capabilities, they did not outperform the conventional U-Net. The U-Net model
achieved the highest segmentation accuracy, while a custom ViT-UNet and 2D UN-
ETR had slightly lower accuracy and increased boundary errors. These findings suggest
that the added complexity of Transformer-based architectures does not necessarily en-
hance performance on small datasets. With further refinement, including more suitable
loss functions, larger datasets, and improved model designs, Transformer-based models
could still show potential advantages in small-scale testing.

This thesis contributes to the ongoing research on deep learning for brain image
segmentation by evaluating the role of Transformer-based architectures. While Trans-
formers have been shown to outperform many CNN-based architectures, their practi-
cal benefits in medical segmentation require further research. Addressing challenges
regarding high computational costs, limited annotated datasets, and interpretability,
as well as trade-offs between accuracy, efficiency, and real-world usability in medical

image analysis workflows is required.
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