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ABSTRACT

Computer-aided medical image analysis plays a critical role in supporting medical practitioners

with expert clinical diagnoses and determining optimal treatment plans. Currently, convolu-

tional neural networks (CNNs) are widely regarded as the preferred method for automated

medical image analysis due to their ability to autonomously learn relevant features from train-

ing data. However, most cutting-edge semantic image segmentation techniques rely on two-

dimensional (2D) CNN models, which do not fully exploit the inter-slice information available

in cross-sectional imaging modalities, such as MRI volumes. This limitation underscores the

need for more advanced approaches to better utilize the three-dimensional (3D) data inherent

in these imaging techniques.

In this thesis, we present a comprehensive evaluation of various techniques employed in 3D

deep learning for medical image segmentation. With the rapid advancements in 3D imaging

systems and excellent hardware and software support to process large volumes of data, 3D deep

learning methods are gaining popularity in medical image segmentation. However, traditional

3D CNN-based segmentation models require substantial computational resources, extensive

memory, and typically larger datasets than 2D CNN approaches. To address these challenges,

we propose a 3D CNN segmentation model that e!ciently extracts information across slices

and mitigates several limitations associated with traditional 3D CNN techniques. The method

aims to retain the advantages of both 2D CNN and 3D CNN methods by e”ectively designing

input data slices and the CNN architecture. In this study, we proposed a shallow sliced stacking

approach to reduce the depth of input 3D data to maintain a good segmentation accuracy with

minimum computation overhead and model complexity. Incorporating residual connections

in the encoder path also facilitates the extraction of multi-scale features without significantly

increasing the model complexity.

Accurate diagnosis of various medical conditions often requires the simultaneous analysis

of multiple image characteristics. For instance, Focal Cortical Dysplasia (FCD) lesion detec-
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tion can be significantly enhanced by incorporating data on cortical thickness maps along with

fluid-Attenuated Inversion Recovery (FLAIR) Magnetic Resonance Imaging (MRI) scans. Ad-

ditionally, employing multi-axis analysis of 3D cross-sectional imaging can substantially improve

diagnostic performance. Inspired by these concepts, we propose a 3D deep learning model em-

ploying a multi-view, dual encoder-decoder architecture. The model also incorporates various

architecture-wise enhancements, including an end-to-end cascaded approach for transitioning

from coarse to fine segmentation, 3D Attention modules for maintaining consistency between

encoder and decoder pairs, and dual-task learning. In our study, we apply this model to pro-

cess FLAIR MRI volumes alongside corresponding cortical thickness maps, aiming to e”ectively

detect FCD lesions.

Generative Adversarial Networks (GANs) have significantly impacted the field of image anal-

ysis, and they have been successfully employed for tasks such as image segmentation. Hence,

this study also proposes a 3D attention-driven Vox2Vox CNN network that leverages the power

of a 3D GAN to accurately segment acute stroke lesion cores in Computed Tomography Per-

fusion (CTP) scans. This methodology also incorporates valuable insights derived from our

prior models relevant to this research. The segmentation framework incorporates two super-

vised GAN components: a generator and a discriminator. The generator module is designed

to process 3D slices from CTP maps and learn to generate 3D binary prediction masks that

closely match the ground truth for stroke lesions. Concurrently, the discriminator module is

trained to distinguish between the outputs generated by the generator and the actual ground

truth. Overall, this thesis demonstrates the e!cacy of 3D deep learning in identifying malig-

nancies from cross-sectional imaging modalities, including CT and MRI, thereby enhancing the

capabilities of automated Computer-Aided Detection (CAD) systems.

Keywords: 3D Attention; 3D Deep Learning; Computer-aided Medical Image

Analysis; Convolutional Neural Networks; Computed Tomogra-

phy Perfusion; Dual-Task Learning; Fluid-Attenuated Inversion

Recovery; Generative Adversarial Networks; Image Segmentation;

Shallow Sliced Stacking; Vox2Vox

ix



TABLE OF CONTENTS

ACKNOWLEDGEMENTS iv

ABSTRACT viii

TABLE OF CONTENTS xiii

LIST OF TABLES xiv

LIST OF FIGURES xvi

ABBREVIATIONS AND NOMENCLATURE xviii

1 INTRODUCTION 1

1.1 AI-based Medical Image Analysis . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1.1 An Introduction to Convolutional Neural Networks . . . . . . . . . . . 2

1.1.2 An Overview on 3D Medical Data . . . . . . . . . . . . . . . . . . . . 4

1.1.3 An Introduction to 3D CNN-based Segmentation . . . . . . . . . . . . 5

1.2 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.3 Problem Statement . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

1.3.1 Research Objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

1.4 Major Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

1.5 Organization of this Thesis . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2 LITERATURE SURVEY 11

2.1 Fully Supervised 3D CNN Models . . . . . . . . . . . . . . . . . . . . . . . . 12

2.1.1 Direct 3D CNN Models . . . . . . . . . . . . . . . . . . . . . . . . . . 12

2.1.2 3D Patch-wise Segmentation Models . . . . . . . . . . . . . . . . . . . 14

2.1.3 Multi-Task Learning Models . . . . . . . . . . . . . . . . . . . . . . . 16

x



2.2 Semi-Supervised Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

2.3 Weakly Supervised Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.4 Cost-e”ective Approximations of 3D CNN . . . . . . . . . . . . . . . . . . . . 23

2.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

3 SEGMENTATION OF FCD LESIONS FROM MRI USING 3D CNNs 28

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

3.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

3.2.1 Preprocessing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

3.2.2 FCD Segmentation using the Proposed 3D CNN . . . . . . . . . . . . 34

3.2.3 Network Architecture . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

3.2.4 Post Processing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

3.3 Results and Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

3.3.1 Hardware Details . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

3.3.2 Evaluation Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

3.3.3 Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

3.3.4 Training methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

3.3.5 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

3.4 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

4 A DUAL ENCODER-DECODER MULTI-TASK 3D DEEP LEARNING
FRAMEWORK FOR THE SEGMENTATION OF FCD LESIONS 52

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

4.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

4.2.1 Preprocessing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

4.2.2 A Dual Encoder-Decoder Segmentation Framework . . . . . . . . . . . 57

4.2.3 Multi-view Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

4.2.4 A Dual-task Learning for Preserving Lesion Boundaries . . . . . . . . 60

4.2.5 A Cascading Strategy for Coarse to Fine Segmentation. . . . . . . . . 61

4.2.6 3D Attention network for Maintaining Consistency between Encoder and
Decoder Pairs. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

xi



4.2.7 Network Architecture. . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

4.3 Results and Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

4.3.1 Hardware Details . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

4.3.2 Evaluation Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

4.3.3 Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

4.3.4 Training Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

4.3.5 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

4.4 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

5 SEGMENTATION OF ISCHEMIC STROKE LESIONS FROM CT PER-
FUSION IMAGES USING 3D ATTENTION-DRIVEN VOX2VOX 72

5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

5.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

5.2.1 Generator Network . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

5.2.1.1 ResNet blocks to Enhance Training E!ciency. . . . . . . . . 81

5.2.1.2 Selective and Shared Learning through 3D CBAM Attention 81

5.2.1.3 Dual-task Learning . . . . . . . . . . . . . . . . . . . . . . . 82

5.2.2 Discriminator Network . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

5.3 Results and Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

5.3.1 Hardware Details . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

5.3.2 Evaluation Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

5.3.3 Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

5.3.4 Training Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . 87

5.3.5 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

5.4 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

6 CONCLUSIONS AND FUTURE WORK 96

6.1 Summary of Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

6.2 Implications for Clinical Practice . . . . . . . . . . . . . . . . . . . . . . . . . 97

6.3 Directions for Future Research . . . . . . . . . . . . . . . . . . . . . . . . . . 97

6.4 Concluding Remarks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

xii



LIST OF PAPERS BASED ON THESIS 100

6.5 Journal Publications (Within the Scope of Thesis) . . 100

6.6 Supplementary Journal Publications . . . . . . . . . . . . . 100

6.7 Supplementary Conference Publications . . . . . . . . . . 101

REFERENCES 101

BIODATA 116

xiii



LIST OF TABLES

3.1 Pixel-wise performance comparison of the benchmark models and the proposed
model. The results of the 5-fold evaluation are presented in terms of Precision,
Recall, and DSC. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

3.2 Region-wise results of the benchmark models and the proposed model. . . . . 45

3.3 Patient-wise results of the benchmark models and the proposed model. . . . . 46

3.4 Performance comparison of the proposed model with 3D UNet with respect to
di”erent shall slice depths, in terms of trainable parameters and computation
complexity ( TN , TT , and TM represents the number of trainable parameters(in
million), training time per epoch (in seconds), and the memory required for
training (in GB), respectively). . . . . . . . . . . . . . . . . . . . . . . . . . . 47

3.5 Performance comparison of the proposed method with state-of-the-art ap-
proaches, in terms of number of trainable parameters (TN ), training time per
epoch TT and GPU memory required TM . . . . . . . . . . . . . . . . . . . . 47

3.6 Pixel-wise performance Comparison between 3D U-Net (with normal convolution
layers) and the proposed 3D model. The results of 5-fold evaluation is presented
in terms of Precision, Recall and DSC. . . . . . . . . . . . . . . . . . . . . . . 48

3.7 Pixel-wise performance of the proposed method on BRATS 2015 Dataset (Menze
et al., 2014) (for brain tumor segmentation). The results of the 5-fold evaluation
are presented in terms of Precision, Recall, and DSC. . . . . . . . . . . . . . . 49

4.1 Performance comparison of the proposed model with benchmark models. . . . 70

5.1 Performance of the proposed Vox2Vox model with various ablations. . . . . . 90

5.2 Slice-wise segmentation performance of the proposed Vox2Vox model with
various ablations. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

5.3 Segmentation performance of the proposed model compared to best models
reported in ISLES 2018 challenge leaderboard. The models marked with †

denote 2D models developed with CTP scans, while those marked with # are
the 3D segmentation models with CTP scans (without DWI data). . . . . . . 93

xiv



LIST OF FIGURES

1.1 (a) A 2D CNN architecture for segmentation and (b) A 3D CNN architecture
for segmentation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

2.1 A high-level block diagram of 3D Patch-wise segmentation model. . . . . . . 14

2.2 A high-level block diagram of 3D CNN based Multi-Task learning model. . . 16

2.3 A high-level representation of a 3D CNN based Mean teacher Semi-supervised
learning model. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

2.4 Block diagram of a Weakly-supervised 3D CNN model. . . . . . . . . . . . . . 22

2.5 A cost-e”ective approximation of a 3D CNN model. . . . . . . . . . . . . . . 24

3.1 Sample brain MRI scans with and without FCD (FCD regions are highlighted).
(a) MRI slices without FCD lesion and (b) MRI slices with FCD lesion. . . . 30

3.2 Schematic diagram showing the training and testing stages in the proposed
methodology. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

3.3 Proposed 3D CNN model for FCD segmentation. . . . . . . . . . . . . . . . . 35

3.4 Qualitative analysis of the proposed model, (a) Brain MRI scans with FCD, (b)
Ground truth, (c) Predicted output of the proposed 3D Res-UNet. . . . . . . 43

4.1 Training stage of the proposed FCD segmentation model. . . . . . . . . . . . 55

4.2 Testing stage of the proposed FCD segmentation model. . . . . . . . . . . . . 56

4.3 (a) Raw MRI slice, (b) Result after skull-stripping, and (c) Result after cropping
& denoising . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

4.4 (a) Sample brain MRI slice, (b) Cortical thickness map, (c) Ground truth and
(d) Distance map . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

4.5 Proposed 3D CBAM attention module with dual inputs. . . . . . . . . . . . . 63

4.6 Architecture diagram of the proposed 3D CNN model for FCD segmentation 65

4.7 Qualitative analysis of the proposed model: (a) Brain MRI scans with FCD, (b)
Ground truth, and (c) Predicted output of the proposed 3D Res-UNet. . . . . 69

xv



5.1 CT Perfusion maps provided in ISLES 2018 Challenge (a) Normal CT, (b)
Cerebral Blood Flow (CBF) (c) Cerebral Blood Volume (CBV), (d) Mean
Transit Time (MTT) (e) Time-to-maximum flow (Tmax), and (f) Ground truth. 75

5.2 Proposed segmentation architecture for the Generator network . . . . . . . . 82

5.3 Proposed 3D CBAM Attention Module . . . . . . . . . . . . . . . . . . . . . 83

5.4 Proposed segmentation architecture for the Discriminator network . . . . . . 85

5.5 Training methodology of (a) the Generator, and (b) the Discriminator modules. 88

5.6 Qualitative analysis of the proposed model: (a) CBF, (b) CBV, (c) Ground
truth, and (d) Predicted stroke lesion region using the proposed Vox2Vox model. 92

xvi





ABBREVIATIONS AND NOMENCLATURE

AVD Absolute Volume Di”erence

BCE Binary Cross-Entropy

BM3D Block-Matching and 3D Filtering

CADx Computer-Aided Diagnosis

CBAM Convolutional Block Attention Module

CNN Convolutional Neural Network

CRF Conditional Random Field

CT Computed Tomography

DQN Deep Q Network

DSC Dice Similarity Coe!cient

DWI Di”usion-Weighted Imaging

EMMA Ensemble of Multiple Models and Architectures

FCD Focal Cortical Dysplasia

FCN Fully Convolutional Network

FLAIR Fluid-Attenuated Inversion Recovery

GANs Generative Adversarial Networks

HNNs Holistically Nested convolutional Networks

MRI Magnetic Resonance Imaging

MTL Multi-Task Learning

OBELISK One Binary Extremely Large and Inflecting Sparse Kernel

OM-Net One-pass Multi-task Network

PET Positron Emission Tomography

RCE Reduced Coulomb Energy

S3D Separable 3D

xviii



SDM Signed Distance Map

SELU Scaled Exponential Linear Unit

SNR Signal-to-Noise Ratio

SSL Semi-Supervised Learning

xix





CHAPTER 1

INTRODUCTION

This chapter presents an introduction to deep learning applications in medical image

segmentation. It gives an overview of Convolutional Neural Network (CNN) based seg-

mentation approaches and discusses how 3D CNN is advantageous over 2D CNN methods

in the automatic analysis of cross-sectional imaging. The chapter also delves into the in-

herent limitations of current 3D CNN-based segmentation techniques for medical images

and discusses strategies to mitigate these challenges. Additionally, the chapter outlines

the research motivation, objectives, and contributions made by this study.

1.1 AI-based Medical Image Analysis

Artificial Intelligence (AI) techniques have been increasingly used in modern healthcare

devices to analyze medical images. Computer-Aided Diagnosis (CADx) refers to ana-

lyzing medical data and extracting useful information using computer software to assist

clinicians in making a rapid and error-free diagnosis. These diagnostic systems reduce

the subjectivity in decision-making and the overall cost involved. Medical images play a

significant role in clinical diagnosis, treatment planning, teaching, and research. In re-

cent years, the quality of popular medical imaging techniques, such as X-ray, Computed

Tomography (CT), Ultrasonography, Magnetic Resonance Imaging (MRI), and Positron

Emission Tomography (PET), has improved significantly in terms of acquisition time,

image quality, and cost-e!ectiveness (Chakraborty et al., 2018).



Medical image processing encompasses problem-specific strategies using image pro-

cessing algorithms. Its common applications include image registration, denoising, en-

hancement, compression, classification, and segmentation. The increase in the volume

and complexity of medical image data has accelerated the development of algorithms

for generalized feature extraction, which has increased the need for supervised machine

learning algorithms. Traditional machine learning approaches are based on application-

specific feature extraction techniques for analyzing image characteristics such as contrast

variation, orientation, shape, and texture patterns. Since handcrafted features are an

integral part of such methods, the algorithm design requires domain experts, making

human intervention inevitable.

Studies on neural network-based decision-making have been conducted since the 1950s.

In the last few decades, factors such as data availability, advancements in parallel dis-

tributed computing, and the surge in the semiconductor industry have accelerated re-

search on neural networks. With the increasing prominence of image data in the digital

data space and the need for adaptive feature learning, research on developing neural net-

work models for images has increased tremendously, as evidenced by the introduction of

Convolutional Neural Networks (CNNs).

1.1.1 An Introduction to Convolutional Neural Networks

A typical CNN model uses multiple convolution operations followed by activation and

pooling layers for extracting multi-scale features; the complexity of image features ad-

vances as the model depth increases. The fully connected dense layer is designed to trans-

form the feature map from the previous layer to one-dimensional feature vectors. The

final fully connected layer operates as a classification layer and provides the probabilities

of the target classification task. Furthermore, a CNN model uses several additional mod-

ules, such as batch normalization (Io!e and Szegedy, 2015), regularization, and dropout

(Srivastava et al., 2014), to improve the learning process (Singh et al., 2020).
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(a)

(b)

Figure 1.1: (a) A 2D CNN architecture for segmentation and (b) A 3D CNN architec-
ture for segmentation.

In image segmentation, every pixel needs to be classified simultaneously. CNN models

for segmentation use convolution and pooling layers similar to those in a classification

network. However, the fully connected layers are usually excluded in the segmentation

model to retain the spatial relationship of pixels throughout the network. In addition,

3



adequate upsampling layers are added to the final layers of the network to compensate for

the pooling operation. Hence, the probability of each pixel is estimated, and finally, the

segmentation mask is created. A general workflow of an encoding–decoding architecture

for segmentation is depicted in Figure 1.1 (a).

1.1.2 An Overview on 3D Medical Data

Medical images use di!erent modalities based on imaging principles. The characteris-

tics of these images di!er in terms of spatial resolution, image intensity range, size of

the image, and noise. In addition, they vary in terms of dimensionality and its way of

representation. 2D data mostly use relatively simple Euclidean representation, which

describes each data point using pixel intensity values. In medical images, these pixel

values represent the state of the anatomical structure under consideration. For instance,

the pixel intensity of X-ray images varies with the radiation absorption, whereas it de-

pends on the acoustic pressure in ultrasound images or the radio frequency (RF) signal

amplitude in MRI. The representation of 3D data is more complex. In 3D medical image

representation, volumetric elements or voxels (analogous to pixels in a 2D image) are

used to model 3D data by describing how the 3D object is distributed through the three

axes: axial (front to back), coronal (top to bottom), or sagittal (side to side).

The 3D image visualization has provided a great opportunity for clinicians to eval-

uate the cross-section of anatomic structures. This has increased the understanding of

complex patterns and structural morphology, mostly in radiology. Currently, 3D imaging

is commonly used in several modalities, such as CT, MRI, USG, and PET. Although 3D

imaging techniques have numerous advantages over 2D images, they have certain limita-

tions as well. For example, compared to 2D imaging methods, they require significantly

large storage space and are often expensive. However, with decreasing computational

expenses, higher networking speeds, and the availability of powerful graphics processing

units (GPU), visualization and analysis of 3D medical images have become easy (Zhou

et al., 2021a).
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1.1.3 An Introduction to 3D CNN-based Segmentation

A 3D CNN-based segmentation model uses 3D images as input, and a similar-sized 3D

prediction mask is expected as the output. The basic network structure is similar to that

of a standard 2D CNN model, but the convolution and pooling layers use 3D extensions

to process the volumetric data. Here, the convolution layers perform filtering with 3D

kernels, and the 3D pooling layers subsample the data in all three dimensions to compress

the size of the feature space. Hence the volumetric data is analyzed as cubic patches

from layer to layer and can learn spatial features in all three dimensions. A 3D CNN

architecture for segmentation is shown in Figure 1.1 (b).

The segmentation architecture usually consists of an encoding and decoding path like

the U-Net architecture proposed by Ronneberger et al. (Ronneberger et al., 2015). In

the encoding path, 3D convolution layers and pooling layers create 4D feature space.

Since the pooling reduces the feature space dimension in the encoding path, the decoding

path uses a su”cient number of upsampling layers to gradually increase the feature

space dimension similar to the input data. Normally, transpose convolution is used for

upsampling the data in a learnable fashion. Skip connections are also used to preserve

the fine features by merging features between the corresponding encoding and decoding

layers. A 1 → 1 → 1 filter is used in the final layer to project the stacked features into a

feature space with the same dimension as the input image. The probability map is then

created using a non-linear activation function, followed by a thresholding that creates the

final prediction mask.

1.2 Motivation

Medical image segmentation plays a crucial role across various phases of clinical practice.

Consequently, the development of reliable automated methods for this process carries

broad implications. Most of the state-of-the-art medical image segmentation approaches
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use 2-dimensional (2D) deep learning approaches to limit the memory consumption and

computation cost while training the model. However, 2D CNN frameworks couldn’t learn

the inter-slice relationship between the frames, which is important while analyzing 3D

images. 3D CNN helps to retrieve features from multiple adjacent slices and will be useful

for extracting inter-slice relationships along with the 2D spatial information. In medical

images, lesions or abnormalities are often spread over multiple frames, and hence, 3D

CNN can significantly improve the segmentation performance over such data. However,

it is very challenging to design a 3D CNN architecture for medical image segmentation.

The main challenges are listed below.

1. Lack of large 3D datasets:

Building a su”ciently large 3D dataset is quite challenging due to the intrusive

nature of some medical imaging modalities, the prolonged imaging duration, and

the laborious annotation required while making a large 3D cross-sectional image

dataset.

2. Computational cost and hardware limitations:

3D CNN uses convolution kernels with three dimensions and makes the computa-

tions significantly higher while processing large 3D image datasets. This attracts

the need for higher computation requirements and costlier GPUs.

1.3 Problem Statement

This research proposal aims to develop e”cient 3D CNN-based segmentation algorithms

to detect and segment abnormal regions from 3D medical images without a substantial

increase in computational complexity while maintaining competitive performance.
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1.3.1 Research Objectives

1. Objective 1: Design and Develop a Simplified 3D CNN-Based Segmentation Model

with Optimal Performance.

In deep 3D CNN, the number of trainable parameters is significantly higher than in

corresponding 2D networks. This demands huge memory and undesirably long training

time, even with high-performance GPUs. Moreover, 3D networks are often forced to

work with low batch sizes, which leads to non-optimized weight updation and eventually

degrades the segmentation performance.

2. Objective 2: Develop a High-Performance 3D Cascaded CNN Model for Multi-modal

Medical Image Segmentation with Accurate Lesion Segmentation.

In conventional CNN networks, when the model tries to segment the lesion regions

with high recall, the number of false detections also increases and will impact the precision

performance. Therefore, by integrating a localization phase followed by a focused seg-

mentation phase, cascaded networks can be employed. This approach facilitates fine-level

segmentation, resulting in a more precise and thorough segmentation.

3. Objective 3: Develop an optimized 3D CNN segmentation technique that can e!ec-

tively use Generative AI techniques.

Several medical images can learn from multiple image modalities together, and ad-

vancements in generative AI techniques can boost their performance. Hence, developing

such a 3D CNN model is a need of the hour.

1.4 Major Contributions

This thesis significantly adds contributions in the field of medical image segmentation

by employing 3D deep learning techniques. The main contributions in this thesis are

summarized as follows:
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1. A Deep 3D CNN Segmentation Model with Minimal Computation and

Complexity.

We propose a deep 3D CNN segmentation model that e”ciently extracts informa-

tion across slices, overcoming the limitations of traditional CNN techniques. This model

retains the advantages of both 2D and 3D CNN methods through e!ectively designed

input data slices and customized encoder-decoder structures. A shallow sliced stacking

approach is introduced to reduce the size of input 3D data, maintaining high segmentation

accuracy with minimal computation overhead and model complexity. Additionally, incor-

porating residual connections in the encoder path facilitates the extraction of multi-scale

features without significantly increasing the model complexity.

2. Multi-View Dual Encoder-Decoder Architecture for 3D Deep Learning.

Inspired by multi-axis analysis (sagittal, axial, and coronal axis) of 3D cross-sectional

imaging, which improves the detection performance of neuro-radiologists, we propose a

novel 3D deep learning model employing a multi-view dual encoder-decoder architecture.

This model includes architecture-wise enhancements such as an end-to-end cascaded ap-

proach for transitioning from coarse to fine segmentation, 3D Attention modules to ensure

consistency between encoder and decoder pairs, and dual-task learning. We apply this

model to process Fluid-Attenuated Inversion Recovery (FLAIR) MRI volumes of the

brain and the corresponding cortical thickness maps to detect Focal Cortical Dysplasia

(FCD) lesions.

3. 3D Attention-Driven Vox2Vox Network using GANs.

Leveraging the transformative impact of Generative Adversarial Networks (GANs) in

image analysis, our research presents a 3D attention-driven Vox2Vox network that utilizes

the capabilities of a supervised 3D GAN. This network is designed to accurately segment

acute stroke lesion cores in Computed Tomography Perfusion (CTP) scans. The approach

incorporates valuable insights derived from our prior models, enhancing its e!ectiveness

and relevance to current medical imaging challenges.
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1.5 Organization of this Thesis

Rest of the thesis is organized as follows:

Chapter 2 presents an in-depth review on state-of-the-art 3D deep learning-based med-

ical image segmentation.

Chapter 3 presents a 3D CNN model for medical image segmentation that leverages the

advantages of both 2D and 3D CNN approaches.

Chapter 4 presents a segmentation model with a dual encoder-decoder 3D CNN ar-

chitecture with multi-view training, 3D attention, and an end-to-end cascaded network

design.

Chapter 5 presents a novel 3D attention-driven Vox2Vox framework that investigates

the transformation of a 3D image translational CNN network for segmenting lesions from

3D cross-sectional imaging.

Chapter 6 concludes this thesis by summarizing the research conducted and explor-

ing potential future directions, emphasizing the importance of 3D deep learning-based

segmentation techniques for biomedical image analysis.
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CHAPTER 2

LITERATURE SURVEY

This chapter presents an extensive overview of the popular 3D deep learning methods

used for medical image segmentation. Additionally, it explores the current challenges and

prospective developments in the field of medical image segmentation utilizing 3D deep

learning technologies. This study scrutinizes 3D CNN approaches for segmenting cross-

sectional medical images, concentrating on recently published scholarly articles. Based

on our review, the 3D CNN segmentation approaches for medical image segmentation are

organized into various categories, as outlined below.

1. Fully supervised 3D CNN models

(a) Direct 3D CNN models

(b) 3D Patch-wise segmentation models

(c) Multi-task learning models

2. 3D CNN with Semi-supervised learning

3. 3D CNN with Weakly-supervised learning

4. Cost-e!ective approximations of 3D CNN

1The work described in this chapter has been published in: Niyas S. Pawan S. J., Anand Kumar
M., and Jeny Rajan (2022). Medical image segmentation with 3D convolutional neural networks: A
survey. Neurocomputing. 493, 397-413.



2.1 Fully Supervised 3D CNN Models

2.1.1 Direct 3D CNN Models

A straightforward implementation of a 3D CNN model is possible by replacing the 2D

convolution and pooling operations in conventional CNN models with 3D counterparts.

Such CNN models are discussed under this category.

Milletari et al. (Milletari et al., 2016) presented an advanced 3D U-Net architec-

ture (V-Net) with residual blocks (instead of cascaded convolution blocks) and strided

convolution (instead of max-pooling). The methodology uses a Dice score-based loss

function to reduce the class imbalance between the voxel classes. Bui et al. (Bui et al.,

2017) proposed another 3D CNN architecture inspired by the Fully Convolutional Net-

work (FCN) model proposed by Long et al. (Long et al., 2015) for brain segmentation

in infant brain MRI volumes. The encoder path uses multiple coarse and fine 3D convo-

lution layers to extract multi-scale features. Downsampling uses strided convolution to

reduce the feature size and increase the receptive field. Multiple convolution layers are

used to extract four di!erent scales of feature space, then upsampled and concatenated

to generate the final probability map.

Kayalibay et al. (Kayalibay et al., 2017) proposed another 3D encoder-decoder

architecture with deep supervision. In this model, the feature space created at di!erent

decoder levels in the network is merged using an element-wise summation of the features.

In the approach, the learning process directly depends on the coarse features from the

di!erent decoder levels and helps to speed up the convergence. However, the element-wise

summation may limit the learning process when the semantic gap between the di!erent

decoder levels is significant. Dou et al. (Dou et al., 2017) proposed a similar approach

that can work on relatively small 3D datasets.

Li et al. (Li et al., 2017) presented a 3D CNN model using dilated convolution

instead of max-pooling and residual connections. For utilizing multi-scale features, the
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dilation factor of the 3D convolution kernel is steadily increased in the subsequent layers.

Hence, the spatial resolution of the feature space is kept constant throughout the net-

work. The residual blocks merge the features from di!erent layers to reduce the vanishing

gradients problem and feature degradation. Chen et al. (Chen et al., 2018a) proposed

another residual deep 3D CNN architecture for segmenting the brain region from 3D MRI

volumes. The proposed architecture employs a Voxel-wise Residual Network (VoxRes-

Net). The architecture uses a 3D extension of 2D deep residual networks that extracts

features from multiple scales using a series of convolution operations, and the features at

multiple scales are fused to generate the segmentation mask.

Schlemper et al. (Schlemper et al., 2019) proposed an attention gate based 3D

U-Net architecture for medical image segmentation which automatically learns to con-

centrate on various target structures. Wang et al. (Wang et al., 2019) proposed another

3D FCN method that integrates recursive residual blocks and pyramid pooling to extract

more complex features. The recursive residual blocks contain multiple residual con-

nections that can minimize feature degradation problems. Pyramid pooling (He et al.,

2015b) generates fused feature maps at di!erent decoding levels for obtaining both local

and global information. It helps to eliminate the fixed size constraints of CNN without

losing spatial information.

A 3D version of multi-scale U-Net segmentation was presented by Peng et al. (Peng

et al., 2020). The model uses multiple U-Net modules to extract long-distance spatial

information at di!erent scales. The U-Net blocks use Xception (Chollet, 2017) modules

instead of normal convolution to extract more complex features. Zhou et al. (Zhou

et al., 2020) proposed a lightweight deep 3D CNN architecture: One-pass Multi-task

Network (OM-Net) that can handle the native flaws in the MC approach. OM-Net

combines discrete segmentation tasks into a one-pass deep model to learn joint features

and solve the class imbalance problem better than MC. The prediction results between

tasks correlate using a cross-task guided attention block that can adaptively re-calibrate

channel-wise feature responses.

13



Figure 2.1: A high-level block diagram of 3D Patch-wise segmentation model.

In the above-mentioned medical image segmentation approaches, the 3D CNNmod-

els mainly use a straightforward extension of various 2D CNN building blocks. However,

the volumetric data analysis brings a significant increase in the memory requirement and

computation costs while training deep 3D CNN models compared to corresponding 2D

versions. Several studies were also conducted in developing 3D segmentation models that

work with limited training data and hardware resources. Such approaches are discussed

in the following sections.

2.1.2 3D Patch-wise Segmentation Models

The resolution of input 3D data is the primary reason behind the need for large memory

and higher computation complexity in training a 3D CNN segmentation model. However,

this could be circumvented with a patch-based approach. In the patch-wise approach, the

input 3D images are converted to small 3D sub-samples and analyzed individually. Fi-

nally, the patch-wise prediction outcomes will be merged to create the final 3D prediction

map. A high-level block diagram of 3D Patch-wise segmentation is shown in Figure 2.1.

The patch-wise analysis is an interesting area of research in 3D medical image analysis,

and such patch-wise 3D deep learning based techniques are discussed in this section.

Yu et al.(Yu et al., 2016) proposed a deep supervised 3D fractal network for whole
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heart and great vessel segmentation in MRI volumes. This method expands the Fractal-

Net (Larsson et al., 2016) and uses deep supervision using multiple auxiliary classifiers

deployed at expanding layers to reduce the vanishing gradient problem. The methodology

uses cropped 3D patches of size 64 → 64 → 64 and reported good results in the HVSMR

2016 challenge dataset (Pace et al., 2015).

Kamnitsas et al. (Kamnitsas et al., 2017a) presented an Ensemble of Multiple

Models and Architectures (EMMA) for robust performance by aggregating predictions

from multiple models. This method uses an ensemble of a DeepMedic model (Kamnit-

sas et al., 2016), three 3D FCN models (Long et al., 2015), and two 3D U-Net models

(Ronneberger et al., 2015). An ensembler computes the confidence maps and finds the

average class confidence of the individual models. Nevertheless, the ensemble with seven

3D architectures requires higher computation complexity and training time.

A deep dual pathway 3D CNN architecture was also proposed by Kamnitsas et

al. (Kamnitsas et al., 2017b) for brain lesion segmentation. They employed a two-way

network that simultaneously learns from multiple image scales to analyze features from

di!erent receptive fields. The approach uses 3D patches at two di!erent scales and

classifies the center voxels as any target classes using fully connected dense layers. A 3D

fully connected Conditional Random Field (CRF) is also utilized in the post-processing

stage to reduce false alarms in the final segmentation mask.

Chen et al. (Chen et al., 2018b) proposed a hierarchical 3D CNN architecture

to segment Glioma from multi-modal brain MRI volumes. The model uses two distinct

scales of 3D image patches to examine multi-scale features. The 3D CNN architecture

uses a series of hierarchical dense convolutions without pooling layers. The model uses

a patch-wise analysis that reduces the class imbalance and the computational cost of

training large 3D datasets. The patch-based segmentation helps to reduce the hardware

resources for training and generates a large number of data samples that favor adequate

learning. However, the patch-wise analysis often fails to extract global features from the

actual image volumes. This may limit the learning performance when the abnormality is
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Figure 2.2: A high-level block diagram of 3D CNN based Multi-Task learning model.

region-specific.

2.1.3 Multi-Task Learning Models

Multi-Task Learning (MTL) is a machine learning approach that can assess multiple

related tasks with a single network (Vafaeikia et al., 2020). MTL is advantageous in

medical images because many tasks, such as classification and segmentation, may be

required concurrently throughout the diagnostic process (Wu et al., 2021). A graphical

representation of a 3D CNN-based MTL is shown in Figure 2.2. This section discusses a

few such approaches that use 3D CNN for multi-task learning.

Zhou et al. (Zhou et al., 2021b) proposed multi-task learning of classification and

segmentation using a 3D CNN model for classifying tumors in breast ultrasound images.

The authors used a modified version of 3D V-Net (Milletari et al., 2016) as the backbone

of this model. To conduct a multi-scale analysis, feature maps from three higher-level

encoder and decoder layers of the segmentation network are fused together to perform

the classification task.

16



Another multi-tasking approach has been reported by Gordaliza et al. (Gordal-

iza et al., 2019) to infer tuberculosis from CT images. The model uses higher-order

encoder features and processes two individual feed-forward neural networks to under-

stand the tuberculosis condition. The approach also used several optimizations such

as self-normalization, the use of the Scaled Exponential Linear Unit (SELU) activation

function, and uncertainty-weighted multi-task loss to improve the performance both for

detection and counting the number of nodules.

Ge et al. (Ge et al., 2019) proposed a multi-task learning approach for segment-

ing and quantifying the left ventricle from paired apical views (A4C and A2C) of echo

sequences. The method o!ers an overall cardiac analysis using a multi-task network:

K-Net, an end-to-end network that can simultaneously segment the left ventricle and

quantify its extent over the 3D plane. The methodology uses 2D convolution in di!erent

stages to segment and quantify the 3D structure of the left ventricle using complex echo

data. The reported results over a su”ciently large echo dataset also prove the proposed

model’s superiority in the heterogeneous learning approach.

2.2 Semi-Supervised Learning

The 3D CNN models discussed in Section 2.1 mostly use fully supervised deep learning

algorithms that require thousands of annotated 3D volumes. However, accurate mark-

ing of ground-truth images is a labor-intensive and tedious process. Hence, the super-

vised learning algorithms are more expensive in terms of time and cost. Consequently,

research also commenced on alternatives to process sparsely annotated training data.

Semi-Supervised Learning (SSL) methods (Zhu and Goldberg, 2009; Rasmus et al., 2015;

Snell et al., 2017) are one of those types that require a few labeled image samples with a

large number of unlabeled samples, and such SSL-based 3D medical image segmentation

works are discussed in this section. A basic 3D SSL framework is shown in Figure 2.3.
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Figure 2.3: A high-level representation of a 3D CNN based Mean teacher Semi-
supervised learning model.

Çiçek et al. (Çiçek et al., 2016) presented one of the first promising 3D CNN network

for volumetric segmentation that learns from sparsely labeled 3D images. This study

outlined two cases: a semi-automated model and a fully automated model. In both

cases, the network learns from sparse annotated data and this helps to reduce the human

e!ort in ground truth labeling without considerable degradation in the segmentation

performance.

Mondal et al. (Mondal et al., 2018) proposed a 3D multi-modal medical image seg-

mentation method based on Generative Adversarial Networks (GANs) (Goodfellow et al.,

2014). The method uses a semi-supervised training with a mix of labeled and unlabeled

images. The proposed architecture uses several design considerations to modify the stan-

dard adversarial learning approaches to generate 3D volumes of multiple modalities. The

3D GANs generate fake samples and are used along with labeled and unlabeled 3D vol-
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umes, and a discriminator defines separate loss functions for these labeled, unlabeled and

synthetic (fake) training samples. However, generating useful synthetic samples may not

represent the actual data distribution and thus becomes challenging working with 3D

medical image data.

Zhou et al. (Zhou et al., 2019a) proposed a straight-forward semi-supervised seg-

mentation approach named deep multi-planar co-training (DMPCT), which uses parallel

training to extract information from multiple planes. The multiplanar fusion generates

reliable pseudo-labeling to train deep segmentation networks. The DMPCT framework

consists of a teacher network that uses fully labeled images for training. The trained

model then creates the pseudo labels from the unlabelled training data with a multi-planar

fusion module. Subsequently, the student model uses both labeled and pseudo-labeled

data for the final training process.

Yang et al. (Yang et al., 2020b) proposed a similar semi-supervised segmentation

technique to detect catheters from volumetric ultrasound images. The segmentation

model uses a Deep Q Network (DQN) for localizing the target region. After the catheter

localization, the method uses a twin-UNet model for the semantic segmentation of the

catheter volume around the localized region by a patch-based strategy. This model uses

a typical teacher network followed by a student network to train labeled and unlabeled

3D patches based on a set of hybrid constraints.

Li et al. (Li et al., 2020) presented a shape-aware 3D segmentation for medical

images to use extensive unlabeled data to enforce a geometric shape analysis on the

segmentation output. The model uses a deep CNN architecture that predicts semantic

segmentation and Signed Distance Map (SDM) of object surfaces. The network uses

an adversarial loss between the predicted SDMs of labeled and unlabeled data during

training to leverage shape-aware features. The integration of adversarial loss, which uses

a generative discrimination function, helps supervise learning with unlabelled data and

extract generalized features.

Wang et al. (Wang et al., 2020a) proposed a tailored modern SSL method named
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as FocalMix for the detection of lesions from 3D medical images. The model is built on

MixMatch (Berthelot et al., 2019) SSL framework, which uses a prediction for unlabeled

images and MixUp augmentation. The proposed 3D CNN model uses a Soft-target Fo-

cal Loss along with an anchor-level target prediction to improve lesion detection. The

study also uses two adaptive augmentation methods: image-level MixUp and object-level

MixUp, to generate the final training data.

Zhang et al. (Zhang and Zhang, 2021) proposed a 3D medical image segmentation

model using semi-supervised 3D CNN. This dual-task mutual learning model uses two

side-by-side frameworks. One network works on the region-based shape constraint, while

the learning in the other network focuses on boundary-based surface mismatch. The

main contribution of this model is the use of a signed distance map (SDM) and the

conventional ground truth maps to get a better intuition of region features and shape

features together. During the training with labeled image volumes, the loss function

concentrates more towards the di!erence in segmentation map and actual ground truth.

On the other hand, while training with unlabeled images, the model uses a consistency

loss function based on distance maps to ensure prediction consistency while working with

similar images. Hence, the dual network tries to reduce both losses and aids a better

segmentation accuracy.

Another semi-supervised method is presented by Li et al. (Li et al., 2021), which uses

a 3D CNN-based mean teacher framework with hierarchical consistency regularization

for 3D left atrium MR images. The model felicitates the prediction consistency between

the teacher and student network at multiple scales. During training, the student network

uses multi-scale deep supervision while hierarchically regularizing the network’s prediction

consistency. Hence, the model learns from both the labeled and unlabeled volumes by

minimizing the supervised loss and consistency loss concurrently.

In semi-supervised approaches, the training demands a subset of data with accurately

marked ground truths. Usually, multiple networks are used in semi-supervised models

to process the labeled and unlabeled data using a shared feedback mechanism. The
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learning is often synchronized by evaluating the segmentation losses and consistency in

predicting unlabeled data. The performance of a semi-supervised model highly depends

on this feedback and the accuracy of the annotated images. Since SSL requires precise

annotation (for a subset of data), it is challenging while dealing with large 3D image

datasets. Hence, several algorithms that can learn from weakly labeled data have also

been published in the medical image segmentation domain. Those methods are discussed

in the below section.

2.3 Weakly Supervised Learning

Weakly supervised is a learning paradigm that uses noisy or low-quality annotations in

the learning process. In weakly supervised learning, the data labeling need not be as

highly accurate as in the case of fully supervised learning. In medical image segmenta-

tion, weakly-supervised learning is highly significant as the abstract level annotation is

relatively easier and may be accomplished by non-experts with minimal support from

radiologists. The labels for weakly-supervised learning can also be made from batch clus-

tering or from noisy predictions from comparable pre-trained models. Hence, the data

preparation becomes relatively cheaper and practical, but at the cost of more noise or

false labeling in the training data. A block-level representation of a weakly-supervised

3D CNN is shown in Figure 2.4. Several 3D CNN models with weak supervision have

been reported recently, and those works are discussed here.

Yang et al. (Yang et al., 2020a) proposed a weakly-supervised method for segmenting

catheters from 3D frustum ultrasound images. The methodology uses data annotated

with 3D bounding boxes over the catheter regions. A pseudo-label generator module is

introduced here to reduce the impact of inaccurate ground truth marking. This model

uses a sequential network with a localization module to detect frustum volumes, followed

by the segmentation stage to extract catheter voxels. The localization network used 3D

ResNet-10 encoder architecture, and the feature maps were then converted to the final
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Figure 2.4: Block diagram of a Weakly-supervised 3D CNN model.

segmentation map using a decoder with multiple transpose convolutions.

Wu et al. (Wu et al., 2019) proposed a weakly-supervised brain lesion segmentation

using attentional representation learning from 3D image volumes with image-level anno-

tation. The approach used an attention mechanism that is dimensionally independent

on the class activation map and can estimate the lesion labels with minimum demands

of the trainable parameters and learn the representation model from the dimensional

independent class activation map to extract the foreground voxels.

Another similar weakly-supervised 3D CNN-based segmentation is proposed by Zhu

et al. (Zhu et al., 2021) that requires only image-level class labels. The proposed model:

CIVA-Net, uses weakly annotated labels for volumetric image segmentation on 3D cryo-

ET datasets. The input to the network is image-level class labels, and a pre-processing

seed generation stage is used initially for generating pseudo labels for each voxel. Using

the cross-image consensus stage, the similar voxel groups are merged using co-occurrence

learning to generate the pseudo localization map. An inter-voxel a”nity learning is also

proposed to analyze the inter-pixel relationship from the pseudo localization map to forge

the a”nity voxel pairs. The final segmentation stage uses VoxResNet (Chen et al., 2016)

to predict the segmentation map using the pseudo localization map and the a”nity pairs

generated from previous steps.
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Weakly supervised learning is highly recommended for 3D medical images where the

voxel shares a similar pattern in the region of interest. However, the pseudo-labeling of

the region of the region of interest just from the image class label is highly susceptible to

errors and can reduce the segmentation performance significantly.

2.4 Cost-e!ective Approximations of 3D CNN

Since the straight-forward 3D CNN models are highly susceptible to large computation

costs and require large datasets, several alternative techniques have been proposed that

can use simulated 3D architectures with cost-e!ective approximations. For instance,

2D frames from a 3D image can be processed in three orthogonal directions and then

merged to create the final 3D prediction mask, and such a model is shown in Figure

2.5. Numerous prominent approximations for segmenting 3D medical images have been

reported and discussed in this subsection.

Extraction of inter-slice features from a 3D volume is possible by analyzing three or-

thogonal planes (sagittal, coronal, and axial planes) and by classifying the voxel at the in-

tersection of three planes. This method was successfully applied by Ciompi et al. (Ciompi

et al., 2017) for classifying lung nodules. This model learns from 2D patches in three per-

pendicular planes centered at a given voxel at three di!erent scales. Fully connected layers

combine the streams and perform the voxel classification. However, CNN-based models

with fully connected layers are computationally less e”cient for segmentation than FCN

architectures. A similar 3D segmentation approach by combining information from three

orthogonal planes was discussed by Kitrungrotsakul et al. (Kitrungrotsakul et al., 2019).

The proposed method (VesselNet) uses a 2D DenseNet (Huang et al., 2017) network for

classifying voxels in three di!erent 2D planes. The features from the individual networks

are then fused to get the probability of predicting the segmentation map. However, this

approach is not an end-to-end segmentation model and hence misses most contextual and

location-based information.
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Figure 2.5: A cost-e!ective approximation of a 3D CNN model.

Mlynarski et al. (Mlynarski et al., 2019) proposed a similar CNN architecture that

combines the benefits of the short-range 3D context and the long-range 2D context.

This architecture uses modality-specific sub-networks to focus on missing MR sequences.

During training, three individual 2D U-Net models were used to create features from

axial, coronal, and sagittal slices. The final 3D network was then trained using these

2D features along with 3D patches from the input volumes. The study also suggests

considering the outputs from multiple 3D models to minimize the constraints of specific

choices of neural network models. However, the use of multiple 2D and 3D models

demands more hardware resources, and patch-wise analysis fails to learn region-specific

features.

Another 3D CNN model was introduced by Heinrich et al. (Heinrich et al., 2019),

which uses trainable 3D convolution kernels that learn both filter coe”cients and spa-

tial filter o!sets in a continuous space based on the principle of di!erentiable image

interpolation. The proposed One Binary Extremely Large and Inflecting Sparse Kernel

(OBELISK) works with fewer parameters and reduced memory consumption. The de-

formable convolutions in the OBELISK filter replace the continuously sampled spatial

filter with a sparse sampling approach. This helps to extract information from wider

spatial contexts and replace multiple small filter kernels at di!erent scales. However,
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the computation complexity may be higher in OBELISK due to the unoptimized filter

sampling.

Roth et al. (Roth et al., 2018a) proposed an automated segmentation system for 3D

CT pancreas volumes based on a dual-stage cascaded method. It included a localiza-

tion method followed by a segmentation. 2D Holistically Nested convolutional Networks

(HNNs) (Xie and Tu, 2015) on the three orthogonal directions were used in the localization

stage. The 2D HNN pixel probability maps are then merged to get a 3D bounding box of

the foreground regions. In the second stage, the model focuses on semantic segmentation

over the voxels in the bounding box. Two di!erent HNN realizations are integrated into

the segmentation stage that extracts mid-level cues of deeply-learned boundary maps of

the target organ. The authors also presented an advanced multi-class segmentation model

(Roth et al., 2018b) for segmenting the liver, spleen, and pancreas from CT volumes. The

cascaded network helps to provide boundary-preserving segmentation and reduces false

detection in the 3D volumes.

Chen et al. (Chen et al., 2018c) presented a separable 3D U-Net architecture that

targets to extract spatial information from the image volumes with limited memory and

computation cost. The model uses a U-Net architecture for the end-to-end training with

separable 3D (S3D) convolution blocks. The S3D block is an arrangement of parallel

2D convolutions and exploits the advantages of the residual inception architecture. The

model is evaluated on BRATS 2018 (Bakas et al., 2018) data, and the results justify the

improvement in the segmentation performance compared to a standard 2D or 3D U-Net

architecture.

Another 3D CNN architecture proposed by Rickmann et al. (Rickmann et al., 2020)

incorporates a compress-process-recalibrate pipeline using 3D recalibration methods. The

method uses a project & excite module that compress the intermediate high dimensional

4D feature maps into three 2D projection vectors. The convolution layers in the processor

module learns from this 2D projections and the final recalibration stage generate the 4D

tensors for the subsequent layers. This approach reduces the computation cost, without

25



degrading the segmentation performance. The paper reported improved overall accuracy

over di!erent multi-class segmentation datasets.

The volumetric medical segmentation using the above-discussed approaches is highly

useful in reducing the computation complexity and the need for large datasets. The

results in the above discussed works prove its supremacy over other conventional 2D

and 3D CNN approaches. However, the 3D approximations are highly dependent on the

characteristics of the input data and the type of segmentation task. This may limit the

generic use of models across di!erent medical image modalities, and the designing of such

a universal model remains an open research challenge.

Some pre-trained 3D medical segmentation models have also been discussed in the

literature. Chen et al. (Chen et al., 2019) proposed a heterogeneous 3D network called

Med3D by co-training multi-domain 3D datasets to develop multiple pre-trained 3D med-

ical image segmentation models. The authors use datasets from various medical chal-

lenges to create a 3D segmentation data set (3DSeg-8) with di!erent modalities, target

organs and pathologies. The pre-trained models were experimented on several 3D med-

ical datasets (Armato et al., 2011) using transfer learning to achieve performance gain

and faster convergence. The model can work well on similar image modalities with less

training time and can be considered as a suitable option for small 3D image datasets.

Zhou et al. (Zhou et al., 2019b) proposed a similar set of pre-trained 3D CNN networks

for classification and segmentation tasks in CT and MRI. The models are collectively

known as Generic Autodidactic Models (Models Genesis), which uses learning by self-

supervision. However, transfer learning may not be an appropriate solution in various

scenarios due to the di!erence in image features across di!erent imaging modalities and

targeted abnormalities.
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2.5 Summary

In this research, we conducted a comprehensive evaluation of the latest advancements in

medical image segmentation through the application of 3D deep learning technologies. We

contend that deep learning plays a crucial role in enhancing segmentation tasks involving

3D medical images. Despite the dominance of 2D methods, there has been a notable surge

in research papers exploring 3D deep learning for medical image analysis over recent years.

However, numerous segmentation approaches that employ 3D CNNs encounter various

optimization challenges, which restricts the analysis of 3D data to its full potential.

This study also provides insights into future directions in the domain of 3D CNN-

based cross-sectional image segmentation. This analysis aims to provide the research

community with deeper understanding of current trends, future opportunities, and pre-

vailing challenges, thereby facilitating the generation of innovative solutions that bridge

existing research gaps in 3D medical image segmentation.
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CHAPTER 3

SEGMENTATION OF FCD LESIONS FROM MRI

USING 3D CNNs

3.1 Introduction

This chapter presents a 3D CNN model that e”ciently extracts information across slices,

overcoming the limitations of traditional 2D and 3D CNN techniques. This model au-

tomates the segmentation of FCD lesions from 3D fluid attenuation inversion recovery

(FLAIR) Magnetic Resonance Imaging (MRI) images of brain by e!ectively designing

input data slices and a customized encoder-decoder structure.

FCD is a type of neuronal malformation in the brain cortex and is the leading cause

of intractable epilepsy, regardless of gender or age di!erences. Since neuron-related ab-

normalities are usually resistant to drug therapy, surgical resection has been the main

treatment approach for patients with intractable epilepsy (Dingledine and Hassel, 2016).

Automating the identification and segmentation of FCD is useful for neuroradiologists in

pre-surgical evaluations. However, only 60-70% of the patients enjoy a seizure-free life

after the surgery (Alexandre Jr et al., 2006; Hauptman and Mathern, 2012; Simpson and

Prayson, 2014). The post-surgical seizures are due to the presence of residual dysplastic

lesions caused by incomplete resection of the lesion region. Inaccurate lesion boundary

estimation is the main reason behind such incomplete resection. Hence the treatment will

be more e!ective if it is possible to identify the true extent of the lesion and perform a

3The work described in this chapter has been published in: S. Niyas, S. C. Vaisali, Iwrin Show,
T. G. Chandrika, S. Vinayagamani, Chandrasekharan Kesavadas, and Jeny Rajan (2021). Segmenta-
tion of focal cortical dysplasia lesions from magnetic resonance images using 3D convolutional neural
networks. Biomedical Signal Processing and Control. 70, 102951.



complete resection of the lesion (Krsek et al., 2009). However, accurate estimation of the

lesion region/boundary manually through visual analysis is laborious and challenging.

One of the common imaging techniques for assessing brain pathology is MRI (Kabat

and Król, 2012). Automated segmentation of FCD lesions from MRI is a possible solu-

tion for accurately estimating the FCD regions. Figure 3.1 depicts FLAIR MRI slices of

skull-stripped brain images with and without FCD lesions. The characteristics of FCD

lesions in FLAIR MR images include cortical thickening, blurring of white matter-grey

matter junction, altered signal intensity from white matter with or without the pene-

tration through cortex (transmantle sign), altered signal from gray matter, abnormal

sulcal or gyral pattern and segmental and/or lobar hypoplasia/atrophy (FCD, 2020; Ka-

bat and Król, 2012; Antel et al., 2002). Since the manual tracing of these features is

laborious and challenging, automated segmentation methods can be of great assistance

to neuroradiologists in accurately examining the lesion regions with reduced time.

Brain disorders are usually associated with structural changes in the brain, and thus

the brain symmetry analysis helps in detecting these diseases (Crow et al., 1989). How-

ever, structural asymmetry can also be detected in a healthy brain, and hence it cannot

be considered a reliable measure for identifying FCD regions. Volume-based features such

as skewness and kurtosis of the cortical thickness, blurring in white matter-grey matter

junction, intensity transitions of the voxels, orientation of the gradient vectors, etc., are

also proven to be very useful in detecting FCD lesions, as they enable the analysis of dis-

tributional characteristics, formed by a set of neighboring voxels (Yang et al., 2011; Feng

et al., 2020a; Jin et al., 2018). However, assessment of these features using mathematical

models and handcrafted feature extraction methods is quite challenging due to several

external factors such as contrast variations and noise.

A complex di!usion-based method was proposed by Rajan et al. (Rajan et al., 2009)

for improving the visibility of the FCD-a!ected regions in T1-weighted brain MR images.

While this approach can highlight most potential FCD lesions, it also detects several non-

FCD regions, resulting in low precision rates. Bergo et al. (Bergo et al., 2008) proposed
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(a) (b)

Figure 3.1: Sample brain MRI scans with and without FCD (FCD regions are high-
lighted). (a) MRI slices without FCD lesion and (b) MRI slices with FCD
lesion.

another approach for detecting FCD lesions by comparing the features of voxels from

opposing brain hemispheres using a Reduced Coulomb Energy (RCE) classifier. Adler et

al.(Adler et al., 2017) utilized surface-based features to identify focal abnormalities in the

pediatric cohort of cortical development. The need for symmetric brain templates and

the inability to extract complex lesion features are the main drawbacks of this method.

Colliot et al. (Colliot et al., 2005, 2006) proposed an FCD segmentation algorithm using

a 3D deformable model and a level set framework, mainly driven by the known MR

characteristics of FCD. One main limitation of this approach is that only MRI-visible

FCD lesions with high-intensity values can be segmented, rather than the entire spectrum

of FCD.
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Ahmed et al. (Ahmed et al., 2015) proposed a morphometry-based approach to de-

tect MRI-negative FCD lesions. This method requires accurate co-registration of the

pathological sample with the MRI, allowing for the matching of MRI and pathological

slice. Wang et al. (Wang et al., 2018) proposed an FCD detection approach, which used

voxel-based multi-modal features from di!usion tensor MRI and T2 weighted MRI. Tan

et al. (Tan et al., 2018) proposed an FCD detection and segmentation approach which

used multi-modal features. Their model used a linear SVM classifier to assess the lesion

with handcrafted features, and hence, the detection performance is highly influenced by

the nature and quality of the input images.

Azami et al. (El Azami et al., 2013) proposed a voxel-wise analysis using T1-weighted

MR images, considering features such as cortical thickness and gray matter-white matter

characteristics, using One-Class SVM. Focke et al. (Focke et al., 2008) also reported

a voxel-based FCD detection with 3D FLAIR images. In this process, various mathe-

matical models were employed to restrict the region of interest to specific locations such

as white matter-grey matter junctions. These aforementioned models use handcrafted

features that are highly sensitive to image type, nature of noise, and contrast variations.

Nevertheless, the main disadvantage of these approaches is the lack of semantic analysis.

Several neural network-based methods were also proposed for detecting and localizing

the FCD lesions. Mo et al. (Mo et al., 2019) proposed a model that requires inputs from

multiple MRI scans, such as T1, T2-FLAIR, and PET images, which may not be practical

in all scenarios. With the recently emerged Fully Convolutional Neural Networks (FCN)

and deep learning concepts, image segmentation capability has dramatically improved

and contributes much to the process of automated medical image segmentation. Feng et

al. proposed a deep four-layer CNN model for FCD localization in (Feng et al., 2020c).

This model focused on screening MR images for detecting dysplasia regions. Although

this method detects the frames with dysplasia lesions, it does not provide any information

regarding the location or extent of the FCD regions. Gill et al. (Gill et al., 2018, 2019)

introduced patch-wise CNN models designed for FCD segmentation. Due to its reliance

31



on patch-wise analysis, these approaches are limited in their ability to capture global

contextual information from the entire brain area. Dev et al. (Dev et al., 2019) proposed

a deep learning CNN-based FCD segmentation on FLAIR MR images, which combines

both 3T and 1.5T data for detecting and quantifying FCD lesions. The methodology uses

2D MRI slices and does not consider the inter-slice information among the MRI volumes.

Very recently, Thomas et al. (Thomas et al., 2020) proposed a hybrid skip connection-

based FCD segmentation model with a modified U-Net architecture, reinforced with

Multi-residual convolution blocks and attention modules, using 3T FLAIR MR images.

Though this method shows the performance of FCD segmentation, it does not utilize the

inter-slice information from 3D MRI volumes.

In this study, we propose a 3D CNN segmentation model integrated with residual

connections for FCD lesion detection and segmentation from 3D MRI volumes. The

main contributions of this work can be summarised as follows.

1. shallow sliced stacking approach is proposed to reduce the size of input 3D objects so

as to maintain a good segmentation accuracy with minimum computation overhead and

model complexity.

2. A customized 3D U-Net architecture is proposed by integrating residual connections in

the encoder path, which helps in extracting multi-scale features with a relatively smaller

number of parameters.

3.2 Methods

The proposed methodology consists of three main stages: pre-processing, segmentation,

and post-processing. Figure 3.2 shows the block-level representation of the training and

testing stages in the proposed methodology.
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Figure 3.2: Schematic diagram showing the training and testing stages in the proposed
methodology.
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3.2.1 Preprocessing

The acquired MR images are corrupted by noise, and the Block-Matching and 3D Filtering

(BM3D) algorithm is employed to remove the noise from the MRI volume (Maggioni et al.,

2012). The general features of FCD include cortical thickening, blurring of white matter-

grey matter junction, etc. FSL-BET toolbox (Smith, 2002) is used for skull-stripping

operation so as to restrict the scope to the brain area. The proposed segmentation

architecture is designed for input volumes of size 256→ 256→ k, where k is the number of

slices in the volume. In this study, k is set to 8. So, the input MRI slices need to be resized

to the order of 256 → 256. All slices are also standardized using Z-score normalization

(Karpathy et al., 2016) to generate slices with zero mean and unit variance. A few frames

at the start and end position of each MRI volume are also removed as the frames are

devoid of any useful information. The removal of such frames is done automatically based

on the number of brain region pixels in each slice.

3.2.2 FCD Segmentation using the Proposed 3D CNN

The proposed model uses a depth-3 3D encoder-decoder architecture, where the residual

blocks are used instead of normal convolution blocks in the encoder part. The proposed

model addresses several drawbacks of the conventional 3D CNN by customizing the net-

work architecture. The specific customizations integrated into the proposed architecture

are detailed in the following subsections.

3.2.3 Network Architecture

The proposed architecture is depicted in Figure 3.3. Higher computational cost, extra

memory, and the need for a large number of 3D training samples are the main drawbacks

of the traditional 3D CNN models. This motivated us to design a 3D CNN-based segmen-

tation method that can extract the inter-slice features by minimizing the aforementioned
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Figure 3.3: Proposed 3D CNN model for FCD segmentation.

drawbacks. The main design considerations of the proposed architecture are listed below.

1. Shallow Slice Stacking for reducing computation cost and data augmentation

In medical imaging, often several image acquisition techniques such as MRI, CT,

etc., are used to scan the ROI for generating closely stacked 2D images with low inter-

slice spacing and hence considered as 3D volumes. These images help to retain the

continuity in scanning by preserving the inter-slice information and hence provide the

volumetric analysis of the abnormalities that spread over multiple slices. Consider a 3D

CNN model with an input 3D object of size m → n → k, and N1 number of 3D filters,

having a kernel of size h → h → h in the first convolution layer L1. Considering the same

convolution, the total number of parameters in the first convolution layer is h3 →N1, the

number of multiplications is h
3 → m → n → k → N1, and the output feature space is of

size m→ n→ k →N1. Assuming N 2 number of filters in the second convolution layer L2,

the number of parameters, multiplications, and feature space dimensions will be set as

h
3 →N1→N2, h3 →N1→m→ n→ k →N2 and m→ n→ k →N2, respectively. Hence, the

computation overhead, as well as the memory usage, can be controlled by adjusting the
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above factors. Since m and n are indicative of the number of rows and columns in the

input data, reducing them may result in the loss of information. The kernel size h and the

number of filters used in each layer N 1, N 2, etc. are the next most contributing factors.

However, these factors (convolution kernel size and number of filters in the convolution

layers) are usually designed to extract the features with an optimal bias-variance trade-

o!. Hence, in order to reduce the computation cost and model complexity, we focused

on the parameter k, which represents the number of slices in the input object.

In the proposed model, we used shallow stacking of MRI slices to limit the depth of

input data samples by dividing a single MRI volume into multiple overlapped shallow 3D

sub-volumes. For example, if a single MRI volume is of the size m → n → K, then it can

be split into multiple overlapping m → n → k sub-volumes (where k < K). A window of

size m→n→k with stride S along the depth (z-direction) is used to generate the samples.

The number of 3D sub volumes per MRI volume is given as:

l = floor

((
K ↑ k

S

)
+ 1

)
(3.1)

In Equation (3.1), l is the number of sub-volumes, k is the number of slices per sub-

volume, K is the number of slices in the actual MRI volume, and S is the stride used for

overlapping. Thus, the number of data samples generated can be controlled by adjusting

the stride used for sampling the slices. This results in performance improvements such

as:

(a) Reduction in the computation complexity and memory overhead due to the reduced
depth of input volumes.

(b) Creation of a su”cient number of 3D data samples for training without extensive
data augmentation.

(c) Retaining the pixel continuity in two dimensions by 3D shallow slices and hence
preserving the global features.

For the final selection of hyper-parameters like the number of slices per sub-volume,

stride for overlapping etc, we conducted several experiments with di!erent depths and
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stride values. The memory requirement and execution time required for training the

model are highly correlated to the depth of the shallow slices. For instance, the time and

GPU memory required for training one epoch with an input object size of 256→256→8 is

16 seconds and 0.55 GB, respectively. In the case of input objects with size 256→256→32,

it is 81 seconds and 2.19 GB. Similarly, while considering input with size 256→256→128,

it takes nearly 809 seconds to complete one epoch and consumes 8.75 GB of GPU memory

(refer Table 3.4). On the other hand, the segmentation performance of input objects with

depth 8 is nearly the same as with depth 16, 32, or 64. Experiments were also conducted

with a lower depth of 4, which shows inferior results than those with higher depths. The

stride value for overlapping is another relevant parameter that controls the number of

generated 3D sub-volumes. We conducted experiments with di!erent stride values, such

as 1, 3, and 5, and better segmentation performance was observed with lesser stride values

due to the generation of more training data. Hence, the depth and stride of the input

shallow slices are selected as 8 and 1, respectively.

2. Integration of ResNet blocks in the encoder layers for multi-scale feature extraction

In the original 3D U-Net architecture, a sequence of two convolution layers is used in

each encoder depth, and both layers use the same number of filters. The main drawbacks

of this sequential convolution are the quadratic e!ect in computation cost and the lack

of multi-scale feature extraction. This can be demonstrated with an example. Consider

the case with a data sample of size m→n→ k and a 3D kernel of size h→ h→ h. Suppose

N number of filters are used in each convolution layer. Then, the number of parameters

and multiplications required in the first and second layers are h3 →N, h
3 →m→n→k→N ,

and h
3 → N

2
, h

3 → m → n → k → N
2, respectively. In general, the number of parameters

and multiplications required up to the l
th layer of 3D convolution are given as NP and

NM , respectively, in Equation (3.2) and Equation (3.3).

NP = h
3 →

(
N + (l ↑ 1)N2

)
(3.2)

NM = h
3 → m → n → k →

(
N + (l ↑ 1)N2

)
(3.3)
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From these equations, it is clear that the requirement of memory usage and number of

computations are in the order of N2. The residual connections are capable of easing the

training process using identity mappings. The identity mappings in the residual blocks

e!ectively simplify the network, using fewer layers in the initial stages, thus resulting in

faster convergence. Therefore, in each encoder depth, we used a combination of a convo-

lution layer followed by two residual blocks, having two convolutions with N
2 filters each,

thus reducing the memory usage and complexity to the order of (N2 )
2. The incorporation

of ResNet blocks into our architecture has two advantages in addition to the inherent

advantages of skip connections. They are listed below.

(a) Reduction in the computation cost and memory overhead

In the case of a 2-layer convolution block with N filters in each layer, the number of

parameters and computation cost will be a!ected by a factor of N + N
2. Alterna-

tively, if we use one convolution block followed by two ResNet blocks with N
2 filters

in each layer, the factor a!ecting the number of parameters and computation cost is

N
2 +4→ (N2 )

2. This shows the reduction in computation cost, number of parameters,

and memory usage while replacing UNet convolution blocks with Residual-UNet

blocks.

(b) Extraction of multi-scale features

Since all the kernels in the ResNet blocks are of size 3→3→3, the use of the proposed

architecture results in four convolution layers in each encoder level. Hence, the

output of the second, third, fourth, and fifth convolutions cover an ROI equivalent

to 5→5→5, 7→7→7, 9→9→9 and 11→11→11, respectively. It eventually extracts

features in four di!erent scales without any additional computations or memory

requirements. This helps the model to achieve better performance with reduced

depths of encoder-decoder-based CNN segmentation models.

In the encoding path, each convolutional block consists of a 3D convolution layer

followed by batch normalization (Io!e and Szegedy, 2015) and ReLU activation (Nair and
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Hinton, 2010). Similarly, residual blocks are also followed by batch normalization and the

ReLU activation function. Since the main advantage of the residual blocks is to extract

multi-scale features, we integrated the Res-blocks only in the encoding path of the CNN

architecture. The sequence of residual blocks extracts multi-scale characteristics from the

input feature space, following which, a 2→2→2 max-pooling operation is performed. The

3D max-pooling will reduce the number of rows, columns, and slices of the output into

half of the input feature space. The number of filters in the subsequent layers is doubled

to account for the loss of spatial information by max-pooling. The depth of the encoder

stage can be extended up to log2 k, where k is the number of slices in the input object.

The proposed architecture is of depth-3 and is designed for input samples of size

256 → 256 → 8. In depth-0, all convolutions (including the convolutions in the ResNet

blocks) use eight filters each, and the number of filters is doubled in subsequent depths.

Hence, the encoder stages in depth-1, depth-2, and depth-3 take 16, 32, and 64 filters in

each convolution block. In the expanding path, the spatial dimension of the feature map is

increased by a transposed convolution operation. The high-resolution feature maps from

the contracting path are concatenated to the upsampled resultant image. Dropout and

regularization are also integrated into the architecture to avoid overfitting. As the output

of the model is binary with only one output neuron, the sigmoid activation function is

used in the last layer.

The dataset used in this work is imbalanced, and the number of lesion voxels is less

than 5% of the negative voxels in the 3D samples with FCD lesions. Therefore, training on

this dataset with popular loss functions such as Dice loss or a combination of Binary Cross-

Entropy (BCE) and Dice loss leads to predictions that are severely biased towards high

Precision and low Recall. Hence, we used the Tversky loss function (Salehi et al., 2017)

to eliminate this class imbalance problem to an extent. Tversky loss function appears

to perform better with class-imbalanced datasets. The equations for Dice Similarity

Coe”cient (DSC) and Dice loss (Dice, 1945) are given in Equations 3.4 and 3.5. Tversky

similarity index is a generalized representation of the DSC and is defined in Equations
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3.6 and 3.7.

DSC =
2 → TP

(2 → TP ) + FP + FN
(3.4)

Dice Loss = 1 ↑ DSC (3.5)

Tversky similarity index =
TP

TP + (ω → FP ) + (ε → FN)
(3.6)

Tversky Loss = 1 ↑ Tversky similarity index (3.7)

where TP is true positives, FP is false positives, FN is false negatives, and ω and ε

decide the magnitude of penalties for FP and FN, respectively.

When ω = ε = 0.5, the penalty for FP and FN will be equal, and in this case, the

Tversky similarity index becomes identical to that of DSC. In our experiments with loss

functions such as BCE loss and the Dice loss, it was observed that the Precision values

are significantly higher than that of the Recall values since the ratio of voxels in the FCD

region to the normal brain region is very high. It will also contribute to the overall class

imbalance and limit the model from detecting many of the FCD voxels. While using

Tversky loss, FN can be weighted with higher penalties and improves the Recall rate to

a su”cient range. In the proposed architecture, we conducted experiments with di!erent

combinations of Tversky loss parameters and empirically selected the values of ω and ε

as 0.25 and 0.75, respectively. All other hyperparameters are fine-tuned based on the

trial-and-error approach.

3.2.4 Post Processing

The segmentation masks obtained using CNN models may have a few false detections

due to the noise elements in the input images. Hence, a post-processing stage is also

applied to the prediction mask obtained from the 3D CNN output. A morphological

opening operation with a disk-shaped structural element of pixel radius 3 followed by
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a morphological hole-filling operation is used in the post-processing stage. The post-

processing reduces the noisy pixels in the prediction mask, smoothens the lesion boundary

regions, and eliminates small holes in the prediction mask. Finally, the binary predicted

masks corresponding to the shallow stacked slices of each test volume are combined to

generate the final 3D prediction mask with respect to the original MRI volume.

3.3 Results and Analysis

This section presents the hardware details, evaluation metrics, ablation study, and dis-

cussion involving qualitative and quantitative analysis.

3.3.1 Hardware Details

All experiments were conducted on NVIDIA↭ DGX-1↭ machine loaded with Canonical

Ubuntu OS, Dual 20-Core Intel↭ Xeon E5-2698 v4 CPU @2.2 GHz, 512 GB of RAM, and

8X NVIDIA↭ Tesla↭ V100 GPU with 32GB dedicated memory. Keras and TensorFlow

libraries of Python are used to implement our model.

3.3.2 Evaluation Metrics

The Precision, Recall, and DSC are used as metrics for quantitative analysis. Precision is

the ratio of correctly predicted positive observations to the total predicted positive obser-

vations. Recall is the ratio of correctly predicted positive observations to all observations

in the actual class, and the DSC is the weighted average of precision and recall. DSC

takes both FP and FN into account and is a popular evaluation benchmark in analyzing

the overlapping between the predicted result and the ground truth. The mathematical

representation of Precision, Recall, and DSC are given in Equations 3.8, 3.9, and 3.10,

respectively.
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Precision =
TP

TP + FP
(3.8)

Recall =
TP

TP + FN
(3.9)

DSC =
2 → TP

(2 → TP ) + FP + FN
(3.10)

3.3.3 Datasets

The dataset used in this work is collected from Sree Chitra Tirunal Institute for Medical

Sciences and Technology (SCTIMST), Trivandrum, India. This study was conducted with

the approval of the institutional ethics committee of SCTIMST (No. IEC/1073). The

dataset consists of 3D FLAIR brain MR images collected from 26 patients. Images were

acquired in the sagittal plane on a 3T scanner (GE Healthcare, UK) with a slice thickness

of 1 mm and pixel spacing of 0.5 mm per patient. The TR/TE/TI/flip angle used was

7200ms/117.241ms/1936ms/90→, respectively. Each volume is of size 512 → 512 → 320.

For the experiments, these volumes were pre-processed and resized to 256 → 256 → 320

resolution to avoid redundant details and to reduce the training time.

3.3.4 Training methodology

Since each MRI volume consists of a few blank frames in the initial and final locations,

such frames were initially filtered out using an automatic thresholding process over the

number of brain pixels in the image. We only considered the frames, which had at

least 10% of brain pixels. For experiments, we opted for 5-fold cross-validation to avoid

statistical uncertainty and bias. To create the train, test, and validation sets, we used

random indexing of patients by randomly selecting 18, 5, and 3 patients, respectively.

While creating the folds, it was ensured that no common patient exists among train,

test, and validation splits. Since we need uniformly sized 3D sub-volumes to feed the

model input layer of size 256→ 256→ 8, the training data and validation data are created
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(a) (b) (c)

Figure 3.4: Qualitative analysis of the proposed model, (a) Brain MRI scans with FCD,
(b) Ground truth, (c) Predicted output of the proposed 3D Res-UNet.

as overlapping 3D objects of shape 256 → 256 → 8, as explained in Section 3.2.3, with

a stride of one voxel. Since there is no need for augmenting the test data, the test set

is created with non-overlapping 256 → 256 → 8 sub-volumes from the MRI test volumes.

During training, a limited o#ine augmentation is used to increase the number of training

samples three times that of the actual training data.

Hyper-parameters such as the number of Res-blocks in each level, the number of

filters in convolution layers, etc., were decided empirically based on the results of several

experiments. Adam optimizer (Kingma and Ba, 2014) with Adagrad algorithm (Reddi

et al., 2018) was used to update the weights. The learning rate used was 0.001, with a

batch size of 16. Weights of the network are initialized using Xavier initialization (Glorot
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and Bengio, 2010). The weight W is initialized as in Equation 3.11,

W ↓ U

[
↑

↔
6

↔
cinput + coutput

,

↔
6

↔
cinput + coutput

]
(3.11)

where U [↑a, a] is the uniform distribution in the interval (↑a, a) and cinput and coutput are

the input and output sizes of the corresponding convolutional layer. L2 regularization is

used in all convolutional and transposed convolutional layers with l2 = 0.01. The added

regularization penalty is computed as loss = l2 ↗ reduce sum(square(x)), where x is

the weight tensor. The proposed model has 808,329 parameters in total, out of which

807,257 are trainable parameters. The training is limited to a maximum of 500 epochs

with an early stopping after a patience of 100 epochs. During the training process, the

best weights are saved based on the best validation DSC obtained after each epoch.

3.3.5 Results and Discussion

The performance of the proposed method is analyzed qualitatively and quantitatively

and is compared with two state-of-the-art FCD segmentation models given in (Dev et al.,

2019) and (Thomas et al., 2020). We used a predicted segmentation mask for qualitative

analysis, and this is shown in Figure 3.4. It is evident that the predictions are very close

to the ground truth, thus correctly locating and segmenting the FCD lesions. Based

on the visual analysis conducted over many test results, it can be concluded that the

proposed model segments the FCD lesion regions with su”cient accuracy.

Five-fold cross-validation is used in the quantitative evaluation, which includes pixel-

wise, region-wise, and patient-wise analysis. In pixel-wise analysis, we evaluated the

performance of the model to discriminate FCD pixels from non-FCD pixels. In region-

wise analysis, the evaluation is based on how well the model is detecting the presence of

an FCD lesion in an MRI slice. Similarly, in patient-wise analysis, the evaluation is based

on how well the model is detecting whether an MRI volume has an FCD lesion or not.

The reported results are the average of three 5-fold cross-validations. Table 3.1 represents
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Table 3.1: Pixel-wise performance comparison of the benchmark models and the pro-
posed model. The results of the 5-fold evaluation are presented in terms of
Precision, Recall, and DSC.

Folds UNet MultiRes Proposed

(Dev et al., 2019) Attention-UNet 3D Model

(Thomas et al., 2020)

DSC Prec- Rec- DSC Prec- Rec- DSC Prec- Rec-
ision all ision all ision all

Fold 1 58.14 59.87 56.96 62.55 59.91 65.63 69.53 69.91 69.17
Fold 2 42.44 72.06 30.67 45.67 73.67 33.12 46.75 66.13 36.16
Fold 3 69.34 74.12 66.46 72.54 68.65 77.00 73.35 67.80 79.89
Fold 4 70.77 71.42 70.67 71.49 66.72 77.33 72.09 70.81 73.42
Fold 5 57.32 74.85 47.42 56.81 71.57 48.05 59.89 73.25 50.66

Average 59.64 70.46 54.44 61.81 68.10 60.23 64.32 69.58 61.86

Table 3.2: Region-wise results of the benchmark models and the proposed model.

Folds UNet MultiRes Proposed

(Dev et al., 2019) Attention-UNet 3D Model

(Thomas et al., 2020)

DSC Prec- Rec- DSC Prec- Rec- DSC Prec- Rec-
ision all ision all ision all

Fold 1 63.57 91.44 48.86 77.91 94.00 66.58 78.65 78.00 79.32
Fold 2 44.25 78.50 31.61 57.04 74.21 46.79 59.44 55.73 63.69
Fold 3 85.54 95.54 77.50 84.81 90.47 79.84 81.11 76.39 86.46
Fold 4 88.68 96.86 82.10 87.27 93.25 82.10 86.01 81.61 90.91
Fold 5 75.60 97.26 62.35 71.05 87.92 60.12 77.28 82.02 73.05

Average 71.53 91.92 60.48 76.62 87.97 67.09 76.67 74.75 78.69

the pixel-wise results for the segmentation of FCD lesions and shows a comparison with

the state-of-the-art FCD segmentation approaches: 2D UNet (Dev et al., 2019) and

MultiRes-Attention UNet (Thomas et al., 2020). The proposed method detects more

boundary pixels in the FCD lesion and leads to an improved Recall rate in comparison

with 2D UNet and 2D MultiRes-Attention UNet models.

Table 3.2 presents the region-wise analysis, where the proposed model shows superior
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Table 3.3: Patient-wise results of the benchmark models and the proposed model.

Folds Recall

UNet (Dev
et al., 2019)

MultiRes-Attention
UNet (Thomas et al.,
2020)

Proposed
3D Model

Fold 1 60.0 90.0 90.0
Fold 2 40.0 75.0 80.0
Fold 3 100.0 100.0 100.0
Fold 4 100.0 100.0 100.0
Fold 5 95.0 95.0 95.0

Average 79.0 92.0 93.0

FCD detection performance (in terms of Recall rate) than the 2D UNet models. However,

the region-wise precision value of the proposed model is lesser compared to 2D U-Net

models due to comparatively higher false detection in the proposed model. Patient-wise

detection performance is also evaluated and compared with the 2D UNet approaches, and

the results are shown in Table 3.3. The dataset used in the evaluation process consists

of MRI volumes from 26 patients confirmed with FCD. The FCD lesions are present

only over a small region in a few frames out of the 320 frames per patient. So, there

are both positive and negative pixels per frame and both positive and negative frames

per patient. Hence, we include the performance metrics: Precision, Recall, and DSC in

both pixel-wise analysis and region-wise analysis. Since there are no negative patients

(without any FCD lesion in the entire MRI volume), no false alarms will be there, and

the chance of getting a FP is always zero in the patient-wise analysis. When FP is zero,

the Precision will always give 100% (refer Equation 3.8), irrespective of the segmentation

performance. Hence, Precision analysis is irrelevant in the patient-wise evaluation. Since

DSC is the harmonic mean of the Precision and Recall values, it will also be misleading

in the patient-wise analysis. Hence, the Precision and DSC evaluation is excluded from

the patient-wise analysis.

Performance of the proposed model is also evaluated in terms of the number of train-
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Table 3.4: Performance comparison of the proposed model with 3D UNet with respect
to di!erent shall slice depths, in terms of trainable parameters and compu-
tation complexity ( TN , TT , and TM represents the number of trainable pa-
rameters(in million), training time per epoch (in seconds), and the memory
required for training (in GB), respectively).

Input shape Input shape Input shape
Models (256x256x128) (256x256x32) (256x256x8)

TN TT TM TN TT TM TN TT TM

3D UNet 1.658 824 8.9 1.658 84 2.22 1.658 17 0.56

Proposed 3D
Model

0.807 809 8.75 0.807 81 2.19 0.807 16 0.55

Table 3.5: Performance comparison of the proposed method with state-of-the-art ap-
proaches, in terms of number of trainable parameters (TN), training time per
epoch TT and GPU memory required TM .

CNN Models Benchmark Metrics

TN TT TM

(in Million) (in Seconds) (in GB)

UNet 1.926 36 0.168
(Dev et al., 2019)

MultiRes-
Attention UNet 1.036 58 0.154

(Thomas et al., 2020)

3D UNet 1.658 17 0.56

Proposed 0.807 16 0.55
3D model

able parameters (TN), Training time TT and GPU memory required TM and are shown

in Table 3.4 and Table 3.5. Table 3.4 shows the computational cost when 3D models

are used with di!erent 3D input shapes. Table 3.5 shows a similar comparison of the

proposed method with respect to the state-of-the-art approaches.
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Table 3.6: Pixel-wise performance Comparison between 3D U-Net (with normal convo-
lution layers) and the proposed 3D model. The results of 5-fold evaluation is
presented in terms of Precision, Recall and DSC.

Folds 3D UNet Proposed 3D Model
DSC Prec- Rec- DSC Prec- Rec-

ision all ision all
Fold 1 42.35 47.34 39.17 69.53 69.91 69.17
Fold 2 36.17 58.16 27.53 46.75 66.13 36.16
Fold 3 58.59 62.14 55.57 73.35 67.80 79.89
Fold 4 58.15 67.846 51.825 72.09 70.81 73.42
Fold 5 37.10 65.29 25.99 59.89 73.25 50.66

Average 46.47 60.28 40.02 64.32 69.58 61.86

The pixel-wise analysis in Table 3.1 shows a significantly higher Recall rate for the

proposed model in comparison with the 2D UNet model presented in (Dev et al., 2019),

while the Precision is slightly lesser for the proposed methodology. Since the study focuses

on screening the brain MRI for finding FCD lesions (to assist radiologists), the primary

objective is to reduce the ’Miss Rate.’ Hence, more emphasis is given to improving

the Recall rate rather than the Precision performance, and several contributing factors

in the proposed methodology, such as loss function and the augmented training data,

are fine-tuned to provide such a Precision-Recall trade-o!. While comparing with the

MultiRes-Attention UNet (Thomas et al., 2020), the pixel-wise performance is higher for

the proposed method in terms of all benchmark metrics. The inter-slice feature extraction

using 3D convolution layers is the foremost reason behind the performance improvement of

the proposed method in comparison with state-of-the-art 2D FCD segmentation models.

Patient-wise FCD segmentation performance (in Table 3.3) also shows the advantage

of the proposed model, which detects several true FCD frames from the MRI volumes

in comparison with the 2D approaches. The generation of large 3D sub-volumes using

the shallow sliced stacking approach and the adaptive augmentation of the training data

(selection of positive and negative 3D sub-volumes in the ratio 1:3) and Tversky loss

function contribute to reducing the class imbalance between the FCD and non-FCD vox-

els. While analyzing the segmentation performance in various perspectives, the variance
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observed among di!erent folds is also reported in the tables (Table 3.1, 3.2, 3.3, and 3.6).

The proposed method also shows lesser variance in comparison with other approaches

due to more generalized learning from the training data.

Since the proposed method uses less number of filters in comparison with state-of-

the-art 2D CNN methods, the number of trainable parameters and the training time

are relatively less in the proposed model (in Table 3.4 and Table 3.5). It can be clearly

seen that the GPU memory usage and training time are increasing with the increase in

the depth of the 3D input data. The optimal depth (here 8) is selected based on these

observations as well as the segmentation performance obtained in those di!erent cases.

However, the proposed model requires more memory in comparison with 2D models to

save the intermediate 4D feature spaces while training the model. The proposed method

also shows a significant reduction in the number of trainable parameters and marginal

improvement in the training time and GPU memory usage when compared with the 3D

UNet model.

While designing the proposed 3D architecture, the basic 3D UNet and its several

variants were considered for conducting the preliminary experiments. Several mod-

els/combinations were evaluated by integrating deep learning convolution structures, such

as ResNet, DenseNet, etc., and the final model was decided based on the observations

Table 3.7: Pixel-wise performance of the proposed method on BRATS 2015 Dataset
(Menze et al., 2014) (for brain tumor segmentation). The results of the 5-
fold evaluation are presented in terms of Precision, Recall, and DSC.

Folds Proposed 3D Model

DSC Precision Recall

Fold 1 82.55 75.22 91.47
Fold 2 83.75 81.80 85.81
Fold 3 84.21 81.81 86.76
Fold 4 83.54 79.13 88.48
Fold 5 82.22 81.71 82.74

Average 83.25 79.93 87.05
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in the ablation study. Hyperparameters such as the number of Res-blocks in each level,

the number of filters in Res-blocks, etc., are also decided based on the results of di!er-

ent experiments. For instance, the results of an ablation study with 3D U-Net (without

residual blocks) and 3D Res U-Net (with residual blocks) are shown in Table 3.6. It

shows the significance of residual modules in the proposed architecture. The multi-scale

feature extraction and the formation of multiple learnable paths favor improved results

while using the residual blocks.

Even though the proposed architecture is designed and fine-tuned for FCD segmen-

tation, we tried it on the publicly available BRATS 2015 dataset (Menze et al., 2014)

(for Brain tumor segmentation), and the results are shown in Table 3.7. This experiment

additionally demonstrates that the proposed model can also be used for other similar

segmentation problems. The performance of the model on this dataset can be further

improved by fine-tuning the hyperparameters. Though several design elements in the

proposed model help reduce class imbalance up to an extent, the huge class imbalance

in the dataset (the voxel ratio between the ‘FCD’ class and the ‘background’ class is al-

most 1:100) can still influence the segmentation performance. Future works are planned

to integrate design considerations such as the usage of an adaptive data augmentation

(to reduce the impact of class imbalance), and modifying the 3D CNN architecture by

analyzing the data from all three perpendicular directions (Sagittal, Coronal, and Axial )

of the 3D MRI, cascading post-segmentation algorithms that can provide more attention

on the lesion regions, etc.

3.4 Summary

This chapter explores the development and implementation of an automated 3D CNN-

based model for the segmentation of FCD lesions utilizing 3D FLAIR MRI scans. The

proposed 3D CNN model is crafted to overcome inherent limitations associated with

both 2D and 3D CNNs while harnessing the benefits of each approach. Design features
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of the model include the use of shallow slicing to generate numerous shallow 3D volumes

and the incorporation of residual blocks within the CNN framework. These features

enable the model to learn e!ectively with fewer parameters, reduced memory consump-

tion and decreased training time compared to traditional 2D methods. The architecture

demonstrates superior performance in FCD segmentation relative to leading 2D meth-

ods. Experimental results indicate that the proposed 3D deep learning model achieves

improvements of 2.7%, 14.7%, and 1.1% in pixel-wise, region-wise, and patient-wise FCD

detection rates (measured in terms of recall), respectively, compared to the state-of-the-

art approaches in FCD segmentation. Therefore, this model o!ers a valuable tool for

neuro-radiologists in identifying FCD regions in patients with intractable epilepsy. Fur-

thermore, this research lays the groundwork for future studies focused on the development

of e”cient 3D CNN architectures optimized for constrained hardware environments and

smaller datasets.
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CHAPTER 4

A DUAL ENCODER-DECODER MULTI-TASK 3D

DEEP LEARNING FRAMEWORK FOR THE

SEGMENTATION OF FCD LESIONS

4.1 Introduction

In the context of medical imaging, 3D CNNs are especially valuable for interpreting 3D

cross-sectional data, such as MRI and CT scans. The key advantage of using 3D CNNs

for segmentation lies in their ability to capture the inter-slice features in 3D data, which

allows the network to learn features with a full understanding of the volumetric context,

leading to more accurate and consistent detections of abnormalities.

A dual encoder CNN model represents a powerful approach to handling multi-input

data, particularly in the context of medical cross-sectional scans, to e”ciently utilize the

correlations over di!erent input characteristics simultaneously. In this study, we propose

a dual input 3D CNN model that processes FLAIR MRI volumes and their corresponding

cortical thickness maps for segmenting FCD lesions.

Recent advancements in deep learning techniques have significantly elevated the per-

formance of image segmentation, playing a pivotal role in the automation of medical

image analysis (Moeskops et al., 2016; Guo et al., 2015). In the study by Feng et al.

(Feng et al., 2020c), a deep CNN was developed to localize FCD in MR images. While

3The work described in this chapter has been submitted for publication to: S. Niyas, Chan-
drasekharan Kesavadas, and Jeny Rajan (2024). A Dual Encoder-Decoder Multi-task 3D Deep Learn-
ing Framework for the Segmentation of Focal Cortical Dysplasia Lesions. Biomedical Signal Processing
and Control.



e!ective at identifying frames containing dysplasia lesions, the model fails to provide spe-

cific details about FCD lesions. Gill et al. (Gill et al., 2018, 2019) introduced patch-wise

FCD segmentation models, highlighting their e”ciency in analyzing individual patches

of medical images with minimal computational resources. However, these patch-wise

approaches encounter limitations in capturing global contextual information from entire

MR frames and are susceptible to inaccurate predictions. Dev et al. (Dev et al., 2019)

introduced a customized U-NET model, a sophisticated deep learning-based semantic

segmentation approach that can localize and segment FCD lesions using FLAIR MRI.

To improve FCD segmentation, Thomas et al. (Thomas et al., 2020) introduced a model

that combines an improved U-Net network with multi-residual convolutional and atten-

tion blocks. Although these 2D CNN models deliver good segmentation performance,

they cannot account for the inter-slice correlations in 3D MRI data sets.

In their study, Niyas et al. (Niyas et al., 2021) proposed an e”cient 3D Residual U-

Net framework for the segmentation of FCD in 3D brain MRI. This approach benefits the

advantages of 2D and 3D CNNs through a strategic arrangement of input data slices and

network architecture. The model employed a novel technique of shallow sliced stacking to

augment the number of 3D samples generated from limited datasets. The aforementioned

segmentation model also incorporated convolutional residual blocks in the contracting

path, facilitating the extraction of multi-scale features while minimizing the training

complexity.

This chapter introduces an advaced 3D deep learning model that employs a multi-view

dual encoder-decoder architecture for precise segmentation of FCD lesions within MRI

volumes. This model leverages a 3D CNN framework enhanced with residual connections,

forming the core of our segmentation network. Several architectural enhancements have

been incorporated into our approach. Firstly, we adopt multi-view training, inspired by

the methodologies used by neuro-radiologists in examining MRI volumes. Our model pro-

cesses input data along the sagittal, axial, and coronal axes, updating the model weights

accordingly. To further enhance the segmentation performance of FCD, the model simul-
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taneously processes FLAIR MRI volumes and their associated cortical thickness maps

through a dual-encoder network. Additionally, our model includes a dual-decoder stage,

which facilitates dual-task learning by leveraging distance maps derived from ground

truth data.

The main contributions presented in this research work can be summarized as follows:

1. Multi-view training: The model evaluates data from three distinct orientations:

sagittal, axial, and coronal, and subsequently adjusts the model weights, drawing insights

from this tri-axial analysis.

2. A Dual encoder-decoder model optimized for learning from cortical thick-

ness: The model simultaneously processes FLAIR MRI and their associated cortical

thickness maps using a dual-encoder network. The individual encoders communicate

within this network through a 3D attention mechanism, enriching the feature extraction

process. Additionally, the architecture incorporates a dual-decoder stage designed for

dual-task learning. This stage leverages distance maps generated from the ground truth

labels, enhancing segmentation accuracy.

3. A cascading strategy for transitioning from coarse to fine segmentation:

The entire segmentation process operates in a cascaded fashion, encompassing two distinct

stages. The first stage works on the full-sized image to localize FCD lesions, minimizing

the rate of false detections. In the second stage, the model narrows its focus to a localized

neighborhood surrounding the lesions identified in the first stage. This enables fine-level

segmentation, allowing for a more detailed and comprehensive delineation of the complete

FCD regions.

4. 3D Attention network for maintaining consistency between encoder and

decoder pairs: The proposed architecture incorporates a Dual Input 3D Convolutional

Block Attention Module (3D CBAM) attention mechanism to reinforce the feature maps

in the encoding stage.
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Figure 4.1: Training stage of the proposed FCD segmentation model.

4.2 Methods

Figure 4.1 and 4.2 depict the training and testing phases of the proposed FCD segmen-

tation method.

4.2.1 Preprocessing

During MRI scanning, signal corruption may arise from various sources, such as the ther-

mal motion of the patient and radio frequency emissions from MRI coils and associated

electronics. Consequently, MRI scans are frequently a!ected by noise, necessitating de-

noising as an essential preprocessing step. In this study, we utilize the Block-Matching
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Figure 4.2: Testing stage of the proposed FCD segmentation model.

and 3D Filtering (BM3D) algorithm (Maggioni and Foi, 2012; Maggioni et al., 2012) to

perform the denoising, which significantly enhances the Signal-to-Noise Ratio (SNR) of

the input data. Characteristically, for detecting FCD, focusing on the brain area mini-

mizes false alarms in later processing. We employ the FSL-BET toolbox (Smith, 2002)

for skull-stripping to focus solely on the brain region.

Each input volume in the current FCD dataset has dimensions of 512 → 512 → 320.

(a) (b) (c)

Figure 4.3: (a) Raw MRI slice, (b) Result after skull-stripping, and (c) Result after
cropping & denoising
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However, the proposed segmentation model is targeted for MRI data having a resolution

of 256 → 256 → 16, aiming to balance segmentation accuracy and computational load

e!ectively. In the preprocessing stage, we aim to resize the data without compromising

the intricate details of the brain region. To achieve this objective, MRI volume trimming

is conducted in two sequential stages. Initially, slices deemed irrelevant to the study

are eliminated. Initial and final slices of each MRI volume typically contain minimal

or no relevant information concerning brain anomalies. Consequently, these frames are

excluded, resulting in a volume shape of 512 → 512 → 256 pixels. Subsequently, in the

second stage, the slices are cropped and resized to focus solely on the brain region, thereby

minimizing the presence of extraneous empty pixels. The cropping uses an adaptive

bounding box approach across the MRI volumes to eliminate sparse regions without

losing brain information.

The MRI volumes, after cropping, are subsequently adjusted to dimensions of 256 →

256 → 256, ensuring uniformity in slice numbers across all three axes. Identical cropping

handles are used to crop the MRI volume, Cortical thickness map, and ground truth,

ensuring their spatial coherence is preserved. Additionally, each slice is subjected to

Z-score normalization to achieve a zero mean and unit variance. This normalization

process helps eliminate redundant details and facilitates faster learning when training

with CNN models. Figure 4.3 illustrates the images before and after undergoing various

preprocessing steps. It shows that preprocessing e!ectively removes the skull region, while

adaptive cropping preserves the region of interest and optimizes the spatial resolution of

the brain slices.

4.2.2 A Dual Encoder-Decoder Segmentation Framework .

Figure 4.4 shows a sample MRI scan, cortical thickness map, binary mask for highlighting

FCD lesions, and the distance map derived from the binary mask. It is worth highlighting

that cortical thickness, which is calculated as the distance between the innermost and

outermost layers of the gray matter, is crucial for assessing the structural integrity of the
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cerebral cortex (Feng et al., 2020b). Hence, the proposed model is designed to analyze

FLAIR MRI scans and their corresponding cortical thickness maps concurrently. The

FLAIR MRI scans and the corresponding cortical thickness maps are given into a specially

designed dual-encoder framework to facilitate parallel learning from two diverse input

data. In the proposed architecture, the individual encoders are deployed for specific tasks:

the left encoder is designated for the processing of MRI data, while the right encoder is

intended for learning features associated with cortical thickness. These encoders interact

through a 3D attention mechanism that substantially enhances the feature extraction

process, leading to more consistent and comprehensive analysis.

(a) (b)

(c) (d)

Figure 4.4: (a) Sample brain MRI slice, (b) Cortical thickness map, (c) Ground truth
and (d) Distance map
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4.2.3 Multi-view Learning

The segmentation framework employs a multi-view training approach that incorporates

sub-volumes from axial, coronal, and sagittal axes for comprehensive learning. The con-

cept of multi-view training is motivated by the neuroradiologists’ approach while exam-

ining an MRI volume to isolate FCD or similar anomaly regions.

The utilization of 3D scans ensures data consistency across slices, facilitating a thor-

ough examination of anomalies across multiple slices. Nevertheless, the adoption of a 3D

CNN framework leads to a significant escalation in trainable parameters, computational

complexity, and memory requisites compared to 2D CNN methodologies. This escalation

correlates directly with the depth of frames in the 3D samples. In this study, shallow

stacked MRI slices are utilized to modulate the depth of input data samples, minimizing

computational and memory demands e!ectively. This shallow slice stacking is accom-

plished by partitioning MRI volumes into multiple overlapping shallow slices, influenced

by the 3D CNN approach explained in the previous chapter (Chapter 3).

As illustrated in Figure 4.1, the segmentation model processes the entire MRI volume

of dimension 256 → 256 → 256, with the associated cortical thickness maps through in-

dividual encoder paths. The model dynamically generates shallow stacked slices of size

256 → 256 → 16 across three planes: sagittal, axial, and coronal, which are subsequently

passed into the 3D CNN framework. Training is designed first to undergo ten epochs

using shallow stacked slices from the sagittal plane, followed by five epochs each for the

shallow stacked slices from the axial and coronal planes. Cumulatively, these 20 epochs

constitute a super-epoch, and the overall training process is carried out by up to 30

super-epochs. We conducted experiments using various weight combinations along dif-

ferent image axes. The ablation study revealed superior results when the distribution of

epochs placed greater emphasis on the sagittal plane.
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4.2.4 A Dual-task Learning for Preserving Lesion Boundaries

The proposed model introduces a dual-decoder phase specifically tailored for dual-task

learning. This phase utilizes distance maps derived from binary ground truth labels to

reinforce learning. The feature space from the bottleneck layer is processed in parallel by

dual-decoder networks. One decoder functions similarly to a traditional decoder stage,

receiving long skip connections from the encoder layers that process MRI data. In con-

trast, the second decoder refines the feature space by accepting skip connections from the

encoder layers that handle the cortical thickness map.

The dual-task learning process involves evaluating the di!erence between the proba-

bility maps of both classification decoder layers, relative to the binary ground truth and

the ground truth’s distance transform. The output of the first decoder is compared to

the binary ground truth, ensuring equal weightage on loss calculation across all lesion

regions. Conversely, the output of the second decoder is assessed against the distance

map, which places greater emphasis on the central lesion region compared to the lesion

edges.

To generate these distance maps, we employ a transformation function. This function

determines the distance transform of the binary input image, converting each foreground

(non-zero) element to its nearest distance from background pixels, as given in Equation

4.1.

YDM (i,j) =
√(

Y(i,j) ↑ b(i,j)

)2
(4.1)

where Y(i,j) is the binary ground truth image with pixel coordinates (i, j), b(i,j) is the

background point (value 0) with the smallest Euclidean distance to Yi,j, and YDM is the

distance map image.

Figure 4.4(c) and Figure 4.4(d) depict the sample binary ground truth and distance

map, respectively. Similar to the encoder stage, the decoders also engage through a 3D
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attention mechanism, significantly enhancing the feature extraction process. Distance

map-based loss computation provides a spatially aware mechanism for segmentation,

which enhances the model’s ability to learn complex shapes such as FCD lesions (Luo

et al., 2021). Hence, the dual-task learning approach, combining shape extraction with

traditional segmentation, can help in reducing false positives and is beneficial in precisely

localizing the FCD lesions.

4.2.5 A Cascading Strategy for Coarse to Fine Segmentation.

Generally, segmentation models often employ patch-wise strategies for their notable ad-

vantages, including enhanced learning from extensive regions of interest and diminished

computational expenses. Nevertheless, in the FCD dataset utilized in this study, the

patch-wise segmentation approaches demonstrate minimal e”cacy due to the lesion re-

gions’ inter-class homogeneity and intra-class heterogeneity. To address this limitation,

the proposed model incorporates a segmentation method through a cascaded learning

approach, functioning in two distinct stages.

The initial stage focuses mostly on lesion localization with high precision, wherein the

parameters of the loss function are fine-tuned to minimize false positives, i.e., incorrect

detection of FCD lesions. This stage does not e!ectively outline the full extent of the

lesions due to the attempt to detect lesions across the entire brain. To address this limi-

tation, a second segmentation stage is introduced in the proposed segmentation pipeline.

A neighborhood patch of size 128 → 128 surrounding the detected FCD lesion regions is

extracted, and these cropped shallow slices 128 → 128 → 16 are passed to the subsequent

segmentation model. This cropping uses an adaptive bounding box approach across the

possible FCD lesions, and the coordinates of the bounding box are computed as shown

in Equations 4.2-4.4.

[Cx, Cy] = [
M01

M00
,
M10

M00
] (4.2)
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[Xmin, Xmax] = [Cx ↑ 50, Cx + 50] (4.3)

[Ymin, Ymax] = [Cy ↑ 50, Cy + 50] (4.4)

where [Cx, Cy] represents the centroid pixel coordinates of the binary segmentation map,

[Xmin, Xmax] are the minimum and maximum X-coordinates, and [Ymin, Ymax] are the

minimum and maximum Y-coordinates of the bounding box, respectively. Also, M00 is

the zeroth moment; representing the total mass or area of the shape, M10 is the first

moment about the y-axis and M01 is the first moment about the x-axis.

The latter stage also employs dual-task learning and dual encoder-decoder systems,

similar to the localization stage. Nonetheless, to accommodate the reduced spatial size

of the input data, the model’s complexity is receded, entailing a reduction in convolution

kernels per layer and the overall depth of the CNN architecture. This approach ensures

accurate lesion segmentation while maintaining computational e”ciency. The loss pa-

rameters in the second stage are adjusted to get a reasonable trade-o! between the recall

and precision performance.

4.2.6 3D Attention network for Maintaining Consistency be-

tween Encoder and Decoder Pairs.

Our architecture incorporates a modified 3D CBAM attention mechanism, drawing in-

spiration from the CBAM model detailed by Woo et al. (Woo et al., 2018). This module

adeptly adjusts feature maps by dynamically accentuating or diminishing them, depend-

ing on their relevance. In our dual-encoder setup, we simultaneously process MRI slices

alongside cortical thickness maps. This approach is mirrored in the dual-decoder module,

where it handles both the binary ground truth and the distance map.

To ensure a seamless flow of data through the encoder-decoder pairs, our model inte-

grates a sequence of attention blocks. The proposed dual-input 3D CBAM takes two sets

of 4D feature maps H →W →D →C as inputs. The module calculates an attention map
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Figure 4.5: Proposed 3D CBAM attention module with dual inputs.

from the primary input and then applies this map to the secondary input, as depicted in

Figure 4.5. This attention mechanism operates along two distinct pathways: channel-wise

and spatial-wise. The channel attention pathway combines both global max pooling and

global average pooling methods to condense the spatial dimensions to a singular point.

The result of each pooling operation is a vector 1→1→1→C that captures essential global

information for each channel. These vectors are then processed by a shared network to

create a channel attention map. Once the network processes the vectors, their output

feature vectors are combined using an element-wise addition approach.

The spatial attention is computed by first applying a 3D convolution with a kernel of

size 1→1→1 to the 4D input volume to reduce the channel dimension. This is followed by

3D convolutional layers to aggregate contextual information with a larger receptive field.

The output of the spatial attention pathway is then converted to H → W → D → 1 using

1→1→1 convolution. These outputs are fused using a broadcasting element-wise addition

operation, yielding a final attention map with the shape H → W → D → C. To ensure

the values are within the 0 to 1 range, a sigmoid activation function is applied. Finally,
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an element-wise multiplication is performed between the attention map (generated from

the primary volume) and the secondary input volume, and the result is added to the

secondary input volume itself. Thus, the attention module returns a 4D feature map of

the same size as the input feature space.

4.2.7 Network Architecture.

This research presents a cascaded 3D deep learning framework employing a dual encoder-

decoder structure. Our methodology is centered around an enhanced 3D CNN architec-

ture, which incorporates residual connections to form the backbone of our segmentation

network. The detailed architecture is presented in Figure 4.6. Instead of processing the

entire MRI volume as a single input, the model splits it down into smaller, overlapping

3D sub-volumes of size 256 → 256 → 16. This approach leads to notable performance

improvements, such as reducing model complexity and memory demands, and generating

su”cient training data, eliminating the need for extensive data augmentation techniques.

We performed trials involving varying depths of shallow slices (8, 16, 32, and 64) and

di!erent stride values (1, 3, and 5). Our findings indicated a favorable balance between

segmentation accuracy and computational e”ciency when employing smaller stride val-

ues. This can be attributed to the generation of a greater amount of training data.

Consequently, based on empirical observations, we have chosen a depth and stride of 16

and 1, respectively, for the shallow sliced data.

In the traditional 3D U-Net design, each encoder level uses a pair of convolutional

layers. This incurs a large quadratic computational cost with limited feature extraction

at di!erent scales. To address these issues, in the proposed network, we replace the

sequential convolutions with residual modules, which leads to faster convergence and

benefits multi-scale feature extraction. At each encoder depth, a 3D convolutional layer is

employed, succeeded by two residual modules, each containing a pair of 3D convolutional

layers. Similarly, a transposed convolution layer (Noh et al., 2015) is used in the decoder

phase, followed by two residual modules. All convolutional operations use 3D kernels
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Figure 4.6: Architecture diagram of the proposed 3D CNN model for FCD segmenta-
tion

with size 3→ 3→ 3, and the convolution layers are followed by batch normalization (Io!e

and Szegedy, 2015) and ’LeakyReLU’ activation (Nair and Hinton, 2010). To reduce the

dimensionality of the data, a 2→2→2 max-pooling operation is applied after each depth,

which halves the size of the feature maps. To compensate for the loss of information due

to max-pooling, the number of filters in subsequent layers is also doubled.

The proposed model uses a cascade of two networks: one for the initial localization

stage and the other for the fine-level segmentation phase. In the localization phase,

the proposed architectural framework uses a depth of 3 and is targeted for processing

input data sized 256 → 256 → 16. At the initial depth, all convolutions make use of eight

filters each. In the subsequent depths, the number of filters gets doubled. The decoder

path uses transposed convolution to upsample feature maps and concatenates them with

high-resolution features from the contracting path. To mitigate overfitting, dropout, and

regularization are also incorporated. The secondary network (for fine-level segmentation)

adopts a similar architecture with a depth of two, tailored to process inputs of shape

128 → 128 → 16.
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The decoder path compares the predicted masks with respect to the binary ground

truth and the corresponding signed distance maps. The networks consider two loss func-

tions during training: conventional segmentation loss (LSeg) and the signed distance map

loss (LDist). The dataset employed in this study shows class imbalance, where lesion

voxels constitute less than 5% of the negative voxels. To address this significant class im-

balance, the Tversky loss function (Salehi et al., 2017) is employed as shown in Equation

4.6. It uses the Tversky similarity index (Equation 4.5), which has the ability to mitigate

class imbalance through its generalized Dice coe”cient properties.

Tversky similarity index =
TP

TP + (ω → FP ) (ε → FN)
(4.5)

LSeg = 1 ↑ Tversky similarity index (4.6)

where TP represents true positives, FP stands for false positives, and FN denotes false

negatives. The parameters ω and ε play roles in determining the weights associated with

FP and FN , respectively.

When ω = ε = 0.5, both FP and FN incur equal penalties. In such instances, the

Tversky similarity index aligns closely with the Dice coe”cient. Our experimentation

involving loss functions like Binary Cross Entropy (BCE) loss and Dice loss revealed a

notable disparity between Precision and Recall values. This di!erence arises from the

class imbalance between the FCD region and the normal brain region. This imbalance

not only impacts the Precision-Recall trade-o! but also hinders the model’s ability to

e!ectively detect FCD lesions. To address this imbalance, we adopted the Tversky loss,

which assigns higher weights to FN . This adjustment enhances the Recall rate while

maintaining satisfactory precision performance. Through an iterative process of experi-

mentation with various Tversky loss parameter combinations, we empirically determined

the optimal values for ω and ε to be 0.3 and 0.7, respectively.

The Mean Squared Error (MSE) between the ground truth and predicted signed

distance maps is the signed distance map loss. The total loss is computed by taking
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a weighted summation of the LSeg and LDist. The total loss is computed as shown in

Equation 4.7.

Total loss (LTotal) = ϑ → LSeg + (1 ↑ ϑ) → LDist (4.7)

where ϑ is the weight factor and is empirically set as 0.5 for the initial localization phase

and 0.75 in the second fine-level segmentation stage.

4.3 Results and Analysis

This section presents the hardware details, evaluation metrics, ablation study, and dis-

cussion involving qualitative and quantitative analysis.

4.3.1 Hardware Details

Experiments were carried out on an NVIDIA↭ DGX-1↭ machine running the Ubuntu

operating system, with NVIDIA↭ Tesla↭ V100 GPUs with 32GB of dedicated graphics

memory. The models were implemented using the Keras and TensorFlow libraries in

Python.

4.3.2 Evaluation Metrics

Quantitative analysis employs metrics such as Precision, Recall, and the Dice coe”cient.

Precision measures the proportion of true positives among all predicted positives, while

Recall estimates the fraction of true positives identified within the actual positive class.

The Dice coe”cient, a weighted average of these two, accounts for both FP and FN,

making it a popular benchmark for evaluating the overlap between predictions and ground

truth.
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4.3.3 Datasets

The data for this study were sourced from the Sree Chitra Tirunal Institute for Medical

Sciences and Technology (SCTIMST), Trivandrum, India, with the institutional ethics

committee’s approval (Ref. No.: IEC/1073). The dataset comprises 8000 FLAIR brain

MR scans from 26 patients acquired at an image resolution of 512 → 512. These images

were captured on a 3T MRI scanner (GE Healthcare, UK) in the sagittal plane, which

has 320 slices per volume. The scanning parameters included a slice thickness of 1 mm, a

pixel spacing of 0.5 mm, and a TR/TE/TI/flip angle of 7200ms/117.241ms/1936ms/90→,

respectively.

4.3.4 Training Methodology

We employed random indexing to create training, testing, and validation sets for the

experiments. During this process, we meticulously ensured that these sets were segregated

to prevent any data leakage across the training, testing, and validation phases. During

the coarse-level segmentation phase, both the pre-processed MRI volume and cortical

thickness map of shape 256 → 256 → 256 are passed. The model dynamically generates

shallow stacked slices of size 256→256→16 across three planes: sagittal, axial, and coronal,

which are subsequently passed into the 3D CNN framework for first-level segmentation.

Training is designed first to undergo ten epochs using shallow stacked slices from the

sagittal plane, followed by five epochs each for the shallow stacked slices from the axial

and coronal planes. Cumulatively, these 20 epochs constitute a super-epoch, and the

overall training process is carried out by up to 30 super-epochs.

To match the model’s input size 256 → 256 → 16, overlapping 3D sub-volumes of the

same size were generated with one-voxel stride for training and validation sets. Test

data used non-overlapping sub-volumes. Limited o#ine augmentation tripled training

samples. Additionally, to address memory constraints and reduce the class imbalance,

the training set was resampled to a 1:3 positive-to-negative ratio by randomly selecting
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(a) (b) (c)

Figure 4.7: Qualitative analysis of the proposed model: (a) Brain MRI scans with
FCD, (b) Ground truth, and (c) Predicted output of the proposed 3D Res-
UNet.

only 33% of total negative samples.

The network’s architecture was empirically optimized through hyperparameter tuning.

Adam optimizer with Adagrad update rule (Kingma and Ba, 2014; Reddi et al., 2018)

employed for weight updates with an initial learning rate of 0.001 and batch size of 16.

He Normal (He et al., 2015a) initialization and L2 regularization with l2 = 0.01 (Cortes

et al., 2012) were applied to all convolutional layers. Both localization and fine-level

segmentation phases were trained for 30 super-epochs with an early stopping patience
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Table 4.1: Performance comparison of the proposed model with benchmark models.

Folds Attention-UNet MultiRes Proposed

(Thomas et al., 2020) 3D Res-UNet Model

(Niyas et al., 2021)

Dice Prec- Rec- Dice Prec- Rec- Dice Prec- Rec-
ision all ision all ision all

Fold 1 62.55 59.91 65.63 69.53 69.91 69.17 72.67 75.51 70.04
Fold 2 45.67 73.67 33.12 46.75 66.13 36.16 50.04 71.24 38.56
Fold 3 72.54 68.65 77.00 73.35 67.80 79.89 74.87 70.52 79.78
Fold 4 71.49 66.72 77.33 72.09 70.81 73.42 71.97 71.09 72.88
Fold 5 56.81 71.57 48.05 59.89 73.25 50.66 63.61 76.62 54.37

Average 61.81 68.10 60.23 64.32 69.58 61.86 66.63 73.00 63.13

of 10 epochs. The best weights (based on validation loss) at each epoch were saved for

further analysis and model deployment.

4.3.5 Results and Discussion

This study employs both qualitative and quantitative analyses to evaluate the perfor-

mance of the proposed FCD segmentation method. We compare it against state-of-the-

art 2D CNN and 3D CNN-based FCD segmentation models (Thomas et al., 2020; Niyas

et al., 2021). Figure 4.7 showcases samples of the predicted segmentation masks used

in the qualitative assessment. The close resemblance between the predictions and the

ground truth demonstrates the method’s e!ectiveness in the accurate segmentation of

FCD regions.

Quantitative assessment employs a five-fold cross-validation, with three repetitions of

experiments within each fold. The reported outcomes reflect the average results obtained

from three instances of 5-fold cross-validations. Table 4.1 showcases the outcomes for

FCD lesion segmentation, featuring a comparative analysis with cutting-edge FCD seg-

mentation techniques. Our proposed methodology excels in identifying more boundary

pixels within FCD lesions, resulting in enhanced performance in all benchmark metrics
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compared to alternative approaches.

4.4 Summary

In this chapter, we presented an e!ective 3D deep learning model designed for precise seg-

mentation of FCD lesions in MRI volumes. This model leverages an advanced multi-view

dual encoder-decoder architecture underpinned by a 3D CNN framework with integrated

residual connections. It uniquely processes FLAIR MRI and cortical thickness maps

through a dual encoder-decoder network, enhanced by a 3D attention mechanism focus-

ing on cortical brain regions. Key enhancements include a multi-view training technique

and dual-task learning utilizing distance maps from ground truth data. The segmenta-

tion operates in two stages: an initial broad localization of FCD lesions, followed by a

focused, fine-level segmentation. This dual-phase approach ensures a balance between

broad localization and precise segmentation, establishing a robust method for FCD le-

sion detection. Our model demonstrates superior performance over existing methods in

both quantitative and qualitative aspects of FCD lesion segmentation. Future work will

aim to further enhance segmentation accuracy by incorporating advanced generative AI

techniques.
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CHAPTER 5

SEGMENTATION OF ISCHEMIC STROKE

LESIONS FROM CT PERFUSION IMAGES

USING 3D ATTENTION-DRIVEN VOX2VOX

5.1 Introduction

In recent years, CNN-based methodologies have emerged as the predominant techniques

for medical image segmentation. Particularly, when dealing with medical volumes, 3D

CNNs are capable of learning inter-slice relationships, which are significant for identifying

abnormalities that spread across multiple slices. Consequently, there has been a notable

shift in research focus towards 3D CNN methodologies that can e!ectively process vol-

umetric cross-sectional images, such as CT and MRI. Particularly, the segmentation of

ischemic stroke lesions from such medical images has attracted increasing attention in

recent years, reflecting its critical role in enhancing diagnostic accuracy and treatment

e”cacy.

Stroke ranks as the third leading cause of death globally and is the primary cause

of acquired disability (Sudlow and Warlow, 1997). The most common type of stroke,

accounting for nearly 80% of cases, is ischemic stroke. This occurs when an artery is

blocked, leading to reduced blood flow to the brain, tissue damage due to lack of oxygen,

and, ultimately, tissue death (infarction). A quicker response time from symptom onset

to treatment significantly improves patient outcomes (Jahan et al., 2019). Initially, the

stroke-a!ected areas are categorized into two main areas: the infarct core, which consists

3The work described in this chapter has been submitted for publication to: S. Niyas, Vivek A.
Saraf, Ajith Abraham, Neethi A. S. and Jeny Rajan (2024). Segmentation of Ischemic Stroke Lesions
from CT Perfusion images using 3D Attention-Driven Vox2Vox. Journal of Medical Imaging



of irreversibly damaged tissue, and the penumbra, which is at-risk tissue that could

recover if blood flow is restored. Identifying and measuring the acute core or penumbra

is crucial in clinical practice as it helps assess the potential tissue recovery with di!erent

interventions, leading to better treatment decisions.

Current screening techniques for diagnosing ischemic stroke primarily involve using

Non-Contrast Computed Tomography (NCCT), CT perfusion (CTP), and MRI methods

to get a clearer picture of cerebral blood flow. The decision on which screening method

to use for timely detection and analysis of ischemic stroke depends on several factors,

including the clinical condition, the availability of resources, and specific patient charac-

teristics. CTP is often chosen over NCCT because it has higher accuracy in detecting

areas with reduced blood flow and the ischemic penumbra and its ability to distinguish

between other conditions, such as hemorrhagic stroke or non-stroke issues like migraines

(Donahue and Wintermark, 2015). Moreover, CTP is preferred over MRI for the initial

assessment of ischemic strokes due to its widespread availability, faster image capture,

lower cost, and easier patient monitoring (Gillebert et al., 2014).

In CTP imaging, a series of CT Angiography (CTA) images (4D spatiotemporal im-

ages) are captured while perfusion occurs. This process generates maps of perfusion

maps such as Cerebral Blood Flow (CBF), Cerebral Blood Volume (CBV), Mean Tran-

sit Time (MTT), and Time-to-maximum flow (Tmax) (Demeestere et al., 2020). These

maps facilitate a more e”cient detection of ischemic stroke lesions compared to relying

solely on NCCT. Manual lesion segmentation from CTP is a laborious process, while au-

tomated stroke lesion segmentation results in more accurate and consistent stroke detec-

tion compared to manual screening, which may be subject to human error and variability.

Moreover, using automated methods for stroke detection using CTP o!ers significant ad-

vantages in terms of e”ciency, reliability, integration with clinical workflow, and reduced

subjectivity, making it a valuable tool in modern healthcare.

In response to the growing significance of visual data, there has been a notable surge

in research focused on constructing neural network models tailored for images. This
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has notably led to the emergence and refinement of CNN, marking a key advancement

in deep learning. The successful deployment of deep CNN models has substantially

impacted a diverse range of applications within image processing and computer vision

domains. Recent strides in deep learning methodologies have empowered researchers

to introduce advanced techniques for addressing various challenges in medical imaging,

such as segmentation, registration, and classification. This trend can be seen in the

latest methodologies devised for stroke lesion segmentation from CTP images as well,

showcasing the continuous evolution and applicability of deep learning techniques in

medical imaging research.

The DEFUSE 3 (Endovascular Therapy Following Imaging Evaluation for Ischemic

Stroke 3) (Albers et al., 2018) and DAWN (Clinical Mismatch in the Triage of Wake-

Up and Late Presenting Strokes Undergoing Neurointervention With Trevo) (Nogueira

et al., 2018) trials have underscored the remarkable e”cacy of endovascular treatment

for patients presenting 6 to 24 hours post-stroke onset. Notably, these trials primarily

relied on CTP for patient selection, leading to the global uptick in the utilization of CTP

across medical centers. The acquisition of dynamic CTP images necessitates subsequent

postprocessing to gauge the extent of infarcted core and hypoperfused regions, which is

crucial for treatment decision-making. Given the intricate nature of acute ischemic stroke

lesion progression, leveraging data-driven machine learning techniques holds promise for

enhancing core infarct estimation.

Annotated medical image datasets are essential for developing CAD methods by serv-

ing as training data for machine learning models, facilitating algorithm development

and optimization, enabling performance evaluation and benchmarking, supporting gen-

eralization across diverse scenarios, and contributing to the clinical validation of CAD

systems. The Ischemic stroke lesion segmentation challenge (ISLES) (Maier et al., 2017),

launched in 2015, encourages researchers to develop advanced stroke lesion detection

tools. It tackles dataset inconsistencies and postprocessing variations by providing stan-

dardized datasets, enabling fair comparisons of emerging methods. With growing global
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(a) (b) (c)

(d) (e) (f)

Figure 5.1: CT Perfusion maps provided in ISLES 2018 Challenge (a) Normal CT, (b)
Cerebral Blood Flow (CBF) (c) Cerebral Blood Volume (CBV), (d) Mean
Transit Time (MTT) (e) Time-to-maximum flow (Tmax), and (f) Ground
truth.

participation, the challenge occurs annually alongside the Medical Image Computing and

Computer-assisted Intervention (MICCAI) Conference. A sample of the ISLES 2018

dataset is shown in Figure 5.1.

The ISLES 2018 (isl; Cereda et al., 2016; Hakim et al., 2021) initiative was driven by

insights from clinical trials and community input, with a primary objective of predicting

the infarction from CTP imaging in patients with acute ischemic stroke. The challenge

sought to segment the infarct core from CTP scans, which were annotated manually using

Di!usion-Weighted Imaging (DWI) in subsequent MRI scans without any interventions

or treatments between the CTP and DWI scans.
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Most research e!orts in ischemic stroke analysis have focused on the segmentation of

stroke lesions from MR images. This is exemplified by the ISLES 2015–2017 challenges,

which concentrated on multi-modal MR images, including T1, T1-contrast, FLAIR, and

DWI sequences.

In recent years, there has been a growing trend toward utilizing deep learning method-

ologies in the analysis of Ischemic stroke, with many promising advancements documented

in the scholarly literature. Dolz et al. (Dolz et al., 2019) introduced a deep learning

method using DWI and CTP to precisely segment ischemic stroke lesions, employing a

densely connected UNet framework enriched with Inception modules. Similarly, Liu et al.

(Liu et al., 2021) introduced a novel deep learning architecture: 3D DAGMNet, specifi-

cally tailored for accurately detecting and segmenting lesions associated with acute and

early subacute ischemic strokes in brain MRI scans. Although these methodologies have

shown remarkable performance, they relied on MRI data, thus limiting the early analysis

of stroke lesion segmentation using CTP images.

While research on ischemic stroke lesion segmentation from CTA or CTP perfusion

parameter maps has been limited, the lower signal-to-noise ratio of CTP maps compared

to DWI presents a significant challenge for automated segmentation. The ISLES 2018

dataset stands as a leading resource for CTP-based stroke segmentation, with several

studies reporting successful segmentation models utilizing this data. The ISLES 2018

dataset includes baseline 4D CTP scans, along with derived CTP maps such as CBF,

CBV, MTT, and Tmax. The dataset is divided into training and test sets, containing

94 and 62 cases, respectively. The images were acquired as slices with a variable number

of axial slices (ranging from 2 to 22) with a standardized spacing of 5 mm. The spatial

resolution of scans is 256 → 256.

Song et al. (Song, 2019) introduced an innovative framework for ischemic stroke

lesion segmentation, comprising an extractor, a generator, and a segmentor. Initially,

the extractor extracts representative feature images directly from CTP feature images.

Subsequently, the generator utilizes the output from the extractor and perfusion param-

76



eters to generate pseudo-DWI images. Finally, the segmentor stage precisely segments

the ischemic stroke lesion using the generated DWI images. Motivated by the work

of Song et al. (Song, 2019), Wang et al. (Wang et al., 2020b) proposed an improved

version of a stroke lesion detection approach using a deep learning-based DWI synthesis

method. To enhance DWI synthesis quality, their approach introduces a hybrid loss func-

tion that prioritizes lesion areas while promoting robust high-level contextual coherence.

Subsequently, the lesion region is segmented within the synthesized pseudo-DWI using a

segmentation network empowered by switchable normalization and channel calibration,

thereby optimizing performance

Building on ISLES 2018 CTP data, Liu et al. Liu (2019) proposed a similar deep

learning approach leveraging GANs to synthesize DWI images. This enabled them to

segment ischemic stroke lesions directly on the generated DWI, employing a CNN ar-

chitecture coupled with a custom loss function to balance positive and negative class

imbalance during training. The challenge initially provides DWI images for the training

dataset, which provides an additional advantage in generating intermediate DWI data

for e!ective stroke segmentation. The top-ranking models mentioned above depend on

both CTP and DWI data. However, access to DWI data along with CTP is not practical

in real scenarios. Therefore, the challenge team restricts access to DWI data, leading to

many studies in the literature that solely utilize CTP data for model development.

In a study, Chen et al. (Chen et al., 2018d) introduced a 2.5D deep learning framework

designed specifically for extracting and integrating information from various CTP modal-

ities with high e”cacy. This framework consists of an ensemble comprising multiple back-

bone networks such as U-net and demonstrates enhanced segmentation outcomes, thus

contributing to greater segmentation performance in detecting ischemic stroke lesions.

Furthermore, the study explored various data augmentation techniques to improve the

overall performance of the framework. Clèrigues et al. (Clèrigues et al., 2019) proposed a

2D patch-based deep learning approach designed to segment the acute stroke lesion core

from CT perfusion images. The model utilizes an asymmetrical residual encoder-decoder
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CNN architecture. The lesion core class constitutes approximately 5% of the brain tissue

within the training dataset, and to mitigate this imbalance, the training process incor-

porates data augmentation using elastic deformation fields, dropout layers to introduce

noise, and early stopping mechanisms.

In their study, Ghnemat et al. (Ghnemat et al., 2023) introduced a mutation model

integrated with a distance map within a GAN framework to generate synthetic medi-

cal data. This method employs Euclidean distance calculations to assess the intensity

distance map by comparing each pixel and neighborhood. Following this, a threshold is

used to identify adjacent areas with similar intensities for the mutation process. In the

proposed supervised GAN, both the segmentation and discriminator components share

the same CNN architecture, significantly reducing computational workload. Abulnaga

et al. (Abulnaga and Rubin, 2019) introduced another 2D deep learning segmentation

model based on PSPNet, leveraging pyramid pooling to incorporate global and local con-

textual information e!ectively. To capture the diverse shapes of lesions, they employed

focal loss during network training, a specialized loss function that emphasizes learning

from challenging samples.

The above-mentioned studies utilized 2D deep learning approaches for their model

implementation due to the small training dataset, which comprises only around 500 slices

from 94 cases. Generally, 3D models did not yield satisfactory results with such limited

axial slices. However, this dataset provides a great opportunity for researchers to validate

3D deep learning models to work on such small yet reliable medical image datasets.

Some of these 3D deep learning models for stroke segmentation have also been reported

in the literature. Tursynova et al. (Tursynova and Omarov, 2021) made a pioneering

attempt with a 3D deep learning model for segmenting stroke lesions from CTP images,

employing a modified version of the 3D UNET architecture. However, due to the absence

of optimizations needed to process the small, complex 3D data, the model’s performance

was limited, achieving only a 35% Dice score similarity in the test data evaluation.

Tureckova et al. (Tureckova and Rodŕıguez-Sánchez, 2019) introduced an improved
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stroke segmentation framework that utilizes a modified 3D encoder-decoder network.

They investigated the e!ectiveness of dilated convolutions in improving learning out-

comes with a limited 3D dataset. Dilated convolutions expand the filter’s receptive field,

improving segmentation accuracy and increasing the Dice score to 37%. However, addi-

tional optimization is needed to tackle the segmentation challenges of small 3D medical

image datasets.

Hu et al. (Hu et al., 2018) introduced StrokeNet, a 3D residual framework designed

for automated segmentation of ischemic stroke lesions from CTP images. This model

targets voxel segmentation of stroke-a!ected areas within 3D perfusion CT scans. The

segmentation framework employs a multi-level 3D refinement module that integrates local

details and spatial-temporal context information using 3D convolutional layers, leading

to substantial performance improvements. The training methodology incorporates cur-

riculum learning, data augmentation techniques, and the Focal loss function to enhance

model performance and address data imbalance challenges e!ectively. While the model

demonstrated high accuracy on the training dataset, the article does not include the

evaluation results for the test dataset.

This chapter explores a 3D segmentation model for stroke lesion segmentation which

utilizes a 3D GAN. This approach leverages a 3D image-to-image translation network,

specifically Attention-Vox2Vox, to achieve accurate segmentation results on volumetric

data. The method uses two deep CNNs- a generator and a discriminator, that train

concurrently over the CTP scans to generate 3D segmentation masks. Additionally, we

optimize the generator and discriminator architectures to achieve enhanced detection

and segmentation quality of stroke lesion cores from multi-channel CTP images. The key

contributions outlined in this study are as follows:

1. Vox2Vox approach: The multichannel perfusion maps are processed simultane-

ously using a 3D GAN approach tailored for volumetric image segmentation.

2. Dual-task learning: The generator network integrates a dual-decoder stage
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specifically tailored for dual-task learning, which e!ectively learns from binary

ground truth as well as distance maps derived from ground truth masks to im-

prove segmentation accuracy.

3. 3D Attention network in the decoder stage: The proposed generator network

uses a Dual Input 3D Convolutional block attention module (3D CBAM) to refine

the feature maps in the decoding stage.

5.2 Methods

The stroke segmentation method proposed in this study utilizes a 3D image-to-image

translation network known as Attention-Vox2Vox, drawing inspiration from the CNN

model introduced by Cirillo et al. (Cirillo et al., 2021). Attention-Vox2Vox builds

upon the Pix2Pix model initially presented by Isola et al. (Isola et al., 2017), extending

it into the three-dimensional domain for enhanced performance in stroke segmentation

tasks. Our segmentation framework incorporates two key supervised GAN components:

a generator and a discriminator. This section provides a comprehensive overview of the

methodology employed in our proposed Attention-Vox2Vox framework.

The proposed Attention-Vox2Vox framework leverages a tailored Vox2Vox architec-

ture specifically crafted for addressing image segmentation challenges. The generator

module is designed to process 3D slices from CTP maps and learn to generate 3D binary

prediction masks that closely match the ground truth for stroke lesions. Concurrently,

the discriminator module is trained to distinguish between the outputs generated by the

generator and the actual ground truth data. In this segmentation model, the discrimina-

tor is trained using two distinct sets of 3D slices: one comprises pairs of 3D CTP slices

and their corresponding 3D binary segmentation mask images, while the other set com-

prises pairs of 3D CTP slices and the 3D segmentation maps generated by the generator

network.
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5.2.1 Generator Network

In the conventional Pix2Pix and Vox2Vox models, the generator model employs the 2D

and 3D versions of standard encoder-decoder networks, respectively. In contrast, our

generator network incorporates an improved encoder-decoder model with residual mod-

ules and attention gates, surpassing several constraints of the traditional U-Net design.

Moreover, it features a tailored loss function that addresses class imbalance concerns.

Additionally, it incorporates a dual-decoder strategy for dual-task learning, enabling the

model to delve into more details, such as the size and morphology of lesioned areas.

These integrations significantly enhance the deep learning framework’s ability for gener-

alized learning. The proposed generator network is shown in Figure 5.2. This framework

emphasizes key considerations at the network level, as outlined below.

5.2.1.1 ResNet blocks to Enhance Training E”ciency.

The generator network utilizes a sequence of ResNet blocks at each depth, allowing for the

extraction of multi-scale features without computational overload and enabling e!ective

learning. Two residual modules are present in each depth, each of which contains two

normal convolution layers that utilize identity mapping through short skip connections.

Since there are four consecutive 3→ 3→ 3 filters at each depth, it o!ers the advantage of

assessing features across multiple scales without needing separate kernels. This approach

reduces the computational burden and speeds up the learning process (Niyas et al., 2021).

Additionally, incorporating identity mappings addresses native challenges of deep neural

networks, such as feature degradation and vanishing gradient issues, thereby improving

their performance and stability.

5.2.1.2 Selective and Shared Learning through 3D CBAM Attention

Our architecture incorporates a customized 3D CBAM attention mechanism. This mod-

ule adeptly adjusts feature maps by dynamically emphasizing or diminishing their impor-
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Figure 5.2: Proposed segmentation architecture for the Generator network

tance. In our dual-decoder configuration, the proposed attention blocks receive inputs

from each decoder and analyze the feature maps concurrently to predict the distance

maps and binary segmentation mask through shared learning.

5.2.1.3 Dual-task Learning

The proposed generator network introduces a specialized dual-decoder phase designed

for dual-task learning. This phase leverages distance maps generated from binary ground

truth labels to enhance the learning process. The feature maps from the bottleneck

layer undergo parallel processing by dual-decoder networks, with each decoder operating

similarly to a conventional expanding path and receiving long skip connections from

corresponding encoder layers.

The dual-task learning mechanism involves evaluating the error between the prob-

ability maps generated by each decoder layer with respect to the binary ground truth

and its corresponding distance transform. The output of the first decoder is compared

to the binary ground truth, ensuring equal emphasis on loss calculation across all lesion
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Figure 5.3: Proposed 3D CBAM Attention Module

regions. In contrast, the output of the second decoder is compared to the distance map,

giving priority to the central lesion region over the lesion edges. We leverage a trans-

formation function to generate the distance maps for dual-task learning. This function

acts upon a binary input image, calculating the distance transform for each foreground

(non-zero) element to its closest background pixel. The mathematical formulation for

this transformation is presented in the following equation.

YDM (i,j) =
√(

Y(i,j) ↑ b(i,j)

)2
(5.1)

where Y(i,j) is the binary ground truth image with pixel coordinates (i, j), b(i,j) is the

background point (value 0) with the smallest Euclidean distance to Yi,j, and YDM is the

distance map image.

The proposed generator network for stroke segmentation network architecture is based

83



on a 3D CNN with residual connections. This enhanced architecture features a dual-

decoder path, and the details are illustrated in Figure 5.2. At each encoder level, we

incorporate a 3D convolutional layer, followed by two residual modules, each comprising

a pair of 3D convolutional layers. Similarly, the decoder phase utilizes a transposed con-

volution layer, succeeded by two residual modules. All convolutional operations employ

3D kernels sized at 3 → 3 → 3, and after the convolution layers, batch normalization and

LeakyReLU activation (Nair and Hinton, 2010) are applied. To reduce data dimension-

ality, a max-pooling operation of size 2 → 2 → 2 is implemented after each level, halving

the feature map dimensions. The number of filters in the subsequent encoder layers is

doubled to counteract information loss from max-pooling.

In the initial layer, each convolution employs eight filters. As the depth increases, the

number of filters doubles. In the decoder path, the predicted masks are compared with

both the binary ground truth and the corresponding signed distance maps. The decoder

path utilizes transposed convolution for upsampling feature maps, concatenating with

high-resolution features from the encoder path. Dropout and regularization techniques

are also integrated into the encoder and decoder layers to prevent overfitting.

5.2.2 Discriminator Network

Our proposed Attention Vox2Vox model incorporates a modified 3D CNN classification

architecture as the discriminator network and is shown in Figure 5.4. This network

takes two images as input: the generated one and the corresponding ground truth. Dis-

criminator architecture consists of five convolutional layers, with the first three utilizing

subsampling using strided convolutions. These initial layers progressively increase the

number of filters, starting with 64, then 128, and finally 256. All convolutional layers

employ a 4 → 4 → 4 filter size. Following these layers, a single convolutional layer with

512 kernels is applied, succeeded by a convolutional layer with one kernel. The resulting

feature map is taken for calculating the cost function.
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Figure 5.4: Proposed segmentation architecture for the Discriminator network

The discriminator outputs numerical values indicating the likelihood that the gener-

ated image closely resembles the actual image. The goal is to maximize the probability

that the discriminator perceives the generated image as realistic. To achieve this, the dis-

criminator undergoes training utilizing a binary cross-entropy loss function. This function

quantifies the disparity between the discriminator output and the true labels, which is 0

for a fake image and 1 for a real image.

5.3 Results and Analysis

5.3.1 Hardware Details

The experiments detailed in this study were conducted on a workstation operating on

the Ubuntu platform. The hardware setup included NVIDIA ↭ GeForce RTX 4090 ↭

GPU, equipped with 24 GB of dedicated graphics memory. The implementation of the

models was achieved using the Keras and TensorFlow libraries and Python programming

language.
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5.3.2 Evaluation Metrics

In the ISLES 2018 challenge, the test data evaluation was conducted blindly to prevent

any bias, and no ground truth information was disclosed to ensure fair evaluation and

avoid any potential malpractices in result scoring. The ISLES 2018 challenge team used

standard evaluation metrics such as Precision, Recall, the Dice Similarity Coe”cient

(DSC), Absolute Volume Di!erence (AVD), etc., to assess the performance of stroke lesion

segmentation from CT perfusion scans. Precision measures the ratio of true positives to

all predicted positives and provides insight into the accuracy of positive predictions.

Conversely, Recall measures the fraction of true positives correctly identified within the

whole positive class, o!ering a perspective on the model’s ability to capture all relevant

instances. The Dice coe”cient is the harmonic mean of Precision and Recall, often

utilized as the most important benchmark due to its incorporation of both Precision

and Recall, providing a balanced assessment by considering both False Positives (FP)

and False Negatives (FN ). This metric is particularly valuable in evaluating the overlap

between model predictions and ground truth data. Additionally, the AVD quantifies

the absolute number of voxels that di!er between the prediction segmentation maps and

the ground truth. This metric contributes valuable information regarding the model’s

performance in accurately delineating structures within the data.

5.3.3 Datasets

The study utilized the ISLES 2018 challenge dataset, which was organized into training

and test sets consisting of 94 and 62 cases, respectively. The images consist of variable

axial slices (ranging from 2 to 22) with a standardized spacing of 5 mm and a spatial

resolution of 256 → 256. Each case includes CT, 4DPWI, CBF, CBV, MTT, and Tmax

images. The train set is provided with corresponding binary ground truth in stroke

lesion regions, while the test dataset is not provided with any ground truth, and the

model validation on the test set is carried out blindly by the challenge team.
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In this dataset, each input volume varies in dimensions from 256 → 256 → 2 to 256 →

256 → 22. However, our segmentation model adopts a shallow sliced approach with a

data resolution of 256 → 256 → 8. This approach is designed to balance segmentation

accuracy and computational e”ciency. During the preprocessing stage, we resize the

number of slices in each volume to generate 3D slices of shape 256 → 256 → 8. This is

achieved through an adaptive slice repetition process. If a volume has fewer than eight

slices, we repeat and concatenate the available slices to create a 3D slice with a depth

of 8. Conversely, if a volume has more than eight slices, we normalize it to the nearest

multiple of 8. For instance, a volume with four slices is repeated to form an 8-slice 3D

object, while a volume with 20 slices is expanded to 24 slices.

We utilized random indexing within the challenge training dataset to assign training

and validation subsets for our experiments. To ensure compatibility with the model’s

input dimensions of 256→ 256→ 8, we generated overlapping 3D sub-volumes of this size

with a one-voxel stride for both the training and validation sets. For the test data, non-

overlapping sub-volumes were extracted from the preprocessed test dataset. The CBF,

CBV, MTT, and Tmax perfusion maps are derived from the 4DPWI. Hence, to avoid

redundancy, the current study uses CBF, CBV, MTT, and Tmax to segment the stroke

lesion area as the lesion regions. After preprocessing and normalizing the number of slices

in each case, the size of the 3D data samples has dimensions of 256→ 256→ 8→ 4, where

8 is the depth of the 3D sample, and 4 represents the four perfusion channels.

5.3.4 Training Methodology

Compared to a traditional CNN semantic segmentation network, our proposed Attention-

Vox2Vox model introduces a significant enhancement by integrating the discriminator’s

function to boost the generator’s performance. The Attention-Vox2Vox framework con-

sists of two CNN networks- a generator and a discriminator, and both are trained con-

currently to reinforce their learning e”ciency. Figure 5.5 (a) represents the training

methodology of the generator network.
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(a) (b)

Figure 5.5: Training methodology of (a) the Generator, and (b) the Discriminator mod-
ules.

This generator training is characterized by the utilization of three distinct loss func-

tions: the first one evaluates the error between the generated image (from the first de-

coder classification layer) and the desired target image, whereas the second loss function

measures the error between the generated distance map (from the second decoder classi-

fication layer) and the distance map of the actual ground truth. The third loss function

calculates the sigmoid cross-entropy loss between the generated images and a set of ones.

The dataset utilized in this study exhibits a high imbalance between the foreground and

background voxel classes. We adopt the Tversky loss function (Salehi et al., 2017) as the

LSeg to address this issue.

The overall generator loss is determined through a weighted aggregation of these loss

components. Mathematically, this can be expressed as follows:

LossGen = (ϖ1 → LossSeg + ϖ2 → LossDist + LossGAN) (5.2)

Here, LossGen represents the aggregate generator loss, encompassing LossSeg (segmenta-
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tion loss) and LossDist (distance map loss), which quantifies the Tversky loss between the

generated image and ground truth and with their corresponding distance map pairs, re-

spectively. LossGAN denotes the sigmoid cross-entropy loss between the generated images

and an array of ones.

The training pipeline of the discriminator network is shown in Figure 5.5 (b). The

discriminator receives input from two distinct sets. The first set consists of perfusion

maps and their corresponding segmentation maps generated by the generator network.

In contrast, the second set comprises perfusion maps alongside the ground truth image.

Training the discriminator involves optimizing its parameters based on the gradients of

the discriminator loss, which is computed as the combination of two distinct loss functions

corresponding to these input sets.

The discriminator loss LossDisc computation can be expressed as follows:

LossDisc = (LossReal + LossFake) (5.3)

Here, the term LossReal corresponds to the sigmoid cross-entropy loss between the dis-

criminator output and an array of ones when processing the real image pair. Conversely,

the LossFake component represents the sigmoid cross-entropy loss associated with the

generated outcomes, matching the discriminator output to an array of zeros.

The proposed model is designed to process 3D perfusion slices of size 256→256→8→4.

This configuration allows for simultaneous processing of the four channels of CT perfusion

maps, enhancing the e”ciency of the networks. To augment the training data and improve

model robustness, we employed online data augmentation techniques, including rotation,

which e!ectively increased the diversity of samples used for training. The choice of

hyperparameters, including the network depth, the number of convolutional layers per

depth, and the size and number of filters, was guided by rigorous experimentation and

empirical results. We meticulously tuned these parameters to optimize the performance

of our model across various evaluation metrics.
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For model optimization, we utilized the Adam optimizer in conjunction with the

Adagrad algorithm to adaptively adjust the model weights during training. Specifically,

we initialized the model weights using the HeNormal (He et al., 2015b) initialization and

trained the model over 250 epochs. During training, we maintained a batch size of 4

and set the initial learning rate to 0.001, ensuring stable and e!ective convergence of the

model. The parameters for each network model were chosen according to the highest

validation dice score.

5.3.5 Results and Discussion

The ISLES 2018 dataset consists of a training dataset with annotated stroke lesions and a

test set without any provided stroke annotation masks. Hence, in this study, we designed

the experiments in two ways. First, we generated temporary training and validation sets

from the o”cial ISLES 2018 training dataset, which includes known annotations for stroke

lesion regions. The model development and hyperparameter tuning were conducted at

this stage. To achieve the optimized CNN design for segmenting stroke lesion regions, we

performed a series of experiments with various architectural ablations and combinations.

Given that the primary components of the proposed model are the integration of

supervised GAN-based training, dual-task learning, and dual-input 3D CBAM attention,

Table 5.1: Performance of the proposed Vox2Vox model with various ablations.

Method
Mean
DSC

Mean
Precision

Mean
Recall

Baseline Vox2Vox 0.60 0.57 0.64

Baseline Vox2Vox + 0.69 0.66 0.72
Dual-Task Learning

Baseline Vox2Vox + 0.73 0.71 0.76
CBAM + Dual-Task Learning

Proposed Vox2Vox + 0.78 0.76 0.81
CBAM + Dual-Task Learning
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Table 5.2: Slice-wise segmentation performance of the proposed Vox2Vox model with
various ablations.

Method
Mean
DSC

Mean
Precision

Mean
Recall

Baseline Vox2Vox 0.72 0.73 0.71

Baseline Vox2Vox + 0.75 0.72 0.78
Dual-Task Learning

Baseline Vox2Vox + 0.83 0.84 0.82
CBAM + Dual-Task Learning

Proposed Model (Vox2Vox + 0.89 0.87 0.91
CBAM + Dual-Task Learning)

ablation studies were conducted with di!erent combinations of these components. The

pixel-wise and slice-wise segmentation performance of the top-performing ablation models

is presented in Table 5.1 and 5.2.

The results shown in Table 5.1 represent the average pixel-wise segmentation perfor-

mance across a 5-fold cross-validation while Table 5.2 represents the average slice-wise

segmentation performance. These results substantiate the e!ectiveness of the incorpora-

tion of CBAM and dual-task learning for improving stroke lesion segmentation perfor-

mance. The proposed model, featuring a dual-decoder generator module with residual

convolutional layers, significantly enhances both recall and precision performance.

The qualitative assessment of the segmentation performance is depicted in Figure 5.6.

The results demonstrate that the segmentation output of the proposed model closely

aligns with the ground truth segmentation map.

The proposed model’s quantitative analysis was further validated through a blind

evaluation conducted by the ISLES challenge team, utilizing test data with unknown

ground truth. Models that rank the first few positions in the challenge leaderboard

benefit from both CTP and DWI data, giving them an edge in segmenting lesion regions

with higher performance. For instance, models such as those by Song et al. (Song, 2019),

Liu et al. (Liu, 2019), and Clérigues et al. (Clèrigues et al., 2019) achieve average pixel-
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(a) (b) (c) (d)

Figure 5.6: Qualitative analysis of the proposed model: (a) CBF, (b) CBV, (c) Ground
truth, and (d) Predicted stroke lesion region using the proposed Vox2Vox
model.

wise segmentation performances with Mean Dice similarity scores of 0.51, 0.49, and 0.49,

respectively. However, their models use both CTP and DWI data for training, and hence,

these models were excluded from direct comparison with models that rely solely on CTP

data.

The pixel-wise segmentation performance of the proposed model is compared with

92



Table 5.3: Segmentation performance of the proposed model compared to best models
reported in ISLES 2018 challenge leaderboard. The models marked with †

denote 2D models developed with CTP scans, while those marked with #

are the 3D segmentation models with CTP scans (without DWI data).

Method
Mean
DSC

Mean
Precision

Mean
Recall

Mean
Absolute
VD

Chen et al. (Chen et al.,
2018d) †

0.48 0.59 0.46 10.59

Ghnemat et al.
(Ghnemat et al., 2023) †

0.42 0.48 0.43 11.49

Abulnaga et al.
(Abulnaga and Rubin,

2019) †

0.44 0.49 0.53 10.18

Tursynova et al.
(Tursynova and Omarov,

2021) #

0.35 0.41 0.38 13.61

Tureckova et al.
(Tureckova and

Rodŕıguez-Sánchez, 2019)
#

0.37 0.44 0.44 24.95

Proposed Method # 0.48 0.56 0.48 11.02

state-of-the-art 2D and 3D models listed in the challenge’s o”cial leaderboard that uses

only CTP scans and is given in Table 5.3. In the 2D context, there are approximately

500 samples for training, whereas developing a 3D model only has around 60 samples

(converting slices to 3D slices of depth 8), which is normally insu”cient for a robust 3D

deep learning model. However, we addressed this issue by designing the 3D model to

work e!ectively with such a small dataset. As a result, our model outperforms all other

3D models reported for stroke segmentation, solely utilizing CT perfusion maps without

additional inputs like DWI data. We achieve competitive performance compared to state-

of-the-art 2D methods and are superior to existing 3D CNN models, demonstrating the

e”cacy of our 3D Attention-Vox2Vox model.
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5.4 Summary

This chapter explores the impact of a 3D CNN model on e!ectively segmenting com-

plex medical tasks, such as ischemic stroke lesion segmentation from CT perfusion maps.

The proposed model, a 3D Attention-Vox2Vox, leverages the advantages of supervised

GAN for e”ciently segmenting the lesion region. The segmentation framework incorpo-

rates several design considerations to enhance performance on small datasets. Key design

contributions include generating 3D samples of shallow depth to extract inter-slice infor-

mation without significant computational and GPU memory requirements, incorporating

residual connections for faster multi-scale feature extraction, employing dual-decoder

networks to learn from ground truth and distance maps simultaneously, integrating 3D

Attention modules for maintaining consistency in the decoder pair, etc.

The proposed model demonstrated competitive performance compared to state-of-

the-art 2D models incorporating additional data inputs such as DWI scans during de-

velopment. Notably, our model currently ranks first among reported ischemic stroke

lesion segmentation models using 3D CNNs and third among all segmentation models.

Future experiments are planned to enhance segmentation performance by introducing a

cascaded learning system capable of localizing and subsequently segmenting lesions with

precise boundary information. Another area of future work involves integrating recent

deep learning approaches, such as transformer modules, to achieve this in a 3D context.
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CHAPTER 6

CONCLUSIONS AND FUTURE WORK

6.1 Summary of Contributions

This thesis has addressed critical gaps in the field of computer-aided medical image

segmentation, particularly focusing on the challenges associated with conventional CNN-

based approaches and the opportunities that arise with 3D deep learning techniques.

The overarching goal of this research was to enhance the precision and e”ciency of med-

ical image segmentation, thereby enhancing clinical diagnostics and treatment planning

processes.

A significant contribution of this thesis is the development of an e”cient deep 3D

CNN segmentation model that successfully harnesses the potential of 3D imaging data

without the extensive computational demands typically associated with such models. By

introducing a shallow sliced stacking approach and incorporating residual connections,

the model achieves high segmentation accuracy while maintaining computational e”-

ciency and reduced model complexity. Further, this work presented an advanced 3D

deep learning model employing a multi-view dual encoder-decoder architecture. This

model leverages multi-modality data and incorporates architectural enhancements such

as end-to-end cascaded modules and 3D Attention modules, improving the detection of

focal cortical dysplasia (FCD) lesions in neuro-radiology.

Additionally, the application of Generative Adversarial Networks (GANs) in the

Vox2Vox CNN network represents a pioneering approach to segmenting acute stroke

lesion cores in computed tomography perfusion (CTP) scans. This model highlights

the potential of supervised GAN to refine the quality of segmentation outputs, further

extending the capabilities of 3D deep learning in medical imaging.



6.2 Implications for Clinical Practice

The methodologies developed and validated in this thesis hold substantial implications

for clinical practice with suitable refinement and clinical trials. By improving the accu-

racy and e”ciency of 3D medical image segmentation, these models can assist medical

professionals in making more informed decisions quicker. This is particularly crucial in

emergency medical situations, such as stroke, where time is critical.

6.3 Directions for Future Research

While this thesis has made significant strides in the application of 3D deep learning for

medical image segmentation, several things remain open for future research:

Scalability and Generalization: Replicating the proposed models on a di!erent

dataset while maintaining the same architectural design poses several challenges due to

variations in scan types and data quality between datasets. Hence, further research is

needed to test the scalability of the proposed models across larger and more diverse

datasets, which would help in assessing the generalizability of the models across di!erent

medical settings and populations.

Integration with Clinical Workflows: Future work could focus on the integration

of these advanced segmentation tools into clinical workflows, including real-time pro-

cessing capabilities and user-friendly interfaces for clinical use. Additionally, extensive

clinical validation with diverse datasets is necessary to substantiate the proposed models

for medical applications.

Expanding Modality Coverage: The performance of the proposed models on

di!erent datasets may vary due to factors such as di!erences in data distribution, noise

levels, or domain-specific features. Additionally, dataset-specific biases during model

training could lead to issues such as overfitting or underfitting when applied to new

data. Hence, Extending the current models to include other imaging modalities and
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pathological conditions could broaden the applicability of 3D deep learning in medical

diagnostics.

Advanced Computational Techniques: Exploring more sophisticated computa-

tional strategies, such as federated learning, could address privacy concerns and data

accessibility issues, facilitating wider adoption of advanced AI models in healthcare.

6.4 Concluding Remarks

In conclusion, this thesis not only advances the field of medical image segmentation

through innovative 3D deep learning approaches but also sets the stage for future re-

search that could further revolutionize the capabilities of computer-aided diagnosis. The

integration of these advanced technologies into clinical practice promises to enhance the

diagnostic process, o!ering a significant impact on patient care and treatment e”cacy.
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