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Abstract

Medical image analysis plays a crucial role in modern healthcare, contributing to more

accurate diagnoses, treatment planning, and patient management. Among the various tasks

in this field, medical image segmentation is particularly important for clinical analysis, as

it involves identifying anatomical structures and abnormalities. Deep learning techniques

have recently achieved remarkable success in medical image segmentation due to their abil-

ity to learn complex patterns from large datasets. However, training deep neural networks

typically requires the availability of large-scale labeled data, which is often expensive and

time-consuming to obtain in medical imaging. Moreover, variations in clinical environments

and differences in imaging equipment across institutions bring challenges to the generalized

ability of traditional supervised deep learning models. Therefore, transfer learning meth-

ods, especially deep domain adaptation methods, have been developed to improve model

performance by bridging the distributional differences between domains. These advanced

techniques open new possibilities for reducing reliance on large labeled medical image

datasets. Despite these advancements, this field still faces significant challenges, including

semantic gaps in medical image categories, limitations of adversarial learning for domain

adaptation, and lack of generalization with unavailable target data. This thesis introduces

various deep learning-based domain adaptation methods for medical image segmentation

under data-efficient scenarios, with the goal of addressing the challenges associated with

limited data availability. The main contributions of this work are as follows:

The first part of this thesis introduces CAPL-Net, a novel deep unsupervised domain

adaptation (UDA) approach specifically designed for cross-domain nuclei instance segment-

ation and classification using category-aware feature alignment and pseudo-labeling. In

histopathology images, substantial semantic gaps exist between different types of nuclei. To

address this, we propose a category-aware feature alignment module that enhances knowledge

transfer for intra-class features across domains while reducing negative transfer for inter-class
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features. Next, we introduce a self-supervised learning stage that leverages nuclei-level feature

prototypes to improve model performance on unlabeled target data. CAPL-Net addresses

the limitations of previous class-agnostic UDA methods by learning more comprehensive

domain-specific features across various nuclei categories.

The second contribution presents an advanced dynamic diffusion-based framework (DDF-

UDA) for cross-domain optic disc (OD) and optic cup (OC) segmentation in fundus images.

DDF-UDA includes an adaptive module based on feature- and pixel-level diffusion processes,

along with a Nash equilibrium-based adjustment strategy to reduce cross-domain discrepan-

cies. This approach enables the transfer of domain-specific information from the target data

to the source data, thereby facilitating effective domain adaptation. The framework demon-

strates superior performance under imbalanced data conditions, outperforming state-of-the-art

(SOTA) methods.

Finally, we propose a novel zero-shot domain adaptation (ZSDA) paradigm, named

LMaD, to address the challenge of requiring access to target images during training. LMaD

utilizes a language model as a feature disentangler for ZSDA medical image segmentation

tasks, aiming to eliminate interference caused by domain-specific information, resulting

in superior performance. Specifically, we first introduce a graph learning mechanism to

construct a visual graph that captures relationships between visual features. Next, we leverage

a pre-trained language model to obtain task-specific and domain-specific feature embeddings.

By disentangling features within the visual graph, we aim to eliminate interference from

domain-specific information. Additionally, a graph convolutional network is employed to

infer higher-order relationships among task-specific features within the visual graph, further

enriching the contextual information in the images.

Overall, this thesis explores novel domain adaptation methods specifically designed

for medical image segmentation in data-efficient scenarios, addressing the challenge of

data scarcity, and the need for robust, generalizable models. The proposed approaches

advance the latest developments in UDA and ZSDA, offering practical solutions for improving

segmentation performance across various medical imaging tasks.
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CHAPTER 1

Introduction

1.1 Introduction to Medical Image Segmentation

Image segmentation is a fundamental task in computer vision, involving the division of an

image into meaningful regions or segments [77, 341]. By simplifying image representation,

segmentation facilitates easier analysis and interpretation. In medical imaging, segmentation

is particularly critical, as it isolates essential anatomical structures, tumors, or regions of

interest, enabling precise measurements and playing a key role in diagnosis and treatment

planning [221, 250]. In addition, medical image segmentation is also crucial to the success

of modern Computer-Aided Diagnosis (CAD) systems, which have transformed medical

imaging by offering advanced tools for analyzing medical data and supporting clinical

decision-making [59, 276].

Figure 1.1 shows some medical image segmentation examples. In the datasets presented in

Figure 1.1, KITS [105] (Kidney Tumor Segmentation), LITS [18] (Liver Tumor Segment-

ation), MSD [262] (Medical Segmentation Decathlon), TNSCUI [354] (Thyroid Nodule

Segmentation Challenge in Ultrasound Images), STARE [113] (Structured Analysis of the

Retina), ISIC [96] (International Skin Imaging Collaboration), CHAOS [138] (Combined

Healthy Abdominal Organ Segmentation), and BRATS [197, 11, 12] (Brain Tumor Seg-

mentation) are widely utilized in the field of medical image segmentation. These datasets

encompass a diverse range of anatomical structures and imaging modalities, including com-

puted tomography (CT), magnetic resonance imaging (MRI), ultrasound, fundus photography,

and dermatological imaging, thereby serving as critical benchmarks for the development and

evaluation of automated segmentation methodologies.
1
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FIGURE 1.1: Some medical image segmentation examples [309].

1.1.1 Traditional Image Segmentation Methods

Traditional segmentation methods, including techniques such as thresholding, region growing,

and edge detection, formed the foundation of early medical image analysis [348, 217]. These

methods relied on fundamental principles to identify boundaries within images based on

pixel intensity, texture, or gradients. The thresholding method involves setting a specific

pixel intensity value to distinguish foreground from background, which makes it useful for

segmenting regions with distinct intensity levels. Region growing starts from a seed point and

expands to include neighboring pixels that share similar properties, making it effective for

grouping connected regions. Edge detection algorithms focus on identifying discontinuities

in intensity, helping to outline the boundaries of anatomical structures or objects within the

image [356].

While these traditional methods are critical in advancing early medical image segmentation,

they often exhibit performance limitations. Their effectiveness is heavily dependent on the

quality of the input data, and they are particularly sensitive to image noise and variations in

contrast or lighting conditions [64, 224].

1.1.2 Deep Learning-based Image Segmentation Methods

Recently, deep learning techniques have been widely adopted in image segmentation, offering

effective solutions to handle the rapidly growing volume of data [255, 46, 78]. These
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techniques have driven significant progress across various applications [164, 164, 54, 326,

344, 329, 165, 231, 84] in computer vision tasks. In the medical field, where high precision

and expertise are essential, deep learning-based segmentation has demonstrated significant

improvements [321, 275].

Currently, deep learning-based image segmentation methods are generally classified into three

categories: semantic segmentation [7, 151], instance segmentation [31, 36], and panoptic

segmentation [345, 167]. Figure 1.2 shows an example of different types of deep image

segmentation.

Semantic segmentation assigns a predefined class to each pixel in an image, making it

useful for tasks such as identifying overall structures within an image. In medical imaging,

semantic segmentation is applied to segment organs, tissues, or other anatomical structures

by labeling each pixel according to specific body parts or regions [183, 224]. Instance

segmentation extends semantic segmentation by not only classifying each pixel but also

distinguishing between individual objects of the same class. This approach is valuable

in medical imaging for isolating multiple instances of similar structures, such as different

lesions or tumors, thus providing more detailed and clinically relevant information [195, 289].

Panoptic segmentation combines the strengths of both semantic and instance segmentation

by offering a comprehensive understanding, which labels all pixels while also distinguishing

distinct objects. This method is especially beneficial in complex medical images, where

accurately segmenting overlapping or closely situated anatomical features is crucial [169].

By leveraging advanced algorithms, deep learning techniques have significantly improved the

accuracy, speed, and efficiency of medical image segmentation. These improvements allow

for more precise identification of anatomical structures and abnormalities, which are crucial

for both diagnostic and therapeutic applications [198, 65]. As a result, the integration of deep

learning into medical image segmentation is leading to the development of more reliable

solutions, improving patient care and clinical outcomes [81, 204].
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FIGURE 1.2: An example of different types of deep learning-based image
segmentation (semantic segmentation, instance segmentation, and panoptic
segmentation) [270].

1.1.3 Medical Imaging Segmentation Applications

Medical image segmentation is an important component in numerous clinical and research

applications, encompassing the identification and delineation of anatomical structures, patho-

logical regions, and regions of interest. As discussed earlier, traditional image segmentation

methods such as thresholding, edge detection, and region-based segmentation form the basis

for early developments in medical imaging [341, 270]. However, these methods face limit-

ations in handling the complexity and variability often encountered in medical data. Deep

learning-based approaches have significantly advanced segmentation accuracy and robustness,

addressing these limitations by leveraging large datasets and powerful computational models.

The advent of deep learning has marked a significant paradigm shift in the field of medical

image segmentation. Convolutional neural networks (CNNs) have become widely adopted

for their ability to model intricate patterns and relationships within medical images. In

particular, the U-Net architecture and its derivatives have proven highly effective [242, 50,

210]. Some other advanced architectures such as DeepLab [33], Mask R-CNN [103] and
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Segment Anything Model (SAM) [145]. These deep learning-based methods offer superior

performance across a range of segmentation tasks. A detailed analysis of these methods is

provided in Chapter 2.2.

This thesis focuses on three key segmentation applications, including nuclei segmentation in

histopathology images, optic disc (OD) and optic cup (OC) segmentation in fundus images,

and prostate MRI segmentation. Nuclei segmentation is crucial for cancer diagnosis, tackling

the challenges of staining variability and complex cell morphology [111]. OD and OC

segmentation is essential for glaucoma assessment, addressing difficulties such as variations

in illumination and anatomy [3]. Prostate MRI segmentation aids in prostate cancer diagnosis,

where anatomical variability and imaging artifacts complicate the task [63]. These three

applications are then discussed in detail in Chapter 2.2.1, Chapter 2.2.2 and Chapter 2.2.3.

1.2 Problem Statement

Deep learning methods are primarily based on supervised learning, which requires training

models using large labeled datasets. In this approach, each input is matched with its correct

output, and the model learns by minimizing errors in its predictions [245]. Supervised learning

has achieved great success in many fields, particularly in image segmentation, due to its ability

to capture detailed patterns and make accurate predictions [294, 323]. These models are

highly effective when sufficient labeled data is available, allowing them to perform well in

medical image segmentation. However, the main challenge with supervised learning is its

reliance on large amounts of labeled data. Collecting these datasets is often time-consuming

and costly, especially in specialized areas like medical imaging, where expert annotations

are required [369, 223, 184]. In addition, there are significant differences between medical

images from different domains (see Figure 1.3). When attempting to apply pre-trained deep

learning models directly to new medical datasets with different distributions, the models often

experience a performance drop due to domain bias. This reliance on large labeled datasets

limits the generalization ability of supervised learning in medical fields, driving interest in

approaches that reduce the need for labeled data while still offering reliable results.
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FIGURE 1.3: Visualization of significant domain shifts between source and
target modalities in three different applications. Top: Prostate cancer his-
topathology whole slide images (WSIs) from TCGA (A) [133] and RCINJ
(B). WSIs from different institutions show varying glandular distributions and
staining appearances [238]. Middle: Image slices (top) and corresponding
histograms (bottom) of normalized T1-weighted (a, b) and T2-weighted (c, d)
MRIs from different scanners. Despite sharing similar high-level information,
there are substantial differences in intensity and contrast, which segmentation
algorithms are particularly sensitive [135]. Bottom: Two cardiac images from
MRI and CT, along with their segmentation ground-truth. The cardiac struc-
tures—AA, LVC, and MYO—are shown in blue, purple, and brown, respect-
ively [15].
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To address the challenges of data scarcity, deep transfer learning methods have been intro-

duced [122, 367]. Transfer learning allows models to leverage knowledge gained from one

domain and apply it to another related domain, reducing the need for extensive labeled data

in the new domain [53, 290]. As one of the most important subareas of transfer learning,

domain adaptation aims to reduce the distribution differences between different domains. It

specifically focuses on adapting a model trained in one domain (the source domain) to perform

well in a different but related domain (the target domain) without extensive retraining [305,

150]. This is especially important in medical image segmentation, where variations in data

distributions, such as differences in imaging devices, patient populations, or anatomical

regions, can significantly affect model performance. By effectively adapting models to these

new domains, domain adaptation techniques help overcome the challenges associated with

data scarcity and variability, enhancing the robustness and generalizability of deep learning

models in medical image segmentation tasks [61, 349, 99].

Common deep domain adaptation methods can be broadly classified into four main categories:

statistic-based approaches, adversarial learning approaches, reconstruction-based approaches,

and self-learning approaches.

Statistic-based approaches [97, 229] aim to reduce the domain shift by aligning the statistical

distributions between the source and target domains. These methods typically rely on metrics

such as Maximum Mean Discrepancy (MMD) or other statistical measures to minimize

discrepancies between feature distributions, thereby facilitating more effective knowledge

transfer. Adversarial learning approaches [19, 351, 191, 318] leverage the power of adversarial

networks to train a model that becomes domain-invariant. These methods typically introduce a

domain discriminator that is trained to distinguish between source and target domain features,

while the feature extractor is optimized to confuse the discriminator by generating domain-

agnostic features. Reconstruction-based approaches [28, 332, 118] utilize reconstruction

tasks to enforce structural consistency between the source and target domains. By requiring

the model to accurately reconstruct domain-specific data, these approaches encourage the

learning of domain-shared representations that are robust to domain shifts, facilitating more

effective adaptation. Self-learning approaches [285, 112] rely on the iterative refinement of



8 1 INTRODUCTION

model predictions in the target domain. These methods generate pseudo-labels for unlabeled

target domain samples, which are then used as supervision to further optimize the model.

Through iterative updates, the model progressively improves its performance on the target

domain, even in the absence of ground-truth annotations, by leveraging its own predictions as

a form of weak supervision. Details of these deep domain adaptation methods can be seen in

Chapter 2.4.3.2.

1.3 Existing Challenges

While existing deep learning-based domain adaptation methods have shown remarkable

results in medical image segmentation, they also face significant challenges. We highlight

three challenges faced when employing deep domain adaptation approaches in medical image

segmentation.

1.3.1 Semantic Gaps in Medical Image Categories

In medical image segmentation, a key challenge faced by UDA models is the significant

semantic differences between various categories or regions within the images. Although

several methods have recently been proposed for UDA segmentation tasks in medical im-

ages [175, 177, 281, 334, 232], their adaptation strategies are class-agnostic. In medical

imaging, whether from histopathology, MRI, or other modalities, exhibit substantial variability

across different structures, such as organs, tissues, or even distinct nuclei categories. This is

especially evident in histopathology images, where different categories of nuclei can display

considerable semantic variation [175, 334]. The large semantic gaps between categories

make it difficult to generalize UDA models to different domains for tasks like segmentation

or classification. As a result, developing UDA models that can effectively overcome these

semantic differences and perform accurately across various types of medical images remains

a challenging and unresolved problem.
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1.3.2 Limitations of Adversarial Learning in UDA

Additionally, adversarial learning strategies are the most widely used approaches in UDA tasks

for medical image segmentation [327, 142, 209, 304]. Most existing deep domain adaptation

methods leverage adversarial learning to generate domain-invariant features, aiming to bridge

the domain gap and achieve impressive results [311, 158, 338]. However, these adversarial

UDA methods heavily rely on maintaining a balance between the source and target datasets.

When this balance is disrupted, the effectiveness of UDA methods can be compromised [160].

If the source dataset is significantly larger than the target dataset, the model may develop

a bias toward the source samples due to the inherent strong inductive bias in deep learning

models. This bias can result in poor generalization to the target domain, where adaptation

is most needed. On the other hand, if the source dataset is much smaller than the target

dataset, the model might suffer from undertraining, making it difficult to achieve reliable

representation and performance in the target domain [119, 146]. Therefore, it is crucial

to design a domain adaptation approach that does not depend on the size balance between

datasets, ensuring robust performance across domains regardless of dataset size discrepancies.

1.3.3 Lack of Generalization with Unavailable Target Data

Moreover, UDA methods still require specific target domain data during training to achieve

good performance in that domain [361, 256]. In real-world scenarios, predicting which data

will form the target domain can be challenging, limiting the generalizability of these methods.

Additionally, in certain medical environments, obtaining target domain images can be difficult

due to privacy concerns or data scarcity [183, 309]. Recently, various zero-shot domain

adaptation (ZSDA) methods have been introduced for natural images, aiming to allow models

to adapt to unseen target domains that are not accessible during training [219, 302, 127, 66].

However, these ZSDA methods face significant limitations in medical imaging, where data is

often scarce. Additionally, existing methods do not demonstrate strong generalization ability

for completely unseen target domains. These challenges highlight the need for more robust

and adaptable methods for medical image segmentation in data-efficient scenarios.
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FIGURE 1.4: An overview of our contributions. In Chapter 3, we aim to solve
the class-level imbalance within the target domain dataset. In Chapter 4, our
goal is to address the issue of sample imbalance between different datasets. In
Chapter 5, we aim to directly eliminate the phenomenon of data imbalance in
domain adaptation.

1.4 Thesis Contributions

In this thesis, we introduce three novel cross-domain deep learning methods proposed for

different medical image segmentation tasks under data-efficient scenarios. An overview of our

contributions is shown in Figure 1.4. The main contributions of this thesis are summarized as

follows.

1.4.1 UDA using Category-aware Feature Alignment and

Pseudo-labelling

Unlike natural images, histopathology images exhibit significant semantic gaps between

different categories of nuclei. The challenge of developing generalized unsupervised domain

adaptation (UDA) models capable of achieving precise nuclei instance segmentation or

classification across diverse datasets remains under-explored. Our main contributions (Chapter

3) introduce a novel deep neural network named the Category-Aware Feature Alignment and

Pseudo-Labelling Network (CAPL-Net), specifically designed for UDA in nuclei instance
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segmentation and classification. Our approach tackles the significant challenges associated

with domain shifts and category variations inherent in histopathology images. To address these

issues, we first propose a category-level feature alignment module that employs dynamically

learnable trade-off weights, enabling balanced alignment of both shared and category-specific

features across domains. This module effectively reduces domain shifts by aligning features at

the category-specific level. Additionally, we enhance model performance on the target domain

data through self-supervised training using pseudo labels derived from nuclei-level prototype

features. This pseudo-labelling strategy allows the model to learn from unlabeled target data,

thereby improving its generalization capabilities. Extensive experiments on cross-domain

nuclei instance segmentation and classification tasks validate the effectiveness of CAPL-Net,

showing that our approach significantly outperforms existing state-of-the-art UDA methods

and achieves outstanding performance improvements. These results underscore the potential

of CAPL-Net as a robust solution for UDA in the diverse field of histopathology image

analysis.

1.4.2 Dynamic Diffusion Flow for Unsupervised Domain Adaptation

Most existing UDA approaches for fundus image segmentation rely on adversarial learning,

which depends heavily on maintaining a balance between the source and target datasets to

align features effectively. Existing UDA methods perform poorly when there is an imbalance

in the data volume between the source and target domains. We propose a diffusion-based

framework called Dynamic Diffusion Flow Unsupervised Domain Adaptation (DDF-UDA)

for cross-domain optic disc (OD) and optic cup (OC) segmentation in fundus images. This

framework is designed to address the challenges of domain shifts between source and target

datasets by introducing a novel adaptation module that utilizes diffusion processes at both

feature and pixel levels. This dual-level diffusion approach helps to mitigate cross-domain

discrepancies by aligning features and pixel distributions between domains more effectively.

To further refine this alignment, we introduce a Nash equilibrium adjustment strategy that

dynamically modifies the diffusion steps. This strategy allows for the adaptation of domain-

specific information in the source images while minimizing alterations to their underlying
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content, ensuring that the essential structural information is preserved. By carefully balancing

the diffusion steps, our approach achieves a more precise domain adaptation, leading to im-

proved segmentation outcomes. Experimental evaluations on public datasets demonstrate that

DDF-UDA effectively leverages unlabeled target data to enhance segmentation performance,

achieving state-of-the-art results in OD and OC segmentation tasks.

1.4.3 Feature Disentanglement via Language Model for Domain

Adaptation

Cross-domain deep learning models are crucial for computer-aided diagnosis. Recent ad-

vances in UDA have sought to address this challenge by utilizing transfer learning techniques.

While these methods are generally efficient and effective, they still rely on access to target

domain images during training, which is an often impractical requirement in real-world

medical scenarios due to limited data availability. Some approaches have introduced zero-shot

learning strategies for domain adaptation, aiming to transfer the knowledge acquired from

unrelated tasks to unseen target domains. However, zero-shot domain adaptation (ZSDA)

faces significant challenges in medical imaging, where data scarcity is common. Moreover,

current methods struggle to generalize effectively to entirely unseen domains.

In this contribution (Chapter 5), we propose a novel framework called the Language Model

as a Feature Disentangler (LMaD) designed for zero-shot domain adaptation (ZSDA) in

medical image segmentation tasks. This framework leverages the power of language models

to address the challenges of domain shifts without requiring access to target domain data

during training. Specifically, we first introduce a graph learning mechanism to construct a

visual graph that captures the relationships among visual features extracted from medical

images. This visual graph serves as a foundation for understanding the complex interactions

between different image features. We then utilize a pre-trained language model to generate

task-specific and domain-specific feature embeddings. These embeddings enable us to

perform feature disentanglement using the visual graph, effectively eliminating interference

caused by domain-specific information and allowing the model to focus on task-specific

features. Furthermore, we integrate a graph convolutional network (GCN) to infer higher-order
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relationships among task-specific features within the visual graph. This GCN enhances the

contextual understanding of the images, providing a more robust representation that captures

intricate details and dependencies. We conduct extensive experiments on OD/OC fundus

image segmentation and prostate MRI segmentation to validate the effectiveness of our LMaD

framework. The experimental results demonstrate that our approach significantly improves the

generalization ability of ZSDA models, achieving state-of-the-art performance across these

tasks. These findings underscore the strong potential of LMaD for cross-domain knowledge

transfer in medical image segmentation, offering a promising solution for overcoming the

limitations associated with domain adaptation in data-scarce scenarios.

1.5 Thesis Structure

This thesis is organized into six detailed chapters, focusing on medical image segmentation

under data-efficient scenarios.

Chapter 1 introduces the challenges of medical image segmentation in data-efficient scenarios

and summarizes the major contributions of this thesis. It also provides an overview of the

thesis structure, guiding readers through the subsequent chapters.

Chapter 2 presents a comprehensive literature review, exploring the impact of deep learning

on various medical image segmentation tasks and detailing the main topics of this thesis,

including the definition of domain adaptation and the existing algorithms. It also reviews the

current methods for applying domain adaptation to different medical image segmentation

tasks across various datasets.

Chapter 3 introduces a novel category-level adaptation framework specifically designed

for cross-domain nuclei instance segmentation and classification. This chapter includes

an introduction, the proposed method, experimental setup, results, a discussion of further

exploration of this work and limitations, and concludes with a summary of the findings.
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Chapter 4 presents a cross-domain information fusion strategy through a diffusion model. It

follows a similar structure, starting with an introduction, followed by the method, experimental

results, detailed discussion, and a chapter summary.

Chapter 5 focuses on a novel framework that utilizes a language model as a feature disentangler

for zero-shot domain adaptation in medical image segmentation tasks. It follows the same

structural format, covering the introduction, methodological details, experimental results,

and an in-depth discussion with an extended method based on this work, concluding with a

chapter summary.

Chapter 6 summarizes the key findings of this thesis and discusses possible future directions

for further research.



CHAPTER 2

Literature Review

2.1 Introduction to Deep Learning

Deep learning is a subset of machine learning, and has significantly impacted various

fields [156], including computer vision [55, 188, 236, 284], natural language processing [292,

57, 178], speech recognition [100, 1, 5, 10], and multimodal analysis [207, 13, 299].

The concept of deep learning was proposed by Hintonr et al. through their work on Deep

Belief Networks (DBNs) [107], which demonstrated that multilayer neural networks could

learn complex representations of data using a layer-by-layer unsupervised learning approach.

It uses neural networks with multiple layers to learn patterns from large datasets, thereby

automating the feature extraction process. This contrasts with traditional machine learning,

where feature engineering often requires manual effort and domain expertise [149, 131]. The

core strength of deep learning relies on its ability to learn hierarchical representations from

data, making it to perform complex image processing tasks such as image classification [274,

266, 296], object detection [239, 52, 279], and segmentation [254, 188, 357, 42, 145].

In recent years, various deep learning architectures, such as Convolutional Neural Networks

(CNNs) [152, 261, 102, 93], Recurrent Neural Networks (RNNs) [246, 273, 9], and more ad-

vanced models like Generative Adversarial Networks (GANs) [89, 225] and Transformers [62,

24], have been developed and applied across numerous image processing tasks. Among

these, CNNs are particularly remarkable in image processing due to their ability to efficiently

capture spatial hierarchies in visual data. CNNs exploit spatial hierarchies in images through

convolutional layers, which apply filters to capture local patterns [152].
15
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CNNs-based architectures like AlexNet [152], VGGNet [261], and ResNet [102] have demon-

strated significant advancements in image recognition tasks. AlexNet [152] is a breakthrough

CNN architecture that used five convolutional layers and three fully connected layers, intro-

ducing ReLU activation functions and dropout for regularization, which greatly improved

training speed and accuracy. VGGNet [261] takes a different approach by using smaller

convolution filters and increasing the network depth to 16-19 layers, which allows it to capture

more complex features but also increases computational demands. ResNet [102] tackled the

difficulties of training very deep networks by using skip connections, which allow gradients

to flow directly through the network, thus preventing the vanishing gradient problem and

enabling the training of extremely deep networks with improved performance.

As the availability of computational resources and annotated datasets has increased, deep

learning models have become more powerful in fields that rely heavily on image analysis, such

as medical imaging [251, 235, 298]. Deep learning has been applied to a wide range of tasks

in medical imaging, including classification [22, 312, 230], recognition [237], counting [315,

347], and segmentation [265, 282]. Among these, medical image segmentation is one of the

most critical tasks in the field of medical imaging, as it plays a pivotal role in computer-aided

diagnosis and treatment planning [200, 275]. Accurate segmentation of medical images

enables precise recognition of anatomical structures, pathological regions, and other critical

features, significantly improving the effectiveness of various clinical applications [26, 268].

It facilitates early detection and monitoring of diseases, improves surgical planning, and

supports the development of personalized treatment strategies. By enabling more reliable

and reproducible image analysis, medical image segmentation has a profound impact on the

overall quality and efficiency of computer-aided medicine [171, 21].

2.2 Deep Learning-based Medical Image Segmentation

Medical image segmentation involves the partitioning of medical images into different regions

or structures, such as tissues, organs, or lesions [201, 155, 362]. This process is essential

for numerous clinical applications, including disease diagnosis, treatment planning, and
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FIGURE 2.1: The U-Net architecture (example for 32x32 pixels at the lowest
resolution) is illustrated with blue boxes representing multi-channel feature
maps. The number of channels is indicated above each box, while the x-y
dimensions are shown at the bottom left corner. White boxes indicate copied
feature maps, and the arrows depict various operations performed within the
network [242].

monitoring [185, 124]. Traditional segmentation methods, such as thresholding [248, 73],

region growing [222, 352], and active contour models [182, 41], often struggle with the

complexity and variability of medical images, making deep learning-based approaches highly

attractive for this task [199].

Deep learning-based medical image segmentation primarily utilizes CNNs due to their excel-

lent performance in extracting spatial features from images [153]. A landmark architecture in

this field is the U-Net [242], which is specifically designed for biomedical image segmentation.

The architecture of U-Net is shown in Figure 2.1. U-Net features an encoder-decoder structure

with symmetric skip connections, allowing it to capture both local and global features of an

image. This architecture has been widely adopted and modified for various segmentation

tasks, demonstrating robust performance across different imaging modalities.
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FIGURE 2.2: The architecture of DeepLabv3+. It builds on DeepLabv3 by
incorporating an encoder-decoder structure. The encoder captures multi-scale
contextual information through atrous convolution at various scales, while the
straightforward yet efficient decoder refines segmentation results, particularly
along object boundaries [34].

Several variations of U-Net [260], such as 3D U-Net [50], ResU-Net [58], and Attention U-

Net [210], have been developed to address specific challenges in medical image segmentation.

For instance, 3D U-Net [50] extends the U-Net architecture to three-dimensional data, making

it suitable for volumetric segmentation tasks like brain MRI analysis. ResU-Net [58] integrates

residual connections inspired by the ResNet architecture to improve the training of deeper

networks, enhancing segmentation accuracy. Attention U-Net [210] incorporates attention

mechanisms to enable the model to focus on the most relevant regions of the image, which is

particularly useful in medical imaging where important structures can be small or have low

contrast.

In addition to U-Net variants, other advanced architectures such as DeepLab [33] and Mask

R-CNN [103] have also been adapted for medical image segmentation. DeepLab [33] employs

atrous convolutions and pyramid pooling to capture multi-scale contextual information, which

helps in accurately segmenting objects of varying sizes (see Figure 2.2). Mask R-CNN [103]

is originally designed for object detection and segmentation in natural images and has been
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FIGURE 2.3: The architecture of Mask R-CNN for instance segmentation [103].

effectively applied to medical images for tasks requiring instance segmentation, such as

identifying individual lesions or anatomical structures (see Figure 2.3). Recently, the Segment

Anything Model (SAM) [145] also has gained attention in the field of medical segmentation

due to its ability to generalize across a wide variety of image types with minimal manual

intervention.

In this section, we discuss three different types of medical image segmentation applications

used in this thesis, including nuclei segmentation in histopathology images, optic disc and

cup segmentation in fundus images, and prostate MRI segmentation.

2.2.1 Nuclei Segmentation in Histopathology Images

Nuclei segmentation in histopathology images is a crucial task in medical image analysis,

particularly in the diagnosis and treatment of various diseases, including cancer [293, 111].

Histopathology involves the microscopic examination of tissue samples to identify abnormal

cell structures that may indicate disease. The accurate identification and segmentation of cell

nuclei are fundamental for pathologists to assess the tissue architecture, cellular morphology,

and spatial relationships within the tissue. This information is essential for diagnosing

conditions, grading cancer severity, and evaluating the effectiveness of treatments [306, 101].
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FIGURE 2.4: Example of nuclei segmentation. Left: Sample images from
the CPM dataset. Right: Ground truth annotations, marked in green, on the
corresponding images. Top row: Head and neck squamous cell carcinoma
nuclei. Bottom row: Lower grade glioma [234].

Nuclei segmentation enables the extraction of quantitative features, such as nuclear size,

shape, density, and texture, which are critical biomarkers in many diagnostic and prognostic

applications. Automated nuclei segmentation can significantly reduce the workload of patho-

logists by providing rapid and consistent analysis, thus enhancing the accuracy and efficiency

of clinical workflows. However, the task is challenging due to the variability in nuclear size,
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FIGURE 2.5: The architecture of Hover-Net. (a) Pre-activated residual unit,
(b) Dense unit. The variable m represents the number of feature maps in each
residual unit. The yellow square within the input highlights the region being
considered in the output. When classification labels are unavailable, only the
up-sampling branches within the dashed box are used [91].

shape, and staining intensity, as well as the presence of overlapping nuclei and artifacts in

histopathology images [101]. Figure 2.4 shows an example of nuclei segmentation.

Traditional methods for nuclei segmentation, such as thresholding [258], watershed al-

gorithms [335], and active contour models [202], often struggle with the complexities of

histopathology images. These methods require extensive parameter tuning and are sensit-

ive to image quality and variations in staining, leading to inconsistent results. Therefore,

there is a need for more robust and automated approaches to accurately segment nuclei in

histopathology images.

Deep learning has emerged as a powerful tool for nuclei segmentation in histopathology

images, providing significant improvements over traditional methods [205, 154]. CNNs

have demonstrated exceptional performance in image segmentation tasks due to their ability

to learn hierarchical features directly from raw pixel data [173]. One of the most widely

used CNN-based architectures for nuclei segmentation is U-Net [4, 355]. By utilizing multi-

resolution input and bypassing certain pooling layers, Micro-Net [234] effectively retains
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both high-level contextual information and detailed localization of U-Net, making it robust to

noise and variations in object size and intensity. Xing et al. [327] proposes a robust, automatic

framework for nucleus segmentation using a deep convolutional neural network to generate

probability maps and a novel segmentation algorithm that combines a sparse shape model

with a local repulsive deformable model. Some methods leverage boundary information of the

nuclei within the network for instance segmentation to address the challenge of overlapping

nuclei. Other methods use distance maps of nuclei instead of considering boundaries. For

example, Naylor et al. [206] used regression of the nuclei distance map to detect high-quality

markers for the watershed. Hover-Net [91] improves nuclei segmentation by encoding

instance-specific information through the vertical and horizontal distances from each nuclei

pixel to its centroid. Figure 2.5 shows the architecture of Hover-Net.

Another effective approach in deep learning-based nuclei segmentation is the use of Mask

R-CNN [295, 192], which has been successfully adapted for nuclei segmentation, providing

robust instance segmentation capabilities that are particularly useful for distinguishing indi-

vidual nuclei in dense and complex tissue samples. Recent advancements in deep learning

have also explored the use of Generative Adversarial Networks (GANs) [216, 121] and

Transformer-based models [104, 114] for nuclei segmentation. GANs have been used to

generate synthetic histopathology images to augment training datasets, which helps improve

model robustness and generalization [216]. Transformer-based models, known for their ability

to capture long-range dependencies in data, are being investigated for their potential to further

enhance segmentation performance by effectively modeling spatial relationships between

nuclei [114].

Despite the successes of deep learning-based methods, challenges remain in achieving con-

sistent and highly accurate segmentation across diverse histopathology datasets. Variability

in staining protocols, imaging equipment, and tissue types can affect model performance,

necessitating the use of techniques like domain adaptation and transfer learning to improve

generalization. Additionally, the requirement for large annotated datasets for training deep

learning models poses a challenge, as manual annotation of nuclei is time-consuming and

requires expert knowledge [175].
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FIGURE 2.6: An example of a zoomed-in (a) normal and (b) glaucoma OD [98].

2.2.2 Optic Disc and Cup Segmentation in Fundus Images

Optic disc and cup segmentation in fundus images are important for the diagnosis and

management of glaucoma, a leading cause of irreversible blindness worldwide. The optic disc

(OD) is the bright, circular area where the optic nerve fibers exit the retina, and the optic cup

(OC) is a depression within the optic disc. The relationship between the optic disc and cup,

often measured by the cup-to-disc ratio (CDR), is a critical indicator for detecting glaucoma.

A higher CDR suggests an increased risk of glaucoma, as it indicates the loss of retinal nerve

fibers and subsequent enlargement of the optic cup [47, 3]. Figure 2.6 shows an example of

healthy and glaucoma OD.

Accurate segmentation of the optic disc and cup is essential for quantifying the CDR and

other relevant metrics that help clinicians assess the progression of glaucoma and make

informed treatment decisions. Manual segmentation by ophthalmologists is time-consuming

and subject to inter-observer variability, leading to inconsistencies in diagnosis and manage-

ment. Automated segmentation methods can provide consistent and objective measurements,

reducing the workload by clinicians and improving the accuracy of glaucoma screening and

monitoring [137].
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In recent years, CNN-based deep learning methods have achieved impressive results in fundus

image segmentation. Artem [249] proposed a deep learning method based on the U-Net

structure for segmenting the optic disc and the optic cup in fundus images, demonstrating

superior performance in terms of experimental results and prediction time. M-Net [76] is a

multi-label deep network structure that has been used for OD and OC segmentation. This

methodology incorporates a Polar Coordinate System through the M-Net to generate Multi-

Label Probability Maps for OC regions. In addition, some methods that classify pixels using

deep learning networks [359] and methods based on the U-Net [339] structure are used for

optic disc and cup segmentation. Traditional techniques like CNNs process input data through

local windows and struggle to establish long-distance connections in global images. In recent

years, the Visual Transformer model (ViTs), which can capture long-distance dependencies,

has been widely used in image segmentation tasks. Transformers have also achieved good

results in OD/OC segmentation [320].

2.2.3 Prostate MRI Segmentation

As prostate MRI is increasingly used for clinical examinations of prostate cancer, prostate

MRI image segmentation has become a popular research area. Accurate segmentation of the

prostate gland and associated structures, such as the peripheral zone, transition zone, and

tumor regions, is essential for several clinical applications. These include the precise targeting

of biopsies, radiation therapy planning, surgical guidance, and the assessment of tumor

progression or response to treatment [63]. Figure 2.7 shows the example of T2-weighted

transverse prostate MRI images.

Magnetic Resonance Imaging (MRI) is widely considered the gold standard for prostate

evaluation due to its superior soft-tissue contrast, offering better visualization of the prostate

anatomy than techniques like ultrasound or CT. However, manual segmentation of prostate

MRI is both time-consuming and labor-intensive, requiring expert knowledge and often

subject to variability between observers. The complexity arises from the irregular shape of

prostate, its heterogeneous appearance across different regions, and the presence of noise

and artifacts in MRI images, which can obscure critical boundaries and make segmentation
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FIGURE 2.7: Example of T2-weighted transverse prostate MRI images show-
ing apex, center, and base slices. The reference standard segmentation is
highlighted in yellow, while the second observer’s segmentation is shown in
red [172].

challenging. These factors not only increase the risk of errors but also limit the efficiency and

consistency of manual segmentation [203].

Deep learning approaches for prostate MRI segmentation have offered significant improve-

ments in accuracy and automation. For example, Michelle et al. [14] introduces a deep

learning approach using three U-Net models to segment the prostate, transition zone (TZ),

and peripheral zone (PZ) from MRI images, achieving high segmentation accuracy. ResNet-

based models [286], which introduce residual connections to facilitate the training of deep

networks, have also been successfully applied to prostate MRI segmentation. The use of

residual connections helps overcome the vanishing gradient problem, allowing the network to

be trained effectively even with a large number of layers. Another prominent architecture in

deep learning-based prostate MRI segmentation is DeepLab [140, 141], which incorporates

atrous convolutions and fully connected Conditional Random Fields (CRFs) to improve

segmentation accuracy by capturing multi-scale contextual information.

However, challenges remain in deploying deep learning-based segmentation models in clinical

practice. One major issue is the scarcity of labeled medical data, as annotating medical images

is time-consuming and requires expert knowledge [300]. To address this, techniques such as

data augmentation [257, 49, 49, 83], transfer learning [148, 340], especially unsupervised
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learning [331, 25, 233, 51] are often employed. Additionally, ensuring that models can

generalize effectively across different patient populations and imaging devices is essential

but challenging. The variability in medical images, influenced by factors such as patient

demographics, imaging protocols, and equipment differences, makes it difficult for models to

maintain consistent performance across diverse clinical settings [180].

2.3 Transfer Learning

2.3.1 Introduction to Transfer Learning

Transfer learning is a machine learning approach that leverages knowledge from one domain

or task to improve learning performance in a different but related domain or task [337, 106,

316]. It addresses situations where data distributions or features differ between training and

target environments. Transfer learning addresses this challenge by allowing models to transfer

learned features from a source domain with abundant data to a target domain with limited

data, thus enhancing the performance and efficiency of the model on the target task [214,

278].

Following [214], transfer learning can be divided into three main categories based on how

tasks and domains relate (see Figure 2.8). The first category is inductive transfer learning,

where the source and target tasks differ but are related. This approach often involves scenarios

like multi-task learning, where multiple related tasks are learned simultaneously, or self-taught

learning, which utilizes labeled data from the source domain alongside unlabeled data from

the target domain to improve the learning process.

The second category is transductive transfer learning, where the source and target tasks

remain the same, but the domains differ. In this setting, methods such as domain adaptation

are used to adjust models so they perform well across different domains, even when the

data distributions differ. Another common scenario in this category involves addressing

sample selection bias, where data from the source and target domains do not share the same

distribution, necessitating careful adjustments to the learning model.
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FIGURE 2.8: Transfer learning categories [214].

Lastly, unsupervised transfer learning deals with unsupervised tasks where no labels are

available in either the source or target domains. This category often includes techniques like

self-taught clustering, which leverages additional unlabeled data from the source domain

to enhance clustering tasks or transferred dimensionality reduction, where knowledge from

related domains helps in reducing the dimensionality of data. These categorizations guide

researchers in selecting the right transfer learning strategy by examining the relationships

between tasks and domains.

2.3.2 Applications of Transfer Learning

Transfer learning has been extensively explored in many critical real-world applications,

including computer vision [90, 166], bioinformatics [88, 74], and natural language pro-

cessing [115, 227]. In the field of computer vision, transfer learning has made a significant

impact by effectively addressing challenges such as image classification [60, 143], object

detection [211, 277], and image segmentation [290, 85, 75]. This approach leverages the
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power of pre-trained models that have already been trained on large-scale datasets like Im-

ageNet [55], which contain millions of images across thousands of categories. By transferring

the learned features and knowledge from these pre-trained models to new tasks, researchers

can significantly reduce the amount of labeled data required for training, as well as the time

and computational resources needed. This is particularly beneficial because it allows models

to generalize well to new tasks even when only limited labeled data is available.

In computer vision, the use of transfer learning enables models to capture complex patterns

and features from large datasets and apply them effectively to related but distinct tasks. For

example, features learned from natural images in ImageNet [55], such as edges, textures, and

shapes, can be highly useful for other image recognition tasks, even in domains with different

types of images, such as medical or industrial images. This ability to generalize across

different visual domains makes transfer learning a powerful tool for tackling a wide range of

vision-related challenges, from everyday object recognition to specialized applications like

autonomous driving and robotics [255].

One of the most significant applications of transfer learning in computer vision is in medical

image analysis, where labeled data is often scarce and costly to obtain due to the need for

expert annotation [48]. Medical images require precise labeling by radiologists or pathologists,

which is both time-consuming and expensive. Transfer learning addresses this issue by

enabling the adaptation of models pre-trained on more general datasets to medical imaging

tasks with minimal additional training. This approach has been particularly effective in

improving the performance of models for tasks such as tumor detection, organ segmentation,

and disease classification, where high accuracy is critical [228, 143].

Overall, the strategic use of transfer learning in computer vision demonstrates its profound

ability to bridge the gap between research and practical application, enabling the development

of robust, high-performing models that can tackle a wide array of visual tasks efficiently and

effectively [290].
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In this work, we primarily focus on one of the most common challenges in transfer learning,

which is domain adaptation. We then delve into the practical applications of domain adaptation,

specifically in medical image segmentation, as discussed in the following sections.

2.4 Domain Adaptation

Domain adaptation is essential in transfer learning because it addresses the challenge of

domain shift across different domains. Domain adaptation helps align the feature spaces

of the source and target domains, reducing discrepancies and ensuring that the transferred

knowledge remains effective. This process is crucial for building models that can generalize

well across different but related domains [215, 288, 35].

In this section, we first introduce the definition of domain adaptation, followed by an overview

of some traditional domain adaptation algorithms. Next, we discuss the two types of domain

adaptation relevant to our work: unsupervised domain adaptation (UDA) and zero-shot domain

adaptation (ZSDA). Finally, we present some of the recent domain adaptation methods that

use deep learning algorithms for medical image segmentation tasks.

2.4.1 Problem Definition

Domain adaptation addresses the challenge of applying a model trained on one domain, known

as the source domain DS , to a different domain, called the target domain DT . This scenario is

common in machine learning when the source domain contains abundant labeled data, but the

target domain has limited or no labeled data available. The main difficulty arises from the

distribution shift between the source and target domains, denoted as PS(X, Y ) ̸= PT (X, Y ).

This distribution mismatch, often referred to as domain shift, can significantly degrade the

performance of a model trained on the source domain when applied to the target domain.

In domain adaptation, the goal is to minimize this discrepancy by aligning the feature

distributions of the source and target domains, enabling the model to generalize effectively to

the target domain. Domain adaptation generally includes several sub-fields, such as supervised
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domain adaptation, semi-supervised domain adaptation, and unsupervised domain adaptation.

Supervised domain adaptation involves using labeled data from both the source and target

domains, while semi-supervised domain adaptation uses labeled data from the source domain

and a small amount of labeled data from the target domain. Unsupervised domain adaptation

(UDA), which is the focus of this work, uses labeled data from the source domain but only

unlabeled data from the target domain. UDA aims to bridge the gap between domains by

aligning their feature distributions without relying on target domain labels [86, 243].

2.4.2 Traditional Domain Adaptation Algorithms

In domain adaptation, following [70], traditional methods can be broadly classified into two

categories: instance-based adaptation [120, 269] and feature-based adaptation [215, 16, 271,

252]. Each of these categories uses different strategies to reduce the discrepancy between the

source and target domains.

Instance-based adaptation focuses on re-weighting or selecting instances from the source

domain to make them more representative of the target domain. This approach assumes

that certain source instances are more relevant and should be given more importance during

training.

• Kernel Mean Matching (KMM): KMM [120] is an instance-based technique that

adjusts the weights of source domain samples so that their mean in the feature space

aligns with the mean of the target domain samples. By directly matching the data

distributions in the feature space, KMM reduces the mismatch between domains,

which is particularly useful when labeled target data is scarce.

• Kullback-Leibler Importance Estimation Procedure (KLIEP): KLIEP [269]

estimates the importance weights of source instances by directly minimizing the KL-

Divergence between the reweighted source distribution and the target distribution.

Unlike methods that estimate the full distributions separately, KLIEP focuses solely

on estimating the density ratio, making it an efficient and effective method for

domain adaptation.
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Feature-based adaptation aims to find a common feature space where the distributions of the

source and target domains are aligned. This approach typically involves learning new feature

representations or transforming existing ones to minimize the discrepancy between domains.

• Maximum Mean Discrepancy (MMD): MMD [215] is a widely used metric that

measures the difference between the means of two distributions in a reproducing

kernel Hilbert space (RKHS). By minimizing MMD, the source and target domain

distributions can be aligned in the feature space, reducing the domain shift and

improving model generalization. One of the advantages of MMD is its flexibility, as

it can capture complex non-linear relationships between the domains through the

use of appropriate kernel functions, making it a powerful tool for domain adaptation

tasks.

• Correlation Alignment (CORAL): CORAL [271] aligns the second-order statistics,

specifically the covariance, of source and target feature representations. This method

operates by transforming the source domain features so that their covariance closely

matches that of the target domain, thereby reducing the domain shift. By minimizing

the statistical discrepancy between domains, CORAL enables more effective adapt-

ation in the shared feature space, ultimately enhancing the model’s generalization

performance across different domains.

• Wasserstein Distance: Wasserstein Distance [252] measures the cost of transform-

ing one distribution into another by considering both the distance between samples

and their distributions. This approach provides a robust measure of domain discrep-

ancy, particularly in complex scenarios where distributions have different supports

or are not absolutely continuous.

• KL-Divergence: KL-Divergence [16] is a widely used metric for quantifying the di-

vergence between two probability distributions. In the context of domain adaptation,

it serves as a tool to measure the difference between the feature distributions of the

source and target domains. By minimizing the KL-Divergence between these distri-

butions, models can better align the features, potentially improving their performance

on the target domain. However, KL-Divergence is asymmetric and sensitive to zero

probabilities, which can limit its practical applications.
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2.4.3 Unsupervised Domain Adaptation

Unsupervised Domain Adaptation (UDA) deals with scenarios where labeled data is available

in the source domain, but only unlabeled data is accessible in the target domain. UDA aims to

align the source and target domains to mitigate the impact of domain shift, thereby improving

the model’s performance on the target domain without requiring labeled target data [317].

2.4.3.1 Problem Definition

Unsupervised domain adaptation (UDA) can be formally defined using the following notation:

Let DS = {(xS
i , y

S
i )}

NS
i=1 denote the labeled source domain data, where xS

i represents the

input samples and ySi are the corresponding labels. The target domain is represented by

DT = {xT
j }

NT
j=1, which consists of only unlabeled data, where xT

j are the input samples. The

goal of UDA is to learn a predictive model using both DS and DT , such that the model

performs well on the target domain data DT . The key challenge in UDA is to mitigate the

domain shift between DS and DT to ensure that the model generalizes effectively from the

source to the target domain, despite the absence of target domain labels.

2.4.3.2 Deep-learning based UDA Methods

Deep learning-based UDA methods leverage various strategies to reduce the domain shift,

thereby improving the generalization capabilities of models on the target domain [6]. This

section explores key categories of deep learning-based UDA methods, including statistic-

based approaches, adversarial learning approaches, reconstruction-based approaches, and

self-learning approaches.

• Statistic-based Approaches: Statistic-based approaches focus on minimizing the

statistical discrepancies between source and target domains. These methods typically

align distributions by matching the mean and variance of feature representations.

A well-known example is the Maximum Mean Discrepancy (MMD) loss, which

measures the distance between source and target feature distributions. Longr et

al. [189] introduces the Deep Adaptation Network (DAN) that utilizes MMD to
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FIGURE 2.9: The architecture of DANN consists of a deep feature extractor
(green) and a deep label predictor (blue), forming a standard feed-forward
network. Unsupervised domain adaptation is achieved by introducing a do-
main classifier (red), connected to the feature extractor through a gradient
reversal layer. This layer multiplies the gradient by a negative constant during
backpropagation, while the rest of the training follows the standard process,
minimizing the label prediction loss for source data and the domain classifica-
tion loss for all samples. The gradient reversal forces the feature distributions
across domains to become as similar as possible, making them indistinguish-
able to the domain classifier and resulting in domain-invariant features [80].

align both marginal and conditional distributions across domains. Some Correlation

alignment (CORAL) based methods also have been proposed to compute the distance

between different domains [272, 313]. These approaches effectively reduce domain

shifts by aligning statistical properties, making them robust for various tasks such as

image classification and segmentation.

• Adversarial Learning Approaches: Adversarial learning methods leverage the

power of generative adversarial networks (GANs) to encourage domain invariance

by training models that can not distinguish between source and target domain

features. A seminal work in this category is DANN [80] (See Figure 2.9), which

integrates adversarial loss to promote indistinguishable domain features. Another

remarkable method is CycleGAN [365], which enables image-to-image translation

between domains without paired examples, thereby reducing domain discrepancies
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in a visually meaningful way. These adversarial techniques are highly effective in

scenarios where visual characteristics between domains differ significantly.

• Reconstruction-based Approaches: Reconstruction-based methods aim to gen-

erate or reconstruct target domain data that closely resemble source domain data,

thereby learning domain-invariant features. One approach is the use of autoencoders

to reconstruct input data, aligning features by minimizing reconstruction errors.

Bousmalis et al. [19] introduced the PixelDA framework, which uses a generator to

reconstruct target domain images in the style of the source domain while preserving

semantic content. Another example is Cycle-Consistent Adversarial Domain Ad-

aptation (CyCADA) [109], which combines adversarial and reconstruction losses

to enforce consistency in feature representations. Recently, Some work predicated

on the diffusion generation model has addressed the UDA problem by utilizing

image generation to reduce the domain gap [336, 328, 218]. These methods leverage

reconstruction to align domains, ensuring that the extracted features retain relevant

semantic information while being domain-invariant.

• Self-learning Approaches: Self-learning approaches utilize pseudo-labeling strategies

to iteratively refine model predictions on target domain data. These methods start

with an initial model trained on the source domain, which is then used to generate

pseudo-labels for the target domain. Shu et al. [259] introduced the Self-ensembling

approach, where a student model learns from a teacher model’s output on unlabeled

target data, progressively refining its predictions through consistency regularization.

Zou et al. [368] proposed the Confidence Regularized Self-training (CRST) method,

which utilizes confidence scores to filter reliable pseudo-labels for self-training. Self-

learning methods are advantageous in scenarios where explicit domain alignment is

challenging, allowing the model to adapt by iteratively improving its predictions on

the target domain.
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FIGURE 2.10: An intuitive example of widely used ZSDA methods involves
the use of ToI for digital image analysis and IrT for letter image analysis. The
source domain consists of grayscale images, while the target domain includes
color images. To train a model for the unseen MNIST-M dataset (the target
domain data in ToI), traditional ZSDA methods introduce IrT to learn domain
transformations and then transfer this knowledge to ToI [302].

2.4.4 Zero-shot Domain Adaptation

Zero-shot domain adaptation (ZSDA) tackles the more challenging scenario where the target

domain is completely unseen during the training phase, with no access to any target data,

whether labeled or unlabeled [147, 307]. This approach is particularly important in situations

where obtaining data from the target domain is either impractical or impossible, such as in

the case of rare diseases where patient data is scarce, or in specific imaging modalities that

are not readily accessible due to cost, availability, or ethical constraints. ZSDA enables the

development of robust models that can generalize effectively to new domains without prior

exposure, making it a critical technique for expanding the applicability of machine learning

models in diverse and data-limited medical contexts [127, 301].
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ZSDA relies on leveraging prior knowledge or domain generalization techniques to create

models that are inherently robust to domain shifts. Recently, various ZSDA methods have

been introduced for natural images, aiming to adapt models to unseen target domains that are

inaccessible during training [219, 127].

Existing ZSDA methods mainly focus on introducing irrelevant tasks (IrT) to learn the ability

of knowledge transfer between inter-domains within these tasks and then apply this ability

to the task of interest (ToI) (see Figure 2.10). These methods use adversarial networks to

capture inter-domain transformations, aligning target domains in ToI and achieving strong

performance [219, 302, 186].

One common strategy in zero-shot domain adaptation is synthetic data augmentation, where

the source data is enhanced with artificially generated variations that simulate potential target

domain conditions [322, 17, 303]. For instance, style transfer methods can be employed

to modify the appearance of images to resemble different domains while maintaining their

original content, thereby creating synthetic, target-like data for training [253, 82, 280].

Notably, ZDDA [219] proposes a unique approach to domain adaptation without the need

for target domain data by utilizing task-irrelevant dual-domain pairs to learn generalized

representations of the source domain. Similarly, ZSDA [302] leverages adversarial learning

to transfer inter-domain transformations learned in Intermediate Tasks (IrT) to the Task of

Interest (ToI).

Large-scale pre-trained models, such as Vision Transformers (ViTs)[62, 187] and language

models[226], have also shown significant promise for ZSDA due to their extensive general-

ization capabilities. These models, trained on vast and diverse datasets spanning multiple

domains, can act as robust baselines for ZSDA, utilizing their rich and diverse feature rep-

resentations to tackle novel domains without explicit adaptation [66, 333]. Among these,

PODA [66] introduces an innovative method that uses natural language prompts to guide

zero-shot domain adaptation. Meanwhile, ULDA [333] suggests converting natural language

descriptions into guiding information, facilitating domain adaptation without the need for

target domain images.
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Despite these advancements, existing ZSDA methods still encounter significant challenges

when applied to medical image tasks, primarily due to the unique and complex nature of

medical images. The specificity, variability, and intricate details inherent in medical data make

it difficult for general ZSDA approaches to perform effectively. Although some studies [17,

2] have explored the application of ZSDA to medical image segmentation, these methods

often struggle in scenarios where no target images are available, including those from IrT

tasks. This underscores the need for continued innovation in ZSDA techniques specifically

tailored to meet the demanding requirements of the medical domain.

2.4.5 Domain Adaptation in Medical Image Segmentation

In medical image segmentation, it is common to face data scarcity scenarios where the

availability of large, annotated datasets is limited [330, 95]. This scarcity is primarily due to

the high costs and specialized expertise required for the manual labeling of medical images.

Furthermore, ethical and privacy concerns often restrict data sharing between institutions,

further intensifying the challenge of data scarcity [217, 28]. These constraints underscore the

urgent need for domain adaptation techniques that can utilize existing labeled data from a

source domain to enhance performance on a target domain with little or no labeled data. By

effectively transferring knowledge from one domain to another, domain adaptation not only

reduces the reliance on extensive manual annotation but also improves the generalizability of

models, making them more applicable for deployment in real-world clinical settings. Among

various approaches, domain adaptation stands out as one of the most crucial methods for

addressing the challenges of medical image segmentation under data-efficient scenarios [349,

67].

Domain adaptation in medical image segmentation addresses the critical challenge of applying

machine learning models trained on one dataset (source domain) to another dataset (target

domain) with different characteristics [220, 325]. This challenge is particularly relevant in

medical imaging, where significant variability arises from diverse imaging modalities (e.g.,

MRI [366, 43], CT [130, 128], ultrasound [32]), variations in equipment settings, patient

demographics, and differing clinical protocols [224]. These variations can result in substantial
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differences in image appearance and quality, making it difficult for models trained on one

dataset to perform effectively on another. Domain adaptation aims to bridge these gaps,

enabling models to generalize across diverse domains and thereby enhancing their robustness

and clinical applicability [136, 69].

The rise of deep learning has introduced more advanced methods for domain adaptation,

leveraging the capacity of neural networks to learn complex and high-dimensional feature

representations. In medical image segmentation, domain adaptation techniques have been

applied across various tasks, such as tumor segmentation [85, 87], lesion segmentation [132,

287], and fundus image segmentation [310, 72], among others [267, 94]. These applications

demonstrate the versatility of domain adaptation in addressing the variability and challenges

inherent in different medical imaging tasks, making it a valuable approach for enhancing

model performance across diverse clinical scenarios.

By integrating domain adaptation strategies, medical image segmentation models can achieve

higher performance in data-efficient scenarios, significantly enhancing their utility in clinical

practice where annotated data is often limited. This makes domain adaptation not only

a practical solution but also a pivotal advancement in the quest for data-efficient medical

imaging technologies [126].

In the following section, we will focus on the review of three types of medical image UDA

segmentation mentioned in our paper, including histopathology images, fundus images, and

prostate MRI images. This overview will highlight the specific challenges and recent advance-

ments in unsupervised domain adaptation for each imaging type, providing a comprehensive

understanding of their applications and the strategies employed to address domain shifts in

medical image segmentation.

2.4.5.1 UDA in Nuclei Segmentation

Several methods have recently been proposed for unsupervised domain adaptive nuclei

instance segmentation in histopathology images [175, 334]. Inspired by CyCADA [109],

PDAM [175] first synthesizes target-like images and uses a nuclei inpainting mechanism to
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FIGURE 2.11: Example image regions sampled from each of the six data
sources show significant morphological differences. [92].

remove the incorrectly synthesized nuclei. The adversarial training strategies are then used

separately at the image-, semantic- and instance-level with a task re-weighting mechanism.

However, this work can only address the instance segmentation for nuclei within the same

class. In Yang et al.’s work [334], firstly, local features are aligned by an adversarial domain

discriminator, and then a pseudo-labelling self-training approach is used to further induce the

adaptation. However, the performance improvement of this work relies on weak labels and

fails to get good training results without target domain labels. In addition, although this work

is validated on cross-domain nuclei segmentation and classification, their adaptation strategies

are class-agnostic. Fan et al. [67] proposes a novel two-stage disentanglement framework
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for heterogeneity-aware domain adaptive nuclei segmentation, addressing the intra-domain

discrepancies in histopathology images by introducing open compound domain adaptation

(OCDA). Figure 2.11 shows an example of image regions in different data sources. From

the figure, we can see that the nuclei have overlapping morphological features, and there are

significant differences between different domains and nuclei types.

In the real clinical, the nuclei objects in the histopathology images belong to various classes,

and the characteristics of the nuclei in different classes are also distinct [123]. In addition, the

number of objects within each category is also imbalanced in the histopathology datasets [92].

To this end, previous UDA methods are limited for cross-domain nuclei segmentation and

classification due to the lack of analysis of the nuclei classes when transferring knowledge.

2.4.5.2 UDA in Fundus Image Segmentation

In the task of fundus image segmentation, adversarial learning is frequently employed to

enhance the model’s generalization ability of the model. BEAL [310] uses adversarial training

to strengthen the boundary prediction of the target domain image and further proposes a

discriminator for entropy-driven adversarial learning to minimize the uncertainty in the

segmentation. The pOSAL approach [311] first extracts the Region of Interest (ROI) by

roughly segmenting the optic disc through the U-Net network and then uses the patch-

based Output Space Adversarial Learning framework (pOSAL) to robustly segment OD

and OC. Feng et al. [158] propose an unsupervised domain adaptation framework based on

category-level regularization, which regularizes category distributions from three perspectives.

Target-like query images are generated using Generative Adversarial Networks (GANs) and

boundary information, and content and style feature alignment (CSFA) is used to ensure

feature consistency. RDR-Net [44] uses the variational auto-encoder (VAE) to reconstruct

images and utilizes dynamic convolution specific to entropy-driven adversarial learning

for low-level feature refinement and prediction map alignment, respectively. TriLA [45]

introduces the Triple-Level Alignment (TriLA) model for unsupervised domain adaptation in

joint segmentation of optic disc and optic cup on fundus images, addressing domain shift by

aligning at the input, feature, and output levels.
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FIGURE 2.12: Fundus images in different datasets (REFUGE, RIM-ONE-r3
and Drishti-GS dataset).

However, these methods have their limitations as they fail to consider the issue of data

imbalance, as well as the inherent limitations of adversarial learning strategies.

2.4.5.3 UDA in Prostate MRI Segmentation

In recent years, several deep learning-based methods have been proposed to address the

domain gap between different prostate MRI datasets. HarmoFL [129] proposes a framework

that addresses both local and global drifts in federated learning for heterogeneous medical
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FIGURE 2.13: Prostate MRI images in different datasets [181].

images by harmonizing features and applying weight perturbations. Liu et al. [179] presents

a shape-aware meta-learning framework designed to improve the generalization of prostate

MRI segmentation models to unseen domains with different imaging protocols and scanners.

By incorporating shape compactness and boundary smoothness constraints into a meta-

learning process, the proposed method enhances the model’s ability to maintain complete and

accurate segmentation shapes under domain shifts. Cheng et al. [213] introduce a causality-

inspired data augmentation approach for single-source domain generalization in medical image

segmentation, addressing domain shifts caused by variations in image acquisition processes.

The approach uses randomly-weighted shallow networks for global intensity transformations

and interventional pseudo-correlation augmentation to reduce spurious correlations, thereby

enhancing the robustness of segmentation models to unseen domains.

2.5 Summary

This chapter introduces a review of the background and related literature relevant to this

thesis. First, we introduce the concept of deep learning, along with deep learning-based

medical image segmentation methods. Next, we focus on the main topic of this thesis, domain
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adaptation, which is an essential subfield of transfer learning. Following that, we provide

a detailed explanation of the definition of domain adaptation, traditional approaches, and

various UDA methods across different domain adaptation scenarios. Lastly, we review UDA

methods applied to various medical segmentation tasks. More specifically, we discuss the

application of UDA methods to three medical segmentation tasks related to the datasets used

in this thesis, including nuclei segmentation, OD/OC segmentation in fundus images, and

prostate MRI segmentation.



CHAPTER 3

Unsupervised Domain Adaptation via Category-aware Feature

Alignment and Pseudo-label

Nuclei segmentation and classification in histopathology images is a prerequisite for accurate

tumor analysis by computer. However, due to variations in staining, imaging conditions,

and the inherent complexity of histopathological samples, it is challenging to achieve robust

performance across different datasets. Unsupervised domain adaptation (UDA) methods have

been widely employed to enhance the adaptability of models in general computer vision tasks.

Nevertheless, unlike natural images, histopathology images present significant semantic gaps

among nuclei of different categories, making it difficult to generalize UDA models effectively

for nuclei instance segmentation or classification.

In this chapter, we propose a novel deep neural network, termed Category-Aware Feature

Alignment and Pseudo-Labelling Network (CAPL-Net), specifically designed for UDA in

nuclei instance segmentation and classification. Our approach addresses the unique chal-

lenges posed by the substantial domain shifts and category variations in histopathology

images. Firstly, we introduce a category-level feature alignment module that utilizes dynamic

learnable trade-off weights to balance the alignment of shared and category-specific features

across domains. This module helps in reducing the domain shift by aligning features at

the category-specific level. Secondly, we enhance the performance of the model on target

domain data through self-supervised training using pseudo labels, which are generated based

on nuclei-level prototype features. This pseudo-labelling strategy enables the model to learn

from the unlabeled target data, further improving its generalization capability. Extensive ex-

periments on cross-domain nuclei instance segmentation and classification tasks demonstrate

the effectiveness of our proposed CAPL-Net. The results show that our approach significantly

44
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outperforms state-of-the-art UDA methods, achieving a notable improvement in performance.

This highlights the potential of CAPL-Net as a robust solution for UDA in the complex and

diverse field of histopathology image analysis.

3.1 Introduction

3.1.1 Motivation

Automatic nuclei instance segmentation and classification are crucial for digital pathology

with various application scenarios, such as tumor classification and cancer grading [196].

However, manual labelling is limited by high subjective, low reproducibility, and resource-

intensive [157, 206]. Although deep learning-based methods can achieve impressive nuclei

recognition performance, they require sufficient labelled data for training [206, 363, 37, 91,

174]. By directly adopting the off-the-shelf deep learning models to a new histopathology

dataset with a distinct distribution, the models suffer from performance drop due to domain

bias [175, 334]. Recently, unsupervised domain adaption methods have been proposed to

tackle this issue [29, 364, 176], and enable the learning models to transfer the knowledge

from one labelled source domain to the other unlabelled target domain [134, 189, 350].

Several methods have recently been proposed for unsupervised domain adaptive nuclei

instance segmentation in histopathology images [175, 334]. Inspired by CyCADA [109],

Liu et al. [175] first synthesize target-like images and use a nuclei inpainting mechanism to

remove the incorrectly synthesized nuclei. The adversarial training strategies are then used

separately at the image-, semantic- and instance-level with a task re-weighting mechanism.

However, this work can only address the instance segmentation for nuclei within the same

class. In Yang et al.’s work [334], firstly, local features are aligned by an adversarial domain

discriminator, and then a pseudo-labelling self-training approach is used to further induce the

adaptation. However, the performance improvement of this work relies on weak labels and

fails to get good training results without target domain labels. In addition, although this work

is validated on cross-domain nuclei segmentation and classification, their adaptation strategies
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are class-agnostic. In real clinical settings, the nuclei objects in the histopathology images

belong to various categories, and the characteristics of the nuclei in different classes are also

distinct [123]. In addition, the number of objects within each category is often imbalanced in

the histopathology datasets [92].

The motivation for this work is that previous UDA methods are limited for cross-domain

nuclei segmentation and classification due to the lack of analysis of the nuclei categories

when transferring the knowledge. We believe that distinguishing representations for differ-

ent nuclei categories can help capture more comprehensive domain features. Additionally,

pseudo-labelling approaches have been shown to be useful for domain adaptation, but pre-

vious methods [334] have not been specifically designed for the unique characteristics of

histopathology images. Simply applying pseudo-labelling for training may fail to capture key

feature representations from the target domain effectively.

3.1.2 Contributions

In this chapter, we investigate the problem of cross-domain nuclei instance segmentation and

classification through a novel category-level adaptation framework specifically for histopatho-

logy images. This framework is designed to address the significant semantic gaps that exist

among nuclei of different categories across various datasets, which is challenging for UDA

methods in nuclei segmentation and classification tasks. To overcome these challenges, we

introduce a category-aware feature alignment module that aims to enhance knowledge transfer

for intra-class features across domains while mitigating the risk of negative transfer between

inter-class features. This module dynamically adjusts the alignment of features, allowing the

model to effectively distinguish between different nuclei categories, thus improving the overall

segmentation and classification performance. Additionally, we introduce a self-supervised

learning stage that leverages nuclei-level feature prototypes. This stage focuses on improving

the model’s performance on unlabelled target data by generating pseudo labels based on the

learned prototypes. This self-supervised approach allows the model to further refine its under-

standing of the target domain, thus enhancing its adaptability and generalization capabilities.

Extensive experiments validate the efficacy of our proposed framework, demonstrating its
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superior performance over state-of-the-art UDA methods on cross-domain nuclei instance

segmentation and classification tasks. Significantly, our approach not only outperforms exist-

ing UDA methods but also achieves performance that is comparable to or even surpasses the

fully supervised upper bound under various evaluation metrics, highlighting the potential of

our framework in practical applications.

Our contribution is summarized as follows:

• We introduce a category-aware feature alignment module that enhances knowledge

transfer by aligning intra-class features across domains while avoiding negative

transfer between inter-class features.

• We develop a self-supervised learning stage that utilizes nuclei-level feature proto-

types to generate pseudo labels for the unlabelled target data.

• Our proposed framework has been extensively evaluated, demonstrating superior per-

formance compared to state-of-the-art UDA methods in nuclei instance segmentation

and classification tasks.

3.2 Methods

3.2.1 Overview

The architecture of our proposed model is illustrated in Figure 3.1. Our UDA framework is

optimized through a two-stage process designed to address the challenges of domain shift in

nuclei instance segmentation and classification. In the first stage, we introduce category-level

feature alignment modules, which are specifically designed to reduce the domain gap at the

feature level by aligning features of the same class across the source and target domains. This

helps the model learn consistent and robust feature representations, making it more adaptable

to variations in the data from different domains. In the second stage, we further enhance the

model’s adaptability on the unlabelled target images through a pseudo-labelling process. This

process is guided by nuclei-level prototypes, which serve as reference points for generating

pseudo labels. By using these prototypes, the model can refine its feature representations
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and improve its performance on the target domain through self-supervised learning. This

approach enables the model to leverage the unlabelled data effectively, enhancing its ability

to generalize to unseen images from the target domain.

3.2.2 Segmentation Architecture

Our proposed model is based on Hover-Net [91], a state-of-the-art method for fully-supervised

nuclei instance segmentation and classification. Hover-Net proposes a deep learning frame-

work specifically designed to tackle the challenges of nuclei instance segmentation and

classification in histology images. It uses horizontal and vertical distance maps, which encode

the pixel-wise distances from nuclei centers of mass. Specifically, for each pixel within a nuc-

leus, it computes its horizontal and vertical distances from the center of mass of the nucleus,

thereby generating the corresponding distance maps. These distance maps enable the model

to effectively separate closely clustered nuclei, which is a common problem in histopathology

images where nuclei often overlap or are densely packed. Hover-Net significantly improves

segmentation performance by using distance maps for instance separation, especially in cases

with overlapping nuclei.

The framework is constructed by three branches sharing the same encoder for feature extrac-

tion and using three decoders for different tasks: 1) Nuclear pixel (NP) branch to perform

binary classification of a pixel (nuclei or background); 2) Hover (HV) branch to predict the

horizontal and vertical distances of nuclei pixels to their centroid; 3) Nuclear classification

(NC) branch to classify the nuclei types of pixels. The framework of Hover-Net can be seen

in Figure 2.5.

The supervised Hover-Net loss function of our model is defined as LF :

LF = Lnp + Lhover + Lnc, (3.1)

where Lnp, Lhover and Lnc represent the loss with respect to the output at the NP, HV and

NC branch, respectively. For the NP and the NC branches, the loss is calculated by adding
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FIGURE 3.1: Overview of the proposed category-aware prototype pseudo-
labelling network. Our framework is optimized through a two-stage process to
address domain shift issues in nuclei instance segmentation and classification.
In the first stage, we incorporate class-level feature alignment modules, which
are designed to reduce the domain gap by aligning features of similar classes
across the source and target domains, thereby enhancing the model’s ability to
learn consistent representations. In the second stage, we introduce a pseudo-
labelling process that is enhanced by nuclei-level prototypes. This approach
generates pseudo labels based on these prototypes, enabling self-supervised
learning on the unlabelled target images. This two-stage optimization strategy
allows the model to effectively leverage unlabelled data, improving its adapt-
ability and performance on the target domain.
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cross-entropy loss and dice loss:

Lnp = LCE
np + Ldice

np , (3.2)

Lnc = LCE
nc + Ldice

nc . (3.3)

The cross-entropy and dice losses are defined as:

LCE = − 1

N

∑
i=1

[pi log (qi)] , (3.4)

Ldice = 1− 2 (qi ∗ pi)
qi + pi

. (3.5)

where N is the total number of pixels, pi represents the predicted probability for pixel i, and

qi is the corresponding ground truth label.

For the HV branch, we denote Lmqe as the mean squared error loss, and define the Lhv loss as

the mean squared error between the horizontal and vertical gradients and the corresponding

gradients of the ground truth:

Lhover = Lmqe + Lhv, (3.6)

Lmqe =
1

N

∑
i=1

(pi − qi)
2 , (3.7)

Lhv =
1

M

∑
i=1

(pi,hor − qi,hor)
2 − 1

M

∑
i=1

(pi,ver − qi,ver)
2 . (3.8)

where M is the total number of nuclear pixels. pi,hor and pi,ver represent the predicted

horizontal and vertical gradients of the distance map at pixel i. qi,hor and qi,ver denotes the

corresponding ground truth gradients.

3.2.3 Category-aware Feature Alignment

In the histopathology datasets with multi-class nuclei, there is a very large gap in the number

of nuclear in each category. This may lead to many images in the dataset having only a few

nuclear categories, and some nuclear types are absent from an image. In addition, the features
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of the nuclei from different classes also vary. Under this situation, the typical class-agnostic

feature alignment strategies may lead to the negative transfer of the features in different

categories. To tackle this issue, for the NC branch on nuclei classification, we propose

to conduct feature alignment for the cross-domain features within each class separately.

Particularly, an adversarial domain discriminator Dc is introduced to adapt the features under

the class c. Compared with directly employing a class-agnostic domain discriminator for

the NC branch, the class-aware domain discriminators can avoid the misalignment across

different classes and further encourage the knowledge transfer in classification learning.

The detailed paradigm is shown in Figure 3.1 (a). First, we denote the features of the NC

branch in the typical Hover-Net as Fnc, and the N-class prediction as Pnc. Note that Pnc

contains N channels, and the predictions in each channel represent the classification results

for each specific class. For each category c, we formulate the Pnc into a binary class prediction

map P c
nc, where the pixel value is set to 1 if it belongs to the nuclei in this category, otherwise

set to 0. To incorporate the class-aware information into the feature alignment, we propose

to generate the prototype features F c
pt for the class c by dot-multiplying Fnc with the binary

P c
nc. In addition, if any P c

nc is empty, we will not perform subsequent training on the nuclei in

this class. In other words, we only deal with the nuclear types that exist in the input images.

In each domain, the prototype features F c
pt for the class c pass through the corresponding

adversarial discriminators Dc for class-aware adaption at the feature level.

To avoid manually finetuning the trade-off weights for the adversarial loss in N categories

of the NC branch, we let the overall framework automatically learn these weight parameters

during training. The learnable weighted discriminator loss is formulated as follows:

Lca
NC = ωL

c

∑
c=1

Ladv
c , (3.9)

where the Ladv
c denotes the adversarial training loss of Dc for class c, and ωL

c is its corres-

ponding learnable loss weight. Concretely, we define the adversarial training loss as:

Ladv = − 1

N

∑
i=1

[yi log (pi) + (1− yi) log (1− pi)] . (3.10)
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The overall domain discriminator loss function of our model is defined as:

Ldis = Lca
NC + Ladv

NP + Ladv
HV , (3.11)

where Ladv
NP and Ladv

HV are the feature adaptation loss functions in the NP and HV branches,

respectively. Particularly, we utilize adversarial domain discriminators on the cross-domain

output features of the NP and HV branches for adaptation.

With the above loss terms, the overall loss function of the first stage approach can be written

as:

Ls1 = LF + Ldis. (3.12)

3.2.4 Nuclei-level Prototype Pseudo-labelling

Although the category-aware feature alignment modules can reduce the domain gaps, the

lack of supervised optimization on the target images still limits the model’s segmentation and

classification performance. Therefore, in the second stage, we use the output of the first stage

model as pseudo labels for self-supervised learning to further improve the model performance

on the target images. The detailed training process can be referred to Figure 3.1 (b).

Different from the traditional self-training process with the pseudo labels, we only train the

target domain of the HV branch during the second stage pseudo-labelling process. In the

extensive experiments, we noticed that the performance of the classification predictions on

the target images from the first stage model is limited. In addition, the binary segmentation

predictions lack object-wise information. Moreover, the model trained with all pseudo labels

may not perform well due to the low quality of some pseudo-labelling classes.

To avoid the disturbance from the less accurate and representative pseudo labels, we no longer

consider classification and binary segmentation branches in the second stage but particularly

focus on the predictions from the HV branch, where the feature maps describe the distance

from each pixel to the nuclei’s centre point.
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Therefore, the features of each nuclear object can be regarded as a prototype at the object

level, which contains morphological information such as the shape and size of the specific

nuclear. By self-supervised learning with the pseudo labels on the predictions of the HV

branch, the bias between nuclei objects can be further reduced. The overall loss function for

the second stage is as follows:

Lp =
1

Np

Np∑
i=1

|xp
i − ŷpi |2, (3.13)

where xp
i is the predicted features from the HV branch for each nuclear object p in the second

stage and ŷpi is the object features generated by the pseudo labels.

3.3 Experiments and Results

3.3.1 Dataset Description

We conduct experiments on three datasets from the Lizard database [92], a large-scale

colon tissue histopathology dataset collected at 20x objective magnification, specifically

designed for nuclei instance segmentation and classification. It contains nearly half a million

labeled nuclei from histology images of colon tissue, making it the largest dataset of its

kind in computational pathology. The dataset was generated using a multi-stage annotation

pipeline, which combines automated and semi-automated methods with pathologist-in-the-

loop refinement steps to ensure high-quality and accurate annotations. The Lizard dataset

includes full segmentation and classification labels for various types of nuclei, such as

epithelial, connective tissue, lymphocytes, plasma, neutrophils, and eosinophils. By focusing

on nuclei from colon tissue across a wide range of normal, inflammatory, dysplastic, and

cancerous conditions, the dataset enhances the potential for models trained on it to generalize

well to unseen samples. The diversity of conditions represented in the dataset increases its

utility for profiling the tumor micro-environment and developing downstream computational

pathology models.
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TABLE 3.1: Details of the number of nuclei under each class in the datasets
we used, DigestPath, CRAG, and GlaS.

Class DigestPath CRAG GlaS
Epithelial 70,789 99,124 31,986

Lymphocyte 49,932 27,634 9,763
Plasma 11,352 9,363 2,349

Neutrophil 2,262 1,673 90
Eosinophil 1,349 1,255 286
Connective 32,826 49,994 10,890

Total 168,510 189,043 55,364

In this study, we use DigestPath (Dpath), CRAG, and GlaS datasets from the Lizard collection.

For all three datasets, we split the images into training, testing, and validation sets, with

2/3 of the images allocated for training and the remaining 1/3 for testing and validation.

Specifically, we use Dpath as the source domain, utilizing 46 images for training and 22

images for validation. The CRAG and GlaS datasets serve as target domains, with 42 images

used for training and 21 for testing in the CRAG dataset, and 40 images for training and 20

for testing in the GlaS dataset. Training images are randomly cropped into 256×256 patches,

and data augmentation techniques, including flipping, rotating, Gaussian blur, and median

blur, are applied to enhance model robustness. The detailed number of nuclei in each class

across the datasets is shown in Table 3.1.

3.3.1.1 DigestPath (Dpath) Dataset

The DigestPath dataset is designed for the segmentation and classification of cells in histo-

pathological images, focusing primarily on digestive system tissues. This dataset includes a

variety of biopsy samples collected from four different Chinese hospitals, providing a diverse

set of images with varying staining techniques and tissue conditions. DigestPath includes

images of colonic tissues, where different types of cells, such as epithelial, inflammatory,

and connective tissue cells, are segmented and classified. The dataset aims to support the

development of robust algorithms for digestive tract cancer diagnosis, offering a wide range

of images that reflect real-world clinical scenarios. This dataset is particularly valuable for
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training models to handle the complex and heterogeneous nature of histopathological images

from digestive tissues, making it a critical resource for research in computational pathology.

3.3.1.2 CRAG Dataset

The Colorectal Adenocarcinoma Gland (CRAG) dataset is specifically focused on the seg-

mentation of glandular structures in colorectal cancer histology images. CRAG provides

high-resolution images extracted from whole-slide images (WSIs) at University Hospit-

als Coventry and Warwickshire (UHCW). The dataset includes annotations for glands in

colorectal adenocarcinoma tissues, which are critical for understanding tumor morphology

and aiding in the diagnosis and grading of cancer. CRAG’s detailed gland segmentation

allows researchers to develop models that can accurately delineate gland boundaries, even in

complex scenarios where glands are fragmented or surrounded by dense tumor cells. This

dataset is a benchmark for evaluating the performance of gland segmentation algorithms and

supports the development of automated tools for colorectal cancer diagnosis.

3.3.1.3 GlaS Dataset

The Gland Segmentation in Colon Histology Images (GlaS) dataset is another significant

dataset used for the segmentation of glandular structures in histological images of colorectal

tissues. This dataset was created to facilitate the development of algorithms that can accurately

segment glands, which are crucial for assessing colorectal cancer progression. GlaS contains

images sourced from whole-slide images (WSIs) at UHCW, with precise annotations provided

by expert pathologists. The dataset includes both benign and malignant tissue samples,

offering a comprehensive representation of gland morphology in various stages of colorectal

cancer. GlaS is widely used in computational pathology to benchmark segmentation methods,

particularly those aimed at distinguishing between normal and abnormal glandular structures

in cancerous tissues.
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3.3.2 Evaluation Metrics

For evaluation, we use the same metrics as those employed by Hover-Net [91] to compre-

hensively assess the performance of our model on nuclei instance segmentation classification

tasks. The metrics used for nuclei instance segmentation include Dice coefficient, Aggregated

Jaccard Index (AJI), Detection Quality (DQ), Segmentation Quality (SQ), and Panoptic Qual-

ity (PQ). These metrics provide a detailed understanding of how well the model segments

and identifies individual nuclei instances within the images. Additionally, to evaluate the

performance of nuclei detection and classification, we utilize F1-scores at classification levels.

3.3.3 Implementation Details

We utilize the Hover-Net framework with ResNet50 [102] pre-trained weights on ImageNet as

our base architecture. In the first stage of our adaptation process, the model is trained in two

steps following the Hover-Net [91]. In the first step, only the decoders are trained 50 epochs.

In the second step, all layers are trained for another 50 epochs. We use Adam optimization in

both steps, with an initial learning rate of 1e-4, which is then reduced to 1e-5 after 25 epochs.

In the self-training pseudo-labelling part, the Adam optimizer with a learning rate of 1e-4 was

used to train 50 epochs with a batch size of 20. Experiments were conducted on one NVIDIA

GeForce 3090 GPU and implemented using PyTorch.

3.3.4 Comparison Experiments

We conduct a series of comparative experiments to compare the performance. There are four

comparative experiments in our work, including Source Only [91], PDAM [175], Yang et

al. [334] and Fully-supervised. The details are as follows:

• Source Only [91]: original Hover-Net without adaptation.

• PDAM [175]: a UDA nuclei instance segmentation method with pixel-level and

feature-level adaptation. Since it can only be used for binary classification for objects,

we only compare the results of nuclei instance segmentation with this method.
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TABLE 3.2: Experimental results on UDA nuclei instance segmentation on
Dpath → CRAG task.

Methods
Dpath → CRAG

Dice ↑ AJI ↑ DQ ↑ SQ ↑ PQ ↑
Source Only [91] 0.378 0.201 0.336 0.768 0.259

PDAM [175] 0.596 0.323 0.467 0.676 0.316
Yang et al. [334] 0.766 0.494 0.648 0.765 0.496

Baseline 0.750 0.455 0.604 0.759 0.458
Baseline+CA 0.772 0.502 0.661 0.773 0.510

Baseline+CA+PL 0.781 0.517 0.675 0.772 0.522
Proposed 0.785 0.519 0.681 0.769 0.524

Full-supervised 0.778 0.526 0.683 0.783 0.535

TABLE 3.3: Experimental results on UDA nuclei instance segmentation on
Dpath → GlaS task.

Methods
Dpath → GlaS

Dice ↑ AJI ↑ DQ ↑ SQ ↑ PQ ↑
Source Only 0.494 0.264 0.359 0.732 0.262

PDAM 0.571 0.298 0.400 0.667 0.267
Yang et al. 0.639 0.294 0.377 0.735 0.275

Baseline 0.645 0.288 0.374 0.739 0.275
Proposed 0.651 0.296 0.385 0.734 0.281

Full-supervised 0.721 0.423 0.539 0.765 0.411

• Yang et al. [334]: a UDA framework is proposed based on global-level feature

alignment for nuclei classification and nuclear instance segmentation. In addition,

a weakly-supervised DA method is also proposed using weak labels for the target

images such as nuclei centroid. We only compare with the UDA method in this work

for a fair comparison.

• Fully-supervised: fully supervised training on the labelled target images with original

Hover-Net, as the upper bound.
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TABLE 3.4: Experimental results on UDA nuclei classification on Dpath
→ CRAG task. F 1

c , F 2
c , F 3

c , F 4
c , F 5

c and F 6
c denote the F1 classification

score for the Eosinophil, Epithelial, Lymphocyte, Plasma, Neutrophil and
Connective tissue, respectively. Favg denotes the average of all the F1-score
for the classification under each category.

Methods
Dpath → CRAG

Det ↑ F 1
c ↑ F 2

c ↑ F 3
c ↑ F 4

c ↑ F 5
c ↑ F 6

c ↑ Favg ↑
Source Only [91] 0.490 0.022 0.389 0.324 0.195 0.038 0.161 0.188
Yang et al. [334] 0.736 0.037 0.670 0.330 0.371 0.017 0.428 0.309

Baseline 0.702 0.044 0.687 0.292 0.381 0.155 0.475 0.339
Baseline+CA 0.731 0.128 0.697 0.351 0.400 0.084 0.498 0.360

Baseline+CA+PL 0.772 0.110 0.725 0.327 0.383 0.352 0.558 0.409
Proposed 0.775 0.111 0.714 0.389 0.402 0.377 0.535 0.421

Full-supervised 0.748 0.167 0.724 0.388 0.419 0.428 0.545 0.445

3.3.4.1 Evaluation on Nucleus Instance Segmentation

A comparison of the segmentation performance between our model and state-of-the-art

methods is reported in Table 3.2 and Table 3.3. From Table 3.2, it can be observed that

our instance segmentation effect is better than the two existing models. Compared with

the source-only method, PDAM [175] has a performance improvement by aligning features

at the panoptic level. The UDA method of Yang et al. [334] achieves good segmentation

performance. Our method achieves the highest scores among all methods, with Dice and

AJI being 2.3% and 1.6% higher than the previous methods, respectively. In comparison

with the full-supervised model, the performance of our proposed UDA architecture is close

to it. In particular, our Dice is higher than the results of the full-supervised model. From

Table 3.3, it can be observed that our method achieves good results in the task of adapting

from Dpath to domain GlaS. This demonstrates the effectiveness of our approach in handling

the complexities involved in this task.

3.3.4.2 Evaluation on Nucleus Classification

Table 3.4 and Table 3.5 report the performance comparison of our method with other works

on nuclei classification. The values appear as 0 due to their extremely small magnitudes.



3.3 EXPERIMENTS AND RESULTS 59

TABLE 3.5: Experimental results on UDA nuclei instance segmentation by
transferring from Dpath to the Glas dataset.

Methods
Dpath → GlaS

Det ↑ F 1
c ↑ F 2

c ↑ F 3
c ↑ F 4

c ↑ F 5
c ↑ F 6

c ↑ Favg ↑
Source Only 0.512 0.022 0.467 0.206 0.068 0.215 0.186 0.194

Yang et al. 0.565 0.000 0.621 0.141 0.152 0.018 0.240 0.195
Baseline 0.566 0.000 0.617 0.145 0.175 0.063 0.249 0.208
Proposed 0.572 0.000 0.647 0.131 0.192 0.168 0.323 0.244

Full-supervised 0.675 0.000 0.775 0.207 0.191 0.000 0.440 0.269

Although Yang et al. [334] can achieve cross-domain nuclei classification and segmentation

based on Hover-Net, their feature alignment modules are class-agnostic, which incurs the

misalignment issues for the cross-domain features from different categories and further limits

the performance. On the other hand, our proposed class-aware UDA framework has outper-

formed [334] by a large margin. Our model achieves a 4% improvement in the F1 detection

score in the detection metric. In addition, our method improves the classification performance

for all categories. Moreover, our method achieves significant improvements in classes with

sparse samples like Neutrophil and Eosinophil, around 10% and 34%, respectively.

3.3.5 Ablation Studies

To test the validity of each component of our proposed model, we conducted ablation experi-

ments. Firstly, based on our architecture, we kept only the feature-level domain discriminator

on the three branches as our baseline method. Secondly, we kept only the class-aware struc-

ture, removing the pseudo labels based on the nuclei-level prototype (Baseline+CA). In

addition, we also compared our nuclei-prototype pseudo-labelling process with the traditional

one, which directly trains the model on the target images with all predictions in the first stage

as the pseudo labels (Baseline+CA+PL).

Table 3.2 and Table 3.4 show the instance segmentation and classification performance of

all the ablation methods. From these tables, it is clear that the class-aware structure signi-

ficantly enhances classification performance, especially in categories with sparse samples
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TABLE 3.6: Computational complexity analysis, which indicates our proposed
modules can introduce performance gain but bring negligible auxiliary cost.

Dpath → GlaS
Methods Time Cost Number of Parameters

Source Only 35 s/iter 3.7M
Baseline 45 s/iter 3.7M
Proposed 45 s/iter 3.7M

(e.g., Neutrophil and Eosinophil), showing more than a 10% improvement in the classification

F1-score. This improvement highlights the effectiveness of class-aware adaptation in facilit-

ating knowledge transfer across multi-class datasets, particularly in scenarios where certain

classes are underrepresented. The substantial gain in classification accuracy demonstrates how

focusing on class-specific features can bridge gaps caused by sample imbalances between

different categories. Furthermore, the class-aware structure also provides a notable boost of

approximately 2% in nuclei segmentation performance.

Self-supervised training plays a pivotal role in further improving both instance segmentation

and classification. The introduction of prototype loss yields more than a 4% improvement in

F1-score for nuclei detection, while also delivering better overall segmentation results. This

improvement suggests that by using class prototypes, the model can more accurately capture

key features that are essential for distinguishing between different nuclei types. Additionally,

our proposed nuclei prototype pseudo-labeling process surpasses traditional pseudo-labeling

approaches.

Computational complexity analysis shown in Table 3.6 offers an in-depth evaluation of the

efficiency of our proposed method. This table presents key computational metrics, including

time cost, memory usage, and the number of parameters, facilitating a thorough comparison

with other existing methods. These metrics provide valuable insights into the resource

requirements and operational feasibility of each approach. The results clearly demonstrate

that our method strikes an optimal balance between performance and computational demand.

Despite its effectiveness in achieving high-quality segmentation results, our model operates

within reasonable computational limits, with time efficiency and parameter count comparable
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FIGURE 3.2: Visualization predictions for the UDA experiment under the
Dpath → GlaS setting. Red: Eosinophil, Green: Epithelial, Yellow: Lymph-
ocyte, Blue: Plasma, Magenta: Neutrophil, Cyan: Connective tissue. (Best to
be viewed in color and zoomed-in)

to, or better than, alternative techniques. This efficient design ensures that our approach is

well-suited for practical applications, particularly in resource-constrained environments such

as clinical settings where computational power and time are often limited.

Moreover, the analysis highlights the scalability of our method, as it maintains consistent

performance across various datasets without significantly increasing computational overhead.

This makes our approach not only a powerful solution from a technical standpoint but also a

viable candidate for real-world deployment, where both accuracy and efficiency are critical.
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FIGURE 3.3: Visualization predictions for the ablation experiments under
Dpath → CRAG setting.
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3.3.6 Visualization Results

Visualization examples of the ablation studies are shown in Figure 3.2 and Figure 3.3. These

visual comparisons highlight the superior performance of our proposed method over the

alternatives. In particular, our approach demonstrates more precise segmentation, capturing

finer details and reducing errors where other methods struggle. The clear distinction in the

quality of the output showcases the robustness of our model in handling complex cases, where

the alternatives either fail to capture critical structures or produce less reliable results. These

findings underscore the effectiveness of our approach, as it consistently yields more accurate

and dependable outcomes, reinforcing the insights gained from the quantitative evaluations.

3.4 Discussion

In this work, we propose an unsupervised domain adaptation framework, named CAPL-Net,

for cross-domain nuclei instance segmentation and classification. To address the challenges

of class-level adaptation, a category-aware feature alignment module is adopted to facilitate

effective knowledge transfer for intra-class features while minimizing negative transfer

between classes. Additionally, CAPL-Net incorporates a self-supervised learning stage

using nuclei-level feature prototypes to enhance performance on unlabelled target data. The

performance of CAPL-Net was evaluated on multiple histopathology datasets from diverse

domains.

In addition, we conducted further exploration of CAPL-Net to enhance its capabilities in

addressing the challenges of cross-domain nuclei segmentation and classification.

3.4.1 Graph Search Mechanism

To explore whether certain class-specific features have a more significant impact on domain

adaptation, we introduce a graph search mechanism that builds on CAPL-Net. This mechanism

is designed to assess the importance of individual class-aware features by evaluating how each

feature contributes to the adaptation process. By analyzing the role of specific features, we aim
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TABLE 3.7: Graph-based method experimental results on UDA nuclei in-
stance segmentation on Dpath → CRAG task.

Methods
Dpath → CRAG

Dice ↑ AJI ↑ DQ ↑ SQ ↑ PQ ↑
Source Only [91] 0.378 0.201 0.336 0.768 0.259

PDAM [175] 0.596 0.323 0.467 0.676 0.316
Yang et al. [334] 0.766 0.494 0.648 0.765 0.496

Graph-based 0.765 0.514 0.672 0.766 0.513
Proposed 0.785 0.519 0.681 0.769 0.524

Full-supervised 0.778 0.526 0.683 0.783 0.535

to gain deeper insights into which elements are most crucial for successful domain adaptation,

particularly in addressing cross-domain variations and enhancing model performance in

diverse medical imaging tasks.

3.4.1.1 Graph-based Search Mechanism Methods

In this approach, we construct feature graphs where pixels that share similar class-related

features are represented as nodes, with edges formed based on the degree of feature similarity

between these nodes. The goal is to identify which specific features have the most substantial

impact on domain adaptation tasks. We hypothesize that emphasizing these key class-aware

features can significantly enhance the adaptation process by directing the model’s focus toward

the most influential aspects of the data. Instead of treating all features equally, this approach

aims to selectively prioritize features that are critical to class distinction, thus improving the

model’s ability to generalize to unseen domains. By highlighting the most relevant features,

we expect the model to perform better in handling domain shifts, particularly in challenging

medical imaging scenarios where variations across domains can hinder performance.

3.4.1.2 Experiment Results for Graph Search Mechanism

For our experiments, this graph-based approach is applied to nuclei segmentation and classi-

fication tasks, aiming to determine whether class-specific features can boost performance. The
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TABLE 3.8: Graph-based method experimental results on UDA nuclei in-
stance segmentation on Dpath → GlaS task.

Methods
Dpath → GlaS

Dice ↑ AJI ↑ DQ ↑ SQ ↑ PQ ↑
Source Only 0.494 0.264 0.359 0.732 0.262

PDAM 0.571 0.298 0.400 0.667 0.267
Yang et al. 0.639 0.294 0.377 0.735 0.275

Graph-based 0.647 0.292 0.370 0.736 0.279
Proposed 0.651 0.296 0.385 0.734 0.281

Full-supervised 0.721 0.423 0.539 0.765 0.411

results, detailed in Table 3.7, Table 3.8, Table 3.9 and Table 3.10, represent this extended class-

aware UDA method, referred to as the “Graph-based” method in the tables. The outcomes are

compared with those achieved by our proposed global feature-based method. As illustrated by

the results, the majority of the graph-based results show less favorable performance compared

to our method in both nuclei classification and segmentation tasks.

This observation suggests that focusing on isolated class-specific features does not yield

substantial improvements over global feature representations in the context of UDA for nuclei

tasks. These findings imply that no individual class-aware feature is inherently more critical

for domain adaptation than the overall feature set. While the graph-based mechanism provides

a novel analytical framework for examining feature importance, it does not lead to enhanced

performance. This highlights the importance of maintaining a holistic approach, where the

alignment of global features across all classes is crucial for robust domain adaptation.

In complex scenarios like nuclei segmentation and classification, where a broad range of

features must be captured to handle variability across domains, global feature alignment

emerges as a more effective strategy. The results reinforce the idea that domain adaptation

benefits more from a comprehensive feature representation that spans the entire feature space,

rather than focusing narrowly on specific class-aware features.
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TABLE 3.9: Graph-based method experimental results on UDA nuclei classi-
fication on Dpath → CRAG task.

Methods
Dpath → CRAG

Det ↑ F 1
c ↑ F 2

c ↑ F 3
c ↑ F 4

c ↑ F 5
c ↑ F 6

c ↑ Favg ↑
Source Only [91] 0.490 0.022 0.389 0.324 0.195 0.038 0.161 0.188
Yang et al. [334] 0.736 0.037 0.670 0.330 0.371 0.017 0.428 0.309

Graph-based 0.759 0.101 0.708 0.375 0.392 0.379 0.515 0.420
Proposed 0.775 0.111 0.714 0.389 0.402 0.377 0.535 0.421

Full-supervised 0.748 0.167 0.724 0.388 0.419 0.428 0.545 0.445

TABLE 3.10: Graph-based method experimental results on nuclei classifica-
tion by transferring from Dpath → Glas dataset.

Methods
Dpath → GlaS

Det ↑ F 1
c ↑ F 2

c ↑ F 3
c ↑ F 4

c ↑ F 5
c ↑ F 6

c ↑ Favg ↑
Source Only 0.512 0.022 0.467 0.206 0.068 0.215 0.186 0.194

Yang et al. 0.565 0.000 0.621 0.141 0.152 0.018 0.240 0.195
Graph-based 0.562 0.000 0.645 0.121 0.188 0.156 0.309 0.217

Proposed 0.572 0.000 0.647 0.131 0.192 0.168 0.323 0.244
Full-supervised 0.675 0.000 0.775 0.207 0.191 0.000 0.440 0.269

3.4.2 Limitations and Future Work

Despite the outstanding performance of our proposed framework compared to previous

state-of-the-art methods, there are still some limitations. First, the pseudo labels generated

for the nuclei prototypes still contain noise, which limits the overall effectiveness of the

self-supervised learning process. This noise can lead to inaccurate feature representations,

ultimately affecting the model’s ability to generalize well to unseen domains. Second, the

current framework may exhibit performance drop in certain challenging cross-domain nuclei

instance segmentation and classification tasks. For example, adaptation from Glas to Dpath,

which involves significant domain shifts, presents a particular challenge where our method’s

effectiveness diminishes. Furthermore, we have identified that our approach struggles in

situations where data imbalance is a factor. When the source dataset is significantly larger

than the target dataset, the model may become biased toward the source samples due to the
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strong inductive bias inherent in deep learning models. Conversely, if the source dataset is

much smaller than the target domain, the model may suffer from insufficient training, making

it challenging to achieve a reliable representation of the target domain.

In future research, we aim to address these challenges by refining the pseudo-labelling process

to reduce noise, improving the model’s robustness in diverse cross-domain scenarios, and

developing strategies to handle imbalanced data more effectively. These efforts will help

enhance the overall reliability and adaptability of our framework across various domain

adaptation tasks.

3.5 Summary

In this paper, we proposed a category-aware prototype pseudo-labelling architecture for unsu-

pervised domain adaptive nuclear instance segmentation and classification. In our two-stage

framework, category-aware feature alignment with learnable trade-off loss weights is proposed

to tackle the class-imbalance issue and avoid misalignment during the cross-domain study.

In addition, we proposed a nuclei-level prototype loss to correct the deviation in the second

stage pseudo-labelling training, which further improves the segmentation and classification

performance on the target images by introducing auxiliary self-supervision. Comprehensive

results on various cross-domain nuclei instance segmentation and classification tasks demon-

strate the prominent performance of our approach. Given the appealing performance of our

method on the UDA nuclei instance segmentation tasks, we suggest that future directions can

focus on the cross-domain multi-class object recognition tasks for other medical and general

computer vision scenarios.



CHAPTER 4

Dynamic Diffusion Flow for Unsupervised Image Segmentation

Impacted by the domain shift issue across varying fundus image datasets collected from

different medical centres and devices, the performance of a well-trained optic segmentation

network is usually affected when applied to another dataset with different distributions. To

handle this issue, the unsupervised domain adaptation (UDA) strategy is widely used to

improve the generalization ability of deep learning networks by using unlabeled data. In

the last chapter (Chapter 3), we explored the limitations of adversarial learning in UDA,

specifically its dependency on the balance between the source and target datasets for effective

feature alignment.

However, existing UDA approaches for optic disc and cup segmentation tasks are also mostly

adversarial learning-based, which heavily rely on the balance between the source and target

datasets to align the features. This dependency can lead to ineffective feature alignment

when datasets are imbalanced or significantly different, thus limiting the adaptability and

performance of the models. In this regard, we propose a diffusion-based framework, named

Dynamic Diffusion Flow Unsupervised Domain Adaptation (termed DDF-UDA), for the

cross-domain optic disc (OD) and optic cup (OC) segmentation in fundus images. Specifically,

we propose an adaption module based on diffusion procedure at both feature and pixel levels

to alleviate the cross-domain gaps. In order to modify the domain information of the source

image while minimizing changes to its content, we further propose an adjustment strategy

based on Nash equilibrium, which could dynamically modify the diffusion steps. Experimental

results on public datasets demonstrate that our DDF-UDA can effectively leverage unlabeled

data to achieve state-of-the-art performance in OD/OC segmentation.

68
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4.1 Introduction

4.1.1 Motivation

Glaucoma is a chronic eye disease that ranks as the second leading cause of blindness

worldwide, just behind cataracts [358]. One of the key biomarkers for diagnosing and

analyzing glaucoma is the cup-to-disc ratio (CDR), which measures the ratio of the optic cup

(OC) diameter to the optic disc (OD) diameter in fundus images [283]. Therefore, accurately

segmenting the OC and OD is essential for obtaining precise CDR values, which are critical

for clinical diagnosis [139, 311, 162]. In recent years, various deep learning-based methods

have been developed for OD/OC segmentation, achieving significant success in this field

[311, 359]. However, these methods often struggle when applied to new datasets with similar

content due to domain gaps, which can severely limit their performance [16]. To address

these challenges, unsupervised domain adaptation (UDA) methods have been introduced as a

promising solution [240, 175, 68].

In UDA tasks for OD/OC segmentation, adversarial learning is commonly employed to min-

imize the feature gap between different domains, showing impressive results [311, 158, 338].

For instance, BEAL [310] utilizes entropy-driven adversarial training strategies to enhance

boundary prediction for target domain images and reduce feature uncertainty. Similarly,

RDR-Net [44] employs a variational auto-encoder (VAE) for image reconstruction and uses

dynamic convolution specific to entropy-driven adversarial learning for low-level feature

refinement and alignment of prediction maps.

Despite the success of these adversarial learning-based UDA methods, they are highly de-

pendent on maintaining a balance between source and target datasets. The breakdown of

this balance will affect the effectiveness of the UDA methods [160]. If the source dataset is

significantly larger than the target dataset, the model may develop a bias towards the source

samples due to the strong inductive biases inherent in deep learning models. This can lead

to poor generalization to the target domain, where the desired adaptation should occur. On

the other hand, if the source dataset is much smaller than the target dataset, the model may
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FIGURE 4.1: Schematic diagram of unbalanced source and target domain
samples in the UDA method. (a): Existing UDA methods align source and
target distributions under the balanced data distribution scenario. (b): Existing
UDA methods may result in subpar solutions with indistinct decision bound-
aries when the source and target domain samples are imbalanced. (c): Our
method can correct the decision boundary by diffusing the domain information
of target samples into the source ones.
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suffer from insufficient training, making it difficult to achieve reliable representation and

performance on the target domain [119, 147] (see Figure 4.1 (b)). These challenges highlight

the importance of developing UDA strategies that are less reliant on dataset size balance,

ensuring effective adaptation and accurate segmentation across diverse datasets.

4.1.2 Contributions

Hence, as illustrated in Figure 4.1 (c), instead of using feature alignment or image recon-

struction to reduce cross-domain bias, we propose a cross-domain information fusion strategy

through the diffusion model. The diffusion model is a latent variable model that has recently

been applied to generative models and gets impressive outcomes [108]. Diffusion models

consist of a forward diffusion process and a reverse generation process, which can obtain a

trajectory containing a sample by repetitively adding Gaussian noise T times to any initial

sample and create new data by reverse traversing the Markov chain [241, 38].

Some work based on the diffusion generation model has addressed the UDA problem by

utilizing image generation to reduce the domain gap [336, 328, 218]. Unlike these diffusion

UDA methods for synthesized images, our approach mainly focuses on latent feature genera-

tion. Specifically, we propose a novel end-to-end UDA network based on the guided diffusion

model, which transfers the domain information from the target domain into the source domain

through forward diffusion processes.

Previous research [27] has shown that the Batch Normalization (BN) layer can reflect domain-

specific information. The output of the BN layer could be seen as a Gaussian distribution

with expectation equal to 0 and variance equal to 1. Inspired by recent research [39] which

proves the superiority of utilizing the diffusion model from a feature perspective, we conduct

diffusion on the feature-level.

Accordingly, we define the output of the encoder’s final BN layer and the decoder’s final

BN layer as feature-level and pixel-level domain-specific information, respectively. Then,

the target domain’s feature-level and pixel-level features are diffused into the source domain

dataset as directional noise (which can be seen as guidance). Furthermore, when applying
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the diffusion strategy to transform the source data, we aim to maintain the content of the

source domain images to the greatest extent possible during the transition to the target

domain. Therefore, we propose a Nash equilibrium strategy to adjust the diffusion process.

This approach ensures that the source domain data is effectively transformed into the target

domain while preventing over-transformation (which may lead to the original source domain

labels being unusable), thus augmenting the dataset. By maintaining a balance, our method

effectively augments the dataset, enhancing the overall performance and robustness of the

UDA network in cross-domain optic disc and optic cup segmentation tasks.

The main contributions of this paper are summarized as follows:

• We propose a novel dynamic diffusion flow unsupervised domain adaptation frame-

work, named as DDF-UDA, which employs domain diffusion learning to tackle the

UDA task associated with joint OD/OC segmentation across diverse fundus image

datasets.

• Instead of using feature alignment to bridge the gap between the source and target

domains, DDF-UDA employs a diffusion process at both the feature and pixel levels.

This approach enables the transfer of domain information from the target data to the

source data, thus establishing domain adaptation.

• Given that the transformation from the source domain to the target domain, as well as

the maintaining of the data content inherent to the source, represent a contradictory

game theory problem, we propose a Nash equilibrium strategy to dynamically adjust

the diffusion process to achieve an optimal solution.

• We conduct extensive experiments on two kinds of UDA scenarios: imbalance UDA

(where a significant difference in data quantity exists between the source and target

domains) and traditional UDA. Experimental results demonstrate the effectiveness

of the proposed DDF-UDA compared with existing SOTA methods.
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FIGURE 4.2: Overview of our proposed DDF-UDA framework. We use
different colors to represent student and teacher models (best views in color).

4.2 Methods

4.2.1 Overview of the Framework

The purpose of UDA is to use the source domain data XS = {xs
i , y

s
i }Ns

i=1 and the unannotated

target domain data XT = {xt
i}Nt

i=1 to optimize the segmentation model. Figure 4.2 shows

an overview of the proposed approach. We propose a novel UDA paradigm based on the

diffusion model to improve the model’s generalization ability in the target domain dataset.

Specifically, our model adapts to different domain distributions by diffusing the domain

information from the target dataset into the source domain which has supervised signals.

In detail, our framework employs a dual-stream structure. Given a student network and a

teacher network, we use Es&Ds and Et&Dt to represent the encoder&decoder from different

networks, respectively. When xs
i is input into the student network Es&Ds, N images from
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the target dataset are passed to the teacher network Et&Dt simultaneously. Firstly, the source

domain feature map F of xs
i could be extracted by Es and the output from the BN layer of Es

is obtained as the feature-level source domain information Ifs,i. Then, with F passed to Ds,

the pixel-level source domain information Ips,i could be obtained through the BN layer of Ds.

As we once send N samples (which can be seen as a subset) from the target dataset to the

framework during each source data training step, we could treat this subset of the target dataset

as the target data stream XT
N = {xt

n}Nn=1. The target data stream is input into the teacher

model to obtain a set of feature-level and pixel-level target domain-specific information,

denoted as IfT = {Ift,n}Nn=1 and IpT = {Ipt,n}Nn=1, respectively. We regard IfT and IpT as a type

of directional noise for conducting domain-level information diffusion on the source input

image to achieve updated xs
′

i,N . xs
′

i,N is then resent to the student network, and the feature map

F
′ and the feature-level domain-specific information If

′

s,i are both obtained through Es. F
′

is further passed to Ds to obtain the pixel-level domain-specific information Ip
′

s,i. As for the

updated xs
′

i,N , the initial label ysi is still used as the supervision signal. Hence, one goal of the

optimization is to make sure F ≃ F
′ . Furthermore, from the UDA perspective, we strive to

ensure that If
′

s,i ≃ Ift,i, as well as Ip
′

s,i ≃ Ipt,i, to secure the domain information transformation.

Following [264], we use exponential moving average (EMA) to update the teacher-student

framework. The teacher model, which guides the learning of the student model, often benefits

from parameter updates using EMA. By averaging the weights of the teacher model over time,

EMA produces a more stable. By leveraging EMA, the teacher model maintains stability and

reduces the variance that can arise due to the domain gap. The student network is updated

through optimizing, while the teacher network is updated through EMA:

θ
(i)
t = ωθ

(i−1)
t + (1− ω)θ(i)s , (4.1)

where θ
(i)
t denotes the teacher network parameters at ith, θ(i)s represents the student network

parameters at the same step, and ω is the EMA weight hyperparameter (ω = 0.999 in our

case).
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FIGURE 4.3: Diffusion adaptation processing. We use both the feature-level
target domain information IftN and the pixel-level target domain information
IptN to update image xs

i during the diffusion process.
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4.2.2 Domain Diffusion Processing

Inspired by existing diffusion models [108, 38, 218], we adapt the forward process used

for generating diffusion models into a directed process (see Figure 4.3). In the context of

diffusion models, the forward process is a key component that plays a fundamental role in

understanding how these models generate data. The forward process gradually transforms the

original data into a highly noisy version, effectively creating a sequence of intermediate states

that transition from the data distribution to a noise distribution, typically Gaussian noise. This

process is characterized by the progressive addition of noise over a series of steps, making the

data increasingly unrecognizable as it moves forward through the sequence.

Given a real source domain image sample xs
i ∼ q(x), the domain information transferring

process could be formulated as follows [108]:

q
(
xs

′

i,1:N | xs
i

)
=

N∏
n=1

N
(
xs

′

i,n;
√

1− βnx
s
′

i,n−1, βnI
f
t,n

)
, (4.2)

αn = 1− βn, ᾱn =
n∏

i=1

αi, (4.3)

xs
′

i,N =
√
ᾱnx

s
i +

N∑
n=0

√
1− ᾱnI

f
t,n, (4.4)

where xs
′

i,N denotes the updated xs
i . The product

∏N
n=1 indicates that the distribution is

factorized over n steps, and N represents a Gaussian distribution. Both αn and βn are

adjustable hyperparameters.

Additionally, except Ift,i, we also introduce pixel-level domain information for the diffusion

process. For the pixel-level features, we aim to eliminate semantic information as much

as possible while maintaining domain information. Hence, we propose an assumption that

the image contains only two types of information: semantic level and domain level. We

introduce a Pixel-level Feature Extraction Threshold (PFT). Suppose after passing through

the dual-stream model, the segmentation results in a poor agreement between the two models

(below a specified threshold) while still maintaining similar performance (which can be seen



4.2 METHODS 77

through the evaluation metrics). We assume that under this scenario, the output of the features

by the two decoders mostly consists of domain information [314]. Therefore, we further adapt

Equation 4.5 as follows:

xs
′

i,N =
√

1− ᾱn − γ̄nx
s
i +

N∑
n=0

√
ᾱnI

f
t,n +

N∑
n=0

√
γ̄nI

p
t,n, (4.5)

where αn and γn both denote adjustable hyperparameters.

4.2.3 Optimization Processing

For optimization, we use the cross-entropy loss as our supervision loss for segmentation,

which can be denoted as Lce:

Lce = − 1

M

M∑
i=1

ysi log(pysi ). (4.6)

Note that Lce is applied to both the original source input xs
i and the updated source xs

′

i,N .

Similarly, the updated segmentation loss Lce′ are defined as:

Lce′ = − 1

M

M∑
i=1

ysi log(p
′

ysi
), (4.7)

where M is the total number of pixels, and ysi is the ground-truth label. pysi and p
′
ysi

are the

predicted probability of xs
i and xs

′

i,N , respectively.

As mentioned in Sec. 4.2.1, we aim to induce the similarity between domain information from

both source and target data for effective adaptation. Additionally, the domain characteristics

of If
′

s,i and Ift,i, as well as Ip
′

s,i and Ipt,i, need to be extremely similar to guarantee that the

domain state of the image xs
i transitions entirely from source to target. Therefore, we propose

the BN loss LBN related to domain information and the consistency loss Lcon to ensure the

consistency of the source domain supervision model to combine the supervision signal to

effectively facilitate model convergence. Lcon is calculated by Kullback-Leibler divergence

as follows:

Lcon = σ

[
N∑
i=1

F · (logF − logF ′)

]
, (4.8)
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where σ denotes the activation function. LBN is calculated by cosine similarity as follows:

LBN = Lcos(I
p
′

s,i, I
p
t ) + Lcos(I

f
′

s,i, I
f
t ), (4.9)

Lcos =
1

N

N∑
i=1

(
1−

I
′
s,i · It∥∥I ′

s,i

∥∥ · ∥It∥
)
. (4.10)

Hence, the total loss of the DDF-UDA framework can be formulated as

Ltotal = Lce + L′
ce + Lcon + LBN . (4.11)

Note that the dual-stream structure and the diffusion process are only employed during the

training phase. For inference, the test images are directly sent to the student network to obtain

the final prediction masks.

4.2.4 Nash Equilibrium

4.2.4.1 Proof of Convergence Conditions

As mentioned in Chapter 4.1, due to the opposite convergence conditions for domain trans-

formation and the preservation of source domain data’s inherent content, it is difficult to find

the optimal solution for model parameters during the training process.

Given an input source image xs
i and a network f parameterized by θ, we can formulate the

prediction result as f(xs
i ; θ). Moreover, the task gradient of each training process can be

expressed as:

gt =
∂L(f(xs

i ; θ), y
s
i )

∂θ
, (4.12)

where L denotes the loss function. Similarly, given the updated xs
i , the task gradient of each

training process should be:

g′
t =

∂L(f(xs
′

N ; θ), y
s
i )

∂θ
(4.13)

=
∂L(f(

√
1− ᾱn − γ̄nx

s
i +

√
ᾱnI

f
T +

√
γ̄nI

p
T ; θ), y

s
i )

∂θ
, (4.14)
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where ᾱn and γ̄n denote adjustable hyper-parameters, and IfT and IpT denote feature-level and

pixel-level target domain-specific information, respectively. For the domain gradient, we use

fd to represent the network to avoid confusion:

gd =
∂LBN(I

f
′

s,i, I
f
t )

∂θ
+

∂LBN(I
p
′

s,i, I
p
t )

∂θ
(4.15)

=
∂LBN(fd(

√
1− ᾱn − γ̄nx

s
i +

√
ᾱnI

f
T +

√
γ̄nI

p
T ; θ), IT )

∂θ
, (4.16)

where IT denotes the target domain-specific information from both feature-level and pixel-

level. To preserve source domain data’s inherent characteristics, each input image xs
i is a fixed

value, which can be seen as a constant term. Hence, the variables of Equation 4.14 are IfT and

IpT , which are decided by the number of target input data stream images N . To preserve the

data’s inherent characteristics, the following conditions should be satisfied:

g′
t → gt. (4.17)

Based on Equation 4.12 and Equation 4.14, Equation 4.17 can be also written as:

f(
√

1− ᾱn − γ̄nx
s
i +

√
ᾱnI

f
T +

√
γ̄nI

p
T ; θ) → f(xs

i ; θ). (4.18)

Since ᾱn ,γ̄n and xs
i are all constant terms, the convergence condition of Equation 4.18 is:

IfT , I
p
T → 0. (4.19)

For the domain transformation of source image xs
i , the domain gradient gd needs to satisfy

gd → 0. As shown in the main paper, the LBN used in our method is cosine similarity loss.

Hence, to satisfy gd → 0, the following condition should be satisfied:

fd(
√

1− ᾱn − γ̄nx
s
i +

√
ᾱnI

f
T +

√
γ̄nI

p
T ; θ) → IT . (4.20)

Similar to Equation 4.18, since ᾱn ,γ̄n and xs
i are all constant terms, the convergence condition

of Equation 4.20 is:

IfT , I
p
T → IT . (4.21)

As mentioned in Chapter 4.2.1, IT is obtained through the target data stream, which is a

non-zero value. Therefore, according to Equation 4.19 and Equation 4.21, the convergence
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condition of domain transformation and the preservation of source domain data’s inherent

characteristics are opposite, which makes it impossible for the training process to satisfy

the convergence conditions of both simultaneously. Hence, we propose a Nash equilibrium

strategy to dynamically modify the diffusion steps to achieve a local optimal for our proposed

network for the best performance.

4.2.4.2 Dynamic Nash Equilibrium Strategy

Hence, instead of setting a fixed number of target input data stream images N , we set it as a

dynamic one based on the training loss to force the training process to reach a local optimum

for the best performance of our method.

In detail, when N target samples are proceeded to transfer the domain information, which

will facilitate LBN reduction and convergence. However, this would significantly alter the

original information of the source image. Thus, Lcon will deteriorate. To this end, for the

LBN and the Lcon, their convergence conditions are inconsistent, making it challenging to

obtain a global optimal solution [40]. This situation presents a game theory problem: the

mathematical modeling of rational behavior in interdependent situations. Therefore, our goal

is no longer to attain a globally optimal solution but to achieve local optimal situations for

each objective function.

Nash equilibriumis is a game theory strategy, which can dynamically adjust training strategies

to achieve local optimal solutions while ensuring the stability of the training process [117,

247]. Drawing inspiration from the Nash equilibrium method, after assigning an initial value

to the number of target images, we use the LBN and Lcon values obtained in each diffusion

process to correct the number of target images N . During the diffusion process, the LBN /Lcon

ratio is noted as R1. If R1 is greater than 1, indicating that LBN is greater than Lcon, it is

necessary to increase N to decrease the LBN . Conversely, we need to reduce the value of N .

To this end, the training process will keep establishing a dynamic competition until a state of

equilibrium (Nash equilibrium) is achieved by both parties. The following formula shows the
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Algorithm 1 DDF-UDA Algorithm

Require: Set of source domain data XS and set of target domain data XT .
Student model parameters θ, learning rate η;
for xs

i in XS do
1:Input image xi to the student model;
2:Produce feature map F ;
3:Produce predicted mask yp;
4:Compute Lce = LCE(y, yp);
5:Update θ = θ − η∇θLce;
6:Sample N samples from XT denote as XT

N ;
for xt

n in XT
N do

7:Input image xt
n to the teacher model;

8:Produce feature-level target domain specific information Ift,n;
9:Produce pixel-level target domain specific information Ipt,n;

10:Update x
′
i,N =

√
1− α̂n − γ̂nx

s
i +

N∑
n=0

α̂nI
f
t,n +

N∑
n=0

γ̂nI
p
t,n;

11:Input x′
i,N to the student model;

12:Produce updated feature map F
′;

13:Produce predicted mask y
′
p;

14:Produce feature-level domain specific information If
′

t,n;
15:Produce pixel-level domain specific information Ip

′

t,n;
16:Compute denoised segmentation loss L′

ce = LCE(y, y
′
p);

17:Compute LBN = Lcos(I
p
′

s,i, I
p
t ) + Lcos(I

f
′

s,i, I
f
t );

18:ComputeLcon = σ[
N∑
i=1

F · (logF − logF ′)];

19:Compute L = Lce + L′
ce + Lcon + LBN ;

20:Update θ = θ − η∇θL;
end for
21:Update Teacher model with θ using EMA;

end for
Ensure: Model parameters θ.

objective of the Nash equilibrium strategy:

u1 (L∗
BN ,L∗

con) ≥ u0 (LBN ,Lcon) , (4.22)

uN (L∗
BN ,L∗

con) ≥ uN−1 (L∗
BN ,L∗

con) , (4.23)

where u0 denotes the first strategy, and u1 denotes the second strategy. uN and uN−1 denote

the strategy for the N th and (N − 1)th optimization, respectively. LBN and Lcon are the

losses without adjustment, and L∗
BN and L∗

con are the adjusted losses.
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TABLE 4.1: Statistics of three fundus datasets used for the proposed method.

Dataset Resolution Camera Number of samples Release year

DRISHTI-GS [263] 2047 × 1760 Unknown 50 Train + 51 Test 2014
RIM-ONE-r3 [79] 1072 × 1424 Canon EOS 5D 99 Train + 60 Test 2015

REFUGE [212] 2124 × 2056 Zeiss Viscucam 50 320 Train + 80 Test 2018

For a better understanding of our proposed approach, we provide the pseudo-algorithm in

Algorithm 1 (DDF-UDA Algorithm).

4.3 Experiments and Results

4.3.1 Dataset Description

We conduct experiments on three public glaucoma diagnostic datasets: RIM-ONE-r3 [79],

DRISHTI-GS [263] and REFUGE [212]. The detailed statistics of the datasets are shown in

Table 4.1.

4.3.1.1 RIM-ONE-r3 Dataset

The RIM-ONE-r3 dataset [79] is part of the RIM-ONE series, which is specifically designed

for glaucoma assessment through the segmentation of the optic disc and optic cup in fundus

images. This dataset contains images that are primarily sourced from clinical environments,

including different types of glaucomatous and healthy eyes. RIM-ONE-r3 consists of high-

resolution fundus images with varying degrees of quality and contrast, reflecting real-world

clinical conditions. The dataset provides manual annotations for the optic disc and optic cup,

making it suitable for training and validating segmentation algorithms aimed at glaucoma

detection. The diversity in image quality and the presence of various ocular conditions in

RIM-ONE-r3 pose significant challenges for segmentation models, highlighting the need for

robust algorithms that can generalize well across different cases.
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4.3.1.2 DRISHTI-GS Dataset

The DRISHTI-GS dataset [263] is another benchmark dataset specifically proposed for optic

disc and optic cup segmentation in glaucoma diagnosis. This dataset consists of 101 high-

quality fundus images, which are split into training and test sets. Each image comes with

expert annotations for both the optic disc and optic cup, providing accurate ground truth

data for evaluating segmentation algorithms. The images in DRISHTI-GS are notable for

their consistent resolution and clarity, ensuring that the optic disc and cup are well-defined,

which is crucial for precise segmentation. The value of the DRISHTI-GS dataset lies not only

in the quality of its annotations but also in its inclusion of both normal and glaucomatous

eyes. This diversity enables a thorough evaluation of segmentation models across a range

of clinical conditions, making it highly relevant for practical applications. Furthermore, the

careful curation of this dataset makes it an ideal resource for benchmarking the performance

and robustness of segmentation models, ensuring they are capable of accurately identifying

key anatomical structures under varying conditions.

4.3.1.3 REFUGE Dataset

The REFUGE (Retinal Fundus Glaucoma Challenge) dataset [212] is introduced as part of a

challenge aimed at advancing the development of automated methods for glaucoma detection

through optic disc and optic cup segmentation. REFUGE includes a larger collection of fundus

images compared to RIM-ONE-r3 and DRISHTI-GS, with 1,200 images sourced from various

populations and clinical settings. The dataset is divided into training, validation, and test sets,

with manual annotations provided for the optic disc and cup segmentation. The images in

REFUGE vary in quality, with some containing artifacts, varying illumination, and different

levels of disease progression, which mimic real-world clinical conditions. This diversity

makes REFUGE a comprehensive dataset for assessing the robustness and generalizability of

segmentation algorithms across different demographic and clinical contexts. The dataset is

also used to evaluate the performance of models in detecting glaucoma based on segmented

features, making it a valuable resource for both segmentation and diagnostic tasks.
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4.3.2 Experiment Details

4.3.2.1 Experiment Setting

We conduct extensive experimental scenarios on OD/OC segmentation for two types of UDA:

imbalanced UDA and traditional UDA. For imbalanced UDA, there is a substantial difference

in the quantity of data between the source and target domains. We select adapting Drishti-GS

to RIM-ONE-r3 and RIM-ONE-r3 to Drishti-GS settings in an imbalanced scenario. In the

case of traditional UDA, we adopt the same settings as in the previous works, utilizing the

REFUGE dataset as the source domain and the Drishti-GS and RIM-ONE-r3 datasets as the

target domains.

4.3.2.2 Evaluation Metrics

Various commonly used metrics are used to evaluate the experimental results. These include

the Dice Similarity Coefficient (Dice), which offers pixel-level accuracy evaluation. We

also employ Mean Intersection over Union (MIoU) to further compare the segmentation

performances of different approaches.

4.3.2.3 Implementation Details

Due to the image size variance across different fundus image datasets, we initially crop

the original image to yield a 512 × 512 Region of Interest (ROI) centered on the OD. For

computational efficiency, we subsequently resize the cropped image to a 256× 256 format

as the input of the network. This study employs standard data augmentation techniques to

increase the sample size, incorporating strategies such as elastic transformation, Gaussian

noise injection, random erasing, as well as random scaling and cropping. For the segmentation

network, we apply DeepLabv3+ with a pre-trained MobileNetV2 as the backbone. The

model is implemented on a workstation with one NVIDIA GeForce RTX 3090Ti GPU. For

optimization, we set the batch size to 8 with the Adam optimizer using “poly” learning rate

policy. The initial learning rate is set to 0.001, with a pixel-level feature extraction threshold

set to 0.75. For the adjustable hyper-parameters, both ᾱn and γ̄n are set to 0.01.
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TABLE 4.2: Comparison OD/OC segmentation results when adapted from
Drishti-GS to RIM-ONE-r3.

Method Drishti-GS → RIM-ONE-r3
DIdisc DIcup MIoUdisc MIoUcup

ρOSAL [311] 0.9153 0.8159 0.8957 0.8383

BEAL [310] 0.9208 0.8001 0.9003 0.8345

ISFA [158] 0.9252 0.8220 0.9059 0.8471

RDR-Net [44] 0.9215 0.8282 0.9028 0.8512

Ours 0.9572 0.8324 0.9551 0.8583

TABLE 4.3: Comparison OD/OC segmentation results when adapted from
RIM-ONE-r3 to Drishti-GS.

Method RIM-ONE-r3 → Drishti-GS
DIdisc DIcup MIoUdisc MIoUcup

ρOSAL [311] 0.9096 0.8303 0.8614 0.8325

BEAL [310] 0.9293 0.8054 0.8927 0.8116

ISFA [158] 0.9324 0.8385 0.8961 0.8413

RDR-Net [44] 0.9434 0.8430 0.9124 0.8455

Ours 0.9265 0.8478 0.9186 0.8655

4.3.3 Performance of the Proposed Method

4.3.3.1 Results on Imbalanced UDA Settings

We report the results of our model under imbalanced UDA settings in Table 4.2 and Table 4.3.

Specifically, we first select DRISHTI-GS and RIM-ONE-r3 as the source and target domains,

respectively. We compare the proposed method with four state-of-the-art OD/OC segmentation

UDA methods, i.e., ρOSAL [311], BEAL [310], ISFA [158] and RDR-Net [44]. Table 4.2

and Table 4.3 report the segmentation results of adapting Drishti-GS to RIM-ONE-r3 and the

segmentation performance when adapting from RIM-ONE-r3 to DRISHTI-GS, with the best

results highlighted in bold. For the convenience of description, the dice, and mIoU values of

OD/OC are expressed as DIdisc, DIcup, MIoUdisc, and MIoUcup.
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TABLE 4.4: Quantitative comparison OD/OC segmentation results when
adapted from REFUGE to Drishti-GS and adapted from REFUGE to RIM-
ONE-r3.

Method Drishti-GS RIM-ONE-r3
DIdisc DIcup DIdisc DIcup

No Adapt 0.930 0.854 0.822 0.703

Upper bound 0.977 0.910 0.969 0.877

Hoffman et al. [110] 0.959 0.851 0.852 0.755

Javanmardi et al. [125] 0.961 0.849 0.853 0.779

ρOSAL [311] 0.965 0.858 0.865 0.787

BEAL [310] 0.961 0.862 0.898 0.810

ISFA [158] 0.966 0.892 0.908 0.822

RDR-Net [44] 0.971 0.893 0.918 0.840

Ours 0.969 0.893 0.962 0.850

Table 4.2 illustrates that in adaptive OD/OC segmentation tasks with imbalanced data, our

DDF-UDA consistently yields competitive results across various scenarios. As the results

are shown in Table 4.2, which are performed on the Drishti-GS to RIM-ONE-r3 adaptation

task, our method achieves state-of-the-art performance on all evaluation metrics. Specifically,

DDF-UDA outperforms the prior work in terms of Dice of OD segmentation of 3.57%,

improving from 92.15% (by RDR-Net) to 95.72%. Additionally, our proposed method

exhibits remarkable performance in MIoU metrics for OD/OC segmentation. In particular,

for MIoUdisc, there were respective increases of 5.23% compared to RDR-Net. In addition,

we also report the results of adapting from RIM-ONE-r3 to Drishti-GS.

As shown in Table 4.3, under the setting of adapting RIM-ONE-r3 to Drishti-GS, our proposed

framework performs better than existing methods on 3 out of 4 evaluation metrics. The above

results validate the effectiveness of DDF-UDA, which leverages information diffusion to

bridge the domain gap between the source and target domains. Notably, when the target

dataset is larger than the source one, our method proves especially effective in adaptation tasks

by diffusing target domain information, surpassing the performance of adversarial learning

methods which rely on domain alignment.
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TABLE 4.5: Ablation study results of adapting Drishti-GS to RIM-ONE-r3
and adapting REFUGE to Drishti-GS.

Method Baseline DM NE PFT DIdisc DIcup MIoUdisc MIoUcup

Drishti-GS → RIM-ONE-r3
No Adapt ✓ 0.8952 0.7425 0.8938 0.8074

✓ ✓ 0.9530 0.8203 0.9510 0.8504

✓ ✓ ✓ 0.9580 0.8234 0.9558 0.8520

✓ ✓ ✓ ✓ 0.9572 0.8324 0.9551 0.8583

REFUGE → Drishti-GS
✓ 0.9298 0.8542 0.9201 0.8700

✓ ✓ 0.9543 0.8891 0.9611 0.8890

✓ ✓ ✓ 0.9628 0.8814 0.9629 0.8865

✓ ✓ ✓ ✓ 0.9686 0.8931 0.9640 0.9010

4.3.3.2 Results on Traditional UDA Settings

To assess the performance of our method on traditional datasets, we employ the REFUGE

dataset as the source domain, and use Drishti-GS and RIM-ONE-r3 as the target domains

separately. For the results in Table 4.4, we compare our proposed method with six SOTA

UDA methods and two baselines. In addition to the four previously mentioned SOTA OD/OC

segmentation UDA approaches, we also compare the globally aligned method proposed by

Hoffman et al. [110] and the adversarial learning-based UDA algorithm by Javanmardi et al.

[125]. For the baselines, we also train a DeepLabV3+ with source data only (“No Adapt”)

and with annotated target data only (“Upper bound”), respectively.

The results in Table 4.4 show that DDF-UDA achieves highly competitive results under the

traditional UDA settings. On the Drishti-GS dataset, the Dice scores for OD/OC segmentation

are nearly equivalent to the SOTA methods. In the adaptation from REFUGE to RIM-ONE-r3,

DDF-UDA achieves superior segmentation performance. Specifically, our method achieves

an impressive improvement on Dice score for OD segmentation (91.8% → 96.2%), indicating

a significant 4.4% gap and approaching the performance of fully supervised results (96.9%).

These reported results demonstrate that in the scenarios where the source domain contains
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TABLE 4.6: Additional ablation study results of adapting Drishti-GS to RIM-
ONE-r3.

Methods Baseline DM NE PFT DIdisc DIcup ASDdisc ASDcup

Drishti-GS → RIM-ONE-r3
No Adapt ✓ 0.8952 0.7425 13.0813 12.4975

✓ ✓ 0.9530 0.8203 4.9301 8.4319

✓ ✓ ✓ 0.9580 0.8234 3.6613 7.6471

Ours ✓ ✓ ✓ ✓ 0.9572 0.8324 3.7097 7.0776

Dis & PL 0.9013 0.8146 6.1226 8.9716

more data than the target domain, our proposed DDF-UDA consistently delivers advanced

UDA segmentation performance through dynamically diffusing target domain information.

4.3.4 Ablation Study

To assess the impact of various modules within our proposed model, we conduct ablation

experiments to evaluate the effectiveness of each module. We conduct these experiments

using Drishti-GS as the source domain and RIM-ONE-r3 as the target domain (imbalanced

UDA setting), and then using REFUGE as the source domain and Drishti-GS as the target

domain (traditional UDA setting) for clarity and consistency. Each module is designated as

follows: DM for the Diffusion Module, NE for Nash Equilibrium, and PFT for the Pixel-level

Feature Extraction Threshold. The outcomes of the different module implementations are

visually presented in Table 4.5. We utilized a model trained only on the source domain as our

baseline.

The results illustrate that as the DM, NE, and PFT modules are incrementally integrated

into the segmentation model, all evaluation metrics exhibited continuous improvement. It

is notable that in the absence of domain adaptation, the baseline displayed relatively poor

performance, with the lowest Dice scores for OD and OC in both two tasks. In contrast, the

DM module leads to an increase in Dice scores by 5.78% & 7.78% (imbalanced UDA) and

2.45% & 3.49% (traditional UDA) when compared to the baseline. It is important to highlight

that the DM module significantly contributes to improving segmentation accuracy. This is
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attributed to the DM module dynamically diffusing domain information from the target domain

data stream into the source domain training model, thereby improving domain adaptation

effects. When the NE module is introduced into the network, segmentation performance also

shows varying degrees of improvement. Finally, experimental results demonstrate that the

addition of the PFT module can improve both OD/OC segmentation results.

To provide a more comprehensive comparison of the experimental results, we conducted

additional experiments on the ablation settings of adapting Drishti-GS to RIM-ONE-r3 in

Tab 4.6. In our analysis, we included the Average Symmetric Surface Distance (ASD) for

the ablation experiments. We also added the adversarial learning-based UDA modules in our

base segmentation model. Specifically, we added a discriminator to the student model and

also followed the teacher-student framework to apply pseudo-labeling to the student model as

an extra supervision signal. Based on the results, our diffusion-based method has a stronger

adaption ability than existing adversarial learning-based UDA methods.

4.3.5 Visualization Results

Figure 4.4 presents the qualitative results of optic disc (OD) and optic cup (OC) segmentation,

where OD is highlighted in green and OC in blue. These results demonstrate the effectiveness

of our proposed approach in adapting from the Drishti-GS dataset to the RIM-ONE-r3 dataset.

The ability to maintain precise segmentation across domains highlights the robustness of

our adaptation strategy in handling domain shifts commonly encountered in fundus image

segmentation tasks.

To further assess the effectiveness of our method, we conduct an ablation study under the

same adaptation setting and visualize the corresponding results in Figure 4.5. These visual

comparisons illustrate the impact of different network configurations on segmentation per-

formance. Specifically, we observe that removing key components of our framework leads to

degraded segmentation quality, with less precise boundaries and increased misclassification in

OD and OC regions. In contrast, our proposed method consistently achieves the most accurate

and reliable segmentation results, demonstrating superior domain adaptation capability.
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FIGURE 4.4: Qualitative results of OD (green) and OC (blue) segmentation,
which adapted from Drishti-GS to RIM-ONE-r3.
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FIGURE 4.5: Visualization of OD (green) and OC (blue) segmentation results
for the ablation study conducted from Drishti-GS to RIM-ONE-r3. (a): original
images, (b): BL: Baseline, (c): BL+DM, (d): BL+DM+NE, (e): Ours.
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4.4 Discussion

The DDF-UDA study represents a significant advancement in the field of unsupervised domain

adaptation (UDA) for medical image segmentation, particularly addressing the challenges of

cross-domain segmentation tasks. This research introduces a novel dynamic diffusion-based

framework that not only surpasses traditional feature alignment methods but also improves

the accuracy of joint optic disc (OD) and optic cup (OC) segmentation. By implementing

a diffusion process at both the feature and pixel levels, the framework effectively transfers

domain-specific information across diverse fundus image datasets, which are typically marked

by significant variations in imaging conditions.

The deep learning framework developed in this research has demonstrated superior perform-

ance, achieving outstanding results on multiple fundus datasets, both in imbalance UDA,

where there is a significant difference in data distribution, and traditional UDA scenarios. This

achievement marks a novel contribution to cross-domain medical image analysis by offering

a more flexible and scalable approach to handling domain shifts. This study achieves the best

performance across these diverse scenarios, highlighting the robustness and adaptability of the

proposed deep learning approach. This innovative strategy not only addresses the domain gap

more effectively but also allows for a deeper understanding of domain-specific information,

providing a comprehensive solution for UDA tasks in medical imaging.

Building upon this research, we further explored the concentration of domain-specific in-

formation in different layers. Following that, we discussed the limitations of this work and

outlined directions for future research.

4.4.1 Domain-specific Information Extraction

In Chapter 4.1.2, previous studies [27] have demonstrated that the Batch Normalization (BN)

layer plays a critical role in capturing domain-specific information, making it a valuable

tool in domain adaptation tasks. The output of the BN layer can be modeled as a Gaussian

distribution with a mean of 0 and a variance of 1. This characteristic allows the BN layer to
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TABLE 4.7: Experiment results of adapting Drishti-GS to RIM-ONE-r3 and
adapting REFUGE to Drishti-GS of different domain-specific information
extraction methods.

Method DIdisc DIcup MIoUdisc MIoUcup

Drishti-GS → RIM-ONE-r3
w/o BN 0.8879 0.7581 0.8964 0.8153

VarBN 0.9384 0.8093 0.9426 0.8376

BN 0.9572 0.8324 0.9551 0.8583

REFUGE → Drishti-GS
w/o BN 0.9203 0.8477 0.9235 0.8713

VarBN 0.9481 0.8640 0.9413 0.8647

BN 0.9686 0.8931 0.9640 0.9010

normalize features across different domains, implicitly capturing domain-specific variations.

In our approach, we leverage the features extracted from the BN layer and treat them as key

indicators of domain-specific information.

To investigate where this domain-specific information is most effectively concentrated, we

design a series of experiments aimed at understanding the impact of different feature extraction

methods. First, we utiliz the output from the encoder/decoder’s final BN layer, using these

features directly within our model for domain adaptation. This method is based on the

hypothesis that the BN layer’s normalization process effectively captures critical domain-

specific differences. We refer to this method as "BN". Next, we test the model’s final

output feature to compare its effectiveness against the BN layer’s output (w/o BN). Finally,

we explored an alternative approach by extracting only the variance component from the

BN layer’s output and generating Gaussian noise using this variance, aiming to assess the

significance of the variance alone in capturing domain-specific traits. We abbreviated this

approach as "VarBN."

The experiments (see Table 4.7) show that using the output from the encoder/decoder’s final

BN layer, as proposed in our method, resulted in the highest performance. This outcome

highlights the idea that the BN layer’s features gain essential domain-specific information,

contributing significantly to the model’s ability to adapt to new domains. By focusing on these
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BN-layer features, our method enhances the overall effectiveness of domain adaptation in

medical image segmentation tasks, highlighting the critical role of the BN layer in addressing

domain shifts.

4.4.2 Limitations and Future Work

Although our method demonstrates significant performance improvements, several limitations

need to be discussed. First, while DDF-UDA applies to optic disc and cup segmentation

tasks, it is not explicitly tailored or optimized for the specific characteristics of the OD/OC

segmentation dataset. The lack of dataset-specific adjustments may limit the method from

reaching its full potential in these tasks. A more fine-tuned approach that considers the unique

properties of the dataset could enhance performance further.

Moreover, DDF-UDA is currently evaluated in a specific task, and there is significant potential

to explore its application across a wider range of datasets and medical imaging tasks. It could

extend its application to other datasets to assess its generalizability across different domains.

By testing DDF-UDA on a wider variety of datasets, the goal is to demonstrate its robustness

and adaptability in diverse medical imaging scenarios.

Our aim is to develop DDF-UDA into a flexible, plug-and-play domain adaptation module

that can be easily integrated into various segmentation tasks and datasets. In future work, we

plan to refine its design to ensure it can be simply applied across different contexts without the

need for extensive modifications. This will enable DDF-UDA to become a more universally

applicable tool, enhancing its utility and effectiveness in addressing a wide range of domain

adaptation challenges in medical image segmentation.

4.5 Summary

In this paper, we propose a novel DDF-UDA method to tackle the UDA for OD/OC seg-

mentation under both balanced and imbalanced data conditions. Instead of relying on feature

alignment to bridge the gap between the source and target domains, our method implements a
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diffusion process at both feature and pixel levels to gradually transfer domain information

from the target to the source for adaptation. Considering that the transformation from the

source domain to the target domain, and the maintenance of the data content of the source

domain, is a self-contradictory game theory problem, we introduce a Nash equilibrium to

govern the diffusion process and reach an optimal solution. We conduct extensive experiments

on different UDA OD/OC segmentation settings, including traditional UDA settings and

unbalanced UDA settings, to demonstrate the effectiveness of our method.



CHAPTER 5

Feature Disentanglement via Language Model for Zero-shot Domain

Adaptation

Cross-domain deep learning models are crucial for computer-aided diagnosis. Recent ad-

vances in unsupervised domain adaptation (UDA) aim to tackle this challenge by leveraging

transfer learning techniques. In Chapter 3 and Chapter 4, we respectively explore UDA

methods for medical image segmentation under class imbalance and data imbalance scenarios.

Although these approaches remain efficient and effective, they still require access to target

images during training, which is not always feasible in real-world medical scenarios due to

data availability issues.

Recently, some approaches have been proposed to achieve domain adaptation in a zero-shot

learning way, hoping to transfer the domain adaptation capability learned from irrelevant tasks

to the unseen target domains. However, these zero-shot domain adaptation (ZSDA) paradigms

face significant limitations in medical imaging, where data is often scarce. Additionally,

existing methods do not demonstrate strong generalization ability for completely unseen

target domains.

To address these challenges, we propose a novel framework that uses the language model

as the feature disentangler (named LMaD) for the ZSDA medical image segmentation task.

Specifically, we first introduce a graph learning mechanism to construct the visual graph that

captures the relationships between visual features. We then utilize a pre-trained language

model to obtain task-specific and domain-specific feature embedding. By performing feature

disentanglement with the visual graph, we aim to eliminate the interference caused by domain

information. Furthermore, a graph convolutional network is introduced to infer higher-order

96
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relationships among task-specific features within the visual graph, further enhancing the

contextual information within images. We conduct extensive experiments on fundus image

segmentation and prostate MRI segmentation. The experimental results demonstrate that

our method significantly improves the generalization ability of ZSDA models and achieves

state-of-the-art performance, highlighting its strong potential for cross-domain knowledge

transfer.

5.1 Introduction

5.1.1 Motivation

Recent deep learning models have achieved significant success in medical image segment-

ation [190, 360, 319]. However, due to the distribution shifts [28, 95] caused by different

data sources (i.e., diverse equipment, medical institutions, imaging protocols, and patient

populations), the performance of a model trained on the source domain usually declines on

the target domain [310, 71]. While fine-tuning the new domain is a simple solution, manual

annotation of these datasets by clinicians is extremely expensive and time-consuming [353].

To address the domain shift problem, unsupervised domain adaptation (UDA) methods have

gained attention for their ability to bridge the distribution gap between domains [16, 324].

Nevertheless, these methods still require specified target domain data for training to achieve

good performance in the corresponding domain [80, 310]. In real-world scenarios, predicting

which data will become the target domain is challenging, limiting the generalization ability of

these methods. Besides, in some medical scenarios, obtaining target domain images can be

difficult due to medical privacy concerns or data scarcity.

Recently, various zero-shot domain adaptation (ZSDA) methods have been introduced for

natural images, aiming to adapt models to unseen target domains that are inaccessible during

training [219, 127]. As shown in Figure 5.1 (a), existing ZSDA methods mainly focus on

introducing irrelevant tasks (IrT) to learn the ability of knowledge transfer between inter-

domains within these tasks and then apply this ability to the task of interest (ToI). These
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methods use adversarial networks to capture inter-domain transformations, aligning target

domains in ToI and achieving strong performance [219, 302, 186]. Inspired by generative-

based zero-shot learning methods [20, 8], recent ZSDA methods utilize text features obtained

from CLIP to simulate target domain visual representations, modifying prompt descriptions

to adjust source domain features to match target domain representations [66, 333]. Due to the

lower data requirements of these methods, they have also been applied in the medical field to

enhance the model’s flexibility [17, 2].

However, the aforementioned approaches are all based on the assumption that the inter-domain

discrepancies are shared across various tasks, which further brings inherent issues: (1) Due to

the scarcity of medical data and the constraints of privacy protocols, it is not always possible

to find suitable IrT to assist in domain transfer; (2) There is also a domain gap between the IrT

and the ToI, making it challenging to achieve complete feature alignment during the transfer,

which can result in performance fluctuation in the target domain.

5.1.2 Related Work

5.1.2.1 Zero-shot Domain Adaptation

Zero-shot domain adaptation (ZSDA) assumes that no target images are available during the

training phase [219]. A common approach involves using irrelevant tasks (IrT) to learn the

inter-domain transformation within these tasks and then transfer this knowledge to the task of

interest (ToI) [219, 170, 302, 186].

ZDDA [219] proposes a method to achieve domain adaptation without access to target

domain data by using task-irrelevant dual-domain pairs to learn generalized source domain

representations. ZSDA [302] introduces a method using adversarial learning to transfer inter-

domain transformations learned in IrT to ToI. Recent works have achieved significant success

in ZSDA tasks by leveraging vision-language pre-trained models [66, 333]. Among these,

PODA [66] introduces a method that uses natural language prompts to guide zero-shot domain

adaptation. ULDA [333] proposes a method that converts natural language descriptions into

guiding information, enabling domain adaptation without target domain images. Despite



5.1 INTRODUCTION 99

E

LM

Task-
Prompt

Domain-
Prompt

FDM

(b) 

Domain 
shift

Irr
el

ev
an

t T
as

k
Ta

sk
 o

f I
nt

er
es

t

Source Target

(a) 

Tr
an
sf
er

Task-relevant

Domain-relevant

FIGURE 5.1: Illustration of the differences between previous ZSDA methods
and our approach. (a): Previous ZSDA methods introduce IrT to learn domain
transformations and transfer this knowledge to the ToI. (b): Our LMaD uses
a language model as a disentangler to eliminate the interference caused by
domain information.
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those from IrT tasks, are available. As mentioned in the Introduction, it is crucial to find a

method that does not rely on the IrT transfer.

5.1.2.2 Disentangling Representation in UDA

The concept of disentangled representations has been utilized in unsupervised domain ad-

aptation to decompose features into domain-invariant and domain-specific components [23].

Recent works have employed adversarial learning [343], variational autoencoders (VAE) [56],

and graph neural networks (GNNs) [194, 193] to learn disentangled representations.

In addressing UDA problems using GNN and disentangled learning techniques, Mahapatra [194]

proposed a UDA method for medical image classification that leverages feature disentan-

glement and graph convolutional networks (GCN). Similarly, GCAN [193] introduced a

graph convolutional adversarial network for unsupervised domain adaptation, which transfers

features on graphs and aligns and disentangles source and target domain features through

adversarial learning. However, these methods are not directly applicable to zero-shot domain

adaptation because they require access to target domain data during training. In contrast, our

approach focuses on disentangling task-specific and domain-specific features without relying

on any target domain data during the training phase, making it more suitable for ZSDA tasks.

5.1.3 Contributions

Hence, in this chapter, we propose a novel language-driven feature disentanglement paradigm

for medical image segmentation ZSDA task, named LMaD (see Figure 5.1 (b)). Unlike exist-

ing ZSDA methods, our paradigm no longer relies on IrT during training to pre-learn inter-

domain correlations. Instead, we use feature disentanglement learning to retain task-specific

information while removing domain-specific information from the source domain. LMaD con-

sists of a graph learning mechanism and a feature disentanglement module (FDM). In detail,

the graph learning mechanism projects visual features into graph representations to capture

the inter-relationships. The FDM leverages the pre-trained language model (BERT [57] in

our cases) to obtain task-specific and domain-specific features through different text prompts.



5.2 METHODS 101

These features interact with the visual feature graph to disentangle visual task-specific and

domain-specific features, thereby eventually removing the interference caused by domain-

specific information. Additionally, a graph convolutional network (GCN) is utilized to reason

the remaining task-specific visual graph to infer the contextual information within the images.

In a nutshell, our contributions are summarized as follows:

• We propose a language-driven feature disentanglement paradigm, termed LMaD,

which uses a language model as the disentangler for ZSDA tasks in medical image

segmentation.

• We introduce a Feature Disentanglement Module (FDM) that uses a language model

for feature disentanglement and works with the source domain visual feature graph

to remove domain-specific information. Graph reasoning is designed to enhance

the inference of contextual information in source images, resulting in improved

segmentation performance.

• We evaluate the performance of the proposed algorithm on the joint optic disc

(OD) and optic cup (OC) fundus image segmentation, as well as prostate MRI

segmentation, demonstrating competitive performance that surpasses state-of-the-art

comparison algorithms.

5.2 Methods

5.2.1 Problem Definition

ZSDA focuses on leveraging labeled data from a source domain to enhance the generalization

performance of a model in a target domain where no labeled data is available. Formally, the

problem formulation can be defined as follows:

Given a source domain dataset with its corresponding annotation denoted as Ds = {(xs
i , y

s
i ) |

xs
i ∈ RH×W×3, ysi ∈ {0, 1}H×W}Ns

i=1, where xs
i represents the i-th image in the source

domain, ysi represents the corresponding segmentation label for the i-th image, and Ns is
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FIGURE 5.2: Overview of our proposed LMaD framework. LMaD includes
two branches: a visual branch produces visual graphs and final segmentation
results, and a text branch generates domain-specific and task-specific informa-
tion for feature disentanglement. Best view in color. It includes three major
components: visual graph construction, feature disentanglement module, and
graph reasoning. The task prompt can be any sentence describing the task,
i.e., “This is a fundus image for cup and disc segmentation”, and the domain
prompt can be any sentence containing the domain information, i.e., “This is a
fundus image from the source dataset”.

the number of labeled samples. We train a segmentation model M using the DeepLabv3+

architecture on the source domain dataset only. During inference, an unseen target test dataset

Dt = {xt
i | xt

i ∈ RH×W×3} is given, where xt
i represents the i-th image in the target domain.

Our goal is to adapt the trained model M to this target domain to improve its performance.

5.2.2 Overview

Figure 5.2 illustrates the framework of our LMaD, which includes three major components:

visual graph construction, feature disentanglement module, and graph reasoning.
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Visual Graph Construction. Given an input image xs
i , the visual encoder extracts visual

feature embedding f ∈ Rh×w×d. The feature f is then transformed into the source-dependent

semantic graph G = (V,E) using graph projection and the K-means algorithm. In this visual

graph, the vertices V ∈ RD×K , where D = h×w×d
K

, and the vertices are partitioned into K

clusters.

FDM. To extract semantic representations of textual descriptions, we employ a feature

extraction pipeline using a pre-trained BERT model. We define two input sentences (task

and domain prompts) to distinguish task-specific and domain-specific features. The language

model converts these sentences into high-dimensional feature vectors LT and LD , representing

the task-specific and domain-specific text embedding, respectively. Then, LT , LD and G are

sent to the FDM to disentangle visual task-specific and domain-specific features. We can

further obtain the updated V ′
K ∈ RD×K with the domain information removed.

Graph Reasoning. In this stage, graph reasoning is conducted to obtain enhanced graph

representations V̂K by graph convolution network [144]. The enhanced V̂K is then projected

back into the original embedding space to get the updated visual feature f ′. Finally, f ′ is fed

into the decoder of M to produce the predicted segmentation result.

5.2.3 Graph Construction

In our method, the graph construction process begins with inputting xs
i into a visual encoder

to extract visual feature embedding f ∈ Rh×w×d, where f has a spatial resolution of h× w.

To remove domain information from f , we construct a graph that organizes its information.

There are two common ways to construct graphs: pixel as nodes [116, 163] and K-means as

nodes [168, 342]. Since our goal is to use the graph to organize the internal relationships of

visual features for subsequent feature disentanglement, instead of using pixel-wise features as

nodes, we employ the K-means algorithm to cluster the features. In detail, following [346,

168], we introduce a learnable graph projection Wproj ∈ RK×D with each column ck as the

clustering center of the k-th node.



104 5 FEATURE DISENTANGLEMENT VIA LANGUAGE MODEL FOR ZERO-SHOT DOMAIN ADAPTATION

For each feature vector fi located at coordinates i in the feature map, we calculate its soft

assignment to the k-th node using the following formula:

Qi
k =

exp
(
−∥fi−ck∥2

2σ2

)
∑K

m=1 exp
(
−∥fi−cj∥2

2σ2

) , (5.1)

where σ is a scaling factor that controls the spread of the clusters, and K is the total number

of clusters. The feature representation of each graph node is then derived by aggregating the

features weighted by their assignments:

VK =

∑
iQ

i
kfi∑

i Q
i
k

. (5.2)

Here, VK is the feature vector of the k-th node, capturing the collective properties of the

features assigned to it. We can obtain the visual graph nodes V ∈ RD×K , where V consists

of K clusters, each of which can also be viewed as a sub-graph. Hence, the visual graph

can be also represented as V = {V1, V2, . . . , VK}. This graph projection process translates

high-dimensional image features into a structured graph format, which facilitates subsequent

analysis and reasoning tasks by encapsulating spatial and semantic relationships within the

image.

5.2.4 Feature Disentanglement Module (FDM)

We use a pre-trained BERT [57] as the language model for feature disentanglement. Spe-

cifically, we design two different prompts: task prompt and domain prompt, and send these

prompts into the language model separately to obtain the task-specific feature LT ∈ Rm×1

and domain-specific feature LD ∈ Rm×1, where m is the feature dimension. The task prompt

can be any sentence describing the task, i.e., “This is a fundus image for cup and disc seg-

mentation”, and the domain prompt can be any sentence containing the domain information,

i.e., “This is a fundus image from the source dataset”.

To remove domain-specific information while retaining task-specific information, we propose

a Feature Disentanglement Module (FDM). As shown in Figure 5.3, the visual graph is

divided into K sub-graphs. To eliminate the interference caused by domain information, we
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…
Domain-specific

FDM

…
Task-specific

Cosine Similarity

Graph Decomposition

FIGURE 5.3: Proposed Feature Disentanglement Module (FDM). The visual
graph is divided into K sub-graphs to measure the similarity with domain-
specific and task-specific information, separately.

calculate the cosine similarity between each sub-graph VK ∈ RD×1 and the two text features:

task-specific LT ∈ Rm×1 and domain-specific LD ∈ Rm×1. Note that LT and LD are both

passed through a linear layer and resized from Rm×1 → RD×1 to ensure that VK , LT and LD

have the same dimensions. The cosine similarity between VK and LT is computed as:

LT
cos = 1− VK · LT

∥VK∥∥LT∥
. (5.3)

Similarly, the cosine similarity for VK and LD is given by:

LD
cos = 1− VK · LD

∥VK∥∥LD∥
. (5.4)
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By performing Equation 5.3 and Equation 5.4, we can obtain two lists of similarity scores:

the task-specific similarity scores, represented as ST = {ST
1 , S

T
2 , . . . , S

T
K}, and the domain-

specific similarity scores, represented as SD = {SD
1 , S

D
2 , . . . , S

D
K}, where S denotes the

scores. Since each sub-graph may simultaneously contain both task and domain information,

we cannot simply remove those sub-graphs that are strongly correlated with the domain.

To better eliminate the interference caused by domain information, we propose a node

information update strategy based on conditional judgments.

For the two lists ST
K and SD

K , we first introduce the hyperparameter N (0 < N < K), which

is defined as the number of top N pieces of information considered most relevant, with a total

of K results. Hence, two subsets ST
N and SD

N of ST
K and SD

K can be obtained, with each subset

containing their first N values. The hyperparameter λ is used to adjust the control rate of

the updated V ′
K . We then update VK using Algorithm 2 to obtain the updated visual graph

V ′
K ∈ RD×K , where domain information is effectively removed while task information is

retained.

5.2.5 Graph Reasoning

After getting the updated visual graph V ′
K from the FDM, we first compute its adjacency

matrix using:

A = V ′
K × V

′T
K , (5.5)

where V
′T
K denotes the transpose matrix of V ′

K .

We then introduce the graph convolution network (GCN) to infer higher-order relationships

between task-specific features in the updated visual graph and further enhance the contextual

information in the image:

V̂K = σ(AV ′
KW ), (5.6)

where V̂K denotes the enhanced visual graph, σ(·) denotes the activation function, and W

denotes the learnable parameters.
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We then conduct graph re-projection to merge the refined graph features back into the original

feature space:

f ′ = V̂ T
K ×Qi

k, (5.7)

where f ′ ∈ RH×W×d is the enhanced feature map, which is further fed into the decoder of

network M to obtain the final segmentation result ŷsi .

For optimization, we only use the cross-entropy loss Lce as the target function for segmenta-

tion.

Therefore, the overall loss for training is expressed as:

L = Lce(y
s
i , ŷ

s
i ). (5.8)

Algorithm 2 Node Information Update

Require: Lists of similarity scores ST
K and SD

K , subsets ST
N and SD

N of the similarity scores,
N , λ

1: for each K do
2: if ST

K ∈ ST
N and SD

K /∈ SD
N then

3: V ′
K = VK × 1

4: else if ST
K /∈ ST

N and SD
K ∈ SD

N then
5: V ′

K = VK × 0
6: else if ST

K ∈ ST
N and SD

K ∈ SD
N then

7: if ST
K ≥ SD

K then
8: V ′

K = VK × λ
9: else

10: V ′
K = VK × (1− λ)

11: end if
12: else if ST

K /∈ ST
N and SD

K /∈ SD
N then

13: if ST
K ≥ SD

K then
14: V ′

K = VK × 1
15: else
16: V ′

K = VK × 0
17: end if
18: end if
19: end for
Ensure: V ′

K
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5.3 Experiments and Results

5.3.1 Dataset Description

5.3.1.1 Fundus Datasets

To evaluate the effectiveness of our proposed method, we conduct experiments on three

widely used public OD/OC segmentation datasets: the REFUGE dataset [212], the Drishti-GS

dataset [263], and the RIM-ONE-r3 dataset [79]. Detailed statistics for these three datasets

are provided in Chapter 4.3.1.

For a more comprehensive evaluation, we evaluate our method on four challenging zero-shot

domain adaptation scenarios: RIM-ONE-r3 → Drishti-GS, Drishti-GS → RIM-ONE-r3,

REFUGE → Drishti-GS and REFUGE → RIM-ONE-r3.

5.3.1.2 Prostate MRI Datasets

We use five multi-site public prostate MRI datasets for comparison experiments. Specifically,

RUNMC (site A) and BMC (site B) from NCI-ISBI 2013 dataset are used as two separate

source datasets [208]. HCRUDB (site C) from I2CVB dataset [159], UCL (site D) and

BIDMC (site E) from PROMISE12 dataset [172] are used as the target datasets. Table 5.1

shows the details of five prostate MRI datasets used for the proposed method.

• NCI-ISBI 2013 Dataset: The RUNMC dataset is sourced from Radboud University

Nijmegen Medical Centre, and the BMC dataset originates from Boston Medical

Center. Both datasets are part of the NCI-ISBI 2013 Challenge, designed to promote

the development of automated segmentation algorithms for prostate MRIs. These

datasets include multi-parametric MRI scans with T2-weighted imaging, which

is widely used in clinical practice for prostate cancer diagnosis and management.

RUNMC and BMC datasets offer variations in imaging quality, scanner models, and

acquisition protocols, providing a comprehensive challenge for algorithm robustness

and generalization across different medical imaging setups.
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TABLE 5.1: Statistics of five prostate MRI datasets used for the proposed method.

Dataset Institution Num of samples Field Strength Endorectal Coil Camera

Site A RUNMC 30 3 T Surface Siemens
Site B BMC 30 1.5 T Endorectal Philips
Site C HCRUDB 19 3 T No Siemens
Site D UCL 13 1.5 and 3 T No Siemens
Site E BIDMC 12 3 T Endorectal GE

• I2CVB Dataset: The HCRUDB dataset is derived from the I2CVB dataset, curated

by the Initiative for Collaborative Computer Vision Benchmarking. This dataset

includes high-resolution T2-weighted MRI scans, providing a detailed anatomical

view of the prostate gland. HCRUDB is notable for its rigorous annotation stand-

ards, which involve expert radiologists to ensure high accuracy in the delineation

of prostate boundaries. The dataset is particularly valuable for research into the

segmentation of the prostate in complex cases where the gland’s appearance may be

obscured by surrounding anatomical structures or pathology.

• PROMISE12 Dataset: The UCL dataset comes from University College London,

while the BIDMC dataset is provided by Beth Israel Deaconess Medical Center. Both

datasets are part of the PROMISE12 challenge, a benchmark competition aimed

at advancing the field of prostate MRI segmentation. These datasets contain T2-

weighted MRIs and are characterized by their inclusion of diverse patient populations

and imaging conditions, which are crucial for developing algorithms that can perform

reliably across different clinical environments. The PROMISE12 dataset emphasizes

the importance of model validation in multi-center studies, where variability in image

acquisition and patient demographics can significantly impact the performance of

segmentation algorithms.

Detailed statistics for these three datasets are followed [181] 1. We set six zero-shot domain

adaptation scenarios: A → {C, D, E} and B → {C, D, E}.

1https://liuquande.github.io/SAML/
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5.3.2 Experimental Setup

5.3.2.1 Evaluation Metric

For the ZSDA OD/OC segmentation task, we use the Dice similarity coefficient (Dice) and

the average symmetric surface distance (ASD) as evaluation metrics for segmentation per-

formance. Dice measures the overlap between predicted and ground-truth masks, effectively

indicating segmentation accuracy. ASD assesses the average distance between the surfaces of

the masks, capturing boundary precision. A higher Dice value denotes better performance,

while a lower ASD value is preferable. For convenience, the Dice and ASD values of OD/OC

are expressed as DIdisc, DIcup, ASDdisc, and ASDcup, respectively.

For the ZSDA prostate MRI segmentation task, we only use the Dice similarity coefficient

(Dice) as the evaluation metric.

5.3.2.2 Baseline Methods

To comprehensively evaluate our proposed method, we compared it with several baselines,

including:

• Following the settings of previous domain adaptation methods [310], we set the

benchmark of our model to “upper-bound”. The “upper-bound” setting involves

fully supervised model training on the annotated target data.

• The proposed method is compared with five state-of-the-art methods for the zero-

shot domain adaptation task, i.e., ZDDA [219], CoCoGAN [170], ZSDA [302],

P∅DA [66], and Liu et al. [186].

5.3.2.3 Implementation Details

For the segmentation network, we use DeepLabv3+ [34] with a pre-trained MobileNetV2 [244]

as the backbone. The pre-trained BERT [57] is used for feature embedding generation in

the language model. All experiments are conducted on a single GeForce RTX 3090Ti GPU

with 24GB memory. For training, the Adam optimizer is used with a “poly" learning rate
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TABLE 5.2: Comparison with state-of-the-art methods on the OD/OC Seg-
mentation task when adapted from RIM-ONE-r3 to Drishti-GS.

Methods
RIM-ONE-r3 → Drishti-GS

DIdisc ↑ DIcup ↑ ASDdisc ↓ ASDcup ↓
Upper-bound 97.7 91.0 - -
ZDDA [219] 82.6 58.0 8.91 31.4

CoCoGAN [170] 87.1 67.2 7.49 11.45
ZSDA [302] 87.1 79.5 7.81 7.56
P∅DA [66] 89.1 80.1 6.41 7.18

Liu et al. [186] 92.5 83.6 5.59 5.84
LMaD (Ours) 93.6 84.3 3.91 5.46

TABLE 5.3: Comparison with state-of-the-art methods on the OD/OC Seg-
mentation task when adapted from Drishti-GS to RIM-ONE-r3.

Methods
Drishti-GS → RIM-ONE-r3

DIdisc ↑ DIcup ↑ ASDdisc ↓ ASDcup ↓
Upper-bound 96.7 87.7 - -
ZDDA [219] 86.7 68.6 6.17 7.32

CoCoGAN [170] 88.8 66.1 5.20 5.22
ZSDA [302] 89.9 72.0 6.67 4.99
P∅DA [66] 91.9 73.3 5.49 5.32

Liu et al. [186] 92.3 79.6 5.48 3.89
LMaD (Ours) 94.5 80.9 4.72 7.19

policy. The initial learning rate is set to 0.001, and the model is trained for 200 epochs with

the batch size of 8. For the hyperparameters, we set the number of nodes to 8, N to 4, and λ

to 0.8. A detailed analysis and ablation studies of these hyperparameters can be found in the

Supplementary Materials.

For data pre-processing, we set different strategies for different tasks:

• Fundus datasets: Given the varying image sizes across different fundus image

datasets, we first crop the original images to obtain a 512× 512 Region of Interest

(ROI) centered on the OD. For computational efficiency, we then resize the cropped



112 5 FEATURE DISENTANGLEMENT VIA LANGUAGE MODEL FOR ZERO-SHOT DOMAIN ADAPTATION

TABLE 5.4: Comparison with state-of-the-art methods on the OD/OC Seg-
mentation task When adapted from REFUGE to Drishti-GS.

Methods REFUGE → Drishti-GS
DIdisc ↑ DIcup ↑ ASDdisc ↓ ASDcup ↓

Upper-bound 97.7 91.0 - -
ZDDA [219] 86.6 76.8 7.99 8.51

CoCoGAN [170] 92.5 81.6 3.84 4.84
ZSDA [302] 93.6 86.0 5.37 8.48
P∅DA [66] 93.0 85.3 4.03 5.67

Liu et al. [186] 94.8 84.6 3.49 5.18
LMaD (Ours) 96.6 87.0 2.04 4.18

images to 256 × 256 for network input. To enhance the sample size, we apply

standard data augmentation techniques, including Gaussian noise injection, elastic

transformation, random erasing, and random scaling and cropping.

• Prostate MRI datasets: We follow the same data pre-processing setting as [129].

Following the approach of [181], we augment the images by applying random

rotations with angles of 0, 90, 180, or 270 degrees, and by flipping them either

horizontally or vertically.

5.3.3 Comparisons with State-of-the-art Methods

Table 5.2 and Table 5.3 show the segmentation performance on the two domain adaptive

tasks: RIM-ONE-r3 → Drishti-GS and Drishti-GS → RIM-ONE-r3. In the RIM-ONE-r3 →

Drishti-GS task, LMaD outperforms all baseline approaches under four evaluation metrics.

We observe that the Dice values of our method outperform Liu et al. by a margin of 1.1% on

disc segmentation, with a notable improvement of 1.68 for ASDdisc. In the Drishti-GS →

RIM-ONE-r3 adaptation task, LMaD achieves 2.2% and 1.3% performance improvements on

DIdisc and DIcup, respectively, compared to the respective state-of-the-art techniques.

Table 5.4 and Table 5.5 present the experimental results on REFUGE → Drishti-GS and

REFUGE → RIM-ONE-r3 adaptation tasks. It is worth noting that our method significantly
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TABLE 5.5: Comparison with state-of-the-art methods on the OD/OC Seg-
mentation task When adapted from REFUGE to RIM-ONE-r3.

Methods
REFUGE → RIM-ONE-r3

DIdisc ↑ DIcup ↑ ASDdisc ↓ ASDcup ↓
Upper-bound 96.9 87.7 - -
ZDDA [219] 73.0 55.0 13.69 7.39

CoCoGAN [170] 87.6 60.4 5.77 7.94
ZSDA [302] 87.0 67.2 7.49 11.45
P∅DA [66] 88.4 77.3 6.81 8.56

Liu et al. [186] 89.1 76.0 6.41 8.18
LMaD (Ours) 90.4 78.6 4.56 7.78

TABLE 5.6: Comparison with state-of-the-art methods on the ZSDA prostate
MRI segmentation tasks (Site A as source domain).

Methods
Prostate MRI Segmentation (Dice %)

Site A → Site C Site A → Site D Site A → Site E
Upper-bound 90.8 80.4 91.8
ZDDA [219] 77.2 69.5 78.8

CoCoGAN [170] 79.7 71.2 81.1
ZSDA [302] 82.6 73.2 83.8
P∅DA [66] 83.3 74.8 85.9

Liu et al. [186] 86.1 76.7 87.7
LMaD (Ours) 88.2 78.8 89.7

outperforms other irrelevant task-based ZSDA methods. In the REFUGE → Drishti-GS task,

it is important to observe that our method is able to obtain segmentation results in DIdisc that

is closer to the upper-bound compared to other comparison algorithms, with improvements

of 2.4% in DIcup. In the REFUGE → RIM-ONE-r3 task, our method achieves the best

scores among all methods, with Dice being 1.3% and 2.6% improvement on disc and cup

segmentation, respectively. In addition, LMaD demonstrates a 1.85 performance improvement

on ASDdisc.

We also report the segmentation results on the prostate MRI segmentation task in Table 5.6

and Table 5.7. As shown in the tables, our proposed LMaD yields more accurate segmentation
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TABLE 5.7: Comparison with state-of-the-art methods on the ZSDA prostate
MRI segmentation tasks (Site B as source domain).

Methods
Prostate MRI Segmentation (Dice %)

Site B → Site C Site B → Site D Site B → Site E
Upper-bound 90.8 80.4 91.8
ZDDA [219] 78.3 69.5 77.0

CoCoGAN [170] 81.4 71.4 83.0
ZSDA [302] 82.6 72.6 84.3
P∅DA [66] 84.4 74.4 86.5

Liu et al. [186] 86.8 76.5 87.0
LMaD (Ours) 87.9 78.7 89.9

TABLE 5.8: Ablation study of key components on REFUGE → Drishti-GS
adaptation task.

Methods
REFUGE → Drishti-GS

DIdisc ↑ DIcup ↑ ASDdisc ↓ ASDcup ↓
w/o FDM 93.0 85.4 8.72 10.37
w/o GCN 95.2 84.7 2.78 5.15

LMaD (Ours) 96.6 87.0 2.04 4.18

results over existing SOTA methods (i.e., 86.1% → 88.2% for A → C and 76.5% → 78.7%

for B → D).

5.3.4 Ablation Studies

5.3.4.1 Component Effectiveness

We study the effectiveness of two key components (FDM and GCN) in our method, with

results shown in Table 5.8. To evaluate the contribution of each component, we conduct the

ablation study on REFUGE → Drishti-GS adaptation task. “w/o FDM” denotes directly using

the language model and visual feature for feature disentanglement without employing the

graph. As shown in Table 5.8, we can observe that without using the graph, the results for

all metrics are worse than our LMaD. Specifically, DIdisc is 3.6% lower than our method.
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TABLE 5.9: Ablation study for graph node number on REFUGE → Drishti-
GS adaptation task.

Nodes number DIdisc ↑ DIcup ↑ ASDdisc ↓ ASDcup ↓
6 94.2 81.1 3.35 6.27

10 96.0 84.1 2.3 5.4
Ours (8) 96.6 87.0 2.04 4.18

ASDdisc and ASDcup show significant differences from LMaD, with discrepancies of 6.68

and 6.19, respectively. This highlights the importance of constructing a graph to organize

visual features.“w/o GCN” denotes the updated visual graph V
′
K is directly sent to the visual

decoder instead of using a GCN for reasoning. It can be seen that without the GCN to enhance

image context features, the performance is lower than our method, with a 2.3% decrease in

DIcup. This denotes the effectiveness of graph reasoning. It can be concluded that all modules

positively contributed to our method, with the complete framework achieving the best overall

performance.

5.3.4.2 Hyperparameter Analysis

Using the REFUGE → Drishti-GS on fundus image segmentation task as an example, we

investigated the performance of LMaD under various parameter settings. First, we examined

the sensitivity of the number of nodes during graph construction.

Table 5.9 shows that the model’s performance improves as the number of nodes increases

from 6 to 8. However, increasing the number of nodes to 10 leads to a decline in performance,

indicating an optimal range for node quantity.

Additionally, Table 5.10 illustrates the impact of selecting different values for N on the

results. We can observe that when N is set to 4, the model’s performance significantly

improves, suggesting that this selection enhances the model’s ability to focus on the most

relevant features. The control rate λ reflects the effect of different update weights on removing

domain-specific information.
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TABLE 5.10: Ablation study for N on REFUGE → Drishti-GS adaptation task.

N DIdisc ↑ DIcup ↑ ASDdisc ↓ ASDcup ↓
2 91.3 79.0 5.67 7.59
3 92.0 86.0 5.21 4.81

Ours (4) 96.6 87.0 2.04 4.18

TABLE 5.11: Ablation study for λ on REFUGE → Drishti-GS adaptation task.

λ DIdisc ↑ DIcup ↑ ASDdisc ↓ ASDcup ↓
0.9 95.4 82.7 2.55 5.77
0.7 94.8 86.0 3.66 4.60

Ours (0.8) 96.6 87.0 2.04 4.18

As shown in Table 5.11, setting λ too low (0.7) or too high (0.9) adversely affects the model’s

performance, indicating that a balanced setting is crucial for optimal results. This analysis

underscores the importance of carefully tuning these parameters to maximize the effectiveness

of our approach.

5.3.5 Visualization Results

Figure 5.4 shows the visualization results of REFUGE → Drishti-GS (fundus image) and A

→ C (prostate MRI image) adaptation tasks. From these visualizations, it is clear that our

method outperforms other approaches, demonstrating superior adaptation performance in

both tasks. The results highlight our model’s ability to effectively handle domain shifts in

ZSDA task, maintaining higher accuracy compared to existing methods.

5.4 Discussion

The presented LMaD framework marks an important advancement in the field of Zero-Shot

Domain Adaptation (ZSDA) for medical image segmentation, offering an innovative approach

with a novel representation of feature disentanglement using pre-trained language models.

The experimental results of LMaD have been impressive, demonstrating its capability to
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FIGURE 5.4: Visualization of segmentation results for different comparison
algorithms (REFUGE → Drishti-GS and A → C ). In fundus images, green
for OD segmentation, and blue for OC segmentation. In MRI task, green for
prostate segmentation.
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achieve efficient and consistent segmentation across fundus images and prostate MRI datasets.

This efficiency is further complemented by the framework’s ability to generalize to unseen

domains, making it particularly useful for medical scenarios with limited or unavailable

target domain data. One of the key strengths of LMaD lies in its use of a language model to

disentangle task-specific and domain-specific features. By disentangling task-specific from

domain-specific features, the framework eliminates domain interference, thereby improving

segmentation accuracy. This feature can be beneficial in various cross-domain medical

imaging tasks, illustrating the framework’s broad applicability in medical image analysis.

5.4.1 LLMs for Medical Domain Adaptation

Building on this work, we expanded LMaD to explore the potential of large language models

(LLMs) for medical domain adaptation in a new study. This extended research goes beyond

segmentation tasks to examine the application of LLMs in both classification and segmentation

within medical computer vision. Specifically, we introduced the use of text prompts as a

plug-and-play mechanism, enabling LLMs to adapt to various medical imaging tasks without

requiring any target domain training. Leveraging large language models [57, 161] may

provide a deeper understanding of textual information, allowing the extraction of more

relevant details. These LLMs could also offer enhanced comprehension of the differences

between images from various domains, making a more complex domain adaptation process.

By integrating the LLMs with our existing network, it could improve the overall adaptation

process, leading to better generalization across diverse datasets.

This approach also addresses domain generalization, allowing the model to perform effectively

across different domains without the need for labeled target data. With the ability to handle

different medical image processing tasks, this approach opens new avenues for applying

LLMs to medical image analysis, offering a comprehensive solution to domain adaptation

challenges in medical data. The use of LLMs holds promise for significantly improving

the accuracy and efficiency of medical diagnosis and analysis, positioning it as a promising

direction for future advancements in the field.
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5.4.2 Limitations and Future Work

While our current work achieved considerable success, there are several areas where im-

provements can be made in future research to further enhance the model’s performance and

adaptability. First, since we incorporated a language model BERT [57], the training time

and complexity of the model have increased due to the higher computational requirements

and the large number of parameters involved. This added complexity can lead to longer

training periods, making the model less efficient in scenarios where computational resources

are limited. Future work could focus on optimizing the language model to reduce both the

training time and the number of parameters without compromising performance, thereby

improving the overall efficiency of the approach.

In addition to enhancing the language model, there is substantial potential to refine the text

branch of our approach by replacing the current static text prompts with the dynamic or

context-specific prompts. While the current prompts are functional, they could be augmented

by incorporating external sources of information that provide detailed descriptions related to

the images. This could include domain-specific knowledge or real-time updates to the prompts

based on the content/description of the image, making a more flexible and adaptive interaction

between the text and image features. Such improvements would allow the model to generate

richer and more contextually informed representations, thereby improving performance.

These enhancements would contribute to a more robust and versatile system capable of

handling diverse and complex visual scenarios. All of these could be interesting future

directions in this area.

5.5 Summary

In this paper, we propose a novel language-driven feature disentanglement paradigm for the

OD/OC segmentation ZSDA task. Specifically, we introduce a graph learning mechanism to

project visual features into graph representations to capture the inter-relationships. We use a

pre-trained language model to obtain task-specific and domain-specific feature embeddings
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and perform feature disentanglement with the visual graph to eliminate domain interference.

Additionally, a graph convolutional network infers higher-order relationships among task-

specific features and enhances contextual information in the images. Extensive experiments on

joint segmentation of OD/OC and prostate MRI segmentation demonstrate that our approach

effectively enhances ZSDA model performance.



CHAPTER 6

Conclusions and Future Directions

6.1 Conclusions

In this thesis, we explore novel domain adaptive deep learning frameworks for medical image

segmentation under data-efficient scenarios. Our goal is to develop methods that tackle the

challenge of limited annotated data, which is a common challenge in deep learning for medical

imaging. This comprehensive work consists of three studies, each addressing different tasks

in data-efficient settings, and collectively contributing to advancements in domain adaptation

for medical image segmentation. In the first study, we introduce CAPL-Net, an unsupervised

domain adaptation framework for nuclei segmentation and classification, which reduces

domain bias through a category-aware feature alignment module and a pseudo-labeling

network. The second study (DDF-UDA) proposes a dynamic diffusion-based framework that

enhances cross-domain segmentation performance for fundus images. Our third study, LMaD,

focuses on zero-shot domain adaptation for medical image segmentation, leveraging language

models to disentangle domain information and improve model generalization when the target

data is unseen during training.

More specifically, in the first study (Chapter 3), we introduce a novel deep network called the

Category-Aware Feature Alignment and Pseudo-Labeling Network (CAPL-Net), specifically

designed for unsupervised domain adaptation (UDA) in nuclei instance segmentation and

classification. CAPL-Net is motivated by two key factors. First, nuclei in histopathology

images belong to different categories and vary in quantity, with distinct features across

these categories. To address this, we propose a category-level feature alignment module

with dynamically learnable balancing weights, enabling balanced alignment between shared
121
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domain features and category-specific features. Additionally, a nuclei-level prototype pseudo-

labeling mechanism further enhances the generalization capability of the model. Extensive

experiments on cross-domain nuclei segmentation and classification tasks demonstrate state-

of-the-art performance, validating the effectiveness of the proposed approach.

Most previous UDA methods rely on adversarial learning, which heavily depends on the

balance of the source and target datasets to align features. In Chapter 4, we develop DDF-

UDA, a dynamic diffusion-based framework to address this issue. Instead of using adversarial

learning, DDF-UDA introduces an adaptive module based on feature- and pixel-level diffusion

processes to reduce cross-domain discrepancies. To adjust the domain information of the

source images while preserving their inherent content, we propose a Nash equilibrium

adjustment strategy that dynamically modifies the diffusion steps. Experimental results

for OD/OC segmentation demonstrate that the proposed framework enhances prediction

performance and outperforms traditional adversarial learning-based UDA methods.

In Chapter 5, we present the third contribution, a framework called Language Model as

a Disentangler (LMaD), specifically designed for zero-shot domain adaptation (ZSDA) in

medical image segmentation tasks. This framework leverages language models to disentangle

domain features, addressing the challenges of domain information transfer without requiring

access to target domain data during training. We first introduce a graph learning mechanism

to construct a visual graph that captures the relationships between visual features. The novelty

of this work lies in the use of a pre-trained language model to obtain task-specific and domain-

specific feature embeddings. By disentangling the features in the visual graph, we aim to

eliminate interference from domain-specific information. Additionally, a graph convolutional

network is introduced to infer higher-order relationships between task-specific features in

the visual graph, further enhancing contextual information within the images. Extensive

experiments on retinal fundus image segmentation and prostate MRI segmentation validate

the effectiveness of our LMaD framework. The results show that our approach significantly

improves the generalization ability of ZSDA models, achieving SOTA performance in these

tasks.
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6.2 Future Directions

In this thesis, while our methods successfully address three key challenges for medical image

segmentation under data-efficient scenarios, there are still potential research directions that

warrant further exploration. For future research, we propose several potential directions:

First, test-time domain adaptation for medical segmentation would be an intriguing area of

future research. Currently, most domain adaptation techniques require retraining models

when new target domain data is introduced [28, 297, 15]. Test-time adaptation focuses on

enabling models to adjust dynamically during inference using only the data encountered at

test time [291, 30, 308]. This approach could significantly improve model adaptability and

performance, especially in clinical environments where imaging data is constantly evolving.

Investigating this direction could lead to more efficient and flexible solutions that better meet

the demands of real-world medical applications [136].

Multi-modality domain adaptation, such as combining medical images with large language

models (LLMs) or voice data, has the potential to greatly enhance the versatility of seg-

mentation models. Our recent work, LMaD, explored domain adaptation by incorporating

language models, but we limited our experiments to using only BERT [57] as the language

model for extracting textual features. Future research could investigate the use of larger and

more advanced language models to further improve performance. Leveraging cutting-edge

LLMs [57, 161] could offer a deeper understanding of textual information, enabling the extrac-

tion of more relevant details. Additionally, these LLMs could improve the model’s ability to

comprehend differences between images from diverse domains, further strengthening domain

adaptation and contributing to more robust medical image segmentation solutions. This

direction aims to leverage complementary information from different modalities, providing

more comprehensive and robust solutions for complex medical imaging tasks.

These potential directions outline promising avenues for future research to further advance

domain adaptation in medical image segmentation, addressing ongoing challenges and ex-

panding the applicability of deep learning techniques in data-efficient scenarios.
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Abbreviations

3D: Three-dimensional

AJI: Aggregated Jaccard Index

ASD: Average Symmetric Surface Distance

BN: Batch Normalization

BERT: Bidirectional Encoder Representations from Transformers

CAD: Computer-Aided Diagnosis

CDR: Cup-to-disc Ratio

CNNs: Convolutional Neural Networks

CORAL: Correlation Alignment

CRAG: Colorectal Adenocarcinoma Gland

CRFs: Conditional Random Fields

CT: Computed Tomography

DAN: Deep Adaptation Network

DBNs: Deep Belief Networks

Dice: Dice Similarity Coefficient
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Dpath: DigestPath

DQ: Detection Quality

DCNN: Deep Convolutional Neural Network

GANs: Generative Adversarial Networks

GCN: Graph Convolutional Network

GlaS: Gland Segmentation in Colon Histology Images

GNNs: Graph Neural Networks

GlaS: Gland Segmentation in Colon Histology Images

GPU: Graphics Processing Unit

HV: Hover

IrT: Irrelevant Tasks

KLIEP: Kullback-Leibler Importance Estimation Procedure

KMM: Kernel Mean Matching

LLMs: Large Language Models

LM: Language Models

MMD: Maximum Mean Discrepancy

MIoU: Mean Intersection over Union

MRI: Magnetic Resonance Imaging

NC: Nuclear Classification

NP: Nuclear Pixel
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NLP: Natural Language Processing

OC: Optic Cup

OD: Optic Disc

PQ: Panoptic Quality

PZ: Peripheral Zone

REFUGE: Retinal Fundus Glaucoma Challenge

ReLU: Rectified Linear Unit

RKHS: Kernel Hilbert Space

RNNs: Recurrent Neural Networks

SAM: Segment Anything Model

SOTA: State-Of-The-Art

SQ: Segmentation Quality

ToI: Target of Interest

TZ: Transition Zone

UDA: Unsupervised Domain Adaptation

VAE: Variational Auto-encoder

ViTs: Vision Transformers

VGG: Visual Geometry Group

WSIs: Whole-slide Images

ZSDA: Zero-shot Domain Adaptation
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