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Abstract

Medical imaging is very critical in the diagnosis of different diseases such as cerebral in-

farction, brain tumors, and lung tumors. Though Artificial Intelligence (AI) has made

great strides toward medical image analysis, several research challenges remain open. The

accurate and broadly applicable AI models for medical image analysis are the determi-

nants of success in clinical practice adoption. However, two major challenges still hinder

progress. First, class imbalance is common in classification tasks, where pathological con-

ditions occur much less frequently than normal cases. This disproportion often induces a

bias in learning algorithms toward the majority class, consequently impairing the detection

sensitivity for infrequent but clinically critical abnormalities. Such limitations may result

in a delayed diagnosis or missed detection, which can adversely affect patient outcomes.

Furthermore, the wide variability in the appearance of pathological findings complicates

feature representation for minority classes, intensifying the imbalance issue. Second, la-

bel noise poses a major challenge in medical image segmentation datasets, especially in

large-scale datasets or those annotated with limited or imprecise supervision. Annotation

variability among experts, unclear anatomical boundaries, and the inherent difficulty of

delineating specific lesions contribute to inconsistent and inaccurate labels. Human errors,

including mislabeling or inconsistent boundary definitions, are frequent, especially in com-

plex or subtle cases. This issue pertains to the deterioration of model performance caused

by label noise, which undermines the effectiveness of training and results in suboptimal

lesion localization and inaccurate boundary delineation in medical image segmentation. In

clinical practice, such inaccuracies can compromise surgical planning, radiation therapy,

and disease monitoring, where precise and reliable segmentation is crucial for effective

treatment and prognosis.

This thesis tackles these challenges through two research approaches. The first method

explores self-supervised learning, specifically utilizing DINOv2, an advanced vision trans-

former pre-trained model, to learn robust feature representations without reliance on la-

beled data. While not explicitly designed to address class imbalance, this approach can

potentially mitigate its effects by improving the quality of learned representations in clas-

sification tasks. Results show that DINOv2 performs on par with supervised models while

offering stronger representations for underrepresented classes. To further enhance fea-

ture clarity, a novel Self-Calibrated Feature Denoising (SCFD) framework is proposed.

SCFD uses a lightweight autoencoder trained on minority-class features, regularized by

the latent distribution of majority-class embeddings, to denoise and stabilize DINOv2
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representations of minority samples, without modifying the DINOv2 backbone. Overall,

this method consistently enhances classification performance across different levels of class

imbalance.

The second method addresses label noise in medical image segmentation. Unlike tradi-

tional approaches that assume noise is random or class-independent, this study introduces

a noise-robust framework termed Label Uncertainty Transformation (LUT). The proposed

framework consists of three components. First, the Uncertainty Estimation Ensemble

Module (UEEM) aggregates predictions from multiple models to quantify pixel-wise un-

certainty. Based on these uncertainty estimates, a pixel-entropy-based sample selection

mechanism identifies reliable distilled samples for subsequent training, effectively filtering

out highly uncertain regions. Second, the Label Transformation Network (LTN) estimates

an instance-dependent transition matrix. The network is optimized using an uncertainty-

aware loss function combined with pixel entropy regularization, which jointly enhances

the stability and accuracy of noise estimation, particularly improving modeling of sparse

pathological structures such as lesions or tumors. Finally, the Target Segmentation Net-

work (TSN) leverages the refined label information from UEEM and LTN to produce

accurate segmentation predictions, resulting in improved robustness against noisy annota-

tions. Our proposed methods were evaluated on distinct datasets corresponding to their

tasks. For the classification task, experiments used three datasets, including a large-scale

private cerebral infarction dataset (Lab-Shanghai) with 11,574 infarction and 11,574 nor-

mal cases, alongside two public datasets, Brain Tumor 4C and Chest CT from Kaggle.

Performance metrics included the macro-average of Precision, Recall, and F1-score to ad-

dress class imbalance. For the segmentation task, three datasets were employed: a private

DWI-based infarction dataset (Lab Infarct) with data from 1,528 patients, and two pub-

lic brain tumor datasets (Brain Tumor and Merging Brain Tumor) containing 3,064 and

2,642 images, respectively. Segmentation was evaluated using the Dice coefficient and In-

tersection over Union (IoU), demonstrating robustness and accuracy across different noise

levels.

In summary, this thesis presents two rigorously developed and effective methodologies to

address persistent challenges in medical image analysis. The first advances classification

under class imbalance through self-supervised learning and feature denoising, while the

second strengthens noise label segmentation robustness by modeling uncertainty and es-

timating an instance-dependent transition matrix. Together, these contributions aim to

make automated medical imaging tools more reliable.



Chapter 1

Introduction

Medical risks such as brain tumors, cerebral infarction, and lung tumors pose serious

threats to patient health and quality of life. Cerebral infarction is a major global health

issue, marked by high incidence, fatality, and disability rates, often associated with risk

factors such as hypertension, smoking, and diabetes [1, 2, 3]. Brain tumors, resulting

from abnormal cell proliferation, can compress surrounding structures and impair brain

function [4]. Malignant brain and spinal cord tumors constitute the majority of central

nervous system (CNS) cancers and often progress rapidly with a poor prognosis [4, 5].

Meanwhile, lung cancer remains one of the most common and deadly cancers worldwide,

contributing significantly to cancer-related mortality and is expected to impose a growing

burden [6].

Medical images serve as detailed visualizations of the internal anatomical structures and

physiological functions within the human body. They are acquired using various imaging

techniques, including Magnetic Resonance Imaging (MRI), Computed Tomography (CT),

Ultrasound, and X-ray [7]. These imaging modalities are integral to clinical workflows,

facilitating accurate diagnosis, informed treatment planning, and effective monitoring of

disease progression.

Medical image classification refers to the task of assigning medical images to predefined

categories based on their visual characteristics [8]. For example, in brain MRI scans,

1
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classification algorithms may categorize images as either depicting healthy tissue or show-

ing signs of pathological conditions such as tumors, strokes, or multiple sclerosis lesions.

This automated categorization supports clinicians in diagnosis and treatment planning by

highlighting critical abnormalities within the images [9]. This process is fundamental to

diagnostic workflows, as it enables the identification of normal and pathological condi-

tions from imaging data [10]. Accurate classification supports timely diagnosis, informs

treatment decisions, and enhances patient management by providing consistent and ob-

jective evaluations. Accurate classification supports timely diagnosis, informs treatment

decisions, and enhances patient management by providing consistent and objective eval-

uations. Given the growing volume and complexity of medical imaging data, automated

classification methods powered by Artificial Intelligence (AI) and Machine Learning (ML)

have become increasingly essential [11]. These techniques enable the development of pre-

dictive models that can efficiently analyze medical images, reduce diagnostic errors, and

improve clinical workflow and outcomes.

Medical image segmentation involves identifying and outlining clinically relevant regions,

such as organs, tissues, or lesions, in medical imaging data [12]. This process yields precise

spatial localization that is critical for accurate diagnosis, treatment planning, and other

clinical applications [13]. For instance, segmentation of brain magnetic resonance imaging

(MRI) enables the delineation of tumor margins for surgical or radiotherapeutic planning

and the identification of tissue types for monitoring disease progression [14]. In contrast

to image-level classification, which assigns a single label to an entire image, segmentation

produces pixel- or voxel-wise predictions that capture the precise morphology and spatial

distribution of anatomical or pathological features [15]. The resulting fine-grained repre-

sentations support more accurate diagnosis, facilitate individualized treatment strategies,

and enable longitudinal assessment of disease, thereby contributing significantly to im-

proved clinical outcomes [16].

In medical image classification, one major challenge is class imbalance, where the number

of normal samples far exceeds that of certain disease cases, or vice versa [17]. This imbal-

ance leads to biased models that favor majority classes while under-representing minority

categories, thereby reducing diagnostic sensitivity [18].In medical classification tasks, ex-

treme class imbalance occurs when the minority class constitutes only a minute proportion
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of the dataset. A typical example can be found in brain tumor classification, where cer-

tain malignant subtypes—such as glioblastoma with specific molecular markers—appear

far less frequently than benign lesions or normal tissue. This imbalance causes the model

to favor predictions toward the dominant classes, impairing its ability to correctly iden-

tify rare but clinically significant cases, and ultimately reducing diagnostic sensitivity and

reliability in high-stakes scenarios. Class imbalance is typically addressed using three

main types of strategies: data-level techniques that manipulate the training distribution,

algorithm-level modifications that adjust the learning process, and ensemble-based meth-

ods that combine multiple models to enhance robustness [19]. Although various methods

have demonstrated notable progress in mitigating class imbalance, it remains an open and

actively investigated challenge, particularly in the context of highly imbalanced and struc-

turally complex datasets such as those encountered in medical imaging. Each approach

category—data-level, algorithmic, or ensemble-based—has inherent limitations when ap-

plied to such demanding scenarios. Data-level methods aim to mitigate class imbalance

by directly modifying the training data distribution, typically by oversampling minority

classes or undersampling majority classes. Despite their simplicity and prevalence, these

techniques may lead to overfitting—particularly in the case of duplicated or synthetically

generated samples that lack anatomical plausibility—or to information degradation when

relevant majority class instances are discarded [20]. Algorithm-level strategies, including

class-weighted losses and margin-based adjustments, attempt to rebalance the optimiza-

tion objective in favor of minority classes. Nonetheless, these methods are often sensitive

to hyperparameter selection and do not explicitly address imbalances in the feature repre-

sentation space, where minority class embeddings tend to be sparse, poorly clustered, or

less discriminative [21]. Ensemble-based frameworks, which aggregate predictions across

multiple learners, can mitigate class-specific biases but are typically associated with in-

creased computational overhead and reduced interpretability [22].

Recent research has highlighted the potential of pretrained models and self-supervised

learning (SSL) in addressing class imbalance [23]. Pretrained models are neural networks

initially trained on large-scale datasets—labeled or unlabeled—to learn transferable fea-

ture representations, and then fine-tuned on downstream tasks to improve convergence and

robustness [24]. SSL is a common pretraining strategy that leverages proxy tasks such as
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context reconstruction or contrastive learning to learn class-agnostic features from unla-

beled data [25]. These representations reduce intra-class variability and improve inter-class

separability, particularly benefiting minority classes [26].

In contrast, medical image segmentation—crucial for localizing disease regions in condi-

tions like brain tumors and cerebral infarction—faces the prominent challenge of label

noise [27]. Label noise refers to inaccuracies or inconsistencies in training annotations,

which are often caused by the difficulty and subjectivity of expert labeling [28, 29]. More-

over, factors such as small lesion size, ambiguous boundaries, and low contrast with sur-

rounding tissue further complicate precise segmentation [30]. Training predictive models

on noisy annotations can lead to overfitting and performance degradation [31], and despite

extensive efforts, robust learning under label noise remains an open research problem in

medical image segmentation [32].

1.1 Research Challenges

Despite significant advances in deep learning, AI models for medical image analysis con-

tinue to face critical challenges that limit their robustness and generalizability. Specifi-

cally, classification and segmentation tasks are affected by related but distinct issues: class

imbalance and label noise, respectively. These problems substantially impede the develop-

ment of reliable and clinically viable Artificial Intelligence (AI) models. The key research

challenges are summarized as follows:

Class imbalance in medical image classification can lead to biased models that under-

perform on rare disease cases, reducing diagnostic sensitivity and producing unreliable

predictions. This imbalance presents several critical challenges. Models often overfit to

majority class patterns, leading to suboptimal feature representations and limited gener-

alization for minority classes, which frequently correspond to rare but clinically significant

conditions [33]. The scarcity of minority samples constrains the ability to capture diverse

pathological variations, thereby undermining the robustness and reliability of classifica-

tion systems in real-world clinical settings [34, 35]. Addressing the challenges posed by
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such extreme imbalance is essential to developing effective and generalizable classification

methods [36].

Moreover, extreme imbalance complicates model calibration, causing overconfident predic-

tions on the majority classes and unreliable, ambiguous outputs on minority classes, which

undermines clinical trust and decision-making. Class imbalance often occurs alongside

other challenges, such as label noise (incorrect or uncertain annotations) and intra-class

heterogeneity (large variation within the same class). These combined factors make it even

harder for models to learn accurate and reliable classifications [37, 38]. These intertwined

issues make it challenging to design algorithms that are both robust to imbalance and

stable during training, leaving this as a prominent open problem in the field.

Current approaches to mitigate class imbalance include data-level methods such as over-

sampling and undersampling to balance class distributions, though these may introduce

overfitting or information loss. Algorithm-level techniques employ cost-sensitive learning

and adaptive loss functions like focal loss to emphasize minority classes during training.

Recent advances incorporate dynamic reweighting schemes guided by sample difficulty

or uncertainty to improve robustness, as well as self-supervised and contrastive learning

paradigms to enhance feature representation under imbalance [36, 37, 38, 39]. Despite

recent advances, achieving a principled balance between representation robustness, pre-

diction calibration, and training stability under severe class imbalance remains a significant

open problem. In particular, the under-representation of minority classes often leads to

dispersed and non-discriminative feature embeddings, miscalibrated confidence estimates,

and unstable convergence behavior. Although self-supervised learning and pretrained mod-

els can provide more structured and transferable representations—especially in data-scarce

scenarios—their integration into supervised pipelines is non-trivial. Pre-trained features

may not align with task-specific decision boundaries under imbalance, and their adap-

tation can introduce gradient mismatch, feature drift, or overfitting when fine-tuning on

limited minority data. These challenges highlight the need for more targeted methods to

reconcile pretrained representations with imbalance-aware optimization objectives. These

challenges motivate the investigation of learning strategies that reduce reliance on large-

scale, clean, and well-balanced annotations. In medical imaging, acquiring accurate la-

bels, particularly for rare disease categories, is costly and often affected by inter-observer
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variability, which further amplifies class imbalance and label noise. Self-supervised learn-

ing provides an effective alternative by leveraging unlabeled data to learn transferable

and semantically meaningful representations that can be used to initialize downstream

classification models. By decoupling representation learning from noisy and imbalanced

supervision, self-supervised approaches can enhance feature discriminability, robustness,

and calibration in rare disease classification. This leads to the following research question.

• RQ1: How can self-supervised learning help address class imbalance in

medical classification tasks?

Label Noise in Medical Image Segmentation. Label noise in medical image segmentation

presents significant challenges beyond mere annotation errors [40]. Noisy labels often intro-

duce misleading spatial information, causing models to overfit to incorrect or inconsistent

regions, which severely degrades segmentation accuracy and generalization. For example,

in tumor segmentation tasks, inaccurate manual annotations due to unclear tumor bound-

aries or inter-observer variability can lead the model to learn erroneous tumor shapes,

resulting in poor delineation and unreliable clinical assessments. The high dimensionality

and complex anatomical variability in medical images amplify these difficulties, making

noise correction and mitigation particularly challenging [41]. Existing noise-robust tech-

niques for medical image segmentation primarily rely on label correction, loss reweighting,

and uncertainty modeling [42]. Label correction approaches iteratively refine noisy annota-

tions based on model feedback or prior knowledge; however, these methods often struggle

to accurately distinguish true lesion boundaries from annotation errors, especially in small

or low-contrast regions [43]. Loss reweighting schemes aim to mitigate the influence of

unreliable samples by adjusting their contribution during training, but may inadvertently

down-weight challenging yet clinically relevant regions, potentially impairing model sensi-

tivity [44]. Uncertainty modeling seeks to estimate prediction confidence to guide training,

yet the spatial granularity of such uncertainty estimates is frequently insufficient to resolve

fine boundary ambiguities arising from annotation inconsistencies [45]. These challenges

underscore the need for more precise and robust strategies that can effectively separate

genuine pathological features from label noise, thereby improving segmentation reliability

in complex clinical contexts. Furthermore, the scarcity of clean annotated data and the
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high cost of obtaining expert consensus hinder the development of reliable benchmarks

and validation protocols. Consequently, designing segmentation algorithms that can in-

herently tolerate or adapt to noisy labels, while preserving anatomical fidelity and clinical

relevance, remains an unresolved and critical research challenge [31, 32, 46]. Based on the

above research issues, our research question is as follows:

• RQ2: How can the impact of label noise be minimized in medical seg-

mentation tasks?

1.2 Research Objectives

The objectives of this research are to improve the reliability and performance of medical

image analysis in two challenging scenarios:

• Enhancing classification performance on minority classes through self-supervised

learning by increasing the model’s sensitivity to underrepresented patterns.

• Improving training data quality by identifying and correcting noisy labels, allowing

the model to learn from reliable examples and achieve more accurate segmentation.

1.3 Contributions to Knowledge

This subsection presents two contributions to knowledge based on the two research ques-

tions above.

• A lightweight denoising and regularization scheme is proposed, operating on interme-

diate feature representations to enhance minority class discrimination without mod-

ifying the backbone network. The method exhibits consistent performance across a

wide range of architectures and imbalance levels.
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• An uncertainty-guided framework is designed to mitigate label noise by combining

ensemble-based predictive variance and pixel-wise entropy, which stabilizes the es-

timation of the transition matrix and improves segmentation accuracy under noisy

supervision.

Contribution 1: Self-Calibrated Feature Denoising (SCFD) and Robust Evalu-

ation Across Diverse Backbones A novel Self-Calibrated Feature Denoising (SCFD)

framework is proposed to enhance minority class feature representations by applying de-

noising and regularization directly on intermediate feature maps without requiring back-

bone retraining. This reduces computational costs while enhancing class discrimination

under both moderate and extreme class imbalance. The advantages of self-supervised

learning (SSL) become particularly evident in highly imbalanced scenarios, making it

a promising approach. The framework’s scalability and robustness are demonstrated

through extensive evaluations on 22 popular backbone architectures—including convolu-

tional and transformer-based models—under varying class imbalance ratios. SCFD consis-

tently achieves superior accuracy and minority class recall compared to baseline methods,

showcasing broad applicability and resilience in real-world imbalanced scenarios. This

contribution addresses RQ1 by effectively improving feature quality for underrepresented

classes through an efficient plug-in module.

Contribution 2: Uncertainty-Guided Sample Distillation and Stable IDTM

Estimation with Extensive Experimental Validation A deep ensemble-based un-

certainty estimation network, combined with pixel-entropy category weighting, is intro-

duced to identify and select refined distilled samples that reduce the impact of label noise.

Additionally, an uncertainty re-weighting strategy and pixel entropy regularization are

employed to stabilize the Instance-Dependent Transition Matrix (IDTM) estimation, im-

proving robustness in noisy and imbalanced contexts. Comprehensive experiments on

three benchmark datasets with multiple model variants validate the effectiveness of these

approaches, demonstrating significant improvements in segmentation accuracy and label-

noise mitigation compared with state-of-the-art methods. This contribution addresses RQ

2 by effectively mitigating the adverse effects of noisy labels through uncertainty-guided
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sample selection and robust IDTM estimation, thereby improving model reliability and

segmentation performance in challenging medical imaging scenarios.

1.4 Research Significance

This thesis proposes novel algorithms that address two critical challenges in medical image

analysis: label noise in segmentation and class imbalance in classification. Specifically, un-

certainty estimation combined with the estimation of the Instance-Dependent Transition

Matrix (IDTM) effectively mitigates the impact of label noise, enhancing segmentation

robustness and accuracy. Meanwhile, feature denoising techniques target class imbal-

ance by improving the representation of minority classes in classification tasks. Extensive

validation across multiple datasets and model architectures demonstrates the scalability,

adaptability, and generalizability of the proposed framework, advancing computational

methodologies in medical imaging.

Clinically, these methods enable more precise delineation of pathological regions despite

annotation inconsistencies and improve sensitivity in detecting rare but clinically signifi-

cant conditions. By strengthening feature representations without requiring extensive re-

training, the framework supports applications across diverse clinical datasets and resource-

limited environments. Together, these advances facilitate the development of reliable med-

ical imaging tools ready for integration into clinical workflows. The effectiveness of the

proposed approaches is demonstrated through experiments presented in Chapters 3 and

4.

1.5 Thesis Organization

Each chapter of the thesis is composed as follows:

• Chapter 1: This chapter outlines the key research challenges and underlying mo-

tivations that drive this study. It further defines the specific research questions

addressed and summarizes the main contributions made, including a list of related

publications.
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• Chapter 2: This chapter reviews prior works related to medical image analysis,

particularly focusing on techniques relevant to classification under class imbalance

and segmentation under label noise. We discuss advances in self-supervised and

supervised pre-trained models, class imbalance in medical datasets, learning from

noisy segmentation labels, and recent efforts in estimating the instance-dependent

transition matrix. We conclude with a summary of research gaps that motivate our

study.

• Chapter 3: This chapter introduces a novel strategy for robust medical image clas-

sification under extreme class imbalance. Our approach builds upon DINOv2, a

powerful self-supervised visual encoder. It incorporates a Self-Calibrated Feature

Denoising (SCFD) framework to selectively refine noisy minority class representa-

tions without modifying the pretrained backbone. It consists of three key stages:

(1) feature extraction using a fixed DINOv2 encoder, (2) minority-specific denoising

via a lightweight autoencoder, and (3) denoised inference for enhanced classification

robustness. A large number of experiments across three datasets have demonstrated

the effectiveness of our method for class-imbalanced classification.

• Chapter 4: This chapter addresses the label noise problem of brain tumor and

cerebral infarction segmentation by proposing a Label Uncertainty Transformation

(LUT) framework that utilizes prediction uncertainty to identify pixels prone to la-

bel noise. The key objective is to parameterize the Instance-Dependent Transition

Matrix (IDTM). Initially, an Uncertainty Estimation Ensemble Module generates

preliminary segmentation results and uncertainty maps, from which high-confidence

distilled samples are extracted. These samples are refined using pixel-entropy-based

class weighting and then used to train a Label Transformation Network. This net-

work estimates the IDTM to transform noisy predictions into clean labels. To fa-

cilitate effective training, pixel entropy regularization and uncertainty re-weighting

strategies are introduced to mitigate the effect of mislabeled pixels. Upon comple-

tion of training, the Target Segmentation Network produces the final segmentation

outputs. A large number of experiments across three datasets have demonstrated

the effectiveness of our method for label noise segmentation.
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• Chapter 5: This chapter presents the conclusion of the thesis, summarizing the main

findings and contributions, as well as outlining future research directions.



Chapter 2

Literature Review

This chapter reviews the literature relevant to this thesis. Section 2.1 focuses on the class

imbalance problem in medical imaging. It begins by defining class imbalance with practi-

cal examples and then reviews existing strategies for handling imbalanced data, including

data-level, algorithm-level, and loss-level approaches. Additionally, this section discusses

self-supervised learning (SSL) methods and their potential to mitigate class imbalance by

leveraging unlabeled data. Section 2.2 surveys the literature on medical image segmenta-

tion with noisy labels. It first introduces the concept and causes of label noise in medical

segmentation, then reviews approaches for handling noisy labels. Finally, it covers uncer-

tainty estimation techniques used to identify and mitigate the impact of noisy annotations.

Research gaps are highlighted within each section to motivate the methods proposed in

this thesis. Research gaps are highlighted throughout these sections to motivate the meth-

ods proposed in this thesis. Section 2.3 summarizes the key limitations in the existing

literature and provides a comprehensive discussion of the open challenges addressed by

this work.

12
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2.1 The Class Imbalance Problem in Medical Imaging

2.1.1 Introduction to Class Imbalance

Class imbalance frequently occurs in medical imaging, where abnormal or pathological

regions represent only a small fraction of the overall data compared to normal tissues [35].

This imbalance tends to cause machine learning models to favor the majority class, which

in turn leads to poor performance on detecting or segmenting the minority classes that

are often clinically critical [37].

To mitigate this issue, researchers have generally adopted three types of strategies. The

first involves adjusting the data distribution itself through methods such as oversampling

minority classes, undersampling majority classes, or generating synthetic samples to bal-

ance the dataset [47]. The second strategy focuses on modifying the learning algorithm,

often by assigning higher costs or weights to errors made on minority classes, encouraging

the model to pay more attention to these classes [48]. The third category encompasses de-

signing or adapting loss functions that emphasize difficult or rare samples, examples being

focal loss or Dice loss [49]. These approaches can be used individually or in combination

to enhance model robustness against class imbalance.

2.1.2 Overview of Self-supervised Learning (SSL)

Self-supervised learning (SSL) has emerged as an effective approach for leveraging large

amounts of unlabeled data by designing proxy tasks that encourage models to learn mean-

ingful representations without relying on manual annotations [50]. This paradigm is par-

ticularly valuable in medical imaging, where obtaining reliable labels is often costly and

time-consuming. Common SSL techniques include contrastive learning, masked image

modeling, and self-distillation, all aimed at capturing underlying semantic and structural

information from the data itself [51, 52].

When applied to imbalanced datasets, SSL shows promise by enabling the model to learn

more generalizable features that are less biased toward majority classes. Several methods
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have incorporated balanced sampling strategies, clustering, or hybrid frameworks that

combine SSL with supervised learning to improve minority class representation [53, 54].

However, challenges remain when deploying SSL on highly imbalanced medical datasets.

Many existing approaches assume relatively balanced data distributions, and their per-

formance can deteriorate when minority classes are severely underrepresented. Although

recent state-of-the-art pretrained self-supervised learning (SSL) frameworks such as DI-

NOv2 [55] demonstrate strong generalization across various visual tasks, their ability to

explicitly mitigate class imbalance—especially within the medical imaging domain—has

yet to be thoroughly examined. This limitation highlights the need for further investigation

into SSL methods tailored to address class imbalance more effectively.

2.1.3 Impact of Class Imbalance in Supervised Learning

Supervised learning (SL) relies on labeled data to model the relationship between inputs

and outputs [56]. As the learning process is guided entirely by the provided annotations,

any imbalance in the label distribution directly affects how the model learns to distinguish

between classes. In clinical image datasets, pathological findings such as malignant tumors,

infarcts, or lung lesions are typically underrepresented compared to normal cases [57]. This

imbalance often causes models to prioritize the majority class during training, while failing

to adequately learn patterns associated with rare but clinically important categories [19].

Unlike self-supervised approaches, SL can only learn from explicitly labeled data [28].

When certain classes are poorly represented in the training data, the model receives limited

exposure to their features, leading to biased decision boundaries. Although such models

may achieve high overall accuracy by frequently predicting the dominant class, they often

exhibit low sensitivity to minority classes [36]. In medical applications, this can result in

missed or delayed diagnoses, particularly when detecting rare diseases [58].

The problem is further exacerbated in multi-class classification or when class differences are

subtle, as in the detection of early-stage diseases or the identification of rare subtypes [59].

Here, the scarcity of labeled examples from minority classes restricts the model’s ability

to capture intra-class variability, leading to unreliable or inconsistent predictions [60].
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As a result, the inherent label dependence of supervised learning makes it particularly

vulnerable to class imbalance, posing a major challenge in developing reliable and clinically

applicable classification systems.

2.1.4 Class Imbalance Approaches with Supervised Learning

Rajendran et al. [61] proposed a breast cancer prediction pipeline that combines data selec-

tion, preprocessing, class balancing methods, and several supervised classifiers, including

Bayesian Networks, Random Forests, and Decision Trees. While the method led to im-

provements in overall classification accuracy, its ability to detect minority cases—specifically,

cancer diagnoses—was limited under severe class imbalance. It also lacked specific mech-

anisms for identifying high-risk clinical cases. Liu et al. [35] developed an ensemble learn-

ing approach that applies SMOTE over-sampling and CVCF noise filtering, using multiple

SVM classifiers with different kernel functions. Classifier weights were optimized using the

SAGA algorithm. Although performance on imbalanced datasets improved, the method

remained sensitive to noisy data and showed limited generalization when applied to highly

skewed distributions. Similarly, Hu et al. [62] introduced a supervised deep learning model

with a self-adaptive auxiliary loss (DSN-SAAL), which re-weights cross-entropy using the

effective number of samples and adds reverse cross-entropy regularization. This design

aimed to improve COVID-19 classification from imbalanced and noisy CT images. How-

ever, jointly addressing class imbalance and label noise remains a challenge, often leading

to biased predictions and reduced performance on minority samples. Esposito et al. [63]

proposed GHOST (Generalized tHreshOld ShifTing), an automatic threshold optimization

method that selects class-specific thresholds to maximize Cohen’s kappa on the training

set, thereby improving classification performance under class imbalance. However, the

method relies heavily on the predicted probability distributions from the training data,

making it sensitive to label noise and potentially less effective in scenarios with severe

class imbalance, where minority class detection remains challenging. Rehman et al. [64]

proposed a stroke prediction framework that integrates data preprocessing, ADASYN

and SMOTE oversampling, and ensemble learning (stacking and soft voting classifiers)

to improve classification performance on imbalanced stroke datasets. While the approach

enhances minority class detection, it relies heavily on oversampling techniques that may
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introduce synthetic noise and increase the risk of overfitting, particularly when applied

to small or noisy datasets, potentially limiting its generalizability in real-world clinical

settings. Pandey et al. [65] proposed a two-level framework that systematically integrates

three data-level techniques (RUS, ROS, and SMOTE) with two algorithm-level approaches

(cost-sensitive learning and multiple machine learning classifiers) to effectively address

class imbalance and improve the prediction of positive heart disease cases. While this

method offers a comprehensive combination of data-level and algorithm-level strategies,

it faces several limitations, including the risk of overfitting, potential information loss,

difficulty in defining an appropriate cost matrix, and limited generalization ability. Qu et

al. [66] employed Random Forest and transfer-learned ResNet-18 CNN models to investi-

gate the impact of class imbalance and various data-level mitigation techniques—such as

augmentation, undersampling, and oversampling—on the performance of multiclass and

binary medical image classification tasks. While these methods effectively simulate and

address class imbalance, they carry risks of overfitting due to data augmentation and may

suffer from limited generalizability due to the narrow diversity of the datasets used and

the absence of algorithm-level adjustments, such as class weighting, particularly in CNN

models.

2.1.5 Class Imbalance Approaches with Self-supervised Learning

Elbatel et al. [67] proposed Fed-MAS, a federated learning framework that incorporates

self-supervised priors to estimate class-aware divergence and adjust model aggregation

weights. The method showed improvements in learning from minority classes in imbal-

anced medical imaging tasks. Still, many federated approaches struggle to capture class-

level differences and often generalize poorly under strong imbalance and non-IID condi-

tions. Su et al. [68] introduced STGAN, a two-stage GAN-based augmentation framework

that uses self-supervised learning and Freeze-D to transfer both shared and class-specific

features, thereby generating synthetic skin lesion images to support classification under

imbalanced conditions. Despite improved performance, the limited availability of labeled

data and significant class imbalance continued to affect accuracy on underrepresented cat-

egories. Li et al. [69] proposed a dual-track self-supervised learning-to-rank model that

selects diverse and difficult negative CT samples for more effective training of COVID-19
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classifiers under imbalance. This approach addressed some of the limitations of earlier

methods, such as inefficient sample selection and high computational cost. Liu et al. [70]

propose SSLDTI, a novel drug–target interaction prediction model that addresses class

imbalance by integrating a positive samples compensation coefficient into the loss function

and leveraging both contrastive learning and a self-prediction mechanism to capture true

interaction representations effectively. This approach improves the model’s sensitivity to

minority class samples and enhances prediction accuracy for rare interactions. However,

despite these advances, SSLDTI may still face challenges in learning complex interaction

patterns when positive samples are extremely scarce, which can limit its generalization per-

formance in highly imbalanced settings. Chen et al. [71] proposed a self-supervised learning

framework for addressing class imbalance in medical image classification. The method first

performs unsupervised pretraining using techniques such as Momentum Contrast (MoCo)

or Rotation Prediction to extract generalizable representations from unlabeled data. This

is followed by a supervised fine-tuning phase using Balanced-MixUp, which interpolates

between minority- and majority class samples to improve learning for the minority class.

While the approach enhances feature representation for underrepresented classes, it still

relies on the quality of labels and sampling strategies in the supervised stage. More-

over, the self-supervised phase does not explicitly address class imbalance, limiting its

effectiveness in cases with extremely imbalanced or long-tailed distributions. Azizi et

al. [72] proposed a self-supervised learning framework that combines SimCLR pretraining

with Multi-Instance Contrastive Learning (MICLe) to learn robust representations from

large-scale unlabelled medical images. This approach enables effective transfer learning

to downstream classification tasks, particularly under class-imbalanced conditions. While

MICLe improves feature robustness and enhances minority class recognition, the method

still relies on a sufficient number of instances per class and incurs significant computa-

tional cost during pretraining, which may limit its performance in extremely low-shot or

highly imbalanced scenarios. Mirzaee et al. [73] present a multi-label chest X-ray classifica-

tion framework that effectively tackles class imbalance and disease co-occurrence by using

Adaptive Class Balance Augmentation to dynamically adjust data augmentation based

on class frequencies and their co-occurrences. The approach combines attention-based

contrastive self-supervised learning for robust feature extraction, an ensemble of binary
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classifiers, a correlation learning module integrating statistical and biological disease rela-

tionships, and a focal weighted cross-entropy loss to emphasize hard-to-classify examples.

While this comprehensive method improves accuracy and robustness, it involves high com-

putational complexity and numerous hyperparameters, making training resource-intensive

and tuning challenging. Additionally, dependence on predefined disease co-occurrence

matrices may reduce its ability to generalize to rare or novel disease combinations.

2.2 Medical Image Segmentation in the Presence of Noisy

Labels

2.2.1 Introduction to noisy labels in medical image segmentation

In medical image segmentation, label noise refers to inaccuracies or inconsistencies in the

annotated ground truth, often arising when the assigned labels do not precisely reflect

the underlying anatomical or pathological structures [29]. Noisy labels can manifest as

incorrect boundaries, misclassified regions, or completely erroneous annotations, all of

which negatively affect model training and generalization [32].

Such label noise is particularly prevalent in the medical domain for several reasons. First,

manual annotation of medical images is highly subjective and depends heavily on expert

interpretation, which can vary across clinicians due to differences in experience, fatigue,

or ambiguity in the image itself [46]. Second, the annotation process is time-intensive and

often constrained by limited expert availability, leading to reliance on weak supervision,

semi-automatic tools, or outsourcing—each of which introduces potential inaccuracies [74].

Third, certain pathological features, such as small lesions or diffuse boundaries, are inher-

ently difficult to delineate precisely, increasing the likelihood of annotation errors [75].

These challenges make label noise a significant barrier to developing reliable and robust

deep learning models for medical image segmentation. Addressing this issue requires

techniques that are not only robust to annotation errors but also capable of distinguishing

between systematic noise and true signal in the data.
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Figure 2.1: Illustrative examples of simulated annotation noise. Each row shows an
original ground-truth mask (Left) and its corresponding noisy mask (Right), demonstrat-

ing realistic label perturbations that mimic common human annotation errors.

2.2.2 Approaches to Handle Label Noise in Segmentation

Segmentation masks serve as essential supervision signals in medical image segmenta-

tion, directly affecting model performance [76]. However, pixel-level annotation is costly

and prone to errors, leading to noisy labels where, for example, healthy tissue may be

mislabeled as tumor and vice versa [29]. To tackle this, Zhang et al. [77] introduced a

teacher-student framework that integrates Confident Learning (CL) and SLSR to correct

noisy annotations, although their approach relies on precise noise estimation.

Felfeliyan et al. [78] applied soft labels with a noise-robust loss in weakly supervised seg-

mentation, yet soft labels often struggle to preserve accurate boundaries. Liu et al. [79]

proposed an RSF-assisted label correction method incorporating image features, but its

success hinges on the quality of the input images. Wu et al. [80] designed a two-stage
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weakly supervised pipeline that uses size constraints and noise-resistant losses; nonethe-

less, the resulting pseudo-labels may still contain noise. Shi et al. [81] developed a resilient

learning framework leveraging uncertainty estimation for 3D segmentation, but overly

aggressive filtering risks discarding useful information.

Li et al. [82] combined uncertainty and reliability estimation with contrastive learning

to refine noisy labels and improve brain segmentation. However, their method requires

teacher-student discrepancy measurements and a meta-validation set, which increases com-

putational burden and relies heavily on the quality of validation data, thus limiting scal-

ability to larger or uncurated datasets.

Guo et al. [83] proposed the Collaborative Learning with Curriculum Selection (CLCS)

framework, which employs a dual-branch network combined with curriculum dynamic

thresholding and collaborative confidence voting to effectively distinguish clean and noisy

labels. The method also introduces a noise balance loss to balance convergence on clean

labels and robustness against noisy ones, thereby improving the learning performance in

medical image segmentation with noisy annotations. However, the framework’s complexity,

reliance on multi-stage training schedules, and dynamic adjustments in early training may

lead to instability and increased computational costs.

Wang et al. [84] proposed a method based on the Mean Teacher framework that integrates

a shallow denoising module and a soft correction loss. By leveraging the teacher model to

correct noisy labels and incorporating uncertainty estimation, their approach effectively

improves segmentation performance on small lesions in medical images with noisy anno-

tations. However, the method involves a complex architecture with multiple modules and

hyperparameters, is sensitive to the teacher model’s quality and the design of the soft

correction strategy, and incurs high computational costs during training.

Penso et al. [85] proposed a noise-robust confidence calibration method that combines label

noise matrix estimation with temperature scaling to effectively adjust the model’s output

probability distribution, achieving more accurate confidence estimates on noisy labeled

data. However, the method relies heavily on accurate estimation of the label noise matrix

and assumes a strong noise distribution, which may limit its performance in real-world

scenarios with highly imbalanced classes or complex noise patterns.
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2.2.3 Instance-Dependent Transition Matrix (IDTM) Estimation and

Applications of Uncertainty Estimation in Medical Imaging

The Instance-Dependent Transition Matrix (IDTM) [86] models the probability of cate-

gorical mislabeling by incorporating instance-specific features, and has been widely used

to address label noise in image classification. Cheng et al. [87] proposed training a robust

classifier by jointly learning the IDTM alongside manifold regularization to mitigate the

impact of label noise. Similarly, Zhu et al. [88] introduced a Covariance-Assisted Learning

(CAL) method that leverages second-order statistics to tackle instance-dependent label

noise (IDN). Li et al. [89] proposed a graph-based knowledge transfer framework to im-

prove classification performance under noisy annotations. The approach extracts global

noise patterns and constructs an annotator similarity graph to facilitate knowledge transfer

via graph convolution, enabling the learning of annotator and instance-dependent tran-

sition matrices. Wang et al. [90] propose a method to learn a statistically consistent

classifier from noisy training data by adaptively estimating an instance-dependent noise

transition matrix (IDNT). The approach begins by separating the dataset into clean and

noisy subsets using a noise-aware module that models sample losses with a two-component

Gaussian Mixture Model, leveraging the memorization properties of deep neural networks.

An instance-label confusion module then computes similarity scores between image fea-

tures and label embeddings to form an instance-label confusion matrix (ILCM), capturing

the relationships between instances and categories. Based on these components, the IDNT

is estimated by combining the ILCM with either the provided label or the network’s pre-

diction, with the weights applied to each sample based on its estimated noise probability.

Finally, the classifier is trained using an F-Correction loss that integrates the estimated

noise transition matrix to mitigate the impact of label noise.

Uncertainty estimation has recently become a key focus in medical imaging research, par-

ticularly in segmentation and classification tasks, where it aids in model calibration, sample

selection, and quality control [91]. Mehrtash et al. [92] computed segment-level predictive

uncertainty by averaging pixel-wise entropy over predicted foreground regions, yielding a

single confidence score per segment. While effective, this approach may underestimate

uncertainty by ignoring spatial correlations and structural dependencies within irregular
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or fragmented segments. Judge et al. [93] proposed learning a joint latent space for images

and segmentation maps to estimate uncertainty based on similarity in the latent represen-

tation. However, this method relies heavily on the quality of the latent space and incurs

computational overhead from multiple comparisons of decoded samples. Ju et al. [94]

developed a dual-uncertainty estimation framework that combines an improved Direct

Uncertainty Prediction (iDUP) to handle multi-annotator disagreement with Monte Carlo

Dropout-based predictive uncertainty weighting for single-label annotations. By integrat-

ing sample selection and curriculum training, their approach enhances robustness under

noisy label conditions. Nevertheless, it is sensitive to annotation quantity and quality, en-

tails high computational cost, and relies on threshold-based filtering and hyperparameter

tuning, which may result in the loss of minority class samples and increased training com-

plexity. Sherkatghanad et al. [95] proposed a method that improves prediction accuracy

and robustness by leveraging Bayesian Model Averaging (BMA) over multiple predictions

generated via test-time augmentation (TTA). Their approach adaptively selects models

based on likelihood measures, integrates diverse augmented inputs to produce a consensus

output, and estimates predictive uncertainty. This framework effectively combines ensem-

ble learning with probabilistic model averaging to enhance reliability during testing. Zhou

et al. [96] propose a novel encoder-decoder framework that integrates hierarchical feature

fusion, uncertainty-guided cross-level fusion, and scale aggregation modules to enhance le-

sion segmentation in medical images. By effectively combining multi-scale and multi-level

features and leveraging uncertainty to guide feature integration, their method achieves

improved accuracy and robustness. However, the model’s complexity and the additional

computational overhead introduced by uncertainty estimation may limit its efficiency in

real-time clinical applications.

2.3 Summary of Research Gaps

Considerable progress has been made in addressing class imbalance in medical image clas-

sification. Existing techniques, including data resampling, cost-sensitive learning, and

specialized loss functions, have demonstrated effectiveness under controlled or moderately

imbalanced conditions. However, their performance often degrades in real-world clinical
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settings, where class distributions are often highly skewed and heterogeneous. Although

self-supervised learning (SSL) methods offer promising capabilities by leveraging unlabeled

data to learn generalizable representations, their capacity to explicitly address severe class

imbalance remains limited. In particular, current SSL pre-trained models lack mechanisms

specifically designed to mitigate the adverse effects of imbalance.

Label noise presents a parallel challenge in medical image segmentation. Methods such

as teacher–student frameworks, uncertainty-based filtering, and soft-label regularization

have shown potential for alleviating noisy annotations. Nonetheless, these approaches fre-

quently depend on assumptions—such as the accuracy of pseudo-labels or the reliability

of uncertainty estimation—that may not hold in complex, weakly supervised scenarios.

Instance-Dependent Transition Matrices (IDTMs) offer a principled framework for mod-

eling structured label noise, yet their application to dense prediction tasks like pixel-wise

segmentation remains underexplored. Moreover, many noise-robust approaches demand

significant computational resources or rely on strong supervision, thereby limiting their

scalability to large-scale, sparsely annotated datasets.

Importantly, class imbalance in classification and label noise in segmentation have conven-

tionally been studied as independent issues. However, their frequent coexistence in clinical

practice highlights the need for unified frameworks that can address both challenges con-

currently, thereby improving model robustness and reliability in real-world medical imaging

workflows.



Chapter 3

SCFD: A Self-Calibrated Feature

Denoising Framework for Robust

Medical Image Classification

Under Extreme Class Imbalance

This chapter introduces a set of approaches to address the class imbalance problem in

binary and multi-class classification tasks on medical image datasets. Class imbalance

occurs when the number of instances in one class significantly exceeds that in another,

a common issue in medical applications due to the rarity of certain conditions or the

high cost and complexity of data collection. This imbalance often causes conventional

classification models to be biased toward the majority class, resulting in poor detection

performance for the minority class, which is often of greater clinical interest.

Despite numerous proposed solutions in the literature, no universally optimal method ex-

ists for handling class imbalance across all contexts. In particular, representation learning

models often fail to capture meaningful patterns for minority classes, especially in high-

dimensional or low-sample scenarios. This chapter addresses these challenges by propos-

ing a novel feature-level denoising strategy that can be integrated into state-of-the-art

representation-learning backbones.
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Specifically, three key contributions are introduced in this chapter. First, we incorpo-

rate a strong self-supervised representation model (DINOv2) into the binary classification

pipeline for medical imaging. Second, we propose a Self-Calibrated Feature Denoising

(SCFD) module designed to enhance minority class representations through denoising

and feature regularization. Third, we present comprehensive experimental results across

a variety of imbalance ratios and backbone networks, demonstrating the robustness and

effectiveness of our proposed framework.

The rest of this chapter is organized as follows: Section 3.1 introduces the SCFD-enhanced

classification framework based on DINOv2. Subsequent sections describe the experimental

setup, evaluation metrics, and performance comparisons with state-of-the-art methods

under varying degrees of class imbalance.

3.1 Methodology

In this section, we introduce our novel framework, Self-Calibrated Feature Denoising

(SCFD), designed to enhance minority class representations in class-imbalanced medi-

cal image classification. SCFD employs a minority-specific autoencoder regularized by a

majority class before effectively denosing features, thereby improving robustness under

extreme class imbalance. Before detailing SCFD, we provide a brief overview of DINOv2,

the powerful self-supervised vision transformer backbone that underpins our framework.

3.1.1 A Brief on DINOv2

DINOv2 is a self-supervised model developed by Meta that learns high-level semantic

representations from large-scale unlabeled data without manual annotations [97, 98, 99].

Fig. 3.1 shows the DINOv2 architecture. It achieves strong transferability across visual

tasks by combining image-level and block-level contrastive objectives, allowing the model

to extract robust, invariant features. Techniques such as masked image modeling (MIM),

high-resolution fine-tuning, and the use of regularizers like KoLeo further enhance its

ability to capture both global structure and fine-grained details [97]. These capabilities

make DINOv2 particularly effective in class-imbalanced medical imaging scenarios, where
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Figure 3.1: The DINOv2 framework

labeled data is limited and minority class features are underrepresented [97, 98, 99]. By

leveraging clean, diverse pre-training data and avoiding task-specific fine-tuning, DINOv2

provides a flexible and computationally efficient foundation for downstream classification

tasks [97, 98, 99].

3.1.2 Self-Calibrated Feature Denoising (SCFD) Method

We introduce a Self-Calibrated Feature Denoising (SCFD) framework, consisting of three

principal components, as shown in Fig. 3.2: Pre-trained DINOv2 Feature Extractor, Self-

Calibrated Auto-encoding for Minority Representation, and Denoised Inference for Minor-

ity Classes.

The proposed framework aims to improve the quality and structural consistency of feature

embeddings associated with minority classes. These embeddings are extracted by the first

component, a Pre-trained DINOv2 Feature Extractor, which serves as a fixed backbone

model throughout the entire process. Initially, features are obtained for the entire labeled

dataset and subsequently partitioned into majority and minority classes based on the class

distribution.
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In the Self-Calibrated Auto-encoding for Minority Representation module, an autoencoder

is trained exclusively on minority class features to suppress noise and improve represen-

tational quality. The training objective minimizes the mean squared reconstruction error,

enabling the model to recover more reliable feature representations. To further constrain

the latent space, a self-calibration loss is introduced by aligning the minority latent em-

beddings with a reference distribution derived from the majority class latent space using

Kullback–Leibler divergence. This regularization encourages a more structured and co-

herent latent representation that reflects the statistical properties of well-formed majority

class features.

Following training, the Denoised Inference for Minority Classes component applies the

trained autoencoder to refine all minority class embeddings. These denoised features are

then integrated with the original majority class features to form a unified representation.

The resulting feature set is then used to train a downstream classifier, improving classifi-

cation performance and robustness, particularly for minority classes with limited sample

availability.

Figure 3.2: Our proposed Self-Calibrated Feature Denoising (SCFD) framework
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3.1.2.1 Pre-trained DINOv2 Feature Extractor

Our framework begins by extracting feature embeddings from all training samples using

a fixed, pretrained DINOv2 model. For each input sample xi, the DINOv2 encoder ϕ(·)

generates a feature vector:

fi = ϕ(xi), fi ∈ Rd, (3.1)

where d is the feature dimension. Based on the ground-truth class labels, the extracted

embeddings are partitioned into two disjoint sets: majority class embeddings {f (maj)i } and

minority class embeddings {f (min)i }. Due to the scarcity of samples in the minority classes,

these embeddings are prone to exhibiting higher noise and variability, motivating targeted

denoising.

3.1.2.2 Self-Calibrated Auto-encoding for Minority Representation

In imbalanced datasets, minority class feature embeddings extracted from a pretrained

model often exhibit greater noise and reduced structural consistency, primarily due to

limited sample availability during representation learning. To address this challenge, we

propose a Self-Calibrated Feature Denoising (SCFD) framework that leverages an autoen-

coder trained exclusively on minority class embeddings to improve their quality, without

retraining the large pretrained backbone (we use DINOv2 as the pretrained backbone).

The core component is a lightweight autoencoder (AE), consisting of an encoder E : Rd →

Rdz and a decoder D : Rdz → Rd. The encoder compresses the input feature embedding

fi into a latent code zi, and the decoder reconstructs f̂i from zi:

zi = E(fi), f̂i = D(zi). (3.2)
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Training the autoencoder involves minimizing the mean squared reconstruction error over

the minority class dataset of size N :

Lrecon =
1

N

N∑
i=1

∥fi − f̂i∥22, (3.3)

which encourages the AE to capture essential structures of minority embeddings while

filtering out noise.

To further promote structure in the latent space, we introduce a self-calibration mechanism

that regularizes the minority latent representations by aligning them with those of the

majority class. Specifically, let p(z) and q(z) denote the latent distributions of majority

and minority embeddings, respectively, obtained by encoding the corresponding features:

{z(maj)j = E(f
(maj)
j )}Nmaj

j=1 , {z(min)i = E(f
(min)
i )}Ni=1, (3.4)

where f
(maj)
j and f

(min)
i denote majority and minority class embeddings, and Nmaj is the

number of majority samples.

In practice, p(z) and q(z) are approximated as multivariate Gaussian distributions with

diagonal covariance matrices. Their means and variances for each latent dimension k =

1, . . . , dz are computed empirically as:

µ(k)p =
1

Nmaj

Nmaj∑
j=1

z
(maj,k)
j , σ2(k)p =

1

Nmaj

Nmaj∑
j=1

(
z
(maj,k)
j − µ(k)p

)2
+ ϵ, (3.5)

µ(k)q =
1

N

N∑
i=1

z
(min,k)
i , σ2(k)q =

1

N

N∑
i=1

(
z
(min,k)
i − µ(k)q

)2
+ ϵ, (3.6)

where ϵ is a small constant for numerical stability.

The self-calibration loss is defined as the Kullback-Leibler (KL) divergence between the

two Gaussian distributions:

LSCFD = DKL

(
N (µq,Σq)∥N (µp,Σp)

)
, (3.7)
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where Σp and Σq are diagonal covariance matrices formed from the variances σ
2(k)
p and

σ
2(k)
q . This KL divergence has a closed-form expression for diagonal Gaussians:

DKL =
1

2

dz∑
k=1

log
σ
2(k)
p

σ
2(k)
q

− 1 +
σ
2(k)
q

σ
2(k)
p

+

(
µ
(k)
p − µ

(k)
q

)2

σ
2(k)
p

 . (3.8)

The total loss for training the autoencoder combines reconstruction and self-calibration

terms:

Ltotal = Lrecon + λLSCFD, (3.9)

where the weighting coefficient λ is adaptively computed per training batch as

λ =
1

B

B∑
i=1

std(zi), (3.10)

with B denoting batch size, zi the latent code of the i-th sample, and std(·) computing

the standard deviation over latent features. This dynamic weighting adjusts regularization

strength based on latent feature dispersion, alleviating the need for manual hyperparam-

eter tuning.

In summary, this design ensures that minority embeddings are both denoised through

reconstruction and regularized to reside in a latent space consistent with majority class

features, thereby improving representation robustness and downstream classification per-

formance.

3.1.2.3 Denoised Inference for Minority Classes

Following the training phase, the autoencoder acts as a dedicated denoising module applied

exclusively to the minority class feature embeddings. For each minority sample with

original embedding f
(min)
i ∈ Rd, the denoised embedding f̃i ∈ Rd is computed by first

encoding into the latent space Rdz via the encoder E, then reconstructing through the

decoder D:

f̃i = D
(
E(f

(min)
i )

)
. (3.11)
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The denoising effect stems from the compression inherent in the encoding step,

zi = E(f
(min)
i ), zi ∈ Rdz , dz ≪ d, (3.12)

which forces the latent code zi to retain only the essential structural components of f
(min)
i

while discarding noise and minor perturbations.

The decoder D then reconstructs the feature:

f̃i = D(zi), (3.13)

which approximates the original f
(min)
i with noise filtered out.

Let Fmin = {f (min)i }Ni=1 denote the set of minority embeddings, and Fmaj = {f (maj)j }Nmaj

j=1

the majority embeddings. The final refined feature set Fref is constructed by merging the

denoised minority embeddings with the untouched majority embeddings:

Fref = Fmaj ∪ {f̃i | f (min)i ∈ Fmin}. (3.14)

This selective denoising preserves the intrinsic distribution of the majority features while

improving the quality and structural consistency of the minority features.

The refined feature set Fref is subsequently used to train downstream classifiers C, which

learn decision boundaries in the improved embedding space:

ŷ = C(Fref ), (3.15)

where ŷ denotes predicted class labels.

By leveraging the autoencoder for denoising without retraining the large pretrained back-

bone (in our framework, instantiated by DINOv2), the SCFD framework effectively en-

hances class separability and robustness. This approach mitigates the noise and variability

inherent in minority class data, leading to improved classification performance under severe

class imbalance.
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3.2 Experiment

3.2.1 Datasets

We utilized three datasets in this study. The distribution of these datasets is summarized

in Table 3.1.

Table 3.1: Summary of datasets used in our experiments.

Dataset Exam. Labels Classes Images

Lab-shanghai MRI Cerebral infarction 2 23,148

Brain Tumor 4C [100] MRI Brain tumor 4 7,023

Chest CT [101] CT Lung tumor 4 1,000

The Lab-shanghai dataset consists of cerebral infarction data obtained from the Institute of

Brain Sciences, Shanghai University of Health. 11,574 cerebral infarction cases and 11,574

normal cases, with 2,895 patients aged 28 to 88 years, from 2020-2022, were included in

the study. There were 1450 male patients and 1445 female patients. DWI images were

obtained for all participants. Image labeling was performed by 2 radiologists with more

than 20 years of experience. The purpose of this data collection is to classify and predict

patients based on their MRI. The cerebral infarction category is labeled as “yes,” and the

normal picture is “no”. Informed consent was obtained from the patients by the Institute

of Brain Sciences, and ethical approval for the use of secondary data was granted by UTS

under approval number ETH24-10033. The Brain Tumor 4C dataset [100] consists of MRI

scans annotated for brain tumor classification. It contains 7,023 labeled images spanning

4 classes. The Chest CT dataset [101] includes 1,000 CT scans focused on lung tumor

identification. It features 4 classes with detailed lesion annotations, facilitating the study

of pulmonary abnormalities.

Both datasets are sourced from the Kaggle website [100, 101], which provides curated

collections of medical images to support research in computer-aided diagnosis. They com-

plement our experiments by covering different imaging modalities (MRI and CT) and

tumor types (brain and lung), thereby demonstrating the generalizability of our proposed

framework across diverse clinical classification scenarios. The dataset was split into train-

ing, validation, and test sets in a 70:10:20 ratio using stratified sampling to preserve class
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distributions, with the smaller validation set used for hyperparameter tuning and the test

set for final evaluation.

3.2.2 Imbalance Settings

In our experiments, the number of samples in the normal class (majority class) was kept

unchanged, while the number of samples in the lesion class (minority class) was reduced to

simulate different degrees of class imbalance. Specifically, the lesion class sample size was

sequentially reduced to represent extreme imbalance (5%), high imbalance (20%), mod-

erate imbalance (50%), and the original distribution (100%). For example, 5% indicates

that the number of lesion class samples is only 5% of the original count, while the number

of normal class samples remains intact. By artificially reducing the minority class samples,

we create training sets with varying imbalance ratios to evaluate model performance across

different class-imbalance scenarios.

3.2.3 Compared Metrics

We evaluate model performance using the macro average of Recall, Precision, and F1 score.

Given C classes, these metrics are computed as follows:

Recallmacro =
1

C

C∑
c=1

TPc
TPc + FNc

(3.16)

Precisionmacro =
1

C

C∑
c=1

TPc
TPc + FPc

(3.17)

F1macro =
1

C

C∑
c=1

2 × Precisionc × Recallc
Precisionc + Recallc

(3.18)

where TPc, FPc, and FNc denote true positives, false positives, and false negatives for

class c, respectively.
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Comparisons among supervised models, the self-supervised DINOv2, and our proposed

SCFD framework show that SCFD consistently outperforms the others, particularly under

severe class imbalance.

3.2.4 Implementation Details

All experiments were conducted on a computer equipped with an NVIDIA GeForce RTX

4090 GPU, an Intel Core i9-13900KF CPU, and 64 GB of DDR5 RAM operating at 5200

MHz. The entire training pipeline was executed on Windows 11. The self-supervised

model (DINOv2) was fine-tuned for 50 epochs with a learning rate of 1e-6 and a batch size

of 16. The training process employed the Cross-Entropy Loss and was optimized using

the Adam optimizer. Our method, SCFD, was trained for 50 epochs using the Adam

optimizer with a learning rate of 1e-3, decaying by 1% every epoch, and a batch size of

16. The training objective combined a reconstruction loss (mean squared error) and a

self-calibration loss.

Popular supervised models such as ResNet50, VGG16, and DenseNet121 were trained

under standardized settings for fair comparison. The loss function used was Cross-Entropy

Loss, which is widely adopted to measure the discrepancy between predicted and ground-

truth labels. For optimization, we employed Stochastic Gradient Descent (SGD) with a

momentum of 0.9 to enhance convergence speed, and the initial learning rate was set to

0.001. A cosine annealing learning rate scheduler was applied to adjust the learning rate

during training. All models were trained for 50 epochs with a batch size of 16.

3.2.5 Computational Complexity Analysis

The SCFD introduces negligible computational overhead as it operates solely on the ex-

tracted low-dimensional feature embeddings. Let Nm denote the number of minority

samples, d the original feature dimension, and dz ≪ d the bottleneck dimension of the au-

toencoder. The computational complexity of training the autoencoder is O(Nm ·d ·dz ·E),

where E is the number of training epochs. Estimating the prior distribution from major-

ity class embeddings involves a complexity of O(NM · d2z), where NM ≪ N denotes the
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number of majority samples selected for prior modeling. The KL divergence computation

required for self-calibration introduces only O(dz) complexity per sample. At inference

time, the overhead introduced by the autoencoder for each minority sample is merely

O(d · dz), making SCFD computationally lightweight and easily integrable into existing

feature-based pipelines.

Table 3.2: Classification performance for Lab-shanghai dataset of various models evalu-
ated at different numbers of lesions (100%, 50%, 20%, and 5%). The table reports Macro-

avg Precision, Recall, and F1-score to assess model effectiveness across data scales.

Model
100% 50% 20% 5%

Prec. Rec. F1 Prec. Rec. F1 Prec. Rec. F1 Prec. Rec. F1

ResNet18 0.967 0.967 0.967 0.898 0.890 0.894 0.911 0.769 0.822 0.991 0.643 0.718
ResNet34 0.967 0.967 0.967 0.911 0.894 0.902 0.933 0.725 0.791 0.991 0.643 0.718
ResNet50 0.963 0.985 0.973 0.915 0.920 0.917 0.982 0.773 0.844 0.488 0.500 0.494
ResNet101 0.963 0.985 0.973 0.909 0.918 0.914 0.974 0.659 0.728 0.991 0.643 0.718
ResNet152 0.963 0.985 0.973 0.936 0.913 0.924 0.970 0.614 0.670 0.993 0.714 0.796
VGG11 0.964 0.959 0.962 0.934 0.956 0.945 0.799 0.544 0.561 0.488 0.500 0.494
VGG13 0.974 0.983 0.978 0.950 0.955 0.952 0.886 0.701 0.759 0.488 0.500 0.494
VGG16 0.975 0.970 0.973 0.966 0.946 0.955 0.863 0.722 0.772 0.488 0.500 0.494
VGG19 0.994 0.984 0.989 0.956 0.956 0.956 0.952 0.816 0.870 0.993 0.714 0.796
MobileNetV2 0.881 0.897 0.889 0.364 0.500 0.421 0.462 0.500 0.480 0.488 0.500 0.494
DenseNet121 0.977 0.991 0.984 0.943 0.934 0.938 0.890 0.790 0.831 0.993 0.714 0.796
DenseNet161 0.977 0.991 0.984 0.954 0.949 0.952 0.984 0.795 0.863 0.995 0.786 0.861
DenseNet169 0.970 0.988 0.979 0.947 0.929 0.938 0.939 0.748 0.813 0.993 0.714 0.796
DenseNet201 0.970 0.988 0.979 0.947 0.929 0.938 0.956 0.839 0.887 0.993 0.714 0.796
ShuffleNetV2 ×0.5 0.963 0.985 0.973 0.925 0.916 0.921 0.923 0.814 0.859 0.991 0.643 0.718
ShuffleNetV2 ×1.0 0.977 0.991 0.984 0.950 0.936 0.942 0.948 0.794 0.852 0.895 0.784 0.830
ShuffleNetV2 ×1.5 0.970 0.988 0.979 0.941 0.927 0.933 0.917 0.792 0.841 0.993 0.714 0.796
ShuffleNetV2 ×2.0 0.963 0.985 0.973 0.907 0.911 0.909 0.987 0.841 0.899 0.993 0.714 0.796
MnasNet 0.5 0.364 0.500 0.421 0.398 0.500 0.443 0.462 0.500 0.480 0.488 0.500 0.494
MnasNet 1.0 0.364 0.500 0.421 0.398 0.500 0.443 0.462 0.500 0.480 0.488 0.500 0.494
ViT-B/16 0.985 0.986 0.985 0.747 0.747 0.747 0.637 0.614 0.624 0.488 0.500 0.494
DINOv2 0.993 0.992 0.992 0.992 0.990 0.991 0.994 0.973 0.983 0.992 0.959 0.975
SCFD 0.991 0.995 0.993 0.992 0.992 0.992 0.985 0.986 0.986 0.983 0.976 0.979

3.3 Results

3.3.1 Results on Lab-shanghai Dataset

Table 3.2 summarizes the classification performance of various models on the Lab-shanghai

dataset under different lesion (minority) class ratios: 100%, 50%, 20%, and 5%, with the

number of normal (majority) class samples kept constant. Macro-avg Precision, Recall,

and F1-score are reported to evaluate model effectiveness across varying levels of class

imbalance. As the proportion of lesion samples decreases, conventional supervised convo-

lutional models exhibit a significant drop in F1-score, reflecting their sensitivity to class



36
SCFD: A Self-Calibrated Feature Denoising Framework for Robust Medical Image

Classification Under Extreme Class Imbalance

Table 3.3: Classification performance for the Brain Tumor 4C dataset of various models
evaluated at different numbers of lesions (100%, 50%, 20%, and 5%). The table reports
Macro-avg Precision, Recall, and F1-score to assess model effectiveness across data scales.

Model
100% 50% 20% 5%

Prec. Rec. F1 Prec. Rec. F1 Prec. Rec. F1 Prec. Rec. F1

ResNet18 0.944 0.943 0.943 0.878 0.873 0.874 0.810 0.803 0.802 0.709 0.700 0.690
ResNet34 0.941 0.940 0.941 0.864 0.860 0.860 0.783 0.771 0.773 0.719 0.706 0.697
ResNet50 0.940 0.939 0.940 0.844 0.842 0.841 0.782 0.774 0.773 0.676 0.674 0.661
ResNet101 0.929 0.929 0.929 0.879 0.876 0.876 0.799 0.791 0.790 0.672 0.667 0.654
ResNet152 0.936 0.935 0.935 0.864 0.860 0.861 0.791 0.785 0.784 0.639 0.639 0.623
VGG11 0.956 0.954 0.954 0.900 0.894 0.895 0.804 0.796 0.796 0.684 0.658 0.652
VGG13 0.957 0.956 0.957 0.899 0.893 0.894 0.804 0.797 0.797 0.712 0.699 0.689
VGG16 0.956 0.954 0.955 0.903 0.898 0.899 0.816 0.810 0.809 0.711 0.698 0.690
VGG19 0.960 0.959 0.960 0.907 0.901 0.902 0.800 0.796 0.794 0.689 0.681 0.672
MobileNetV2 0.933 0.931 0.932 0.777 0.771 0.767 0.077 0.250 0.118 0.077 0.250 0.118
DenseNet121 0.954 0.953 0.954 0.909 0.905 0.906 0.825 0.816 0.818 0.734 0.726 0.718
DenseNet161 0.961 0.961 0.961 0.910 0.905 0.906 0.841 0.830 0.832 0.733 0.726 0.718
DenseNet169 0.953 0.952 0.952 0.904 0.900 0.901 0.828 0.819 0.820 0.711 0.706 0.695
DenseNet201 0.959 0.959 0.959 0.903 0.899 0.900 0.838 0.829 0.831 0.715 0.709 0.697
ShuffleNetV2 ×0.5 0.904 0.903 0.903 0.841 0.840 0.840 0.703 0.700 0.697 0.157 0.306 0.200
ShuffleNetV2 ×1.0 0.924 0.922 0.922 0.844 0.835 0.837 0.688 0.656 0.660 0.409 0.520 0.451
ShuffleNetV2 ×1.5 0.915 0.914 0.914 0.837 0.828 0.831 0.813 0.804 0.805 0.394 0.491 0.424
ShuffleNetV2 ×2.0 0.903 0.901 0.902 0.852 0.846 0.848 0.749 0.740 0.740 0.377 0.426 0.341
MnasNet 0.5 0.077 0.250 0.118 0.077 0.250 0.118 0.077 0.250 0.118 0.077 0.250 0.118
MnasNet 1.0 0.077 0.250 0.118 0.077 0.250 0.118 0.077 0.250 0.118 0.077 0.250 0.118
ViT-B/16 0.859 0.859 0.859 0.810 0.808 0.808 0.735 0.723 0.723 0.635 0.576 0.562
DINOv2 0.996 0.996 0.996 0.978 0.976 0.977 0.961 0.957 0.958 0.857 0.837 0.842
SCFD 0.993 0.993 0.993 0.990 0.989 0.989 0.965 0.963 0.963 0.893 0.887 0.888

imbalance. For instance, ResNet50’s F1-score declines sharply from 0.973 under balanced

conditions to 0.494 at 5% minority samples. Similarly, VGG variants (VGG11, VGG13,

VGG16) and MnasNet suffer notable performance degradation at this extreme imbalance,

with F1-scores falling below 0.5. The ViT-B/16 model also shows a marked decrease to

0.494. In contrast, DenseNet and ShuffleNetV2 demonstrate relatively better robustness,

though they are still affected.

In contrast, the self-supervised DINOv2 model exhibits markedly higher and more stable

performance across all data scales. It achieves an F1-score of 0.992 under balanced set-

tings and maintains an impressive 0.975 even under extreme imbalance (5% lesion data).

DINOv2 consistently surpasses all supervised models in Precision, Recall, and F1-score,

demonstrating strong robustness to data scarcity. Our proposed Self-Calibrated Feature

Denoising (SCFD) framework further addresses class imbalance by enhancing represen-

tations of minority classes. Under balanced conditions, SCFD performs comparably to

DINOv2, achieving slightly higher Recall and F1-score (0.995 and 0.993 vs. 0.992 and

0.992), with a marginal trade-off in Precision (0.991 vs. 0.993). When the lesion data is
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Table 3.4: Classification performance for Chest CT dataset of various models evaluated
at different numbers of lesions (100%, 50%, 20%, and 5%). The table reports Macro-avg

Precision, Recall, and F1-score to assess model effectiveness across data scales.

Model
100% 50% 20% 5%

Prec. Rec. F1 Prec. Rec. F1 Prec. Rec. F1 Prec. Rec. F1

ResNet18 0.554 0.563 0.518 0.548 0.536 0.514 0.456 0.508 0.443 0.325 0.490 0.384
ResNet34 0.619 0.610 0.587 0.614 0.584 0.554 0.450 0.506 0.450 0.435 0.478 0.441
ResNet50 0.639 0.585 0.526 0.518 0.552 0.477 0.455 0.501 0.429 0.322 0.488 0.381
ResNet101 0.571 0.592 0.564 0.470 0.508 0.463 0.506 0.500 0.472 0.440 0.483 0.418
ResNet152 0.514 0.534 0.484 0.531 0.535 0.507 0.365 0.500 0.407 0.332 0.500 0.376
vgg11 0.583 0.620 0.536 0.533 0.595 0.538 0.236 0.444 0.307 0.043 0.250 0.073
vgg13 0.597 0.650 0.569 0.548 0.549 0.476 0.182 0.371 0.229 0.108 0.260 0.095
vgg16 0.623 0.635 0.541 0.495 0.532 0.466 0.167 0.342 0.200 0.043 0.250 0.073
vgg19 0.627 0.626 0.534 0.499 0.540 0.478 0.144 0.306 0.161 0.117 0.263 0.099
MobileNetV2 0.095 0.250 0.138 0.043 0.250 0.073 0.043 0.250 0.073 0.043 0.250 0.073
DenseNet121 0.549 0.582 0.507 0.533 0.549 0.514 0.584 0.512 0.498 0.568 0.493 0.440
DenseNet161 0.584 0.571 0.497 0.488 0.516 0.481 0.508 0.515 0.497 0.435 0.501 0.427
DenseNet169 0.542 0.572 0.524 0.496 0.523 0.487 0.524 0.507 0.481 0.389 0.488 0.409
DenseNet201 0.550 0.569 0.513 0.512 0.540 0.495 0.667 0.465 0.445 0.205 0.392 0.249
ShuffleNetV2 ×0.5 0.095 0.250 0.138 0.043 0.250 0.073 0.043 0.250 0.073 0.043 0.250 0.073
ShuffleNetV2 ×1.0 0.095 0.250 0.138 0.043 0.250 0.073 0.043 0.250 0.073 0.043 0.250 0.073
ShuffleNetV2 ×1.5 0.095 0.250 0.138 0.043 0.250 0.073 0.043 0.250 0.073 0.043 0.250 0.073
ShuffleNetV2 ×2.0 0.095 0.250 0.138 0.043 0.250 0.073 0.043 0.250 0.073 0.043 0.250 0.073
MnasNet 0.5 0.095 0.250 0.138 0.043 0.250 0.073 0.043 0.250 0.073 0.043 0.250 0.073
MnasNet 1.0 0.095 0.250 0.138 0.043 0.250 0.073 0.043 0.250 0.073 0.043 0.250 0.073
ViT-B/16 0.490 0.519 0.473 0.476 0.501 0.463 0.456 0.497 0.445 0.443 0.493 0.437
DINOv2 0.915 0.933 0.919 0.830 0.832 0.830 0.748 0.730 0.731 0.665 0.627 0.583
SCFD 0.887 0.867 0.874 0.853 0.853 0.851 0.744 0.786 0.745 0.685 0.728 0.669

reduced to 50%, both models perform similarly. However, under severe imbalance (20%

and 5% lesion data), SCFD consistently outperforms DINOv2 in Recall and F1-score,

which are critical for accurate minority class detection. For instance, at 5% lesion data,

SCFD achieves a Recall of 0.976 and an F1-score of 0.979, compared to DINOv2’s 0.959

and 0.975. Precision remains comparable, with only marginal differences. These results

highlight the limitations of traditional supervised models under data-scarce, imbalanced

conditions. While DINOv2 demonstrates strong self-supervised learning capabilities, its

performance degrades under extreme imbalance. SCFD mitigates this issue by reinforc-

ing minority class features, improving recall and maintaining balanced performance under

challenging class-imbalance scenarios.

3.3.2 Results on Brain Tumor 4C Dataset

Table 3.3 presents the classification performance of various models on the Brain Tumor

4C dataset under simulated imbalance conditions, where the lesion (minority) class was

reduced to 100%, 50%, 20%, and 5% of its original count, while keeping the number of
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normal (majority) class samples fixed. Macro-avg Precision, Recall, and F1-score are

reported to assess model performance under varying levels of label imbalance.

As the imbalance becomes more severe, F1-scores of most supervised convolutional net-

works drop significantly, highlighting their strong reliance on labeled lesion samples. For

instance, ResNet18 sees its F1-score drop from 0.943 with 100% lesion data to just 0.690

with 5%. Similar patterns are observed for deeper ResNet variants and VGG networks,

all of which experience marked performance degradation as the amount of lesion data de-

creases. Notably, lightweight architectures such as MobileNetV2, ShuffleNetV2 (×0.5–2.0),

and especially MnasNet (both 0.5 and 1.0) perform poorly under extreme imbalance (5%),

with F1-scores stagnating around 0.118 or lower, indicating failure to learn meaningful

representations for the minority class.

The self-supervised model DINOv2 consistently outperforms supervised models across all

sample sizes. Under balanced conditions (100% lesion data), it slightly surpasses SCFD

in all metrics, achieving an F1-score of 0.996 versus 0.993. This suggests that DINOv2

is particularly effective when sufficient labeled data is available. However, as lesion data

becomes increasingly limited (20% and 5%), SCFD demonstrates clear advantages. It

outperforms DINOv2 in Recall and F1-score, two metrics that are especially important

for identifying tumor categories in class imbalance settings. At 5% lesion data, SCFD

achieves an F1-score of 0.888, substantially higher than DINOv2’s 0.842, indicating a better

effect on class imbalance. In summary, while DINOv2 leverages strong self-supervised

representations under full supervision, SCFD offers greater robustness in imbalanced and

limited-data settings. These results validate the proposed method’s effectiveness in real-

world scenarios where annotated lesion data is sparse.

3.3.3 Results on Chest CT Dataset

Table 3.4 reports the classification results on the Chest CT dataset, where lesion class

samples were progressively reduced to 100%, 50%, 20%, and 5% of their original size,

simulating varying levels of class imbalance. The number of normal class samples was

kept constant. The evaluation metrics include Macro-avg Precision, Recall, and F1-score.



SCFD: A Self-Calibrated Feature Denoising Framework for Robust Medical Image
Classification Under Extreme Class Imbalance 39

Traditional supervised models such as ResNet, VGG, DenseNet, MobileNet, ShuffleNet,

MnasNet, and ViT-B/16 exhibit substantial performance degradation as class imbalance

increases. While some of these models show moderate F1-scores in balanced settings (e.g.,

ResNet34 achieves 0.587 at 100%), their performance drops significantly under extreme

imbalance. For instance, ResNet18 and ResNet50 see their F1-scores fall to 0.384 and

0.381, respectively, at the 5% lesion level. VGG variants are particularly affected, with

F1-scores declining to nearly random levels (e.g., VGG11 and VGG16 both at 0.073),

indicating a complete collapse in minority class prediction.

Lightweight architectures such as MobileNetV2, ShuffleNetV2 (×0.5–2.0), and MnasNet

(0.5 and 1.0) consistently yield F1-scores of only 0.073 or lower across all imbalance levels,

failing to distinguish lesion cases even when moderately balanced.

The self-supervised model DINOv2 consistently outperforms all supervised models across

all levels of data availability. Under the balanced setting (100% lesion data), it also achieves

slightly higher metrics than SCFD (e.g., F1-score of 0.919 vs. 0.874), indicating superior

representation capabilities in fully supervised scenarios. Nonetheless, as class imbalance

becomes more severe (20% and 5% lesion data), SCFD overtakes DINOv2, particularly in

Recall and F1-score. With only 5% of lesion data, SCFD achieves a Recall of 0.728 and

an F1-score of 0.669, outperforming DINOv2’s corresponding values of 0.627 and 0.583.

These findings highlight the limitations of supervised models in class-imbalanced medical

scenarios and underscore the strengths of self-supervised learning. Although DINOv2

performs well under class imbalance, the SCFD framework offers greater robustness and

reliability in more challenging settings with limited imbalanced data.

3.3.4 Qualitative Visualization Results

The goal of this visualization is to assess the model’s ability to learn discriminative fea-

ture representations under severe class imbalance, where the minority class is substantially

underrepresented. Across all datasets, the number of normal (majority) samples remains

unchanged, while only 5% of lesion (minority) samples are retained to simulate the imbal-

ance. The extracted features are grouped by their ground-truth labels.
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Dimensionality reduction is then performed in two steps: Principal Component Analysis

(PCA) is applied to retain at least 80% of the variance, followed by Linear Discriminant

Analysis (LDA) to project the data into a 3D space that maximizes class separability.

Fig. 3.3 shows the resulting embeddings, with classes distinguished by color, demonstrating

SCFD’s effectiveness in preserving minority class separability despite the imbalance.

In Fig. 3.3a, corresponding to the Brain Tumor 4C dataset with a substantially larger

sample size, feature embeddings exhibit clear and well-defined clusters. Each class forms

distinct, compact groups with minimal overlap, indicating strong inter-class separability.

Fig. 3.3b shows feature embeddings from the Chest CT dataset, characterized by lim-

ited samples and severe imbalance. Despite these constraints, the projected samples form

four well-separated and cohesive clusters, illustrating SCFD’s capacity to learn discrimi-

native representations under challenging data conditions. Collectively, these visualizations

provide empirical evidence of SCFD’s robustness in preserving class separability and gen-

erating structurally coherent embeddings under extreme class imbalance and limited data,

critical factors for improving medical image classification performance.
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(a) 3D visualization of Brain Tumor 4C dataset.The green part represents the normal
category, while the other colors represent the pathological categories.

(b) 3D visualization of Chest CT dataset. The green part represents the normal
category, while the other colors represent the pathological categories.

Figure 3.3: 3D Visualization of Feature Embeddings via LDA with 5% Lesion Samples
and Unchanged Normal Samples.



Chapter 4

Label Uncertainty Transformation

for Combating Noisy Labels in

Medical Image Segmentation

This chapter introduces the Label Uncertainty Transformation (LUT) framework, devel-

oped to address the challenges of noisy labels in medical image segmentation. Due to

annotation scarcity and inherent noise, segmentation tasks in medical imaging require

methods that can handle both uncertainty at the instance level and ambiguity in tar-

get structures. LUT combines uncertainty estimation, entropy-based sample selection,

and instance-dependent label transformation into a cohesive and robust training pipeline.

Unlike traditional approaches that rely on clean labels or accurate pseudo-labels, LUT

leverages deep ensemble techniques and pixel-level entropy information to improve model

performance under noisy conditions. The following sections provide a detailed description

of the key components—Uncertainty Estimation Ensemble Module, Label Transformation

Network (LTN), and Target Segmentation Network (TSN), as well as the training strategy

and overall workflow.

42
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Table 4.1: Description of symbols

Symbol Description

µ1, µ2 Probability maps from U-Net and nnU-Net
µmean Weighted average prediction
σ2
1 , σ

2
2 Variances from deviation to µmean

w1, w2 Weights derived from Dice scores of U-Net and nnU-Net
w′

1, w
′
2 Inverse-variance weights

µ̂ Final ensemble prediction
ψ2 Ensemble variance (uncertainty)

Ỹ Noisy labels

D∗, D̃ Distilled subset and noisy dataset
Hi Pixel entropy at pixel i
pi,c Probability of pixel i in class c
T (x; θ) Transition matrix from clean to noisy labels
ȳ∗, ỹ∗ Clean-like prediction and noisy label
Lrbce Rectified BCE loss
ψ1(x) Combined uncertainty measure
Lua Uncertainty-weighted loss
Lentropy Entropy regularizer
γ Entropy regularization weight
Lg Overall LTN loss
f(x;ϕ) Target segmentation network
ȳ, ŷ Clean prediction and noisy mapping
LBCE BCE loss for TSN

4.1 Methodology

We propose a statistically consistent prediction model, the Label Uncertainty Transfor-

mation (LUT) framework, by parametrically estimating an IDTM for each predicted seg-

mentation mask. While the core idea of using an instance-dependent transition matrix

is inspired by Zhang et al.[102], we introduce the following novel strategies specifically

tailored for medical image segmentation with highly noisy labels: (1) a deep ensemble ap-

proach in our Uncertainty Estimation Ensemble Module to handle complex medical data

and not relying on a single model, (2) a pixel-entropy-based sample selection method to

refine distilled examples for robust LTN training, and (3) a pixel entropy regularizer to

handle sparse target structures common in lesions or tumors. These innovations aim to

improve both accuracy and stability under noisy medical labels.

The LUT consists of three components as shown in Fig. 4.1: the Uncertainty Estima-

tion Ensemble Module, which generates initial segmentation and uncertainty estimates;

the Label Transformation Network (LTN), which refines segmentation via an Instance-

Dependent Transition Matrix (IDTM); and the Target Segmentation Network (TSN),

which optimizes the final output. A reweighting technique adjusts the influence of predic-

tions based on uncertainty, and an entropy regularizer reduces complexity and mitigates
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overfitting. This architecture improves segmentation accuracy and reliability, making it

well-suited to precision-critical medical image analysis tasks. The complete workflow of

LUT is summarized in Algorithm 4.1, effectively integrating uncertainty, entropy-based

sample selection, and forward correction to systematically address label noise.

Algorithm 4.1 Label Uncertainty Transformation (LUT)

Noisy set D̃ = {(x, ỹ)}Nn=1 Trained TSN f(·;ϕ) for deployment
Step 1: Train UEEM
- Train U-Net and nnU-Net with Eq.(4.9); - Obtain ensemble mean µ̂, variance ψ.
Step 2: Distill Reliable Samples
- Compute pixel entropy in each model; merge results.
- Retain pixels exceeding a global threshold, forming D∗.
Step 3: Learn LTN
- Parameterize T (x; θ), optimize Lg [Eq.(4.14)] with uncertainty re-weighting, entropy
regularization.
- Generate IDTM for each sample.
Step 4: Train TSN
- Fix T (x; θ); let ȳ = f(x;ϕ), ŷ = T⊤ȳ.
- Minimize LBCE(ŷ, ỹ) [Eq.(4.15)].
f(·;ϕ).

4.1.1 Preliminaries

In this work, we let D̃ = {(xn, ỹn)}Nn=1 denote our noisy dataset, where each xn is an

input (e.g., an MRI slice) and ỹn is the associated noisy segmentation mask. A subset

D∗ ⊂ D̃ consists of “distilled” samples that have been deemed more reliable, typically

via a pixel-entropy screening process. We use ϕ to represent the trainable parameters of

our neural networks; for example, ϕ might parameterize the Target Segmentation Network

(TSN). Whenever a superscript ∗ appears (e.g., ȳ∗), it indicates either a distilled variant

of a variable (as with sample x∗ in D∗) or a refined model prediction believed to be

closer to the clean label distribution. Additionally, we define T (x) to be an instance-

dependent transition matrix (IDTM) for input image x, capturing the probability of label

flips from a true label ei to a noisy label ej . When the TSN produces a “clean” prediction

ȳ, we obtain the corresponding noisy-space prediction ŷ by multiplying ȳ with T (x)⊤.

This forward-correction step aligns the learned clean labels with the observed noisy labels

during training. We also employ µ, σ2 to denote the mean and variance generated by

our deep ensemble’s uncertainty estimation, and define ψ as an overall predictive variance
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measure. Finally, our training objectives make use of several specialized loss functions,

including LBCE (binary cross-entropy), Lrbce (rectified BCE), Lua (an uncertainty-adjusted

variant), and Lentropy (a pixel-level entropy regularizer).

4.1.2 IDTM Formulation and Noisy Label Modeling

In medical image segmentation, manual annotations often contain inaccuracies. We denote

by Ỹ the noisy labels, Y the true labels, and X the input image (e.g., an MRI slice).

Label noise may depend on local image characteristics—for instance, pixels near lesion

boundaries or low-contrast regions are more vulnerable to mislabeling.

To capture such instance-dependent noise, we introduce a matrix T (x) ∈ [0, 1]2×2 for each

image x. Each entry Ti,j(x) indicates the probability of a true label ei being corrupted

into the noisy label ej . Formally, if we let

pi(x) = P(Y = ei | X = x), (4.1)

p̃j(x) = P(Ỹ = ej | X = x), (4.2)

then T (x) provides a mapping from the clean to the noisy distribution as follows:

p̃j(x) =
∑
i

Ti,j(x) pi(x). (4.3)

By appropriately estimating T (x), we can disentangle the noisy labels from their underly-

ing clean counterparts and perform a forward correction step to guide the training process.

This framework is particularly crucial in medical imaging scenarios where noise is often

structured by anatomical or acquisition-related factors (e.g., boundary ambiguity, partial

volume effects).

4.1.3 Uncertainty Estimation Ensemble Module (UEEM)

Our framework begins by independently training two segmentation networks (U-Net and

nnU-Net) on the noisy dataset. Each model produces a lesion probability map, denoted as
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Figure 4.1: Our proposed Label Uncertainty Transformation (LUT) framework

µ1 and µ2, respectively. Instead of assuming each model provides a predictive variance, we

adopt a deep ensemble strategy that estimates uncertainty from the discrepancy between

model predictions.

The ensemble mean prediction is computed by weighting the two models’ outputs according

to their Dice scores on a validation set:

µmean =
w1µ1 + w2µ2
w1 + w2

(4.4)

where w1 and w2 represent the Dice scores of the U-Net and nnU-Net models, respectively.

To approximate the confidence of each model’s prediction, we estimate its predictive vari-

ance using its deviation from the ensemble mean:

σ21 = (µ1 − µmean)2, σ22 = (µ2 − µmean)2 (4.5)
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The inverse-variance weights are then computed as:

w′
1 =

1

σ21
, w′

2 =
1

σ22
(4.6)

Using these weights, the final ensemble prediction is refined via precision-weighted aver-

aging:

µ̂ =
w′
1µ1 + w′

2µ2
w′
1 + w′

2

(4.7)

The ensemble variance ψ2, which captures epistemic uncertainty from model disagreement,

is calculated as:

ψ2 =
w′
1(µ1 − µ̂)2 + w′

2(µ2 − µ̂)2

w′
1 + w′

2

(4.8)

To regularize training under noisy supervision, we define the loss as the sum of binary

cross-entropy (BCE) and the ensemble variance:

LUEEM = BCE(Ỹ , µ̂) + ψ2 (4.9)

where Ỹ denotes the noisy labels. This formulation allows the model to naturally suppress

uncertain predictions while improving the reliability of the learned representation.

After convergence, the final prediction µ̂(x) and the uncertainty map ψ(x) are obtained for

each pixel x. High-uncertainty pixels indicate potential mislabeling or model disagreement,

whereas low-uncertainty regions are more likely to be trustworthy.

4.1.4 Label Transformation Network (LTN)

4.1.4.1 Distilled Sample Selection via Pixel Entropy

Before estimating the instance-dependent transition matrix, we refine the noisy dataset

by selecting a distilled subset D∗ ⊂ D̃ with lower mislabel risk. Rather than thresholding

only on global confidence, we compute pixel-level entropy in each model’s output to

detect local ambiguities:
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• Entropy Computation: For each pixel i, define

Hi = −
∑
c

pi,c ln(pi,c),

using class probabilities {pi,c} predicted by U-Net or nnU-Net.

• Category Weighting: Convert entropy values into class-wise weights.

• Weighted Selection: Merge the two models’ (entropy-weighted) predictions. Pix-

els whose maximum probability surpasses a global average are retained in D∗.

This process eliminates extremely uncertain or inconsistent pixels while preserving lesion-

boundary pixels that show moderate confidence and consistent entropy patterns.

4.1.4.2 IDTM Parameterization and Training Objective

We denote by T (x; θ) the parametric mapping from “clean” to “noisy” labels. Let ȳ∗ be

a refined (clean-like) prediction for a distilled sample x∗. Then the noisy label ỹ∗ can be

approximated by:

ỹ∗ = T⊤ ȳ∗.

We adopt a Rectified BCE (RBCE) loss to handle partial label errors:

Lrbce = −
∑
x∗∈D∗

∑
i

1[ỹ∗i = 1] ln
(
ȳ∗i
)
. (4.10)

To further reduce the impact of mislabeled or high-entropy pixels, an uncertainty re-

weighting factor is used as follows

ψ1(x) =
Varensemble(x)

maxx Varensemble(x)
+

Hpixel(x)

maxxHpixel(x)
(4.11)

Lua = Lrbce × exp
[
−ψ1(x

∗)
]
, (4.12)
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where ψ1 measures local uncertainty by combining ensemble variance and pixel entropy.

Consequently, the most dubious samples have exponentially lower influence during train-

ing.

Moreover, medical lesions are often sparse. To deter T (x) from overfitting easy background

pixels, we introduce a pixel entropy regularizer

Lentropy = −
∑
c

pc ln(pc), (4.13)

where {pc} are the LTN’s predicted class probabilities. Balancing these yields:

Lg =
∑
x∗∈D∗

w(x∗)Lrbce(ỹ
∗, T, ȳ∗) − γ Lentropy, (4.14)

with γ > 0 modulating the strength of the entropy penalty, and w(x∗) encapsulating

uncertainty re-weighting.

4.1.5 Target Segmentation Network (TSN)

After obtaining T (x; θ), we train a final segmentation model f(x;ϕ) under a forward

correction strategy. The TSN’s “clean” prediction ȳ is mapped to the noisy label space

by:

ŷ = T⊤ ȳ.

We then measure its discrepancy with the given noisy label ỹ via:

LBCE = −
∑
i

[
ỹi ln(ŷi) + (1 − ỹi) ln

(
1 − ŷi

)]
. (4.15)

Minimizing this loss with respect to ϕ trains the TSN to segment lesions robustly, har-

nessing the IDTM to mitigate label noise in the gradient signals.
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Table 4.2: Details of the datasets used in the experiment.

Dataset Name Source and Details Image Size

Lab Infarct (private) 6096 images and masks 256× 256

Brain Tumor[97] 3064 images and masks 256× 256

Merging Brain Tumor[103] 2642 images and masks 256× 256

4.2 Experiment

4.2.1 Datasets and Experimental Settings

4.2.1.1 Datasets

We utilized three datasets, two public datasets and one private dataset, the details of

which are presented in Table 4.2. Ethical approval for the secondary use of the private

dataset, which comprises 6,096 images, was obtained from the University of Technology

Sydney (UTS) under approval number ETH24-10033.

The public dataset (Brain Tumor) [97] contains 3,064 images of brain tumors. Another

public dataset (Merging Brain Tumor) [103], after we removed images without tumors

and modified images and labels with tumors, includes 2,642 images of brain tumors. The

training, validation, and test sets are split at a 7:1:2 ratio.

4.2.1.2 Noise Settings

To simulate expert annotation errors in 2D segmentation, we randomly perturb 15%–

90% of training labels by applying either morphological operations (dilation or erosion

with a 3–7 pixel structuring element) or affine transformations (random translation ±5

pixels, rotation ±10°, scaling 0.9–1.1). This introduces realistic, structured label noise

mimicking common human annotation mistakes. Figure 2.1 shows a comparison between

the original ground-truth masks (top row) and their corresponding noisy masks (bottom

row), illustrating realistic annotation perturbations that mimic common human labeling

errors.
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4.2.1.3 Compared Methods

We use the nn-U-Net model architecture [104] as a baseline to evaluate three datasets

with varying noise ratios. We then evaluate our proposed method on these datasets and

compare its performance with state-of-the-art methods, including: the robust t-loss that

employs a t-distribution-based loss to handle label noise [105]; a tri-network framework

that achieves robust segmentation via mutual correction from non-expert labels [33]; a

superpixel-guided iterative learning method that suppresses noise during training [98];

and a spatial correction approach that leverages spatial consistency to refine noisy anno-

tations [106].

4.2.1.4 Evaluation Metrics

The Dice coefficient, also known as the Dice Similarity Coefficient (DSC), measures the

similarity between two samples. It is especially useful for image segmentation, where it is

commonly used to assess segmentation accuracy in medical imaging[99].

The Dice coefficient is calculated using the following formula:

Dice =
2 |A ∩B|
|A| + |B|

(4.16)

Intersection over Union (IoU) is a metric used to evaluate the overlap between predicted

results and ground truth in object detection and image segmentation tasks. It measures

how well the predicted region overlaps with the actual region [107].

The IoU is calculated using the following formula:

IoU =
|A ∩B|
|A ∪B|

(4.17)
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4.2.2 Implementation Details

The training setup comprised an Nvidia GeForce RTX 4090 graphics card, an Intel i9-

13900KF CPU, and 64GB of DDR5 RAM running at 5200MHz. The training is exclusively

on the Windows 11 operating system. In the proposed method, we use an Adam optimizer

with a training batch size of 16. During Uncertainty Estimation Ensemble Module training,

the initial learning rate is set to 1e-3, with a decay rate of 85% and a momentum value of

0.9. The training process consists of 100 epochs. For LTN, full training takes 100 epochs,

and the learning rate is initialized to 1e-3, with a 1% degradation after every 3 epochs.

For TSN, the full training takes 20 epochs, and the learning rate is initialized to 1e-3

decayed by 0.9 after each epoch. In the state-of-the-art methods, the full training takes

100 epochs, and the learning rate is initialized to 1e-3 with 1% degradation after every 3

epochs. Using Adam optimizer with a training batch size of 16.

4.3 Results

Table 4.3: Performance comparison of Lab Infarct dataset with different noise settings.
The values are Dice and IoU scores.

nn-Unet(baseline)[104] T-loss[105] Tri-net[108] Superpixel[98] Spatial Correction[106] Ours

Noise rate Dice IoU Dice IoU Dice IoU Dice IoU Dice IoU Dice IoU

15% 0.7997 0.6663 0.8087 0.6788 0.8300 0.7094 0.8338 0.7150 0.8425 0.7279 0.8598 0.7541

30% 0.7815 0.6414 0.7968 0.6623 0.8103 0.6811 0.8235 0.7000 0.8249 0.7020 0.8447 0.7312

45% 0.7548 0.6061 0.7876 0.6496 0.8085 0.6785 0.8152 0.6878 0.8211 0.6965 0.8335 0.7145

60% 0.7241 0.5675 0.7802 0.6397 0.8058 0.6748 0.8097 0.6803 0.8104 0.6813 0.8225 0.6985

75% 0.7013 0.5400 0.7773 0.6357 0.7829 0.6432 0.7966 0.6619 0.8005 0.6674 0.8089 0.6791

90% 0.6395 0.4701 0.7548 0.6062 0.7673 0.6225 0.7701 0.6262 0.7710 0.6273 0.7971 0.6627

4.3.1 Comparison of Lab Infarct Dataset

Table 4.3 compares the LUT framework with the baseline and state-of-the-art methods

on the Lab Infarct dataset. The baseline uses nn-Unet without noise learning. LUT

outperforms the baseline across all noise levels, improving Dice/IoU by 0.0601/0.0878 at

15%, 0.0632/0.0898 at 30%, 0.0787/0.1084 at 45%, 0.0984/0.131 at 60%, 0.1076/0.1391 at

75%, and 0.1576/0.1926 at 90%.
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LUT also surpasses state-of-the-art methods, with Dice/IoU gains of 0.0423/0.0565 over

T-loss, 0.0338/0.0402 over Tri-net, 0.027/0.0365 over Superpixel, and 0.0261/0.0354 over

Spatial Correction at 90% noise. These results confirm LUT’s superior segmentation

accuracy and robustness.

Figure 4.2: Prediction results of our method’s components in the ablation experiments
on the Lab Infarct and Brain Tumor dataset. (a) Training samples. (b) Noisy labels. (c)
Initial results by UEEM. (d) Predictive uncertainty. (e) Original LTN. (f) +Pixel entropy

regularizer. (g) +URW

Table 4.4: Performance comparison of Brain Tumor dataset with different noise settings.
The values are Dice and IoU scores.

nn-Unet(baseline)[104] T-loss[105] Tri-net[108] Superpixel[98] Spatial Correction[106] Ours

Noise setting Dice IoU Dice IoU Dice IoU Dice IoU Dice IoU Dice IoU

15% 0.8144 0.6869 0.8328 0.7135 0.8476 0.7355 0.8563 0.7338 0.8792 0.7844 0.8917 0.8045

30% 0.7991 0.6654 0.8195 0.6943 0.8241 0.7008 0.8340 0.7153 0.8577 0.7509 0.8655 0.7629

45% 0.7615 0.6148 0.8080 0.6778 0.8156 0.6887 0.8264 0.7042 0.8449 0.7315 0.8563 0.7488

60% 0.7391 0.5862 0.7885 0.6509 0.7952 0.6600 0.8192 0.6937 0.8396 0.7235 0.8469 0.7345

75% 0.7208 0.5634 0.7823 0.6424 0.7908 0.6540 0.8065 0.6757 0.8208 0.6960 0.8340 0.7153

90% 0.6638 0.4968 0.7621 0.6156 0.7694 0.6253 0.7813 0.6411 0.8006 0.6675 0.8145 0.6871
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4.3.2 Comparison with Brain Tumor Dataset

Table 4.4 compares the LUT framework with the baseline and state-of-the-art methods on

the Brain Tumor dataset. LUT consistently outperforms the baseline, which lacks noise

learning, across all noise levels. Specifically, Dice/IoU improvements are 0.0773/0.1176 at

15%, 0.0664/0.0975 at 30%, 0.0948/0.134 at 45%, 0.1078/0.1483 at 60%, 0.1132/0.1519 at

75%, and 0.1507/0.1903 at 90%.

LUT also surpasses state-of-the-art methods at all noise levels. At 90% noise, Dice/IoU

improvements are 0.0624/0.0715 over T-loss, 0.0451/0.0618 over Tri-net, 0.0332/0.046 over

Superpixel, and 0.0139/0.0196 over Spatial Correction. These results confirm LUT’s su-

perior segmentation accuracy and robustness.

Table 4.5: Performance comparison of Merging Brain Tumor dataset with different noise
settings. The values are Dice and IoU scores.

nn-Unet(baseline)[104] T-loss[105] Tri-net[108] Superpixel[98] Spatial Correction[106] Ours

Noise setting Dice IoU Dice IoU Dice IoU Dice IoU Dice IoU Dice IoU

15% 0.8198 0.6947 0.8404 0.7248 0.8559 0.7481 0.8635 0.7598 0.8848 0.7933 0.9011 0.8199

30% 0.8027 0.6704 0.8293 0.7083 0.8350 0.7167 0.8458 0.7328 0.8646 0.7615 0.8820 0.7899

45% 0.7724 0.6292 0.8116 0.6830 0.8253 0.7025 0.8352 0.7170 0.8559 0.7481 0.8675 0.7660

60% 0.7409 0.5885 0.7910 0.6543 0.8027 0.6704 0.8212 0.6966 0.8423 0.7275 0.8530 0.7436

75% 0.7275 0.5717 0.7866 0.6482 0.7905 0.6605 0.8124 0.6840 0.8235 0.7000 0.8402 0.7245

90% 0.6674 0.5008 0.7665 0.6214 0.7737 0.6310 0.7899 0.6528 0.8041 0.6723 0.8182 0.6924

4.3.3 Comparison of Merging Brain Tumor Dataset

Table 4.5 compares the LUT framework with the baseline and state-of-the-art methods

on the Merging Brain Tumor dataset. LUT consistently outperforms the baseline across

all noise levels. At 90% noisy labels, the Dice score improves by 0.1508 and the IoU

by 0.1916, demonstrating superior prediction accuracy. LUT also surpasses state-of-the-

art methods at all noise levels. At 90% noise, Dice/IoU improvements are 0.0517/0.071

over T-loss, 0.0445/0.0614 over Tri-net, and 0.0283/0.0396 over Superpixel. These results

confirm LUT’s robustness and superior segmentation performance.
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4.3.4 Ablation Experiment

In this section, we evaluate the individual contributions of each component of the proposed

methodology through ablation experiments. We categorize the noise ratios into three

classes: small (15%), moderate (45%), and severe (75%). These representative noise levels

are used to assess the model’s performance and the robustness of each module under

different noise conditions.

Table 4.6: Ablation experiment on the Lab Infarct dataset with 15%, 45%, and 75%
noisy data.

15% noisy data 45% noisy data 75% noisy data
Dice↑ IoU↑ Dice↑ IoU↑ Dice↑ IoU↑

Baseline 0.7997 0.6663 0.7548 0.6061 0.7013 0.5400
LTN Strat-
egy
+ LTN 0.8367 0.7192 0.7750 0.6326 0.7371 0.5836
+ PE regu-
larizer

0.8453 0.7321 0.8053 0.6740 0.7908 0.6540

+ URW 0.8598 0.7541 0.8335 0.7145 0.8089 0.6791

Table 4.7: Ablation experiment on the Brain Tumor dataset with 15%, 45%, and 75%
noisy data.

15% noisy data 45% noisy data 75% noisy data
Dice↑ IoU↑ Dice↑ IoU↑ Dice↑ IoU↑

Baseline 0.8144 0.6869 0.7615 0.6148 0.7208 0.5634
LTN Strat-
egy
+ LTN 0.8634 0.7596 0.7842 0.6450 0.7640 0.6181
+ PE regu-
larizer

0.8826 0.7899 0.8360 0.7182 0.8109 0.6819

+ URW 0.8917 0.8045 0.8563 0.7488 0.8340 0.7153

Table 4.8: Ablation experiment on the Merging Brain Tumor dataset with 15%, 45%,
and 75% noisy data.

15% noisy data 45% noisy data 75% noisy data
Dice↑ IoU↑ Dice↑ IoU↑ Dice↑ IoU↑

Baseline 0.8198 0.6947 0.7724 0.6292 0.7275 0.5717
LTN Strat-
egy
+ LTN 0.8684 0.7675 0.7897 0.6526 0.7665 0.6214
+ PE regu-
larizer

0.8881 0.7987 0.8423 0.7275 0.8151 0.6879

+ URW 0.9011 0.8199 0.8675 0.7660 0.8402 0.7245
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4.3.4.1 Impact of original LTN without UA Re-Weighting and pixel entropy

regularizer

To assess the original LTN, we compared it with the baseline across three datasets. For

Lab Infarct (Table 4.6), Dice/IoU increased by 0.037/0.0529 at 15%, 0.0202/0.0265 at

45%, and 0.0358/0.0436 at 75%. For Brain Tumor (Table 4.7), Dice/IoU improved by

0.049/0.0727 at 15%, 0.0227/0.0302 at 45%, and 0.0432/0.0547 at 75%. For Merging

Brain Tumor (Table 4.8), Dice/IoU increased by 0.0486/0.0728 at 15%, 0.0173/0.0234 at

45%, and 0.039/0.0497 at 75%. These results highlight the effectiveness of the original

LTN in improving segmentation performance across datasets and noise levels.

4.3.4.2 The impact of pixel entropy regularizer(PE regularizer)

To assess the impact of the pixel entropy regularizer, we integrated it into LTN training,

yielding consistent improvements across datasets. For the Lab Infarct dataset (Table 4.6),

Dice and IoU increased by 0.0086/0.0129 at 15%, 0.0303/0.0414 at 45%, and 0.0537/0.0704

at 75%. For the Brain Tumor dataset (Table 4.7), Dice and IoU improved by 0.0192/0.0303

at 15%, 0.0518/0.0732 at 45%, and 0.0469/0.0638 at 75%. For the Merging Brain Tumor

dataset (Table 4.8), Dice and IoU increased by 0.0197/0.0312 at 15%, 0.0524/0.0747 at

45%, and 0.0486/0.0665 at 75%. These results validate the effectiveness of the pixel entropy

regularizer in enhancing LTN performance across varying noise levels.

4.3.4.3 The impact of Uncertainty Re-weighting (URW)

To assess the impact of Uncertainty Re-weighting (URW), we integrated it into LTN

training. For the Lab Infarct dataset (Table 4.6), URW improved performance over the

PE-regularized model. At 15% noise, the Dice score increased by 0.0145 and IoU by 0.022;

at 45%, by 0.0282 and 0.0405; at 75%, by 0.0181 and 0.0251. For the Brain Tumor dataset

(Table 4.7), URW also enhanced performance. At 15% noise, Dice and IoU increased by

0.0091 and 0.0146; at 45%, by 0.0203 and 0.0306; at 75%, by 0.0231 and 0.0334. For the

Merging Brain Tumor dataset (Table 4.8), URW showed similar benefits. At 15% noise,

Dice and IoU improved by 0.013 and 0.0212; at 45%, by 0.0252 and 0.0385; at 75%, by
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0.0251 and 0.0366. These results confirm URW’s effectiveness in further enhancing LTN

performance. The experimental results across three datasets confirm the effectiveness of

each proposed component in improving segmentation performance under noisy labels. The

original LTN consistently outperforms the baseline, demonstrating its robustness. The

integration of the pixel entropy regularizer further enhances performance, particularly

at higher noise levels. Additionally, Uncertainty Re-weighting (URW) further improves

the PE regularizer, reinforcing its impact. Figure 4.2 visualizes the model’s performance

improvements through multiple stages, demonstrating the effectiveness of the proposed

method.

4.3.5 Pixel Entropy Regularizer Parameter Tuning

We emphasize that all hyperparameter tuning, including the selection of the regularization

parameter γ, was conducted exclusively on the validation sets to prevent information

leakage and ensure an unbiased evaluation of model performance. Considering the intrinsic

differences among datasets, distinct γ value ranges were explored, tailored to each dataset’s

characteristics. For each dataset, five carefully selected γ values were evaluated, sufficiently

covering the performance peak, thereby demonstrating that the optimal γ parameter was

captured within the tested range.

The parameter γ controls the strength of the constraint on the trajectory of the instance-

dependent transition matrix (IDTM). We evaluate its effect under both with and without

uncertainty-aware (UA) re-weighting conditions. Quantitative results are summarized in

Figures 4.3 to 4.8.

Without UA re-weighting, γ increases with the noise rate and varies across datasets. At

15% noise, γ is set to 0.02 for all three datasets. At 30% noise, γ is 0.03 (Lab Infarct),

0.04 (Brain Tumor), and 0.05 (Merging Brain Tumor). At 45%, it rises to 0.08, 0.07, and

0.06, respectively. For 60% noise, γ values are 0.10, 0.09, and 0.08. At 75%, they increase

to 0.19, 0.18, and 0.16. Finally, at 90% noise, γ is 0.26 (Lab Infarct), 0.23 (Brain Tumor),

and 0.22 (Merging Brain Tumor).
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Under UA re-weighting, a similar trend is observed with generally larger γ values. At

15% noise, all datasets use γ = 0.04. At 30%, values are 0.06 (Lab Infarct), 0.05 (Brain

Tumor), and 0.04 (Merging Brain Tumor). For 45%, they increase to 0.07, 0.06, and

0.05, respectively. At 60%, γ values are 0.09 (Lab Infarct), 0.08 (Brain Tumor), and 0.07

(Merging Brain Tumor). For 75%, the values are 0.17, 0.15, and 0.13, and at 90%, they

reach 0.24 (Lab Infarct), 0.21 (Brain Tumor), and 0.19 (Merging Brain Tumor).

Figure 4.3: Dice and IoU performance across different values of the regularization pa-
rameter γ on the three datasets under 15% label noise.
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Figure 4.4: Dice and IoU performance across different values of the regularization pa-
rameter γ on the three datasets under 30% label noise.
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Figure 4.5: Dice and IoU performance across different values of the regularization pa-
rameter γ on the three datasets under 45% label noise.
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Figure 4.6: Dice and IoU performance across different values of the regularization pa-
rameter γ on the three datasets under 60% label noise.
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Figure 4.7: Dice and IoU performance across different values of the regularization pa-
rameter γ on the three datasets under 75% label noise.
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Figure 4.8: Dice and IoU performance across different values of the regularization pa-
rameter γ on the three datasets under 90% label noise.



Chapter 5

Conclusion and Future Work

This thesis addresses two fundamental challenges in medical image analysis: class imbal-

ance in disease classification and label noise in image segmentation.

To tackle the first challenge, we conduct a comprehensive evaluation of self-supervised pre-

trained models, particularly DINOv2, across multiple class-imbalanced medical imaging

datasets. The results consistently show that DINOv2 outperforms conventional super-

vised models such as ResNet, VGG, and ViT, demonstrating enhanced generalization and

robustness. Building on this, we propose the Self-Calibrated Feature Denoising (SCFD)

framework, which selectively suppresses noisy representations from minority classes while

preserving the pretrained backbone’s structural integrity. This design significantly en-

hances classification accuracy and feature discriminability, underscoring its potential for

deployment in clinical settings.

To address label noise in segmentation, we introduce the Label Uncertainty Transformation

(LUT) framework, a statistically grounded method composed of three core components

that jointly mitigate the detrimental effects of noisy supervision. Extensive experiments on

three noisy brain imaging datasets validate the framework’s effectiveness and robustness.

Ablation studies further confirm the individual contributions of each module.

Future work will explore several directions to enhance the proposed methods. For classifi-

cation, we aim to develop more adaptive denoising strategies and to incorporate domain-

specific self-supervised objectives to better capture the characteristics of minority classes.

64
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Leveraging multi-modal imaging and clinical priors may further improve robustness and

interpretability. In segmentation, future efforts will focus on refining uncertainty esti-

mation, exploring alternative network architectures, and improving the modeling of label

transitions. We also plan to use unlabeled data through self-supervised or transfer learning

techniques to reduce reliance on noisy annotations.

Finally, all methods will be evaluated on larger and more diverse clinical datasets to assess

generalization across different imaging protocols and institutions. These directions aim to

further advance the robustness, scalability, and clinical utility of automated medical image

analysis systems.
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