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Abstract
Automated detection and diagnosis of lung diseases through medical image anal-
ysis offers a noninvasive alternative to invasive procedures, especially consider-
ing the challenges and potential risks associated with repeat lung operations.
Noninvasive image-guided diagnostic techniques, such as lung imaging, have
become essential in clinical practice. This thesis focuses on the development
of a computer-aided system aimed at enhancing the classification, detection,
and segmentation of lung diseases, specifically caused by COVID-19 and lung
tumors, leveraging advanced computational methods. Novel segmentation algo-
rithms, such as EFMC and WDU -Net, are devised based on encoder-decoder
architectures within deep convolution networks. These algorithms undergo rig-
orous validation against ground truth or manual segmentation by radiologists,
ensuring their accuracy and reliability. The EFMC algorithm employs a se-
lective focus mechanism with multi-resolution blocks, allowing for precise de-
lineation of COVID-19 affected regions in lung CT scans. Its performance is
validated through extensive comparison with expert annotations, demonstrating
its effectiveness in capturing subtle abnormalities while accurately segmenting
lung anomalies. Similarly, WDU -Net integrates weighted deformable convo-
lution. Here the deformable convolution modules enhance its ability to cap-
ture irregular shapes and features in COVID-19 and lung tumors. Validation
against manual segmentation reveals its robustness and accuracy in segmenting
COVID-19 and lung tumors from CT images; thereby, showcasing its potential
for aiding clinical diagnosis and treatment planning. Next automated classifi-
cation of lung tumors is devised, in the multi-modal PET-CT framework, using
the innovative DEMF model. The network leverages deep convolution net-
works, in conjunction with dimensionality reduction, to efficiently detect and
classify lung abnormalities. This demonstrates superior performance in lung
cancer classification across multimodal images. Finally, the DGMC is devel-
oped to enhance diagnosis and classification of diseases, by co-learning from
multimodal images. Utilizing a novel multihead classifier, the DGMC can effi-
ciently distinguish between COVID-19, tumors, and healthy slices of the lung.
The input signal encompasses CT, along with EIT-processed CT scans, in order
to provide a multimodal flavour. It captures granular details of the infection,
while visualizing the activation regions. Together, these advancements repre-
sent significant progress in the automated analysis of lung diseases, by providing
valuable tools for the early detection and diagnosis in clinical settings.
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1.1 Introduction

An image is a two-dimensional representation of visual data, typically captured
through cameras or sensors, composed of pixels arranged in rows and columns.
Each pixel holds information about the color and intensity at its specific loca-
tion, collectively forming a visual scene or object. Image processing (IP) [54],
[75] refers to the set of techniques and algorithms employed to manipulate, an-
alyze, and extract valuable information from them. It encompasses tasks like
noise reduction, feature extraction, object recognition, and enhancement, to
improve the quality and relevance of visual data. IP acts as a critical gate-
way, enabling machines to understand and interpret the visual world; making
it an indispensable component in applications ranging from autonomous vehi-
cles and medical imaging to surveillance systems and augmented reality. IP
performs some defined transformations on an image, to generate desired infor-
mation or extract features, such that automated algorithms can be employed
for subsequent decision-making.

Today medical imaging [163] is a specialized component of healthcare, com-
prising of various technologies and techniques to create visual representations
of the internal structures and functions of the human body. These images
provide invaluable insights for diagnosing, monitoring, and planning treatment
for a wide range of medical conditions. Medical imaging comprises of multi-
ple modalities [136], like X-rays, Computed Tomography (CT), Magnetic Res-
onance Imaging (MRI), Ultrasound, Positron Emission Tomography (PET),
Electrical Impedance Tomography (EIT), histopathology, among others. An-
alyzing medical images is imperative for several reasons. First and foremost,
it aids healthcare professionals in accurate disease diagnosis and assessment;
thereby, enabling them to identify abnormalities, tumors, fractures, and other
conditions that may not be visible through physical examinations alone. Med-
ical image analysis [20], [48] also plays a crucial role in diagnosis, prognosis,
treatment planning, and monitoring disease progression. This allows physicians
to tailor personalized treatment strategies and track the effectiveness of medi-
cal interventions over time. Furthermore, it facilitates non-invasive procedures;
thereby, reducing the need for invasive surgeries while minimizing associated
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patient discomfort and risks. Automated analysis of medical images is an indis-
pensable tool in modern medicine [31], [36], [47], enhancing patient care with
better prognosis.

• Supervised learning is a category of ML where the algorithm is trained on
a labeled dataset. It implies that the model is provided with input data
and corresponding target outputs, allowing it to learn the relationship
between the inputs and outputs. Common tasks in supervised learning
include classification and regression, where the model can predict discrete
categories or continuous values, respectively.

• Unsupervised learning, in contrast, involves models trained with unlabeled
data. The goal is to uncover inherent patterns or structures within the
data without predefined target labels. Key tasks in unsupervised learning
include (i) clustering, where data points are grouped into similar clusters,
and (ii) segmentation, implying clustering of pixels in an image.

Feature selection involves choosing a subset of relevant features (attributes or
variables) from a dataset to reduce dimensionality and improve model efficiency.
Feature extraction, on the other hand, creates new attributes by transforming or
combining the existing ones to represent data more effectively. These techniques
are crucial for enhancing model performance and interpretability, while reducing
dimensionality.

Deep Learning (DL) [55], [91] is a subset of ML, a branch of AI that focuses
on training computer systems to perform tasks without explicitly programming
them. It aids a machine in learning hidden patterns within the data, without
expert intervention, for end-to-end predictions. DL requires high computa-
tional power and a massive volume of annotated data. On the other hand, ML
encompasses a broader range of algorithms that learn patterns from data for
decision-making. It is also called shallow learning, and needs features to be
provided as input. What sets DL apart is its use of artificial neural networks
(ANNs), particularly deep neural networks, which are inspired by the struc-
ture and functioning of the human brain. These networks consist of multiple
layers of interconnected nodes (neurons) that process data hierarchically; al-
lowing them to automatically learn intricate patterns and representations from
large datasets. Convolution neural networks (CNNs) have been shown to per-
form effectively in analyzing visual images [86]. DL has revolutionized various
fields, including medical imaging, by enabling automated interpretation and
decision-making from complex data. DL provides cutting-edge solutions to var-
ious medical imaging problems [92].

• Automated detection and diagnosis: Deep models, like CNNs, excel at
identifying patterns and features in medical images [8]. They can au-
tonomously detect anomalies, lesions, or specific structures, and signifi-
cantly reduce the burden on radiologists while improving the speed and
accuracy of diagnosis.

• Risk assessment: Deep learning algorithms can assess the risk associated
with certain medical conditions by analyzing images [172]. For instance,
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they can predict the likelihood of cancer recurrence or cardiovascular
events, by evaluating factors like tumor characteristics or plaque buildup
in blood vessels; thus enabling early intervention with personalized treat-
ment plans.

• Image enhancement: It can enhance the quality of medical images by re-
ducing noise, improving resolution, and optimizing contrast [155]. Clearer
images aid in more accurate diagnosis and better visualization of anatom-
ical structures.

• Segmentation and localization: Deep models can precisely segment and
localize specific structures or Regions Of Interest (ROIs) within medical
images [52]. This is particularly valuable in surgical planning and radia-
tion therapy, where precise targeting becomes critical.

• Monitoring disease progression: By analyzing sequential medical images,
captured over time, deep algorithms can track disease progression and
treatment efficacy [167]. This information helps healthcare providers make
informed decisions about treatment adjustments and patient care plans.

• Personalized medicine: DL can analyze medical images in conjunction
with other patient data, such as genetic information and medical histo-
ries, to tailor precise treatments and interventions targeted at individual
patients [168]. Such personalized approach can lead to more effective
therapies, with improved outcomes.

• Early detection: They can identify subtle changes from images, that may
be indicative of the onset of a disease condition [156]. Early detection can
be crucial in improving patient outcomes and reducing healthcare costs.

Multimodal medical image analysis with DL consitutes a powerful approach
to harness the power of ANNs for extracting useful insights simultaneously from
multiple modalities. In the realm of healthcare, various imaging modalities like
CT, PET, EIT offer distinct perspectives on a patient’s condition. DL mod-
els, typically CNNs, are often employed to integrate and analyze such diverse
data. This allows a more comprehensive understanding of complex medical sit-
uations. Such a holistic approach enhances diagnostic accuracy, enables more
robust disease characterization, and provides clinicians with a comprehensive
view of patient health. Furthermore, it facilitates the identification of subtle cor-
relations between different modalities; thereby, contributing to earlier disease
detection and their personalized management. Multimodal medical imaging,
with DL, is poised to revolutionize clinical decision-making – offering a more
comprehensive assessment of patient conditions for improving overall outcome
in healthcare [114].

This thesis presents several computational strategies, encompassing DL, for
the identification, localization, and delineation of some lung diseases, from mul-
timodal medical images, along with their analysis. The workflow of the com-
puter aided diagnostic system is depicted in Fig. 1.1. The rest of the chapter
is organized as follows. The motivation of this research is explained in Section
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Figure 1.1: Proposed Computer Aided Diagnostic System

1.2. Section 1.3 introduces the preliminaries of image analytics, DL, and mul-
timodal imaging characteristics, with reference to the lung. A short survey of
related state-of-the-art literature, encompassing automated detection, demarca-
tion, diagnosis and prognosis of some lung diseases (like COVID-19 and cancer),
is provided in Section 1.4. The different performance evaluation metrics, em-
ployed in this research, are explained in Section 1.5. The datasets and software
packages, used here, are outlined in Section 1.6. Finally the scope of the thesis
is highlighted in Section 1.7.

1.2 Motivation

The recent global havoc caused by the pandemic COVID-19 focused our at-
tention on the early detection and precise management of its progression for
minimization of damage to human life. The same holds for long-term, non-
infectious afflictions like cancer. We chose to explore the role of AI, particularly
ML and DL, for an automated and accurate handling of images towards ef-
fective management of some lung diseases. The afflictions considered here are
COVID-19 and cancer tumors, both posing significant health hazards with se-
vere complications for individuals. Although these are two distinct medical
conditions, they share the commonality of affecting the respiratory system and
lungs. While COVID-19 is an infectious respiratory disease, caused by a virus,
lung cancer is a non-communicable condition primarily associated with abnor-
mal cell growth. COVID-19 and lung tumors underscore the critical importance
of early detection, timely medical intervention, and ongoing individualized care,
to mitigate their potentially devastating impacts on the health and well-being
of individuals.

COVID-19 [4], or "Coronavirus Disease 2019", is a highly contagious in-
fectious disease caused by the novel coronavirus SARS-CoV-2. It was first
identified in Wuhan, China, in late 2019 and then spread globally, leading to
a pandemic. COVID-19 primarily affects the respiratory system, with symp-
toms ranging from mild respiratory distress to severe pneumonia. Common
symptoms include fever, cough, and difficult breathing. In severe cases, the
disease can lead to acute respiratory distress syndrome (ARDS), which requires
mechanical ventilation. COVID-19 has a wide range of clinical presentations
and can affect multiple organs, including the lungs. This viral infection can be
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especially dangerous for people with comorbidities like diabetes, high pressure,
heart ailments, and cancer. Preventive measures like vaccination, wearing of
masks, and social distancing are essential in controlling the spread of the virus.

Manually detecting COVID-affected regions from lung CT scans is time con-
suming and prone to inherent human bias. Thus automated or semi-automated
Computer-Aided-Diagnosis (CAD) becomes necessary [16], [130]. An accurate,
automated detection and delineation of the COVID-19 infection is of great im-
portance since this results in an effective monitoring of its spread within the
lungs [118]. This helps in predicting severity of infection, along with prognosis.

Lung cancer [56] is the leading cause of cancer-related death in the developed
countries, with about 80% of lung cancer patients being clinically symptomatic.
Less than 10% of the patients are asymptomatic when the cancer is detected
as an incidental finding. Nearly 60% of patients with lung cancer are found
to have distant metastases upon diagnosis, and in some cases these are de-
tected before the primary tumor. Primary lung cancers are broadly classified as
non-small cell lung carcinoma (NSCLC) or small cell lung carcinoma (SCLC),
with the former constituting around 85% of the total cases and the latter being
characterized by rapid growth rate with metastasis [28]. Approximately half of
NSCLC cases are localized at diagnosis, and treated either by surgical resection
alone or a combination therapy with/ without resection. The five-year survival
rate for lung cancer is just 17.8%, which is much lower than that of other ma-
jor malignancies. Common symptoms of lung tumors include persistent cough,
chest pain, shortness of breath, and coughing up blood. Early detection and
treatment are critical for improving outcomes, and diagnosis typically involves
medical imaging, tissue biopsy, and staging to determine the extent of the dis-
ease. It can be life-threatening, and often requires extensive treatment like
surgery, chemotherapy, radiation therapy, and/or immunotherapy.

The ability to predict the radiologic response to treatment depends on the
accurate demarcation of the tumor [63]. The precise segmentation of the gross
tumor volume and the adjacent organs-at-risk is advantageous for radiation
therapy planning. This is (i) critical, because subsequent feature extraction de-
pends on its accuracy, (ii) challenging, as many tumors have indistinct borders,
and (iii) contentious, since there exist ongoing debates regarding the relative
merits of ground truth vs reproducibility along with manual vs automated seg-
mentation issues. In order to overcome the problems of inherent human bias
and uncertainty in manual segmentation, the need for an automated or semi-
automated CAD becomes apparent. It can also serve to improve the accuracy
in automated detection, for assisting doctors in diagnosing faster and on time.

The imaging modalities typically involved in the study of lung images in-
clude, among others, CT1, PET2, and EIT [22]. They play a pivotal role in the
detection, characterization, and assessment of lung abnormalities – through a
comprehensive view of their anatomical, functional, and physiological aspects.
When used in conjunction with other modalities it leads to a comprehensive
diagnostic approach, by enabling healthcare professionals make informed deci-
sions about the treatment and management of the diseases of the lung.

1Computed Tomography (CT): https://www.nibib.nih.gov/science-education/science-topics/computed-tomography-ct
2Positron Emission Tomography (PET): https://www.radiologyinfo.org/en/info/pet

https://www.nibib.nih.gov/science-education/science-topics/computed-tomography-ct
https://www.radiologyinfo.org/en/info/pet
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• CT scans help create detailed cross-sectional images of the lungs, allowing
for the identification of abnormalities based on their size, shape, and lo-
cation. Typically X-rays are used to produce a 3D view comprising cross-
sectional slices, for detecting existing anomalies. They are excellent for
visualizing anatomical details, making them valuable in diagnosing a wide
range of medical conditions. In the multimodal framework, CT provides
structural information that serves as a reference for the other modalities.
Moreover, CT is instrumental in evaluating the extent of disease spread
and can guide treatment planning.

• PET is a functional imaging technique that provides information about
metabolic and physiological processes within the body. It involves the in-
jection of a radiotracer, which emits positrons that interact with electrons
in the body, producing gamma rays. PET scans capture the distribu-
tion of the radiotracer and can identify areas highlighted with abnormal
metabolic activity. PET is frequently used in cancer diagnosis, staging,
and monitoring of treatment response. This is because malignant cells
often exhibit heightened metabolic rates. PET scans can aid in distin-
guishing between benign and malignant lung lesions; thereby, aiding in its
accurate staging. Additionally, in the context of COVID-19, PET imaging
can identify regions of inflammation and infection in lungs.

• EIT is a functional imaging method that uses electrical measurements
to monitor changes in tissue properties, such as conductivity. It is non-
invasive and involves the application of low-intensity electrical currents
at multiple electrodes placed on the body surface. EIT creates real-time
images of internal electrical conductivity, by measuring voltage changes
resulting from these currents. It is valuable for monitoring lung ventila-
tion, detecting abnormalities in lung function, and assessing conditions
like ARDS and pneumonia. EIT is often used in critical care settings to
monitor lung function in real-time, particularly in patients with mechan-
ical ventilation. It can aid in the assessment of the severity of respiratory
conditions (including those related to COVID-19).

The primary aim of this thesis is to design and develop an advanced CAD
system for assisting medical practitioners through automated detection and di-
agnosis. It should enhance the diagnostic and prognostic capabilities for both
COVID-19 and lung tumors in patients, even in the presence of class imbal-
ance. The challenges addressed here are depicted in Fig. 1.2. Our objectives
within this research are directed at improving existing prognostic criteria in a
noninvasive manner, for enhancing patient care. These are summarized below.

1. Development of a non-invasive DL tool to detect, classify and segment
COVID-19 lung infections in CT, with high precision, through ensemble
learning.

2. Design of computerized lung cancer detection, segmentation and progno-
sis, by developing a new deep model based on varying geometric shapes
of tumors from CT scans.
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Figure 1.2: Some challenges associated with medical image analysis.

3. Classification of cancerous lung slices from CT and PET images, with
dimensionality reduction through PCA and Autoencoder, for ensemble
classification and visualization in the presence of data scarcity.

4. Formulation of a novel generalized detection framework for lung infections,
from CT and EIT-processed CT scans, for deep multihead classification of
some lung diseases viz. COVID-19, tumor, with respect to healthy scans.

1.3 Preliminaries

In this section we elaborate on a few of the basic components, which serve
as the primary concepts and functions used in this thesis. This encompasses
topics from (i) image processing and analysis, dealing with normalization, seg-
mentation, classification, and ensemble, (ii) deep learning, and (iii) the role of
multimodal imaging in handling the lung diseases considered here.
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1.3.1 Image analytics

The goal of image processing [54], [75] is to enhance perceptual acuity for im-
proved analysis. This thesis involves the use of some major components, includ-
ing image normalization, segmentation, feature visualization, and classification.

Normalization: Medical images often exhibit variations in brightness, con-
trast, and intensity due to differences in the acquisition devices, protocols, and
patient characteristics. Image normalization mitigates these variations, ensur-
ing that images are on a consistent scale; thus simplifying analysis and inter-
pretation. It is a fundamental step for empowering medical professionals and
researchers to make more accurate and consistent assessments – towards im-
proving patient care and advancing medical knowledge.

First and foremost, it enhances the comparability of images across different
patients and imaging systems, making it invaluable in multi-center studies and
longitudinal assessments. Standardized pixel values facilitate the development
and application of algorithms for quantitative analysis, such as the measurement
of lesion size or density. It also supports the accuracy and reproducibility of
image-based diagnoses and quantitative evaluations, which are critical in fields
like radiology and oncology. Furthermore, image normalization reduces the im-
pact of variations caused by differences in illumination and imaging conditions;
thereby, making it easier for computer algorithms to detect patterns, features,
and anomalies in the image data. Besides, normalized images are more robust
for tasks like object recognition; as they enable classifiers to focus on essential
image content rather than being sensitive to variations in lighting or contrast.

Normalization involves transforming the pixel values of an image to conform
to a standard scale or distribution. This can be expressed as [17]

Inormalized(x, y) =
I(x, y)− µ

σ
, (1.1)

where Inormalized(x, y) represents the normalized pixel value at coordinates (x, y),
I(x, y) is the original pixel value, µ denotes the mean intensity of the image,
and σ is the standard deviation.

Segmentation: This is a crucial component of medical image processing, in-
volving unsupervised learning. It is used to analyze complex anatomical struc-
tures or lesions in an image. Segmentation enables the precise identification
and differentiation of various anatomical structures and/or pathological regions;
which is vital for subsequent disease diagnosis and treatment planning. For ex-
ample, it can delineate different organs, lesions, or tumors within an image;
thereby, providing clinicians with valuable insights into the patient’s condition.
Secondly, segmentation facilitates quantitative analysis by allowing the calcula-
tion of volumes, areas, or other morphological measurements for each segmented
region. This can, again, be critical for tracking disease progression or evaluating
treatment efficacy. Lastly, it supports the development of automated diagnostic
tools and AI-based systems to assist healthcare professionals by providing accu-
rate and consistent image interpretations. The synergy of pattern recognition
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and segmentation contributes significantly to advancing our understanding of
complex medical images for improved clinical decision-making. This ultimately
enhances the efficiency and reliability of medical image analysis – leading to
more effective patient care and improved decision-making.

Segmentation involves partitioning an image into distinct regions [17]. Let R
denote the complete spatial region encompassed by an image I. Image segmen-
tation can be conceived as a procedure that divides R into n disjoint sub-regions,
denoted as R1, R2, . . . , Rn, such that

(a)
n⋃

i=1

Ri = R,

(b) Ri is a connected set, for i = 0, 1, 2, . . . , n,

(c) Ri ∩Rj = ∅ for all i and j, i ̸= j,

where ∅ denotes the null set, and the symbols ∪ and ∩ signify set union and
intersection, respectively. The two regions, Ri and Rj, are said to be adjacent if
their union constitutes a connected set. Otherwise, these regions are described
as disjoint. Each region corresponds to a specific segment or category.

Classification: Here the objective is to categorize input data into predefined
classes or labels, based on learned patterns and features. Classification, em-
ploying ML and DL, is designed to extract discriminative patterns from data;
thereby, enabling their automated and accurate assignment to specific classes.
These algorithms learn to recognize intricate patterns that distinguish one class
from another, arriving at decisions based on the detected features. Classifiers
[42] constitute a fundamental component of learning, and lead to categorization
of images into specific classes through supervised learning. While segmentation
is unsupervised, classification provides a systematic and objective approach to
diagnosing and interpreting medical images through training. By categorizing
images into classes, a healthcare professional can quickly and accurately identify
the presence of diseases, anomalies, or specific conditions within an image. Sec-
ondly, classification enhances the efficiency and consistency of image analysis
by reducing the variability in interpretations that can arise from human subjec-
tivity. It forms the basis for the development of automated diagnostic tools and
related AI systems, where DL algorithms can be trained to recognize specific
patterns or features within images based on ground truth (or annotations).

Let C denote the set of possible classes, with f : I → C being the classifica-
tion function that assigns an image I to a class c ∈ C. This can be expressed
as c = f(I). The supervised learning comprises training, validation, and test-
ing components, towards building, optimizing, and assessing the performance
of the classifier. During training the classifier adjusts the model parameters
to minimize the error of prediction w.r.t. the actual target values, based on
the training set. The learning iteratively minimizes the error, through tuning
of model hyperparameters, to capture any patterns or relationships inherent
in the data. Validation is typically performed on a separate validation set, to
determine the generalizability of the learning. Finally the learning performance
is evaluated on an unseen test set. This can offer insights into the robusteness
and reliability of the classifier in real-world scenarios.
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Ensemble classification: An ensemble-based classifier system is designed by
merging multiple diverse classifier models [115]. This makes statistical sense in
a number of situations, particularly with experts differing in decision-making.
Individual classifiers, due to their inherent diversity, may have various decision
limits within the context of classification. This is commonly due to the dis-
tinct training setup in each classifier. If adequate diversity can be established,
each classifier may make different decisions; which may then be strategically
combined, through ensemble, to reduce the overall error [138].

Advantage of ensemble learning lies in its inherent diversity. This can be in-
troduced by embedding different training datasets, or features, or classifiers; or
even varying initialization and/or parameters of the classifier(s) involved. Ac-
cording to Dietterich [39] there are three main justifications for employing an
ensemble-based system, viz. statistical, computational, and representational.
The computational criterion refers to the model selection problem. The sta-
tistical cause is connected to the insufficiency of available data to accurately
represent a distribution. The representational factor addresses situations where
the selected model is unable to accurately represent desired decision boundaries.

Bootstrap Aggregating (Bagging) [25] involves training multiple instances
of the same base model on randomly sampled subsets with replacements (boot-
strap samples) of the training data. Individual model predictions are then
averaged (for regression) or majority-voted (for classification) to produce the
final ensemble prediction. Random forests, based on decision trees, employ bag-
ging. Boosting [25] allows a series of weak learners to be sequentially trained,
with each one focusing on samples that the previous learners failed to clas-
sify. These predictions are weighted on their accuracy, with the final decision
aggregating the weighted individual predictions. Some of the popular boosting
algorithms include Adaptive Boosting (AdaBoost), Gradient Boosting, and XG-
Boost. Stacked Generalization (Stacking) combines predictions from multiple
diverse models, not necessarily of the same type. A meta-model is trained on
top of the base models to learn how to best combine their predictions. It lever-
ages the strengths of various models and is often used to further improve their
predictive performance. Gradient Boosting, including variations like XGBoost,
LightGBM, and CatBoost, builds a strong predictive model by sequentially
adding weak models. It minimizes a cost function by adjusting the model pa-
rameters in a direction reducing the prediction error. Each new model is trained
to correct the errors of the previous ones, resulting in a highly accurate ensem-
ble. Voting is a straightforward ensemble strategy, where the final prediction is
determined by majority vote (in classification) or average (in regression) over
a number of individual predictions. Voting can be hard (majority vote) or soft
(weighted average), depending on how the final prediction is computed.

Ensemble essentially strives to harness the collective wisdom of multiple
models, by leveraging their complementary strengths and mitigating their in-
dividual weaknesses. It is widely used in ML to improve predictive accuracy,
robustness, and the overall performance of models across various domains.
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Feature visualization: Feature extraction and feature selection are integral
components of pattern recognition and ML, particularly when dealing with high-
dimensional data. Feature extraction [42] involves projecting the original data
into a more compact and informative representation space, by generating a set of
transformed features that capture relevant information from the raw data. This
process reduces the dimensionality of the data while retaining its discriminative
power. Some of the well-known techniques include Principal Component Anal-
ysis (PCA), Linear Discriminant Analysis (LDA), and various DL approaches
like autoencoders (AEs).

On the other hand, feature selection [42] focuses on identifying and retaining
only the most relevant features from the original set. This process also aims
to reduce dimensionality, enhance model interpretability, and mitigate the risk
of overfitting. Feature selection methods assess the importance of each feature
and select a subset of them for model training. Popular categories include filter
methods, wrapper methods, and embedded methods, each with its individual
criteria and algorithms.

Once the essential attributes have been identified, visualization allows the
exploration and interpretation of their significance. It helps reveal patterns,
relationships, and interactions among selected features. It can be essential for
understanding the decision boundaries of ML models; by providing insights
into how features contribute to classification or regression outcomes. Feature
visualization is used in medical image processing, for highlighting and rendering
significant patterns or structures (features) within medical images. It aids in the
extraction of relevant information from complex data, leading to more accurate
diagnoses and informed medical decisions [71].

Let F (x, y) denote the feature map, which highlights specific features within
the image I, with F (x, y) ∈ {0, 1}. Pixels in the feature map can be binary
values (0 or 1), indicating the presence or absence of a particular feature at co-
ordinates (x, y). It simplifies the interpretation of complex medical images by
emphasizing important structures or anomalies; thereby, reducing the cognitive
burden on healthcare professionals. It enhances the efficiency of image analysis
through its clearer and more focused view. Also, it supports more precise and
targeted treatment planning with clinicians being able to easily identify ROIs
for intervention. For instance, in radiation therapy, it aids in precise tumor
targeting while sparing healthy tissue. Thirdly, feature visualization provides
some interpretation about the black box in DL models; and evaluate the effec-
tiveness of deep networks for predicting diagnoses based on relevant features.
Ultimately, feature visualization enhances the accuracy, efficiency, and reliabil-
ity of medical image processing – resulting in better patient care and medical
decision-making.

Gradient-weighted Class Activation Mapping (GradCAM) [151] is a powerful
visualization technique used in DL, particularly involving CNNs. It provides
insights about the regions of an input image which were most influential in
the decision-making process of the model. GradCAM is especially useful for
understanding where a neural network focuses its attention during learning,
and why it makes specific predictions; thereby, enhancing its explainability
in the context of the typical blackbox nature. Basically GradCAM computes
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the gradients of the class score with respect to the feature maps, in the final
convolutional layer of the network. These gradients highlight the regions of the
image that had significant impact on the prediction. Overlaying these gradients
onto the original image, one can generate a GradCAM view which visually
represents those parts of the image that were crucial for the decision made by
the network.

Color-map [203] is often used in combination with GradCAM to make the
heat map visually more interpretable. Here the heat map is color-coded to
further accentuate the ROIs. For example, the highest-impact regions can be
highlighted in red, while less influential areas get shaded by cooler colors like
blue or green. Such color-coded visualization enhances the interpretability of
the feature map; thereby, making it easier for researchers and domain experts to
understand which parts of the input have contributed to a particular decision.

Both GradCAM and color-map are valuable tools for enhancing the un-
derstandability of DL models, allowing practitioners to trust the predictions
through insights gained about model behavior; thereby, making more informed
decisions when working on complex multimodal image data.

1.3.2 Deep learning

Machine learning (ML) and deep learning (DL) are subsets of AI that focus
on enabling computers to learn and make decisions from data. Both ML and
DL algorithms are trained on data to recognize patterns and relationships. DL,
a subfield of ML, utilizes deep neural networks (involving multiple layers) to
model complex data. It learns end-to-end on the data, without requiring expert-
extracted features to be supplied at the input; thereby, making it particularly
effective for tasks like image and speech recognition. These technologies have
demonstrated their potential in revolutionizing industries by enhancing their
ability to process and analyze vast amounts of data – leading to improved
decision-making and automation across a wide range of applications.

The beauty of DL lies in its capacity to automatically learn and discover
representations and features within the data, while allowing for superior per-
formance in various applications including medical image processing [78], [142],
[171], [194]. For example, CNNs are adept at image classification tasks, enabling
the accurate detection and categorization of diseases from medical images; be
it at identifying tumors in mammograms or detecting anomalies from X-ray
images. A schematic diagram of the CNN is provided in Fig. 1.3, along with a
description of the various layers involved.

• Input layer: Receives the raw image as input to the deep neural network.
Mathematically, here it represents the input features as I.

• Convolutional layer: Consists of multiple filters (kernels) that perform
convolution operations on the input data. The mathematical representa-
tion for the output feature map at layer l is

F l = W l ∗ I l−1 +Bl, (1.2)
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Figure 1.3: Schematic architecture of the CNN

where W l are the convolutional filters, I l−1 is the input from the previous
layer, and Bl represents the biases. The weight update at each iteration
follows

ω′ = ω − Lr ×Gr, (1.3)

where ω′ is the updated network weight vector, Lr is learning rate, Gr
is the gradient of the loss function w.r.t. the weight vector, and ω is the
corresponding weight vector at the previous iteration.

• Activation Layer: Introduces non-linearity into the network. The out-
put of a neuron or unit in the activation layer is computed as

Al = g(F l), (1.4)

where g is the activation function, like Rectified Linear Unit (ReLU) or
sigmoid.

• Pooling layer: Reduces the spatial dimensions of the feature maps and,
thereby, decreases the computational complexity. Max-pooling is a com-
mon operation, which typically selects the maximum value within a pool-
ing window.

• Fully Connected layer (FC): Here all neurons are connected to the
previous layer, which allows for complex patterns to be learned. The
output of a neuron in a fully connected layer is computed as

FC l = gl(W lAl−1 + bl). (1.5)

The learning rate is a hyperparameter that determines the step size at which
the network weights are updated during training. It plays a crucial role in the
performance as well as the speed of convergence of the model. Typical values
for the learning rate are between 0.1 and 0.0001, but the optimal value depends
on the specific problem and architecture.

Dropout is a regularization technique, typically applied at the fully con-
nected layers and activation layers, to prevent overfitting of the model. It
involves randomly "dropping out" a fraction of neurons during training, with
probability pd, such that they get excluded during the forward and backward
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passes. This helps prevent the network from relying too heavily on specific
neurons, and forces it to learn more robust and generalized features. We have

Neuron Output =

{
Original Output

1−pd
active,

0 inactive,
(1.6)

where 1 − pd is the probability of a neuron being retained. A typical dropout
probability lies between 0.2 and 0.5. Adjusting the dropout probability provides
a balance between regularization, and allowing the network to learn complex
patterns from the training data.

Optimizers play a crucial role in training deep neural networks, during the
minimization of the loss function. The primary purpose of optimizers is to ad-
just the weights and biases of the model to minimize the difference between
the predicted output and the actual target values. Some of the well-known op-
timizers include [146] Stochastic Gradient Descent (SGD), Root Mean Square
Propagation (RMSprop), Adaptive Gradient Algorithm (Adagrad), and Adap-
tive Moment Estimation (Adam) [82].

Several well-known DL models have been pivotal in advancing the fields of
classification and segmentation in image analysis and computer vision. These in-
clude Residual Network (ResNet) [64], DenseNet [70], Visual Geometry Group
(VGG) [158], Inception-Net [165], Xception-Net [29], Efficient-Net [84], Mo-
bileNet [23], Residual Attention Network and Multiscale Dilated Inception Net-
work (RA-MDIN) [175], HyEx-Net [60], SE-ResNeXt-50 [140], U -Net [144], U -
Net++ [206], Fully Convolutional Network (FCN) [102], R2UNet [5], Attention
U -Net [124] and MultiResUNet [73]. The ResNet, with its residual connections,
addresses the vanishing gradient problem; thereby, enabling the training of very
deep networks. DenseNet maximizes feature reuse and gradient flow in DL by
densely connecting each layer to every other layer. VGG, known for its simplic-
ity and effectiveness, has been a popular choice for image classification tasks.
Inception-Net employs multiple filter sizes in parallel, for enhancing feature
extraction. Xception-Net balances model depth and computational efficiency,
using depth-wise separable convolutions, to optimize feature extraction for im-
age classification tasks. Efficient-Net balances the accuracy in performance
with associated computational complexity, by efficiently scaling the network
depth, width, and resolution. MobileNet uses depthwise separable convolutions
to reduce computational complexity and model size while maintaining compet-
itive performance, making it efficient for deployment on resource-constrained
devices. RA-MDIN combines Residual Attention Network and Multiscale Di-
lated Inception Network, with model parameters optimized using Hybrid Bel-
uga Whale Glowworm Swarm Optimization (HBWGSO). HyEx-Net integrates
EfficientNet and Xception architectures to extract deep spatial features from
combined inputs. SE-ResNeXt-50 is fused with convolutional layers, incorpo-
rating quadri-histogram equalization, data augmentation, and hyperparameter
tuning to enhance feature representation and model robustness.

While the FCN introduced end-to-end segmentation using convolutional lay-
ers, the U -Net has been a game-changer in segmentation with its hallmark
encoder-decoder architecture. The innovative U -Net++ version optimized skip



16 Chapter 1. Introduction and Scope of Thesis

connections, to gather features at different semantic scales within the decoder
sub-networks. The R2UNet combines the U -Net architecture with a recurrent
neural network (RNN) for enhanced performance in medical image analysis.
The Attention U -Net additionally incorporates attention mechanism to enhance
the U -Net architecture; thereby, allowing it to focus on and prioritize impor-
tant image features for improved segmentation accuracy. The MultiResUNet
introduced multiple residual blocks, into the U -Net framework, for better seg-
mentation in medical images.

The transfer learning paradigm involves leveraging the learned weights, of
a pre-trained neural network, on a large dataset for a related task; followed
by its fine-tuning on a target segmentation task with a smaller dataset. By
transferring knowledge from the source task, the model can effectively learn
hierarchical features and spatial relationships, while accelerating convergence
and improving segmentation performance on the target task. This approach is
particularly beneficial when labeled data is limited [132], since the pre-trained
model has already captured generic features for various related visual tasks.

On the whole, DL has significantly improved the accuracy and efficiency
of classification, detection, and segmentation tasks in medical imaging applica-
tions [119]. The family of U -Net architectures allow for a precise delineation
of anatomical structures or lesions. This is critical for treatment planning and
surgical guidance. Furthermore, DL techniques are leveraged to enhance image
quality, reconstruct missing data, and remove noise. These are factors relevant
for accurate diagnosis and treatment, made possible through its ability to de-
cipher intricate patterns in images; particularly, when trained on large labeled
datasets. DL has ushered a new era of progress in medical image analysis – by
significantly elevating diagnostic accuracy, resulting in enhanced patient care.

1.3.3 Class imbalance and data augmentation

The term class imbalance in ML refers to a situation where the distribution of in-
stances across different classes is significantly uneven. Such imbalance can pose
challenges during model training, as the model may become biased towards the
majority class with unacceptable performance on the minority classes. In sce-
narios where one class significantly outnumbers the others, the model tends to
prioritize accuracy on the majority class while potentially neglecting the minor-
ity ones. Addressing class imbalance is crucial to ensure that the model learns
to make accurate predictions across all classes. Strategies to mitigate class im-
balance include resampling techniques, such as oversampling the minority class,
undersampling the majority class, or using more advanced methods like gen-
erating synthetic samples. Proper handling of class imbalance is essential for
building models towards reliable predictions across diverse class distributions.

As DL is data hungry in an environment with a scarcity in availability of
annotated medical imaging data, it becomes imperative to devise ways to gen-
erate more training data. Data augmentation is an important technique in DL
for enhancing the diversity and size of training datasets. It involves apply-
ing various transformations to the existing training data, for generating new
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instances while preserving the underlying semantic content. Common augmen-
tations include random rotations, flips, zooms, shifts, and changes in brightness
or contrast. Presenting the model with such extensive range of variations, data
augmentation helps improve its generalization capability and robustness. This
is particularly beneficial when working with limited datasets, as it mitigates the
risk of overfitting by exposing the model to a broader range of scenarios. Data
augmentation is widely employed in computer vision tasks, such as image clas-
sification and object detection, to enhance the ability of a DL model to handle
diverse real-world scenarios during inference.

1.3.4 Role of multimodal imaging

Medical imaging offers a noninvasive way of generating images of different re-
gions in the human body, to assist medical practitioners to arrive at an ef-
fective decision regarding the detection, diagnosis and prognosis of a disease.
Automated medical image analysis can effectively handle large volumes of im-
age data, while overcoming any inherent human bias. A good visualization of
different components in a lung region, encompassing blood vessels and tissue
characteristics, can be associated with corresponding imaging features which
become better visible when focusing on particular attributes. This highlights
the utility of employing multiple imaging modalities while identifying and ex-
tracting heterogeneous affected region(s) from the lung scans. A multimodal
approach, encompassing a combination of two or more of the imaging modali-
ties like X-Rays, CT, MRI, PET, EIT, holds potential in enhancing the visu-
alization, accuracy, efficiency, and viability of associated decision-making [109],
[150].

CT scans provide high-resolution, three-dimensional images to help visual-
ization, diagnosis and evaluation of various medical conditions. The scans can
be reconstructed along multiple planes (axial, sagittal, and coronal), allowing
healthcare professionals to view the lung from different perspectives. As early
detection enables timely intervention with improved patient outcomes, the pow-
erful modality of CT is often used in the diagnosis, monitoring, and treatment
planning for a wide range of medical conditions of the lung. This includes cancer
and COVID-inflicted pneumonia.

EIT measures the electrical current and voltage at multiple electrodes placed
on the body surface, to reconstruct the internal impedance distribution. The
advantages of EIT (over other modalities) include (i) Absence of any ioniz-
ing radiation or injection of contrast agents; making it particularly beneficial
for frequent monitoring and bedside applications. (ii) Rapid update of the
reconstructed images. (iii) Cost effectiveness, as compared to other imaging
modalities. These make EIT a viable option in resource-limited settings, or
for the routine real-time monitoring in critical care units. However, the spatial
resolution of EIT is lower as compared to the other imaging modalities, and the
image quality can be affected by external factors like electrode placement and
movement artifacts.

PET imaging provides valuable insights into the functional and metabolic
processes occurring within the human body. It involves the administration of a
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small amount of a radiotracer (a radioactive substance labeled with a positron-
emitting isotope) into the patient’s body. As the radiotracer decays, it emits
positrons which interact with electrons in the body to generate pairs of gamma
rays detected by PET scanners. The advantages of PET over other imaging
modalities are numerous. It excels at offering functional information, by reveal-
ing details about tissue activity, glucose metabolism, blood flow, and receptor
binding. PET is known for early disease detection, making it particularly valu-
able for identifying cancers at their inception. It provides comprehensive whole-
body scans, aids in personalized medicine by tailoring treatment strategies, and
plays a pivotal role in medical research and drug development. Moreover, PET
imaging is non-invasive, safe, and can be combined with other imaging modal-
itiess in hybrid setup. For example, PET-CT imaging offers a holistic view of
the condition of a patient.

Let us summarize here the display characteristics of images of COVID-19 and
lung cancer samples, corresponding to the three imaging modalities considered
in this thesis viz. CT, PET and EIT.

1. CT scans can reveal characteristic features of COVID-19, such as ground-
glass opacities (GGOs) and consolidation in the lungs. These findings
help in diagnosing and assessing the extent of lung damage. CT scans
are also essential for the detection and staging of lung tumors, through
their effective visualization of the size, location, and potential spread of
the tumor. Fig. 1.4 illustrates sample CT scans corresponding to these
two types of lung affliction.

Figure 1.4: Sample CT images of the lung, afflicted with (a) COVID-19, and (b)
tumor. The ground truth of affliction is marked in red.

2. PET scans are valuable for cancer staging. They reflect areas of increased
metabolic activity, which is often indicative of malignant tumors. A com-
bination of PET and CT images, as in Fig. 1.5, provides better visualiza-
tion of metabolic activity. Although not commonly employed in COVID-
19 diagnosis, their role can be explored to understand metabolic changes
in the affected tissues.

3. EIT can help assess lung ventilation conditions, and potentially identify
areas affected by the disease as measured in terms of reduced ventilation.
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Figure 1.5: Sample images of lung tumors, using (a) CT and (b) PET scans, with
the ground truth marked in red.

It can assist in monitoring lung function in patients with lung tumors,
and evaluate the impact of tumor growth and/or treatment progression.
Sample EIT images of the afflicted lung are displayed in Fig. 1.6.

Figure 1.6: Sample images of the lung, with (a) CT scans and (b ) corresponding
EIT. The ground truth of affliction is marked in red. First two columns correspond

to COVID-19 infection of the lung, and last two columns display lung tumors.

The integration of these modalities, often referred to as multimodal imag-
ing or hybrid imaging, allows healthcare professionals to gather complementary
information. For instance, while diagnosing lung tumors, a PET-CT scan com-
bines the metabolic information from PET with the anatomical detail provided
by CT. This approach can help in precisely locating tumors and assessing their
activity. Combining CT and EIT can offer real-time insights into lung function
and structural changes caused by both these diseases.
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1.4 Background Literature

ML offers a consistent and reproducible way for the rapid evaluation of high
volumes of screening and/or diagnostic imaging studies. It excels at the detec-
tion and precise delineation of affected lung tissues from the slices. DL models,
in particular, have the capability to autonomously learn intricate patterns and
representations directly from pixel values in medical images; thereby, mitigating
manual errors often introduced through human intervention.

In this section we provide a brief overview on the state-of-the-art literature
on the major functionalities of automated image analysis, as considered in this
thesis; with particular emphasis on afflictions of the lung. This encompasses the
use of DL in classification, segmentation, including ensemble learning and multi-
modal imaging approaches; focused particularly in the domain of lung imaging
applications. The studies underscore the wide-ranging application of fusion
techniques in medical imaging, with each modality or approach contributing
towards improved data integration and interpretation.

1.4.1 Classification

The advancement of the role of DL in image classification, particularly through
CNNs, ushered in a period of significant progress and success. This journey be-
gan with the introduction of AlexNet [86], with its success in the ImageNet [37]
classification competition; thereby, bolstering the explosive growth of DL. The
Network in Network (NIN) architecture [97] emerged by incorporating global
average pooling to mitigate risks of overfitting. The subsequent years witnessed
notable advancements with GoogLeNet [165] and VGG-Net, both resulting in
enhanced accuracy on the ImageNet dataset. GoogLeNet continued to evolve
with versions like v2 [74], v3 [166], and v4 [164], entailing further improvement
in performance. Addressing the limitations of fixed input size requirements in
CNNs led to the introduction of the spatial pyramid pooling (SPP) model [65]
with enhanced input data robustness. ResNet offered a solution to potential
model degradation issues, while emphasizing the continuous advancements in
DL technology.

Among the various DL algorithms applied to pulmonary nodules, CNNs have
emerged as the most prevalent [96], [147]. Their application in lung cancer based
CAD systems has yielded impressive results. Google introduced a CNN model
[9], that outperformed six experienced radiologists. Additionally, alternative
DL techniques have been successful in addressing pulmonary nodule challenges.
Deep belief networks (DBN) have been utilized in the context of pulmonary
nodule CAD [69], and AE helped distinguish between benign and malignant
nodules [88]. A sliced RNN model was introduced [181] to enhance training
efficiency by simultaneous training of the layers over reduced training time. A
two-phase framework employed a 2D CNN for automatic detection of nodules
from CT readings [190], incorporating a Region-based CNN and deconvolution.
Here three models were trained for three kinds of slices, and the network results
were combined through voting for the final classification outcome. A 3D CNN



1.4. Background Literature 21

with multi-scale prediction strategy was suggested [57] for pulmonary nodule
detection. A 3D-ResNet was employed for the classification of CT images for
presence of pulmonary nodules [170]. Texture radiomic features were utilized
to develop CNN-based predictive models for analyzing malignant and benign
lung nodules [133]. An automatic lung cancer prognosis system was designed
to evaluate lung nodules, based on their morphological features [180].

In recent times, a surge of research endeavors has emerged in the realm
of COVID-19; with a notable focus on the application of neural networks and
data-driven algorithms [61]. These studies encompass a spectrum of ML ap-
proaches dedicated to diagnosing COVID-19 from CT images. A pre-trained
DenseNet was developed [179] for classifying 121 CT-images into COVID-19
positive and negative categories. Additionally, a DL-based multi-view fusion
model has been implemented to classify COVID-19 from CT scans [186], while
a multi-objective differential evolution–based CNN has been utilized for the
same purpose [159]. A deep multitask learning approach has been used to per-
form binary classification and estimate the percentage of affected lung tissue in
COVID-19 from CT studies [53]. A hybrid COVID-19 framework was designed
for rapid and automatic diagnosis of COVID-19 from X-Ray images, combining
deep learning, genetic algorithms, weighted sum, and majority voting strategies
[14]. Furthermore, a semi-supervised deep transfer learning framework [157] has
demonstrated success in pulmonary nodule diagnosis from CT scans.

An AI system, rooted in DL, was intricately engineered to detect and quan-
titate lesions within chest CT scans [204]. Moreover, the Unified CT-COVID AI
Diagnostic Initiative (UCADI) [12] pioneered an innovative paradigm wherein
independent training at each host institution was facilitated within a collab-
orative learning framework, thereby obviating the necessity for data sharing.
This ground-breaking approach not only upheld privacy but also showcased the
potential for combined learning to advance the field of privacy-preserving AI in
digital health.

Using ensemble learning: They demonstrate remarkable adaptability to
evolving data patterns, owing to their inherent model diversity; thus ensuring
their enduring relevance. Their robust stability, efficient resource utilization,
and state-of-the-art performance collectively establish ensemble deep models as
a formidable approach for a wide array of applications [189].

In the realm of medical imaging, a deep ensemble classifier has been har-
nessed for the automatic detection of lung cancer from CT images [153]. Like-
wise, the ensemble classifier [154] proficiently extracted features to classify lung
tumors based on CT scans. Pulmonary nodule classification has benefited from
deep ensemble learning-based feature fusion [117], showcasing the versatility of
ensemble. A combination of VGG-Net, DenseNet, ResNet, and CNN, has been
effectively employed [148] for the classification of lung cancer and COVID-19.
Moreover, a sophisticated ensemble multimodal DL technique has been devised
for the classification of COVID-19, effectively combining X-ray images with au-
dio data extracted from associated coughs [89]. These applications underscore
the remarkable utility and adaptability of ensemble-based DL methodologies.
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Using multimodal imaging: The fusion of multiple imaging modalities
proves invaluable, as it equips deep models with enhanced features that con-
tribute to more informed decision-making. Multimodal fusion amplifies the
capabilities of DL across various applications, enhancing feature extraction,
model robustness, interpretability, and overall performance; particularly, in the
presence of intricate and multifaceted data. By amalgamating heterogeneous
data from various imaging modalities such as MRI, CT, and PET, it produces
a holistic and comprehensive data representation which, in turn, unveils con-
cealed patterns while bolstering model accuracy and resilience. This fusion pro-
cess effectively mitigates the impact of noise and enhances the model ability to
withstand uncertainties and variations. Furthermore, it leverages the strengths
of individual modalities to achieve superior feature extraction, augmenting the
capacity of the model to discriminate and capture complex relationships. The
process also elevates spatial and temporal resolution, thereby benefiting tasks
like medical image segmentation and super-resolution.

In a notable study, VGG19 was applied to a diverse dataset comprising
chest X-ray and CT scans, facilitating the classification of lung diseases such
as COVID-19, pneumonia, and lung cancer [72]. Additionally, a hybrid ap-
proach combining residual blocks with a bidirectional gated recurrent unit was
implemented to effectively classify COVID-19 from X-rays and CT scans [3]. A
framework based on deep unsupervised learning was suggested [192] for the clas-
sification of lung diseases, using chest CT and X-ray images. Another approach
involved leveraging transfer learning on a multifaceted dataset encompassing
X-Ray, Ultrasound, and CT scans, for the purpose of COVID-19 detection [66].
Complementary information was leveraged in weakly paired multimodal MRI
images of the chest, for tumor detection [205]. The COVID-DSNet was de-
veloped for diagnosing typical pneumonia, viral pneumonia, and COVID-19
from CT, CXR, and hybrid CT+CXR images [143]. A dual-input CNN clas-
sified the health status of patients, encompassing asthma, Chronic Obstructive
Pulmonary Disease, Interstitial Lung Disease and infection, from a combined
dataset comprising respiratory sounds and EIT recordings [135]. Automated
heart and lung detection was performed [46] through unsupervised learning
on EIT and CT images. An EIT reconstruction algorithm was then used to
comprehensively analyze the data. This strategy showcased the potential of
leveraging multimodal images to enhance the accuracy and robustness of diag-
nostic models, particularly in the context of a disease as complex as COVID-19.
A filtering technique based on gradient structural similarity was introduced for
the integration of CT and MRI data [50]. Similarly, a fusion approach for CT,
MRI, SPECT, and PET images has harnessed a modified shark smell optimiza-
tion method in combination with a hybrid wavelet-homomorphic filter [191]. In
another study, a CNN was tailored to handle integrated CT, MRI, and PET im-
ages [188]. Moreover, a method grounded in PCA was developed to effectively
process a comprehensive set of X-ray, CT, MRI, and SPECT images [18].
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1.4.2 Segmentation

Medical image segmentation has witnessed significant advancements through
the effective utilization of prominent models like the FCN and U -Net. ResNet-
18 has been harnessed for the segmentation and classification of lung lesions
associated with COVID-19, pneumonia infection, and normal lung structures
[196]. Furthermore, the domain has explored the utility of 2D, 2.5D, and 3D
U -Net models in a multitude of studies [27], [59], [177].

Utilization of ensemble methods has been reported [21], [44] for CT image
segmentation. Notably, a combination of Inception-V3, Xception, Inception,
ResNet-V2, and DenseNet-121 models was employed for multiclass segmen-
tation targeting GGO and Consolidation regions within COVID-19 CT data,
specifically using the CT-Seg dataset (Table 1.1). These models leveraged a
common CNN backbone, with initial weights from ImageNet further fine-tuned
on the CT-Seg dataset. In terms of data distribution, the dataset was divided
into training (40 images), validation (10 images), and testing (50 images) sets.
The aggregation of results was achieved through pixel-level soft majority voting.

Efforts to enhance the segmentation of COVID-19-related lesions in lung
CT scans have led to the introduction of the Dual Multiscaled Dilated Fusion
Network (DMDF-Net) [125]. When applied to the MosMed dataset of Table
1.1, the model demonstrated accurate and refined segmentation capabilities.
Furthermore, a novel domain adaptation-based self-correction model has been
developed for the precise segmentation of COVID-19 infection in CT images,
harnessing the combined resources of both the CT-Seg and Mosmed datasets
[79]. Additionally, the field has witnessed the presentation of a lightweight neu-
ral network with attention-guided features designed for lung lesion segmentation
from CT scans, based on the Kaggle dataset [160]. A cascade comprising two
U -Nets with a VGG backbone was employed to sequentially extract the lung
region, followed by delineation of the GGO and consolidation regions [21]. This
multistage segmentation approach was applied across diverse datasets, includ-
ing CT-Seg, Seg-nr.2, Kaggle-COVID-19, and a private dataset, as outlined in
Table 1.1. Training data included segments of CT-Seg and Seg-nr.2, while the
remaining portions of these datasets were utilized for model testing. Notably,
each network within the ensemble underwent distinct training procedures due
to random weight initialization and data augmentation with shuffling.

Lung tumor segmentation, a critical application, has been addressed through
various adaptations of the U -Net architecture. The deep residual U -Net model
has harnessed multi-view learning for enhanced segmentation [173], while the
CoLe-CNN model [137] introduced an adaptive loss function to capture nodule
context. A deep residual separable CNN with maximum intensity projection-
based pre-processing was employed [43] for lung tumor segmentation. The 3D
U -Net was complemented with a 3D conditional random field for improved
accuracy in volumetric segmentation [185].

A pair of multiple-resolution, residually-connected CNNs (MRRN) simulta-
neously combined features across multiple levels and image resolutions, through
residual connections, to detect and segment NSCLC lung tumor volumes [77]
from multiple publicly-available datasets. The segmentation accuracy, com-
pared to expert delineations, was evaluated in terms of performance metrics.
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The Adaptive Deep Belief Network [80] was used to segment 3D NSCLC lung
tumor images from CT images. An efficient lung tumor detector was developed
[106], based on the RetinaNet. A multi-scale feature fusion module aggregated
the network layers, for simultaneously increasing the semantic information from
shallower prediction layers. A dilated and lightweight algorithm to combined
contextual information, at each layer, for effectively localizing tiny tumors.
Residual blocks were integrated with convolution layers in ResDSda_U -Net
[76], for multi-scale feature extraction in pulmonary nodule segmentation. The
detection and segmentation of lung nodules was also performed in DB-NET
[24], incorporating the Mish nonlinearity function with mask class weights. An
encoder decoder deep architechture was developed with selective convolution
kernels and grouped convolutions helped to efficiently segment lung nodules
[183].

The Geographic Attention model (GA-Net) was designed [33] for efficiently
segmenting body composition tissues. The rapid multi-crop attention network
chen2021multi was a novel approach capable of modeling both 2D and 3D
contexts from neighboring axial slices, providing richer information. A two-
stage framework [122] has been designed, encompassing a 3D multi-scale U -Net
at the coarse stage. This was followed by a 2.5D multi-scale separable U -Net in
the refinement stage, for delivering highly precise tumor delineation. The Dual-
branch residual network (DB-ResNet) [26] has introduced an intensity-pooling
layer and multi-scaling for improved segmentation. The multi-scale squeeze-
and-excitation U -Net has effectively incorporated conditional random fields for
tumor segmentation [195].

A teacher-student framework in Ref. [49] has enabled automated tumor
segmentation through a student model, guided by additional pseudo-annotated
data from a teacher network. The diverse landscape of DL models has further
expanded with the introduction of the Recurrent 3D-DenseU -Net [81] and the
dilated hybrid-3D convolutional net [67]. These models collectively represent a
robust foundation for advancement in medical image segmentation.

Now the field has ventured into innovative avenues, including the application
of transformers. The Multi-scale Aggregation-based Parallel Transformer Net-
work (MAPTransNet) [35] has introduced a parallel transformer mechanism to
effectively capture the global context within multi-scale encoder feature maps.
The segmentation results generated by MAPTransNet are further utilized as
ROIs for subsequent survival analysis, exemplifying the synergy between seg-
mentation and downstream clinical applications. Hybridization of convolution
layers with the State Space Model in U -Mamba [104] allowed the capture of local
features, along with long-range dependencies, for biomedical image segmenta-
tion. The Swin-UMamba [99], integrating Swin Transformer [101] and Mamba
blocks, utilizes the strengths of both Transformers and structured state space
models. Transfer learning has been instrumental in lung tumor segmentation
[123].

Exploring understandability: While DL models are acknowledged for their
proficiency in achieving accurate predictions, they often necessitate substantial
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volumes of annotated training data, which can be resource-intensive. More-
over, these models are occasionally perceived as “black boxes" due to the lim-
ited transparency of their internal workings. Nonetheless, concerted efforts are
underway to enhance the interpretability and explainability of DL in the realm
of medical image analysis [108]. One notable approach is the development of
integrated segmentation and classification techniques that facilitate explainable
diagnoses of conditions like COVID-19 [182]. An explainable pipeline, based
on deep learning, was developed for automated COVID-19 detection and le-
sion categorization from CT scans [134]. The COVID-19 Multi-Task Network
(COMiT-Net) was designed [107] for automated screening, with feature predic-
tion and explainable semantic segmentation, in chest x-ray images.

Methods such as Grad-CAM have emerged to enable researchers to visualize
and elucidate the regions within an image that exert the most significant influ-
ence on the model decision. The Domain Extension Transfer Learning (DETL)
was leveraged to screen for COVID-19, with characteristic features derived from
chest X-ray images [19]. To shed light on the transparency of COVID-19 detec-
tion, the authors adopted the concept of Grad-CAM to identify regions where
the model exhibited heightened attention during classification. Importantly, the
study asserted a strong correlation of the model results with clinical findings.

DL has also found application in assessing the severity of COVID-19 infec-
tion [184]. The ongoing improvement of these models holds the potential to
bolster the accuracy and efficiency of anomaly detection, ultimately resulting
in earlier diagnoses and improved prognoses for various medical conditions.

1.5 Performance Evaluation

In this section we present the different measures used for quantitatively eval-
uating the performance of segmentation and classification in medical imaging.
Besides, severity prediction in COVID-19 from lung CT scans is also included.

1.5.1 Quantitative evaluation

The frequently used performance metrics [110] for segmentation are based on
the misclassification error, obtained in terms of the confusion matrix. This
encompasses the True positive (TP ), False positive (FP ), True negative (TN),
and False negative (FN) components. We evaluate

Dice Similarity Coefficient

DSC =

(
2 ∗ TP

2 ∗ TP + FP + FN

)
, (1.7)

Jaccard Similarity Coefficient

JSC =

(
TP

TP + FP + FN

)
, (1.8)
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Precision

Precision =

(
TP

TP + FP

)
, (1.9)

Recall/Sensitivity

Recall/Sensitivity =

(
TP

TP + FN

)
. (1.10)

Area Under the Curve

The AUC measures the ability of a model to distinguish between positive and
negative classes by calculating the area under the Receiver Operating Charac-
teristic (ROC) curve in terms of a numerical integration. The ROC curve is a
plot of the true positive rate (TPR) vs the false positive rate (FPR) at different
classification thresholds. With TPR = TP

TP+FN
, FPR = FP

FP+TN
, we have

AUC =

∫ 1

0

TPR(FPR−1(t))dt, (1.11)

where FPR−1(t) is the inverse function of the FPR at threshold t, and TPR is
the true positive rate at threshold t. In practice, AUC ranges from 0.0 to 1.0,
with higher values indicating better classification performance. An AUC of 0.5
indicates a model that is no better than random guessing, while an AUC of 1.0
corresponds to a perfect classifier [178].

Hausdorff Distance 95

The HD95 [43] measures the maximum distance between points pi in the pre-
dicted mask ŷ and their closest points gj in the ground truth mask y, while
considering only the 95% of points that are closest. It additionally presents
insight into the accuracy and spatial correspondence of segmentation results,
and is expressed as

HD95(ŷ, y) = maxD(pi, gj) : i = {1, 2, . . . , |ŷ|} and j = {1, 2, . . . , k}, (1.12)

where ⌈k = 0.95×N⌉ and D corresponds to the Euclidean distance.

Accuracy

Accuracy =

(
TP + TN

TP + TN + FP + FN

)
, (1.13)
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F1-score

For a single class i, the precision (Pi), recall (Ri), and F1-score (F1i), are
defined as Pi =

TPi

TPi+FPi
, Ri =

TPi

TPi+FNi
, with

F1i =
2× Pi ×Ri

Pi +Ri

, (1.14)

where TPi, TNi, FPi, FNi, correspond to the respective values for class i.

Macro-F1 score

The Macro− F1 score, for multi-class classification, is the unweighted average
of the F1 scores for all classes. Given C classes, it is expressed as

Macro− F1 =
1

C

C∑
i=1

F1i. (1.15)

Mean Average Precision

The Average Precision (APi) is computed for each class, from the area under
the Precision−Recall curve. The mean Average Precision (mAP ) becomes

mAP =
1

C

C∑
i=1

APi. (1.16)

These metrics can help evaluate highly imbalanced inputs, to produce gener-
alized outputs in n-ary (n > 1) classification. Higher values of these indices
typically imply a better quality of classification.

Confusion matrix

This is a table that summarizes the performance of a segmentation/classification
model by showing the counts of TP , TN , FP , and FN predictions, in terms of
pixels/slices; thereby, helping evaluate how well a model classifies pixels/slices.

Figure 1.7: A sample confusion matrix.
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1.5.2 Severity prediction

Gradation of severity in a lung infection is a crucial aspect of image analysis,
which aims to assess the extent, progression, and potential impact of a disease
(or condition) on a patient. The predictive process involves the utilization
of advanced image analysis techniques, and often integrates clinical data to
provide a comprehensive evaluation of disease severity. The primary goal is to
assist healthcare professionals in making informed decisions regarding disease
prognosis, patient management, treatment planning, and disease monitoring.
Various methodologies, including ML, DL, and computer vision techniques, are
typically employed. These use features extracted from images, such as lesion
size, shape, and texture, to quantify disease progression. For instance, in lung
cancer, the prediction of tumor stage and aggressiveness based on radiological
images aids in choosing the appropriate treatment strategy; involving one or
more of the following viz. surgery, chemotherapy, radiation therapy. In the case
of COVID-19, the severity prediction models analyze chest X-rays or CT scans
to assess the extent of lung involvement. This is valuable in determining the
need for hospitalization or intensive care.

The methodology of grading the severity of COVID-19 infection, as devel-
oped by the Russian Federation [116], is based on individually computing the
volume ratio of lesions in each lung and using the maximal value to assess the
overall severity score. The range of the score is divided into five categories,
based on the volume of damaged lung tissue. For example

• CT-0: not consistent with pneumonia (including COVID-19), ie, normal,

• CT-1: infection involvement of ≤ 25 %,

• CT-2: infection involvement of 25-50 % ,

• CT-3: infection involvement of 50-75 %,

• CT-4: infection involvement of 75-100 %.

Patients with CT-3 (severe pneumonia) or higher are typically hospitalized, with
CT-4 (acute pneumonia) required to be admitted to an intensive care unit.

The advantages of severity prediction in medical images are numerous. It
provides a quantitative and objective assessment of disease progression; thereby,
reducing subjectivity in diagnosis and treatment decisions. Moreover, these
predictive models can facilitate early intervention, personalized treatment plans,
and an optimized allocation of healthcare resources. Hence, by harnessing the
power of AI and image analysis, severity prediction from images play a pivotal
role in improving patient care and outcomes across various medical conditions.

1.6 Datasets and Software Packages

In this section we outline some of the datasets and software, used in this thesis,
for studying the segmentation of lung regions affected by COVID-19 and tu-
mors, along with the classification between healthy slices, tumor-affected slices,
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COVID-19-infected slices based on multimodal imaging. The models were
implemented in the Tensorflow framework with a dedicated GPU (NVIDIA
TESLA V100 having memory capacity of 16GB), running behind the wrap-
per library Keras with Python 3.6.8, Keras 2.2.4, and Tensorflow-GPU version
1.13.1.

1.6.1 Datasets

Two major categories of lung diseases are considered in this thesis. Here we
elaborate on the publicly available datasets, from these two kinds.
COVID-19: The Kaggle-COVID-19 data consists of 20 patient CT samples,
of which ten (having at least 200, but not more than 301 slices) were kept as
a separate set. This was termed the Kaggle-COVID-19:Part-1 dataset. The
remaining ten samples, each containing < 200 or > 301 slices, were kept as a
separate set. This was named the Kaggle-COVID-19:Part-2 dataset. The data
is available on the Kaggle platform [105]. The CT-Seg and Seg-nr.2 were taken
from the medical segmentation platform3. Here the CT-Seg data contains CT
scan slices from more than 40 patients, and the Seg-nr.2 data contains nine
patient samples. The MosMed data contains 50 patient CT samples, and is
available in the Mosmed platform [116].
Lung tumor: The NSCLC-radiomics [2] data comprises of 422 patient CT
samples of lung tumors, taken from TCIA platform; of which 263 annotated
samples were retained for training, while the rest were omitted because of im-
proper annotation. The NSCLC-radiogenomics [13] data contains 89 patient
CT samples of lung tumor with annotations, taken from TCIA platform. De-
cathlon [7] data contains 63 patient CT samples with lung tumor annotations,
taken from the decathlon platform. The Moffitt [131] data, contains 440 patient
CT samples with lung tumor annotation. The Figshare [41] data contains CT
and PET samples from seven patients. The Y-PET/CT [174] consists of four
PET and CT volume data of the lung. The Lung-PET-CT-Dx [94] contains
356 CT and PET-CT volumes of the lung, with 133 volumes containing both
PET and CT images.

The Hounsfield Unit (HU) range (for the CT samples) was initially main-
tained in the range [-1024, 3071], with the pixel values being normalised to
provide appropriate comparison across various data sources used in the thesis.

1.6.2 Software

The algorithms developed in this research, for detection, segmentation, and clas-
sification of lung infections (viz. COVID-19 and tumours), were crafted using
a combination of programming tools. MATLAB4, along with Python5, served

3http://medicalsegmentation.com/covid19/
4A versatile numerical computing environment and proprietary programming language

developed by MathWorks: https://www.mathworks.com/products/matlab.html
5An interpreted, high-level, general-purpose language: https://www.python.org/

http://medicalsegmentation.com/covid19/
https://www.mathworks.com/products/matlab.html
https://www.python.org/
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Table 1.1: Details of the lung datasets used

Disease Sr. Dataset Total
patients Data Modality Platform

COVID-19

1

Kaggle-COVID-19a:
Part-1 10 CT Kaggle

Kaggle-COVID-19a:
Part-2 10 CT Kaggle

2 CT-Segb >40 CT Medical Segmentation
3 Seg-nr.2b 9 CT Medical Segmentation
4 MosMedc 50 CT Mosmed

Lung
tumor

1 NSCLC
radiomicsd 263 CT TCIA

2 NSCLC
radiogenomicse 89 CT TCIA

3 Decathlonf 63 CT Decathlon
4 LIDC-IDRIg 875 CT TCIA
5 Moffitth 440 CT Moffitt
6 Rideri 31 CT TCIA
7 Figsharej 7 CT, PET Figshare
8 Y-PET/CTk 4 CT, PET Deep Blue Data
9 Lung-PET-CT-Dxl 133 CT, PET TCIA

aKaggle-COVID-19: https://www.kaggle.com/datasets/andrewmvd/covid19-ct-scans [105]
bCT-Seg & Seg-nr.2 (Two Datasets): http://medicalsegmentation.com/covid19/
cMosMed: https://mosmed.ai/en/ [116]
dNSCLC radiomics: https://wiki.cancerimagingarchive.net/display/Public/NSCLC-Radiomics [2]
eNSCLC radiogenomics: https://wiki.cancerimagingarchive.net/display/Public/NSCLC+Radiogenomics [13]
fDecathlon: https://drive.google.com/drive/folders/1HqEgzS8BV2c7xYNrZdEAnrHk7osJJ--2 [7]
gLIDC-IDRI: https://wiki.cancerimagingarchive.net/pages/viewpage.action?pageId=1966254 [10]
hMoffitt: [131]
iRider: https://wiki.cancerimagingarchive.net/display/Public/RIDER+Lung+CT [199]
jFigshare: https://figshare.com/s/8370d1d7e5cbc195a1af [41]
kY-PET/CT: https://deepblue.lib.umich.edu/data/concern/data_sets/st74cq55j?locale=en [174]
lLung-PET-CT-Dx: https://www.cancerimagingarchive.net/collection/lung-pet-ct-dx/ [94]

as the primary development platforms. DL models were constructed using Ten-
sorFlow6, and Keras7, both integrated into the Python ecosystem. Additional
software packages included pillow8, matplotlib9, and scikit-image10. Visualiza-
tion was facilitated with the software tools ITK-SNAP11 and 3D Slicer12.

6A symbolic math library widely utilized for ML: https://www.tensorflow.org/
7An open-source neural network library: https://keras.io/
8Designed for image manipulation and analysis in Python: https://pypi.org/project/

Pillow/
9For data visualization: https://matplotlib.org/

10An open-source Python library tailored for image processing and analysis: https://
scikit-image.org/

11An interactive application enabling users to navigate three-dimensional medical images:
http://www.itksnap.org/pmwiki/pmwiki.php

12A freely available open-source software package designed for image analysis and scientific
visualization: https://www.slicer.org/

https://www.kaggle.com/datasets/andrewmvd/covid19-ct-scans
http://medicalsegmentation.com/covid19/
https://mosmed.ai/en/
https://wiki.cancerimagingarchive.net/display/Public/NSCLC-Radiomics
https://wiki.cancerimagingarchive.net/display/Public/NSCLC+Radiogenomics
https://drive.google.com/drive/folders/1HqEgzS8BV2c7xYNrZdEAnrHk7osJJ--2
https://wiki.cancerimagingarchive.net/pages/viewpage.action?pageId=1966254
https://wiki.cancerimagingarchive.net/display/Public/RIDER+Lung+CT
https://figshare.com/s/8370d1d7e5cbc195a1af
https://deepblue.lib.umich.edu/data/concern/data_sets/st74cq55j?locale=en
https://www.cancerimagingarchive.net/collection/lung-pet-ct-dx/
https://www.tensorflow.org/
https://keras.io/
https://pypi.org/project/Pillow/
https://pypi.org/project/Pillow/
https://matplotlib.org/
https://scikit-image.org/
https://scikit-image.org/
http://www.itksnap.org/pmwiki/pmwiki.php
https://www.slicer.org/
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1.7 Scope of Thesis

The objective of this thesis is to advance the field of medical image analysis
by developing innovative non-invasive tools, based on deep learning and multi-
modal imaging, for the delineation and classification of diseases related to the
lung. More specifically, we present efficient detection and diagnostic models for
the classification and segmentation of affected regions – resulting from diseases
like COVID-19 and lung cancer. The imaging modalities considered here in-
clude CT, PET and EIT scans. We aim to contribute towards the development
of more accurate and efficient methods for the diagnosis, prognosis, and classifi-
cation of diseases, utilizing cutting-edge techniques to address the challenges of
limited data and class imbalance. The goal is to ultimately offer valuable sup-
port to medical practitioners through enhancement of the field of automated
medical applications. The effectiveness of our methods is established on the
publicly accessible datasets of medical images of Table 1.1, through comparison
with those of state-of-the-art related literature. The findings from our investi-
gations are described in subsequent chapters, and also summarized in Fig. 1.8.

Figure 1.8: Handling the challenges.
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1.7.1 Multi-resolution deep ensemble learning for segmen-
tation [128]

The early detection, diagnosis, isolation, and prognosis of COVID-19 are piv-
otal in containing its spread. CT scans have emerged as a valuable supplement
to the gold standard RT-PCR test, given the potential for FNs in the latter.
These scans are found to be sensitive in detecting COVID-19 characteristics
like Ground-Glass Opacity (GGO) and mixed consolidations. Furthermore, CT
scans can reveal abnormalities even before clinical symptoms manifest with clas-
sic patterns like GGO. However, manual detection of COVID-affected regions
in CT scans is time-consuming and subject to human bias; thereby, making
automated or semi-automated CAD essential. Such tools enable accurate de-
tection and delineation of the infection, while facilitating effective monitoring,
severity prediction, and prognosis. DL, particularly CNNs, empower machines
to learn hidden patterns in data for making them instrumental in image analysis
(including CT scans).

Chapter 2 describes a new non-invasive tool for effectively delineating COVID-
19 infection in lungs. The Ensemble of selective Focus-based Multi-resolution
Convolution network (EFMC), employing Leave-One-Patient-Out (LOPO)
training, exhibits high sensitivity and precision in outlining infected regions
along with assessment of infection severity. The selective focus mechanism
combines contextual with local information, at multiple resolutions, for ac-
curate segmentation. Ensemble learning integrates heterogeneity of decision
through different base classifiers. Unlike many existing methods that rely on
single models, this strategy combines the outputs of multiple segmentation al-
gorithms; thereby, harnessing collective intelligence to overcome the limitations
of individualistic approaches. The superiority of EFMC, even with severe
class imbalance, is established in terms of the performance evaluation metrics;
through its comparison with existing state-of-the-art learning models over the
four publicly-available COVID-19 datasets. The qualitative and quantitative re-
sults are suggestive of the relevance of DL in providing assistive intelligence to
medical practitioners, when they are overburdened with patients; particularly,
as in pandemic situations.

1.7.2 Weighted deformable deep net for efficient segmen-
tation [112], [113], [126], [129]

Due to the increasing number of lung cancer cases, its high mortality rate,
along with the availability of huge volumes of CT scans every day, the need
for automated handling becomes imperative. This calls for efficient detection
and diagnosis, through the design of new techniques for enhanced accuracy.
Deep learning, particularly CNNs, shows promise in automating complex image
analysis and enhancing diagnostic accuracy. Accurate tumor segmentation is
vital for radiation therapy planning, and automated CAD systems can reduce
human bias.

Chapter 3 introduces an innovative Weighted Deformable U -Net (WDU -
Net) for precise and efficient delineation of the tumor region from CT scans. The
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Deformable Convolution (DC) modules enable effective learning of deformable
geometric transformations corresponding to arbitrary geometric shapes of ROIs.
This is augmented by the Weight Generation (WG) module for suppressing
unimportant features while highlighting relevant ones. A new Focal Asymmetric
Similarity (FAS) loss function helps handle class imbalance. Ablation studies
and comparison with state-of-the-art models help establish the effectiveness
of WDU -Net, with ensemble learning, over five publicly-available lung cancer
datasets. The results demonstrate fast learning with good generalization. The
ensemble reduces over- and under- segmentation, yielding high accuracy with
robust segmentation outcome.

1.7.3 Deep ensemble with multimodal fusion for classifi-
cation [127]

Chapter 4 describes the Deep Ensemble Multimodal Fusion (DEMF ) network,
a novel approach for combining CT and PET scans to enhance lung cancer
diagnosis. It utilizes PCA to retain essential features while filtering out ir-
relevant information from both CT and PET images. Subsequently, an Au-
toencoder reconstructs a meaningful fused representation from the combined
features; thereby, resulting in an efficient fusion of anatomical (CT) and func-
tional (PET) information. This multimodal fusion improves diagnosis precision,
reduces false positives/negatives, and assists in therapy monitoring. The con-
tributions include development of the DEMF network, ensemble of classifiers
with majority voting, visualization of activation regions, and ablation studies
to demonstrate its effectiveness on a publicly available dataset.

The output demonstrates superiority in lung cancer classification through
various experiments, producing efficiency and effective generalization with lim-
ited data. Ablation studies and visualization confirm the model’s ability to
emphasize cancerous regions in the images. This methodology shows promise
for extension to various diseases and diverse imaging modalities.

1.7.4 Multimodal deep classification of lung diseases [111]

Using both CT and EIT versions, involving real-time functional insights, offers
a more comprehensive understanding of the ROI, aiding in anomaly detection
and understanding their impact on tissue functionality. Chapter 5 develops a
novel Deep Generative Multimodal Classifier (DGMC) network for multi-class
detection of diseases from lung CT images.

Data augmentation addresses the issue of data scarcity, using generative ad-
versarial network (GAN). The research contribution includes the efficient gen-
eration of high-resolution CT images with infected regions, the transformation
of CT images into corresponding EIT versions to generate EIT-processed CT
scans, and the design of a multihead classifier for identifying COVID-19 infected,
lung tumor affected, and healthy slices. Effective visualization of activation re-
gions is provided, along with comprehensive ablation and comparative studies
with state-of-the-art models in literature. Results demonstrate the superiority
of our DGMC over seven publicly available datasets.
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While this study focuses on lung diseases, its principles can be extended to
other imaging modalities and diseases, showcasing the versatility and poten-
tial for its broader applications. Additionally, the ongoing generation of EIT
datasets holds promise for further research and applications.

1.7.5 Conclusion and Future Scope

Chapter 6 provides concluding remarks and outlines the potential future direc-
tions for this research.
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Chapter 2

Multi-Resolution Deep Ensemble
Learning for Segmentation
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2.1 Introduction

Multi-resolution approaches, which observe and evaluate a dataset at several
resolutions, are popular in the machine learning domain. They capture the local
geometry of neighbourhoods, which are characterised by a collection of distances
between points or groups of closest neighbours. This is analogous to looking at a
portion of a slide at various microscopic resolutions; whereby, very small features
can be detected at high resolution from a restricted region of the sample. As
the majority portion of the slide is examined at a lower resolution, it allows one
to examine the larger (global) features as well. Multi-scalar methods have been
found to perform better than state-of-the-art techniques, with reduced sample
sizes, in the medical domain [176].

This chapter deals with the segmentation of COVID-19 infected lung CT
scans. It is well-known that an early detection, diagnosis, isolation and progno-
sis, play a major role in controlling the spread of COVID-19 infections. Occur-
rence of false negatives in the “gold standard" RT-PCR test results often lead to
the chest CT scans being an useful supplement in projecting typical infection
characteristics – like Ground-Glass Opacity (GGO) and/or mixed consolida-
tions. It was reported [45] that Lung CT images are more sensitive (98%), as
compared to RT-PCR (71%), in correctly predicting COVID-19. Researchers
assessed the effectiveness of chest CT in the diagnosis and treatment of COVID-
19 [95]. The CT characteristics of COVID-19 were presented and compared
with the manifestations of other viruses. Abnormalities in CT may occur [40]
even before the appearance of clinical symptoms. Multifocal, unilateral, and
peripherally based GGO are some such examples of classic patterns.

We developed a novel Ensemble Focus-based Multi-resolution Convolution
network (EFMC), using Leave-One-Patient-Out (LOPO) learning [128]. It
enhances the segmentation accuracy of detecting COVID-19 regions from CT
scans. The strategy leverages an ensemble technique to combine the outputs
of multiple segmentation algorithms. The approach differs from many existing
methods which rely on a single algorithm for decision. Our strategy harnesses
collective intelligence, by combining the results of multiple algorithms; thereby,
addressing the limitations of the individual algorithms. We have evaluated this
strategy against individual segmentation algorithms, in terms of well-established
metrics like DSC, Precision, Sensitivity, AUC, and Accuracy [of Section
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1.5.1]. The results of the experiments demonstrate that our EFMC outper-
forms the individual algorithms. It is also observed that our model could infer
better with limited data for training. This comparative analysis provides em-
pirical evidence of the advantages of the proposed EFMC. The findings have
implications for more accurate diagnosis and treatment of COVID-19 based on
CT imaging.

The contribution of the research [128] is summarized as follows.

(i) Use of limited data for training the DL model.

(ii) A multi-resolution selective-focus framework for image segmentation.

(iii) Ensemble of classifiers through the new strategy LOPO, having good gen-
eralization.

(iv) Comparison on efficiency and accuracy, with state-of-the-art methods.

(v) Easy and accurate analysis of severity of infection, based on segmentation.

Rest of the chapter is organized as follows. Section 2.2 summarizes the mo-
tivation of this study. Section 2.3 discusses the methodology used. Section 2.4
provides the details of implementation and results obtained; along with ablation
studies, comparisons, and severity analysis of COVID-19 infection. Section 2.5
concludes the chapter, while highlighting the benefits of the research.

2.2 Motivation

The state-of-the-art literature in segmentation of COVID-19 infection regions
in CT scans demonstrates an accuracy in terms of DSC of around 0.8123 [160],
which is low for all practical purposes. New models and techniques are there-
fore required to reduce the over-segmentation and/or under-segmentation, and
the errors/artifacts. Typically this may be realised with abundant labelled data
(which is not feasible in reality) and availability of high-performance computing
resources. We have used a modified CNN, called EFMC, which uses multi-
resolution with focus on the ROI to accurately segment it. This is enhanced by
dividing the available small set of data into ten sets, to introduce high diversity
among the constituent classifiers. Patches are extracted from each patient sam-
ple to make the computation more efficient, both in terms of required memory
and speed. In other words, the required computing resources get reduced. This
is very important.

It has been demonstrated that an ensemble of diverse classifier provides bet-
ter accuracy with consistent results [21], [44]. Therefore the EFMC overcomes
the limitations on data and high-performance computing by reducing the data
requirement for training the model in the DL framework; along with a high ac-
curacy of 0.9584 in terms of DSC. Given that other medical imaging domains
also suffer from insufficiency of annotated data, our EFMC framework can be
extended there as well.

It is observed that most of the segmentation literature explore only those CT
scans having infected regions within; they do not perform any computation over
the slices which were non-infected (negative examples). This strategy is prone
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to FP when applied on non-infected patient CT scans. We, on the other hand,
have also focused on the non-infected samples. The accuracy was computed
over all the CT slices (infected and non-infected). This adds another dimension
to existing methods, by reducing the chance of obtaining false-positive cases.

2.3 Methodology

The novel EFMC model employs LOPO learning on CT images of TEN pa-
tients; and is trained using TEN base-classifiers. As each classifier takes only
NINE patient’s samples for training, and starts from scratch, it does result in a
completely new classifier with different set of parameters. The remaining ONE
patient sample is left for validation in each case (as elaborated in Section 2.4.1).
These TEN trained classifiers are ensemble to segment the COVID-infection re-
gion (ROI) through majority voting, over four different test datasets collected
from various publicly available sources (Table 1.1). The workflow of the EFMC
is visualized in Fig. 2.1. First we provide the details of data and patch prepa-
ration for training and testing.

Figure 2.1: Schematic representation of EFMC, demonstrating the (a) Leave-One-
Patient-Out scheme LOPO, with (b) selective Focus-based Multi-resolution view. (c)

Ensemble of the EFMC Models
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2.3.1 Data used

Four datasets, with details as provided in Table 1.1, were used in this study.
The Kaggle-COVID-19:Part-1 dataset was used for training. Kaggle-COVID-
19:Part-2, CT-Seg, Seg-nr.2, MosMed were kept separately for testing. The
unseen test datasets were thus used only for evaluating the generalization per-
formance of the EFMC.

2.3.2 Data preparation

Instead of initially extracting the lung part from the full CT slice [184], we
directly detect the infected area from the entire image for subsequent segmen-
tation of the COVID-infected ROI. Class imbalance between the infected and
non-infected areas of the CT slices was considered, in terms of positive (infected)
and negative (non-infected) patches over the data.

Training

Availability of annotated training data, depicting infection masks, is scarce and
leads to class imbalance. In order to circumvent this problem, we extracted
overlapping patches to increase the training data while uniformly representing
relevant ROI. The ground truth corresponding to each axial slice, of each CT
volume of the training data was checked. If there exists no infected region on a
slice, it was considered a “non-infected" slice. Random 128× 128 pixels patches
were extracted from here. In other words, any random patch from here did
not carry any infection; and was labeled as “non-infected" (See Fig. 2.2, green
bounding box).

When there exists a region of infection in any slice then it was “infected"
slice. Twenty random 128 × 128 pixels bounding boxes were drawn over the
ROI to extract the patches (See Fig. 2.2, yellow bounding box). As all of
these patches carry infection, they were labeled as “infected". Next all twelve
128× 128 pixels boundary patches (inside the 512× 512 pixels axial slice) were
considered (See Fig. 2.2, red bounding box). The patches with the ground
truth are also illustrated in Fig. 2.2. If the patch consists of any infected region
then it is termed an “infected" patch; whereas, the patch which does not consist
any infected region is called a “non-infected" patch. (See Fig. 2.2)

The distribution of infected and non-infected slices and/or patches, after
patch extraction to create the training set, is displayed in Table 2.1. Rep-
resentative extracted patches, along with corresponding annotated masks, are
presented in Fig. 2.3.(1)-(2) for the infected and non-infected slices, respectively.

Testing

As only the ROI and background need to be separated for the test images,
here the extraction of non-overlapping patches serve the purpose. Axial slices
of size 512 × 512 pixels were extracted from each test CT volume. Sixteen
128 × 128 pixels non-overlapping patches were obtained from each slice, as
shown in Fig. 2.4.
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Figure 2.2: Row 1: Patch extraction from training CT slices, depicting no COVID-
infected regions. 1(a) Non-infected patches, and 1(b) corresponding annotated masks.
Row 2: Patch extraction from training CT slices, depicting COVID-infected regions.

2(a) Overlapping patches, and 2(b) mapping to corresponding annotated masks.

Table 2.1: Distribution of infected and non-infected Slices & Patches extracted for
training

Patient
No. Sample Name Slices Patches

Infected Non-infected Infected Non-infected

P1 coronacases_org_001 161 140 3534 1758
P2 coronacases_org_002 143 57 3114 1519
P3 coronacases_org_003 137 63 3198 1249
P4 coronacases_org_004 113 157 2341 1432
P5 coronacases_org_005 116 174 2342 1544
P6 coronacases_org_006 70 143 1503 880
P7 coronacases_org_007 93 156 2067 1065
P8 coronacases_org_008 216 85 4647 2350
P9 coronacases_org_009 111 145 2276 1421
P10 coronacases_org_010 191 110 4375 1847

2.3.3 The model

The architecture of our EFMC is novel. It consists of an ensemble of selective
Focus-modulated Multi-Resolution (MR) blocks along the encoding and de-
coding paths of a U -Net. Incorporating dilated convolutions [51] allows feature
extraction at multiple resolution. The dilated convolutions in the MR-block
improve the overall performance, and makes it robust to generalization. Focal
loss function [98] is employed for effectively handling class imbalance in the
data. The Leave-One-Patient-Out (LOPO) effectively trains a network from
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Figure 2.3: The (a) extracted patches, and (b) corresponding annotation, for sample
patches which are 1: infected, and 2: non-infected

Figure 2.4: Patch extraction from test CT slices.

scratch (each time leaving one patient sample out). This scheme creates the
necessary diversity in data, while training a completely new model with differ-
ent parameters and scarce annotated samples.

The selective Focus-modulated MR-blocks constitute the FMC-Net mod-
ules, serving as the base classifier for our EFMC. This is illustrated in Fig. 2.5,
with elaborated description of the individual modules being provided in Ta-
bles 2.2-2.4. The MR-block extracts multi-scalar features using a concatena-
tion of four dilated convolutional layers, having dilation rates D = 1, 2, 3, 5. A
dilated convolution, as in Fig. 2.6, inserts holes into the standard convolution
map; thereby, expanding its receptive fields. Thus dilated convolutions enlarge
a receptive field, without loss of information, while retaining the kernel size.
Finally 1 × 1 convolutions are employed on the concatenated multi-resolution
feature map. The MR-block is shown in Fig. 2.5(b) and Table 2.3.

The FMC-Net contains nine convolutional blocks, four max-pooling layers,
four Upsampling convolutional layers and eight MR-blocks. First the CT image
patches of size 128× 128 are fed at the input. The patches percolate down four
sets of iterations of 2×2 max-pooling layers, 3×3 convolutional and MR-block
layers, involving a stride of 1 in the encoder. The 2 × 2 Upsampling layers in
the decoder help recover the final resolution of an image.

The MR-blocks are added after the ordinary convolutions in the first four
encoder and the last four decoder layers. They help obtain multi-resolution
contextual information, to reduce the error along the segmentation boundary
for improved accuracy. The COVID-19 infection lesions are typically hard to
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Figure 2.5: (a) The FMC-Net, with a detailed representation of the (b) MR-block,
and (c) selective Focusing Module (FM).

Figure 2.6: D-dilated convolutions, with D = 1, 2, 3, 5

segment; mainly due to their uneven distribution and varying dimensions. The
high-level semantic feature maps in the decoder, concatenated through the se-
lective focusing mechanism, access the low-level details in the extracted feature
maps (of the encoder) to accurately recover the details of the infected regions
in the CT slices.

The selective Focusing Module (FM) of Fig. 2.5(c) provides the necessary
importance to each pixel during decoding. The upsampled images, along with
their encoded versions at the same level, are combined to enhance the impor-
tance of a pixel through spatial focus. Adaptive selection of spatial information
is achieved by emphasizing pixels from the ROI, while suppressing the less
relevant ones. Four focusing modules are introduced for adaptive feature re-
finement. A sequential spatial focusing module is embedded into each decoding
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Table 2.2: The FMC-Net module of
Fig. 2.5(a)

Block: i Input: (128 * 128 * 1) CT image

1

conv1(3*3), 16
MR-Block (conv1), 16 (Described in Table 2.3)
conv2(3*3), 16
maxpooling1(2*2)

2

conv3(3*3), 32
MR-Block (conv3), 32
conv4(3*3), 32
maxpooling2(2*2)

3

conv5(3*3), 64
MR-Block (conv5), 64
conv6(3*3), 64
maxpooling3(2*2)

4

conv7(3*3), 128
MR-Block (conv7), 128
conv8(3*3), 128
maxpooling4(2*2)

5

conv9(3*3), 256
conv10,(3*3), 256
Upsampling1(2*2)
FM (conv8, Upsampling1), 64 (Described in Table 2.4)

6

concat1 (Upsampling1, Multiply1)
conv11(3*3), 128
MR-Block (conv11), 128
conv12(3*3), 128
Upsampling2(2*2)
FM (conv6 Upsampling2), 32

7

concat2 (Upsampling2, Multiply2)
conv13(3*3), 64
MR-Block (conv13), 64
conv14(3*3), 64
Upsampling3(2*2)
FM (conv4, Upsampling3), 16

8

concat3 (Upsampling3, Multiply3)
conv15(3*3), 32
MR-Block (conv15), 32
conv16(3*3), 32
Upsampling4(2*2)
FM (conv2, Upsampling4), 8

9

concat4 (Upsampling4, Multiply4)
conv17(3*3), 16
MR-Block (conv17), 16
conv18(3*3), 16
conv19(1*1), 1
Sigmoid activation

Output: (128 * 128 * 1)

Table 2.3: The MR-block module of
Fig. 2.5(b)

MR-Block (convM), n (n = No. of features)

Input(convM) -> convD−1(3*3), n
Input(convM) -> convD−2(3*3), n
Input(convM) -> convD−3(3*3), n
Input(convM) -> convD−5(3*3), n
concat (convD−1, convD−2, convD−3, convD−5)

Table 2.4: Selective Focusing Modules
(FM) of Fig. 2.5(c)

FM (convX , UpsamplingY ), n (n = No. of features)

Input(UpsamplingY ) -> conva(1*1), n
Input(convX) -> convb(1*1), n
conva + convb

ReLU activation
convc(1*1), 1
Sigmoid Activation -> SA
convX * SA -> MultiplyY

block to avoid overfitting, while accelerating the training of the EFMC.
The activation function at the final layer of the FMC-Net is the sigmoid. It

generates a probabilistic output for the ROI. The choice of a loss function has
direct impact on model performance.

Loss functions They represent the computation of error over each batch,
during backpropagation training, and reflect the adjustment of network weights.
Some of the loss functions, as outlined below, are explored in the ablation
studies.

These include the Dice Loss (DL) [197]. Let the ground truth segmenta-
tion mask be y ∈ {0,1}, with the corresponding predicted mask being ŷ with
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estimated probability p ∈ [0,1].

DL(y, ŷ) =

(
1− 2yŷ + 1

y + ŷ + 1

)
, (2.1)

where 1 is added in the numerator and denominator to ensure that in edge case
scenarios, such as when y = ŷ = 0, the function does not become undefined.
The CEDL loss [98] is defined as a combination of DL and the cross-entropy
(CE) loss for binary classification, thereby incorporating the benefits from both.
We have

CEDL(y, ŷ) = −{y log(ŷ) + (1− y) log(1− ŷ)) +DL(y, ŷ)}. (2.2)

The IoU loss [202], or Jaccard Index loss, is computed from Jaccard Index
which is the ratio between the overlap of the positive instances between two
sets, and their mutual combined values. IoU loss is expressed as

IoUL(y, ŷ) =

(
1− yŷ + 1

y + ŷ + yŷ + 1

)
. (2.3)

The Tversky loss (TL) [1] optimises the segmentation on imbalanced medical
datasets. It adjusts the constants α and β to give special weightage to errors
like FP and FN . We use

TL(y, ŷ) =

(
1− yŷ + 1

yŷ + β(1− y)ŷ + αy(1− ŷ) + 1

)
. (2.4)

The Focal Tversky loss (FTL) [1] also focuses on the difficult samples, by down-
weighting easier (or common) ones. It attempts to learn the harder examples,
like small ROIs, with the help of the γ coefficient. It is defined as

FTL(y, ŷ) = (1− TL)1/γ. (2.5)

A value of γ = 2 was employed, after several experiments.
Let pt be the probability depending on the value of y. The Focal Loss

(FL) [98] overcomes class imbalance in datasets, when positive patches are
relatively scarce. Now the cross entropy (CE) loss for binary classification is
defined as

CE(p, y) =

{
− log p, if y = 1,

− log(1− p), otherwise.
(2.6)

For convenience, let

pt =

{
p, if y = 1,

1− p, otherwise,
(2.7)

such that CE(p, y) = CE(pt) = −log(pt). The α-balanced focal loss is

FL(pt) = −α(1− pt)
γlog(pt), (2.8)

with the choice of weighting factor α = 0.8 and focusing parameter γ = 2 being
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made after several experiments on train data. It was found to be the best choice
from the loss functions enumerated here.

Diversity is introduced in this ensemble of the FMC-Nets, by varying the
training datasets through LOPO; thereby, changing the initialization of the
networks, and modulating the choice of parameters of the EFMC system. The
performance of the models is evaluated in terms of the metrics DSC, Precision,
Sensitivity, and AUC.

2.4 Experimental Results

The objective of the model is to segment a COVID-19 infected CT lung im-
age into its ROIs, [i.e., GGO and Consolidation], and background (containing
all other regions in the image). This is not an easy task for a vanilla U -Net.
Therefore, an FM is carefully incorporated to focus on the ROI, whereas the
multi-scalar dilation provides the necessary local and neighbourhood informa-
tion representation for delineating the ROI. The FL [eqn. (2.8)] is used as the
loss function to compensate for class imbalance. Finally we implement ensemble
by LOPO for training with limited annotated data. The details about the train-
ing dataset are provided in Section 2.3.2. Validation is successfully performed
on unseen, independently-compiled data from multiple publicly-available data
sources. The proposed EFMC of Fig. 2.1, using LOPO ensemble learning on
FMC-Net of Fig. 2.5, demonstrates good generalization capability. It is effi-
cient, accurate, consistent and robust on the unseen data. The architecture of
FMC-Net is summarized in Tables 2.2-2.4.

2.4.1 Implementation details

The training of each model was closely monitored from the learning curves, over
each fold. Representative learning curves, depicting loss [FL of eqn. (2.8)] and
accuracy [DSC] of eqn. (1.7)], are illustrated in Fig. 2.7.

Figure 2.7: Sample learning curves, for Model M3, over training and validation sets;
(a) loss: FL, and (b) accuracy: DSC
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Table 2.5: Description of Ensemble models, with DSC on corresponding validation
sets

Model No. M1 M2 M3 M4 M5 M6 M7 M8 M9 M10

Training P/{P10} P/{P9} P/{P8} P/{P7} P/{P6} P/{P5} P/{P4} P/{P3} P/{P2} P/{P1}

Validation P10 P9 P8 P7 P6 P5 P4 P3 P2 P1

DSC 0.8882 0.8952 0.8617 0.8814 0.8432 0.8867 0.8944 0.8821 0.8787 0.8615

where P = { Pi: i ∈ N ∧ i ∈ [1, 10] }

Mean validation DSC = 0.8773, with Standard deviation = 0.0158

The EFMC-Net is FMC-Net with the new ensemble strategy. Let there
be TEN sample P1, P2, . . ., P10, as defined in Table 2.1. The ten models con-
sidered are M1, M2, . . ., M10; with the validation datasets defined as P10, P9,
. . ., P1, and described in Table 2.5. In each case, the rest of the corresponding
patient’s dataset is used for training by the FMC-Net model of Fig. 2.5. For
example, in case-1, M1 is trained with P1 to P9 patient datasets and validated
on P10 patient dataset. Similarly in case-2, M2 is trained with P1 to P8 and
P10 patient datasets and validated on P9 patient dataset, and so on for all
the models M3 to M10. Each model, M1 to M10, is trained with different
initialization. For each of the models, the batch size was kept uniform at 16,
using the Adam optimizer over 70 epochs. Values of learning rate and dropout
probability were set at 0.001 and 0.2, respectively, after several experiments.
Run time augmentation (rotation range ± 10°; horizontal shift range ± 0.2;
vertical shift range ± 0.2; zoom range ± 0.2) was employed during training. A
ten-fold training needed 10 hours approximately for each fold, with total num-
ber of trainable parameters (3.346 × 106). The model requires high-resolution
CT images at input, with appropriate hardware and software system support.

2.4.2 Output

The training of each model was closely monitored from the learning curves,
over each fold. Representative learning curves, depicting loss and accuracy, are
illustrated in Fig. 2.7. The validation set corresponding to each model, with
the resultant DSC, are presented in Table 2.5. The accuracy and robustness
of output in each case is evident, showing an average DSC of 0.8773 with a
standard deviation (SD) of 0.0158 on the validation datasets in the framework
of 10-fold cross validation. This resulted in ten distinct classifiers to makeup
the ensemble.

Figure 2.8: Confusion Matrix for classification: (a) Kaggle-COVID-19: Part-2 (b)
CT-Seg, (c) Seg-nr.2, and (d) MosMed
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Table 2.6: Predicted binary classification of Infected & Non-Infected slices, in the
test datasets, by EFMC

Original Predicted

Sr. Dataset Infected
slices

Non-Infected
slices

Infected
slices

Non-Infected
slices

Classification
Accuracy (%) [eqn. (1.13)]

1 Kaggle-COVID-19:
Part-2 493 446 502 437 99.04

2 CT-Seg 100 0 100 0 100

3 Seg-nr.2 372 457 378 451 99.27

4 MosMed 761 1166 776 1151 99.22

Table 2.6 and Fig. 2.8 presents the binary classification accuracy between
COVID and Non-COVID slices by EFMC. It is observed that the accuracy of
any model in correctly identifying the infected (+) and non-infected (−) slices
is very high over all four datasets considered in this study. The classification
accuracy is computed by eqn. (1.13).

Next the explainability of the FMC-Net architecture was analysed. As evi-
dent from Fig. 2.9, each level of the encoder and decoder arms of the network
architecture demonstrates the extraction of meaningful features at different lev-
els of abstraction. The abstraction level of the extracted features are dependent
on the level of the Block. While some bright objects do get highlighted at
the initial stages, as the Block depth increases the focus and Multi-resolution
mechanisms of the FMC −Net assist in highlighting the ROIs (like, GGO and
Consolidation) present in the CT patches and suppress the background.

For example, after Block 1 there are some features highlighting healthy lung
tissue (yellow box) in the figure. There are also relevant edges corresponding
to lung parenchyma (orange box). As the Block level increases, the focus over
the lesion boundary (blue box) and lesion (green box) in Fig. 2.9 become more
prominent. Eventually the final feature which prominently emerges is the lesion.

2.4.3 Qualitative analysis

Sample qualitative results in Fig. 2.10, corresponding to the models compared
in Fig. 2.12, help establish the robustness and effectiveness of EFMC under
ensemble by LOPO on the backbone FMC-Nets. The output is evaluated in
terms of the annotated masks. The eight samples explored were (i) S1, S2 from
Kaggle-COVID-19: Part-2; (ii) S3, S4 from CT-Seg; (iii) S5, S6 from Seg-nr.2;
and (iv) S7, S8 from MosMed. It is observed that the FMC-Net, of column (e)
in the figure, performed the best. Results were corroborated with the confusion
matrix of Fig. 2.11, providing an indication of the distribution of misclassified
pixels for a sample segmentation mask S4. The confusion was seen to be the
least in case of the FMC-Net [column (c)]. It resulted in the minimum over-and
under-segmentation for all eight samples considered here.

Note that over-segmentation corresponds to higher count of FP pixels (yel-
low) and under-segmentation refers to higher FN (red). Considering sample
S4 as an example, it is clearly evident that state-of-the-art models like U -Net,
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Figure 2.9: Visualization of features extracted after each Block of the FMC-Net
from Fig 2.5

Attention U -Net, Inception-Net, Xception-Net, DenseNet demonstrate under-
segmentation, while model R2UNet is indicative of over-segmentation. On the
other hand, the FMC-Net [column (e), Fig. 2.12] exhibited significantly lower
under- and/or over-segmentation for the same sample S4. The corresponding
confusion matrix in Fig. 2.11 corroborates these findings. This model takes a
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Figure 2.10: Sample segmentation output by base classifiers, in the uniform frame-
work of ensemble with LOPO. (a) Original CT scan, with (b) Annotated masks. Seg-
mentation obtained by (c) U -Net, (d) Attention U -Net, (e) FMC -Net, (f) R2UNet,
(g) Inception-Net, (h) Xception-Net, and (i) DenseNet, where regions Green: True

Positive, red: False Negative, Yellow: False Positive

few seconds to delineate an entire scan, whereas human experts spend longer
time and effort while being prone to error with the mechanical activity involved.

2.4.4 Comparative study

Using the FMC-Net as the base classifier, with ten classifiers M1 to M10 en-
semble by LOPO, results were generated on the four test datasets, viz. Kaggle-
COVID-19: Part2, CT-seg., Seg-nr.2, and MosMed (as described in Table 1.1
and Section 2.3.2) in terms of the performance metrics defined in [eqns. (1.7),
(1.9) - (1.11)]

The comparative analysis of output generated by the EFMC, on different
test sets, is presented in Fig. 2.12. In all cases the test slices were divided into
non-overlapping patches (as elaborated in Section 2.3.2). The segmentation
output is aggregated using majority voting. It is observed that all the metrics
provided a consistently better performance over the MosMed data. This is
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Figure 2.11: Confusion matrix for a sample S4 from Fig. 2.10 segmentation mask,
by the base classifiers, in the uniform framework of ensemble with LOPO. Models
(a) U -Net, (b) Attention U -Net, (c) FMC -Net, (d) R2UNet, (e) Inception-Net, (f)

Xception-Net, and (g) DenseNet. The DSC is marked for all models used

perhaps because the average intensity of the CT scans in MosMed data is higher
than that of the rest of the CT datasets used; thereby, providing a better
contrast between the ROI and background. Moreover, the original Hounsfield
range is preserved, meaning the tissue-specific contrast is maintained. As a
result, the image retains anatomical fidelity with reduced noise or distortion.

Table 2.7: Comparative computational analysis of base model parameters, along
with DSC obtained

Model U -Net FMU-Net MRU -Net FMC -Net R2UNet Inception-
Net

Xception-
Net DenseNet

#parameters 1.96M 1.99M 3.31M 3.34M 6.00M 11.99M 2.05M 4.26M

D
SC

on

Kaggle 0.6082 0.7492 0.7477 0.8840 0.6772 0.5924 0.7972 0.6729
CT-Seg 0.5124 0.7054 0.6924 0.7955 0.5762 0.6327 0.7172 0.6766
Seg-nr.2 0.5921 0.7180 0.7173 0.8431 0.6304 0.6275 0.8331 0.8105
MosMed 0.6896 0.8300 0.8224 0.9584 0.7029 0.7145 0.8908 0.8220

The model complexity, in terms of the number of parameters, is enumerated
in Table 2.7. Although our EFMC involves slightly more parameters than U -
Net, Attention U -Net, MRU -Net, Xception-Net, it is less than that of R2UNet,
DenseNet, and much lower as compared to Inception-Net. Note that the overall
comparative performance of EFMC is better than the state-of-the-art methods,
as evident from the Box-and-Whisker plot of Fig. 2.12. A representative study
for DSC on all the four test datasets is also provided in Table 2.7.

In order to explore the effectiveness of FMC-Net as the base classifier in
EFMC, we also compared four state-of-the-art models like R2UNet, Inception-
Net, Xception-Net, and DenseNet (which have been extensively employed in
COVID-19 segmentation literature). Ensemble of classifiers, in each case, was
by LOPO during training (involving same hyper-parameters). Testing was
performed on the four datasets, as elaborated earlier. A comparative study of
the evaluation metrics [eqns. (1.7), (1.9) - (1.11)]. is provided in Fig. 2.12. It is
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found that all the metrics resulted in higher values for the ensemble FMC-Net,
indicating a better generalization in segmentation over each test dataset.

(a) Comparison
over Kaggle Data

(b) Comparison
over CT-Seg Data

(c) Comparison
over Seg-nr.2 Data

(d) Comparison
over MosMed Data

Figure 2.12: Comparative performance evaluation of base classifiers, in the uniform
framework of ensemble with LOPO, over the test datasets

Summarized below is the performance of our EFMC over the four test
datasets under consideration.

• Kaggle-COVID-19: DSC 0.8840± 0.103, Precision 0.8072± 0.148, AUC
0.8562 ± 0.126, Sensitivity 0.8082 ± 0.145;

• CT-Seg: DSC 0.7955 ± 0.107, Precision 0.7500 ± 0.121, AUC 0.8123 ±
0.099, Sensitivity 0.7431 ± 0.114;

• Seg-nr.2: DSC 0.8431 ± 0.101, Precision 0.8089 ± 0.096, AUC 0.8613
± 0.091, Sensitivity 0.7905 ± 0.125;

• MosMed: DSC 0.9584 ± 0.014, Precision 0.8733 ± 0.112, AUC 0.9417
± 0.056, Sensitivity 0.8514 ± 0.107.

An investigation into related results on COVID-19 segmentation with deep
networks, as reported in literature [21], [32], [100], [105], [152], [178] using some
of the same test datasets, led to interesting conclusions with respect to our
EFMC. The Seg-nr.2 test set yielded DSC of 0.673 [105], 0.620 [152]. The
model [152] employed generative adversarial network (GAN) with U -Net as
backbone, and reported a Sensitivity of 0.672. Their results on the MosMed
test set show DSC 0.584, with Sensitivity 0.768. Using the Kaggle-COVID-19
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Table 2.8: Comparative analysis of performance with recent literature on deep learn-
ing for segmentation of COVID-19 regions from lung CT

Dataset Methodology Performance Metric
DSC Sensitivity

Kaggle

RMT_VAT [178] 0.7103 0.6860
Prior wavelet knowledge [160] 0.8123
2.5D DPE-Net [100] 0.7589
EFMC-Net 0.8840 0.8082

CT-Seg Domain adaptation [79] 0.7633
EFMC-Net 0.7955 0.7431

Seg-nr.2
Data-efficient learning [105] 0.6730
GAN with Unet [152] 0.6200 0.6720
EFMC-Net 0.8431 0.7905

MosMed

GAN with Unet [152] 0.5840 0.7680
DMDF-Net [125] 0.7291
Domain adaptation [79] 0.6066
2.5D DPE-Net [100] 0.7589
EFMC-Net 0.9584 0.8514

dataset the authors reported [178] DSC 0.7103, Sensitivity 0.6860. Combi-
nation of the test sets Kaggle-COVID-19 and Seg-nr.2 was also reported. The
authors in Ref. [32], using the R2UNet as backbone, obtained a DSC of 0.851.
On the other hand, using the basic U -Net as backbone [21] attained DSC 0.80.
The DMDF-Net [125] presented findings on Mosmed data, reporting a DSC
of 0.7291. A domain adaptation technique [79] achieved a DSC of 0.7633 on
CT-Seg and 0.6066 on the Mosmed dataset. Incorporation of prior wavelet
knowledge [160] led to a DSC of 0.8123 on the Kaggle dataset. A 2.5D DPE-
Net [100] was developed, utilizing a 2.5D dual-path encoder network model with
a multiscale dynamic weighted deep supervision mechanism. It achieved a DSC
of 0.7589 on the combined Kaggle and MosMed datasets. These outcomes reit-
erate the effectiveness of our EFMC, the ensemble classifier using FMC-Net,
in terms of these compared performance metrics over all test datasets. This is
summarized in Table 2.8.

2.4.5 Ablations

The first set of experiments were performed by evaluating the role of each of the
components in FMC-Net, viz. MR-block and FM , when used in EFMC. The
traditional U -Net is thus the baseline and with FMU -Net incorporating only
the FM . The U -Net with only the MR-block is termed the MRU -Net. The
FMC-Net is the U -Net with both FM and MR-block. All four models were
trained using the same ensemble LOPO framework. Comparative results on the
four test datasets of Table 1.1, evaluated in terms of the performance metrics
of eqns. (1.7), (1.9) - (1.11) are presented in Fig. 2.13. It is observed that the
proposed FMC-Net performs the best, over all the metrics in all test datasets,
as compared to the rest (lacking one or more of its component modules). This
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helps justify the effectiveness of the EFMC, which ensembles with LOPO a set
of FMC-Net models.

Figure 2.13: Role of different components of EFMC over the test datasets

Table 2.9: Effect of various loss functions on FMC-Net, measured in terms of DSC,
over the test datasets

Loss
function

Kaggle-COVID-19:
Part-2 CT-Seg Seg-nr.2 MosMed

DL 0.7521 ± 0.174 0.7238 ± 0.201 0.7218 ± 0.136 0.8465 ± 0.251
CEDL 0.7272 ± 0.142 0.7377 ± 0.193 0.7996 ± 0.147 0.8129 ± 0.180
IoUL 0.7937 ± 0.137 0.7190 ± 0.165 0.7660 ± 0.125 0.8706 ± 0.197
FL (eqn.2.8) 0.8840 ± 0.103 0.7955 ± 0.107 0.8431 ± 0.101 0.9584 ± 0.014
TL 0.7103 ± 0.176 0.7201 ± 0.130 0.7542 ± 0.203 0.8360 ± 0.071
FTL 0.8238 ± 0.192 0.7725 ± 0.144 0.8285 ± 0.194 0.8973 ± 0.214

Next we explored the effect of the different loss functions on the performance
of the base model FMC-Net, without any ensemble. Results are provided
in Table 2.9, over all the four test datasets. In the present study we have
considered the Dilation rate as D = 1, 2, 3, and 5. However in order to see
the other combinations, we also considered different combination of Dilation
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rates. Here, we present the results on two such combinations, viz. D = 1, 2, 3,
and 4, and D = 1, 2, 4 and 8, as given in Table 2.10. It is observed that the
combination D = 1, 2, 3, and 5, performed the best, in terms of average DSC.
Here the ROI (GGO and consolidation) covers a minuscule portion of a CT
slice. The FL is found to be the best because of its capability in handling class
imbalance; thereby, reducing misclassification error. As it predicts the outcome
as probability, it can better distinguish between grades of severity in outcome.
A mechanism of down-weighting the easier samples while emphasizing the more
challenging ones, helps FL focus on the smaller ROIs while suppressing the
background regions.

Note that ensemble in EFMC enhances the corresponding performance (as
in Fig. 2.13) in terms of DSC. This is also depicted in Table 2.7 with respect
to U -Net, FMU -Net, MRU -Net and compared with our FMC-Net.

Table 2.10: Effect of varying Dilation rate D on FMC-Net with FL), measured in
terms of DSC over the test datasets

D in
MR-block

Kaggle-COVID-19:
Part-2 CT-Seg Seg-nr.2 MosMed

1,2,3,4 0.8017 ± 0.182 0.7018 ± 0.176 0.7552 ± 0.150 0.8910 ± 0.101
1,2,4,8 0.7482 ± 0.149 0.6617 ± 0.168 0.7001 ± 0.152 0.8527 ± 0.107
1,2,3,5 0.8840 ± 0.103 0.7955 ± 0.107 0.8431 ± 0.101 0.9584 ± 0.014

2.4.6 Severity assessment

Table 2.11 quantifies the infected region in the sample test images, comprising
the eight slices (two each from the four sets of test data) of Fig 2.10, along
similar lines.

Fig. 2.14 depicts the qualitative assessment of the severity of infection, over
the same eight sample slices, based on the color mask of the segmented output
generated by the JET Colormap.

Table 2.11: Prediction of affected region by EFMC, considering two random sam-
ples slices from each test dataset

Dataset Sample no.
in Fig. 2.10

Ground
truth (%)

Prediction
(%)

Kaggle-COVID-19:
Part-2

S1 57.63 57.71
S2 85.28 84.71

CT-Seg S3 89.11 88.12
S4 78.82 79.34

Seg-nr.2 S5 60.91 61.15
S6 62.71 62.18

MosMed S7 11.62 10.98
S8 13.74 14.02
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Figure 2.14: Visualization of infection, in the eight sample slices from Fig. 2.10, as
predicted by EFMC. (a) Input CT scan, (b) corresponding annotation, and (c) JET

ColorMap on the prediction

2.5 Conclusions and Discussion

A novel ensembling method by LOPO was developed for a collective, efficient
delineation of COVID-19 affected region in the lung; a gradation of the severity
of the disease was also generated with very limited training data. We used only
TEN patient samples, with patch based learning, to achieve very high accuracy.
Multi-resolution selective focus, with deep supervision, enabled enhanced accu-
racy, in terms of improved sensitivity and precision in segmentation of ROI, for
our EFMC model. The loss function helped focus on the imbalanced repre-
sentation of the ROIs, in terms of GGOs and consolidations in the CT slices.
While the training was performed on one set of annotated data, the testing set
comprised of an assortment of data from different sources of publicly available
sets. The superiority of the network was thus established in a broader general-
ization framework. It yielded an average DSC of 0.8773 on training data, with
a standard deviation of 0.0158 under 10-fold cross validation. Moreover, the
resulting score was in the range 0.7955 to 0.9584 over the four test datsets.

Our research, using deep convolution networks in medical imaging analysis,
demonstrated efficient extraction of valuable features. The results depict how
observable features from the COVID-19 ROI, encompassing GGOs and consol-
idations, could be effectively retrieved from various blocks at different levels.
The severity of the disease could also be assessed, based on the grading ob-
tained. The qualitative output demonstrated that the EFMC generated very
few misclassified pixels corresponding to the ROI. The data revealed the pres-
ence of a substantial proportion of pixels from the background region, with a
relatively smaller number from the ROI. Such a significant class imbalance was
effectively addressed by the loss function discussed. Our patch-based method
performed exceptionally well, in terms of accuracy and loss over training and
validation, for an effective management of overfitting in DL. Use of CT images,
obtained from several other sources, established the robustness of our method-
ology in handling imaging differences at the source. Table 2.8 shows how good
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our model performed in comparison to state-of-the-art methods. Ablation stud-
ies also helped reinforce its effectiveness. It can be incorporated into a CAD
system to help radiologists efficiently analyse CT images.

Radiologists’ assessments of CT scans are often subjective, and may be some-
what influenced by their experience. DL models provide benefits in resolving
these issues. Therefore DL models might be beneficial for emerging nations like
India, or other underdeveloped nations where there is an uneven distribution
of medical resources between urban and rural areas. These models can fill the
gap in CT diagnosis between national hospitals and primary healthcare centres.
They can also help in providing a prompt and accurate diagnosis of COVID-19
to radiologists, particularly assisting the junior radiologists.

Our approach holds promise for extension to other medical imaging domains,
as most of these also suffer from insufficiency of annotated data. The future
research will concentrate on testing and benchmarking of the model with more
data, along with porting to mobile devices. As and when any other versions of
the SARS-COV virus become prevalent, then such incremental data has to be
collected and the model should be trained for improved performance on such
new variations.

In the following chapter we introduce the new deformable deep network for
an efficient and robust segmentation of lung tumor regions in CT scans.
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Chapter 3

Weighted Deformable Deep Net for
Efficient Segmentation
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3.1 Introduction

Classification of tumor stage is a cornerstone of providing uniform consistent
care for patients with cancer worldwide [38]. NSCLCs can be centrally located
masses, invading the mediastinal structures, or peripherally situated lesions
that invade the chest wall [141]. Tumors can have margins which are smooth,
lobulated or irregular and spiculated. They can be uniformly solid or can have
central necrosis and cavitation. Sometimes the tumor resembles an infective
pathology and is seen as an area of consolidation, a ground-glass opacity, or a
combination of both. CT currently being the primary means for screening and
monitoring lung cancer in clinics, an efficient segmentation of the tumor region
becomes extremely important from CT scans.

Improving the specificity and sensitivity of lung cancer screening is imper-
ative because of the high clinical and financial costs of missed diagnosis, late
diagnosis, and unnecessary biopsy procedures resulting from false negatives and
false positives. Deep learning approaches offer the exciting potential to auto-
mate more complex image analysis, detect subtle holistic image findings, and
unify methodologies for image evaluation [187], [201]. CNNs have been used
[9] in an end-to-end approach, based on a patient’s current and prior CT vol-
umes, to predict the risk of lung cancer. While the model’s localization directs
follow-up for specific lesion(s) of greatest concern, the consideration of a larger
context in the form of ROI around candidate regions in 3D improves its pre-
diction ability. State-of-the-art performance is claimed on the National Lung
Cancer Screening Trial (NLST) cases, with performance on-par or superior to
that of experienced radiologists. Investigations with CT images of NSCLC
helped establish the effectiveness of semi-automated segmentation vis-a-vis the
manual one [130]. Use of extracted quantitative imaging biomarkers [103], and
a single-click ensemble segmentation [58] are available in literature.

However as lung tumor sizes typically fluctuate between 1.05 to 28.14cm3,
it often adversely affects the performance of deep models like the U -Net at
a single spatial scale. Assigning weight(s) to feature(s), which focus on the
ROI, is expected to improve the representational capacity of a model through
an adaptive suppression of the less important feature maps. Typical CNNs
rely on data augmentation to learn geometric transformations, because they
are fundamentally invariant to big and unknown transformations. Hence it is
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particularly desirable to be able to dynamically change the receptive field in
fully convolutional networks (FCNs).

A deformable convolution (DC) [34], unlike the basic convolution, is not
constrained by predefined geometrical structures of the kernels. It can model
a learnable and dynamic receptive field. It allows the sampling grid to be de-
formed in free form through the addition of 2D offsets to the grid sampling
points of an ordinary convolution. Additional convolution layers are employed
to learn the offsets from the preceding feature maps. As a result, the deforma-
tion is local, dense, and adaptively conditioned on the input attributes. This
enables effective simulation of large and unknown transformations. They have
the benefit of an adaptive receptive field, which changes depending on the size
of the object and is learned from the data. Although DCs are known to perform
well in object detection, their role in semantic segmentation of medical images
is yet to be investigated.

Although there exists literature [11], [93], [193] reporting the use of DC in
medical image segmentation (not specifically focusing on lung tumor CT scans),
there is a general absence of any form of optimization for exploring the full po-
tential of DC in improving outcome. Specifically, the effectiveness of DC has
not been comprehensively analyzed, either quantitatively or qualitatively. In
contrast, our research focuses on optimizing DC specifically for the task of seg-
mentation in lung CT. We have conducted extensive experiments that not only
optimize the parameters of the DC, but also include exhaustive quantitative
and qualitative ablation studies to assess their impact. These analyses provide
deeper insights into how DC contributes towards improving the performance
of segmentation models. Our results indicate that the integration of the op-
timized DC component significantly enhances segmentation accuracy, reduces
error rates, and effectively addresses issues related to spatial bias in the seg-
mentation process. Such thorough examination and optimization underscore
the potential of DC as a powerful tool in advancing medical image segmenta-
tion; particularly, by offering improvements that have not been fully realized in
existing literature.

We have extended the DC framework to design a novel deep WDU -Net
for the efficient and accurate delineation of lung tumors from CT slices. The
model is implemented in terms of 2D slices, mainly because of the limited avail-
ability of annotated data and computational power. The effectiveness of the
model is validated through ablation studies to evaluate generalization in per-
formance, along with comparison with state-of-the-art methods, over multiple
diverse datasets in terms of several performance metrics.

The contribution of the research [112], [113], [126], [129] is outlined below.

(i) The proposed WDU -Net consists of Deformable Convolution modules and
Weight Generation modules, for effective segmentation of the ROI.

• The DC module incorporates deformable convolutions to model ir-
regular shape boundaries.

• The WG module estimates the weights of the pixels in the channels.

(ii) A Focal Asymmetric Similarity (FAS) loss is introduced for improved per-
formance.
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(iii) The new ensemble inferencing combines the results of ten classifiers for
accurate and robust demarcation of ROI.

(iv) The WDU -Net performs much better than classical as well as state-of-
the-art methods, as evaluated over five test datasets.

The rest of the chapter is organized as follows. The Weighted Deformable
U -Net (WDU -Net) is introduced in Section 3.2, with network architecture de-
tails, loss functions, and performance evaluation indices. The experimental
setup, along with qualitative and quantitative results on five public datasets,
are presented in Section 3.3. Comparison with state-of-the-art literature is also
provided. Section 3.4 concludes the chapter.

3.2 The Weighted Deformable U-Net

Here we introduce the architectural details of the novel Weighted Deformable U -
Net (WDU -Net), which encompasses the Deformable Convolution (DC) mod-
ules with the new Weight Generation (WG) modules. An outline of the loss
functions and performance evaluation metrics is also provided.

3.2.1 Deformable convolution

The fixed geometric structure of conventional convolution modules often con-
strains their capability in modeling large-scale unknown geometric transforma-
tions. The input feature map gets sampled at pre-determined locations, with
all the activation units of a layer having the same receptive field size. This be-
comes problematic at the higher levels of the CNN when encoding the semantics
across spatial locations. Adaptive determination of the scales or receptive field
sizes often becomes desirable for visual recognition involving fine localisation.
This is because different locations may correspond to objects possessing varying
scales or deformation. A deformable convolution (DC) augments the ordinary
grid sampling points in the standard convolution by adding 2D offsets. This
enables the sampling grid to be deformed freely, with the offset learning module
including a few extra parameters and computations. Here the receptive field of
the operator can be adapted to the target ROI by deforming (or warping) the
kernel throughout. We depict the framework geometrically in Fig. 3.1.

Let us mathematically formulate the operation. Given an input feature map
X of size H ×W × C , where H represents the height, W corresponds to the
width, and C refers to the number of input channels, the basic convolution
operation (with a kernel size of K ×K) produces an output feature map F of
size H ×W ×M , with M indicating the number of output channels. Let ω =
{ωi | 1 ≤ i ≤M ; ωi ∈ (K ×K)} be the set of learnable kernel weights of size
K ×K ×M . The output feature F , corresponding to pixel location (i, j) and
output channel m, is computed as

Fm
i,j =

C∑
c=1

⌊K/2⌋∑
p=−⌊K/2⌋

⌊K/2⌋∑
q=−⌊K/2⌋

ωm
p,qX

c
{i+p},{j+q}, (3.1)
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Figure 3.1: Illustration of sampling locations, as modeled in basic and deformable
convolution.

where c = {1, . . . , C } refers to the input channels, m = {1, . . . , M } corresponds
to the output channels, and K is assumed to be odd. Now let ∆ = {(∆n

x, ∆n
y ) |

1 ≤ n ≤ K2 } be the set of paired learnable offsets of size H×W for deformable
convolution (DC). The schematic representation of the DC module is presented
in Fig. 3.3(c). The output feature F , corresponding to pixel location (i, j) and
output channel m, becomes

Fm
i,j =

C∑
c=1

⌊K/2⌋∑
p=−⌊K/2⌋

⌊K/2⌋∑
q=−⌊K/2⌋

ωm
p,qX

c

{(i+p)+∆
(i+p)
x },{(j+q)+∆

(j+q)
y }

. (3.2)

As observed from Fig. 3.1, here ∆x and ∆y are the learned offsets. They repre-
sent the amount by which the position of the pixel location can be shifted along
the abscissa and ordinate, respectively. Thus the DC allows the receptive field
of the network to adapt to the features of the input. This can be particularly
useful for tasks such as object detection and segmentation, where the objects of
interest may have arbitrary shapes and sizes. The DC blocks are incorporated
in the WDU -Net architecture of Fig. 3.3 (green blocks) for better modeling of
different geometric shapes of the tumor region(s). This can be validated from
the results depicted in Fig. 3.8 and 3.9.

3.2.2 Weight generation

These modules are introduced for a weighted combination of feature maps along
the encoder pathway with the corresponding ones in the decoder pathway. Let
E = {Ei | 1 ≤ i ≤ L }, where L is number of levels in the network and Ei cor-
responds to the feature map from the encoder pathway at level i. Analogously,
for the decoder pathway we have D = {Di | 1 ≤ i ≤ L}, where Di is the feature
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map from the decoder pathway at the same level i. We have Ei and Di of size
H ×W × C.

The novel weight generation module employs the convolution operator of
eqn. (3.1) on both Ei and Di to reduce their channel dimensions. The WG
module structure is elaborated in Fig. 3.3(b), in the global framework of the
WDU -Net architecture of Fig. 3.3(a). Having convai = C1×1(Di) and convbi
= C1×1(Ei), where C1×1 denotes the 1×1 convolution, the weight matrix is
computed as

Si = C1×1×1{ReLU (convai ⊕ convbi )}. (3.3)

Here C1×1×1 indicates a 1× 1× 1 convolution, and ⊕ is element-wise addition.
The pointwise convolution operation, with a kernel size of 1× 1× 1, essentially
amounts to multiplying the input tensor by a scalar weight. Despite its smaller
spatial extent, it can have a significant impact through the weighted sum of
input values; for allowing channel-wise interactions. This is often used in neural
network architectures to adjust the number of channels (or dimensions) and to
introduce non-linearities. The normalized weightage matrix becomes

wi = Sigmoid(Si), (3.4)

with a sigmoid operation (Sigmoid) being applied along the spatial dimensions.
The weighted feature map Gi is computed by element-wise multiplication ⊗
of the normalized weight matrix with the feature map Ei from the encoder
pathway. We have

Gi = wi ⊗ Ei. (3.5)

Figure 3.2: Feature maps generated with and without incorporating the WG mod-
ules.

Incorporating weight generation (WG) module into the network architecture
of Fig. 3.3 (blue circle) achieves dynamic assignment of importance to different
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spatial locations in the feature maps. This allows more precise and accurate
information fusion between the encoder and decoder pathways. Thereby, the
network is able to capture finer details for improving the segmentation perfor-
mance; particularly, in those regions of the input image that require higher focus
and refinement. The claim can be supported by Fig. 3.2, where we provide sam-
ple intermediate feature maps, generated with and without incorporating the
WG modules. It is evident that the feature maps generated with WG provide
a better match with the expected ROI depicted in last column of the figure.

3.2.3 Network architecture

Let us now introduce the WDU -Net. The unique architecture is composed of a
group of WG and DC blocks, which are placed along the encoding and decoding
arms of the U -Net framework. The architecture is illustrated in Fig. 3.3.
The segmentation performance gets enhanced and is robust to generalisation
through the use of the DC blocks in lieu of down- and/or up-sampling. The
WG mechanism of Fig. 3.3(b) assigns each pixel the necessary weight during
decoding of the DC in Fig. 3.3(c).

Figure 3.3: The WDU -Net framework, with detailed representation of (b) Weight
Generation (WG), and (c) Deformable Convolution (DC) blocks.
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The offsets of the DC are derived by applying a convolutional layer over the
same input feature map, as shown in Fig. 3.3(c). Spatial resolution and dilation
of the convolution kernel are identical to those of the current convolutional layer
[i.e., also 3 × 3 with dilation 1]. The spatial resolution of the output offset
field matches with that of the corresponding input feature map. The channel
dimension 2N is equivalent to N× 2D offsets. Both offsets and output feature-
generating convolution kernels are concurrently learned during training.

The WDU -Net architecture comprises nine convolution blocks, four max-
pooling layers, four upsampling convolution layers, and eight deformable con-
volution blocks. Initially, CT image patches of size 128× 128 pixels are fed at
the input. With a stride of 1, the patches filter through four sets of iterations
encompassing 2× 2 max-pooling layers, 3× 3 convolution layers, and DC block
layers. The 2 × 2 Upsampling layers of the decoder aid in regaining the final
resolution of the image(s).

The DC blocks are introduced in the first four encoder layers and the final
four decoder layers. They assist in gathering ROI-specific data, thereby lowering
any error at the segmentation boundary while increasing the accuracy Fig. 3.8.
The position of the lung tumor infection lesions often overlap with the bone,
bronchiole, and liver structures; besides, they resemble the bronchioles and are
hence difficult to segment. Therefore, the high-level semantic feature maps in
the decoder are concatenated through the WG module to focus on the lower-
level details in the retrieved feature maps (of the encoder).

The up-sampled images are merged with their equivalent encoded represen-
tations to enhance the significance of a pixel through the WG module. Adap-
tive selection of spatial information is accomplished by highlighting the pixels
from the ROI, while suppressing the less important ones. The last layer of the
WDU -Net uses sigmoid activation function to generate a probabilistic ROI at
the output.

The gradient of the predicted segmentation mask is computed w.r.t. the
model parameters, by back propagating the error using the chain rule. Let the
weight matrix at the ith level be Wi, with model parameters θ. The gradient
of the weight matrix, at each level of the decoder network, is given by

∂Wi

∂θ
=

∂ϕwgt

∂Wi

∂fdec
∂Zi

∂Zi

∂θ
+

∂ϕwgt

∂Wi

, (3.6)

where ∂ϕwgt

∂Wi
is the gradient of the weight generation operation w.r.t. the weighted

mask, ∂fdec
∂Zi

is the gradient of the decoder block w.r.t. the DC block, and ∂Zi

∂θ
is

the gradient of the DC block w.r.t. the model parameters.
The gradient of the DC block w.r.t. the model parameters, at each level of

the encoder network, becomes

∂Zi

∂θ
=

∂ϕconv

∂Zi

∂Zi−1

∂θ
+

∂ϕconv

∂θ
, (3.7)

where ∂ϕconv

∂Zi
is the gradient of the basic convolution w.r.t. DC, and ∂ϕconv

∂θ
is

the gradient of convolution w.r.t. model parameters.
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3.2.4 Loss functions

Let the ground truth segmentation mask (for N pixels) be y ∈ {0,1}, with the
corresponding predicted mask being ŷ having estimated probability p ∈ [0,1],
and pt is the probability depending on the value of y. The focal loss (FL) of eqn.
(2.8) overcomes class imbalance in datasets, where positive number of pixels are
relatively insufficient. A weighting factor α = 0.7 and focusing parameter γ = 2
were selected experimentally.

The asymmetric similarity loss (ASL) [62] adjusts the weights between FP
and FN (thereby, achieving a good balance between precision and recall) while
training a network over highly imbalanced data. Asymmetric similarity loss is
defined as

Las(y, p) =
(1 + β2)

∑N
i=1 piyi

(1 + β2)
∑N

i=1 piyi + β2
∑N

i=1(1− pi)yi +
∑N

i=1 pi(1− yi)
, (3.8)

with the choice of hyper-parameter β = 1.5 being determined over experiments
on train data.

We combine the merits of the loss functions of eqns. (2.8) and (3.8) as the
new Focal asymmetric similarity loss (FAS) for improved segmentation of
highly imbalanced data, like the ROI being very small in size with respect to
the background region. This is defined as

Lfas = λLas + (1− λ)Lf ,

⇒ Lfas =
λ(1 + β2)

∑N
i=1 piyi

(1 + β2)
∑N

i=1 piyi + β2
∑N

i=1(1− pi)yi +
∑N

i=1 pi(1− yi)

− α(1− λ)(1− pt)
γlog(pt),

(3.9)

where the choice of hyper-parameter λ = 0.65 was made experimentally on train
data.

A few other existing loss functions [1] were also compared. These include the
DL, CEDL, IoUL, TL, and FTL, of eqns. (2.1)-(2.5). It is evident that the
performance of a model is directly affected by the selection of the appropriate
loss function. This is experimentally elaborated in Section 3.3.3.

The frequently used performance metrics for segmentation are based on the
misclassification error, obtained in terms of the confusion matrix which encom-
passes the TP , FP , TN , and FN . We evaluate with DSC, JSC, Precision,
Recall, AUC, and HD95, of eqns. (1.7)-(1.12).

3.3 Implementation and Results

Six publicly available lung tumor datasets, viz. NSCLC radiomics, NSCLC ra-
diogenomics, Decathlon, LIDC-IDRI, Moffitt, and Rider, as outlined in Table
1.1, were used for data preparation related to the training and testing of the
models. The performance of WDU -Net was evaluated on the five test datasets,
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viz. NSCLC radiogenomics, Decathlon, LIDC-IDRI, Moffitt, and Rider, ob-
tained from different sources, and which were not used during training. This
criterion justifies the generalization capability of our model.

3.3.1 Data preparation

As described in Section 2.3.2, patches were extracted in such a way that the
class imbalance between the cancerous regions and the background region could
be minimized.

Training

Figure 3.4: Patch extraction from training CT slices, depicting
Row 1. No tumor-affected regions: (a) Non-infected patches, and (b) corresponding

masks; and
Row 2. Tumor-affected regions: (a) overlapping patches, and (b) mapping to corre-

sponding annotated masks.

Let there be a set B = 263 samples, divided into subsets B1, B2, · · · , B10,
as ten bins. The distribution of the infected and non-infected slices and/or
patches for the training is provided in Table 3.1.

Testing

Patches were analogously extracted from the test image. However unlike dur-
ing training, here the overlap between the patches was kept at a minimum to
avoid any possible missing edge regions among the patches. All non-overlapping
patches were extracted, along with those overlapping patches having a 25%
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Table 3.1: Distribution of the infected and non-infected Slices & Patches, extracted
from each bin for training

Bin
No.

Number
of samples Slices Patches

Infected Non-infected Infected Non-infected

B1 26 602 2275 12095 9444
B2 26 517 2463 10427 8580
B3 26 468 2797 9360 8413
B4 26 332 2897 6651 6870
B5 26 375 2534 7557 6977
B6 26 500 2477 10004 8473
B7 26 497 2361 9962 8303
B8 26 432 2736 8640 7920
B9 26 447 2674 8961 8017
B10 29 479 3026 9604 8750

Total: 263 4649 26240 93261 81747

overlap from each of their corresponding four neighbouring patches. This is
normally sufficient to cover the entire lung region in a CT sample.

Axial slices (512× 512 pixels) were taken from each test CT volume. Each
slice produced sixteen 128 × 128 pixels of non-overlapping patches and nine
128× 128 pixels overlapping patches, as shown in Fig. 3.5.

Figure 3.5: Patch extraction from test CT slices.

3.3.2 Implementation

The training set, constituting 263 patients, was randomly divided into 10 bins
followed by 10-fold cross validation. Training used ten versions of our WDU -
Net, and is represented here as M1,M2, . . . ,M10. While training with one
model, one of the ten bins was left for testing. The detail of the data splitting
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for each of the ten versions of the training models (WDU -Net) is shown in Table
3.2. The corresponding validation datasets are designated as B1, B2, . . . , B10,
and elaborated in the table. As an illustration, in instance 1, the model M1
is trained using bins B2 through B10, and validated on the data in bin B1.
Analogously, case 2 involves training M2 with bins B1 and B3 through B10,
while validating upon bin B2. Here each model, from M1 to M10, is trained
using a separate set of initialization, learning, dropout, and other parameters.
The Adam optimizer was used, with a constant batch size of 16. After multiple
studies, the learning rate and dropout probability were selected as 0.001 and
0.2, respectively.

Table 3.2: Ensemble WDU -Net model Mi, with the performance evaluated on the
corresponding validation set Bi

Performance evaluation metric
Model Training Validation DSC JSC Precision AUC Recall HD95

M1 B/{B1} B1 0.8707 0.6934 0.8032 0.8905 0.8213 14.0562
M2 B/{B2} B2 0.8318 0.7129 0.7841 0.8219 0.8567 9.5277
M3 B/{B3} B3 0.9047 0.7735 0.8537 0.8927 0.8629 9.3801
M4 B/{B4} B4 0.8920 0.7310 0.8217 0.8834 0.8874 12.3549
M5 B/{B5} B5 0.8516 0.6813 0.8109 0.8269 0.8130 8.2713
M6 B/{B6} B6 0.8817 0.6720 0.8573 0.9017 0.8505 10.6405
M7 B/{B7} B7 0.8681 0.7703 0.8148 0.8852 0.8280 7.2780
M8 B/{B8} B8 0.8591 0.7418 0.8336 0.8470 0.8517 8.3924
M9 B/{B9} B9 0.8959 0.8014 0.8539 0.8802 0.8833 12.1390
M10 B/{B10} B10 0.9065 0.7972 0.8725 0.8934 0.8848 11.3424

Mean ⇒ 0.8762 0.7375 0.8306 0.8723 0.8540 10.3383
std. dev. ⇒ 0.0232 0.0448 0.0268 0.0277 0.0254 2.0305

where B = { Bi: i ∈ N ∧ i ∈ [1, 10] }

The WDU -Net was trained on CT images of 263 patients, through ensemble
of ten base-classifiers using ten sets of data. Each classifier starts from scratch
and uses only nine bins (Table 3.2) of the data during training. Therefore,
each time it creates an entirely new classifier with a unique set of parameters.
Each scenario leaves one bin for validation. The five independently-collected,
publicly available test datasets (Table 1.1) were then used for testing the ten
trained WDU -Net models, whose outputs were ensemble to segment the lung
tumor infection region via majority voting. The performance, evaluated in
terms of different metrics, was observed to be consistent, accurate and reliable
across ten models; depicting good generalisation with 10-fold training.

3.3.3 Analysis and discussion

The goal is to segment a CT lung image into the ROI (ie., lung tumor) from
the background (containing all other regions in the image). This is often dif-
ficult for a conventional U -Net. The deformable convolution DC circumvents
the problem by appropriately incorporating the necessary local and neighbour-
hood information for precise delineation of the ROI, while the WG module
helps to assign weightage on it. The loss function FAS [eqn. (3.9)] handles
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class imbalance within image patches. We explored the effect of the different
modules, additively included in the WDU -Net model. These comprise of the
vanilla U -Net, WU -Net (with WG but without DC), DU -Net (with DC but
without WG), and our proposed WDU -Net. In all the tables, provided here,
the best output scores are marked in bold; with all scores being appended by
the corresponding standard deviation (std. dev).

Qualitative

A comparative visual study on one slice, from each test dataset, is presented
in Fig. 3.6. The sample slices from the five test datasets are selected as S1
from NSCLC Radiogenomics, S2 from Decathlon, S3 from LIDC-IDRI, S4 from
Moffitt, and S5 from Rider. It is observed that the red (under-segmented) and
yellow (over-segmented) portions are minimum in our WDU -Net (column (f)),
whereas the mismatch of U -Net in column (c) is maximum compared to the
ground truth. The results are depicted for different ROI sizes, covering very
small as well as the larger ones; In all cases the proposed WDU -Net performed
the best.

Figure 3.6: Comparative study on sample slices from the test datasets, using dif-
ferent models, with corresponding DSC being inscribed on each slice. (a) Original
CT scan, with (b) Annotated masks. Segmentation obtained by (c) U -Net, (d) WU -
Net (without DC), (e) DU -Net (without WG), (f) WDU -Net, (g) U -Net++, (h)
MultiResUNet, (i) U -Mamba, (j) Swin-UMamba with regions indicating Green: TP ,

Red: FN , Yellow: FP

In order to understand the effect of deformable convolution, we consider a
sample tumor patch with arbitrary geometric shape in Fig. 3.8. While part
(a) of the figure represents the original input patch, part (b) corresponds to
its ground truth. Parts (c)-(f) of the figure refer to the segmented outputs
generated, upon application of the models U -Net, U -Net with the WG-module,
U -Net with the DC-module and our WDU -Net, respectively. It is evident from
Fig. 3.8(e) that the shape of the tumor patch has been accurately segmented
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compared to parts (c) and (d) [having no deformable convolution]. This is
supported by the counts of FP and FN , as is evident in the figure. In fact,
there is a great reduction in FP s in the segmented shape. Adding weight to the
deformable convolution further enhanced the accuracy of the model in part (f)
of the figure, with a greater reduction in FNs, although at the cost of slightly
higher FP s. This highlights the superiority of our WDU -Net in segmenting an
arbitrary region.

Quantitative

Figure 3.7: Comparative performance on unseen test data with related deep models,
using ensemble with FAS loss (with the same testing framework used in all models)

Fig. 3.7 visualizes the performance of the WDU -Net, as the base model
in this ensemble framework, along with those of the vanilla U -Net, WU -Net
(without DC), DU -Net (without WG), U -Net++, MultiResUNet, Random
forest, SVM, and Otsu thresholding. Here we provide results using six metrics,
where DSC, JSC, Precision, AUC, Recall signify improvement for higher
values, while HD95 implies betterment with lower values. It is evident that
the deep methods, like U -Net, WU -Net, DU -Net, U -Net++, MultiResUNet,
WDU -Net, outperformed the classical methods like Otsu, SVM and Random
forest. Furthermore, our WDU -Net reported the best performance.

In order to understand the effect of deformable convolution, we consider a
sample tumor patch with arbitrary geometric shape in Fig. 3.8. While part
(a) of the figure represents the original input patch, part (b) corresponds to
its ground truth. Parts (c)-(f) of the figure refer to the segmented outputs
generated, upon application of the models U -Net, U -Net with WG-Module,
U -Net with DC-Module, and our WDU -Net, respectively. It is evident from
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Fig. 3.8(e), that the shape of the tumor patch has been accurately segmented
as compared to parts (c) and (d) [having no deformable convolution]. This is
supported by the count of FP and FN as well, as evident in the figure. There
is, in fact, a great reduction in FP s with the segmented shape coming out more-
or-less nicely. Adding weight to the deformable convolution further enhanced
the accuracy of the model in part (f) of the figure, with more reduction in FNs,
albeit at the cost of slightly higher FP s. This highlights the superiority of our
WDU -Net in segmenting an arbitrary region.

Figure 3.8: Comparative study on a sample test patch, using different models,
indicating the corresponding generated FP and FN regions. (a) Original CT scan,
with (b) Annotated masks. Segmentation by (c) U -Net, (d) U -Net with WG-Module,
(e) U -Net with DC-Module, and (f) WDU -Net, with regions labeled Green: TP , Red:

FN , Yellow: FP

Figure 3.9: Effect of introducing Deformable Convolution (DC) module at Block
8 (of Fig. 3.3) on the feature maps generated at different stages of training of the

WDU -Net

Ablations

Thus the ablation study comprised of two parts, viz. the effect of (i) using the
DC module and WG module in the WDU -Net, and (ii) a combination of two
loss functions, as evaluated w.r.t. the effect of each individual loss. The effect of
the DC and WG modules is demonstrated in terms of the segmentation results
of Fig. 3.8. It is clearly observed that while DC block can properly capture the
irregular shapes of lesions, the WG block helps to appropriately focus on the
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ROI. On the other hand, the vanilla U -Net is found to miss many important
parts of the cancerous region. Analogously, the U -Net, WU -Net, DU -Net, are
visually found to be weaker in performance as compared to our WDU -Net. The
objective evaluation is reported in Fig. 3.7 in terms of the error-bars, where
the average performance of WDU -Net is observed to be the highest among all
others with lower variation across the data.

The effect of Deformable Convolution (DC) on the feature maps generated
by our WDU -Net, at different stages of training, was also analysed. It is evident
from Fig. 3.9 that the weighted DC helps the network converge faster on the
ROI. Here the feature map is displayed after the 5th, 10th, 15th, 20th, 25th
and 30th epochs, respectively. The ROI is observed to be gradually estimating
the target ground truth, as depicted in the figure. It is also seen that the
convergence to the ROI is faster and more accurate, as compared to the model
when not incorporating DC module.

Table 3.3 presents a study on the effect of using different loss functions [eqns.
(2.1)-(2.8)] on the performance of WDU -Net, as measured in terms of the DSC
of eqn. (1.7) on all five test datasets. The loss function FAS is observed to
be the best in handling class imbalance, such that the error in segmentation is
minimum. The network can focus on the smaller ROIs while the background re-
gions get suppressed. Simultaneously, the FP s and FNs get minimized through
down-weighting of the easier samples as the model emphasises the more difficult
ones; thereby, resulting in an improved precision-recall balance.

Table 3.3: Effect of various loss functions on DSC for the WDU -Net, with ensemble,
over the test datasets

Loss NSCLC
Radiogenomics Decathlon LIDC-IDRI Moffitt Rider

DL 0.7431 ± 0.156 0.6714 ± 0.182 0.7392 ± 0.121 0.6841 ± 0.209 0.7562 ± 0.134
CEDL 0.6172 ± 0.139 0.5779 ± 0.174 0.7088 ± 0.134 0.6225 ± 0.176 0.7390 ± 0.129

IoU 0.7509 ± 0.126 0.6782 ± 0.162 0.7239 ± 0.117 0.7097 ± 0.172 0.7883 ± 0.106
FL 0.8198 ± 0.143 0.7027 ± 0.156 0.7597 ± 0.154 0.7129 ± 0.139 0.8297 ± 0.110
TL 0.7994 ± 0.162 0.6834 ± 0.138 0.7441 ± 0.120 0.6876 ± 0.135 0.7999 ± 0.104

FTL 0.8210 ± 0.119 0.7875 ± 0.124 0.8214 ± 0.133 0.7132 ± 0.117 0.8553 ± 0.107
ASL 0.7635 ± 0.129 0.6916 ± 0.134 0.7735 ± 0.127 0.6807 ± 0.131 0.8039 ± 0.118
FAS 0.8534 ± 0.112 0.8201 ± 0.123 0.9137 ± 0.074 0.7965 ± 0.114 0.8924 ± 0.096

The effect of loss functions in Table 3.3 demonstrates that the new combi-
nation FAS is better, as compared to FL and ASL considered individually. The
DC and WG modules, with U -Net, help in reducing over-and-under segmen-
tation by minimising the error. The FAS allows maintaining a proper balance
between Precision and Recall in Table 2.5, such that the effect of class imbal-
ance gets minimized.

Complexity

The model complexity, in terms of the number of parameters, is enumerated
in Table 3.4. Note that the ensemble WDU -Net demonstrates the best over-
all performance among all variants, while maintaining an optimal number of
parameters, as evident from the Table 3.4 and Fig. 3.7.
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Table 3.4: Computational complexity of the various modules of WDU -Net and
existing models

Model ⇒ U -Net WU -Net DU -Net WDU -Net MultiResUNet U -Net++ U -Mamba Swin-UMamba

# parameters ⇒ 1.96M 1.99M 3.92M 3.95M 7.26M 4.87M 60.02M 28.47M

3.3.4 Comparative study

Finally, the performance of some of the effective state-of-the-art methods, as
reported in related literature on lung tumor segmentation, were compared in
Table 3.5 with reference to that of our WDU -Net. The performance metrics
used were DSC, JSC, and Precision of eqns. (1.7)-(1.9). In each case the
test datasets were as indicated in the table. As mentioned in Section 3.1,
there exist research reported on datasets LIDC-IDRI ([24], [76], [77], [137],
[173], [183], [185], [206]), NSCLC Radiogenomics ([123]), NSCLC-Radiomics
([35], [49], [77], [195]), Decathlon ([43], [49]), and Moffitt [58]. It is observed
from the bold entries in the table that our WDU -Net performed the best over
all these state-of-the-art methods, across each individual dataset. It may be
pointed out that with the Moffitt dataset, Ref. [58] reported a 3D similarity
index of 0.7829. Although our results are based on 2D similarity indices, these
are definitely comparable. The avearge DSC values are also presented in the
table, on each of the test sets. The highest DSC value of 0.9137 was obtained
in LIDC − IDRI, while 0.7965 was our lowest value in Moffitt (which is
still reasonably good). It is evident that WDU -Net demonstrated its superior
performance and efficacy in various contexts.

Table 3.5: Comparative analysis of recent literature on deep learning in segmentation
of lung CT

Dataset Methodology Performance Metric

AUC DSC JSC Precision

NSCLC
Radiogenomics [13]

Transfer Learning [123] 0.7255
WDU -Net 0.8724 0.8534 0.7213 0.8125

LIDC-IDRI [10]

Unet++ [206] 0.7705
Residual Unet[173] 0.8755
CoLe-CNN [137] 0.8610 0.7660
3D-Unet [185] 0.8020
MRRN [77] 0.6800 0.6700
ResDSda_U-Net [76] 0.8665 0.7673 0.8722
Encoder-decoder Network [183] 0.7960 0.6650
DB-Net [24] 0.8889
WDU -Net 0.9449 0.9137 0.8503 0.8817

Decathlon [7]
Teacher-student Model [49] 0.7100
Residual separable CNN [43] 0.6490 0.7650
WDU -Net 0.8531 0.8201 0.7124 0.7940

Moffitt [131]
Ensemble segmentation [58] Similarity Index (3D): 0.7829

WDU -Net 0.7924 0.7965 0.7173 0.8021

Rider [199] Multi-view Aggregation [103] 0.7004
WDU -Net 0.9120 0.8924 0.8113 0.7629

NSCLC
Radiomics [2]

Teacher-student Model [49] 0.5389
Multi-scale Aggregation-based Parallel Transformer Network [35] 0.5353
Multi-scale squeeze-and-excitation U-Net [195] 0.7800 0.6440
MRRN [77] 0.7400 0.7300
WDU -Net 0.8707 0.6934 0.8306
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Superiority over FMC-Net

Another set of experiments was performed to comparatively evaluate the ef-
fectiveness of WDU -Net with respect to FMC-Net of Chapter 2, over both
COVID-19 and lung tumor datasets of Table 1.1.

Results depicted in Fig. 3.10 are based on annotated masks. Four of the
samples from the COVID-19 data, and three from the lung tumor data, were
investigated qualitatively. It is seen that WDU -Net yielded better segmentation.

Figure 3.10: Sample segmentation output. (a) Original CT scan, with (b) An-
notated masks. Segmentation obtained by (c) FMC-Net, and (f) WDU -Net, with

regions Green: True Positive, red: False Negative, Yellow: False Positive

Figure 3.11 compares the quantitative performance of the two models. Re-
sults are presented in terms of the four metrics, viz. DSC, JSC, Precision, and
Recall [eqns. (1.7)-(1.10)]. It is clearly observable that the WDU -Net exhibited
better performance over most of the datasets used.

Table 3.6 illustrates the influence of different loss functions [eqns. (2.1)-
(2.8)] on the performance of the two deep networks under comparison (in terms
of DSC). The two datasets used correspond to COVID-19 and lung tumors,
respectively. Again the WDU -Net is found to perform better in all cases.

It can be concluded that in datasets where the ROI exhibited a specific ge-
ometrical shape, both the WDU -Net and FMC-Net demonstrated equivalent
performance. However, in cases where the ROI lacked any distinctive geomet-
rical shape, the WDU -Net was found to outperforms the other deep networks
examined in this study. In the context of COVID-19, infected regions compris-
ing of ground glass opacity (GGO), consolidation, and pleural effusion, often
exhibited a “crazy paving" pattern. Tumors, on the other hand, typically follow
a solid pattern; which may not always adhere to a specific geometrical shape.
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Figure 3.11: Comparative performance on unseen test data in terms of FAS loss

Table 3.6: Effect of various loss functions, measured in terms of DSC

Dataset Loss
function FMC-Net WDU -Net

MosMed

DL 0.8465 ± 0.220 0.8472 ± 0.142
IoU 0.8706 ± 0.137 0.8874 ± 0.105
FL 0.9584 ± 0.012 0.9603 ± 0.015
TL 0.8360 ± 0.056 0.8417 ± 0.045
FTL 0.8973 ± 0.162 0.9032 ± 0.072
ASL 0.8724 ± 0.101 0.9133 ± 0.035
FAS 0.9694 ± 0.009 0.9703 ± 0.007

NSCLC
Radiogenomics

DL 0.6549 ± 0.133 0.7431 ± 0.156
IoU 0.6617 ± 0.138 0.7509 ± 0.126
FL 0.7832 ± 0.140 0.8198 ± 0.143
TL 0.7655 ± 0.125 0.7994 ± 0.162
FTL 0.7283 ± 0.114 0.8210 ± 0.119
ASL 0.7550 ± 0.102 0.7635 ± 0.129
FAS 0.8015 ± 0.119 0.8534 ± 0.112
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The WDU -Net, therefore, exhibited superior performance due to its adaptabil-
ity to varying patterns and shapes of the ROI.

3.4 Conclusions

A novel Weighted Deformable U -Net (WDU -Net) has been designed for efficient
segmentation of tumors from lung CT. It performed better, as compared to
state-of-the-art models, in many aspects. The reason was three-fold. (1) The
DC module captured the irregular shape of the tumor region, assisted by the
WG module for suppressing unimportant features and highlighting the relevant
ones. (2) The FAS loss function, a judicious combination of the Focal Loss and
Asymmetric Similarity Loss, helped to effectively model class imbalance. (3)
The patch-based training aided improved and balanced learning. Combining
the outputs of ten ensemble classifiers, through majority voting, added another
dimension to the inference process while arriving at a proper decision regarding
the segmentation of the ROI. The WDU -Net was found to be superior, compared
to existing methods, in the segmentation of lung cancer. This was demonstrated
through several experiments.

The model WDU -Net was fast in learning, with limited data, and produced
good generalization. It was observed through ablation studies that the DC
and WG modules could help the network focus on the ROI. The training and
testing times were also lower. Ensemble learning provided an effective strategy
for combined decision-making. The high accuracy and robustness of the output
was due to the reduction in over-and-under segmentation.

Deformable convolutions do introduce additional overhead due to their ad-
ditional parameters for learning the spatial offsets. This leads to increased
computational complexity, higher memory requirements, and longer training
times. However, the trade-off lies in their improved adaptability in capturing
fine-grained spatial relationships. This makes deformable convolutions valuable
in object detection and semantic segmentation.

By advancing methods for continuous monitoring and analysis of human
physical activities, this research could lead to better healthcare outcomes, es-
pecially for elderly individuals or those with chronic conditions. The ability to
accurately detect and respond to physical states and movements in real-time
can improve the quality of life by promoting proactive health management, and
reducing healthcare costs. Additionally, the development of such technology
can contribute to the broader adoption of smart healthcare systems, fostering
a more connected and health-conscious society.

The subsequent two chapters focus on the development of classification mod-
els for efficiently detecting cancer of the lung, and distinguishing between tumors
and COVID-19, in the framework of multimodal imaging. This includes CT,
PET and synthetically generated EIT scans.
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Deep Ensemble with Multimodal
Fusion for Classification
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4.1 Introduction

Medical image analysis benefits from multimodal fusion through precise diagno-
sis, treatment planning, and improved model performance. Fusion strengthens
discrimination capabilities, helping capture complex relationships for compre-
hensive data representation. Combining CT-PET modalities is found to en-
hance accuracy in cancer detection and prognosis [6]. Integrating MRI, CT,
and PET data optimizes feature extraction, interpretability, and robustness, by
revealing hidden patterns and reducing noise impact.

A gradient structural similarity-based filter was devised for multimodal anal-
ysis of CT/MRI data [50]. Analyzing tumor regions extraction in lung images,
five optimization algorithms were assessed within the PET-CT framework using
CNN [87]. Abnormal PET uptake in lungs was found significant for tumor de-
tection, highlighting the value of multimodal representations from PET and CT
scans, combining anatomical and functional information for more precise diag-
nosis with reduced false positives/negatives [109]. A fully automated pipeline
for non-small cell lung cancer (NSCLC) detection and volumetric segmentation
was validated on 1328 thoracic CT scans from eight institutions [139].

This chapter introduces a novel Deep Ensemble Multimodal Fusion (DEMF)
network, employing a sequence of PCA and Autoencoder (PCAE), for integrat-
ing CT and PET scans. The PCA retains essential features from each modality,
while filtering out irrelevant details and optimizing computational resources.
The Autoencoder reconstructs fused representations for capturing meaningful
patterns efficiently. The PCAE offers compact, interpretable representation by
transforming data into uncorrelated principal components; thereby, enhancing
efficiency and generalization over diverse applications. The DEMF shows ro-
bust performance with limited data availability. The main contributions are
highlighted below.

(i) Incorporation of PET-CT fusion mechanism PCAE to efficiently extract
pertinent reduced features from PET and CT imagery of lung cancer.

• The PCA individually extracts the important components of CT and
PET modalities, as determined by the PCA graph. The correspond-
ing images are generated in the reduced domains.
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• The reconstructed CT and PET images are integrated by the au-
toencoder to generate the corresponding fused CT-PET image.

(ii) Creation of an ensemble of foundational classifiers, using majority voting
to integrate diverse decisions from the base classifiers. This approach ac-
commodates variability in decisions, stemming from individual classifiers.

(iii) Streamlined visualization of activation regions within the framework of
multimodal ensemble.

(iv) Ablation and comparative analyses, to showcase the efficacy of the new
deep ensemble multimodal classifier model on publicly accessible datasets.

Section 4.2 describes the fusion technique with ensemble classification in the
DEMF network. Section 4.3 provides the experimental implementation and
results. Finally Section 4.4 concludes the chapter.

4.2 Methodology

Here we describe the different components of the DEMF network. Both the CT
and PET modality images are already co-registered in the dataset. Initially the
CT and PET image features are reduced and fused. Then the integrated image
data is augmented (Fig. 4.5), followed by classification through ensemble. The
overview of the entire procedure is illustrated in Fig. 4.1.

Figure 4.1: Workflow of ensemble classification DEMF, with multimodal image
fusion

4.2.1 Fusion of PET-CT modalities

Image fusion in PCAE is accomplished through PCA, followed by an autoen-
coder. It leverages the merits of PCA for dimensionality reduction and feature
extraction, along with the capabilities of an autoencoder to discover meaningful
patterns from both modalities for efficiently reconstructing the fused representa-
tion. The process involves applying PCA to each modality for selecting principal
components and then using an autoencoder to learn the relevant patterns, fol-
lowed by reconstruction of the fused image. The schematic representation of
the fusion of CT and PET image modalities is depicted in Fig. 4.2.
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Figure 4.2: Image fusion strategy

Let us consider the two input images, I1 and I2, represented as pixel matri-
ces. They are integrated using PCA, followed by the autoencoder. Dimension-
ality reduction is performed on the top 20 principal components, which retain
significant relevant information. Then the pair of 128 × 128 CT and PET im-
ages, reconstructed from the principal components, are supplied at the input
of the autoencoder of Fig. 4.2. Here the encoder path consists of three sets
of convolution and maxpooling, while the decoder path constitutes two sets of
upsampling and convolution. Final outcome of the autoencoder is the decoded
fused image extracted from (20+20=) 40 components.

Principal Component Analysis (PCA)

1. Flatten the images by converting each image matrix I into a column vector
x with the stacking of its pixels.

2. Stack the flattened image vectors x from both images to create a combined
image data matrix

Xcombined = [x1, x2]. (4.1)

3. Calculate the mean vector x̄ of the combined data, and center the data
matrix by subtracting the mean, as

Xcentered = Xcombined − x̄. (4.2)

4. Compute covariance matrix C of the centered data, as

C =
1

N
XcenteredX

T
centered. (4.3)

5. Perform eigenvalue decomposition on C, to obtain the eigenvectors V and
eigenvalues Λ.

C = V ΛV T . (4.4)

6. Select the Principal Components as the top k eigenvectors, corresponding
to the largest eigenvalues. These eigenvectors form the matrix Vtop.

For this purpose a PCA graph, showing the cumulative proportion of vari-
ance in the reconstructed image (ordinate) w.r.t. the number of principal
components (abscissa). It was observed that for both the CT and PET
images, the set of top 20 principal components enabled the cumulative
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proportion of variance to reaches nearly 100%. Therefore, we selected
these (top 20) principal components in our experiments.

7. Transform the centered data, using the selected principal components

YPCA = VtopXcentered. (4.5)

8. Apply the inverse PCA transformation to reconstruct the image in the
128× 128 feature space as

YPCAInverted =
1

4
YPCAV

T
top. (4.6)

Here we essentially perform dimensionality reduction to the top 20 principal
components, while retaining as much relevant information as possible.

Autoencoder

The pair of 128 × 128 CT and PET images, reconstructed from the principal
components, are supplied at the input of the autoencoder. The architecture of
the autoencoder is illustrated in Fig. 4.2. Here the encoder path consists of
three sets of convolution and maxpooling, while the decoder path constitutes
two sets of upsampling and convolution. The final outcome of the autoencoder
is the decoded fused image extracted from the (20+20=) 40 components. The
procedure is outlined as follows.

1. Train an autoencoder using YPCAInverted as input, to learn a compressed
representation Z of the PCA-transformed data. Here
Encoder function: Z = E(YPCAInverted).

2. Decode the compressed representation Z to obtain the reconstructed PCA-
transformed data. We have
Decoder function: Yreconstructed = D(Z).

3. Apply fusion of PCA inverted data to obtain the fused data in the original
feature space as

Xfused = Y CT
reconstructed + Y PET

reconstructed. (4.7)

4. Reshape and Visualize: Reshape Xfused back into the 128 × 128 image
format, to visualize Ifused as

Ifused = Reshape(Xfused). (4.8)

4.2.2 Ensemble classification

Ensemble deep models combine multiple deep learning algorithms to enhance
predictive accuracy, improve generalization, and reduce overfitting. Their di-
verse perspectives foster robust predictions and mitigate individual model bi-
ases, resulting in reliable outcomes across complex tasks. The DEMF builds an
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ensemble of the classifiers VGG16, ResNet, Inception-Net, Xception-Net and
Efficient-Net, pre-trained over the ImageNet, with the final outcome being de-
cided by majority voting. Each of these classifiers takes the augmented PET-CT
fused image set as input, to classify between the cancerous and healthy lung
slices. The entire procedure is summarized in Algorithm 1.

Algorithm 1 Ensemble classification in DEMF
1: Xi = Image i
2: Yi = corresponding label of Image i
3: N = Number of images
4: Data = {(Xi, Yi)}Ni=1

#Training
5: for each model in Ensemble do
6: for each epoch do
7: for each batch in Train_Data do
8: Batch of images Xb and labels Yb
9: out = model(Xb)

10: loss: ℓ = Loss(Yb, out)
11: gradients: ∇θℓ
12: weights: θ ← Optimizer(θ,∇θℓ)
13: end for
14: end for
15: end for
16: Save the trained ensemble model weights

#Testing
17: for each model in Ensemble do
18: Test_images Xv and labels Yv
19: test_out = model(Xv)
20: test_loss: ℓtest = Loss(Yv, test_out)
21: end for
22: ensemble_votes = MajorityVoting(test_out)
23: acctest = Metric(Yv, ensemble_votes)

4.3 Implementation and Experimental Results

While the Figshare dataset was used for training, Y-PET/CT and Lung-PET-
CT-Dx were kept for testing the model. Data details are provided in Table 1.1.
The axial slices of the lung were extracted from the whole body scan, as depicted
in Fig. 4.3.

All axial slices, within the lung region, were first extracted from the Figshare
data. Next the multimodal fusion methodology of Section 4.2.1 was employed.
A subset of such combined images, used for training, is shown in Fig. 4.4.
The PET scan identifies both tumor and certain non-tumor regions in the lung,
with equal intensity values, based on their metabolic activity. This makes it
challenging to manually distinguish between cancer-affected and healthy tissues.
When the effect of both CT and PET are combined, then the green bounding
boxes (in Fig. 4.4) become indicative of the actual tumor regions; while the
red bounding boxes correspond to the incorrectly highlighted regions which are
not essentially tumors. Our goal is to locate the tumor region(s), in each of the
fused images, through our ensemble DEMF.

Table 4.1 depicts the data distribution for training and testing, with the
distribution of cancerous and healthy slices used. We split the data in 4:1
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Figure 4.3: Extracting lung region from full body scans. CT of (a) full body, (b)
lung area, and PET of (c) full body, (d) lung, from coronal view

proportion for training and testing. A 17-fold augmentation was employed for
the cancerous slices, as shown in Fig. 4.5, with a 3-fold augmentation being
used for the healthy ones. Since the dataset contains fewer cancerous slices
than healthy ones, a higher augmentation factor was employed to balance the
classes. The learning rate was set to 1 × 10−5with a decay rate of 10−8. The
augmentation procedure involved rotation ± 10, width shift ± 0.1, height shift
± 0.1, zoom ± 0.2, shear ± 0.2.

Table 4.1: Train-test split of the cancerous & healthy slices of the lung

Dataset Purpose Cancerous slices Healthy slices

Figshare
Data

Total ⇒ 80 453

Training data Before Augmentation ⇒ 64 362
After Augmentation ⇒ 1088 1086

Testing data ⇒ 16 91

Y-PET/CT Testing data ⇒ 43 737

Lung-PET-
CT-Dx Testing data ⇒ 1659 6893

4.3.1 Classification

The binary cross-entropy was used, involving batch size of 16 with Adam opti-
mizer. Each individual pre-trained model was further trained upto 100 epochs.
The metrics used to evaluate the performance of the classifier were Accuracy,
F1 score, Precision and Recal. from eqns. (1.9-1.10), (1.13-1.14).

Table 4.2 demonstrates a comparative study of these metrics for evaluating
the effectiveness of the ensemble classifer w.r.t. the individual classifier models.
It is evident that the ensemble classifer outperformed all individual classifiers.
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Figure 4.4: Training samples from (a) CT, (b) PET, and (c) the corresponding fused
images, encompassing cancer-affected sample slices along with healthy ones

4.3.2 Qualitative analysis

Fig 4.6 depicts sample visual attention, as generated through Grad-CAM, from
the ensemble classifier output over the test dataset. It demonstrates the robust-
ness of our model performance, in terms of accurately detecting the cancerous
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Figure 4.5: Sample augmentation of fused training data

Table 4.2: Comparative study of the individual classifiers and their ensemble, for
the fused multimodal image data

Dataset Classifier Metrics
Accuracy F1-Score Precision Recall

F
ig

sh
ar

e
D

at
a

VGG 16 0.4766 0.0968 0.0652 0.1875
ResNet 0.5234 0.1905 0.1277 0.3750
Inception-Net V3 0.7850 0.3784 0.3334 0.4375
Xception-Net 0.6262 0.2857 0.2012 0.5003
Efficient-Net 0.8505 0.5789 0.5070 0.6875
Ensemble DEMF 0.9813 0.9412 0.8889 1.0000

Y
-P

E
T

/C
T

VGG 16 0.8269 0.3216 0.2051 0.7442
ResNet 0.7163 0.1905 0.1126 0.6190
Inception-Net V3 0.9436 0.6000 0.4925 0.7674
Xception-Net 0.9154 0.5417 0.3861 0.9070
Efficient-Net 0.9244 0.4957 0.3919 0.6744
Ensemble DEMF 0.9923 0.9333 0.8936 0.9767

Lu
ng

-P
E

T
-

C
T

-D
x

VGG 16 0.8239 0.5786 0.5399 0.6233
ResNet 0.8313 0.6190 0.5508 0.7064
Inception-Net V3 0.8214 0.6114 0.5291 0.7239
Xception-Net 0.8736 0.6954 0.6529 0.7438
Efficient-Net 0.9107 0.7877 0.7308 0.8541
Ensemble DEMF 0.9760 0.9410 0.9003 0.9855

slices while visualizing the exact location of tumor region. The exact location
of tumors are depicted by the green bounding box in the fused image, and by
the sky-blue bounding box over the correct prediction in the attention map.
The red bounding box, in the fused image, is indicative of incorrect detection
by PET. This is appropriately corrected in the CT-PET fused image. The im-
portance of the attention map is evident from its precise identification of tumor
locations.

4.3.3 Ablations

Fig. 4.7 illustrates a comparative graphical study of the multimodal fusion
strategy PCAE, of our ensemble classifier DEMF, with that of a few other mul-
timodal image fusion techniques over the three test datasets involving CT and
PET scans. The fusion strategies compared are GSF [50], DCNN [188], and
HF [191]. Fusion GSF employs structural similarity-based gradient filtering to
emphasize features in source images, for subsequent reconstruction with fused
gradients. The DCNN mechanism uses stacked autoencoders to extract the
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Figure 4.6: Visualization with Grad-CAM, over sample test set images from (a) CT,
(b) PET, and (c) Fused versions, with the corresponding (d) attention map generated

by DEMF

high- and low-frequency components from images, and reintegrates them into
the final image. The HF technique uses wavelets to identify optimal parameters
of frequencies, for achieving an optimal combination of low- and high-pass fil-
ters. Our PCAE fusion strategy, combining PCA and Autoencoder, effectively
captures input image patterns and features by reducing dimensionality. It min-
imizes redundancy, while retaining essential information towards enabling the
model to learn hierarchical and abstract features. It helps preserve relevant de-
tails and offers flexibility across diverse datasets. The comparative performance
of these fusion methodologies is evaluated in terms of output Accuracy of indi-
vidual classifiers like VGG16, ResNet, Inception-Net, Xception-Net, Efficient-
Net, as well as the ensemble version DEMF. The fusion result underscores the
efficacy of PCAE in improving both image quality and interoperability, thereby
leading to enhanced accuracy in classification.

Next the effectiveness of our multimodal image fusion technique was eval-
uated with respect to each of the individual methodologies, viz. PCA and
Autoencoder. This is shown in Fig. 4.8, in terms of Accuracy by different
classifiers, over all three datasets. It is observed that our fusion methodology
always resulted in uniformly good performance, over all the classifiers used.

The visualization effect on sample test images is depicted in Fig. 4.9, over
the individual imaging modalities viz. CT and PET, along with that of the
fused image (incorporating both modalities). Results from the classifier DEMF,
trained with only CT images, is shown in row (b). It is observed that the pre-
diction is often incorrect, as marked by the red bounding boxes. The classifier,
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Figure 4.7: Comparative study of image fusion strategies, in terms of Accuracy over
each test set, on the performance of (f) ensemble DEMF and the (a) VGG16, (b)

ResNet, (c) Inception-Net, (d) Xception-Net, (e) Efficient-Net.

Figure 4.8: Ablation of multimodal fusion strategies, in terms of Accuracy by dif-
ferent classifiers

trained only over the corresponding PET images, is sometimes found to locate
the correct tumor position in row (d) [green bounding box] and otherwise falsely
point to incorrect locations [red bounding box]. On the other hand, using the
fused images, the classifier is able to correctly locate the actual tumor region
[green box] in row (f).
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Figure 4.9: Visualization over sample test cases, using our DEMF with Grad-CAM,
in terms of the (a) CT image, with (b) its visualization; the (c) PET image, with (d)

its visualization; and the (e) Fused image, with (f) its visualization

An analogous comparative study of our DEMF, with other related deep clas-
sifiers, is included in Fig. 4.10. It explores the effect of the individual imaging
modalities, along with that of the multimodal fused image, when provided as
input to these classifiers. It is evident that the ensemble classification strategy
in DEMF, incorporating the multimodal fusion PCAE, performed the best over
all three datasets.

4.4 Conclusions and Discussion

A new deep ensemble multimodal fusion network DEMF was developed, for
effectively classifying lung CT slices as cancerous or healthy. The ensemble
model combined a number of distinct classifiers using majority voting. The
approach was robust and less prone to overfitting, as it relied on a collective
decision from diverse models. Majority voting was computationally efficient
and simple to implement. It enhanced generalization by reducing the risk of
memorizing noise or outliers in the limited training data. Ablation studies
and visualization revealed that the ensemble deep multimodal classifier helped
emphasize cancerous regions within the images.
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Figure 4.10: Effect of the imaging modalities, in terms of Accuracy by the classifiers

The fusion strategy PCAE helped reduce dimensionality, involving the PCA
and autoencoder components. Leveraging multimodal data with reduced fea-
ture cardinality, and ensemble fusion, generated more resilient results. The
methodology can be extended to other diseases across different organs, including
different imaging modalities. In the following chapter we investigate synthetic
generation of images, in the EIT modality, for classification.
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5.1 Introduction

In this chapter we move our focus to the multi-class framework of classifica-
tion using deep networks. The CNN has been employed in the classification of
malignant and benign lung tumors from CT scans [149]. A lightweight parallel
depth-wise separable CNN, with a ridge regression extreme learning machine,
was formulated for the classification of adenocarcinoma, large cell carcinoma,
and squamous cell carcinoma [120]. An Attribute-Driven Generative Adver-
sarial Network was developed for the synthesis and multi-class classification of
Pulmonary Nodules in CT [145]. A deep learning model integrating convolu-
tional neural networks with Fish Swarm Optimization (CFSO) was employed
for the classification of malignant lung tumors from CT images, aiming to re-
duce misclassification and computational overhead through metaheuristic op-
timization [162]. The UNet3+ architecture was employed for CT lung image
segmentation, and its integration with SE-ResNeXt50 and ResNet50 was pro-
posed to enhance COVID-19-infected region identification from medical data
[121]. A 13-layer convolutional network, comprising 10 encoder layers and 3
decoder dense layers, was proposed for binary classification of COVID-19 and
normal cases from CT images [85]. A hybrid classification optimization model
combining recurrent learning and fuzzy logic (HCO-RLF) was developed to
identify infected lung regions in CT scans by capturing pixel-wise feature varia-
tions and compensating for missing information through fuzzy-based derivative
substitution [15]. A privacy-preserving self-supervised learning framework was
proposed using federated learning with Paillier homomorphic encryption, where
BYOL-based contrastive learning with a VGG19 encoder and attention CNN
blocks was applied for COVID-19 classification from lung CT scans [30].

A way of overcoming the scarcity and unavailability of data in the medical
domain is the synthetic generation of images in other modalities, in order to
complement the hard-to-obtain annotated authentic medical data. The benefits
lie in circumventing the time-consuming task of manual labelling and eliminat-
ing the long process of obtaining consent while preserving privacy. GANs are
employed for data generation and augmentation, in data-scarce scenarios. This
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is very typical in medical decision-making [169]. The generator produces realis-
tic synthetic data, while the discriminator distinguishes between real and gen-
erated data, resulting in high-quality samples. The GAN framework involves
simultaneous minimization (maximization) of generative (discriminative) loss to
reach equilibrium. While adversarial techniques typically rely on conventional
augmentation operations like rotation, flipping, etc., these cannot capture the
nuances of different imaging modalities.

Here we present the novel Deep Generative Multihead Classifier (DGMC)
[111], for efficient detection and distinction between certain diseases of the lung
from CT scans. Augmentation by the CTGAN overcomes the issue of scarcity
of data. Subsequently, EIT-like visual images are generated from the CT slices
to introduce an alternative perspective and generate a processed version of
CT. Standard CT scans often present both healthy and diseased tissues with
similar intensities, making it difficult for models to clearly distinguish abnormal
regions. To address this limitation, we generate the EIT-processed version of
the CT that emphasizes the anomalous regions of the lung while suppressing the
healthy areas. The primary motivation behind creating this enhanced view is
to improve the visibility of disease-specific patterns, thereby enabling the model
to focus more precisely on clinically relevant regions and make more accurate
classification decisions.

Despite the widespread use of CT imaging for lung disease diagnosis, existing
automated methods often face challenges in accurately distinguishing abnormal
regions due to visual similarity between healthy and diseased tissues. Prior
multimodal approaches have attempted to improve performance by combining
data from different imaging modalities; however, these often rely on weakly
aligned data, generic pre-trained models, or simplistic fusion strategies that may
not effectively capture complementary features. To address these limitations,
this study aims to develop a robust deep learning framework that enhances
CT data using a processed view inspired by EIT, and integrates both original
and enhanced representations through a novel multihead classifier. The main
focus is to improve disease localization and classification accuracy while offering
interpretable visual cues, thereby bridging the gap between technical innovation
and clinical applicability.

Experimental results from lung cancer and COVID-19 infections, involv-
ing CT slices from publicly available datasets, are used to demonstrate the
effectiveness of our model in terms of ablation studies and visualization. The
contribution of this research is summarized as follows [111].

(i) Generation of CT images through CTGAN, followed by transformation
to corresponding synthetic EIT images in an augmented framework.

(ii) Design of a novel multihead classifier for efficient classification of COVID-
19 infected, lung tumour affected, and healthy slices from input images.

(iii) Learning from a combination of CT and EIT-processed CT perspectives,
to capture granular details of the infection.

(iv) Efficient visualization of activation regions (i.e., the regions that con-
tribute to the model’s decision-making) in enhanced image framework.
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(v) Ablation and comparative studies to demonstrate the effectiveness of our
DGMC, over seven different publicly available CT datasets.

The rest of the chapter is organized as follows. Section 5.2 presents the frame-
work of the Deep Generative Multihead Classifier (DGMC), along with its com-
ponent modules – encompassing generation of synthetic CT images (CTGAN),
creation of corresponding cross-modal EIT images, and multihead classification.
Qualitative and quantitative experimental results on seven publicly available
datasets, in Section 5.3, help establish the effectiveness of the implementation
along with comparison with related state-of-the-art models in literature. Fi-
nally, Section 5.4 concludes the chapter.

5.2 Methodology

Figure 5.1: The workflow of DGMC

The overview of the Deep Generative Multihead Classifier (DGMC) model
is depicted in Fig. 5.1. The input consists of extracted CT scan slices from the
lung, containing COVID-19 infection and/or tumor-affected portions, as well as
the unaffected ones (termed Healthy or control). The COVID-19 and Tumor
slices are augmented by CTGAN , and (together with the control slices) get
passed through an encoder-decoder network to segment out the non-infected
part of the lung therein. The delineation is necessary for preparing the masks,
such that the infected regions in the CT slices may be subsequently recon-
structed in the corresponding EIT modality (with higher impedance, as indi-
cated by black). This transformation aspect is novel to the DGMC, and helps
to generate cross-modal information from a different perspective to circumvent
the issue of scarcity in annotated data. Finally the entire set of augmented CT
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slices, along with the corresponding synthetic EIT slices, and the processed CT
scans are partitioned into the three categories [COVID-19, Tumor, and Healthy
or control] using the new multihead classifier module of DGMC.

5.2.1 Augmentation of CT samples

The CTGAN of Fig. 5.2 is designed to generate high resolution synthetic CT
images, involving spatial dimensions of 512×512. Strided transpose convolution
[55] layers in the Generator upscale input noise, while strided convolution [55]
layers in the Discriminator effectively distinguish real and generated images at
higher resolution. This seamless synthesis of high-resolution CT images faith-
fully generates intricate details, elevating the quality with remarkable realism
and accuracy.

Convolution, key to deep learning, processes images and structured data by
sliding a filter over input, multiplying elements, and summing, for extracting
features. Utilizing strided transpose convolution (instead of conventional fully
connected layers) improves the retention of spatial structure, crucial for image
generation. The stride parameter determines filter shifts across the input, reduc-
ing spatial dimensions during convolution while preserving fine-grained spatial
features. Transpose convolution is flexible across varying input sizes, making
it adaptable to different data dimensions. Shared weights in convolution filters
reduce overfitting and computational demands. Local feature detection gets
enhanced for capturing the fine-grained details of image data. Additionally, it
offers interpretability through hierarchical feature representation and implicit
regularization.

Figure 5.2: The CTGAN architecture

Handling higher spatial dimensions in images captures fine-grained details,
crucial for detecting smaller features in tumor or COVID-19 affected CT slices.
Using larger images enhances model accuracy by providing greater visual in-
formation, mitigating information loss during downsampling. This facilitates
involvement of deeper layers, potentially learning more abstract and hierarchi-
cal features.
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Given an input tensor X of dimension (H,W,C), with H, W , C, representing
the height, width, and number of input channels, respectively, let us assume a
convolution kernel K with dimension (k, k), padding size (b, b) to control the
spatial dimensions of the output feature map, for stride (s, s). The output
tensor Z, for each output location (i, j, cout), is expressed as

Z(i, j, cout) =
C∑

cin=1

k−1∑
p=0

k−1∑
q=0

X(i · s− b+ p, j · s− b+ q, cin) ·K(p, q), (5.1)

in strided transpose convolution. The triple summation ranges over the spatial
dimensions (p, q) of K and the input channels cin = {1, . . . , C} that the filter op-
erates on. The cout = {1, . . . , C ′} refer to the output channels. The stride (s, s)
is applied as part of the indexing of the input tensor X, for effectively expand-
ing the dimensions of the output tensor. Here X(i · s− b+ p, j · s− b+ q, cin)
represents the values in the input tensor X at specific locations based on the
current output location (i, j, cout), the kernel dimensions, and the stride. The
operation computes a weighted sum of values from the input tensor X, using
K at each output location, and results in the transposed convolutional output
tensor Z of dimension (H ′,W ′, C ′).

Analogously, for strided convolution (involving no padding), we have the
output tensor Y for each output location (i, j, cout) as

Y (i, j, cout) =
C∑

cin=1

k−1∑
p=0

k−1∑
q=0

X(i · s+ p, j · s+ q, cin) ·K(p, q). (5.2)

Generator architecture

The generator takes random noise as input and transforms it into an image.
The CTGAN consists of several layers of strided transposed convolution layers,
each followed by a LeakyReLU activation function. The architecture can be
summarized as follows.

1. Input latent vector: A vector of random noise z ∈ R100.

2. Fully connected layer: FC(z) → R32×32×32 maps the noise vector to a
higher-dimensional representation.

3. Reshape the output of the fully connected layer: Reshape(FC(z)) →
R32×32×32.

4. Strided transpose convolution: Perform Gout = Z by eqn. (5.1), with
stride s = 2, padding b = 2 and kernel size k = 4; followed by LeakyReLU
activation, four times.

Discriminator architecture

The discriminator takes an image as input and tries to classify it as real (origi-
nal) or fake (generated). In CTGAN this comprises several strided convolution
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layers, each followed by a LeakyReLU activation function. The architecture is
summarized as follows.

1. Input image: x ∈ R512×512×1.

2. Strided convolution: Perform Gout = Y by eqn. (5.2), with stride s = 2
and kernel size k = 4; followed by LeakyReLU activation, four times.

3. Flattened layer: Dout is a feature map from the last convolution layer with
dimension H ×W × C , where H is the height, W is the width, and C is
the number of channels.

4. Fully connected layer: FC = FC(Flattened_layer) maps the output of
the convolutional layers to a single scalar value, representing the likelihood
that the input is real.

Loss functions

The generative loss LG and discriminative loss LD [161] are used to train the
generator and discriminator, respectively. While the generative loss measures
how well the generator can fool the discriminator, the discriminative loss evalu-
ates how well the discriminator can distinguish between the real and generated
samples.

The generative loss aims to encourage the generator to produce realistic
samples that can deceive the discriminator. It is formulated as a minimax
between the generator and the discriminator, expressed as

LG = −E[log(D{G(z)})], (5.3)

where z represents the random noise vector input to the generator, {G(z)} is
the generated sample, D{G(z)} is the discriminator output for the generated
sample, and E denotes the expectation over the random noise distribution. The
generator tries to minimize this loss by generating samples that the discrimina-
tor cannot distinguish with respect to the real samples.

The discriminative loss, on the other hand, measures how well the discrim-
inator can differentiate between the real and generated samples. It aims to
maximize the discrimination capability of the discriminator, and is typically
defined as

LD = −E[log{D(x)}]− E[log(1−D{G(z)})]. (5.4)

Here x represents a real sample, D(x) is the discriminator output for the real
sample, and 1 − D{G(z)} is the discriminator output corresponding to the
generated sample. The discriminator tries to maximize this loss by correctly
classifying between the real and generated samples.

5.2.2 EIT for processed CT

It is known that lung function changes could be visualized through electrical
impedance differences within the lungs [22]. EIT primarily images regions of
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the lung with normal ventilation to assess lung function [200]. It helps to visu-
alize ventilation abnormalities caused by diseases, thereby aiding in diagnosis
and monitoring of respiratory conditions; especially when combined with other
modalities. Given the scarcity of real EIT images, it was observed that most
deep learning studies typically generated phantom data for evaluating their al-
gorithms and/or models [83]. We, on the other hand, generate EIT-like visual
slices from the corresponding available (augmented) CT slices towards gathering
cross-modal information.

First the CT lung scans are segmented to eliminate the diseased region(s),
such that the remaining healthy portion (in each slice) serves as the mask for the
transformation. This is done with the help of the attention U -Net [124]. Note
that the impedance in EIT is high in the anomalous region (here the COVID-19
infected or tumor affected), and low in the healthy regions [90]. This serves to
generate masks corresponding to healthy parts of each slice.

The segmented healthy regions of the CT scans are convolved to generate
the corresponding EIT maps, as depicted in Fig. 5.3. Here the black–>blue–
>white shades are indicative of high–>mid–>low impedance of the output EIT
images. While a high impedance implies a low ventilated (i.e. anomalous/
infected) region, a low impedance is indicative of appropriately ventilated (i.e.
healthy) region. The convolution kernel K, defined in Eq. 5.5, is a combination
of a Gaussian-like decay and a local averaging operation. Parameters α = 4,
n = 3, and m = 5 were chosen based on empirical tuning. However, to validate
their robustness, a sensitivity analysis was conducted by varying each parameter
within a plausible range and evaluating the model’s classification accuracy and
EIT quality. The model showed consistent performance for 3 ≤ α ≤ 5, 2 ≤ n ≤
4, and 4 ≤ m ≤ 6, confirming the stability of the chosen values.

Figure 5.3: Mapping between modalities, from extracted mask I in CT to Ifiltered
in EIT

Let the extracted mask from the input CT image be denoted as I, and
the output transformed EIT image be Ifiltered. The processing filter can be
represented as the convolution of the extracted mask I with a kernel K, where
K is defined as

K(i, j) =
1

4πα2
· exp

(
−i2 + j2

20α2

)
+

1

2(2n+ 1)2

i+n∑
p=i−n

j+n∑
q=j−n

I(p, q). (5.5)
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Here i and j represent the spatial coordinates, I(p, q) is the value of pixel in
extracted mask I at location p, q, with α and n being the hyper-parameters.
We selected α = 4 and n = 3, after several experiments on train data.

The convolution operation between the extracted mask I and the kernel K
at a specific pixel (x, y) in the output filtered image Ifiltered is expressed as

Ifiltered(x, y) =
1

(2m+ 1)2

x+m∑
i=x−m

y+m∑
j=y−m

I(x, y) ·K(i, j), (5.6)

where i and j represent the spatial coordinates of the kernel center, and m is a
hyper-parameter with value 5.

Next the generated EIT is used to obtain corresponding EIT-processed CT
scans. Subtracting the EIT pixel values, with a threshold value of 0.5 through-
out, helped to reduce the intensity of the healthy regions in the processed CT
scans. This enabled focus on the anomalous or infectious regions, which got
characterized by their higher impedance. Fig. 5.4 illustrates relevant details.

Figure 5.4: Formation of processed CT, with Cthr = 0.5

5.2.3 Multihead classification

The set of 512×512 CT and corresponding EIT-processed CT scans are supplied
at the input of the classifier, along two channels. The classifier architecture is
illustrated in Fig. 5.5. The first block from each of the layers 2 to 5, and
last block from layer 6 are passed through the Multihead gradient computing
module to generate a flattened tensor. Finally a ‘softmax’ activation determines
the class of the input image.

The Multihead classifier offers several distinctive advantages. Firstly, it ex-
hibits the ability to simultaneously process a pair of image scans within a single
architecture. Such innovative handling of input allows the model to leverage
information from both images, potentially enhancing classification accuracy.
Including the Multihead gradient module sets the classifier apart. It enhances
gradient information flow, by selectively processing feature maps from specific
layers, and capturing intricate data patterns at various scales. Additionally,
employing softmax activation emphasizes its role in categorizing input scans
into specific classes, especially in medical imaging for tasks like disease diagno-
sis. Overall, the novelty of this classifier extends to its domain of application;
viz. medical imaging, where it augments the data from different perspectives,
for improved diagnostic accuracy.

Let the input feature map X be of size H ×W × C, where H represents
height, W corresponds to width, and C is the number of input channels. The
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Figure 5.5: Multihead classifier

convolution operation (kernel size K ×K) produces an output feature map F

of size H ×W ×M , with M indicating the number of output channels. Let ω
= {ωi | 1 ≤ i ≤ M ; ωi ∈ (K ×K)} be the set of learned kernel weights of size
K ×K ×M . The output feature F, corresponding to pixel location (i, j) and
output channel m, is computed as

Fm
i,j =

C∑
c=1

⌊K/2⌋∑
p=−⌊K/2⌋

⌊K/2⌋∑
q=−⌊K/2⌋

ωm
p,qX

c
{i+p},{j+q}, (5.7)

where c = {1, . . . , C} refers to the input channels, m = {1, . . . , M} corresponds
to the output channels, and K is assumed to be odd.

Multihead gradient module

This module plays a crucial role in enhancing deep neural network for training,
combining information across layers for a holistic data view. It introduces non-
linearity with ReLU activation, stabilizes training with sigmoid normalization,
and focuses on relevant features, for enhancing discrimination. Efficient oper-
ations minimize computational overhead while customizing gradients to tasks,
improving gradient flow and feature learning; thereby, making the deep model
effective across diverse tasks.

The module is introduced for combining gradients from different layers of the
classifier. Let Let T = {Ti | 2 ≤ i ≤ 6 }, where T2, T3, T4, T5 and T6 correspond
to the first feature map blocks from layers 2, 3, 4, 5 and 6, respectively. The
multihead gradient module initially performs MTi = MaxPooln×n(Ti), where n
= { 2(6−i) | 2 ≤ i ≤ 5 } and MaxPooln×n denotes n×n maxpooling operations.
Here maxpooling achieves same spatial resolution for all feature maps from
different levels.

Let MT = {MTi | 2 ≤ i ≤ 5 }. Now MT and T6 are passed through
the convolution operation of eqn. (5.7). We have C MT = Conv1×1(MT ) and
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C T6 = Conv1×1(T6), where Conv1×1 denotes the 1×1 convolution. Thereafter,
an elementwise addition of each feature is performed. The gradient matrix is
computed as

G = Conv1×1×1{ReLU (C MT ⊕ C T6)}
= Conv1×1×1{ReLU (C MT2 ⊕ C MT3 ⊕ C MT4 ⊕ C MT5 ⊕ C T6)},

(5.8)

where ⊕ is element-wise addition, as passed through ReLU activation, and
Conv1×1×1 denotes a 1 × 1 × 1 convolution. The normalized gradient matrix
becomes

Gnorm = σ(G), (5.9)

with a sigmoid operation (σ) being applied along the spatial dimensions. The
final gradient Gfinal is computed by element-wise multiplication ⊗ of the nor-
malized gradient matrix with the feature map T6. Therefore

Gfinal = Gnorm ⊗ T6. (5.10)

The module combines and normalizes feature maps from various layers, gen-
erating a final gradient for training or optimizing the neural network. This
enhances gradient information flow across layers in the deep neural network.

n-ary classification

Here we consider three classes of lung scan images, viz. COVID-19 infected, Tu-
mor affected and Healthy controls. Given the output vector h = [h1, h2, . . . , hn]
from the final fully connected layer (output of layer 7), the softmax activation
calculates the predicted probabilities ŷk for each class k ∈ n as

ŷk =
ehk∑n
j=1 e

hj
. (5.11)

Here the denominator
∑n

j=1 e
hj ensures that predicted probabilities sum up to

1, making them valid probabilities for multiclass classification. Generally, ehk

is a component of the softmax function that helps convert raw scores (logits)
from the final layer into probabilities for each class.

The categorical cross-entropy loss is expressed as [198]

L = −
n∑

k=1

yk · log(ŷk), (5.12)

where yk is the class value (ground truth) of the input belonging to class k.

5.3 Implementation and Results

The Deep Generative Multihead Classifier (DGMC) was modeled on publicly
available annotated CT datasets, comprised of three from COVID-19 and four
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from lung tumors, as elaborated in Table 1.1. In this section we describe the
dataset preparation, followed by sample results from CT augmentation, syn-
thetic EIT image translation to generate processed CT, and multihead classifi-
cation. Ablation studies help to establish the effectiveness of our model, both
qualitatively and quantitatively. Comparative studies, with related state-of-
the-art models in literature, demonstrate the superiority of DGMC.

5.3.1 Data preparation

For COVID-19 the Kaggle-COVID-19:Part-1 dataset was used for training.
The Kaggle-COVID-19:Part-2, CT-Seg and Seg-nr.2 were kept for testing. In
case of Lung tumor, the NSCLC-radiomics was used for training. The NSCLC-
radiogenomics, Decathlon and Moffitt data were selected for testing. The unseen
test datasets were used only for evaluating the generalization performance of
model DGMC.

The separate training datasets, for COVID-19 and lung tumor, were kept
together for training. Initially, all axial slices were extracted from the combined
dataset. Based on the presence of COVID-19 or tumor infliction, the slices
were categorized; while the remaining slices were labeled as healthy. These
were supplied as input to the processing stage of the model in Fig. 5.1. The
objective of the model DGMC is to classify between the three categories of
COVID-19 infected, lung tumor affected and healthy CT scan images of lung.

5.3.2 Augmentation by CTGAN

It is observed from Table 1.1 that the training set comprises of 1351 COVID-19-
infected slices, 4649 tumor-affected slices, and (1230 + 26240 =) 27470 Healthy
slices. The huge class imbalance between the classes COVID-19, Tumor and
Healthy is clearly evident, with a distribution ratio ≈ 1 : 3 : 20. Therefore
it becomes imperative to augment the COVID-19-infected and Tumor-affected
slices using the CTGAN developed in Fig. 5.2. A total of 3649 COVID-19
images, and 351 tumor images, were thus generated. A random selection of 5000
Healthy scans were chosen from the existing total of 27470 images. Thereby,
the augmented set of training scans now consisted of COVID-19: (1351 + 3649
=) 5000, Tumor: (4649 + 351 =) 5000, and Healthy: 5000 images. The class
imbalance was thus reduced. The CTGAN was trained separately for the three
classes, using the Adam optimizer with a learning rate 0.0002, and momentum
of 0.5. The size of the mini batches were 64, and trained for 120 (90) epochs
for the classes COVID-19 (tumor), respectively.

Fig. 5.6 depicts sample CT images (obtained from the databases) belonging
to these three classes, along with a few of the augmented images generated by
CTGAN. The high resolution of the generated images add to their authenticity.
The infected regions are marked by a rectangle in each case.

5.3.3 Generating EIT-processed CT scans

Fig. 5.7 illustrates the transformation of CT images to their corresponding
EIT-like versions (as in Fig. 5.3), along with the corresponding processed CT



5.3. Implementation and Results 103

Figure 5.6: Sample augmented COVID-19-infected and tumor-affected CT slices, as
generated by CTGAN

scans, for all the three classes involved. The infected regions in the CT scans are
manually marked by bounding boxes (for better understandability of readers).
The legend at the bottom of the figure depicts the color bar, demonstrating the
impedance of the respective regions in the transformed EIT image space.

Subtracting the synthetic EIT images from their corresponding CT versions
provides a remarkable advantage in output interpretation, potentially enhancing
the feature space and offering an additional perspective. This allows the end
user to visualize the effect of EIT impedance on CT images, especially in the
infected regions of the lung. For example, the third row of Fig. 5.7(c) depicts
higher impedance of EIT in the tumor-affected region of the lung. Analogously,
the second row of Fig. 5.7(c) illustrates high to medium impedance of EIT on
the right side of the lung. This is because most of the right lung is affected by
COVID-19. The left lung, on the other hand, shows infection only in the upper
part. In general, it becomes easier to distinguish between the healthy (lower
impedance) and the diseased (medium to higher impedance) regions of the lung
in the EIT version.

5.3.4 Multihead classification

The classifier is trained using the categorical cross entropy of eqn. (5.12), over
100 epochs, with the rmsprop optimizer. The evaluation metrics include AUC,
Accuracy, Macro− F1 score, and mAP of eqns. (1.11),(1.13) - (1.16).

Table 5.1 summarizes a comparative study of the classification generated
by our model DGMC with respect to other related state-of-the-art deep mod-
els in literature (like VGG [158], RA-MDIN [175], HyEx-Net [60], ResNet-50
[64], SE-ResNeXt-50 [140], DenseNet-121 [70], MobileNet-V3 [68]). The input
space is extended to uniformly include CT scans, CTGAN-generated augmented
images, along with the corresponding processed CT scan generated from the
reconstructed synthetic EIT versions, over the six different publicly available
COVID-19 and Tumor test data (as outlined in Table 1.1). The generaliza-
tion performance of model DGMC is found to be always the best in terms
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Figure 5.7: (a) Sample CT images, with (b) portion of Healthy Lung (regions
without infection), (c) the corresponding synthetic EIT version, and (d) the EIT-

processed CT image, for all the three classes

of the evaluation metrics defined in eqns. (1.13)-(1.16). The best values are
marked in bold in the table. The comparative analysis in Table 5.1 highlights
the trade-off between model complexity and classification performance across
various deep learning classifiers. VGG16, with the highest parameter count of
568.38M, achieves moderate performance, indicating inefficiency in parameter
utilization. In contrast, the proposed DGMC network attains the best per-
formance across all datasets with only 2.23M parameters, showcasing superior
parameter efficiency. RA-MDIN (35.45M) and HyEx-Net (24.14M) also deliver
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Table 5.1: Comparative performance of different classifiers, in terms of the evalua-
tion metrics and network size

Dataset Metrics
Accuracy AUC Macro F1 mAP
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competitive results but at significantly higher model sizes. Lightweight models
such as MobileNet-V3 (5.4M) and DenseNet-121 (7.2M) show reasonable per-
formance, yet they are outperformed by DGMC both in terms of accuracy and



106 Chapter 5. Multihead Deep Classification of Lung Diseases

model compactness. Overall, DGMC offers the best balance between perfor-
mance and computational complexity, making it highly suitable for resource-
constrained deployment scenarios.

5.3.5 Visualization and explainability

Figure 5.8: Visual attention of classifier DGMC, as generated through Grad-Cam,
highlighting the COVID-19 infected and tumour affected regions in the eight sample

CT scans.

Fig. 5.8 displays the GradCAM-based visual attention produced by our
classifier DGMC. Manual bounding boxes are drawn on the CT image to
pinpoint the infectious locations. Performance over four random test cases,
from each of COVID-19 infected and tumour affected slices, demonstrate the
robustness of DGMC. It is observed that the diseased regions of the CT slices
get highlighted in all the cases. The model makes decisions based on the regions
which are highlighted by GradCAM. For example, it focuses on COVID infected
areas to classify an image as COVID, and similarly for tumors. This focused
attention on the infected areas is achieved through the EIT-processed CT scans.
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5.3.6 Ablations

Figure 5.9: Comparative performance of different classifiers, in terms of AUC, on
the six test datasets (of COVID-19 and Tumor slices) with input as (a) only CT
images, (b) CT and CTGAN-generated images, and (c) CT and CTGAN-generated

images with corresponding EIT-processed CT.

Fig. 5.9 demonstrates the effect of input images with and without augmen-
tation (of CT and EIT-processed CT) on the performance of classifier DGMC,
as evaluated on the six publicly available COVID-19 and Tumor test data (out-
lined in Table 1.1) in terms of metric AUC. We explore the three cases of using
(a) only CT images, (b) CT images along with the CTGAN-augmented images,
and (c) corresponding EIT-processed CT, along with the original CT images
plus the CTGAN-generated versions. A comparative study with related state-
of-the-art models in literature (like VGG [158], RA-MDIN [175], HyEx-Net [60],
ResNet-50 [64], SE-ResNeXt-50 [140], DenseNet-121 [70], MobileNet-V3 [68]) is
also included in the figure, to validate the superiority of DGMC in each sce-
nario. It is evident that our DGMC classifier is found to perform the best in
all cases. Overall, the inclusion of EIT-processed CT images along with the
original CT and CTGAN-generated CT, is seen to provide the best results for
all classifiers considered in this study. This is because the EIT-processed CT
helps the model maintain greater focus on the anomalous regions compared to
the original (or augmented) CT scans. As a result, the model is able to capture
complementary details from both CT and EIT-processed CT images.

The confusion matrices of Fig. 5.10 depict the three-class performance of
our DGMC, for the Healthy, COVID-19 infected, and Tumor-affected slices, in
comparison with those of the related state-of-the-art classifiers considered. The
three input cases refer to using (a) only CT images, (b) CT images along with
the CTGAN-augmented images, and (c) EIT-processed CT scans, along with
the original CT images plus the CTGAN-augmented versions. We combined
images from all test datasets to evaluate differentiation into the three classes.
Again, DGMC was found to produce the best overall performance in all cases.
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Figure 5.10: Confusion matrices generated by different classifiers, with input as (a)
only CT images, (b) CT and CTGAN-generated images, and (c) CT and CTGAN-

generated images plus EIT-processed CT version.
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Finally the role of the multihead classifier module was explored, in Table
5.2, on the dual-mode input images encompassing the CT and corresponding
EIT-processed CT scans. As before, the six publicly available COVID-19 and
Tumor test data (outlined in Table 1.1) were used in the experiments. It is ev-
ident that with the incorporation of the multihead classifier module the output
performance improved over all cases considered in the study.

Table 5.2: Impact of multihead classifier module, as evaluated in terms of Accuracy,
on the input images

Dataset Metrics
Accuracy AUC Macro F1 mAP
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5.4 Conclusions and Discussion

A new Deep Generative Multihead Classifier (DGMC) network was described,
in this chapter, for the detection and classification of lung diseases from CT
images. While CTGAN was used to augment the scans for addressing data
scarcity, the EIT-like slices provided a separate perspective of the CT scans for
better decision-making. The DGMC model outperformed in lung cancer and
COVID-19 detection across seven datasets, showcasing its superiority through
ablation studies and visualization. Learning from multiple perspectives en-
hanced the overall capabilities of the model, by leveraging strengths from both
perspectives.

CT scans offered detailed structural information with high precision, while
EIT helped to monitor dynamic physiological changes. Subtracting EIT-like
images from the corresponding CT scans provided a holistic understanding,
linking structural anomalies with real-time functional insights. It enhanced
visibility of the infected regions within EIT-processed CT, aiding in pinpointing
abnormalities and understanding their impact on tissue functionality.

Existing multimodal fusion techniques in medical imaging typically inte-
grate information from diverse sources such as CT, X-ray, ultrasound, or MRI
through transfer learning or feature-level fusion [66], [205]. In contrast, DGMC
introduces a unique two-stage enhancement and classification pipeline. First,
CTGAN is employed to augment the CT dataset and mitigate data scarcity.
Separately, EIT-like images are generated from CT slices to provide an alterna-
tive processed view that emphasizes abnormal regions. This dual representation
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of original and EIT-processed CT is then leveraged by a novel multihead classi-
fier, enabling the model to learn complementary features and improve decision-
making. Unlike conventional approaches that rely on direct modality fusion
or pretrained networks [3], [72], [143], DGMC effectively separates augmenta-
tion, enhancement, and classification, resulting in improved disease localiza-
tion, interpretability through activation mapping, and classification accuracy,
as demonstrated through extensive experiments.

Our proposed method can be integrated into existing diagnostic workflows
as a decision-support tool for radiologists. By processing standard CT scans
to generate EIT-like images that emphasize anomalous regions, our approach
can help clinicians quickly localize and interpret disease-relevant areas. This
enhanced visualization, combined with automated classification, can serve as
a second opinion, potentially improving diagnostic confidence and reducing in-
terpretation time, especially in high-throughput or resource-limited clinical set-
tings. Integration into PACS (Picture Archiving and Communication Systems)
or as a plugin to existing radiology software could facilitate its real-world de-
ployment.

The primary difficulty encountered in this study revolved around distinguish-
ing between tumor-affected and COVID-infected regions, as these two often ex-
hibited similar patterns. The validation relied on Grad-CAM visualization. As
there is a general scarcity of EIT data from the domain, we resorted to transfor-
mation from the CT to the EIT domain. The utility of the approach is two-fold.
It uses the information from different viewpoints, to arrive at a more efficient
classification and diagnosis of the disease. It also indicates an effective strategy
to generate mapping projections from one imaging modality to another, as and
when necessary. This aspect holds promise in overcoming the inherent problem
of scarcity of data in automated medical imaging applications. The possible role
of EIT, combined with CT in lung disease management, can thus be explored
and validated; in spite of relatively lower availability of EIT.

Real-time EIT dataset generation is ongoing; and we intend to extend the
results. Although the model has been applied to the lung domain, encompass-
ing the CT and EIT-processed CT scans, the general principles can be easily
extended to include other imaging modalities depending on their applicability.
Moreover the design can be extended to focus on diseases occurring in other
organs of the body, as well as explore diseases beyond the set considered here.
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This chapter critically analyzes the results obtained from the algorithms de-
veloped in the thesis. The discussion includes highlights of our contributions
towards designing an intelligent computer-aided system, for improved classifica-
tion, detection, and segmentation of affected regions in lung diseases (COVID-19
and lung cancer) from CT images. It also discusses on the applicability of the
solutions in wider industrial and real-life scenarios. We examine how these so-
lutions can assist clinical decision-making, while suggesting cost-effective treat-
ment schedules for improved prognosis. Finally, the challenges that remain
unaddressed or have emerged in the course of our research are presented to
provide insights into future work.

6.1 Conclusions

The thesis introduced several innovative noninvasive approaches for improved
segmentation and classification of diseased regions caused by lung diseases, such
as COVID-19 and lung cancer, using publicly-available multi-institutional lung
images. The new frameworks were validated against ground truth data provided
by doctors and radiologists. Cross-dataset evaluation was made, during model
generalization and robustness checking, by training on one dataset and testing
on multiple others. The computer-aided segmentation and classification systems
facilitated automated detection and delineation of regions of interest, essential
for surgical and treatment planning. Developing these automated algorithms
presented challenges due to their inherent spatial and structural variability. Ad-
ditionally, analyzing different types of anomalies with the same algorithm was
often difficult. Comparisons with existing methods were challenging, because
they were typically designed and validated on different private datasets. Criti-
cal factors influencing the results included (i) imaging modalities used, (ii) the
disease stage at the time of imaging, and (iii) the grade of tumor or infection
severity. For example, in case of COVID-19 the severity grading depends on the
percentage of lung volume covered by the infection. In the case of lung tumors
there can be different grades of the cancer. This research detailed the develop-
ment of efficient algorithms for automated and deep learning-based strategies in
segmenting COVID-19 infection and lung tumor affected regions from CT scans,
followed by a generalized classification of the diseases in multimodal frameworks
like CT-PET or CT-EIT.
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• The Ensemble of selective Focus-based Multi-resolution Convolution net-
work (EFMC) model of Chapter 2 developed a deep convolutional net-
work to efficiently segment COVID-19 infected regions in the lung. Two
new modules selective Focusing Module (FM) and Multi-Resolution block
(MR) were introduced for obtaining selective focus based multi-resolution
contextual information. This helped reduce the error along the segmen-
tation boundary, for improved accuracy. Class imbalance was addressed
with Focal Loss (FL), to balance between precision and recall with proper
hyper-parameter settings. The EFMC achieved high accuracy and mini-
mal misclassification. Patch-based training was employed to handle over-
fitting, and was found to be robust across diverse CT image sources
– often surpassing state-of-the-art methods in performance. The novel
Leave-One-Patient-Out (LOPO) ensemble enhanced precise delineation
of anomalous regions, while categorizing disease severity based on limited
training data. Ablation studies corroborated its potential in CAD systems
for assisting radiologists.

• The novel Weighted Deformable U -Net (WDU -Net) of Chapter 3 was
designed for efficient segmentation of the regions-of-interest possessing no
discernible known geometric shape. It was applied for delineating COVID-
19-infected and lung cancer-affected regions of the lung, and was found to
outperform state-of-the-art models in multiple aspects. It could capture
irregularly-shaped regions using Deformable Convolution (DC) module,
while the Weight Generation (WG) module highlighted the relevant fea-
tures. The Focal Asymmetric Similarity (FAS) loss function, combining
Focal Loss (FL) and Asymmetric Similarity Loss (ASL), effectively ad-
dressed class imbalance. Patch-based training ensured balanced learning,
while enhancing overall performance. Combining outputs from ten classi-
fiers, through majority voting, refined the segmentation decisions. Bins of
separate patient samples were created, with one of these being kept for val-
idation in each fold. The WDU -Net demonstrated superior performance
in lung anomaly segmentation, with quick learning, good generalization,
and precise accuracy on the region of interest. It was observed that in
datasets where the ROI had a specific geometrical shape, both WDU -
Net and EFMC-Net performed equally well. However, when the ROI
lacked any distinctive geometrical shape, the WDU -Net was significantly
better. This was mainly due to its adaptability to the varying patterns
and shapes of such ROI. Reduced training and testing times, combined
with ensemble learning, contributed to its higher accuracy and robustness
while minimizing over-and-under segmentation.

• The new DEMF model of Chapter 4 effectively classifies lung images
as cancerous or healthy, and operates on multimodal images PET and
CT. Combining diverse classifiers through majority voting, the DEMF
improves robustness and minimizes overfitting. Ensembles help in lever-
aging varied model decisions to mitigate biases. The integration of five
base classifiers, in parallel, ensures efficiency and strong generalization
– even with limited data. Ablation studies and visualization underscore
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its efficacy in identifying cancerous regions. The PCAE fusion strategy
reduces dimensionality, by incorporating PCA and autoencoder compo-
nents, while producing robust outcomes.

• The Deep Generative Multihead Classifier (DGMC) of Chapter 5 could
detect and classify lung diseases from CT images, utilizing CTGAN for
data augmentation along with the generation of EIT-like slices for produc-
ing corresponding EIT-processed CT scans. It could successfully distin-
guish between lung cancer and COVID-19 infections, across seven datasets,
as validated through ablation studies and visualization. Learning the
structural details from CT images, in conjunction with the dynamic in-
sights obtained from the corresponding EIT-processed CT scans, allowed
enhancement of overall performance. Challenges in distinguishing be-
tween tumor-affected and COVID-infected regions were validated through
Grad-CAM visualization. The principle of the DGMC can be extended
to diverse imaging modalities and diseases; thereby, broadening its appli-
cability in multimodal medical image analysis.

These solutions are well-suited for industrial and real-life scenarios due to
their ability to automate complex image analysis tasks, thus enhancing their
diagnostic accuracy and efficiency. By leveraging deep learning and multimodal
imaging, these methods provided precise detection and delineation of lung infec-
tions and diseases. This is crucial for any timely intervention. The integration
of multimodal scans, along with novel network architectures, ensured compre-
hensive analysis; thereby, aiding in accurate diagnosis and effective monitoring.
These advancements hold potential to assist medical practitioners, by reducing
their manual workload and bias while allowing for better resource allocation and
patient management. Cost-effective treatment schedules can be derived from
these accurate diagnostic tools by facilitating early detection and personalized
treatment plans. All these would ultimately lead to improved patient outcomes
with optimized use of healthcare resources.

6.2 Limitations

The thesis focused on supervised learning. Although several challenges have
been addressed, there exist certain limitations.

• Dependence on labeled data: The models developed in this research
required labeled data. This is often expensive and time-consuming to
obtain, and might require expert knowledge.

• Limited to the scope of training data: The models were inherently
limited by the diversity and scope of the training data.

• Scalability: Training large supervised models can be computationally in-
tensive and time-consuming. As the dataset grows, the amount of compu-
tational resources and time required for training simultaneously increase.



6.3. Future Scope 115

• Sensitivity to noise and outliers: Appropriate preprocessing and
cleaning of data are essential to minimize the effect of noise and outliers.

• Need for retraining: Sometimes the models may need to be retrained
with new data, to preserve accuracy over time. This can be resource-
intensive.

• Potential for human error in labeling: Human-labeled data can be
subject to errors, biases, and inconsistencies; which can negatively impact
the performance of a model.

These limitations highlight the importance of careful data preparation, reg-
ular model evaluation, and the need for complementary approaches such as
unsupervised or semi-supervised learning in certain scenarios.

6.3 Future Scope

Deep learning models in clinical settings face challenges due to data variability
and patient demographics, which can affect their performance. Variations in
data quality, imaging protocols, and patient characteristics may hinder model
generalization across different populations or healthcare institutions. Addition-
ally, the ability of models to handle rare conditions or unseen manifestations
is crucial but remains a concern. Overcoming these challenges necessitates
robust model development strategies, including diverse training data and rig-
orous evaluation methodologies. Collaboration among healthcare institutions,
data scientists, and clinicians is essential for developing and deploying deep
learning models that demonstrate reliable performance across various patient
populations and clinical scenarios.

The thesis presented advancements in developing a pipeline for non-invasive
lung disease detection and diagnosis within the rapidly evolving field of medical
image analysis. While the algorithms and methodologies demonstrated efficacy
and efficiency in experimental settings, their real-world applicability requires
further investigation. Future investigations should involve testing the CAD
system with larger multi-institutional datasets encompassing diverse scanners,
modalities, and scan settings. Additionally, theoretical performance analysis of
the developed algorithms is warranted. The following outlines potential future
extensions of the research presented in this thesis.

• Enhanced algorithmic validation: Further validation of the segmenta-
tion algorithms (EFMC and WDU -Net) can be conducted on larger and
more diverse datasets to ensure their robustness across different patient
demographics and imaging conditions.

• Clinical integration and validation: Integration of the developed algo-
rithms into clinical practice settings for real-time validation and feedback
from healthcare professionals can provide insights into their effectiveness
in real-world scenarios.
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• Exploration of advanced strategies: Investigation of advanced deep
learning techniques, such as transformers and diffusion networks, could
lead to the development of more accurate and efficient models for disease
diagnosis and segmentation.

• Multimodal data fusion: Exploration of multimodal imaging data fu-
sion, including CT, PET, EIT, and others, can provide comprehensive in-
sights into lung pathology and improve the accuracy of disease detection
and characterization. Conditional Variational Autoencoders (CVAEs) can
be used for fusion purposes, due to their inherent ability for generating
data which is conditioned on additional information or labels. This can
enable controlled and specific data generation, allowing effective modeling
of complex relationships between input data and conditioning variables.

• Advanced machine learning algorithms: Incorporation of advanced
machine learning strategies, such as reinforcement learning and transfer
learning, can optimize model performance and adaptability to evolving
medical datasets.

• Clinical decision support systems: Development of AI-driven clinical
decision support systems can assist healthcare professionals in making
informed treatment decisions, by providing accurate and timely insights
into lung disease diagnosis and management.

• Collaboration with medical experts: Collaboration with medical ex-
perts and healthcare providers, for clinical validation and feedback, can
ensure the relevance and applicability of the developed algorithms in real-
world healthcare scenario.

• Iterative development process: The iterative process of development,
validation, and refinement, based on interactive feedback from medical
experts along with clinical validation studies, can lead to continuous im-
provement and optimization of the developed algorithms for improved
patient outcome and quality of care.
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