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Abstract

Medical image analysis has become indispensable for accurate diagnosis and treatment

planning. However, despite advances in deep learning, several critical challenges persist,

ranging from more efficient models to the integration of multiple tasks within a unified

framework. This thesis addresses these challenges by proposing innovative deep learn-

ing architectures that enhance medical image classification, segmentation, and multitask

learning. At the heart of this research is the goal of developing models that deliver

high performance and tackle the nuanced complexities of medical data. Existing clas-

sification models often overlook valuable information hidden in the spectral domain of

images. I address this by integrating spatial and spectral features, demonstrating their

complementary power to detect diseases such as COVID-19 from chest radiographs. This

approach facilitates a more holistic understanding of medical images, improving the ac-

curacy and reliability of diagnostic systems. To further enhance image classification, I

explore hybrid architectures that combine convolutional and transformer-based models.

These models leverage the strengths of both architectures, capturing fine-grained visual

details and long-range dependencies. This significantly improves various medical imaging

datasets, offering deeper interpretability and superior classification accuracy, particularly

in complex diagnostic scenarios. Moving beyond classification, I tackle the fundamen-

tal challenge of segmenting complex and irregular regions within medical images, where

traditional deep learning models often struggle. To overcome this, I introduce a novel

segmentation framework that combines the power of deep neural networks with trainable

morphological operations. This leads to a more precise delineation of regions of inter-

est, even in challenging clinical scenarios, setting a new benchmark for medical image

segmentation. One of the most pressing issues in medical imaging is the inefficiency

of current multitask learning models, which often require vast computational resources

and struggle to generalize across different tasks. I present a lightweight multitask learn-

ing framework that excels at both segmentation and classification, particularly in breast

tumor analysis. Using novel morphological attention mechanisms and the sharing of task-

specific knowledge, proposed model significantly reduces computational complexity while

improving performance. Importantly, this framework demonstrates versatility across var-



ious medical imaging domains, from gland segmentation and malignancy detection in

histology images to skin lesion analysis, demonstrating its robustness and applicability in

real-world settings. Altogether, this thesis offers solutions to some of the most pressing

problems in medical image analysis, providing models that are not only more accurate but

also computationally efficient, making them suitable for deployment in clinical practice.
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Chapter 1

Foundations of Deep Learning in
Medical Imaging: A Prelude

Summary

Medical imaging has become an indispensable tool in modern healthcare, providing detailed

insights that facilitate early diagnosis, treatment planning, and patient monitoring. Deep

learning, particularly in image classification and segmentation, has emerged as a powerful

approach to automate and improve the interpretation of medical images, thus supporting clin-

ical decision-making. This thesis is dedicated to advancing the application of deep learning

techniques in medical image analysis, specifically focusing on disease detection and region of

interest (ROI) segmentation. The work is structured into four contributory chapters, each

addressing a critical aspect of medical image processing. The first two contributory chapters

explore medical image classification, mainly focusing on disease detection. These chapters

develop and evaluate state-of-the-art methods to classify medical images to identify various

diseases accurately. The third chapter focuses on image segmentation, a process that delin-

eates regions of interest within medical images. Accurate segmentation is vital to quantifying

and analyzing anatomical structures and pathological areas, which are critical in treatment

planning and monitoring. The methods proposed in this chapter aim to improve the pre-

cision and reliability of medical image segmentation. The final contributory chapter intro-

duces a multi-task learning framework that combines disease detection and ROI segmentation.

Multi-task learning leverages shared representations and complementary tasks to improve the

model’s overall performance. This chapter demonstrates how integrating these tasks can lead

to more robust and efficient models, providing a comprehensive tool for medical image analy-
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sis. Through these contributions, this thesis aims to push the boundaries of automated medical

image analysis, offering novel solutions to challenges in disease detection, image segmenta-

tion, and integration of these tasks. The results of this work have the potential to significantly

impact clinical practices, leading to better patient care and more informed decision-making.
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1.1 Background and Motivation

1.1.1 Overview of Medical Imaging

Medical imaging is indispensable in modern healthcare and pivotal in disease diagnosis, treat-

ment planning, and patient monitoring. It allows clinicians to visualize the internal structures

and functions of the body non-invasively, facilitating the detection of abnormalities and en-

abling informed medical decisions. Medical imaging techniques enable the identification of

conditions ranging from infections to tumors and cardiovascular diseases. The ability to di-

agnose diseases at an early stage significantly improves patient outcomes, as it allows timely

intervention and treatment. Accurate imaging is essential for designing effective treatment

plans. For example, in cancer care, imaging guides radiation therapy by delineating tumor

boundaries, ensuring that radiation is precisely targeted to the affected area while protecting

healthy tissues. Similarly, in surgery, imaging informs the surgeon about the exact loca-

tion and extent of the pathology, reducing the risk of complications and improving surgical

outcomes. Medical imaging is also vital for monitoring the progression of diseases and the ef-

fectiveness of treatments. For example, repeated imaging allows clinicians to track changes in

the size or shape of a tumor. Thus, medical imaging is a cornerstone of patient care, support-

ing clinicians in making accurate diagnoses, optimizing treatment strategies, and improving

overall patient outcomes.

Medical imaging encompasses diverse techniques, each serving distinct purposes in health-

care. Figure 1.1 shows a few examples of medical images collected through various imaging

techniques. X-ray imaging is one of the most common methods, producing 2D images of the

body’s internal structures, and is often used to detect fractures or lung conditions. Ultra-

sound uses high-frequency sound waves to create real-time images of soft tissues and organs,

which makes it invaluable in obstetrics, cardiology, and abdominal imaging. Dermoscopy is

a specialized technique used in dermatology to examine skin lesions and diagnose conditions

such as melanoma by providing magnified images of the skin’s surface. Histopathology in-

volves the microscopic examination of biopsied tissue samples, allowing a detailed analysis of

cellular structures to diagnose diseases such as cancer. Magnetic Resonance Imaging (MRI)

uses strong magnetic fields and radio waves to generate detailed images of soft tissues, in-

cluding the brain, muscles, and joints. It is beneficial in neurological and musculoskeletal
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(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 1.1: Examples of various medical images — (a) CT scan of lung, (b) chest x-ray,
(c) Brain MRI, (d) Ultrasound images of breast, (e) Dermoscopic image, (f) Fundus image,
(g) histological image of colorectal tissue, and (h) additional histological image of colorectal
tissue.

studies. Mammography is a specialized X-ray technique designed to detect breast cancer

by capturing detailed images of breast tissue. Fundus photography captures images of the

interior surface of the eye, including the retina, optic disc, and blood vessels. It is essential to

diagnose and monitor conditions such as diabetic retinopathy and glaucoma. Each imaging

technique plays a critical role in the early detection, diagnosis, and management of various

medical conditions, contributing to improved patient care across different specialties.

1.1.2 Deep Learning in Medical Image Analysis

Machine learning has transformed medical image analysis by automating and improving tasks

traditionally reliant on expert interpretation. Key tasks include disease identification, tumor

and lesion delineation, tissue segmentation at the microscopic level, disease progression pre-

diction, image registration, etc (Figure 1.2). In traditional approaches, features are manu-

ally extracted from medical images and fed into machine learning algorithms for diagnosis.

Deep learning, however, enables fully automated frameworks, where models learn the rele-

vant features during training, resulting in more accurate disease detection, classification, and

segmentation.

At the forefront of deep learning models are Convolutional Neural Networks (CNNs),

which have revolutionized image processing due to their ability to capture spatial hierarchies
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Segmentation
Medical Image

Analysis
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Normal Benign Malignant
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Figure 1.2: Different application of deep learning algorithms on medical images, with tasks
highlighted in green boxes representing the focus of this thesis.

in images automatically. CNNs are designed to recognize patterns through convolutional

layers that scan an image, identifying essential features like edges, textures, and complex

shapes, such as tumors or lesions, as the layers deepen. This hierarchical learning approach

allows CNNs to effectively handle the intricate details of medical images, learning from pixel-

level information to more abstract features.

Deep learning methods have excelled in identifying abnormalities like tumors and lesions,

often achieving higher accuracy than human experts by capturing pixel values and spatial

context. These models provide consistent, reliable results, reducing the variability seen in

human interpretation. Deep learning has become an indispensable tool in modern medical

imaging, advancing precision medicine and enhancing healthcare quality.

In this thesis, I primarily address the detection of underlying medical conditions in clin-

ical images and delineate regions of interest (ROIs) within these images. Detecting medical

conditions is framed as a classification problem, where each class corresponds to a distinct

medical condition. The goal is to assign a given input image to one of several predefined cate-

gories corresponding to the presence or absence of a specific medical condition. Additionally,

segmentation of ROIs in medical imaging is posed as a pixel-wise classification problem by

treating each pixel in the image as an individual data point that needs to be classified into one

of several classes, such as the ROI (e.g., a tumor, lesion, or organ) or the background. In the

following sections, I provide a detailed definition of the image classification and segmentation
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tasks, specifically in the context of medical image analysis.

1.1.3 The Classification Problem

In medical imaging, a classification problem involves assigning a label or category to an entire

medical image (or a specific region within the image) based on its content. The goal is to

determine the presence or absence of a particular disease or condition.

Let X ∈ RH×W×C represent a medical image, where H and W are the height and width

of the image, respectively, and C is the number of channels (e.g., 3 for RGB images). The

classification problem can be defined as learning a function fθ(X) parameterized by θ, that

maps the input image X to a discrete set of class labels Y = {y1, y2, . . . , yNc}, where Nc is

the number of possible classes (e.g., disease or no disease).

Mathematically, the classification problem is expressed as:

ŷ = fθ(X),

where ŷ ∈ Y is the predicted label for the input image X.

The objective is to learn the parameters θ that minimize a loss function Lclassification(ŷ, y),

where y is the actual label of the image.

1.1.4 The Segmentation Problem

In medical imaging, a segmentation problem involves partitioning an image into meaningful

regions, typically by assigning a label to each pixel in the image. The goal is to identify and

delineate specific anatomical structures or pathological areas (e.g., tumors) within the image.

Let X ∈ RH×W×C again represent a medical image, and let Z ∈ ZH×W represent the

corresponding segmentation mask, where each element Z(i, j) in the mask belongs to a set

of labels Z = {z1, z2, . . . , zNs}, and Ns is the number of classes for segmentation (e.g., ‘back-

ground, tumor, organ).

The segmentation problem can be defined as learning a function gθ(X) parameterized by

θ, that maps the input image X to a segmentation mask Z.
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Figure 1.3: A general framework for deep learning-based classification in medical image
analysis, outlining the stages of data preprocessing, model training using the training dataset,
and final classification. Additionally, the framework illustrates the use of a separate test
dataset for evaluating the performance of the trained model.

Mathematically, the segmentation problem is expressed as:

Ẑ = gθ(Z),

where Ẑ ∈ ZH×W is the predicted segmentation mask for the input image X.

The objective is to learn the parameters θ that minimize a loss function Lsegmentation(Ẑ,Z),

where Z is the true segmentation mask.

1.1.5 Challenges in medical image analysis using deep learning algorithms

Deep learning has revolutionized medical image analysis, offering unprecedented capabilities

in detecting, classifying, and segmenting complex medical images with high accuracy. Its

ability to automatically learn and extract relevant features from vast data has made it a

powerful tool in various clinical applications. However, despite these advancements, signifi-

cant challenges remain that need to be addressed to realize its potential in healthcare fully.

The challenges faced while using deep learning algorithms for medical image classification

and segmentation problems are listed below.

• Data Scarcity: Medical image datasets are typically limited in size due to strin-
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gent ethical regulations and privacy concerns. While classification tasks require image-

level labels, segmentation demands pixel-level annotations, which are significantly more

labor-intensive. Expert clinicians or radiologists must manually annotate each pixel,

which is costly, time-consuming, and prone to human error. This scarcity of labeled data

poses a significant challenge for training both classification and segmentation models,

hindering their ability to accurately identify complex anatomical structures and gener-

alize effectively across diverse medical conditions.

• Class Imbalance: Data imbalance is a common medical image analysis issue for classi-

fication and segmentation tasks. In classification, certain medical conditions or disease

states may be rare, resulting in significantly fewer examples than more common ones.

This imbalance makes models biased toward the majority class, potentially overlooking

critical but infrequent cases. In segmentation, the problem is even more pronounced,

as regions of interest (ROIs), such as tumors or lesions, often occupy only a small por-

tion of the image compared to the background. This pixel-level imbalance makes it

difficult for models to learn fine-grained details of ROIs, leading to poor performance

in identifying smaller or less frequent anatomical structures. Effective handling of this

imbalance is crucial for improving the accuracy and reliability of deep learning models

in medical imaging.

• High Intra-class Variability and Low Inter-class Variability: High intra-class

variability refers to the diverse appearance of the same medical condition across dif-

ferent patients or imaging conditions. This could arise due to variations in anatomy,

image acquisition protocols, or disease progression, making it difficult for models to rec-

ognize a condition within the same class consistently. On the other hand, low inter-class

variability refers to the similarity between different medical conditions, where distinct

diseases or healthy tissue may exhibit overlapping visual characteristics. This makes it

challenging for models to distinguish between classes, potentially leading to misclassifi-

cation. These challenges complicate accurate diagnosis, requiring sophisticated models

to capture subtle differences and generalize across varied patient data. Additionally,

domain shift — such as changes in image contrast or scanner characteristics during

deployment that differ from those seen during training — can exacerbate intra-class
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Benign Malignant

COVID-19 Pneumonia

Seborrheic
Keratosis

MelanomaNevus

Erythroblast LymphocyteBasophil

(a) (b)

(c) (d)

Figure 1.4: Examples of various medical conditions with subtle differences for different modal-
ities including (a) ultrasound images of benign and malignant breast tumors, (b) dermoscopic
images of different types of skin lesions, (c) chest x-ray images of COVID-19 and Pneumonia
affected patients, and (d) various microscopic peripheral blood cell images.

variability and hinder generalization. Addressing such shifts is essential for reliable

real-world performance.

• Computational Resources: Medical image classification and segmentation tasks

pose significant computational demands, which vary between training and deployment

phases. During training, high-resolution medical images, especially with pixel-level an-

notations for segmentation, require substantial memory, processing power, and storage.

This often necessitates advanced GPUs and parallel processing infrastructure, which

may not be accessible to all research or clinical institutions. During deployment, the

challenge shifts to achieving real-time or near-real-time inference with limited hardware

resources—particularly in point-of-care settings or low-resource environments. Balanc-

ing model accuracy with computational efficiency is essential for practical and equitable

deployment of deep learning models in medical imaging.

In addition to the challenges encountered in medical image classification and segmenta-

tion, specific challenges are unique to the task of medical image segmentation.

• Complex Anatomical Structures: Medical image segmentation faces significant

challenges due to the complex anatomical structures in clinical images. These struc-
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Figure 1.5: Visualization of challenges present in medical image segmentation tasks.

tures, such as organs, tissues, or pathological regions like tumors, often exhibit irregular

shapes and sizes, making their boundaries challenging to delineate.

• Variability in ROI Size: The regions of interest in medical images can vary signifi-

cantly in size, ranging from tiny lesions to large lesions (depicted in Figure 1.5), which

adds complexity to the segmentation task.

• Low Contrast and Noise: Medical images frequently suffer from low contrast, making

distinguishing between the target ROI and the background hard. Additionally, noise

or imaging artifacts can further obscure the boundaries.

• Boundary Ambiguity: The delineation of anatomical structures in medical images

is often complicated by blurred or indistinct edges, particularly in the presence of

disease progression or texture-altering conditions. This ambiguity not only challenges

precise segmentation but also contributes to inter-observer variability during manual

annotation.

1.2 Advances in Deep Learning for Medical Image Classifica-

tion and Segmentation: A Comprehensive Survey

1.2.1 Medical image classification

This literature survey aims to explore the evolution of classification techniques, focusing on

deep learning-based approaches.
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1.2.2 Traditional Image Classification Methods

Before the advent of deep learning, traditional image classification relied heavily on feature-

based approaches. These methods typically involved manually crafting features that could

capture the essential characteristics of medical images. Techniques such as texture analysis

(Nailon, 2010), shape analysis (Duncan and Ayache, 2000), and statistical methods (Latif

et al., 2018; Heimann and Meinzer, 2009) were employed to extract features that were then

fed into classical machine learning models like Support Vector Machines (Miranda et al.,

2016; Camlica et al., 2015), k-Nearest Neighbors (Zhuang et al., 2020), and decision trees

(Azar and El-Metwally, 2013).

While these handcrafted features have been effective in specific applications, they are

inherently limited by the need for domain expertise and the difficulty of capturing complex,

high-dimensional relationships within the data. This limitation often leads to models specific

to particular tasks or datasets, lacking generalization. Once features are extracted from

medical images, machine learning algorithms are employed to classify the images based on

these features. Each of these algorithms has its strengths and weaknesses, and the quality

of the extracted features heavily influences their performance in medical image classification

tasks. For instance, SVMs are known for their robustness in high-dimensional spaces, making

them well-suited for medical imaging, where the number of features can be large. However,

they require careful tuning of parameters such as the kernel function and regularization term.

1.2.3 Deep Learning Based Image Classification Methods

Convolutional Neural Networks (CNNs) have become a cornerstone in computer vision, ow-

ing to their ability to automatically and adaptively learn spatial hierarchies of features from

input images. Introduced in the late 1980s and popularized in the 2010s, CNNs have revo-

lutionized various image-related tasks, including image classification, object detection, and

segmentation.

1.2.3.1 Fundamental Components of CNN

The architecture of CNNs typically includes convolutional layers, pooling layers, nonlinear

activation layers, and fully connected layers. The convolutional layers apply filters to the in-
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put image to create feature maps through convolution operations that can be mathematically

expressed as follows.

I′(x, y) =
kX

i=−k

kX

j=−k

I(x− i, y − j) ·K(i, j), (1.1)

where, I(x, y) represents the input image at pixel position (x, y), while I′(x, y) is the out-

put feature map obtained after applying the convolution at the same position (x, y). The

kernel K(i, j) is a convolutional filter with dimensions (2k + 1) × (2k + 1), where odd di-

mensions are commonly used in practice to ensure a well-defined central pixel and symmetric

receptive field. While filters with even dimensions (e.g., 2 × 2) can also be employed, they

lack a central element, which may introduce asymmetry in the convolution operation. Hence,

odd-sized kernels are the standard choice in most convolutional neural network designs. The

variables i and j represent the relative indices of the kernel, centered at position (x, y), where

k is the half-size of the kernel. This equation represents a sliding window operation, where

the kernel K is applied to the neighborhood of each pixel in the input image I, and the

weighted sum of these pixels forms the output at each position. When applied to images,

convolutional operations enable the detection of patterns by emphasizing specific local fea-

tures while reducing noise or irrelevant information. This is particularly beneficial in object

recognition, image segmentation, and classification, where objects’ spatial relationships and

structure need to be preserved and efficiently learned.

In Convolutional Neural Networks, pooling layers are used to downsample the feature

maps produced by convolutional layers. The core idea behind pooling is to reduce the spatial

resolution of the feature maps while preserving the depth information. This dimension re-

duction decreases the number of parameters and computation required, making the network

more efficient and less prone to overfitting. Mathematically, for a given pooling window of

size k × k, the output value at position (i, j) is computed as,

Yi,j = fp ({Xm,n | (m,n) ∈ Wi,j}) (1.2)
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where,

fp(·) =





max(·) for max pooling

min(·) for min pooling

1
|Wi,j |

P
(·) for average pooling.

(1.3)

In equation 1.2, Xm,n represents the values within the pooling window Wi,j of size k × k

centered at position (i, j), defining the neighborhood from which the values are pooled, and

|Wi,j | represents the number of elements in the pooling window, typically k2. This approach

helps retain the most prominent features of the input while discarding less important details,

which contributes to a reduction in the computational load and helps control overfitting.

Pooling also introduces translation invariance, making the model more robust to small shifts

and distortions in the input data.

After each convolution operation, an activation function is applied to the resulting feature

maps to enable the network to learn complex patterns and relationships in the data. Without

nonlinear activation functions, CNNs would be limited to learning only linear transformations,

significantly reducing their expressiveness and capability. ReLU is the most commonly used

activation function in CNNs, given by the following equation.

ReLU(x) = max(0, x) (1.4)

It sets all negative values in the feature map to zero, allowing the model to focus on posi-

tive activations. ReLU is computationally efficient and helps mitigate the vanishing gradient

problem—an issue in deep networks where gradients become exceedingly small as they are

backpropagated through layers, especially when using activation functions like sigmoid or

tanh. This leads to minimal weight updates in early layers, hindering learning. By maintain-

ing positive gradients for positive activations, ReLU alleviates this issue and enables effective

training of deeper networks (Bengio et al., 1994).

In convolutional neural networks (CNNs), the sigmoid and softmax activation functions

are primarily used in the final layer of CNNs for binary and multi-class classification. The

sigmoid function maps input to values between 0 and 1, making it ideal for probabilistic

outputs. It is defined as Sigmoid(x) = 1
1+e−x , but can suffer from vanishing gradients in deep

13



1. Foundations of Deep Learning in Medical Imaging: A Prelude

networks. The softmax activation function converts logits into a probability distribution

across classes, ensuring the sum of the output to 1. It is defined as Softmax(xi) = exiPn
j=1 e

xj ,

where xi represents the logit for class i, and n is the total number of classes.

The fully connected (FC) layers in CNNs is typically placed near the network’s end and

integrates the high-level features extracted by earlier convolutional and pooling layers. Each

neuron in the FC layer is densely connected to every neuron in the previous layer, enabling it

to learn complex relationships between features. This layer is crucial for transforming feature

maps into the final output, such as class scores in classification tasks.

The output of a neuron in a fully connected layer is given by

yi = σ




nX

j=1

Wijxj + bi


 , (1.5)

where yi represents the neuron’s output, σ(·) denotes the activation function applied (such

as ReLU or Softmax), Wij is the weight connecting the j-th input to the i-th neuron, xj is

the j-th input, bi is the bias term for the i-th neuron, and n is the number of inputs. This

equation illustrates how the neuron’s output is computed by summing the weighted inputs,

adding a bias, and applying an activation function to introduce non-linearity.

1.2.3.2 Evolution of CNNs in medical image classification tasks:

Early Developments in CNNs: The evolution of CNNs in medical image classification

tasks has transformed the field of medical image analysis, enabling automated and accurate

diagnosis. Initially, traditional machine learning techniques required handcrafted features,

but the emergence of CNNs revolutionized this approach by automatically learning spatial

hierarchies of features from raw images. In the early stages of applying CNNs to medical

image classification, several architectures like LeNet, AlexNet achieved remarkable success in

various tasks, including tumor detection (Rouhi et al., 2015; Pan et al., 2015), anatomical

organ detection (Cho et al., 2015), and disease classification (Li et al., 2014; Ciompi et al.,

2015), development of different computer-aided diagnostic systems (Roth et al., 2015).

Deeper and More Complex CNN Architectures: Deeper and more complex CNN

architectures, such as VGGNet and ResNet, significantly advanced medical image classifica-
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tion by enabling deeper feature extraction. VGGNet employed many convolutional layers to

capture fine details, effectively detecting tumors (Majib et al., 2021) and diseases (Kaur and

Gandhi, 2019). However, its depth also increased computational requirements. ResNet intro-

duced residual connections to solve the vanishing gradient problem, allowing networks to be

much deeper without performance degradation. This innovation improved tasks like cancer

detection (Sarwinda et al., 2021; Jiang et al., 2019). Later architectures like DenseNet and

Inception Networks further enhanced efficiency by promoting feature reuse and multi-scale

processing, which proved helpful in tasks requiring both global and local feature recognition

in medical imaging (Huang et al., 2020; Gaur et al., 2023). These advancements have enabled

CNNs to achieve high accuracy in complex medical tasks but still face computational costs

and data availability challenges.

Multi-Scale Learning with CNNs: Initially, traditional CNN architectures focused on

fixed-size receptive fields, which were adequate for learning local patterns but struggled with

multi-scale variations common in medical images, such as tumors of varying sizes or anomalies

scattered across different regions. The evolution of deep learning introduced multi-scale

learning as an enhancement in CNNs to overcome this challenge. By incorporating multiple

levels of feature extraction—through techniques like dilated convolutions, multi-resolution

filters, and image pyramids—multi-scale CNNs allowed for better detection of both small-

scale and large-scale patterns. This capability significantly improved the performance of

CNNs in complex medical imaging tasks, such as lung nodule detection Shen et al. (2015),

brain tumor detection (Rajasree et al., 2021), macular optical coherence tomography (Rasti

et al., 2017), classification of mammograms (Xie et al., 2020a) and so on.

CNN Ensemble Techniques: Due to the complexity and variability in medical imaging

data, such as different imaging modalities, patient demographics, and noise, a single CNN

model often struggled with generalization. Ensemble learning emerged as a solution to ad-

dress these limitations by combining multiple CNNs to form a more robust and accurate

model. By leveraging the diversity of various models, each trained with different architec-

tures, hyperparameters, or data subsets, ensemble methods improved the ability to capture

a broader range of features and reduced the risk of overfitting. In medical image classifica-

tion tasks like disease detection and anomaly identification, ensemble CNNs demonstrated

improved performance by integrating the strengths of individual models. For example, de-
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tection of breast cancer (Yang et al., 2019), classification of lung nodules and diagnosis of

retinal disease (Fu et al., 2018) and multiple other related tasks (Kumar et al., 2016; Zhang

et al., 2019b) benefited from the aggregation of predictions, resulting in higher accuracy and

robustness.

Transfer Learning in Medical Image Classification: Deep CNNs (VGG, ResNet,

Inception, etc) often lack generalizability in medical image classification tasks due to the

limited availability of annotated medical data. Unlike general image datasets like ImageNet,

medical datasets are typically smaller and less diverse, leading to overfitting and reduced

performance on unseen data. Transfer learning emerged as a solution to these challenges, al-

lowing models pre-trained on large-scale datasets to be fine-tuned for specific medical tasks.

This approach leverages features learned from non-medical images and applies them to med-

ical domains, significantly improving performance even with limited training data. Transfer

learning not only improves model generalization but also accelerates the training process by

starting from a robust pre-trained model, which would otherwise require vast amounts of

labeled medical data. In various medical imaging classification tasks, transfer learning has

proven instrumental in improving feature extraction and classification accuracy (Li et al.,

2017; Abbas et al., 2020; Kim et al., 2022; Kora et al., 2022).

1.2.3.3 Introduction of Transformer and Hybrid Architectures:

Transformer-based architectures (Vaswani et al., 2017) have emerged as powerful alternatives

to traditional CNNs in medical image classification, primarily due to their ability to model

global spatial relationships and handle long-range dependencies. Unlike CNNs, which rely

on local receptive fields and convolutional operations to capture features, transformers use

self-attention mechanisms to process input data holistically, allowing for more comprehensive

feature extraction and the ability to relate distant regions in an image.

Vision Transformers (ViTs): Vision Transformers (Dosovitskiy et al., 2020), initially

designed for natural image classification, has been adapted for medical image analysis with

promising results. In ViTs, an image is split into fixed-size patches, and each patch is treated

as a token, similar to how words are handled in natural language processing. These patches

are then passed through multiple layers of self-attention, allowing the model to capture both

local and global relationships across the entire image. This capability is beneficial in medical
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imaging tasks, where subtle and spatially distant patterns, such as lesions or tumors, might

need to be detected. The ViT architecture has shown competitive performance in skin lesion

classification, breast cancer detection, and lung disease identification (Manzari et al., 2023;

Almalik et al., 2022; Ma et al., 2022). Its strength lies in its ability to model the entire

image’s context, making it more effective in scenarios where spatial dependencies are crucial

for accurate diagnosis.

Hybrid CNN-Transformer architectures: To combine the strengths of both CNNs

and transformers, hybrid architectures have been developed, integrating the local feature ex-

traction capabilities of CNNs with the global attention mechanisms of transformers. In these

architectures, CNN layers are typically used at the initial stages to capture fine-grained local

features, while transformer layers handle the broader spatial context. This synergy between

CNNs and transformers is particularly effective in complex medical imaging tasks, such as

multi-scale tumor detection, where both local details and global structures are important

(Wu et al., 2023b; Dalmaz et al., 2022; Yuan et al., 2023).

Despite their potential, transformer-based models face challenges, particularly the need for

large datasets to train self-attention mechanisms effectively. Transformers typically require

more data and computational resources than CNNs, making them harder to implement in

scenarios with limited labeled medical data. However, the use of transfer learning, where

transformers are pre-trained on large-scale datasets and fine-tuned for specific medical tasks,

has mitigated some of these challenges. In future, advancements in model efficiency and more

sophisticated hybrid architectures are expected to further drive the adoption of transformers

in medical image classification, opening up new possibilities for improved diagnostic accuracy.

1.2.4 Medical image segmentation

The evolution of deep learning in medical image segmentation has been marked by significant

advancements in both algorithmic techniques and their application across various medical

imaging modalities. A detailed examination of the pivotal developments and achievements

in this field is presented below.

Early Methods and Pre-Deep Learning Era: Before the advent of deep learning,

medical image segmentation was primarily accomplished using traditional methods such as

thresholding, region-growing, edge detection, and manual segmentation. These methods were
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often limited by their dependence on handcrafted features and were generally specific to

particular tasks or imaging modalities. The performance of these traditional methods was

usually suboptimal, especially in complex medical images with varying intensity distributions

and noise.

Emergence of Convolutional Neural Networks (CNNs): The breakthrough for

deep learning in medical image segmentation began with the application of Convolutional

Neural Networks (CNNs), which were initially successful in image classification tasks. The

introduction of CNNs, such as AlexNet, VGGNet, and ResNet, revolutionized image analysis

by automating feature extraction and enabling end-to-end learning. This success quickly

translated into segmentation tasks, where CNNs were adapted to create pixel-wise predictions,

a fundamental requirement in segmentation.

A significant breakthrough in medical image segmentation came with the introduction

of Fully Convolutional Networks (FCNs) by Long et al. in 2015 (Long et al., 2015). FCNs

replaced fully connected layers with convolutional layers, allowing the network to produce

spatially dense output maps suitable for segmentation. The original FCN architecture was

adapted for medical imaging, enabling end-to-end training and pixel-level classification. The

key innovation was using upsampling layers (deconvolutions) to transform low-resolution

feature maps back to the original image size, facilitating precise segmentation.

The introduction of U-Net in 2015 Ronneberger et al. (2015) marked a significant ad-

vancement in medical image segmentation. U-Net introduced a symmetric encoder-decoder

architecture with skip connections that link corresponding layers in the encoder and decoder.

The encoder or contracting path captures contextual features through a series of convolu-

tional layers followed by ReLU activations and max-pooling, progressively reducing spatial

dimensions while extracting higher-level features. The most abstracted features are pro-

cessed at the network’s bottleneck without further downsampling. The decoder or expanding

path mirrors the encoder, using transposed convolutions for upsampling and concatenating

corresponding layers from the encoder via skip connections. These skip connections let the

network retain fine-grained spatial information lost during downsampling, leading to more

accurate segmentation. The final output layer typically consists of a 1×1 convolution, which

is used to map the high-level feature maps to the desired number of output classes. This 1×1

convolution performs a per-pixel classification, assigning each pixel a probability of belonging
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Figure 1.6: An illustration of the U-Net architecture, showcasing its encoder-decoder frame-
work for medical image segmentation

to a particular class. The 1 × 1 kernel allows the model to preserve spatial resolution while

reducing the depth of the feature maps to match the number of output classes. This design

ensures that the output is a segmentation map where each pixel is classified independently.

While the 1 × 1 convolution is the standard approach, some U-Net variants may experiment

with different configurations, such as using a larger kernel or additional processing layers

like dilated convolutions or post-processing refinements, to incorporate broader context or to

refine the segmentation output. U-Net’s key innovations include its skip connections, which

integrate low-level and high-level features, and its efficiency with small datasets, making it

ideal for medical imaging.

Following the success of U-Net, several architectures have built upon its encoder-decoder

framework by incorporating more sophisticated designs and strategies to enhance perfor-

mance. V-Net (Milletari et al., 2016) extended U-Net for 3D medical image segmentation,

particularly for volumetric data like MRI and CT scans. Using 3D convolutions, V-Net cap-

tured spatial dependencies across three dimensions, making it suitable for segmenting organs

and other 3D structures. SegNet (Badrinarayanan et al., 2017) introduced a max-pooling

indices-based upsampling approach, focusing on computational efficiency while maintain-

ing segmentation accuracy, making it ideal for resource-constrained applications. In 2017,

19



1. Foundations of Deep Learning in Medical Imaging: A Prelude

DenseNet’s (Huang et al., 2017) dense connectivity concept was adapted into a segmentation

architecture, which improved gradient flow and feature reuse. Recognizing the importance

of multi-scale learning, architectures like MultiRes U-Net (Ibtehaz and Rahman, 2020) inte-

grated multi-scale feature extraction and residual connections to handle the segmentation of

varied structures like blood vessels and tumors. The DeepLab series (Chen et al., 2017a,b,

2018a) introduced atrous convolutions and spatial pyramid pooling to better capture multi-

scale context, with DeepLabv3+ (Chen et al., 2018a) becoming a popular choice in medical

image segmentation due to its ability to handle fine details while considering global context.

Recently, attention mechanisms have been increasingly integrated into segmentation net-

works to improve the model’s ability to focus on relevant areas of the image. These mecha-

nisms enable the model to give more weight to important regions, thereby improving segmen-

tation accuracy, especially in complex or cluttered images. Attention U-Net (Oktay, 2018) is

a prominent example where attention gates were incorporated into the U-Net architecture,

leading to improved performance in medical image segmentation tasks. Table 1.2.4 lists the

key modifications to the U-Net architecture to improve segmentation performance in medical

imaging tasks. These enhancements incorporate advanced techniques like multi-scale learn-

ing, residual connections, and hybrid architectures to achieve better accuracy and efficiency

across various datasets.

Table 1.1: A list of recent deep learning-based architectures developed for various medical
image segmentation tasks, highlighting modifications and enhancements made to the baseline
U-Net model to improve performance in handling complex medical images

Architecture Remarks Applied Field

MALUNet

(Ruan et al.,

2022)

Integrating four lightweight modules –DGA, IEA, CAB, and

SAB that optimize global and local feature extraction, channel

attention, spatial attention mechanisms, and computational

efficiency.

Skin Lesion Segmentation

MSS-UNet

(Zhu et al.,

2024)

Integrating double-spatial-shift MLP module and multi-

spatial-shift external attention module into a convolution-

based encoder-decoder architecture

Skin Lesion Segmentation.

MHorUNet

(Wu et al.,

2024)

Combining higher-order spatial interactions with recursive

gate convolution and multi-stage dimensional fusion in skip

connections.

Skin Lesion Segmentation
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PDF-UNet

(Iqbal and

Sharif, 2023)

Combining a Data Expansion Network (DEN), Probability

Map Generator (PMG), and a modified PDF-UNet, result-

ing in significant DSC gains in semi-supervised approach over

traditional UNet models.

Breast Lesions Segmentation

in Ultrasound Images

Sharp at-

tention

UNet(Khaledyan

et al., 2023)

Introducing a depthwise convolution with a sharpening filter

in the skip connections, resulting in more apparent feature

maps without adding extra parameters.

Breast Lesions Segmentation

in Ultrasound Images

AAU-Net

(Chen et al.,

2022a)

Integrated hybrid adaptive attention module consists of a

channel self-attention block and a spatial self-attention block

to capture more features under different receptive fields.

Breast Lesions Segmentation

in Ultrasound Images

HAU-Net

(Zhang et al.,

2024)

Hybrid CNN-transformer framework from both the long-range

dependency of transformers and the local detail representation

of CNNs.

Breast Lesions Segmentation

in Ultrasound Images

NU-net (Chen

et al., 2023)

A nested U-Net with varying depths, multi-output layers, and

short connections to better capture tumor features and long-

range correlations.

Breast Lesions Segmentation

in Ultrasound Images

SMU-Net

(Ning et al.,

2021)

integrating a style-matching mechanism into UNet that trans-

fers informative features from full-modality MRI to missing-

modality MRI.

Breast Lesions Segmentation

in Ultrasound Images

MDF-Net Qi

et al. (2023)

a Two-stage network using multi-scale feature selection and

refinement, deep supervision at all scales, and optimized fusion

to handle noise and variability.

Breast Lesions Segmentation

in Ultrasound Images

CR-Unet (Li

et al., 2019)

Integrating a spatial RNN to capture multi-scale and long-

range contexts, coupled with deep and self-supervision strate-

gies.

Ovary and Follicle Segmenta-

tion in Ultrasound Images

MA-Unet (Cai

and Wang,

2022)

Incorporating attention gates (AGs) to align features across

skip connections, model remote dependencies, and integrate

multi-scale global context, achieving better performance with

fewer parameters.

esophageal and esophageal

cancer segmentation, lung

structure segmentation

SA-UNet (Guo

et al., 2021)

Integrating a spatial attention module for adaptive feature

refinement and using structured dropout convolutional blocks

to prevent overfitting, achieving state-of-the-art performance

with fewer annotated samples.

Retinal Vessel Segmentation

RIC-Unet

(Zeng et al.,

2019)

Integrating residual blocks, multi-scale, and channel attention

mechanisms into a U-Net architecture, achieving higher accu-

racy than traditional methods and other CNN approaches.

Nuclei Segmentation in Histol-

ogy Images

TransUNet

(Chen et al.,

2021)

Integration of a Transformer-based encoder with a U-Net-style

decoder, combining global context modeling with precise spa-

tial localization for enhanced medical image segmentation.

cardiac image segmentation

and multiple abdominal organ

segmentation

BioNet (Zhang

et al., 2019a)

Introduction of bi-directional skip connections that recur-

rently reuse existing building blocks, enhancing U-Net’s per-

formance across various tasks without adding extra parame-

ters or increasing model complexity.

MonuSeg and TNBC

RA-UNet (Zhu

et al., 2022)

Integration of 3D hybrid residual attention modules into a U-

Net architecture, allowing for adaptive attention-aware feature

extraction in deep networks.

liver and tumor in CT scans
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Swin-Unet

(Cao et al.,

2022)

Integration of Transformer-based U-shaped Encoder-Decoder,

using Swin Transformers with shifted windows to capture local

and global features, and a patch expanding layer for effective

up-sampling, enhancing segmentation performance.

cardiac image segmentation

and multiple abdominal organ

segmentation

LeVIT-UNET

(Graham et al.,

2021)

Incorporate LeViT Transformer module into the U-Net archi-

tecture, resulting in better trades off the accuracy and effi-

ciency of the Transformer block.

cardiac image segmentation

and multiple abdominal organ

segmentation

MedT (Vala-

narasu et al.,

2021)

Gated axial-attention model with a control mechanism in

the self-attention module, along with a Local-Global (LoGo)

training strategy, enhancing the model’s ability to capture

both global and local features.

brain ventricles, gland and tis-

sue segmentation

MISSFormer

(Huang et al.,

2021)

Hierarchical encoder-decoder design featuring an enhanced

transformer Block to improve both long-range dependencies

and local context, and an Enhanced Transformer Context

Bridge to effectively fuse multi-scale features.

Cardiac image segmentation

and multiple abdominal organ

segmentation

UCTransNet

(Wang et al.,

2022)

Replaced U-Net’s traditional skip connections with the

CTrans module, which includes Channel Cross fusion with

Transformer and Channel-wise Cross-Attention sub-modules,

enhancing multi-scale context modeling and resolving seman-

tic gaps.

Gland, tissue, and multiple ab-

dominal organ segmentation

Attention-

UNet (Oktay,

2018)

Integration of attention gates into UNet, enabling automatic

focus on target structures without external localization mod-

ules.

CT abdominal datasets for

multi-class image segmenta-

tion

DCA (Ates

et al., 2023)

Improved skip-connections through sequential channel and

spatial cross-attention, addressing semantic gaps.

Multiple datasets (MonuSeg,

Synapse, GlaS, CVC-

ClinicDB, Kvasir-SEG)

MultiRes-UNet

(Ibtehaz and

Rahman, 2020)

Enhances U-Net by integrating multi-scale convolutions and

factorizing larger operations into efficient blocks, reducing

memory demands while improving feature extraction and seg-

mentation accuracy.

Multiple datasets (MonuSeg,

Synapse, GlaS, CVC-

ClinicDB, Kvasir-SEG)

1.2.5 Multi-task learning in medical image analysis

In medical imaging, classification is typically used to diagnose or grade diseases, while seg-

mentation helps delineate pathological regions or anatomical structures. These tasks are in-

herently related, as segmentation can provide spatial information that aids in classification,

and classification can guide the model to focus on disease-relevant areas for segmentation.

MTL leverages this interdependence by sharing representations across tasks, leading to more

informative feature extraction and improved overall performance. It also enhances efficiency

by simultaneously learning both tasks in a single model, reducing computational costs. In

medical applications, where labeled data is often limited, MTL offers a significant advantage
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by utilizing the shared knowledge between tasks to improve generalization. Despite chal-

lenges such as task imbalance and data heterogeneity, MTL has demonstrated its potential

to provide more accurate, robust, and interpretable models for critical applications in medical

image analysis, such as disease diagnosis and detection of regions of interest. In the following

section, I explore the advancements and applications of MTL in medical image classification

and segmentation, focusing on how these two tasks can benefit from shared learning.

Table 1.2: Overview of multi-task learning approaches in deep learning for medical imaging,
highlighting architectures designed to simultaneously handle tasks like segmentation and
classification, leveraging shared representations for enhanced performance across multiple
tasks.

Architecture Remarks Applied Field

Multi-Task

Learning

Framework

(Chen et al.,

2018b)

Introducing a Feature Passing Module and Gated function

to have controlled communication between the tasks by se-

lectively transferring features between the classification and

segmentation branches.

skin lesion segmentation and

classification tasks

Multi-Task

Learning

Framework

(Song et al.,

2020)

Comprises a feature pyramid network (FPN), a region pro-

posal network (RPN), and three separate convolutional sub-

nets, each dedicated to classification, detection, and segmen-

tation tasks.

skin lesion detection, segmen-

tation and classification tasks

SAH-MTL

(Zhang et al.,

2021a)

uses soft and hard attention mechanisms and attention-gated

units to focus on lesion regions, improving both tasks.

Breast tumor segmentation

and classification

Multi-Task

Learning

Framework

(Zhou et al.,

2021)

Features an encoder-decoder for segmentation, a lightweight

multi-scale network for classification, and an iterative training

strategy that refines feature maps.

Breast tumor segmentation

and classification in automated

breast ultrasound (ABUS) im-

ages

Multi-Task

Learning

Framework

(Gao et al.,

2020)

Employs feature transfer to leverage combined features from

different tasks early in training, enhancing generalizability.

Breast tumor segmentation

and classification

MTL-COSA

(Xu et al.,

2022)

Features a regional attention (RA) module that uses predicted

probability maps to guide the classifier in learning important

features from tumor, peritumoral, and background regions,

improving overall performance.

Breast tumor segmentation

and classification

MTU (Dabass

et al., 2022)

Hybrid Convolutional Learning Units for advanced feature ex-

traction and Attention Learning Units for enhanced feature

focus.

Histopathology gland segmen-

tation and cancer detection
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Cerberus (Gra-

ham et al.,

2023)

Features a novel sampling mechanism that integrates data

from multiple sources and leverages task correlations for more

accurate results.

identification of various tissue

regions

Multi-Task

Neural Net-

work (Xue

et al., 2019)

multi-task neural network combines deep learning and ra-

diomic features to perform glioma subtyping and multi-region

segmentation simultaneously.

Glioma Segmentation and IDH

Genotyping

Multi-Task

Learning

Framework

(Cheng et al.,

2022)

Hybrid CNN-Transformer encoder addresses task correlation

and heterogeneity by extracting shared spatial and global fea-

tures.

Glioma Segmentation and IDH

Genotyping

Multi-Task

Learning

Framework

(Foo et al.,

2020)

To address the lack of ground-truth lesion segmentation

masks, a semi-supervised learning process is introduced to

generate segmentation masks across datasets

DR grading and lesion segmen-

tation

Multi-Task

Learning

Framework

(Wang et al.,

2021b)

The model integrates image super-resolution (ISR), lesion seg-

mentation, and DR grading tasks. It employs a task-aware loss

function to guide ISR towards pathological regions, improving

subsequent lesion segmentation and DR grading

DR grading and lesion segmen-

tation

DSI-Net (Zhu

et al., 2021)

DSI-Net includes the Lesion Location Mining (LLM) mod-

ule for improved lesion classification and the Category-Guided

Feature Generation (CFG) module to enhance segmentation

using classification features

classification and segmentation

of wireless capsule endoscope

(WCE) images

MA-MTLN

(Zhang et al.,

2021b)

The network uses scale-aware and task-aware attention, along

with visual and spatial attention, to enhance feature learning.

Tumor segmentation and

lymph node classification

1.3 Motivation, Scope, and Research Objectives

1.3.1 Motivation

The rapid advancement of medical imaging technologies has significantly transformed health-

care, providing clinicians with powerful tools to diagnose and monitor various medical con-

ditions. However, the increasing complexity and volume of medical images have introduced

new challenges in accurately and efficiently interpreting these images. Traditional manual

analysis is time-consuming, prone to human error, and requires high expertise, which may

not always be available, particularly in resource-limited settings.

In response to these challenges, integrating machine learning and deep learning techniques
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into medical image analysis has emerged as a promising solution. Despite the progress,

existing methods still face critical limitations. For instance, conventional classification models

often overlook the spatial and spectral domains of medical images, which contain valuable

diagnostic information. Furthermore, while Vision Transformers (ViTs) have shown promise

in image classification, their performance in medical imaging is hindered by limited data and

the inherent complexities of clinical images.

Medical image segmentation, another crucial task, is essential for accurately identifying

regions of interest (ROIs) within images. However, traditional segmentation methods strug-

gle with the irregular shapes and varying sizes of ROIs, as well as the low contrast and

intricate details present in medical images. Morphological operations have been utilized in

image processing, but their rigid nature limits their adaptability to the diverse and complex

structures found in clinical images.

This thesis is motivated by the need to overcome these challenges by developing advanced

machine learning and deep learning frameworks tailored to the specific demands of medical

image analysis. The goal is to create robust, interpretable, and efficient solutions that can

enhance diagnostic accuracy, improve segmentation performance, and ultimately support

healthcare professionals in making informed decisions. The proposed methodologies aim to

bridge the gap between existing techniques and the practical requirements of medical imaging,

offering a significant step forward in developing reliable and scalable AI-driven diagnostic

tools.

1.3.2 Scope

This thesis explores developing and applying advanced deep learning techniques for medical

image analysis, focusing on enhancing the accuracy, efficiency, and interpretability of image

classification and segmentation tasks. The work covers several critical areas within the field,

including the integration of spatial and spectral domain information for improved disease

detection, the modification and hybridization of Vision Transformer (ViT) architectures to

address the complexities of medical images better, the development of novel morphologi-

cal modules for more effective segmentation, and the implementation of multi-task learning

strategies to optimize performance across multiple tasks. The scope of this thesis encompasses

the design, implementation, and evaluation of cutting-edge deep learning models that aim to
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advance the field of medical image analysis. By integrating classification and segmentation

tasks and focusing on performance and interpretability, this work contributes to developing

more accurate, efficient, and reliable diagnostic tools for clinical use.

1.3.3 Primary Objectives

• Explore the medical images in the spectral domain towards diagnostic solutions.

• Design a novel, lightweight segmentation architecture that can effectively delineate in-

tricate and subtle regions of interest in medical images while simultaneously addressing

the irregularities inherent in medical data by integrating advanced architectural inno-

vations.

• To develop efficient multi-task learning frameworks that simultaneously perform clas-

sification and segmentation while reducing computational complexity.

1.4 Thesis Organization and Chapter-wise Contributions

Figure 1.7 depicts the outline of the thesis. Among the various tasks related to medical

image analysis with deep learning algorithms, I mainly focus on developing novel classifica-

tion and segmentation algorithms. The first chapter is introductory. The second chapter

investigates the contribution of medical images in the spatio-spectral domain towards disease

detection tasks. The third and fourth chapters describe two novel architectures designed for

classification and segmentation tasks, respectively. The fifth chapter deals with the problem

of multi-task learning corresponding to medical image classification and segmentation tasks

simultaneously. The conclusion of the thesis is presented in the sixth chapter.

1.4.1 Contributions of Chapter 1

This chapter overviews the challenges and opportunities in deep learning for medical image

analysis, focusing on classification and segmentation tasks. It sets the stage for the subsequent

contributory chapters by outlining the thesis’s motivation, research gaps, and objectives.
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Figure 1.7: Outline of the thesis.

1.4.2 Contribution of chapter 2

This chapter contributes to developing an automated diagnostic solution to detect COVID-19

infections using chest radiographs. The approach integrates machine learning and computer

vision algorithms to address the limitations of conventional methods, particularly the lack of

consideration for the spatial aspects of medical images in previous studies.

The chapter’s primary contribution is introducing a novel method that combines spa-

tial and spectral domain information to enhance disease detection capabilities. The method

comprises three stages: Feature Extraction, Dimensionality Reduction via Projection, and

Prediction. Initially, the images are transformed into spectral and spatio-spectral domains

using Discrete Cosine Transform (DCT) and Discrete Wavelet Transform (DWT), two pow-

erful image processing techniques. These transformations enable extracting features from

spatial, spectral, and spatio-spectral domains, which are then projected into a lower dimen-

sion through a Convolutional Neural Network (CNN).

The projected features are fed into a Multilayer Perceptron (MLP) for final prediction.

Integrating these three types of features results in superior performance compared to using

any single feature type alone, highlighting the complementary nature of the spectral domain

information in characterizing medical conditions.

Furthermore, saliency maps corresponding to different medical conditions validate the
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reliability of the proposed method. The study is extended to identify various medical condi-

tions across diverse medical image datasets, demonstrating the robustness and efficiency of

the combined feature approach. The proposed method shows potential as a generalized and

robust solution for computer-aided disease detection in medical imaging.

1.4.3 Contribution of chapter 3

This chapter presents the development of a modified Vision Transformer (ViT) architecture,

termed ReMixViT, specifically designed to address the challenges of medical image classi-

fication, such as limited training samples and complex image attributes. The chapter con-

tributes by incorporating an efficient MLP-Mixer layer and reordering residual blocks within

the encoder block of the ViT, thereby improving feature mixing and enhancing the model’s

generalization ability.

In addition to ReMixViT, the chapter introduces two hybrid architectures, ResReMixViT

and ResReMixViT+, which integrate a Convolutional Neural Network (ResNet50) with

ReMixViT encoder blocks. These hybrids consider feature maps of single and multiple scales,

respectively, further boosting classification performance.

The proposed architectures are rigorously evaluated using six diverse medical imaging

datasets encompassing various modalities and medical conditions. Comparative studies reveal

that ReMixViT and the hybrid models significantly outperform both vanilla ViT models and

other hybrid models that utilize ViT encoder blocks, with observed improvements of 4.62%

and 3.08% in the F1-score performance metric.

Moreover, when combined with data augmentation techniques, the hybrid architectures

surpass state-of-the-art hybrid networks. Beyond performance metrics, this chapter also

enhances the interpretability of the AI system by providing visual explanations through

attention maps and gradient flow analysis, aiding medical practitioners in drawing inferences

from an explainable AI perspective.

Additionally, the chapter demonstrates the adaptability of the proposed modifications

to other vision transformer architectures, resulting in enhanced performance across different

models.
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1.4.4 Contribution of chapter 4

This chapter introduces an innovative approach to medical image segmentation, addressing

the complexities inherent in clinical images, such as irregular shapes, varying sizes, low con-

trast, and intricate details. The chapter’s main contribution is the development of three

specialized modules grounded in morphological operations: the Multi-scale Morphological

Closing Module, the Multi-scale Morphological Opening Module, and the Multi-scale Mor-

phological Gradient Module. Unlike traditional morphological operations, these modules in-

volve learning structuring elements through a training process, allowing the model to adapt

effectively to the irregular shapes of Regions of Interest (ROIs).

Furthermore, introducing dilation rates within these morphological operations accommo-

dates the diverse range of ROI sizes found in clinical images. The proposed modules are

integrated into a lightweight framework called Morph-UNet, which synergizes deep neural

networks with multi-scale morphological operations for enhanced segmentation performance.

The efficacy of this approach is rigorously validated across diverse medical imaging datasets

covering various modalities, conditions, and ROI proportions. Extensive experimentation us-

ing widely recognized segmentation metrics demonstrates the model’s superiority over thir-

teen state-of-the-art segmentation methods and baseline models. This work represents a

significant advancement in medical image segmentation, offering a robust and adaptable so-

lution for clinical applications.

1.4.5 Contribution of chapter 5

This chapter presents a novel multi-task learning framework specifically designed to address

both classification and segmentation tasks within the realm of medical image analysis. The

proposed framework is built on the premise that learning shared representations for these

tasks can significantly improve overall performance. By jointly optimizing for classification

and segmentation, the framework leverages the inherent relationships between these tasks,

leading to more accurate and robust outcomes. Extensive experiments demonstrate that

the multi-task learning approach not only outperforms traditional single-task methods but

also generalizes well across various medical imaging modalities. The rigorous evaluation

highlights the framework’s potential to enhance diagnostic accuracy and efficiency in medical
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image analysis.

1.4.6 Contribution of chapter 6

This chapter summarizes the key findings and contributions of the thesis, reflecting on the

advancements made in the fields of classification, segmentation, and multi-task learning for

medical image analysis. It also discusses potential future research directions based on the

work presented in the thesis.

1.5 Significance of the Study

This thesis represents a significant advancement in the field of medical image analysis, ad-

dressing several critical challenges that have historically limited the effectiveness of deep

learning based diagnostic tools in clinical practice. The potential impacts of this research are

multifaceted in the field of medical image analysis.

Improvement in Segmentation Accuracy: The proposed morphological modules—Multi-

scale Morphological Closing, Opening, and Gradient Modules—introduce a novel approach

to segmenting regions of interest (ROIs) in medical images. By learning structuring elements

and adapting dilation rates, this method can effectively handle the irregular shapes and vary-

ing sizes of ROIs commonly seen in clinical images. This advancement could lead to more

accurate segmentation, which is crucial for diagnosing and planning treatment for various

conditions.

Enhanced Diagnostic Accuracy: Integrating spatial and spectral features for disease

detection, as emphasized in Chapter 2, highlights the importance of a multi-domain approach.

By incorporating Discrete Cosine Transform (DCT) and Discrete Wavelet Transform (DWT)

into the feature extraction process, I have demonstrated the potential to improve diagnos-

tic accuracy for conditions such as COVID-19. This approach could be extended to other

diseases, leading to more reliable and early detection of various medical conditions.

Interpretability of the models: Using visual explanations, such as attention maps and

gradient flow in the ReMixViT architecture, enhances the interpretability of deep learning

based diagnostic systems. This is crucial for gaining the trust of healthcare professionals,

as they need to understand and validate the decisions made by deep learning models. By
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improving the interpretability of these models, I aim to facilitate their adoption in clinical

settings, where transparency is essential.

Efficient and Generalizable Diagnostic Solutions: The development of Morph-UNet

and hybrid architectures like ResReMixViT+ provide lightweight and efficient medical image

segmentation and classification solutions. With their improved performance across diverse

datasets, these models could be generalized to various medical imaging tasks, offering scalable

solutions that can be deployed across different healthcare systems.

Contribution to Multi-task Learning in Medical Imaging: By focusing on multi-

task learning, where classification and segmentation are integrated, this research addresses

the need for holistic analysis in medical imaging. This approach improves performance in

individual tasks and enhances the overall efficiency of medical image analysis pipelines. It

could pave the way for more comprehensive diagnostic tools that provide richer insights from

a single model.

Broader Impact on Healthcare: The efficient methods and lightweight architectures

proposed in this research could seamlessly integrate into clinical workflows, offering signifi-

cant value in resource-limited settings. These innovations can accelerate diagnoses, improve

patient outcomes, and lower healthcare costs by aiding radiologists and other healthcare

professionals in making more accurate and efficient decisions.

In summary, this thesis advances the state-of-the-art in medical image analysis. It lays the

groundwork for developing more accurate, interpretable, and widely applicable deep learning

based diagnostic tools. The significance of this research lies in its potential to improve patient

care by enabling more reliable and efficient analysis of medical images across various clinical

domains.

1.6 Summary of the Introduction

In the introduction, the significance of this research is established by highlighting the critical

role of medical image analysis in healthcare, particularly in improving diagnostic accuracy

and patient outcomes. The challenges posed by complex distinguishing patterns, irregular

shapes, varying sizes of ROIs, and the need for interpretable deep learning based models are

emphasized, underscoring the necessity for innovative approaches in this field. This research
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addresses these challenges through the development of advanced methods for classification,

segmentation, and multi-task learning, offering efficient and generalizable solutions in the

subsequent chapters.
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Chapter 2

A Deep Learning Framework
Integrating the Spectral and Spatial
Features for Image-assisted Medical
Diagnostics

Summary

This chapter focuses on developing a computer-aided disease detection system to streamline

the manual diagnostic process, with a particular emphasis on detecting COVID-19 infections

from chest radiographs. Motivated by the COVID-19 outbreak, the proposed method leverages

machine learning and computer vision algorithms to provide an automatic diagnostic solution

using widely accessible medical imaging infrastructure. Unlike previous studies, which have

focused mainly on spatial features, this work investigates the complementary role of spectral-

domain information in medical images to improve disease detection.

The method follows a three-stage process: feature extraction, dimensionality reduction, and

prediction. First, images are transformed into the spectral and spatio-spectral domains using

Discrete Cosine Transform (DCT) and Discrete Wavelet Transform (DWT), which capture

additional information beyond the spatial domain. Features from these domains, along with

spatial features, are projected into a lower-dimensional space through a Convolutional Neural

Network (CNN). These projected features are then fed into a Multilayer Perceptron (MLP)

for final prediction.

Results demonstrate that the combination of spatial, spectral, and spatio-spectral features

significantly improves diagnostic performance, revealing complementary information in the
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spectral domain that enhances disease characterization. Saliency maps further validate the

reliability of this approach, highlighting the model’s ability to capture relevant medical condi-

tions. The study also extends to other medical imaging datasets, illustrating the effectiveness

and generalizability of the proposed method as a robust, multi-purpose diagnostic tool.

2.1 Introduction

2.1.1 Overview

The proper diagnosis of any medical condition plays a vital role in effective treatment and

also in the prevention of any infectious disease to spread out. Various machine learning

based diagnostic solutions have been proposed to ease such a process of manual diagnosis

that requires domain expertise and long training time(Suzuki, 2017). The recent outbreak

of Coronavirus disease 2019 (COVID-19) is the third significant Coronavirus outbreak in less

than 20 years. In this context, a computer-based diagnostic solution that leverages read-

ily available infrastructure—even in rural areas across the globe—is essential for improving

healthcare accessibility. According to (Cozzi et al., 2020), a chest radiograph of a COVID-

19 infected person exhibits ‘patchy or diffuse reticular–nodular opacities and consolidation,

with basal, peripheral and bilateral predominance’. Thus, the readily and widely available

infrastructure for X-rays may be utilized for primary and immediate assessment for detecting

COVID-19 infection.

I aim to develop an automatic model using machine learning algorithms that would aid

the clinician as an adjunct tool for diagnosing COVID-19 infection. I pose this COVID-

19 detection problem as a three-class classification paradigm where the classes are Normal,

Pneumonia (non-COVID), and COVID-19 by utilizing deep learning algorithms. The reason

behind choosing Pneumonia as one of the classes is that Pneumonia and COVID-19 can be

easily confused. Both non-COVID-19 Pneumonia and COVID-19 may exhibit ground glass

patterns in the lung due to lung infiltration and consolidation. Over the last decade, deep

learning, a subfield of machine learning, has gained popularity in assisting as a diagnostic

aid. The successful application of deep learning can be found in diagnostic assessment of dif-

ferent biomedical conditions such as arrhythmia detection (Acharya et al., 2017), skin cancer

classification (Esteva et al., 2017), breast cancer detection (Celik et al., 2020), brain disease
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classification (Talo et al., 2019), Pneumonia detection from chest X-ray images (Rajpurkar

et al., 2018) and lung segmentation (Souza et al., 2019). These studies on the application

of deep learning algorithms on medical imaging data show the efficiency of a deep learn-

ing algorithm in expressing complex patterns that are even difficult to capture in untrained

eyes. These studies motivate us to exploit deep learning algorithms for characterizing such

intricate, differentiating patterns to identify the underlying medical condition.

2.1.2 Background

Few recent studies have endeavored to detect COVID-19 infection from chest X-ray im-

ages with the help of deep learning algorithms. Wang and Wong (Wang et al., 2020) have

proposed a Convolutional Neural Network (CNN) based architecture built using generative

synthesis, referred to as COVID-net, which is trained on 13,975 CXR images across 13,870

persons belonging to the categories of Normal, Pneumonia, and COVID-19 class. They have

achieved an overall test accuracy of 93.3% with sensitivity and precision to COVID-19 class

of 91.0% and 98.9%, respectively. In another study (Oh et al., 2020), authors have presented

a two-stage network to classify four classes, namely Normal, Bacterial, Tuberculosis (TB),

and Viral Pneumonia/COVID-19. They first trained an extended fully convolutional (FC)-

DenseNet103 for image segmentation purposes; thereafter, a patched-based CNN was trained

by the segmented 403 lung images. The proposed method yields an accuracy of 88.9% with a

specificity of 96.4% on the test data comprising 99 samples. Their study is further extended

to three-class (Normal, Pneumonia, and COVID-19 ) classification, which yielded an accu-

racy of 91.9%. Though this study achieved high sensitivity for COVID-19 class (100%), the

low precision value (76.9%) for COVID-19 class is not appropriate for any practical scenario.

The DarkNet model was implemented using seven convolutional layers and various filterings

on each layer for automatic detection of COVID-19 using the raw chest X-ray images (Ozturk

et al., 2020). The model aimed at providing correct diagnostic predictions for binary classifi-

cation (COVID vs. No-Findings) and multi-class classification (COVID vs. No-Findings vs.

Pneumonia). This system yielded a classification accuracy of 98.08% for binary classes and

87.02% for multi-class cases for a dataset of a limited number of samples. The performances

of various neural architectures for detecting COVID-19 infection from chest X-rays were

evaluated in (Apostolopoulos and Mpesiana, 2020). Their results indicated that deep neural
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networks aided with X-ray imaging could detect prominent biomarkers pertinent to COVID-

19 infection, while the best accuracy, sensitivity, and specificity obtained were reported as

96.78%, 98.66%, and 96.46% respectively. Another study (Afshar et al., 2020) claimed the

superiority of COVID-CAPS, a modeling framework based on Capsule Networks with fewer

trainable parameters over CNN-based models for COVID-19 detection. COVID-CAPS ob-

tained an Accuracy of 95.7%, Sensitivity of 90%, Specificity of 95.8%, and Area Under the

Curve (AUC) of 0.97 for binary classifications. Another study (Ismael and Şengür, 2021)

proposed a CNN model with an end-to-end training process for classifying among the chest

x-ray images of Normal and COVID-19 classes. Integration of deep learning-based features

extractor with Support Vector Machine (SVM) based classifier has achieved an accuracy of

92.6%. However, the binary classification performances were reported on minimal samples.

Togaçar et al. (Toğaçar et al., 2020) employed the Fuzzy Color technique for preprocessing

the chest X-ray images followed by an image stacking operation to eliminate the existing

noises. The integration of deep learning architectures with SVM classifier led to an accuracy

of 99.27% for three-class (Normal, Pneumonia and COVID-19 ) classification. However, the

proposed method was validated on a dataset of a total of 458 chest radiograph images. An-

other similar study (Gupta et al., 2021) showed that the fusion of five deep learning models

via integration stacking achieved 99.08% accuracy on limited samples.

2.1.3 Motivation

The body of literature related to COVID-19 infection identification from chest X-rays shows

the efficient application of deep learning algorithms. Few of the above-mentioned studies

have achieved excellent performances, yet validation on a larger dataset is necessary. All the

mentioned studies have investigated the spatial domain characteristics of chest X-rays. To the

best of my knowledge, no studies on COVID-19 from chest X-rays have reported investigating

the spectral characteristics of the same. This motivates us to explore the unexplored spectral

aspect of chest X-rays for COVID-19 infection detection. I aim to validate the hypothesis

that the presence of complementary information in the spectral and spatial domain of chest

X-ray will improve disease detection ability. I employ two popular tools for transforming

images in spectral and spectral as well as spatial domains namely, Discrete Cosine Transform

(DCT) and Discrete Wavelet Transform (DWT) to study the spatio-spectral characteristics
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of the chest X-ray images. The idea behind the usage of DCT and DWT transformation is

to capture any information that is complementary to spatial information and might aid in

discriminating among the three classes considered in this study. The DCT decomposes the

image into several spectral sub-bands with a cosine function as a basis function. In contrast,

DWT has the advantage of assimilating both spatial and spectral domains simultaneously.

Hence, chest radiograph images are studied in three different domains concurrently, namely,

pixel, DCT, and DWT, to bring about the potential of each of the fields in characterizing the

considered medical conditions. The patterns that characterize different medical conditions are

complex and intricate. State-of-the-art CNN shows notable efficiency in modeling complex

patterns in the domain of image classification. Hence, I employ ResNet50, a state-of-the-

art CNN architecture, to extract features from the pixel, DCT, and DWT domain images.

The features extracted in these three domains are integrated, and the final class prediction

is performed using a multilayer perceptron (MLP) network. The detailed description of

my proposed method is given in Section 2.2. Medical imaging datasets often have a limited

number of samples for comparatively uncommon disease classes. This class imbalance usually

leads to inferior performances corresponding to the minority class. Relevant techniques, such

as class weight and unbiased validation performance metrics, have been employed to prevent

such undesired outcomes and are discussed in Section 2.2 in detail.

Furthermore, I extend my experiment to six other medical imaging datasets. These data

sets incorporate a variety of imaging techniques, the number and types of diseases to be

detected, and the class imbalance. This extended study aims to validate the hypothesis of

the presence of complementary information in the spectral and spatial domain of medical

images. Overall, this study indicates the proposed method’s generalization ability toward a

diagnostic solution using medical images.

2.1.4 Contributions

The contributions of this study are listed below.

• I propose an automatic computer vision and machine learning-based diagnostic solu-

tion for medical images developed on the complementary knowledge of the spatial and

spectral domain.
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• The proposed method is validated by carrying out experiments on eight diverse medical

imaging datasets, suggesting its robustness and capability of generalization.

• The classification performances, along with saliency maps, demonstrate the fusion of

spatial, spectral, and spatio-spectral domain features enhances the disease detection

capability of the classification model.

• Analyzing the classification performance on the COVID-19 dataset reveals that the

performance of the proposed method is unbiased to age and gender factors.

The rest of the chapter is structured as follows. Along with the detailed description of the

datasets, the methodology used in this study is presented in Section 2.2. The experimental

results and relevant discussion are given in Section 2.3 and Section 2.4 respectively.

2.2 Proposed Method

2.2.1 Discrete Cosine Transform

The Discrete Cosine Transform (DCT) of an image is a real transformation that transforms

the image from spatial domain to frequency domain by linear combinations of weighted basis

functions pertinent to its frequency components (Ahmed et al., 1974). DCT of an image X

of dimension N ×N is given by the following equation.

DCTx(u, v) =
2

N
C(u)C(v)

N−1X

m=0

N−1X

n=0

X(m,n)

cos[
π(2m + 1)u

2N
] cos[

π(2n + 1)v

2N
]

(2.1)

where, X(m,n) denotes the pixel value X in (m,n) coordinate, u = 0, ..., N−1, v = 0, ..., N−1

and C(k) =





1√
2

if k = 0

1 otherwise.

In this study, images are of dimension 224 × 224 × 3. DCT is applied to the images

by considering each channel separately over the segmented patches of size 8 × 8. Thus, the

dimension of the DCT images is the same as the input images.
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2.2.2 Discrete Wavelet Transform

The discrete wavelet transform (DWT) uses multiresolution filter banks to perform the

wavelet analysis (Shensa, 1992). It represents the signal in terms of the wavelet coefficients

from which it is possible to reconstruct the original signal once again. The signal is repre-

sented in various frequency bands by the wavelet coefficients. There can be several ways to

process these coefficients, thus endowing DWT with attractive properties over linear filtering.

The DWT is applied to the image X of size (N×N) to achieve four decomposed subband

images of (N/2 ×N/2) dimension. The process includes the the application of a set of half-

band low-pass and high-pass filters to the rows of the image,, followed by the decimation

by a factor of 2. The same procedure is applied to the two subband images obtained in the

previous step, but this time, it is along the columns. Thus, it results in decomposed images

in four different frequency bands, which can be mathematically expressed as follows,

LL(x, y) =
X

m

X

n

h0(m− 2x)h0(n− 2y)X(m,n). (2.2)

HL(x, y) =
X

m

X

n

h0(m− 2x)h1(n− 2y)X(m,n). (2.3)

LH(x, y) =
X

m

X

n

h1(m− 2x)h0(n− 2y)X(m,n). (2.4)

HH(x, y) =
X

m

X

n

h1(m− 2x)h1(n− 2y)X(m,n). (2.5)

Here, h0 and h1 are half-band low and high pass filters, respectively. Thus, the LL subband

approximates the image, i.e., the low-frequency content of the image. In contrast, three other

bands, i.e., LH,HL, and HH subbands, contain the details, i.e., the high-frequency content

of the image. The four subband images of size N/2 × N/2 are arranged in the manner as

shown in Figure 2.1 to form one image of size N ×N . Similar to DCT, DWT is also applied

individually on each of the channels of images, and the transformed image dimension is the

same as the input image dimension.
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2.2.3 Machine Learning Framework

The block diagram presented in Figure 2.1 outlines the complete framework for the proposed

diagnostic system. The proposed system consists of three stages — projection by using

DCT and DWT, complex feature extraction, and prediction. In the first stage, the images

are projected to spectral as well as spatio-spectral domains by the application of DCT and

DWT, respectively, as described in Section 2.2.1 and Section 2.2.2 respectively. Hence, at the

end of this stage, I get three types of images of equal dimension in three different domains

— pixel, DCT, and DWT (shown in Figure 2.1).

The objective of the second stage is to extract the features from the output images of the

previous stage. The underlying pattern that distinguishes one medical condition from another

is intricate in nature. Convolutional neural networks (CNN) can extract complex features

from input images. ResNet50 is one of the widely used CNN architectures in the domain

of image categorization. Thus, I choose to employ ResNet50 to extract complex features.

Moreover, the reasonable number of trainable parameters of ResNet50 makes it suitable for

medical image classification tasks where there are limited training samples available. Three

separate ResNet50 models are trained for three different types of images. The output feature

is extracted from an intermediate layer of trained ResNet50 models, which results in complex

features of dimension 1024. For training each of the ResNet50 models, the categorical cross-

entropy loss function is optimized with the Adam optimization algorithm with a learning rate

of 0.0001 for 300 epochs with a batch size of 32. The model with the best validation ACSA

(defined in Section 2.3.2) is chosen for feature mapping. ACSA is chosen for this purpose as

this measure is unbiased to class imbalance present in the training data.

The third stage comprises feature-level fusion followed by final prediction using a classifi-

cation head. Three types of feature vectors, each of dimension 1024, are combined in all seven

possible combinations by the concatenation operation. The dimension of the concatenated

feature vector is presented in Table 2.1. The resulting feature vector is fed to a classification

head for final prediction. The Multilayer Perceptron (MLP) is chosen as the classification

head because of its efficiency in modeling complicated nonlinear relationships between input

and output vectors. The MLP network comprises one input layer, two hidden layers with 256

and 64 nodes, and one output layer. The leaky ReLU activation function is applied after each
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Table 2.1: All possible combinations of pixel, DCT, and DWT features and corresponding
integrated feature vector’s dimension

Combination Type Dimension of Feature Vector

pixel 1×1024
DCT 1×1024
DWT 1×1024

pixel+DCT 1×2048
pixel+DWT 1×2048
DCT+DWT 1×2048

pixel+DCT+DT 1×3072

layer except for the last layer, which uses softmax as the activation function. To train the

MLP network, the mean square error loss function is optimized with the Adam optimization

algorithm with a learning rate of 0.0002 for 300 epochs with a batch size of 32. The model

with the best training ACSA is evaluated with the test data.

The effect of class imbalance present in the datasets is handled by incorporating the

penalty factor of class weights computed as N/(cNi) to the loss function while training the

ResNet50 model and MLP model, where c is the number of classes, N and Ni is the number

of total samples and the number of samples that belong to ith class respectively.

All the experiments (Python scripts) are executed using Keras with TensorFlow as back-

end on a computer with Intel core i5 processor running at 2.40 GHz using 16 GB of RAM

and NVIDIA GeForce RTX 2060 GPU with 6 GB RAM. The code is available at this GitHub

repository https://github.com/SusmitaSenGhosh/COVID-detection-from-X-ray-using-DWT-

DCT-.

2.3 Experimental Results

2.3.1 Dataset Details

I validate my hypothesis primarily on a dataset comprising 15476 chest-ray images from

15279 persons who belong to any of the three categories representing three types of medical

conditions, namely —Normal, Pneumonia and COVID-19. Images belonging to COVID-19

category have been taken from these four sources (Chung, 2020a,b; Cohen et al., 2020; RSNA,

2020) whereas samples of Pneumonia and Normal class been collected from these sources

(Cohen et al., 2020; RSNA, 2018). This dataset is referred to as the COVID-19 dataset.

Collecting samples from multiple sources leads to diversity in the types of the images. Thus,
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Figure 2.1: Schematic diagram of the classification framework

the experimental results on this dataset are robust and close to a practical scenario. The

number of samples and the number of patients that belong to each of the three classes are

stated in Table 2.2. Among the 15279 patients considered in this study, the ages and genders

of 15029 and 15112 patients are known, respectively. The age distribution of the subjects

in each category and gender distribution in each class is shown in Figure 2.2. The dataset

suffers from the problem of class imbalance. The imbalance ratio (ρ), defined by the ratio

of the number of samples in the majority class to that of the minority class, is 15.45. The

chest X-ray images are of different sizes, thus in the preprocessing step, I resized it to the size

of 224 × 224 × 3 where the third dimension represents the number of channels. The results

reported in this study are yielded by five-fold cross-validation. Out of the five folds, one is

kept for testing, another for validation purposes, and the rest of the folds are used to train

the model. While partitioning the data into five-folds, it is always ensured that samples from

one patient are never grouped into two or more folds to maintain the integrity of the reported

result.

Additionally, seven medical imaging datasets of different modalities, e.g., X-ray, histopathol-

ogy, mammography, etc, and medical conditions are also used for the validation of the hypoth-

esis. The diversity in the number of classes, i.e., the medical conditions, image modalities,

and the imbalance ratio, makes the experiment more robust. A detailed description of each
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Table 2.2: Number of samples and patients belonging to Normal, Pneumonia and
COVID-19 class

Number of Samples Number of Patients

Normal 8851 8851
Pneumonia 6052 6034
COVID-19 573 394
Total 15476 15279
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Figure 2.2: Age and gender distribution of persons belong to Normal, Pneumonia and
COVID-19 classes are presented in the upper and lower panel of the figure, respectively.

of the datasets used in this study is presented in Table 2.3 and additional information about

the dataset is provided in A.1 I have used a subset of these original CBIS-DDSM (Sawyer-Lee

et al., 2016), DR and BHI (Janowczyk and Madabhushi, 2016) datasets as they comprise a

large number of samples. Each dataset is split into training and testing samples maintaining

an 80:20 ratio, except for Chestxray1 (Wang et al., 2020) where 100 test samples are provided

for each of the three classes.

Table 2.3: Detailed description of medical imaging datasets used in this study.

Dataset Type of data
Number of

classes
Number of

Training samples
Imbalance

Ratio

Colorectal Histology (CH) (Kather et al., 2016) Histology images 8 4000 01.00
Diabetic Retinopathy (DR) 1 Diabetic Retinopathy 2 13052 01.33
BHI (Janowczyk and Madabhushi, 2016) Histopathology images 2 12952 02.79
Chestxray (Kermany et al., 2018) Chest x-ray images 2 5232 02.88
CBIS-DDSM (Sawyer-Lee et al., 2016) Mammography Images 2 8941 06.55
Chestxray1 (Wang et al., 2020) Chest x-ray images 3 13898 16.84
ISIC18 (Codella et al., 2019) Dermoscopic images 7 8166 58.86

1https://www.kaggle.com/c/diabetic-retinopathy-detection
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2.3.2 Performance Metrics

Let C be the confusion matrix for n-class classification where element Cij indicates the number

of samples of ith class predicted as of jth class. The following metrics presented in terms of the

elements of the confusion matrix are used to quantify the classification capability of machine

learning models.For notational simplicity, I refer to the F1-score as F1 in all subsequent

equations.

Sensitivityi =
CiiP
j Cij

, (2.6)

Precisioni =
CiiP
j Cji

, (2.7)

F1i =
2 · Sensitivityi ·Precisioni

Sensitivityi + Precisioni
. (2.8)

Along with the above-mentioned performance metrics, three other measurements are also

used to quantify the performances of models — average class-specific accuracy/sensitivity

(ACSA), average class-specific precision (ACSP), and an average class-specific F1-score (ACSF),

respectively indicating sensitivity, precision, and F1-score averaged over all the classes, thus

imparting equal priority to all the classes. Hence, these metrics quantify the model’s perfor-

mance without being influenced by the existing class imbalance. The mean absolute deviation

of the F1-score (MADF) is also reported along with ACSF to quantify the spread of individual

class-wise F1-scores.

MADF =
1

n

X

i

|F1i−
1

n

X

i

F1i |. (2.9)

2.3.3 Performance on COVID-19 Dataset

Due to the severity of the COVID-19 outbreak, the primary focus is paid to the elaborated

study that is conducted on the COVID-19 dataset (described in Section 2.2). The result

obtained from the above-mentioned experiment (Section 2.1) is presented in Table 2.4. The

classification performances are quantified by class-wise sensitivity, precision, and F1-score.

Additionally, I present sensitivity, precision, and F1-score averaged over the different classes

to measure overall performance. They are mentioned as ACSA, ACSP, and ACSF, and these

metrics are defined in Section 2.3.2. Table 2.4 compares the performance of the seven feature

combinations as listed in Table 2.1. By comparing the performances of three types of features
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(pixel, DCT, and DWT) when used individually, pixel and DWT features yield better results

than DCT features. However, the fusion of any two types of features shows better perfor-

mance than any of the features while used solely for classification. Furthermore, the best

classification performance is achieved when all three types of features, i.e., pixel, DCT, and

DWT, are combined altogether (pixel+DCT+DWT). The corresponding values of ASCA,

ACSP, and ACSF are 93.78%, 91.30%, and 92.42%, respectively. It is important to note that

the above-mentioned feature combination also yields the best sensitivity to the COVID-19

class, which is 95.28,%, as I aim to detect COVID-19 infection with sensitivity as high as

possible. These observations suggest the presence of complementary information in pixel,

DCT, and DWT features. To validate the above-said statement from a statistical perspec-

tive, the Wilcoxon rank-sum test is performed on the ACSA, ACSP, and ACSF values. Table

2.5 summarises the result obtained from tests, where the null hypothesis is that the perfor-

mance of three features combined together (pixel+DCT+DWT) is equivalent to that of other

combinations of the features. The null hypothesis is rejected when the p-value is less than

0.05, confirming that the samples belong to different distributions, whereas a larger p-value

suggests that the two distributions are similar. Furthermore, if test statistics come out to be

negative with a p-value less than 0.05, I infer that the performance of pixel+DCT+DWT is

superior to that of the other feature combination considered in the test. Table 2.5 shows that

the test statistics are never positive, indicating performance of pixel+DCT+DWT is supe-

rior (in most of the cases, marked by ∗) or comparable (in a few cases) with the performance

of the rest of the feature combinations. Thus, the outcome indicates that both DCT and

DWT features capture information complementary to that of the pixel feature that enhances

the discriminating capability among the three classes considered in this study. Hence, my

hypothesis of the existence of complementary information in the spatial and spectral domain

of medical images is validated for the COVID-19 dataset.

The number of the hidden layers and the number of nodes in hidden layers of the MLP

network are similar for all the combinations of feature types. However, the number of

nodes in the input layers varies depending on the kind of feature integration. For exam-

ple, the number of nodes in the input layer of MLP is 1024 for pixel, DCT, and DWT

features, 2048 for Pixel+DCT, pixel+DWT, and DCT+DWT feature combination, and 3072

for pixel+DCT+DWT feature combination. Consequently, the number of trainable param-
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Table 2.4: The classification performances of all possible combinations of the pixel, DCT,
and DWT features in the detection of Normal, Pneumonia and COVID-19 classes are
presented. Performances are quantified by sensitivity, precision. Average class-specific

sensitivity, specificity, and F1-score (ACSA, ACSP, and ACSF) are also reported. All the
performance metrics are reported on 5-fold cross-validation. Comparing different feature

combinations, the best values of the metrics are marked in bold.

Feature
Combinations

Sensitivity(%)
ACSA

Precision(%)
ACSP

F1-Score(%)
ACSF

Norm. Pneum. COVID Norm. Pneum. COVID Norm. Pneum. COVID

Pixel
94.55 90.26 92.60 92.47 93.89 92.04 84.78 90.24 94.21 91.14 88.44 91.26
±0.94 ±0.65 ±3.59 ±1.49 ±0.53 ±1.25 ±3.10 ±1.40 ±0.55 ±0.75 ±2.79 ±1.30

DCT
93.15 87.21 80.93 87.10 91.66 89.40 81.18 87.41 92.39 88.27 80.82 87.16
±0.70 ±1.72 ±4.58 ±1.21 ±0.69 ±0.96 ±4.86 ±1.60 ±0.42 ±0.68 ±1.81 ±0.76

DWT
95.06 89.75 92.15 92.32 93.51 92.79 84.93 90.41 94.28 91.24 88.30 91.27
±0.43 ±0.98 ±2.38 ±0.88 ±0.52 ±0.56 ±5.20 ±1.72 ±0.39 ±0.63 ±3.12 ±1.14

Pixel+DCT
95.18 90.27 93.25 92.90 93.93 92.91 85.34 90.72 94.55 91.56 89.02 91.71
±0.56 ±0.96 ±3.41 ±1.19 ±0.56 ±0.74 ±3.65 ±1.44 ±0.49 ±0.81 ±02.41 ±01.06

Pixel+DWT
95.15 90.91 94.86 93.64 94.30 93.04 86.39 91.24 94.72 91.96 90.32 92.33
±0.99 ±0.64 ±2.75 ±0.94 ±0.44 ±1.23 ±4.91 ±1.86 ±0.58 ±0.85 ±2.47 ±1.08

DCT+DWT
95.31 89.72 93.03 92.69 93.51 93.04 86.45 91.00 94.40 91.34 89.58 91.77
±0.55 ±1.38 ±1.89 ±0.63 ±0.82 ±0.71 ±3.21 ±1.29 ±0.52 ±0.87 ±2.25 ±0.93

Pixel+DCT 95.49 90.58 95.28 93.78 94.13 93.51 86.26 91.30 94.80 92.01 90.45 92.42
+DWT ±0.85 ±0.80 ±2.52 ±0.78 ±0.49 ±1.08 ±4.12 ±1.62 ±0.53 ±0.85 ±1.74 ±0.86

Table 2.5: Statistics and p-value obtained in Wilcoxon rank-sum test with performance of
pixel+DCT+DWT feature combination is compared with that of the rest of the feature

combinations. The statistics indicating the superiority of pixel+DCT+DWT feature
combinations are marked with *.

ACSA ACSP ACSF

Statistics p-value Statistics p-value Statistics p-value

Pixel -5.04∗ <0.05 -2.53∗ <0.05 -4.37∗ <0.05
DCT -8.61∗ <0.05 -2.82∗ <0.05 -8.62∗ <0.05
DWT -7.05∗ <0.05 -0.25 0.80 -4.82∗ <0.05

Pixel-DCT -4.55∗ <0.05 -1.09 0.27 -2.67∗ <0.05
Pixel-DWT -0.12 .90 -8.50∗ <0.05 -0.68 0.5
DCT-DWT -6.38∗ <0.05 -0.62 0.53 -3.03∗ <0.05

eters also increases with the number of nodes in the input layers. Thus, the question may

arise whether the superior performance of the combined pixel+DCT+DWT features is due to

the integration of the features or the increased number of trainable parameters of the model.

In search of the answer, I performed another experiment, where the considered architecture

of the model is the same as it is used for pixel+DCT+DWT features. I construct the new

feature vector for pixel by concatenating the pixel feature thrice so that the dimension of the

new pixel feature vector becomes 1×3072 vector. A similar operation is applied to DCT and
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Table 2.6: The performances of the new pixel, DCT, and DWT features evaluated on the
MLP model that has similar architecture as used in the case of pixel+DCT+DWT features.
The new pixel, DCT, and DWT feature vectors are constructed by concatenating each type
of feature three times.

Sensitivity(%)
ACSA

Precision(%)
ACSP

F1-Score(%)
ACSF

Feature Norm. Pneum. COVID Norm. Pneum. COVID Norm. Pneum. COVID

Pixel
94.84 90.10 93.65 92.86 93.96 92.66 81.85 89.49 94.39 91.35 87.30 91.02

±1.22 ±0.54 ±3.80 ±1.54 ±0.23 ±1.81 ±4.17 ±1.69 ±0.61 ±0.80 ±3.28 ±1.47

DCT
93.08 86.91 83.64 87.88 91.72 89.65 77.69 86.35 92.38 88.24 80.25 86.96

±0.72 ±1.69 ±3.55 ±0.84 ±0.58 ±1.08 ±7.11 ±2.34 ±0.41 ±0.66 ±2.92 ±1.22

DWT
94.86 90.01 92.42 92.43 93.77 92.62 83.31 89.90 94.30 91.28 87.53 91.04

±0.81 ±1.23 ±2.82 ±1.06 ±0.65 ±1.01 ±5.76 ±1.90 ±0.42 ±0.68 ±3.81 ±1.37

Pixel+DCT 95.49 90.58 95.28 93.78 94.13 93.51 86.26 91.30 94.80 92.01 90.45 92.42
+DWT ±0.85 ±0.80 ±2.52 ±0.78 ±0.49 ±1.08 ±4.12 ±1.62 ±0.53 ±0.85 ±1.74 ±0.86

Table 2.7: Comparison of performance of proposed method with COVID-net ( (Wang et al.,
2020))

Sensitivity(%)
ACSA

Precision(%)
ACSP

F1-Score(%)
ACSF

Norm. Pneum. COVID Norm. Pneum. COVID Norm. Pneum. COVID

COVID-net 95.00 94.00 91.00 93.33 90.50 91.30 98.90 93.57 92.70 92.63 94.79 93.37
Proposed 94.80 91.80 94.30 93.63 91.60 92.55 96.92 93.69 93.17 92.17 95.59 93.64

DWT features. The performances of these new feature vectors are evaluated on the above-

mentioned MLP. Table 2.6 compares these performances with pixel+DCT+DWT features

(last row of Table 2.4). The test-statistics obtained from Wilcoxon rank-sum tests confirm

the superiority of the performance of combined features concerning that of single features

where the model complexity is kept unchanged.

2.3.3.1 Interpreting Classification Model

In this section, I attempt to understand how information from DCT and DWT domains

contributes to enhancing the discriminative potential of the model. For this purpose, the

saliency map, i.e., the gradient of the class activation function concerning the input images,

is visualized. Thus, the saliency map for a particular class quantifies the amount of change in

classification score caused by the slight change in image pixel (Smilkov et al., 2017) indicating

the decisive regions in the image. In Figure 2.3(a), the saliency map produced by the proposed

model is shown for one image and its corresponding DCT and DWT images from each class.

It confirms that all three types of images contribute to decoding the classes. Moreover, the
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saliency map of my model for each class validates its reliability as the highlighted regions

from each of the images lie in the lung and its surrounding area. It is also noticed that the

subband of DWT that represents the higher frequency component of the images does not

contribute significantly towards disease detection.

Moreover, I inspect the saliency map of chest X-ray images to learn if there is any apparent

pattern corresponding to each class and correlate them with existing literature in the medical

domain. Four such maps from each class are presented in Figure 2.3(b). While the saliency

map of Normal class shows a wide variety in the area of chest X-ray that is highlighted, in the

case of Pneumonia class, the influential pixel cluster around the lower lobes of both or either

lung. On the other hand, along with the other lung regions, the upper lobe (bilateral) area of

the lung is found to be persistently dominating in the case of COVID-19 class. The bilateral

Ground-glass opacities (GGO) have been reported in COVID-19 chest X-rays, whereas the

unilateral and central distribution of GGO has been found in chest X-rays of Pneumonia

patients (Ozturk et al., 2020). These characteristics are consistent with the patterns shown

in the saliency maps of COVID-19 and Pneumonia classes.

Normal

Pneumonia

COVID-19

Normal

Pneumonia

COVID-19

(a) (b)

Figure 2.3: (a) Saliency maps corresponding to Normal, Pneumonia and COVID-19 classes
are presented for chest X-ray image(left panel), DCT image (middle panel) and DWT image
(right panel). The highlighted regions play an important role in characterizing the three
classes. (b) Saliency maps of chest X-ray images sampled down from three classes are pre-
sented.
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2.3.3.2 Effect of Age and Gender on Classification Performance

The ages of the patients considered in this study varied from as low as 1 year to as high

as 94 years Figure 2.2. To analyze if there is any biasedness of age on the classification

performance, I carry out an analysis by clustering samples into five age groups – 0-20 years,

20-40 years, 40-60 years, 60-80 years, and 80-100 years. For each class, I investigated how

the performance of the classifiers varies over different age groups. Figure 2.4(b) depicts the

fraction of samples of a particular class classified as Normal, Pneumonia, and COVID-19

classes. It is observed that over different age groups, the proposed method yields a similar

trend, suggesting that the age factor does not influence my classification results.

Furthermore, another similar analysis is executed to investigate the effect of the gender

of the patients on the classification result. The outcome of the analysis is shown in Figure

2.4(b), which demonstrates that the gender of the patients does not behave as a factor in

classification performance. All the classification performances reported in this section are

yielded using the combined features (i.e., pixel, DCT, and DWT).

(a) (b)

Figure 2.4: Age wise and gender wise classification performance is shown in (a) and (b)
respectively. Norm, Pne, and COVD- represent Normal, Pneumonia, and COVID-19 respec-
tively. The height of the three stacked-up bars indicates the fraction of a particular class that
belongs to three classes. For instance, the green, red, and blue bars in the leftmost bar of the
panel (a) indicate the fraction of Normal samples (of 0-20 years age group) that is classified
as Normal, Pneumonia and COVID-19 class.
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Table 2.8: The performances of pixel, DCT, DWT, and pixel+DCT+DWT in identifying
different medical conditions for different datasets as listed in Table 2.3

Pixel DCT DWT Combined

ASCF MADF ASCF MADF ASCF MADF
Combination

Type
ASCF MADF

Dataset

BHI 89.85 05.09 87.07 06.33 85.97 07.02 pixel+DCT+DWT, 90.40 04.81
±0.28 ±0.18 ±0.21 ±0.18 ±0.33 ±0.18 SF ±0.17 ±0.10

CBIS DDSM 92.79 05.36 78.82 15.78 87.05 09.51 pixel+DCT+DWT, 93.00 05.17
±0.26 ±0.21 ±0.43 ±0.53 ±0.26 ±0.23 FF ±0.48 ±0.37

CH 95.32 03.34 92.33 05.07 94.02 04.04 pixel+DWT, 95.62 02.96
±0.32 ±0.33 ±0.36 ±0.42 ±0.20 ±0.28 FF ±0.23 ±0.24

Chestxray1 90.00 01.04 87.34 00.82 90.02 01.95 pixel+DCT+DWT, 93.64 01.44
±0.45 ±0.21 ±0.49 ±0.24 ±0.45 ±0.22 FF ±0.43 ±0.34

Chestxray 72.87 12.44 69.58 14.57 76.18 10.49 pixel+DWT, 76.42 10.35
±2.17 ±1.37 ±1.44 ±0.89 ±1.51 ±0.93 SF ±1.44 ±0.89

DR 69.49 04.24 60.14 06.67 64.73 04.19 pixel+DCT, 69.84 03.80
±0.36 ±0.30 ±0.45 ±1.51 ±0.67 ±1.30 FF ±0.64 ±0.38

ISIC18 75.86 09.49 64.51 13.93 64.03 15.17 pixel+DCT+DWT, 77.69 09.69
±0.87 ±0.44 ±0.76 ±0.82 ±1.21 ±0.74 FF ±0.79 ±0.75

2.3.3.3 Comparison with COVID-net

I compare my result with the state-of-the-art experimental result reported in (Wang et al.,

2020). For this purpose, I apply my methodology to the same dataset as mentioned in (Wang

et al., 2020). The comparison in terms of sensitivity, precision, and F1-score is presented in

table 2.7. The main aim of this study is to detect the COVID-19 class with as high sensitivity

as possible and also maintain reasonably high precision at the same time. Though the value of

the average class-specific accuracy, precision, and F1-score obtained in the proposed method is

comparable with the result presented in (Wang et al., 2020), however, the higher sensitivity to

COVID-19 class of the trained model makes my proposed method more suitable for practical

implementations.

2.3.4 Evaluation on Extended Datasets

I validate my proposed method on other medical imaging datasets as described in section

2.2. These datasets comprise different modalities, medical conditions, and class imbalance

ratios. Since the number of classes varies in the range from two to eight, instead of showing

class-specific metrics, I present average class-specific metrics. Additionally, the mean absolute

deviation of the F1-score (MADF) is used to quantify the spread of the individual class-wise

F1-score. The lower the value of MADF, the lower the dispersion among the F1-score of

each class. Table 2.8 presents the classification performance for seven datasets listed in Table
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2.3 for Pixel, DCT, and DWT features individually. The efficiency of these features is also

tested by performing feature level fusion (FF) and score level fusion (SF). The best result

obtained in feature level fusion or score level fusion is reported in Table 2.8. The detailed

results, including precision and accuracy values, are presented in Table A.2. It is observed

that the combination of two or three types of features among pixel, DCT, and DWT has

surpassed the result obtained while using each of the features separately. Moreover, the

lower MADF with a higher ASCF of combined features also indicates superiority in handling

class imbalance. Thus, the result obtained in this experiment supports my hypothesis of the

presence of complementary information in spatial and spectral domains in medical images

that assist in decoding the underlying medical condition.

2.4 Discussion

In this study, I present a novel medical image-based diagnostic solution for the detection of

various underlying medical conditions. Along with the spatial information of the medical

images, I exploited the less explored spectral-domain information of the medical images. I

aspire to enhance disease detection performance by integrating features from spatial, spectral,

and spatio-spectral space. The proposed system comprises three stages — conversion of a

spatial image into the spectral and spatio-spectral domains, feature mapping from higher to

lower dimensions using CNN architecture, and final classification using MLP. The potential

and the robustness of the proposed method are demonstrated by using eight diverse medical

imaging datasets of different modalities, diseases to be identified, and class imbalance ratio.

The results suggest that the spatial, spectral, and spatio-spectral domain features are

solely capable of representing distinguishing characteristics of the underlying medical condi-

tions. However, integrating those three types of features results in a significant increment

in classification performance, suggesting that all three types of features possess complemen-

tary information. The saliency maps also validate the integrity of the proposed model. A

detailed study on COVID-19 shows that my method’s performance is unbiased regarding

gender and age factors. In comparison to the method proposed in (Wang et al., 2020) for

COVID-19 detection, my method achieved significantly higher sensitivity to COVID-19 class

and also marginal improvement in average class-specific accuracy, precision, and F1-score.
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Altogether, my study demonstrates a novel approach in identifying various diseases using the

medical images that can assist the healthcare worker in the primary screening process.

This study can be extended to other available medical images for generalization purposes.

Implementing different deep learning algorithms for feature extraction can be explored to

enhance performance. Three separate ResNet50 networks are trained for extracting features

from pixel, DCT, and DWT images. As a future research direction for this study, I will

consider overcoming this limitation.
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Chapter 3

An Improved Vision Transformer
Model for Medical Image based
Diagnostic Solution

Summary

The Vision Transformer (ViT) has demonstrated promise in image classification tasks, but its

performance in medical image analysis is often limited by the complexity of medical images and

the scarcity of training samples. To address these challenges, I propose a modified architecture

called ReMixViT, which incorporates an efficient MLP-Mixer layer and reorders the residual

blocks within the encoder to improve feature interaction and generalization. Furthermore, I

extend this work by designing two hybrid architectures, ResReMixViT and ResReMixViT+,

which integrate ResNet50 with ReMixViT encoder blocks to handle feature maps of single

and multiple scales, respectively. These architectures were evaluated on six diverse medical

imaging datasets covering different modalities and conditions.

The comparative analysis shows that ReMixViT and the proposed hybrid models signifi-

cantly outperform both the standard ViT models and existing hybrid approaches that use ViT

encoders. Specifically, the hybrid architectures achieved improvements of 4.62% and 3.08%

in the F1-score, demonstrating their effectiveness. When coupled with data augmentation

techniques, these models further surpassed other state-of-the-art hybrid networks. In addition

to performance metrics, I provide visual explanations through attention maps and gradient

flow visualizations, which enhance the interpretability of the proposed model. This not only

offers transparency from an explainable AI perspective but also aids medical professionals in
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making informed decisions based on model outputs. The extended study also reveals that the

proposed modifications can be effectively applied to other ViT-based architectures, yielding

similar performance gains across various medical image classification tasks.

3.1 Introduction

3.1.1 Overview

The success rate and effectiveness of any medical treatment are enhanced by the proper

diagnosis of the underlying medical condition. The accurate diagnosis of diseases needs

rigorous, arduous training. Moreover, the availability of skilled people often does not meet the

demand, specifically in rural areas. Applying machine learning algorithms to clinical images

to provide primary detection of the underlying medical condition may ease the diagnostic

process. However, further assessment by the domain expert is essential as human health is

discussed here. The performance of such computer-aided diagnostic systems improves with

the evolution of machine-learning algorithms. One necessary aspect of such a diagnostic

system is that it should not only predict the right medical condition but also explain its

decision as a visual aid. Thus, domain experts can assess the reliability of the system.

The automated diagnostic system faces two significant challenges — extraction of intri-

cate, distinct patterns and scarcity of training data. The convolutional neural network (CNN)

based deep learning models dominate the automated categorization of images, including clin-

ical images (Nardelli et al., 2018; Alzubaidi et al., 2022; Shin et al., 2016; Jain et al., 2019;

Szegedy et al., 2015; Rocha et al., 2023; Malik et al., 2023; Ghosh et al., 2021) for years.

Though the convolution layer is very expressive in extracting complex local features, it lacks

in learning the global portrayal of images, i.e., the associations among the local features due

to its local receptive field. The view of the receptive field can be broadened at the cost of a

heavy computation burden that is far from practical. Transformer, an attention-based deep

learning model first coined by Vaswani et al. (Vaswani et al., 2017), has thrived in the natural

language processing domain. Though the transformer architecture model entirely discards

convolution layers, it has found its potential in computer vision applications (Dosovitskiy

et al., 2020; Touvron et al., 2021a; Dai et al., 2021) by overcoming the limitation of inductive

convolutional biases. Vision Transformer (ViT) (Dosovitskiy et al., 2020) is the first adapta-
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tion of the transformer in image analysis. Afterward, the efficient application of transformer

encoder blocks has been reported in various computer vision studies (Wang et al., 2021a;

Liu et al., 2021; Ranftl et al., 2021) for classification as well as segmentation purposes. ViT

employs the self-attention mechanism of transformers on the patches extracted from input

images. Thus, it produces a simply explainable illustration by highlighting the contributing

areas of an image. However, it lacks in extracting complex distinguishing patterns from the

images. Thus, the subtle characteristics that play an important role in detecting medical

conditions from images are not learned by the model efficiently. So, I propose a modified

ViT architecture, referred to as ReMixViT, intending to enhance the model’s ability to learn

to extract delicate and complex patterns. The conventional ViT encoder block comprises a

Multihead Self Attention (MSA) residual block and a Multilayer Perceptron (MLP) residual

block. I make two changes in the conventional ViT encoder block. Firstly, I replace the MLP

residual block with MLP-Mixer (Tolstikhin et al., 2021) block, which is based on MLP opera-

tion applied on both channel and spatial locations sequentially. Thus, MLP-Mixer establishes

relations among different feature channels and spatial locations defined by the patches of the

images. This attribute makes MLP-Mixer more efficient than MLP in extracting features by

allowing two-way communication. Secondly, I swap the order of the residual blocks. Thus,

MSA is applied to the output of the MLP-Mixer residual block instead of applying MSA to

image patches. I anticipate this modification will improve performance as MSA highlights

the relations among the complex features modeled by MLP-Mixer. The experimental re-

sults support my hypothesis of achieving superior performance with the proposed ReMixViT

architecture.

I extend my study by considering a hybrid approach where the ReMixViT encoder blocks

are fused with state-of-the-art CNN models. The underlying patterns that characterize one

medical condition from another are intricate, so CNN models facilitate complex feature ex-

traction. Subsequently, the extracted features are fed to ReMixViT encoder blocks as patches

that operate in a semantic token space, judiciously attending to different patches based on

context. In this study, I propose two hybrid models comprising convolutional neural networks

and ReMixViT encoder blocks for medical image classification by blending the goodness of

both models. The first model (referred to as Res-ReMixViT) is a simple cascaded architecture

of CNN and ReMixViT encoder block, whereas the concept of auxiliary classifier (Szegedy
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et al., 2016) has been utilized in the second architecture (referred to as Res-ReMixViT+).

Here, two ReMixViT encoder blocks as auxiliary classifiers have been attached to the former

hybrid model not only to improve its convergence but also to enhance its performance by

learning via encoder blocks of different scales.

I validate my hypotheses on six publicly available medical imaging datasets. The diversity

of the dataset lies in the modality, type of diseases, number of categories, and class imbalance.

Hence, the generalization ability and robustness of the proposed method are established

through this study.

The contributions of this chapter are outlined as follows:

• I present ReMixViT, a tailored adaptation of the ViT architecture specifically designed

to effectively capture the intricate patterns in medical imaging that indicate underlying

medical conditions.

• I introduce two hybrid architectures, Res-ReMixViT and Res-ReMixViT+, which in-

tegrate ResNet50 with the proposed ReMixViT encoder blocks in two distinct config-

urations. These hybrids are designed to harness the strengths of both architectures,

leading to enhanced performance.

• To validate the efficacy of ReMixViT and the proposed hybrid architectures, I perform

experiments on six medical imaging datasets, each encompassing diverse modalities and

medical conditions. This extensive evaluation underscores the potential of the proposed

models in medical image classification tasks.

• Beyond performance evaluation, I offer visual interpretations of my proposed models,

including attention maps and class activation maps. These visual aids enhance the

understanding and interpretability of the models’ decision-making processes.

• I further demonstrate the generalization capability of the proposed modifications by

successfully adapting them to various vision transformer architectures, achieving sig-

nificant performance improvements across different models.
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3.1.2 Background

The adaptation of the transformer architecture in image classification tasks has paved the

way toward the domain of medical imaging. Though the number of parameters in ViT is

high compared to CNNs, due to its interpretability of the model’s prediction, ViT has been

widely accepted in medical image classification and segmentation tasks. In the following two

paragraphs, I review the articles using ViT architecture with or without any modifications

and the hybrid architectures (combining CNN and ViT) for medical image classification tasks.

The pure ViT architecture has been employed in various medical image classification

tasks — COVID-19 infection detection from Chest radiograph images (Mondal et al., 2021;

Park and Ye, 2022), fundus image classification (Yu et al., 2021), skin lesion classification (Xin

et al., 2022), Histological subtype detection, tumor detection (Gheflati and Rivaz, 2022), brain

stroke assessment (Ayoub et al., 2023). Few studies have reported the assimilation of multiple

pure ViT architectures at different scales to incorporate both global and local attention

to the clinical images simultaneously. For instance, multi-scale ViT-based architecture for

characterizing whole-slide histopathological images (Chen et al., 2022c) and for estimating

brain age from brain MRI (He et al., 2021).

Another line of study uses both the global attention of CNN and local connectivity drawn

by ViT models. Several such task-specific networks are reported in the following studies.

A transformer encoder-decoder based lesion-aware network is proposed to grade the level of

diabetic retinopathy from the fundus images in (Sun et al., 2021). He et. al. proposed a

hybrid architecture to compute global-to-local attention for estimating brain age from brain

MRI (He et al., 2021). GasHis-Transformer, another hybrid model, developed by Chen et

al.2022 (Chen et al., 2022b) to diagnose gastric cancer from histopathological images. In an-

other study (Zhao et al., 2022), a ViT-based model has been proposed to classify the cervical

cells in the scenario of data scarcity and class imbalance. The integration of the transformer

encoder block with CNN architecture is also reported for mammogram classification task

(Xia et al., 2023). MedViT proposed by Manzari et al. (Manzari et al., 2023) is claimed to

be a robust hybrid architecture that efficiently integrates the local and global connectivity

inferred by CNNs and ViTs, respectively. Similarly, another hybrid architecture (Liang et al.,

2022) integrates local and global features from CNN and ViT to distinguish COVID-19 CT.
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Similarly, all these ViT-based architectures as well as hybrid architectures, excluding Med-

ViT (Manzari et al., 2023) are designed for a particular task at hand. The proposed hybrid

architectures are not limited to any particular type of task but rather can be generalized to

various medical image classification tasks.

3.2 Methods

3.2.1 Vision Transformer

The transformer, introduced as a sequence transduction model, is composed of encoders and

decoders. Afterward, it has been adapted in the domain of image classification (Dosovitskiy

et al., 2020; Valanarasu et al., 2021), image segmentation. ViT (Dosovitskiy et al., 2020), one

of the successful adaptations of the transformer in the image classification task, considers only

the encoder blocks of the transformer. As my task is to classify medical images according to

the underlying medical condition, I consider ViT to be the base architecture. Before feeding

the images into the encoder block, images are decomposed into patches, and patches are

converted to embedding vectors by applying the linear transformation. In the next step,

the class token is appended to the embedding vector, and a positional encoding is added

afterward to preserve the positional information of the patches. Both the class token and

the positional encoding are learned while training the model. The encoder block comprises

two residual connections, as illustrated in Fig. 3.1(a). The first one surrounds the layer

normalization and the Multihead Self-Attention (MSA) block, referred to as the MSA residual

block (Fig. 3.2(e)). The second residual connection surrounds the layer normalization and the

Multilayer Perceptron (MLP) block, known as the MLP residual block (Fig. 3.2(f)). Layer

normalization ensures that the mean and standard deviation of the previous layer output

remain approximately 0 and 1, respectively. The key feature that makes the ViT model

unique is the use of MSA abandoning convolutions. The attention mechanism computes a

weighted sum of the value vectors (V), where the weights are determined by the similarity

between a query vector (Q) and a set of key vectors (K). Specifically, the attention score

is calculated using the scaled dot-product attention formulation, as shown in equation 3.1.

Here, Q,K ∈ Rn×dk and V ∈ Rn×dv , where n is the number of tokens (or patches). The

softmax operation is applied across the rows of the matrix product QKT , ensuring that for
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each query, the resulting attention weights over all keys sum to 1.

Attention(Q,K, V ) = Softmax

�
QKT

√
dK

�
V (3.1)

Since the vector query, key, and value are derived from the input itself, the name self-attention

is justified. In the case of Multi-Head Self-Attention (MSA), instead of computing a single

attention score, the input X ∈ Rn×dmodel (n is the number of token and dmodel is the embedding

dimension of each token) is linearly projected into multiple sets of queries, keys, and values

— one for each attention head using learned projection matrices. Attention is then computed

independently in each subspace, and the outputs are concatenated and linearly transformed to

form the final result. Thus, MSA establishes relations among not only different input vectors

representing patches but also different segments within an input patch. The attention score

obtained from h different heads are combined by concatenating and linear projection as given

by equation 3.2.

MSA = Concat(SA1, SA2, . . . , SAh) ·W, where W ∈ R(h·dv)×dmodel (3.2)

where SAi = Attention(XW q
i , XW k

i , XW V
i ) is the attention score obtained by ith head

and Concat(·) represents column-wise concatenation operation. All the projection matrices

W ∈ Rh·dv×dmodel , WQ
i ,WK

i ,W V
i ∈ Rdmodel×dk are learned during the training process. In the

Transformer architecture, dmodel represents the embedding dimension of the model, and for

multi-head attention with h heads, each head typically uses dk = dv = dmodel
h . The MLP block

consists of fully connected layers, GELU activation layers, and drop-out layers. The MLP

block is designed with fully connected layers accompanied by the GELU activation function

so that the dimensions of input and output to the MLP blocks remain the same. The patch

embedded bock is followed by sequentially connecting several encoder blocks, resulting in

ViT architecture. In the context of medical image classification, there is a constraint on the

number of trainable parameters of the network due to the scarcity of labeled training data.

The appropriate number of encoder blocks in the ViT model is decided by empirical evidence,

which is 12 (for a detailed description of the experiment, refer to Section 3.3.3). The total

number of trainable parameters of ViT architecture comprising 12 encoder blocks with a 512

number of nodes in the MLP layers is 19.5 M.
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3.2.2 MLP-Mixer

MLP-Mixer architecture is proposed by Tolstikhin et al. (Tolstikhin et al., 2021), which does

not use either convolution or self-attention for image classification tasks. MLP-Mixer block

consists of two sequential sets of MLP blocks with residual connections. However, these two

MLP blocks differ in how they are applied to the input matrix. Each of the MLP blocks

comprises two fully connected layers, with GELU as an activation function in between and

a residual connection. The input matrix is of size n× c where n and c represent the number

of patches and the number of channels, respectively. Before the application of the first MLP

block, the input matrix is transposed, and each channel (comprising information from all

the patches) is fed to the two fully connected layers sequentially. Moreover, the output from

the last fully connected layers of this MLP block is again transposed to maintain its original

dimension. Similarly, the second MLP block is applied to the output of the first MLP block.

However, the input to the fully connected layers are patches containing information from each

of the channels. Thus, the first MLP blocks establish relations among the different patches,

hence referred to as token-mixing or patch-mixing. On the other hand, the second MLP block

allows commutation between different channels and is referred to as channel-mixing. This

attribute of two-way interactions makes MLP-Mixer superior to simple MLP operations in

the context of modeling complex attributes.

3.2.3 Proposed Modification over ViT

Characterizing biomedical images for disease identifications involves a complex feature extrac-

tion process. Additionally, medical image classification tasks usually have a limited number

of training samples, making the classification difficult using a deep learning model with many

parameters. While training a ViT model for predicting underlying medical conditions from

medical images, I observed that the low test performance is due to low training performance

(Figure 3.4). This suggests the inefficiency of the ViT model in modeling complex and sub-

tle distinguishing attributes of medical conditions. Thus, there is a scope to enhance the

training as well as test performance by learning those attributes. The encoder block of ViT

comprises two residual blocks joined sequentially. The first residual block is made up of a

normalization operation followed by MSA, which computes the attention map from the input
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Figure 3.1: The architecture of ViT, MixViT, ReViT, and ReMixViT encoder block is shown
in (a), (b), (c), and (d) panels of the figure. (e), (f) and (g) respectively depict the architecture
of the MSA residual block, MLP residual block, and MLP-Mixer residual block.

feature vector. The second residual block comprises normalization operation and a multilayer

perception that models the underlying complex patterns. Thus, for each encoder block, the

process of complex feature mapping is performed after the execution of the MSA operation.

Instead, I propose a modification of reversing the sequence of residual blocks. I first perform

the operation of complex feature extracting followed by the MSA estimation. The motivation

behind such modification is that the application of MSA on the extracted complex feature

by MLP residual block instead of patches extracted from original images would lead to su-

perior modeling ability of complex patterns. Secondly, I replace the MLP residual block of

the encoder with the MLP-Mixer residual block (shown in Fig. 3.1(g)) as both patch-wise

and channel-wise communication might lead to extracting additional information regarding

medical condition detection tasks. I refer to this modified ViT architecture as ReMixViT,

where R stands for reverse and MM stands for MLP-Mixer. Other than ViT and ReMixViT

architectures, I have considered two more architectures, ReViT and MixViT, for the ablation

study. ReViT is the modified ViT architecture where the only change is the reverse order

occurrence of MLP residual block and MSA residual block. In MixViT architecture, the only
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Figure 3.2: Architecture of proposed hybrid models — (a) ResNet-ViT/Resnet-ReMixViT
and (b) Res-ReMixViT+. The encoder blocks in both architectures represent the correspond-
ing encoder block of the ViT/ReMixViT model (presented in Fig. 3.1(d)). For example, in
the case of ResNet-ViT, the encoder blocks represent ViT encoder blocks. Similarly, in
ReMixViT, the encoder block is considered in the case of Res-ReMixViT+. The block di-
agram of ConvBlock, IndentityBlock, and Classification Head is shown in (c), (d), and (g)
panels of the figure, respectively.

difference is the replacement of MLP with the MLP-Mixer layer. The parameters of ReViT

and MixViT are similar to ViT and ReMixViT, respectively. For reference, the encoder blocks

of ViT, MixViT, ReViT, and ReMixViT are shown in (a), (b), (c), and (d) panels of Figure

3.1 respectively. With a similar number of encoder blocks as in ViT architecture, the number

of trainable parameters of ReViT is 19.5 M, while the same for MixViT and ReMixViT is

20.4 M, which is comparable with the considered ViT model for this study.

3.2.4 Architectures of Proposed Hybrid Models

In the context of medical image analysis, I also investigate the potential of two deep neural

network architectures that result from two types of hybridization of traditional CNN and
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proposed ReMixViT. The purpose of this fusion of these two networks is so that complex

features extracted by the CNN architecture are fed to the ReMixViT encoder block to esti-

mate MSA. ResNet50 is considered the backbone of the integrated models in famous CNN

architecture. ResNet50 is essentially comprised of cascaded convolutional and identity blocks

in a particular fashion. The first architecture, referred to as Res-ReMixViT, is developed by

replacing the final identity layer of the ResNet50 architecture series of transformer encoder

blocks as shown in Fig. 3.2. Thus, instead of passing the representative vectors projected

from image patches, the complex features extracted by the part of the ResNet50 model are

directed to the encoder block of ReMixViT through the process of appending class tokens and

adding position encoding. Finally, a block of alternative dense layers and batch normalization

layers leads to the ultimate class probabilities. I consider a similar hybrid architecture by

replacing the ReMixViT encoder block with the ViT encoder block for comparison purposes.

The second architecture is proposed by introducing deep supervision into Res-ReMixViT

through the addition of auxiliary classifiers. Specifically, two auxiliary classifiers, each com-

prising ReMixViT encoder blocks, are attached to intermediate layers of Res-ReMixViT, as

illustrated in Fig. 3.2. This deeply supervised design aligns with the concept introduced by

Lee et al. (Lee et al., 2015), where intermediate layers receive direct supervision to facil-

itate improved feature learning and gradient flow. I refer to this enhanced architecture as

Res-ReMixViT+. The encoders within these auxiliary classifiers, along with the primary clas-

sification head, receive features from different levels with varying patch sizes. Consequently,

attention scores are computed from multi-scale feature representations.

The ability of the hybrid models to identify different medical conditions is assessed by

comparing their performance with the ResNet50 model. Therefore, while designing the hybrid

models, it is ensured that the numbers of parameters of the models to be compared are in

a similar range (lies between 25 M and 28 M). As a result, ReMixViT includes four Res-

ReMixViT encoder blocks with multi-head self-attention layers with eight heads. On the

other hand, Res-ReMixViT+ incorporates two Res-ReMixViT encoder blocks at the final

stage and one Res-ReMixViT encoder block within each of the two auxiliary classifiers.
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3.2.5 Attention Map

The attention map represents the distribution of the attention weights over the input image as

experienced by the trained model. From a trained encoder block, I can extract the attention

score for each of the heads of an MSA layer as computed by equation 3.1. This attention score

is then averaged over all the heads. For a particular encoder block, the attention weights,

i.e., the attention score as computed by equation 3.1 experienced by each head, are averaged,

and an identity matrix is added to the mean attention score to consider the effect of residual

connection. The resulting attention weight is then recursively multiplied over the number of

encoder blocks to get the final attention map.

3.3 Experiment and Analysis

3.3.1 Dataset Description

This study evaluates the proposed ReMixViT and hybrid architectures using six medical

imaging datasets to assess their effectiveness across diverse clinical scenarios. Each dataset is

from a different modality and aims to address other separate medical conditions. For example,

mammography images detect mass accumulation or calcification in breast tissue; various skin

lesions are studied using dermoscopic images, etc. The diversity also lies in the number of

classes, i.e., the medical conditions and the imbalance ratio (ratio of the number of samples

of the largest class to that of the smallest class). The selection of diverse datasets makes

the experiment more robust and generalized. The detailed description of each of the datasets

used in this study is presented in Table 3.1. Unless mentioned explicitly, the available samples

are divided into 80:20 ratios for training and testing purposes, respectively. The images from

all the datasets are resized into the dimension of 224 × 224 × 3.

3.3.2 Experimental Setting

All the codes are written in Python language and are executed using Keras with TensorFlow as

the back-end on a computer with an Intel Core i5 processor running at 2.40 GHz using 16 GB

of RAM and NVIDIA GeForce RTX 2060 GPU with 6 GB RAM. The code is available at this

GitHub repository https://github.com/SusmitaSenGhosh/ReMixViT-Enhancing-Clinical-Image-
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Table 3.1: Detailed description of the six medical imaging datasets.

Dataset Purpose Modality #Classes #Samples IR

Colorectal Histology (Kather et al., 2016) Tissue type detection Histology images 8 5000 01.00

CBIS DDSM (Sawyer-Lee et al., 2016)
Condition of breast
cancer detection

Mammography 5 10,728 32.76

Chestxray (Kermany et al., 2018) Pneumonia detection X-ray 2
Train: 4232
Test: 624

02.88

Fundus (DeepDRiD, 2020)
Diabetic retinopathy
gradation

Fundus retinal images 5
Train: 1200
Test: 400

07.70

ISIC18 (Codella et al., 2019) Skin lesion type detection Dermoscopic images 7 10,015 58.86

PBC (Acevedo et al., 2020) Blood cell classification
Peripheral blood
cells images

8 17092 02.74

#Class: Number of classes, #Samples: Number of samples, IR: Imbalance ratio

Analysis-with-Hybrid-Vision-Transformers-and-Adaptive-Feature-Mix.

I followed the same protocol and hyperparameters for training both models. The mean

square error loss function is optimized with Adam optimization algorithms for learning model

parameters. The models are trained up to 100 epochs with a batch size of 16. I used an

exponential decaying learning rate with the number of epochs with an initial learning rate of

0.0002 and a decaying factor of 0.1. The medical imaging datasets considered in this study

have diversity in class imbalance ratios ranging from 1 to 58.86. Thus, to overcome the

effect of the existing class imbalance over the classification performance, I incorporate class

weights in the loss function. The weight corresponding to ith class is computed by N/(cNi),

where N , Ni and c represent the total number of samples irrespective of classes, number of

samples that belong to ith class and the number of classes respectively. The final loss that is

backpropagated is the class-wise weighted sum of loss.

I have considered six medical imaging datasets, with the number of classes in each dataset

ranging from two to eight and the ratio of class imbalance extending up to 58.86. In this

scenario, accuracy is not adequate to quantify the behavior of the model due to its high bi-

asedness toward the majority class. Recall, precision, and F1-score, three widely used metrics

in medical applications represent the behavior of the classification model more judiciously

as compared to accuracy (Hicks et al., 2022). Recall measures the proportion of samples

belonging to a particular class identified correctly, and precision denotes the proportion of

samples tagged to a particular class that belongs to that class. F1-score is the harmonic

mean between these quantities of inverse relation. As the number of classes extends up to

eight, I consider the average class-specific recall, precision, and F1-score (ACSR, ACSP, and
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ACSF) as performance metrics. These metrics are not influenced by the performance of the

majority class but rather impart equal weight to each of the classes. Let, C be the confusion

matrix for the classification task where element cij indicates the number of samples of ith

class predicted as of jth class. Three metrics, ACSR, ACSP, and ACSF, can be defined in

terms of the elements of the confusion matrix as follows.

ACSR =
1

n

X

i

Recalli =
1

n

X

i

CiiP
j Cij

, (3.3)

ACSP =
1

n

X

i

Precisioni =
1

n

X

i

CiiP
j Cji

, (3.4)

ACSF =
1

n

X

i

F1i =
1

n

X

i

2 · Recalli ·Precisioni

Recalli + Precisioni
. (3.5)

Moreover, I also considered another metric, the mean absolute deviation of F1-scores (MADF),

defined by the following equation.

MADF =
1

n

X

i

|F1i−
1

n

X

j

F1j |. (3.6)

MADF metric is not capable of quantifying the performance solely. However, it is helpful for

the instances where ACSF yields similar results. It measures how class-specific F1-scores are

spread out, thus quantifying the degree of handling class imbalance. For a fixed ACSF value,

the lower value of MADF indicates better performance.

Along with these metrics, I have also reported the area under the receiver operating

characteristics curve, which is independent of the threshold applied to the probability score

produced by the models.

3.3.3 Performance of proposed ViT

I start with an experiment for determining the optimum number of encoder blocks of ViT

architecture suitable for the context of medical image classification. ViT models with 4,

8,12, and 16 encoder blocks are trained and evaluated on six considered datasets (Figure

3.3). According to the performance metrics (ACSR, ACSP, ACSF, and AUC), the optimum
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Figure 3.3: Evolution of performance metrics (averaged over six datasets) of ViT architecture
with the increasing number of encoder blocks.

number of encoder blocks for ViT architecture is 12 in the experimental setup, as described

in the previous section. Hence, throughout this study, I have employed 12 encoder blocks for

all four ViT, ReViT, MixViT, and ReMixViT models for impartial comparison.

In this section, I evaluate the performance of the proposed ReMixViT model on six

different medical imaging datasets mentioned in section 5.4. I compare the performance of

the proposed ReMixViT model with the conventional ViT model (baseline method). The

detailed description of the architecture with parameters used in this study is discussed in

section 3.2.1 and 3.2.3, respectively.

Fig. 3.4 shows ASCF curves of training and test data with respect to epoch number

for both ViT and ReMixViT models. It is explicitly established from Fig. 3.4 that the

training performance of ReMixViT surpasses the performance of the ViT model for all the

six datasets considered in this study. This indicates that the proposed model can characterize

complex patterns more efficiently than ViT. Moreover, the training ACSF curves of ReMixViT

saturate with a lesser number of epochs as compared to that of ViT. Thus, I can achieve

better performance with fewer epochs using the ReMixViT model. It is also noticed that

the training performances and the ACSF graph of the ReMixViT model for test data are

elevated compared to the ViT model. This phenomenon also eliminates the possibility of any
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Figure 3.4: Comparison of ASCF performance curve of ViT and ReMixViT model concerning
epochs for six medical imaging datasets.

over-fitting. Altogether, the superiority of ReMixViT over conventional ViT is established

through this experiment. The performance of these two models at 100th epoch is presented

in Table 3.2. For each dataset, I observe the increase in classification performance with the

proposed model in terms of ACSR, ACSP, ACSF, and MADF metrics. Using the proposed

ReMixViT model, I observed an average increase of 3.72%, 5.01%, and 4.62% in ACSR,

ACSP, and ACSF performance, respectively, over ViT with a comparable number of model

parameters and floating-point operations (FLOps). Additionally, the proposed modification

over ViT has reduced the value MADF metric with improved ACSF for all the datasets,

implying the superiority in balancing the disproportion in class-wise samples. Moreover, the

performance of the ViT and ReMixViT models are compared by ROC curves and AUROC

value (presented in Figure 3.5), which is independent of the threshold applied to the class

probabilities yielded by the models, unlike ACSR, ACSP, and ASCF. For the datasets with

a number of classes greater than two, I have plotted the macro-average of the one-versus-rest

ROC curve. I observe improvements in AUROC values of ReMixViT over the ViT model to

be in the range of 0.04 to 0.12 for the six datasets, justifying the proposed modification.

While developing a diagnostic solution, it is important to validate the behavior of the
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ViT
ReMixViT

Figure 3.5: Comparison of ROC curve of ViT and ReMixViT model concerning epochs for
six medical imaging datasets.

Table 3.2: Comparison of Classification Performance of ViT and ReMixViT (Proposed) Model
for Six Medical Imaging Datasets.

Datasets
ViT ReMixViT

ACSR ACSP ACSF MADF ACSR ACSP ACSF MADF

Colorectal
Histology

84.28 84.68 84.39 06.34 86.32* 86.42* 86.34* 05.96*

±1.06 ±1.05 ±1.06 ±0.47 ±1.14 ±1.12 ±1.13 ±0.77

CBIS
DDSM

36.65 27.89 28.30 22.03 42.5* 30.46* 31.45* 20.84
±1.86 ±2.15 ±2.01 ±1.54 ±1.54 ±1.93 ±1.87 ±1.23

Chestxray
64.83 76.93 64.71 16.68 65.38 82.26* 65.11 16.34
±0.78 ±2.29 ±0.89 ±0.59 ±0.58 ±2.13 ±0.72 ±0.62

Fundus
32.37 32.14 31.00 18.35 34.95* 34.87* 34.76* 16.96*

±1.24 ±1.18 ±1.06 ±0.79 ±1.38 ±1.28 ±1.11 ±0.81

ISIC18
50.72 36.14 38.83 12.95 58.71* 51.05* 54.24* 11.70*

±2.98 ±1.87 ±2.56 ±0.68 ±3.42 ±2.87 ±3.15 ±0.87

PBC
92.60 92.93 92.75 04.35 95.90* 95.68* 95.78* 02.60*

±1.26 ±1.34 ±1.30 ±1.22 ±1.13 ±1.07 ±1.11 ±0.93

* marks the statistically significant improvement.
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Figure 3.6: Attention maps for Colorectal Histology and PBC dataset are presented in panels
(a) and (b), respectively. A single test sample from each class of the datasets is selected, and
the corresponding attention maps for both the ViT and ReMixViT models are displayed in
this figure.

developed model by inspecting the contributing features. Compared with ViT, the ReMixViT

model attains better performances in ACSR, ACSP and ACSF for all six medical imaging

datasets. In this section, I analyze attention maps generated from both models to identify

the attributes of the ReMixViT model that make it superior to ViT in this study. Fig.

3.6 compares the attention maps of both models. I consider one sample from each class of

Colorectal Histology and PBC datasets. The eight different types of tissues are distinguished

by their texture. For example, Tumor and Stroma tissue have different textures as the latter

is more loosely structured and arranged in a specific direction Eroschenko (2005), Adipose

tissues are characterized by their band-like structure, the non-centric nuclei. I observe that

the regions highlighted in the attention map of the ReMixViT model include the regions

that exhibit such patterns. Histologically, the blood cell types can be characterized by their

size, stain of the granules, the morphology of their nucleus, presence of nuclei, number of
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Table 3.3: The performances of ViT, ReViT, MixViT, and ReMixViT for six datasets are pre-
sented. The relative improvement concerning the performance of the ViT model is indicated
in the last row.

Datasets
ViT ReViT MixViT ReMixViT

(FLOPs: 8.6 G, (FLOPs: 8.6 G, (FLOPs: 9.57 G, (FLOPs: 9.57 G,
Params.: 19.5 M) Params.: 19.5 M) Params.: 20.4 M) Params.: 20.4 M)

ACSR ACSP ACSF ACSR ACSP ACSF ACSR ACSP ACSF ACSR ACSP ACSF

Colorectal
Histology

84.28 84.68 84.39 89.78 89.66 89.68 82.22 82.15 82.11 86.32 86.42 86.34

CBIS
DDSM

36.65 27.89 28.30 36.12 27.48 27.80 41.90 30.44 31.67 42.50 30.46 31.45

Chestxray 64.83 76.93 64.71 69.74 81.87 70.70 68.21 82.23 68.81 65.38 82.26 65.11
Fundus 32.37 32.14 31.00 35.60 36.23 33.48 35.70 36.34 35.93 34.95 34.87 34.76
ISIC18 50.72 38.83 36.14 58.70 40.49 43.95 48.70 38.99 42.27 58.71 51.05 54.24
PBC 92.60 92.93 92.75 96.29 95.90 96.08 95.82 95.82 95.81 95.90 95.68 95.78

Average 60.24 58.90 56.22 64.37 61.94 60.28 62.09 61.00 59.43 63.96 63.46 61.28
Improvement over ViT +4.13 +3.04 +4.07 +1.85 +2.10 +3.22 +3.72 +4.56 +5.07

lobes in nuclei, nucleus to cytoplasm ratio, etc Prinyakupt and Pluempitiwiriyawej (2015).

Though both models capture these attributes efficiently, ReMixViT localizes multi-lobe nuclei

more accurately as compared to ViT. Thus, class prediction performance and attention map

altogether suggest the usefulness of the proposed ReMixViT module.

3.3.4 Ablation Study

I propose the ReMixViT architecture over the conventional ViT architecture by modifying it

in two ways. Firstly, I reverse the sequence of the MLP residual block and MSA residual block.

Secondly, I incorporate the MLP-Mixer layer by replacing the MLP layers of the MLP residual

block. Thus, I consider two more architectures, ReViT and MixViT, to study the effect of

each modification separately and conduct a complete ablation study. The architectures of

the encoder block of ReViT and MixViT are shown in Fig. 3.2. ReViT is the modified ViT

architecture where the only change is the reverse order of occurrence of MLP residual block

and MSA residual block. In MixViT architecture, the only difference is the replacement

of MLP with the MLP-Mixer layer. The parameters of ReViT and MixViT are similar

to those of ViT and ReMixViT, respectively. The protocol and hyperparameters used for

training ReViT and MixViT models are as mentioned in section 3.3.2. Table 3.3 presents the

performance of ViT, ReViT, and ReMixViT models averaged over all six datasets. It also

quantifies the relative improvement of each model with respect to ViT.
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It is noted from table 3.3 that each of the modified ViT models with a single change (Re-

ViT, MixViT) as well as ReMixViT shows improvements in classification performance over

ViT. The result suggests the significance of each of the modifications that are made individ-

ually. Though the performance yielded by ReMixViT does not surpass the performances of

ReViT and MixViT in every case individually, it showed the best performance in terms of

ACSF when averaged over all the datasets considered here. Thus, the result justifies the con-

sidered changes made over conventional ViT to construct ReMixViT for modeling intricate

details of clinical images.

3.3.5 Performance of Proposed Hybrid Model

Next, I present the performance of the proposed hybrid architecture by combining the

ResNet50 with ReMixViT, referred to as Res-ReMixViT (Fig. 3.2(e)). Since ResNet50 is

the backbone of the proposed architecture, along with Res-ReMixViT, the performance of

ResNet50 is also reported for comparison purposes. To evaluate the effectiveness of the pro-

posed ReMixViT encoder block compared to the standard ViT encoder block, even in a hybrid

architecture, I also include the performance of a ResNet-ViT baseline. ResNet-ViT follows

a similar architecture as Res-ReMixViT where ReMixViT encoder block is replaced by the

ViT encoder block (Fig. 3.2(e)). The training protocol and all the hyperparameters used

for training the models are the same as in the previous sections. All the models have been

trained up to 50th epochs for each of the six datasets. For the datasets, that do not explicitly

mention the train and test samples (Colorectal Histology, CBIS DDSM, ISIC18, and PBC), I

follow a 5-fold cross-validation strategy, otherwise, I train each model 10 times with different

random initialization of the network weights. In table 3.4, I report the mean and standard

deviation of performance metrics obtained in 5 folds or 10 random repetitions. I perform

unpaired t-tests to assay whether the improvements achieved by the proposed hybrid models

are significant or not.

It is evident from the table 3.4 that integrated models (both ResNet-ViT and Res-

ReMixViT models) attain better performance for all the datasets as compared to ResNet50,

a popular CNN model. ResNet-ViT performs better than the ResNet50 model for all the

datasets except the ISIC18 dataset. The proposed hybrid architecture Res-ReMixViT mod-

ule surpasses both ResNet50 and ResNet-ViT models in terms of all considered metrics. The
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Table 3.4: Comparison of classification performances (in terms of mean±standard deviation
of ACSF MADF, and AUROC) of baseline models (ResNet50 and ResNet-ViT) and pro-
posed hybrid models (Res-ReMixViT and Res-ReMixViT+) models for six medical imaging
datasets.

ResNet50 Res-ViT Res-ReMixViT Res-ReMixViT+

Datasets ACSF MADF AUROC ACSF MADF AUROC ACSF MADF AUROC ACSF MADF AUROC

Colorectal
Histology

94.89 2.97 99.44 95.06 3.15 99.51 95.50* 2.79 99.61** 95.57* 2.84 99.62*
±0.33 ±0.33 ±0.12 ±0.30 ±0.32 ±0.02 ±0.24 ±0.22 ±0.05 ±0.22 ±0.24 ±0.03

CBIS
DDSM

48.73 18.3 92.87 51.52 17.29 91.34 53.32* 17.54 94.87* 55.76** 17.18 96.49**
±1.52 ±0.50 ±0.50 ±1.41 ±0.40 ±0.99 ±0.57 ±0.36 ±0.23 ±0.77 ±0.30 ±0.23

Chestxray
70.6 13.96 83.71 70.98 13.8 86.39 74.61* 11.37* 88.39* 76.16** 10.53** 88.54*
±0.68 ±0.46 ±1.05 ±1.60 ±1.07 ±1.29 ±0.32 ±0.18 ±0.95 ±0.82 ±0.50 ±1.45

Fundus
47.11 16.51 79.34 50.57 16.11 81.22 51.42* 14.34* 81.87* 54.09** 14.62* 81.92*
±0.21 ±0.16 ±0.04 ±0.55 ±0.35 ±0.39 ±0.74 ±0.48 ±0.26 ±0.58 ±0.39 ±0.12

ISIC18
70.25 9.93 93.21 70 10.26 91.44 71.29* 9.23 93.76* 74.77** 09.34* 94.81**
±0.29 ±0.71 ±0.33 ±0.90 ±0.56 ±0.47 ±0.49 ±0.57 ±0.16 ±0.42 ±0.20 ±0.20

PBC
98.91 0.83 99.93 98.81 0.8 99.91 99.01* 0.66* 99.94* 99.06* 0.62* 99.95*
±0.02 ±0.09 ±0.00 ±0.15 ±0.11 ±0.01 ±0.01 ±0.11 ±0.01 ±0.03 ±0.06 ±0.00

Average 71.75 10.42 91.42 72.82 10.24 91.64 74.19 9.32 93.07 75.9 9.19 93.56

Comparison w.r.t to ResNet50 +1.08 −0.18 +0.22 +2.44 −1.10 +1.66 +4.15 −1.23 +2.14
Comparison w.r.t to Res-ViT +1.37 −0.91 +1.44 +3.08 −1.05 +1.92
Comparison w.r.t to Res-ReMixViT +1.71 −0.13 +0.48

AUROC values are in the range [0, 1] and are represented here in ×10−2 scale for readability.
Mean value of metrics greater than that for ResNet50 and ResNet-ViT models are marked by bold fonts.
* indicates the statistically significant improvement in performance metric over both ResNet50 and
ResNet-ViT.
** indicates the statistically significant improvement in performance metric over ResNet50, ResNet-ViT and
Res-ReMixViT.
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lower value of MADF suggests that the existing class imbalance is handled more successfully

by Res-ReMixViT than ResNet-ViT. The outcome of this experiment demonstrates the effi-

cient integration of CNN with ReMixViT encoder blocks for modeling complex patterns in

medial images that play a crucial role in detecting underlying medical conditions.
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Figure 3.7: Gradient maps for ResNet50, Gradient map, attention map, and combined map
for hybrid models (ResNet-ViT and Res-ReMixViT) for samples from the Chestxray dataset
are presented. The red line marks consolidations in the right lungs.

Gradient-weighted Class Activation Mapping (Grad-CAM) (Selvaraju et al., 2017) is an

approach to visualize the rough localization of salient regions in the input image that con-

tribute to a model’s class prediction. Grad-CAM works by computing the gradients of the

class-specific score (i.e., the output corresponding to the predicted class) with respect to the

feature maps of the final convolutional layer. These gradients are then globally averaged to

obtain importance weights, which are used to compute a weighted combination of the feature

maps, producing the localization map. In proposed case, the proposed hybrid networks are

a fusion of CNN and ViT or ReMixViT encoder blocks in a cascaded manner. Therefore,

I use Grad-CAM to visualize the gradient flow through the final convolutional layer, while

attention maps from the encoder blocks are computed as described in Section 3.2.5. Fig. 3.7

shows the gradient maps, attention maps, and combined map for ResNet50, ResNet-ViT, and

Res-ReMixViT model for the Chest x-ray dataset, which comprises two classes (Pneumonia
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and Normal). I consider samples from the disease class (Pneumonia) and investigate how

these three models behave in localizing the part of the lung affected by pneumonia. The

consolidations in the right lung are visible in the images (leftmost panel), and the red line

highlights the affected areas. It is noted that those consolidations have been localized by

Res-ReMixViT more efficiently than the other two models.

The evaluation of the Res-ReMixViT+ model is done using a protocol similar to the one

used in the ResNet-ViT and Res-ReMixViT models. Since Res-ReMixViT+ is comprised of

two additional two auxiliary classifiers (Fig. 3.2(f)), the final loss is calculated by computing

the weighted sum of the losses experienced by the auxiliary classifiers and the loss at the

output layer with weights of 0.3, 0.3, and 0.4, respectively. Results reported in Table 3.4 show

the performance of Res-ReMixViT+. It is observed that Res-ReMixViT+ outperformed all

the other hybrid models used in this study. Overall, it has improved ACSF by 4.73%, 3.89%,

and 2.31% concerning ResNet50, ResNet-ViT, and Res-ReMixViT, respectively.
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Figure 3.8: Individual attention maps of main encoder blocks and auxiliary encoder blocks,
along with the combined attention map, are presented for one of the samples from each of
the seven classes of the ISIC18 dataset.

Res-ReMixViT+ comprises four ReMixViT encoder blocks. Two encoder blocks of the

central architecture play an important role in predicting and training. The other two encoder

blocks that form auxiliary classifiers regulate the loss function in the learning process. I

investigate the behavior of these two types of encoder blocks by analyzing the corresponding

75



3. ReMixViT

attention maps. Fig. 3.8 shows the attention maps of encoder blocks from both the primary

classifier and auxiliary classifier separately for one of the samples of each of the seven classes

of the ISIC18 dataset. It is observed that the contributing regions highlighted in the attention

maps of the encoders from both primary and auxiliary classifiers are mainly confined within

the skin lesion area. However, both the highlighted regions play complementary roles in this

task. Encoders from main classifiers predominantly enclose the skin lesion part, whereas

encoders from auxiliary classifiers pay attention to more minor details.

3.3.6 Comparison with state-of-the-art methods

In this section, I present a comparison between the related state-of-the-art methods and pro-

posed hybrid methods. Along with the CNN and ViT-based hybrid architectures, I have

also considered pure CNN and ViT-based methods for comparison. Data augmentation has

proven to be an effective process to enhance performance in the context of medical imaging

due to the scarcity of available labeled data (Garcea et al., 2022). Like most state-of-the-art

methods, I have also introduced variations in the training data by employing augmentation

algorithms, namely horizontal and vertical (when applicable) flip, rotation, contrast adjust-

ment, and zoom at random. Consequently, an enhancement in performance is observed. The

performances yielded by my proposed method with the state-of-the-art methods are pre-

sented in Table 3.5. BreastMNIST and DermaMNIST, two datasets of the same modality

and task as compared to CBIS DDSM and ISIC18, respectively, are used to compare with

the state-of-the-art models. Other than the DermaMNIST dataset, my proposed method

has outperformed state-of-the-art methods. Additionally, I compare my approach with an-

other study (Chen et al., 2022b) that designed a multi-scale transformer-based classification

model for gastric histopathological images and reported an accuracy of 97.97% on HE-GHI-

DS dataset (Li et al., 2018). The proposed method (Res-ReMixViT) shows an improvement

of 1.03% in accuracy on the same dataset.

3.3.7 Generalization ability of the proposed modifications

I extended the study by investigating the effect of the proposed modifications on other trans-

former architectures specifically designed for image analysis. For this experiment, I considered
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Table 3.5: Comparison with state-of-the-art results including CNN and ViT hybrid architec-
tures.

Dataset Method, Year Model
Aug./

Ext. data
Accuracy (%)

C
o
lo
re

c
ta

l
H
is
to

lo
g
y Kimianet-IV (Riasatian et al., 2021) CNN No 96.80

CNN Ensemble (Nanni et al., 2021) CNN Yes 97.60
CRCCN-Net (Kumar et al., 2016) CNN No 93.50

CCT (Zeid et al., 2021) Hybrid Yes 95.00
Res-ReMixViT (ours) Hybrid Yes 97.00
Res-ReMixViT+ (ours) Hybrid yes 98.00

P
B
C

EnsDA C (Nanni et al., 2022) CNN Yes 99.12
BloodCaps (Long et al., 2021) CNN Yes 99.30

MedViT-L (Manzari et al., 2023) Hybrid Yes 95.40
CVM-Cervix (Liu et al., 2022) Hybrid Yes 98.48

Res-ReMixViT (ours) Hybrid Yes 99.39
Res-ReMixViT+ (ours) Hybrid Yes 99.18

C
h
e
st
-

x
ra

y

CNN (Hammoudi et al., 2021) CNN Yes 92.80
MedViT-S (Manzari et al., 2023) Hybrid Yes 96.10

Res-ReMixViT (ours) Hybrid Yes 97.12

F
u
n
d
u
s MedViT-S (Manzari et al., 2023) Hybrid Yes 56.10

Res-ReMixViT (ours) Hybrid Yes 60.25
Res-ReMixViT+ (ours) Hybrid Yes 63.25

B
re

a
st
-

M
N
IS

T CNN (Moon et al., 2020) CNN No 88.46
ViT (Gheflati and Rivaz, 2022) ViT Yes 82.00

MedViT-S (Manzari et al., 2023) Hybrid Yes 89.70
Res-ReMixViT (ours) Hybrid Yes 86.54
Res-ReMixViT+ (ours) Hybrid Yes 90.38

D
e
rm

a
-

M
N
IS

T MedViT-S (Manzari et al., 2023) Hybrid Yes 78.00
Res-ReMixViT (ours) Hybrid Yes 77.96
Res-ReMixViT+ (ours) Hybrid Yes 77.96

the Swin Transformer (SwinT) (Liu et al., 2021), Pyramid Vision Transformer (PVT) (Wang

et al., 2021a), and Class-Attention in Image Transformers (CaiT) (Touvron et al., 2021b).

Table 3.6 compares the performance of SwinT, PVT, and CaiT with the proposed modifi-

cations on the PBC, ChestXray, ISIC18, and Fundus datasets. The proposed modifications,

when applied to PVT, Swin Transformer, and CaiT, effectively enhanced classification per-

formance across these architectures. This improvement can be attributed to the replacement

of the traditional MLP layer with an MLP-Mixer and the reordering of residual blocks. The

MLP-Mixer enhances the model’s ability to capture global and local dependencies by enabling

more complex interactions between tokens. The reordering of residual blocks also contributes

to optimizing the information flow within the network. Consequently, these modifications

lead to better feature representation and improved classification accuracy. Importantly, the

fact that these enhancements were successfully applied to diverse transformer architectures
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Table 3.6: The generalization ability of the proposed modifications on other transformer
based architectures, Swin-T, CaiT, and PVT-Tiny.

Method (Params.)
PBC Chestxray Fundus

ACSR ACSP ACSF ACSR ACSP ACSF ACSR ACSP ACSF

Swin-T
(21.18 M)

90.48 90.23 90.27 97.91 97.30 97.58 85.03 84.81 84.65
± 3.34 ± 2.37 ± 2.87 ± 0.50 ± 0.78 ± 0.37 ± 4.12 ± 3.77 ± 3.88

Modified Swin-T
(22.29 M)

94.69 94.76 94.65 99.02 99.17 99.08 99.55 99.78 99.66
± 0.94 ± 1.18 ± 1.06 ± 0.76 ± 0.51 ± 0.47 ± 0.32 ± 0.12 ± 0.21

CaiT
(44.96 M)

95.44 95.82 95.53 97.59 96.93 97.20 95.62 95.19 95.37
± 0.57 ± 0.88 ± 0.74 ± 0.82 ± 2.11 ± 1.22 ± 0.48 ± 0.64 ± 0.48

Modified CaiT
(46.10 M)

95.91 96.41 96.14 99.11 99.34 99.22 96.14 96.22 96.17
± 0.51 ± 0.44 ± 0.44 ± 0.54 ± 0.18 ± 0.34 ± 1.21 ± 1.33 ± 1.26

PVT-Tiny
(13.05 M)

95.20 94.46 94.69 96.72 96.52 96.58 85.31 85.06 83.23
± 0.62 ± 0.93 ± 0.77 ± 0.79 ± 1.47 ± 0.75 ± 5.09 ± 2.12 ± 4.26

Modified PVT-Tiny
(13.39 M)

96.07 95.97 95.98 99.39 98.75 99.05 98.42 97.04 97.53
± 0.49 ± 0.80 ± 0.65 ± 0.30 ± 0.99 ± 0.64 ± 2.16 ± 3.38 ± 3.15

demonstrates the generalization ability of the proposed modifications, suggesting that they

can be effectively integrated into other transformer encoder blocks as well. This further un-

derscores the potential for improving the robustness and effectiveness of vision transformers

in complex classification tasks.

3.4 Discussion

I present image-based diagnostic solutions in terms of a deep learning model that not only

predicts the underlying medical condition but also gives a visual interpretation of its decision

that can be further evaluated by the domain experts. I propose modifications to traditional

ViT to attain greater classification performance by modeling complex patterns. In addition

to that, I design two hybrid architectures by integrating ResNet50, a popular CNN-based

model, and encoder blocks of modified ViT architecture (ReMixViT). The concept of auxil-

iary classifiers has also been combined with a hybrid model for more substantial convergence.

In the context of the number of parameters, these integrated models are comparable with

ResNet50 and, thus, suitable for medical image classification, as available samples are scarce.

I demonstrate the superiority of the ReMixViT model over the ViT model and hybrid models

over the ResNet50 and other hybrid models by validating the result with six medical imaging

datasets of diverse nature. Moreover, performance enhancement is also established by adding

the ReMixViT encoder-based auxiliary classifiers to the proposed hybrid architecture. My

approach has also surpassed the relevant state-of-the-art methods. Furthermore, the portion
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of the image that plays a vital role in the process of decision-making is also presented, which

can be considered as a visual aid. Altogether, this study offers an image-based diagnostic

solution with a visual explanation. Furthermore, an extended study highlights the general-

ization capability of the proposed modifications, showing that they can be effectively applied

to other vision transformer architectures.

This study investigates the potential of the proposed method for diagnostic solutions.

However, this study can be extended to explore the prospects of the proposed ViT encoder

block in the medical image segmentation domain. Moreover, the usefulness of the proposed

method can be investigated in the broad field of computer vision, other than medical imaging.
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Chapter 4

Multi-scale Morphology-aided Deep
Medical Image Segmentation

Summary

This chapter introduces a novel approach to medical image segmentation designed to address

the unique challenges of clinical imaging, such as irregular ROI shapes, variable sizes, and low

contrast. Traditional morphological operations have limitations in adapting to these complex

features. My solution enhances adaptability by integrating three customized modules based on

multi-scale morphological operations: the Multi-scale Morphological Closing, Opening, and

Gradient Modules. Unlike conventional techniques, these modules employ trainable structur-

ing elements to capture diverse ROI shapes effectively. To accommodate the full spectrum

of ROI sizes, I introduce dilation rates within these morphological operations, allowing for

precise, shape-aware segmentation.

The proposed Morph-UNet framework incorporates these modules within the established

UNet architecture, creating a lightweight yet powerful segmentation model. Morph-UNet com-

bines deep learning with adaptive morphological operations, demonstrating a unique synergy

that results in enhanced segmentation accuracy. Experimental validation across various medi-

cal imaging datasets shows Morph-UNet’s effectiveness, consistently surpassing thirteen state-

of-the-art models and baseline methods across key segmentation metrics. This chapter thus

highlights a significant architectural advancement for segmentation tasks in medical imaging,

underscoring the framework’s adaptability and robustness across multiple imaging modalities

and clinical applications.
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4.1 Introduction

Medical image segmentation involves identifying and delineating Regions of Interest (ROIs)

within clinical images, aiding in the extraction of organs and tissues affected by diseases,

etc. While manual segmentation requires expertise and time, computer vision and machine

learning offer semi-automatic and fully automatic segmentation methods. Medical image seg-

mentation often involves more complex algorithms compared to general image segmentation

due to the intricacies of medical images, including noise, variability in shape and intensity,

and the presence of intricate anatomical structures. Despite the widespread use of various

imaging modalities, which generate datasets adhering to ethical guidelines, the scarcity of an-

notated datasets for segmentation tasks remains a challenge. Due to this scarcity, lightweight

segmentation architectures emerge as a promising solution, enabling effective segmentation

with limited computational resources.

Deep learning algorithms, especially convolutional neural networks (CNNs), have shown

remarkable success in medical image segmentation tasks over the years. UNet (Ronneberger

et al., 2015) is a convolutional neural network architecture designed for image segmentation,

featuring a U-shaped structure that combines downsampling and upsampling pathways to

capture context and spatial information effectively. Later, Zhou et al. redesigned the com-

munication between the encoder and decoder block of UNet architecture for improved per-

formance (Zhou et al., 2018). Several studies have adapted UNet architecture as a backbone

network upon which integration of different modules has led to segmentation performance

enhancement (Valanarasu and Patel, 2022; Wang et al., 2022; Ruan et al., 2022; Chen et al.,

2021). Another line of study (Chen et al., 2017a, 2018a, 2017b) focuses on segmenting objects

at multiple scales using an Atrous Spatial Pyramid Pooling block based on Atrous Convolu-

tion. Few studies have adapted DeeplabV3+ (Chen et al., 2018a) in the domain of clinical

image segmentation (da Cruz et al., 2022; Azad et al., 2020).

The task of medical image segmentation entails the delineation of tissues, tumors, glands,

lesions, and other regions of interest from their backgrounds. These ROIs exhibit significant

variability in terms of shape, size, and texture. While the deep-learning methods discussed

above have demonstrated promising performance in segmenting regions of interest in med-

ical images, they have not explored the morphological attributes of these regions, which
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are pivotal in medical image segmentation tasks. Thus, I repurpose the traditional mathe-

matical morphological operations, which have previously proven effective in medical image

segmentation tasks (Di Rubeto et al., 2000; Mendonca and Campilho, 2006), to the deep

learning framework. The traditional mathematical morphological operations consider the

predefined structuring elements; thus, previous knowledge of the pattern to be analyzed is

required. Shen et al. considered learning the structuring element of morphological operators

via training (Shen et al., 2019), thus overcoming its limitation. The trainable mathematical

morphological operators are found to be suitable for image classification (Roy et al., 2021;

Nogueira et al., 2021), image de-raining (Mondal et al., 2019), image restoration task (Mon-

dal et al., 2020). I present a series of Multi-scale Morphological Modules (MSMMs), designed

to extract morphological attributes from feature maps using morphological operations across

multiple scales. These modules integrate structuring elements with varying dilation rates

to capture attributes at different scales, and the weights of these elements are dynamically

estimated during training to accommodate arbitrary shapes in ROI delineation for medical

images. I propose a lightweight medical image segmentation network that incorporates the

MSMMs with Convolutional Neural Network (CNN) as its backbone. The efficacy of my pro-

posed model is showcased through superior performance across seven clinical datasets for five

different medical image segmentation tasks. Against a set of fifteen state-of-the-art segmen-

tation networks designed for diverse medical image segmentation tasks, my proposed method

demonstrates superior performance with fewer trainable parameters. Improvements of 0.49%,

4.46%, and 2.88% in intersection-over-union performance metrics for skin lesion, breast tu-

mor, and gland segmentation tasks, respectively are observed. Additionally, it showcases

enhancements of 0.99% and 2.92% in the F1-score performance metric for binary cell nuclei

and multi-class cell nuclei segmentation tasks, respectively. To the best of my knowledge, no

deep learning-based approach has attempted to segment the subtle ROIs of indefinite shapes

from clinical images by addressing the morphological attributes.

The contributions of this study are listed as follows.

• I synergize the classical morphological operators, namely Closing, Opening and Mor-

phological Gradient, to the deep learning based medical image segmentation framework.

To this end, I introduce three trainable dilation-enabled modules such that the capabil-
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ities of morphological operations can be fully explored in the context of medical image

segmentation.

• The trainable structuring elements of the proposed morphological modules facilitate

the extraction of morphological attributes for irregularly shaped ROIs within medical

images. I further introduce the concept of dilation rate within the proposed modules

to extract morphological features at multiple scales with a limited number of trainable

parameters.

• I propose lightweight medical segmentation architecture (≈ 2.33M parameters) by in-

corporating the proposed modules within traditional UNet (Ronneberger et al., 2015).

Moreover, my framework can be directly coupled with existing CNN encoder architec-

tures such as EfficinetNetB4 (≈ 3.48M parameters) and ResNet34 (≈ 9.28M parame-

ters) for medical image segmentation tasks.

The organization of the rest of the chapter is as follows. The previous works related

to this study are discussed in Section 4.2. The preliminary morphological operations are

defined in Section 4.3. Methodology and the architectural details of the proposed model

are presented in Section 4.4. This section also includes a detailed description of the clinical

datasets used to evaluate the proposed method, along with the adapted training protocol and

evaluation metrics. Section 4.5 presents the detailed experimental results and discusses their

implications as well. Here, I demonstrate the versatile segmentation ability of the proposed

model for distinct segmentation tasks — skin lesion segmentation, breast tumor segmentation,

and gland and cell nuclei segmentation by using seven medical imaging datasets with diverse

modalities, and ROI to image ratios. An elaborate discussion on the appropriateness of a

particular proposed module and CNN backbone corresponding to medical images of different

characteristics is also comprehended. Finally, Section 4.6 concludes the chapter.

4.2 Related Works

I have examined three distinct medical image segmentation tasks: skin lesions, breast tumors,

and cell nuclei or gland segmentation. However, skin lesion and breast tumor images exhibit

similar characteristics, including ROI proportions and the number of distinct ROIs in each
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image. Consequently, these two tasks often employ similar model approaches. In contrast,

segmenting cell nuclei and glands in whole-slide histopathological images differs from dermo-

scopic or ultrasound images, especially in terms of separate ROI numbers. Moreover, the

ratios of each ROI to the image size also. The primary objective for skin lesion and breast

tumor segmentation is to accurately delineate and isolate specific regions of interest (lesions

or tumors) within medical images. This precision facilitates thorough analysis, diagnosis,

and monitoring of these conditions by healthcare experts. In this pursuit, I have explored

several deep learning architectures that have emerged in recent years. These architectures

can be broadly classified into two main groups: Firstly, there are transformer-based models,

which can be relatively heavyweight and may or may not incorporate CNNs. Secondly, there

are lightweight models based on the UNet architecture. Following the initial adaptation of

the transformer (Vaswani et al., 2017) from the natural language processing domain to im-

age computer vision by Dosovitskiy (Dosovitskiy et al., 2020), several investigations (Zhang

et al., 2021c; Chen et al., 2021; Wu et al., 2022) have explored the utilization of transformer

encoder blocks, either with or without modifications, for performing segmentation in clinical

images. The utilization of Transformers’ attention mechanisms in conjunction with CNNs

is a notable aspect of TranFuse (Zhang et al., 2021c). The attention mechanism allows the

model to focus on relevant features and spatial relationships, potentially enhancing segmen-

tation accuracy. TransUNet (Chen et al., 2021) is introduced as a hybrid architecture that

combines the strengths of Convolutional Neural Networks (CNNs) and Transformers. The

Transformer serves as a robust encoder, capturing long-range dependencies and contextual

information, while the decoder utilizes CNNs for spatial feature extraction. Incorporating

an extra transformer branch into the encoder-decoder structure, FAT-Net (Wu et al., 2022)

adeptly captures long-range dependencies and global context information. The model in-

troduces a decoder with enhanced memory efficiency, facilitating improved feature fusion

between adjacent-level features. This improvement is achieved by selectively activating per-

tinent channels and suppressing extraneous background noise, ultimately enhancing segmen-

tation accuracy. Authors (Ates et al., 2023) have designed attention modules by combining

cross-attentions computed both across the channel and spatial tokens and integrated it in

an encoder-decoder segmentation architecture with 30M trainable parameters. The primary

objective of these studies (Zhang et al., 2021c; Chen et al., 2021; Wu et al., 2022) was to
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incorporate both global and local context in the feature maps extracted by transformer en-

coder and CNN model, respectively. However, incorporating the transformer multi-head

self-attention module into the architectures leads to an increase in the number of trainable

parameters. Consequently, this becomes impractical for implementation due to the resulting

model complexity and the scarcity of labeled samples required for model training in the med-

ical image segmentation scenario. Given this context, several lightweight image segmentation

architectures (Ruan et al., 2022; Valanarasu et al., 2021; Valanarasu and Patel, 2022; Lin

et al., 2023) have been designed. MALUNet (Ruan et al., 2022) and Medical Transformer

(Valanarasu et al., 2021) are lightweight segmentation models developed by the integration

of gated attention mechanisms in UNet shape architecture. These models effectively combine

global and local features, utilizing two distinct approaches — one concurrently and the other

across multiple stages. UNext, introduced in Valanarasu et al.’s work (Valanarasu and Patel,

2022), presents a streamlined encoder-decoder segmentation model. It integrates an initial

convolutional stage and a tokenized MLP block in the latent phase, effectively tokenizing

and projecting convolutional features to acquire relevant representation. The authors (Lin

et al., 2023) have developed a lightweight hybrid segmentation architecture that combines a

CNN and transformer model for medical image segmentation. This architecture incorporates

adaptive pruning techniques to remove redundant computations.

Histopathology image segmentation faces several challenges due to the complex nature

of tissue structures and the high variability in tissue appearances. Few deep learning-based

models are also designed specifically to segment cell nuclei from histopathology images —

HoverNet (Graham et al., 2019), HistoSeg (Wazir and Fraz, 2022), SONNET (Doan et al.,

2022), TSDF-Net (Ilyas et al., 2022), MCTrans (Ji et al., 2021). DCANet (Ates et al., 2023).

These models are also heavy in terms of the number of parameters as compared to other

lightweight segmentation models. None of the studies has considered explicitly extracting

the morphological features, which play a key role in the medical image segmentation task.

However, the irregular shape and size of the ROIs lead to inappropriate extraction of morpho-

logical features with predefined structuring elements. This motivates us to design a module

for extracting morphological characteristics without having prior knowledge of the shape and

size of the region of interest.
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4.3 Preliminaries

Mathematical morphological operations are popular tools to extract morphological properties

of an image, such as shape, size, texture, etc. The basic mathematical morphological opera-

tions, Erosion and Dilation can be defined as min-sum correlation and max-sum correlation,

respectively, presented in equation 5.1 and 5.2.

E(i,j,c)(X) =

C



c=1

min
m,n=0,...KSE

X(i + m, j + n, c) + WSE(m,n, c), (4.1)

D(i,j,c)(X) =

C



c=1

max
m,n=0,...KSE

X(i + m, j + n, c) + WSE(m,n, c), (4.2)

where X ∈ RH×W×C is the input feature map and H, W, and C represent respectively

the height, width, and number of channels in the feature map. WSE is the structuring

element of dimension KSE ×KSE × C that defines the pattern of interest within the given

feature map X. Also, ∥ denotes the channel-wise concatenation of the feature maps. Unlike

2D Convolution operations, morphological operations are independently performed on each

input channel. Thus, it results in the same output channels as the input channel, and

consequently, the number of parameters to be learned is reduced compared to convolution

layers. The Dilation and Erosion operation expands and shrinks the object’s boundary

within the image, thus accentuating the shape attribute of the object. The Opening, Closing

and Morphological Gradients are three compound operations developed using the primary

morphological operations — Erosion and Dilation. The Opening operation is performed by

applying an Erosion operation followed by a Dilation operation, whereas Erosion operation

can be obtained by the same basic operations in reverse order. The Morphological Gradient

of an image is defined by the difference between the Closing and Opening of the same.

Closing is effective in smoothing object boundaries, filling in small gaps, and connecting

nearby structures. Closing is often employed to enhance object connectivity, reduce small-

scale noise, and ensure more complete object representations. Opening is useful for separating

objects and removing small, spurious details. It can help improve the discrimination between

adjacent structures and reduce noise in the image. Opening is commonly used to clean up

images by eliminating small structures and enhancing the visibility of distinct objects. Both

Closing and Erosion preserve the shape and size of the object of interest (generally of larger
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size) unlike Erosion and Dilation. Morphological Gradient, highlight edges and transitions in

intensity within an image. Essentially, when applied to an image, it accentuates the boundary

of the objects from its background, making them more distinguishable.

4.4 Proposed Method
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Figure 4.1: (a) The illustration of the proposed architecture designed for medical image
segmentation task. (b) The block diagram of the proposed Multi-scale Morphological

Modules (MSMM) that are incorporated into the proposed segmentation model. (c) The
pictorial depiction of Morphological operations with trainable structuring elements.

4.4.1 Dilated Morphological Operations with Trainable Structuring Ele-

ments

The traditional morphological operations have two limitations in using an automated medi-

cal image segmentation operation. Firstly, the size of the objects of interest varies from one

sample to another; thus, a structuring element of a particular size is insufficient to extract

the morphological features. Secondly, the structuring elements are predefined, and the out-

come of the morphological operations depends on the structuring elements. However, the

irregular shape of the clinical objects limits the traditional morphological operations with

87



4. Morph-UNet

predefined structuring elements to achieve satisfactory results. To deal with the problem of

variable object size, the concept of dilating the structuring elements is repurposed within the

morphological operations. The successful applications of the dilated kernel in convolution

operations have been reported in many studies (Chen et al., 2017a,b, 2018a). This inspired

us to incorporate the dilation within the structuring elements of the morphological opera-

tion instead of using fixed-size structuring elements. The Dilated Erosion (DE) and Dilated

Dilation (DD) can be defined by the following equations.

YDD = DDr
(i,j,c)(X)

=

C



c=1

max
m,n=0,...K

X(i + rm, j + rn, c) + WSE(m,n, c),
(4.3)

YDE = DEr
(i,j,c)(X)

=

C



c=1

min
m,n=0,...K

X(i + rm, j + rn, c) + WSE(m,n, c),
(4.4)

where r is the dilation rate that corresponds to the scale of the structuring element. The

pseudo code for Dilated Erosion and Dilated Dilation is presented in Algorithm 1. The

dilated morphological operations enable to achieve larger receptive field with no additional

computational cost as compared to morphological operations with structuring elements of

larger dimensions. To address the second problem, I have considered learning the structuring

elements from the training samples themselves via the backpropagation algorithm by adapting

the strategy proposed by (Mondal et al., 2019, 2020; Franchi et al., 2020).

Let us assume, I learn structuring elements SE of dilated dilation operation defined by

equation 5.4 during training procedure so that the output of this operation YDD is close to

Y ′
DE , the target output. Let, L be some loss function and by training, I want to learn the

W so that (YDE , Y
′
DE) is minimized with respect to W . It is explicit from equation 5.3 that,

(YDE , Y
′
DE) depends on YDE and YDE depends on SE, which is supposed to be learned via

training. Thus, following the chain rule for partial derivatives, I obtain,

∂L
∂WSE(i, j)

=
X

i

X

j

∂YDD(i, j)

∂WSE(i, j)

∂L
∂YDD(i, j)

, (4.5)
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where

X

i

X

j

∂YDD(i, j)

∂WSE(i, j)

=





1, if YDD(i, j) = X(i + r∂i, j + r∂j) + WSE(∂i + ∂j)

0, otherwise.

I can update the structuring element by the usual gradient descent iterations as follows,

WSE(i, j) = WSEprev(i, j) − η
∂L

∂WSE(i, j)
, (4.6)

where WSEprev is the structuring element in previous iteration, η is the learning rate. I can

also update the structuring element of a dilated erosion layer similarly. Thus, the fundamental

morphological layers — Dilated Dilation and Dilated Erosion become trainable.

Dilated Opening (DO), Dilated Closing (DC) and Dilated Morphological Gradients (DG)

with trainable structuring elements can be mathematically expressed in terms of Dilated

Erosion (DE), Dilated Dilation (DE) by the following equations. Mathematically,

DOr(X) = DDr(DEr(X)), (4.7)

DCr(X) = DEr(DDr(X)), (4.8)

and DGr(X) = DDr(X) − DEr(X). (4.9)

Dilated morphological operators with trainable structuring elements in medical image seg-

mentation provide adaptability, robustness, and efficiency. Trainable structuring elements

adapt to varying features, making the segmentation method robust across diverse medical

images. The approach eliminates manual tuning, saving time in the segmentation process. It

efficiently increases the receptive field and enables multi-scale feature extraction. However,

potential drawbacks include increased computational complexity, reduced interpretability,

and a risk of overfitting to specific features in the training dataset.

4.4.2 Multi-scale Morphological Module (MSMM)

I propose three modules based on dilated morphological operations to extract complex mor-

phological features. The fundamental architecture of these modules is the same and depicted
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Algorithm 1: Pseudo code of the Dilated Erosion and Dilated Dilation operations

Inputs: X ∈ RH×W×C be the feature map, KSE be the size of the structuring
element for morphological operation, r be the dilation rate, type represents
the morphological operation type, S is the stride the value of which is by
default 1

Outputs: Xout ∈ RH×W×C be the output feature map
Initialize: Initialize structuring elements WSE ∈ RKSE×KSE×C with all zeros

H, W , C ← height, width, and channel number of input feature map X
P = int((S − 1)H − S + KSE)/2) // padding for output feature map of same

dimension as input feature map, in the proposed case height and

width of the feature map is same, thus padding for bpth dimension

is same

Ke = KSE + (KSE − 1)(r − 1) // effective kernel size due to dilation rate

for i = 0 to H do
for j = 0 to W do

// Extract the dilated patches from the feature map

Xpatch = X[i.S : i.S + Ke : r, j.S : j.S + Ke : r, :]
if type is ′Dilation′ then

// for Dilated Dilation operation

Xout[i, j] ← max(Xpatch + WSE);

else
if type is ′Erosion′ then

// for Dilated Erosion operation

Xout[i, j] ← min(Xpatch −WSE);

end

end

end

end
return Xout

in Figure 4.1(b). Any one of the complex dilated morphological operations (Dilated Opening,

Dilated Closing, and Dilated Morphological Gradients) with different dilation rates are ap-

plied on the feature map to obtain multi-scale morphological features, which are then channel

wise integrated. A convolution block is employed afterward to reduce the number of channels.

The number of channels in the input and output feature maps is equal. I designed three such

modules based on three types of complex morphological operations included in the module —

Multi-scale Morphological Opening Module (MSMOM ), Multi-scale Morphological Closing

Module (MSMCM ) and Multi-scale Morphological Gradient Module (MSMGM ). Thus, the

90



4. Morph-UNet

output of an MSMM can be mathematically expressed as

Y = MSMM(X) = ReLU(BN(X ′ ∗Wconv)) (4.10)

where,

X ′ =







R
r=1

ReLU(BN(DCr(X))) for MSMCM,



R
r=1

ReLU(BN(DOr(X))) for MSMOM,



R
r=1

ReLU(BN(DGr(X))) for MSMGM.

(4.11)

The convolution operation between the X ′ and convolutional kernel Wconv is denoted by ∗.

ReLU and BN represent the rectifier linear unit and batch normalization operation (Ioffe and

Szegedy, 2015) defined by following equations.

ReLU(z) = max(0, z), (4.12)

BN(z) = (z − µ)/σ, (4.13)

where, µ and σ is the mean and variance of z within a batch. The pseudo code for MSMMs

is presented in Algorithm 2. MSMMs excel at extracting complex features by leveraging the

non-linearity of morphological operations, the adaptability of structuring elements, and the

application of operations at multiple scales. The inherent non-linearity of erosion and dila-

tion, key morphological operations, stems from their reliance on the minimum and maximum

functions, making them nonlinear processes that do not adhere to the principles of super-

position and homogeneity. The adaptive learning of structuring elements featuring trainable

parameters allows the model to automatically adjust to the specific characteristics of input

data during training. Additionally, the multi-scale morphological operation utilizes structur-

ing elements of varying scales, enabling the model to analyze image structures at multiple

levels of granularity and capture both fine details and broader contextual information.

4.4.3 Morph-UNet

UNet (Ronneberger et al., 2015), the convolutional neural network for medical image segmen-

tation, has been utilized in this study as the baseline model. It follows an encoder-decoder ar-

chitecture. The encoder gradually decreases the dimensionality of the feature maps, whereas

91



4. Morph-UNet

Algorithm 2: Pseudo code of the Multi-scale Morphological Module (MSMM)

Inputs: X ∈ RH×W×C be the feature map, KSE be the size of the structuring
element for morphological operation, R be the list of dilation rates, S be
the stride with default value of 1.

Outputs: Xout ∈ RH×W×C be the output feature map

for r = 1 to Length(R) do // For loop running over different dilation

rates

// DMorphOps is the function to perform dilated morphological

operations as defined by algorithm 1

if type is Closing then
Xr ←
DMorphOps(DMorphOps(X,‘Dilation’,KSE , r, S),‘Erosion’,KSE , r, S);

else
if type is Opening then

Xr ←
DMorphOps(DMorphOps(X,‘Erosion’, KSE , r, S),‘Dilation’, KSE , r, S);

end
if type is Gradients then

Xr ← DMorphOps(x,‘Erosion’, ,KSE , r, S) −
DMorphOps(X,‘Dilation’, ,KSE , r, S);

end

end

end
X ← concatenate(X1, X2, X2, ..., Xlength(R)) ; // channel wise concatenate the

morphological feature maps of different dilation rates

X ← Conv2D(X, kernel = 1, input channel = Length(R) ·C, output channel = C) ;
// Apply pointwise convolution operation to reduce the channels

number from Length(R) · C to C
Xout ← Dropout(ReLU(BN((X)))) ; // apply batch normalization, ReLU

activation function and Dropout.

return Xout

the decoder reverses it back to the original dimension. Skip connections from various levels

of the encoder stage to the corresponding decoder stage and build a bridge between them.

In my proposed segmentation architecture, the encoder yields three feature maps of different

dimensions presenting the different levels of complexity and integrity of the spatial position of

the pixels. These feature maps are passed through the proposed morphological modules to ob-

tain their morphological characteristics, vital in segmenting the object of interest. Later, the

outputs of these morphological modules are merged with the feature maps of decoder blocks
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Table 4.1: The number of trainable parameters of the proposed modules and models with
different configurations, and comparison with baseline model.

Model Channels Modules Parameters

256 MSMCM/MSMOM 0.28 M
256 MSMGM 0.27 M

UNet 1.94 M

Morph-UNet [64, 128, 256]
MSMCM/MSMOM 2.33 M

MSMGM 2.31 M

Morph-UNet-
EfficientNetB4

[24, 32, 56]
MSMCM/MSMOM 3.48 M

MSMGM 3.42 M

Morph-UNet-
ResNet34

[64, 128, 256]
MSMCM/MSMOM 9.28 M

MSMGM 9.25 M

of corresponding dimensions via skip connections. Figure 4.1 shows the detailed diagram of

my proposed architecture, which is referred to as Morph-UNet.

Three variations of Morph-UNet are designed in this study with two different backbone

networks — ResNet34 and EfficientNetB4. The choice of backbone networks in the Morph-

UNet architecture can have significant implications for segmentation performance in various

medical imaging tasks. The backbone network serves as the feature extractor, providing a

hierarchical representation of image features to the subsequent segmentation layers. Different

backbones have distinct architectures, complexities, and pre-trained weights, leading to vari-

ations in performance. Transfer learning plays a crucial role in enhancing the performance

of any deep learning model. ResNet is known for its deep architecture and ability to capture

intricate details, but it comes with a higher number of parameters and computational de-

mands. EfficientNet, on the other hand, emphasizes model efficiency with fewer parameters

and computational efficiency. Both architectures support transfer learning. Additionally, in

ResNet34, the initial convolutional layers employ a 7× 7 kernel, while EfficientNetB4 utilizes

a 3×3 kernel for the same purpose. Consequently, when dealing with very small and distinct

regions of interest (ROI), ResNet34 as a feature extractor may not exhibit optimal perfor-

mance in segmentation tasks when compared to EfficientNetB4. This is attributed to the

precision deficiency stemming from the larger kernel size in ResNet34. However, for larger

and more complex ROIs, ResNet34 outperforms EfficientNetB4 in the segmentation task.

The detailed description of the networks is given in Table 4.1.
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Algorithm 3: Pseudo code for training proposed Morph-UNet

Inputs: X ∈ RN×H×W×C be the N input images to train the model and
Z ∈ RN×H×W×Ns be the corresponding mask of N images, where Ns is the
number of classes. For Binary segmentation task, the value of Ns is 2.

Outputs: ϕEn(.), ϕDe(.) and ϕMSMMi be the set of weights for the encoder, decoder
part of UNet network and ith MSMM module.

for iteration = 1 to maximum iteration do
for batches = 1 to number of batches do

X ← a batch of input images taken from X
XE1, XE2,..., XE i ← ϕEn(X)
for i = 1 to NEn do // For loop running for different stages of

encoder
XMSMMi = ϕMSMMi(XEi)

end
// decoder is defined by set of parameters ϕDe(.)
X = XMSMMNEn

; // XMSMMNEn
is the feature map from the

bottleneck layer

for j = NDe to 2 do // For loop running for different stages of

decoder
X = ConvBlock(concatenate(upsample(x), XMSMMj ))

end

Ẑ ← Activation(Conv(X))
loss ← L(Z, Ẑ) ; // Z is the mask corresponding to the batch X

update parameters of ϕEn, ϕEn and ϕMSMMi using backward propagation of
loss

end

end
return ϕEn(.), ϕDe(.) and ϕMSMMi

4.4.4 General Training Protocol

The weights of the proposed models and also the baseline models are learned by optimizing

the loss function. I have used three different loss functions — dice loss (Milletari et al., 2016),

a combination of dice loss and binary cross-entropy, and focal loss (Lin et al., 2017) as defined

by equation 4.14, 4.16 and 4.17.

LDice = 1 − 2
PN

i=1 zi · ẑiPN
i=1 zi +

PN
i=1 ẑi

, (4.14)

LBCE = − 1

N

NX

i=1

[zi log ẑi + (1 − zi) log (1 − ẑi)] , (4.15)
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LComb = LDice + 0.5 · LBCE, (4.16)

LFocal = − 1

N

NX

i=1

CX

c=1

αc(1 − pt,c)
γzi,c log ẑi,c, (4.17)

where, N is the total number of pixel in an image, C is the total number of classes, zi and

ẑi represent the ground truth label and predicted probability of ith pixel, αc is the weighing

factor for class c and γ indicates the degree of down-weighting of easy-to-classify pixels. zi,c

and ẑi,c represent the ground truth label and predicted probability of ith pixel that belong to

cth class. pt,c refers to the predicted probability associated with the ground truth class and is

formally defined as follows: pt,c = ẑi,c if the true label zi,c = 1, and pt,c = 1 − ẑi,c otherwise.

Here, t denotes the ground truth class index for the ith sample.

The ROIs in medical images vary in size and generally take up only a tiny portion of

the whole image. This foreground-background imbalance and the size variation of ROIs are

both handled by dice loss. I have used dice loss for all experiments that are conducted for

the ablation studies. On the other hand, by combining dice loss with binary cross entropy

loss, the model benefits from the stable optimization properties of binary cross entropy loss

and the ability of dice loss to handle class imbalance, ensuring better performance. This

combined loss function is utilized to train the weight of the models while comparing them

with state-of-the-art methods. I have also employed focal loss, a variant of cross entropy loss

that is designed to address the class imbalance by down-weighting the contribution of easy-to-

classify examples and focusing more on hard-to-classify examples. This makes it particularly

useful in scenarios where there is a significant imbalance between classes. An example of

such a scenario is the PanNuke dataset (for a detailed description refer to section 5.4), where

tissues categorized into Dead class are very few in number and consequently they become

hard to classify. The loss function is optimized using Adam optimizer with an initial learning

rate of 0.001 up to 200 epochs. The model with minimum loss is considered the final trained

model, which is further used to predict the segmentation mask of the test samples.
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4.4.4.1 Metrics

Let, GT and P be the groundtruth mask and predicted mask. True positive, false positive,

true negative, and false negative are referred to as tp, fp, tn, and fn, respectively. I con-

sidered five pixel-based metrics in this study to quantify segmentation performance, namely

— Pixel Accuracy (PA), precision, recall, Dice Score (DS)/ F1-score, and Intersection over

Union(IoU). The following equations define the pixel-based metrics — in terms of tp, fp, tn,

and fn.

Precision(P,GT ) =
tp

tp + fp
. (4.18)

Recall(P,GT ) =
tp

tp + fn
. (4.19)

DS(P,GT ) =
2(P ∩GT )

(P ∩GT ) + (P ∪GT )
=

2tp

2tp + fn + fp
. (4.20)

IoU(P,GT ) =
(P ∩GT )

(P ∪GT )
=

tp

tp + fn + fp
. (4.21)

The larger value of the pixel-based segmentation metric indicates a better estimation of

the segmentation mask.

4.4.4.2 Dataset Description

Seven diverse medical imaging datasets that are popular in the field of medical image segmen-

tation tasks are considered in this study to evaluate the proposed method. These datasets

can be divided into three groups according to the type of regions of interest to be segregated

from the background, namely — skin lesions, breast tumors, and microscopic nuclei and gland

segmentation.

Skin Lesion Segmentation The skin lesion datasets are characterized by their diverse

range of lesions, including melanomas, nevi, and benign lesions, reflecting the breadth of

skin conditions. The dataset presents challenges in segmentation due to the varied textures,

colours, and shapes of skin lesions, making accurate delineation complex. Additionally, skin

lesions can appear on different body parts with varying background textures, adding further

complexity to segmentation tasks. Additionally, Challenges include class imbalance due to low
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ROI to background ratio, thus distribution biases may affect the model’s accuracy. Moreover,

the difficulty in accurately delineating lesions with ambiguous boundaries or irregular shapes

arises due to low contrast foreground and background. Other than the challenges mentioned

above, difficulty in the precise segmentation of skin lesions arises from the presence of hairs,

pen marks, stickers, bubbles, etc.

For the skin lesion segmentation task, I considered three most popular datasets of der-

moscopic images of skin lesions — ISIC 2017 (Codella et al., 2018) and ISIC 2018 (Codella

et al., 2019) and HAM10000 (Tschandl et al., 2018). These are three-channel images. There

are 2000, 150, and 600 samples for training, validation, and testing purposes in ISIC 2017.

However, for ISIC 2018, only 2594 training samples with their ground truth segmentation

masks are publicly available. Thus, I randomly selected 20% and 10% of the available sam-

ples for testing and validation purposes while the rest are used to train the models. Among

the three datasets, HAM10000 is the largest, comprising 100015 dermoscopic images. All the

dermoscopic images are resized to 256 × 256 images.

Breast Tumor Segmentation Breast tumour segmentation plays a vital role in many

computer-aided diagnosis systems and is an important task in medical image analysis, par-

ticularly in the context of breast ultrasound imaging. It entails defining or highlighting

the tumor location in breast pictures obtained using different imaging techniques, including

mammography, ultrasound, or MRI. The breast tumor dataset exhibits characteristics such

as tumor heterogeneity, with various types like ductal and lobular carcinomas, each possess-

ing distinct features. Tumors can appear at different locations within the breast, and their

shapes and sizes vary, adding complexity to segmentation tasks. Delineating precise tumor

boundaries is crucial for accurate diagnosis and treatment planning, presenting challenges,

especially in cases of irregularly shaped tumors.

I have considered the breast ultrasound images (BUSI) dataset (Al-Dhabyani et al., 2020)

and UDIAT (Yap et al., 2017) in this study. The BUSI dataset comprises images of three

categories — normal, benign, and malignant along with the masks indicating the tumor and

non-tumor pixels. I have only considered the images with tumors, i.e. benign and malignant,

following a similar approach as (Ruan et al., 2022). This resulted in 647 ultrasound images

with various dimensions, which are resized to the dimension of 256×256. I randomly divided
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the dataset into training and test samples with an 80:20 ratio. The UDIAT dataset contains

a total of 163 ultrasound images, out of which 110 images are of benign category, and the

remaining 53 images represent malignant breast masses. All the images of the UDIAT dataset

are resized to the dimension of 256×256. I have followed a four-fold cross-validation approach

for splitting the data into training and test data as considered in (Chen et al., 2022a).

Figure 4.2: Distribution of Ratio of ROI to Image for ISIC2017, ISIC2018, BUSI, MonuSeg
and PanNuke dataset (upper panel) and distribution of the ratio of each disjoint ROIs to

Image for MonuSeg and PanNuke dataset (middle panel)and GlaS dataset (lower panel) are
presented.

Glands and Nuclei Segmentation The third group of datasets used to evaluate the

segmentation models is the collection of histopathological images of human body tissues. In

histopathology images, gland segmentation tasks involve identifying and delineating various

characteristics of glandular structures. These characteristics include diverse shapes, variable

density and distribution, staining variability, specific cellular arrangements, accurate depic-
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tion of glandular boundaries, handling size variability, leveraging texture and contrast dif-

ferences, and capturing intra-glandular heterogeneity. Gland segmentation algorithms must

be adaptable to these features to provide accurate representations of tissue structures and

support comprehensive histopathological analyses. The microscopic nuclei dataset is charac-

terized by high-resolution images capturing detailed cellular structures. Overlapping nuclei

pose a challenge in accurately separating individual nuclei during segmentation. The dataset’s

complexity is further heightened by variations in nuclear size, shape, and staining intensity,

contributing to the intricacy of segmentation tasks. Challenges in this dataset include accu-

rately segmenting densely packed nuclei in crowded scenes without merging or undersegmen-

tation. Staining variability across images introduces another challenge, necessitating robust

segmentation methods that can account for inconsistencies in staining intensity.

The attributes of this dataset group are relatively different from the other two datasets.

In both breast tumor and skin lesion segmentation tasks, the number of disjoint ROIs to be

segmented is generally one. However, there are multiple disjoint ROIs in the task of nuclei

as well as gland segmentation from microscopic images. Moreover, the areas of each distinct

ROI are relatively small in nuclei segmentation tasks compared to breast tumor and skin

lesion segmentation tasks (Figure 4.2). I have considered the GlaS dataset for the gland

segmentation task and the MonuSeg and PanNuke dataset for the nuclei segmentation task.

GlaS (Sirinukunwattana et al., 2017) is composed of 165 images derived from 16 H&E

stained histological sections of stage T3 or T42 colorectal adenocarcinoma and its corre-

sponding ground truth mask indicating the glands. Out of these 165 images, 85 samples

are marked as training samples, and the rest are used as test samples. Since the images are

of various sizes, I first resize the images to 512 × 768, thereafter extracting patches of size

256 × 256 with 50% overlap and without overlap for training and test samples, respectively.

This prepossessing step results in 1275 and 480 samples for training and testing purposes.

The MonuSeg dataset (Kumar et al., 2017, 2019) is taken from the MoNuSeg 2018 Chal-

lenge. It comprises hematoxylin and eosin (H&E) stained microscopic images of tissues from

multiple human body organs captured at 40X resolution. There are 37 (the annotation file

of one not readable) and 14 1000× 1000 dimensional images with ground truth masks for

training and testing, respectively. Image patches of size 256 × 256 are extracted from train-

ing and test images with 50% overlap and no overlap, respectively. The 20% of the training
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patches are used for validation purposes.

The PanNuke dataset (Gamper et al., 2019) is the collection of whole slide images(WSI)

of cancerous tissue slides from which patches 256× 256 are extracted for training and testing

purposes. The ground truth masks annotate 19 different types of tissues that are broadly cat-

egorized into five different classes – Epithelial, Connective/Soft tissue cells, Lympho-reticular

cells, Nervous system cells and Dead. Thus, I pose this segmentation task as a six-class pixel-

wise classification task where the sixth class represents the background class. A total of 7901

images are subgrouped into three folds. I follow the original division of folds for training,

testing, and validation purposes.

4.4.5 Experimental Protocol

For each dataset used in this study, I have normalized each image with the mean and stan-

dard deviation of the pixel intensity. Normalization helps in stabilizing and accelerating the

training process by ensuring that the input features (pixel values) have a consistent scale.

This aids in faster convergence during optimization. Other than the experiments reported

in section 4.5.1, I have applied all or a few of these operations — horizontal flip, vertical

flip, shift, scale, rotate, and contrast limited adaptive histogram equalization(CLAHE) on

the training dataset using Albumentations (Buslaev et al., 2020) library for data augmen-

tation purpose. Augmentation is used to artificially increase the size of a training dataset

by applying various transformations to the original images. These transformations introduce

variations in the training data, helping the model generalize better to unseen data.

All the codes are written using PyTorch library and are run on a computer with AMD

Ryzen 9 7900X 12-Core Processor running at 3 GHz using 128 GB of RAM and NVIDIA

GeForce RTX 4090 GPU with 24 GB RAM. The PyTorch implementation is available at

this repository https://github.com/SusmitaSenGhosh/Morph-UNet-An-Approach-Towards-

Medical-Image-Segmentation.
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4.5 Result and Discussion

4.5.1 Ablation Study

Three multi-scale morphological pyramid pooling modules — MSMGM, MSMCM, and MSMOM

are designed to capture multi-scale morphological features. I investigate the efficiency of these

modules by incorporating them with the vanilla UNet module. A morphological module is

employed on the high-level feature map provided by the encoder block. I refer to these ar-

chitectures as UNet-MSMGM, UNet-MSMOM and UNet-MSMCM. Along with this, I also

consider another module, the Multi-scale depth-wise separable convolutional module, MS-

DCM, which follows a similar architecture as MSMM, where Morphological operations are

replaced by depth-wise separable convolution operations. This architecture is referred to as

UNet-MSDCM. This module is incorporated in this ablation study to investigate the effec-

tiveness of the morphological modules over convolutional modules of a similar number of

trainable parameters in the context of medical image segmentation. Furthermore, to ensure

comprehensive analysis, I have investigated an additional scenario wherein all three morpho-

logical modules were concurrently applied to the high-level feature map. This architecture

is referred to as UNet-MSMAM. The UNet network is considered here as a baseline model.

The performances of these architectures are shown in Figure 4.3 in terms of F1-score, recall,

and precision metrics. In medical image segmentation tasks, achieving a balance between

precision and recall is essential, directly influencing the segmentation model’s performance

and clinical applicability. Precision gauges the accuracy of positive predictions, representing

the ratio of true positives to the total positives predicted by the model. High precision en-

sures that identified regions are more likely to be true positives, minimizing the risk of false

alarms in clinical settings. Recall assesses the model’s ability to capture all relevant instances

of a specific class, which is crucial for accurate diagnosis and treatment planning. Striking a

balance between precision and recall is challenging, as enhancing one often comes at the cost

of the other. This trade-off becomes particularly significant in scenarios where segmentation

results guide medical interventions, necessitating careful consideration of precision and recall

to ensure clinical efficacy.

The reported results represent the average performance from conducting the same ex-

periments ten times, each with distinct random initialization of network weights. However,
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Figure 4.3: The performance comparison of the proposed UNet-MSMCM, UNet-MSMOM,
and UNet-MSMGM models against baseline UNet and UNet-MSDCM model in terms of
F1-score, recall, and precision. The Green dashed line indicates the best of the F-score

achieved by UNet or UNet-MSDCM models.
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Figure 4.4: The performance comparison of different sets of dilation rates within the
proposed modules.

for the PanNuke dataset, the average is calculated across three separate test dataset folds.

Among the three datasets for the skin lesion segmentation task, only ISIC2017 is considered

in this ablation study as they share similar characteristics. I observe that UNet-MSMCM and

UNet-MSMGM models outperformed UNet and UNet-MSDCM models in terms of F1-score

for ISIC2017 and BUSI datasets. For both MonuSeg and PanNuke datasets, UNet-MSMOM

performed best among all the models considered in this experiment. It should also be noted

that the UNet model, when integrated with different types of morphological modules, tends

to maintain a balanced relationship between precision and recall values. This is in contrast

to both the vanilla UNet and UNet-MSDCM. The proposed MSMMs employ structuring
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elements of multiple sizes to perform morphological operations. These structuring elements

adapt to the scale of structures in the image. Using multi-scale structuring elements helps in

capturing both small and large features, contributing to a more comprehensive segmentation.

Moreover, MSMMs with trainable structuring elements offer a mechanism to adapt structur-

ing elements based on the specific requirements of the segmentation task. This adaptability

contributes to managing the trade-off between recall and precision by allowing the model

to learn and optimize morphological operations for the characteristics of the input data,

ultimately enhancing the segmentation performance by balancing between recall and preci-

sion. Furthermore, I note that incorporating all three Multi-Scale Morphological Modules

(MSMMs) into the UNet architecture does not yield performance improvements compared to

the architecture with a single MSMM. However, it introduces an increase in model complexity

due to the addition of more trainable parameters.

In the previous experiment, I considered four dilation rates (1,2,3, and 4) within each pro-

posed module and kept them unchanged throughout the experiment. Here, I conduct another

ablation study to determine the most effective dilation rates. For each of the four datasets

(ISIC2017, BUSI, MonuSeg, and PanNuke), the best-performing modules are chosen to take

part in this experiment. I include five sets of dilation rates —- {1},{1,2},{1,2,3},{1,2,3,4} and

{1,2,3,4,5} within the proposed modules and investigate their performance using the similar

training protocol as used in the previous experiment. From the results depicted in Figure

4.4, I can conclude that the set of dilation rates that performed best for all the datasets is

{1,2,3,4}. Thus, this set of dilation rates is followed throughout all the experiments reported

in this study.

The proposed Morph-UNet follows an encoder-decoder architecture where features are

encoded to three different resolutions corresponding to three different stages. I proposed to

incorporate three MSMM blocks in the three skip connection paths between the encoder and

decoder. I conducted an ablation study to justify the chosen number of MSMM blocks and

their position in the proposed segmentation architecture. I consider all the combinations of

the position of one or two three MSMM blocks and reported the performance in terms of IoU

and F1-score for ISIC17, BUSI, MonuSeg, and PanNuke dataset in Table 4.2. Comparing

segmentation performance, it is explicit that when three MSMM blocks are incorporated after

the three feature maps extracted by the convolutional blocks, it yields the best result.
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Table 4.2: Performance of the Morph-UNet with varying numbers of MSMMs and their
positions.

ISIC17 BUSI MonuSeg PanNuke
MSMM Position IoU F1-Score IoU F1-Score IoU F1-Score IoU F1-Score

Branch I 73.30 ± 0.58 82.34 ± 0.44 65.23 ± 1.01 74.26 ± 1.31 66.50 ± 0.31 79.59 ± 0.27 55.62 ± 2.69 60.40 ± 2.75
Branch II 73.43 ± 0.86 82.47 ± 0.72 64.48 ± 1.09 73.05 ± 1.27 66.87 ± 0.58 79.81 ± 0.49 57.25 ± 2.85 61.97 ± 2.72
Branch III 73.92 ± 0.91 83.29 ± 0.84 66.91 ± 0.66 75.21 ± 0.89 68.03 ± 0.49 80.69 ± 0.37 60.23 ± 0.48 64.66 ± 0.71
Branch I & II 73.67 ± 0.98 82.73 ± 0.84 64.51 ± 0.99 73.35 ± 0.98 66.59 ± 0.78 79.64 ± 0.59 56.90 ± 0.83 61.66 ± 0.63
Branch I & III 73.77 ± 0.34 82.63 ± 0.31 66.94 ± 0.44 75.06 ± 0.89 67.96 ± 0.78 80.68 ± 0.62 57.83 ± 0.59 62.38 ± 0.61
Branch II & III 73.91 ± 0.66 82.83 ± 0.71 66.25 ± 1.17 74.80 ± 1.29 67.67 ± 0.65 80.45 ± 0.51 58.86 ± 1.34 63.47 ± 1.29
Branch I, II & III 74.01 ± 0.88 82.91 ± 0.70 67.61 ± 0.86 75.89 ± 0.90 68.14 ± 0.60 80.83 ± 0.45 60.27 ± 0.25 64.73 ± 0.47

4.5.2 Performance on Skin Lesion and Breast Tumor Segmentation

Considering the shared characteristics between images utilized for skin lesion and breast

tumor segmentation, including factors like the count of ROIs per image and the proportional

size of each ROI within the image, I address both tasks concurrently to explore the potential of

the proposed methodologies. Skin lesions play a vital role in early autoimmune skin disease

detection. Therefore, automatically segmenting skin lesions from their surroundings aids

medical experts in highlighting the regions of interest for further evaluation. Additionally,

precise tumor segmentation can assist radiologists and oncologists in diagnosing breast cancer,

planning treatment, or monitoring its progression. The effectiveness of the proposed models

is showcased using the ISIC2017, ISIC2018, and HAM10000 datasets, along with the BUSI

dataset (refer to Section 5.4 for detailed description), specifically tailored for skin lesion and

breast tumor segmentation tasks, respectively.

Table 4.3 and Table 4.5 compare the proposed models’ performance with the state-of-

the-art segmentation models in the context of skin lesion segmentation and breast tumor

segmentation tasks, respectively. To report a fair comparison, I consider the similar training

protocol and evaluation metrics as followed in (Valanarasu and Patel, 2022). For all the

datasets except UDIAT, I split the training and test data in an 80:20 ratio three times,

and the mean and standard deviation of the performance metrics, namely IoU and F1-score

are reported. However, in the case UDIAT dataset I have used four-fold cross-validation

as used in (Chen et al., 2022a). I have considered three variations of the Morph-UNet

architectures of different CNN backbones, resulting in networks with different numbers of

trainable parameters. Along with segmentation performances, I also compare the space, time,

and computational complexity of the proposed methods with the state-of-the-art methods.

The space complexity of a model is quantified by the number of trainable parameters of the
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Table 4.3: Performance comparison of the proposed methods with the state-of-the-art skin
lesion segmentation methods in terms of IoU and F1-score for ISIC2017, ISIC2018, and
HAM10000 datasets.

Method Module
ISIC2017 ISIC2018 HAM10000

IoU F1-score IoU F1-score IoU F1-score

MALUNet (Ruan et al., 2022) 80.42 ± 0.18* 88.91 ± 0.11* 78.74 ± 0.33* 87.84 ± 0.21* 87.16 ± 0.62* 93.03 ± 0.37*
UNext (Valanarasu and Patel, 2022) 82.42 ± 0.20* 90.18 ± 0.16* 81.95 ± 0.41* 89.88 ± 0.28* 89.04 ± 0.31* 94.12 ± 0.18*
APFormer (Lin et al., 2023) 83.59 ± 0.25* 90.94 ± 0.14* 82.20 ± 0.30* 90.02 ± 0.17* 89.37 ± 0.08* 94.32 ± 0.03*
TransFuse (Zhang et al., 2021c) 83.95 ± 0.44* 91.13 ± 0.26* 82.38 ± 1.14* 90.12 ± 0.71* 89.55 ± 0.41* 94.41 ± 0.24*
FAT-Net (Wu et al., 2022) 85.08 ± 0.18* 91.81 ± 0.12* 83.48 ± 0.61 90.82 ± 0.36 89.93 ± 0.21* 94.64 ± 0.11*

UNet (Baseline) 82.87 ± 0.04* 90.53 ± 0.02* 80.90 ± 1.01* 89.24 ± 0.62* 88.83 ± 0.32* 94.00 ± 0.18*

Morph-UNet
(Ours)

MSMCM 83.35 ± 0.28 90.78 ± 0.16 82.67 ± 0.53 90.33 ± 0.33 89.60 ± 0.14 94.45 ± 0.08
MSMOM 82.03 ± 1.00 89.93 ± 0.64 81.70 ± 0.76 89.74 ± 0.52 89.45 ± 0.17 94.37 ± 0.09
MSMGM 83.36 ± 0.24 90.78 ± 0.14 82.22 ± 1.09 90.07 ± 0.68 89.58 ± 0.25 94.44 ± 0.15

Morph-UNet-
EfficinetNetB4
(Ours)

MSMCM 81.29 ± 0.65 89.56 ± 0.45 80.50 ± 0.23 88.97 ± 0.15 89.13 ± 0.24 94.18 ± 0.14
MSMOM 80.74 ± 1.25 89.14 ± 0.78 80.27 ± 0.19 88.79 ± 0.15 89.00 ± 0.25 94.10 ± 0.15
MSMGM 81.37 ± 0.76 89.58 ± 0.48 81.31 ± 0.88 89.47 ± 0.57 89.42 ± 0.29 94.35 ± 0.17

Morph-UNet-
ResNet34
(Ours)

MSMCM 85.46 ± 0.03 92.08 ± 0.02 84.13 ± 1.02 91.23 ± 0.64 90.37 ± 0.17 94.89 ± 0.10
MSMOM 85.12 ± 0.23 91.84 ± 0.16 84.03 ± 0.94 91.16 ± 0.56 90.15 ± 0.14 94.76 ± 0.08
MSMGM 85.21 ± 0.24 91.92 ± 0.15 84.10 ± 0.74 91.22 ± 0.43 90.32 ± 0.18 94.85 ± 0.10

All the models are trained and evaluated following the recommended setting of (Valanarasu and Patel, 2022).
Bold metrics signify improvement over the state-of-the-art, with red and green denoting the top two metrics,
respectively.
* indicates the methods that are surpassed by the proposed method with a statistically significant margin ( Wilcoxon
signed-rank test with a significance level of 0.05)
In a comparison of my proposed Morph-UNet with MSMCM with the lightweight models MALUNet (Ruan et al.,
2022) and UNext (Valanarasu and Patel, 2022), the former model achieved significant improvement with few more
parameters and comparable inference time for all three datasets. APFormer (Lin et al., 2023) takes a larger inference
time as compared to Morph-UNet. Proposed Morph-UNet-ResNet34 with MSMCM shows further improvement over
TransFuse (Zhang et al., 2021c) and FAT-Net (Wu et al., 2022) with 3-4 times fewer parameters and much lesser
inference time.

model, computation complexity is measured by a number of Multiply-Accumulate operations

(MACs) that involve a multiplication followed by an addition. On the other hand, the time

complexities of the models are measured by inference time i.e. the time taken by the model

time taken by a model to process a given input image. Reported inference times are specific

to the ISIC2017 dataset.

Table 4.3 provides a comprehensive comparison of the proposed methods with state-of-the-

art approaches, focusing on segmentation performance measured by IoU and F1-score. A com-

parison of time efficiency and memory efficiency is also presented in terms of inference time

and number of trainable parameters and Multiply-Accumulate Operations (MACs) respec-

tively in Table 4.4. The inference time is the time taken to predict the segmentation mask of

one image. Reported inference times are specific to the ISIC2017 dataset. I have the following

observations from Table 4.3 and 4.4. While compared among different MSMMs, the integra-

tion of MSMCM and MSMGM module within the Morph-UNet led to superior performance

as compared to MSMOM. Given the irregular shapes and textures often associated with skin

lesions, Closing proves effective in ensuring the lesion is perceived as a connected region, even
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Table 4.4: Complexity comparison of the proposed methods with the state-of-the-art skin le-
sion segmentation methods in terms of number of trainable parameters, Multiply-Accumulate
Operations (MACs), and inference time for ISIC2017.

Method Module
Parameters

(M)
MACs
(G)

Inference
Time (ms)

MALUNet (Ruan et al., 2022) 00.18 00.08 3.92
UNext (Valanarasu and Patel, 2022) 01.47 00.50 2.33
APFormer (Lin et al., 2023) 02.60 01.40 6.48
TransFuse (Zhang et al., 2021c) 26.27 05.93 7.12
FAT-Net (Wu et al., 2022) 34.00 29.43 5.54
UNet (Baseline) 01.94 02.54 1.50

Morph-UNet
(Ours)

MSMCM 02.33 02.74 3.68
MSMOM 02.33 02.74 3.66
MSMGM 02.29 02.74 3.01

Morph-UNet-
EfficinetNetB4
(Ours)

MSMCM 00.35 00.66 5.54
MSMOM 00.35 00.66 5.51
MSMGM 00.34 00.66 4.73

Morph-UNet-
ResNet34
(Ours)

MSMCM 09.28 02.81 4.67
MSMOM 09.28 02.81 4.78
MSMGM 09.24 02.81 3.92

in the presence of minor interruptions. Closing operation is particularly advantageous for

handling texture irregularities, fostering a more uniform representation in the segmentation

results. In the context of diverse textures exhibited by skin lesions, Closing contributes to

a consistent portrayal across the entire lesion area. Morpand hological Gradient is sensitive

to variations in texture. Skin lesions often exhibit distinct texture characteristics, and the

gradient is effective in capturing these textural differences for segmentation. Leveraging the

characteristics of skin lesions and the capabilities inherent in Morphological Closing and Gra-

dient operations, my proposed model incorporating Multi-Scale Morphological Closing and

Gradient Modules (MSMCM, MSMGM) has demonstrated superior performance compared to

Multi-Scale Morphological opening Modules (MSMOMs). Secondly, the proposed lightweight

Morph-UNet model with MSMCM demonstrated superior performance compared to both the

baseline UNet model and other lightweight models, including MALUNet (Ruan et al., 2022),

UNext (Valanarasu and Patel, 2022) and APFormer (Lin et al., 2023), across the ISIC2018

and HAM10000 datasets. Nevertheless, on the ISIC2017 dataset, the proposed Morph-UNet

model with MSMCM surpassed all state-of-the-art lightweight segmentation models except

for APFormer (Lin et al., 2023). Though the inference time associated with my proposed

method is longer than the baseline method (UNet) due to the inclusion of MSMMs within

the architecture, it is worth noting that it either matches or outperforms the existing state-

of-the-art methods in this context except (inference time of UNext). It is worth mentioning
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that, my proposed approach (Morph-UNet-ResNet3 with MSMCM) has fewer trainable pa-

rameters, MACs and has lesser inference time as compared to the TransFuse (Zhang et al.,

2021c) and FAT-Net (Wu et al., 2022), the two best-performing state-of-the-art-methods, yet

demonstrated superior performance when compared to other state-of-the-art methods. Thus

altogether, it surpasses the state-of-the-art methods in terms of performance as well as time,

space, and computational complexity, making it well-suited for practical applications in the

field of skin lesion segmentation.

Table 4.5: Performance comparison of the proposed methods with the state-of-the-art medical
image segmentation methods in terms of IoU and F1-score for BUSI and UDIAT datasets.

Method Module Params (M)/ MACs (G)
Inference
Time (ms)

Data
Aug.

BUSI UDIAT
IoU F1-score IoU F1-score

MedT, (Valanarasu and Patel, 2022) 00.18/00.97 52.36 No 63.89 ± 0.55* 76.93 ± 0.11*
UNext, (Valanarasu and Patel, 2022) 01.47/00.50 02.33 Yes 64.69 ± 1.79* 77.60 ± 1.64* 67.89 ± 1.31* 80.48 ± 1.02*
APFormer, (Lin et al., 2023) 02.60/01.40 06.48 Yes 67.82 ± 0.17* 80.25 ± 0.15* 64.52 ± 1.72* 77.74 ± 1.21*
TransUNet, (Valanarasu and Patel, 2022) 105.0/01.44 Yes 66.92 ± 0.75* 79.30 ± 0.37*
DPCTN, (Song et al., 2023) / Yes 57.97 70.22
AAUNet, (Chen et al., 2022a) 50.00/ No 68.82 ± 0.44* 77.51 ± 0.68* 69.10 ± 2.98* 78.14 ± 2.41*

UNet (Baseline) 01.94/01.50 02.54 Yes 65.46 ± 1.12* 78.34 ± 0.66* 66.67 ± 1.23* 79.42 ± 1.02*

Morph-UNet (Ours)
MSMCM 02.33/02.74 03.68 Yes 65.84 ± 0.23 78.52 ± 0.36 64.46 ± 1.26 78.00 ± 1.01
MSMOM 02.33/02.74 03.66 Yes 63.35 ± 0.66 76.77 ± 0.68 64.88 ± 0.80 78.06 ± 0.54
MSMGM 02.31/02.74 03.01 Yes 68.49 ± 0.46 80.37 ± 0.10 69.83 ± 1.98 81.67 ± 1.42

Morph-UNet-
EfficinetNetB4
(Ours)

MSMCM 00.35/00.66 05.54 Yes 56.89 ± 0.52 71.56 ± 0.59 35.60 ± 1.01 51.60 ± 1.31
MSMOM 00.35/00.66 05.51 Yes 55.91 ± 0.94 70.77 ± 1.06 44.43 ± 0.42 60.33 ± 0.53
MSMGM 00.34/00.66 04.73 Yes 58.28 ± 0.33 72.71 ± 0.04 42.34 ± 0.86 58.80 ± 0.80

Morph-UNet-
ResNet34
(Ours)

MSMCM 09.28/02.81 04.67 Yes 70.46 ± 0.30 81.72 ± 0.14 76.01 ± 0.91 85.85 ± 0.65
MSMOM 09.28/02.81 04.78 Yes 70.63 ± 0.12 81.75 ± 0.36 76.04 ± 0.65 85.99 ± 0.46
MSMGM 09.25/02.81 03.92 Yes 72.28 ± 0.27 83.17 ± 0.09 78.01 ± 1.20 87.24 ± 0.87

Along with UNext (Valanarasu and Patel, 2022) and APFormer (Lin et al., 2023), all versions of the proposed models
are trained and evaluated following the recommended setting of (Valanarasu and Patel, 2022). Results reported for
MedT (Valanarasu et al., 2021) and TransUNet (Chen et al., 2021) are taken from (Valanarasu and Patel, 2022),
whereas, performance measures of DPCTN (Song et al., 2023) and AAUNet (Chen et al., 2022a) are obtained from
respective original articles.
Metrics highlighted in bold type indicate improvements over the state-of-the-art, with red and green indicating the top
two metrics, respectively.
* indicates the methods that are surpassed by the proposed method with a statistically significant margin (Wilcoxon
signed-rank test with a significance level of 0.05)
The proposed Morph-UNet with MSMGM has surpassed all the state-of-the-art models by a significant margin. MedT
(Valanarasu et al., 2021) and APFormer (Lin et al., 2023) have significantly high inference time, whereas TransUNet
(Chen et al., 2021) and AAUNet (Chen et al., 2022a) have a huge number of parameters as compared to Morph-UNet.

I draw the following observations from Table 4.5 that compares the performance of the

proposed method with state-of-the-art and baseline methods in the context of breast tumor

segmentation tasks. I observe that all three versions of proposed models with the MSMGM

module consistently perform better than other morphological modules. This aligns with the

results obtained in the ablation study (Section 4.5.1). The morphological gradient boosts the

contrast between distinct regions in an image. It operates as an edge detection operator, em-

phasizing the transitions between tumor and non-tumor regions within the image. For breast

tumor segmentation, this is valuable for improving the visibility of subtle features within
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Figure 4.5: The qualitative comparison of proposed segmentation models with baseline and
state-of-the-art model for (a) skin lesion segmentation and (b) breast tumor segmentation

task. Yellow and red contours indicate the boundary of the ground truth mask and
predicted mask respectively.

and around tumor areas, aiding in the accurate identification and delineation of tumors.

Consequently, the Morph-UNet incorporating Multi-Scale Morphological Gradient Modules

(MSMGM) has demonstrated commendable performance in tasks related to breast tumor

segmentation task. The proposed methods, both Morph-UNet and Morph-UNet-ResNet34

with MSMGM, show significant improvement over baseline and related state-of-the-art mod-

els. The best result was obtained through the Morph-UNet-ResNet34 model with MSMGM

modules, which beats the AAUNet (Chen et al., 2022a) model by 3.46% and 5.66% in terms

of IoU and F1-score respectively for BUSI dataset. Similarly, I also observe an enhancement

of 8.91% and 9.1% in the IOU and F1-score measure for the UDIAT dataset.

In these two tasks, both lesions and tumors are generally represented by one single contin-

uous ROI, which has a comparatively higher ratio of ROI to the image. The main challenge

here is to precisely define the segmentation boundary rather than the small areas with simi-

lar characteristics as the ROI since such small areas are usually absent in medical images of

these categories. This might have led to the inferior performance of the MSMOM module as

compared to other morphological modules, skin lesions, and breast tumor segmentation as

morphological Opening operation primarily targets the removal of small objects. Moreover,

the ResNet34 CNN backbone performs better than the EfficientNetB4 CNN backbone in

both tasks. This demonstrates that, for skin lesions and breast tumors, the ROIs are better

108



4. Morph-UNet

High-level feature map

Before
 MSMM

After
MSMMImage

Final
result

Low-level feature map

Before
MSMM

After
MSMM

Mid-level feature map

Before
MSMM

After
MSMM

High-level feature map

Before
 MSMM

After
MSMMImage

Final
result

(a) (b)

Low-level feature map

Before
MSMM

After
MSMM

Mid-level feature map

Before
MSMM

After
MSMM

Figure 4.6: The channel-wise average of the low-level, mid-level, and high-level feature map
extracted by ResNet34 backbone and their corresponding feature maps after the application
of Multi-scale Morphological Modules (MSMM) shown are shown for (a) skin lesion segmen-
tation task and (b) breast tumor segmentation task.

characterized by the comparatively larger initial kernel size of ResNet34 than by the smaller

3 × 3 initial kernel of EfficientNetB4.

Along with the quantitative results, I also present the qualitative results for comparison

among the baseline (UNet), state-of-the-art models (UNext and APFormer and FAT-Net),

and proposed models (Morph-UNet and Morph-UNet-ResNet34 with MSMCM and MSMGM

modules respectively for skin lesion segmentation and breast tumor segmentation task respec-

tively). Figure 4.5 (a) and (b) show a few samples from the datasets used for skin lesion and

breast tumor segmentation tasks, respectively, along with their ground truth masks and pre-

dicted masks obtained by various methods. It includes images with different ratios of ROIs to

images and noises, namely reference stickers, hair, and pen markings. The proposed methods

delineate the boundary of skin lesions and breast tumors with more precision as compared

to baseline and state-of-the-art models.

In Figure 4.6, I present the feature maps obtained in three stages of the CNN backbone

along with the corresponding feature maps after applying morphological modules. I consider

Morph-UNet-ResNet34 with MSMCM and MSMGM modules for this analysis in skin lesion

and breast tumor segmentation tasks, respectively, which yield the best performance in the

corresponding domain. Incorporating skip connections from all stages is pivotal in intricate

image segmentation tasks (Ronneberger et al., 2015). As I progress from low-level to high-

level feature maps, there is a trade-off between spatial resolution and enriched abstract and

semantic information. From Figure 4.6, it is apparent that the application of morphological
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Table 4.6: Performance comparison of the proposed methods with the state-of-the-art medical
image segmentation methods in terms of IoU and F1-score for GlaS and MonuSeg dataset.

Inference
Time (ms)

GlaS MonuSeg
Method Module Param. Data Aug. IoU F1-score IoU F1-score

MedT (Valanarasu et al., 2021) 01.40 M 52.36 No 69.61 81.02 66.17 79.55
HistoSeg (Wazir and Fraz, 2022) 29.00 M Yes 76.73 98.07 71.06 75.08
DCA (Ates et al., 2023) 30.68 M Yes 81.68 89.90 65.97 79.50
UCtransNet (Wang et al., 2022) 65.60 M 05.94 Yes 82.24 89.84 66.68 79.87

UNet(Baseline) 01.94 M 01.50 Yes 81.86 ± 0.27 89.54 ± 0.23 65.08 ± 0.39 78.60 ± 0.29

Morph-UNet (Ours)
MSMCM 02.33 M 03.68 Yes 83.25 ± 0.11 90.50 ± 0.10 65.22 ± 0.15 78.68 ± 0.12
MSMOM 02.33 M 03.66 Yes 81.64 ± 0.65 89.41 ± 0.47 67.11 ± 0.53 80.05 ± 0.41
MSMGM 02.31 M 03.01 Yes 82.68 ± 0.24 90.08 ± 0.12 65.61 ± 0.42 79.00 ± 0.32

Morph-UNet-
EfficinetNetB4
(Ours)

MSMCM 03.48 M 05.54 Yes 83.27 ± 0.58 90.49 ± 0.37 67.52 ± 0.27 80.37 ± 0.22
MSMOM 03.48 M 05.51 Yes 83.16 ± 0.47 90.43 ± 0.29 68.17 ± 0.36 80.86 ± 0.28
MSMGM 03.42 M 04.73 Yes 83.47 ± 0.72 90.50 ± 0.52 67.64 ± 0.25 80.48 ± 0.18

Morph-UNet-
ResNet34
(Ours)

MSMCM 09.28 M 04.67 Yes 84.64 ± 0.10 91.31 ± 0.05 66.04 ± 0.36 79.30 ± 0.27
MSMOM 09.28 M 04.78 Yes 84.12 ± 0.31 91.00 ± 0.22 66.31 ± 0.16 79.50 ± 0.12
MSMGM 09.25 M 03.92 Yes 85.12 ± 0.21 91.63 ± 0.14 66.16 ± 0.15 79.39 ± 0.12

Bold metrics signify improvement over the state-of-the-art, with red and green denoting the top two metrics,
respectively. All three versions of the proposed models (Morph-UNet, Morph-UNet-EfficinetNetB4, and

Morph-UNet-ResNet34) are much lighter than HistoSeg, DCA, and UCTransNet and take less time to infer as
compared to MedT.

modules at each stage has enhanced the morphological information of the ROI, which plays

a crucial role in predicting the mask indicating the lesion or tumor in the clinical images.

4.5.3 Performance on Glands and Nuclei Segmentation

In medical pathology, gland segmentation is crucial for the analysis of tissue samples. It

aids pathologists in studying the morphology and distribution of glands within tissues, con-

tributing to diagnosing diseases such as cancer. Additionally, cell nuclei, serving as indicators

of diverse cellular functions and diseases, hold significant importance. The segmentation of

cell nuclei extracted from microscopy images is crucial for quantitatively analyzing cellular

processes and related medical conditions. I have evaluated the performance of the proposed

model in the context of segmenting glands and nuclei from microscopic histopathology images.

The task of gland and nuclei segmentation differs from the segmentation tasks explained in

the previous section in terms of the number of disjoint ROIs. The number of disjoint ROIs

in skin lesion or breast tumor segmentation tasks is generally one, whereas, gland and nuclei

segmentation tasks involve segmenting a large number of disjoint ROIs. Moreover, the nuclei

segmentation task is more intricate due to the comparatively smaller areas of each disjoint

ROI. These characteristics of microscopic cellular images challenge the model’s capability to

segment the region of interest.

In Table 4.6, I report the quantitative analysis of the performance of the proposed method
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Figure 4.7: The qualitative comparison of proposed segmentation models with baseline and
state-of-the-art model for GlaS dataset.

along with the baseline and other medical image segmentation models in extracting nuclei

and glands from microscopic images using the MonuSeg and GlaS datasets, respectively. The

proposed Morph-UNet has surpassed UNet, the baseline model, and state-of-the-art meth-

ods in gland segmentation tasks in terms of IoU metric. Among the MSMMs, MSMGM

and MSMCM have performed better than MSMOM in all three versions of the proposed

Morph-UNet. The effectiveness of Morphological Closing and Gradient operations in gland

segmentation tasks can be attributed to their ability to capture specific morphological fea-

tures and enhance the visibility of glandular structures. Morphological Closing, which in-

volves the sequential application of dilation followed by erosion, is effective in smoothing

irregularities, Closing small gaps in the boundaries of glandular structures and minimizing

noise and artifacts. Thus, MSMCM ensures that the segmentation algorithm focuses on the

actual glandular structures, leading to more reliable results. The morphological gradient op-

eration involves computing the intensity differences between pixels, emphasizing regions of

rapid intensity change. In the context of gland segmentation, it highlights boundaries and

fine details within the glandular structures. Thus, MSMGM enhances the contrast between

glandular and non-glandular regions, making it easier for segmentation algorithms to identify
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Figure 4.8: The qualitative comparison of proposed segmentation models with baseline and
state-of-the-art model for the MonuSeg dataset.

and delineate gland boundaries accurately. Furthermore, among the two CNN backbones

that have been fused with the proposed architecture, ResNet34 performed better in the con-

text of gland segmentation tasks due to the relatively large RRI, which is more accurately

accommodated by the larger receptive field of the initial convolutional layer of ResNet34.

Morph-Unet-ResNet34 architecture with MSMGM has shown an improvement of 2.88% in

IoU with respect to the state-of-the-art method, even with a significantly low number of

parameters. Figure 4.7 illustrates the qualitative comparison of the proposed models with

both baseline (UNet) and state-of-the-art methods (UCTransNet). While UNet and UC-

TransNet fail to separate closely bound glands, the Morph-UNet and Morph-UNet-ResNet34

with MSMGM precisely delineate the separating boundary.

Among the state-of-the-art methods, UCTransNet (Wang et al., 2022) achieved the best

F1-score in nuclei segmentation task using the MonuSeg dataset. Thus, I have followed the

same train, validation, and test split as mentioned in (Wang et al., 2022). While compar-

ing the different morphological modules, I note that the MSMOM module performs better

than the other morphological modules in this context. In terms of F1-score, the proposed

lightweight model, Morph-UNet has surpassed all the state-of-the-art methods, whereas it
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Table 4.7: Performance comparison of the proposed methods with the state-of-the-art medical
image segmentation methods in terms of F1-score for the PanNuke dataset.

Model Module Param. Neoplastic Epithelial Inflammatory Connective Dead Average

Hover-Net (Graham et al., 2019) 45.00 M 0.55 0.49 0.42 0.39 0.14 0.40
TSFD-Net (Ilyas et al., 2022) 21.90 M 0.65 0.57 0.57 0.53 0.43 0.55
MCTrans (Ji et al., 2021) 07.64 M 0.84 0.78 0.68 0.65 0.46 0.68
SONNET (Doan et al., 2022) 0.64 0.60 0.52 0.47 0.37 0.52

UNet 01.94 M 0.60±0.012 0.66±0.112 0.46±0.009 0.54±0.007 0.97±0.006 0.65±0.023

Morph-UNet
MSMCM 02.33 M 0.60±0.031 0.77±0.041 0.46±0.007 0.54±0.025 0.96±0.011 0.67±0.016
MSMOM 02.33 M 0.60±0.031 0.79±0.008 0.45±0.011 0.55±0.011 0.96±0.013 0.67±0.011
MSMGM 02.31 M 0.64±0.012 0.72±0.026 0.46±0.008 0.54±0.035 0.97±0.006 0.66±0.007

Morph-UNet-EfficientNetB4
MSMCM 03.48 M 0.68±0.039 0.87±0.017 0.48±0.024 0.55±0.030 0.90±0.034 0.70±0.018
MSMOM 03.48 M 0.72±0.004 0.85±0.009 0.49±0.010 0.58±0.003 0.96±0.007 0.72±0.003
MSMGM 03.42 M 0.71±0.019 0.85±0.014 0.48±0.009 0.56±0.008 0.95±0.009 0.71±0.003

Morph-UNet-ResNet34
MSMCM 09.28 M 0.66±0.033 0.81±0.014 0.47±0.006 0.55±0.005 0.91±0.049 0.68±0.021
MSMOM 09.28 M 0.65±0.034 0.81±0.033 0.47±0.017 0.56±0.012 0.94±0.028 0.69±0.009
MSMGM 09.25 M 0.65±0.021 0.76±0.046 0.47±0.005 0.56±0.008 0.95±0.010 0.68±0.014

Bold metrics signify improvement over the state-of-the-art, with red and green denoting the top two metrics,
respectively. Morph-UNet-EfficinetNetB4 is much lighter than Hover-Net, TSFD-Net, and MCTrans and shows

significant improvement over the state-of-the-art model with MSMOM.

yields the second-best performance when evaluated using the IoU metric. Furthermore, the

Morph-UNet-EfficientNetB4 has outperformed the UCtransNet (Wang et al., 2022) model

by 0.99% in the F1-score. The EfficientNetB4 backbone has shown better performance than

the ResNet34 backbone. Due to the larger receptive field in the initial convolution layer

of ResNet34, it lacks precision in segmenting comparatively small cell nuclei. The qualita-

tive comparison of the proposed models with baseline as well as state-of-the-art methods is

also presented in Figure 4.8. It is observed that the proposed method performed better in

preserving the shapes of ROIs as well as detecting disjoint ROIs as compared to UNet and

UCTransNet, the baseline and state-of-the-art methods respectively.

All the segmentation tasks used to evaluate the proposed method so far are binary, i.e.,

there are only two discrete categories (ROI and background) in which the pixels are grouped.

However, the ROIs of the PanNuke dataset are divided into five categories according to the

cell types. Thus, the task here is to segment the nuclei in the microscopic images and iden-

tify the type of its cell, which further challenges the medical segmentation models. In Table

4.7, I compare the quantitative results obtained by the proposed method with the other seg-

mentation method. Focal loss (Lin et al., 2017) with γ = 0.75 is used as the loss function,

which is optimized in the training process. Table 4.7 presents the quantitative analysis of the

proposed methods, baseline, and state-of-the-art models in terms of individual classwise F1-

score and average F1-score. In average F1-score, Morph-UNet-EfficientNetB4 outperforms

both baseline and state-of-the-art methods by 7% and 4%, respectively, while utilizing a
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notably lower number of trainable parameters. However, while considering the F1-score for

individual classes, the proposed method has surpassed all the state-of-the-art models except

MCTrans (Ji et al., 2021). The EfficientNet backbone yields improved performance as com-

pared to the ResNet34 backbone. The features of small-sized cell nuclei are more precisely

captured by the smaller receptive field of the initial convolution operation of EfficientNetB4

compared to the ResNet34 model. Among different morphological modules, MSMOM has

consistently exhibited the best performance in nuclei segmentation tasks. The Morphological

Opening operation entails the sequential application of erosion followed by dilation, a pro-

cess designed to uphold object boundaries while eliminating smaller, surrounding structures.

Its efficacy extends to the separation of touching objects by eroding the regions where they

converge and subsequently dilating them back to their original size, facilitating more precise

segmentation of individual nuclei. Given the typically well-defined boundaries of nuclei, the

use of Opening proves advantageous in preserving their integrity while simultaneously remov-

ing background noise or artifacts. Thus, this is particularly beneficial in addressing common

challenges such as touching nuclei in histological images, by adeptly filtering out small-scale

noise and extraneous details in the background, Opening ensures the maintenance of the

overall structural fidelity of the nuclei. Following an elaborate experimentation process, my

findings demonstrate that the proposed architecture with Multi-Scale Morphological Open-

ing Modules (MSMOM) outperformed MSMGM or MSMCM in the nuclei segmentation task,

yielding superior results for both the MonuSeg and PanNuke datasets.

4.5.4 MSMM in Decoder

All three versions of the proposed architecture incorporate MSMM blocks on the feature

maps extracted by the encoder. I conduct another experiment to investigate the performance

of those architectures while the MSMM modules are included in the decoder path after each

upsampling operation. In Table 4.8, I showcase the evaluation performance of the proposed

model with the above-said modification on all seven medical imaging datasets. Among all

the variations of the proposed method, I specifically focus on the variant that demonstrated

the most favorable outcomes, both with and without any CNN backbone. Additionally, I

integrate the aforementioned modification into that architecture. It is found that, though

the above modification yielded an improved performance as compared to the corresponding
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Table 4.8: Performance of proposed method with MSMM blocks incorporated in the decoder
path. E-D skip path indicates Encoder-Decoder skip path.

Dataset Backbone Module, position IoU F1-score

ISIC2017

No Backbone MSMCM, E-D skip path 83.35 ± 0.28 90.78 ± 0.16
No Backbone MSMCM, decoder 83.40 ± 0.44 90.82 ± 0.26

ResNet34 MSMCM, E-D skip path 85.46 ± 0.03 92.08 ± 0.02
ResNet34 MSMCM, decoder 85.22 ± 0.29 91.92 ± 0.19

ISIC2018

No Backbone MSMCM, E-D skip path 82.67 ± 0.53 90.33 ± 0.33
No Backbone MSMCM, decoder 82.05 ± 0.68 89.95 ± 0.43

ResNet34 MSMCM, E-D skip path 84.13 ± 1.02 91.23 ± 0.64
ResNet34 MSMCM, decoder 84.03 ± 0.76 91.18 ± 0.45

HAM10000

No Backbone MSMCM, E-D skip path 89.60 ± 0.14 94.45 ± 0.08
No Backbone MSMCM, decoder 89.41 ± 0.32 94.34 ± 0.18

ResNet34 MSMCM, E-D skip path 90.37 ± 0.17 94.89 ± 0.10
ResNet34 MSMCM, decoder 90.21 ± 0.28 94.79 ± 0.16

BUSI
No Backbone MSMGM, E-D skip path 68.49 ± 0.46 80.37 ± 0.10
No Backbone MSMGM, decoder 66.55 ± 2.18 79.18 ± 1.40

ResNet34 MSMGM, E-D skip path 72.28 ± 0.27 83.17 ± 0.09
ResNet34 MSMGM, decoder 71.51 ± 1.09 82.49 ± 0.32

MonuSeg
No Backbone MSMOM, E-D skip path 67.11 ± 0.53 80.05 ± 0.41
No Backbone MSMOM, decoder 66.73 ± 0.00 79.73 ± 0.00

EfficientNetB4 MSMOM, E-D skip path 68.17 ± 0.36 80.86 ± 0.28
EfficientNetB4 MSMOM, decoder 66.07 ± 0.26 79.30 ± 0.20

GlaS
No Backbone MSMCM, E-D skip path 83.25 ± 0.11 90.50 ± 0.10
No Backbone MSMCM, decoder 83.06 ± 0.35 90.32 ± 0.23

ResNet34 MSMGM, E-D skip path 85.12 ± 0.21 91.63 ± 0.14
ResNet34 MSMGM, decoder 84.20 ± 0.07 91.01 ± 0.05

PanNuke
No Backbone MSMCM, E-D skip path 62.66 ± 1.07 67.09 ± 1.09
No Backbone MSMCM, decoder 61.43 ± 3.57 65.98 ± 3.71

EfficientNetB4 MSMOM, E-D skip path 67.20 ± 0.29 71.82 ± 2.64
EfficientNetB4 MSMOM, decoder 64.58 ± 1.47 69.09 ± 1.50

state-of-the-art method for a few datasets, the incorporation of MSMM modules within the

decoder did not show any improvement over the proposed design. I can infer from this

experiment that the proposed position of MSMM blocks within the encoder path of Morph-

UNet is the ideal position in the context of medical image segmentation.

4.6 Discussion

I introduced a lightweight network designed for the specific task of medical image segmenta-

tion, particularly suited for scenarios where the subtle regions of interest (ROIs) exhibit irreg-

ular shapes and sizes. Three separate multi-scale morphological modules are developed based

on three morphological operations — Opening, Closing, and Morphological Gradient. These
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modules were designed to capture morphological details from regions of interest (ROIs), which

are crucial in segmenting these ROIs. The suggested modules can be seamlessly integrated

into various deep learning-based segmentation models to improve performance. Investigating

this potential enhancement is a topic for future research. To validate the effectiveness of

my approach, I applied it to three distinct medical image segmentation tasks – skin lesion

segmentation, breast tumor segmentation, and cell nuclei segmentation. I conducted experi-

ments using eight publicly available datasets to demonstrate the versatility and robustness of

my proposed method. The performance and quality of my proposed models were evaluated

using both quantitative metrics and qualitative assessments. Through this comprehensive

analysis, I effectively highlighted the superiority of my suggested models in addressing these

complex medical image segmentation challenges with a limited number of training samples.

The effectiveness of the proposed models can be further investigated in other medical image

segmentation tasks as a potential avenue for future research.

The proposed multi-scale morphological modules with trainable structuring elements can

be plugged into any other segmentation model. To this extent, the proposed module could

be used as the post-processing algorithm to enhance the precise delineation of the boundary

after the cluster-based segmentation algorithms (Kumar et al., 2022, 2023).

The performance of Morph-UNet with specific MSMM can vary based on the specific

segmentation task and the characteristics of the images. It may not offer universal optimiza-

tion across all image types or objects, necessitating thoughtful consideration of the particular

task. Proposed approach involved individually incorporating three morphological operations

(Opening, Closing, and Morphological Gradient) into MSMM during its design. However,

there is an opportunity to explore the inclusion of other morphological operations, such as

top-hat, bottom-hat, etc, in MSMM. The exploration must aim to assess their potential in

diverse medical image segmentation tasks by analyzing the intrinsic characteristics of the

respective datasets.

Recently, the Segment Anything Model (SAM) (Kirillov et al., 2023)) has been developed

to perform segmentation tasks across a wide variety of images using prompt-based inputs,

such as points, boxes, or masks. While SAM has shown promise in medical image segmen-

tation (Ma et al., 2024; Mazurowski et al., 2023; Huang et al., 2024), I have chosen not to

consider this approach in this thesis for several reasons. First, MedSAM, which builds on
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SAM’s framework, relies on large-scale pretraining and prompt-based segmentation. How-

ever, its high computational complexity, large parameter count (over 200 million parameters),

and dependence on user inputs make it less practical for resource-constrained clinical settings.

In contrast, my proposed segmentation model, Morph-UNet, is explicitly designed to

address the unique challenges of medical image segmentation, such as irregular ROI shapes,

limited dataset sizes, and the need for fully automated processing. Unlike MedSAM, which

requires prompt-based user inputs, Morph-UNet operates autonomously, aligning with the

central goal of this research. Furthermore, the small medical datasets used in this thesis

are unlikely to benefit from MedSAM’s large-scale pretraining requirements, which demand

extensive labeled data, and fine-tuning such models with a large number of parameters on

these limited datasets increases the risk of overfitting. My models, on the other hand, are

specifically designed and optimized to excel in a data-scarce environment, addressing one of

the most pressing challenges in medical image analysis.
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Chapter 5

MA-DTNet: Multi-task Learning
with Morphological Attention for
Medical Image Analysis

Summary

In medical image analysis, combining classification and segmentation tasks into a unified

framework enhances both performance and efficiency. Multi-task learning (MTL) approaches

enable shared representations and contextual information across tasks, leading to mutual ben-

efits in medical imaging where both pixel-level segmentation and image-level classification are

essential. To this end, I propose a lightweight MTL framework, MA-DTNet, designed to

simultaneously handle segmentation and classification tasks using a shared encoder architec-

ture. MA-DTNet integrates a Spatial Morphological Attention (SMA) module and a Channel

Attention (CA) mechanism to refine key morphological features and emphasize informative

channels within the shared feature representations, improving task performance with fewer pa-

rameters. Specifically, in the context of breast tumor segmentation and malignancy detection,

MA-DTNet demonstrates superior performance on two public breast ultrasound datasets. It

achieves a 3.28% improvement in dice score for segmentation and a 1.05% increase in F1-

score for classification on the UDIAT dataset, and a 1.62% and 4.96% improvement in dice

score and accuracy, respectively, on the BUSI dataset. MA-DTNet’s efficiency, with signifi-

cantly fewer trainable parameters, highlights its potential for real-world clinical applications.

The model’s generalization ability is further demonstrated on additional tasks, including gland

segmentation and classification in histology images, and skin lesion analysis in dermoscopic
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images.

5.1 Introduction

5.1.1 Overview

Medical image analysis underpins various healthcare applications, including diagnosis, treat-

ment planning, and prognosis. Accurate segmentation and classification of anatomical struc-

tures and abnormalities within these images are essential for practical analysis. These tasks

have been traditionally addressed using separate models trained for each specific task. How-

ever, this approach can be inefficient and resource-intensive, mainly when dealing with lim-

ited datasets or complex tasks requiring extensive training data. The emergence of multi-task

learning (MTL) has revolutionized the field of medical image analysis, offering a compelling

alternative to single-task learning approaches. MTL leverages the inherent correlations and

shared information between related tasks within a single model, leading to several potential

benefits like improved data efficiency (Zhang and Yang, 2021), reduced overfitting (Ruder,

2017), enhanced feature learning (Ruder, 2017), among others.

Successful applications of MTL in medical image analysis include glioma segmentation

and isocitrate dehydrogenase genotyping from brain MRI (Cheng et al., 2022), skin lesion

segmentation and classification from dermoscopic images (Xie et al., 2020b), and kidney

segmentation and domain translation from urographic images (Zeng et al., 2021). Building

upon this growing body of research, I focus on the tasks of breast tumor segmentation and

malignancy detection, as documented in recent studies highlighting the effectiveness of MTL

for these specific tasks (Zhang et al., 2021a; Chowdary et al., 2022; Xu et al., 2022, 2023).

These MTL networks comprise trainable parameters in the range of 90-110 M. However, MTL

models with fewer parameters are highly desirable for practical implementation in real-world

settings. I design a lighter MTL architecture of 22.95 M parameters to address this challenge.

I focus on breast tumor segmentation and malignancy detection in ultrasound images as

my primary task in this study. Ultrasound imaging typically identifies cancerous tumors as

hypoechoic regions with poorly defined borders (Gokhale, 2009). Consequently, more accu-

rate tumor segmentation improves tumor-type diagnosis. Through experimentation, I found

that the encoder-shared multi-task learning (MTL) model outperforms individual models de-
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signed separately for segmentation and classification. However, there is potential to further

enhance segmentation performance and, by extension, malignancy detection. To address this,

I propose a Channel and Spatial Morphological Attention Module (C-SMA), which integrates

channel attention (CA) to prioritize crucial feature maps and spatial morphological attention

(SMA) to focus on morphological attributes within the feature maps. While the successful in-

tegration of morphological operations in deep learning has been reported for tasks like image

de-raining and image restoration (Mondal et al., 2019), this work is the first, to my knowledge,

to incorporate a trainable, multi-scale morphological operation in the form of morphological

attention within an MTL network. My MTL architecture integrates the C-SMA block into

the skip connections between the encoder and decoder at various stages. Although I do not

directly use the segmentation outcome to detect tumor malignancy, the encoder shared by

both segmentation and classification branches is optimized to improve segmentation results,

thereby enhancing malignancy detection. The contributions of this study are as follows:

• I propose a novel C-SMA module that integrates channel attention with morphological

operations. The spatial morphological operations with trainable, multi-scale structuring

elements effectively highlight the morphological attributes of feature maps, allowing for

the identification of regions of interest (ROIs) with variable shapes and sizes.

• I propose a lightweight multi-task learning network for breast tumor segmentation and

malignancy detection from ultrasound images by incorporating the C-SMA module

within the multi-task framework.

• To evaluate efficiency, I employed the proposed method on public datasets (UDIAT and

BUSI), outperforming both single-task and multi-task baselines and SOTA methods. I

achieve 3.28% and 1.62% improvement in dice score in tumor segmentation tasks for

UDIAT and BUSI datasets, respectively. In the classification task, an enhancement

of 1.05% in the F1-score and 4.96% in accuracy is observed for the UDIAT and BUSI

datasets, respectively.

• The Generalization ability of my method is extended to two other multi-tasking sce-

narios: segmenting and classifying skin lesions in dermoscopic images and segmenting

and predicting malignancy of glands in histology images.
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The rest of the chapter is organized as follows. Section 5.2 describes the existing literature

concerning relevant MTL and their limitations. Section 5.3 elaborates on the proposed MA-

DTNet and its components. Section 5.5 presents the experimental result, description of the

datasets, and training protocol followed in this study. Lastly, section 5.6 concludes the study.

5.2 Related Studies

In this section, I delve into the existing literature concerning pertinent segmentation, clas-

sification, and multi-task learning for breast tumor segmentation and malignancy detection

from ultrasound images, aiming to identify the gaps and limitations in current methodologies

that my research seeks to address.

In 2021, Zhang et al. (Zhang et al., 2021a) devised an integrated segmentation and

classification network, incorporating attention gates to utilize information from lesion regions

effectively. However, this approach fails to address the computational cost of the model, which

is a critical factor for real-world applications, especially in clinical settings where resources

may be limited. This highlights the need to develop more computationally efficient models.

In 2022, Xu et al. (Xu et al., 2022) introduced an MTL framework for segmenting breast

ultrasound tumors and predicting their malignancy. This approach leverages segmentation

outcomes as prior knowledge to enhance contextual relationships. Later, in 2023, Xu et al.

(Xu et al., 2023) introduced a regional-attentive multi-task learning framework by integrating

a regional attention (RA) module. This incorporation enhances representation, improving

performance in segmentation and classification tasks for each breast ultrasound image. De-

spite these advancements, the models used by Xu et al. employed a self-attention mechanism

with a large number of trainable parameters (109 M and 93 M). This makes them less suit-

able for real-time applications due to their computational demands. Existing research shows

a key challenge: developing lightweight and efficient MTL models that maintain performance

for real-world clinical use. To address this, I propose a more computationally efficient MTL

network with fewer parameters, making it suitable for real-time applications.

Moreover, while existing methods have integrated various attention mechanisms within

segmentation and MTL networks, none have explored the use of trainable morphological

operations with adaptive structuring elements. To my knowledge, this is the first attempt
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to integrate such operations within MTL networks. The novel C-SMA mechanism aims to

enhance both segmentation and classification tasks by focusing on important channels and

spatial locations in the feature maps based on their morphological attributes while maintain-

ing a lightweight model architecture.

By addressing the computational inefficiencies and introducing a novel attention mecha-

nism, my work fills a critical gap in the existing literature, contributing to the development

of more practical and effective MTL models for breast tumor segmentation and malignancy

detection from ultrasound images.

5.3 Proposed method

Spatial Morphological Attention (SMA):

I introduce a Spatial Morphological Attention (SMA) module designed to emphasize the

spatial pixel position in the feature maps according to the morphological characteristics.

This module performs two types of morphological operations — dilation (D) and erosion(E)

on the inputs feature map X, described by the equation 5.2 and 5.1 respectively.

E(i,j,k)(X) =

C



c=1

min
m,n=0,1,...KSE

X(i−m, j − n, c) + WSE(m,n, c), (5.1)

D(i,j,k)(X) =

C



c=1

max
m,n=0,1,...KSE

X(i−m, j − n, c) + WSE(m,n, c), (5.2)

where i = 1, 2, 3, . . . , H and j = 1, 2, 3, . . . ,W . Here, X represents the input feature map,

and WSE denotes the structuring element of size KSE×KSE that characterizes the pattern of

interest within the provided feature map X. The traditional morphological operations have

two limitations. Firstly, structuring elements of a particular size is insufficient to capture

the morphological characteristics of the ROIs of different sizes. I have considered structuring

elements of three different sizes to overcome this drawback. This is achieved by incorporating

dilation rates within the structuring elements to achieve a larger receptive field with the same

computational memory. The dilated erosion and dilation operation can be defined by the
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Figure 5.1: (a) The proposed multitask learning architecture for medical image
segmentation and classification, (b) The channel and spatial morphological attention

module (C-SMA).

equation 5.4 and 5.3, respectively.

DEr
(i,j,k)(X) =

C



c=1

min
m,n=0,1,...KSE

X(i− rm, j − rn, c) + WSE(m,n, c), (5.3)

DDr
(i,j,k)(X) =

C



c=1

max
m,n=0,1,...KSE

X(i− rm, j − rn, c) + WSE(m,n, c), (5.4)

where r is the dilation rate. Secondly, a predefined structuring element is necessary to

perform traditional morphological operations, which are unsuitable for precisely segmenting
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tumours of various shapes. Unlike traditional morphological operations where the structuring

elements are predefined, I learn the structuring elements via backpropagation while training

(Roy et al., 2021).

For a particular feature map, each of two morphological operations, i.e., dilated ero-

sion and dilated dilation operations, are carried out with three sizes of structuring elements

implemented using dilated structuring elements, thus consequently capturing morphological

features at three different scales. The three resulting feature maps from morphological opera-

tions are merged using a convolutional block that includes convolution, batch normalization,

and a ReLU activation function. These two resulting feature maps, each corresponding to

one of the two morphological operations, are combined and fed into another convolutional

block, generating a weight map (WSMA) that estimates the weights for every pixel position.

WSMA = σ(BN(Conv(∥(XDE, XDD)))), (5.5)

where,

XDE = ReLU(BN(Conv( ∥
r=1,2,3

DEr(X)))), (5.6)

and XDD = ReLU(BN(Conv( ∥
r=1,2,3

DDr(X)))). (5.7)

The original feature map multiplied by the weight maps results in the output of the

proposed SMAM module (Equation 5.8).

X ′ = WSMA ⊙X, (5.8)

where ⊙ denotes element-wise multiplication. Thus, spatial attention is computed by the

morphological characteristics of the feature map, which is learned via training.

Channel Attention(CA):

Given an input feature map X with dimensions H × W × C, where C is the number of

channels and H and W are the spatial dimensions, the channel attention mechanism computes

attention weights WCA as follows (Woo et al., 2018).

WCA = σ(MLP(Xavg) + MLP(Xmax)), (5.9)
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where Xavg and Xmax are feature descriptors obtained by performing average-pooling and

max-pooling operations on input X. MLP comprises two fully connected layers with ReLU

activation function and are shared by both parallel paths. MLP squeezes pooled feature

descriptor of dimension C × 1 × 1 to C/ρ × 1 × 1, with a reduction ratio of ρ and again

excites it back to C × 1× 1. The sigmoid function (σ) normalizes the attention scores across

channels, allowing the model to selectively amplify or suppress specific channels based on

their importance for the task. Finally, these attention weights are applied element-wise to

the input feature map X to obtain the attended feature map X ′.

X ′ = WCA ⊙X, (5.10)

Channel and Spatial Morphological Attention (C-SMA):

In line with the inspiration drawn from the Convolutional Block Attention Module (CBAM)

(Woo et al., 2018), I systematically integrate a channel attention module with the Spatial

Morphological Attention Module to enhance overall performance as channel attention lever-

ages the association among the channels of the feature map. I denote this combined attention

as channel and spatial morphological attention (C-SMA).

XC−SMA = WCA ⊙ (WSMA ⊙X). (5.11)

5.3.1 MA-DTNet

The proposed network, MA-DTNet architecture for multi-task learning, is rooted in the

encoder-decoder structure of the UNet (Ronneberger et al., 2015) architecture. There are two

paths, one for segmentation and the other for classification. These two paths share the encoder

part of the UNet. This encoder generates feature maps at different scales, which are later

combined with the decoder’s output at their respective levels. Instead of passing the outputs

from the encoder directly to the decoder, I route the feature maps through my proposed C-

SMA to enrich the morphological features. This concludes the segmentation network pathway.

The prediction for the classification outcome is generated by the classification head, which

is attached to the encoder’s final output via the channel attention module. The detailed

diagram of the proposed architecture is shown in Figure 5.1. I used a popular CNN network,
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ResNet34, as the backbone of MA-DTNet.

5.4 Dataset Description and Training Protocol

5.4.1 Datasets

In this study, I utilize two publicly accessible datasets, namely UDIAT (Yap et al., 2017) and

BUSI (Al-Dhabyani et al., 2020), to assess the efficacy of the proposed multitask learning ap-

proach. The UDIAT dataset comprises 163 ultrasound images, of which 110 pertain to benign

tumors and the remaining depict malignant tumors, while the BUSI dataset encompasses 647

ultrasound images of breast tumors, with 437 depicting benign tumors and the remainder of

malignancies. The primary objective for both datasets involves tumor segmentation, followed

by the secondary task of malignancy detection. To standardize the datasets for analysis, I

resize both the images and corresponding masks to dimensions of 256 × 256. Employing

a 5-fold cross-validation methodology, I compute the mean and standard deviation of the

performance metrics. To enhance the diversity of the training dataset and improve model

robustness, I incorporate data augmentation techniques such as horizontal and vertical flips

and rotations.

Other than these, I have also employed two publicly available datasets (HAM10000

(Tschandl et al., 2018) and GlaS (Sirinukunwattana et al., 2017)) to investigate the gen-

eralization ability of my proposed method. The HAM10000 dataset is a collection of der-

matoscopic images encompassing a diverse range of skin lesions. It comprises 10,015 images

of skin lesions, along with corresponding segmentation masks and diagnostic classifications.

The diagnostic categories include actinic keratoses and intraepithelial carcinoma, basal cell

carcinoma, benign keratosis-like lesions, dermatofibroma, melanoma, melanocytic nevi, and

vascular lesions. I have used this dataset to evaluate my proposed multi-task algorithm,

where the tasks are to segment the lesion and predict its diagnostic category. GlaS dataset

comprised of colon histology images that are used to segment the glands and predict the

malignancy of the gland. There are a total 165 images, among them 85 images (37 benign,

48 malignant) are used for training and 80 images (37 benign, 43 malignant) are used for

testing following the original division. In preparation for deep learning model training, all

images and their corresponding segmentation masks underwent preprocessing to establish a
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uniform size of 256 × 256 pixels, ensuring compatibility and consistency within the dataset.

5.4.2 Training Protocol

The overall loss of the proposed network is computed by a weighted combination of the

segmentation loss and classification loss given by the following equation.

Loss = λ · Lsegmentation + (1 − λ) · Lclassification. (5.12)

The value of λ lies between 0 and 1 and is determined to be 0.8 for optimal performance

(please refer 5.5.4 for detailed experiment). Lsegmentation consists of binary cross-entropy

loss and Dice loss between the original segmentation mask and the predicted segmentation

mask. For the classification task, Lclassification is generally computed using binary cross-

entropy loss, as most datasets used in this work involve binary classification. However, for

the HAM10000 dataset, which involves multi-class classification of skin lesions, categori-

cal cross-entropy loss is used instead. This adjustment ensures a more suitable and effec-

tive loss function for handling multiple classes. The proposed multitask network is trained

up to 1000 epochs by optimizing the total loss using the Adam optimizer with an initial

learning rate of 0.0001. The PyTorch implementation is available at the GitHub repository

https://github.com/SusmitaSenGhosh/MA-DTNET.

5.4.3 Classification Performance Metrics

The classification (malignancy detection) performance, is evaluated using three metrics —-

accuracy, F1-score, and area under the receiver operating characteristic (AUROC). Accuracy

measures the ratio of correctly predicted instances to the total number of instances. On the

other hand, the F1-score combines both precision and recall into a single value. Precision

measures the proportion of true positive predictions among all positive predictions, while

recall measures the proportion of true positive predictions among all actual positives. In the

context of malignancy detection, precision measures the accuracy of the model in correctly

identifying malignant cases among all the cases it predicts as malignant. Recall measures

the ability of the model to correctly identify all malignant cases, including those it may have

missed. Thus, the F1-score combines both precision and recall into a single metric, providing
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a balanced evaluation. Mathematically,

F1 =
2 · Precision ·Recall

Precision + Recall
. (5.13)

Both accuracy and F1-score are threshold-dependent measures, while AUROC is a threshold-

independent measure. The ROC curve plots the true positive rate (TPR) against the false

positive rate (FPR) at various threshold settings. AUROC represents the area under the

ROC curve and provides a single scalar value to evaluate the performance of a binary classifier

across all possible classification thresholds.

5.4.4 Segmentation Performance Metrics

I have used pixel similarity measuring metrics — dice score (DS), intersection over union

(IoU), sensitivity, specificity, and precision metric to quantify the segmentation performance.

The definitions of these metrics are presented in the following paragraph.

Let, Z and Ẑ be the groundtruth mask and predicted mask respectively. Pixel-wise true

positive, false positive, true negative, and false negative are denoted by tp, fp, tn, and fn,

respectively. The pixel similarity segmentation metrics — Dice Score (DS), Intersection over

Union (IoU), sensitivity, specificity, and precision used in this study are defined as follows.

DS(Z, Ẑ) =
2(Z ∩ Ẑ)

(Z ∩ Ẑ) + (Z ∪ Ẑ)
=

2 tp

2 tp + fn + fp
. (5.14)

IoU(Z, Ẑ) =
(Z ∩ Ẑ)

(Z ∪ Ẑ)
=

tp

tp + fn + fp
. (5.15)

Sensitivity(Z, Ẑ) =
tp

tp + fn
. (5.16)

Specificity(Z, Ẑ) =
tn

tn + fp
. (5.17)

Precision(Z, Ẑ) =
tp

tp + fp
. (5.18)

Recall, precision, and specificity focus on the algorithm’s ability to correctly identify tumor

and non-tumor regions, without considering the extent of the overlap between the predicted

and ground truth masks. On the other hand, IoU and Dice score quantify the extent of
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overlap between the predicted and ground truth masks, providing a measure of segmentation

accuracy and similarity. The Dice score focuses on the overlap between the predicted and

ground truth masks, giving equal importance to false positives and false negatives. IoU

considers the size of the regions, as it measures the ratio of the intersection to the union.

Besides the pixel similarity based measures, I also considered shape similarity based mea-

sures such as Hausdorff distance which can be defined by the following equation.

HD(Z, Ẑ) = max(hd(Z, Ẑ), hd(Ẑ, Z) (5.19)

where,

hd(X,Y ) = max
xϵX

min
yϵY

||x− y||. (5.20)

The Hausdorff distance measures how much the predicted segmentation deviates from the

ground truth segmentation in terms of spatial extent. It provides a measure of how well the

predicted tumor boundaries align with the ground truth tumor boundaries. A lower Hausdorff

distance indicates better agreement between the predicted and ground truth masks, meaning

the predicted boundaries closely match the ground truth boundaries. Specifically, I utilized

the 95th percentile of Hausdorff distance (HD95), computed by considering the distances at

the 95th percentile rather than the maximum distance, as outlined by equation 5.19.

Moreover, histological images typically contain numerous glands with varying shapes and

sizes. To assess the performance of my proposed method on GlaS dataset, I adopted two

established metrics: object-level Dice score and Hausdorff distance. These metrics align with

the evaluation criteria employed in (Dabass et al., 2022). The object-level Dice score specifi-

cally considers each gland as an individual entity during the evaluation process. Let, Zi ∈ Z

and Ẑj ∈ Ẑ be the ith groundtruth and and jth segmented glands, where i = {1, 2, . . . NZ}
and j = {1, 2, . . . N̂Z}. Z ′

i represents the glandular object groundtruth that is comprehen-

sively overlaying with segmented gland Ẑi, whereas, Ẑ ′
j indicates the segmented object that

is comprehensively overlaying with groundtruth object Zi. Mathematically, object-level dice

score can be computed by the following equation.

DSobj(Z, Ẑ) =
1

2

h NZX

i=1

wi DS(Zi, Ẑi) +

NẐX

j=1

w′
j DS(Z ′

j , Ẑ
′
j)
i

(5.21)
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where, wi = |Zi|PNZ
n=1 |Zn|

, w′
j =

|Ẑj |
PN

Ẑ
n=1 |Ẑn|

and DS is simple dice score computed using equation

2.

5.5 Experimental Results

5.5.1 Comparison with SOTA

In this section, I compare the performance of the proposed model with state-of-the-art meth-

ods for classification, segmentation, and MTL. My evaluation includes state-of-the-art gen-

eralized segmentation models like UNet (Ronneberger et al., 2015), UNet++ (Zhou et al.,

2018), DeepLabV3+ (Chen et al., 2018a), utilizing ResNet34, a popular CNN backbone, as

well as classification models like ResNet34. Furthermore, I take into account the contempo-

rary segmentation, classification, and multitask models (Luo et al., 2022; Chen et al., 2022a;

Wu et al., 2023a; Cui et al., 2022; Dabass et al., 2022; Zhang et al., 2021a) that are tailored

to the breast tumor segmentation as well as malignancy detection task. I have considered

Dice score, IOU, sensitivity, and specificity as segmentation performance accessing metrics

and accuracy, F1-score, and AUROC as classification metrics following (Xu et al., 2023).

Result of the above experiments for UDIAT and BUSI dataset are reported in Table 5.1

and 5.2 respectively, where the top three performances are highlighted in red, blue, and green,

corresponding to the first, second, and third best results. From both the tables, it is evident

that my proposed method has MA-DTNet outperformed others in both segmentation and

classification tasks, achieving the highest scores in terms of almost all the metrics considered

here. Compared to the state-of-the-art MTL network, my proposed approach demonstrates a

3.28% increase in dice score and a 3.14% improvement in IoU metrics. Additionally, I observe

a 1.05% enhancement in the F1-score for the UDIAT dataset. Furthermore, my proposed

method exhibits a better balance between sensitivity and specificity compared to other MTL

methods. A similar trend is also observed in the case of the BUSI dataset (Table 5.2). The

segmentation performance experienced an improvement of 1.62% and 1.52% in terms of dice-

score and IoU metrics, respectively, while 4.96% improvement is observed in accuracy metrics

for the malignancy detection task. While the segmentation specificity of the proposed model

may not surpass that of the other MTL models, it does exhibit a superior balance between

sensitivity and specificity. High sensitivity ensures that the model does not miss any tumor
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Table 5.1: A comparison of the performance of the proposed method with a related
state-of-the-art method for the UDIAT dataset. The first, second, and third-best

performances are highlighted in red, blue, and green, respectively.

Task Method Params.
Segmentation Performance Classification Performance

DS↑ IoU↑ Sen.↑ Spec.↑ Acc.↑ F1-score↑ AUROC↑

Seg.

UNet (Ronneberger et al., 2015) 22.72 M
87.79
± 2.55

79.86
± 3.01

91.10
± 3.01

99.44
± 0.11

- - -

UNet++ (Zhou et al., 2018) 24.42 M
87.36
± 2.58

79.50
± 3.20

89.33
± 2.33

99.52
± 0.10

- - -

DeepLabV3+ (Chen et al., 2018a) 22.44 M
87.45
± 2.89

79.34
± 3.20

90.32
± 1.97

99.48
± 0.17

- - -

AAU-net (Chen et al., 2022a)† -
78.14
± 2.41

69.10
± 2.98

82.22
± 3.84

98.82
± 0.35

- - -

ESKNet (Chen et al., 2024)† 44.57 M
78.71
±2.37

70.20
±2.28

82.41
±2.84

97.47
±0.35

- - -

NU-net (Chen et al., 2023)† 77.05 M
80.80
±0.57

72.03
±0.82

84.13
±1.73

98.96
±0.17

- - -

SMU-Net (Ning et al., 2021)† -
87.03
±1.25

78.49
±1.49

88.85
±1.72

- - - -

Clas.

ResNet34 (He et al., 2016) 21.35 M - - - -
94.53
± 3.94

91.21
± 6.57

0.937
± 0.066

HoVer-Trans (Mo et al., 2023)† 79.38 M - - - -
77.40
±6.10

61.90
±9.90

0.781
±0.118

EPTM (Singh et al., 2024)† 192 M - - - - 90.90 93.20 0.932

MT

MTL-Net (Xu et al., 2023)† 93.50 M
80.95
± 5.00

72.73
± 5.49

84.28
± 5.05

99.25
± 0.14

87.08
± 2.79

90.51
± 2.29

0.936
± 0.046

MTL-COSA (Xu et al., 2022)† 109.24 M
84.07
± 3.25

76.05
± 3.71

86.97
± 2.76

99.27
± 0.25

91.44
± 3.90

93.85
± 2.58

0.946
± 0.034

RMTL-Net (Xu et al., 2023)† 93.51 M
85.69
± 2.00

77.84
± 2.45

89.51
± 0.91

99.25
± 0.19

95.74
± 3.45

92.84
± 5.98

0.935
± .081

MA-DTNet
(ours)

22.95 M
88.97
± 2.50

80.98
± 3.17

91.55
± 1.98

99.45
± 0.23

96.35
± 3.95

93.89
± 6.81

0.954
± 0.062

Seg. : Segmentation, Clas. : Classification, MT : Multitask, DS : Dice score, IoU : Intersection over union, Sen. :
Sensitivity, Spec. : Specificity, Acc. : Accuracy
Results reported that the methods marked by † are taken from respective studies. The proposed method outperformed
all the multitask learning models for segmentation and classification tasks with significantly fewer trainable parameters.

regions, which is critical for accurate diagnosis and treatment planning. High specificity

helps minimize false alarms or misclassifications of non-tumor regions as tumors, which can

reduce unnecessary medical interventions. In tumor segmentation, striking the right balance

between sensitivity and specificity is essential to ensure the model’s effectiveness in accurately

identifying tumor regions while minimizing false positives and negatives. Moreover, MA-

DTNet has at least four times fewer parameters than other MTL models, indicating an

efficient model design that outperforms the other MTL methods in both tumor segmentation

and malignancy detection tasks.

5.5.2 Comparison among various attention mechanisms

The effectiveness of the proposed C-SMA is compared with the performance of the other

attention mechanisms for segmentation tasks. For this experiment, I have considered CBAM

(Woo et al., 2018) and multi-head self-attention (MHSA) (Vaswani et al., 2017). CBAM
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Table 5.2: A comparison of the performance of the proposed method with a related
state-of-the-art method for the BUSI dataset. The first, second, and third-best

performances are highlighted in red, blue, and green, respectively.

Task Method Params.
Segmentation Performance Classification Performance

DS↑ IoU↑ Sen.↑ Spec.↑ Acc.↑ F1-score↑ AUROC↑

Seg.

UNet (Ronneberger et al., 2015) 22.72 M
81.10
± 1.60

73.32
± 1.64

83.33
± 3.20

97.83
± 0.55

- - -

UNet++ (Zhou et al., 2018) 24.42 M
81.09
± 1.36

72.92
± 1.47

83.51
± 2.47

97.91
± 0.34

- - -

DeepLabV3+ (Chen et al., 2018a) 22.44 M
80.88
± 1.56

72.69
± 1.67

82.68
± 2.23

97.80
± 0.26

- - -

AAU-net (Chen et al., 2022a)† -
77.51
± 0.68

68.82
± 0.44

80.10
± 0.52

97.57
± 0.24

- - -

ESKNet (Chen et al., 2024)† 44.57 M
79.92
± 2.21

71.65
± 2.39

82.66
± 1.40

99.01
± 0.35

- - -

AMS-PAN (Lyu et al., 2023)† - 80.71 68.53 79.30 98.54 - - -

NU-net (Chen et al., 2023)† 77.05 M
78.62
± 1.38

70.35
± 1.54

82.46
± 1.02

97.48
± 0.49

- - -

Clas.

ResNet34 21.35 M - - - - -
95.21
± 1.74

92.49
± 2.71

0.968
± 0.019

HoVer-Trans (Mo et al., 2023)† 79.38 M - - - -
85.50
± 5.00

87.20
± 8.00

0.865
±0.066

MS-GOF (Zhong et al., 2023)† 105.69M - - - -
76.48
± 5.93

74.90
± 7.53

0.790
± 0.064

MT

MTL-Net (Xu et al., 2023)† 93.50 M
77.76
± 3.11

69.33
± 2.89

78.91
± 2.22

98.30
± 0.25

90.18
± 3.25

93.07
± 2.41

0.962
± 0.021

MTL-COSA (Xu et al., 2022)† 109.24 M
78.90
± 2.03

70.65
± 2.01

79.31
± 2.48

98.31
± 0.11

91.49
± 3.02

93.66
± 2.36

0.968
± 0.016

RMTL-Net (Xu et al., 2023)† 93.51 M
80.04
± 2.47

71.93
± 2.15

82.54
± 2.31

98.00
± 0.3

91.02
± 3.42

93.32
± 3.35

0.0967
± 0.015

MA-DTNet
(ours)

22.95 M
81.66
± 1.56

73.45
± 1.55

83.61
± 2.51

97.85
± 0.11

95.98
± 1.48

93.71
± 2.29

0.978
± 0.010

Seg. : Segmentation, Clas. : Classification, MT : Multitask, DS : Dice score, IoU : Intersection over union, Sen. :
Sensitivity, Spec. : Specificity, Acc. : Accuracy
Results reported the methods that are marked by † are taken from respective studies. The proposed method out-
performed all the multi-task learning models for both segmentation and classification tasks with a significantly lower
number of trainable parameters.

is a spatial and channel attention mechanism designed to enhance CNN’s representational

power, while self-attention is a mechanism commonly used in transformer architectures to

capture dependencies within input sequences. Along with vanilla UNet, I have considered

three types of attention modules — CBAM, MHSA, and C-SMA that are fused with UNet

architecture. In UNet with CBAM and C-SMA, attention computation is conducted within

each skip connection connecting the encoder to the decoder. Conversely, in UNet with MHSA,

MHSA is exclusively applied to three skip connections containing smaller feature maps. This

selective application is attributed to the heightened memory usage and computational cost

associated with MHSA, rendering it impractical to employ across all skip connections.

Table 5.3 summarizes the results of the experiment. All three attention mechanisms

(MHSA, CBAM, and C-SMA) yielded improvements in segmentation metrics compared to
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Table 5.3: Performance comparison of different attention mechanisms integrated within UNet
architecture for segmentation task.

Dataset Method Params.
Segmentation Performance

Dice Score↑ IoU↑ Precision↑ Recall↑ HD95↓

U
D
IA

T

UNet 1.81 M 79.98 ± 2.82 70.48 ± 3.78 80.20 ± 2.97 83.14 ± 2.81 24.72 ± 7.35
UNet-CBAM 1.82 M 82.55 ± 1.35 73.10 ± 1.93 82.26 ± 1.35 86.13 ± 1.21 19.68 ± 4.87
UNet-MHSA 3.31 M 84.97 ± 3.53 75.87 ± 4.12 83.13 ± 3.01 88.80 ± 3.38 16.91 ± 6.81
UNet-CA 1.95 M 83.48 ± 1.79 74.31 ± 2.30 82.49 ± 2.51 86.43 ± 2.37 18.41 ± 3.51
UNet-SMA 1.98 M 83.50 ± 2.30 74.49 ± 2.74 83.98 ± 2.55 87.74 ± 2.63 19.43 ± 5.96
UNet-C-SMA
(Ours)

1.99 M 85.14 ± 0.94* 75.95 ± 1.27* 85.35 ± 2.07* 87.34 ± 1.26 15.38 ± 1.40

B
U
S
I

UNet 1.81 M 74.79 ± 1.53 65.92 ± 1.57 78.86 ± 1.28 76.65 ± 2.19 36.00 ± 4.77
UNet-CBAM 1.82 M 78.63 ± 1.52 69.88 ± 1.48 81.42 ± 1.30 80.32 ± 1.45 27.17 ± 2.83
UNet-MHSA 3.31 M 79.61 ± 1.70 70.72 ± 1.83 80.58 ± 2.08 83.01 ± 2.21 27.90 ± 2.95
UNet-CA 1.95 M 78.88 ± 1.27 70.02 ± 1.06 80.19 ± 1.24 82.02 ± 1.55 29.45 ± 1.37
UNet-SMA 1.98 M 76.87 ± 1.79 67.97 ± 1.65 79.54 ± 2.14 79.52 ± 1.24 31.96 ± 3.98
UNet-C-SMA
(Ours)

1.99 M 79.73 ± 1.61* 71.00 ± 1.37* 81.92 ± 1.75* 81.49 ± 1.20* 26.29 ± 1.98

UNet-C-SMA achieved statistically significant performance improvements over UNet-CBAM, as evidenced by
Wilcoxon signed-rank test results (indicated by *). UNet-C-SMA exhibited greater efficiency compared to

UNet-MHSA in terms of dice score, intersection over union (IoU), and Hausdorff Distance (HD95) metrics, while also
requiring fewer parameters. Notably, UNet-C-SMA maintained a superior balance between precision and recall.

the baseline model without attention. Notably, MHSA led to significant improvement, but

at the cost of nearly doubling the trainable parameters. Conversely, CBAM and C-SMA

increased the parameter count by a smaller margin. Focusing on the comparison between

UNet-CBAM and UNet-C-SMA, the latter achieved statistically significant (Wilcoxon signed-

rank test) improvements of 2.59% and 1.15% on the UDIAT and BUSI datasets, respectively.

This improvement came at the expense of only 0.17 million additional trainable parameters.

To assess the individual contributions of CA and SMA components within the proposed

C-SMA module, I evaluate the segmentation performance of the UNet network integrated

with each component separately. These results, presented alongside the performance with

the full C-SMA module, are crucial for understanding the efficacy of each component. As

expected, the inclusion of either CA or SMA independently improves segmentation perfor-

mance compared to the baseline UNet. Notably, integrating the combined C-SMA module

(CA+SMA) further enhances segmentation accuracy, demonstrating the synergistic effect of

these attention mechanisms.
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Figure 5.2: The qualitative comparison of the feature maps obtained at different stages of
the encoder after the application of CBAM and proposed C-SMA.

5.5.3 Ablation study

The qualitative analysis of the CBAM and C-SMA module is also conducted by analyzing

the feature maps obtained at different stages of the encoder post-application of respective

attention mechanisms. It is evident from Figure 5.2 that C-SMA is capable of capturing

morphological attributes such as the shape and size of the tumor in each of the feature maps

more accurately by distinctly enhancing the boundary pixels.

MA-DTNet tackles multi-task learning by sharing an encoder for improved efficiency.

It seamlessly integrates C-SMA for enhanced segmentation while incorporating CA within

the classification branch to boost performance. I performed an ablation study to validate

each component of the proposed network. This involved training a series of models with

each component progressively removed. The performance of these ablated models was then

compared to the full model’s performance on the combined task. Additionally, to evaluate the

effectiveness of the multi-task learning approach, I compared the performance of individual

tasks (segmentation and classification) trained in isolation to their performance within the

MA-DTNet framework. The segmentation task leverages a U-shaped network architecture,

serving as the foundation for the proposed multi-task learning (MTL) network. For the
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Table 5.4: Performance comparison of the ablation study on each component of the proposed
MA-DTNet for UDIAT and BUSI dataset.

Dataset Task Method
Segmentation Performance Classification Performance

DS↑ IoU↑ Prec.↑ Rec.↑ HD95↓ Acc.↑ F1-score↑ AUROC↑

U
D
IA

T

Seg. UNet
79.98
± 2.82

70.48
± 3.78

80.20
± 2.97

83.14
± 2.81

24.72
± 7.35

- - -

Clas. UNet Encoder - - - - -
90.21
± 5.79

84.62
± 8.88

0.8886
± 0.0811

MT

ES-MTL
80.88
± 4.31

71.34
± 4.87

81.56
± 5.38

84.37
± 3.37

24.21
± 5.75

90.81
± 3.67

84.23
± 6.94

0.8831
± 0.0756

ES-MTL
+C-SMA

84.99
± 1.79

75.79
± 2.06

86.98
± 2.44

86.41
± 2.56

16.98
± 2.85

93.26
± 3.30

89.27
± 4.94

0.9175
± 0.0416

ES-MTL
+C-SMA+CA

85.33
± 2.41

76.13
± 2.91

84.54
± 3.00

88.66
± 1.09

16.39
± 5.53

93.26
± 2.57

89.63
± 4.66

0.9445
± 0.0457

B
U
S
I

Seg. UNet
74.79
± 1.53

65.92
± 1.57

78.86
± 1.28

76.65
± 2.19

36.00
± 4.77

- - -

Clas. UNet Encoder - - - - -
89.18
± 1.79

81.86
± 3.92

0.9205
± 0.0266

MT

ES-MTL
75.65
± 1.44

66.67
± 1.50

78.39
± 2.00

79.04
± 1.84

36.20
± 3.00

91.97
± 1.28

87.46
± 1.92

0.9429
± 0.0155

ES-MTL
+C-SMA

79.56
± 1.42

70.73
± 1.31

81.72
± 1.20

81.42
± 1.24

27.15
± 0.74

92.12
± 1.83

87.54
± 2.91

0.9441
± 0.0254

ES-MTL
+C-SMA+CA

79.42
± 1.69

70.78
± 1.44

82.35
± 1.38

80.67
± 2.63

25.51
± 2.16

93.20
± 1.58

89.14
± 3.11

0.9521
± 0.0116

Seg. : Segmentation, Clas. : Classification, MT : Multitask
ES-MTL: Encoder-shared multitask learning model, ES-MTL+C-SMA: Encoder-shared multitask learning model with
channel and spatial morphological attention (C-SMA) in encoder-decoder skip connection path, ES-MTL+MA+CA:
Encoder-shared multitask learning model with channel and spatial morphological attention (C-SMA) in encoder-decoder
skip connection path and channel attention (CA) in encoder-classifier path.

classification task, the encoder portion of the U-Net is directly integrated with a classification

head. The result of the ablation study is reported in Table 5.4 for both datasets.

It can be observed that the encoder-shared vanilla MTL network surpassed both in-

dividual segmentation and classification performance for both UDIAT and BUSI datasets,

suggesting the efficiency of an encoder-shared MTL (referred to as ES-MTL). The Encoder-

shared MTL with C-SMAs integrated within the skip connections of the encoder and decoder

(referred to as ES-MTL+C-SMA) further improves the segmentation performance in terms

of all the segmentation metrics by a significant margin. Notably, this enhancement in seg-

mentation performance was accompanied by a corresponding improvement in classification

performance, particularly for the UDIAT dataset and marginally for BUSI. This suggests

that accurate tumor segmentation plays a crucial role in achieving better malignancy de-

tection, thus supporting the effectiveness of the proposed C-SMA for the MTL framework.

Finally, the inclusion of CA within the classification path yielded a further improvement in

classification performance, underlining its importance in this context.
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Figure 5.3: The segmentation (dice score) and classification performances (accuracy) of
ES-MTL+C-SMA+CA for different λ

Table 5.5: Performance comparison for different sizes of the structuring element in C-SMA

Dataset KSE Param. DS↑ HD95↓

BUSI
3 1.95 M 79.73 ± 1.44 26.29 ± 1.77
5 2.04 M 79.37 ± 1.33 25.94 ± 1.47

UDIAT
3 1.95 M 85.14 ± 0.84 15.38 ± 1.25
5 2.04 M 83.66 ± 0.75 15.70 ± 3.28

5.5.4 Hyperparameter Optimization

The optimal value of the hyperparameter λ in equation 5.12 was determined by conducting a

grid search across λ values ranging from 0 to 1 in increments of 0.1. As shown in figure 5.3,

a λ value of 0.8 yields the best balance between segmentation performance and malignancy

detection performance.

The size of the structuring element (KSE) of morphological operation within the C-

SMA module is another hyperparameter that requires optimization. It is also determined

empirically. As shown in table 5.5, increasing the value of KSE from 3 to 5 leads to a growth

in the number of trainable parameters. However, this increase did not translate to significant

performance improvements. Therefore, I opted for 3×3 as a value of KSE for the optimal

configuration for the C-SMA module, balancing model complexity with performance.

5.5.5 Generalization Ability

The efficacy of the proposed methodology is demonstrated in the context of segmenting

breast tumors and detecting malignancies in ultrasound images. This section delves into

examining the generalization capacity of the proposed method across two additional multitask
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learning scenarios pertinent to medical imaging. The first scenario involves segmenting skin

lesions and classifying diseases using dermoscopic images, while the second entails segmenting

glands and predicting malignancies from histological images. To evaluate these tasks, I

utilized the HAM10000 (Tschandl et al., 2018) and GlaS (Sirinukunwattana et al., 2017)

datasets (for detailed description refer to the supplementary material). Comparative analyses

of the proposed method’s performance against state-of-the-art multitask learning approaches

relevant to these tasks are presented in Table 5.6.

Table 5.6: Comparison of the performance of the proposed method on HAM10000 and GlaS
dataset with related state-of-the-art methods.

Skin lesion segmentation
and classification (HAM10000)

Gland segmentation and
malignancy detection (GlaS)

Seg. perf. Clas. Perf.
Seg. perf.

(GlaS A/ GlaS B)
Clas. perf.

Method DS↑ Acc.↑ Method Object DS↑ HD↓ F1-score↑ Acc.↑
CTAN (Kim et al., 2023) 92.91 57.85 MTUNet (Dabass et al., 2022) 95.60/90.90 23.17/71.53 97.77 97.50
MA-DTNet

(Ours)
94.75
± 0.17

85.83
± 0.47

MA-DTNet
(Ours)

92.99/91.51 19.89/21.08 100.00 100.00

Seg. perf. : Segmentation performance, Clas. perf. : Classification performance
For GlaS, the original train test split was used, whereas, for HAM10000, 5-fold cross-validation is adapted for the

proposed method.

Regarding the HAM10000 dataset, the proposed method has exhibited superior perfor-

mance compared to CTAN (Kim et al., 2023), surpassing it by 1.84% in dice score and 27.98%

in accuracy metrics for skin lesion segmentation and classification tasks, respectively. The

assessment of segmentation performance on the GlaS dataset entails an evaluation of two dis-

tinct subsets of the test data, GlaS A and GlaS B. Both the object dice score (Dabass et al.,

2022) and Hausdorff Distance (HD) metrics exhibit enhancements on the GlaS B dataset

when compared to MTUNet (Dabass et al., 2022). Conversely, for GlaS A, an improvement

over MTUNet is observed solely in the Hausdorff distance metric. Despite these segmentation

disparities, my proposed method achieves perfect accuracy in predicting gland malignancy.

Overall, beyond its success in segmenting and classifying breast tumors in ultrasound images,

the method performs well in the other two multitask settings, suggesting its generalizability

for medical image analysis.
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5.6 Discussion

This study introduces a novel Multi-Task Learning (MTL) model specifically designed for

breast tumor segmentation and malignancy detection from ultrasound images. The model

consists of a shared UNet encoder and UNet decoder, along with novel Channel-Spatial Mor-

phological Attention Modules (C-SMAs) integrated at multiple resolution stages for semantic

segmentation. Additionally, it includes a classification head with a channel attention module

for disease grade prediction. The channel attention module highlights significant channels

within a multitude, while the C-SMA simultaneously focuses on important channels and

spatial locations in the feature maps based on their morphological attributes.

The proposed approach demonstrates effectiveness through experiments on ultrasound

datasets for breast tumor segmentation and malignancy detection. To further test the ver-

satility of the proposed method, it has been generalized to other multitask scenarios such

as microscopic gland segmentation and detection, as well as skin lesion segmentation and

disease detection. Further research must explore its adaptability to a wider range of medical

imaging modalities beyond those investigated here.

Furthermore, the C-SMA module currently utilizes fundamental morphological opera-

tions. Future research could potentially investigate the application of more complex mor-

phological operations like opening, closing, and gradients to improve model performance.
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Conclusion

Summary

This chapter evaluates the contributions presented in the earlier chapters of this thesis. It

provides a concise summary of the key attributes of my work, emphasizing their significance

in advancing research efforts in medical image analysis, particularly in the areas of classifica-

tion, segmentation, and multitask learning. Additionally, I explore potential future directions

inspired by my contributions, aiming to foster new research opportunities in this field.

6.1 Evaluation of contributions

This thesis has made significant contributions to the field of deep learning for medical image

analysis by addressing key challenges in classification, segmentation, and multi-task learning.

Throughout this work, novel architectures have been developed to tackle the complexities of

medical data, such as irregular shapes, low contrast, and the limited availability of annotated

datasets. These include advancements in hybrid architectures that combine the strengths of

convolutional neural networks (CNNs) and transformer models, as well as lightweight segmen-

tation networks that effectively balance accuracy and computational efficiency. Additionally,

the proposed multitask learning frameworks highlight the potential of shared representations

to enhance performance across multiple tasks, such as classification and segmentation, while

reducing computational overhead. In this section, I briefly evaluate the different contributions

made in this thesis.

• Spectral-Spatial Domain Integration for Classification: The second chapter
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introduced a novel classification framework that integrates spatial and spectral do-

main features, using Discrete Cosine Transform (DCT) and Discrete Wavelet Trans-

form (DWT) to enhance feature extraction. The proposed architecture demonstrated

significant improvements in classification accuracy by leveraging complementary spa-

tial and spectral features. Through experiments on COVID-19 detection tasks and

other medical imaging datasets, the model achieved a performance boost of over 4%

in the F1-score, demonstrating the value of incorporating spectral domain information

alongside spatial content for disease classification tasks.

• ReMixViT – A Novel Vision Transformer for Classification: The third chapter

introduced the ReMixViT, a novel transformer-based architecture designed for med-

ical image classification. By incorporating elements of ResNet and an MLP-Mixer,

the architecture overcame the challenges faced by traditional CNNs, such as limited

generalization due to restricted receptive fields. This hybrid design achieved a 4.62%

improvement in F1-score over vanilla ViT models and other hybrid approaches. The

ReMixViT was further evaluated across six diverse medical imaging datasets, showing

consistent performance improvements. This contribution highlights the potential of

transformer-based architectures in improving classification accuracy, particularly in the

domain of medical imaging, where detailed feature extraction is critical.

• Morph-UNet – Morphological Operations in Segmentation: In the fourth chap-

ter, the focus shifted to segmentation tasks with the introduction of Morph-UNet, a

novel architecture combining traditional UNet with multi-scale morphological oper-

ations. The segmentation framework, featuring trainable morphological modules, was

particularly effective in handling irregularly shaped regions of interest (ROIs) in medical

images. Morph-UNet was evaluated on several medical imaging datasets and achieved

superior segmentation performance, with an average Dice Similarity Coefficient (DSC)

improvement of 2.4% compared to traditional models. The approach effectively bal-

anced precision and computational efficiency, demonstrating that morphological oper-

ations can significantly enhance the ability of deep learning models to capture complex

medical features.

• Multitask Learning Framework for Classification and Segmentation: The fifth
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chapter proposed a multitask learning framework, MA-DTNet, designed to simultane-

ously handle segmentation and classification tasks. By integrating spatial morphological

attention and channel attention mechanisms, the model enhanced the feature extrac-

tion process for both tasks, achieving better performance with fewer parameters. MA-

DTNet was tested on breast ultrasound datasets and demonstrated improvements in

both classification and segmentation metrics, with an average 3% boost in accuracy for

classification tasks. The multitask approach proved to be efficient in leveraging shared

representations, reducing computational complexity, and offering a holistic solution for

medical imaging tasks.

Each contribution has been evaluated using diverse and widely recognized medical imag-

ing datasets, validating the effectiveness of the proposed models in both classification and

segmentation tasks. The consistent performance improvements across different datasets un-

derscore the robustness and scalability of the architectures. The integration of transformers,

novel morphological operations, and multitask learning frameworks has pushed the bound-

aries of what can be achieved with deep learning in medical image analysis.

6.2 Future Possibilities

The findings and contributions of this thesis offer a foundation for future research. Several

promising avenues can be explored to further advance the field of medical image analysis:

• 3D Medical Image Processing: Three-dimensional image analysis has become in-

creasingly important as modern scanners produce volumetric data (e.g., CT, MRI) crit-

ical for diagnosis and treatment planning. Conventional convolutional neural networks

(CNNs) have been extended to three dimensions to leverage spatial context in these

volumes (Litjens et al., 2017). However, 3D CNNs face challenges of limited receptive

field and high computational cost. Recent work shows that attention-based transformer

architectures can significantly enhance 3D processing by capturing global context. For

example, SegFormer3D — a hierarchical 3D transformer model — applies multiscale

attention across volumetric features and even uses a lightweight all-MLP decoder to

achieve accuracy comparable to much larger networks (Xie et al., 2023). Such models
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demonstrate that transformers can surpass traditional 3D CNNs by effectively model-

ing long-range dependencies in volume data (Isensee et al., 2021). Hybrid approaches

that combine CNNs (to capture fine local detail) with transformer modules (for global

context) are also promising (Hatamizadeh et al., 2022).

Despite these advances, key research questions remain. For example, Leader et al.

found that naively using 3D CNNs did not automatically outperform 2D models for

lung nodule detection, and emphasized the need for further research to develop novel

3D-CNN architectures that can fully leverage the rich information in 3D volumetric

images (Leader et al., 2021). Future work should explore new network designs and

training strategies to fully exploit volumetric data. Possible directions include multi-

scale 3D network layouts, cascaded patch-based pipelines, self-supervised pretraining on

unlabeled 3D datasets, and hierarchical transformers. Effective 3D position encodings

and fusion of 3D imaging with temporal sequences or different modalities (e.g., PET-

CT) are other active areas.

Improved 3D processing has clear clinical applications. Volumetric segmentation of

tumors and organs is a fundamental task in medical imaging, as accurate 3D delineations

inform diagnosis, surgical planning, and treatment (Xie et al., 2023). Higher-fidelity

3D analysis enables precise quantification of lesion volumes, supports navigation in

image-guided interventions, and improves dynamic imaging applications (e.g., cardiac

MRI).

• Exploring Advanced Morphological Operations: I have utilized several core mor-

phological operations such as erosion, dilation, opening, closing, and gradient for im-

proving the segmentation of medical images. These operations were chosen for their

ability to handle irregularities in region shapes and to enhance features in medical

images for tasks like tumor delineation or organ boundary extraction.

As a potential future extension of this work, other morphological operations like the

Top-Hat Transform, Black-Hat Transform, and Hit-or-Miss Transform could be incor-

porated to further enhance segmentation accuracy. For instance, the Top-Hat Trans-

form could be applied to highlight small bright regions within medical scans, potentially

improving the detection of microcalcifications or other subtle abnormalities. The Black-
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Hat Transform, on the other hand, could help in accentuating darker regions that may

represent hidden cavities or shadowed areas in the scans. Furthermore, the Hit-or-Miss

Transform could be utilized for shape detection, particularly for identifying specific

anatomical structures or pathologies based on predefined templates.

Integrating these additional morphological operations would provide a more compre-

hensive set of tools to tackle the intricate variations in medical images, enabling better

segmentation and detection outcomes.

• Integrating Multimodal Data for Comprehensive Diagnosis: I have demon-

strated the effectiveness of combining different feature extraction methods to enhance

classification tasks in medical imaging. Future work can build on this by incorporating

multimodal data—integrating medical images with complementary clinical information

such as textual reports, genomic profiles, and patient histories. Modern diagnostic

workflows increasingly rely on multiple data modalities, including imaging, electronic

health records, genomics, and physician notes. Combining these diverse sources leads

to more robust and comprehensive computational systems. As highlighted in recent

surveys, models capable of processing multimodal data (e.g., image and text) are ex-

pected to play a pivotal role in next-generation biomedical computing (Bracci et al.,

2023). Vision–language models for healthcare, which fuse visual and textual inputs

using transformer architectures, have shown promise in tasks like radiology report gen-

eration and visual question answering (Zhang et al., 2023).

In oncology, fusing histopathology images with gene expression data using integrated

strategies has improved survival prediction and provided insights into disease-related

biological mechanisms (Mobadersany et al., 2018). Looking ahead, critical research chal-

lenges include designing effective fusion techniques for modalities with heterogeneous

formats and incomplete data. Transformer-based models and contrastive pretraining

using large-scale multimodal datasets (e.g., chest X-rays paired with clinical notes) offer

potential solutions. Additional promising directions include modular fusion networks,

self-supervised learning objectives, and graph-based contextual modeling.

Multimodal computational frameworks have broad clinical utility, including cancer

prognosis, disease staging, personalized therapy planning, and automated medical re-
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porting. Systems that can seamlessly integrate imaging with both structured and

unstructured clinical data will be foundational to reliable and interpretable medical

decision support.
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Appendix A

Supplementary for Chapter 2

Table A.1: Detailed description of medical imaging datasets used in this study.

Dataset Type of Data Disease Type
Number of

Classes
Number of

Training Samples
Imbalance

ratio

CBIS-DDSM (Sawyer-Lee et al., 2016) Mammography images Abnormality in breast tissue 2 8941 6.55
Diabetic Retinopathy (DR) 1 Eye images Diabetic Retinopathy 2 13052 1.33
Colorectal Histology (Kather et al., 2016) Histology images Colorectal cancer tissue type 8 4000 1
ISIC18 (Codella et al., 2019) Dermoscopic images of

skin
Skin disease 7 8166 58.86

Chestxray1 (Wang et al., 2020) Chest x-ray images COVID-19 3 13898 16.84
Chestxray2 (Kermany et al., 2018) Chest x-ray images Pneumonia 2 5232 2.88
BHI (Janowczyk and Madabhushi, 2016) Breast Histopathology

images
Invasive Ductal Carcinoma 2 12952 2.79

Table A.2: The performances of pixel, DCT, DWT, and pixel+DCT+DWT in identifying
different medical condition for different datasets as listed in Table 2.3

Pixel DCT DWT Combined

Dataset ACSA ASCP ASCF MADF ACSA ASCP ASCF MADF ACSA ASCP ASCF MADF
Combination

Type
ACSA ASCP ASCF MADF

BHI
89.32 90.44 89.85 5.09 87.15 87.00 87.07 6.33 85.52 86.47 85.97 7.02 pixel+DCT+DWT,

SF
89.86 90.98 90.40 4.81

(±0.53) (±0.44) (±0.28) (±0.18) (±0.51) (±0.34) (±0.21) (±0.18) (±0.45) (±0.57) (±0.33) (±0.18) (±0.3) (±0.23) (±0.17) (±0.1)

CBIS DDSM
91.19 94.59 92.79 5.36 77.58 80.46 78.82 15.78 86.60 87.58 87.05 9.51 pixel+DCT+DWT,

FF
91.98 94.17 93.00 5.17

(±0.52) (±0.3) (±0.26) (±0.21) (±1.55) (±1.42) (±0.43) (±0.53) (±0.89) (±0.82) (±0.26) (±0.23) (±1.24) (±1.14) (±0.48) (±0.37)

CH
95.28 95.42 95.32 3.34 92.36 92.38 92.33 5.07 94.05 94.03 94.02 4.04 pixel+DWT,

FF
95.63 95.67 95.62 2.96

(±0.34) (±0.25) (±0.32) (±0.33) (±0.42) (±0.29) (±0.36) (±0.42) (±0.2) (±0.19) (±0.2) (±0.28) (±0.24) (±0.21) (±0.23) (±0.24)

CHESTXRAY1
89.97 90.31 90.00 1.04 87.33 88.30 87.34 0.82 91.23 91.37 90.02 91.95 pixel+DCT+DWT,

FF
93.63 93.69 93.64 1.44

(±0.46) (±0.42) (±0.45) (±0.21) (±0.47) (±0.38) (±0.49) (±0.24) (±0.45) (±0.46) (±0.45) (±0.22) (±0.43) (±0.42) (±0.43) (±0.34)

CHESTXRAY2
71.62 86.31 72.87 12.44 68.90 85.41 69.58 14.57 74.46 88.00 76.18 10.49 pixel+DWT,

SF
74.68 88.08 76.42 10.35

(±1.86) (±0.58) (±2.17) (±1.37) (±1.28) (±0.37) (±1.44) (±0.89) (±1.35) (±0.4) (±1.51) (±0.93) (±1.28) (±0.37) (±1.44) (±0.89)

DR
69.62 69.42 69.49 4.24 60.17 60.28 60.14 6.67 65.02 64.79 64.73 4.19 pixel+DCT,

FF
70.08 69.76 69.84 3.80

(±0.41) (±0.35) (±0.36) (±0.3) (±0.48) (±0.35) (±0.45) (±1.51) (±0.77) (±0.58) (±0.67) (±1.3) (±0.68) (±0.63) (±0.64) (±0.38)

ISIC18 75.89 76.40 75.86 9.49 62.70 66.97 64.51 13.93 63.44 65.81 64.03 15.17 pixel+DCT+DWT,
FF

78.53 77.55 77.69 9.69
(±0.63) (±1.53) (±0.87) (±0.44) (±0.97) (±0.89) (±0.76) (±0.82) (±1.99) (±1.36) (±1.21) (±0.74) (±1.38) (±1.35) (±0.79) (±0.75)

1https://www.kaggle.com/c/diabetic-retinopathy-detection
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Appendix C

List of Datasets

Table C.1: List of medical imaging datasets used in this thesis.

Name of Dataset Type of Images Purpose of Use

BHI (Janowczyk and Madab-

hushi, 2016)

Breast histopathology images Classification

BUSI (Al-Dhabyani et al.,

2020)

Breast ultrasound images Segmentation,

Classification

CBIS DDSM (Sawyer-Lee

et al., 2016)

Mammography Images Classification

Chestxray (Kermany et al.,

2018)

Chest X-ray for Pneumonia

detection

Classification

Chestxray1 (Wang et al.,

2020)

Chest X-ray for COVID de-

tection

Classification

Colorectal Histology (Kather

et al., 2016)

Histological images of human

colorectal cancer

Classification

Diabetic Retinopathy Retina scan images Classification

Fundus Images (DeepDRiD,

2020)

Fundus retinal images Classification

GlaS (Sirinukunwattana

et al., 2017)

Histological images of colorec-

tal adenocarcinoma

Segmentation,

Classification
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HAM10000 (Tschandl et al.,

2018)

Dermoscopic Images Segmentation,

Classification

ISIC2017 (Codella et al.,

2018)

Dermoscopic images Segmentation

ISIC2018 Codella et al. (2019) Dermoscopic images Segmentation,

Classification

MonuSeg Kumar et al. (2017) Histological microscopic im-

ages of tissues from multiple

human body organs

Segmentation

PanNuke (Gamper et al.,

2019)

Histological image patches of

cancerous tissue

Segmentation

PBC Acevedo et al. (2020)
Peripheral blood

cells images
Classification

UDIAT (Yap et al., 2017) Breast ultrasound images Segmentation,

Classification
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Appendix D

GitHub Repositories for Thesis
Chapters

Below are the GitHub repositories corresponding to each chapter of this thesis.

• Chapter 2: https://github.com/SusmitaSenGhosh/COVID-detection-from-X-ray

-using-DWT-DCT-

• Chapter 3: https://github.com/SusmitaSenGhosh/ReMixViT-Enhancing-Clinica

l-Image-Analysis-with-Hybrid-Vision-Transformers-and-Adaptive-Feature-M

ix

• Chapter 4: https://github.com/SusmitaSenGhosh/Morph-UNet-An-Approach-Tow

ards-Medical-Image-Segmentation

• Chapter 5: https://github.com/SusmitaSenGhosh/MA-DTNET
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