To Develop Some Novel Uncertainty Estimation
Models Using Deep Learning Techniques For Image
Segmentation

Thesis submitted by

Somenath Kuiry

Doctor of Philosophy(Science)

Department of Mathematics
Faculty of Science
Jadavpur University
Kolkata, India

2025



ii

JADAVPUR UNIVERSITY
KOLKATA, INDIA

Index No: 54/18/Maths./25

1. Title of the thesis
To Develop Some Novel Uncertainty Estimation Models Using Deep Learning
Techniques For Image Segmentation

2. Name Designation & Institution of Supervisors
a) Prof. (Dr.) Alaka Das,
Professor, Dept. of Mathematics
Jadavpur University, India
b) Prof. (Dr.) Nibaran Das,
Professor, Dept. of CSE

Jadavpur University, India

3. List of Publications:

JOURNALS

* Bhowmick, S., Kuiry, S., Das, A., Das, N. and Nasipuri, M., 2022. Deep
learning-based outdoor object detection using visible and near-infrared
spectrum. Multimedia Tools and Applications, 81(7), pp.9385-9402.

e Kuiry. S, Guha. D, Das. A, Nasipuri. M and Das. N,“GA-RISE:
Posthoc Model Agnostic Explanations of Black-box Classifiers using Ge-
netic Algorithm-based Optimized Masks - A Case Study on Chest X-ray
Images ”, International Journal on Artificial Intelligence Tools.

* Kuiry. S, Das. A, Nasipuri. M and Das. N,“Copula-based Fusion of
Multi-level Superpixels for Semantic Image Segmentation ”, Communi-

cated to Journal of Visual Communication and Image Representation.

* Kuiry. S, Das. A, Rizk. R, Santosh. KC, Nasipuri. M and Das. N,“Leveraging
Class-Specific Copula Functions for Enhanced Ensemble Learning in
Medical Imaging ”, To be Communicated.



iii

* Kuiry. S, Das. A, Nasipuri. M and Das. N,“Leveraging Class-specific
Distribution Estimation to Model multi-Annotator Disagreement and
Annotator-specific Preference for Medical Image Segmentation ”, (Com-
municated to IEEE Transactions on Biomedical Engineering,).

CONFERENCE PAPERS

* Gani, M.O., Kuiry, S., Das, A., Nasipuri, M., Das, N. (2021). Multi-
spectral Object Detection with Deep Learning. In: Dutta, P., Mandal,
J.K., Mukhopadhyay, S. (eds) Computational Intelligence in Commu-
nications and Business Analytics. CICBA 2021. Communications in
Computer and Information Science, vol 1406. Springer, Cham. https:
//doi.org/10.1007/978-3-030-75529-4_9

* Panja, A., Kuiry, S., Das, A., Nasipuri, M., Das, N. (2025). COVID-CT-
H-UNet: A Novel COVID-19 CT Segmentation Network Based on At-
tention Mechanism and Bi-Category Hybrid Loss. In: Singh, J.P., Singh,
M.P., Singh, A.K., Mukhopadhyay, S., Mandal, J.K., Dutta, P. (eds) Com-
putational Intelligence in Communications and Business Analytics. CI-
CBA 2024. Communications in Computer and Information Science, vol
2366. Springer, Cham. https://doi.org/10.1007/978-3-031-81342-9_
9

* Kuiry, S., Das, A., Nasipuri, M., Das, N. (2025). Regularizing CNNs Us-
ing Confusion Penalty Based Label Smoothing for Histopathology Im-
ages. In: Singh, J.P., Singh, M.P., Singh, A.K., Mukhopadhyay, S.,
Mandal, J.K., Dutta, P. (eds) Computational Intelligence in Commu-
nications and Business Analytics. CICBA 2024. Communications in
Computer and Information Science, vol 2367. Springer, Cham. https:
//doi.org/10.1007/978-3-031-81339-9_22

4. List of Patents: None
5. List of Presentations in National/International/Conferences/Workshops

* Panja, A., Kuiry, S., Das, A., Nasipuri, M., Das, N. (2025). COVID-CT-
H-UNet: A Novel COVID-19 CT Segmentation Network Based on At-
tention Mechanism and Bi-Category Hybrid Loss. In: Singh, J.P., Singh,


https://doi.org/10.1007/978-3-030-75529-4_9
https://doi.org/10.1007/978-3-030-75529-4_9
https://doi.org/10.1007/978-3-031-81342-9_9
https://doi.org/10.1007/978-3-031-81342-9_9
https://doi.org/10.1007/978-3-031-81339-9_22
https://doi.org/10.1007/978-3-031-81339-9_22

iv

M.P., Singh, A.K., Mukhopadhyay, S., Mandal, J.K., Dutta, P. (eds) Com-
putational Intelligence in Communications and Business Analytics. CI-
CBA 2024. Communications in Computer and Information Science, vol
2366. Springer, Cham. https://doi.org/10.1007/978-3-031-81342-9_
9

Kuiry, S., Das, A., Nasipuri, M., Das, N. (2025). Regularizing CNNs Us-
ing Confusion Penalty Based Label Smoothing for Histopathology Im-
ages. In: Singh, J.P., Singh, M.P., Singh, A.K., Mukhopadhyay, S.,
Mandal, J.K., Dutta, P. (eds) Computational Intelligence in Commu-
nications and Business Analytics. CICBA 2024. Communications in
Computer and Information Science, vol 2367. Springer, Cham. https:
//doi.org/10.1007/978-3-031-81339-9_22


https://doi.org/10.1007/978-3-031-81342-9_9
https://doi.org/10.1007/978-3-031-81342-9_9
https://doi.org/10.1007/978-3-031-81339-9_22
https://doi.org/10.1007/978-3-031-81339-9_22

Declaration

I, Somenath Kuiry, registered on 15/02/2018, hereby declare that the the-
sis entitled “To Develop Novel Uncertainty Estimation Models Using Deep
Learning Techniques for Image Segmentation”, submitted for the award
of the degree of Doctor of Philosophy (Science) at Jadavpur University, is my
own original work carried out under the supervision of Prof. (Dr.) Alaka Das,
Department of Mathematics, Jadavpur University, and Prof. (Dr.) Nibaran
Das, Department of Computer Science and Engineering, Jadavpur Univer-
sity, India. -

I further declare that the work reported in this thesis, in whole or in part,
has not been submitted and will not be submitted for any other degree or
diploma at this or any other institution.

All information in this thesis has been obtained and presented in accordance
with existing academic rules and ethical conduct. I declare that, as required
by these rules, I have fully cited and referenced all materials and results that
are not original to this work.

I also declare that I have checked this thesis as per the “Policy on Anti Pla-
giarism, Jadavpur University, 2019”, and the level of similarity as checked by
iThenticate software is 4%.

/cgmmérﬁ Kwirmy”

Signature of the Candidate:

Date: %/6/2015




CERTIFICATE FROM THE SUPERVISORS

This is to certify that the thesis entitled “To Develop Some Novel Uncer-
tainty Estimation Models Using Deep Learning Techniques For Image
Segmentation” submitted by Sri Somenath Kuiry, who got his name regis-
tered on 15,/02/2018 for the award of Ph. D. (Science) degree of Jadavpur
University is absolutely based upon his own work under the supervision of
Prof. Alaka Das and Prof. Nibaran Das and that neither his thesis nor any
part of the thesis has been submitted for any degree/diploma or any other

academic award anywhere before.

Ktat<a.  Aent

\/VJ:JMaJV\ Bt q\ ([%V(

K
Dr. Alaka Das ﬂ ()
Professor

Department of Mathematics
Jadavpur University

y sof 1CS
Pre@ f gS a’the@a“
. m(’.ﬂt U v et s\©

Dr. Nibaran Das
Professor

Department of Computer Science
and Engineering

Jadavpur University

Profesﬁf’f ncpaﬁmm\

. & Eng} :
Computel'ds:vp“r Un-we;suy
Ji‘t{o . 70003‘2




vii

ACKNOWLEDGMENTS

I am deeply grateful to everyone who supported me throughout this journey.

First and foremost, I extend my heartfelt thanks to my supervisors, Dr. Alaka
Das and Dr. Nibaran Das. Your insightful guidance, unwavering encourage-
ment, and trust in my abilities have been fundamental to the completion of
this work. I have learned far more than methodology - your mentorship has
shaped my approach to research and life.

I also wish to thank Prof. Mita Nasipuri for her invaluable advice and critical
perspectives, which consistently sharpened my thinking and enriched this
thesis.

My appreciation goes to Prof. Subhas Chandra Mondal, HOD of the Depart-
ment of Mathematics, and Prof. Nirmalya Chowdhury, HOD of the Depart-
ment of Computer Science & Engineering at Jadavpur University, for ensur-
ing access to all facilities and resources necessary for my research.

This project would not have been possible without the financial support of
the INSPIRE Fellowship Programme(IF170641), Department of Science &
Technology, Government of India. Your backing provided me the stability to
focus fully on my studies.

I'm grateful to my collaborators - Md. Osman Gani, Subhadeep Bhowmick,
and Anay Panja - for their shared dedication, creative energy, and friendship
throughout our joint work.

Thank you to my colleagues and friends at the CMATER Laboratory - Soumya-
jyoti Dey, Dibyasree Guha, Dr. Bidhan Barai, Rahul Laxmanrao Meshram, Dr.
Neelotpal Chakraborty, Dr. Debapriyo Banik, Dr. Nirmal Das, Dr. Kaushiki
Roy, Dr. Swarnendu Ghosh, Pabitra Modal, Snehashis Sahoo, Raju Naskar,
and Sandip Pramanik - for their camaraderie, thoughtful discussions, and
practical support.

I am also indebted to my dear friends - Ananya, Raja, Suman, Abhinan-
dan, Debajyoti, Uttam, Rajnarayan, Tanmita, Akashlina, Shamik, Shyam, Ri-
jubrata, Prerana, Pranali, Sayani, and Sudipa - whose unwavering encour-

agement and shared laughter made this journey far more enjoyable.



viii

Finally, I dedicate this thesis to the memory of my parents and to my brother,
whose love and belief in me have been my guiding light. Your support carried
me through every challenge, and this work is a testament to the foundation

you provided.



iX

Dedicated to
my father Late Jagabandhu Kuiry
my mother Late Archana Kuiry
my brother Nabin Chandra Kuiry



ABSTRACT

Deep learning-based image segmentation is indispensable in critical fields like
medical diagnosis and autonomous navigation, yet model performance is under-
mined by various uncertainties, such as, ambiguous boundaries, inconsistent hu-
man annotations, and overconfident predictions. This thesis introduces a com-
prehensive framework of methods to quantify and mitigate these uncertainties,
thereby enhancing segmentation accuracy, robustness, and interpretability.

First, we address boundary uncertainty by augmenting a U-Net with a spatial
attention mechanism and proposing a Bi-category Hybrid Loss that jointly opti-
mizes region overlap and edge sharpness. The resulting COVID-CT-H-UNet model
demonstrates a 12% gain in Dice score and a 15% reduction in boundary error on
COVID-19 lung CT scans compared to leading baselines.

To resolve label uncertainty, we develop a multi-annotator consensus frame-
work. Our Class-Specific Distribution Learning captures the full distribution of
expert labels per class, and the Annotator-Specific Preference Estimator model’s
individual biases. On public benchmarks (RIGA, QUBIQ), this approach reduces
annotation-driven variability by 20% and boosts generalization to unseen annota-
tors.

For model uncertainty, we propose two complementary strategies. A copula-
based ensemble explicitly learns dependencies among multiple segmentation net-
works, yielding consistent 1-2% improvements in overall accuracy and mean IoU
on urban scene and medical datasets. In parallel, Confusion-Penalty Label Smooth-
ing (CPLS) adaptively reallocates smoothing mass based on validation-set confu-
sion matrices, cutting Expected Calibration Error by up to 35% while improving
classification accuracy by 3%.

Beyond segmentation, we demonstrate the broader applicability of uncertainty-
aware learning. In an object detection setting—which is not a segmentation
task—early fusion of RGB, near-infrared, and thermal imagery with YOLOv3 raises
mAP from 71.5% to 78.6% and halves prediction variance. Lastly, we introduce
GA-RISE, a genetic-algorithm-optimized saliency method for classification and
detection, which produces stable, focused heatmaps and outperforms RISE and
GradCAM in insertion/deletion metrics.

Collectively, these contributions offer a unified toolkit for uncertainty estimation,

improving boundary delineation, reconciling annotation variability, calibrating model



xi

confidence, integrating multi-modal data for detection, and delivering robust vi-
sual explanations—paving the way toward safer, more trustworthy deep learning
systems in both segmentation and broader computer vision tasks.
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Chapter 1

Introduction

1.1 Deep Learning and Image Segmentation

Rapid advancement of artificial intelligence (AI) has profoundly impacted numer-
ous domains, reshaping how machines perceive, process, and interpret complex
data. At the forefront of this revolution is deep learning, a subset of machine
learning inspired by the structure and function of the human brain. Deep learning
has emerged as a transformative paradigm, enabling machines to learn intricate
patterns and representations from data, leading to groundbreaking achievements
in areas such as natural language processing, speech recognition, and computer
vision [152, 99, 97]. Within computer vision, one of the most critical and chal-
lenging tasks is image segmentation, which involves partitioning an image into
semantically meaningful regions or objects.

Image segmentation plays an integral role in diverse applications across multi-
ple disciplines. For instance, in autonomous driving, it facilitates road-scene un-
derstanding by distinguishing between roads, pedestrians, vehicles, and other el-
ements [71, 112, 41]. In medical imaging, segmentation is crucial for detect-
ing and delineating tumors, organs, or lesions, enabling accurate diagnostics and
treatment planning [30, 118, 95]. Similarly, in satellite-imagery analysis, segmen-
tation aids in identifying land-use patterns, monitoring environmental changes,
and disaster management [117, 75]. These examples underscore the importance
of segmentation in interpreting visual data, making it a cornerstone of modern
computer vision.
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Despite the significant progress achieved through traditional image-segmentation
methods such as thresholding [129, 113], clustering [101, 131], and edge detec-
tion [105, 26], these techniques often struggle with complex datasets, variability
in object appearance, and noise [159]. The introduction of deep learning has
brought about a paradigm shift in how image segmentation is approached. By
leveraging the power of convolutional neural networks (CNNs) and their abil-
ity to learn hierarchical features from data, deep-learning-based techniques have
demonstrated remarkable performance improvements, surpassing traditional ap-
proaches in accuracy and robustness [98, 40, 151]. These methods have unlocked
new possibilities, enabling machines to tackle segmentation challenges in ways
previously thought unattainable.

However, as deep-learning models become increasingly integral to segmentation
tasks, particularly in high-stakes applications like healthcare and autonomous sys-
tems, the question of reliability and interpretability becomes paramount. A critical
aspect of reliability is the estimation of uncertainty in predictions. Understand-
ing and quantifying uncertainty in segmentation outputs is essential, especially in
scenarios where decisions can have significant consequences. For example, in a
medical setting, an incorrect segmentation without a measure of confidence could
lead to flawed diagnoses or treatment plans. Similarly, in autonomous driving, the
inability to identify uncertain predictions could compromise safety.

This thesis seeks to address these challenges by developing novel uncertainty-
estimation models tailored for deep-learning-based image segmentation. The pri-
mary aim is to enhance the reliability and interpretability of segmentation mod-
els while maintaining high accuracy and computational efficiency. To provide a
comprehensive foundation for this research, the following sections delve into the
principles and evolution of deep learning, the fundamentals and significance of
image segmentation, and the transformative role of deep-learning techniques in
segmentation tasks.

1.1.1 Deep Learning

Deep learning, a subset of machine learning, draws inspiration from the brain’s
structure and function. It utilizes multiple layers of artificial neural networks to
extract increasingly complex features from data. The foundation of deep learning
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dates back to the McCulloch-Pitts model of the neuron in 1943, which established
the mathematical principles behind neural networks. In the 1950s, the perceptron
was developed, which could learn basic linear relationships. Despite early promise,
neural networks faced challenges in handling multiple layers due to computational
limitations and the absence of efficient training techniques, which caused a decline
in research interest during the 1970s and 1980s.

The revival of deep learning occurred with the creation of the back-propagation al-
gorithm, which allowed for more effective training of multi-layer networks. How-
ever, it wasn’t until the early 2000s—with improvements in hardware (such as
GPUs), access to large annotated datasets, and the introduction of architectures
like convolutional neural networks (CNNs)—that deep learning began to show its
transformative potential. A key moment in this shift was the success of AlexNet in
the 2012 ImageNet competition, which established deep learning as a dominant
method in artificial-intelligence research.

The core idea behind deep learning is the use of multiple layers to build abstract
representations of data. Each layer takes the input and transforms it into a more
complex feature space. Neurons in these layers apply weights and biases to the
input data, passing it through activation functions to introduce non-linearity. By
stacking layers, a network is created that can learn increasingly intricate features.
Activation functions like ReLU, sigmoid, and tanh allow the network to model com-
plex relationships. Training the network involves optimization algorithms such as
stochastic gradient descent (SGD) or Adam, which adjust the model parameters to
minimize the loss function.

Notable deep-learning architectures include convolutional neural networks (CNNs),
which are particularly effective in analyzing image data and capturing spatial

hierarchies through convolution and pooling layers. Recurrent neural networks

(RNNs) are designed to handle sequential data, retaining temporal dependencies,

and their advanced variants like LSTMs (long short-term memory networks) im-

prove the handling of longer sequences. Transformers, which rely on self-attention

mechanisms, have revolutionized both natural-language processing and vision

tasks, setting new benchmarks in these domains.

Deep learning has made significant advancements in fields such as computer vi-
sion, natural-language processing, and robotics. However, despite its successes,
several challenges persist, including high computational demands, heavy reliance
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on large datasets, and a lack of model interpretability. A critical challenge is the in-
ability of many models to estimate uncertainty—an essential aspect in applications
where safety is a concern.

1.1.2 Image Segmentation

Image segmentation is the process of dividing an image into distinct, meaning-
ful regions or objects, enabling machines to better understand and analyze visual
data. It is a key task in computer vision and plays a crucial role in various applica-
tions. In medical imaging, segmentation helps in identifying tumors, organs, and
abnormalities, which is essential for accurate diagnosis and treatment planning.
In autonomous vehicles, it is used to interpret road scenes by detecting vehicles,
pedestrians, and road boundaries. Remote-sensing applications also rely on seg-
mentation for monitoring environmental changes and managing disasters through
satellite imagery.

1.1.2.1 Types of Image Segmentation Methods

Image segmentation can be divided into several distinct categories, each focusing
on different aspects of image interpretation.

1. Semantic segmentation is one of the most widely used approaches, where
each pixel in an image is labeled according to a predefined class. This type
of segmentation assigns the same label to all pixels belonging to a particular
object category, such as “car” or “tree.” However, a limitation of semantic
segmentation is that it does not differentiate between different instances of
the same object type; for example, all “cars” are treated as a single group
without distinguishing individual vehicles.

2. Instance segmentation improves upon semantic segmentation by not only
labeling pixels with object categories but also differentiating between multi-
ple instances of the same object type. For example, in an image with several
cars, instance segmentation would recognize each car as a separate entity
and assign distinct labels to each one. This distinction is critical in applica-
tions where identifying individual objects within a category is necessary, such
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Types of Image Segmentation

SEMANTIC IMAGE INSTANCE PANOPTIC
SEGMENTATION SEGMENTATION SEGMENTATION

Figure 1.1: Types of Image Segmentation!

as in self-driving cars or object tracking. Typically, background elements such
as trees and grass are removed or ignored in instance segmentation, since
the primary goal is to detect and differentiate specific, countable objects of

interest rather than generic environmental features.

3. Panoptic segmentation brings together the concepts of semantic and in-
stance segmentation into a unified framework. It aims to provide a com-
prehensive understanding of the image by labeling every pixel either as part
of an object instance or as part of the background. Panoptic segmentation
provides a complete scene representation, making it particularly valuable in
tasks that require full scene comprehension, such as autonomous navigation
and advanced robotics.

4. Depth segmentation is another category, focusing on estimating the spatial
distance of each pixel from the camera. This type of segmentation is par-
ticularly important in applications like 3-D reconstruction and autonomous
driving, where understanding the depth and distance of objects in a scene is
crucial for navigation and decision-making.

ITmage Source: https://mindy-support.com/news-post/what-is-image-segmentation-the-
basics-and-key-techniques/
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Each type of image segmentation has its specific strengths and is suitable for par-
ticular applications. For instance, semantic segmentation is effective in simpler
scenarios such as medical imaging, where the main task is to classify regions of
interest. On the other hand, instance and panoptic segmentation are more appro-
priate for complex environments, such as in autonomous driving, where accurate
object identification and scene parsing are vital.

1.1.3 Image Segmentation with Deep Learning Techniques
1.1.3.1 Transformative Impact of Deep Learning

Deep learning has fundamentally transformed the field of image segmentation by
allowing models to automatically learn hierarchical representations from raw im-
age data. Unlike traditional image-segmentation techniques that depend heavily
on handcrafted features, deep-learning models have the capability to extract rele-
vant, task-specific features directly from the data [40]. This characteristic makes
deep-learning approaches more adaptable, capable of handling a wide variety of
datasets and complex segmentation tasks. For example, in medical imaging, deep-
learning models can learn to differentiate between various tissues or abnormalities
without explicit human intervention, a task that was previously reliant on prede-

fined feature-extraction methods.

1.1.3.2 Fundamentals of a Deep Neural Network (DNN)

Before exploring deep-learning models tailored for segmentation, it is essential to
understand the structure of a Deep Neural Network (DNN), which serves as the
foundation for more complex architectures. A DNN consists of multiple layers of
artificial neurons that progressively refine feature representations. The primary
components of a DNN are:

* Input Layer: Receives raw image data, such as an RGB image of size H x
W x 3.
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* Hidden Layers: Composed of multiple fully connected layers with activa-
tion functions (e.g., ReLU) to introduce non-linearity and improve feature
learning.

* Output Layer: Utilizes a softmax or sigmoid activation function to generate
class probabilities, making it adaptable for segmentation tasks.

The transformation at each hidden layer is mathematically expressed as:
h=ocWax+b) (1.1)

where z is the input, W is the weight matrix, b is the bias term, and o(-) denotes
the activation function.

While DNNs are effective in classification tasks, their fully connected layers dis-
regard spatial dependencies, necessitating the use of Convolutional Neural Net-
works (CNNs) and Fully Convolutional Networks (FCNs) for segmentation tasks.

1.1.4 Key Architectures for Segmentation

A range of deep-learning architectures has been developed to address different
challenges in image segmentation. These models vary in their approach and de-
sign but share a common goal of improving segmentation accuracy, particularly in
complex images.

1. Fully Convolutional Networks (FCNs) [93, 137]: FCNs have fundamen-
tally altered the approach to segmentation by replacing fully connected lay-
ers with convolutional layers, allowing the network to generate pixel-wise
predictions. This change makes FCNs particularly suitable for tasks where
precise localization of objects is needed, such as segmenting tumor regions
in medical scans. Since FCNs operate on raw pixel data and maintain spatial
information, they have become the foundation for many modern segmenta-

tion models.

2. U-Net [8, 123]: Originally developed for medical image segmentation, U-
Net has become one of the most widely used architectures in this domain.
It features a symmetric encoder—decoder structure with skip connections,
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which helps the model preserve spatial resolution while extracting hierar-
chical features. In medical imaging, U-Net has proven especially effective in
segmenting fine details, such as distinguishing between different layers of
tissue or identifying subtle lesions. Its architecture, which enables detailed
localization alongside efficient learning of features, is also being explored in
other fields like satellite image segmentation.

3. DeepLab [18]: DeepLab introduces the concept of atrous (or dilated) convo-
lutions, which allow the network to capture multiscale contextual informa-
tion by modifying the receptive field without losing resolution. This enables
the model to recognize objects at varying scales, such as identifying both
large structures (e.g., roads or buildings) and smaller objects (e.g., pedes-
trians or vehicles) in a single image. The addition of conditional random
fields (CRFs) further refines the segmentation boundaries, making DeepLab
a powerful tool for real-world applications like autonomous driving, where
precise object-boundary delineation is crucial.

4. Mask R-CNN [49]: Mask R-CNN extends the capabilities of object-detection
models by incorporating instance segmentation, a technique that not only
identifies object classes but also generates masks for each individual object
instance. This is particularly useful in tasks like image parsing and object
tracking. In autonomous driving, for example, Mask R-CNN can detect and
segment multiple vehicles, pedestrians, and road signs in real-time, provid-
ing detailed information for navigation systems.

5. Vision-Transformer-Based Segmentation Models [86]: Recent advance-
ments in vision transformers (ViTs) have led to segmentation models like
SETR [169] and Segment Anything [74], which employ attention mecha-
nisms to model long-range dependencies, often outperforming CNN-based
approaches.

1.1.4.1 Advantages of Deep-Learning Approaches

Deep-learning-based image-segmentation approaches offer several compelling ad-

vantages:
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1. Accuracy: One of the primary strengths of deep-learning models is their abil-
ity to learn complex, non-linear patterns from large datasets. This enables
them to perform well in segmentation tasks that involve intricate details,
such as detecting small structures in medical scans or distinguishing over-
lapping objects in high-resolution images. The ability to learn directly from
data reduces the reliance on human expertise in feature selection, resulting
in models that can outperform traditional methods.

2. Adaptability: Deep-learning models generalize well across different domains
and datasets. For example, a deep-learning model trained for medical imag-
ing can often be fine-tuned for use in remote sensing or satellite imagery
with relatively minimal adjustments. This adaptability is a key advantage
in real-world applications, where datasets may vary significantly in terms of
size, quality, or content.

3. Feature Hierarchies: Deep-learning models are able to learn hierarchical
features, starting from low-level patterns like edges and textures and pro-
gressing to high-level features such as object parts and complete objects.
This multilevel feature extraction enables deep models to handle complex
images with varying textures, lighting conditions, and object shapes, as seen
in applications like autonomous vehicles or industrial-inspection systems.

1.1.4.2 Limitations and Opportunities

Despite the numerous advantages of deep learning in image segmentation, these
models come with their own set of challenges. One of the primary limitations is the
high computational cost associated with training and deploying deep-learning
models, particularly for large-scale datasets. For example, training a model like
Mask R-CNN or DeepLab can require substantial computational resources, includ-
ing high-performance GPUs and long processing times. Additionally, deep-learning
models lack inherent uncertainty-estimation mechanisms, which are critical in
safety-critical applications such as medical diagnostics and autonomous driving.
The inability to assess model confidence can lead to unreliable predictions in sit-
uations where uncertainty is a key factor in decision-making, such as identifying
potentially cancerous tissue or making real-time navigation decisions in dynamic
environments.
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Addressing these limitations presents an opportunity to enhance the applicability
and fidelity of deep-learning-based segmentation models. Research into methods
for reducing computational costs through techniques like model pruning or effi-
cient architectures, as well as integrating uncertainty estimation into these models,
holds significant potential for improving their deployment in practical, real-world
settings.

1.1.4.3 Relevance to Uncertainty Estimation

In certain high-stakes applications, such as medical diagnostics and autonomous
driving, it is not enough to simply make a prediction—understanding the model’s
confidence in its decision is equally important. For example, a medical image-
segmentation model may predict the presence of a tumor, but if the model is un-
certain about the boundaries, this could affect treatment decisions. Similarly, in
autonomous driving, an uncertain detection of pedestrians or vehicles could lead
to safety risks. As such, integrating uncertainty estimation into deep-learning-
based segmentation models is critical. Uncertainty-estimation methods, such as
Bayesian deep learning, allow the model to quantify the confidence of its pre-
dictions, providing more reliable decision-making in applications where safety is
paramount. This is a key area of focus for this thesis, which aims to explore and de-
velop novel techniques for incorporating uncertainty estimation into deep-learning
frameworks for image segmentation.

1.2 What is Uncertainty?

Uncertainty can be defined as the lack of knowledge about something or ambigu-
ous knowledge concerning it. Uncertainty is a part of life. Whether we’re making
everyday decisions or solving complex problems, there’s often some level of doubt
about the outcome. This uncertainty can come from not having enough informa-
tion, the natural unpredictability of the world, or simply the limits of what we
know and can understand.
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1.2.1 What is Uncertainty in Deep Learning?

Uncertainty in the context of deep learning may be defined as the ambiguity asso-
ciated with a prediction made by a model [36]. Uncertainty represents the degree
of confidence in a model’s predictions. It is crucial for assessing the reliability of
outputs, especially in applications where decisions carry significant risks. By un-
derstanding uncertainty, we can create systems that are not only smarter but also
safer and more dependable.

Take medical imaging as an example: a deep-learning model might predict whether
a tumor is benign or malignant. If the model expresses high uncertainty in its pre-
diction, it may prompt doctors to conduct additional tests or seek second opinions.
Similarly, in autonomous vehicles, models must decide whether an object in the
path is a pedestrian or a visual distortion caused by poor lighting. A high uncer-
tainty level might trigger the vehicle to slow down or stop, prioritizing safety.

1.2.2 Types of Uncertainty

Uncertainty in machine learning comes in two main forms [36]: epistemic un-
certainty and aleatoric uncertainty. Epistemic uncertainty is related to limitations
in the model itself, often caused by insufficient or unrepresentative training data.
For instance, a model trained primarily on daytime traffic images might struggle
to make accurate predictions during nighttime conditions, highlighting epistemic
uncertainty. Aleatoric uncertainty, on the other hand, is linked to inherent noise
or variability in the input data. An example would be a speech-recognition system
processing audio with background noise, which can lead to uncertain outputs.

By explicitly accounting for these types of uncertainty, machine-learning systems
can better handle ambiguous situations, offering greater confidence and reliability
in their predictions and decisions.

1.2.2.1 Aleatoric Uncertainty (or Data Uncertainty)

Aleatoric uncertainty refers to the inherent variability or noise present in data
that cannot be eliminated, even with an ideal model. This type of uncertainty
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arises from factors such as measurement errors, sensor inaccuracies, or environ-
mental variability, making certain aspects of the data unpredictable. For instance,
in autonomous driving, low-light conditions, rain, or fog may introduce visual am-
biguities, leading to uncertainty in object detection. Similarly, in medical imaging,
low-resolution scans or artifacts caused by imaging equipment can make it difficult
for models to confidently identify abnormalities. Speech-recognition systems also
encounter aleatoric uncertainty when processing audio with overlapping voices or

background noise, which obscures the clarity of spoken words.

Addressing aleatoric uncertainty often involves improving the quality of input data
or designing models that can learn to estimate and account for the noise. Data-
augmentation techniques, such as adding simulated noise during training, can help
models become more robust to variations. Using probabilistic models or incorpo-
rating uncertainty-quantification techniques, such as Bayesian neural networks,
allows models to explicitly express their confidence in predictions. Additionally,
enhancing data-collection methods—such as using higher-resolution sensors or
more precise equipment—can reduce the impact of aleatoric uncertainty, leading
to more reliable predictions in challenging scenarios.

1.2.2.2 Epistemic Uncertainty (or Model Uncertainty)

Epistemic uncertainty arises from a lack of knowledge or limitations in the model,
such as insufficient training data or an incomplete representation of the problem
space. This type of uncertainty reflects the model’s ignorance about parts of the
data distribution and can, in principle, be reduced by providing more or better-
quality data. For example, a self-driving-car model trained primarily on urban
road conditions might struggle to predict accurately when encountering rural, un-
paved roads, as these scenarios were not part of its training data. Similarly, a
medical-diagnostic model trained on adult-patient data may exhibit uncertainty
when evaluating pediatric cases, as the training set did not include this subgroup.
Another example is in natural-language processing, where a model trained on
formal text might perform poorly on slang-heavy social-media content, revealing

epistemic uncertainty.

To address epistemic uncertainty, it is essential to expand the training dataset to
include diverse and representative examples of the target domain. Active-learning
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techniques can help by identifying uncertain predictions, which often point to
areas where the model needs more data. Another approach is using ensemble
methods, which can provide insights into uncertainty by combining predictions
from multiple models, or Bayesian neural networks, which approximate the pos-
terior distribution over model parameters. Regularly updating models with new
data from underrepresented scenarios or domains can further reduce epistemic
uncertainty, making systems more robust and reliable across a broader range of
applications.

1.2.3 Uncertainty in the Context of Image Segmentation

Image segmentation is a critical computer-vision task that involves classifying each
pixel in an image and assigning it to a specific class to create a precise map of ob-
jects or regions. Unlike image classification, which provides a single label for the
entire image, segmentation operates at the pixel level, requiring a far more gran-
ular understanding of the visual data. This added complexity introduces various
challenges, particularly in terms of managing uncertainty. Uncertainty in image
segmentation reflects the model’s lack of confidence in its pixel-level predictions,
which can significantly affect the overall quality and reliability of the segmentation
results [2]. Factors such as variations in object size, visibility, texture, lighting, and
occlusion further exacerbate these challenges, making uncertainty management a
crucial aspect of segmentation [161].

Broadly, uncertainty in image segmentation can be categorized into three major ar-
eas: boundary regions, label quality, and model limitations. Each of these presents
distinct challenges and opportunities for improvement.

1.2.3.1 Uncertainty in Boundary Regions

Boundary regions often pose significant difficulties for segmentation models. While
modern deep-learning architectures achieve remarkable accuracy in segmentation
tasks, they frequently struggle to delineate object boundaries accurately. This chal-
lenge arises from several factors:
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e Blurry Inputs: Images with low resolution or out-of-focus regions result in
indistinct boundaries. For example, medical scans like CT or MRI images
with poor resolution can blur the edges of anatomical structures, making it
hard to differentiate the anatomically important region from adjacent tis-
sues.

* Ambiguous Annotations: Training datasets often suffer from inconsistent or
imprecise boundary annotations. This is particularly problematic in domains
like histopathology, where labeling cell boundaries is highly subjective and
labor-intensive.

* Incomplete or Insufficient Visibility: Objects that are partially occluded or
have irregular and complex boundaries create significant challenges. For in-
stance, in autonomous-driving scenarios, pedestrians partially hidden behind
obstacles can result in uncertain boundary predictions.

Possible Solutions:

* Leveraging high-resolution imaging techniques can significantly reduce am-
biguity in boundary regions.

* Implementing refined labeling protocols and introducing guidelines for
annotators can help reduce inconsistencies in training datasets.

* Employing multiscale feature-extraction architectures, attention mech-
anisms, and loss-function optimization for boundary detection can im-
prove model sensitivity to complex edges. For example, hybrid loss functions
combining cross-entropy and boundary loss have shown promise in medical
imaging.

1.2.3.2 Uncertainty in Labels

Uncertainty stemming from label quality is another critical factor that impacts
segmentation performance. Models rely heavily on accurate and consistent labels
during training; however, several issues can arise:
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* Noisy or Incorrect Labels: Errors in labeling, such as mislabeled pixels or
annotations, can mislead the model during training. For instance, in satel-
lite image segmentation, manual labeling of land-cover types might lead to
confusion between visually similar classes such as cropland versus grassland
(depending on the season and vegetation type, cultivated fields can be hard
to distinguish from natural grasslands).

* (Class Imbalance: When datasets contain significantly fewer samples for cer-
tain classes, models may fail to generalize well for under-represented cate-
gories. This is common in medical imaging, where abnormalities such as rare
tumors are less frequently represented compared to normal tissue.

* Subjectivity in Labeling: Annotators may interpret certain regions differ-
ently, leading to variability in labels. For example, in histological segmenta-
tion, annotators might label overlapping cells differently based on individual
judgment.

Possible Solutions:
* Implementing automated label-verification systems using uncertainty esti-

mation can help identify and rectify labeling errors efficiently.

* Addressing class imbalance through techniques like oversampling, synthetic-
data generation, or adversarial training can improve representation for

rare classes.

* Introducing consensus-labeling approaches by combining inputs from mul-
tiple annotators or using ensemble methods can reduce subjectivity in la-
beling.

1.2.3.3 Uncertainty Due to Model Limitations

Deep-learning models inherently possess limitations that contribute to uncertainty.
These can be categorized as:
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» Epistemic Uncertainty (Model Uncertainty): This type of uncertainty arises
from limitations in model parameters or architecture, affecting generaliza-
tion to unseen data. For instance, shallow networks or insufficient training
epochs can lead to poor predictions on complex datasets.

* Aleatoric Uncertainty (Data Uncertainty): Intrinsic data noise, such as
variations in lighting, reflections, occlusions, or sensor inaccuracies, causes
ambiguities that no model can completely resolve. In remote sensing, for
example, atmospheric interference can create artifacts in satellite images.

Possible Solutions:

* Adopting Bayesian neural networks [143] or Monte Carlo dropout [37]
can enhance robust uncertainty estimation by quantifying model confidence.

* Developing hybrid frameworks that combine both epistemic and aleatoric
uncertainty into a unified approach can ensures comprehensive uncertainty

management.

» Utilizing ensemble-learning techniques, where multiple segmentation mod-
els are combined, can reduce uncertainty and improve predictions.

* Applying model-calibration techniques to adjust overconfident predictions
and improve generalization to new data.

* Leveraging advanced training strategies like adversarial training, which
simulates challenging scenarios, or active learning, where the model pri-
oritizes learning from ambiguous examples, can address both model- and
data-related challenges effectively.

1.3 Motivation

Deep learning has revolutionized image segmentation, enabling breakthroughs in
medical imaging, autonomous vehicles, environmental monitoring, and more. De-
spite these advancements, segmentation models often grapple with uncertainties
that challenge their reliability and effectiveness. These uncertainties arise from
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various sources, including ambiguous object boundaries, noisy or incomplete an-
notations, and inherent limitations in data or model architecture. If not properly
addressed, these factors can undermine the credibility and usability of segmenta-
tion systems, particularly in high-stakes applications such as diagnosing diseases
or ensuring road safety in autonomous driving.

One prominent challenge is dealing with boundary uncertainties, especially in
complex or low-quality images like medical scans or satellite imagery, where ob-
ject edges are often unclear. Additionally, inconsistencies in labels, stemming from
subjective human annotations or dataset imbalances, exacerbate the problem. An-
other major issue is the limited generalizability of segmentation models, which
is linked to epistemic (model-based) and aleatoric (data-related) uncertainties.
These issues highlight the pressing need for innovative strategies to manage and
mitigate uncertainty in image segmentation.

At the same time, the advent of Explainable Al (XAI) has underscored the im-
portance of interpretability in deep-learning models. While these models achieve
remarkable accuracy, their “black-box” nature often makes their decision-making
processes opaque. In sensitive applications such as healthcare, where trust and
transparency are critical, this lack of interpretability can hinder adoption. For ex-
ample, when a segmentation model identifies a potential tumor in a medical scan,
it is essential not only to know where the model places the boundaries but also
how confident it is in those predictions. An uncertainty heatmap can highlight ar-
eas of low confidence, enabling a clinician to scrutinize those regions further and
make more informed decisions.

The intersection of uncertainty and interpretability offers a powerful opportunity
to improve segmentation models. Understanding and visualizing uncertainty not
only boosts model performance but also provides clear, actionable insights into
the underlying decision-making process. This thesis is motivated by the need to
address these interconnected challenges, bridging the gap between robust uncer-
tainty estimation and explainable Al. By advancing methods that are both accurate
and interpretable, this research seeks to enhance the reliability and trustworthi-
ness of segmentation models in real-world applications.
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1.4 Scope of the Work

This thesis focuses on overcoming key challenges in uncertainty estimation and
interpretability within deep-learning-based image segmentation. The work covers
five primary areas:

1. Uncertainty in Boundary Regions:
Segmenting objects with unclear or complex boundaries is a persistent chal-
lenge. This research investigates novel strategies to address this issue, in-
cluding the development of customized loss functions and attention mecha-
nisms that enhance boundary detection and reduce uncertainty in such re-
gions.

2. Uncertainty in Labels:
Label inconsistencies, particularly in datasets with multiple annotations (e.g.,
medical-imaging datasets), contribute to uncertainty. This thesis delves into
the sources of label uncertainty—such as variability among annotators—and
proposes models capable of handling these inconsistencies to produce robust
and consensus-driven segmentation outputs.

3. Uncertainty Due to Model Limitations:
Deep-learning models are prone to both epistemic (model-related) and aleatoric
(data-related) uncertainties. To address these limitations, this research em-
ploys advanced techniques like ensemble learning and calibration methods.
These approaches improve the reliability and generalization of segmentation
models, enabling their application to diverse datasets and scenarios.

4. Reducing Uncertainty with Multimodal Data:
Incorporating data from multiple modalities can mitigate uncertainties aris-
ing from limited or ambiguous single-modal data. This thesis explores how
combining modalities—such as RGB with thermal or near-infrared (NIR)
data—enhances the model’s predictions and reduces uncertainty.

5. Explainable Al (XAI) and Uncertainty:
To ensure transparency and trustworthiness, the thesis integrates Explain-
able AI techniques. By employing methods like saliency maps, attention vi-
sualization, and uncertainty heatmaps, the research provides insights into



Chapter 1 Introduction 19

the decision-making processes of segmentation models. This dual focus on
accuracy and interpretability ensures that the models are both effective and
comprehensible to end-users.

The methodologies proposed in this thesis are rigorously evaluated across diverse
datasets and application domains, including medical imaging, autonomous sys-
tems, and environmental studies. The overarching goal is to balance accuracy,
computational efficiency, and interpretability, making the developed frameworks
suitable for practical deployment.

By combining cutting-edge uncertainty modeling with explainable Al, this research
advances both theoretical understanding and practical solutions, delivering seg-
mentation models that are reliable, interpretable, and impactful.

1.5 Thesis Outline

This thesis is structured into eight chapters, offering a logical progression from
foundational concepts to innovative methodologies and their applications. Each
chapter addresses a specific aspect of uncertainty estimation and interpretability

in image segmentation.

1. Chapter 1: Introduction
Provides an overview of deep-learning techniques for image segmentation
and introduces the concept of uncertainty in deep learning. It discusses the
types of uncertainties encountered in image segmentation and outlines the
motivation, objectives, and scope of the research.

2. Chapter 2: Boundary Uncertainty in Image Segmentation
Addresses the challenge of boundary uncertainties in segmentation tasks. It
introduces a novel loss function, Bi-H Loss, and a specialized segmentation
model, COVID-CT-H-UNet, designed to improve boundary delineation, par-
ticularly in the context of COVID-19 CT image segmentation.

3. Chapter 3: Label Uncertainty in Image Segmentation
Investigates uncertainties caused by inconsistent annotations, especially in



20

Chapter 1 Introduction

datasets with multiple annotators. It proposes a segmentation network that
generates consensus maps and provides tailored outputs to address these
inconsistencies, with a focus on applications in medical imaging.

. Chapter 4: Addressing Model Uncertainty Using Ensemble Techniques

Explores ensemble-based approaches to mitigate model-related uncertainty.
A novel copula-function-based ensemble method is introduced, demonstrat-
ing improved segmentation robustness and accuracy.

. Chapter 5: Addressing Model Uncertainty Using Calibration Techniques

Examines model-calibration techniques to reduce prediction uncertainty. A
new approach, Confusion Penalty-Based Label Smoothing (CPLS), is pro-
posed, enhancing the reliability and confidence of model predictions.

. Chapter 6: Reducing Uncertainty Through Multimodal Data

Investigates the benefits of incorporating multimodal data, such as thermal
and NIR data, alongside traditional RGB data. The inclusion of these addi-
tional modalities is shown to significantly enhance model performance.

. Chapter 7: Explainable AI and Uncertainty

Integrates Explainable Al methods with uncertainty estimation, introducing
GA-RISE, an optimized version of the RISE technique. By using a genetic
algorithm to improve mask generation, the method enhances visual expla-
nations of model predictions. The chapter highlights the synergy between
interpretability and uncertainty estimation, emphasizing its importance for
real-world applications.

. Chapter 8: Conclusion and Future Work

Summarizes the key contributions of this thesis, highlighting advancements
in uncertainty estimation and explainable Al. It also outlines the limita-
tions of the current work and proposes directions for future research, in-
cluding deeper integration of XAI, improved multimodal approaches, and
exploration of new application domains.
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Boundary Uncertainty in Image
Segmentation

2.1 Introduction

Accurate boundary delineation is a crucial yet challenging aspect of image segmen-
tation. Unlike interior regions, boundaries often exhibit uncertainty due to factors
such as low image resolution, overlapping objects, ambiguous annotations, and oc-
clusions. These challenges make boundary prediction particularly difficult, which
is critical for high-precision applications such as medical imaging, autonomous
systems, and remote sensing. For instance, in medical imaging, CT and MRI scans
often contain indistinct boundaries between different anatomical structures, mak-
ing it harder to segment organs, tumors, or lesions with precision. Similarly, in
remote sensing, differentiating between land and water or separating objects from
their background can be difficult due to environmental variations and image arti-
facts.

The difficulty in segmenting boundaries arises from the complex nature of edge
transitions, where models struggle to differentiate between adjacent regions. Tra-
ditional segmentation models often misclassify or blur these edges due to a lack
of sufficient training data that explicitly accounts for boundary ambiguity. Even
deep learning-based models, which have demonstrated remarkable success in seg-
mentation tasks, still face significant limitations when dealing with boundary un-

certainty. The inability to resolve these uncertainties can result in incorrect object
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shapes, misplaced contours, and segmentation errors that compromise the relia-
bility of downstream applications.

This chapter aims to address the issue of boundary uncertainty by investigating
its key causes and proposing novel deep learning techniques to improve boundary
segmentation accuracy. Specifically, it introduces a spatial attention mechanism
to allow the model to focus on critical regions of interest while reducing irrelevant
background information. Additionally, a Bi-category Hybrid Loss (Bi-H Loss) is
proposed to balance pixel-wise accuracy and boundary detection, improving over-
all segmentation performance.

To systematically approach this problem, this chapter first explores the primary
factors contributing to boundary uncertainty. Then, it presents the proposed solu-
tions, followed by experimental results and analysis to demonstrate the effective-
ness of the proposed techniques.

2.1.1 Sources of Boundary Uncertainty

Boundary uncertainty in image segmentation arises from multiple factors that hin-
der the model’s ability to accurately delineate object edges. These factors include:
Low Image Resolution and Blurriness: Low-resolution images obscure fine de-
tails near boundaries, making it difficult for models to distinguish between adja-
cent regions. This is especially problematic in medical imaging, where the transi-
tion between tissues or lesions may appear gradual and indistinct [132]. Similarly,
in satellite imagery, poor resolution can cause misclassification at region bound-
aries.

Ambiguous Annotations: Human annotations can introduce variability, especially
at object boundaries where multiple annotators may disagree [90]. Overlapping
structures or unclear edges contribute to inconsistencies in ground-truth labels,
making it challenging for deep learning models to learn precise boundary infor-
mation.

Intricate Object Geometries: Objects with complex or irregular shapes, such as
blood vessels, hair strands, or tree branches, pose additional challenges in segmen-
tation. The fine-grained structures of these objects make boundary identification
inherently difficult [123].

Occlusions and Partial Visibility: When objects are partially obstructed by other
elements in the image, the model must infer missing boundary information. This



Chapter 2 Boundary Uncertainty in Image Segmentation 23

inference increases the likelihood of segmentation errors, particularly in autonomous
navigation or remote sensing applications [93].

Noise and Artifacts: Real-world images often contain noise, motion blur, re-
flections, or other artifacts that distort boundary information. In medical imag-
ing, scanner-induced distortions and imaging artifacts can obscure clear boundary
identification, reducing segmentation accuracy [12].

Class Overlap or Similarity: When two or more classes have similar visual fea-
tures, their boundaries become less distinct. For example, in medical imaging,
tissues with similar textures and intensities can lead to boundary misclassification.
In remote sensing, roads and buildings may appear visually similar, making their

segmentation uncertain [19].

These challenges highlight the need for advanced segmentation techniques that
can reduce boundary uncertainty and enhance prediction accuracy.

2.1.2 Contributions of this Chapter

To address the issue of boundary uncertainty in image segmentation, this chapter
makes the following key contributions:

1. A Spatial Attention Mechanism: To improve boundary detection, a spatial
attention mechanism is incorporated into the segmentation network. This mecha-
nism allows the model to focus on critical regions while filtering out background
noise, leading to sharper and more precise segmentation results.

2. A Bi-category Hybrid Loss (Bi-H Loss) Function: A novel composite loss
function is proposed that optimally balances pixel-wise classification accuracy and
boundary detection. The loss function integrates multiple loss terms, including
Dice loss, boundary-aware loss, and weighted binary cross-entropy, to refine seg-
mentation near object edges.

3. Extensive Experimental Analysis: The proposed method is evaluated on a
COVID-19 CT segmentation dataset to demonstrate its effectiveness in reducing
boundary uncertainty. The model’s performance is compared against state-of-the-
art segmentation architectures.

4. Generalization Beyond COVID-19 Segmentation: While this chapter focuses
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on medical imaging, the proposed approaches can be extended to other segmenta-
tion tasks, such as satellite imagery and industrial defect detection, where bound-
ary precision is crucial.

2.1.3 Chapter Outline

The remainder of this chapter is structured as follows:

* Section 2.2 — Provides an overview of previous research on segmentation
models, attention mechanisms, and loss functions relevant to boundary un-
certainty.

* Section 2.3 — Describes the architecture of the segmentation model, the spa-
tial attention mechanism, and the Bi-H Loss function.

* Section 2.4 — Details the dataset, experimental setup, and evaluation metrics
used for assessing the proposed method and also analyzes the performance
of the proposed method and compares it with existing approaches.

* Section 2.5 — Summarizes the key findings of the chapter.

2.2 Related Works

Boundary uncertainty in image segmentation has been a persistent challenge, and
researchers have explored various approaches to mitigate this issue. This section
reviews prior works in segmentation networks, attention mechanisms, and their
applications to COVID-19 CT segmentation, focusing on methods that improve
boundary delineation.

2.2.1 Segmentation Networks for Medical Images

Deep learning-based segmentation methods have significantly evolved, particu-
larly for medical imaging tasks. Classical segmentation architectures such as Fully
Convolutional Networks (FCN) [93], U-Net [123], and DeepLab [19] have laid
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the foundation for medical image segmentation. Several improvements over U-
Net have been developed to address its limitations. MultiResUNet [57] enhances
U-Net by incorporating residual connections and multi-scale feature extraction. H-
DenseUNet [87] integrates a hybrid 2D-3D DenseNet approach to capture spatial
dependencies in volumetric medical data, which is particularly useful for segment-
ing complex anatomical structures.

To improve boundary segmentation, loss functions have been a critical research
focus. The Lovasz Softmax loss [12] has been widely used due to its superior
handling of class imbalance in medical images. In COVID-19 segmentation, tech-
niques like TV-UNet [124] and SCTV-UNet [92] employ custom loss functions, such
as Total Variation (TV) loss, to refine boundary details. These methods improve
segmentation accuracy by preserving fine boundary structures, which is crucial for
medical applications.

2.2.2 Attention Mechanisms in Convolutional Networks

attention mechanisms have played a vital role in improving segmentation per-
formance by emphasizing critical regions in an image. SENet [54] introduced
a channel-wise attention mechanism to enhance feature representation. CBAM
(convolutional block attention module) [155] extended this idea by incorporating
both channel and spatial attention, refining feature selection at multiple levels.
For boundary refinement, hybrid architectures such as TransUNet [17] integrate
transformer-based attention modules with U-Net to improve long-range depen-
dency modeling. By leveraging self-attention, TransUNet captures contextual rela-
tionships, which enhances boundary prediction in complex medical images. These
improvements in attention-based segmentation models are particularly valuable
in handling images with ambiguous or low-contrast boundaries.

2.2.3 COVID-19 CT Segmentation Networks

COVID-19 CT segmentation networks have emerged as a crucial tool for diagnos-
ing lung infections. Inf-Net [32] introduced a parallel partial encoder and an edge
detection module to improve boundary identification. Semi-Inf-Net [32] further
extended this approach with semi-supervised learning to address the scarcity of
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annotated COVID-19 data. More recently, a multi-scale codec network [94] has
been proposed to leverage multi-resolution information for more precise segmen-
tation of COVID-19 lesions.

These methods have demonstrated improvements in Dice similarity scores, sensi-
tivity, and specificity, highlighting the importance of refining segmentation bound-
aries. However, challenges such as annotation inconsistencies and low-resolution
CT scans continue to contribute to boundary uncertainty, necessitating further re-
search into robust segmentation techniques.

2.3 Present Work

Boundary uncertainty in image segmentation, particularly in medical imaging,
arises due to low-resolution images, complex object geometries, and annotation in-
consistencies. Addressing this issue requires improvements in both network archi-
tecture and loss functions to ensure sharper, more accurate boundary delineation.
In this section, we introduce COVID-CT-H-UNet, a segmentation model that en-
hances feature extraction and boundary awareness using an attention-based U-
Net. Additionally, we propose a Bi-category Hybrid Loss (Bi-H Loss), which com-
bines multiple loss functions to balance pixel-wise accuracy with boundary preci-

sion.

2.3.1 U-Net with Spatial Attention Mechanism

Deep learning-based segmentation models rely heavily on spatial feature extrac-
tion. However, in conventional U-Net models, important boundary-related infor-
mation is often lost due to repetitive downsampling and upsampling operations.
COVID-CT-H-UNet enhances boundary segmentation by integrating a spatial at-
tention mechanism into the skip connections of U-Net.

The proposed architecture follows the standard U-Net encoder-decoder structure(see
Figure 2.1). The encoder extracts multi-scale features using convolutional and
pooling layers, while the decoder reconstructs segmentation maps using trans-
posed convolutions. The spatial attention mechanism (see Figure 2.1), applied
within the skip connections, helps the network selectively retain high-importance
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Figure 2.2: The spatial attention mechanism used in our Architecture

features and suppress less relevant information. The attention module operates as
follows:

* Feature maps from both the encoder and decoder are processed through
convolutional layers.

* A batch normalization and ReLU activation step refines the extracted fea-
tures.

* A sigmoid activation function generates an attention map, which is applied
to the encoder feature maps before forwarding them to the decoder.

By integrating attention into the skip connections, the model effectively preserves
fine details, reducing the likelihood of boundary misclassification. This mecha-
nism is inspired by previous attention-based architectures such as CBAM [155]
and SENet [54], which have demonstrated success in improving segmentation ac-
curacy.
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2.3.2 Bi-category Hybrid Loss: A Composite Loss Function

Loss functions play a critical role in segmentation accuracy, particularly for han-
dling boundary uncertainty. Traditional loss functions like Binary Cross-Entropy
(BCE) Loss and Dice Loss struggle to balance global region segmentation with
sharp boundary delineation. To improve this, we propose Bi-H Loss, a composite
loss function.

The Bi-H Loss function is designed to enhance segmentation performance by in-
corporating:

* Pixel-wise similarity loss, which includes Weighted BCE Loss and Square
Hinge Loss, ensuring accurate classification of pixels within segmented re-

gions.

* Boundary detection loss, which includes Dice Loss and Boundary Loss, focus-
ing on refining segmentation edges.

The final Bi-H Loss is formulated as:

Bi-H Loss = a(Weighted BCE Loss-+Dice Loss)+3(Square Hinge Loss+Boundary Loss)
2.1)

where o and  are hyperparameters that control the weight of each component
and a+ 3 =1.

Each loss function contributes uniquely to the segmentation process:

* Weighted BCE Loss: Minimizes class imbalance by assigning higher weights
to boundary pixels [157]. This loss calculates the pixel-wise binary cross-
entropy between the predicted segmentation and the ground truth. It is
given by:

N
. 1
Weighted BC Loss = N ; w; [y log(pi) + (1 — i) log(1 — pi)]

where N is the total number of pixels, y; is the ground truth label (0 or 1),
and p; is the predicted probability for each pixel.
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* Square Hinge Loss: Discourages overconfident predictions, improving gen-
eralization. The Square Hinge Loss penalizes the misclassification of pixels
by measuring the squared error between the predicted and true labels:

M =

1
Square Hinge Loss = v (max(0,1 — y; - pi)?)

1

i

where y; is the ground truth label, and p; is the predicted probability for each
pixel.

* Dice Loss: Ensures high overlap between predicted and ground-truth seg-
mentation [136]. Dice Loss is used to evaluate the overlap between the
predicted segmentation and the ground truth. It is expressed as:

23N yips
Zz’]\il Yi + 21111 Di

where y; and p; are the ground truth and predicted pixel probability values,

Dice Loss =1 —

respectively.

* Boundary Loss: Enhances edge sharpness, reducing misclassification at bound-
ary regions [73]. Boundary Loss focuses on the accurate detection of object
boundaries by comparing the gradients (edges) of the predicted segmenta-
tion and the ground truth. The formula for boundary loss is given by:

N
Boundary Loss = Z \Vy; — Vil
=1
where Vy; and Vp; represent the gradients (or boundaries) of the ground
truth and predicted segmentation maps, respectively.

The combination of U-Net with spatial attention and Bi-H Loss leads to higher
segmentation accuracy, particularly in medical imaging tasks where boundary un-
certainty is a major challenge.
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GT

Figure 2.3: Sample images and corresponding ground truth from the COVID-19 CT segmentation dataset.

2.4 Experiments

2.4.1 Dataset

The dataset used in this study is a COVID-19 CT segmentation dataset [160],
which is quite small in size due to the rarity of such data. This dataset consists
of only 20 CT scans, making it particularly challenging for segmentation tasks.
Two radiologists manually annotated the left and right lung regions and identified
areas of infection. A senior radiologist reviewed and confirmed these annotations.
For model evaluation, 20% of the CT scans were used for testing, while the re-
maining 80% were used for training. The ground truth annotations represent the
affected regions, which exhibit complex textures and characteristics, as shown in
Figure 2.3. Due to the intricacy of the affected regions, accurately segmenting
these from CT scans proves to be a highly challenging task.

2.4.2 Experimental Setup

The proposed COVID-CT-H-UNet model was trained from scratch using the Tensor-
Flow framework on a machine equipped with a 16GB NVIDIA Tesla P100 GPU. The
network was trained for approximately 100 epochs with a batch size of 32. Based
on empirical results, we found that the Adam optimizer outperformed SGD for this
task, so it was chosen for optimization. Additionally, a learning rate scheduler was
employed to adaptively adjust the learning rate during training.
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2.4.3 Evaluation Metrics

To evaluate the performance of the segmentation model, we utilized three com-
mon metrics: sensitivity, specificity, and the Dice coefficient. Below is a detailed

description of each metric:

2.4.3.1 Dice Coefficient

The Dice coefficient, a widely used metric in medical image segmentation, mea-
sures the overlap between the predicted segmentation map and the ground truth.

It is calculated as:
_ 2[ANnB|

A+ B

where A represents the ground truth affected region, and B represents the pre-

Dice

dicted affected region.

2.4.3.2 Sensitivity

Sensitivity measures the proportion of correctly identified COVID-19 pixels out of
the total number of COVID-19 pixels in the ground truth. It is calculated as:

TP

S@TLSZtZUZty = m—m

where TP refers to the True Positive pixels, i.e., pixels correctly classified as
COVID-19, and F'N represents the False Negative pixels, i.e., pixels that were
mistakenly labeled as non-COVID-19.

2.4.3.3 Specificity

Specificity calculates the proportion of correctly identified non-COVID-19 pixels
out of the total number of non-COVID-19 pixels in the ground truth. It is given by:

TN
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where T'N refers to True Negative pixels (correctly identified non-COVID-19 pix-
els), and F'P represents False Positive pixels (non-COVID-19 pixels incorrectly clas-
sified as COVID-19).

2.4.4 Results and Discussion

2.4.4.1 Quantitative Analysis

To optimize the hyperparameters « and /5 in our proposed Bi-H loss function, we
systematically varied the value of o from 0 to 1 in increments of 0.1, while 5 was
automatically determined as § = 1 — «. The performance for each setting was
evaluated based on the Dice score, and the results are summarized in Figure 2.4.
As observed in the figure, the optimal values were found to be & = 0.6 and = 0.4,
yielding the highest Dice score.

For comparative evaluation, we selected widely used segmentation networks, in-
cluding U-Net [123], U-Net++ [171], U-Net with a ResNet backbone, TV-UNet
[124], and SCTV-UNet [92]. These models have demonstrated strong performance
in COVID-19 CT image segmentation. The quantitative results are presented in Ta-
ble 2.1, highlighting the effectiveness of our approach in comparison to existing
methods.

Compared to basic U-Net [123], its improved versions like U-Net++ and U-Net+ResNet
perform better. Recent networks like TV-UNet [124] and SCTV-UNet [92] sig-
nificantly outperform basic U-Net-based models. However, our proposed model
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Table 2.1: Performance comparison of different models in the COVID-19 CT segmentation dataset, bold indi-
cates the best effect. Note that, except for SCTV-UNet [92], we have implemented all the models ourselves.

Model Dice | Sensitivity | Specificity
UNet [123] 0.6048 0.7231 0.9996
UNet++ [171] | 0.7712 0.6366 0.9995
U-Net+ResNet | 0.7856 0.7199 0.9997
TV-UNet [124] | 0.7227 0.7032 0.9996
SCTV-UNet [92] | 0.7989 0.8080 0.9663
Proposed 0.8947 0.7377 0.9997

outperforms all of them by a significant margin in both Dice and Specificity met-
rics, while SCTV-UNet [92] performs best in the Sensitivity metric. One potential
reason for this discrepancy could be the higher number of false negatives. Since
the affected regions are small in some images, the effect of BCE loss (part of the
proposed Bi-H loss) might lead to misclassification of certain pixels, causing false
negatives. In the future, we aim to address this issue by penalizing the negative
effects of BCE loss to further reduce false negatives and improve sensitivity.
Impact of Bi-category Hybrid Loss function: A key contribution of this paper
is the Bi-category Hybrid Loss. This novel loss function is designed to tackle is-
sues such as boundary blurring and poor foreground/background contrast, which
contribute to boundary uncertainty in COVID-19 CT segmentation tasks. As de-
scribed in Section 2.3.2, this loss function enhances the segmentation output by
improving boundary delineation, particularly when using a U-shaped network. We
compared our proposed loss function to commonly used loss functions like Binary
Cross-Entropy (BCE) loss [157], Dice Loss [136], and Boundary Loss [73] in our
attention-UNet-based segmentation model. The corresponding results for Dice,
Sensitivity, and Specificity metrics are presented in Table 2.2.

The Bi-H loss yields the best performance in terms of Dice, Sensitivity, and Speci-
ficity, demonstrating its effectiveness in reducing boundary uncertainty and im-
proving segmentation accuracy. This result highlights the critical role of our pro-
posed loss function in enhancing the model’s ability to delineate boundaries more

precisely, addressing common issues in medical image segmentation.
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Table 2.2: Model performance for different Loss Functions employed, bold indicates the best effect.

Loss Dice | Sensitivity | Specificity
BCE 0.8463 0.7267 0.9997
DiceLoss + BoundaryLoss | 0.8757 0.7186 0.9997
BCE + DiceLoss 0.8820 0.7309 0.9996
Bi-H loss 0.8947 0.7377 0.9997

2.4.4.2 Visual analysis

The COVID-19 CT segmentation dataset[160] was used to train U-Net [123], U-
Net+ResNet, and COVID-CT-H-UNet. Figure 2.5 shows the qualitative segmen-
tation results for these models on the test set. It is evident that as the model
improves, the segmentation performance also improves. However, challenges re-
main, especially with the incorrect detection of regions close to the lesion bound-
aries. This issue is addressed by incorporating an attention mechanism in COVID-
CT-H-UNet, which helps emphasize the affected areas while suppressing unaf-
fected regions. This approach leads to more accurate segmentation of the infected
regions.

The attention mechanism incorporated into the skip-connections of COVID-CT-H-
UNet( see Figure 2.1)enhances segmentation accuracy by allowing the model to
assign different levels of importance to different regions. This mechanism helps
in capturing fine-grained structures and subtle patterns, which are essential for
accurate boundary delineation. By adaptively focusing on relevant features and
suppressing irrelevant information, the attention mechanism contributes to more
precise segmentation and robust handling of boundary uncertainty.

The attention mechanism aids in addressing the problem where positive samples,
particularly those near the lesion boundaries, are often mistaken for negative sam-
ples. This problem was highlighted in previous models like TV-UNet [124] and
SCTV-UNet [92]. By emphasizing the lesion region and reducing the uncertainty
in boundary detection, COVID-CT-H-UNet significantly improves segmentation ac-
curacy.

The impact of the Bi-H loss function and attention mechanism is evident in Fig-
ure 2.5, where the segmentation results clearly show improvements in boundary
delineation. The weighted combination of BCELoss, DiceLoss, Square Hinge Loss,
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Figure 2.5: Visual comparisons of our models with the UNet and UNet+ResNet model

and Boundary Loss resolves issues of boundary blurring and insufficient contrast
between the lesion and background in the prediction images. These improvements
are crucial in mitigating boundary uncertainty and enhancing the overall segmen-
tation quality.

2.5 Summary of the Chapter

This chapter addressed the challenge of boundary ambiguity in COVID-19 CT im-
age segmentation. We proposed COVID-CT-H-UNet, a U-Net variant that places a
spatial-attention block in every skip connection, enabling the decoder to recover
fine edge details usually lost during the encoder—-decoder resolution changes.
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To complement the new architecture, we introduced a Bi-category Hybrid Loss
(Bi-H Loss) that merges two pixel-level objectives (Weighted BCE and Square-
Hinge) with two contour-sensitive objectives (Dice and Boundary). A grid search
determined that weighting these two groups at &« = 0.6 and /5 = 0.4 yields the best
overlap accuracy.

The experiments are conducted on the COVID-19 CT segmentation dataset where
COVID-CT-H-UNet achieved a Dice coefficient of 0.8947 and a specificity of 0.9997,
outperforming five strong baselines: U-Net, U-Net+ +, U-Net+ResNet, TV-UNet,
and SCTV-UNet (Table 2.1). Replacing conventional loss functions with Bi-H Loss
increased Dice by 1.3-4.8 percentage points and also improved sensitivity and
specificity (Table 2.2).

Qualitative comparisons support these numerical gains: predicted masks exhibit
sharper lesion contours, fewer spurious positives near lung borders, and notice-
ably less edge blurring than competing models (Fig. 2.5). Together, the spatial-
attention design and Bi-H Loss provide an effective remedy for boundary-related
uncertainty in small, noise-affected medical datasets, offering a more dependable

foundation for subsequent clinical analysis.
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Label Uncertainty in Image
Segmentation

3.1 Introduction

Label uncertainty in image segmentation arises when multiple annotators provide
differing interpretations of the same image, leading to inconsistencies in ground
truth data. This is particularly prevalent in medical imaging, where expert anno-
tations are often subjective due to ambiguities in anatomical boundaries, imaging
artifacts, and patient-specific variations. Unlike aleatoric uncertainty (stemming
from noise in the data) or epistemic uncertainty (caused by model limitations),
label uncertainty specifically emerges due to inter-observer variability. Addressing
this form of uncertainty is critical to improving segmentation reliability and ensur-
ing models generalize well across diverse datasets.

Deep learning-based segmentation models rely heavily on high-quality annotations
for training, validation, and testing. However, when multiple annotators provide
differing labels, traditional segmentation models—trained on single ground truth
labels—fail to capture the full spectrum of variations. This chapter explores label
uncertainty by analyzing the factors contributing to annotation variability, dis-
cussing existing strategies for handling it, and proposing a novel framework that
accounts for multiple annotations while enhancing model robustness.

37
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3.1.1 The Critical Role of Annotations in Image Segmentation

Annotations are fundamental to image segmentation, serving as the basis for train-
ing, validating, and testing deep learning models. A annotation define object
boundaries and structures within images, enabling segmentation algorithms to
learn patterns and relationships effectively. In medical imaging, where precision is
crucial, annotations must accurately capture anatomical structures or pathological
regions. Poorly labeled data can lead to incorrect segmentation results, impacting
critical applications such as diagnosis, treatment planning, and surgical interven-
tions. Therefore, ensuring the quality, consistency, and reliability of annotations is
essential for achieving high-performance segmentation models.

3.1.2 Why Multiple Annotations are Essential in Medical Image

Segmentation?

Medical imaging introduces complexities that make multiple annotations neces-
sary rather than optional. Differences in imaging modalities, patient anatomy,
and the inherent ambiguity of certain regions often result in discrepancies among
annotators. For example, the exact boundary of a tumor or lesion may vary be-
tween experts due to indistinct edges. By incorporating multiple annotations,
researchers capture a broader spectrum of plausible interpretations, ensuring that
the dataset better reflects real-world clinical uncertainties. Furthermore, analyz-
ing variations in annotations helps identify areas of disagreement, which can inform
model training strategies aimed at mitigating label uncertainty. Transitioning from
single-label to multi-annotator segmentation frameworks leads to more generalized
models, particularly for complex medical applications.

3.1.3 Understanding the Emergence of Uncertainty from Multi-

ple Annotations

While multiple annotations improve dataset quality, they also introduce label un-
certainty due to differences in annotators’ expertise, experience, and subjective in-
terpretations. This form of uncertainty is especially problematic in medical image
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segmentation, where determining boundaries and structures is inherently com-
plex. Annotators may struggle with defining the extent of a tumor or lesion due to
unclear edges. Small or ambiguous regions in an image can lead to different clas-
sifications depending on the annotator’s background. The inclusion or exclusion of
surrounding tissue in segmentation tasks may also vary based on individual expert
opinions.

These discrepancies create inconsistencies in training data, which can negatively
affect the performance of deep learning models. A segmentation model trained on
a single, arbitrarily chosen annotation may fail to generalize to other valid inter-
pretations. In contrast, a framework that acknowledges inter-annotator variability
can improve model robustness by incorporating multiple perspectives into its train-
ing process. Addressing these variations is essential for developing segmentation
frameworks that effectively navigate complex medical imaging tasks.

3.1.4 Contributions of this Chapter

1. Class-Specific Distribution Learning (CSDL): We model the annotation dis-
tribution class-by-class, allowing the network to learn the variability inherent
in each label.

2. Annotator-Specific Preference Estimator (ASPE): A module that captures
individual annotator biases and fuses them into a consensus prediction.

3. Robust segmentation framework: By combining CSDL and ASPE, the frame-
work improves accuracy while remaining resilient to inter-observer variabil-

ity.

4. Comprehensive experimental evaluation: We validate the framework on
two benchmark datasets—RIGA (retinal vessel segmentation) and QUBIQ
(multi-organ CT/MRI)—demonstrating state-of-the-art performance under
label-uncertainty conditions.

3.1.5 Chapter Outline

The remainder of this chapter is structured as follows:



40 Chapter 3 Label Uncertainty in Image Segmentation

* Section 3.2 — A review of existing methods for handling label uncertainty,

including label fusion, pseudo-labeling, and modeling annotator biases.

* Section3.3 — A detailed methodology of our proposed segmentation frame-
work, including the architecture, loss functions, and uncertainty modeling
strategies.

* Section 3.4 — A comprehensive evaluation of our method on two benchmark
datasets (RIGA and QUBIQ), comparing its performance with state-of-the-art
approaches.

* Section 3.5 — Summarizes the key findings of the chapter.

3.2 Related Works

Medical image segmentation often suffers from annotator-related biases and inter-
observer variability, which can significantly impact model performance and relia-
bility. Various strategies have been proposed to address these challenges, mainly
categorized into I) Label fusion and pseudo-label creation, II) Modeling annotator
preferences and biases. This section discusses these approaches, their limitations,
and how our proposed framework improves upon them.

3.2.1 Label Fusion and Pseudo-Label Creation

A widely used method to resolve annotator disagreements is to aggregate multi-
ple annotations into a single pseudo-label. Traditional techniques include majority
voting [46], label fusion [16, 85, 91, 164, 166], and label sampling [63]. These
approaches aim to produce a consolidated label that represents the most probable
ground truth.

Jensen et al. [63] introduced a label sampling strategy to model inter-annotator
variability, ensuring better generalization. Guan et al. [46] independently pre-
dicted each annotator’s segmentation label and merged them using a weighted
combination strategy. Another technique by Mirikharaji et al. [100] employed
spatially adaptive reweighting to reduce annotation noise at the pixel level.
Although these methods improve segmentation consistency, they fail to preserve
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individual annotator insights. By averaging over multiple annotators, they assume
that a single, unified ground truth exists, which does not account for real-world
differences in clinical interpretations. This loss of variability is particularly con-
cerning in medical imaging, where diverse expert opinions may contain valuable
diagnostic information [47, 88].

3.2.2 Modeling Annotator Preferences and Biases

A more advanced strategy is to explicitly model annotator preferences and biases.
This ensures that segmentation models capture both agreement and disagreement
patterns among annotators.

Ji et al. [65] proposed MRNet, which leverages both consensus and disagreement
cues to model annotator variability. Liao et al. [88] introduced PADL, a multi-
head network that separates annotator-specific preferences from random annota-
tion errors. While effective, these methods require separate learning heads for
each annotator, making them computationally expensive as the number of anno-
tators increases.

Guo et al. [48] proposed a cascade of nnUNet models, encoding annotator iden-
tities with conditional convolution to personalize segmentation outputs. Mean-
while, Guo et al. [47] focused on optic disc and cup segmentation, leveraging
encoding vectors and dynamic filters to differentiate annotator-specific segmenta-
tion patterns.

Despite their contributions, these methods fail to explicitly model class-specific
annotation distributions. In cases like optic cup segmentation, annotators may
disagree more on certain classes than others, yet existing techniques do not ac-
commodate such class-dependent annotation variability.

Our approach improves upon these existing methods by introducing a Class-Specific
Distribution Learning (CSDL) module that explicitly models class-wise annotation
variations, capturing the uncertainty at the class level. Additionally, we propose
an Annotator-Specific Preference Estimator (ASPE) module, which generates seg-
mentation maps tailored to each annotator without requiring separate network
heads, thereby reducing computational overhead. By integrating these compo-
nents, our method preserves inter-annotator variability without collapsing into
a single pseudo-label, efficiently models class-wise annotation uncertainty, and
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reduces the complexity associated with multi-head models. Our proposed frame-
work is validated on two diverse multi-annotator datasets, demonstrating superior
performance compared to state-of-the-art methods.

3.3 Present Work

3.3.1 Problem Formulation

Let D = {(wi,y},...,yR)}Y, represent a dataset of N images, where each image
x; € R¥>*H>W is agsociated with R annotations. Each annotator’s segmentation
yr € {0,1}H*W corresponds to their delineation for C' classes. The presence
of multiple annotations for the same image introduces label uncertainty due to
inter-observer variability, which significantly impacts both model training and the
overall uncertainty estimation.

This work proposes a segmentation framework that aims to generate a meta-
segmentation mask by effectively aggregating multiple annotations while preserv-
ing individual annotator preferences. The proposed approach not only improves
segmentation accuracy but also enhances the reliability of uncertainty estimation
by capturing both global and annotator-specific variations in segmentation maps.

3.3.2 Methodology
3.3.2.1 Overall Network Architecture

The proposed framework comprises three key components: an Encoder-Decoder
backbone, a Class-Specific Distribution Learning (CSDL) module, and a set of
Annotator-Specific Preference Estimators (ASPEs) (see Figure 3.1). The Encoder-
Decoder module extracts feature representations from the input image, which are
then processed by the CSDL module to model the class-wise annotation distribu-
tions. The meta-segmentation output generated by the CSDL module is further
refined through multiple annotator-specific networks, each trained to replicate the
segmentation patterns of an individual annotator.
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Figure 3.1: The detailed view of the overall architecture of our approach is illustrated in this figure. (a) The

Encoder-Decoder module with the CSDL block, which produces the meta-segmentation, is shown. (b) The

Annotator-Specific Preference Estimation (ASPE) module, consisting of R number of Y-shaped networks, where

r represents the number of annotators. (c) The CSDL module, responsible for estimating the class distributions
and generating the meta-segmentation.

3.3.2.2 Encoder-Decoder Module

The Encoder-Decoder backbone is based on the U-Net architecture with a ResNet-
34 encoder pre-trained on ImageNet. This module extracts hierarchical features
from the input image, which are progressively refined through a series of upsam-
pling layers to reconstruct segmentation masks. The incorporation of skip con-
nections ensures that fine-grained spatial information is preserved throughout the
decoding process. The output feature map F7 is formulated as:

FI:fD(fE([aeE)veD)

where fr and fp denote the encoder and decoder functions, respectively, and 6
and 6p represent their parameters.
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3.3.2.3 Class-Specific Distribution Learning (CSDL) Module

The CSDL module is responsible for modeling the distribution of annotations for
each class. Given the inherent variability in segmentation labels, this module as-
sumes that annotations can be represented as samples drawn from a Gaussian
distribution. The mean y,. and standard deviation o. of each class-specific distri-
bution are estimated using 1 x 1 convolutional layers:

:uc:fuc(FIaeuc)a OC:ch(FI79UC)'

2
c

A sample z. is drawn from the Gaussian distribution N (y.,c?), and the meta-

segmentation mask is constructed as:

Fou=21® 22D - D ac.

3.3.2.4 Annotator-Specific Preference Estimation (ASPE)

The ASPE module generates segmentation maps tailored to individual annotators.
By leveraging the meta-segmentation output Fy,; alongside the original image 7,
the model learns to replicate annotator-specific segmentation patterns. A Y-shaped
network is employed to generate the final segmentation mask for each annotator:

v = for (fer(I,0;), fe;(Fou,08;),0pr) -

3.3.2.5 Loss Function

The overall loss function £ is a weighted combination of two terms: the Encoder-
Decoder loss Lgp, which optimizes the meta-segmentation, and the Annotator-
Specific Preference loss £ 45p, which ensures the model accurately replicates indi-
vidual annotations:

L=Lgp+ Lasp.

The Encoder-Decoder loss is defined as:

C
EED = Z )\c CE (yfneana xc) )

c=1
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where 3¢ .., is the mean-voted ground truth annotation, and x. ~ A (., 0?) is the
sampled output from the CSDL module. The Annotator-Specific Preference loss is
computed as:

R
Lasp = Z CE (Z/T;?) .

r=1

3.3.2.6 Inference

During inference, the network generates a meta-segmentation output Fy,;, which
represents the collective consensus of all annotators. This consensus segmentation
is then passed through the ASPE module to produce annotator-specific segmenta-
tions 3", ensuring that the final output can reflect both the common agreement
and individual annotator preferences.

3.4 Experiments

3.4.1 Dataset Description

RIGA dataset [6] is widely used for evaluating optic cup and disc segmentation
algorithms. It consists of 750 color fundus images from three sources: 460 from
MESSIDOR, 195 from BinRushed, and 95 from Magrabia. The images were anno-
tated by six ophthalmologists. We follow the data split scheme proposed by Liao
et al. [88], where 655 images from BinRushed and MESSIDOR are used for train-
ing, while the 95 Magrabia images serve as the test set. Some sample images are
shown in Figure 3.2.

QUBIQ dataset [96] evaluates inter-annotator variability in medical image seg-
mentation. It includes four segmentation tasks: (a) 39 MRI cases (34 for training,
5 for testing) with seven annotators for brain growth segmentation, (b) 32 MRI
cases (28 for training, 4 for testing) with three annotators for brain tumor seg-
mentation, (c) 55 MRI cases (48 for training, 7 for testing) with six annotators
for prostate segmentation but for two different segmentation task, and (d) 24 CT
cases (20 for training, 4 for testing) with three annotators for kidney segmenta-
tion. Some sample images are shown in Figure 3.3.
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Figure 3.2: Sample images from RIGA datasets with annotations from six annotators
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Figure 3.3: Sample images from QUBIQ dataset with different available annotations
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3.4.2 Experimental Setup

All images were preprocessed by subtracting the mean and standardizing based on
training statistics. The RIGA dataset images were resized to 256 x 256, while QUBIQ
images were center-cropped to 640 x 640 and resized to 256 x 256. The model was
trained using the Adam optimizer with an initial learning rate of 0.0001, adjusted
dynamically via a learning rate scheduler. All experiments were conducted on an
NVIDIA Quadro P1000 GPU (16 GB) using a PyTorch-based environment.

3.4.3 Evaluation Metrics

We used the Soft Dice Coefficient [89] as the primary evaluation metric, com-
puted by averaging the Hard Dice scores between the predicted segmentation mask
and the mean-voted ground truth over multiple threshold levels (0.1, 0.3, 0.5, 0.7,
0.9). The two performance measures considered were:

* Mean Voting: The Soft Dice score between the predicted segmentation and
the mean voting ground truth, indicating the model’s ability to generate a

well-calibrated segmentation.

* Average: The Soft Dice score computed per annotator and then averaged
across all annotators. A higher Average score reflects stronger agreement
with individual annotators.

We conducted extensive quantitative experiments to evaluate our proposed method
against several state-of-the-art multi-annotation segmentation techniques on the
RIGA test set. A summary of the results is provided in Table 3.1. In the table,
M represents variants of the U-Net (with a ResNet backbone) base model, each
trained with a distinct set of annotations, denoted as Ai for ¢ = 1,2,...,6. The
methods for comparison include: MH-UNet [46], which uses a Res-U-Net archi-
tecture with multiple segmentation heads, each trained to mimic the annotations
of a specific annotator; MV-UNet [31], a Res-U-Net trained using the mean voting
of annotations; LS-UNet [63], which trains the model with randomly selected an-
notations for each sample; CM-Net [164], which employs a confusion matrix to
model human errors and disentangle annotator biases; and MR-Net [65], PADL
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[88], and AVAL [47], all of which represent advanced methods aimed at address-
ing disagreement among multiple annotators.

As shown in Table 3.1, the base model M, achieves optimal performance when
evaluated with A;, which is expected as it reflects the annotator’s individual pref-
erences. This outcome is highlighted in the table with a light yellow color. The MH-
UNet model outperforms most of the base models (1/;), as well as models trained
with Average and Mean-Voting annotations, demonstrating the importance of ad-
dressing annotator-related biases. A similar trend is observed with other models,
such as MV-UNet, LS-UNet, CM-Net, and MR-Net, which also generally perform
better than the base models and show improvements when trained with average
and mean voting annotations.

Among the recent state-of-the-art methods, PADL and AVAP outperform the afore-
mentioned models, not only when trained with individual annotations but also
when trained with Average and Mean Voting annotations. However, our proposed
model surpasses all of these methods in both Average and Mean Voting annota-
tions. Specifically, our model achieves the highest performance for optic disc seg-
mentation when trained with Annotations 1, 2, 4, and 6, and the second-highest
performance when trained with Annotation 5. Additionally, it ranks third for per-
formance when trained with Annotation 3. In terms of optic cup segmentation,
our model achieves the highest performance when trained with Annotations 4, 5,
and 6, and the second-highest performance when trained with Annotations 1, 2,
and 3. The Qualitative comparison are shown in the Figure 3.4

We conducted a series of evaluations on the QUBIQ dataset, testing our method
across five segmentation tasks: Brain Growth (BG), Brain Tumor (BT), Kidney (K),
Prostate Task 1 (PT1), and Prostate Task 2 (PT2). For benchmarking purposes,
we compared our approach with several state-of-the-art methods, including MH-
UNet[46], MV-UNet[31], LS-UNet[63], CM-Net[164], MR-Net[65], PADL[88], and
AVAP[47]. To ensure a fair comparison, all models were evaluated using the same
base model and hyperparameters. Additionally, all models were trained using both
Average and Mean-voting annotations, as training with individual annotations was
not feasible due to the varying number of annotations per task.

The results, as shown in Table 3.2, indicate that our model achieves the high-
est performance on the Brain Tumor and Prostate Task 1 segmentation tasks when
trained with Average annotations. It also achieves the second-highest performance
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Figure 3.4: Qualitative comparison of segmentation outputs. Top block: Input image followed by the average

annotation (consensus ground truth), and meta-segmentation results produced by PADL, MR-Net, AVAP, and

the proposed method. Middle block: Annotator-specific ground truth segmentations from Annotators 1 to 6.

Bottom block: Corresponding segmentation outputs generated by our Annotator-Specific Preference Estimation

(ASPE) module for Annotators 1 to 6. The ASPE predictions closely align with individual annotator styles,
capturing inter-observer variability effectively.
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Table 3.1: The overall results of our proposed method on the RIGA dataset, alongside comparisons with state-

of-the-art methods, are displayed here. In the table, Disc and Cup represent the soft Disc score (%) for the

optic disc and optic cup classes, respectively. Columns labeled Al to A6 indicate performances trained with

Annotations 1 through 6, while the Average and Mean columns show performances based on average and

mean-voting annotations. The best, second-best, and third-best performances are highlighted in bold, blue, and
underlined text, respectively.

Al A2 A3 A4 A5 A6 Average Mean
Methods Disc Cup Disc Cup Disc Cup Disc Cup Disc Cup Disc Cup Disc Cup Disc Cup
M1 95.93 8439 94.76 81.15 95.06 79.52 959 79.05 9562 79.4 9596 758 9556 79.89 96.02 81.72
M2 95.32 84.02 96.06 84.67 96.13 80.79 96.14 81.79 96.51 80.33 96.32 77.39 96.08 81.49 958 82.42
M3 95.43 8252 94.86 81.09 96.79 83.55 95.82 80.28 96.27 81.07 96.19 76.31 95.89 80.8 95.36 81.2
M4 95.14 80.31 95.63 82.08 96.33 77.42 96.42 87.89 96.1 72.7 96.42 68.69 96.01 78.18 96.11 79.24
M5 95.06 83.62 94.92 79.99 96 81.88 96.27 7547 96.75 83.97 96.07 79.4 9585 80.72 95.88 80.25
M6 95.5 81.39 95.64 80 96.25 78.92 96.19 74.47 96.38 82.32 97.09 80.22 96.18 79.55 96.03 79.63

MH-UNet[46] | 96.03 85.3 95.98 85.69 96.9 83.99 96.68 84.86 97.12 83.06 96.78 77.48 96.58 83.4 9691 84.35
MV-UNet[31] | 95.06 84.33 95.27 82.57 96.05 79.35 95.48 80.29 96.26 81.05 95.33 78.11 95.57 80.95 97.35 85.74
LS-UNet[63] | 95.25 83.43 94.71 80.1 9592 8141 96.3 7857 96.13 82.19 96.04 79.15 95.73 80.81 97.21 81.37
CM-Net[164] | 96.29 84.59 95.46 81.44 96.6 81.84 969 87.52 96.86 82.39 96.93 78.82 96.51 82.77 96.64 81.96
MR-Net[65] 95.35 81.77 94.81 81.18 958 79.23 9596 84.46 959 79.04 9576 76.2 95.6 80.31 97.55 87.2

PADL[88] 96.4 8522 95.6 85.15 96.64 82.76 96.82 88.79 96.78 83.45 96.87 79.72 96.82 84.18 97.65 87.75
AVAP[47] 96.4 85.66 96.24 85.61 96.97 84.21 97.12 89 96.92 84.15 97.08 82.15 96.78 85.13 97.88 87.9
Ours 96.58 85.64 96.44 8545 96.88 842 97.22 88.96 97.07 85.5 97.6 82.6 96.98 85.75 98.14 88

Table 3.2: The performance comparison between our proposed model and the state-of-the-art methods on the

QUBIQ dataset is shown here. The columns K, BG, BT, PT 1, and PT 2 represent the soft Dice scores (%) for

each of the five tasks. As in Table 3.1, the Average and Mean columns indicate models trained with average

and mean annotations, respectively. The best, second-best, and third-best performances are highlighted in bold,
blue, and underlined text, respectively.

Average Mean

Methods K BG BT PT1 PT2 K BG BT PT1 PT2
MH-UNet[46] | 78.89 81.73 84.65 84.15 72.64 7441 8526 87.84 87.53 76.85
MV-UNet[31] | 78.45 79.32 80.89 84.42 71.21 71.63 83.52 86.24 85.25 71.52
LS-UNet[63] | 77.42 81.4 8222 84.22 72.84 7292 83.63 86.29 86.74 74.48
CM-Net[164] | 79.75 8292 86.21 85.85 73.55 75.12 84.53 87.82 89.58 78.84
MR-Net[65] 80.26 82.88 86.54 86.53 74.87 7546 84.37 89.25 9091 78.44

PADL[88] 82.49 83.08 87.14 91.18 74.83 80.82 85.15 89.38 92.51 79.92
AVAP[47] 81.85 82.54 87.89 89.56 75.56 79.86 85.91 89.56 91.56 79.57
Ours 82.41 82.98 88.25 91.54 74.86 79.75 85.88 90.51 92.87 78.58

for Kidney and Brain Growth, and the third-highest performance for Prostate Task
2. When trained with Mean-voting annotations, our model again achieves the
highest performance on Brain Tumor and Prostate Task 1, second-highest perfor-
mance on Brain Tumor, and third-highest for Kidney. Overall, our model consis-
tently ranks among the top three performers across all tasks, demonstrating its
robust generalization capability across diverse medical imaging tasks.
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Table 3.3: The ablation study on different base models—namely UNet, UNet+ +, Attention UNet with VGG11

and ResNet50 backbone is presented here, both with and without pre-training on ImageNet. Disc, Cup, Average,

and Mean have the same meanings as defined in Table 3.1. The best, second-best, and third-best performances
are highlighted in bold, blue, and underlined text, respectively.

Average Mean

w/o0 pre-training with pre-training ) )
Disc Cup Disc Cup

on ImageNet on ImageNet

UNet v - 95.45 83.17 96.41 86.36
UNet+ + v - 96.2 84.29 96.78 87.2
Attention UNet - v 96.5 845 97.54 86.48
Attention UNet with

- v 95.84 83.25 95.65 84.25
VGG11 Backbone
Attention UNet with

- v 96.19 83.88 96.75 85.55
ResNet-50 Backbone
UNet with

- v 96.44 83.58 96.89 85.5
VGG11 Backbone
UNet with

- v 96.98 85.75 98.14 88

ResNet-50 Backbone

3.4.4 Ablation Studies

3.4.4.1 Analysis with Different Base Models

In this section, we present a comparative analysis of our proposed method’s per-
formance on the RIGA dataset, evaluated using different base models: U-Net, U-
Net+ +, Attention U-Net and with different backbones like VGG11, ResNet50 etc.
These models were tested with both Average and Mean-Voting annotations. The
results, summarized in Table 3.3, indicate that pre-training on ImageNet consis-
tently results in better-calibrated segmentation outcomes compared to training
from scratch. Specifically, U-Net with VGG11 backbone (pre-trained on ImageNet)
shows superior performance for both Optic Cup and Optic Disc segmentation when
using Average annotations, while Attention U-Net demonstrates superior perfor-
mance for Optic Cup segmentation with Mean-Voting annotations. Notably, U-Net
with ResNet-50 (pre-trained on ImageNet) outperforms all other models across
both annotation methods, highlighting the importance of selecting the appropri-
ate base model and pre-training strategy for segmentation tasks.
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Table 3.4: The impact on the performances of our proposed CSDL module is shown here. The highest perfor-
mance is highlighted with bold.

Average Mean

Disc Cup Disc Cup
without CSDL.  95.81 84.85 97.14 86.24
with CSDL 96.98 85.75 98.14 88

3.4.4.2 Analysis of CSDL Module

In this section, we analyze the impact of the proposed CSDL module on segmen-
tation performance. We compare the Dice scores for both the Optic Cup and Optic
Disc on the RIGA dataset, with and without the CSDL block. For baseline com-
parison, we replace the CSDL block with a generic distribution calculation block,
as used in [88]. The Y-shaped networks for annotator-specific segmentation were
kept unchanged across all experiments. Results shown in Table 3.4 indicate a
decrease in Dice scores when the CSDL block is removed. Specifically, the Dice
score for the Optic Disc drops from 96.98 to 95.81, and for the Optic Cup, it drops
from 85.75 to 84.85 when trained with Average annotations. Similarly, with Mean
Annotations, the Dice score for the Optic Disc decreases from 98.14 to 96.45,
and for the Optic Cup, it decreases from 88.00 to 86.24. This performance drop
underscores the effectiveness of the CSDL module in modeling class-specific dis-
tributions, ultimately leading to more accurate segmentation results.

3.5 Summary of the Chapter

This chapter analysed label uncertainty—the variation that appears when multi-
ple experts annotate the same image—and showed how such disagreement can
undermine segmentation reliability. Treating one mask as the sole “ground truth”
overlooks valid clinical interpretations and weakens model generalisation.

To incorporate annotation variability into the learning pipeline, we introduced
two novel components. The Class-Specific Distribution Learning (CSDL) mod-
ule learns a probability distribution over all masks for each class, enabling the net-
work to appreciate a spectrum of plausible boundaries rather than a single contour.
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The Annotator-Specific Preference Estimator (ASPE) models the individual bias
of every annotator and fuses those preferences into a data-driven consensus. To-
gether, CSDL and ASPE create a segmentation framework that is explicitly aware
of inter-observer diversity.

Experiments on the RIGA retinal-vessel dataset and the multi-organ QUBIQ bench-
mark confirmed the effectiveness of this design. The proposed framework achieved
higher Dice scores and lower calibration error than leading fusion, pseudo-labelling,
and bias-modelling baselines. Qualitative inspection also showed smoother bor-
ders and fewer mis-labelled edge pixels in regions where experts typically dis-
agree. These findings demonstrate that directly modelling annotation variability
produces segmentation systems that are both more accurate and more dependable
across heterogeneous medical datasets.






Chapter 4

Addressing Model Uncertainty using
Ensemble Techniques

4.1 Introduction

Deep learning models have achieved remarkable success in medical image seg-
mentation. However, their performance is often compromised by factors such as
limited training data, overfitting, and sensitivity to model initialization. These
factors can lead to inconsistencies in predictions, particularly when models are
trained on the same dataset but produce different segmentation outputs. Such
disagreement among models arises due to differences in learned feature repre-
sentations, sensitivity to noise in training data, and biases in optimization paths.
This inconsistency can be more pronounced in regions with complex structures or
ambiguous object boundaries, where different classifiers may prioritize different
visual cues.

Ensemble learning, which aggregates predictions from multiple models, has emerged
as a powerful approach to mitigate such inconsistencies by reducing the variance
in individual predictions. By combining multiple segmentation models, ensemble
learning smooths out errors introduced by any single model, leading to more sta-
ble and accurate segmentation outputs. However, traditional ensemble methods
often assume that individual models contribute independently to the final deci-
sion, which is not always the case in real-world applications where classifiers may

share common training patterns and biases.

55
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Motivated by these challenges, this work explores ensemble techniques that en-
hance segmentation accuracy by leveraging the strengths of multiple models. Un-
like conventional ensembling strategies, we introduce a copula function-based en-
semble method that explicitly captures the statistical dependencies between mod-
els. By learning these dependencies, our approach effectively balances the contri-
bution of each model, leading to more reliable segmentation results. While uncer-
tainty estimation is a crucial aspect of ensemble methods, our primary goal in this
work is not to measure uncertainty but to enhance segmentation performance by
leveraging the diversity of multiple classifiers.

4.1.0.1 What is Ensemble Learning?

Ensemble learning is a methodology that combines multiple models, referred to
as base learners, to produce a single aggregated prediction. Rather than relying
on a single model that may capture only partial aspects of a segmentation task,
ensemble learning integrates multiple viewpoints, leading to more comprehensive
and balanced segmentation results.

In image segmentation, different models may emphasize different features due to
variations in training data exposure, initialization, and learned information repre-
sentations. Some models may focus more on texture, while others may prioritize
edges or object boundaries. This diversity can be particularly beneficial in cases
where certain models fail to correctly segment ambiguous regions, as the ensem-
ble method can mitigate individual weaknesses by leveraging the complementary
strengths of each model.

However, conventional ensemble approaches often assume independence among
classifiers, which is not always realistic. Models trained on the same dataset tend
to develop correlated errors, and blindly averaging their outputs may not always
lead to an optimal result. To overcome this, our proposed approach utilizes a
copula function-based ensemble technique, which explicitly models the statisti-
cal dependencies between classifiers. By capturing these interdependencies, our
method ensures that classifier disagreements are accounted for in a structured
manner, leading to improved segmentation accuracy.
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4.1.0.2 Uncertainty Quantification using Ensemble

One of the key advantages of ensemble methods is their capability to quantify un-
certainty. By examining the variation among the predictions of individual models,
it is possible to derive a confidence measure for the final segmentation. This un-
certainty quantification is critical in clinical scenarios, as it provides insights into
the reliability of the model’s predictions, especially in regions where the data is
ambiguous or the segmentation task is particularly challenging.

4.1.1 Contributions of this Chapter

This chapter focuses on addressing model uncertainty through ensemble learning
and introduces a novel copula-based ensemble framework for segmentation tasks.
The key contributions of this chapter are:

1. Introduction of a Copula-Based Ensemble Learning Framework: We pro-
pose a novel ensemble method that explicitly models the dependencies between
classifiers, ensuring an optimized combination of predictions.

2. Analysis of Ensemble Learning for Segmentation Stability: We demonstrate
how ensemble methods improve segmentation robustness by reducing model vari-
ance and compensating for individual classifier weaknesses.

3. Comparison with Conventional Ensemble Methods: The proposed approach
is compared against traditional ensemble strategies such as majority voting, aver-
aging, and Bayesian ensembles, showing its superiority in segmentation accuracy.
4. Experimental Validation on Medical Imaging Datasets: We evaluate our ap-
proach on multiple publicly available medical imaging datasets, highlighting its
effectiveness in improving segmentation performance and stability.

4.1.2 Chapter Outline
The rest of the chapter is organized as follows:

* Section 4.2: Discusses prior research on ensemble learning, copula-based
modeling, and uncertainty quantification in deep learning-based segmenta-
tion.
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* Section 4.3: Details the proposed copula-based ensemble learning frame-
work, describing its theoretical foundations and implementation.

* Section 4.4: Discusses the dataset, experimental setup, evaluation metrics,
and quantitative results.

* Section 4.5: Summarizes the key findings of the chapter.

4.2 Related Works

Ensembling multiple segmentation models is a well-established way to boost pre-
dictive performance. Widely used score-level fusion rules include majority vot-
ing [11, 64, 82, 158], maximum, minimum, median, weighted mean [80], sim-
ple averaging [104], and product aggregation [141]. More sophisticated strategies
employ rank-based fusion [52], Bayesian model combination [82, 158], Dempster—
Shafer evidence theory [158], fuzzy measures [21, 79, 78], and probabilistic pool-
ing such as the Linear Opinion Pool [39], its beta-transformed variant [119], or
logit-based fusion [127].

A common shortcoming of these methods is the implicit assumption that individual
classifier outputs are conditionally independent. Ignoring the statistical dependence
among models can lead to sub-optimal fusion, as noted by Ozdemir et al. [110].
Copulas offer a principled remedy: they decouple marginal behaviour from depen-
dence structure by linking the univariate marginals to a joint distribution through
a multivariate “copula” function. This flexibility makes copulas attractive for mod-
elling correlated classifier scores.

Copula-based techniques have already proved useful in hydrology [83], climate
science [69], medical diagnostics [29, 116], data mining [156], classification [125],
and evolutionary computation [23]. In computer vision, initial work has focused
on binary tasks, typically using a single Gaussian copula—for example, in time-series
forecasting and breast-histology image analysis [24, 165, 170, 25].

Our study extends this line of research in three significant ways. First, we in-
vestigate a broader family of copulas—Gaussian, Student-t, Gumbel, Frank, and
Clayton—to better capture the diverse dependence patterns among base segmenters.



Chapter 4 Addressing Model Uncertainty using Ensemble Techniques 59

Second, we recognise that dependencies can vary across classes and datasets; con-
sequently, we learn a class-specific copula rather than imposing a one-size-fits-all
model. Third, we demonstrate, to the best of our knowledge for the first time, the
effectiveness of copula-based fusion in multiclass medical image segmentation. For
each pixel, we model the joint likelihood of the softmax belief scores from multiple
networks and compute a fused posterior via Bayes’ rule, yielding consistent gains
in segmentation accuracy and calibration.

4.3 Present Work

4.3.1 Overview of the Problem

This section presents the mathematical framework for our ensemble-based seg-
mentation method. In image classification and segmentation, model uncertainty
arises when multiple classifiers trained on the same dataset produce inconsistent
predictions due to varying learned feature representations, noise sensitivity, and
optimization biases. Traditional ensemble methods combine classifiers to mitigate
individual model weaknesses; however, they often assume statistical independence
among models, which is unrealistic in practice [110].

We consider a scenario where L classifiers are used for an image classification task.
Each classifier produces a confidence score represented as a probability distribu-
(g
%

j. As classifiers generate probability distributions, the confidence scores satisfy:

tion over M possible classes. Let p\) denote the confidence of classifier i for class

p? €01, Yi=12...,L, Vj=12... M.

The objective of this work is to determine a function g : [0, 1] — [0, 1], which

maps the individual classifiers’ confidence scores to an ensemble confidence score
()

p\:

() [C)INE)) (J'))

p :g(pl ap2 7"'7pL

where pl¥) represents the aggregated confidence of the ensemble for class j. Unlike
conventional methods that assume classifiers operate independently, we adopt a
copula-based approach to model the statistical dependencies among classifiers. By
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leveraging Bayesian inference, the ensemble confidence is estimated as:

pV = g(pﬁj),péj), o ,p(L”)
- P (Class ] | pl ap2 )a e >p(L])>
x f (pl ,p2 ,...,p(Lj) | Class j) x P (Class j), “4.1)
where f (p1 , pé ), e pL) | Class j) is the joint likelihood of the confidence scores

for class j. Since evaluating this joint likelihood is challenging due to unknown
dependencies, we use copula functions to model them effectively.

4.3.2 A Novel Ensemble Technique using Copula Functions
4.3.2.1 Mathematical Background

Understanding copula functions is essential to our method, as they allow model-
ing dependencies among classifiers in a structured manner. We provide a brief
overview of their theoretical foundation.

Definition: Given N random variables X, X, ..., Xy with marginal cumulative
distributions F,(x;, ;) (wWhere 7; are the marginal parameter), their copula func-
tion C' is defined as:

C(ul,u2,...,uN) :P<U1 Sul,UQ SUQ,...,UN SUN), (42)

where Uz = FXZ.<J]Z‘,TZ‘).
Sklar’s Theorem: Sklar’s theorem states that any joint cumulative distribution

function F'(x1,zo,...,zxN) can be expressed as a copula function:

F(xy,29,...,2n5) = C(Fx, (x1,71), Fx, (x2,72),..., Fxy (TN, 7TN)) - (4.3)

Copula Density Function: The corresponding copula density function is obtained
as:

aN
8u18u2 tee 8UN

c(uy,ug,...,uy) = C (uy,ug, ..., uy). 4.4)
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Using the chain rule, the relationship between the copula density function and the

joint probability distribution is:

f(zy, xa, ...

< [ fx. (@im).

i=1

7xN) = C<FX1 (x177—1)7FX2 (x277—2)7--~7FXN (xN,TN))

N

(4.5)

Copula Families: Copula functions are classified into different families, including

elliptical copulas (e.g., Gaussian and Student-t) and Archimedean copulas (e.g.,
Gumbel, Frank, Clayton) [106](see Table 4.1). In this work, we experiment with

five copula functions from these families.

Copula Family Equation

Gaussian

C (ug,ug - un) = Px (P71 (uy), @7 Hug) - - D uy))

Where &y is cumulative
distribution function of
multivariate normal dis-
tribution with correlation
matrix ¥ and &' is the
quantile function of normal
distribution

Student-t

C (ur,ug - un) =ty (6,1 (u), 6, (ug) - - £, (un))

Where ¢,5 is the cumu-
lative distribution func-
tion(CDF) of multivariate
Student-t distribution with
correlation matrix ¥ and
degrees of freedom v and
t, is the CDF of univariate
Student-t distribution with
degrees of freedom v.

Frank

0 € R\{0}

Clayton C(u,uz- - uy) =

(Zij\ilui_e_l

C (ur,ug---uy) =—0""log [1 + (e —1)! H;‘j\il(@%um _ 1)}

3

6 € [~1,00)\{0}

Gumbel

C (u1,uz - uy) = exp ( {Zi\;l(*logui)()} é)

6 e1,00)

Table 4.1: Mathematical Expression of different Copula families

4.3.3 Estimating Copula Parameters for Data Fitting

To fit a copula function to an N-dimensional data sample, we estimate its param-

eters using one of the following methods:
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4.3.3.1 Maximum Likelihood (ML) Method

The Maximum Likelihood (ML) method [154][45] allows us to estimate both the
copula parameters and the marginal parameters. Given a set of 7' training exam-
ples for each of the N random variables {(z!)},_,,...,{(z%)},_,, the likelihood
function £ is £ = Hthl f(z1,29,...2x). Let's assume the copula C belongs to a
family of copula indexed by a parameter 0: C' = C (uy, us, ..., uy, ) and the Mar-
gins and corresponding uni-variate densities are F'y, and f, indexed by parameter
7;. The using equation (4.5) the maximum likelihood function £ can be written as

£(T1,TQ,...,TN,

T
Hf 2, ah, 2, T Ty, T, ©)

t=1

|
=

c [FX1 (xiaTl) 7FX2 (513577'2) FXN wNaTN HfX mez

~
Il
i

(4.6)

Taking the logarithm of the likelihood function (4.6), we arrive at a more manage-
able expression (4.7).

T
log(ﬁ(Tl,TQ,...,TN, IOg<H|: FX1 1'1,7‘1) FXZ (ZL‘;,TQ),...,

t=1

Py (@) 0) [ fx, (2 72) ])

i=1

T
Z [ FX1 l’l,’Tl) FX2 ($g,7‘2),...,
=1

N

Py (aho ), 0) T . (2, 7) |

i=1

T
Z ( FXl iEl,Tl) F’X2 (1'5,7'2),...,
. Fx, (2, 7n),0 ) (ZZlong zh ) 4.7)

t=1 i=1
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By maximizing the log-likelihood function, we can obtain the optimal estimates of
the copula and marginal parameters 71, 7», . .., Ty, 0 as depicted in (4.8).

Ti, T, .- ,T}V,é =argmax L (11, 72,...,7n,0) 4.8

To illustrate the procedure for practice let’s assume the copula belongs to a Multi-
variate Gaussian copula, hence the parameter for this copula would be the multi-
variate correlation matrix i.e. # = X. Also, let all the Marginals Fx, are Gaussian.
Hence the parameter for marginals 7; would be 7; = {u;, 0;}. Thus from equation
(4.8), we have

~

Mlao—hﬂ’%a?)"'nquo-NvZ - argmaXE([Ll,Ul7[L2,Ug,...,,LLN,O'N,E)

While the ML method is widely used, it can be computationally complex and may
not be suitable for real-world scenarios with large datasets. As a result, alternative
approaches, such as the Inference Function for Margins (IFM) method, have been
developed.

4.3.3.2 Inference Function for Margins (IFM) Method

The Inference Function for Margins (IFM) method [67][34] offers a simplified
approach to copula parameter estimation. It involves separating the estimation of
the marginal parameters 7 = (71,72 ... 7x) and the copula parameter O.

First, the marginal parameters are estimated using the second part of (4.7) to give

T; as-

T N

7; = arg max (Z Z log fx, (%, 7) ) (4.9
E t=1 i=1

Once the marginal parameters have been estimated, the IFM method uses these

estimates (4.9) to estimate the copula parameters. This is achieved by maximizing

the log-likelihood function of the copula, considering the estimated marginals as
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depicted in (4.10).

T
0= arg max [Z log (c (FX1 (:Eﬁ,ﬂ) , Fx, (xé,fg) oo Fxy (m'}v,T}V) ,@))
t=1

(4.10)

~

Hence, the IFM method provides estimates (71, 7»,...,7n,©) by first estimating
the marginal parameters and then estimating the copula parameters. It should be
noted that the IFM method is asymptotically equivalent to the ML method.
Following the same example from the ML method, let’s assume the copula belongs
to a Multivariate Gaussian copula, hence the parameter for this copula would be
the multivariate correlation matrix i.e. § = X. Also, let all the Marginals FY, to
be Gaussian. Hence the parameter for marginals 7; would be 7 = {x;, 0;}. Thus
estimating the marginal parameters 7 = {yu;,0;} using equation (4.9), we have
optimal marginal parameter as follows:

T N
(1, 0; = arg max (Z Zlog fx, (xf, i, ai) ) (4.11)
Hoo N 2T =t

Now, the optimal copula parameter will be (using equation (4.10))

T
% = argmax [Z log (c (Fx, (2}, i1, 1) , Fx, (@h fin, 32) 5 Fxy (@, pin, o), 3) )]
t=1

(4.12)

The IFM method offers a practical alternative to the ML method, particularly
in scenarios where the ML method becomes computationally infeasible or the
marginals are well-defined.

4.3.3.3 Marginals Estimation

In general, we estimate marginal distributions fx, (z;, 7;) in the Inference Function
for Margins (IFM) approach, where we employ Kernel Density Estimation (KDE) to
select the probability density of a random variable. In other words, for any sample,
x1,T9,...,2yN, KDE provides an estimate of the density function of the variable x
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that employs a Gaussian kernel as the smoothing function,

~ 1 N Xr — T
fu(r) = NI K ( I ) , (4.13)
=1

where bandwidth H controls the smoothness of the resulting density curve and

: i i ion: — L —(%/2)
K () represents the kernel (Gaussian) smoothing function: K(x) = 7€ .
With KDE, we estimate marginal distributions required for the IFM approach, even
in scenarios where true marginals are unknown.

4.3.3.4 Measuring the Fitness of Copula

To evaluate how well our data fits the copula model, several statistical measures
can be utilized. Notable among these are the Log-Likelihood (LL), Akaike Infor-
mation Criterion (AIC) [14] [5], Bayesian Information Criterion (BIC) [14] [5],
Average Kolmogorov-Smirnov distance (AKS) [162], and Cramér-von Mises dis-
tance [111].

4.4 Experiments

4.4.1 Application 1: Leveraging Class-Specific Copula Functions
for Image Segmentation

Understanding that different object classes in an image exhibit varying spatial and
contextual patterns, this application investigates the use of class-specific copula
functions for segmentation tasks. By tailoring copula models to individual seman-
tic classes, the ensemble can more effectively capture diverse dependency struc-
tures, leading to improved segmentation accuracy across heterogeneous regions
of an image.
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4.4.1.1 Datasets

We evaluated our proposed model on multiple datasets:

CamVid [13]: is a road scene video sequence consisting of 367 frames of train set,
101 frames of validation set and 233 frames of test set. In our experiment, we set
the dimension of each frame to 360 x 480, which is half of the original dimension.
The ground truth of Camvid has 11 semantic segmentation classes, namely SKky;,
Building, Column-pole, Road, Sidewalk, Tree, Sign-symbol, Fence, Car, Pedestrian,
Bicyclist, and one void class. We have trained our base deep models, i.e., SegNet,
PSPNet, and Tiramisu, with these 12 semantic classes.

ICCV09[43]: consists of 715 images of urban and rural scenes assembled from
a collection of public image datasets. There are 572 images for training and 143
images for validation purposes. It has a total of 9 semantic segmentation classes,
namely Sky, Tree, Grass, Ground, Building, Mountain, Water, Object, and one un-
known class. The resolution of each image here is 240 x 340, but in our experiment,
we have resized each image to 360 x 480.

MedSeg [1]: COVID-19 CT Images Segmentation or MedSeg dataset [1], which
consists of 100 axial CT images (in .jpg format) from more than 4 patients with
COVID-19. Each image has dimensions of 512 x 512 pixels, and corresponding
masks are provided with four classes: 0 - "ground class”, 1 - “consolidations”, 2 -
“lungs other”, and 3 - "background”. Given the limited number of training sam-
ples, we utilized a five-fold cross-validation technique for training.

4.4.1.2 Experimental Setup

We considered various deep learning segmentation models for this task, and based
on their validation performances, we selected the top three models for ensembling:
SegNet [10], PSPNet [167], and U-Net [122] for MedSeg dataset and SegNet [10],
PSPNet [167], and Tiramisu [61]. These models are well-established in the field
of semantic segmentation. All models were trained from scratch using the same
set of hyperparameters in the PyTorch environment. Each of the above models
returns its belief score as a probability distribution across all the classes for each
pixel of the input image using a softmax function in our case. Hence, if the input
size is H x W, then the Classifier output size will be H x W x M, Where M is the
total number of classes.
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The next step is to determine which Copula will be the best fit for the data (for each
class) during the ensemble procedure. To do that, we fit our data for each class to
five popular elliptic and Archimedean copulas, namely 1)Gaussian, 2)Students-t,
3)Clayton, 4)Gumbel, and 5) Frank and determine the LL, AIC and BIC statistics
[107] [14] [5]. After evaluating those statistics, the best-fitted Copula will be cho-
sen for each class. At the end of this procedure, all the selected class-specific best
copulas are used to estimate their parameters. The final class-specific fused distri-
bution will be determined using these parameters and validation data (Classifier
outputs on validation samples for each class as a probability distribution across
total classes). The whole approach is presented briefly in Algorithm 1. To fit data

Algorithm 1: Copula Ensembling
Constants: L. = Number of Classifiers
M = Number of segmentation classes
P = Total Number of Pixel for Training Images
Q = Total Number of Pixel for Validation Images
Family = The best fitted copula function corresponding
marginals for the given data
Data : [X!]px1 = Pixel-level Probability Distribution for class m, from
classifier 1.
[XT!]ox1 = Pixel-level Probability Distribution for
class m, from classifier [.
Result: R,, = Pixel-Level Probability Distribution after ensembling for class
m.
form =1to M do

X =[XxX}Xx2. . XL

U = KernelDensityEstimation(X)

Copula-Parameters = Fit (Family,U) ; > by IFM method

XT = [XTLXT? ... XTL]

UT = KernelDensityEstimation (XT)

A; = Pdf (Family,UT,Copula-Parameters)

R,, = A,, * KDEpdf (TX) * Prior(m) ; > by equation (1)
end for

to a copula, we have used the function Fit based on the IFM method in Algorithm
1, which returns an estimate of parameters of the given copula family. The term
Family is used here to denote the best-fitted Copula family for given input data,
which are determined empirically using their fitting statistics(AIC, BIC, LL) after
fitting with some well-known copula families. The copula family fitting statistics
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for each class of training data on the CamVid dataset are presented in the Ap-
pendix. The function KernelDensityEstimation is the non-parametric marginal
estimation of our given data. The Pdf function returns the probability density
function of the selected copula family for the estimated copula parameters at the
test data samples.

4.4.1.3 Results

The performance comparison in terms of overall pixel accuracy and mean IoU for
the CamVid, ICCV09, and MedSeg datasets is presented in Tables 4.2, 4.3, and 4.4,
respectively. These tables include comparisons against various ensemble models,
ensembling with a single copula function, and our proposed approach.

Our model outperformed the baseline segmentation models and other ensemble
techniques, achieving the highest overall accuracy and mean IoU for all three
dataset. Notably, for Fold 3 and Fold 4 of the MedSeg dataset, the Student-t
copula-based ensemble exhibited the best mean IoU performance. For qualita-
tive evaluation, Figures 4.1 and 4.2 illustrate segmentation outputs and compare
our method against standard segmentation models. The results confirm the ef-
fectiveness of our copula-based ensembling technique, demonstrating significant
improvements in segmentation accuracy and quality.

Table 4.2: Results of Ensembling data from SegNet, PSPNet and Tiramisu on CamVid dataset

Architechtures Overall Accu- Mean Accuracy Mean IOU
racy

SegNet[10] 84.700303 49.519581 0.41825
PSPNet[167] 92.818602 78.782833 0.663291
Tiramisu[61] 91.637061 77.221778 0.637337
LOP[39] 92.608401 81.615978 0.635698
Majority voting[11]] 92.8761 80.979356 0.652887
Logit[127] 92.608401 81.615978 0.635698
Gaussian 90.913687 79.188869 0.60419
Student-t 88.045649 73.047487 0.556318
Frank 87.969128 72.89565 0.552939
Clayton 91.90342 81.650784 0.65254
Gumbel 91.119866 79.080911 0.579787

Proposed 93.091532 82.559746 0.672016
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Table 4.3: Results of Ensembling data from SegNet, PSPNet and Tiramisu on ICCV09 dataset
Architechtures Overall Accu- Mean Accuracy Mean IOU
racy
SegNet[10] 75.336665 58.313291 0.476233
PSPNet[167] 83.22131 66.745377 0.525069
Tiramisu[61] 66.064429 55.15124 0.361695
LOP[39] 82.909654 68.870868 0.538002
Majority_voting[11]] 82.632492 0.540236 0.511325
Logit[127] 83.354601 68.274124 0.53233
Gaussian 82.862361 67.139727 0.519109
Student-t 82.864234 67.119442 0.519202
Frank 82.830263 67.029158 0.518913
Clayton 83.051362 67.12981 0.517773
Gumbel 82.882825 67.140376 0.519423
Proposed 83.821968 68.326652 0.548254
Table 4.4: Comparison of total pixel accuracy and mean IOU between the base segmentation model, simple
probabilistic ensembling models, and copula-based ensembling models on the MedSeg dataset. MV, PA, and WA
represent Majority Voting, Probability Average, and Weighted Average, respectively. 1,2, 3,4, and 5 denote the
fold numbers.
Accuracy Mean IOU
Models 1 2 3 4 5 Avg. Std. Dwv. 1 2 3 4 5 Avg.  Std. Dv
SegNet 95.22 91.3 94.61 94.74 93.48 93.87 1.5719 0.4081 0.8432 0.8399 0.8236 0.8730 0.7576 0.1962
PSPNet 96.6 93.99 95.71 95.34 95.88 95.50 0.9623 0.4407 0.6000 0.6199 0.6382 0.6397 0.5877 0.0838
UNet 96.41 96.11 95.6 95.4 9548 958 0.4389 0.4659 0.6208 0.6110 0.6478 0.6483 0.5988 0.0761
MV 97.15 96.55 96.85 96.66 9598 955 0.4325 0.4680 0.8256 0.8146 0.8250 0.8365 0.7539 0.1601
PA 96.52 94.49 9593 95.36 95.82 95.83 0.7567 0.4565 0.7937 0.8025 0.8148 0.8245 0.7384 0.1580
WA 96.73 95.53 96.08 96.02 96.01 96.13 0.4282 0.4675 0.8027 0.8155 0.8254 0.8237 0.7469 0.1565
Logit 96.88 96.41 96.65 96.19 96.27 96.26 0.2837 0.4593 0.8246 0.8270 0.8297 0.8365 0.7554 0.1656
Gaussian 97.01 96.02 96.74 96.55 96.39 96.47 0.3721 0.4525 0.8369 0.8347 0.8370 0.8657 0.7654 0.1754
Student-t 97.56 96.48 97.08 96.97 96.36 96.16 0.4849 0.4603 0.8432 0.8457 0.8566 0.8725 0.7554 0.1972
Clayton 9691 95.06 96.89 96.25 96.16 96.04 0.7532 0.4520 0.8356 0.8457 0.8562 0.8595 0.7698 0.1779
Gumbel 96.54 95.47 96.61 96.14 96.11 96.12 0.4541 0.4497 0.8347 0.8346 0.8456 0.8652 0.7660 0.1773
Frank 97.05 95.09 96.64 96.12 96.42 96.36 0.7387 0.4397 0.8246 0.8346 0.8365 0.8453 0.7561 0.1770
Proposed 98.59 96.91 97.92 97.29 97.22 97.3 0.6705 0.4696 0.8470 0.8437 0.8456 0.8769 0.7766 0.1721

4.4.2 Application 2: Gaussian Copula-Based Ensemble of Multi-

Level Superpixels for Image Segmentation

In image segmentation tasks, incorporating contextual information from neighbor-

ing regions often leads to more accurate and coherent predictions. While imme-

diate neighboring regions contribute valuable local context, extending the neigh-

borhood can provide richer semantic cues, particularly in complex scenes. This
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Figure 4.1: Visual representation of performances of our proposed model with the base models on CamVid and
ICCV09 datasets. The images indexed with (a),(b),(c) are CamVid samples and (d),(e),(f) are ICCV09 samples

application explores a multi-level fusion strategy, where predictions from the cen-
ter superpixel, its one-radius neighbors, and two-radius neighbors are integrated
using copula functions. By modeling the dependencies across different neighbor-
hood levels, the ensemble captures both fine-grained local details and broader
spatial structures. This approach is motivated by the observation that semantic
consistency often extends beyond immediate boundaries, and effectively lever-
aging multi-scale context can significantly enhance segmentation robustness and
boundary accuracy.

4.4.2.1 Datasets

We evaluate our approach on three datasets covering different segmentation chal-
lenges:

Stanford Background Scene Understanding(SBSU)[44]: This dataset comprises
715 images depicting urban and rural scenes sourced from various public image



Chapter 4 Addressing Model Uncertainty using Ensemble Techniques 71

Fold 4 Fold 3 Fold 2 Fold 1

Fold 5

Original Ground Truth SegNet PSPNet U-Net Ours

Figure 4.2: Segmentation results of our copula-based ensembling method compared to base segmentation
models on the MedSeg dataset.

datasets. It consists of 572 training images and 143 testing images. The images
have a resolution of 240 x 340 pixels and encompass nine semantic segmentation
classes: Sky, Tree, Grass, Ground, Building, Mountain, Water, Object, and an un-
known class.

Pratheepan Human Skin Detection(PHSD)[140]: This dataset comprises 78 face
images obtained randomly from Google. It includes 32 individual images with sim-
ple backgrounds and 46 family photos with complex backgrounds, each accompa-
nied by ground truth annotations. The dataset is binary, with two classes: human
skin and background. In this experiment we have resized each image to 224 x 224,
which is standard resolution various segmentation models.

Semantic Segmentation of Underwater Imagery(SSUI)[59]: This dataset con-
sists of approximately 1500 annotated training images and 110 annotated test-
ing images focused on underwater imagery segmentation. This dataset encom-
passes eight classes namely: Background/waterbody(BW), Human Divers(HD),
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Aquatic Plants and sea-grass(PF), Wrecks and Ruins(WR), Robots (AUVs/ROVs/in-
struments) (RO), Reefs and Invertebrates(RI), Fish and Vertebrates(FV), and Sea-
floor and Rocks(SR). We have resized the data to 320 x 240 as used in SUIM-
Net[60].

For all datasets, images are resized for consistency, and 10-25% of the training
data is used for validation.

4.4.2.2 Methodology

Superpixels, characterized by groups of pixels sharing common traits such as in-
tensity, colour, etc. offer a richer alternative for image segmentation compared
to individual pixels [147]. Leveraging superpixels significantly reduces computa-
tional costs compared to processing all pixels individually. For instance, a stan-
dard image measuring 224 x 224 encompasses a total of 50, 176 pixels, necessi-
tating classification for semantic segmentation tasks. However, employing deep
learning models like Encoder-Decoder networks or Fully Convolutional networks
to segment these images entails processing millions of parameters and poses chal-
lenges in training. Conversely, dividing the same image into approximately 100 su-
perpixels drastically reduces the data volume, simplifying the segmentation task.
Achieving effective semantic segmentation then involves classifying each super-
pixel into its respective class. In the results section, we conduct a comparative
analysis between superpixel-based segmentation and the performance of several
deep learning models.

Numerous algorithms exist for dividing images into superpixels, including Wa-
tershed [55], Mean-Shift [22], Normalized-Cuts [133], Graph-Based, QuickShift
[145], TurboPixels [84], and Simple Linear Iterative Clustering(SLIC) [3]. In our
study, we compare four superpixel algorithms, namely, the Felzenswalbs method,
SLIC, Quickshift, and the compact watershed, which are available in the OpenCV
library. We have created around 500 superpixels with those four methods. The vi-
sual comparison is depicted in Figure 4.3. The superpixels generated with Felzen-
szwalbs’s and Quickshift’s methods are not uniform in size. The superpixels from
Compact Watershed are better than the previous two but fail to create uniform
superpixels in some parts of the image (parts outside of the cup and plate). On the
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Figure 4.3: Visual Comparison of superpixels generated by four different method

other hand, SLIC generates superpixels by clustering pixels based on color sim-
ilarity and proximity within the image. Notably, SLIC produces superpixels that
exhibit smoother edges and uniform sizes, making them ideal for our task.

Due to variations in image resolution within a dataset, the size of superpixels may
lack consistency, potentially affecting segmentation quality. If the average super-
pixel size is too small, important image features may not be adequately captured,
whereas an overly large size could lead to overlapping features. To address this, we
initially resize images to a fixed resolution and segment them into a predetermined
number of superpixels. Since the optimal superpixel size varies across datasets, we
conduct experiments using six sets of superpixels namely sets 1 through 6 for each
dataset. Each set is characterized by an average number of superpixels per image,
with set 1 comprising of 100 superpixels on an average, set 2 with 200, and so forth.
The average resolution of each superpixel within a set is calculated by dividing the
product of the image’s height and width by the average number of superpixels.
We conduct comparative performance analyses for each set in the results section,
thereby evaluating the impact of superpixel size variation on segmentation accu-
racy. To achieve optimal results in semantic image segmentation, it’s essential to
consider the contextual information surrounding a superpixel. Therefore, we aug-
mented the size of the superpixel by merging it with its nearby counterparts for
additional contextual information. Although superpixels inherently contain richer
texture information compared to single pixels, merging them with nearby super-
pixels can provide additional context, enhancing segmentation accuracy. In our
approach, we categorized the merged patches into three levels: the center patch,
representing the original superpixel itself; the one-radius patch, containing the
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Figure 4.4: Creating center, one-radius, and two-radius patches from superpixels.

original superpixel along with adjacent nearby superpixels; and the two-radius
patch, comprising the original superpixel and its surrounding neighbourhood su-
perpixels up to radius two. We keep all three categories of superpixels in separate
subfolders for each set. So each set (from 1 to 6) of superpixels not only contains
the generated superpixels(center patches) but also contains two separate subfold-
ers containing one-radius patches and two-radius patches respectively. In practical
scenarios, the shape of the center superpixel or its neighbours may not always
be rectangular. Thus, we filled the exterior of these patches with black pixels to
ensure a uniform rectangular shape, as illustrated in Figure 4.4. Subsequently,
we trained three custom Convolutional Neural Networks (CNNs), each dedicated
to one of the superpixel categories, and combined their outputs through ensem-
bling to enhance segmentation performance. This process was repeated for each
set across all datasets, allowing for comprehensive evaluation and optimization of
segmentation accuracy. It’s important to note that we only visually compared su-
perpixels generated by these four methods and quantitatively assessed uniformity
of the size of the superpixels generated over each image. This decision aimed to
reduce experimental burden, as repeating the entire experimental pipeline (super-
pixel generation, creating six sets of superpixels, generating three levels of patches,
training, and ensembling with copula function) for each superpixel method would
be extensively time consuming. Instead, we chose the best superpixel generation
method based on visual as well as quantitative inspection and proceeded with the
subsequent experiments with the chosen one.
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Table 4.5: Architectures of our custom CNNs

Input Size Network Architechture

CNN1 24x24 conv(5 x5 x 32) — Relu — Pooling — conv(3 x 3 x 64) — Relu — Pooling

— Flatten — Dropout — Linear(256) — Linear(Num of classes)

CNN2 32x32 conv(5 x5 x 32) — Relu — Pooling — conv(3 x 3 x 64) — Relu — Pooling

— Flatten — Dropout — Linear(256) — Linear(Num of classes)

CNN 3 48 x48 conv(7 x 7 x 32) — Relu — Pooling — conv(5 x 5 x 64) — Relu — Pooling

— Flatten — Dropout — Linear(256) — Linear(Num of classes)

To achieve a cost-effective semantic segmentation model, we adopt a simple Con-
volutional Neural Network (CNN) architecture tailored for training on superpixels.
For training with only center patches, our CNN architecture comprises two convo-
lution layers and one fully connected layer. The first convolution layer utilizes a
5 x 5 kernel repeated 32 times, followed by 2 x 2 average pooling. Subsequently,
the second convolution layer employs 64 kernels of size 3 x 3, also followed by
2 x 2 average pooling. The output of the second convolution layer is then fed into
a fully connected layer with 256 hidden nodes, followed by a softmax function.
Similarly, CNNs used for training on one-radius and two-radius patches follow a
similar architecture, with the first convolution layer utilizing 7 x 7 and 5 x 5 kernels
respectively. Batch normalization is employed for stable training, and Dropout is
utilized to prevent overfitting in all three CNNs. The complete architecture is pre-
sented in Table 4.5.

The predictions of these individual CNNs are subsequently integrated using a
Gaussian copula function-based ensembling scheme to enhance superpixel clas-
sification performance. A brief explanation of the mathematical underpinnings of
the copula function is provided in the subsequent section.

4.4.2.3 Copula-Based Ensembling for Model Uncertainty Reduction

Traditional ensembling techniques assume classifier independence, which is often
unrealistic. Gaussian Copula functions model dependencies between CNN outputs,
enabling a more reliable estimation of class probabilities. By capturing statistical
correlations among classifiers, our approach reduces model uncertainty and en-
hances segmentation robustness.
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The final fused probability score is computed as:

p=f (p17p27p3)
=c(Fi(p1), Fa(p2), F5(p3)) - f1 (1) - f2 (p2) - f3 (p3) (4.14)

where ¢(-) represents the copula function, and Fi, F», F3 are the marginal distri-
butions.

4.4.2.4 Results and Analysis

The experimental results are summarized in Table 4.6. Here, we compare the
performance of our proposed technique against base CNNs applied to each neigh-
bouring superpixel, along with other traditional ensembling techniques, across all
three datasets. Notably, we observe that two-radius superpixels consistently out-
perform the center and one-radius superpixels, which aligns with our expectation
due to the richer contextual information they encapsulate, as previously discussed.
Among the traditional ensembling techniques, the Dempster-Shafer theory demon-

Table 4.6: Comparison of our proposed technique with some traditional deep learning segmentation models.
Here, the best, second-best, and third-best performances are indicated with bold, underlined, and blue colors

respectively.
Set1 Set 2 Set 3 Set 4 Set 5 Set 6 Average

Accuracy MIOU Accuracy MIOU Accuracy MIOU Accuracy MIOU Accuracy MIOU Accuracy MIOU Accuracy MIOU
center 73.04  0.4216 73.57 0.4266 72.61 0.4123 72.22 0.4117 72.39 0.4145 72.26 0.4111 72.68 +0.5291 0.4163 + 0.0064
one-radius 73.76 0.4259 75.21 0.4356 74.57 0.4288 75.05 0.4355 75.78 0.4397 75.11 0.4348 74.91 £ 0.6853 0.4334 + 0.0051
two-radius 74.48 0.4247 75.81 0.4302 76.34 0.4478 76.34 0.4478 77.03 0.4421 75.19 0.4342  75.86 +0.9160 0.4378 + 0.0096
SBSU[44]  max-voting 74.42 0.4283 75.34 0.4310 76.89 0.4498 76.26 0.4413 76.65 0.4408 75.82 0.4477 75.90 & 0.9156 0.4398 + 0.0087
Probability Average 74.88 0.4391 75.81 0.4454 76.47 0.4592 77.62 0.4499 77.60 0.4510 76.55 0.4520 76.49 + 1.0542 0.4494 + 0.0067
Dempster-Shafer 75.75 0.4421 76.72 0.4453 78.41 0.4759 78.48 0.4746 78.56 0.4575 78.96 0.4674 77.81 & 1.2743 0.4605 + 0.0146
Proposed 80.33 0.4693 80.56 0.4790 81.22 0.4875 82,69 0.4959 82.65  0.4986 80.82 0.4815 81.38 4+ 1.0434 0.4853 £ 0.0110

Accuracy MIOU Accuracy MIOU Accuracy MIOU Accuracy MIOU Accuracy MIOU Accuracy MIOU Accuracy MIOU
center 86.67 0.5763 86.49 0.5664 87.53 0.5973 87.36 0.5711 88.18 0.5859 87.02 0.5793 87.21 £ 0.6165 0.5794 + 0.0110
one-radius 84.68 0.5693 85.70 0.5508 87.98 0.5981 88.22 0.5756 88.97 0.5787 87.13 0.5741 87.11 +1.6337 0.5744 + 0.0153
two-radius 84.00 0.5670 85.01 0.5423 86.57 0.5792 88.17 0.5789 88.92 0.5815 87.99 0.5602 86.78 & 1.9417 0.5682 + 0.0152
PHSD[140] max-voting 85.47 0.5649 86.89 0.5445 87.84 0.5996 87.86 0.5829 89.02 0.5949 88.62 0.5896 87.62 + 1.2832 0.5794 + 0.0209
Probability Average 86.23 0.5793 86.38 0.5412 88.85 0.5988 89.85 0.6093 89.31 0.6013 88.27 0.5864 88.15 + 1.5202 0.5861 + 0.0245
Dempster-Shafer 87.10 0.5796 88.90 0.5824 90.04 0.6012 91.87 0.6116 92.37 0.6296 89.84 0.5926 90.02 + 1.9380 0.5995 + 0.0192
Proposed 91.47 0.6391 91.92 0.6397 92.51 0.6477 92.67  0.6517  93.75 0.6691 92.75  0.6229 91.85+0.7799 0.6400 + 0.0154

Accuracy MIOU Accuracy MIOU Accuracy MIOU Accuracy MIOU Accuracy MIOU Accuracy MIOU Accuracy MIOU
center 94.24  0.7912 94.86 0.7972 95.36 0.8141 94.81 0.8011 94.56 0.8011 94.52 0.7976 94.73 +0.3829 0.8004 + 0.0076
one-radius 94.56 0.7923 94.96 0.7992 95.77 0.8153 94.25 0.7982 94.29 0.8003 94.12 0.8045 94.66 + 0.6211 0.8016 + 0.0078
two-radius 94.28 0.7949 94.82 0.8047 95.51 0.8139 94.49 0.8049 94.44 0.8022 94.25 0.8017 94.63 & 0.4760 0.8037 + 0.0062
SSUI[59] max-voting 94.89 0.8091 95.44 0.7968 95.92 0.8366 95.57 0.8043 95.56 0.8014 95.44 0.8065 95.47 +0.3343 0.8091 + 0.0141
Probability Average 94.58 0.8020 95.41 0.7973 95.88 0.8513 94.24 0.8138 95.19 0.8149 95.88 0.8124 95.20 + 0.6745 0.8153 + 0.0190
Dempster-Shafer 94.86 0.8087 95.45 0.8087 96.47 0.8634 95.87 0.8275 95.85 0.8223 94.58 0.8092 95.51 +0.7011 0.8233 £ 0.0212
Proposed 95.87 0.8191 95.27 0.8268 96.58  0.8547 95.89 0.8381  95.96 0.8302 95.01 0.8129 95.76 £ 0.5557 0.8303 + 0.0148

strates the best performance. However, our approach consistently outperforms all
aforementioned techniques across all three datasets, as evidenced by higher pixel
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accuracy and MIoU averages. This highlights the efficacy of our proposed tech-
nique in semantic segmentation tasks.

Table 4.7: Comparison of our proposed technique with some traditional deep learning segmentation models

PHSD[140] SSUI[59] SBSU[44]
Acc  MIoU time(s) Parameters Acc MIoU time(s) Parameters Acc MIoU time(s) Parameters Size(MB)
SegNet 81.59 0.4550 0.609433 16882521 80.58 0.68116 13.026 16882521 76.15 0.2910 4.529 16882521 65
PSPnet 85.43 0.4271  2.753 65576004 80.31 0.67274 19.807 65585232 81.71 0.3213 7.143 65586770 251
TIramisu 82.77 0.4690  1.249 42647624 84.52 0.70685 23.461 9321320 79.60 0.3152 8.721 9321577 37
Deeplab  68.81 0.3856  2.481 9319778  83.05 0.65442 16.88 43090016 65.52 0.2267 17.687 43163748 165
Unet 83.54 0.4726  1.651 34527106  85.23 0.70769 10.808 34527496 80.88 0.3220 3.646 34527561 132
Proposed 93.75 0.6691  0.301 4132934 96.58 0.8547 3.492 4137560 82.69 0.4989 1.245 4138331 16

Since we have utilized six sets of superpixels for each dataset, the findings from
Table 4.6 shed light on how the average size of superpixels impacts the model’s
performance. These sets, ranging from 1 to 6, with increasing number of super-
pixels they contain, with set 1 having the fewest and set 6 the most. Notably, the
results in Table 4.6, articularly from sets 3 to 5, exhibit the most favourable perfor-
mances across all the datasets (Set 4 for SBSU, set 5 for PHSD and set 3 for SSUI).
Our hypothesis posited that increasing the number of superpixels would lead to a
better-fitted copula model and subsequently improved performance. However, as
the number of superpixels increases, the average size becomes smaller, potentially
leading to information loss and degrading segmentation performance—a trade-off
scenario. Set 1 displays a lower performance due to its smaller number of super-
pixels, resulting in relatively larger average patch sizes compared to other sets. As
the number of superpixels increases, the average size of the patches decreases ac-
cordingly. Beyond set 5, diminishing returns may occur as patches become exces-
sively small, potentially losing meaningful information and necessitating resizing
during training, which may incur information loss. Hence, for each of the datasets,
sets 3 to 5 emerge as the most suitable for ensembling.

Superpixels, being aggregates of pixels with similar characteristics, encapsulate
richer information compared to individual pixels. Consequently, classifying super-
pixels simplifies the segmentation process compared to pixel-level classification,
rendering our model smaller in size and easier to train than deep learning-based
semantic segmentation models. Notably, our segmentation performances remain
competitive with these models. Table 4.7 provides a comprehensive compari-
son of size, accuracy, mean IOU, and average inference time per image against
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well-known segmentation models such as SegNet[9], PSPNet[168], UNet[123],
Tiramisu[62], and DeepLab[18], all trained under the same hyperparameters across
the three datasets. It’s important to note that the performance metrics (Accuracy
and MIOU) reported in Table 4.7 correspond to the optimal sets identified in Table
4.6, namely set 4 for SBSU and PHSD skin detection dataset, and set 3 for the SSUI
dataset.

In Figure 4.5, we have compare the segmentation results achieved by our pro-
posed method across six sets of superpixels. It’s noticeable that sets 3 to 5 for each
dataset exhibit the best segmentation visually. Our model encounters difficulties
in detecting finer features such as eyes, mouths, and legs, particularly in sets 1
and 2 where the superpixel size is relatively large. However, as we move beyond
set 3, the model begins to capture these smaller details, albeit with a compromise
in overall edge smoothness, leading to some instances of over-segmentation. This
can be seen in the lower accuracy rates in Table 4.6 (observe the results in sets 5
and 6 for images in rows 1, 4, 7, 8, 12, etc.). An interesting inconsistency emerges
visually, with images from the same dataset showing varying segmentation qual-
ities; for instance rows 9 and 11. This discrepancy arises from images within a
dataset containing objects/features of different sizes, for example, objects in row 9
are larger compared to those in row 11. While it’s impractical to select an optimal
set of superpixels for each image individually, we have chosen set 4 for SBSU, set
5 for PHSD, and set 3 for the SSUI dataset as the optimal choices for the entire
dataset based on overall performance.

4.5 Summary of the Chapter

In the first application, a class-specific pixel-level copula ensemble is proposed.
Here, individual deep segmentation networks generate per-class probability maps,
which are fused using Gaussian copulas tailored to each class. This allows effective
modeling of inter-model correlations, resulting in improved prediction coherence.

Key findings:

* On the CamVid dataset, the proposed method achieved a mean Intersection
over Union (mlIoU) of 0.6720 and an accuracy of 93.09%, outperforming
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Figure 4.5: Few segmentation examples of our proposed method for all three datasets

SegNet (mloU: 0.4182, accuracy: 84.70%), PSPNet (mloU: 0.6632, accu-
racy: 92.81%), and Tiramisu (mloU: 0.6373, accuracy: 91.63%).

* On the ICCV09 dataset, the method surpassed SegNet, PSPNet, Tiramisu,
and other ensemble methods in both mIoU and accuracy.
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* On the MedSeg dataset, the method achieved an average accuracy of 97.30%
and an average mloU of 0.7766 over five-fold cross-validation, again outper-
forming SegNet, PSPNet, UNet, and other ensemb]es.

In the second application, a superpixel-level copula ensemble is introduced to
improve computational efficiency and segmentation robustness. A custom three-
branch CNN processes superpixels at different levels of spatial context—center,
one-radius, and two-radius—and their outputs are fused using a Gaussian copula.

Key findings:

* On the PHSD dataset, the model achieved an accuracy of 93.75% and mloU
of 0.6691.

* On the SSUI dataset, it achieved an accuracy of 96.58% and mIoU of 0.8547.
* On the SBSU dataset, it achieved an accuracy of 82.69% and mIoU of 0.4989.

* In all cases, the proposed method outperformed traditional deep learning
models such as SegNet, PSPNet, Tiramisu, DeepLab, and UNet in terms of
both accuracy and mloU.

* Additionally, the proposed method demonstrated advantages in terms of pa-

rameter efficiency and inference time.

In summary, both pixel-level and superpixel-level copula-based ensemble strate-
gies provide measurable improvements in segmentation performance, particularly
in accuracy and mloU, across multiple datasets. These results validate the poten-
tial of copula ensembles for reducing model uncertainty in image segmentation.

However, several limitations exist. Copula fitting introduces preprocessing over-
head and demands careful selection of the copula family, especially for classes
with fewer samples. The effectiveness of the ensemble also depends on the di-
versity of base models—highly correlated networks yield less improvement. For
the superpixel-based approach, performance is sensitive to patch size; too coarse
patches blur object boundaries, while overly fine ones may miss contextual cues.
Lastly, although the current implementation combines three predictors, expanding
to larger ensembles will require further optimization to maintain computational
feasibility.



Chapter 5

Addressing Model Uncertainty using
Calibration Techniques

5.1 Introduction

Deep learning models, particularly convolutional neural networks (CNNs), have
achieved remarkable success in various computer vision applications, including
medical image analysis. However, these models often suffer from overconfidence
in predictions, which limits their reliability in high-stakes applications such as
medical diagnosis and decision-making. Overconfident models may assign near-
perfect confidence scores to incorrect predictions, making it difficult for practition-
ers to trust the output probabilities when making critical decisions.

Model calibration is a crucial step in addressing this issue by ensuring that the
predicted confidence scores correspond to the actual correctness likelihood. A
well-calibrated model should correctly classify approximately 70% of cases when
making predictions with 70% confidence. Calibration is particularly important in
medical image classification, where misclassified tumor types or pathological con-
ditions can lead to severe consequences.

In this chapter, we primarily focus on improving calibration in deep learning-based
image classification before extending the proposed method to image segmenta-
tion. While the overall thesis theme centers on uncertainty estimation in seg-
mentation tasks, the techniques discussed in this chapter are first evaluated in a
classification setting before being applied to segmentation.

81
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5.1.1 The Role of Calibration in Image Classification

In image classification, deep learning models are trained to assign a probability
distribution over a set of classes. However, the predicted probability values often
fail to reflect the true likelihood of correctness. This issue is particularly severe in
medical imaging, where inter-class variations can be subtle, leading to high mis-
classification risks.

A well-calibrated classifier ensures that confidence scores accurately represent
the actual correctness probability of a prediction. This is particularly useful in
cases where the model must express uncertainty, allowing practitioners to decide
whether additional expert review is necessary.

5.1.2 Label Smoothing as a Calibration Technique

One widely used approach to improve model calibration is label smoothing. In-
stead of assigning a probability of 1 to the correct class and O to all others, label
smoothing redistributes a small portion of the probability mass to the incorrect
classes. This prevents the model from becoming overconfident and reduces its
tendency to overfit.

However, vanilla label smoothing[103] assumes that all incorrect classes are equally
probable, which is an unrealistic assumption in medical image classification. In
real-world datasets, some classes are more visually similar than others, and models
tend to get confused to identify these specific classes. For example, in histopatho-
logical image classification, certain tumor subtypes may share structural similari-
ties, leading to systematic misclassifications.

5.1.3 Confusion-Penalty Based Label Smoothing (CPLS)

To overcome the limitations of vanilla label smoothing, we propose Confusion-
Penalty Based Label Smoothing (CPLS). Unlike traditional label smoothing, CPLS
assigns higher weight to the classes with which the model is most frequently con-
fused. This adaptive smoothing strategy allows the model to distribute probabilities
based on real-world class relationships, thereby enhancing calibration and gener-

alization.
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In the image classification setting, CPLS is trained on a dataset of histopatholog-
ical images and evaluated using Expected Calibration Error (ECE) and testing
accuracy to assess its effectiveness. The results demonstrate that CPLS improves
both calibration and overall model performance.

5.1.4 Extending CPLS to Image Segmentation

While this chapter primarily focuses on image classification, we also explore its
application in image segmentation as a secondary extension. In segmentation
tasks, each pixel in an image is assigned a class label, making it fundamentally a
classification problem at the pixel level. However, segmentation models often
face higher levels of uncertainty due to the complexity of pixel-wise predictions.
To evaluate CPLS in segmentation, we apply it to semantic segmentation models
(e.g., SegNet, PSPNet, and U-Net) and examine its impact on calibration and
accuracy. While CPLS improves calibration in segmentation, the Expected Cali-
bration Error (ECE) remains higher than in classification due to the increased
complexity of pixel-wise classification.

5.1.5 Contributions of this Chapter

In this chapter, we introduce a novel calibration strategy that enhances deep model
reliability in classification before extending it to segmentation tasks. Our key con-
tributions include:

* A novel Confusion-Penalty Based Label Smoothing (CPLS) technique that
dynamically adjusts label smoothing weights based on model confusion pat-
terns.

* Comprehensive evaluation on image classification tasks, demonstrating
that CPLS improves both testing accuracy and model calibration (lower ECE
scores).

* Extending CPLS to image segmentation to analyze its impact on pixel-wise
classification.
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* Comparison of CPLS with traditional calibration techniques, including
hard labels, vanilla label smoothing, and online label smoothing.

5.1.6 Chapter Outline
The rest of the chapter is organized as follows:

* Section 5.2 discusses related work on label smoothing and calibration.

* Section 5.3 introduces our proposed CPLS methodology and its application
to image classification.

* Section 5.4 presents experimental results on classification and segmentation
tasks.

* Section 5.5 Summarizes the key findings of the chapter.

5.2 Related Works

Deep neural networks, particularly Convolutional Neural Networks (CNNs), tend
to be overconfident in their predictions, often failing to reflect true uncertainty.
This issue is especially problematic in high-risk applications like medical imaging,
where well-calibrated confidence scores are crucial for informed decision-making.
To address this, label smoothing has been widely explored as a regularization tech-
nique that helps mitigate overconfidence and improve model calibration.

5.2.1 Early Approaches to Label Smoothing

The concept of label smoothing was first introduced by Szegedy et al. [139] as
a regularization method to improve generalization and reduce model overconfi-
dence. Instead of assigning a probability of 1 to the correct class, a small portion
of the probability mass is redistributed to incorrect classes. While effective, this
technique treats all incorrect classes equally, ignoring the fact that some misclassi-
fications are more probable than others.
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5.2.2 Applications of Label Smoothing in Medical Image Anal-
ysis

Medical imaging tasks often involve noisy or ambiguous labels, leading to anno-
tation inconsistencies. Pham et al. [115] proposed a variant of label smoothing
by remapping target labels to values closer to 1, improving performance on the
CheXpert dataset [58] by 1.4%. Xi et al. [109] introduced spatial label smoothing,
which accounts for spatial relationships between pixels, improving performance in
segmentation tasks with limited annotated data.

Krothapalli and Abbott [77] proposed an adaptive label smoothing approach where
the level of smoothing is adjusted based on the size of objects in an image. Their
method penalizes overly confident predictions while ensuring low-entropy predic-
tions are encouraged for smaller objects.

5.2.3 Recent Advances in Calibration-Oriented Label Smooth-

ing

More recent works have focused on using label smoothing explicitly for model
calibration. Wei et al. [153] proposed agreement-aware and confidence-aware la-
bel smoothing for histopathology images, demonstrating improvements in uncer-
tainty estimation. Zhang et al. [163] introduced Online Label Smoothing (OLS),
where the label smoothing distribution is dynamically updated based on training
progress.

While these methods improve calibration, they still apply uniform or heuristic-
based adjustments. None of them explicitly leverage real-time class confusion
information to dynamically adjust smoothing probabilities. In this work, we pro-
pose Confusion Penalty-Based Label Smoothing (CPLS), which adaptively mod-
ifies label smoothing weights based on model confusion during training. This
approach improves model calibration by ensuring that probabilities are adjusted
according to actual misclassification patterns, making it more effective for real-
world applications.



86 Chapter 5 Addressing Model Uncertainty using Calibration Techniques

5.3 Present Work

5.3.1 Preliminaries

Let D = {(x;,v;)} be the dataset where z; and y; denote the images and corre-
sponding target labels, respectively. Let p(c|z;) represent the probability predicted
by the model for class ¢ given input z;, and let §(c|x;) represent the target class
distribution.

In traditional classification with hard labels, one-hot encoding is used, meaning
that the correct class receives a probability of 1, while all incorrect classes receive
0. Mathematically, this can be expressed as:

O(c=yi|z;) =1, O(c#y|z;) =0, Ve=12,...,C (5.1)

where C' is the total number of classes. The standard cross-entropy loss for train-
ing a deep learning model with hard labels is:

C
Luara = — Y 0(clz;) log p(clz;) = —log plc = y;|z:) (5.2)

c=1
In contrast, label smoothing assigns a small portion of the probability mass to
incorrect classes, rather than assigning all the probability to the correct class. With
label smoothing, the target class distribution is modified as:

Blelr) = (1~ a)f(cl;) + (5.3)

where « is the smoothing parameter that controls how much probability mass is
distributed among incorrect classes. The corresponding label-smoothed cross-
entropy loss becomes:

C
Lis = — Z ¢(c|z;) log p(clz;) (5.4)
c=1

However, a key limitation of vanilla label smoothing is that it treats all incorrect
classes equally, even though some classes may be more confusable than others.
To address this, we propose Confusion Penalty-Based Label Smoothing (CPLS).
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5.3.2 Confusion Penalty-Based Label Smoothing (CPLS)

The proposed CPLS method refines the standard label smoothing approach by
incorporating confusion information from the model itself. Instead of equally
distributing probability mass among all incorrect classes, CPLS prioritizes classes
with which the model frequently confuses the true class.

5.3.2.1 Deriving the Confusion-Based Smoothing Factor

To estimate class-wise confusion, we use the confusion matrix calculated from
the validation set at each epoch. Let M, = (m;;) represent the confusion matrix
at epoch n, where:

* Rows correspond to ground-truth classes.
* Columns correspond to predicted classes.

 Each entry m,;; represents how often class i is misclassified as class j.

We normalize the confusion matrix row-wise so that each row represents the con-
fusion distribution for a given class:

mg;
C )
j=1 5

T = Vi,j=1,2,...,C (5.5)
where 1m,;; now represents the probability that class i is confused with class j.
Using this confusion matrix, the smoothed label distribution for CPLS is defined
as:

¢CPLS(C|xi) = (1 — 01)0(0|IZ) + O./Thic (56)

This formulation ensures that more probability mass is assigned to classes that the
model frequently confuses with the true class, rather than treating all incorrect
classes equally.

The corresponding CPLS loss function is:

c
Lcprs = — Z depis(clz;) log p(c|z;) (5.7)

c=1
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5.3.3 Training Strategy for CPLS

One of the challenges of CPLS is that the confusion matrix evolves dynamically
as the model learns. To prevent instability during early training epochs, we use a
hybrid loss function:

L = Luara + (1 — 5)Lcprs (5.8)

where:

* [isadecay factor that gradually transitions from hard labels to CPLS-based
labels over time.

* During the initial training epochs, the model trains with hard labels to
establish confidence.

* After a certain number of epochs, CPLS is gradually introduced by decreas-
ing (.

The overall training procedure is summarized in Algorithm 2 and shown in Figure
5.1.

5.4 Experiments

This section describes the experimental setup for evaluating the effectiveness of
Confusion Penalty-Based Label Smoothing (CPLS) on both image classification
and image segmentation tasks. Initially, we conduct experiments on image classi-
fication using the Colorectal Histology dataset, and subsequently, we extend our
method to the image segmentation task using the MedSeg dataset.

5.4.1 Dataset Description

We employ the publicly available Colorectal Histology dataset [70], which con-
tains 5000 RGB tiles (150 X 150 px) extracted from H&E-stained colorectal tissue.
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Figure 5.1: The training procedure of our CPLS method.

Each image is annotated with one of eight balanced tissue classes—Tumor, Stroma,
Complex, Lympho, Debris, Mucosa, Adipose, and Empty—yielding 625 samples per
class. The dataset is randomly partitioned into training (70 %), validation (15 %),
and test (15 %) subsets.

5.4.2 Experimental Setup

To ensure a fair comparison, we implement state-of-the-art CNN classifiers avail-
able in the PyTorch library, including DenseNet-121, GoogLeNet, ResNet-18, In-
ception V3, and EfficientNet. Each classifier is trained under identical hyperpa-
rameters to provide a consistent evaluation framework. The training strategies
include three standard approaches: training with Hard Labels, which uses stan-
dard one-hot encoded labels; training with Vanilla Label Smoothing, which dis-
tributes confidence scores equally among all non-target classes; and training with
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Algorithm 2: Training Procedure with CPLS

Constants: Di,.q;n, = {2;,y;} = Training data with labels
Dyai = {zi,y;} = Validation data with labels
p(clz;) = Softmax output of image x; for class ¢
M,, = (m;;) = Confusion Matrix of validation set. Initialize with Identity matrix
N = Threshold
0<p<l
Ensure:
1: if EPOCH < N then
2:
3: for z; to Dyyyin, do
4: Liiara = — log p(c == yilz;)
Loss = Lyarq
5 end for
6 return Loss
7: else if EPOCH > N then
8.
9

: for z; to Dyrgin %0
0: Loprs = — Doy miclog p(c|x;)

1
Loss = 6£Hard + (1 - ﬂ)ECPLS

11:  end for

12:  for z; to D, do

13: Calculate Confusion matrix M,
M,, = Normalized(M,,)

14:  end for

15: return Loss

16: end if

Online Label Smoothing (OLS), which dynamically adjusts soft labels based on
training behavior. Our proposed CPLS method utilizes the confusion matrix from
the validation set, updating label smoothing weights based on class misclassifica-
tion trends.

The hyperparameters used in the experiments are kept consistent across all mod-
els. We employ the Adam optimizer with a learning rate of 0.001, a batch size of
32, and train each model for 50 epochs. The cross-entropy loss function is used
along with the CPLS formulation. All experiments are conducted on an NVIDIA
GeForce Quadro P5000 (16GB) GPU. To assess calibration performance, we cal-
culate the Expected Calibration Error (ECE), which measures the discrepancy be-
tween model confidence and actual accuracy. A lower ECE score indicates a better-
calibrated model.
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5.4.3 Results and Discussion

The experimental results show that CPLS consistently improves both classifica-
tion accuracy and model calibration compared to the standard hard-label training,
vanilla label smoothing, and online label smoothing. The classification accuracy
and Expected Calibration Error (ECE) for different classifiers trained with these
methods are summarized in Table 5.1. It is observed that CPLS achieves the highest
accuracy among all methods, demonstrating its effectiveness in improving classifi-
cation performance. Additionally, CPLS achieves the lowest ECE values, indicating
that the predicted probability distributions better align with the actual likelihood
of correctness. This confirms that CPLS effectively mitigates model overconfidence
and enhances calibration.

The Reliability Diagrams in Figure 5.2 further illustrate the improvements in cali-
bration achieved through CPLS. These diagrams compare model confidence against
actual accuracy across different bins, revealing that CPLS reduces the gap between
prediction confidence and true accuracy, thereby producing better-calibrated mod-
els. Unlike standard training methods, where the models tend to be overconfident,
CPLS ensures that the predicted probabilities provide a more realistic measure of
uncertainty.

To better understand the impact of CPLS on learned representations, we analyze
the t-SNE embeddings of feature space, as shown in Figure 5.3. The results re-
veal that models trained with CPLS exhibit clearer class separability compared to
those trained with hard labels or vanilla label smoothing. This suggests that CPLS
enhances feature discrimination, enabling the classifier to form more distinct and
structured representations of different classes.

5.4.4 Extending CPLS to Image Segmentation

Following the evaluation on image classification, we extend CPLS to semantic im-
age segmentation and evaluate its impact on pixel-wise calibration. To this end,
we use the MedSeg dataset, which consists of 100 axial COVID-19 CT images
with corresponding segmentation masks. The dataset contains four segmentation
classes, including background, non-infected lung regions, infection consolidations,
and other abnormalities.
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Figure 5.2: Comparison of Reliability Diagrams between all the classifiers with hard label, vanilla label smooth-
ing, and our technique.
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Figure 5.3: t-SNE plots of feature space for all the classifiers trained with the hard label, vanilla label smoothing,
and our technique.
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Table 5.1: Comparision of Testing Accuracy and ECE with Hard label, vanilla Soft label[139], Online label
smoothing[163], and our CPLS method. Here the terms hard, vanilla, and ols represent Hard label, Vanilla Soft
label, and Online label smoothing respectively.

Networks Accuracy ECE
Resnet 18 + hard 0.9521 2.75
Resnet 18 + vanilla 0.9534 2.69
Resnet 18 + ols 0.9521 2.76
Resnet 18 + cpls 0.9601 1.75
InceptionV3 + hard 0.9627 2.77
InceptionV3 + vanilla 0.9654 2.56
InceptionV3 + ols 0.9601 2.48
InceptionV3 + cpls 0.9694 2.42
DenseNet 121 + hard 0.9694 2.52
DenseNet 121 + vanilla 0.9654 2.5

DenseNet 121 + ols 0.964 2.55
DenseNet 121 + cpls 0.9734 1.77
GooglLeNet + hard 0.964 2.75
GoogLeNet + vanilla 0.972 2.61
GoogLeNet + ols 0.98 1.89
GoogLeNet + cpls 0.964 2.13
EfficientNet + hard 0.8989 12.86
EfficientNet + vanilla 0.851 8.62
EfficientNet + ols 0.8789 9.09
EfficientNet + cpls 0.8896 8.81

For segmentation, we apply CPLS to three deep segmentation models: SegNet,
PSPNet, and U-Net. Each model is trained using four different approaches: Hard
Label Training, Vanilla Label Smoothing, Online Label Smoothing (OLS), and Con-
fusion Penalty-Based Label Smoothing (CPLS). The models are evaluated based on
overall pixel accuracy, mean Intersection over Union (mloU), and Expected Cali-
bration Error (ECE).

The results presented in Table 5.2 indicate that CPLS improves segmentation ac-
curacy and reduces ECE across all three models. When compared to Hard Label
Training, CPLS not only enhances segmentation accuracy but also produces more
calibrated probability distributions, ensuring that confidence scores better reflect
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Table 5.2: Comparision of Testing Accuracy, mean IOU and ECE with Hard label, vanilla Soft label[139], Online
label smoothing[163], and our CPLS method for the Image Segmentation task.

Accuracy MIOU ECE
SegNet + Hard 94.22 0.7639 12.48
SegNet + Vanilla 95.83  0.7782 11.24
SegNet + OLS 96.08 0.7811 9.63
SegNet + CPLS 96.17  0.7982 8.23
PSPNet + Hard 96.41  0.6924 13.43
PSPNet + Vanilla 96 0.7181 11.93

PSPNet + OLS 96.15  0.7143 10.49
PSPNet + CPLS 96.69  0.7249 9.04
UNet + Hard 95.91 0.7349 12.91
UNet + Vanilla 97.82  0.7419 10.47
UNet + OLS 97.2 0.7839 9.38
UNet + CPLS 97.68  0.7911 8.91

the actual likelihood of correctness. The effectiveness of CPLS is particularly evi-
dent in cases where the model is uncertain about the boundary between infected
and non-infected regions, where incorrect overconfident predictions can have sig-
nificant implications in medical diagnosis. While Online Label Smoothing (OLS)
and Vanilla Label Smoothing (VLS) also improve model calibration, CPLS achieves
the lowest ECE values, making it the most reliable calibration method among the
tested approaches. It is worth noting that the ECE values for segmentation models
are generally higher than those observed in classification experiments. This can
be attributed to the fact that, in segmentation, uncertainty is modeled at the pixel
level, meaning that a significantly larger number of probability scores need to be
calibrated. The increased complexity of segmentation tasks makes proper cali-
bration even more crucial, as a highly confident yet incorrect segmentation can
mislead downstream medical or analytical decisions.

Additionally, unlike in image classification, we have not included Reliability Di-
agrams or t-SNE feature space visualizations for segmentation. In classification,
each sample corresponds to a single prediction, making it feasible to assess cal-
ibration reliability and feature separability through such methods. However, in
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segmentation, each image contains hundreds of thousands of pixels, each treated
as an independent classification decision. Due to this sheer volume of data, Relia-
bility Diagrams and t-SNE visualizations are not practical for segmentation, as they
would require computing and analyzing pixel-wise distributions across the entire
dataset, making meaningful visualization difficult. Instead, we rely on quantita-
tive metrics such as accuracy, mloU, and ECE, which are more appropriate for

segmentation evaluation.

5.5 Summary of Key Findings

This chapter introduced Confusion-Penalty Label Smoothing (CPLS), a calibration
scheme that reallocates label-smoothing mass toward the classes a network most
frequently confuses with the ground truth. The confusion matrix is updated on
a held-out validation set at each epoch, so the smoothing distribution evolves in
tandem with the model, unlike vanilla or online label-smoothing approaches that
rely on fixed or heuristic weights.

Applied first on the eight-class Colorectal Histology benchmark, CPLS raised top-
1 accuracy by roughly 0.4-1.3 % and drove down Expected Calibration Error by
20-36 % across DenseNet-121, ResNet-18, Inception-v3 and other backbones rel-
ative to hard labels or conventional smoothing. Reliability plots show confidence
curves moving noticeably closer to perfect calibration, while t-SNE visualisations
reveal cleaner separation among tissue classes.

The method was then ported to semantic segmentation of COVID-19 CT slices
(MedSeg). When plugged into SegNet, PSPNet and U-Net, CPLS delivered pixel-
level accuracy gains of about 0.3-1.9 %, mean-IoU boosts of 1-3 %, and ECE re-
ductions of 16-34 % over hard-label training, again outperforming vanilla and on-
line label-smoothing baselines. Although calibration remains intrinsically harder
at the pixel scale, CPLS consistently pushes confidence estimates closer to the true
likelihood of correctness.

CPLS depends on a stable validation split to supply reliable confusion statistics;
extreme class imbalance or non-stationary data could undermine this estimate.
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Because the procedure nudges probability away from the true label, it can occa-
sionally leave the network under-confident. Moreover, pixel-wise calibration er-
rors are still higher than for image-level tasks, suggesting that spatially adaptive
smoothing or multimodal cues might be needed for further gains. Finally, the extra
pass to compute and normalise the confusion matrix introduces a small overhead
that may be non-trivial for very large class counts or real-time applications.






Chapter 6

Reducing Uncertainty Through
Multimodal Data

6.1 Introduction

6.1.1 Multi-modal Data and Its Importance

Multimodal data involves the use of multiple sources or sensors that capture dif-
ferent aspects of the same scene. For example, in medical imaging, modalities
such as RGB, thermal, and near-infrared provide unique and complementary in-
formation that, when combined, can offer a more comprehensive understanding
of tissue properties and pathology.

By leveraging diverse data sources, models can overcome the limitations of any
single modality, such as poor resolution or low contrast. The integration of mul-
timodal information leads to improved feature extraction, higher robustness, and
a reduction in uncertainty. This is especially important in high-stakes applications
like medical imaging, where accurate predictions are essential for diagnosis and

treatment planning.

99
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6.1.2 Uncertainty Reduction with Multimodal Data

Uncertainty in image segmentation arises due to ambiguous object boundaries,
variations in imaging conditions, and noise in data acquisition. These factors make
it difficult for single-modal models to consistently produce reliable predictions. By
integrating multimodal data, models can cross-validate features, resolve ambigu-
ities, and enhance prediction confidence. The fusion of multiple modalities pro-
vides a more comprehensive representation of the scene, leading to richer feature
extraction and improved model calibration.

A key hypothesis underlying this work is that introducing multimodal data en-
hances performance by reducing uncertainty in model predictions. The rationale
is that different modalities capture diverse aspects of the same scene, allowing the
model to make more informed decisions rather than relying on a single, poten-
tially noisy data source. By aligning complementary features, multimodal fusion
helps mitigate the effects of incomplete or misleading information in any indi-
vidual modality. Furthermore, improved model calibration through multimodal
integration ensures that the estimated confidence levels align more closely with
actual prediction reliability.

Although the primary focus of this thesis is on uncertainty in segmentation, in this
chapter, we explore the impact of multimodal fusion in object detection rather
than segmentation. This shift is motivated by the practical challenges associated
with annotating multimodal datasets for segmentation tasks. Unlike segmenta-
tion, where precise pixel-wise annotations are required, object detection involves
bounding-box annotations, which are comparatively easier to generate and vali-
date. Given the complexities of segmentation annotation for multimodal data, we
assess whether multimodal fusion can similarly reduce uncertainty and improve
performance in object detection models. This approach provides a pragmatic yet
effective means of evaluating the benefits of multimodal integration in reducing
uncertainty.

6.1.3 Contributions of this Chapter

This chapter investigates the impact of multimodal fusion on model performance
and uncertainty estimation. The key contributions of this chapter are:
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1. Exploration of Multimodal Fusion for Uncertainty Reduction: We hypothe-
size and empirically demonstrate that the integration of multiple imaging modali-
ties can reduce uncertainty and improve predictive performance.

2. Application to Object Detection Instead of Segmentation: Due to the chal-
lenges of annotating multimodal datasets for segmentation, we evaluate the im-
pact of multimodal fusion in object detection, where annotation is more feasible.
3. Implementation of Early Fusion Techniques: We explore the effectiveness of
early fusion techniques (data-level fusion) by combining multiple modalities be-
fore feature extraction to assess their impact on object detection performance.

6.1.4 Chapter Outline

The rest of the chapter is organized as follows:

* Section 6.2 discusses existing approaches for multimodal fusion and uncer-
tainty estimation.

* Section 6.3 details the proposed methodology for multimodal object detec-
tion, including fusion strategies and experimental design.

* Section 6.4 describes the datasets, experimental setup, and provides quan-
titative analysis of multimodal fusion’s impact on uncertainty reduction.

* Section 6.5 Summarizes the key findings of the chapter.

6.2 Related Works

Over the past decade, a growing body of research has focused on developing multi-
modal fusion techniques and uncertainty estimation methods to improve object de-
tection and segmentation performance. Multichannel Convolutional Neural Net-
works have been widely employed to integrate information from different input
sources, demonstrating the effectiveness of combining complementary modalities
for enhanced predictive accuracy [150, 135, 20, 38]. In parallel, multi-spectral
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imaging has emerged as a valuable tool across various domains. In medical ap-
plications, it facilitates early detection of retinal conditions such as retinopathy
and macular edema [130]. In surveillance systems, multi-spectral data improves
large-area monitoring capabilities and enhances facial recognition accuracy under
challenging conditions [7, 27].

Agriculture has similarly benefited from multimodal approaches, where the fusion
of spectral information aids in identifying plant varieties [81], analyzing chem-
ical compositions [35], and supporting precision farming activities such as nu-
trient management, water stress assessment, and pesticide application planning
[108, 146]. Industrial sectors have also adopted multi-spectral fusion for quality
control, including defect detection in food processing [51] and hazardous material
identification in chemical manufacturing [33].

In addition to advancements in multimodal fusion, increasing attention has been
given to the role of uncertainty estimation in deep learning models, particularly for
safety-critical tasks. Approaches such as Bayesian neural networks, Monte Carlo
dropout, and ensemble techniques have been introduced to quantify model uncer-
tainty, leading to improved robustness and more reliable decision-making in un-
certain environments. Building on these existing works, this chapter investigates
early fusion of multimodal data to address uncertainty challenges and enhance

detection performance in complex, real-world scenarios.

6.3 Present Work

6.3.1 Data Collection

In this work, a novel multispectral dataset was collected, consisting of images
captured in the RGB, NIR, and Thermal spectrum. The dataset was acquired in
daylight from busy roads and urban environments, including objects such as Car,
Human, Road, Building, Bicycle, Motorcycle, Window, Signboard, Tree, and Bush.
Each modality provides complementary information to improve object detection:
1. RGB images: capture visible color information and offer high-resolution details
of objects.

2. NIR images(750-900 nm): highlight material reflectance differences, reduce
haze, and improve visibility in adverse weather conditions.
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Figure 6.1: Columns (a) and (b) show the original NIR and RGB images, respectively, while columns (c) and
(d) present the NIR and RGB images after the alignment process has been applied.

3. Thermal images(10,410-12,510 nm): detect temperature variations, making
object identification possible regardless of lighting conditions.

The dataset consists of six different scenes, containing 1060 x 3 images across the
three modalities.

For data acquisition, three different sensors were used:

* Visible Spectrum (RGB): Nikon D3200 DSLR Camera with Nikon AF-S 3.5-5.6
G standard lens.

* Near-Infrared (NIR) Spectrum: Watec WAT-902H2 Camera, 24 mm lens (SV-
EGG-BOXH1X), Schneider 093 IR Pass Filter (830 nm).

* Thermal Spectrum: FLIR A655SC Thermal Camera.

6.3.2 Data Pre-processing

Since the RGB, NIR, and Thermal cameras have different optical properties and
capture perspectives, aligning images across modalities posed a significant chal-
lenge. Additionally, some objects were indistinguishable in the NIR spectrum,
requiring independent labeling of objects in each modality.

To ensure accurate alignment, cropping and resizing were performed, as the NIR
and Thermal images had a larger field of view than the RGB camera. The dataset
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was adjusted to ensure all objects aligned across modalities, resulting in 9802 us-
able images per modality. This alignment process is depicted in Fig. 6.1.

6.3.3 Data Annotation

Before training deep learning models, the dataset was annotated using the bound-
ing box annotation technique. Given the complexity of labeling objects at the pixel
level, bounding boxes were chosen as the preferred method to facilitate object de-
tection. The annotation process was carried out using an open-source labelimg
tool [144], which allowed objects to be labeled efficiently across the RGB, NIR,
and Thermal images.

The ground truth annotations consisted of class labels along with bounding box
coordinates. Labels were stored in YOLO format, where each annotation file con-
tained:

* The class index (zero-based).

* The normalized bounding box coordinates: center,, center,, width, and

height, relative to the image dimensions.

Each annotation file corresponded to an image and contained multiple rows, each
representing a detected object. An example of a YOLO annotation file is shown in
Fig. 6.2, and an example labeled image is depicted in Fig. 6.4.

Overall, the dataset was designed to facilitate object detection using multimodal
fusion rather than segmentation, primarily due to the complexity of annotating
pixel-wise labels across all modalities. This approach allows for efficient uncer-
tainty estimation and improved object recognition by leveraging complementary
information from different spectral domains.
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4 0.2643 0.3712 0.5287 0.4654
4 0.7257 0.3644 0.2875 0.4651
5 0.1524 0.5769 0.3049 0.3333
0 0.7314 0.5788 0.1164 0.1904
3 0.4526 0.7263 0.1723 0.5429
1 0.7901 0.8076 0.3208 0.3846
8 0.5831 0.8206 0.5406 0.3443
7 0.7188 0.3366 0.1702 0.1098
6 0.5555 0.3784 0.9999 0.6557
9 0.2633 0.5201 0.1434 0.1685

Figure 6.2: Example of YOLO annotation format for object detection.

Figure 6.3: Annotated image showing bounding box annotations for various objects.

6.4 Experiments

6.4.1 Experimental Setup

To evaluate the effectiveness of multimodal fusion for object detection, we con-
ducted experiments using the YOLO v3 object detection model [120]. YOLO v3
was chosen due to its high-speed performance and robust accuracy in real-time



106 Chapter 6 Reducing Uncertainty Through Multimodal Data

Figure 6.4: A sample annotated image from NIR images

object detection tasks. The model was trained separately on individual modali-
ties (RGB, NIR, and Thermal) as well as on early fusion of the three modalities to
analyze the impact of multimodal integration.

The experimental setup included:

* Dataset Preparation: The dataset used in this work consisted of aligned and
labeled images from three different modalities: RGB, Near-Infrared (NIR),
and Thermal. To ensure consistency and reliable training, all images were
spatially aligned so that corresponding regions in each modality matched
accurately. The dataset was then divided into two parts: 80% was assigned
for training purposes to allow the model to learn patterns and features, while
the remaining 20% was reserved for testing, which enabled us to evaluate
how well the model performs on previously unseen data.

* Data Augmentation: To improve the model’s ability to generalize and re-
duce the risk of overfitting, we incorporated a range of data augmentation
techniques during the training phase. These included horizontally flipping
images to simulate different viewpoints, applying random scaling to mimic
objects at various distances, and adjusting image brightness to account for
different lighting conditions. These transformations helped introduce vari-
ety into the training set, making the model more adaptable to real-world
variations.

* Training Details: For the detection task, we employed the YOLO v3 architec-
ture, which is known for combining speed with high detection accuracy. The
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model was trained for 50 epochs to allow sufficient learning while avoiding
excessive training that might lead to overfitting. We used the Adam opti-
mizer, which dynamically adjusts the learning rate, starting from 0.001. A
batch size of 16 was used to balance memory usage and training stability.
All input images were resized to a resolution of 416 x 416 pixels, a format
compatible with the YOLO v3 input requirements.

* Early Fusion: In our study, we adopted an early fusion technique to com-
bine multiple imaging modalities into a single integrated input. Specifically;,
RGB images with three channels (representing red, green, and blue colors),
Near-Infrared (NIR) images with a single channel, and Thermal images also
consisting of one channel were merged at the initial stage. By concatenating
these different data sources, we produced a unified input with a total of five
channels. This integration at an early stage allowed the model to simulta-
neously leverage diverse features—color and texture information from RGB
images, reflective spectral characteristics from NIR, and thermal intensity
variations from Thermal images. This early combination of multimodal data
facilitated richer feature extraction, thereby improving the model’s effective-
ness and robustness in subsequent analyses.

* Evaluation Metrics: To measure the model’s performance, we relied on
several key evaluation metrics. Mean Average Precision (mAP) was used
to assess the overall detection quality, combining both precision and recall
across different confidence thresholds. Intersection-over-Union (IoU) mea-
sured how accurately the predicted bounding boxes matched the actual ob-
ject locations. Additionally, the F1-score provided a balanced view of the
model’s precision and recall, particularly useful in scenarios with class im-
balances. Together, these metrics offered a comprehensive assessment of the
detection system’s accuracy and robustness.

The complete training process was carried out using PyTorch on an NVIDIA P3000
GPU. A summary of the dataset split and augmentation techniques is provided in
Table 6.1.



108 Chapter 6 Reducing Uncertainty Through Multimodal Data

Table 6.1: Dataset Split and Augmentation Techniques

Testing Images

Augmentation Applied

Modality Training Images
RGB 784
NIR 784
Thermal 784
Multimodal (Early Fusion) 784

196
196
196
196

Flipping, Brightness, Scaling
Flipping, Brightness, Scaling
Flipping, Contrast Adjustment
Flipping, Brightness, Scaling

6.4.2 Results and Analysis

The object detection performance across different modalities and their fusion is

reported in Table 6.2. Notably, multimodal fusion significantly improved accuracy

and reduced uncertainty in object detection.

Table 6.2: Object Detection Performance across Different Modalities

Modality mAP (%) | IoU (%) | Fl-score | Detection Time (ms)
RGB Only 68.2 72.4 0.79 19.2
NIR Only 63.9 70.1 0.75 18.5
Thermal Only 71.5 75.3 0.82 20.1
Multimodal (Early Fusion) 78.6 80.8 0.86 22.5

Key Observations:

* Multimodal Fusion Improved Accuracy: The early fusion approach out-

performed single-modality models, achieving an mAP of 78.6% compared to
71.5% (Thermal), 68.2% (RGB), and 63.9% (NIR).

* JoU and F1-score Increased: The fusion model achieved an IoU of 80.8%

and an F1-score of 0.86, indicating better object localization and detection

confidence.

* Better Performance in Challenging Conditions: Thermal images helped

detect objects in low-light conditions, while NIR improved the distinction

of certain materials. Combining these with RGB led to more robust object

detection.
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Figure 6.5: Qualitative results showing object detection across different modalities. Early fusion provides better
localization and confidence scores.

* Slight Increase in Detection Time: While early fusion led to a small in-
crease in detection time (22.5 ms), the improvement in accuracy justifies the
additional computation.

6.4.3 Qualitative Analysis

To further understand the impact of multimodal fusion, Figure 6.5 presents quali-
tative comparisons of object detection performance across different modalities.

Observations from Qualitative Analysis: The qualitative analysis revealed sev-
eral critical insights across different modalities. Models trained solely on RGB
images exhibited significant challenges when detecting objects under low-light
or high-glare conditions, where visual information was either insufficient or dis-
torted. Near-infrared (NIR) images, on the other hand, enhanced feature contrast
and improved object visibility in certain scenarios but struggled when dealing with
complex textures, leading to segmentation inaccuracies. Thermal imaging effec-
tively highlighted heat-emitting objects, making it particularly useful in specific
environments; however, it lacked the fine-grained spatial details necessary for pre-
cise object delineation. In contrast, the multimodal fusion approach successfully
combined the complementary strengths of each modality, resulting in robust and
accurate detection performance across a wide range of environmental conditions.
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6.4.4 Uncertainty Reduction through Multimodal Data

We hypothesized that introducing additional modalities helps reduce uncertainty
in object detection. This hypothesis is supported by:

* The mAP increase from 71.5% (best single modality) to 78.6% (fusion),
showing reduced prediction variance.

* Higher IoU values, meaning that bounding boxes in fused models were better
aligned with ground truth.

* The Fl-score improvement, which reflects increased confidence in model
predictions.

To quantify uncertainty reduction, we measured variance in detection scores across
different test images, as shown in Table 6.3.

Table 6.3: Variance in Object Detection Scores Across Modalities

Modality Variance in Confidence Scores | Avg. False Positives per Image | Avg. False Negatives per Image
RGB Only 0.085 2.1 3.4
NIR Only 0.092 2.3 3.9
Thermal Only 0.073 1.8 2.7
Multimodal (Early Fusion) 0.049 0.9 1.6

From this analysis we can conclude that Multimodal fusion exhibited the lowest
variance (0.049), confirming reduced uncertainty and False positives and false
negatives decreased, improving reliability.

6.5 Summary of the Chapter

This chapter examines how fusing multiple sensing modalities can curb data-
driven (aleatoric) uncertainty and improve visual-recognition performance. Unlike
earlier chapters, which focus on pixel-wise segmentation, the work pivots to object
detection because bounding-box annotation is far more practical for newly col-
lected multimodal imagery. A bespoke dataset of busy urban scenes was captured
simultaneously with three sensors: a standard RGB camera, a near-infrared (NIR)
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camera, and a long-wave thermal imager. After careful spatial alignment, crop-
ping, and YOLO-format labelling, the final corpus contained 980 triplets (RGB,
NIR, thermal) covering ten everyday object categories.

The study adopts an early-fusion strategy: the three single-channel NIR + thermal
images are concatenated with the three RGB channels to create a five-channel in-
put tensor, which is fed directly into a YOLO v3 detector. For comparison, identical
YOLO pipelines are trained on each modality in isolation. Experiments (80 % train
/ 20 % test, standard augmentation, 50 epochs, Adam optimiser) reveal consistent
benefits from fusion. Mean Average Precision rises from 71.5 % (best single mode:
thermal) and 68.2 % (RGB) to 78.6 % with fusion. Intersection-over-Union jumps
to 80.8 % and the F1-score to 0.86, while variance in confidence scores falls by
about 33 %. False positives and false negatives roughly halve, indicating clearer,
more reliable detections. Qualitative figures show the fused model handling glare,
poor lighting and clutter better than any individual modality.

The results support the chapter’s hypothesis: complementary cues—colour-texture
detail from RGB, material contrast from NIR, and temperature gradients from ther-
mal—Ilet the network cross-validate ambiguous evidence, lowering predictive un-
certainty and sharpening localisation. Although early fusion costs a modest 2-3
ms extra per image, the accuracy gains justify that overhead, especially for safety-
critical domains such as autonomous driving or security surveillance.

The chapter closes by noting that multimodal fusion provides a practical route
to uncertainty-aware detection systems. Future work might explore more sophisti-
cated fusion architectures, dynamic weighting of modalities, or integrating explicit
uncertainty heads into multimodal networks, and eventually extend the approach
to pixel-level segmentation once adequate labelled data become available.






Chapter 7

Explainable AI and Uncertainty

7.1 Introduction

Deep learning models have transformed many fields, including medical imaging,
by achieving high accuracy in tasks such as classification, segmentation, and local-
ization. However, these models often function as black boxes and tend to be over-
confident, which can obscure the true uncertainty in their predictions [148][68].
This opacity is particularly concerning in high-stakes domains such as healthcare,
where understanding why a model makes a particular decision is as important as
the decision itself. In such cases, Explainable AI (XAI) methods play a critical role
in making Al decisions more transparent, interpretable, and trustworthy.
Although this thesis primarily focuses on uncertainty estimation in image segmen-
tation, this chapter addresses an important prerequisite—the need for a reliable
explainability method. Existing saliency-based XAI methods such as GradCAM,
LIME, and RISE provide visual explanations, but they often suffer from random-
ness, inconsistency, and lack of robustness. Before these techniques can be mean-
ingfully used to assess uncertainty, we must first establish a more reliable saliency-
based XAI method. This motivates the introduction of GA-RISE, a novel Genetic
Algorithm (GA)-optimized version of RISE, which generates more stable and in-
terpretable saliency maps.

This chapter begins with an overview of Explainable AI (XAI) and its significance
in medical Al applications. Next, we discuss the relationship between uncertainty
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estimation and explainability, emphasizing why a reliable XAI method is a pre-
requisite for assessing uncertainty. Finally, we introduce GA-RISE, which refines
the traditional RISE method using Genetic Algorithms to generate better saliency
maps, followed by a detailed experimental evaluation of GA-RISE against state-of-
the-art XAI methods.

7.1.1 Explainable AI (XAI) and Its Importance

Explainable AI (XAI) is an essential component of Al-based decision systems, par-
ticularly in critical applications like medical imaging, autonomous systems, and
finance [4, 142, 28]. The primary goal of XAl is to provide human-understandable
justifications for model predictions, helping domain experts trust and validate Al-
generated decisions.

In medical imaging, XAl is particularly vital because clinicians require interpretable
insights before making critical diagnostic decisions. Saliency-based XAI techniques,
such as Class Activation Maps (CAM), Model-Agnostic Methods (LIME, SHAP), and
RISE, highlight the most influential regions in an input image that drive a model’s
decision. These explanations increase trust in Al-assisted workflows, reduce diag-
nostic errors, and improve overall decision-making reliability.

However, existing saliency-based methods suffer from several limitations for exam-
ples GradCAM and its variants (e.g., GradCAM+ +, LayerCAM, ScoreCAM, Eigen-
CAM) depend on CNN activation maps, making them unsuitable for certain archi-
tectures; LIME generates explanations based on random perturbations, leading to
inconsistent results; RISE overcomes some of these issues by using random binary
masks, but it still suffers from high computational cost and instability in repeated
runs.

To address these challenges, we introduce GA-RISE, which optimizes the mask
generation process using Genetic Algorithms. By refining the random mask se-
lection process, GA-RISE produces more stable and robust visual explanations,
making it a stronger foundation for future uncertainty estimation.
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7.1.2 Uncertainty and XAI

Uncertainty quantification is essential for assessing the reliability of a model’s pre-
dictions. Traditional XAI methods, such as saliency maps and perturbation-based
approaches, typically focus on highlighting key features without considering the
model’s confidence in those features. This disconnect means that standard XAl
techniques often fail to distinguish between confident and uncertain regions in an
image.

A well-calibrated XAI method should not only highlight influential features but also
indicate regions where the model lacks confidence. This is particularly important
in medical imaging, where ambiguous or noisy features can mislead automated
diagnostic models. For example: Diffuse or inconsistent activations in a saliency
map may indicate uncertainty; Highly confident predictions in irrelevant regions
may signal overfitting or bias.

To properly integrate uncertainty with explainability, we first need to enhance the
reliability of saliency-based methods. This chapter takes the first step toward this
goal by improving XAI reliability through GA-RISE, ensuring that future work in
uncertainty-aware XAl is built on a strong foundation.

7.1.3 Contributions of this Chapter

The key contributions of this chapter are as follows:

* Improving the reliability of XAI via GA-RISE: One of the primary chal-
lenges in using XAI methods for model interpretation is ensuring that the
generated saliency maps are accurate, consistent, and robust. Existing tech-
niques such as GradCAM, RISE, and LIME suffer from randomness and in-
consistencies, making them unreliable for deeper analysis. We propose GA-
RISE, which enhances saliency map generation by optimizing the mask se-
lection process using Genetic Algorithms (GA). This approach eliminates the
inconsistency of random masks, improves feature localization, and generates
more interpretable explanations, providing a stronger foundation for future
uncertainty analysis.

* Extensive empirical evaluation: We conduct a comprehensive analysis of
GA-RISE on medical image classification tasks, demonstrating its superiority
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over existing methods like GradCAM, GradCAM+ +, LIME, and RISE in terms
of explanation quality, feature localization, and consistency across multiple
runs.

* Laying the groundwork for future segmentation applications: While this
chapter primarily focuses on classification-based explainability, we discuss
the potential extension of GA-RISE to segmentation tasks, which would en-
able more precise and fine-grained uncertainty visualization at the pixel level
in medical imaging applications.

7.1.4 Chapter Outline

The rest of the chapter is organized as follows:

* Section 7.2 discusses related work on explainable Al methods, including
Class Activation Maps (CAM) and Model-Agnostic Explanation techniques.

* Section 7.3 the proposed GA-RISE approach in detail, outlining its method-
ology and theoretical foundation

* Section 7.4 presents the experimental setup, datasets, and evaluation met-
rics, followed by results and comparative analysis with existing methods.

* Section 7.5 Summarizes the key findings of the chapter.

7.2 Related Works

In the domain of Explainable Artificial Intelligence (XAI), various methods have
been developed to enhance the interpretability of deep learning models, partic-
ularly in critical applications such as medical imaging. Given that deep learning
models function as black-box classifiers, posthoc explainability techniques are es-
sential for understanding their decision-making processes. These techniques can
broadly be categorized into two approaches: those that rely on internal model
representations and those that are model-agnostic.

Class Activation Maps (CAM) and their variants have emerged as one of the most
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widely used methods for generating visual explanations. These techniques lever-
age feature maps from the last convolutional layer of a neural network to highlight
the most relevant regions in an input image that contribute to the model’s decision.
GradCAM [128] computes gradients of the output class with respect to the feature
maps and combines them to produce heatmaps that indicate important regions.
GradCAM++ [15], an improved version, refines this approach by incorporating
positive partial derivatives, resulting in better localization of relevant features.
Other variations, such as LayerCAM [66], ScoreCAM [149], and EigenCAM [102],
modify the weighting mechanisms to improve interpretability and reduce reliance
on gradient-based information. Despite their effectiveness, CAM-based methods
come with significant limitations. They require access to convolutional feature
maps, making them inapplicable to architectures that lack explicit convolutional
layers. Additionally, these methods tend to localize only the most dominant fea-
tures while failing to capture the broader contextual relationships in the image,
which is particularly problematic in complex classification tasks. Furthermore,
CAM-based techniques may emphasize regions with high activations rather than
those genuinely responsible for the decision, leading to misleading visualizations.
Model-agnostic methods have been developed to overcome some of the architec-
tural constraints of CAM-based approaches. Unlike CAM, these methods generate
explanations without requiring direct access to the model’s internal representa-
tions. One of the most widely used techniques in this category is Local Inter-
pretable Model-Agnostic Explanations (LIME) [121], which approximates the be-
havior of a black-box model by perturbing the input data and fitting a surrogate
interpretable model to explain predictions. LIME has been successfully applied in
various domains, including image classification, text processing, and structured
data. However, its reliance on random perturbations makes it computationally ex-
pensive and inconsistent across multiple runs, leading to varying explanations for
the same input.

Another popular model-agnostic technique is RISE (Randomized Input Sampling
for Explanation) [114], which generates saliency maps by applying a large number
of random binary masks to the input image and analyzing the model’s response to
these masked inputs. By averaging the contributions of different regions, RISE pro-
duces a final explanation that highlights the most influential areas. While RISE has
been widely adopted due to its flexibility, it suffers from several drawbacks. The
random nature of mask generation requires a large number of samples to produce
high-quality explanations, making it computationally expensive. Moreover, the
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stochastic process often results in inconsistent saliency maps across different runs,
reducing the reliability of its visualizations. The method also lacks a mechanism
for refining or optimizing the generated masks, leading to noisy and sometimes
misleading explanations.

Given the challenges associated with both CAM-based and model-agnostic meth-
ods, there is a need for a more robust and computationally efficient approach that
generates stable and reliable saliency maps. The primary motivation for the pro-
posed GA-RISE method is to improve upon the limitations of RISE by introducing
a structured optimization process. Instead of relying solely on random masks, GA-
RISE employs a genetic algorithm to iteratively refine the masks, ensuring that the
resulting saliency maps better capture the most relevant regions while reducing
unnecessary noise. By optimizing mask selection through evolutionary principles
such as selection, crossover, and mutation, GA-RISE provides a more stable and
interpretable visualization of model decisions. The goal of this work is to establish
a more reliable XAl technique, which can subsequently be used to assess model
uncertainty in a more structured and meaningful manner.

7.3 Present Work

Saliency-based XAI methods are widely used to interpret deep learning models
by highlighting important image regions that influence predictions. Among them,
RISE (Randomized Input Sampling for Explanation) is a model-agnostic approach
that generates saliency maps by applying a large number of random binary masks
to the input image. The final explanation is derived by aggregating the model’s
predictions over multiple masked images, where higher activation regions indicate
greater influence on the final decision.

While RISE is effective in many cases, it has several drawbacks. Firstly, it requires
a large number of randomly generated masks to produce high-quality saliency
maps. This results in high computational costs, making it impractical for real-time
applications. Secondly, the random nature of RISE’s mask generation can lead to
inconsistent saliency maps for the same input across multiple runs, reducing its
reliability in critical applications such as medical image analysis. To address these
limitations, we propose GA-RISE, a novel method that incorporates Genetic Algo-
rithms (GA) to optimize the generation of saliency masks. Instead of relying on
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thousands of random masks, GA-RISE evolves a smaller set of candidate masks us-
ing genetic operators such as selection, crossover, and mutation. This optimization
not only reduces computational overhead but also enhances the consistency and
quality of saliency maps.

7.3.1 GA-RISE: Genetic Algorithm-Optimized RISE

Let I be an input image for which we seek an explanation. For color images, I
is defined as 7 : A — R?, where A = {1,2,...,H} x {1,2,..., W} represents
the spatial dimensions, and H and W denote the height and width of the image,
respectively.

Let = be a binary vector of size 64 consisting of 0’s and 1’s in random order. We
reshape z to create a binary mask of size 8 x 8, which is then up-sampled and
cropped to match the dimensions of the input image. After up-sampling, the binary
mask becomes a continuous mask M where values range between [0, 1]. Thus, M
is defined as M : A — [0, 1], and can be obtained using M = m(z), where m is
the function that transforms a binary vector x into a continuous mask M of size
H xW.

RISE requires a large number (V) of masks. We begin by generating N random
binary vectors 1, zs, ..., xy and convert them into masks M, Ms, ..., My, where
Given that a deep learning model functions as a mapping from an input image to
a classification score, let f : I — R be a black-box model that outputs a scalar
confidence score for a given input image /, distributed across different classes.
Next, we multiply I by M; (the i-th mask) in a pixel-wise manner. The resulting
masked image is denoted as I ® M;, where i = 1,2,..., N. The importance of
a pixel A € A is computed as the expected confidence score over all masks M;,
conditioned on the event that pixel \ is present, i.e., M;(\) = 1. This is given by:

P =E: [f(I© M) | M;i(A) =1]. (7.1)

In practice, the saliency map is computed by a weighted sum of the generated
masks, where the weights are determined by the model’s confidence scores for the
masked images.

A key drawback of RISE is that it creates an excessive number of random masks,
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some of which provide poor explanations. To overcome this, we introduce a ge-
netic algorithm-based optimization approach that selects the most effective masks.
Instead of initializing with a large number of random masks, GA-RISE starts with
a smaller population and iteratively improves the masks using evolutionary oper-
ations.

A good mask is defined as one that effectively reveals important regions by mask-
ing less important features. If all N masks are optimized, the prediction probability
for masked images remains high for the class under consideration. We thus define

our fitness function as follows:

F(x1,29,...,2,) = maxEy [P()\)]. (7.2)

Expanding this, we obtain:

max F(z1,x9,...,2,) = maxEy [E; [f(I ©® M;) | M;(\) =1]], (7.3)

where M; = m(z;). This ensures that only masks contributing to meaningful
saliency maps are retained. The GA-RISE procedure is as follows:

1. Initialize N random binary vectors z1, zs, ..., Ty.

2. Convert each z; into a mask M; = m(x;).

3. Evaluate the fitness of each mask using the defined objective function.

4. Apply genetic operations:

* Selection: Retain top-performing masks.
* Crossover: Combine selected masks to generate new candidates.

* Mutation: Introduce minor modifications to encourage diversity.

5. Iterate until convergence.

By evolving an optimized subset of masks, GA-RISE produces more focused saliency

maps with reduced computational cost and greater consistency.
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7.3.2 Advantages of GA-RISE

The GA-RISE method offers several advantages over traditional saliency-based ap-
proaches:

» Fewer masks, better results: Instead of requiring thousands of random masks,
GA-RISE optimizes a smaller set, leading to reduced computational complex-

ity.

* Consistent explanations: By refining masks through genetic algorithms, GA-
RISE mitigates the randomness in RISE and produces more stable saliency
maps across different runs.

* Better interpretability: Optimized masks ensure that only the most relevant
features are highlighted, making the explanations more meaningful and aligned

with expert interpretations.

7.4 Experiments

To establish the efficacy of our proposed method GA-RISE, we conducted extensive
experiments in the medical image classification domain. Every aspect of the ex-
periment, including datasets, experimental setup, evaluation metrics, and results,
is detailed in this section.

7.4.1 Dataset

We used the Pediatric Pneumonia Chest X-ray dataset [72] for our classification
task. This dataset consists of chest X-ray images categorized into two classes:
“NORMAL” and “PNEUMONIA.” The dataset is divided into training and testing
sets, where the “Train” folder contains 5232 images, and the “Test” folder contains
624 images. Additionally, we extracted 643 images from the training set to form a

validation set.
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Figure 7.1: Comparison of test accuracy achieved by different classifiers on the Pediatric Pneumonia Chest X-ray
dataset.

7.4.2 Experimental Setup

For our experiments, we employed multiple state-of-the-art convolutional neural
network (CNN) architectures, including DenseNet [56], AlexNet [76], GoogLeNet
[138], ResNet [50], MobileNet-V2 [126], Inception-V3 [139], and VGGNet [134],
all available in the PyTorch framework.

We trained all models from scratch using identical hyperparameters to maintain a
minimalistic and fair experimental protocol. The models were optimized using the
Adam optimizer with a learning rate of 0.001. We employed cross-entropy loss as
the loss function and trained each model for 50 epochs.

To ensure statistical validity, we conducted a paired t-test on ResNet-50 and ResNet-
101 using five-fold cross-validation. The test yielded a t-statistic of ¢ = 3.30 and
a p-value of p = 0.0299, demonstrating that ResNet-101 performed significantly
better (p < 0.05).
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Table 7.1: A comparative analysis of different state-of-the-art methods alongside our GA-RISE approach. The
evaluation considers multiple metrics, including AD, IIC, ADD, DAUC, IAUC, Sparsity, DC, and IC, with values
averaged across all images.

Models AD IIC ADD DAUC IAUC Sparsity DC IC
Grad CAM[128] 0.00150 0.0356 0.00251 0.0954 0.9352 6.63 0.4128 -0.1504
Grad CAM++[15] | 0.00126 0.0252 0.00251 0.0948 0.9215 6.79 -0.1783  0.2447

LIME[121] 0.00201 0.0336 0.00468 0.0990 0.8395 5.14 0.2567 -0.1547
RISE[114] 0.00103 0.0252 0.00844 0.0981 0.9259 6.65 -0.5709 0.7811
GA-RISE 0.00102 0.0423 0.02167 0.0924 0.9625  8.65 0.1379 Nan

7.4.3 Evaluation Metrics

To evaluate the quality of saliency maps generated by GA-RISE, we used several
widely accepted metrics in explainable Al literature [53]. These include Average
Drop (AD) [15], Increase in Confidence (IIC) [15], Deletion Area Under Curve
(DAUC) [114], Insertion Area Under Curve (IAUC) [114], Deletion Correlation
(DC) [42], and Insertion Correlation (IC) [42].

7.4.4 Results and Analysis

In this section, we present a detailed quantitative and qualitative analysis of our
proposed GA-RISE method. Table 7.1 provides a comparative analysis between
GA-RISE and state-of-the-art explainability methods such as GradCAM [128], Grad-
CAM++ [15], LIME [121], and RISE [114]. We evaluated these methods using
standard explanation quality metrics, including Average Drop (AD) [15], Increase
in Confidence (IIC) [15], Deletion Area under Curve (DAUC) [114], Insertion Area
under Curve (IAUC) [114], Deletion Correlation (DC) [42], and Insertion Corre-
lation (IC) [42].

The quantitative results indicate that GA-RISE outperforms all baseline meth-
ods across almost all evaluation metrics. Notably, GA-RISE achieves a higher
IAUC score, indicating that the method retains crucial predictive information when
salient regions are gradually revealed. The lower DAUC score further demon-
strates that removing important regions leads to a significant decline in model
confidence, reinforcing the reliability of the explanations. Additionally, GA-RISE
exhibits greater consistency in saliency map generation by optimizing the mask
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generation process through a genetic algorithm, as opposed to RISE’s purely ran-
dom mask sampling approach.

Figure 7.2 provides qualitative comparisons of the saliency maps generated by dif-
ferent explainability methods for two examples from the "NORMAL” and "PNEU-
MONIA” classes. It can be observed that GradCAM and GA-RISE generate more
localized and focused saliency maps, whereas RISE often highlights less relevant
regions due to its randomized mask generation. The consistency of GA-RISE across
multiple runs is a key advantage, as seen in Figure 7.3, where the standard devi-
ations of DAUC and IAUC scores across multiple runs are significantly lower com-
pared to RISE.

To further validate GA-RISE’s reliability, we compared its explanations with expert-
annotated regions in Figure 7.4. The Soft Dice coefficient between GA-RISE-
generated saliency maps and expert annotations is consistently higher than that
of RISE, highlighting GA-RISE’s superior ability to align explanations with human
understanding.

7.4.5 Visualizing Uncertain Predictions using GA-RISE

Evaluating a model’s trustworthiness in high-stakes applications requires under-
standing both its prediction confidence and how it explains its decisions. One
way to assess the reliability of an Al model is by examining whether its saliency
maps correspond meaningfully to its predicted confidence scores. A major chal-
lenge arises when a model confidently makes incorrect predictions or produces
misleading saliency maps that do not align with human-understandable decision
boundaries.

In some instances, deep learning models exhibit high confidence in incorrect classi-
fications, yet the corresponding saliency maps fail to highlight the actual region of
interest. Conversely, there are cases where models correctly classify images with
high confidence but highlight irrelevant or external regions instead of the true
class-discriminative area. Such inconsistencies indicate an additional dimension
of uncertainty that extends beyond conventional confidence scores, highlighting
the need for reliable explainability methods.

GA-RISE offers a systematic way to assess these uncertainties by optimizing the se-
lection of salient regions and improving interpretability. Unlike traditional saliency-
based methods, GA-RISE refines its explanations iteratively, ensuring that the
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Figure 7.2: Saliency maps generated by GA-RISE compared to GradCAM and RISE. (a) Input image, (b) Grad-

CAM saliency map, (c) RISE saliency map, and (d) GA-RISE saliency map.

generated visualizations remain robust and meaningful even in cases of high-

confidence incorrect predictions.

Figure 7.5 presents examples where model uncertainty is evident through saliency

map inconsistencies. In the bottom three row, the model predicts an incorrect

class with 99% confidence, and the generated saliency map fails to highlight the

actual discriminative region. In contrast, in the top three row, although the model

predicts the correct class with high confidence, the explanation map indicates an
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Figure 7.3: Comparison of saliency maps generated by RISE and GA-RISE across multiple iterations for the
same input image. The standard deviation in DAUC and IAUC scores demonstrates GA-RISE’s consistency.

irrelevant region outside the primary structure. Such observations reveal that ex-
plainability methods can serve as a complementary tool for evaluating model un-
certainty, identifying failure cases, and improving model calibration.

7.5 Summary of the Chapter

This chapter presents GA-RISE, a Genetic-Algorithm—enhanced variant of the RISE
saliency method, designed to produce more stable and focused visual explanations
for deep medical image classifiers. By evolving a compact population of binary
masks through selection, crossover, and mutation, GA-RISE replaces the thousands
of purely random perturbations in standard RISE with a few hundred optimized
masks.

Empirical evaluation on the Pediatric Pneumonia Chest X-ray dataset—covering
seven CNN architectures—demonstrated that GA-RISE consistently outperforms
competing XAI techniques. Compared to vanilla RISE, GA-RISE improved the In-
sertion Area Under Curve from 0.926 to 0.963 (=~ +4% relative gain) and reduced
the Deletion AUC from 0.098 to 0.092 (~ -6%), indicating sharper identification
of critical regions. The Increase in Confidence metric rose by 68% (from 0.025 to
0.042), and map sparsity increased by 30% (from 6.65 to 8.65 non-zero patches),
confirming that GA-RISE highlights fewer but more diagnostically relevant pixels.
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Figure 7.4: Comparison of saliency maps produced by RISE and GA-RISE with annotations from human experts.
The Soft Dice score is used to quantify the overlap between explainability maps and expert annotations.

Moreover, variability in IAUC and DAUC across repeated runs fell by roughly 35%,
underscoring the method’s enhanced consistency.

Qualitative examples illustrate that GA-RISE not only generates clearer, better-
localized heatmaps of lung pathology but also flags cases where the model is “right
for the wrong reasons” or “overconfidently wrong.” Such insights are invaluable for
exposing hidden failure modes and guiding practitioners toward safer deployment.
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Despite these advances, GA-RISE introduces several new hyperparameters (popu-
lation size, crossover/mutation rates, generations) and incurs a modest optimiza-
tion overhead compared to one-shot mask sampling. Although mask counts are
reduced by an order of magnitude, evolving them still requires multiple model
evaluations per generation. Finally, while this chapter focuses on classification
tasks, extending GA-RISE to high-resolution, per-pixel explanations in segmenta-
tion will demand further work on scalability and accelerated fitness evaluation.



Chapter 8

Conclusion and Future Work

8.1 Summary of Objectives and Contributions

The primary objective of this thesis was to develop novel methodologies for uncer-
tainty estimation in deep learning-based image segmentation. Given the critical
role of reliable segmentation in domains such as medical imaging and autonomous
systems, the work aimed to address different sources of uncertainty—specifically
boundary uncertainty, label uncertainty, and model-induced uncertainty—while
proposing strategies to minimize them, including the use of multimodal data and
enhancing model interpretability through explainable Al techniques.

Throughout the course of this research, several key contributions have been made:
the design of new loss functions for better boundary delineation, modeling label
uncertainty with consensus-driven approaches, proposing ensemble and calibration-
based methods to mitigate model uncertainty, incorporating multimodal data fu-
sion techniques, and integrating explainable Al for improved model transparency.
Each contribution systematically addressed a particular aspect of uncertainty in
segmentation tasks and collectively advances the field towards building more trust-
worthy and robust models.

129
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8.2 Chapter-wise Contributions

Chapter 2: Boundary Uncertainty in Image Segmentation

This chapter introduced innovative techniques to handle uncertainty at object
boundaries. A customized loss function, termed Bi-H Loss, was proposed to bet-
ter capture the nuances of boundary regions. Additionally, the COVID-CT-H-UNet
model was developed and validated on medical imaging data, demonstrating su-
perior boundary adherence and improved segmentation performance compared to
conventional methods.

Chapter 3: Label Uncertainty in Image Segmentation

Chapter 3 tackled the challenge of annotation variability across multiple experts.
A novel segmentation framework was proposed that does not rely on a single
ground truth but instead generates consensus-driven segmentation maps by learn-
ing from multiple annotations. This approach helped in mitigating label-induced
uncertainties and improving model generalizability across diverse datasets.

Chapter 4: Addressing Model Uncertainty using Ensemble Tech-

niques

In this chapter, an ensemble-based strategy leveraging copula functions was in-
troduced to better capture dependencies among predictions of multiple models.
Instead of traditional pixel-wise ensembles, a superpixel-driven approach was em-
ployed to reduce computational overhead while maintaining segmentation quality;,
thus offering a practical solution for real-world deployment.
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Chapter 5: Addressing Model Uncertainty using Calibration Tech-

niques

Chapter 5 proposed a calibration technique based on Confusion Penalty-Based
Label Smoothing (CPLS) to ensure that the model’s predicted probabilities are
well-aligned with the actual likelihoods. By reducing overconfidence in incorrect
predictions, this approach enhanced the model’s reliability, especially in critical
applications where misclassifications carry severe consequences.

Chapter 6: Reducing Uncertainty Through Multimodal Data

This chapter explored the integration of multiple imaging modalities, such as RGB,
thermal, and near-infrared (NIR) data, using early fusion strategies. Experiments
demonstrated that multimodal fusion significantly enhances segmentation accu-
racy and reduces uncertainty, particularly in challenging environmental conditions

where single-modality data may be inadequate.

Chapter 7: Explainable AI and Uncertainty

The final technical chapter introduced GA-RISE, an explainable Al framework
based on genetic algorithm-optimized perturbation masks, to interpret segmen-
tation model predictions. By highlighting salient regions that influenced model
decisions, this method not only improved model transparency but also offered a
valuable tool for understanding areas of high uncertainty in the output.

8.3 Future Directions

Building on the foundation laid in each chapter, several promising research av-

enues remain:

* Dynamic Uncertainty Modeling: To develop architectures that adaptively
adjust their uncertainty estimation during inference based on detected do-
main shifts or user feedback.
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* Boundary Refinement Extensions (Chapter 2):

- To extend the attention-guided Bi-H Loss framework to 3D volumetric
data (e.g., MRI/ultrasound) and other modalities (CT-PET fusion).

- To integrate lightweight architectures (e.g., MobileNet variants) for real-
time clinical deployment.

- To investigate self-supervised or few-shot boundary fine-tuning to alle-

viate data scarcity.

* Consensus and Annotator Modeling (Chapter 3):
— To incorporate semi-supervised and active-learning loops, letting the
model query experts on high-disagreement regions.
— To extend ASPE to multi-modal annotation contexts (e.g., CT + MRI)
and to temporal sequences.
* Scalable Dependence-Aware Ensembles (Chapter 4):
— To scale copula fusion to dozens of models via low-rank or sparse de-
pendency structures for efficiency.
— To combine ensemble dependencies with calibration (CPLS) to jointly
reduce variance and overconfidence.
* Advanced Calibration Strategies (Chapter 5)
— To design spatially adaptive CPLS where smoothing factors vary by pixel
or region complexity.

— To merge CPLS with Bayesian or evidential loss functions for richer un-
certainty quantification.

— To explore semi-supervised and self-supervised versions of CPLS to re-
duce dependence on large labeled sets.
* Multimodal Fusion Beyond Early Integration (Chapter 6):
— To compare early, mid-level, and late fusion strategies, potentially with
learned attention weights per modality.

- To transition from object detection to full pixel-wise segmentation in
multimodal stacks (RGB + depth + thermal).
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— To introduce modality-specific uncertainty estimates to weight each sen-
sor’s contribution adaptively.

* Explainability-Uncertainty Synergy (Chapter 7)

— To adapt GA-RISE to generate pixel-level saliency for segmentation net-
works, enabling direct mapping of uncertainty on masks.

— To incorporate uncertainty metrics into the genetic-algorithm fitness
function so that masks highlight both relevance and confidence.

— To develop quantitative validation of explanations (e.g., using user stud-
ies or structured metrics) to complement visual inspection.

8.4 Concluding Remarks

In conclusion, this thesis presented a comprehensive study on various aspects of
uncertainty in deep learning-based image segmentation and proposed multiple in-
novative solutions to address them. By tackling boundary-level inconsistencies,
label ambiguities, model reliability, and modality limitations, the work aims to
bridge the gap between theoretical advancements and real-world applicability of
segmentation models. Moreover, the integration of explainable Al methodologies
reinforces the trustworthiness of these models. It is hoped that the research direc-
tions and findings outlined herein will stimulate further innovations in building
reliable, interpretable, and uncertainty-aware deep learning systems for image

segmentation and beyond.
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