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Abstract

A brain tumor is an abnormal growth of cells in the brain that multiplies uncontrolled.
The death of people due to brain tumors has increased over the past few decades. Early
diagnosis of brain tumors is essential in improving treatment possibilities and increasing
the survival rate of patients. The life expectancy of patients with glioblastoma multiforme
(GBM), the most malignant glioma, using the current standard of care is, on average,
14 months after diagnosis despite aggressive surgery, radiation, and chemotherapies. De-
spite considerable efforts in brain tumor segmentation research, patient diagnosis remains
poor. Accurate segmentation of pathological regions may significantly impact treatment
decisions, planning, and outcome monitoring. However, the large spatial and structural
variability among brain tumors makes automatic segmentation a challenging problem,
leaving brain tumor segmentation an open challenge that warrants further research en-
deavors.

While several methods automatically segment brain tumors, deep learning methods
are becoming widespread in medical imaging due to their resounding performance. How-
ever, the boost in performance comes at the cost of high computational complexity.
Therefore, to improve the adoption rate of computer-assisted diagnosis in clinical setups,
especially in developing countries, there is a need for more computational and memory-
efficient models.

In this research, using a few computational resources, we explore various techniques to
develop deep learning models accurately for segmenting the different glioma sub-regions,
namely the enhancing tumor, the tumor core, and the whole tumor. We quantitatively
evaluate the performance of our proposed models against the state-of-the-art methods
using magnetic resolution imaging (MRI) datasets provided by the Brain Tumor Seg-
mentation (BraTS) Challenge.

Lastly, we use segmentation labels produced by the segmentation task and MRI mul-
timodal data to extract appropriate imaging/radiomic features to train a deep learning
model for overall patient survival prediction.
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Chapter 1

Introduction

1.1 Introduction

Brain tumors are an abnormal growth of cells in the brain that multiplies in an uncon-
trolled way. Although their causes are unknown [7], brain tumors have been one of the
leading causes of death in the past few decades. Early diagnosis of brain tumors plays an
important role in improving treatment possibilities and increasing the survival rate of the
patients [19]. There are two main types of tumors: malignant (cancerous) and benign.
(noncancerous) tumors. Cancerous tumors can begin in the brain (primary brain tumors)
or can start in other parts of your body and spread to your brain (secondary brain tu-
mors). Brain tumors can appear anywhere in the brain with varying sizes and shapes,
which makes them challenging to delineate. Gliomas, the most common brain tumors
in adults [28], have the highest mortality rate and occurrence among brain tumors. The
median survival rate is less than two years, even with aggressive therapy.

Magnetic Resonance Imaging (MRI) is usually the modality of choice used to inform
diagnosis and treatment of brain tumors [24] due to its high spatial resolution, soft tissue
contrast, and non-invasive characteristics. MRI provides rich information for brain tumor
diagnosis and treatment planning. More than one MRI slice is required to view different
brain regions, e.g., T1, T2, T1 contrast, and FLAIR images. Figure 1.1 shows sample
image data from the BraTS dataset [24, 3, 4].

Generally, a healthy brain comprises three essential components: gray matter, white
matter, and cerebrospinal fluid. Brain tumor segmentation aims to identify the location
and extent of different tumor regions, including active tumorous tissue, necrotic (dead)
tissue, and edema (swelling near tumors). This process involves distinguishing abnormal
areas in comparison to normal tissues.

Creating imaging features that facilitate accurate segmentation is a complex task
that demands meticulous engineering and specialized expertise. Manual segmentation
of brain tumors, though traditionally employed, is characterized by subjectivity, time-
intensive procedures, and high costs. Classical machine learning algorithms often utilize
handcrafted features for segmentation, introducing certain limitations.

Integrating deep learning techniques in image segmentation offers a promising al-
ternative to overcome the drawbacks associated with classical machine learning. Deep
learning’s capacity for self-learning of features may address the limitations of handcrafted
features, potentially enabling the identification of novel and valuable imaging features for
quantitative analysis in brain MRI. This shift towards deep learning can potentially en-
hance the efficiency and accuracy of brain tumor segmentation processes.
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(a) (b)

Figure 1.1: Examples of BraTS multimodal scans and Glioma sub-regions. (a) MRI Slices:
T1-weighted (top left), native T1 (top right), FLAIR (bottom left), T2 (bottom right),
(b) Segmented regions: edema (green), necrotic (NCR) and the non-enhancing (NET) tu-
mor core (red), enhancing tumor (yellow)

2



1.2 Motivation

The typical lifespan of individuals diagnosed with glioblastoma multiforme (GBM), rec-
ognized as the most malignant glioma with a World Health Organization (WHO) grade
IV classification, stands at an average of 14 months following diagnosis, despite undergo-
ing aggressive surgery, radiation, and chemotherapy [31]. Despite extensive research on
brain tumor segmentation, the ability to diagnose patients has not improved significantly
[24]. The precise delineation of pathological regions is essential for treatment decisions,
planning, and outcome monitoring [27]. However, the inherent spatial and structural
variations among brain tumors pose a formidable obstacle to automatic segmentation
[27], rendering brain tumor segmentation an ongoing challenge that necessitates further
research efforts.

1.3 Problem Statement

Diagnosing gliomas typically involves identifying two central pathological regions: the tu-
mor core (enhancing, non-enhancing, and necrotic parts) and the peritumoral edematous
area (infiltrating cells). Accurate segmenting these regions and predicting overall patient
survival pre- and post-treatment are crucial for informing patient diagnoses. Manual
delineation of tumor boundaries is labor-intensive and susceptible to human error and
observer bias [35].

However, automatic segmentation of brain tumors poses challenges due to variations
in tumor location and size among individuals. In some cases, tumors infiltrate surround-
ing normal tissues, further complicating delineation [24]. Deep learning techniques, while
powerful, demand substantial annotated data, presenting a challenge in the medical do-
main. Additionally, their computational requirements limit adoption in clinical practices,
particularly in developing countries.

Notably, no single algorithm universally outperforms others in simultaneously seg-
menting all tumor regions [24][4]. Many research efforts solely concentrate on the seg-
mentation task, overlooking the clinical relevance of predicting patient survival. While
the performance is still low, classical machine learning techniques dominate existing works
on survival prediction, which require robust feature extraction and selection mechanisms.

Due to limited datasets, applying deep learning techniques in survival prediction has
been an open challenge. The automatic extraction of numerous features by deep learning
methods makes them prone to overfitting, significantly impacting their performance. This
research aims to explore the application of deep learning techniques in segmentation
and prediction tasks, specifically emphasizing utilizing limited computational resources.
The objective is to address the challenges associated with accurate glioma diagnosis and
prognosis more resourcefully.

1.4 Aims and Objectives

This research aims to devise and evaluate computationally efficient deep-learning mod-
els for automatic brain tumor segmentation and overall survival prediction. The main
objectives of this research are to:

1. Conduct a critical analysis of the state-of-the-art automatic brain tumor segmen-
tation techniques.

3



2. Develop and evaluate computationally efficient deep learning models for automatic
brain tumor segmentation.

3. Design and evaluate a lightweight deep learning model for overall survival predic-
tion.

1.5 Methodology

The methodology in this work will be divided into two tasks: segmentation of gliomas and
prediction of patient overall survival (OS) from pre-operative scans. The segmentation
task will be addressed by using the BraTS Dataset[24] to develop a deep-learning method
for segmentation of the different glioma sub-regions, namely the “enhancing tumor,” the
“tumor core,” and the “whole tumor.”

Segmentation labels produced by the segmentation task will be combined with the
multimodal MRI data provided by the BraTS Dataset to extract appropriate imag-
ing/radiomic features that will be used to train machine learning algorithms for overall
patient survival prediction. Predictions will be in the following classes: short survivors (
< 10 months), mid-survivors, and long survivors (> 15 months).

1.6 Thesis Contributions

The main contribution is to develop deep learning techniques for accurate diagnosis and
prognosis of gliomas in a more resource-efficient manner. The following are the contribu-
tions of this thesis to the field of medical image analysis:

1. Chapter 2 presents a comprehensive study of state-of-the-art automatic brain tumor
segmentation techniques. An extensive overview of the fundamental building blocks,
state-of-the-art techniques, and tools integral to implementing automated brain
tumor segmentation algorithms are well presented. Unique challenges and their
possible solutions to medical image analysis are also discussed.

2. Chapter 3 addresses the need for efficient yet effective 3D brain tumor segmenta-
tion solutions. A computationally efficient 3D brain tumor segmentation network
architecture incorporating depthwise separable convolutions to alleviate computa-
tional burdens is proposed. Furthermore, the chapter presents several modifications
to the nnU-Net framework to reduce computational complexity while maintaining
competitive segmentation performance. Again, a computational analysis of recent
works for automatic brain tumor segmentation was discussed.

3. Chapter 4 proposes an end-to-end deep learning framework that utilizes adaptive
feature selection mechanisms for overall survival prediction. An extensive analysis
of several feature fusion strategies is presented.

1.7 Datasets Sources

The datasets used in this research came from the Brain Tumor Segmentation Challenge
(BraTS) [3, 4, 24] for the years 2020 and 2021. The datasets are open-source and pub-
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licly available. Furthermore, the challenge provides an online evaluation platform to
standardize the performance evaluation of proposed techniques.

1.8 Thesis Outline

The rest of this thesis is arranged as follows: Chapter 2 presents an extensive study of the
state-of-the-art deep-learning techniques of automatic brain tumor segmentation. Unique
challenges and their possible solutions to medical image analysis are also discussed. In
Chapter 3, we propose and evaluate computationally efficient deep-learning models for
automatic brain tumor segmentation. We also presented a computational study of recent
works for automatic brain tumor segmentation. Chapter 4 proposes and evaluates an
end-to-end deep learning pipeline for survival prediction. A quantitative analysis of the
performance of the proposed method against state-of-the-art was presented. In Chapter
5, we Harmonize the findings derived from the various papers within this thesis. Lastly,
in Chapter 6, we concluded this thesis with a discussion of presented methods and rec-
ommendations for further research.

5



Chapter 2

Deep Learning for Brain Tumor
Segmentation: A Survey of
State-of-the-Art

2.1 Introduction

In recent years, the field of medical image analysis has witnessed significant advancements,
with deep learning techniques emerging as powerful tools for automatic segmentation of
brain tumors. This chapter provides a comprehensive literature review, offering insights
into the state-of-the-art methods employed in the realm of automatic brain tumor seg-
mentation. By elucidating the key building blocks, datasets, tools, and techniques that
form the foundation of contemporary research, this review aims to distill the wealth
of knowledge in the field. Through a concise exploration of these pivotal aspects, the
groundwork is laid for a thorough understanding of the landscape surrounding automatic
brain tumor segmentation, setting the stage for the subsequent chapters of this thesis.

Part of this work was published in 1

1Magadza T, Viriri S. Deep Learning for Brain Tumor Segmentation: A Survey of State-of-the-Art.
Journal of Imaging. 2021; 7(2):19. https://doi.org/10.3390/jimaging7020019
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Abstract: Quantitative analysis of the brain tumors provides valuable information for understanding
the tumor characteristics and treatment planning better. The accurate segmentation of lesions requires
more than one image modalities with varying contrasts. As a result, manual segmentation, which is
arguably the most accurate segmentation method, would be impractical for more extensive studies.
Deep learning has recently emerged as a solution for quantitative analysis due to its record-shattering
performance. However, medical image analysis has its unique challenges. This paper presents a
review of state-of-the-art deep learning methods for brain tumor segmentation, clearly highlighting
their building blocks and various strategies. We end with a critical discussion of open challenges in
medical image analysis.

Keywords: brain tumor segmentation; deep learning; magnetic resonance imaging; survey

1. Introduction

Brain tumors are an abnormal growth of cells in the brain. Their exact causes are
not yet known, but there are factors that can increase the risk of brain tumor, such as
exposure to radiation and a family history of brain cancer. There has been an increase in
incidences of brain tumors in all ages globally over the past few years [1]. In the United
States alone, an estimate of 78,980 new cases of primary malignant and non-malignant
tumors were expected to be diagonized in 2018. Despite considerable efforts in brain tumor
segmentation research, patient diagnosis remains poor [2]. The most common types of
tumors in adults are meningiomas (low grade tumors) and gliomas and glioblastomas
(high grade tumors). Low grade tumors are less aggressive and they come with a life
expectancy of several years. High grade tumors are much more aggressive and they have a
median survival rate of less than two years.

Medical imaging techniques, such as Magnetic Resonance Imaging (MRI), CT scans,
Positron emission tomography (PET), among others, play a crucial role in the diagnosis
of the tumors. These techniques are used to locate and assess the progression of the
tumor before and after treatment. MRI is usually the modality of choice for diagnosis
and treatment planning for brain tumors [2] due to its high resolution, soft tissue contrast,
and non-invasive characteristics. Surgery is the most common form of treatment for
brain tumors, but radiation and chemotherapy can also be used to slow the growth of the
tumor [1]. More than one MRI slice is required to view different regions of the brain, e.g.,
T1, T2, T1 contrast and FLAIR images.

Again, in clinical practice, delineation of the tumor is usually done manually. An
experienced radiologist will carefully study the scanned medical images of the patient
segmenting all of the affected regions. Apart from being time consuming, manual seg-
mentation is dependent on the radiologist and it is subject to large intra and inter rater
variability [3]. Consequently, manual segmentation is limited to qualitative assessment or
visual inspection only.

J. Imaging 2021, 7, 19. https://doi.org/10.3390/jimaging7020019 https://www.mdpi.com/journal/jimaging
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Meanwhile, quantitative assessment of the brain tumors provides valuable informa-
tion for a better understanding of the tumor characteristics and treatment planning [4].
Quantitative analysis of the affected cells reveals clues about the disease progression,
its characteristics, and effects on the particular anatomical structure [5]. This task proved
to be difficult, because of large variability in shape, size, and location of lesions. More-
over, more than one image modalities with varying contrast need to be considered for
accurate segmentation of lesions [4]. As a result, manual segmentation, which provides
arguably the most accurate segmentation results, would be impractical for larger studies.
Most research endeavors today now focus on using computer algorithms for the automatic
segmentation of tumors with the potential to offer objective, reproducible, and scalable
approaches to the quantitative assessment of brain tumors.

These methods categorically fall into traditional machine learning and deep learning
methods [6]. The application of statistical learning approaches to low-level brain tumor
classification features is common in conventional machine learning methods. They mainly
focus on the estimation of tumor boundaries and their localization. Additionally, they heav-
ily depend on preprocessing techniques for contrast enhancement, image sharpening,
and edge detection/refining, relying on human expertise for feature engineering. Wadhwa
et al. [7] provide a concise overview of methods in this category.

On the other hand, deep learning methods rely on large scale dataset availability for
training and require minimum preprocessing steps than traditional methods. Over the past
few years, convolutional neural networks (CNNs) have dominated the field of brain tumor
segmentation [6]. Alom et al. [8] provide a detailed review of deep learning approaches
that span across many application domains.

Preliminary investigations [9,10] saw deep learning as a promising technique for
automatic brain tumor segmentation. With deep learning, a hierarchy of increasingly
complex features is directly learned from in-domain data [1] bypassing the need of feature
engineering as with other automatic segmentation techniques. Accordingly, the focus
would be on designing network architectures and fine-turning them for task at hand.
Deep learning techniques have been popularized by their ground breaking performance
in computer vision tasks. Their success can be attributed to advances in high-tech central
processing units (CPU) and graphics processing units (GPUs), the availability of huge
datasets, and developments in learning algorithms [11]. However, in the medical field,
there is hardly enough training samples to train deep models without suffering from
over-fitting. Furthermore, ground truth annotation of three-dimensional (3D) MRI is a time
consuming and a specialized task that has to be done by experts (typically neurologists).
As such, publicly available image datasets are rare and will often have few subjects [12].

In this survey, we highlight state of the art deep learning techniques, as they apply to
MRI brain tumor segmentation. Unique challenges and their possible solutions to medical
image analysis are also discussed.

2. Overview of Brain Tumor Segmentation

This section provides a brief introduction to brain tumor segmentation.

2.1. Image Segmentation

A digital image, like an MRI image, can be represented as a two-dimensional function,
f (x, y), where x and y are the spatial coordinates and the value of f at any given point (x, y)
is the intensity or gray level of the image at that point. Each point in an image represents
a picture element, called a pixel. The function f can also be viewed as M× N matrix , A,
where M and N represent the number of rows and columns, respectively. Thus,

A = f (x, y) =




a1,1 a1,2 . . .
...

. . .
aM,1 aM,N


 (1)
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In computer vision, image segmentation is the process of partitioning a digital image
into multiple disjoint segments, each having certain properties. It is typically used in order
to locate objects and their boundaries in images. This is achieved by assigning every pixel.
(x, y), in an image A, a label depending on some characteristics or computed property,
such as color, texture, or intensity.

The goal of brain tumor segmentation as depicted in Figure 1, is to detect the location,
and extension of the tumor regions, namely:

• active tumorous tissue;
• necrotic (dead) tissue; and,
• edema (swelling near the tumor).

Figure 1. Labeled example of a brain tumor illustrating the importance of the different modalities
(adapted from [13]).

This is done by identifying abnormal areas when compared to normal tissues [1].
Some tumors, like glioblastomas, are hard to distinguish from normal tissues, because they
infiltrate surrounding tissues causing unclear boundaries. As a solution, more than one im-
age modalities with varying contrasts are often employed. In Figure 1, two MRI modalities
(T1 with contrast and T2) were used in order to accurately delineate tumor regions.

2.2. Types of Segmentation

Brain tumor segmentation can be broadly categorised as manual segmentation, semi-
automatic segmentation, and fully automatic segmentation, depending on the level of
human involvement. Gordillo et al. [14] provide a full description of these methods.

2.2.1. Manual Segmentation

With manual segmentation, a human operator uses specialized tools in order to
carefully draw or paint around tumor regions. The accuracy of segmentation results
depends heavily on the training and experience of the human operator as well as knowledge
of brain anatomy. Apart from being tedious and time consuming, manual segmentation is
widely used as a gold standard for semi-automatic and fully automatic segmentation.

2.2.2. Semi-Automatic Segmentation

Semi-automated segmentation combines both computer and human expertise. User in-
teraction is needed for the initialisation of the segmentation process, providing feedback
and an evaluation of segmentation results [3]. Although semi-automatic segmentation
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methods are less time consuming than manual segmentation, their results are still depen-
dent on the operator.

2.2.3. Fully Automatic Segmentation

In fully automatic brain tumor segmentation, no human interaction is required. Arti-
ficial intelligence and prior knowledge are combined in order to solve the segmentation
problems [3]. Fully automatic segmentation methods are further divided into discriminat-
ing and generative methods. Discriminating methods often rely on supervised learning
where relationships between input image and manually annotated data are learnt from
a huge dataset. Within this group, classical machine learning algorithms, which rely on
hand crafted features, have been extensively used with great success over the past years.
However, these methods may not be able to take full advantage of the training data due to
the complexity of medical images [15]. More recently, deep learning methods have gained
popularity because of their unprecedented performance in computer vision tasks and their
ability to learn features directly from data. On the other hand, generative methods use
prior knowledge regarding the appearance and distribution of difference tissue types.

3. Deep Learning

Deep learning is a class of machine learning algorithms that uses multiple layers
to learn a hierarchy of increasingly complex presentations directly from the raw input.
Machine learning models are all about finding appropriate representations for their input
data. In this section, we will describe the building blocks, and recent techniques and
architectures of deep learning algorithms for brain tumor segmentation that we found in
papers surveyed in this work, as summarized in Figure 2.

Figure 2. Building blocks, architectures and techniques for deep learning algorithms for brain
tumor segmentation.
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3.1. Neural Networks

A neural network is a type of a machine learning algorithm that is able to learn useful
representations from data [16,17]. The network is formed by connecting processing units,
called neutrons, by directed links. Each link is associated with a weight that adjusts as
learning proceeds. When the topology of the network forms a directly acyclic graph, the
network is referred to as a feed forward neural network (Figure 3). Associated with each
neutron is a function f (x : θ), which maps an input x to an output y and it learns the
value of the parameters θ = {w, b}, where w is a weight vector and b is a scalar, through a
back-propagation algorithm:

f (x : θ) = σ(w · x + b) (2)

where σ(·) is element-wise non-linearity activation function.

Figure 3. Typical feed-forward neural network composed of three layers. (adapted from [18]).

In a typical neural network, neurons are organized in layers. The input of each neuron
in a layer is connected to all or some of the output of neurons in the up-stream layer.
Likewise, the output of each neuron is connected to all or some of the input of neurons in
the downstream layer. The first layer in the network is the input layer, and the final layer is
the output layer. Layers in the middle are referred to as hidden layers. When each neuron
in a layer is connected to all of the neurons in the next layer, the network is called fully
connected network. A deep neural network is formed when there are many hidden layers,
hence the term deep learning.

3.2. Convolutional Neural Network (CNN)

A convolutional neural network is a type of a neural network that performs a convolu-
tional operation in some of its layers. The convolutional layer is able to learn local features
from the input data. By stacking many convolutional layers one after the other, the network
is able to learn a hierarchy of increasingly complex features. A polling layer is usually
added in-between successive convolutional layers to summarize important features. This
will reduce the number parameters that are passed to downstream layers and, at the same
time, introducing translation invariant (able to recognize learned patterns, regardless of
their geometric transformations) to the network.

Recently, CNN has become the de factor model for brain tumor segmentation because
of its record shattering performance in classical computer vision problems as well as in
medical image analysis as compared to other models. CNN models are able to learn spatial
hierarchies of features within data, for example, the first convolutional layer will learn
small local patterns, like edges, the second layer will learn larger patterns made up of
features of the preceding layer and so on. This ability make them a better fit for image
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analysis task. Furthermore, units in convolutional layers share weights, thereby reducing
the number of parameter to learn and improve the efficiency of the network.

3.3. Building Blocks CNN
3.3.1. Convolutional Layer

This layer consists of a set of learnable filters or kernels (the typical size is usually 3× 3
or 3 × 3 × 3, depending whether the input is a two-dimensional (2D) or three-dimensional
(3D) image, respectively) that are used to slide over the entire input volume, performing a
dot product between entries of the filter and the input at that point. Thus, the convolutional
operation first extracts patches from its input in a sliding window fashion, and then applies
the same linear transformation to all of these patches. The output of the convolution
operation is sometimes referred to as the feature map. The network will learn filters that
recognize certain visual patterns present in the input data. When convolutional layers are
stacked one after the other, the network is able to learn a hierarchy of increasing complex
features, from simple edges to being able to recognize the presence of a face for example.

Over the past few years, there were various attempts meant to improve the perfor-
mance of deep learning models by replacing the conventional convolutional layer with
blocks that increase the network’s capacity while using less computational resources. For ex-
ample, Szegedy et al. [19] introduced the inception block that captured sparse correlation
patterns whlie using multi-scale receptive fields. Their network architecture, the GoogleNet,
a winner of ILSVRC 2014, had fewer network parameters and required less computational
resources than its predecessors AlexNet [20] or VGG [21]. The residual block was another
notable improvement [22], which facilitated very deep networks that do not suffer from
the vanishing gradient problem. Hu et al. [23] introduced the Squeeze-and-Excitation (SE)
block that captured the interdependencies between the network’s feature maps.

3.3.2. Pooling Layer

A pooling layer usually follow a convolutional layer or a set of convolutional layers.
The goal is to reduce the dimensions of the feature maps, and at the same time, keep
important features. A pooling operation is applied to a rectangular neighbourhood in
a sliding window fashion. For example, the max pooling is used in order to produce a
maximum of a rectangular neighbourhood. Other popular pooling operations include
average and weighted average pooling.

3.3.3. Non-Linearity Layer

Typical convolutional layers involves three steps [16]. In the first step, the layer
performs convolutional operation on input feature maps to produce a set of linear acti-
vations. Second, a non-linear transformation is performed on the output feature maps.
Third, a pooling layer is used in order to modify the output further. Non-linear transfor-
mations can be obtained by using special class of functions, called activation functions.
Non-linearity gives the network the ability to learn nontrivial representations that are
sparse. Hence, making the network resilient to slight modifications or noise in the input
data as well as improving computational efficiency of the representations.

In the past, sigmoid and hyperbolic tangent functions were commonly used for the
non-linearity layer. Today, the most popular activation function is the rectified linear
unit (ReLU), which is expressed as f (z) = max(z, 0). It was observed in [20,24], where
ReLU typically learns faster in network with many layers and does not suffer from vanish-
ing/exploding gradients, as with the sigmoidal activations. However, ReLU presents some
potential drawbacks when the network saturates with a constant zero gradient causing
the network to converge slowly. As a solution, Maas et al. [25] proposed a Leaky ReLU
(LReLU) that allows for small, non-zero gradient to flow when the network is saturated.
This function is defined as

f (z) = max(z, 0) + αmin(0, z) (3)
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where α is a constant leakiness parameter(typically 0.01). Another common variant of ReLU
is Parametric Rectified Linear Unit (PReLU) [26]. This activation function adaptively learns
the parameter α in Equation (3), thus improving the accuracy with less computational cost.

3.3.4. Fully Connected Layer

The convolutional layers are used as feature extractors. The features that they produce
are then passed to the fully connected (FC) layers for classification. Each unit in the FC
layer is connected to all of the units in the previous layer, as shown in Figure 3. The final
layer is usually a softmax classifier, which produces a probability vector map over the
different classes. All of the features are converted in to a one-dimensional feature vector
before being passed to a FC layer. By doing so, spatial information inherent in image data
is lost. Another issue with the FC layers is that they have a larger number of parameters as
compared to other layers that increase the computational costs and require input images to
be of the same size.

As a solution to above problems, Long et al. [27] proposed converting FC layers to
1 × 1 convolutional layers, thus transforming the the network into a fully convolutional
network (FCN). The network takes the input of any arbitrary sizes and outputs a grid of
classification maps.

3.3.5. Optimization

The performance of the deep CNN can be improved (or optimized) by training the
network on a large dataset. Training involves finding the parameters θ of the model that
significantly reduce a cost function J(θ). Gradient descent is the widely used method for
updating network parameters through a back-propagation algorithm. Optimization can
be done per single sample, subset, or full set of the training samples. Thus, stochastic,
mini-batch, or batch gradient descent, respectively. Today, many optimization algorithms
for deep learning use mini-batches and it is now common to just call them stochastic
methods [16].

Stochastic gradient descent (SDG) comes with few notable challenges. Choosing an
appropriate learning rate can be difficult. A learning rate that is too small leads to very
slow convergence (tiny updates to the model parameters) and, at the same time, too large
will result in undesired divergence behavior in the loss function. All of the parameter
updates are based on the same learning rate, disregarding the fact that some of the features
might have higher frequency than other. Another key challenge is that optimization
can be trapped in sub-optimal local minima or saddle points, especially for non-convex
optimization [28].

Various variants of SDG have been proposed in the literature that address the afore-
mented challenges. Memontum-based SDG methods [29] can help in accelerating SDG
in relevant direction, dampening undesirable oscillations in local optima. Adagrad [30]
addressed the issue of manually turning the learning by adapting the learning rate to the
parameters, performing larger updates for infrequent parameters as compared to frequent
ones. However, Adagrad suffers from monotonically decreasing learning rate to a point
at which the algorithm stops learning. Adadelta [31], RMSprop [32], and Adam [33] ad-
dressed the shortcomings of Adagrad by dividing the learning rate by an exponentially
decaying average of past gradients.

3.3.6. Loss Function

In machine learning, a loss function is used in order to evaluate how well a specific
algorithm models the given data. When the output is far from the true value, loss will be
very high and low when the predictions are close to the true values. The primary goal
of training a neural network is to minimize the loss (or cost) function of the network as
much as possible and, at the same time, ensuring that the network generalizes well with
unseen data.
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The choice of the cost function depends on the problem area, whether it is a classifica-
tion or regression problem and the choice of the output unit [16]. The majority of the image
classification algorithms use softmax loss, withhs a combination of softmax and CE loss or
log-loss [28]. The softmax function produces a probability distribution over a number of
given output classes, while the CE loss takes the probability of predictions and penalizes
predictions that are confident but wrong. Class imbalance is one major issue in medical
image analysis, where one class will have fewer instances than the other. For example,
a brain tumor occupies a small portion when compared to healthy tissues. As a result,
the classifier will tend to be biased to the majority class. One way of addressing such a
problem is to adapt loss functions for class imbalance. Some works [34–36] proposed a loss
function that is based on the Dice coefficient. Ronneberger et al. [37] proposed a weighted
CE loss, which gives more importance to some pixels in the training data.

3.3.7. Parameter Initialization

Deep learning optimization algorithms are iterative in nature, thus requiring the user
to specify initial starting point of the algorithms [16]. The choice of initialization will
influence how quickly learning can converge if it can converge at all. Empirical studies
have shown that a carefully chosen initialization scheme dramatically improves the rate of
convergence [38], while gradient-based optimization starting from random initialization
may get stuck near poor solutions [39].

Ref. [38] proposed a normalized initialization scheme (Xavier initialization), which
guarantees that weight initialization should not obtain values that are too small or too large,
thus reducing saturation and vanishing gradients, thereby improving convergence. This ap-
proach was later improved in [26] to perform much better on Relu or PRelu activations and
extreme deep models.

3.3.8. Hyperparameter Tuning

Hyperparameters are parameters that are supplied by the user to control the algo-
rithm’s behavior before training commences, such as learning rate, batch size, image size,
number of epochs, kernel size etc. While the learning algorithms do not adapt these parame-
ters, their choice has varying effects on the resulting model and its performance. The major-
ity of the works studied in this review set their hyperparameters manually or perform a grid
search while using the validation set. However, these approaches will become impractical
when the number of hyperparameters is large [40] and they rely on human expertise, intu-
ition, or guessing. As a solution to these challenges, automated approaches, like AutoML
(http://www.automl.org) and Keras Tuner, (https://keras-team.github.io/keras-tuner/)
are beginning to gain much attention.

3.3.9. Regularization

Regularization is a technique for improving the performance of a machine learning
algorithm on unseen data. It is a way of reducing over-fitting on training set. Over-
fitting occurs when the gap between the training error and test error is too large [16].
When that happens, the model performs well on training data, but poorly on previously
unseen data. There are various techniques that can be employed in order to reduce the
generalization error, such as reducing the model capacity, which is, reducing the number
of learnable parameters in the model; adding L2 or L1 weight decay regularization term
to the cost function to force the model to only take small weight values; introducing
early stopping whenever the model performance stops improving on validation dataset;
randomly dropping out (skipping) the output of some units during training [41]. The last
approach is one of the most effective and most commonly used technique [17], mainly
because it is computationally inexpensive and prevents interdependent learning amongst
units. Batch Normalization [42] can also be used as a regularizer by ensuring that the
distribution of non-linearity inputs remains more stable as the model trains, thereby
improving the training of the model.
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Training a machine learning model with more data is the best way to reduce the
generalization error. However, in the medical domain, acquiring a training dataset is time-
consuming, more expensive, and requires highly trained personnel to annotate ground
truth labels. Data augmentation can increase the dataset and reduce over-fitting by flipping,
applying small rotations, warping, and using the non-rigid deformation transformation
of images. However, great care must be taken when performing transformations of the
medical image dataset since the patch’s label is determined by the center of pixel [43].
Some recent works used generative models that include variational autoencoders [44] and
generative adversarial networks [45] to act as additional regularization that deals with
data scarcity.

3.4. Deep CNN Architectures
3.4.1. Single Pathway

A single pathway architecture is a basic network that resembles a feed-forward deep
neural network. Data flows from the input layer to the classification layer using a single
path. Urban et al. [10] proposed a 3D single path CNN which has fully connected convolu-
tional layer as the classification layer. This gave the network the ability to classify multiple
3D pixel in one go. In [46], each image’s modality was fed to a different two-dimensional
(2D) CNN. The result of each CNN was then used as features to train a random forest
classier. Extracts from XY, XZ, and YZ planes around each center pixel were used as the
neighborhood information. Pereira et al. [43] used small kernels in their convolutional
layers. As a result, a very deep network, DeepMedic, was obtained, which can learn more
feature hierarchies. Their architecture obtained first and second positions in BRATS 2013
and 2015 challenge,respectively.

3.4.2. Dual Pathway

Many segmentation algorithms perform pixel-wise classification, where an input patch
is extracted from an MRI image and then predicts the label of the central pixel without
considering global neighborhood information. This can be risky because of infiltrating
nature of brain tumors, which produces unclear boundaries. Hence, local information
cannot be enough to accurately produce good segmentation results. As a solution, other
researchers [1,47] introduced neighbourhood information to the mix by using CNN with
two data streams (dual pathway) that are combined in order to influence label predictions
of each pixel. One of the streams will represent local information, the visual details of the
region around the center pixel. The other stream represents the global context, which takes
the location of the extracted patch in the brain into account.

3.4.3. Cascaded Architecture

In a cascaded architecture, the output one CNN is concatenated with the other.
There many variations with this architecture in the literature, but the most prominent
is the input cascade [1,48]. In this architecture the output of one CNN becomes a direct
input of another CNN. The Input cascade is used in order to concatenate contextual in-
formation to the second CNN as additional image channels. This is an improvement to
the dual-path way that performs multi-scale label predictions separately from each other.
Another variation of cascaded architecture is the local pathway concatenation [1]. In this
architecture, the output of the first CNN is concatenated with the output of the first hidden
layer of the second CNN instead of its input.

Hierarchical segmentation [34,49] is another form of a cascaded architecture. In this
architecture, the segmentation of brain tumor regions is sequentially done by reducing
the multi-class segmentation problem into the multi-stage binary segmentation problem.
This architecture takes full advantage of the hierarchical nature of tumor sub-regions and
helps in reducing false positives as well as mitigating the inherent class imbalance problem.
The first stage of architecture segments the whole tumor from the input MRI modalities,
which is then used as a bounding box for the next stage. For the second stage, the output of
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the first stage is used as an input to perform either a multi-class intra-tumoral segmentation,
as in [49], or perform successive binary segmentation of the remain tumor sub-regions [34].
Wang et al. [34] observed an increase in the training and inference time of a multi-stage
binary segmentation as compared to a single multi-class network approach.

3.4.4. UNET

The UNET architecture [37] is an improvement of FCN [27], which resembles an
encoder and decoder network designed specifically for biomedical image segmentation.
The network consists of a contracting path (encoder) and an expansive path (decoder),
which gives it the u-shaped architecture. The contracting path consists of the repeated
application of two convolutional layers, followed by a rectified linear unit (ReLU) and max
pooling layer. Along the path, the spacial information is reduced, while feature information
is increased. The expansive path consists of a series of up-sampling operations combined
with high-resolution features from the contracting path through skip connections.

3.5. Techniques for Brain Tumor Segmentation
3.5.1. Pre-Processing

Data preprocessing is a very crucial step of preparing raw input data to be more
amenable to neural networks. MRI images contains various artifacts that are caused by the
acquisition protocol and the hardware used. These artifacts need to be corrected before
the images are fed into the network for better performance. One of the notable artifacts
is the presence of smooth intensity variations within the image, which is also known
as bias field. Among various techniques for bias field correction, the non-parametric
nonuniform normalization (N3) [50] approach has become the technique of choice for bias
field correction due to its ease of use and its availability as an open source project [51]. This
technique was later improved in [51] and it is also well known as N4ITK. These techniques
are limited to a single image. Accordingly, for uniform intensity distribution across patients
and acquisitions, the intensity normalization proposed by Nyul et al. [52] can be applied.

Another popular preprocessing technique is to normalize image dataset to have a
mean zero and a standard deviation of one. This technique assists in removing the bias
from features. Image cropping can also be applied to remove as much background pixels
as possible.

3.5.2. Post-Processing

The post-processing step is performed to further refine the segmentation results. It
helps in reducing the number of misclassifications or false positives in the segmentation
results while using algorithms, like conditional random fields (CRF) [4,34,53], markov
random fields (MRF) [54], connected component analysis [1,53,55], and morphological
operators [48,56]. CRF and MRF based techniques effectively remove false positives by com-
bining model predictions with low-level image information, like local interations of pixels
and edges when making finer adjustments. However, these techniques are computationaly
expensive [14]. Connected compents analysis involves finding and extracting connected
components and then applying a simple thresholding technique to remove unwanted blobs.
Another technique of removing false positive around edges of the segmentation image is
to apply morphological operations, erosion, and dilation in succession.

3.5.3. Class Imbalance

The performance of the segmentation task is affected by the class imbalance problem,
where there is an unequal distribution of voxel classes in the training dataset. For example,
in brain tumor segmentation, healthy voxels constitute 98% of the total voxels [1]. Training
the model on this distribution will cause the model to be more biased towards the majority
class. Whereas, training with equal distribution results in bias towards tumor classes [57].
Several techniques have been explored in the literature in order to address this problem.
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Many works incorporated loss-based methods of addressing the class-imbalance
problem. Lin et al. [58] proposed a loss function that addresses the problem by dynamically
scaling the loss based on the model’s confidence in classifying samples. The scaling factor
was reduced when the model’s accuracy in classifying classed increases. As a result,
the model pays more attention to misclassified samples. In [59], dice loss was used as
a means of addressing the problem. Some works [60,61] incorporated a weighted-loss
function, where voxels (or pixels) belonging to different classes are assigned weights
according to their distribution in the training data. This ensures that each class in the
segmentation problem has an equal contribution to the model’s loss. Kuzima et al. [62]
combined the CE loss with Dice based loss as means of addressing class imbalance problem.
Other works explored hard negative mining [63,64] as a solution to the class-imbalance
problem. Voxels with largest negative losses and positive voxels are used in order to update
the model’s weights.

Two-phase training [1,5,57] is also another way of dealing with the class imbalance
problem. In the first phase, the network is trained with patches that have equal class
distribution and then trained with true class distribution in the second phase. Hussain
et al. [57] reported that two-phased training helped in removing most of the false positives.

In [34], Wang et al. pointed out that hierarchical segmentation also assists in address-
ing the class-imbalance problem.

3.5.4. Data Augmentation

Data augmentation is a technique for reducing the generalization error of a machine
learning algorithm. As indicated earlier, one way of effectively increasing the machine
learning model’s generalization capabilities is to train it on more data. However, acquiring
a considerable amount of high-quality training data is nearly impossible in practice, espe-
cially for the medical domain. Data augmentation has emerged in order to increase the
training data by creating more synthetic data and adding (augment) it to the training set.

Data augmentation can be broadly divided into two categories [65]: the transformation
of original data and artificial data generation. With the transformation of original data,
new data are generated by applying various transformations on the original data, which
include affine transformations (which involves rotation, zooming, cropping, flipping, and
translations), elastic transformations (shape variations), and pixel-level transformation
(intensity variations). While these transformations assist in mitigating insufficient data
challenges, they fundamentally produce very correlated images [66], which results in very
little performance improvement [66,67] and sometimes generates anatomically incorrect
examples (e.g. using rotation) [65]. However, their use in the literature is widespread, due
to the ease of implementation.

On the other hand, artificial data generation [67,68] exploits the Generative adversarial
networks (GANs) [69] to generate realistic data that are indistinguishable from the real
data and also serves as a effective method for data anonymization [66]. GANs are able
to generate a wide variety of realistic samples that can bring invariance and robustness.
However, there are scenarios where they can generate samples that are very similar to the
real ones, resulting in poor performance [65].

3.6. Datasets

Over the past few years, there have been considerable research interests in automatic
brain tumor segmentation. As research output continued to grow, the objective evaluation
of different algorithms became a challenge because researchers used private datasets with
varying attributes. As a result, benchmarking challenges, such as Multi-modal Brain Tumor
Image Segmentation (BRATS), emerged to standardize performance evaluation while using
publicly accessible datasets. Table 1 show a summary of the mostly used datasets for brain
tumor segmentation.

Since 2012, the BRATS Challenge [2], in conjunction with the International Conference
on Medical Image Computing and Computer-Assisted Interventions (MICCAI), has been
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the primary bench-marking resource for brain tumor segmentation. It offers the medical re-
search community publicly accessible datasets for training and validation and standardized
metrics in order to objectively evaluate model performance against an online evaluation
platform. The dataset initially contained as small as 30 clinically acquired scans of glioma
patience, and the number has continued to grow over the subsequent years.

Table 1. Summary of commonly used public datasets for brain tumor segmentation.

Name Total Training Data Validation Data Testing Data

BRATS 2012 [2] 50 35 - 15
BRATS 2013 [2] 60 35 - 25
BRATS 2014 [2] 238 200 - 38
BRATS 2015 [2] 253 200 - 53
BRATS 2016 [2] 391 200 - 191
BRATS 2017 [2] 477 285 46 146
BRATS 2018 [2] 542 285 66 191
BRATS 2019 [2] 653 335 127 191
Decathlon [70] 750 484 - 266

Medical Segmentation Decathlon Challenge offers a relatively large dataset that sup-
ports a wide range of segmentation task. The Challenge aims to facilitate research in
general-purpose segmentation algorithms that solve various functions without any human
intervention. For brain tumor segmentation, the dataset comprises a subset of the 2016 and
2017 BRATS Challenge data.

3.7. Performance Evaluation Metrics

In order to objectively measure the performance of segmentation algorithms, re-
searchers have to group different tumor structures into three mutually inclusive regions:

• the whole tumor (includes all tumor structures);
• the tumor core (exclusive of edema); and,
• the active tumor (only consists of the "enhancing core").

Subsequently, they measure the algorithm’s performance on each region against
several metrics that include the Dice score, Sensitivity, Specificity, and Hausdorff measure.

3.8. Software and Frameworks

Researchers and engineers have always relied on open-source software frameworks
from idea generation to experimentation to production deployments in order to accelerate
the deep learning workflow. This section described some of the popular machine learning
frameworks that were used in the reviewed papers.

Theano [71] is a free and open-source python framework for the fast computation of
large-scale dataflow mathematical expressions compiled and executed naively on both
CPUs and GPUs. Moreover, the research community has been utilizing the platform
in order to conduct machine learning research. However, it is not a purely a machine
learning framework, but rather a compiler for mathematical expressions that are defined
in NumPy-like syntax. Several high-level software packages like Pylearn2, Keras, blocks,
and Lasagne have been built on top of Theano, leveraging its strengths as an efficient
mathematical powerhouse.

Pylearn2 [72] is a free and open-source machine learning library that is built on top
of the Theano framework. It started gaining popularity after being used to win a transfer
learning challenge and implementing various state of the art computer vision benchmarks.
The library focuses on flexibility and extensibility, allowing for researchers to implement
arbitrary machine learning models at ease. Unfortunately, the library no longer has an
active developer and has, ever since, fallen behind other actively maintained frameworks,
like Keras.
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Caffe [73] is a C++ deep learning framework that was initially developed for computer
vision applications and later spread to other domains like robotics, neuroscience, and
astronomy. It offers a complete toolkit for a deep learning pipeline, from training to
production deployment. Each processing stage is supplemented with well-documented
examples. Moreover, the framework is shipped with implementations of popular deep
learning building block and reference models allowing for quick experimentation with state-
of-the-art deep learning methods. The definition of models is done in config files, rather
than being hard-coded, ensuring the separation of representation from implementation.

Pytorch [74] is yet another fully-fledged open-source deep learning framework. Its de-
sign philosophy moved away from the define and execute style, as in many frameworks
that create a static computational graph before running the model. While this approach is
powerful, it sacrifices usability, the ease of debugging, and flexibility. Instead, Pytorch took
an imperative approach by dynamically constructing the computational graph, allowing
for the models to be idiomatically defined following the python programming model.
The framework also offers a seamless transition from research to production, distributed
training, and the seamless execution of models on edge devices.

Tensorflow [75] is an end-to-end distributed deep learning platform for large scale
machine learning applications. The platform supports the execution of dataflow graphs
across a span of heterogeneous devices, such as mobile devices and large-scale distributed
systems, with little or no change. Its design philosophy has been used to simplify model
parallelism within a single machine and across thousands of distributed systems. It has a
complete toolbox for quick experimentation with state-of-the-art deep learning models,
seamless transition from research to heterogeneous deployments, and the visualization
and debugging of large-scale models.

Keras [76] is a fast-growing high-level API for deep learning applications. Although it
initially supported multiple data-flow graph back-ends, like Theano, it is now deeply
woven into the Tensorflow 2 ecosystem. It provides consistent and simple APIs to quickly
experiment with new models and leverage Tensorflow in order to export the models to run
in browsers and mobile devices. Moreover, it comes bundled with building blocks and pre-
trained state-of-the-art models for various machine learning domains. The industry and
the research community have adopted the platform, because of its ease of use, user-centric
approach, and extensive documentation.

4. Discussion

Deep learning methods to medical image analysis have received tremendous attention
over the past few years. This is evident in the considerable increase in the number of
published works each year [2]. Deep learning techniques are able to learn a hierarchy of
increasingly complex features directly from data, as stated earlier. For example, in brain
tumor segmentation, deep learning algorithms can learn to segment MRI images by being
trained on a sufficiently large dataset. For this reason, CNN based models have been widely
adopted in medical image analysis, following their success in solving many problems in
computer vision, speech recognition, and natural language processing. Table 2 shows a
summary of deep learning methods that were reviewed in this work. Many techniques
differ considerably in terms of architectural design, with recent works following the
Unet [37] architecture and ensemble methods as shown in Table 3. Moreover, several
techniques have been developed in order to address inherent problems in automated brain
MRI analysis.
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Table 2. Overview of Deep learning methods for brain tumor segmentation. BN = Batch normalization, GN = Group
normalization, outliers = remove top 1%, hist-norms = Histogram normalization,RN = Range normalization, HS = Histogram
standardization, slice-norm = Slice-based normalization, PLN = Piece-wise linear normalization, IN = Instant normalization,
CE = Cross entropy,BS = Bootstrapping, SS = Sensitivity-specification, NM = Negative Mining, WCE = Weighted cross-
entropy, neg-mining = Hard negative mining.

Reference Input Preprocessing Regulization Loss Optimizer Activation

Unet Architecture

[47] 3D Z-score ReLu
[77] 2D BN Dice, WCE, Adam ReLU

BS, SS
[34] 2D Z-score, hist-norms dropout CE SDG LReLU
[78] 3D cropping BN Jaccard loss, CE PReLU
[79] Z-score, N4ITK,lin-norm
[80] 2D Dice Adam
[81] 2D Z-score, HM BN CE Adam ReLU
[82] 3D bounding box dropout Dice Adam
[83] 3D Z-score, rescaling, outliers IN, L2 Dice Adam LReLU
[84] 2D slice-norm CE Adam
[85] 3D BN Dice Adam
[15] 2D Z-score BN CE Adam ReLU
[63] 3D Z-score GN CE, neg-mining SGD
[36] 2D bounding-box, cropping, BN Dice Adam Relu

Z-score, intensity-windowing
[86] 2D N4ITK, Nyúl BN, spatial-dropout CE Adam ReLU
[60] 2D BN CE ReLU
[87] 2D Z-score, remove outliers BN WCE, Dice SGD PReLU
[88] 3D Z-score IN, L2 CE, Dice Adam LReLU
[5] N4ITK, remove outliers WCE Adam
[35] 2D Z-score BN Dice Adam Relu
[59] 3D Z-score BN Dice Adam PReLU
[89] 3D Z-score BN, L2 CE, Dice, focal Adam ReLU
[90] Z-score Adam RelU
[91] 3D Z-score GN, L2, Dropout Dice Adam ReLU
[92] 3D RN, random axis mirror CE, Dice SDG
[64] 3D Z-score, N4ITK BN, L2 CE, NM Adam ReLU

Dual-pathay Architecture

[10] 2D L1, L2 Dropout SDG
[1] 2D Z-score, N4ITK, outliers L1, L2, Dropout log-loss Maxout ReLU
[47] 2D Z-score Adam ReLU
[57] 2D Z-score, N4ITK BN, Dropout log-loss SDG ReLU
[63] 3D GN CE, NM SDG
[53] 2D N4ITK PReLU
[5] N4ITK, outliers WCE SGD
[93] 3D N4ITK, LIN ReLU
[94] 3D Dropout log-loss SDG PReLU
[95] 2D N4ITK Dropout SGD ReLU
[4] 3D Z-score log-loss ReLU
[79] Z-score, N4ITK, PLN
[96] 3D Z-score BN, L2, Dropout ReLU
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Table 2. Cont.

Reference Input Preprocessing Regularization Loss Optimizer Activation

Single-pathway Architecture

[9] 2D log-loss SGD ReLU
[46] 2D Dropout CE SGD ReLU
[43] 2D SGD ReLU
[64] 3D Z-score, N4ITK BN CE, NM Adam ReLU
[97] 2D CE Nesterov, RMSProp ReLu
[98] 2D Z-score, outliers Adam, SGD, RMSProp ReLu
[99] 3D ReLU
[43] 3d Z-score, N4ITK, Nyúl Dropout CE Nesterov LReLU

Ensemble Architecture

[59] 3D Z-score BN dice Adam PReLU
[64] 3D Z-score, N4ITK BN CE, NM Adam ReLU
[63] 3D GN CE, NM SDG
[61] 2D Z-score, N4ITK, HN, Dropout CE Adam
[98] 2D Z-score, outliers Adam, SGD, RMSProp ReLu
[44] 3D Z-score GN, L2, spatial dropout Dice Adam ReLU
[79] Z-score, N4ITK, PLN

Cascaded Architecture

[34] 2D HS, Z-score dropout CE SGD LReLU
[1] 2D Z-score, N4ITK, remove outliers Dropout L2, L1 log-loss Maxout
[48] 2D Maxout RelU
[85] 3D BN Dice Adam LReLU
[100] 2D Z-score, BN,outliers L2, dropout CE SGD ReLU
[34] 2.5D Z-score BN Dice Adam PReLU
[59] 3D Z-score BN Dice Adam PReLU
[89] 3D Z-score Adam ReLU
[86] 2D Z-score, N4ITK BN, spatial dropout CE SDG ReLU
[34] 3D Z-score BN Dice Adam PReLU
[86] N4ITK, Nyúl BN, dropout CE Adam ReLU
[35] 2D Z-score BN Dice Adam ReLU
[91] 3D Z-score GN, L2, dropout Dice Adam ReLU
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Table 3. A summary of top performing methods on BraTS 2017, 2018, and 2019 validation data as reported by the online evaluation platform. ET—Enhancing tumor, WT—Whole tumor,
and TC—Tumor core.

Rank Reference Architecture
Dice Sensitivity Specificity Hausdorff 95

ET WT TC ET WT TC ET WT TC ET WT TC

BraTS 2017

1 [79] Ensemble 0.738 0.901 0.797 0.783 0.895 0.762 0.998 0.995 0.998 4.499 4.229 6.562
2 [34] Cascaded 0.786 0.905 0.838 0.771 0.915 0.822 0.999 0.995 0.998 3.282 3.890 6.479
3 [83] Unet 0.776 0.903 0.819 0.803 0.902 0.786 0.998 0.996 0.999 3.163 6.767 8.642
3 [101] SegNet 0.706 0.857 0.716 0.687 0.811 0.660 0.999 0.997 0.999 6.835 5.872 10.925

BraTS 2018

1 [44] Ensemble 0.825 0.912 0.870 0.845 0.923 0.864 0.998 0.995 0.998 3.997 4.537 6.761
2 [88] Unet 0.809 0.913 0.863 0.831 0.919 0.844 0.998 0.995 0.999 2.413 4.268 6.518
3 [102] Ensemble 0.792 0.901 0.847 0.829 0.911 0.836 0.998 0.994 0.998 3.603 4.063 4.988
3 [103] Ensemble 0.814 0.909 0.865 0.813 0.914 0.868 0.998 0.995 0.997 2.716 4.172 6.545

BraTS 2019

1 [91] two-stage Unet 0.802 0.909 0.865 0.804 0.924 0.862 0.998 0.994 0.997 3.146 4.264 5.439
2 [92] Unet 0.746 0.904 0.840 0.780 0.901 0.811 0.990 0.987 0.990 27.403 7.485 9.029
3 [104] Ensemble 0.634 0.790 0.661 0.604 0.727 0.587 0.983 0.980 0.983 47.059 14.256 26.504
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Deep learning algorithms require a relatively large amount of training data to gen-
eralize well on unseen data. However, this poses many challenge in the medical domain.
Firstly, it takes a well trained radiologist a considerable amount of time to annotate even
a single MRI volume. Moreover, the work is subject to an intra-rater and inter-rater
variability. Therefore, all of the annotations are approved by one to many experienced
neuro-radiologists [105], before they can be used in supervised training, which makes the
process of creating training and testing datasets not only time consuming, but expensive.
Secondly, medical data is protected by data protection laws that restrict the usage and
sharing of this kind of data to other parties. Consequently, a lot of time is spent seeking
approvals and removing personal identifiable information from medical data. Fortunately,
Table 1 shows a consistent increase of training and testing data for the BraTS Challenge.
Hopefully, this trend will continue in the coming years. Thus, facilitating training relative
deep networks and reducing over-fitting.

Because the lack of large-scale datasets restricts deep learning models’ full potential, re-
searchers have adopted data augmentation as an immediate solution to the data challenges
that are mentioned above. Other works have recently explored weakly-supervised learn-
ing [106–108] as a promising solution to address the need for fully annotated pixel-wise
labels. Instead of performing pixel-level annotations, known to be tedious and time-
consuming, weakly-supervised annotation uses bounding box or image-level annotations in
order to signify the presence or absence of lesions in images. This approach has the benefit
of being cheap, contains less labeling noise [107], far larger volumes of data can be generated
than pixel-level annotation, and training of deep learning models can leverage both kinds
of datasets.

Moreover, deep learning techniques require a huge amount of computational and
memory resources [28]. Very deep networks, which are becoming a widespread, have
millions of parameters that result in many costly mathematical computations that are
restrictive on the kind of computational hardware that can be used by researchers. Fur-
thermore, the use of 3D deep learning models increases the computational and memory
requirements by large margins. All of the reviewed literature use deep learning software
libraries to provide an infrastructure to define and train deep neural networks in parallel
or distributed manner while leveraging multi-core or multi-GPU environments. Currently,
researchers are being limited by the amount of GPU memory at their disposal (typically 12
gigabytes). For this reason, batch sizes and model complexities are being limited to what
can fit into the available memory.

The performance of brain tumor segmentation algorithms have continued to increase
over the past few years due to the availability of more training data and use of more sophis-
ticated CNN architectures and training schemes. However, their robustness is still lagging
behind expert performance [105]. Recently, researchers have used the ensemble methods
to achieve state-of-the-art performance (see Table 3). Precisely, the ensemble methods
fuse the segmentation results of several models to improve the robustness of individual
approach, resulting in superior performance as compared to inter-rater agreements [105].
Interestingly, single Unet [37] based models [91] continue to produce exceptional per-
formance, supporting the argument that: “a well trained Unet is hard to beat” [88]. The
reviewed literature have shown that careful initialization of hyper-parameters, a selection
of pre-processing techniques, employing advanced training schemes, as well as dealing
with the class imbalance problem will immensely improve the accuracy and robustness of
segmentation algorithms.

5. Summary

This paper has discussed several building blocks, state-of-the-art techniques, and tools
for implementing automatic brain tumor segmentation algorithms. Despite the tremendous
advance in the field, the robustness of deep learning methods are still inferior to expert
performance. Some notable architectures, including ensemble methods and UNet based
models, have shown great potential for improving the state-of-the-art with careful pre-
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processing, weight initialization, advanced training schemes, and techniques in order to
address inherent class imbalance problems. The lack of a large-scale medical training
dataset is the leading factor in many segmentation algorithms’ poor performance.

Author Contributions: Conceptualization, T.M. and S.V.; methodology, T.M. and S.V; formal analysis,
S.V.; investigation, T.M.; resources, S.V.; writing original draft preparation, T.M.; writing review and
editing, S.V.; supervision, S.V. Both authors have read and agreed to the published version of the
manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Informed consent was obtained from all subjects involved in the
study.

Data Availability Statement: Data available in publicly accessible repositories.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Havaei, M.; Davy, A.; Warde-Farley, D.; Biard, A.; Courville, A.; Bengio, Y.; Pal, C.; Jodoin, P.M.; Larochelle, H. Brain tumor

segmentation with Deep Neural Networks. Med. Image Anal. 2017, 35, 18–31. [CrossRef] [PubMed]
2. Menze, B.H.; Jakab, A.; Bauer, S.; Kalpathy-Cramer, J.; Farahani, K.; Kirby, J.; Burren, Y.; Porz, N.; Slotboom, J.; Wiest, R.; et al. The

Multimodal Brain Tumor Image Segmentation Benchmark (BRATS). IEEE Trans. Med. Imaging 2015, 34, 1993–2024. [CrossRef]
[PubMed]
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2.2 Conclusion

In conclusion, this chapter has provided a comprehensive overview of the fundamen-
tal building blocks, state-of-the-art techniques, and tools for implementing automatic
brain tumor segmentation algorithms. Despite the remarkable strides made in the field,
it is evident that the robustness of current deep-learning methods falls short of expert
performance. Noteworthy architectures such as ensemble methods and UNet-based mod-
els exhibit promising potential, especially with meticulous preprocessing, refined weight
initialization, and advanced training schemes to mitigate inherent class imbalance chal-
lenges. Significantly, the pervasive issue of limited large-scale medical training datasets
remains a critical factor contributing to the suboptimal performance of numerous seg-
mentation algorithms. As we delve further into this thesis, exploring and integrating
innovative methodologies will be essential to bridge the existing gaps and propel the field
toward more accurate and reliable automatic brain tumor segmentation solutions.
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Chapter 3

Automatic Brain Tumor
Segmentation

3.1 Introduction

Brain tumors, particularly gliomas, represent a formidable medical challenge, being the
most common and aggressive form with median survival rates of less than two years for
the highest grade. Accurate segmentation of these tumors is crucial for effective treatment
planning and diagnosis. Yet, it remains a complex task due to their diverse locations,
varying shapes, and the diffusing nature of aggressive tumors. Traditional segmentation
methods relying on pixel intensity values face limitations in capturing the intricate bound-
aries of such lesions. In response to these challenges, deep learning methods have emerged
as powerful tools for automatic brain tumor segmentation, offering superior performance
despite the associated computational complexities.

This chapter addresses the need for efficient yet effective 3D brain tumor segmentation
solutions. While deep learning methods, especially encoder-decoder networks like U-
Nets, have shown remarkable performance, the computational demands raise concerns
for practical applications. In this context, we propose a novel network architecture that
leverages depthwise separable convolutions to enhance computational efficiency without
compromising segmentation accuracy. The study also extends the U-Net model within
the nnU-Net framework, introducing bottleneck units and a shuffle attention mechanism
to mitigate the impact of loss segmentation accuracy due to the reduction of parameter
count.

3.2 Brain Tumor Segmentation Using Partial Depth-

wise Separable Convolutions

3.2.1 Introduction

In fully automatic brain tumor segmentation, recent research efforts encounter significant
constraints imposed by the available computation budget. The limitations imposed by
GPU memory capacity have led to a necessary compromise, with batch sizes and model
complexities restricted to what can be accommodated within these computational bounds.
The utilization of 3D MRI volumes, recognized for their empirical superiority over 2D
counterparts, introduces additional challenges due to large patch sizes, rendering the
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training of these models difficult and, in some cases, impractical.
There is a pressing need for computational and memory-efficient models in response

to these constraints, focusing on enhancing the feasibility of computer-assisted diagnosis,
particularly in resource-constrained environments and developing countries. This section
introduces an efficient network architecture for 3D brain tumor segmentation. Our pro-
posed model incorporates depthwise separable convolutions to alleviate computational
burdens, fostering improved efficiency without compromising segmentation performance.
We provide a comparative analysis with state-of-art methods.

Part of this work was published in1.

1T. Magadza and S. Viriri, “Brain Tumor Segmentation Using Partial Depthwise Separable Convo-
lutions,” in IEEE Access, vol. 10, pp. 124206-124216, 2022, doi: 10.1109/ACCESS.2022.3223654.
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ABSTRACT Gliomas are the most common and aggressive form of all brain tumors, with medial survival
rates of less than two years for the highest grade. While accurate and reproducible segmentation of brain
tumors is paramount for an effective treatment plan and diagnosis, automatic brain tumor segmentation is
challenging because the lesion can appear anywhere in the brain with varying shapes and sizes from one
patient to another. Moreover, segmentation is only done by analyzing pixel intensity values of surrounding
tissues, and the diffusing nature of aggressive brain tumors makes it even more challenging to delineate
tumor boundaries. Nevertheless, deep learning methods have superior performance in automatic brain tumor
segmentation. However, their boost in performance comes at the cost of high computational complexity. This
paper proposes efficient network architecture for 3D brain tumor segmentation, partially utilizing depthwise
separable convolutions to reduce computational costs. The experimental results on the BraTS 2020 dataset
show that our methods could achieve comparable results with the state-of-the-art methods with minimum
computational complexity. Furthermore, we provide a critical analysis of the current efficient model designs.
The code for this project is available at https://github.com/tmagadza/partialDepthwiseNet.

INDEX TERMS Brain tumor segmentation, deep learning, depth-wise separable convolution, magnetic
resonance imaging, 3D U-Net.

I. INTRODUCTION
Gliomas are adults’ most common primary tumors. Although
their exact causes are still a mystery [1], risk factors include
exposure to ionizing radiation and a family history of tumors.
These tumors can appear anywhere in the brain with varying
shapes and sizes, making them difficult to segment. The
World Health Organization (WHO) has classified the tumors
into four grades, from grade I to grade IV, depending
on growth and aggressiveness. Low-grade gliomas (LGG),
which constitute grades I and II, are less aggressive and have
survival rates of several years. While high-grade gliomas
(HGG) (grade III and IV) are much more aggressive and
have median survival rates of less than two years even after
treatment.

Magnetic Resonance Imaging (MRI) has emerged as the
imaging technology of choice for brain tumor diagnosis,
and treatment planning [2]. Non-invasive MRI scans produce

The associate editor coordinating the review of this manuscript and

approving it for publication was Wai-keung Fung .

high-resolution and soft tissue 3D volumes. As depicted in
Fig. 1, more than one MRI slices are used to view different
tumor regions.

In clinical practice, highly trained radiologists do brain
tumor segmentation manually. Although manual segmen-
tation arguably produces the most accurate segmentation
results, it suffers from intra, and inter-rater variability [2],
[3]. Moreover, it is tedious and time-consuming, and results
depend on the radiologist’s experience and knowledge.
To this end, manual segmentation is mainly used for visual
inspection and is a gold standard for semi-automatic and fully
automatic segmentation.

Meanwhile, automatic segmentation methods require little
to no human involvement. They have the benefits of being
objective, reproducible, and well-suited for quantitative
assessment of brain tumors. They have shown great potential
in improving diagnosis and treatment planning.

Recently deep learning methods, particularly the Con-
volutional Neural Networks (CNNs) [4], [5], [6], [7], are
being used to automatically analyze brain scans (usually
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FIGURE 1. Examples of different MRI imaging modalities.

MRI scans) due to their record-shattering performance. They
require no feature engineering: they automatically learn
features directly from data. However, these methods have
highmemory and computation complexity. Furthermore, they
require a huge amount of training data for better performance,
which is a challenge in medical imaging.

Currently, research efforts in fully automatic brain tumor
segmentation are limited to the available computation
budget [8]. Batch sizes andmodel complexities are now being
limited to what can fit into the available GPU memory. The
use of 3D MRI volumes with large patch sizes in CNN
models, which were empirically shown to outperform 2D
counterparts, makes it even more difficult, if not impossible,
to train these models.

Therefore, to improve the adoption rate of computer-
assisted diagnosis in clinical setups, especially in developing
countries, there is a need for more computational and
memory-efficient models. Luckily, there has been an increase
of research efforts to optimize the current state-of-the-art
deep learning models in computer vision task [9], [10], [11],
[12], [13], [14].

The contributions of this research work are:
1) We proposed efficient network architecture for 3D

brain tumor segmentation, partially utilizing depthwise
separable convolutions to reduce computational costs.

2) We quantitatively analyze the computational com-
plexity of the proposed method and compare the
segmentation performance with the state-of-the-art.

3) We provide critical analysis of the latest methods that
employ efficient model design.

The rest of the paper is organized as follows: Section II
reviews related work in efficient networks. Section III
describes the proposed architecture for an optimized 3D brain
tumor segmentation. Section IV presents the experimental
results discussed in Section V. Lastly; Section VI provides
concluding remarks.

II. LITERATURE REVIEW AND RELATED WORKS
Brain tumor segmentation is the process of classifying
every pixel in a medical image as a normal or tumorous

pixel. The process is done before and after treatment
to determine the disease’s progression and evaluate the
effectiveness of the chosen treatment strategy [2]. It is very
challenging to accurately segment brain tumor for several
reasons: (1) segmentation is only achieved by the analysis
of intensity variations between surrounding tissues [2],
(2) brain tumors comes in various shapes and sizes from
one patient to another, (2) aggressive brain tumors often
diffuse into surrounding normal tissues making it even
more difficult to delineate tumor boundaries. Fig 1 clearly
shows that a single imaging modality is insufficient to
delineate tumor boundaries accurately. When done manually,
brain tumor segmentation is tedious and suffers from intra,
and inter-rater variability [3]. Accurate and reproducible
segmentation of brain tumors is critical for effective treatment
planning, diagnosis, and monitoring of disease progression.
In recent years, computer-assisted diagnosis has become
mainstream in assisting medical practitioners in interpreting
medical images [8], [15], [16]. While there are several
methods for the automatic segmentation of brain tumors,
deep learning methods are becoming widespread in the
medical imaging domain [17] due to their resounding
performance. However, the boost in performance comes at
the cost of high computational complexity, as we shall see
later.

Among the deep learning family, U-Net architecture [18]
has emerged as the architecture of choice, primarily for the
semantic segmentation of medical images. The architecture
is composed of downsampling and upsampling paths. The
downsampling path, which resembles a typical convolutional
network, is used for feature extraction. At the same time,
the upsampling path is used to recover the spatial resolution
lost during feature extraction. The network heavily depends
on data augmentation for better generalization. Since its
inception in 2015, the architecture has inspired many
research efforts in medical imaging. In [19], the U-Net
network was improved to take 3D volumes as input to
fully exploit the volumetric data inherent in medical images.
However, volumetric segmentation substantially increases
the computation requirements. Kamnistas et al. [20] proposed
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TABLE 1. A summary of recent works for automatic brain tumor segmentation with computational analysis.

an ensemble of multiple heterogeneous models (including
the U-Net-based models) for robust semantic segmentation.
Despite winning the BraTS 2017 challenge, their model
is highly inefficient as each model has to be trained
separately. In [21], Wang et al. exploited the hierarchical
nature of brain tumor structures by proposing a cascade of
U-Net models. Isensee et al. [22] incorporated context and
localization modules for better segmentation performance.
Myronenko [23], the winner of the BraTS 2018 challenge,
used an autoencoder to regularize a shared decoder in the
U-Net variant. His model suffered from high computational
complexity due to the large patch size (160x192x128),
standard convolutional operations, and additional overhead
due to the use of an autoencoder. Isensee et al. [7] clearly
showed that a U-Net architecture with minor alterations
can achieve superior performance. However, large patch
sizes (128x128x128) and standard convolutional operations
will result in high computational and memory requirements.
Jiang et al. [6] proposed a cascadedU-Net that took advantage
of the hierarchical nature of brain tumor substructure.
Despite winning the BraTS 2019 Challenge, their model is
still computationally expensive. Zhao et al. [4] exploited
various heuristics in data processing, model designing,
and optimization to improve segmentation performance.
Their work came second in the BraTS 2019 Challenge.
Isensee et al. [24], the winner of BraTS 2020 challenge,
used the nnU-Net framework [25] with BraTS specific
modifications in post-processing, region-based training, and
data argumentation demonstrating the competitiveness of the
U-Net model. The models that follow the encoder-decoder-
like structure, as in the U-Net have achieved state-of-the-art
performance. However, most of the works focused mainly on

improving the segmentation performance and the expense of
the computational complexity. In this work, we introduced
yet another U-Net model that follows on the works by
Myronenko [23] and Ellis and Aizenberg [26] for a more
efficient volumetric segmentation.

To learn recent trends in efficient model design for brain
tumor segmentation, we performed a Google Scholar search
for recent works with efficient in their title or mentioned
FLOP in their body for a period from 2018 to 2022.
Fig 2. depicts the results of the search. The figure clearly
shows that of 1630 works for brain tumor segmentation,
only 39 (2%) reported on the computational complexity of
their methods. Surprisingly, of 44 works with efficient in
their title report, only 8 ( 18%) reported on the compu-
tational efficiency of their models. These results indicate
that the majority of works emphasize more on improving
segmentation performance while sacrificing computational
costs.

In Table 1, we summarized the works that provided an
analysis of the computational complexity of their methods
which is measured by the number of parameters, floating-
point operations per second (FLOPS), and the GPU memory
requirements for a given model. From the table, most works
for the period use 3D patches with input size cropped from
240x240x155 to 128x128x128 pixels to fit on the GPU
memory. The batch size depends on the available GPU
memory. Since a large patch size consumes much of the
memory, the researcher has to make the trade-off between
increasing the batch size and reducing the input patch size,
which in turn hurts the segmentation performance [23].
Another way is to maintain the large patch size and increase
the number of GPUs. In reality, most researchers have a very
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FIGURE 2. Results of Google Scholar searches for a period from 2018 to
2022 for articles with the following search queries: brain tumor
segmentation [in title], brain tumor segmentation [in title] & flop [in all
fields], brain tumor segmentation efficient [in title] and brain tumor
segmentation efficient [in title] & flop.

tight computational budget. We have observed that several
works [27], [28], [29], [30] exploited channel grouping to
minimize the interaction between the feature maps when
performing convolutional operations, thereby the reducing
the number of parameters and FLOPs.

Our work is inspired by depthwise separable convolutions
introduced by Sifre and Mallat in [31] and subsequently
used to improve the efficiency and reduce the model size
of 2D convolutional networks in [10] and [9]. Furthermore,
we extensively use residual connections introduced by
He et al. [32] to improve the flow of gradients in deep
networks.

III. METHODS AND TECHNIQUES
A. STANDARD CONVOLUTION
Consider the input feature maps I ∈ Rh×w×d×c, where
h, w, d , and c are the height, width, depth and number
of channels of the input feature maps respectively, and the
convolutional kernel K ∈ Rk×k×k×c×n, where k is the size
of the convolutional kernel and n is the number of output
channels. The operation of a standard convolutional layer
O ∈ Rh×w×d×n

= K ∗ I is given by:

O(y, x, z, j) =
c∑
i=1

k∑
u,v,w=1

K(u, v,w, i, j).

I(y+ u− 1, x + v− 1, z+ w− 1, i). (1)

where 1 ≤ y ≤ h, 1 ≤ x ≤ w, 1 ≤ z ≤ d, 1 ≤ j ≤ n. The
computational complexity of a convolutional layer in terms
of the number of multiplications is

nck3hwd . (2)

The complexity of the standard convolution is cubic, with
the kernel size limiting the kernel size of most CNN in
medical image analysis to 3× 3× 3.

B. DEPTHWISE SEPARABLE CONVOLUTION
The depthwise separable convolution splits the standard
convolutional operation into depthwise and pointwise convo-
lutions. First, it independently applies a spatial convolution
to each input channel. It then performs a 1×1 convolution to
combine the results. A standard convolution performs these
operations in a single pass. Factorization of the convolutional
operation has the benefit of improving efficiency and
reducing the model size.

Depthwise convolution with one filter per input channel
can be expressed as

OD(y, x, z, c) =
k∑

u,v,w=1

KD(u, v,w, c).

I(y+ u− 1, x + v− 1, z+ w− 1, c). (3)

whereKD ∈ Rk×k×k×c is the depthwise convolutional kernel
where the cth filter in KD is applied to the cth channel in I to
produce the cth of the output feature map OD ∈ Rh×w×d×c.
The computational cost of the depthwise convolution is:

ck3hwd . (4)

whereas a pointwise convolution can be expressed as:

Ô(y, x, z, n) =
c∑
i=1

KP(i, n)OD(y, x, z, i). (5)

where KP ∈ R1×1×1×c×n is the pointwise convolutional
kernel. The computational complexity of this operation is,
therefore:

nchwd . (6)

The combination of depthwise convolution and pointwise
(1 × 1) convolution is called the depthwise separable
convolution. The computational complexity of the depthwise
separable convolution is

ck3hwd + nchwd . (7)

C. MODEL ARCHITECTURE
Our work follows a 3D U-Net [19] structure as shown
in Fig. 3. The network is made up of five layers, with
two ResNet-like [32] style convolutional blocks in both the
encoding and decoding path. The encoding path takes in a
random four-channel 3D MRI patch with a receptive field
of 128 × 128 × 128. Each layer along the encoding path
reduces the spatial resolution by half using stride convolution
and doubles the number of the channels starting with a base
width of 32 channels. As in [26], each residual block consists
of two consecutive convolutional blocks performing group
normalization, followed by rectified linear unit activation,
and a 3× 3× 3 convolution (see fig 5a).

Along the decoding path, each layer reduces the number of
feature maps by half before upscaling the spacial resolution
using trilinear interpolation and concatenates the result with
gated high-resolution feature maps from the encoding path.
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FIGURE 3. Schematic visualization of the network architecture. Input is a four-channel 3D MRI crop, followed by double residual modules with a base of
32 filters. The bottom three layers replaced all the convolutional blocks in residual modules with depthwise separable convolutions. Skip connections are
rescaled by learned weights from the attention module. The network’s output has three channel segmentation maps (with the same spatial resolution as
the input) followed by the sigmoid activation function. (adapted from [18]).

In the last layer, the network uses a 1 × 1 × 1 convolution
to reduce the number of feature maps to three, followed by a
sigmoid activation function.

To improve the computational efficiency of the network,
one can replace all the standard 3 × 3 × 3 convolutions
in residual modules with depthwise separable convolutions.
However, empirical studies reviewed that the group convo-
lutions in PyTorch1 deep learning framework, which models
3D depthwise separable convolutions, tend to use more GPU
memory than standard convolutions. Therefore, to allow our
network to fit available GPU memory, we only replaced the
bottom three layers of the network with depthwise separable
convolutions. Fig 5b depicts the structure of the depthwise
separable module.

D. ATTENTION MECHANISM
In deep learning, the attention mechanism forces the network
to focus more on certain input parts while suppressing the
rest.We adopted the spatial attention [53] on skip connections
to enhance salient feature responses and suppress noisy
ones before concatenating with feature response from the
decoding path. The module combines feature responses from
the skip connections and the decoding path to learning
gating weights and then applies them to the skip connections
feature responses. See Fig. 4 for the structure and operations
performed by the spatial attention module.

1https://pytorch.org/

FIGURE 4. Illustration of the spatial attention module with two inputs X
(skip connection) and G (gating signal from coarse scale). The module
outputs weighted feature responses from the skip connections.

E. LOSS
We use the multi-class soft dice loss:

Ldice = 1−
2
c

∑ ∑
ytrue ∗ ypred∑

y2true +
∑
y2pred + ε

(8)
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FIGURE 5. Comparison of different convolutional blocks incorporated in the network.

where Ldice ∈ R is the mean loss across c classes, ytrue ∈
Rc×n×h×w×d is the ground truth, ytrue ∈ Rc×n×h×w×d is the
predicted segmentationmaps, and ε is a small value to prevent
division by zero.

F. DATA AUGMENTATION
Data augmentation is an effective technique to increase
the training dataset, thereby improving model generaliza-
tion ability. In this paper, we apply data augmentations
techniques that are relatively easy to implement and have
low computational complexity. Specifically, we adopted the
data augmentation scheme of Ellis and Aizenberg [26].
Random Gaussian noise and blurring were applied to input
images with a 50% probability per training iteration. Input
images were independently randomly scaled on each axis,
with a standard deviation of 0.1 and a 50% probability per
training iteration. Moreover, images were randomly flipped
and translated independently of each direction.

IV. EXPERIMENTS AND RESULTS
A. DATA AND IMPLEMENTATION DETAILS
We used BraTS 2020 [2], [54], [55] dataset with 369 train-
ing and 125 validation subjects. Each training subject
contains native (T1), post-contrast T1-weighted (T1Gd),
T2-weighted (T2), and T2 Fluid Attenuated Inversion
Recovery (T2-FLAIR) volumes, along with manually labeled
tumor segmentation maps. The validation set contains all the
multimodal scans except the ground truth annotations, as in
the training set. We evaluated the performance of our model
on the validation set through submissions of segmentation

TABLE 2. Comparative performance of the baseline and proposed model.
Average computational requirements for each model trained for
100 epochs.

maps to the BraTS challenge online portal.2 All the scans in
both the training and validation sets were co-registered to the
same anatomical template, interpolated to the same resolution
(1mm3), and skull-stripped.

Our network was implemented in Pytorch3 using an open
source deep learning framework4 [26]. We used the Adam
optimizer with an initial learning rate of α = 1e − 4, which
was decreased by a factor of 0.5 every time the validation
loss plateaued for 20 epochs and a weight decay of 1e − 3.
The batch size was 2. We trained our network on an NVIDIA
Tesla V100 16GB GPU. The code for this project is available
at https://github.com/tmagadza/partialDepthwiseNet.

B. SIZE AND SPEED
In Table 2, we compare the size and speed of the baseline
model and the proposed method. We used the network

2https://ipp.cbica.upenn.edu/
3www.pytorch.com
4https://github.com/ellisdg/3DUnetCNN
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TABLE 3. Ablation analysis of our proposed network on the
BraTS 2020 Validation set in terms of Dice Similarity Coefficient. All
models were trained for 100 epochs. ET - Enhancing tumor, WT - Whole
tumor, TC - Tumor core. BL - baseline model, DS - Depthwise separable
module, AT - attention module, WD - Weight decay, Ensemble10 - An
ensemble of 10 models. †: 5 fold cross-validation. *: Input size of
96 × 128 × 80.

architecture proposed by Ellis and Aizenberg [26] as the
baseline model. All the models were trained for 100 epochs.
Our model outperforms the baseline model in all metrics.
The proposed model substantially decreases the model size
and parameter count by roughly 90% and 70%, respectively.
Moreover, it needed lesser time to complete 100 epochs of
training. Removal of the attention mechanism barely reduces
the computational complexity of the proposed method.

C. ABLATION STUDY
We performed an ablation analysis to determine the per-
formance contribution of each component of the proposed
network. We trained each model for 100 epochs on the BraTS
2020 validation set while maintaining all other network
parameters constant. To improve segmentation performance
on the enhancing tumor, we replaced all enhancing tumor
voxels with necrosis if the total number of predicted voxels
were less than a threshold of 300 voxels. We refer to the
stripped-down version of our proposed model as a baseline.
To maintain consistency with other previous works, we only
report on metrics computed by the online evaluation platform
(https://ipp.cbica.upenn.edu/).

Table 3 shows the Dice Similarity Coefficient results on
the BraTS 2020 validation set. The performance of the
baseline in all regions was quite strong. Adding depthwise
separable modules improved the dice scores marginally for
the enhancing and whole tumor regions. We observed more
gain when we trained the model with 5-fold cross-validation.
Adding the attention mechanism decreased dice scores for
the enhancing tumor and tumor core regions. However,
by reducing the receptive field to 96×128×80, we observed
an interesting boost in dice scores for the enhancing tumor.
Applying L2 weight regularization to the proposed model
resulted in good segmentation performance in all tumor
regions. Moreover, there was an increase in performance
by creating an ensemble of 10 models ( 5 single models +
5 models resulting from 5-fold cross-validation) aggregated
by hierarchical majority vote.

Table 4 reports the performance of the proposed network
as measured by the Hausdorff distance (95%) metric.

TABLE 4. Ablation analysis of our proposed network on the
BraTS 2020 Validation set measured by Hausdorff distance (95%). All
models were trained for 100 epochs. BL - baseline model, DS - Depthwise
separable module, AT - attention module, WD - weight Decay,
Ensemble10 - Ensemble of 10 models. †: 5-fold cross-validation. *: Input
size of 96 × 128 × 80.

TABLE 5. Mean performance metrics on BraTS 2020 Validation dataset of
our proposed method as compared to the state-of-the-art methods in
terms of dice similarity score. We trained our model for 400 epochs. ET -
Enhancing tumor, WT - Whole tumor, TC - Tumor core. Ensemble of
10 models.

Interestingly, our proposed model trained with small input
patches outperformed all models, including the ensemble
of 10 models in all tumor regions. We observed a reduced
Hausdorff distance in tumor core regions due to attention
mechanism and weight regularization. The ensemble of the
model did not yieldmany expected benefits save for the tumor
core regions only.

Fig. 6a and 6b show the box plots results of the proposed
methods on BraTS 2020 validation dataset. It can be seen in
Fig. 6a that the predictions of our method in all metrics are
left-skewed, indicating that the predictions are concentrated
in higher areas. The model shows a very high ability to
predict background voxel very well. The plots also show very
low fluctuations in the whole tumor predictions, indicating
segmentation of whole tumor regions is fairly easy. On the
other hand, our model exhibit comparatively high variability
in the sensitivity of the enhancing tumor. Fig 6b shows that
our model has very low variability in terms of the Hausdorff
distance (95%) metric.

D. COMPARISON WITH THE STATE-OF-THE-ART
Table 5 reports on the dice similarity score performance of
our models trained for 100 epochs against previous methods
using the BraTS 2020 dataset. The online evaluation platform
computed all metrics. No single model outperformed all
methods in all metrics. Our model ensemble performed better
than the method proposed by Wang et al. [5] overall and in
both the whole tumor and the tumor core regions.
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FIGURE 6. Box plots for the BraTS 2020 Validation results of our proposed method.

TABLE 6. Mean performance metrics on BraTS 2020 Validation dataset of
our proposed method as compared to the state-of-the-art methods in
terms of Hausdorff distance (95%). We trained our model for 400 epochs.
ET - Enhancing tumor, WT - Whole tumor, TC - Tumor core. BL - baseline
model, DS - Depthwise separable module, AT - attention module,
Ensemble10 - Ensemble of 10 models. *: Input size of 96 × 128 × 80.

Table 6 gives an aggregate summary of the performance
of our methods in terms of 95% Hausdorff distance (mm)
against previous methods. Again, no single method outper-
formed all methods in all regions. An ensemble of 11 models
by Yuan [57] achieved the best performance overall. Our
single model trained with small input patches performed
well on this metric again. Specifically, It outperformed the
ensemble of 25 models by Isensee et al. [56] in both the
enhancing tumor and tumor core regions. It also performed
well in the tumor core region as compared to the method by
Wang et al. [58].

V. DISCUSSIONS
Accurate and reproducible segmentation of brain tumors is
paramount for an effective treatment plan and diagnosis.
Deep learning methods have shown promising results as
compared to the inter-rater agreement. While several state-
of-the-art automatic brain tumor segmentation exists in the
literature, most focus on improving segmentation results at
the cost of high computational complexity. Some works tried
to incorporate techniques known to enhance network effi-
ciency, like residual learning [32] in their design. We believe
more emphasis should place on efficient model design as
well. A competitive and lightweight model will result in

cost savings in the long run. For example, the HPC Cluster5

we use to train the model poses a 12h limit for each job.
Moreover, every user falls under a Principal Investigator
who applies for CPU-h resource allocation for their research
programme. Thus, one would prefer the best accuracy under
a limited computational budget. Table 2 clearly shows that
our method needs less time to train and requires just 26MB
of disk space. Often the best-performing models are an
ensemble of multiple models, which will result in more
bandwidth utilization if the trained weights are to be moved
to another location. For example, the nnU-Net model6 used
by Isensee et al. [56] to win the BraTS 2020 Challenge,
comprises 25 models, which amount to 2 Gig in compressed
form. In real-life situations where the model is trained is
not usually where it will be deployed. For these reasons,
we have proposed an efficient network incorporating the
depthwise separable modules to reduce the model size and
the parameter number while improving training and inference
speed. Specifically, we replaced the convolution blocks of the
bottom three layers of the U-Net structure with depthwise
separable convolutions. We evaluated the performance of our
network on the BraTS 2020 dataset. Results show that our
model significantly reduced the model size and the number
of parameters by more significant margins than the baseline
model (as shown in Table 1).

As for the segmentation results, our model performed
poorly in dice scores for the enhancing tumor. This is a
common problem [30] that may be caused by an intratumoral
class imbalance since LGG images do not have an enhancing
region. One way of addressing the issue is to replace the
enhancing tumor with necrosis if the prediction of enhancing
tumor class is less than a certain threshold [6]. In Table 4,
we observed substantial improvement in the Hausdorff
distance (95%) score in all tumor regions whenwe trained our
proposed model with small patch sizes. Moreover, qualitative
inspection of randomly selected predictions on the training

5https://www.chpc.ac.za/
6https://zenodo.org/record/4003545#.Y1emJHZBzcc
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FIGURE 7. Qualitative inspections of two randomly selected predictions on the training set. Edema is shown in yellow, necrosis in green, and enhancing
tumor in blue.

set (see Fig. 7) reviews that our model sometimes gives highly
accurate segmentation and, on the other, performs poorly.

The use of model ensemble [2] is known to mitigate the
problem.

124214 VOLUME 10, 2022



T. Magadza, S. Viriri: Brain Tumor Segmentation Using Partial Depthwise Separable Convolutions

VI. CONCLUSION
This paper proposes an efficient model for brain tumor seg-
mentation using partial Depthwise Separable Convolutions.
Our proposed network partially replaced some convolutional
blocks in a standardU-Net structure with depthwise separable
blocks. The experimental results on the BraTS 2020 dataset
show that our methods could achieve comparable results with
the state-of-the-art methods with minimum computational
complexity. Additionally, we have provided an extensive
computational analysis of current methods. In the future,
we will explore the fusing of multiple resolutions to
capture long-range dependencies to improve segmentation
performance.
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3.2.2 Conclusion

In conclusion, this section introduces a pragmatic and efficient model for brain tumor
segmentation by incorporating depthwise separable convolutions. Our approach involves
selectively replacing conventional convolution blocks within a standard U-Net structure
with depthwise separable blocks, addressing the imperative need for computational and
memory efficiency. The experimental validation on the challenging BraTS 2020 dataset
underscores the efficacy of our proposed method, demonstrating comparable segmentation
results with state-of-the-art approaches while minimizing computational complexity.

Moreover, we presented a comprehensive computational analysis of existing methods,
offering valuable insights into the trade-offs between segmentation performance and com-
putational demands. In the future, we will explore multi-resolution fusion techniques to
capture long-range dependencies. By pushing the boundaries of segmentation method-
ologies, we anticipate further improvements in performance, fostering advancements in
the utilization of computer-assisted diagnosis, particularly in environments where com-
putational resources are constrained.

3.3 Efficient nnU-Net for Brain Tumor Segmenta-

tion

3.3.1 Introduction

The nnU-Unet is one of the leading open-source frameworks for medical image analy-
sis. It has been used to win several medical image analysis challenges. However, despite
its success, the framework utilized conventional convolution operations, which are com-
putationally expensive. This section presented several modifications to the nnU-UNet
framework for computational efficiency. Furthermore, we present extensive experimental
results to study the efficacy of our techniques.

This work has been published in2.

2T. Magadza and S. Viriri, “Efficient nnU-Net for Brain Tumor Segmentation,” in IEEE Access, vol.
11, pp. 126386-126397, 2023, doi: 10.1109/ACCESS.2023.3329517.
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ABSTRACT Brain tumors are one of the leading causes of death in adults. They come in various
shapes and sizes from one patient to another. Sometimes, they infiltrate surrounding normal tissues,
making it challenging to delineate tumor boundaries. Despite extensive research, the prognosis is still low.
Accurate and timely brain tumor segmentation is critical for treatment planning and disease progression
monitoring. Automatic segmentation of brain tumors using deep learning methods has produced high-
quality and reproducible segmentation results. Specifically, the encoder-decoder networks, like the U-
Nets, have dominated the previous BraTS Challenges because of their superior performance. Due to
the importance of high-quality segmentation, most state-of-the-art models focus more on pushing the
boundaries of the current methods at the expense of computational complexity. The computational budget
for practical applications is minimal, requiring technological solutions that balance accuracy and available
computational resources. In this study, we extended the U-Net model in the nnU-Net by replacing the
basic 3D convolution blocks with bottleneck units utilizing depthwise-separable convolutions. Furthermore,
we introduced the shuffle attention mechanism in the skip connections to compensate for the slight loss
in segmentation accuracy due to a reduction in the number of parameters. On the brain tumor dataset
BraTS 2020, our network achieves dice scores of 79.2%, 91.2%, and 84.8% for enhancing tumor (ET),
whole tumor (WT), and tumor core (TC), respectively, with only 2.51M parameters and 55.26G FLOPS.
Extensive experimental results of the BraTS 2020 dataset reviewed that the proposed modifications
achieved competitive performance at a lower computational cost. The code for this project is available at
https://github.com/tmagadza/EfficientNNUNET.git.

INDEX TERMS Brain tumor segmentation, depthwise-separable convolutions, group convolution, shuffle
attention, U-Net.

I. INTRODUCTION
A brain tumor is the abnormal growth of cells in any
part of the brain. Their exact causes are not yet known
[1]. However, the risk factors include a family history of
brain tumors, metastases, and exposure to ionizing radiation.
There are about 120 types of tumors, with gliomas being
the most common and one of the leading causes of death
among adults [2]. The World Health Organization broadly
classifies gliomas into low-grade (Grade I and II) and high-
grade (Grade III and IV) tumors. The low-grade tumors
are less aggressive, with a life expectancy that spans many
years. On the other hand, high-grade tumors are much more

The associate editor coordinating the review of this manuscript and

approving it for publication was Orazio Gambino .

aggressive, with a median survival rate of fewer than two
years, and require immediate treatment [3].

Timely, accurate, and reproducible segmentation of brain
tumors is critical for diagnosis, treatment planning, and
monitoring of disease progression. In clinical practice,
segmentation is done manually by a high-trained radiologist.
This process is tedious and time-consuming and suffers from
intra and inter-rater variability [3], [4]. Consequently, manual
segmentation is only used for qualitative assessment or visual
inspection.

Meanwhile, in recent years, automatic brain tumor seg-
mentation has been slowly becoming a viable solution to
manual segmentation. It requires minimal human involve-
ment if not none at all. However, it also presented its unique
challenges. Brain tumors come in different shapes, sizes, and
locations from one patient to another, limiting the use of prior
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knowledge of the shape and location of anatomic tissues.
The most aggressive tumors often diffuse into surrounding
tissues, making delineating tumor boundaries difficult. Fur-
thermore, segmentation only depends on comparing pixel
intensities between normal brain parts and lesions. Despite
these challenges, automatic brain tumor segmentation is
still a promising solution for quantitatively assessing brain
tumors.

More recently, deep learning methods for automatic
brain tumor segmentation have attracted much attention
among the research community owing to their success
in various computer vision applications. Applying deep
learning techniques to medical image analysis requires
expertise in choosing the appropriate network for the task
at hand and making numerous decisions regarding hyper-
parameters, preprocessing and post-processing techniques,
training schemes, data augmentation, etc. [5]. A slight
mistake in the configuration of these methods will lead to
a significant drop in performance. For example, methods
based on U-Net [6] like structure have been dominating the
BraTS challenge [7]. Still, the performance of these methods
varies significantly, signifying the importance of expected
knowledge for the task at hand [5].

In 2020, Isensee et al. [8] proposed an open-source
self-configuring deep learning framework for biomedical
image segmentation, which they dubbed nnU-Net.1 Their
framework automates the entire segmentation pipeline,
including configuring any medical dataset, preprocessing,
network architecture, training, and post-processing without
human input. nnU-Net has set a new state of the art in
various semantic segmentation challenges [8]. In the context
of Brain Tumor segmentation, Isensee et al. [7] investigated
the suitability of nnU-Net for brain tumor segmentation while
applying BraTS-specific modification, and their method
came first in BraTS 2020 Challange. Again, in BraTS 2021
Challenge, Luu and Park [9] proposed several modifications
to the nnU-Net, including using a larger network, swapping
batch normalization with group normalization, and adopting
axial attention in the decoder. Their method also came
first.

Despite several benefits that nnU-Net brings to medical
image segmentation, it needs more computational costs.
At its core, nnU-Net is an instance of basic U-Net archi-
tecture. It makes use of standard convolution, which is
computationally expensive. By using 3D convolutions, which
have been shown to perform better than 2D counterparts,
the number of parameters increases substantially, making it
practically impossible to train the model reasonably for a
given computational budget.

This work investigated the effects of reducing the nnU-
Net framework’s computational complexity on the model’s
segmentation performance on brain tumor segmentation
tasks.

1https://github.com/MIC-DKFZ/nnUNet

Our main contributions can be summarized as follows:
1) We propose swapping all standard convolutions with

depthwise separate convolutions to reduce the number
of network parameters and improve the efficiency of
the network.

2) We introduce bottleneck units to reduce the number of
parameters further.

3) We adopt the 3D shuffle attention mechanism in skip
connections to improve the segmentation performance
of the network. Moreover, we introduced residual
connections to avoid network degradation.

4) We extensively evaluate the proposed modifications
using BraTS 2020 dataset.

The rest of the paper is organized as follows: Section II
reviews related work. Section III describes the dataset used
and the proposed modifications to the nnU-Net framework.
Section IV presents the experimental results, which are dis-
cussed in Section V. Lastly, Section VI provides concluding
remarks.

II. RELATED WORK
A. U-NET LIKE ARCHITECTURE
Since the introduction U-Net [6] in 2015, the encoder-
decoder-like structure became the de-facto standard for
biomedical segmentation. The U-Net architecture uses an
encoder pathway to extract rich semantic and global infor-
mation by successively reducing the spatial resolution by
half and doubling the number of feature maps. The decoder
gradually doubles the spatial resolution to recover the spatial
resolution while reducing the feature maps by half. Skip
connections combine the encoder’s finer features and the
decoder’s course features. Dong et al. [10] proposed a 2D
U-Net that was optimized using soft dice loss to mitigate
the unbalanced nature of the BraTS 2015 dataset. Their
methods applied extensive data augmentation techniques to
improve segmentation performance. Myronenko [11], the
winner of BraTS 2018, proposed an encoder-decoder network
with an asymmetrically larger encoder to extract more deep
features. Their method uses a variational autoencoder branch
to regularize the shared encoder. The author observed that
increasing the width of the network improved performance.
Their approach is computationally expensive due to standard
convolutions and large input patch sizes. Insensee et al.
[12] developed a U-Net Like 3D architecture, which was
trained using large patch size, dice loss, and extensive
data augmentation. Deep supervision was used to improve
gradient propagation to lower layers further. Li et al. [13]
proposed an up-skip connection between the encoder and
decoder to improve the information flow. Their network
incorporated an inception module and used cascading train-
ing strategy to segment tumor regions sequentially. Zhao,
Y. et al. [14] investigated the usefulness of various schemes
in data processing, model designing, and optimization as
applied to general DCNN design and training for the 3d brain
tumor segmentation. Their method won second place in the
BraTS 19 Challenge.
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B. REGION-BASED TRAINING
Wang et al. [15] developed a method that exploits brain
tumors’ hierarchical nature by segmenting partially overlap-
ping regions one after the other in a cascading fashion. Their
method uses anisotropic convolution to balance between
accuracy and model complexity. Multi-scale feature fusion
was exploited for robust segmentation. The shallow layers
learn to represent local and low-level features while deep
layers learn to represent more global and high-level features.
Their method was not end-to-end. Each network was
trained separately, increasing the time required for both
training and testing [16]. Wang et al. [17] extended their
previous work [15] to incorporate uncertainty estimation
gathered from test time augmentation. The paper showed
that uncertainty estimation could identify false positives
and improve segmentation performance. Unfortunately, their
method required a longer time to train. In [18], Zhoul et al.
adopted the multi-task learning approach instead of training
three networks separately, combining the three tasks in a
single model. The paper adopted the curriculum learning
scheme, gradually introducing each task as the learning
proceeded.

C. LIGHT-WEIGHT NETWORKS
Chen et al. [16] used anisotropic convolutions to split the
standard 3D convolution into three parallel branches, each
extracting features from different orthogonal views. The use
of separable convolution has the benefit of reducing the
number of parameters. Their model replaces all the standard
convolution operations in the U-Net structure with separable
convolutions. Chen et al. [19] exploited group convolution to
reduce model complexity. Each group is split into two three
branches using weighted 3D dilated convolution for multi-
scale learning. A multiplexer unit facilitates information
sharing between each group or fiber. Zhou et al. [20] utilized
the shufflenetV2 units in the encoder to reduce the number
of parameters, while in the decoder, residual units are used
to address network degradation. Luo, Z et al. [21] proposed
hierarchical decoupled convolution to reduce the number
of parameters in an encoder-decoder structure. Peng et al.
[22] proposed a U-Net variant that utilizes weighted dilated
convolutions to learn multi-scale features. The authors used
group convolutions to reduce the number of parameters in
the network. Furthermore, the authors used dense residual
blocks to improve segmentation performance. In [23], the
authors used a 3D inverted residual module to reduce the
computational complexity of 3D models. Their methods
achieved competitive results on BraTS 2018 while using few
computational resources. Zhang et al. [24] exploited shuffle
units and depthwise separable convolutions to reduce the
number of network parameters and operations.

D. ATTENTION MECHANISM
Noori et al. [25] proposed a 2d encoder-decoder networks
structure that utilizes residual units to improve network

training and apply channel attention after concatenating
low-level and high-level features. The authors argue that
it is improper to concatenate features from low-level and
high-level features without weighing them. Empirical results
demonstrate the effectiveness of channel attention in improv-
ing segmentation performance. Zhang et al. [26] proposed
a 2d encoder-decoder network structure that incorporates
residual units and attention gates in the skip connection.
Experiment results showed the effectiveness of attention
gates in improving network performance. Cao et al. [27]
proposed a UNet-like network structure that utilizes 3D
Shuffle Attention in the encoder and skip connections. The
authors adopted an optimized shuffle unit as a basic building
block. The authors did not report on the complexity analysis
of their method.

III. MATERIALS AND METHODS
A. DATA
We used the BraTS 2020 dataset [3], [28], [29] that contains
369 training and 125 validation subjects for training and
validation of our model. As illustrated in Figure 1, all
subjects have native (T1), post-contrast T1-weighted (T1Gd),
T2-weighted (T2), and T2 Fluid Attenuated Inversion
Recovery (T2-FLAIR) volumes that were acquired using
varying clinical protocols and scanners from nineteen (19)
institutions. The training set was also comprised of manually
annotated ground truth by one to four raters applying the same
annotation protocol, and experienced radiologists approved
their annotations. In contrast, the ground truth for the
validation set was not made public. Instead, the researchers
can use the online evaluation platform2 to evaluate models.
All scans were co-registered to the same anatomical template,
interpolated to the same resolution (1mm3), skull-stripped,
and had an original image size of 240 × 240 × 155. We also
used the BraTS 2021 dataset [3], [29], [30] which includes
1251 training cases and 219 validaton cases. The structure
and format of BraTS 2021 is consistent with the BraTS
2020 dataset.

B. NNU-NET BASELINE
Our baseline model was an instantiation of nnU-Net [7],
a winning model for BraTS 2020. The model follows an
encoder-decoder structure with skip connections linking
the two pathways, as presented in Figure 2. As a 3D
U-Net [31], the model takes in a large input patch of
128 × 128 × 128, with four 3D MRI image modalities
concatenated in the channel dimension. The network com-
prises five (5) resolution levels. In the encoding pathway,
each level reduces the spatial resolution by half using strided
convolution and doubles the feature maps starting from
base feature maps of 32 up to a maximum of 320. Two
consecutive convolution blocks were applied in each layer,
each performing 3× 3× 3 convolution followed by instance
normalization [32] and then Leaky Relu non-linearity. In the

2https://ipp.cbica.upenn.edu/
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FIGURE 1. Examples of different MRI imaging modalities. From left to right: T1, T1ce, T2, and FLAIR.

decoding path, each layer gradually reduces the number of
feature maps by half while doubling the spatial resolution
with transpose convolutions. Convolution blocks in the
decoding path follow the same structure as the encoding
path. 1 × 1 × 1 convolution followed by sigmoid non-
linearity is performed after the last layer to reduce the number
of feature maps to 3. Deep supervision was also used to
improve network training in all layers along the decoding
path except the two lowest resolutions. To improve the
segmentation performance, we directly optimize the three
partially overlapping regions: whole tumor, tumor core, and
enhancing tumor, instead of providing labels that include:
edema, non-enhancing tumor, and necrosis and enhanc-
ing tumor. Aggressive data augmentation techniques were
applied on the fly using the batchgenerators framework.3

Specifically, we applied rotation, scaling, elastic deformation,
additive brightness augmentation, and gamma augmentation
as described in [7]. The loss function was a summation of
dice and binary cross-entropy losses, which has been shown
to improve segmentation performance [33].

C. NNU-NET MODIFICATIONS
1) REDUCED COMPUTATIONAL COMPLEXITY
A standard convolution operation is computationally expen-
sive since it simultaneously performs spatial and channel-
wise correlation in one go. An excessive amount of com-
putation is required when using 3D MRI volumes with
large patch sizes, which were shown to perform well as
compared to 2D counterparts, making it difficult to train
the resulting models. To reduce the number of parameters
as well as computational complexity, we replaced all the
standard convolution operations with depthwise separable
convolutions, which apply 3 × 3 × 3 convolution on each
channel separately followed by 1 × 1 × 1 convolution
to project the output channels from previous operation
to another channel space as illustrated in Figure 3(b).
A depthwise separable convolution can be generalized as a
group convolution with a group size equal to the number of
input channels. We adopted the bottleneck unit as our basic

3https://github.com/MIC-DKFZ/batchgenerators

building block with depthwise separable convolution in the
middle, as shown in Figure 3(c). The module introduced an
addition hyper-parameter, reduction ratio r , to reduce the
number of input channels for the middle layer. We have fixed
the value of r to 4.

2) SHUFFLE ATTENTION MECHANISM
The use of depthwise separable convolutions will signifi-
cantly reduce network parameters, which may slightly reduce
the segmentation accuracy. To compensate for the loss
in performance, we introduced the shuffle attention (SA)
[34] mechanism, which simultaneously applies spatial and
channel attention. The attention will help the network focus
more on all salient features of the task. The network can
learn to capture the pixel-level correlations and channel
dependency by combining spatial and channel attention.
Numerous studies [35], [36], [37], [38] have shown that
attention mechanisms can considerably enhance network
performance.

Given an input feature map I ∈ RC×H×W×D, where
H , W , D, and C are the height, width, depth, and number
of channels of the input feature map, respectively, SA first
divides I into G groups along the channel dimension, i.e.,
I = [I1, · · · , IG], Ik ∈ RC/G×H×W×D. Then each sub group
Ik is further split into two branches, denoted by Ik1, Ik2 ∈

RC/2G×H×W×D. As shown in Figure 4, the first branch is
used to generate the channel attention map by applying
global average pooling (GAP), which generates channel-wise
statistics s ∈ RC/2G×1×1×1, to the input feature map, which
can be calculated by shrinking Ik1 through spatial dimension
H ×W × D:

s = Fgp(Ik1) =
1

H ×W

H∑
i=1

W∑
j=1

D∑
t=1

Ik1(i, j, t) (1)

Furthermore, a linear transformation Fc(·) is perform,
followed by a simple gating mechanism with sigmoid
activation σ to produce the channel attention:

I ′k1 = σ (Fc(s)) · Ik1 = σ (W1s+ b1) · Ik1 (2)

where W1 ∈ RC/2G×1×1×1 and b1 ∈ RC/2G×1×1×1 are
parameters used to scale and shift s.
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FIGURE 2. Baseline model as generated by the nnU-Net framework. (adapted from [7]).

FIGURE 3. Basic building blocks. (a) Standard convolution block. (b) DWConv: Depthwise separable convolution block. (c) Bottlenet unit with
depthwise separable convolution block in the middle.

The second branch generates the spatial attention by firstly
obtaining spatial-wise statistics through Group Norm (GN)
over Ik2 followed by a linear transformation Fc(·). The final
output of spatial attention is given by:

I ′k2 = σ (W2 · GN (Ik2) + b2) · Ik2 (3)

whereW2 and b2 are parameters with shape RC/2G×1×1×1.
Then, a concatenation operation is applied to the two

branches to make the number of channels as the same as the
number of input, i.e., I ′k = [I ′k1, I

′

k2] ∈ RC/2G×H×W×D. All
the sub-groups are then aggregated, followed by the ‘‘channel
shuffle’’ operation to enable information communication
between different sub-groups. The final output of the SA
module is the same size as I .

D. TRAINING
Our model was implemented in Pytorch4 using opensource
framework for biomedical segmentation5 [8]. Each network

4https://pytorch.org/
5https://github.com/MIC-DKFZ/nnUNet

takes an input patch of 128 × 128 × 128, with four
3D MRI image modalities concatenated in the channel
dimension. We normalize each input channel independently
by subtracting the mean and dividing it by the standard
deviation. Data augmentation, which comprised random
rotation and scaling, elastic deformation, additive brightness
augmentation, and gamma scaling, was applied on the fly.
The loss function was a summation of batched dice and cross-
entropy loss. We optimize all the networks with stochastic
gradient descent with an initial learning rate of 0.01 and
Nesterov momentum of 0.99. The learning rate was decayed
with a polynomial schedule:

lr = 0.01 × (1 −
epoch
400

)0.9 (4)

Each network was trained for a total of 400 epochs, with
each epoch defined as 250 iterations, on an NVIDIA Tesla
V100 16GB GPU. During inference, we post-processed each
subject by replacing the enhancing tumor with the tumor core
when the predicted volume was less than some threshold. The
configuration of our models was as follows:
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FIGURE 4. The 3D Shuffle Attention Module. The input feature map is first divided into sub-groups along the channel dimension. Then, each
sub-group is further divided into two branches, the channel, and spatial attention branches. A concatenation operation is used to join features
from the two branches. Afterward, all sub-groups are aggregated, followed by a channel shuffle operation to enable information communication
between different sub-groups. (adapted from [34]).

• BL: baseline nnUnet-Net without modifications (see
Section III-B).

• BL + DS: replaced all standard convolution with
depthwise separable convolutions

• BL + BU: baseline with bottleneck unit as a basic
building block

• BL +DS+ BU: baseline with bottleneck unit with
depthwise separable convolution in the middle as
described in Section III-C1

• BL+DS+BU+ SA: baseline with depthwise separable
convolutions, bottleneck unit, shuffle attention in both
the encoder and skip connections.

• BL + R: baseline with residua connection
• BL +DS+ R / BL +DS+ R*: baseline with depth-
wise separable convolutions and residual connection. *
indicates that the ReLu is applied after the addition of
residual units.

• BL+DS+R*+AA: baseline with depthwise separable
convolutions, residual connection, and shuffle attention
skip connections.

IV. RESULTS
A. PERFORMANCE COMPARISON OF THE PROPOSED
METHOD
Due to a 12-hour limitation on CHPC,6 we trained all
model configurations for a maximum of 400 epochs. Each
configuration was trained with all 369 training cases and
evaluated with the 125 validation cases. The validation results
of each configuration, as computed by the online evaluation
platform, are presented in Table 1. The results show that the
baseline configuration (BL) performance for both the dice
score and Hausdauf distance is relatively high. Introducing
the bottleneck unit (BU) to the baseline showed a decrease in
dice score for enhancing tumor and tumor core by 1.9% and
0.4%, respectively. From the results, we can also see a slight
increase in Hausdorff distance in enhancing tumor, whole
tumor, and tumor core by 9.80 mm, 0.12 mm, and 0.74 mm,
respectively.

6https://www.chpc.ac.za/

On the other hand, replacing all the convolution blocks in
the baseline with the depthwise separable convolutions (DS)
produced similar if not better, results. For Example, the dice
score in the tumor core improved by 0.5% while remaining
the same for the whole tumor and marginally decreased by
0.4% in enhancing the tumor. As for the Haursdoff distance,
the results in Table 1 show an increase of 5.80 mm in
enhancing tumor and an improvement of 2.14 mm in the
tumor core. The BL + DS + BU model achieved slightly
less performance as compared to the BL + DS model. At the
same time, the BL + DS + BU + SA model shows a slight
improvement in performance in dice score and the Haursdoff
distance for enhancing tumor compared to the BL + DS +

BU model.
Residual units can help reduce degradation in deep

networks like U-Net structure [39]. From Table 1, we did
not observe any benefits of residual connections with ReLu
before addition (BL + R and BL + DS + R) except
for Hausdourff distance, where we observed a decrease of
2.80 mm in the whole tumor and an increase of 3.00 mm
in the tumor core. Interestingly, applying ReLu after the
addition further decreases the performance. Introducing
Shuffle Attention to the skip connection of BL + DS + R*
substantially improved performance in the Hausdorff
distance of the tumor core.

B. MODEL COMPLEXITY
Table 1 also reports on the complexity of the different
model configurations in terms of floating-point operations
(FLOPS) and a number of parameters (Params) as computed
by the THOP7 python library. The table shows that the
BL + DS model balanced model complexity and seg-
mentation performance well. Specifically, it achieved 82%
and 90% reduction in floating-point operations and several
parameters, respectively, without affecting the segmentation
performance. A combination of depthwise separable con-
volutions and bottleneck units (BL + DS + BU) further
reduced the model complexity at a slight reduction in
segmentation performance. The results show that the Shuffle

7https://github.com/Lyken17/pytorch-OpCounter
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TABLE 1. Performance comparison on the BraTS 2020 validation set (125 cases). Metrics are computed by the online evaluation platform. See
Section III-D for decoding the abbreviations. ET - Enhancing tumor, WT - Whole tumor, TC - Tumor core.

Attention barely increases the computation cost. Because
of strided convolutions for downsampling and upsampling,
introducing residual units resulted in a slight increase in
floating point operation due to the 1 × 1 × 1 convo-
lution to match the dimensions in both branches before
addition.

C. PERFORMANCE COMPARISON WITH THE
STATE-OF-THE-ART
1) PERFORMANCE COMPARISON WITH THE
STATE-OF-THE-ART METHODS WITHOUT MODEL ENSEMBLE
For a fair comparison, Table 2 list the results without a
model ensemble of the top performances in the BraTS
2020 validation dataset except for the result for Isensee et al.
[7], since they did not present the results for a single model.
Yuan [40] and Wang et al. [41] are the top participants
of the BraTS 2020 challenge, and only results without
model ensemble are listed here. We also included single
model results of our previous work [42], Raza et al. [43],
and Daza et al. [44]. From the results, it is evident that
our proposed method achieves superior performance with
minimum computation complexity.

Y. Yuan [40] won third place in the BraTS 2020 challenge
by aggregating the output feature maps from all the encoding
layers with high-level feature maps of each decoding layer
using skip connections. Yuan’s method achieves superior
performance against state-the-art in Hausdorff distance for
enhancing tour. However, our lightweight method outper-
forms Yuan’s method in the other metrics.

Wang et al. [41] won second place in the BraTS
2020 challenge. Their methods utilize two interconnected
pathways, which take a pair of modalities each. From the
results, it is clear that our method demonstrated superior
performance in all metrics.

In our previous work [42], we partially utilized depthwise
separable convolutions in both the encoder and the decoder.
Although our previous work shows competitive performance,
it has many floating point operations. In contrast, our
proposed work is superior in all metrics.

On the other hand, Raza et al. [43] adopted resid-
ual units in the encoding pathway resulting in superior

performance in dice score for the enhancing tumor, the
worst performance in dice score for the whole tumor, and
a comparable performance in the remaining metrics. The
computational complexity of their method is relatively high.
Similarly, Daza et al. [44] proposed a lightweight method
with superior performance in the Hausdorff distance for
enhancing tumors. Our approach remains superior in other
metrics.

2) PERFORMANCE COMPARISON WITH THE
STATE-OF-THE-ART METHODS WITH MODEL ENSEMBLE
Table 3 reports on the aggregate performance of the state-
of-the-art methods with the model ensemble on the BraTS
2020 validation dataset. Isensee et al. [7] won the first price,
followed by Jia et al. [45] and Wang et al. [41] for the second
price, and then Yuan [40] for the third place in the BraTS
2020 challenge. We have also included model ensemble
results for Wang et al. [46]. From the table, it is clear that
the state-of-the-art methods achieved the best performance at
the cost of computational complexity.

Isensee et al. [7] applied nnU-Net [8] with BraTS specific
modifications and extensive data augmentation to the brain
tumor segmentation problem. Their winning method, which
is an ensemble of 25 models, uses basic U-Net structures,
with each model trained for 1000 epochs. Results show that
Isensee et al.’s method is superior in dice for enhancing tumor
and Hausdorff distance for the whole tumor as compared
to the state-of-the-art methods. Additionally, their 5 model
ensemble also shows similar performance. However, our
method achieves the same results as Isensee et al.’s method
in dice for the whole tumor and a slight improvement
in Hausdorff distance for the tumor core and comparable
performance for the other metrics while using significantly
fewer computational resources.

Jia et al. [45] proposed a two-stage cascaded model that
maintains high-resolution feature representation and uses
a Non-local attention mechanism to aggregate contextual
information from all layers. Again, their best method was
an ensemble of 27 models, each trained for 450 epochs.
Despite high performance in dice for the whole tumor and
Hausdorff distance for the tumor core, their method is
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TABLE 2. Mean performance metrics on BraTS 2020 Validation dataset as compared to the state-of-the-art without model ensemble. See Section III-D for
decoding the abbreviations. ET - Enhancing tumor, WT - Whole tumor, TC - Tumor core.

still computationally expensive. Compared to our method,
as shown in Table 3, our best single model achieves
comparable results at low computation costs.

Wang et al. [41] and Yuan [40] ensemble 9 models and
11models to secure second and third places receptively. Their
ensemble improved performance in all metrics except for
Wang et al. [41], which marginally increased Hausdorff dis-
tance for the enhancing tumor and tumor core. In comparison,
our model achieved competitive results.

Lastly, Wang et al. [46] introduced Transformer to the
encoder-decoder structure for brain tumor segmentation to
model long-range dependencies. Their 5 model ensemble
achieved superior performance in the Hausdorff distance
for the enhancing tumor with relatively huge computational
costs. In contrast, our lightweight method demonstrated
superior performance in other metrics at significantly low
computation costs.

3) PERFORMANCE COMPARISON ON BRATS 2021 DATASET.
Table 4 compares our best-performing model with the state-
of-the-art models on the BraTS 2021 dataset 5-fold cross-
validation results. By the time of writing this paper, the online
evaluation platform for the BraTS 2021 dataset8 was no
longer available. The table shows that our model performed
well on the enhancing tumor region and performed slightly
poorly on both the whole tumor and tumor core. On the other
hand, our model uses very light resources as compared to the
state-of-the-art.

D. QUALITATIVE ANALYSIS
In Figure 5, we show qualitative overview of the segmentation
performance of BL + DS model on the validation set.
To avoid cherry picking [7], we systematically selected cases
by first computing an average over the three validation
regions and then picked the best, worst, median, and 75th
and 25th percentile. The clearly show that the segmentation
quality of our model is quite high overall. However,
in the worst scenarios, it completely fail to segment small
enhancing tumor lesion.

8https://www.synapse.org/#!Synapse:syn25829067/wiki/610863

V. DISCUSSION
Automatic brain tumor segmentation is paramount for the
timely, reproducible, and accurate delineation of tumor sub-
structures. Although deep learning methods have demon-
strated superior performance than traditional methods in
the past few years, automatic brain tumor segmentation is
still an open challenge. Brain liaisons appear in different
shapes, sizes, and locations from one patient to another,
rendering prior knowledge useless. Moreover, deep learning
methods require massive training datasets and computational
resources [20]. One would need a model with competitive
performance for a limited computational budget for practical
application.

Unfortunately, as shown in Table 3, most state-of-the-art
methods focusmore on improving segmentation performance
at the cost of high computation resources. These methods
are usually an ensemble of multiple models. For Example,
Isensee et al.’s method [7], which won the first prize in the
BraTS 2020 challenge, is an ensemble of 25 models. Each
model needed to be trained separately for 1000 epochs before
their results could be aggregated. Furthermore, their method
is computationally expensive when applied to 3D MRI scans
due to standard convolutions.

Similarly, Jia et al. [45] ensemble 27 models to win
second place in the same challenge. These models chew a
significant amount of computation resources to train them.
With an increase in the training dataset set, as in BraTS
2021, computation resources are needed even more. The
computational requirements may be prohibitive for clinical
applications or out of reach for many researchers resulting in
poor adoption rates.

Motivated by the above observations, we extended
Isensee et al.’s work [7] by introducing depthwise separable
convolutions to reduce the computational costs significantly.
We also experimented with bottleneck units to further reduce
the number of parameters at the expense of a slight loss
in segmentation performance. As shown in Table 1, our
model configuration with depthwise separable convolutions
demonstrated a good balance between computation cost and
segmentation performance compared to other configurations.
The results are consistent with other previous studies [50],
[51], [52]. Although residual units [53] may assist in
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FIGURE 5. Qualitative validation set result. Selection criteria for cases were based on best,worst,
median, and 75th and 25th percentile. From left to right:FLAIR image with overlay of generated
segmentation, FLAIR image, T1ce image, and T2 image. Edema is shown in yellow, necrosis in green
and enhancing tumor in blue.
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TABLE 3. Mean performance metrics on BraTS 2020 Validation dataset as compared to the state-of-the-art with the model ensemble. See Section III-D for
decoding the abbreviations. ET - Enhancing tumor, WT - Whole tumor, TC - Tumor core. † - Ensemble of models trained with 5-fold cross-validation.

TABLE 4. Cross-validation results on BraTS 2021 dataset. ET - Enhancing tumor, WT - Whole tumor, TC - Tumor core.

mitigating network degradation [20], we did not observe any
meaningful benefits. He et al. [54] observed that applying
1 × 1 convolution in residual skip connection will result in
poor performance, especially when the number of residual
units is high. In the future, we will experiment with residual
units in the decoding path as in [20].

The benefits of attention mechanism have been studied
extensively in natural language processing [55], computer
vision [34], [56], [57], [58] as well in medical image
segmentation [23], [27], [59]. In this work, we adopted a
lightweight Shuffle Attention mechanism [34] to squeeze
in extra segmentation performance without introducing
noticeable computational costs. Table 1 shows that the
attention mechanism in the skip connections significantly
improved the Hausdorff distance for the tumor core.

It is evident in Table 2 and Table 3 that our proposed
method is both competitive and efficient regarding com-
putation resources. Table 2 shows that our single model
nearly outperforms state-of-the-art methods without model
ensemble in all metrics. However, as shown in Table 3, the
model ensemble is essential to garner extra segmentation
performance. Nevertheless, our single model achieved com-
parable performance using significantly few computational
resources. Table 4, our model performed slight poor for
both the whole tumor and tumor core regions. However,
performance can be boosted by increasing the number of
training iterations. Visual inspection in Figure 5 demonstrated
that the segmentation quality of our method is high overall.
Sometimes, our method fails to segment small regions of
enhancing tumors. In the future, we will experiment with

an ensemble of lightweight models to improve segmentation
performance.

VI. CONCLUSION
This paper proposed some modifications to the nnU-Net
framework to reduce computational complexity while main-
taining competitive segmentation performance. Specifically,
we replaced all convolution blocks with depthwise separable
convolutions. We adopted the bottleneck units to minimize
the trainable network parameters further. We applied the
Shuffle Attention mechanism to the skip connections to
improve performance without introducing additional com-
putational costs. Moreover, we utilized residual units to
prevent network degradation. Experimental results on BraTS
2020 validate the effectiveness of the proposed method.
Our method achieves competitive results while consuming
significantly few computational resources.
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3.3.2 Conclusion

In this section, we presented an efficient nnU-Net model for automatic brain tumor seg-
mentation. The networking incorporated depthwise separable convolutions to reduce
network parameters and a 3D shuffle attention mechanism, which sequentially applies
spatial and channel attention to boost the segmentation performance. Extensive quanti-
tative analysis was performed to study the significance of our modifications. Experimen-
tal results on BraTS 2020 confirmed the effectiveness of our methods compared to the
state-of-the-art ones.

3.4 Conclusion

This chapter introduces an efficient model for brain tumor segmentation by integrating
depthwise separable convolutions into a standard U-Net structure, significantly enhancing
computational and memory efficiency. By selectively replacing conventional convolution
blocks, the approach achieves segmentation results comparable to state-of-the-art meth-
ods on the BraTS 2020 dataset while reducing computational complexity. Additionally,
an optimized nnU-Net model is presented, incorporating depthwise separable convolutions
and a 3D shuffle attention mechanism to improve performance. Extensive quantitative
analysis confirms the effectiveness of these modifications, demonstrating their superior
performance compared to current leading methods.
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Chapter 4

Survival Prediction

4.1 Introduction

Despite extensive research on brain tumors, the prognosis remains very poor. Therefore,
an accurate estimate of patients’ overall survival (OS) time becomes critical for pain
and symptom management and preparation for death [30]. Automatic and reproducible
survival prediction is very challenging due to the need for large datasets and robust
feature extraction and selection mechanisms. This chapter presents our deep learning
model for survival prediction, which utilizes adaptive feature selection mechanisms in an
end-to-end fashion. We presented a quantitative analysis of our techniques.

Part of the work was submitted for publication in the Scientific Reports Journal.
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ABSTRACT

Gliomas, especially in older individuals, pose a diagnostic challenge, necessitating accurate survival predictions for effective
treatment planning. Traditional machine learning methods for survival prediction in gliomas, though widely used, require
complex feature engineering and are not end-to-end. Although deep learning has shown success in brain tumor segmentation,
its application to survival prediction is hindered by limited datasets and the curse of dimensionality. To overcome these
challenges, we propose an efficient deep-learning method for glioma survival prediction, incorporating a squeeze and excitation
block for adaptive feature selection. Our approach explores end-to-end adaptive feature selection and fusion. Extensive
evaluation on the BraTS 2020 dataset demonstrates the effectiveness of our method, surpassing state-of-the-art techniques in
classification accuracy.

INTRODUCTION

Gliomas, originating from glial cells, are malignant brain tumors primarily affecting the older generation1. Despite their
prevalence, the exact causes remain unknown2, and diagnosing them poses significant challenges due to various factors. These
tumors exhibit diverse shapes and sizes3, necessitating distinct diagnostic and treatment strategies tailored to each patient. In
some cases, they infiltrate surrounding normal tissues, making it difficult to delineate their boundaries.

Patients diagnosed with high-grade tumors, characterized by increased aggressiveness, face a median survival rate of fewer
than two years3. Survival prediction plays a critical role in formulating appropriate treatment plans. It aids in determining the
aggressiveness of treatment and guides decisions regarding surgery, radiation therapy, and chemotherapy. Additionally, survival
prediction is also a crucial factor in palliative care considerations4.

Consequently, automatic, reproducible, high-quality overall survival prediction techniques are in demand. Most existing
techniques are based on conventional machine learning techniques5. These techniques work well with limited datasets6

and require less computation power. Unfortunately, they require robust feature engineering, which is time complicated and
time-consuming.

Meanwhile, deep learning techniques have received significant attention in computer vision and natural language applications.
In brain tumor segmentation, the first step in survival prediction, all the state-of-the-art methods are based on deep learning
techniques, particularly convolution neural networks (CNN). Applying deep learning techniques in overall survival prediction,
except in extracting deep features, is still low7 due to very few samples in publicly available datasets. They extract vast amounts
of features, resulting in the curse of dimensionality6. Some of these features may be redundant or inappropriate for the task.
Often, they overfit the training dataset quickly7, resulting in poor performance. Moreover, these techniques require more
computational power and memory.

Despite the shortcomings of deep learning techniques for survival prediction, some other works6, 8–12 demonstrated the
possibility of applying these techniques for survival prediction. In literature, attention mechanisms have been exploited, which
forces deep learning methods to pay more attention to salient features while suppressing irrelevant ones13.

Motivated by these observations, this paper proposes an efficient deep-learning method for survival prediction that leverages
adaptive feature selection in an end-to-end fashion. The main contributions of this work can be summarized as follows:

• The incorporation of a squeeze and excitation block for adaptive feature selection is proposed.

• The efficacy of end-to-end adaptive feature selection and feature fusion for glioma survival prediction was investigated.

• An extensive evaluation of the proposed techniques using the BraTS 2020 dataset was conducted.



BACKGROUND WORK
Survival Prediction
Accurate prediction of overall survival for glioma patients is crucial for an effective treatment plan. Since 2017, the BraTS
Challenge3, 14, 15 introduced survival prediction tasks and segmentation tasks to promote the development and benchmarking
of ML algorithms for survival prediction that incorporate radiomic features. The tasks require researchers to predict overall
survival time in days for patients with gross tumor resection (GTR), and the evaluation of the techniques is based on the
classification of patients into short-survivors (<10 months), mid-survivors (between 10 and 15 months), and long-survival (> 15
months). Predictors for the task should only come from imaging in addition to the age information provided by the dataset.

Machine Learning Techniques
Classical machine learning techniques dominate most works for survival prediction. They can work with a limited dataset6.
These methods follow a pipeline that first extracts features from either MRI imaging modalities, segmentation maps, or both.
This process can generate many features, leading to the curse of dimensionality, thereby requiring robust feature selection
mechanisms5. Selected features are combined with other clinical information and fed into a regression or classification model
for training.

In literature, several machine learning models are used. These includes the random forests5, 16–25, extra-trees26, 27, support
vector machines5, 7, 28–30, ordinary least squares4, 31, linear regression5, 32, Cox Proportional hazard(CoxPH)33, 34 and Extreme
gradient boosting (XGBoost)5. Ensemble methods like random forests are widely used because they combine several decision
trees for better generalization21. Although the above techniques can work with limited datasets, they are not end-to-end. They
require robust feature engineering and selection mechanisms, which can be complicated and time-consuming5.

Neural Network and Deep learning Techniques
On the other hand, very few works exploited neural networks35–37 and convolution neural networks (CNN)6, 8–12. By nature,
neural network-based techniques with many layers are more robust. However, they generate many parameters requiring vast
training data6 and computational power. These methods quickly overfit datasets with very few samples, rendering them unfit.
For survival prediction, neural network-based techniques are limited to a few layers and are trained for a few epochs.

On the brighter side, deep learning techniques (based on CNNs) can automatically extract increasingly complex features.
Instead of wasting time on feature engineering, which may require domain expertise, researchers will focus on developing
methods for the task. Additionally, deep learning techniques make it easy to develop an end-to-end pipeline. In38, an end-to-end
pipeline that simultaneously segments and predicts overall survival was proposed.

Attention Mechanism
Since deep learning techniques extract massive amounts of features, selecting salient features for the task becomes paramount.
Previous studies exploited the Attention mechanism that forces the network to focus more on certain input parts. Channel
attention39 forces pay more attention to specific channels of the input feature maps. Whereas, with spatial attention13, the
network focuses more on a region of interest of the input feature maps. Dual attention40 mechanism combines both the channel
and spatial attention mechanism.

METHODS AND TECHNIQUES

Materials and Methods
Data
The proposed model was trained and validated using the BraTS 2020 Dataset3, 14, 15, which comprises preoperative MRI images
of glioma patients. It was observed in Table 1 that the dataset had been divided into training and validation sets. The training
set, consisting of 369 subjects with manually annotated ground truth, was illustrated in Figure 1. Each patient’s MRI images
included four modalities, specifically the native (T1), post-contrast T1-weighted (T1Gd), T2 weighted (T2), and T2 Fluid
Attenuated Inversion Recovery (T2-FLAIR) scans acquired using varying clinical protocols and scanners from nineteen (19)
institutions. Additionally, survival information for 236 patients, including age, resection status, and survival in days, was
present in the training set.

In contrast, the validation set consists of 125 subjects with the same MRI volumes as the training set. The ground truth
was not made public. Instead, the researchers can use the online evaluation platform1 to evaluate models. As with the training
set, the validation set also contains survival information of 29 subjects stating their demographics. Survival information was
withheld.

1https://ipp.cbica.upenn.edu/
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Figure 1. Examples of different MRI imaging modalities. From left to right: T1, T1ce, T2, and FLAIR. (adapted from41)

Cohort Subjects Volume Survival information

Training 369 240×240×155 236 (Age, Resection status, Survival in days)
Validation 125 240×240×155 29 (Age, Resection status)

Table 1. Summary of BraTS 2020 Training and Validation dataset.

Preprocessing
All scans in the BraTS 2020 dataset came co-registered to the same anatomical template, interpolated to the exact resolution
(1mm3), and scull-stripped. We further normalize the MRI scan by subtracting the mean with the standard deviation. Before
training, we concatenate all the MRI modalities and ground truth along the channel axis and then extract a 75th slice along
the third dimension to give us a 240×240×5 input image. We combined segmentation maps from pre-trained models with
MRI modalities for the validation dataset. We preprocessed all the subjects and saved them on disk to speed up the training.
Furthermore, we scaled the age information by dividing by 1767. After prediction we multiply the out by the same number.

Brain tumor segmentation
Since this paper concentrated on proposing a survival prediction model, we utilized a pre-trained model from our previous
work41 to extract segmentation maps, which we then combined with 4 MRI scans input for survival prediction.

Survival Prediction
Our survival model follows a 2D CNN12 called the squeeze and excitation model for survival prediction (SE-SPNet). Figure 2
summarizes our pipeline for survival prediction using a 2D CNN feature extraction. We extracted 32 imaging features from
240×240×5 MRI input by first applying 2×2 convolution operation, batch normalization, and Relu non-linearity followed
by 4×4 max pooling operation four times. For three times, we apply 2×2 convolution operation, batch normalization, and
Relu non-linearity with 6×6, 5×5, and 6×6 average pooling operations in between, respectively. Extracted features are then
scaled using squeeze and excitation block39 before being flattened and rescaled by multiplying them with age information. We
then applied batch normalization, three fully connected layers, and sigmoid non-linearity. The output of the network is the
overall survival time in days. The survival prediction algorithm is presented in Algorithm 1.

Adaptive Feature Selection
Convolution Neural Networks are excellent for the automatic extraction of a large number of imaging features24. However, only
some features may be relevant to the task at hand. Therefore, a robust and efficient feature selection mechanism is paramount
for survival prediction24, 29. In literature, several feature selection strategies were employed: univariate Cox regression model17,
extra tree classifier based24, principal component analysis42 and correlation matrix23. However, these techniques are more than
end-to-end. In this work, we applied automatic feature selection using the squeeze and excitation block (SELayer)39. The layer
automatically learns how to suppress irrelevant features by giving more prominence to salient features for the task at hand.

Given an input feature map I ∈ RH×W×C, where H, W , and C are the height, width, and number of channels of the input
feature map, respectively, the SELayer first applies the global average pooling Fsq to generate channel-wise statistics zc ∈ RC:

zc = Fsq(ic) =
1

H ×W

H

∑
i=1

W

∑
j=1

ic(i, j) (1)
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Figure 2. Pipeline for survival prediction.

Algorithm 1 Survival Prediction

1: Input: Image tensor with dimensions 240×240×5.
2: Output: Survival prediction in days.
3: Apply Convolutional layer, Batch Normalization, and ReLU activation: Output shape 240×240×16.
4: Apply MaxPooling: Output shape 120×120×16.
5: Apply Convolutional layer, Batch Normalization, and ReLU activation: Output shape 120×120×24.
6: Apply MaxPooling: Output shape 60×60×24.
7: Apply Convolutional layer, Batch Normalization, and ReLU activation: Output shape 60×60×32.
8: Apply MaxPooling: Output shape 30×30×32.
9: Apply Convolutional layer, Batch Normalization, and ReLU activation: Output shape 30×30×32.

10: Apply MaxPooling: Output shape 15×15×32.
11: Apply Convolutional layer, Batch Normalization, and ReLU activation: Output shape 15×15×32.
12: Apply Average Pooling: Output shape 10×10×32.
13: Apply Convolutional layer, Batch Normalization, and ReLU activation: Output shape 10×10×32.
14: Apply Average Pooling: Output shape 6×6×32.
15: Apply Convolutional layer, Batch Normalization, and ReLU activation: Output shape 6×6×32.
16: Apply Average Pooling: Output shape 1×1×32.
17: Apply Squeeze and Excitation (SE) Layer: Output shape 1×1×32.
18: Flatten the tensor: Output shape 32.
19: Multiply selected features with age information: Output shape 32.
20: Apply Batch Normalization: Output shape 32.
21: Apply Fully Connected (Linear) layer: Output shape 32.
22: Apply Fully Connected (Linear) layer: Output shape 16.
23: Apply Fully Connected (Linear) layer: Output shape 1.
24: Apply Sigmoid activation: Output shape 1.
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where ic ∈ I = [i1, i2, ..., ic]. The output of the squeeze operation is then passed into a sigmoid gating mechanism σ
parameterized by a bottleneck with two fully connected (FC) layers around the Relu non-linearity δ . Thus,

s = σ(W2δ (W1z)) (2)

where W1 ∈ RC
r ×C and W2 ∈ RC×C

r . The reduction ratio r is a hyperparameter that controls the capacity and computational
cost of the SELayer. We set r to 16. The activation s is then used to rescale I to give output feature map O ∈ RH×W×C:

oc = sc × ic (3)

where O = [o1,o2, ...,oc], the result of channel-wise multiplication between the scalar sc and the feature map ic ∈ Rh×W .

Feature fusion
Previous studies4, 6 demonstrated that a patient’s age is an excellent predictor of overall survival. We experimented with various
feature fusion strategies like addition, concatenation, and multiplication. Our experimental results demonstrated that rescaling
imaging features by multiplying them with age information gives a good performance.

Loss
We used the mean square error as our objective function:

ℓ=
1
n

n

∑
i=1

(Yi − Ŷi)
2 (4)

where n is the number of samples, Yi is the ground truth and Ŷi is the predicted value.

Training
The SE-SPNet model was implemented in Pytorch and trained on an NVidia GeForce GTX 1660 Ti. The network took an input
patch of 240 × 240, containing four 3D MRI image modalities and a segmentation map concatenated in the channel dimension.
All networks were optimized using stochastic gradient descent with an initial learning rate of 0.001 and a Nesterov momentum
of 0.9. The training spanned 300 epochs with batch sizes of 64, involving 236 patients with clinical data from the BraTS 2020
training dataset.

EXPERIMENTAL RESULTS AND DISCUSSIONS
Model Complexity
Table 2 compares the number of floating-point operations (FLOPS) and parameter count of 2D CNN and SE-SPNet using the
THOP python library. The results show that both models have similar computational requirements despite introducing SELayer
as discussed in Section .

Model Flops (K) Params (K)

2D CNN12 133.440 50.217
SE-SPNet (proposed) 133.440 50.345

Table 2. A comparative computational requirements for the baseline and proposed model.

Comparison with State-of-the-art Techniques
Table 3 compares the proposed model with state-of-the-art techniques on the BraTS 2020 validation dataset. The list excludes
McKinley et al.31 and Marti Asenjo et al.43, who were tied for the first position in the BraTS 2020 Challenge because they only
reported on the BraTS 2020 test dataset which was not available at the time of writing this paper. Bomminemi et al.32 and Ali et
al.19 were among the top participants in the survival prediction task in the BraTS 2020 Challenge. All metrics were computed
by the online evaluation platform2. While all the models show relatively low performance in all metrics, our proposed model
demonstrated better classification accuracy and SpearmanR correlation results.

2https://ipp.cbica.upenn.edu/
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Agravat R. and Raval M18 combined the statistical and radiomic features and age information to train a random forest
regression model. Compared to our method, their method performed better in terms of MSE, medianSE and stdSE.

Miron et al.27 utilized Extra Trees26 trained with radiomic features for overall survival prediction. Their method demon-
strated superior performance in terms of medianSE.

Bommineni et al.32 won second place in the BraTS 2020 Challenge. Their method used non-imaging features to train a
linear regression model. From the results, their methods performed well in terms of MSE, medianSE, and stdSE but could have
been better in accuracy than ours.

Ali et al.19, ranked third in the BraTS 2020 Challenge, fused radiomic and image-based features to train Random Forest
(RF) regressor. The results showed that their methods demonstrated better results in MSE, medianSE, and stdSE.

On the other hand, Kaur et al. proposed a 2D CNN that utilized age as the only predictor for survival prediction. From the
results, our model shows better accuracy, medianSE, and SpearmanR performance.

Model Accuracy MSE medianSE stdSE SpearmanR

Agravat et al.18 0.517 116,083.48 43,974.09 168,176.16 0.217
Miron et al.27 0.517 197,777.08 36,397.01 148,209.10 0.249
Bommineni et al.32 0.379 93,859.54 67,348.26 102,092.41 -
Ali et al.19 0.483 105,079.40 37,004.93 146,376.00 0.134
Kaur et al.12 0.517 136,783.42 106,608.60 139,210.80 0.299
SE-SPNet (proposed) 0.586 160,518.06 92,752.96 200,511.70 0.336

Table 3. Comparison with State-of-the-art Techniques on BraTS 2020 Validation set (29 cases) .

Ablation Studies
Effects of feature fusion strategies
To study the efficacy of the proposed feature fusion strategy described in Section , several experiments were conducted. Table 4
shows that multiplying deep features with age produces better performance in terms of accuracy and SpearmanR. However,
adding age produces better results in terms of MSE and MedianSE. On the other hand, concatenating features produced better
accuracy than addition.

Fusion Strategy Accuracy MSE medianSE stdSE SpearmanR

Multiply 0.59 160,518.06 92,752.96 200,511.70 0.34
Concatenate 0.45 147,925.90 37,708.67 248,356.06 0.27
Add 0.41 83,131.46 25,356.69 109,818.22 0.30

Table 4. Effects of feature fusion strategies on BraTS 2020 Validation set (29 cases) .

Effects of Adaptive feature selection (AFS)
This paper also examined the effects of adding the squeeze and excitation block (SElayer)39 to the 2D CNN12 for adaptive
feature selection as described in Section . Table 5 clearly shows that adding the SELayer gives better performance in terms of
accuracy, stdSE, and SpearmanR. In contrast, the model without the SElayer performed better in terms of MSE and MedianSE.

Model Accuracy MSE medianSE stdSE SpearmanR

Without ADF 0.41 157,441.74 77,405.55 253,655.87 0.29
With ADF 0.59 160,518.06 92,752.96 200,511.70 0.34

Table 5. Effects of Adaptive feature selections on BraTS 2020 Validation set (29 cases) .

Effects of the optimizer
The effects of SGD and ADAM optimizers on the BraTS 2020 Validation set and training loss were studied, and the results are
reported in Table 6 and Figure 3, respectively. While the SGD optimizer produced a model with superior performance in terms
of accuracy and SpearmanR, it was noted that the model’s training took time to converge. In contrast, better performance in
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terms of MSE, medianSE, and stdSE was observed with the ADAM optimizer. However, it was observed that the network
quickly overfits just after a few epochs.

Table 6. Effects of training optimizer .

Fusion Strategy Accuracy MSE medianSE stdSE SpearmanR

SGD 0.59 160,518.06 92,752.96 200,511.70 0.34
Adam 0.35 119,984.57 58,543.50 125,475.92 -0.03

Figure 3. Effects of the optimiser on the training loss.

Discussion

Accurate and reproducible overall survival prediction is critical for treatment planning and palliative medicine4. Survival
prediction can help identify high-risk patients who can receive a more aggressive treatment regime to improve their quality of
life44. In this work, we proposed a 2D CNN for overall survival prediction. Since deep learning features extract a huge amount
of imaging features, robust ways of selecting relevant for survival prediction are needed. To this end, we propose incorporating
squeeze and excitation blocks to adaptively select salient features for the task while suppressing less important ones.

Table 4 provides the performance analysis of our proposed techniques against the state-of-the-art methods. Although our
method outperforms the state-of-the-art methods in classification accuracy, the accuracy of 59% is still low. We can attribute
this low performance to several reasons. First, the BraTS 2020 dataset only contains age and overall survival days. No other
information regarding sexual, any underlying conditions, and treatment received25. Second, Imaging features are not enough
to fully characterize the heterogineity of gliomas tumors25, 45. Third, the BraTS 2020 dataset only contains a few training
samples, resulting in models overfitting quickly, especially deep learning models5, 6. In Figure 3, we see a model trained using
the ADAM optimizer overfits just after a few epochs. Last, OS times accuracy depends on the quality of tumor segmentation.

Prior studies6 have observed that there is a high correction between age and survival prediction. We experiment with
various ways of combining age information and imaging features. As shown in Table 5, multiplying age information with deep
features yielded better classification accuracy. This strategy has the effect of giving more prominence to salient features from
the adaptive feature selection module.

Since the primary goal of overall survival prediction in BraTS challenges is to classify patients into short-survivors (<10
months), mid-survivors (between 10 and 15 months), and long-survival (> 15 months), in the future, we would like to directly
optimize the classification accuracy by incorporating cross-entropy loss.
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CONCLUSIONS
This work presented an efficient deep-learning approach for predicting the overall survival of glioma patients. By incorporating
a squeeze and excitation block, the proposed method enables adaptive feature selection, enhancing the model’s ability to capture
relevant information for survival prediction. Moreover, our approach adopts an end-to-end framework, eliminating the need for
complex feature engineering, which is common in traditional machine learning methods for survival prediction. A notable
aspect of our methodology involves integrating age information by multiplying re-weighted deep features, contributing to
improved predictive performance. The comprehensive evaluation conducted on the BraTS 2020 dataset underscores the efficacy
of our proposed method, showcasing its superiority over state-of-the-art techniques in terms of classification accuracy.
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4.2 Conclusion

This chapter presented an end-to-end deep learning model for overall survival predic-
tion. The model incorporates the squeeze-and-excitation module for adaptive feature
extraction. We experimented with several feature fusion strategies and provided an ex-
tensive analysis of our proposed techniques. Experimental results on BraTS 2020 datasets
demonstrate the efficacy of our proposed methods.
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Chapter 5

Results and Discussion

5.1 Introduction

This chapter delves into a comprehensive analysis of the outcomes spanning this thesis
and harmonizes the findings derived from the various papers within this thesis to illustrate
the strategies employed to tackle challenges associated with the automatic segmentation
of brain tumors and survival prediction. It begins by discussing experimental results for
the brain tumor segmentation task in Section 5.2 and Section 5.3 followed by survival
prediction in Section 5.4.

5.2 Brain Tumor Segmentation Using Partial Depth-

wise Separable Convolutions

This section presents the results of brain tumor segmentation experiments described in
Section 3.2.

The network follows a 3D U-Net [36] architecture with five layers in total. Each
layer contains two ResNet-like [14] style convolution blocks in both the encoding and
decoding paths. To reduce the computational complexity of the network, all the bottom
three layers are systematically replaced with depthwise separable convolutions. A spatial
attention mechanism [26] is incorporated in the skip connection to compensate for the
slight performance decrease caused by replacing conventional convolution operations with
depthwise separable convolutions.

The network was trained on BraTS 2020 [3, 4, 24] datasets with 369 training and 125
validation samples. Low-cost data augmentation techniques, as proposed by Ellis et al.
[11], were performed. To validate the model’s performance, segmentation results were
submitted to an online evaluation platform1, which benchmarked the proposed segmen-
tation maps in terms of the Dice score and the Hausdorff distance.

Figure 5.1 shows a qualitative inspection of two randomly selected predictions on the
training set. Our model sometimes performs exceptionally well and, on the other hand,
poorly. Ensemble methods [24] are known to improve the robustness of segmentation
performance.

Table 5.1 shows the quantitative segmentation performance of our proposed model as
compared to the state-of-the-art methods on BraTS 2020 validation datasets as computed

1https://ipp.cbica.upenn.edu/
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flair t2 Ground Truth Prediction

Figure 5.1: Qualitative inspections of two randomly selected predictions on the training
set. Edema is shown in yellow, necrosis in green, and enhancing tumor in blue.
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Table 5.1: Mean performance metrics on the BraTS 2020 Validation dataset of the pro-
posed method were compared to the state-of-the-art methods in terms of the dice simi-
larity score. The model was trained for 400 epochs. ET - Enhancing tumor, WT - Whole
tumor, TC - Tumor core. Ensemble10 - Ensemble of 10 models.

Dice
Method ET WT TC Mean

Isensee et al. [18] 0.7989 0.9124 0.8506 0.8540
Jia et al. [20] 0.7875 0.9129 0.8546 0.8517
Y. Yuan [34] 0.7927 0.9108 0.8529 0.8521
Wang et al. [33] 0.7873 0.9009 0.8173 0.8352
Ensemble10 (proposed) 0.7745 0.9042 0.8286 0.8357
Best values are shown in bold

Table 5.2: Mean performance metrics on BraTS 2020 Validation dataset of our proposed
method compared to the state-of-the-art methods in terms of Hausdorff distance (95%).
ET - Enhancing tumor, WT - Whole tumor, TC - Tumor core. Ensemble10 - Ensemble
of 10 models. *: Input size of 96× 128× 80.

Hausdorff95
Method ET WT TC Mean

Isensee et al. [18] 23.50 3.69 7.82 11.67
Jia et al. [20] 26.58 4.18 4.97 11.91
Y. Yuan [34] 18.20 4.10 5.99 9.43
Wang et al. [33] 17.95 4.96 9.77 10.89
Single model* (proposed) 22.33 5.51 7.19 11.68
Ensemble10 (proposed) 25.07 5.61 7.10 12.60
Best values are shown in bold.

by the online evaluation platform. From the results, no single method outperformed
all methods in all metrics. Our ensemble of ten light-weight models demonstrated a
competitive performance regarding dice score.

Isensee et al. [18] used an ensemble of 25 models, which amount to 2 Gig in the
compressed form of disk space, to win the BraTS 2020 challenge. Compared to our
proposed methods, which only require 25 MB of disk space with each of the ten models
trained for a few epochs, their method produced a mean performance gain of 1.83%

Table 5.2 shows the mean performance evaluation of our proposed models against
state-of-the-art techniques in terms of Hausdorff distance (95%). No single model out-
ranking other methods in all metrics. Y. Yuan [34] achieved the best mean performance
overall. Interestingly, our single model, trained with an input patch size 96 × 128 × 80,
performed better than an ensemble of 25 models by Isensee et al. [18] in both the
enhancing tumor and tumor core regions. The inherent class imbalance makes it difficult
to detect small liaison by using large import patch size [8].
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5.3 Efficient nnU-Net for Brain Tumor Segmenta-

tion

nnU-Net [16] is one of the leading open-source deep learning frameworks for medical image
analysis. It has been used to win various challenges, including the BraTS 2020 [17] and
2021 [23] brain tumor segmentation task. Nevertheless, as discussed in Section 3.3 and
Section 5.2, despite its state-of-the-art performance, it is computationally expensive. The
framework uses standard convolution operations, which are computationally expensive
because they perform spatial and channel-wise correlation in one go [9].

Motivated by the above problem, several modifications to the nnU-Net were proposed
to lower its computational complexity while retaining its state-of-the-art segmentation
performance. Section 3.3 described in detail the proposed changes and experiments con-
ducted to study the efficacy of these techniques. The modifications are summarized as
follows:

� Model 1: all the convolution operations in nnU-Net were replaced with depthwise
separable convolutions.

� Model 2: residual connections were added to Model 1.

� Model 3: the residual connection in Model 2 was modified by applying the ReLU
operation after adding the residual units. Furthermore, a shuffle attention mecha-
nism was introduced in the skip connections.

All models were trained for 400 epochs. The online BraTS 2020 evaluation platform
was used to validate the segmentation performance of the modifications in terms of dice
score and Hausdorff distance. Additionally, the THOP2 Python library was used to cal-
culate model complexity in terms of floating-point operations (FLOPS) and the number
of parameters (Params).

Table 5.3 and Table 5.4 report the computational analysis of the proposed modifica-
tions against the state-of-the-art methods with and without model ensemble, respectively.
The models demonstrated superiority in all metrics, with the proposed changes effectively
reducing computational complexity.

In Table 5.5 and Table 5.6, the segmentation performance of the models is reported
against the state-of-the-art methods with and without model ensemble, respectively. As
shown in Table 5.5, the approach produced comparable results to the method proposed
by Isensee et al. in terms of Dice coefficient for the entire tumor. Additionally, a slight
enhancement in the Hausdorff distance for the tumor core was observed, with similar
performance across other metrics. Importantly, the method achieved these outcomes
while utilizing considerably fewer computational resources. Table 5.6 shows that the
proposed method achieved superior performance with minimal computational complexity.

5.4 Efficient Survival Prediction for Gliomas using

deep learning

Survival prediction plays a crucial role in shaping effective treatment plans and guid-
ing decisions on the intensity of interventions such as surgery, radiation therapy, and

2https://github.com/Lyken17/pytorch-OpCounter
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Table 5.3: Computational analysis of the proposed models against the state-of-the-art
methods with the model ensemble. † - Ensemble of models trained with 5-fold cross-
validation.

Model Epochs FLOPS Params.

Isensee et al. [17] 1000 539.56G 31.20M
Isensee et al. [17] † 1000 539.56G 31.20M
Jia et al. [20] 450 621.09G 26.07M
Jia et al. [20]† 450 621.09G 26.07M
Y. Yuan [34] 300 - 16.50M
Wang et al. [33] 1000 - -
Wang et al. [32]† 8000 333.00G 32.99M

Model 1 (proposed) 400 55.26G 2.51M
Model 2 (proposed) 400 75.39G 7.89M
Model 3 (proposed) 400 75.46G 7.89M

Best values are shown in bold, and second best are underlined.

Table 5.4: Computational analysis of the proposed models against the state-of-the-art
methods without model ensemble.

Model Epochs FLOPS Params.

Y. Yuan [34] 300 - 16.50M
Wang et al. [33] 1000 - -
Raza et al. [29] 100 374.04G 30.47M
Daza et al. [10] - 49.82G 4.02M

Model 1 (proposed) 400 55.26G 2.51M
Model 2 (proposed) 400 75.39G 7.89M
Model 3 (proposed) 400 75.46G 7.89M

Best values are shown in bold, and second best are underlined.

Table 5.5: Segmentation performance on BraTS 2020 Validation dataset compared to the
state-of-the-art with the model ensemble. ET - Enhancing tumor, WT - Whole tumor,
TC - Tumor core. † - Ensemble of models trained with 5-fold cross-validation.

Model Dice HD95
ET WT TC ET WT TC

Isensee et al. [17] 0.799 0.912 0.851 23.50 3.69 7.82
Isensee et al. [17] † 0.799 0.912 0.857 26.41 3.73 5.64
Jia et al. [20] 0.788 0.913 0.855 26.58 4.18 4.97
Jia et al. [20]† 0.784 0.913 0.835 26.50 4.18 5.52
Y. Yuan [34] 0.793 0.911 0.853 18.20 4.10 5.99
Wang et al. [33] 0.787 0.908 0.856 35.01 4.71 5.70
Wang et al. [32]† 0.787 0.901 0.817 17.95 4.97 9.77

Model 1 (proposed) 0.792 0.912 0.848 29.31 4.41 6.20
Model 2 (proposed) 0.792 0.910 0.841 26.42 5.20 9.19
Model 3 (proposed) 0.788 0.908 0.845 29.61 5.11 5.92

Best values are shown in bold, and second best are underlined.
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Table 5.6: Segmentation performance on BraTS 2020 Validation dataset compared to the
state-of-the-art without model ensemble. ET - Enhancing tumor, WT - Whole tumor,
TC - Tumor core.

Model Dice HD95
ET WT TC ET WT TC

Y. Yuan [34] 0.785 0.904 0.842 20.35 5.49 8.34
Wang et al. [33] 0.785 0.907 0.837 32.25 4.39 8.34
Raza et al. [29] 0.800 0.866 0.836 29.82 6.78 7.36
Daza et al. [10] 0.794 0.897 0.845 29.82 3.59 6.47

Model 1 (proposed) 0.792 0.912 0.848 29.31 4.41 6.20
Model 2 (proposed) 0.792 0.910 0.841 26.42 5.20 9.19
Model 3 (proposed) 0.788 0.908 0.845 29.61 5.11 5.92

Best values are shown in bold, and second best are underlined.

chemotherapy. Additionally, survival prediction holds significant importance in the realm
of palliative care [22].

Despite the success of deep learning techniques in achieving state-of-the-art segmen-
tation performance, their application in survival prediction remains limited. This is
primarily attributed to their high demand for training samples, a challenging aspect in
the medical domain. Furthermore, the inherent nature of deep learning models often
leads to overfitting issues due to generating numerous features and parameters.

In contrast, traditional machine-learning techniques have been prevalent in survival
prediction. However, their reliance on intricate and robust feature extraction and selec-
tion processes for competitive performance poses a drawback. These techniques typically
involve separate phases for feature extraction, selection, and model training.

An efficient deep-learning model for survival prediction is presented in response to
these challenges. The approach incorporated the squeeze-and-excitation block for adap-
tive feature selection in an end-to-end fashion by leveraging the segmentation maps ob-
tained from the segmentation task detailed in Chapter 3.

As discussed in Chapter 4, various feature fusion strategies were experimented with,
and the efficacy of the adaptive feature selection on the BraTS 2020 dataset was exten-
sively studied. Survival predictions in days were submitted to the online evaluation plat-
form, which benchmarked the methods in terms of classification accuracy, mean square
error (MSE), median square error (medianSE), standard deviation of the square error
(stdSE), and Spearman rank correlation (SpearmanR).

The main objective for the survival prediction, as given by the BraTS Challenge, is to
accurately classify patients into short-survivors (< 10 months), mid-survivors (between
10 and 15 months), and long-survivors (> 15 months).

Table 5.7 presents a quantitative analysis of the performance of our proposed method
against state-of-the-art methods. Our method achieves superior classification accuracy
and SpearmanR correlation performance but performs poorly in terms of MSE.

Despite surpassing the state-of-the-art methods in classification accuracy, our method
still exhibits a relatively low accuracy of 59%. Several factors contribute to this subopti-
mal performance. Firstly, the BraTS 2020 dataset is limited to age and overall survival
days, lacking essential information on sex, underlying conditions, and treatment details
[12]. Secondly, relying solely on imaging features proves insufficient for fully characteriz-
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Table 5.7: Comparison with State-of-the-art Techniques on BraTS 2020 Validation.

Model Accuracy MSE medianSE stdSE SpearmanR
Agravat et al. [1] 0.517 116,083.48 43,974.09 168,176.16 0.217
Miron et al. [25] 0.517 197,777.08 36,397.01 148,209.10 0.249
Bommineni et al. [6] 0.379 93,859.54 67,348.26 102,092.41 -
Ali et al. [2] 0.483 105,079.40 37,004.93 146,376.00 0.134
Kaur et al. [21] 0.517 136,783.42 106,608.60 139,210.80 0.299
Proposed 0.586 160,518.06 92,752.96 200,511.70 0.336

Best values are shown in bold.

ing the heterogeneity of glioma tumors [12, 15]. Lastly, the scarcity of training samples in
the BraTS 2020 dataset, particularly for deep learning models, leads to rapid overfitting
[5, 13].

5.5 Conclusion

This chapter presented experimental results on automatic brain tumor segmentation and
survival prediction. A detailed discussion of challenges in the domain and strategies to
address them was presented. Rigorous evaluation against state-of-the-art methods was
performed using the BraTS 2020 dataset.

Our brain tumor segmentation methods demonstrated competitive performance, achiev-
ing accurate results with minimal computational resources. This accomplishment high-
lights the efficiency of our segmentation approach in accurately delineating tumor bound-
aries.

Simultaneously, our survival prediction model exhibited superior performance, es-
pecially regarding classification accuracy. This success underscores the robustness and
effectiveness of our proposed model, suggesting its potential for valuable insights into
patient prognosis.

In summary, our experimental results demonstrate the effectiveness of our approaches
in tackling challenges related to automatic brain tumor segmentation and survival pre-
diction. Our methods compete favorably with state-of-the-art techniques and showcase
efficiency in computational resource utilization and superior predictive capabilities, em-
phasizing their potential significance in clinical applications.
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Chapter 6

Conclusion and Future Work

6.1 Introduction

In this concluding chapter, we reflect on our research’s key findings and contributions,
addressing the challenges in automatic brain tumor segmentation and survival prediction.
We explore the significance of our work in the broader context of medical imaging and
prognosis.

6.2 Overview

Our research aimed to develop computationally efficient deep-learning models for auto-
matic brain tumor segmentation and overall survival prediction. We tackled the limita-
tions of existing methods by introducing novel approaches that balance performance and
computational complexity.

Our proposed methods demonstrated competitive accuracy in brain tumor segmenta-
tion while operating with minimal computational resources. The success in accurately de-
lineating tumor boundaries, particularly in the challenging context of glioma sub-regions,
underscores the efficiency of our segmentation approach.

Simultaneously, our survival prediction model exhibited superior performance, par-
ticularly in classification accuracy. This achievement not only adds a valuable tool for
prognosis but also emphasizes the robustness and efficacy of our proposed model.

6.3 Contribution to Knowledge

Our research makes several notable contributions to the field of medical imaging and
prognosis:

� Efficient Segmentation Models: We introduced novel network architectures
that leverage depthwise separable convolutions and innovative extensions to the
U-Net model, balancing accuracy with computational efficiency in brain tumor
segmentation.

� Survival Prediction Model: The end-to-end deep learning model for overall
survival prediction, incorporating the squeeze-and-excitation module, contributes
to the growing work to improve patient outcome predictions.
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� Rigorous Evaluation: Our thorough evaluation against state-of-the-art methods
using the BraTS 2020 dataset establishes our proposed techniques’ credibility and
potential applicability in clinical setups.

.

6.4 Future work

As we conclude this research, several avenues for future exploration emerge:

� Ensemble Models for Segmentation: Extensive experimentation with an en-
semble of lightweight models could enhance segmentation performance, providing
a robust and reliable solution for diverse brain tumor cases.

� Multiresolution Approaches: Exploring multiple resolutions to capture long-
range dependencies may improve segmentation accuracy, especially in cases where
structural variability among tumors poses a challenge.

� Incorporating Radiomic Features: Integrating radiomic features into the sur-
vival prediction model can provide a more comprehensive understanding of tumor
characteristics, potentially improving the accuracy of prognostic assessments.

6.5 Final Thoughts

In conclusion, our research has made significant strides in the development of efficient
and accurate models for automatic brain tumor segmentation and survival prediction.
The findings presented in this thesis contribute to the ongoing efforts to advance the
field of medical imaging and prognosis. As we look to the future, continued exploration
and innovation are essential to address the evolving challenges and further enhance the
capabilities of computer-assisted diagnosis in clinical settings.
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[17] Fabian Isensee, Paul F. Jäger, Peter M. Full, Philipp Vollmuth, and Klaus H. Maier-
Hein. nnU-Net for Brain Tumor Segmentation. In Alessandro Crimi and Spyridon
Bakas, editors, Brainlesion: Glioma, Multiple Sclerosis, Stroke and Traumatic Brain
Injuries, Lecture Notes in Computer Science, pages 118–132. Springer International
Publishing, 2021.
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