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ABSTRACT OF THE DISSERTATION

Novel Techniques for Automated Medical Image Segmentation Spanning Diverse Anatomical

Structures and Imaging Modalities

by

Noor Nakhaei

Doctor of Philosophy in Computer Science

University of California, Los Angeles, 2025

Professor Demetri Terzopoulos, Chair

First, we introduce a framework for improving spatial correlation between mammography

and specimen radiography, enhancing diagnostic accuracy and surgical guidance in breast

cancer treatment.

Second, we develop hybrid architectures that synergistically combine Active Contour Mod-

els (ACMs) with Convolutional Neural Networks (CNNs), demonstrating superior boundary

detection performance compared to either approach used in isolation. Third, we formulate

differentiable implementations of traditionally fixed ACM parameters, enabling end-to-end

training within neural networks and improving adaptability across diverse imaging contexts.

Fourth, we design boundary-aware transformer models with specialized attention mechanisms

that prioritize accurate delineation of anatomical borders, addressing limitations in standard

transformer architectures for medical segmentation tasks. Finally, we integrate human at-

tention patterns derived from eye-tracking studies of expert radiologists into computational

models, creating systems that achieve higher accuracy and generate explanations that align

with clinical reasoning.

Empirical evaluations across multiple anatomical structures, imaging modalities, and

clinical tasks demonstrate that these approaches significantly enhance technical performance

and clinical relevance. The hybrid methods show improved generalization across different

institutions and imaging protocols, while the human-aligned attention mechanisms facilitate

ii



interpretability and clinical acceptance.

Our research advances the field toward medical image analysis systems that serve as

reliable partners in clinical decision-making by combining the mathematical rigor of traditional

approaches, the representational power of deep learning, and the domain expertise of clinical

practitioners.
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CHAPTER 1

Introduction

Medical image analysis plays an important role in diagnosis and treatment. The process

of analyzing and diagnosing medical images is costly and time-consuming. In recent years,

there have been numerous efforts in implementing computer-aided diagnosis (CAD) systems

to assist clinicians on important downstream tasks such as segmentation, classification,

and risk stratification (Litjens et al., 2017). To this end, researchers have developed a

large variety of algorithms. In particular, for the purposes of medical image segmentation,

algorithms range from classic Active Contour Models (ACMs) (Kass et al., 1988) to modern

deep learning-based approaches (Ronneberger et al., 2015). Despite promising advances,

integrating computational image analysis into routine clinical practice faces substantial

challenges related to algorithm robustness, interpretability, clinical validation, regulatory

approval, and implementation within complex healthcare systems. Specifically, data-driven

deep learning methods are insufficient to achieve adequate medical image analysis, as they

typically require large annotated datasets, which are often impossible to achieve in practice.

Moreover, the difference among the different datasets makes it impossible to train machine

learning models on one set of data and infer adequately on a similar dataset from another

institution.

This dissertation explores novel approaches to addressing these challenges by developing

explainable deep learning models for medical image segmentation and classification. We focus

on test-time domain-adaptation, segmenting boundaries, and building generalizable models.
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1.1 Challenges

Despite the remarkable progress in medical image analysis, several critical challenges that

are most relevant to the scope of this thesis continue to impede the effective translation of

computational approaches into clinical practice.

Medical diagnosis frequently requires integrating complementary information from multiple

modalities (e.g., CT, MRI, X-ray), each capturing different aspects of anatomy and physiology.

Effectively fusing this information necessitates sophisticated registration techniques that

can account for differences in resolution, contrast mechanisms, and acquisition parameters

while preserving anatomical correspondence. Fusing specimen radiograph and pre-operative

mammography improves orientation reliability and tumor localization (Drozgyik et al.,

2025), reduces turnaround time and resource utilization (Arudra et al., 2021), and enhances

radiology-pathology correlation (Nakhaei et al., 2021).

Accurate boundary detection and segmentation remain difficult, particularly in medical

images where anatomical structures often exhibit low contrast, irregular boundaries, and

pathological variations. The inherent complexity and variability of biological structures make

it challenging for algorithms to precisely delineate organs, lesions, and tissues—a fundamental

prerequisite for quantitative analysis, characterization, and computer-aided diagnosis.

Domain adaptation represents one of the most important challenges in the clinical

deployment of AI systems. A fundamental disparity exists between radiologists and AI

models’ ability to generalize knowledge across different settings. Radiologists are less sensitive

to differences in image appearance or differences in images across different institutions.

While radiologists can effectively apply their expertise across institutions, imaging protocols,

and patient populations with minimal adaptation, current AI systems exhibit performance

degradation when faced with images from new environments—a phenomenon known as domain

shift (Zech et al., 2018; Tayebi Arasteh et al., 2023). This necessitates resource-intensive

fine-tuning for each new clinical setting, significantly limiting scalability and practical utility

(Hsu et al., 2022).

The significant perceptual gap — the systematic difference between what AI models

2



“see” and what human experts deem salient — in performance between AI systems and

radiologists further complicates integration into clinical workflows. Current AI models

process images as collections of pixels with statistical patterns, fundamentally different

from the anatomically-informed, experience-based reasoning of clinicians. This difference

manifests in the regions of interest; AI often focuses on image features that differ substantially

from those radiologists consider diagnostically relevant, potentially identifying correlations

lacking meaningful clinical significance. Perhaps most critically, the “black box” nature of

advanced AI systems undermines trust and hampers adoption. Clinicians require accurate

predictions and transparent explanations that align with their medical knowledge. Without

explainability, verifying whether a model’s decision process is clinically sound or based

on spurious correlations becomes impossible, creating significant barriers to responsible

deployment and regulatory approval.

1.2 Motivations

While promising, current approaches to medical image analysis exhibit fundamental limi-

tations that motivate the need for novel methodologies aligned with clinical practice. The

aforementioned challenges highlight the need for human-AI integration approaches that align

computational methods with clinical expertise rather than attempting to replace human

judgment.

Several critical gaps in existing techniques drive our research: Despite their impressive

benchmark performances, deep learning models for medical imaging suffer from significant

shortcomings when deployed in real-world clinical environments. Most architectures optimize

for statistical performance on curated datasets rather than clinical utility, leading to models

that excel in controlled settings but fail to address the complexities and variability encountered

in routine practice. Conventional convolutional neural networks, while powerful for feature

extraction, lack the anatomical priors and structured reasoning capabilities inherent to human

diagnostic processes. Furthermore, the data-hungry nature of these models creates practical

barriers in medical domains where annotated data is scarce and expensive to obtain.
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The generalization failure across institutions and imaging protocols represents perhaps

the most concerning limitation of current approaches. The performance degradation observed

when deploying models trained at one institution to another—even when the clinical task

remains identical—undermines the scalability and cost-effectiveness promised by AI systems.

This problem is exacerbated by the proliferation of proprietary imaging protocols and

equipment configurations across healthcare systems. While human radiologists naturally

adapt their knowledge across these variations, current deep learning models essentially “overfit”

to their training environment, capturing incidental correlations related to institutional factors

rather than focusing on invariant disease characteristics.

Precise boundary detection, a seemingly straightforward task for human experts, remains

elusive for computational approaches. Conventional segmentation algorithms struggle with the

inherent ambiguity in medical image boundaries, particularly in regions where pathology alters

normal tissue appearance or physiological motion creates artifacts. This limitation directly

impacts downstream clinical applications that require accurate volumetric measurements,

treatment planning, or longitudinal comparisons. The failure to achieve human-level precision

in this fundamental task undermines confidence in more complex analytical capabilities.

Current AI systems fundamentally diverge from human cognition in their approach to

image interpretation. While radiologists employ hierarchical reasoning, anatomical knowledge,

and causal understanding to interpret images, deep learning models primarily detect statistical

patterns without meaningful conceptual representation of anatomical structures or pathophys-

iological processes. This creates a “cognitive mismatch” between human and AI diagnostic

approaches, where models may arrive at correct classifications through reasoning pathways

that make little sense to clinicians. This divergence hampers explainability and increases the

risk of unexpected failures when encountering novel presentations or rare variants.

Clinical relevance and explainability requirements cannot be treated as secondary consid-

erations or post-hoc additions to existing models. The healthcare context demands that AI

systems provide accurate predictions and support clinical decision-making through explana-

tions that align with medical knowledge and reasoning. Current explainability methods often

produce visualizations that highlight statistically significant regions without connecting them
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to clinically meaningful concepts, creating a “semantic gap” between model explanations and

medical reasoning. Moreover, the regulatory landscape increasingly demands transparent AI

systems that can justify their outputs in human-interpretable terms.

The incorporation of human expertise into computational models represents an untapped

opportunity. Rather than treating AI development as an isolated technical challenge, there is

compelling motivation to design systems that explicitly leverage the complementary strengths

of human and machine intelligence. Radiologists possess contextual knowledge, causal

reasoning abilities, and ethical judgment that computational systems lack, while machines

excel at consistent pattern recognition across large datasets. Models that can meaningfully

incorporate human knowledge, mimic clinical reasoning processes, and integrate seamlessly

with existing workflows represent the next frontier in medical image analysis.

These motivations collectively point toward the need for a paradigm shift in our approach

to medical image analysis—moving from purely data-driven statistical models toward hybrid

systems that combine the power of computational methods with the reasoning capabilities and

domain knowledge of clinical experts. This dissertation explores this interdisciplinary frontier,

aiming to develop systems that think more like clinicians while retaining the advantages of

computational approaches.

1.3 Research Objectives

This dissertation addresses five interrelated research objectives that systematically target

the challenges identified in medical image analysis. Each question corresponds to specific

objectives that collectively advance the field toward more clinically relevant and human-aligned

computational approaches.

1.3.1 Spatial Correlation in Multi-Modal Imaging

Research Question 1: How can we improve spatial matching between mammography and

specimen radiography images to enhance diagnostic accuracy and surgical guidance?
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Objectives:

1. Develop novel registration algorithms specifically tailored to the challenging task of

matching 2D projections (mammograms) with their corresponding specimen radiographs

acquired under different compression and orientation conditions

2. Quantify the performance improvements in lesion localization and margin assessment

when enhanced spatial correlation techniques are applied

3. Evaluate the clinical impact of improved spatial matching on surgical decision-making

and re-excision rates

Our research addresses the fundamental challenge of maintaining spatial correspondence

across different imaging modalities and acquisition conditions, a critical capability for accurate

diagnosis and treatment planning in breast cancer care.

1.3.2 Hybrid Approaches for Boundary Detection

Research Question 2: How can the strengths of traditional Active Contour Models (ACMs)

and modern deep learning approaches be combined to enhance boundary detection in medical

images?

Objectives:

1. Design a synergistic framework that leverages both the mathematical guarantees of

ACMs and the feature representation power of deep neural networks

2. Evaluate the hybrid approach against standalone deep learning and traditional ACM

methods across diverse anatomical structures and imaging modalities

3. Analyze the robustness of the hybrid approach to variations in image quality, noise,

and anatomical variability

Our research aims to address the limitations of purely data-driven approaches by incorporating

explicit shape constraints and prior knowledge, while maintaining the flexibility and feature

extraction capabilities of deep learning.
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1.3.3 Learnable Parameters in Traditional Models

Research Question 3: How can we make traditionally fixed parameters in Active Contour

Models learnable within neural network architectures to enhance adaptability across different

imaging modalities?

Objectives:

1. Formulate a differentiable framework that enables end-to-end training of ACM parame-

ters within deep learning architectures

2. Develop adaptive parameter selection mechanisms that adjust to specific image charac-

teristics and anatomical contexts

3. Demonstrate improved generalization across different imaging protocols and patient

populations through learnable parameter frameworks

Our research bridges the gap between classical mathematical models and modern learning-

based approaches, creating systems that combine theoretical guarantees with data-driven

adaptability.

1.3.4 Boundary-Aware Transformer Models

Research Question 4: How can transformer-based architectures be enhanced with explicit

boundary awareness to improve segmentation accuracy in medical imaging?

Objectives:

1. Design novel attention mechanisms that specifically emphasize boundary features within

transformer architectures.

2. Incorporate boundary-focused loss functions and architectural components that guide

the model to prioritize accurate delineation of anatomical borders.

3. Evaluate the impact of boundary-aware transformers on downstream clinical tasks

requiring precise boundary detection.
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Our research addresses the limitations of current transformer models in medical image

segmentation, particularly their tendency to focus on global features at the expense of precise

boundary localization.

1.3.5 Integration of Human Attention Patterns

Research Question 5: How can human attention patterns and clinical expertise be effec-

tively integrated into medical AI systems to align computational attention with radiological

expertise?

Objectives:

1. Collect and analyze eye-tracking and interaction data from radiologists during diagnostic

tasks to create models of expert visual attention.

2. Develop novel mechanisms to incorporate these human attention patterns as priors or

constraints within deep learning architectures.

3. Evaluate the impact of human-aligned attention on model explainability, diagnostic

accuracy, and clinical acceptance.

Our research directly addresses the cognitive mismatch between AI and radiologists by

explicitly aligning computational attention with human expertise, potentially leading to

systems that perform well statistically but also “think” in ways that make sense to clinical

users. These five research questions form a coherent progression from specific technical

challenges in medical image analysis to broader questions about human-AI integration.

Together, they represent a comprehensive approach to addressing the limitations of current

methods while moving toward systems that more effectively complement and augment human

clinical expertise.
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1.4 Thesis Contributions

This dissertation makes several original contributions to medical image analysis, advancing

both technical capabilities and clinical relevance of computational approaches. The key

contributions are as follows:

1. Implementation of novel spatial correlation techniques for matching 2D projections

with corresponding specimen radiographs.

2. A formal framework for integrating traditional active contour models within deep

learning architectures, including mathematical formulations for differentiable ACM

layers that enable end-to-end training.

3. A conceptual framework for aligning computational attention with human expert

attention, including formal definitions of attention consistency metrics.

4. Creation of adaptive parameter selection mechanisms for ACMs that adjust to specific

image characteristics and anatomical contexts.

5. Comparative analysis of boundary-aware transformers against standard transformer

architectures, demonstrating significant improvements in segmentation accuracy at

anatomical borders.

These contributions collectively advance the state of the art in medical image analysis

while addressing critical barriers to clinical translation, particularly in boundary precision,

interpretability, and alignment with clinical expertise.

1.5 Thesis Organization

The remainder of this dissertation is organized into the following chapters:

Chapter 2 reviews the relevant literature across multiple domains, including medical

image analysis, active contour models, deep learning approaches to segmentation, attention
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mechanisms, and human-AI integration. This chapter establishes the foundation for the

research and identifies gaps in existing approaches.

Chapter 3 addresses the first research question, focusing on improving spatial matching

between mammography and specimen radiography images. The chapter presents novel

registration algorithms and evaluates their impact on lesion localization and surgical guidance.

Chapter 4 explores the second research question, developing synergistic frameworks that

combine the strengths of traditional Active Contour Models with deep neural networks. The

chapter details the architectural design, implementation, and evaluation of these hybrid

approaches.

Chapter 5 addresses the third research question, presenting methods for making tra-

ditionally fixed parameters in ACMs learnable within neural network architectures. This

chapter introduces differentiable formulations of ACM parameters and demonstrates their

adaptability across different imaging contexts.

Chapter 6 focuses on the fourth research question, enhancing transformer-based architec-

tures with explicit boundary awareness for improved segmentation accuracy. The chapter

presents novel attention mechanisms and architectural components specifically designed for

precise boundary delineation.

Chapter 7 addresses the fifth research question, examining how human attention patterns

and clinical expertise can be effectively integrated into medical AI systems. This chapter

presents methods for collecting and analyzing eye-tracking data and incorporating this

information into model training and inference.

Chapter 8 synthesizes our findings across the research questions, discusses their implications

for the field of medical image analysis, identifies remaining challenges, and outlines promising

directions for future research.

Appendix A presents core terms and mathematical concepts.

Each technical chapter (Chapter 3–Chapter 7) follows a consistent structure: introduction

to the specific problem, methodology, experimental design, results, discussion, and conclusions.

This organization facilitates the presentation of the research as a coherent whole while allowing
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each chapter to stand as a comprehensive treatment of its specific research question.
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CHAPTER 2

Related Work

Neural networks, particularly CNNs, have revolutionized the field of image processing and

computer vision due to their ability to learn spatial hierarchies of features from raw image

data automatically. CNNs are particularly effective in medical image segmentation because

of their capacity to capture complex patterns in highly dimensional data, such as CT scans,

MRI, and X-ray images.

2.1 CNN-Based Medical Image Segmentation

U-Net, one of the most widely used architectures for medical image segmentation, is a CNN-

based architecture specifically designed for biomedical image segmentation tasks. Ronneberger

et al. (2015) introduced U-Net as a fully convolutional network that is particularly effective

for segmenting small and irregular structures in medical images.

Several variations of U-Net have been proposed in the literature to improve performance in

specific medical imaging tasks, such as 3D U-Net for volumetric data developed by Çiçek et al.

(2016), which extends the original U-Net for 3D image segmentation, making it well-suited

for MRI and CT scans. The attention U-Net of Oktay et al. (2018) introduces attention

mechanisms to the U-Net architecture, allowing the model to focus on the most relevant

regions of an image while suppressing irrelevant information, improving the segmentation

quality in complex cases.

The U-Net design was extended to 3D by V-Net (Milletari et al., 2016) and 3D U-Net

(Çiçek et al., 2016), addressing the volumetric nature of much medical imaging data. Further

innovations included UNet++ (Zhou et al., 2018), which proposed additional skip connections,
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and H-DenseUNet (Li et al., 2018), which combined 2D and 3D networks to reduce memory

usage while maintaining 3D contextual information.

2.2 Vision Transformer-Based Segmentation

Several public challenges, such as the Medical Segmentation Decathlon (Antonelli et al., 2022),

continue to be closely contested in attempts to provide reliable segmentation performance. The

advent of Transformers has proved pivotal in taking meaningful steps towards achieving this

goal. Initially developed for natural language processing (Vaswani et al., 2017), transformers

have been adapted to vision tasks through the Vision Transformer (ViT). The seminal work on

ViTs (Dosovitskiy et al., 2020) demonstrated the idea of leveraging the concepts of attention

from the natural language processing domain and applying them to computer vision tasks.

This model also demonstrated how pre-training the networks on large public datasets and

finetuning them to specific benchmarks such as ImageNet-ReaL (Beyer et al., 2020) can

help improve performance over purely convolutional architectures like ResNet. Several other

researchers have demonstrated the power of self-supervised representation learning to train

transformer networks (Dai et al., 2021).

The ViT architecture divides images into fixed-size patches, processes them as token

sequences, and applies self-attention mechanisms to capture global relationships. Early works

in this domain (Xie et al., 2021; Valanarasu et al., 2021; Xu et al., 2023) utilized transformer

blocks in the network as bottleneck feature encoders. A key issue with ViTs was the quadratic

complexity of the self-attention layers, which resulted in expensive computation times. The

Swin Transformer (Liu et al., 2021) proposed a way to overcome this by using a hierarchical

ViT architecture leveraging non-overlapping windows to compute self-attention, thereby

reducing the computation to linear complexity. This approach made transformer-based

segmentation computationally feasible for high-resolution 3D medical images.

UNETR (Hatamizadeh et al., 2022) pioneered the integration of transformers into medical

image segmentation by using a ViT as an encoder within a U-Net-like structure. These

ViT and SwinViT models were further leveraged to create the UNETR and SwinUNETR
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(Tang et al., 2022) networks, directly embedding the transformer blocks as the encoder of the

network in a U-shaped architecture, thereby allowing for dense inference from multi-scale

features.

Other transformer-based approaches, including nnFormer (Zhou et al., 2021) and VT-

UNet (Peiris et al., 2022), offer unique architectural modifications to enhance performance

on medical segmentation tasks.

2.3 Large Vision Models

Large Vision Models (LVMs) have shown robust performance in segmentation and classification

tasks of natural images using datasets of natural images such as COCO and ImageNet.

However, fewer images are available for training a model in the medical domain, and even

fewer are annotated. While large datasets such as MIMIC-CXR and the National Lung

Screening Trial have been made publicly available, they lack annotations, such as lung

and nodule segmentations. Moreover, differences in how images are acquired, even when

imaging the same anatomical region, can affect the performance of segmentation methods.

For example, differences in camera and lighting may cause algorithms to undersegment vessels

on retinal images.

The Segment Anything Model (SAM) (Kirillov et al., 2023) solves different downstream

tasks by getting prompts from the user. The prompt guides the model to look for image

features in a frame or at a point. Researchers have shown that LVMs not purposely trained on

medical images perform poorly on medical images. Some examples are shown in (Mazurowski

et al., 2023). In this work, the model’s performance improved after training the model on

medical images. However, Shi et al. (2023) demonstrated that even after training SAM on

medical images, it still fails to perform well on tree-like images.

14



2.4 Boundary-Aware Segmentation

Boundary detection has long been recognized as a critical component of accurate image

segmentation. Early work by Xie and Tu (2015) demonstrated the effectiveness of edge

detection networks, while holistically-nested architectures highlighted the importance of multi-

scale boundary supervision. In the medical domain, boundary-aware approaches have shown

particular promise due to the importance of precise delineation of anatomical structures.

Hatamizadeh et al. (2019b) introduced a boundary-aware CNN for medical image segmenta-

tion that incorporated an auxiliary boundary detection stream, demonstrating improved liver

and tumor segmentation performance. Similarly, MSDS-UNet (Yang et al., 2021) employed

multi-scale deep supervision to enhance boundary detection in lung tumor segmentation.

More recent approaches have extended boundary awareness to transformer architectures.

Zhu et al. (2017) applied deep supervision to prostate segmentation. However, the integration

of boundary awareness into transformer-based volumetric segmentation networks remains

underexplored, particularly in the context of the Medical Segmentation Decathlon (MSD)

challenge datasets, which span diverse anatomical structures and imaging modalities.

Our work builds upon these foundations by introducing a boundary-aware approach for

the SwinUNETR architecture, specifically designed to detect edges and enhance boundary

delineation across the MSD challenge tasks.

2.4.1 Edge Detection

A key difficulty in medical image segmentation involves accurately predicting the boundary

shapes of organs and tumors. The tumors, in particular, can be difficult to predict due to

their small and highly variable shapes. Research (Acuna et al., 2019; Xie and Tu, 2015)

identified “boundary pixels” — i.e., pixels that belong to boundaries of the label classes

— and proposed architectural modifications to enforce the network to predict a maximum

response along the normal direction at an edge. Leveraging this concept, (Hatamizadeh et al.,

2019b) used a Boundary Stream in a 2-D UNet, utilizing attention maps and a weighted
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binary cross-entropy “edge loss” to improve segmentation performance. Our work extends this

concept to the 3D Swin-UNETR with some additional modifications. Other works such as by

(Hu et al., 2022) proposed the use of a separate boundary decoder to improve performance,

while Kervadec et al. (2019) proposed a novel Boundary loss that makes use of distance maps

on the space of contours.

2.4.2 Active Contour Models

Active Contour Models (ACMs) (Kass et al., 1988) evolve contours by minimizing energy

functionals that attract the deformable contour to intensity edges in the image or that

maximize differences in image intensity or texture between the target object (for example, a

lesion) and its background (surrounding tissue) (Chan and Vese, 2001).

Researchers have recently sought to combine ACMs and deep learning approaches. Wang

and Vemuri (2004) combined CNNs and parametric ACMs for the segmentation of buildings in

aerial images; however, their method requires manual contour initialization, fails to delineate

the boundary of complex shapes precisely, and segments only single objects, all of which

limit its applicability to lesion segmentation due to the irregular shapes of lesion boundaries

and the potential for needing to segment multiple lesions in a single image. Hatamizadeh

et al. (2019a) implemented the Deep active lesion segmentation (DALS) framework that

benefits from an improved level-set ACM formulation with a per-pixel-parameterized energy

functional and a novel multiscale encoder-decoder convolutional neural networks (CNNs) that

learns an initialization probability map along with parameter maps for the ACM. However,

the issue with the DALS network is the fixed constant in the energy function, which needs to

be tuned when applied to different datasets. Hatamizadeh et al. (2020) presented Trainable

Deep Active Contours (TDACs), an automatic image segmentation framework that unites

CNNs and ACMs. The Eulerian energy function of the ACM component includes per-pixel

parameter maps predicted by the backbone CNN, which also initializes the ACM. Although

the entire TDAC architecture is end-to-end automatically differentiable and backpropagation

trainable without user intervention, the hyperparameters are still heuristically chosen. Given
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Figure 2.1: ACM appended after CNN

these limitations, we pursued a simpler approach to combining ACMs and SAM in order to

to improve the medical image segmentation performance of the pretrained LVM.

Certain popular hybrid frameworks utilize deep learning frameworks to obtain initial

segmentation masks for images and later refine these segmentation masks using active contour

models outside the learning framework. An outline of this procedure is depicted in Figure 2.1.

Hatamizadeh et al. (2019a) utilizes a multiscale encoder-decoder CNN architecture, whereas

Nakhaei et al. (2024) uses the SAM architecture for the ’trained neural network’ component

in the image.

Vepa et al. (2022) proposed a weakly supervised framework for cerebral vessel segmentation

in DSA images. They use an active contour model to generate weak annotations, refined

through human-in-the-loop strategies. These labels are fed into a CNN for further refinement.

CLAHE is applied as a pre-processing step to enhance vessel visibility. The method reduces

reliance on manual annotations and achieves state-of-the-art performance, surpassing human

annotators.
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2.5 Domain Adaptation

The generalizability of machine learning algorithms, such as image segmentation, has been a

longstanding problem. Domain adaptation seeks to generalize a model trained on a source

dataset to achieve similar performance when applied to a related target dataset (Guan and

Liu, 2021). One variant of domain adaptation is test-time domain adaptation, which adapts

the trained model using a subset of unlabeled cases from the target dataset (Fleuret et al.,

2021). We attempt to achieve test-time domain adaptation by adding a separate component

based on ACMs that requires minimal parameterization using test data to improve the LVM’s

performance on the target dataset.

2.6 Integrating Human Visual Patterns

Recently, a focus has been on integrating human visual patterns with computer-aided analysis

(Ibragimov and Mello-Thoms, 2024). In medical imaging, understanding the radiologist’s

visual search strategies through eye-tracking has become an important means of studying

perceptual errors and guiding algorithm design for diagnosis (Karargyris et al., 2021).

Many studies have examined extracting radiologists’ gaze to analyze how radiologists scan

medical images (Bigolin Lanfredi et al., 2022; Demner-Fushman et al., 2015). Studies show

that metrics, such as fixation duration, saccade length, and scan-path patterns, correlate

with diagnostic accuracy and clinical expertise (Ibragimov and Mello-Thoms, 2024). Based

on these findings, datasets such as REFLACX (Bigolin Lanfredi et al., 2022) have explored

large-scale, timestamped gaze annotations for chest X-ray reading. Based on subsequent

analyses of REFLACX, researchers have shown that expert radiologists typically have more

targeted fixations over anatomically relevant regions compared to newly-trained radiologists,

pointing to the fact that visual search efficiency (e.g., fewer unnecessary fixations, faster time

to fixate on true abnormalities) is key to radiological expertise (Hsieh et al., 2024).

Studies have explored applying gaze data to interactive tasks. Some have used eye-

tracking to provide annotations of abnormalities, reducing the labor involved in producing
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manual bounding boxes and pixel-wise masks (Stember et al., 2019; Hsieh et al., 2024).

The radiologists’ gaze pattern acts as a weak supervisory signal, which preserves essential

diagnostic cues while accelerating dataset annotation. In works such as (Khosravan et al.,

2019), collaborative computer-aided diagnosis (C-CAD) frameworks allow the human reader

and the system to iteratively refine predictions. The system utilizes gaze fixations to detect

false positives or focus on suspicious regions, improving accuracy over standalone CAD

pipelines.

Many deep learning-based methods have explored integrating gaze fixation with image

features. Some studies use CNNs or transformer-based backbones to process images, while

separately modeling gaze as a sequence of spatial coordinates (Ji et al., 2023).

Some studies explore teacher-student or attention alignment paradigms. Kumar and Mart-

tinen (2024) introduced an enhanced CLIP variant that incorporates expert gaze heatmaps as

auxiliary supervision for contrastive image–text learning, effectively aligning model attention

maps with the radiologist’s fixations.

Different models and architectures have attempted to use gaze in their training strategy,

but all have one main objective: utilizing radiologists’ visual expertise to improve both

accuracy (e.g., lesion detection) and explainability (e.g., producing model saliency maps that

align with human attention).

Current methods have the following limitations: First, they incorporate the gaze fixations

in a late-fusion manner in their network and rely on manual pre-processing of the data (Ji

et al., 2023; Ibragimov and Mello-Thoms, 2024). Second, few methods capture clinical reports

or anatomical priors alongside gaze data, in turn missing the real-time contextual knowledge

radiologists have access to while scanning an image. Patient history, textual notes, and

external factors may influence a radiologist’s attention. Lastly, some approaches use gaze

data without the temporal information, or in a demanding way requiring pixel-level bounding

boxes, limiting their applicability in the clinical environment.
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CHAPTER 3

Spatial Matching of 2D Mammography Images and

Specimen Radiographs

3.1 Introduction

Breast cancer is the most common invasive cancer and the second leading cause of death in

women (Sun et al., 2017). Routine screening mammography has the potential to detect breast

cancer in its earliest stage, before it becoming a potentially lethal invasive breast cancer.

Ductal carcinoma in situ (DCIS) is breast cancer confined to the milk duct and is the earliest

stage of breast cancer. DCIS may present with mammographically visible microcalcifications.

However, making a diagnosis of DCIS can be challenging since most microcalcifications

seen on a mammogram are benign or non-cancerous. So, for every woman who undergoes

screening mammography followed by breast biopsy and receives a new diagnosis of breast

cancer, approximately two additional women will undergo a benign breast biopsy. Although

modern percutaneous core needle biopsy is safe, unnecessary biopsies are anxiety-provoking

and are considered a risk associated with breast cancer screening. Microcalcifications with

suspicious morphology (e.g., amorphous) are particularly challenging, given the difficulty

characterizing them and the associated diagnostic uncertainty.

Figure 3.1 depicts the sequence of events when indeterminate screen-detected mammo-

graphic calcifications are identified. The patient is recalled for further evaluation with

diagnostic mammography and magnification of the calcifications. Magnified diagnostic views

allow the radiologist to determine if the mammographic calcifications are suspicious, probably

benign, or benign. Suspicious calcifications warrant biopsy. Benign calcifications should

probably be followed with repeat short-interval imaging in 6 months to assess for change or
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Figure 3.1: The general process for diagnosing suspicious microcalcifications. This work
focuses on the magnification view obtained during the diagnostic mammogram and specimen
radiographs acquired post-biopsy.

stability; those with benign calcifications return to routine mammographic screening. Women

who are recalled from screening mammography for additional evaluation experience anxiety

associated with the need to return for additional imaging and, if biopsy is indicated, anxiety

about the procedure and results. Unnecessary benign biopsies are known as false positives. It

is desirable to minimize these unnecessary biopsies while maintaining a high mammographic

sensitivity (i.e., not missing any cancers).

Towards addressing the challenge of managing suspicious microcalcifications, our overall

goal is to develop a computer-aided diagnosis algorithm that quantitatively analyzes the

morphology and distribution of microcalcifications on diagnostic mammograms to distinguish

between cases that should undergo biopsy versus short-term follow-up imaging. Given that

microcalcifications are a byproduct of biological processes that may indicate the presence of

invasive cancer, we wish to relate the mammographic appearance of microcalcifications to

the tissue and cellular structure that is observable under the microscope. However, precisely

pinpointing the region in the mammogram where a biopsy specimen was taken is challenging.

One potential approach is to utilize the specimen radiographs of biopsy cores taken clinically to

ensure that the targeted region of microcalcifications was collected during the biopsy. In this

work, we investigate the feasibility of using the shape and distribution of microcalcifications

in specimen radiographs to identify a region in the mammography image that appears to

show similar microcalcifications. We posit that the ability to link a specific region in the

mammography image to the tissue imaged in the specimen radiograph will enable more
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precise radiology-pathology correlation.

The novelty of the work is summarized as follows:

1. Proximity functions represent individual MCs, providing a way to accommodate uncer-

tainty in boundaries as part of classifier training.

2. A dense regression model and a novel blob segmentation algorithm are applied to

generate MCs’ accurate segmentation while achieving fewer false positives than other

state-of-the-art algorithms.

3.2 Methods

Data were collected retrospectively following an institutional review board-approved protocol

from patients seen at a single academic medical center. The dataset consisted of diagnostic

mammograms from 80 patients. Each patient had two mammogram views: a magnified

craniocaudal (CC) view and a magnified 90-degree mediolateral or lateromedial (ML/LM)

view. The magnified CC-view images were used for training, as suggested by clinicians,

because microcalcifications are more visible on CC versus other views. All other views

(51 CC and ML/LM views) were used for testing. All images were acquired using Hologic

Selenia full-field digital mammography equipment at 0.070 mm per pixel resolution and 12-bit

grayscale. For each case, specimen radiographs of the biopsied tissue were also obtained

by placing the tissue cores into a plastic tray and imaging the specimen via X-ray. A

breast fellowship-trained, board-certified radiologist (BL) and a breast fellow (NC) reviewed

all of the full views, magnified views, and the specimen X-rays and annotated individual

microcalcifications. The open-source medical image viewer Horos was utilized to create the

annotations, marking the spatial location of visible microcalcifications that were the biopsy

target with a single point. The smallest bounding box containing the points annotated on

the mammograms was used to denote.

The reference biopsied region to which the results of the template matching approach

were compared. The process for finding the region on the mammogram associated with the
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Figure 3.2: Overall approach for spatially matching microcalcifications imaged in the diag-
nostic mammogram and specimen radiograph.

calcifications in the specimens is illustrated in Figure 3.2. Briefly, magnification views of the

diagnostic mammogram and specimen radiograph are automatically segmented using the

same approach. The diagnostic mammogram is then divided into non-overlapping patches.

A clustering algorithm is applied to the segmented specimen radiographs to group related

calcifications. These groups are used as templates and matched against each patch within

the mammogram. The output of the template matching process is a score that is used to

determine the likely patch from which the microcalcification group in the specimen radiograph

came. The following sections describe each step in detail.

3.2.1 Microcalcification Segmentation

Calcifications captured in magnification views were detected and segmented by an algorithm

developed by our team (Marasinou et al., 2021). A sample result is shown in Figure 3.3. The

method consists of two stages: (1) bright candidate objects are delineated using difference-of-

Gaussians with Hessian analysis, and (2) a convolutional regression model is applied to choose

the candidate objects corresponding to calcifications. The calcifications on the specimen

radiograph are segmented using the same method; an example result is shown in Figure 3.3.

Two image masks are generated: one of the microcalcifications from the magnified view and
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the other of the microcalcifications from the specimen radiograph.

3.2.2 Clustering Microcalcification

To provide a more robust way to match specimen radiographs to mammograms, we investigated

ways to identify groups of microcalcifications observed on the specimen radiographs that

could be used as landmarks. To generate these groups, segmented microcalcifications on

the specimen radiograph were clustered using an unsupervised clustering approach called

Density-Based Spatial Clustering of Applications with Noise (DBSCAN) (Ester et al., 1996).

The objects were mapped to their centroid locations (points). Utilizing DBSCAN, points

were grouped based on their neighborhood density and a minimum number of points within

the group. Points that did not meet the minimum threshold for a group were labeled as

outliers. A bounding box that encompasses the largest identified cluster of calcifications was

cropped from the image and used as the template. Given that specimen radiographs may be

magnified during acquisition, a field in the DICOM header called Estimated Radiographic

Magnification Factor was used as a scaling factor. Relative orientations of the calcifications

may vary between the mammogram and the specimen radiograph. As such, three additional

templates were generated from each template by rotating the original template by 90, 180,

and 270 degrees. All four templates were compared to the mammographic calcification mask.

The mammogram was divided into a grid of 300× 300 non-overlapping patches. Patches that

overlapped with the bounding box annotations by the human readers, where biopsies were

taken, were considered positive patches. All other patches were considered negative patches.

3.2.3 Template Matching

A template matching algorithm was applied to identify a patch in the magnification view

with similar microcalcifications. The template matching algorithm (Di Stefano et al., 2003)

requires a template image a (here, the group of microcalcifications segmented from the

specimen radiograph) and a target image b (i.e., a patch from the diagnostic mammogram)

as inputs. The size of the template image was smaller than the size of the target image
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Figure 3.3: Examples of segmented microcalcifications (a) in the magnification view of the
diagnostic mammogram and (b) the specimen radiograph.
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Figure 3.4: A schematic showing how images were padded prior to template matching

since the template was the smallest rectangle containing a group of calcifications, while the

target image was the mammogram. Thus, for the computation to be performed on all (x, y)

locations, the target image was padded with zero values in all directions by half the template

size in each direction, as shown in Figure 3.4. The algorithm convolves template a with image

b by aligning the center of the template with each location (x, y) of the image and computing

the inner product between the overlapping pixels.

f(x, y) =
∑

x′,y′∈Ωa

a(x′, y′) b(x + x′, y + y′), (3.1)

We utilized a cross-correlation metric (3.1), the inner product of each region and each

template image, as a similarity score of that patch to the template. The resulting value is

interpreted as a similarity score at each location. Similarity scores are calculated for each of

the four templates. Since the dimensions of each template are different (due to varying sizes

of the cluster of calcifications extracted from the specimen radiograph), the scores are not

comparable across different cases. We could not determine a universal threshold for choosing

the best matching regions. Instead, the distribution of the scores generated for each location

(x, y) of the image was plotted, and locations with a score higher than the 99th percentile of

the score distribution were identified as the match.
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Figure 3.5: A schematic of the grid over the mammogram. The predicted patch is the one
containing the red box, and the ground truth patches are the two patches with an overlap
with the green box.

3.2.4 Region Scoring

The approach for scoring matched regions is illustrated in Figure 3.5. The top-scoring patch

(shown in red) that overlapped with the reference bounding box (shown in green) was counted

as a true positive. Patches that were not identified as matches or identified as biopsied regions

by the human raters were considered true negatives (all other patches delineated by the grid).

Metrics such as accuracy, precision, recall, specificity, and negative predictive value were

calculated based on these definitions.

3.3 Experiments and Results

We evaluated our approach using a test set of 80 cases described in Section 3.2. We also

visually inspected the results as part of failure analysis. The magnified ML/LM-view images
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View Accuracy Precision Recall Specificity NPV

Magnified ML 0.99 0.66 0.61 0.99 0.98
Full CC 0.99 0.67 0.58 1.00 0.99
Full ML/LM 0.99 0.69 0.63 1.00 0.99

Table 3.1: Performance of our template matching-based approach on the test cases.

and the full CC and ML views were used to test our approach. Table 3.1 summarizes the

results. Our algorithm achieved consistent performance across different views. Given that

the number of negative patches greatly outnumbered the number of positive patches, the

accuracy and negative predictive value (NPV) were high, as expected. Precision and recall

were reported at 0.66-0.69 and 0.58-0.63, respectively. The full ML/LM view achieved the

highest precision and recall compared to other views.

3.4 Discussion

We visually inspected the results across all test cases to understand where the algorithm

succeeded and failed. Figure 3.6 illustrates four cases: two where the algorithm correctly

identified the region and two where the algorithm failed. Our algorithm was likely to fail in

several scenarios: 1) the appearance of the microcalcifications was the same in biopsied and

non-biopsied regions; 2) the segmentation did not accurately capture the microcalcification

shape; and 3) the biopsied regions extended across different patches.
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Figure 3.6: Example results from our template matching-based approach. (a) True positive
matches made by the algorithm and (b) failure cases.
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CHAPTER 4

Active Contour Model Refinement of SAM Boundaries

in Medical Images

4.1 Introduction

Accurately capturing a lesion’s boundaries is important in cancer diagnosis. However, the

contrast between the boundary and surrounding tissue is frequently low, and the similar

texture of the lesion and its surrounding area complicates the task of segmenting lesions

compared to delineating objects in natural images. Recent advances in medical image

segmentation have yielded generalized algorithms that can delineate a variety of regions

(Mazurowski et al., 2023). Large vision models (LVM) such as the Segment Anything Model

(SAM) have been shown to perform well across different tasks (Kirillov et al., 2023). However,

these models also fail to segment the boundaries in noisy medical images or images with

poor contrast, erroneously include non-relevant regions, or undersegment regions of interest.

They have shown moderate to poor performance in segmenting the images, different from

their training sets (Cheng et al., 2023; Shi et al., 2023; Mazurowski et al., 2023). While the

performance of segmentation models can be improved with additional supervised training

examples from the target dataset, manual annotation of data is labor-intensive, and for rare

cancers, few examples may be available for training. As a result of these limitations, domain

adaptation techniques that require large amounts of (labeled) data can be impractical.
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Dataset Name Kind Number of Images Sample Size Image Size

CHASE DB1 Retinal Vessels 28 28 999 × 960
DRIVE Retinal Vessels 40 20 584 × 565
STARE Retinal Vessels 20 20 700 × 605
ISIC 2018 Skin Lesions 2594 760 2166 × 3188

Table 4.1: Datasets

4.2 Methods

In our proposed method, we demonstrate how ACMs can be combined with an existing

general-purpose segmentation model trained on large datasets, transferring their weights to

work on specific tasks for which only a small number of available labeled cases may exist. For

each dataset, we use the pretrained model, SAM, as the initial segmentation output, then try

to minimize level-set energy around the contoured boundary and have the images segmented

without requiring additional supervised training for fine-tuning.

4.2.1 Datasets

We conduct comparison experiments on three different medical image benchmark datasets to

evaluate our proposed model. We focus on these datasets for two reasons: 1) our method can

be evaluated and compared to prior literature, and 2) these datasets are sensitive to small

differences along the boundaries.

4.2.1.1 Skin Lesion Segmentation

We conduct skin lesion segmentation experiments using the 2018 International Skin Imaging

Competition (ISIC) 2018 dataset (Tschandl et al., 2019; Codella et al., 2019). This dataset

consists of 2,594 RGB images of skin lesions with an average image size of 2166 × 3188 pixels.

For our experiments, 786 cases are randomly sampled from the entire dataset.
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4.2.1.2 Retinal Vessels

Examining retina blood vessels using fundus photography provides important information

about the vascular health of the eye, body, and brain. Numerous studies have demonstrated

a significant connection between the condition of the retinal blood vessels and many different

diseases (Mookiah et al., 2021), thus making the task of retinal vessel segmentation of high

importance. The CHASE DB1 (Fraz et al., 2012), DRIVE (Staal et al., 2004), and

STARE (Hoover et al., 2000) datasets serve as benchmarks for our approach. The CHASE

DB1 dataset comprises 28 retinal images sized at 999 × 960. The STARE consists of 20

retinal images with dimensions of 700 × 605. The DRIVE dataset consists of 40 images sized

at 584 × 565, but only 20 have annotations. For this reason, we only use those 20 images to

be able to report the evaluation results.

4.2.2 Overall Approach

We combine SAM with the level-set ACM to yield a generalizable, fully automatic medical

image segmentation method to produce more accurate and detailed boundaries. The frame-

work includes a trained model that feeds a level-set ACM with per-pixel parameter functions.

We used Hatamizadeh et al. (2019a) level-set active contour model with parameter functions.

Figure 4.1 depicts the overall pipeline. The segmented mask by the model is fed into the

ACM layer, and then ACM iterations refine the contour.

4.2.2.1 Pre-Processing

Each image is pre-processed and smoothed using a Gaussian filter with a kernel size of 1 or

5, for retinal vessel images and skin images, respectively. A smaller smoothing kernel was

chosen for the retinal vessels due to their more delicate structure.
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Figure 4.1: Segmentation pipeline.

Figure 4.2: Proposed pipeline.

4.2.2.2 Segment Anything Model

SAM was introduced by Kirillov et al. (2023) as a large language model trained on 11 million

images and 1 billion masks. SAM takes points or bounding boxes as a guide for focusing on

each target in the image as a prompt. Figure 4.2 provides a high-level diagram of the model.

In our approach, the prompt given to the model was a bounding box that contained all of

the objects in the image.

4.2.2.3 Active Contour Models

The ACM level-set employed in our framework represents an extension of Chan and Vese’s

original method (Chan and Vese, 2001). The energy functional linked to a closed, time-varying

contour C, denoted in Ω ∈ R
2 by the zero level set of the signed distance map ϕ(x, y, t), is
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Method IOU Dice Score Accuracy Recall Precision

SAM 0.647 0.379 0.894 0.653 0.878
SAM+ACM 0.756 0.424 0.921 0.851 0.962

Table 4.2: Results on the ISIC 2018 Dataset

formulated as follows: E(ϕ) =
∫

Ω
δϵ(ϕ(x, y, t))(µ|∇ϕ(x, y, t)| +

∫

Ω
WsF (ϕ(x, y, t))dudv)dxdy

Here, µ penalizes the length of C, and the energy density is defined as: F (ϕ) =

λ1(u, v)(I(u, v) −m1(x, y))2HI
Ω(ϕ) + λ2(u, v)(I(u, v) −m2(x, y))2HE

Ω (ϕ)

To derive the curvature flow for the localized version of the uniform modeling en-

ergy, we followed the methodology outlined in (Lankton and Tannenbaum, 2008): ∂ϕ

∂t
(t) =

δϕ(x)
∫

Ωy

B(x, y)σϕ(y) · (I(y) − ux)2 − (I(y) − vx)2)dy + λσϕ(x)div
(

∇ϕ(x)
|∇ϕ(x)|

)

In this context, x and y serve as independent spatial variables, each representing an indi-

vidual point within Ω(x, y) =







1, ||x− y|| < r

0, otherwise

. λ1, and λ2 are created in the Probability

Map Generator component by examining the segmentation outputs from the previous

step. Then λ1, λ2, and the segmented mask, now as the initial contour, from the last step,

are passed onto the Level-Set ACM component. In the Level-Set ACM, the contour is

initialized as the segmented output mask. Through each iteration, the contour is updated to

minimize the difference between the energy inside and outside of the contour.

4.3 Experiments and Results

4.3.1 Skin Lesion Segmentation

The initial contour was produced using SAM and the ACM was applied for 50 iterations. As

shown in Table 4.2, an increase in the Intersection-over-Union (IoU) is observed by 0.11 (95%

CI: 0.744–0.767). However, The improvement in segmentation is much more noticeable in

cases where the SAM fails to segment the lesion in the presence of artifacts, such as hair, or

where the contrast between the object of interest and background is low. Figure 4.3 provides

examples of the results of SAM+ACM on the ISIC 2018 dataset.
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Figure 4.3: Examples of Improvement of Segmentation in ISIC 2018 Dataset

4.3.2 Retinal Vessels

Our approach was applied to three different retinal vessel datasets. First, using SAM, the

initial contour was produced. We allowed the active contour models 50 update steps, enough

for the contour to stabilize (additional steps yielded negligible boundary changes). As

shown in Table 4.3, SAM+ACM achieved the best performance on the CHASE DB1 dataset,

increasing the IoU by 0.19 (95% CI: (0.056, 0.111). For the two other datasets, DRIVE

Dataset Method IOU Dice Score Accuracy Recall Precision

CHASE DB1 SAM 0.084 0.074 0.780 0.282 0.103
CHASE DB1 SAM+ACM 0.376 0.243 0.894 0.566 0.463
DRIVE SAM 0.088 0.078 0.659 0.485 0.113
DRIVE SAM+ACM 0.096 0.085 0.582 0.621 0.111
STARE SAM 0.124 0.002 0.867 0.071 0.131
STARE SAM+ACM 0.270 0.003 0.738 0.964 0.274

Table 4.3: Results on the Retinal Vessel Datasets
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Figure 4.4: Examples of Improvement of Segmentation in STARE Dataset

and STARE, IoU was increased by 0.01 (95% CI: (0.069, 0.124)) and 0.15 (95% CI: (0.097,

0.151)), respectively. However, unlike the ISIC dataset, ACM fails to identify most vessels in

cases where the SAM fails to segment any part of the vessel.

4.4 Discussion

Our objective in this chapter was to achieve domain adaptation with minimal retraining or

parameter tuning, thereby enhancing the generalizability of SAM using ACMs. While we

aimed to personalize object segmentation, there are certain limitations:

• We did not examine how different prompting strategies could have improved SAM’s

performance on medical images.
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Figure 4.5: Examples of Improvement of Segmentation in CHASE DB Dataset

• The ACM has hyperparameters that could be tuned to a specific dataset, which we

did not investigate. For example, in the STARE and CHASE DB datasets, failed

segmentations suggest that allowing the ACM to go through more iterations may have

improved results.

• Failures occurred in cases with objects that may obscure the skin lesion (e.g., hair,

moles) and very narrow vessels in retinal vessels.

Figure 4.6, Figure 4.7, Figure 4.8, and Figure 4.9 provide examples of where the proposed

method failed to segment the lesion due to the presence of hair, or when there is a low

contrast between the object of interest and the background. Overall, the performance of the

SAM+ACM approach on the DRIVE dataset was suboptimal. SAM failed to segment or

identify vessels in all cases, and ACM proved unhelpful, as it relies on the initial contour
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Figure 4.6: Examples of Cases Where Segmentation Failed in the ISIC 2018 Dataset

being specified around the object.

To summarize, obtaining the precise boundaries of challenging lesions when only a few

labeled training cases are available is a difficult problem. Even with LVMs trained on large

image datasets, fitting the models to the custom, smaller datasets is necessary. Based on our

experiments, our approach offers three major improvements: 1) using the models trained on

large datasets on unannotated datasets, 2) improved segmentation results on small datasets,

and 3) providing personalized segmentation while minimizing the need for additional training

and hyperparameter tuning using target data.
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Figure 4.7: Examples of Cases Where Segmentation Failed in the STARE Dataset
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Figure 4.8: Examples of Cases Where Segmentation Failed in DRIVE Dataset
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Figure 4.9: Examples of Cases Where Segmentation Failed in the CHASE DB Dataset
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CHAPTER 5

Active Contour Models With Attention for Medical

Image Segmentation

edical image segmentation is essential for accurate diagnosis and treatment planning, par-

ticularly in identifying anomalies in CT and other imaging modalities. Our objective is to

develop a deep learning-based segmentation framework that combines Active Contour Models

(ACMs) and attention mechanisms, thus advancing automated medical image segmenta-

tion for improved clinical decision-making. Our approach enhances boundary precision and

segmentation accuracy in medical images by integrating ACMs with Convolutional Neural

Networks (CNNs) and edge detection techniques. Moreover, we investigate the novel idea of

fine-tuning ACM hyperparameters by learning them within the CNN and backpropagating

the loss through the ACM. Our methodology addresses challenges such as weak boundaries,

noise, and variability in anatomical structures, contributing to more robust and interpretable

medical image analysis. This chapter develops a prototype hybrid model and thoroughly

evaluates it on multiple medical images.

5.1 Introduction

Medical image segmentation is a critical task in medical diagnostics, enabling the precise

delineation of anatomical structures and abnormalities in imaging modalities such as CT, MR,

and ultrasound (US). However, segmentation remains challenging due to the complexity of

medical images, which often exhibit irregular shapes, subtle boundaries, and significant noise.

Additionally, effective segmentation often requires models trained on domain-specific datasets,

making generalization difficult. Various approaches exist for medical image segmentation,

42



each offering distinct strengths and limitations.

Deep learning-based segmentation models have gained prominence due to their ability to

learn complex patterns from medical images. Notable architectures include U-Net and SegNet,

which are widely used in medical image segmentation due to their encoder-decoder structures

that help retain spatial information. When integrated with CNNs, attention mechanisms

can further enhance the model’s ability to focus on fine details, leading to more precise

segmentation. The choice of loss function plays a crucial role in optimizing performance,

with common functions such as dice loss (DCS), intersection over union (IoU), and binary

cross-entropy (BCE) tailored to handle class imbalance and segmentation accuracy.

Edge-based segmentation relies on detecting strong gradients to define object boundaries,

but it may struggle with weak edges and noisy images. Recent vision-language models,

such as the Segment Anything Model (SAM), leverage pre-trained transformers for zero-

shot segmentation, though they may require fine-tuning for domain-specific tasks. Hybrid

techniques combine traditional segmentation approaches with deep learning, offering improved

accuracy, especially when dealing with weak boundaries or noisy data.

Active Contour Models (ACMs) offer an alternative approach to medical image seg-

mentation by iteratively refining contours to fit object boundaries. ACMs provide several

advantages, including adaptive boundary detection that dynamically adjusts contour points

to capture complex and irregular shapes. They also allow for integrating prior knowledge

by fine-tuning energy terms based on domain-specific constraints, enhancing segmentation

robustness. Unlike purely pixel-intensity-based methods, ACMs incorporate internal energy

constraints, making them more resilient to image noise. Variants, such as region-based ACMs,

further enhance flexibility. ACMs have proven versatile across various imaging modalities,

including CT, MRI, and US, and are valuable for organ boundary detection and tumor

segmentation tasks.

Our work introduces a novel approach to CNN-based segmentation for medical image

datasets by integrating ACMs to enhance boundary precision. A key innovation is the hybrid

ACM model, which leverages pretrained edge attention mechanisms and incorporates ACM
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logic directly into the CNN architecture. This allows the model to predict hyperparameters

via an ACM hyperparameter generator as part of the training process, effectively setting these

parameters dynamically rather than relying on manual tuning. By combining the strengths

of deep learning and incorporating the DALS Level Set ACM (Hatamizadeh et al., 2019a),

our approach aims to improve segmentation accuracy, robustness, and generalization across

diverse medical images, marking a significant advancement in the field.

5.2 Methods

In this project, we focused on two different methods. One involves an edge-focused attention

module, and the other continues our previous work on integrating ACMs and foundation

model.

5.2.1 Edge Segmentation

The edge segmentation module is designed to extract and refine edge features from an input

tensor, which is crucial in enhancing segmentation accuracy, particularly around object

boundaries. The process consists of four main steps: edge detection, edge thresholding, filling

interior regions, and final processing.

The edge detection step applies the Roberts Operator (Roberts, 1963), a simple edge

filter that computes horizontal and vertical gradients using a 2 × 2 convolutional kernel.

It calculates the gradient magnitude to highlight regions of significant intensity changes

corresponding to edges. Each input channel is processed separately, combining the results

into a final edge map.

Next, edge thresholding dynamically determines an adaptive threshold based on edge

intensities’ mean and standard deviation. This step ensures that only the most prominent

edges are retained, producing a binary edge map.

The third step fills interior regions by employing morphological operations to refine the

detected edges. Dilation expands edge regions to close small gaps, while erosion shrinks
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Figure 5.1: Example result from the edge segmentation module. The Roberts operator
applied to image bjorke 86.png (left). Edge-based segmentation using the Roberts operator
with thresholding and enhancements to obtain strong binary results (center). The target
segmentation (right).

edges to retain only meaningful structures. These operations help fill interior regions within

strong edges, ensuring enclosed areas are appropriately marked and improving segmentation

consistency.

Finally, final processing enhances the detected edges for better contrast and interpolates

the edge map to match the original input dimensions. The result is a refined edge-aware

feature map later utilized in the Edge Attention mechanism.

This approach is crucial for segmentation models, as it effectively captures boundary

details, leading to sharper object delineation and improved accuracy. However, while it

captures major edges, it struggles to find specific abnormalities in the target, as the Roberts

operator focuses on general edges rather than finer details. Despite this, it provides a solid

foundation for training a neural network to leverage edge-based segmentation. An example

result from this approach is shown in Figure 5.1.

5.2.2 Convolutional Neural Network

5.2.2.1 Architecture

The network follows an encoder-bottleneck-decoder structure. The encoder extracts hierarchi-

cal features, incorporating attention mechanisms to suppress irrelevant information and refine
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feature selection. The bottleneck enhances feature representation. The decoder reconstructs

the segmentation mask using transpose convolutions and attention layers, refining spatial

details before outputting the final mask via a Sigmoid activation. Edge-based post-processing

can further improve boundary accuracy.

5.2.2.2 Data Preprocessing

The data preprocessing pipeline for the edge segmentation model standardizes the dataset

by processing grayscale images and their corresponding segmentation masks. Images are

resized to 1024 × 1024 pixels, normalized to the [0, 1] range, and converted into PyTorch

tensors. A custom EdgeSegmentationDataset class is implemented to load and preprocess

image-mask pairs, ensuring only matching files are considered. The pipeline supports optional

transformations like data augmentation (random flips, rotations) and sample size limitations.

This setup ensures consistency in input data, enhancing the model’s stability and performance

during training.

5.2.2.3 Attention Mechanisms

We compare two approaches: Base Attention and Edge Attention, highlighting their differences

in feature refinement and edge awareness.

Our model supports Base and Edge Attention mechanisms. Base Attention refines feature

importance, while Edge Attention enhances segmentation by incorporating edge detection

using the Roberts Operator.

Base Attention learns an attention map by processing the input feature map through a

series of 1×1 convolutions, followed by a sigmoid activation to normalize attention values. The

model scales the input features using these learned weights, refining feature importance. The

process involves four key steps: feature transformation through a 1×1 convolution, refinement

using another 1×1 convolution, normalization via sigmoid activation, and feature modulation,

where the input features are multiplied by the attention map to selectively enhance relevant

regions. However, Base Attention does not explicitly consider edge information, which can
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limit segmentation accuracy near boundaries. Since it applies attention uniformly across the

feature space, it lacks specialized treatment of high-gradient regions.

Edge Attention extends Base Attention by explicitly incorporating edge information into

the attention computation. It applies a separate edge-detection convolution, ensuring that

attention focuses on boundary details to improve segmentation performance. This process

starts with feature extraction using a 3 × 3 convolution, followed by edge awareness, where

edges are extracted from the input. Then, a convolutional layer transforms edge features

into attention weights normalized via sigmoid activation. Finally, these computed attention

weights are multiplied by the extracted features, enhancing segmentation precision around

boundaries.

5.2.3 Active Contour Models

ACMs rely on several key components that collectively govern the contour evolution process.

The intensity image serves as the primary input, representing the image on which the contour

evolves. The initial contour defines the starting boundary, critical in the model’s convergence

and final segmentation outcome. The algorithm and energy functional dictate how the

contour evolves, balancing internal forces for smoothness and external forces derived from

the image. Additionally, hyperparameters control various aspects of the model’s behavior,

such as regularization strength and step size, significantly impacting the performance and

stability of the segmentation.

Continuing our previous publication, we designed a hybrid retinal-vessel segmentation

pipeline that combines a lightweight CNN trained end-to-end on DRIVE, STARE, and

CHASE, SAM zero-shot masks generated per image via the Segment Anything Model’s ACM

refinement, with per-image hyperparameters predicted by fusing CNN and SAM features.

47



Figure 5.2: Hybrid CNN + ACM system diagram

5.2.4 Overall Architecture

5.2.4.1 System Diagram

Figure 5.2 illustrates our hybrid ACM system. Enabling the ACM functionality in our

architecture will include the ‘ACM Hyperparameter Generator,’ its outputs, and ’Level Set

ACM’, which will otherwise be disabled.

ACM Hyperparameter Generator The ACM Hyperparameter Generator uses adaptive

average pooling as a flattening mechanism, followed by a fully connected layer with a ReLU

activation and another fully connected layer with a Sigmoid activation. It produces three

outputs: num iters, ν, and µ, which are scaled to the correct ranges: 0–100 for num iters,

0-10 for ν, and 0-1 for µ. The main novelty is to leverage the properties learned through

the previous layers (encoder and bottleneck) and further use fully connected layers to learn

image properties relevant to determining an optimal set of ACM hyperparameters that will

result in effective ACM contour evolution.

Incorporating ACM into the Neural Network Incorporating the DALS Level Set

ACM into the neural network required converting the original TensorFlow implementation to
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Grayscale ABC CLAHE

Figure 5.3: Experiment 1: DALS LSA demonstration on a brain image using a pretrained-
CNN generated initial contour, ν = 5, µ = 0.2, number of iterations = 600.

PyTorch, as our CNN baseline was in PyTorch. For the brain demonstration in Figure 5.3,

the torch version of DALS LSA takes 1.770149 seconds, while the TensorFlow version takes

92.741031 seconds. This is a speedup by a factor of 52.4. Hence, in addition to being

compatible with existing torch architecture, a torch version of DALS significantly reduces the

training time.

Additionally, the DALS LSA uses non-differentiable scipy functions to calculate the initial

signed distance map from the probability mask. Figure 5.4 illustrates how this issue can cause

ineffective learning. The initial signed distance map is updated through the ACM iterations

to get the final probability mask. Leaving this out of the gradient computational graph will

hinder backpropagation along this important path and effective learning. To address this,

we aimed to replicate this logic using differentiable operations, ensuring compatibility with

backpropagation. Making the DALS LSA fully differentiable should theoretically allow for

more accurate gradient updates, improving the overall learning process.

Figure 5.5 illustrates the differences in ACM contour evolution and demonstrates the

49



Figure 5.4: Differentiability and Backpropagation

Figure 5.5: Demonstration of Tensorflow, Torch, and fully differentiable Torch versions of the
DALS Level Set ACM.

success of our approach through the DALS brain demonstration results, showing that the

converted DALS LSA logic remains intact.

5.2.4.2 Training

The training procedure for the edge segmentation model follows a structured approach for

efficient learning and generalization. The model is initialized, and its configuration is saved for

reproducibility. Training is conducted in mini-batches, where predictions are made, and the

loss is computed against ground truth masks. A learning rate scheduler adjusts the learning

rate based on training progress, and gradient clipping prevents instability by controlling large

gradients. Early stopping halts training if no improvement occurs after several epochs. Loss

is logged and visualized to monitor progress, ensuring stable, efficient training and avoiding
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overfitting.

Note about training hybrid ACM model: Since Active Contour Models (ACMs) perform

poorly when initialized with suboptimal or random probability masks, the training process

for the hybrid ACM architecture incorporates a weight initialization strategy. Specifically,

before training begins, the weights of a reasonably trained edge attention model are loaded

into the non-ACM-related layers of the neural network. This serves as a pretraining step,

providing a more stable starting point for training the hybrid ACM model.

5.2.4.3 Testing

The testing process evaluates the trained model’s performance on a test dataset. It begins by

organizing the output folder based on the model’s timestamp and epoch. The model is set to

evaluation mode to ensure consistent behavior. Loss tracking and metric computation are

initialized, and the model processes each batch in the test set to generate predictions. Loss

is calculated, and predictions are converted to probabilities for metric evaluation. Visual

results, including input-output-target comparisons, are saved. After processing all batches,

performance metrics like accuracy and IoU are computed and stored. The results are saved

for further analysis, providing insights into the model’s effectiveness.

5.2.4.4 Evaluation

At test time, we compute four segmentation modes per image:

{cnn base, cnn acm, sam zero, sam acm} (5.1)

and report Jaccard (IoU) and F1 scores, averaged over DRIVE, STARE, and CHASE. We

also log the learned average iters, ν, µ to interpret the contour refinement behavior.
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Metric Base Attention Model Edge Attention Model Hybrid ACM Model

Average Test Loss 0.0257 0.0229 0.0389

AUROC 0.9882 0.9921 0.8758

AUC 0.9882 0.9921 0.8758

Precision 0.7624 0.7570 0.8175

Recall (Sensitivity) 0.5360 0.6477 0.4023

F1 Score 0.6294 0.6981 0.5393

IoU 0.3412 0.4285 0.3820

Dice Score 0.4570 0.5519 0.4427

Table 5.1: Performance metrics for the Base Attention Model (50 epochs trained), Edge
Attention Model (50 epochs trained), and Hybrid ACM Model (10 epochs trained with eight
training images) Evaluation.

5.3 Experiments and Results

5.3.1 Considerations

Our model is trained with an initial learning rate of 0.001, which is reduced by a factor of 0.5

if no improvement is greater than 1e-4 after three epochs. The dataset used is the COVID-19

CT scan lesion segmentation dataset (COVID-19, 2020).

The paper discusses the use of different training configurations for various attention

modules. The base attention module utilizes a model trained for 50 epochs on the entire

COVID-19 CT scan dataset with an 80/20 train-test split ratio. The edge attention module

also uses a model trained for 50 epochs on the full dataset with the same train-test split.

Due to time complexity constraints, the hybrid ACM module leverages the pretrained edge

attention model (50 epochs) and is fine-tuned on a smaller subset of 8 training images and

two testing images from the complete dataset for a total of 10 epochs.

5.3.2 Overall Results

In testing, the results are better and are produced faster for the Edge Attention model than

the Base Attention model. It can be seen from Table 5.1 that the edge attention model has a
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Figure 5.6: Dice Score Box Plot comparing results in the Base Attention Model

lower average test loss and higher values for other scores like IoU and DICE than the base

attention model. While the Hybrid ACM model has slightly greater loss than the Base and

Edge Attention CNNs, its ability to have hyperparameter tuning for the ACM provides novel

results and a foundation for future adaptation and training.

5.3.3 CNN With Base Attention

For a clearer comparison of the overall performance for the base attention CNN module,

please refer to Figure 5.6. While the average Dice Score of 0.4570 is respectable for a model

with only a basic attention module, there is a significant disparity between the best and

worst-case scenarios.

The image that stands out as the best performer is shown in Figure 5.7. It achieved

the highest precision among all the test images from the base attention model, with a Dice

Score of 0.9628, which is an excellent result. While this is a strong performance, there is

still potential for further improvement. Overall, these results highlight the model’s strong

capability and suggest opportunities for additional refinement.

The image that demonstrates the worst-case scenario is shown in Figure 5.8. This image

exhibited the lowest precision among all the test images from the base attention model,
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Figure 5.7: Best Base Attention Model result with a precision score of 0.9630 and DICE score
of 0.9628 for the Jun radiopaedia 7 85703 0 case20 39.png image. (a) Input image in the
dataset. (b) Predicted segmentation output from the trained model. (c) Target segmentation.

Figure 5.8: Worst Base Attention Model result with a Dice Score of 0.0 for the Moro-
zov study 0295 28.png image. (a) Input image in the dataset. (b) Predicted segmentation
output from the trained model. (c) Target segmentation.

achieving a Dice Score of 0, indicating complete prediction failure in this instance. As

illustrated in Figure 5.8, the final target image lacks sufficient detail, likely confusing the

model and impairing its ability to identify and highlight the relevant features correctly.

5.3.4 CNN with Edge Attention

For a clearer comparison of the overall performance for the edge attention CNN module,

please refer to Figure 5.9. This has an average Dice Score of 0.5519, which is greater than

the average Dice score of the base attention model.

An image to highlight is Figure 5.10. This image had the best precision out of all the
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Figure 5.9: Dice Score Box Plot comparing results in the Edge Attention Model

images tested from the edge attention model, with a Dice Score of 0.9561. While this max

result is not better than the Base Attention model, the average test DICE score for edge

attention is still better, as discussed before. Moreover, comparing the dice score box plots in

Figure 5.6 and Figure 5.9 you can see that in edge CNN most of the test data dice scores fall

in higher range compared to the base CNN case.

Another image to highlight is Figure 5.11. This image had the worst precision out of

all the images tested from the edge attention model, with a Dice Score of 0.0. Similar to

Figure 5.8, Figure 5.11 struggled to find the features to emphasize in segmentation, which is

clear in its target result, which is a very small segmentation.

5.3.5 Pretrained CNN with ACM

The main innovation of this approach is the ability to determine optimal ACM hyperpa-

rameters using fully connected layers, which significantly enhances the effectiveness of ACM

contour evolution. Despite being trained on a small set of images atop the pretrained Edge

Attention model, the results show a notable improvement in the performance of the ACM

hyperparameter generator and the Hybrid ACM model. As shown in Table 5.1, the Hybrid

ACM model achieves the best precision and comparable scores for all other metrics, even
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Figure 5.10: Best Edge Attention Model result with a Dice Score of 0.9561 for the
Jun radiopaedia 7 85703 0 case20 39.png image. (a) Input image in the dataset. (b) Pre-
dicted segmentation output from the trained model. (c) Target segmentation.

Figure 5.11: Worst Edge Attention Model result with a Dice Score of 0.0 for the Moro-
zov study 0295 28.png image. (a) Input image in the dataset. (b) Predicted segmentation
output from the trained model. (c) Target segmentation.

though it was only trained for 10 epochs.

An image to highlight is Figure 5.12. This image had the best precision out of all the

images tested from the Hybrid ACM model. The Dice Score is 0.8569. Despite this DICE

score being lower than the best base and edge attention results, this training occurred on

fewer images and with only 10 epochs.

Another test result is Figure 5.13, and it had a non-zero Dice Score of 0.0284.
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Figure 5.12: Hybrid ACM Model result with a Dice Score of 0.8569 for the
Jun radiopaedia 29 86491 1 case16 20.png image. (a) Input image in the dataset. (b)
Predicted segmentation output from the trained model. (c) Target segmentation.

Figure 5.13: Hybrid ACM Model result with a Dice Score of 0.0284 for the Moro-
zov study 0258 22.png image. (a) Input image in the dataset. (b) Predicted segmentation
output from the trained model. (c) Target segmentation.

5.4 Discussion

The overall results from the Hybrid ACM model are novel in their approach to utilizing the

ACM hyperparameter generator and provide a profound innovation in their possibility to

learn future contours with a combined neural network and level-set ACM. When trained

and tested on small datasets, the Active Contour Model (ACM) with hyperparameter

tuning demonstrates good performance. However, its application to larger datasets presents

significant computational challenges due to the high time and memory consumption associated

with gradient tracking over hundreds of ACM iterations. Since each iteration contributes to

refining the segmentation mask, the backpropagation process becomes increasingly expensive,
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leading to inefficiencies in training. This limitation makes large-scale training impractical

without substantial computational resources. Despite this, the model’s strong results on small

datasets highlight its potential effectiveness, suggesting that it is well-suited for applications

requiring high-quality segmentation on limited data samples. Future optimizations could

focus on reducing computational overhead while preserving the model’s ability to learn

optimal ACM hyperparameters.

Future work should focus on several key areas for improvement. This includes exploring

additional image transformations and pre-processing techniques to enhance model performance.

Further training will be conducted on various variations to increase the model’s robustness.

Additionally, model improvements such as incorporating batch normalization and optimizing

the ACM to enhance speed and memory efficiency will be explored. A sliding window

approach will also be investigated to improve the handling of large images during training.

Finally, further training will be conducted with the optimized ACM to refine its performance.
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CHAPTER 6

Boundary-Aware SwinUNETR for Medical Image

Segmentation

Medical image segmentation presents several challenges, including high variance in the

appearance and shape of target regions, high dimensionality of volumetric data, and label

imbalance. Recent transformer-based architectures like SwinUNETR have shown promising

results but struggle with precise boundary delineation, particularly for small structures. We

present Boundary-Aware SwinUNETR, a novel approach that incorporates deep supervision

mechanism into the SwinUNETR architecture to enhance boundary detection capabilities.

Our method leverages intermediate features from multiple resolution levels to generate

boundary attention maps, which are combined with the main segmentation pathway. The

resulting segmentation performance on the Medical Segmentation Decathlon Pancreas dataset

shows an average dice improvement of 1%.

6.1 Introduction

The field of computer vision has seen remarkable development over the last decade, with

a large focus on domains such as classification, segmentation, and image captioning. In

particular, the domain of segmentation (including Semantic segmentation) has seen continuous

improvements, from the advent of architectures such as the U-Net (Ronneberger et al., 2015) to

the development of Vision Transformers (Dosovitskiy et al., 2020). Transformer networks, in

particular, have provided a new approach to segmentation problems, leveraging self-attention

(Vaswani et al., 2017) blocks to model long-range global information better. In addition, these

transformer networks allow for pre-training on related segmentation tasks in the domain,
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making improving performance on newer downstream tasks easier.

In spite of all these advancements, medical image segmentation continues to stand out

as a challenging task. Some key challenges associated with segmentation in the medical

image domain include: a) a large imbalance in labels, particularly involving organ and tumor

segmentation, and b) stark differences between regular images and various imaging modalities,

including CT and MR. Additionally, representative datasets are often limited in the medical

imaging domain, thus making it difficult to develop models with reliable performance.

3D medical image segmentation is challenging due to the high variance in appearance

and shape of target regions, high dimensionality of volumetric data, and label imbalance.

These challenges become more limiting in multi-organ and tumor segmentation tasks where

boundaries between different structures can be ambiguous or hard to segment. While

Convolutional Neural Networks (CNNs) have traditionally dominated this field (Ronneberger

et al., 2015; Çiçek et al., 2016; Milletari et al., 2016),

Some recent work, however, has shown encouraging improvements in performance on

these tasks, including complex transformer models such as SwinUNETR (Tang et al., 2022;

Hatamizadeh et al., 2022). This architecture, which leverages pre-training an encoder on

tasks such as contrastive learning, masked volume inpainting, and 3D rotation prediction,

shows SOTA performance on several segmentation tasks, such as the Decathlon Challenge

(Antonelli et al., 2022) tasks.

To address these challenges, we propose Boundary-Aware SwinUNETR, a boundary-

aware architecture incorporating a dedicated boundary attention stream and multi-level deep

supervision into the SwinUNETR framework.

We seek to extend the SwinUNETR architecture by providing additional context to focus

on the boundaries of the regions of interest (organ/tumor). In particular, inspired by efforts

such as the one by Hatamizadeh et al. (2019b), the present chapter focuses on adding a

boundary stream feeding off the outputs of the encoder. We also use an associated boundary

stream “Edge loss” component, which helps increase performance.

Our key contributions are:
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• A novel boundary attention module that generates edge-focused attention maps from

intermediate encoder features and integrates them into the main segmentation pathway.

• A comprehensive loss function that combines Dice loss for region-based segmentation

with a custom edge loss for boundary delineation, weighted appropriately to balance

their contributions.

6.2 Methods

6.2.1 Architecture

Figure 6.1 depicts the overall architecture of the Boundary Aware SwinUNETR model. There

are two main components, the SwinUNETR encoder-decoder model, which is described in

Section 6.2.1.1, and the Boundary Stream, which is described in Section 6.2.1.2.

6.2.1.1 SwinUNETR

The SwinUNETR model (Tang et al., 2022) leverages a Swin Transformer as the encoder

and is connected to a CNN-based decoder at different resolutions in a U-shaped network.

The encoder makes use of a shifted window-based self-attention approach. An input of size

(H ×W × D × C) is partitioned into a sequence of H/h ×W/w × D/d partitions, where

(h× w × d) is the patch resolution, which are then projected into an F -dimensional space,

where F is the feature size. These partitions are then split into non-overlapping windows at

each layer l, and self-attention is computed within each of these windows (Liu et al., 2021a).

If the window is of dimension (R× R× R), then the windows are shifted in layer l + 1 by

R/2, R/2, R/2 voxels. The self-attention equations (Tang et al., 2022) at layer l and l + 1
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(a) SwinUNETR encoder-decoder

(b) Boundary Stream

Figure 6.1: Overall architecture for the Boundary Aware SwinUNETR model.

can be written as follows:

âl = W-MSA(IN(â l−1)) + â l−1, (6.1)

âl = MLP(IN(â l)) + â l, (6.2)

âl+1 = SW-MSA(IN(â l)) + â l, (6.3)

âl+1 = MLP(IN(â l+1)) + â l+1, (6.4)
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Figure 6.2: Internal structure of a Swin Transformer block (Tang et al., 2022).

where W-MSA refers to regular multi-head self-attention, SW-MSA refers to window parti-

tioning multi-head self-attention, MLP refers to a multi-layer perceptron, and IN refers to an

Instance Normalization (Ulyanov et al., 2016) layer.

Figure 6.2 demonstrates the internal structure of an encoder Swin-Transformer block.

The encoder in this model is composed of 4 stages of these two-block units, with the

hierarchical representation at various spatial resolutions serving the purpose of multi-scale

feature extraction for downstream tasks such as segmentation. The decoder shown in

Figure 6.1a creates a U-shaped structure with the encoder outputs at various resolutions, and

it is comprised primarily of CNN blocks. At each level, the features from the previous level

of decoding are up-sampled via transpose convolutions and concatenated with the encoder

outputs at the current level. The final node helps compute the segmentation output by

converting the feature vector into the required n-channel output.
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6.2.1.2 Shape Stream and Attention

The boundary stream, shown in Figure 6.1b, takes inspiration from the Attention layer of the

model by Hatamizadeh et al. (2019c). The encoder intermediate feature vectors serve as inputs

to this stream. At the first level, the first hidden-state feature vector is down-sampled by a

factor of 2 and concatenated with the second hidden-state feature vector. This concatenated

feature vector is then fed into a 1× 1 convolution followed by a sigmoid layer, and the output

attention map is multiplied by the first hidden-state feature vector. This output, denoted as

attn0, is the top layer attention output.

This attention output is down-sampled using a 3×3 convolution, and is then concatenated

with the encoder hidden-state feature vector at the next level. Similar computations as above

are repeated. In general, the computation of the layer l attention output can be written as

αl = σ
(
C1×1(t l−1∥hl)

)
, attnl = t l−1 ⊙ αl, tl = C3×3(attnl), (6.5)

where tl is the output obtained by passing the attention output from layer l into a down-sampling

transition block.

The final output from the shape stream is utilised in two different ways. First, it is

concatenated with the bottleneck output of the encoder, which is then passed into an ASPP

(Chen et al., 2016) layer before being passed into the decoder. In parallel, the boundary stream

output is also upsampled using transpose convolutions and passed through a segmentation

head, similar to the output at the end of the decoder. This final attention logit is compared

against the 3D Spatial Gradient of the label to obtain the boundary stream loss, the details

of which are discussed next.

6.2.2 Loss Function

The overall loss function is

Loss = λ1 LDice(ypred, ytrue) + λ2 LDice(spred, strue) + λ3 LCE(spred, strue) + LDS, (6.6)
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where LDice denotes the Dice Loss, LCE denotes the categorical cross entropy loss, and

LDS =
3∑

l=0

wl

(
λ2 LDice(attnl, sl,true) + λ3 LCE(attnl, sl,true)

)
(6.7)

is the deep supervision loss. Additionally, ypred refers to the decoder output, ytrue refers to

the label, spred refers to the up-sampled output from the boundary stream (i.e., attention

logit), and strue refers to the 3D Spatial Gradient of the label, which serves as the edge map

for the label.

The edge loss, denoted by LCE, is a weighted categorical cross-entropy loss (as opposed

to a weighted binary cross-entropy loss proposed by Hatamizadeh et al. (2019b), which can

be written as

LCE = −
n∑

i=1

βi log

(

exp(xi)
∑n

j=1 exp(xj)

)

yi, (6.8)

where n is the number of output classes, and where the weights are obtained as

βi =
Total number of pixels in boundary map strue − Number of boundary pixels of class i

Total number of pixels in boundary map strue
.

(6.9)

The deep supervision loss LDS helps make the model more robust to various target sizes by

ensuring the boundary matches at various resolutions, as first proposed by Wang et al. (2015).

Internally, it comprises the same dice loss and weighted cross-entropy loss used to evaluate

spred. These losses are weighted by a scale weight wl, which starts at 0.5 and reduces by half

as the layer number l increases, thus ensuring that higher spatial resolutions contribute more

to the loss. The attention output at layer l of the shape stream is attnl, and sl,true is strue

interpolated to match the dimensions of attnl.
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6.3 Experiments and Results

6.3.1 Datasets

The primary dataset was the Pancreas dataset released as part of the Medical Segmentation

Decathlon (MSD) Challenge. We disregarded the test set for this experiment since it does

not have publicly released labels. The train set, which served as the experiment’s dataset,

comprises 281 images. This was split into 5-folds across which experiments were run. The

images are portal-venous contrast CT images, with a large imbalance between the organ’s

size and the tumor. Results were also generated using the train set of the Liver dataset,

which was also a part of the MSD challenge to compare performance across datasets. This

dataset comprises 131 portal-venous contrast CT images, again split across 5-folds.

6.3.2 Implementation Details

The experiments were run on two main hardware resources. The first cluster uses a single

Tesla V100 GPU with 32 GB memory and 24 CPU cores. The second cluster uses an RTX

A6000 GPU with 50 GB memory and 8 CPU cores. For each experiment, the number of

workers is set to the maximum available workers on the machine. A learning rate of 2 × 10−4

was used for all experiments, along with the AdamW optimizer (Loshchilov et al., 2017). Each

model was fine-tuned for 600 epochs with a batch size of 1, and used the pre-trained encoder

provided. For the loss function, the lambda weights were set to (λ1 = 1.0), (λ2 = 0.5), and

(λ3 = 0.1). The scaling intensity parameters and augmentation probabilities for experiments

with each dataset were chosen as prescribed by Tang et al. (2022). However, some changes

were made on the spacing and ROI sizes to allow faster computation on the available resources,

as noted below:

• For experiments involving the pancreas dataset, the training samples are cropped to a

size of 64 × 64 × 64 and interpolated to an isotropic voxel spacing of 1.5.

• For experiments involving the liver dataset, the training samples are cropped to a size

of 96 × 96 × 96 and interpolated to an isotropic voxel spacing of 1.5.
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Model Pancreas Dice Tumor Dice Average Dice

SwinUNETR 0.769441248 0.452041274 0.610741308
Boundary-Aware SwinUNETR 0.783133084 0.459104462 0.621118788

Table 6.1: 5-fold cross-validation scores on the Pancreas dataset.

Figure 6.3: Qualitative segmentation results for SwinUNETR and Boundary-Aware Swin-
UNETR. Yellow pixels indicate the pancreas, and Blue pixels indicate the tumor.

6.3.3 Results

In this section, we report the results of the various experiments conducted. Table 6.1

reports the Dice scores of the Boundary-Aware SwinUNETR architecture compared to

SwinUNETR on the MSD Pancreas dataset. Table 6.1 shows the average Dice scores from

five-fold cross-validation. As observed in the table, the Boundary-Aware SwinUNETR model

outperforms SwinUNETR on both the Pancreas Dice score (by a factor of 1.4%) and the

Tumor Dice score (by a factor of 0.7%). Figure 6.3 shows qualitative results for a comparison

between the two models.
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Loss Function Pancreas Dice Tumor Dice Average Dice

Without Edge Loss and Deep Supervision 0.758926 0.42427203 0.59159905
Without Deep Supervision 0.77432615 0.4422641 0.60829514
With Edge Loss and Deep Supervision 0.77774006 0.44873494 0.6132377

Table 6.2: Effect of Edge Loss and Deep Supervision.

Model Liver Dice Tumor Dice Average Dice

SwinUNETR 0.946518274 0.62109556 0.80081126
Boundary-Aware SwinUNETR 0.94881628 0.625404694 0.80404893

Table 6.3: 5-fold cross-validation scores on the Liver dataset.

Further experiments assessed the impact of the loss described in Section 6.2.2. Table 6.2

reports the resulting Dice scores absent different loss components. Note that the results

in this section are obtained using only a single model instead of averaging cross-validation

results. As the results in Table 6.2 show, both the Edge Loss and Deep Supervision Loss are

crucial to the improved performance.

The final set of results assesses the performance on a secondary dataset, namely the MSD

Liver dataset. Again, the results reported are averaged across a five-fold cross-validation.

Table 6.3 reports the results of this set of experiments. In the case of the Liver dataset, the

model performs marginally better than the standard SwinUNETR model, both on Liver Dice

(0.2%) and Tumor Dice (0.4%).

6.4 Discussion

We presented an improvement on the SwinUNETR transformer model for image segmentation.

The project demonstrated the utility of an additional boundary stream that focuses on the

shape of the segmentation target. Our results on the Pancreas dataset show that this

architecture has promise in improving medical image segmentation.

However, a key issue with this model remains the sharp increase in the number of

parameters. Adding the boundary stream increases the number of parameters in the model by
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nearly 3×. Thus, a promising avenue for future research would be identifying more efficient

and effective ways to incorporate such a boundary stream. The work also demonstrates the

utility of choosing an effective loss function, which might often be a combination of multiple

losses. This opens up another avenue for research on the better tuning this loss function.

Our ablation studies revealed that the effectiveness of boundary awareness varies across

different segmentation tasks. Specifically, the improvement is more pronounced for tasks

involving small structures with complex boundaries, such as pancreas and tumor segmentation,

while the gains are more modest.
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CHAPTER 7

A Visual/Cognitive Pipeline for Chest X-Ray

Abnormality Detection

7.1 Introduction

Deep learning and state-of-the-art models have shown promising results in downstream tasks

for medical images, such as classification and segmentation on different image modalities, and

are now approaching the performance of clinical experts (Litjens et al., 2017). However, they

still lack explainability and the attention that radiologists have (Topol, 2019). Large vision

models (LVMs) promise generalized models and feature extractors, enabling zero-/few-shot

classification on medical images (Radford et al., 2021; Zhang et al., 2023).

While certain AI models have shown promise on the extensive datasets they were trained

on (Ma et al., 2024), external validation shows that these models fail to generalize the features

learned and fail to generalize on images from the datasets they were not trained or fine-tuned

on (Zech et al., 2018; Vasey et al., 2021; Nakhaei et al., 2024; Hsu et al., 2022).

These models can segment or classify images with minimal additional training (Kirillov

et al., 2023; Azad et al., 2023). However, practical experience confirms that further domain-

specific adaptation remains crucial, especially for subtle findings, smaller datasets, or datasets

different than those on which they were trained (Cardoso et al., 2022; Irvin et al., 2019;

Nakhaei et al., 2024).

Purely data-driven attention mechanisms do not necessarily align with the anatomically

or pathophysiologically meaningful regions that radiologists examine (Rajpurkar et al., 2020;

Karargyris et al., 2021).
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In contrast, radiologists do not require repeated training from dataset to dataset (Kelly

et al., 2019). The question is, can we leverage the expertise of radiologists to teach models

how to extract clinically relevant features consistently across different datasets or tasks?

Radiologists learn the suspicious regions during their training and can use that knowledge

on different datasets without the need to be fine-tuned. This “expert gaze” data thus provides

a rich source of information on how and why experts interpret complex medical images

(Karargyris et al., 2021).

Using radiologists’ fixation points and timestamped report transcriptions, we can learn

about regions that are key in detecting an anomaly and when and how long those regions

should be analyzed. This spatiotemporal gaze data can act as an implicit annotation to

alleviate human expert segmentation cost (Sultana et al., 2024), as acquiring annotations

from radiologists is costly and time-consuming. Studies show that this gaze data can reveal

subtle abnormalities that might otherwise be overlooked by naive machine learning pipelines

(Karargyris et al., 2021; Alqaraawi et al., 2020), and help models learn the scanning process

of radiologists, allowing more clinically relevant features to be captured (Karargyris et al.,

2021).

Our proposed method is a potential strategy to bridge this gap by fusing radiologists’

gaze data with radiomic features. Radiomics captures textural and morphological descriptors,

while gaze data locates regions of interest, effectively pinpointing which image subregions

should receive focus during detailed analysis. By integrating these signals into a unified deep

learning pipeline, we aim to:

• Increase Model Explainability: Demonstrate that attention maps guided by gaze more

closely resemble clinical reality, making the model’s decisions more explainable.

• Improve Generalization and Performance: Show that focusing on radiologist-indicated

regions improves diagnostic accuracy across different anomaly types and imaging

conditions.

• Evaluate Expert Variability: Acknowledge that different radiologists exhibit unique
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gaze patterns, and explore the implications of personalizing the model’s attention to

match each expert’s diagnostic style.

Our contributions are:

• Gaze-Supervised ViT Pretraining: A two-phase training that first optimizes a ViT to

reproduce radiologist fixation heatmaps (7×7 and 14×14 grids).

• Multi-Task Joint Loss: During classification, we add (i) MSE on attention maps,

(ii) consistency between spatial attention and logits, and (iii) ellipse-supervision to

up-weight fixations inside annotated lesions.

• Data-Centric Sampling and Augmentation: A power-weighted sampler oversamples rare

classes; aggressive crops, flips, affine, color jitter, Gaussian blur, and random erasing

further diversify training.

• Per-Class Calibration and Thresholding: We fit a tiny Platt scaler per label and select

F1 -optimal thresholds on validation, boosting macro-F1 by 10–15 points.

• State-of-the-Art Results: On 15 pathologies from REFLACX (phase 3), we achieve a

mean test AUC of 0.79 (vs. 0.70 in (Bigolin Lanfredi et al., 2022) on 11 labels) and a

macro-F1 of 0.40.

Our work systematically studies how gaze data can guide attention-based methods to

localize and classify chest X-ray pathologies more effectively. Specifically, we present a

multi-head attention network incorporating gaze-derived fixation heatmaps to supervise

attention modules and further refine the model’s understanding of lesion characteristics.

7.2 Methods

7.2.1 Dataset

We use 2,507 frontal chest X-rays from MIMIC-CXR phase 3 of REFLACX (Bigolin Lanfredi

et al., 2022), each with timestamped fixation logs and transcript annotations. We train and
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evaluate on 15 pathologies (including nodules, pneumothorax, hiatal hernia, etc.) to match

the largest common subset studied in the literature. Our study uses a subset of 2,507 chest

X-rays obtained from the MIMIC-CXR database (Johnson et al., 2020) corresponding to the

MIMIC-CXR images used in phase 3 of the REFLACX study (Bigolin Lanfredi et al., 2022),

each with associated eye-tracking data and timestamped transcript annotations.

The metadata contains image-level labels for different anomalies, and we choose five

target anomalies: Atelectasis, Consolidation, Groundglass opacity, Pleural abnormality, and

Pulmonary edema. A binary label is assigned for each anomaly using a threshold of 3 (i.e.,

cases with a value of 3 ≤ are considered positive) (Irvin et al., 2019). This selection was due

to the number of positive and negative cases present in the dataset and the common anomaly

features and subgroups each may have.

7.2.2 Eye-Tracking and Transcript Processing

Eye-tracking data were recorded during report dictation using an EyeLink 1000 Plus system.

For each reading, fixation data are stored in a CSV file that contains columns for the fixation

start and end timestamp, coordinates in image space, normalized pupil area, and additional

parameters related to windowing and angular resolution.

We leverage the synchronized, timestamped transcripts to localize the implicit anomaly

regions. We maintain a dictionary of synonyms (e.g., “atelectasis” and “collapse” for

Atelectasis) to capture variations in how radiologists mention each anomaly. This dictionary

was extracted by looking at the literature and our manual analysis of the transcripts. Based

on this dictionary, we determine a fixation cutoff time from time 0 until the first transcript

mention, as determined by matching any synonym used for each anomaly.

This temporal filtering enables us to derive a more specific spatial prior for the anomaly

localization.
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(a) Overall pipeline (b) Preprocessing / inputs

(c) ViT + patch embedding (d) Gaze sequence → features

(e) Attention heads → p14/p7 maps (f) CLS + gaze fusion → logits

Figure 7.1: Detailed pipeline panels (a–f). Each panel shows one stage of the pipeline: input,
preprocessing, vision encoder, gaze encoder, attention output maps, and classifier fusion.

7.2.3 Gaze Pretraining and Heatmap Supervision

Fixation CSVs and transcript timestamps yield per-study heatmaps: Gaussian splats of each

fixation (weighted by duration × pupil) clipped at the first mention of each pathology. We

generate 7×7 and 14×14 ground-truth maps per label. In Phase 1, we freeze classification

and optimize

Lattn = MSE
(
p7, g7

)
+ MSE

(
↑ p7, g14

)
. (7.1)
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7.2.4 Joint Classification and Multi-Task Losses

In Phase 2, we unfreeze the classifier head and minimize

L = BCE(logits, labels)
︸ ︷︷ ︸

Lcls

+ λattnLattn + λcons∥σ(logits) −m(a7)∥
2 + λell BCE(a14, ellipse)

(7.2)

with λattn = 50, λcons = 1, λell = 10. A small Transformer encoder ingests a 50-step gaze

sequence for feature fusion.

7.2.5 Sampling, Augmentation, and Calibration

A power-weighted sampler (wi ∝ [N̄/Ni]
α) balances rare labels (α = 0.5). Extensive spatial

and photometric augmentations combat overfitting. Finally, per-label Platt scaling plus

F1-optimal threshold search on validation refines the decision rule.

7.3 Experiments and Results

We split 80% train / 20% test with a further 25% of train held out as validation. Table 7.1

reports test AUC and F1 (micro/macro) on the full 15-label set.

Compared to (Bigolin Lanfredi et al., 2022) on 11 shared labels (test AUC 0.70, macro-

F1 0.30), our full pipeline achieves +0.09 AUC and +0.10 macro-F1, especially improving

rare/small lesions (e.g., fracture, ILD).

7.4 Discussion

We have presented a gaze-supervised ViT framework that bridges radiologist visual attention

with deep feature learning. Through end-to-end training, multi-task losses, class balancing,

and per-label calibration, we achieve state-of-the-art test AUC 0.79 and macro-F1 0.40 on 15

chest X-ray pathologies, substantially exceeding prior work. Our approach improves accuracy

on subtle and rare findings and produces clinically faithful attention maps, paving the way
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Table 7.1: Per-class test set support, AUC, and F1 scores for 15 pathologies, compared to
baseline from Bigolin Lanfredi et al. (2022)

Disease Support Our AUC Baseline AUC1 Our F1

Abnormal mediastinal contour 14 0.765 – 0.07
Acute fracture 5 0.923 0.85 0.02
Atelectasis 127 0.824 0.76 0.62
Consolidation 128 0.813 0.70 0.59
Enlarged cardiac silhouette 107 0.860 0.78 0.59
Enlarged hilum 9 0.608 0.60 0.11
Groundglass opacity 61 0.729 0.68 0.39
Hiatal hernia 5 0.590 – 0.00
High lung volume / emphysema 13 0.813 0.80 0.21
Interstitial lung disease 5 0.875 0.65 0.20
Lung nodule or mass 26 0.667 0.66 0.17
Pleural abnormality 145 0.845 – 0.66
Pneumothorax 15 0.826 0.72 0.00
Pulmonary edema 67 0.858 0.80 0.53
Other 0 0.0 – 0.0

1 (Bigolin Lanfredi et al., 2022) (11-label subset).

for more explainable and robust medical imaging AI.

Our ViT backbone with gaze-pretraining and multi-task supervision outperforms pure

image baselines and prior gaze-driven CNN efforts. Attention pretraining yields +0.05

AUC; adding consistency and ellipse losses gives another +0.03–0.05. The sampler and

augmentations boost recall on rare classes, while per-class calibration lifts F1 . Qualitatively,

Grad-CAM overlays (Figure 7.2) align closely with radiologist fixations, confirming improved

interpretability.

Challenges remain in handling off-task fixations (e.g., UI toolbar) and inter-reader vari-

ability. Future work will refine fixation filtering and explore personalization to individual

radiologists.

The results show that while the overall accuracy drops, integrating the gaze data improves

the recall and class-specific detection, compared to baseline methods that use only image

data or only one modality. Looking at the classification reports more closely, it shows that

the baseline model has higher precision but very low recall, suggesting it’s conservative in
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(a) Consolidation

(b) Lung Nodule or Mass

(c) Pleural Abnormality

Figure 7.2: Comparative visualization of attention maps. From left to right: Original chest
X-ray image, Ground truth fixation heatmap, Attention map from the multi-head attention
classifier.
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making positive predictions.

Our approach has more balanced precision and recall, arguably more useful in a clinical

setting where missing positives (false negatives) can be dangerous.

Despite lower overall accuracy, our approach is better at identifying positive cases across

all anomalies, which is typically more valuable in medical diagnostics.

Figure 7.2 confirms that the predicted attention maps closely align with the GT fixation

maps, indicating that the model successfully learns to focus on regions that experts deem

clinically significant. The ROI masks, derived from the fixation heatmaps, also highlight the

most informative areas for the diagnostic task.

One of the challenges in our experiments was the inherent imbalance in the dataset. Since

the majority of cases are negative (i.e., do not contain the target anomalies), we employed

a WeightedRandomSampler to ensure that each class was adequately represented during

training. Although we used uniform weights as a placeholder, a more refined approach would

calculate weights inversely proportional to the class frequencies.

The other challenge we had was the gaze of the radiologists moving the toolbar for adding

annotations. The fixation maps include the radiologist’s gaze during annotation, and from

our analysis, it looks like there is a toolbar on the left-hand side where radiologists often

follow their gaze for annotation, and this fixation often adds confusion for the MHA trying

to learn the attention maps.

Lastly, it is reported that five different radiologists are annotating the gaze data, and the

expertise and the amount of training for these radiologists are unknown, and each radiologist

has their own personal fixation pattern and screening habits. This can give the model mixed

signals and different learning habits, confusing the model. Later, we aim to explore ways

to attempt to detect the different patterns and train the model on fixations from a single

radiologist.
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CHAPTER 8

Conclusions and Future Directions

Medical image analysis stands at the intersection of technology and healthcare, potentially

transforming diagnostic workflows, enhancing clinical decisions, and improving patient out-

comes. This dissertation has explored novel approaches to address fundamental challenges

in this field, particularly focusing on the precise delineation of anatomical boundaries, inte-

grating human expertise, and bridging computational methods with clinical practice. This

concluding chapter summarizes our key findings across the various research questions listed

in Chapter 1, discusses their broader implications, acknowledges remaining challenges, and

outlines promising directions for future research.

8.1 The Value of Hybrid Approaches

A consistent finding across multiple investigations in this dissertation is the superior per-

formance of hybrid approaches that combine traditional mathematical models with modern

deep learning techniques. The integration of Active Contour Models (ACMs) with Convolu-

tional Neural Networks (CNNs) demonstrated significant improvements in boundary accuracy

compared to either approach used in isolation. This synergy leverages the complementary

strengths of each paradigm — the explicit shape constraints and mathematical guarantees of

traditional methods, coupled with the powerful feature representation capabilities of deep

learning.

The results from Chapter 4 and Chapter 5 particularly highlight that hybrid approaches

are not merely incremental improvements but represent a qualitatively different approach to

medical image analysis. By embedding ACMs as differentiable components within neural
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architectures, these models achieve both the adaptability of data-driven approaches and the

interpretability of model-based methods. This finding suggests that the future of medical

image analysis may not lie in abandoning traditional techniques in favor of purely deep

learning approaches, but rather in their thoughtful integration that preserves the strengths of

established mathematical frameworks while harnessing the representational power of neural

networks.

8.2 The Importance of Boundary Precision

The results across multiple experiments consistently demonstrate that standard performance

metrics used in general computer vision tasks, such as Dice coefficient or mean Intersection

over Union (mIoU), may obscure critical performance differences at anatomical boundaries.

The specialized boundary-focused metrics implemented in this thesis reveal that many state-

of-the-art segmentation models perform poorly on precisely the regions most important for

clinical applications — the boundaries between anatomical structures or between normal and

pathological tissue.

The boundary-aware transformer models developed in Chapter 6 show that architectural

modifications specifically targeting edge preservation can significantly improve clinical utility

without major compromises in overall segmentation performance. This finding emphasizes

the importance of developing evaluation metrics and optimization objectives that align with

clinical priorities rather than simply adopting standard approaches from general computer

vision.

8.3 The Cognitive Alignment Between Human and Artificial Intel-

ligence

Perhaps the most profound insight from our research emerges from the integration of human

attention patterns into computational models, as explored in Chapter 7. The significant

improvements in model performance and explainability when aligning computational attention
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with radiological expertise suggest that the widely acknowledged gap between AI and human

diagnostic approaches can be bridged by explicitly modeling expert cognitive processes.

Eye-tracking studies reveal that radiologists employ systematic viewing patterns, reflecting

anatomical knowledge and reasoning strategies acquired through years of training and experi-

ence. By incorporating these patterns into model training and inference, our resulting systems

achieved higher accuracy and generated explanations that were more readily understood

and accepted by clinical users. This finding suggests that effective human-AI integration

in healthcare may involve explicit modeling of expert cognition rather than treating the AI

system as an independent diagnostic entity.

8.4 Broader Implications

When considered collectively, the findings from the five research questions point to several

broader implications for the field of medical image analysis:

First, the persistent challenges in domain adaptation highlight the importance of developing

models that capture invariant anatomical relationships rather than dataset-specific correlations.

The improved generalization capabilities demonstrated by the hybrid approaches and learnable

parameter models suggest that incorporating explicit structure and prior knowledge may be

essential for robust performance across diverse clinical settings.

Second, the results emphasize that interpretability should be designed into computational

models from the ground up rather than applied as a post-hoc explanation. The human-

aligned attention mechanisms and the explicit boundary modeling in ACMs provide inherently

interpretable features that align with clinical reasoning, potentially addressing a critical

barrier to clinical adoption.

Third, our findings suggest that the traditional divide between “classical” and “deep

learning” approaches is increasingly artificial and potentially limiting. The most promising

advances emerge from a thoughtful integration that leverages the complementary strengths

of different paradigms while mitigating their weaknesses.
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8.5 Critical Assessment of the Methodology

While the findings of this thesis advance the field, it is important to assess our methodological

approaches and their limitations critically.

The methodological framework developed in this dissertation has several notable strengths:

• The integration of ACMs within deep learning frameworks was accomplished with

careful attention to mathematical formulation, ensuring that the theoretical guarantees

of the traditional approaches were preserved while enabling end-to-end differentiability.

• The consistent focus on boundary precision and alignment with radiological expertise

ensured that the technical innovations addressed clinically significant challenges rather

than pursuing improvements in standard benchmarks that might not translate to clinical

utility.

• The use of diverse datasets, multiple anatomical regions, and varied imaging conditions

strengthened the validity of the findings and provided insights into the generalizability

of the proposed approaches.

• The research successfully bridged concepts from computer vision, medical imaging,

computational geometry, and cognitive science, creating approaches that benefited from

insights across disciplines.

Despite these strengths, several methodological limitations must be acknowledged:

• The hybrid approaches, particularly those involving iterative contour evolution within

neural networks, introduced significant computational overhead that may limit their

practical deployment in resource-constrained clinical settings or time-sensitive applica-

tions.

• The integration of ACMs with deep learning introduced additional hyperparameters

that required careful tuning. While efforts were made to develop adaptive parameter

selection mechanisms, the optimal configuration remained sensitive to specific imaging

characteristics and anatomical contexts.
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• The evaluation primarily focused on technical performance metrics rather than assessing

impact on clinical decision-making or patient outcomes. While surrogate endpoints

indicated potential clinical utility, prospective clinical trials would be necessary to

establish the value of these approaches in practice.

• The evaluation of interpretability and alignment with clinical reasoning was limited

by the number of radiologists who could participate in the eye-tracking studies and

feedback sessions. The generalizability of these findings across diverse clinical expertise

and training backgrounds requires further investigation.

These limitations highlight important areas for refinement in future research and emphasize

the need for continued collaboration between technical researchers and clinical practitioners

to ensure that methodological innovations translate effectively to practice.

8.6 Implications for Clinical Practice

The findings of this thesis have several potential implications for clinical practice in medical

imaging:

8.6.1 Enhanced Diagnostic Accuracy

The improved boundary precision and spatial correlation techniques developed in our research

can enhance diagnostic accuracy, particularly for conditions where precise delineation of

anatomical structures or pathological regions is critical. In breast cancer imaging, for instance,

the improved spatial matching between mammography and specimen radiography could lead

to more accurate localization of suspicious lesions, potentially reducing false-positive and

false-negative findings.

The boundary-aware models could particularly impact applications requiring volumet-

ric measurements or precise shape analysis, such as tumor monitoring, cardiac function

assessment, or neurodegenerative disease progression tracking. By providing more reliable

quantitative measurements, these approaches could enable earlier detection of subtle changes
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that might indicate disease progression or treatment response.

8.6.2 Workflow Integration and Clinical Acceptance

The human-aligned attention mechanisms and interpretable features of the hybrid models

address one of the most significant barriers to clinical adoption of AI systems — the “black

box” nature of many deep learning approaches. By generating explanations that align with

radiological reasoning, these systems could more readily integrate into clinical workflows as

trusted assistants rather than opaque automated tools.

The findings from our eye-tracking studies also suggest potential applications in radiological

education and quality assurance. The models of expert attention patterns could serve as

teaching tools for trainees, highlighting the visual search strategies employed by experienced

practitioners. Similarly, these models could identify atypical viewing patterns that might

indicate fatigue, distraction, or other factors that could impact diagnostic performance.

8.6.3 Resource Allocation and Access to Expertise

The improved generalization capabilities of the models developed in our research could help

address disparities in access to radiological expertise. By reducing the need for site-specific

fine-tuning, these approaches could enable more robust deployment across diverse healthcare

settings, including resource-constrained environments where specialized expertise may be

limited.

Furthermore, the ability to capture and computationally represent expert attention

patterns opens possibilities for more efficient allocation of human expertise. Computational

systems could handle routine cases or provide initial screening, allowing radiologists to focus

their time and expertise on complex or ambiguous instances in which human judgment and

contextual understanding are most critical.
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8.7 Future Research Directions

Building on the findings and limitations of this thesis, several promising directions for future

research emerge:

8.7.1 Technical Advancements

Future work should focus on optimizing the computational efficiency of hybrid CNN-ACM

architectures, potentially through techniques such as model distillation, pruning, or the

development of specialized hardware accelerators for contour evolution operations.

While this dissertation has focused primarily on 2D radiographic imaging, hybrid modeling

and boundary awareness principles could be extended to volumetric imaging (3D) and time-

series medical imaging data (4D). This would require addressing additional challenges in

computational complexity and memory requirements.

Future research could explore multi-task learning approaches that simultaneously address

segmentation, classification, and detection, leveraging the shared representations learned by

the hybrid models to improve performance across multiple clinically relevant tasks.

To address the limitations of annotated data availability, future work could investigate

self-supervised pre-training strategies specifically designed for medical imaging, potentially

incorporating anatomical knowledge and symmetry priors to reduce dependence on expert

annotations.

8.7.2 Clinical Integration and Validation

Rigorous evaluation of the clinical impact of these approaches would require prospective trials

assessing their effect on diagnostic accuracy, clinical decision-making, and ultimately patient

outcomes across diverse healthcare settings.

Future research should explore optimal interfaces for human-AI collaboration in medical

imaging, investigating how the complementary strengths of radiologists and computational

systems can be leveraged through thoughtful workflow integration and interaction design.

85



To ensure safety while enabling innovation, work is needed to establish clear regulatory

frameworks for adaptive medical AI systems, particularly those incorporating human feedback

or continual learning capabilities.

A comprehensive evaluation of these technologies’ economic implications and workflow

effects would be essential for guiding implementation decisions and health policy.

8.7.3 Broader Applications and Interdisciplinary Extensions

Boundary awareness and hybrid modeling principles could be extended to digital pathology

and microscopy, where precise delineation of cellular structures and tissue boundaries is

similarly critical for accurate diagnosis.

Future research could explore the integration of imaging-based analysis with molecular and

genomic data, potentially enabling more personalized diagnostic and treatment approaches

that consider the disease’s structural and molecular characteristics.

Investigating mechanisms for transferring knowledge across different imaging modalities

could address the limitations of modality-specific models and enable more robust performance

in multi-modal clinical workflows.

Developing methods specifically designed for tracking changes over time in medical imaging

could enhance the utility of these approaches for monitoring disease progression and treatment

response.

8.7.4 Ethical and Societal Considerations

Future research must address potential biases in the training data and the resulting models,

ensuring that advanced medical image analysis systems do not perpetuate or amplify existing

healthcare disparities.

Developing methods that enable collaborative learning across institutions while pre-

serving patient privacy will be essential for building robust, generalizable models without

compromising sensitive medical data.
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Careful consideration of the appropriate balance between augmenting human capabilities

and automating diagnostic tasks will be necessary to ensure that technological advancements

enhance rather than diminish the role of clinical expertise.

Research on deployment strategies that promote equitable access to advanced diagnostic

technologies across diverse healthcare settings and global contexts will be essential for ensuring

that these innovations benefit all patient populations.

8.8 Concluding Remarks

This dissertation has explored novel approaches to medical image analysis that bridge classic

model-based techniques with modern deep learning, enhance boundary precision, and align

computational methods with clinical expertise. Our findings demonstrate that significant

improvements in technical performance and clinical relevance can be achieved through the

thoughtful integration of complementary paradigms and explicit modeling of domain-specific

knowledge.

The journey toward truly effective medical AI systems is far from complete. The challenges

of domain adaptation, interpretability, and clinical integration remain substantial, requiring

continued collaboration between technical researchers, clinical practitioners, and other stake-

holders in the healthcare ecosystem. However, the approaches developed in this dissertation

provide promising directions for addressing these challenges, potentially contributing to a

future where computational systems serve as reliable partners in clinical decision-making.

Ultimately, the goal of research in medical image analysis must extend beyond technical

innovation to meaningful impact on patient care. By developing systems that complement

and augment human expertise rather than attempting to replace it, we can harness the power

of computational methods while preserving the irreplaceable elements of clinical judgment,

ethical consideration, and human compassion that form the foundation of healthcare. The

most promising path forward may be found in this spirit of thoughtful integration — of

different methodological approaches, of technical capabilities and clinical knowledge, and of

human and artificial intelligence.
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APPENDIX A

Core Terms and Mathematical Concepts

This appendix reviews core terms and mathematical concepts employed in this thesis.

A.1 Classical Segmentation Techniques

A.1.1 Thresholding and Region Growing

Gray-Level Thresholding The simplest approach: select a gray-level threshold T to

classify pixels:

I(x, y)







≥ T → foreground,

< T → background.

(A.1)

Otsu’s method automatically chooses T by minimizing intra-class variance (Otsu et al., 1975):

T ∗ = arg min
T

[
σ2
within(T )

]
. (A.2)

Region Growing Starts from seed points S = {si} and iteratively adds neighboring pixels

whose intensities satisfy a homogeneity criterion:

|I(x, y) − µR| < δ, (A.3)

where µR is the region mean and δ a tolerance (Adams and Bischof, 1994).
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A.1.2 Edge-Based Methods

Gradient Operators Detect edges via high-gradient magnitude:

G =
√

(I ∗Kx)2 + (I ∗Ky)2, (A.4)

with kernels Kx, Ky such as Sobel (Sobel, 1970) or Canny’s multistage detector (Canny,

2009).

Snake Models vs. Level-Set Parametric snakes (Kass et al., 1988) evolve a contour

v(s) = (x(s), y(s)) by minimizing

E =

∫ (
1
2
α|v′|2 + 1

2
β|v′′|2

)

ds +

∫

P
(
v(s)

)
ds, (A.5)

where α, β control elasticity and rigidity, and P is an image-based potential.

Level-set methods (Osher and Sethian, 1988; Chan and Vese, 2001) embed the contour as

the zero level of ϕ(x, y), evolving via

∂ϕ

∂t
= δ(ϕ)

[

µ∇·
( ∇ϕ

|∇ϕ|

)

− λ1(I − c1)
2 + λ2(I − c2)

2
]

. (A.6)

A.1.3 Active Contour Models (ACMs)

Parametric Snakes Balance internal energy (smoothness) and external image forces as

above (Kass et al., 1988).

Level-Set ACMs Implicit representation via ϕ allows topological changes (Osher and

Sethian, 1988). The Chan–Vese variant optimizes region homogeneity inside/outside the

contour (Chan and Vese, 2001).

89



A.2 Key Evaluation Metrics

Accurate and reliable evaluation of segmentation and detection algorithms in medical imaging

relies on a suite of established metrics. This section defines the most commonly used measures,

their mathematical formulations, and key references.

A.2.1 Overlap-Based Metrics

Dice Similarity Coefficient (DSC) The Dice similarity coefficient (also known as the

Sørensen–Dice coefficient) measures the overlap between two binary segmentations A (ground

truth) and B (prediction) (Taha and Hanbury, 2015):

DSC(A,B) =
2 |A ∩ B|

|A| + |B|
. (A.7)

Values range from 0 (no overlap) to 1 (perfect agreement).

Jaccard Index (Intersection over Union, IoU) Also called the Jaccard similarity, this

is defined as (Taha and Hanbury, 2015)

IoU(A,B) =
|A ∩ B|

|A ∪ B|
=

|A ∩ B|

|A| + |B| − |A ∩ B|
, (A.8)

with the same range of [0, 1].

A.2.2 Distance-Based Metrics

Hausdorff Distance (HD) The (bidirectional) Hausdorff distance between the boundary

point sets ∂A and ∂B is (Huttenlocher et al., 2002)

HD(A,B) = max
{

sup
a∈∂A

inf
b∈∂B

d(a, b), sup
b∈∂B

inf
a∈∂A

d(a, b)
}

, (A.9)

where d(·, ·) is the Euclidean distance. HD captures the largest segmentation error.
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A.2.3 Detection-Based Metrics

Sensitivity and specificity quantify accurate/false positive rates when evaluating lesion or

object detection.

Sensitivity (True Positive Rate)

Sensitivity =
TP

TP + FN
, (A.10)

the fraction of actual positives correctly identified.

Specificity (True Negative Rate)

Specificity =
TN

TN + FP
, (A.11)

the fraction of actual negatives correctly identified (Zweig and Campbell, 1993).
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