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Abstract

Deep learning has significantly advanced medical image segmentation by enabling the automatic
delineation of complex anatomical structures. Nonetheless, the clinical deployment of such mod-
els remains constrained by challenges in interpretability, robustness, and limited mechanisms for
effective user interaction. This dissertation addresses these limitations by leveraging uncertainty
quantification to support interactive 3D medical image segmentation, with a focus on the segmen-
tation of the pericardium in computed tomography (CT) and the external anal sphincter muscle in
transperineal ultrasound (TPUS).

A baseline segmentation model based on the 3D nnU-Net architecture was implemented, in-
corporating a calibration component into the loss function to enhance the reliability of the model’s
probabilistic outputs. Based on this, Monte Carlo Dropout was employed to estimate epistemic
uncertainty at both voxel and structure levels. For structure-wise uncertainty, a metric based on
volume-level entropy was introduced, while for voxel-wise uncertainty, a refined pipeline was
proposed to filter and enhance uncertainty maps for interpretability.

Experimental results showed a correlation between predicted uncertainty and segmentation
error. In the CT dataset, Spearman correlation coefficients reached 0.88 for voxel-wise and 0.65
for structure-wise uncertainty, while for TPUS the values were 0.61 and 0.59, respectively. These
uncertainty estimates were used to guide simulated user corrections. Uncertainty-based selec-
tion strategies consistently outperformed random baselines and closely approximated ideal (Dice-
based) strategies, important in real-world settings where ground truth is unavailable. Structure-
wise uncertainty showed promising potential to prioritize image review. Specifically, to reduce the
proportion of poor segmentations (defined as images with a Dice score below the inter-observer
Dice) to under 5%, the number of images requiring review was reduced by 56% for CT and 74%
for TPUS using uncertainty-based selection, compared to random selection. Voxel-wise uncer-
tainty also demonstrated promising results in targeting erroneous regions within volumes, shown
in patch correction experiments, and outperformed random region selection in guiding localized
corrections. A hybrid approach combining both levels further improved correction efficiency.

An interactive segmentation framework, BISNet, was also implemented, incorporating user-
provided boundary clicks. This framework was only applied to the TPUS data, where it demon-
strated effective segmentation refinement through user interaction, but due to limitations in the
training process, it was not possible to implement BISNet for the CT segmentation task. A clin-
ical experiment with BISNet on TPUS data confirmed the utility of structure-wise uncertainty to
priortize image review. Furthermore, the interactive correction process was positively evaluated
by the participating clinician, who considered it intuitive and effective for refining segmentations.

Overall, this work demonstrates that integrating uncertainty estimation into interactive seg-
mentation frameworks enables more targeted clinician intervention, reduces manual workload,
and has the potential to enhance the reliability, transparency, and clinical applicability of Artificial
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Intelligence-based medical image analysis systems.

Keywords: Medical image segmentation, Uncertainty quantification, Interactive segmentation,
Monte Carlo Dropout, nnU-Net, 3D imaging, Model calibration, User-guided correction, Deep
Learning



Resumo

A Aprendizagem Profunda tem contribuído significativamente para o avanço da segmentação de
imagens médicas, ao permitir a delineação automática de estruturas anatómicas complexas. No
entanto, a aplicação clínica destes modelos continua limitada por desafios relacionados com a
interpretabilidade, robustez e ausência de mecanismos eficazes de interação com o utilizador. Esta
dissertação aborda estas limitações através da utilização de quantificação de incerteza para apoiar
a segmentação interativa de imagens médicas 3D, com foco na segmentação do pericárdio em
Tomografia Computorizada (TC) e do esfíncter anal externo em Ecografia Transperineal (ET).

Foi implementado um modelo de segmentação base, utilizando a arquitetura da 3D nnU-Net
e incorporando uma componente de calibração na função de perda, com o objetivo de melhorar a
fiabilidade das previsões probabilísticas do modelo. Neste seguimento, foi utilizado Monte Carlo
Dropout para estimar incerteza epistémica, tanto a nível de cada voxel individual como ao nível
global da imagem. Para a incerteza global, foi introduzida uma métrica baseada na entropia do
volume da estrutura, enquanto para a incerteza ao nível do voxel foi proposta uma pipeline para
filtrar e melhorar os mapas de incerteza, facilitando a sua interpretabilidade.

Os resultados experimentais demonstraram uma correlação entre a incerteza e o erro de seg-
mentação. No conjunto de dados de TC, os coeficientes de correlação de Spearman atingiram
0.88 para a incerteza a nível do voxel e 0.65 para a incerteza global, enquanto nos dados de
ET os valores foram 0.61 e 0.59, respetivamente. Estas estimativas de incerteza foram utilizadas
para orientar correções simuladas por parte do utilizador. As estratégias de seleção baseadas na in-
certeza superaram consistentemente os métodos aleatórios e aproximaram-se das estratégias ideais
baseadas no Dice, o que é particularmente relevante em contextos reais onde não existe ground
truth. A incerteza ao nível da estrutura revelou potencial para priorizar a revisão de imagens. Em
concreto, para reduzir a proporção de segmentações de fraca qualidade (definidas como imagens
com um valor de Dice inferior ao Dice entre observadores) para menos de 5%, o número de im-
agens que necessitam de ser revistas foi reduzido em 56% para TC e 74% para ET, utilizando
seleção baseada na incerteza, em comparação com seleção aleatória. A incerteza ao nível do voxel
também demonstrou resultados promissores na identificação de regiões com erros, que é demon-
strado através de experiências de correção por patches, e superou a seleção aleatória de regiões
para correções localizadas. Uma abordagem híbrida, que combina ambos os níveis, melhorou
ainda mais a eficiência das correcções.

Foi também implementado uma framework de segmentação interativa, BISNet, que incor-
pora cliques do utilizador nas fronteiras das estruturas. Esta framework foi aplicada apenas aos
dados ET, onde demonstrou eficácia no refinamento da segmentação através da interação do uti-
lizador. Devido a limitações no processo de treino, não foi possível implementá-lo na tarefa de
segmentação em TC. Uma experiência clínica com a BISNet, realizada sobre com os dados de
ET, confirmou o potencial da incerteza global na priorização da revisão de imagens. Além disso,
o processo de correção interativa foi avaliado de forma positiva pelo clínico participante, que o
considerou intuitivo e eficaz para refinar as segmentações.
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No seu conjunto, este trabalho demonstra que a integração da quantificação de incerteza
em frameworks de segmentação interativa permite uma intervenção mais direcionada por parte
do clínico, reduz o esforço manual necessário e tem o potencial para melhorar a fiabilidade,
transparência e aplicabilidade clínica de sistemas de análise de imagem médica baseados em in-
teligência artificial.

Palavras-chave: Segmentação de imagem médica, Quantificação de incerteza, Segmentação in-
terativa, Monte Carlo Dropout, nnU-Net, Imagem 3D, Calibração de modelos, Correção guiada
por utilizador, Aprendizagem profunda



UN Sustainable Development Goals

The Sustainable Development Goals (SDGs), established by the United Nations in 2015, represent
a comprehensive global framework aimed at promoting peace, prosperity, and sustainability by
2030 [1]. Comprising 17 interconnected goals, the SDGs cover areas of critical importance to
humanity and the planet, including, among others, health, education, gender equality, innovation,
social equity, and climate action. In the realm of engineering, these goals serve as a strategic
reference to ensure that scientific and technological progress is pursued in an ethical, inclusive,
and environmentally responsible manner.

This dissertation is situated within this broader paradigm of global transformation. The devel-
opment and implementation of advanced Artificial Intelligence (AI) methodologies in the medical
image analysis field not only aim to improve diagnostic accuracy and simplify clinical workflows
but also contribute to the advancement of more accessible, efficient, and equitable healthcare sys-
tems. Such contributions are intrinsically aligned with the fundamental principles of universal
health coverage, socially responsible technological innovation, and the development of resilient
and inclusive infrastructure.

Therefore, a reflection on the relationship between this research and the SDGs reveals sub-
stantial direct and indirect contributions, particularly in the context of the following goals:

SDG 3 Ensure healthy lives and promote well-being for all at all ages.

SDG 9 Build resilient infrastructure, promote inclusive and sustainable industrialization, and fos-
ter innovation.

SDG 16 Promote peaceful and inclusive societies for sustainable development, provide access to
justice for all, and build effective, accountable, and inclusive institutions at all levels.

Through an analysis of specific targets and associated performance indicators, it is possible to
outline the ways in which this research can support the achievement of these SDGs. This alignment
underscores the dissertation’s commitment to sustainability, equity, and social responsibility. By
pursuing scientific research guided by clearly defined goals and based on real-world challenges,
the work reaffirms the fundamental role of biomedical AI image segmentation in engineering as
a catalyst for positive transformation. Furthermore, the adoption of trustworthy AI-based frame-
works, user-centered interaction, and robust uncertainty analysis increases not only the technical
impact of the research but also its potential to provide sustainable, scalable, and ethically sound
solutions in the field of healthcare.
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SGD Target Contribution Performance Indicators and
Metrics

3
3.7 Ensure universal access to sexual

and reproductive health-care ser-
vices. The project contributes by
enabling segmentation of the EAS
in TPUS, aiding diagnosis of pelvic
floor dysfunctions, especially impor-
tant in maternal care and postnatal re-
covery, thus enhancing the accessi-
bility and individualization of patient
care.

UN Indicator: 3.7.1 – Propor-
tion of women of reproductive age
who have access to reproductive
health services.
Project Metrics:
– Number of TPUS scans seg-
mented using the AI tool.
– Clinical time saved per EAS
case.
– Number of detected external
anal sphincter injuries assisted by
AI.

3.8 Achieve universal health coverage,
including access to quality essential
healthcare services. The system im-
proves access to diagnostic imaging
through efficient and interactive AI
models. Uncertainty estimation and
interactivity allow for targeted hu-
man correction in out-of-distribution
cases, improving inclusiveness and
diagnostic fairness across diverse pa-
tient populations, while also reduc-
ing effort and speeding up decision-
making, which is especially valuable
in underserved regions with limited
medical resources.

UN Indicator: 3.8.1 – Coverage
of essential health services.
Project Metrics:
– Number of healthcare institu-
tions adopting the tool.
– Number of patients who benefit
from the tool.
– Performance across demo-
graphic groups.

9
9.5 Enhance scientific research and

upgrade technological capabilities.
The research fosters scientific ad-
vancement and technological innova-
tion within the field of biomedical en-
gineering, contributing to the research
ecosystem in AI for healthcare.

UN Indicator: 9.5.1 – Research
and development expenditure as a
proportion of GDP.
Project Metrics:
– Number of AI models devel-
oped and evaluated.
– Peer-reviewed publications and
presentations.
– Cross-disciplinary research col-
laborations established.

16
16.6 Develop effective, accountable, and

transparent institutions. The
project aligns with regulatory frame-
works, promoting trustworthy AI
through uncertainty quantification,
explainability, and human-in-the-loop
systems.

UN Indicator: 16.6.2 – Propor-
tion of population satisfied with
transparency of institutions.
Project Metrics:
– Number of AI outputs reviewed
with human-in-the-loop interface.
– Degree of compliance with
transparency standards (e.g.
MDR traceability checklist).
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Chapter 1

Introduction

1.1 Background and Motivation

In recent years, artificial intelligence (AI) has emerged as one of the most discussed and rapidly

evolving fields [2, 3], with the potential to transform numerous aspects of healthcare [4, 5]. As

healthcare systems continue to evolve, the integration of AI technologies offers promising oppor-

tunities to enhance the quality of patient care, improving diagnosis accuracy [6] and streamlining

clinical workflows [7]. With convolutional neural networks (CNNs), deep learning has become

a powerful AI subfield in medical image analysis and disease diagnosis, covering a variety of

tasks [8, 9, 10, 11, 12, 13].

Image segmentation, in the context of medical imaging, involves the precise delineation of

anatomical structures, which may facilitate the automated identification of pathological regions.

This capability is fundamental to numerous clinical applications, including surgical planning [14],

accurate diagnosis [15, 9, 16], and monitoring of disease progression over time [17]. CNNs have

achieved state-of-the-art performance in many medical image segmentation tasks and with a vari-

ety of different architectures [18, 19, 20, 21, 22]. This achievement is particularly impressive in the

medical field, as it presents inherent challenges, including the difficulty in collecting large datasets

with pixel-wise annotations for training, the ambiguity and variability of the ground truth, and the

high level of skill required for manual segmentation. Additionally, automatic segmentation faces

post-deployment data shifts, where differences in image acquisition protocols, biological variabil-

ity, and pathologies among patients affect model performance [23].

Despite these challenges, CNNs have shown promise for automatic image segmentation and

hold value in developing efficient image processing pipelines for research and clinical applications.

However, it is important to recognize that fully automated procedures introduce additional respon-

sibilities, since incorrect results can lead to misguided medical decisions and unnecessary inter-

ventions, which also reduces clinical acceptability [24]. Moreover, even when trained on exten-

sive datasets and capable of making predictions with high accuracy, these systems may still exhibit

some uncertainty in their predictions, especially when faced with low-quality or out-of-distribution
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images, which are often difficult to analyse and may contain significant variability [25]. This vari-

ability can arise from differences in imaging protocols between vendors and countries, as well as

variations in patient populations, including age, ethnicity, and underlying pathologies.

To safely integrate AI algorithms into clinical workflows, legal and ethical considerations

must be addressed. Regulatory bodies such as the Food and Drug Administration (FDA) [26]

in the United States of America and the Medical Device Regulation (MDR) [27] in the European

Union play an important role in shaping the standards for AI technologies in healthcare. The

FDA requires a high level of explanation for the development of algorithms that inform medical

treatment, including traceability and transparency. Similarly, in 2021, the European Commission

published the AI Act to further regulate AI technologies in Europe [28]. This proposal emphasizes

safety, classifying all AI-based medical devices as high-risk and underscoring the importance of

transparency and trustworthy AI. Both frameworks highlight the need for robust risk management

to ensure reliable system performance.

Fostering interaction between AI systems and healthcare professionals, through a human-in-

the-loop approach, becomes essential under these regulatory frameworks. Allowing clinicians to

intervene or modify algorithm outputs can lead to more reliable results and enhance trust and

acceptance of AI technologies in clinical settings.

Nevertheless, it is important to acknowledge that the incorporation of this interactivity alone

would not be efficient. Manual review of every image, particularly in 3D, can be time-consuming

and unfeasible for practitioners, as they would need to inspect each image to determine if any

corrections are necessary. Therefore, it is important to develop methods that can automatically

detect problematic segmentations or specific regions within them and guide clinicians through the

correction process.

A promising strategy to support this process is uncertainty estimation, which involves quan-

tifying the model’s confidence in its predictions. This uncertainty quantification is a key tech-

nique of trustworthy AI, advocating for the integration of principles such as explainability, ro-

bustness, and accountability into the design and development of AI systems, as outlined in the

guidelines [29]. However, this necessity highlights a significant limitation of current deep learning

algorithms - they do not inherently provide uncertainty estimation for their segmentation results.

1.2 Objectives

This work is driven by the objective of enhancing the accuracy, reliability, and usability of 3D

medical image segmentation in clinical workflows, by addressing the limitations of current auto-

mated methods through uncertainty-aware and interactive approaches.

The focus is specifically on 3D images, a domain that is both clinically significant and inher-

ently more challenging. This high dimensionality and the complexity of volumetric data make

manual correction especially difficult and time-consuming, highlighting the need for more effec-

tive tools.
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To this end, the primary goals and methodological steps delineated for this project are as

follows:

• Develop robust baseline segmentation models. Adapt and optimize state-of-the-art deep

learning architectures for accurate segmentation of 3D medical imaging datasets, establish-

ing reliable reference models for subsequent uncertainty analysis and interactive segmenta-

tion.

• Design and implement a comprehensive uncertainty quantification pipeline. Create

methodologies to measure uncertainty at both voxel and structural levels, enabling the as-

sessment of confidence in segmentation outputs.

• Evaluate uncertainty metrics and their usability in guiding interaction. Analyse how

uncertainty correlates with actual segmentation inaccuracies and conduct experiments to

assess the potential of uncertainty-guided intervention to improve segmentation correction

efficiency.

• Develop interactive segmentation frameworks. Implement segmentation interactive frame-

works that allow clinicians to manually refine segmentation results.

• Incorporate uncertainty estimation within the interactive segmentation framework.
Leverage uncertainty information to assist user interaction to optimize manual intervention

and reduce user burden.

These methods were applied and validated in two specific applications - 3D transperineal

ultrasound (TPUS) imaging for external anal sphincter (EAS) segmentation and cardiac computed

tomography (CT) for pericardial segmentation.



Chapter 2

Bibliographic Review

This chapter introduces and explains the key concepts addressed throughout this work, providing

the necessary theoretical background for the methods and analyses that follow. It also presents an

overview of previous and current research relevant to this work, with a focus on image segmen-

tation, uncertainty estimation, and interactive segmentation methods. Fundamental approaches,

recent advancements, and ongoing challenges in these areas are reviewed to establish a founda-

tion for the methodologies explored in subsequent chapters. By analyzing existing literature, this

review highlights the gaps and opportunities that motivate the proposed contributions and justify

the methods employed.

2.1 Segmentation

Over the years, several segmentation methods have been proposed, evolving from low-level ap-

proaches to more complex and sophisticated techniques. Traditional methods, such as threshold-

ing [30], region-growing [31] and active contours [32], rely on predefined heuristics to delineate

structures of interest. These approaches do not include a learning component, instead using rules

to narrow down search regions, initialize segment boundaries, or guide more complex strategies.

While effective in controlled scenarios, traditional methods suffer from several limitations, such as

high sensitivity to noise, poor generalization across datasets, difficulty handling subtle transitions

between regions, strong dependence on initialization quality, and difficulty segmenting complex

or irregularly shaped structures [33, 34].

With the rise of deep learning in recent years, CNNs have revolutionized the field of im-

age analysis due to their ability to automatically learn hierarchical features from images through

convolutional operations. Originally introduced in the 1990s, CNNs consist of convolutional lay-

ers that automatically extract spatial features from raw images, followed by pooling layers and,

typically, fully connected layers for classification, which act as classifiers by mapping learned

features to output categories [35]. An illustration is presented in 2.1. They gained widespread

popularity after the introduction of AlexNet in 2012 [36], which demonstrated the power of deep

CNNs trained on large-scale datasets. AlexNet introduced innovations such as ReLU activations,
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dropout regularization, and GPU acceleration, which significantly boosted performance and scal-

ability. However, the fully connected layers fix the input size and discard spatial resolution, which

is unsuitable for pixel or voxel-level prediction.

Figure 2.1: Basic structure of a CNN. The network consists of a feature extraction stage using
convolution and pooling layers, followed by a classification stage using fully connected layers to
produce the final output. Image from [37].

Building upon CNNs, Fully Convolutional Networks (FCNs) replaced the final fully connected

layers with convolutional layers, allowing the network to produce dense, pixel or voxel-wise

predictions for input images of arbitrary size [18]. FCNs introduced upsampling mechanisms

to restore spatial resolution, enabling end-to-end training for semantic segmentation tasks. An

overview of a FCN is presented in 2.2. However, early FCNs lacked mechanisms to capture global

context, which limited their ability to segment objects with similar local features. To address

this, methods like ParseNet proposed enhancing FCN features by integrating global context, for

instance by computing global average features and fusing them with local activations [38].

Figure 2.2: Overview of a FCN. The input image is passed through convolutional layers to produce
pixel-wise class predictions. Image from [18].

A further breakthrough came with U-Net [19], an encoder-decoder architecture based on

FCNs, specifically designed for biomedical image segmentation. U-Net adopts a symmetric encoder-

decoder structure, forming a characteristic "U" shape. The encoder path utilizes convolution and
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max-pooling layers to extract features within an image while reducing spatial dimensions. In con-

trast, the decoder path uses convolution and up-convolution (transposed convolution) operations to

progressively upsample the feature map, effectively combining learned features and restoring spa-

tial resolution to generate the final segmentation output. Skip connections connect encoder layer

outputs to corresponding decoder layers, allowing the model to reuse high-resolution features lost

during downsampling. This helps the decoder reconstruct more accurate and detailed segmenta-

tion maps by combining fine-grained spatial information with deeper semantic context. Figure 2.3

illustrates a typical example of the U-Net architecture, showing the encoder-decoder structure and

the use of skip connections.

Figure 2.3: A representative example of the original U-Net architecture as proposed by [19]. The
network comprises an encoder path (on the left) and a decoder path (on the right). Blue boxes
indicate multi-channel feature maps, with the number of channels shown above each box and
spatial dimensions labeled at the bottom left corner. White boxes depict feature maps transferred
via skip connections. Arrows illustrate the various operations performed throughout the network.
Image from [19].

To extend segmentation to 3D volumetric data, especially in medical imaging, architectures

like 3D U-Net [39] and V-Net [40] were developed. 3D U-Net adapts U-Net by replacing all 2D

operations with their 3D counterparts, enabling context aggregation across depth slices. Similarly,

V-Net is a 3D segmentation model that includes residual connections, which consists of connecting

the inputs and outputs from each stage to facilitate the learning of residual functions. This allows

gradients to flow directly through the shortcut path, improving optimization.

Studies employing U-Net architectures have significantly improved the precision and effi-

ciency of segmentation tasks in medical imaging. Currently, some of the best-performing seg-

mentation networks, such as nnU-Net [41] and U-Net++ [42] are based on the U-Net framework.

The U-Net++ was designed to address the semantic gap between encoder and decoder features.

This way, it inserts convolutional blocks along the skip paths, progressively refining encoder fea-

tures before passing them to the decoder. This bridges the semantic gap and improves feature
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fusion.

The nnU-Net has set a new benchmark by addressing the fact that designing and tuning U-

Net-based pipelines can be complex, often requiring extensive parameter optimization and expert-

driven decisions. Therefore, it consists of a self-adapting framework that automatically adjusts

its architecture and data processing strategies to suit the input data. By leveraging dataset char-

acteristics, nnU-Net applies heuristic rules to guide the automatic configuration of the segmen-

tation pipeline. In general, nnU-Net allows for state-of-the-art results with minimal tuning and

demonstrates strong generalization across diverse domains [41]. Its robust and adaptive design

has established it as a new standard in medical image segmentation.

More recently, the field has embraced transformer-based models, such as Vision Transformers

(ViTs). Transformers, originally developed for natural language processing, leverage self-attention

to capture global context. ViTs adapt this idea for vision tasks by splitting an image into patches

and learning relationships between them. Transformers lack the spatial hierarchy CNNs naturally

build. Therefore, for dense prediction tasks like segmentation, ViTs are often hybridized with

CNNs. An example of this is TransU-Net [43], which is a hybrid architecture that combines the

strengths of CNNs and transformers for medical image segmentation. It uses a CNN encoder to

extract low-level spatial features and reduce image dimensionality, which are then flattened into

a sequence of tokens and passed through a ViT to model long-range dependencies and global

context. After the transformer, the feature sequence is reshaped back into a spatial representation

and fed into a U-Net-like decoder, which upsamples and combines features via skip connections

from the CNN encoder. This model often outperforms other CNN-based methods in complex

segmentation tasks by capturing global context more effectively. An overview of the TransU-Net

architecture is presented in 2.4.

Figure 2.4: Illustration of TransUNet architecture, a hybrid model combining a CNN encoder,
Transformer for global context, and a U-Net decoder for precise segmentation. Image from [43].

A current frontier in image segmentation is marked by the emergence of foundation models,

which are large-scale, pre-trained architectures trained on diverse datasets using self-supervised or

weakly supervised learning. These models, such as SAM (Segment Anything Model) [44], are de-

signed to generalize across a wide range of tasks and domains through prompt-based interactions
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rather than retraining. Building on this paradigm, MedSAM adapts SAM for the medical domain

by fine-tuning it for a variety of medical imaging modalities [45]. Unlike traditional models that

require task-specific labeled datasets, MedSAM supports zero-shot and few-shot segmentation,

enabling high-quality delineation of anatomical structures even in previously unseen data. These

models can adapt to new domains and tasks without retraining, making them powerful tools for

both medical and general-purpose segmentation applications. However, besides offering a strong

generalization, they may lack task-specific precision and rely heavily on prompt quality for accu-

rate segmentation.

2.2 Uncertainty Quantification

Uncertainty quantification refers to the process of predicting confidence, or lack of it, associated

with neural network predictions, thereby assisting in the identification of reliable outputs suitable

for clinical use and indicating when extra caution is necessary [46]. This is particularly crucial in

high-stakes domains such as clinical applications, where understanding how much trust to place

in a model’s output can guide decision-making.

Uncertainty can be interpreted and computed at different levels, depending on the task and the

required granularity. The motivation for using uncertainty in deep learning stems from the need to

improve model interpretability, allowing users to assess the reliability of the model’s predictions.

By capturing uncertainty at various levels, such as voxel-wise, volume-wise, or slice-wise, uncer-

tainty helps ensure that predictions are not just seen as binary outcomes but as estimates that come

with associated confidence. This comprehensive approach ultimately aids in the more accurate

and reliable application of machine learning in critical fields like medical imaging.

For tasks like segmentation, voxel-wise uncertainty is particularly insightful and is typically

obtained directly by applying uncertainty estimation methods. Uncertainty at this level provides

a fine-grained view of confidence at the level of individual voxels. This degree of detail allows

clinicians to pinpoint specific regions where the model’s predictions may be less trustworthy, ulti-

mately supporting more informed interpretation and decision-making. Additionally, volume-wise

uncertainty can also be derived, which offers an overall estimate for an entire scan, making it use-

ful for flagging cases where the model’s predictions may be unreliable as a whole. This can be

further refined through slice-wise uncertainty, which highlights the most uncertain slices within a

volume, offering more localized insights.

One significant challenge in uncertainty estimation is the lack of Ground Truth (GT) for un-

certainty in many medical scenarios. Unlike segmentation tasks where a clear label is available,

uncertainty itself cannot always be easily quantified or verified. This makes it difficult to accu-

rately assess how well the model’s uncertainty predictions align with the actual uncertainty and

complicates the evaluation of different uncertainty estimation methods. In addition, uncertainty

estimation in deep models can be computationally demanding, especially for large and complex

models [47].
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It is important to understand that there are two major types of predictive uncertainties for deep

CNNs - aleatoric uncertainty and epistemic uncertainty [46]. Aleatoric uncertainty, also known

as data uncertainty, captures the inherent noise and randomness in the data itself. This type of

uncertainty arises from factors such as acquisition noise, motion artifacts, biological variability, or

ambiguous annotations, resulting in a level of unpredictability that cannot be reduced even with ad-

ditional data. In contrast, epistemic uncertainty, also referred to as model uncertainty, reflects un-

certainty in the model parameters, capturing the lack of knowledge about the true data-generating

process. Therefore, it indicates the degree of uncertainty of the algorithm itself regarding its pre-

dictions, which often stems from insufficient training data or limitations in the model architecture

itself. Unlike aleatoric uncertainty, epistemic uncertainty can be reduced by collecting more data.

However, this is challenging, as obtaining more samples and performing manual annotation is a

long and resource-intensive process. Figure 2.5 and Figure 2.6 present illustrations that highlight

the distinction between the two types of uncertainty.

Aleatoric uncertainty can be modeled as a function of the input data, often by training the

model to predict a distribution over possible outcomes, resulting in probabilistic outputs. In con-

trast, estimating epistemic uncertainty involves learning a probability distribution over the model’s

parameters, capturing uncertainty about the model itself [46]. By employing uncertainty esti-

mation, high predicted uncertainty values could potentially flag incorrectly segmented regions,

guiding user interactions and necessary refinements. If effective, this approach may enhance the

decision-making process, help mitigate risks, and support the appropriate involvement of medical

professionals in critical cases, paving the way for a more reliable and effective integration of AI

technologies into healthcare.

Figure 2.5: Illustration of aleatoric and epistemic uncertainties. The dots on the plot represent
observed data points. Aleatoric uncertainty accounts for the randomness or noise naturally present
in the data, whereas epistemic uncertainty arises from limited knowledge or insufficient data,
reflecting uncertainty that could be reduced with more information. Image from [48].

2.2.1 Uncertainty Quantification Methods

Several methods have been proposed in the literature to estimate uncertainty in deep learning mod-

els. In this section, key frameworks are explored, including Softmax-based approaches, Bayesian
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Figure 2.6: Illustration of aleatoric and epistemic uncertainties. Left: Data (aleatoric) uncertainty
arises from overlapping or noisy regions between training data classes, where inherent ambiguity
exists. Right: Epistemic (model) uncertainty appears in areas with limited or no training data, such
as near class boundaries or with out-of-distribution inputs, where different models may disagree.
Image from [47].

methods, Dropout-based techniques, Ensemble methods, Test-Time Augmentation (TTA) and

Learned Uncertainty frameworks.

It is important to note that most of these frameworks do not produce uncertainty estimates

directly. Instead, they generate a set or distribution of predictions from which uncertainty metrics,

such as pixel or voxel-wise variance, entropy, or mutual information, can be derived [49]. These

metrics enable the construction of uncertainty maps that visualize the spatial distribution of model

confidence and help assess the reliability of predictions.

2.2.1.1 Softmax probabilities

An immediate and intuitive method is to use the softmax probabilities produced by a neural net-

work. This approach relies on the assumption that the model is perfectly calibrated.

Calibration in Deep Learning refers to the alignment between a model’s predicted probabilities

and the actual observed frequencies of those predictions. A well-calibrated model produces prob-

ability estimates that accurately reflect real-world likelihoods [50]. For example, in a perfectly

calibrated segmentation model, if 100 voxels are predicted with a confidence of 0.8, approxi-

mately 80 of them should truly belong to the target class, which makes model predictions more

reliable and trustworthy. If a model is not well calibrated, it may be overconfident (assigning high

probabilities to incorrect predictions) or underconfident (assigning low probabilities to correct pre-

dictions). This behavior is exemplified in Figure 2.7, where the relationship between predicted and

observed frequencies is illustrated for a perfectly and not perfectly calibrated model.

However, modern neural networks tend to be miscalibrated. To address this mismatch, various

probability calibration methods have been proposed. These approaches aim to transform raw soft-

max outputs into more faithful estimates of predictive uncertainty. Among the most commonly

used techniques is temperature scaling [50], a post-hoc calibration method where the logits are
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Figure 2.7: Comparison of model calibration. On the left, the model demonstrates over- and
underconfidence in the alignment of predicted and observed frequencies, indicating imperfect cal-
ibration. On the right, the model is perfectly calibrated, with a perfect alignment between the
predicted and observed frequencies.

divided by a learned scalar temperature parameter before applying softmax, adjusting the con-

fidence of the output distribution. In addition, more sophisticated strategies involve integrating

calibration objectives directly into the training loss to produce models that are inherently better

calibrated [51].

Due to its simplicity, softmax-based uncertainty estimation has been explored and often serves

as a baseline for evaluating more complex uncertainty estimation techniques [49]. For example,

in [52] the Maximum Softmax Probability is proposed as a simple uncertainty score where lower

maximum probabilities signal higher uncertainty, while in [53] the entropy of the softmax distribu-

tion is used as a baseline method to quantify prediction confidence. These methods only capture

uncertainty in the model’s predictions, not in the model’s parameters. As such, they primarily

reflect aleatoric uncertainty.

Given that most deep learning models are not inherently well-calibrated, accurate uncertainty

estimation methods are essential to complement raw softmax probabilities.

2.2.1.2 Bayesian Neural Networks methods

In contrast, a more complex approach to estimating uncertainty is offered by Bayesian Neural

Networks (BNNs). In Bayesian Deep Learning, each model weight is represented by a probability

distribution rather than a fixed value [54]. Therefore, during training, the model attempts to learn

the posterior distribution over weights given the training data, denoted as p(W |X ,Y ), where W

represents the network weights given data X and labels Y . Then during inference, the predictions

are obtained by marginalizing over this posterior distribution.

However, computing the exact posterior is intractable for deep neural networks due to the

high dimensionality of the parameter space [54]. To make Bayesian inference tractable in this

context, Variational Inference (VI) has been widely adopted. VI approximates the true posterior

with a parameterized variational distribution q(W ), typically chosen for its computational con-

venience [55]. The parameters of this distribution q(W ) are approximated by minimizing the
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Kullback-Leibler (KL) divergence between q(W ) and the true posterior. This is equivalent to

minimizing the variational free energy, also known as the Evidence Lower Bound (ELBO) [56]:

q∗ (W ) = arg min
q(W )

KL(q(W ) ∥ p(W | X ,Y )) (2.1)

Crucially, this minimization can be performed via gradient descent, similar to standard neu-

ral network training, a method commonly referred to as Bayes by Backprop (BBB) [56]. This

reformulation transforms Bayesian learning into an optimization problem, making it more com-

patible with existing deep learning frameworks. Then, after training, predictions can be generated

by sampling weights from the learned distributions, allowing multiple stochastic forward passes

through the model to quantify predictive uncertainty.

Considering that it places a distribution on the model’s weights, the BNN is used for epistemic

uncertainty estimation. However, it introduces considerable computational overhead during both

training and inference, and often requires architectural and training modifications to accommodate

weight distributions [49].

2.2.1.3 Monte Carlo Dropout methods

An alternative approach to estimating uncertainty in a deep learning model is the Monte Carlo

(MC) Dropout, which provides a practical and computationally efficient way to estimate model

uncertainty without requiring a fully Bayesian network.

In [57], it is showed that training a network with dropout can approximate Bayesian inference

in deep learning models. Dropout is a regularization technique that involves randomly dropping

activations during training. In their work, based on these insights, the authors proposed the MC

Dropout, where dropout is kept active during inference and the model is run multiple times with

different dropout masks. This results in a distribution of outputs, allowing the model to estimate a

predictive distribution, which allows the network to approximate the uncertainty typically captured

by BNNs [57]. An illustration of the MC Dropout pipeline is presented in Figure 2.8.

In MC Dropout, q(W ) represents a distribution where weights are randomly dropped out based

on Bernoulli random variables, aligning with the dropout mechanism. This can be interpreted as

choosing the approximate distribution to be a mixture of two Gaussians with minimal variances,

where one Gaussian is centered at zero and the other at the learned weight. By using dropout also

at testing, it is possible to sample from the posterior distribution of the model.

MC Dropout has the advantage of being implemented within standard neural networks with

minimal modification, allowing any dropout-trained model to approximate Bayesian behavior.

This straightforward implementation has contributed to its rapid adoption and increasing popular-

ity in the field. In fact, initial experiments with MC Dropout [57, 46] demonstrated that averaging

the predictions from multiple dropout samples improves classification accuracy and yields better-

calibrated uncertainty estimates.

Building on this idea, the authors in [58] developed a BNN with integrated MC Dropout to

provide epistemic uncertainty feedback in image segmentation. Their findings showed that the
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Figure 2.8: Illustration of MC Dropout for uncertainty estimation in CNNs. An input image
is passed through a convolutional neural network with dropout layers active during inference.
By performing multiple stochastic forward passes (T steps), the model generates a set of output
predictions, each with slight variations due to different dropout masks. These predictions are then
aggregated to compute an uncertainty map, using statistical measures such as variance, entropy, or
mutual information. Image from [49].

estimated uncertainty inversely correlated with the model’s performance, which means that regions

with higher uncertainty often aligned with segmentation errors. This highlights MC Dropout’s

potential in practical applications where identifying uncertain or unreliable predictions.

Several studies have proposed improvements and variations to the standard MC Dropout tech-

nique. For instance, in [53] the Concrete Dropout is explored, a variant where the dropout rate at

each layer is learned as part of the optimization process [59]. However, no significant improve-

ment over standard dropout was obtained in this work. Other stochastic regularization techniques

have also been proposed as alternatives, such as Monte Carlo DropConnect [60], which randomly

drops weights instead of activations, and Monte Carlo Batch Normalization [61], which incorpo-

rates uncertainty into batch normalization parameters. In [62], the impact of both dropout type

(Bernoulli and Gaussian) and dropout probability was evaluated. While the type of dropout had

minimal influence on performance, the dropout rate was found to be a critical hyperparameter,

strongly affecting both segmentation quality and uncertainty estimates.

2.2.1.4 Ensembling methods

Another widely adopted approach for uncertainty estimation is the use of Deep Ensembles [63].

In this method, multiple neural networks are trained independently with different random initial-

izations, allowing each model to converge to a different local optimum. This diversity in model

predictions enables the ensemble to estimate epistemic uncertainty by capturing variability across

models.
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While Deep Ensembles have shown strong empirical performance, training multiple networks

from scratch is computationally expensive, especially for large or complex models. Despite this

drawback, ensembles have been studied in medical imaging applications, with some works [64, 65]

showing superior predictive performance and better-calibrated uncertainty compared to methods

like MC Dropout.

To mitigate the computational overhead, recent research has focused on developing efficient

ensembling strategies that preserve the benefits of standard ensembles. One such strategy involves

multi-output architectures, where a single model produces a diverse set of predictions through

multiple branches or heads, effectively simulating an ensemble in one forward pass [66].

Moreover, some studies propose combining ensembles with MC Dropout, resulting in Ensem-

ble MC methods [67, 68] , which involve using several different MC Dropout models in parallel.

This hybrid approach leverages both model-level and weight-level stochasticity to enhance uncer-

tainty estimation. The motivation behind this is to integrate the benefits of both techniques, the

diversity of model parameters from ensembling and the internal stochasticity of dropout during

inference.

Figure 2.9: Illustration of a deep ensemble approach for uncertainty quantification in image anal-
ysis. Multiple models are independently trained and used to generate prediction distributions for
each input image. These predictions are aggregated to estimate uncertainty through statistical
measures such as variance, entropy, or mutual information, resulting in an uncertainty map high-
lighting regions of low model confidence. Image from [49].

2.2.1.5 Test Time Augmentation

Test-Time Augmentation (TTA) is another technique used for uncertainty estimation, particularly

to assess aleatoric uncertainty [69]. The idea is straightforward; at inference time, multiple aug-

mented versions of the input image are generated using standard data augmentation techniques,
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such as spatial and intensity transformations. The model then predicts each augmented version

independently and the variability in these predictions forms the basis for estimating uncertainty.

One of TTA’s major advantages is that it is completely model-agnostic. It does not require any

changes to the model architecture or training procedure, making it compatible with any pre-trained

model. This makes TTA especially attractive in clinical settings, where retraining models are

often infeasible. Numerous TTA-based strategies have been proposed for medical image analysis,

demonstrating its potential for practical deployment [70, 69].

Figure 2.10: Overview of TTA for uncertainty quantification. During inference, the input image
undergoes multiple augmentations, each of which is passed through the same trained model. The
ensemble of predictions is then aggregated, and statistical measures are computed to generate an
uncertainty map. Image from [49].

2.2.1.6 Learned Uncertainty frameworks

Beyond sampling-based approaches, Learned Uncertainty frameworks offer a different idea. In-

stead of generating prediction distributions at inference time, the model itself learns to predict

uncertainty directly during training [71, 72].

One common strategy in medical image segmentation is to leverage inter-rater variability as

ground truth for uncertainty [73, 74]. In this setup, multiple expert annotations are treated as a dis-

tribution, and a model is trained using supervised learning to reproduce this variability. While this

approach allows for learning aleatoric uncertainty directly from the data, it is limited to datasets

that include multiple annotations per image, which is often not the case in practice.

To overcome this limitation, most approaches have developed strategies to jointly learn the

segmentation and uncertainty without requiring explicit uncertainty labels. One influential method

assumes that the network output logits are corrupted by Gaussian noise with mean zero and a learn-

able variance [75]. Here, a higher predicted variance corresponds to higher aleatoric uncertainty.
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Therefore, the model has two output heads, one for the predicted logits and one for the predicted

noise variance. The learning process uses a modified cross-entropy loss that incorporates the pre-

dicted variance, allowing the model to learn both the segmentation and its associated uncertainty

simultaneously. This framework was recently extended to skewed Gaussian distributions to better

model asymmetric uncertainty [76]. Instead of assuming that the uncertainty around a prediction

is symmetrically distributed, the model learns an additional skewness parameter that captures di-

rectional bias in the uncertainty, for example, when one side of a contour is consistently more

ambiguous than the other.

Another direction consists of learning uncertainty directly from model error signals [77]. In

this case, the model uses its own prediction errors, computed as the difference between predicted

labels and ground truth labels during training, as a proxy for uncertainty. These error maps are

treated as pseudo ground truth uncertainty maps. An additional output head is trained to pre-

dict these error-derived maps, often through an uncertainty-augmented loss function. This strat-

egy enables the model to learn spatially aligned uncertainty estimates that correlate with its own

weaknesses, even without external uncertainty labels.

2.2.2 Structure-level Uncertainty

Although previous methods focus on estimating voxel-wise uncertainty, a frequent and practical

concern is whether the overall prediction can be trusted. To address this, structure-level uncertainty

scores can be computed to give users a global sense of the model’s confidence for a given input.

2.2.2.1 Aggregation of Voxel-Wise Uncertainty

One intuitive strategy involves aggregating voxel-wise uncertainty estimates - derived from meth-

ods like MC dropout, Deep Ensembles or TTA - into a single structure-level score, often using

the mean. This is motivated by the intuition that an overall higher voxel-wise uncertainty should

be an indicator of poor segmentation performance [53]. Recognizing that voxel uncertainty tends

to be higher at the class boundaries, in [53] it is proposed to reduce the influence of the contour

voxels during aggregation to obtain more accurate structural uncertainty estimates. For this effect,

three different weightings are tested, specifically masking out voxels at the segmentation bound-

ary, penalizing uncertainties close to the boundary and up-weighting uncertainties distant from

the segmentation boundary, and normalizing uncertainty with the segmentation volume. Among

these, distance-based weighting was found to most accurately reflect segmentation reliability, re-

ducing the misleading influence of high boundary uncertainty and improving correlation with true

performance.

2.2.2.2 Distributional Agreement Across Predictions

Moving beyond voxel-level fusion, other approaches leverage the set of plausible segmentation

masks generated by uncertainty estimation methods. A pioneering study in this area [78] used

MC dropout to produce multiple segmentation samples and measured their disagreement as an
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indicator of uncertainty. With this propose, several proxy metrics were presented, such as the

Coefficient of Variation of segmented volumes, which considers how much the segmented volume

varies across predictions, as well as the Dice Score and Intersection over Union (IoU) agreement

among samples. These metrics showed strong correlation with the true Dice score. This concept

was further extended using various uncertainty estimation methods, alongside new proxy metrics

like Average Symmetric Surface Distance (ASSD) Within Samples [65] and the Predictive Dice

Coefficient [79].

2.2.2.3 Supervised Uncertainty Prediction

To enhance structure-level uncertainty estimation, some studies also used these metrics as features

in supervised learning models trained to directly regress the expected segmentation quality, offer-

ing a data-driven path to reliable volume-level uncertainty estimation. For example, some works

have leveraged linear regression models to estimate the expected Dice score based on uncertainty

outputs from MC dropout–based segmentation models [80, 81].

2.3 Interactive Segmentation

Interactivity in segmentation, as defined in this work, refers to a process where the user can cor-

rect a segmentation generated by an automated model. This involves the user providing input to

adjust the initial segmentation produced by the model. Based on this input, the model generates

a new segmentation that incorporates the correction, ensuring that the updated result aligns more

closely with the user’s expectations. Therefore, this process combines the benefits of automatic

segmentation with the precision and reliability of manual segmentation. However, it is important

to note that this is the definition used in this context. In other works, interactive segmentation is

also applied to different concepts, such as using input to initially guide the model with a spatial

cue, but not necessarily allowing further input to refine or alter the segmentation. This type of

interaction, though valuable, is not the focus of the current discussion.

Interactive segmentation is a topic of increasing study [82], driven by the aim of making this

interaction as easy and fast as possible while maintaining high-quality segmentation results.

These systems involve several key aspects that are essential for their effective implementation,

particularly in clinical settings. Firstly, the interaction must be user-friendly, allowing clinicians

to engage with the system easily and intuitively, thereby minimizing training time. Additionally,

the system’s response to user input must be fast, ensuring that corrections are incorporated with

minimal delay, which is essential to maintain workflow efficiency. Once the user provides input,

the segmentation must be responsive, meaning the system should correctly interpret the correc-

tions and update the segmentation accordingly. These updates should make sense biologically and

remain consistent with the rest of the segmentation to avoid introducing irregular and unrealistic

shapes. Finally, the incorporation of interactivity must not significantly affect the accuracy of the

initial automatic segmentation. Otherwise, a large number of corrections would be required, which
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could decrease both the system’s overall effectiveness and user satisfaction, making the interactive

process more frustrating.

There are various ways for users to interact with the segmentation model. Each type of input

requires the model to interpret and act on it differently, demonstrating the importance of robust

design in developing interactive segmentation systems.

2.3.1 Types of Interaction

In this subsection, the most popular frameworks for interactive segmentation are reviewed and

grouped according to the type of interaction they support. Figure 2.11 exemplifies the different

forms of user interaction described in this subsection.

2.3.1.1 Region Clicks

In this approach, the user provides positive or negative clicks on the image to guide the segmenta-

tion model. A positive click indicates that the clicked region should be included in the segmented

object, while a negative click signals that the region should be excluded.

A key challenge in region-click-based interaction lies in the fact that segmentation errors often

span entire regions of pixels rather than isolated points. Therefore, it is essential that the system

can interpret a single click (or a minimal number of clicks) as a cue to correct a larger mis-

segmented area. However, region clicks are often spatially limited in influence, typically affecting

only the segmentation output within a local neighborhood around the point of interaction [83].

To address this limitation, some works have proposed architectures that are explicitly designed

to integrate multiple region clicks and generalize their intent beyond their immediate vicinity.

In [84], an FCN is trained to accept a variable number of positive and negative clicks as input,

alongside the image, and to generate segmentations that accurately reflect the provided annota-

tions. The model is trained to respond appropriately to the distribution and polarity of the clicks

across the image. Furthermore, in [85], the authors propose a click attention mechanism aimed

at overcoming the local impact limitation of region clicks. Their approach analyzes the similarity

between the click locations and the broader image context, allowing the model to better infer the

user’s intended segmentation. This enhances the model’s ability to propagate user intent across

larger regions, improving the interactivity and reducing the effort required for segmentation re-

finement.

2.3.1.2 Scribbles

Scribbles are an intuitive form of user interaction commonly employed in interactive segmentation

models. They involve drawing simple lines or strokes over the image to indicate regions that

require correction. Scribbles can be positive, pointing out undersegmented areas, or negative,

highlighting oversegmented regions.

This type of interaction offers significant flexibility, allowing users to guide the segmenta-

tion process with minimal effort. Unlike pixel-wise annotations or precise boundary delineations,
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scribbles do not require high precision and are thus more user-friendly. However, the simplicity

and sparsity of the scribbles also introduce challenges. Their coarse nature can lead to ambiguity

in interpretation by the model, especially when scribbles do not clearly indicate the desired refine-

ment. Since scribbles do not necessarily cover key structural features, the model may struggle to

infer the correct corrections. Additionally, user inconsistency is a common issue, because scribble

patterns can vary significantly across individuals, affecting model generalization and responsive-

ness [86].

In [87], an interactive segmentation method is proposed that uses two CNNs, the AutoCNN

for generating the initial segmentation and InterCNN for refining it. InterCNN takes three inputs

- the original image, the initial segmentation, and the user-provided scribbles — and outputs a

corrected segmentation. In another work [86], ZScribbleNet is introduced as a unified framework

for scribble-supervised segmentation. The authors first analyze the design of efficient scribble an-

notations, aiming to maximize the supervisory signal without increasing user effort. This includes

strategies to optimize both the placement and the informational content of the scribbles, enabling

robust model training at a minimal annotation cost, which is a novel contribution in the field.

Subsequently, ZScribbleNet incorporates spatial priors to enhance the correction process. These

priors encode feature similarity between pixels and help rectify the shape of predicted structures,

enforcing anatomically and structurally consistent segmentations.

2.3.1.3 Boundary Clicks

Boundary clicks are user interactions that indicate specific points through which the segmentation

boundary should pass. This approach provides a more intuitive and precise mechanism for hu-

mans to correct segmentation results, as it directly communicates the intended contour rather than

relying on region-based cues. Although the model is still responsible for interpreting the click

information and reason about how to modify the contour accordingly to correct the segmentation,

boundary clicks offer a more explicit and structured signal than region-based inputs like interi-

or/exterior clicks or scribbles, providing clear information on where the boundary should be and

reducing ambiguity.

However, this method is sensitive to the accuracy of the clicks, since slight deviations from the

actual boundary can mislead the model. Another limitation is its reduced effectiveness in removing

unwanted segmentation components. In single-component cases, this can often be addressed with

simple post-processing (e.g., selecting the largest connected component), but in multi-component

scenarios, additional user input may be necessary.

In [88], an interactive framework is proposed in which users refine segmentation boundaries

using boundary clicks, integrated into a B-spline Explicit Active Surfaces framework [89]. Here,

the contour is modeled as a B-spline curve, and refined by minimizing an energy function that

enforces consistency with the CNN output, local image features, and the user-provided boundary

points (when provided). This ensures that the final delineation is both accurate and anatomically

plausible, while allowing real-time interaction.
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In another work [90], the authors introduce iW-Net, a two-stage deep network for automatic

and interactive lung nodule segmentation. In the interactive phase, the model requires two bound-

ary points, specifically the end-points of a diameter stroke across the nodule. These points are used

to compute a physics-inspired weight map, which guides the network both through a feature input

and as part of the loss function. Unlike traditional boundary click methods, this interaction uses

the geometric relationship between two opposing points to guide refinement, rather than treating

each point independently.

Figure 2.11: Illustration of interaction types. The green region represents the ground truth, while
the red contour indicates the current segmentation, showing both under- and over-segmented ar-
eas. Left: Interaction via region clicks. Positive clicks are shown in blue, and negative clicks in
yellow. Center: Interaction via scribbles. Positive scribbles in blue, and negative in yellow. Right:
Interaction via boundary points.

2.3.2 Encoding User Interaction: Guidance Signal

For a model to effectively process user interaction information, it is crucial to represent that inter-

action in a form the model can interpret. The main challenge lies in converting human input—such

as clicks or scribbles—into a structured format suitable for neural networks. This is typically done

by encoding the inputs into tensors that share the same spatial dimensions as the input image.

Several encoding strategies have been proposed in the literature. In [91, 92, 25], a disk-based

encoding is used, where each click is independently represented by assigning a value of one within

a fixed-radius disk centered around the click. This results in binary guidance maps that emphasize

the immediate neighborhood of each interaction point.

To create a smoother and more spatially informative representation, a Gaussian encoding, also

known as Gaussian Heatmap, is used in [93, 94, 95, 96]. This approach applies a Gaussian filter

centered at each click, producing soft-edged blobs whose values decay exponentially with distance

from the click location. This leads to a more continuous representation of user intent, which can

help the model to generalize better across regions.

An alternative approach, utilized in [97], is the Euclidean distance transform. Here, the guid-

ance channel consists of a tensor where each voxel contains the minimum Euclidean distance to

the closest click. This encoding provides a global spatial relationship between the clicks and the

rest of the image.
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Recognizing the limitations of purely geometric encodings, [98] argues that effective encod-

ings should also incorporate image context. Based on this principle, the geodesic distance trans-

form is introduced and used in several works [99, 45]. This transform computes the shortest

geodesic path between each voxel and the nearest click [100], taking into account intensity dif-

ferences along the path. As a result, the distance reflects not only spatial proximity but also ap-

pearance similarity. An extension of this method, the exponential geodesic encoding, is presented

in [98], which applies an exponential decay to the geodesic distance values, further emphasizing

nearby, contextually similar regions. Figure 2.12 provides a visual comparison of various click-

based guidance transforms.

As for scribble-based interactions, they can be interpreted as a dense set of clicks, enabling

the use of similar guidance encodings. Gaussian heatmaps, Euclidean distance transforms, and

geodesic distance maps can all be adapted for scribbles, as illustrated in Figure 2.13.

Figure 2.12: Illustration of click-based guidance signals. Image from [82]

Figure 2.13: Illustration of scribble-based guidance signals. Image from [82]

2.4 Uncertainty-guided Interactive Segmentation

As discussed in the previous section, many recent segmentation frameworks adopt a hybrid ap-

proach where an initial automatic result is followed by user interaction to refine errors. While this

semi-automatic strategy can improve performance, it still demands significant clinician involve-

ment—particularly in the case of 3D volumetric data, making the process time-consuming and

possibly inefficient.

An important step forward in this area is the use of intelligent cues to guide user interaction

more effectively. In this context, leveraging uncertainty information from the initial segmentation

has shown promise [101]. Most works on uncertainty estimation primarily focus on analyzing how

different frameworks affect uncertainty quantification and the subsequent impact on segmentation
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accuracy. These studies also explore correlations between uncertainty and mis-segmentation, but

they rarely integrate these insights into interactive correction frameworks.

Some efforts have been made to bridge this gap by exploring the potential of uncertainty-aware

tools within clinical workflows. For example, uncertainty has been used to flag entire images or

specific slices that may require correction and, in some cases, to localize problematic regions.

However, these approaches are still in their early stages, and the field remains largely unexplored.

In [65], the authors categorize segmentations as either “good” or “poor” based on a predefined

quality criterion, where a segmentation is considered poor if its ASSD exceeds the inter-observer

ASSD. To explore uncertainty estimation, they employ MC Dropout, Deep Ensembles, and BBB.

A global structure-wise uncertainty metric is introduced, calculated as the variability of ASSD

within the sampled predictions. Their results show that prioritizing images for review based on this

uncertainty metric significantly reduces the number of poor-quality segmentations. Specifically,

to reduce the proportion of poor segmentations in the dataset to 5%, only 31% to 48% of images

needed to be reviewed across different datasets, compared to around 80% required with random

selection, demonstrating the utility of uncertainty as a triaging tool.

Similarly, [102] investigates the use of uncertainty to train a classifier capable of detecting

out-of-distribution images for review. A correlation between uncertainty estimates and Dice score

was demonstrated, confirming the reliability of uncertainty as a quality indicator. Furthermore,

the method uses localized uncertainty to flag the most uncertain subsegments within each image

selected for manual inspection. While this represents a promising strategy for targeted review,

the effectiveness of subsegment selection is only evaluated qualitatively through visual examples,

with no quantitative assessment or integration into an interactive framework.

A more targeted application is presented in [103], which proposes a combined quality control

and error correction pipeline for vessel segmentation in retinal fundus images. Instead of rec-

ommending full-image reannotations, the method selects specific candidate patches for correction

based on uncertainty estimates. Corrections are simulated by pasting GT labels in these regions.

Results show that uncertainty-guided patch selection improves performance over random selec-

tion. Moreover, the work also extends a Dice score estimator to predict the expected improvement

of the segmentation following a correction. This allows annotators to make informed decisions

on how many local patches need reannotation to meet quality standards. Hence, the study shows

that, by adaptively determining the number of patches to be corrected per image, a more efficient

resource and annotation effort allocation is achieved. While not fully interactive, this framework

demonstrates the value of uncertainty in guiding efficient manual review.

Finally, [104] represents a step towards fully integrating uncertainty into an interactive seg-

mentation framework. Their method selects the M most uncertain slices (with M being a fixed

parameter) and allows user input in the form of scribbles on these slices. These local annota-

tions are then propagated to yield volumetric corrections. Results indicate that uncertainty-based

slice selection improves the refinement efficiency by approximately 30%, enabling high accuracy

with fast runtimes. This work exemplifies how uncertainty-driven prioritization can be effectively

coupled with interactive refinement to enhance large-scale medical image segmentation.
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In summary, while the integration of uncertainty information into interactive segmentation

is still emerging, early efforts suggest it can significantly streamline clinician input, reduce an-

notation burden, and improve segmentation quality. However, more work is needed to develop

truly interactive systems that dynamically adapt to uncertainty and provide intuitive guidance for

clinical users.



Chapter 3

Methods

This section presents and explains the methodologies used throughout this work, covering the

model training process and the key characteristics of the selected architecture. It also details the

approach to uncertainty estimation, with a focus on MC dropout to evaluate uncertainty at different

levels. Additionally, the interactive segmentation model is discussed, highlighting its functionality

and key features.

It is important to note that in the first part of this work, experiments were conducted using a

baseline automatic segmentation model. These experiments focused on developing the uncertainty

estimation framework, analysing uncertainty behavior, and assessing the potential usability of

uncertainty information. In the second part, an interactive segmentation model was trained and

additional experiments were performed to investigate how uncertainty could be leveraged to guide

real user interactions during the segmentation process.

3.1 Data

In this study, two different modalities were utilized – EAS segmentation in TPUS and pericardium

segmentation in cardiac CT.

3.1.1 Cardiac CT Data

For the cardiac CT analysis, both a publicly available dataset and a private dataset were employed.

The publicly available dataset was sourced from the Open Source Imaging Consortium (OSIC),

which was originally provided as part of a Kaggle challenge, while the private dataset was acquired

from the Centro Hospitalar de Vila Nova de Gaia e Espinho (CHVNGE).

Segmenting the pericardium in CT scans is essential for various clinical and research applica-

tions, and can be used as a preprocessing step for extraction of different clinical parameters [105].

By accurately delineating the pericardial boundary, different anatomical and physiological mea-

surements can be derived, aiding in disease assessment and risk stratification. One significant

application of pericardial segmentation is in the quantification of cardiac fat.

24
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However, manual segmentation is labor-intensive, time-consuming, and subject to observer

variability, making it impractical for large-scale studies or routine clinical use [106, 107]. These

limitations have motivated the development of automatic pericardial segmentation techniques us-

ing AI and machine learning algorithms.

To ensure data consistency, a preprocessing step was performed in which volumes were re-

sampled when necessary to obtain a uniform slice spacing of 3 mm. Importantly, the OSIC dataset

was used exclusively in the training phase, while the validation and test sets consisted solely of im-

ages from the CHVNGE hospital dataset. This split was intentional, as the models are ultimately

intended for deployment on this clinical data. Specifically, 886 images were used for training,

and 189 images from the CHVNGE dataset were allocated to each of the validation and test sets,

respectively.

3.1.2 TPUS Data

For the TPUS analysis, a private dataset acquired at the UZ Leuven hospital was utilized.

TPUS has emerged as a promising imaging modality in the assessment of EAS injuries [108].

However, ultrasound imaging is inherently susceptible to artifacts, noise, acoustic shadows, and

often exhibits low contrast between soft tissues, along with a limited field of view compared to

other imaging techniques. A prominent issue is speckle noise, which results from the inhomo-

geneous nature of biological tissues. These challenges complicate image analysis and demand

significant skill and experience to navigate the ultrasound volume and achieve accurate diagnoses.

Consequently, automatic segmentation becomes highly relevant, but also particularly challenging

to develop and train under these conditions [109].

The dataset consisted of 190 images in total, divided into 132 for training, 29 for validation,

and 29 for testing, corresponding to approximately 70%, 15%, and 15% of the data, respectively.

3.2 Baseline Segmentation Model

The nnU-Net was selected for this study due to its demonstrated ability to perform robustly across

a wide range of medical image segmentation tasks without the need for manual hyperparameter

tuning or architectural adjustments. nnU-Net adapts its structure based on the characteristics of

the dataset, ensuring that it performs optimally for different segmentation challenges. This makes

it an ideal choice when working with medical images, where dataset characteristics can vary sig-

nificantly, such as in terms of resolution, image size, and the complexity of the structures being

segmented. The architecture of nnU-Net is inherently flexible and capable of adjusting key com-

ponents like the number of layers, kernel sizes, and strides to accommodate the specific needs of

the data at hand. The implementation of nnU-Net was carried out using the DynUNet architecture

from MONAI [110].
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3.2.1 Model Architecture

The nnU-Net architecture is a self-adapting framework built on the U-Net design, consisting of a

typical encoder-decoder structure, which is specified for each application in the following subsec-

tions.

Furthermore, in both cases the architecture incorporates skip connections between correspond-

ing downsampling and upsampling layers, enabling the model to retain low-level information from

the encoder path, which is crucial for maintaining spatial accuracy in the final segmentation output.

Moreover, the models incorporate deep supervision, which involves the inclusion of interme-

diate supervision heads at different levels of the network. These heads offer additional loss terms

during training, guiding the model to learn both low-level and high-level features. Deep supervi-

sion aids in faster convergence and better generalization, as the model is effectively trained using

multi-level feature representations.

It is important to note that the architectural characteristics of the models, such as the number

of downsampling blocks, convolutional layers, and kernel sizes, were not manually defined but

were dynamically adapted to the data by the nnU-Net framework.

CT Segmentation Model

The CT segmentation model begins with an input block composed of two 3D convolutional

layers with kernel sizes of 3×3×3 and unit strides (1×1×1), preserving the input dimensions while

expanding the feature space. The encoder path then consists of four downsampling blocks, each

containing two convolutional layers. In the first two blocks, the initial convolution uses a stride

of 2×2×1, effectively reducing spatial resolution in the height and width dimensions while keep-

ing the depth unchanged. The remaining two blocks apply a stride of 2×2×2, performing full 3D

downsampling. The second convolution in each block consistently uses a stride of 1×1×1 to pre-

serve spatial dimensions while refining the feature maps and increasing the number of channels.

This hierarchical downsampling structure allows the network to gradually extract more abstract

and semantically rich features. A bottleneck layer follows the encoder, further compressing the

spatial dimensions using a 3D convolution with a 2×2×2 stride.

The decoder mirrors the previous operations with five upsampling blocks, restoring spatial

resolution progressively. Each block starts with a transposed convolution to upsample the feature

maps, followed by additional convolutions that refine the output and integrate information from

the encoder through skip connections. A final upsampling block ensures full restoration of the

input resolution. The output layer consists of a 1×1×1 convolution that reduces the feature maps

to two channels corresponding to the segmentation classes.

Throughout the network, instance normalization and Leaky Rectified Linear Unit (ReLU) ac-

tivations are applied, and a dropout rate of 0.3 is used for regularization.

TPUS Segmentation Model
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The TPUS segmentation model adopts a similar design philosophy but with some structural

simplifications. The input block also contains two 3D convolutional layers with 3×3×3 kernels

and unit strides. The encoder includes three downsampling blocks, each consisting of two con-

volutional layers. The first convolution in each block reduces spatial resolution using a stride of

2×2×2, thereby downsampling the feature maps across all three spatial dimensions, while the sec-

ond convolution maintains resolution with a stride of 1×1×1 and increases the depth of the feature

representation. This is followed by a bottleneck layer that applies a 3D convolution with a 2×2×2

stride.

The decoder path comprises four upsampling blocks that symmetrically mirror the encoder,

matching the downsampling steps to restore spatial dimensions accurately. These are followed by

standard 3D convolutions to refine features, with skip connections linking blocks to its encoder

counterpart to enhance spatial detail. The final layer uses a 1×1×1 convolution to reduce the

feature maps to two output channels representing the segmentation classes.

As with the CT model, instance normalization and LeakyReLU activations are used through-

out. A lighter dropout rate of 0.1 is applied for regularization, reflecting the structural simplicity of

the model. A smaller dropout rate was used in the TPUS segmentation model compared to the CT

model due to the substantially smaller size of the ultrasound training dataset and the nature of ul-

trasound images, which are generally lower in resolution and exhibit higher variability and noise.

To prevent underfitting and allow the network to retain more relevant features during training, a

lighter regularization strategy was adopted.

3.2.2 Loss Function and Optimization

For this work, a composite loss function combining Dice loss, Cross-Entropy loss, and a calibra-

tion parameter was adopted to effectively guide the training of the segmentation network.

The Dice loss directly optimizes the overlap between the predicted segmentation and the

ground truth by measuring the similarity between the two. This is beneficial in handling class

imbalance, a common challenge in medical datasets, where usually there is a superior propor-

tion of background. Cross-Entropy loss, on the other hand, measures the voxel-wise classification

accuracy by penalizing incorrect class predictions, encouraging the model to produce probabilis-

tically accurate outputs. The combination of Dice and Cross-Entropy losses allows the model to

benefit from both global region-level overlap optimization and local voxel-wise accuracy.

To improve the model’s calibration, the approach proposed in [111] was followed, which in-

troduces an additional loss term – ACE (Average Calibration Error) – to the standard loss function.

The ACE term is designed to minimize the gap between the model’s predicted probabilities and

the true frequencies of class occurrences. This helps align the predicted probability distribution

with the true data distribution, ensuring that the model not only achieves accurate segmentation but

also provides reliable probability estimates, which are critical in applications requiring uncertainty

quantification.

To compute the ACE parameter, it is necessary to first discretize the continuous predicted

probabilities of each of the C classes into M bins. 20 bins were used, following the approach used
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in the original study. For each image, and for each class c, the observed frequency oc
m in the mth

bin is compared to the expected probability ec
m within the same bin. An ideally calibrated model is

one where the gap |oc
m − ec

m| is zero for all bins and all classes, meaning the predicted probabilities

match the true observed frequencies perfectly. The ACE loss is computed as:

LACE =
1

CM

C

∑
C=1

M

∑
m=1

|oc
m − ec

m| (3.1)

To integrate this calibration into the model, the ACE term was added to the existing loss

function, which already included the Cross-Entropy and Dice components. By combining these

loss terms, the model is encouraged to minimize the calibration error while maintaining high

segmentation accuracy.

This integrated loss function can then be expressed as a weighted sum of the original loss

terms and the ACE loss, as presented in 3.2, where ŷ is the predicted output, y is the ground truth

segmentation, and each term corresponds to a different aspect of prediction quality.

LDice,CE,ACE(ŷ,y) =
1
3

LDice(ŷ,y)+
1
3

LCE(ŷ,y)+
1
3

LACE(ŷ,y) (3.2)

To further enhance learning, deep supervision was applied. This way, predictions from inter-

mediate decoder layers are also supervised, not just the final output. This approach ensures that the

model is not solely dependent on the final output for learning, but instead is guided at multiple lev-

els throughout its depth. By exposing the network to supervisory signals from both early and late

stages of the encoder-decoder path, deep supervision promotes the learning of meaningful hierar-

chical features, encouraging earlier layers to contribute more effectively to the segmentation task,

rather than relying entirely on the deepest representations. Furthermore, the additional gradient

signals from these intermediate outputs help alleviate the vanishing gradient problem, facilitating

the training of deeper architectures.

These intermediate losses are then combined in a weighted fashion to form the final total loss,

presented in 3.3, where N is the number of supervised outputs, ŷi is the prediction from the ith

decoder layer, and wi is a weight assigned to each supervision level, decreasing exponentially with

depth. This strategy ensures stronger supervision at shallower layers, accelerating convergence

and improving gradient flow throughout the network. In this work, two levels of supervision were

used, based on coding practices for similar segmentation tasks [112].

Ltotal =
N−1

∑
i=0

wi ·LDice,CE,ACE(ŷi,y), where wi = 0.5i (3.3)

The Adam optimizer was used for training, which adaptively adjusts learning rates for each

parameter based on first and second-order moment estimates of gradients, promoting stable and

efficient convergence.



3.3 Interactive Segmentation Model 29

3.2.3 Model Selection Strategy

For each of the two datasets, the final model used for evaluation was selected based on the high-

est Dice score achieved on the respective validation set. Dice Score calculation is presented in

Equation 3.4, where A represents the set of predicted positive voxels and B the set of ground truth

positive voxels.

Dice =
2|A∩B|
|A|+ |B|

(3.4)

To prevent overfitting and reduce unnecessary training time, an early stopping criterion of 100

epochs was employed. This means that training was halted if no improvement in the validation

Dice score was observed for 100 consecutive epochs.

3.3 Interactive Segmentation Model

This study employs the Boundary Interactive Segmentation Network (BISNet), an interactive 3D

segmentation framework designed to segment anatomical structures in volumetric data [112]. BIS-

Net supports both an initial fully automatic segmentation and subsequent interactive refinement

through user-provided boundary clicks. Note that the BISNet was originally developed for the

segmentation of the EAS in TPUS data. In this study, the same hyperparameters as reported in the

original BISNet work are used.

These boundary clicks are interpreted as 3D spatial points within the image volume that indi-

cate where the boundary of the segmented structure should lie, reflecting the user’s intent to adjust

the segmentation in a specific location. As such, the network modifies the initial segmentation in

response to each interaction until the desired quality is reached.

The model operates in two modes. In its automatic mode, BISNet generates an initial segmen-

tation solely based on the input volume. In its interactive mode, the segmentation is refined based

on additional input received via the guidance channel, which encodes the user’s boundary clicks.

These interactions can be performed either all at once, by providing multiple clicks at once, or

iteratively. A schematic of the model architecture is shown in Figure 3.1.

The model distinguishes between two types of user corrections:

• Outward clicks, which are placed outside the current segmented region to indicate that the

boundary should expand and pass through the clicked point, correcting an under-segmentation.

• Inward clicks, which are placed inside the segmented region to signal that the boundary

should contract inward through the click, correcting an over-segmentation.

Through this iterative process, BISNet integrates clinician feedback directly into the segmen-

tation pipeline, enabling high-precision, user-guided corrections in 3D space.
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Figure 3.1: Internal outline of BISNet. In automatic segmentation mode, the guidance channel is
empty. In interactive segmentation mode, the guidance channel contains boundary clicks based on
the previous segmentation.

3.3.1 Model Architecture

The architecture used for interactive segmentation models remains consistent with that of the base-

line models described in Section 3.2.1. Specifically, all models were configured using the nnU-Net

framework, which automatically adapts the U-Net architecture based on the characteristics of the

input data. Since the same datasets were used for both the baseline and interactive models within

each modality, the nnU-Net generated identical architectures for both use cases.

3.3.2 Boundary click encoding

To enable BISNet to process user interactions, a second input channel is introduced to encode the

provided boundary clicks. These clicks, which are initially given as explicit 3D coordinates in the

image space, must be converted into a volumetric representation interpretable by the network. For

this purpose, an inverse Euclidean distance encoding was employed.

This encoding transforms a set of boundary points P = {(xi,yi,zi)}i into a 3D tensor T [u,v,w],

where each voxel value is inversely proportional to the Euclidean distance to the closest boundary

point. Formally, the encoding is defined as:

T [u,v,w] =
(

1.1+α min
(x,y,z)∈P

DE((x,y,z),(u,v,w))
)−1

(3.5)

Here, DE(·) denotes the standard Euclidean distance, and α is a scaling factor that controls

how sharply the values decay with distance. A higher value of α results in more localized influence

around each boundary click. The coordinates (u,v,w) and (x,y,z) represent points within the 3D

volume along the sagittal, coronal, and transverse axes. In accordance with the original BISNet

proposal, the scaling factor was set to α = 1, providing a linear balanced decay rate of the signal.
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Note that the constant 1.1 in the denominator prevents division by zero and ensures numerical

stability by limiting the maximum encoded value.

In the case of multiple clicks, only the distance to the nearest boundary point is considered for

each voxel, as enforced by the minimum operator. This encoding ensures that voxels closer to user-

specified points receive stronger guidance signals, steering the network to adjust the segmentation

boundary toward the intended locations.

3.3.3 Training Process

Since boundary clicks are an implicit form of interaction, the network must learn to associate these

with the intended refinement. To enable this, the model requires repeated exposure to boundary

clicks during training. However, it is infeasible to collect such interactions manually. Conse-

quently, boundary clicks were generated through a simulation procedure that mimics the behavior

of a clinical expert.

Synthetic clicks are generated based on the ground truth and the current prediction of the

network. Each voxel in the image space is assigned a probability of being selected as a boundary

click. Voxels near incorrectly segmented boundaries, either over- or under-segmented, are more

likely to be chosen, under the assumption that real users would focus their corrections near visible

segmentation errors.

Formally, a 3D probability density function D(x,y,z) is defined over the image space:

D(x,y,z) = Gξ ∗
(

eλEp(x,y,z)−1
)

(3.6)

Here, Ep(x,y,z) represents the prediction error, calculated as the Euclidean distance from each

boundary voxel in the ground truth to its nearest boundary voxel in the predicted segmentation.

A boundary voxel is defined as any non-background voxel that neighbors at least one background

voxel. Importantly, Ep(x,y,z) is non-zero only at incorrectly segmented boundary regions, effec-

tively ignoring already correct areas.

To give more weight to highly incorrect areas, the error map Ep(x,y,z) is exponentiated using

base e. To ensure that perfectly segmented points (Ep = 0) are never sampled, one is subtracted

from the result, since eλ ·0 − 1 = 1− 1 = 0. This ensures that only regions with segmentation

errors contribute to the click sampling distribution, which closely resembles real-world correction

behavior.

The parameter λ determines the influence of the prediction error on the click sampling distri-

bution. Higher values of λ result in stronger focus on high-error regions, while lower values lead

to more uniform sampling across the boundary. For all experiments, a value of λ = 0.1 was used,

providing a balance between focusing on errors and maintaining coverage across the segmentation

boundary.

The Gaussian smoothing kernel Gξ , with standard deviation ξ , is convolved with the error-

based weighting to simulate inter- and intra-observer variability. For the experiments in this study,
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ξ = 1.0 was used to introduce a mild variability while keeping the clicks close to the actual bound-

ary.

To train BISNet to handle varying numbers of user interactions, a random number of clicks,

between nmin and nmax, are generated for each training volume. A minimum of nmin = 1 ensures

that each interactive example contains at least one click. To maintain the network’s ability to

perform automatic segmentation, a subset of training samples is processed without any interaction.

This is controlled by a probability parameter pg, which determines the likelihood of simulating

guidance for a given training sample.

3.3.3.1 Dropout Mechanism

To ensure that the network performs well in both automatic and interactive segmentation modes,

it must be trained under both conditions. However, there exists a trade-off, as excessive exposure

to interaction during training may cause the model to become overly reliant on guidance, poten-

tially degrading the quality of its initial automatic segmentations. Conversely, if the model is not

sufficiently exposed to interaction, it may fail to learn the desired response to boundary clicks.

To address this, a dropout mechanism was implemented for the guidance signal. During each

training iteration t, there is a probability p(t) that the simulated boundary clicks are dropped.

When this occurs, the guidance channel is set to zero, and the network operates in automatic

segmentation mode. This probabilistic dropout provides finer control over the exposure of the

network to interaction.

In this work, an Exponential Decay Dropout scheme was used, where the probability of drop-

ping the guidance signal evolves over time according to the formula:

p(t) = min
(

1,ba(t−c)
)

(3.7)

Here, the parameters a and b determine the rate of decay. Specifically, larger values of a or

smaller values of b result in a faster reduction of the dropout probability. The parameter c defines

a cold-start period during which all guidance is dropped (i.e., p(t) = 1 for t < c). This allows

the network to initially learn a coherent automatic segmentation without the influence of guidance

signals. This training dynamic encourages a balance between high-quality automatic performance

and responsiveness to user guidance.

3.3.3.2 Loss Function

The primary loss used to train BISNet was the composite loss LDice,CE,ACE , combining Dice loss,

cross-entropy loss, and the ACE loss for calibration, applied with deep supervision across decoder

layers. This encourages accurate segmentation and stable training by supervising multiple output

levels in the network.

However, this formulation alone does not explicitly encourage the model to respond to user-

provided boundary clicks. While it can implicitly learn this behavior, it is not directly penalized
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for ignoring the clicks. To address this, an additional loss term was introduced to focus learning

on regions around the boundary interactions.

To guide the model’s response toward the regions near the boundary clicks, a spatial weighting

mechanism is introduced in this additional loss term. For every boundary click, a 3D Gaussian

distribution is centered at the click location. These Gaussians are summed together to form a

smooth weight map over the image volume. As a result, each voxel is assigned a weight depending

on its distance to the nearest click, so voxels closer to clicks receive higher weights, and those

further away receive lower or zero weight. This weight map is then used to compute a localized

version of the Dice and cross-entropy losses, placing more importance on accurately segmenting

areas influenced by the boundary interactions.

Formally, the Weighted Dice and Cross-Entropy Loss is defined as:

LWeightedDice,CE(ŷ,y,P) = ∑
v∈Ω

Tσ [v]
(

ŷ · y
ŷ+ y

+ y · log ŷ
)

(3.8)

where ŷ is the predicted segmentation, y is the ground truth, P is the set of boundary clicks, Tσ

is the Gaussian encoding of the guidance points P and Ω is the set of all voxels in the volume.

To ensure the model also retains global segmentation quality, the guidance-weighted loss is

combined with the base loss function. The total loss used during training is therefore:

Lcombined = K1 ·LDice,CE,ACE(ŷ,y)+K2 ·LWeightedDice,CE(ŷ,y,P) (3.9)

where K1 and K2 are the weighting factors that balance the influence of the guidance-aware

term relative to the standard loss. It was used a weight of one for both components.

This formulation ensures that BISNet learns to produce accurate global segmentations while

being explicitly encouraged to respond correctly to user-provided guidance during interaction.

Then deep supervision was applied in the same manner as described for the baseline model

in Section 3.2.2. Specifically, loss terms were computed not only at the final output layer but

also at multiple intermediate decoder stages of the network. These intermediate losses were then

aggregated in a weighted fashion to form the total loss. This strategy helps guide the learning

process at different levels of feature abstraction and improve gradient flow during training.

3.3.3.3 Model Selection Strategy

The final model was selected based on its performance on the validation set, using a custom

evaluation metric that balances segmentation quality with responsiveness to interactive input.

To determine the most desirable training checkpoint, the following metric was used:

∆GD(Sinit ,S,P) ·Dice(Sinit ,L) (3.10)

where Sinit denotes the initial automatic segmentation produced by the model before any user

interaction, S represents the segmentation result after incorporating interactive user guidance, P is
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the set of guidance points provided to correct or refine the segmentation, and L denotes the ground

truth segmentation labels.

This metric combines two key components:

• Dice coefficient of the initial (automatic) segmentation Sinit against the ground truth labels

L, assessing the baseline quality of the model’s predictions.

• Fractional decrease in guidance distance ∆GD(Sinit ,S,P), which quantifies how effectively

the model responds to interactive boundary corrections. This responsiveness is crucial for

interactive use.

Guidance distance measures the average distance from a set of guidance points P to the nearest

point on the segmentation boundary S, and is formally defined as:

GD(S,P) =
1
n ∑

p∈P
min
s∈S

d(p,s) (3.11)

where d(p,s) is the spatial distance between a guidance point p and the closest point s on the

segmentation boundary.

The fractional improvement from interaction is then computed as:

∆GD(Sinit ,S,P) =
GD(Sinit ,P)−GD(S,P)

GD(Sinit ,P)
(3.12)

This normalization ensures that models with higher initial segmentation quality are not unfairly

penalized. For example, models starting with accurate predictions will naturally have smaller ab-

solute guidance distances, and this fractional form allows for a fair comparison of responsiveness

across different segmentation qualities.

Multiplying ∆GD with the initial Dice score emphasizes a balanced objective - a model that

performs well both automatically and interactively. Models with poor automatic segmentations or

weak responses to guidance will score lower, while the best models will show strong results in

both components.

Similarly to the baseline models, an early stopping criterion of 100 epochs was employed.

3.4 Evaluation Metrics

The final segmentation performance was quantitatively assessed using multiple complementary

metrics to evaluate both the baseline model and the interactive refinement process.

The Dice Score (Equation 3.4) and the Average Symmetric Surface Distance (ASSD) were

used to measure the accuracy of the automatic segmentations. While the Dice Score captures

volumetric overlap between the predicted segmentation and ground truth, the ASSD measures the

average distance between the boundaries of the two masks, providing a more surface-sensitive

evaluation. The ASSD is formally defined as:
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ASSD(A,B) =
1

|SA|+ |SB|

(
∑

a∈SA

min
b∈SB

∥a−b∥+ ∑
b∈SB

min
a∈SA

∥b−a∥

)
(3.13)

Here, SA and SB denote the sets of surface points for the predicted and ground truth segmenta-

tions, respectively, and ∥·∥ represents the Euclidean distance. The notation |SA| and |SB| represent

the number of points in each surface set. This metric computes the average of the shortest dis-

tances from every boundary point in one mask to the closest boundary point in the other mask,

ensuring a symmetric, bidirectional comparison of boundary proximity.

To assess the model’s responsiveness to user input in the interactive segmentation setting, the

fractional decrease in guidance distance, denoted ∆GD(Sinit ,S,P) (Equation 3.12), was measured.

Together, these metrics provide a comprehensive evaluation of both the baseline segmentation

quality and the effectiveness of interactive refinements.

3.5 Uncertainty Quantification

In this section, the techniques and metrics used to estimate uncertainty are described. MC Dropout

was employed as a practical method for uncertainty estimation, leveraging its Bayesian interpreta-

tion to approximate posterior distributions. By applying dropout at inference, MC Dropout allows

the quantification of uncertainty at both voxel and structure levels. The following subsections

detail the implementation of MC Dropout and its role in uncertainty estimation.

3.5.1 MC Dropout Implementation

The method employed for uncertainty estimation in this study is based on MC Dropout, described

in Section 2.2.1.3. MC Dropout is one of the most widely used and established techniques for

capturing uncertainty in neural networks, chosen here for its simplicity and ease of integration

since it requires no modifications to the training procedure.

During inference, MC dropout generates multiple predictions for the same input by apply-

ing different dropout masks across multiple forward passes. This approach allows the model to

produce a distribution of predictions for one input image, rather than a single deterministic output.

To optimize performance, the dropout rate and the number of forward passes were carefully

tuned and details of this tuning process are provided in a later section.

The final segmentation output was obtained by aggregating the predictions from all sampled

forward passes, assigning to each voxel the label that appears most frequently across these predic-

tions. Therefore, this approach serves a dual purpose - it enables effective uncertainty quantifica-

tion by measuring variability across stochastic predictions, and it defines the segmentation output

through the consolidation of multiple stochastic predictions into a single result.
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3.5.2 Uncertainty Metrics

Using the previously described MC Dropout method, multiple segmentation predictions were gen-

erated for each input image. These predictions form a distribution that serves as the foundation

for estimating uncertainty. The variability among these predictions quantifies the degree of un-

certainty in the segmentation process. Uncertainty was computed at both the voxel level and the

structure level to provide a comprehensive assessment.

3.5.2.1 Voxel-wise Uncertainty

In segmentation tasks, assessing uncertainty at the voxel level is particularly important. Given an

input image X , multiple forward passes generate, for each voxel i, a set of predicted probabilities

for a target class (e.g., foreground class), forming a distribution Pi, exemplified in Equation 3.14,

where pi
n denotes the predicted probability of the foreground class at voxel i from the nth pass,

and N is the total number of stochastic forward passes.

Pi = {pi
1, pi

2, . . . , pi
N}, pi

n ∈ [0,1] (3.14)

This set represents the variability in the model’s probabilistic output at that voxel across mul-

tiple passes. Therefore, the mean predicted probability p̄i is computed as:

p̄i =
1
N

N

∑
n=1

pi
n (3.15)

Voxel-wise uncertainty is then quantified using binary entropy, defined as:

H(p̄i) =−p̄i log(p̄i + ε)− (1− p̄i) log(1− p̄i + ε) (3.16)

where ε is a small constant added for numerical stability. This measure reflects the model’s

epistemic uncertainty at each voxel based on the variability in softmax outputs across multiple

stochastic passes, since high entropy corresponds to greater disagreement among the predictions

for that voxel.

Uncertainty Map Post-Processing

The voxel-wise entropy computation described above results in an entropy map, where each

voxel in the volume is assigned an uncertainty value. However, these raw entropy maps often

exhibit noise across the volume, with elevated uncertainty frequently observed not only in regions

of genuine ambiguity but also in background areas or isolated voxels.

To derive a more informative and robust uncertainty map, two filtering steps were applied.

First, to mitigate the influence of isolated voxels exhibiting spurious high uncertainty and

to emphasize coherent regions of uncertainty, a 3×3×3 averaging filter was applied to the raw

entropy maps. This local smoothing suppresses random fluctuations while preserving broader
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regions of consistently elevated uncertainty, which are more likely to reflect true segmentation

ambiguities.

Despite this initial filtering, the boundary regions still exhibited considerable variability, as

not all boundary voxels with high uncertainty correspond to actual segmentation errors. To further

refine the uncertainty signal, a directional smoothing strategy based on radial profiling was imple-

mented. The center of mass (CoM) of the segmented structure was first computed. Then, for each

boundary voxel, six neighboring voxels were sampled along the radial direction defined by the

vector connecting the CoM to the boundary point: three in the outward direction and three in the

inward direction. The uncertainty values from these six neighbors, along with the boundary voxel

itself, were averaged and assigned to the corresponding boundary voxel. This approach effectively

smooths the uncertainty along directions orthogonal to the surface, better capturing over- and

under-segmentation patterns that typically manifest as locally thickened regions of uncertainty.

The resulting map, produced through these two filtering stages, provided a refined boundary-

focused uncertainty representation, better suited for downstream analysis and interaction guidance.

3.5.2.2 Structure-wise Uncertainty

At the structure level, the objective was to compute a single scalar value that reflects the overall

uncertainty associated with each segmented structure.

For each segmentation prediction, the corresponding voxel-wise entropy map was generated

based on the voxel-wise uncertainty estimation. However, as is common in uncertainty estimation

for segmentation tasks, these voxel-wise entropy maps often contain a considerable amount of

noise, particularly in background regions or distant from the object boundaries. In order to miti-

gate the influence of noise from irrelevant background regions while still preserving meaningful

uncertainty information along structure boundaries, the entropy values were summed within the

segmented structure and within an additional margin of three voxels surrounding its boundary.

This approach allows for the inclusion of boundary-related uncertainty, which often reflects gen-

uine segmentation ambiguity, while reducing the contribution of spurious background uncertainty.

Following this aggregation, three variants of the summed entropy were considered to account

for differences in the size of the segmented structures:

• Raw Summed Entropy: the total sum of entropy values within the segmented structure

and its surrounding margin.

• Volume-Normalized Summed Entropy: the raw summed entropy divided by the volume

of the segmented structure.

• Surface-Normalized Summed Entropy: the raw summed entropy divided by the surface

area of the segmented structure.
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3.6 Experiments

A series of experiments were conducted to evaluate the applicability and effectiveness of the pro-

posed uncertainty estimation methods in the context of medical image segmentation. Both non-

interactive and interactive scenarios were investigated, with experiments designed to assess how

uncertainty estimates can inform quality control, guide user interventions, and improve segmenta-

tion outcomes.

3.6.1 Experiments on Baseline Model

The first set of experiments aimed to assess the reliability and potential of uncertainty estimates to

indicate missegmentations and guide correction processes, using the baseline model as the starting

point. At this stage, no interactive tool was incorporated, and all corrections were simulated.

Initially, structure-wise uncertainty was employed to prioritize images for review. Images

were ranked based on their global uncertainty estimates, and experiments evaluated both the im-

provement in Dice score as increasingly uncertain images were corrected, and the percentage of

poor-quality segmentations remaining after correction. Corrections were simulated under two sce-

narios: (i) a perfect correction scenario, where corrected segmentations were assumed to achieve

a Dice score of 1.0, and (ii) a scenario incorporating intra- and inter-observer variability, where

corrections were simulated using manual annotations from multiple clinicians on a smaller subset

of the dataset.

In addition, voxel-wise uncertainty analysis was performed through patch correction experi-

ments. Here, voxel-wise uncertainty maps were utilized to identify localized regions for correc-

tion. Corrections were simulated by replacing the selected uncertain regions with the correspond-

ing ground truth, and the resulting improvements in Dice score were quantified.

Finally, combined experiments were conducted, where structure-wise uncertainty guided the

selection of images for review, followed by voxel-wise uncertainty to determine localized correc-

tions within the selected images. Throughout all these experiments, interaction processes were

fully simulated in the absence of an integrated interactive correction tool.

3.6.1.1 Experiments on Interactive Model

Subsequent experiments were conducted using the interactive model, which incorporates boundary

clicks provided by the user as additional input for segmentation refinement. A clinical experiment

was performed using the TPUS dataset, in which a clinician employed the trained BISNet model

to iteratively refine the segmentations through boundary-based interactions.

In this context, structure-wise uncertainty was further explored as a mechanism to guide and

prioritize images for correction, assisting in the identification of cases likely to benefit from user

interaction. However, voxel-wise uncertainty was not utilized to directly guide user interactions

during this stage. Nonetheless, the relationship between the corrected regions and the correspond-

ing pre-correction uncertainty estimates was investigated, in order to assess the extent to which the
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uncertainty maps were able to predict the locations of segmentation errors subsequently addressed

through interaction.



Chapter 4

Baseline Model Results

In this chapter, the results of the baseline segmentation models are presented. These models,

trained without any form of user interaction, served as a reference point for evaluating the effec-

tiveness of subsequent interactive approaches. The model is assessed in terms of both segmenta-

tion performance and calibration quality, providing a comprehensive understanding of how well

the model performs and how reliable its predictions are.

The evaluation is conducted in two distinct settings - Cardiac CT and TPUS. For each appli-

cation, a separate model was trained and optimized to account for differences in data modality,

anatomy, and imaging characteristics. Therefore, results for both cases are examined.

4.1 Segmentation Performance

The obtained Dice and ASSD scores for each application are summarized in Table 4.1, offering

a baseline against which the impact of uncertainty estimation and interactive refinement will be

measured in later sections. The table also includes reference inter-observer and intra-observer

Dice scores and ASSD derived from manual segmentation experiments. For the CT data, these

reference values were obtained from two clinicians segmenting the same 30 images, with one of

them segmenting the images twice to assess intra-observer variability. For the TPUS data, the

values were computed from a similar setup involving two clinicians and 5 volumes, although the

small sample size may limit the robustness of this estimate. However, note that for the TPUS data,

the ASSD values were not provided.

Table 4.1: Segmentation results and observer agreement metrics for the CT and TPUS models

Metric CT TPUS
Dice Score (%) 93.54 ± 3.41 72.85 ± 13.86
ASSD (mm) 2.81 ± 3.23 2.28 ± 1.05
Inter-observer Dice Score(%) 92.45 ± 1.98 68.35 ± 3.54
Inter-observer ASSD (mm) 2.54 ± 0.91 -
Intra-observer Dice (%) 95.35 ± 1.31 78.75 ± 7.16
Intra-observer ASSD (mm) 1.39 ± 0.55 -

40
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The segmentation models trained for CT and TPUS data each show performance consistent

with what is expected for their respective imaging modalities.

The CT results indicate reliable segmentation performance, with high overlap with ground

truth. This aligns with the high anatomical contrast, spatial resolution, and relatively low inter-

observer variability typically associated with CT imaging. The Dice score of 93.54% is consistent

with values reported in the state-of-the-art literature for similar segmentation tasks [34], and also

also exceeds the inter-observer reference score, indicating strong concordance with expert anno-

tations. In contrast, the ASSD is slightly higher than the inter-observer benchmark, suggesting

modest deviations in boundary placement despite the overall high segmentation accuracy.

Figure 4.1: Examples of pericardium segmentation in CT slices. In each row, the manual segmen-
tation (GT) and the model’s automatic segmentation are shown, with the segmentation highlighted
in green. The first row illustrates a case with above-average performance (Dice = 95.23%, ASSD
= 1.47 mm), while the second row shows a below-average result (Dice = 77.84%, ASSD = 8.24
mm).

In contrast, the TPUS model results reflect greater segmentation variability and less consistent

region overlap, as shown by a lower mean Dice score and a larger standard deviation. These out-

come are in line with the known challenges of TPUS imaging, such as acoustic shadowing, speckle

noise, and variable probe positioning, which often obscure anatomical boundaries and introduce

ambiguity [109]. Even for expert annotators, segmentation of TPUS images tends to show higher

inter-observer variability. Notably, the model’s Dice score surpasses the inter-observer reference

value. Although the ASSD is lower for TPUS than for CT, this likely reflects the smaller size of

the EAS compared to the pericardium. The small size of the EAS makes even minor boundary

deviations more impactful in terms of Dice, yet simultaneously amplifies the significance of small
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absolute distances captured by ASSD. Moreover, the training dataset for TPUS was significantly

smaller (132 images) compared to the CT dataset (886 images), likely limiting the ability for the

model to generalize and hence contributes to the increased standard deviation observed in Dice

scores.

Figures 4.1 and Figure 4.2 each show two examples of the segmentation of the pericardium

and EAS, respectively, compared to the manual segmentation serving as the GT.

Figure 4.2: Examples of pericardium segmentation in TPUS slices. In each row, the manual
segmentation (GT) and the model’s automatic segmentation are shown, with the segmentation
highlighted in green. The first row illustrates a case with above-average performance (Dice =
81.03%, ASSD = 1.65 mm), while the second row shows a below-average result (Dice = 64.22%,
ASSD = 2.43 mm).

4.2 Model Calibration

In this section, the calibration quality of the baseline segmentation models is evaluated by com-

paring models trained with and without the calibration factor incorporated into the loss function.

Calibration curves and the average ACE metric are used to assess how well predicted probabilities

align with the true likelihood of correctness. A well-calibrated model will produce curves that

closely follow the identity line, indicating that the predicted confidence levels match the actual

likelihood of correct predictions.

Figures 4.3 and 4.4 present the calibration histograms for the cardiac CT and TPUS ultrasound

datasets, respectively. For each dataset, separate plots are shown for the training and test sets, with

and without the application of the calibration parameter during training. Rather than traditional
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Figure 4.3: Calibration heatmaps and reliability curves for CT models trained without (left) and
with (right) a calibration factor, evaluated on the training set (top) and test set (bottom). In each
plot, the x-axis represents the predicted probability that a voxel belongs to the foreground class,
and the y-axis shows the empirical frequency with which voxels at that probability level actually
belong to the foreground. The red curve represents the average fraction of correct predictions
made at each confidence level across the whole dataset. The white dashed line indicates perfect
calibration, where predicted probabilities match the observed accuracy. The background heatmap
reflects the density of predictions in each bin. The average ACE is reported in the bottom-right
corner of each plot.

calibration curves, these figures display calibration histograms, providing an informative visual-

ization of calibration across an entire dataset. The training set curves provide insight into whether

the model is able to learn a calibrated mapping during optimization, while the test set curves reveal

how well this calibration generalizes to unseen data.

In Table 4.2, the mean Dice score and ASSD values are reported for models trained with

and without the calibration component, highlighting the impact of calibration on segmentation

accuracy.

When trained without the calibration factor, the CT segmentation model exhibits poor calibra-

tion. This is evident from the reliability histograms, which show that the model does not produce

well-calibrated confidence estimates. The behavior is consistent across both the training and test

datasets, suggesting that the lack of calibration is a general issue of this model. However, when
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Figure 4.4: Calibration heatmaps and reliability curves for TPUS models trained without (left) and
with (right) a calibration factor, evaluated on the training set (top) and test set (bottom). In each
plot, the x-axis represents the predicted probability that a voxel belongs to the foreground class,
and the y-axis shows the empirical frequency with which voxels at that probability level actually
belong to the foreground. The red curve represents the average fraction of correct predictions
made at each confidence level across the whole dataset. The white dashed line indicates perfect
calibration, where predicted probabilities match the observed accuracy. The background heatmap
reflects the density of predictions in each bin. The average ACE is reported in the bottom-right
corner of each plot.

calibration is incorporated during training, there is a clear improvement. The histograms of pre-

dicted probabilities become much cleaner and more structured, indicating a better distribution of

prediction confidence. As result, the average ACE becomes significantly lower, and the calibra-

tion curve aligns more closely with the ideal diagonal line. Importantly, the learned calibration

generalizes well to the test set, where a similarly clean histogram and low ACE are observed. In

terms of segmentation performance, the CT model clearly benefits from calibration, as the mean

Dice score and ASSD shows a noticeable increase and decrease respectively. In addition, the stan-

dard deviations for both metrics are reduced, indicating more consistent and stable performance

across samples. This suggests that calibration not only helps with confidence estimates but also

contributes meaningfully to segmentation quality.

Regarding the TPUS segmentation model, from the training set results, it is evident that the
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model trained without calibration exhibits poor calibration, being under-confident for low proba-

bilities and overconfident for high ones. When trained with calibration, there is an improvement

- the average ACE decreases from 0.144 to 0.114, and the mean error curve aligns more closely

with the ideal calibration line. In addition, the histogram becomes cleaner, with reduced spread,

indicating a more structured distribution of prediction probabilities. However, the calibration is

still sub-optimal, with residual miscalibration patterns. On the test set, calibration generaliza-

tion is clearly more challenging, as reflected in noisier histograms. Nevertheless, there is a slight

improvement in average ACE from 0.183 without calibration to 0.152 with calibration, demon-

strating that the calibration loss helps the model produce better-calibrated outputs on unseen data.

In terms of segmentation accuracy, the model trained with calibration also shows a modest im-

provement, as the mean Dice score improves and the ASSD decreases. Moreover, the standard

deviations for both metrics decrease as well, indicating more consistent and stable segmentation

results. While these improvements are not large, they indicate that incorporating calibration con-

tributes positively to both the confidence estimates and segmentation quality.

Table 4.2: Segmentation results for the CT and TPUS segmentation models trained with and
without calibration parameter

Dataset Training Method Dice (%) ASSD (mm)

CT
Without Calibration 91.71 ± 5.88 3.77 ± 6.21

With Calibration 93.54 ± 3.41 2.81 ± 3.23

TPUS
Without Calibration 71.17 ± 15.72 2.41 ± 1.39

With Calibration 72.85 ± 13.86 2.28 ± 1.05

4.3 Tuning of Uncertainty Estimation Parameters

As explained in Section 3.5, the method adopted for uncertainty quantification in this work was the

MC Dropout. Therefore, there are two key hyperparameters that are required, the number of MC

samples (i.e., the number of forward passes) and the dropout probability applied during inference.

In uncertainty-aware segmentation, choosing the right combination of dropout rate and number

of samples involves balancing three key factors - segmentation performance, uncertainty estima-

tion quality, and computational cost. Higher segmentation performance is typically desired, but it

must be weighed against the ability of uncertainty metrics, both voxel and volume-wise, to mean-

ingfully correlate with prediction errors. On one hand, voxel-wise metrics provide fine-grained

insights into uncertain regions, useful for assessing model confidence at the voxel level. On the

other, structure-aware metrics capture broader spatial uncertainty, allowing for better understand-

ing of confidence at the region or organ level. However, these benefits come with computational

trade-offs, as increasing the number of MC samples is reported in the literature to improve both

performance and uncertainty reliability but introduces higher inference time and computational

cost, which may not always be acceptable in real-world pipelines. Similarly, lower dropout rates
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may yield slightly higher Dice scores, but often reduce the variance necessary for reliable uncer-

tainty quantification.

To evaluate the impact of these parameters, a two-stage analysis was performed. First, the

effect of different combinations of MC dropout rate and sample count on segmentation perfor-

mance, measured by the Dice score, was assessed. The results for both datasets are presented

in Figure 4.5a and Figure 4.5b. These results indicate how sensitive the overall segmentation

accuracy is to the uncertainty estimation configuration.

(a) CT segmentation model (b) TPUS segmentation model

Figure 4.5: Variation in Dice score across different MC dropout rates and numbers of MC samples
for (a) CT and (b) TPUS segmentation models.

Following this, the relationship between uncertainty and segmentation error was analyzed to

assess the quality of the uncertainty estimates. For this, Spearman correlation was computed

between the Dice scores and both voxel and structure-wise metrics.

4.3.1 Structure-wise Correlation

As described in the Methods section (Section 3.5.2.2), three structure-wise uncertainty metrics

were evaluated:

• The raw summed voxel-wise entropy within each segmented structure.

• The entropy normalized by the structure’s volume (volume-normalized entropy).

• The entropy normalized by the structure’s surface area (surface area-normalized entropy).

To assess the relationship between uncertainty and segmentation quality at the structure level,

the absolute Spearman correlation between each of these uncertainty metrics and the Dice error

was computed across various configurations of MC dropout rate and number of samples. This

analysis allowed to evaluate how well each uncertainty metric aligned with actual segmentation

performance under different uncertainty estimation settings.
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Among the three, the volume-normalized entropy consistently demonstrated stronger and more

stable correlations with segmentation error across different modalities and configurations. In con-

trast, the raw summed entropy and surface area-normalized entropy showed less consistent and

less meaningful correlations. Therefore, the volume-normalized metric was selected as the pri-

mary structure-wise uncertainty measure for further analyses in this study.

4.3.2 Voxel-wise Correlation

For the voxel-wise uncertainty evaluation, the analysis focused specifically on boundary voxels, as

these regions typically exhibit the highest segmentation uncertainty and error rates. For each image

in the dataset, boundary voxels were identified and their predicted uncertainty values were grouped

into discrete intervals (bins). Within each uncertainty interval, the empirical misclassification

probability (i.e., the proportion of voxels within that interval that were incorrectly segmented)

was calculated. This process enabled the construction of uncertainty-error profiles, which reveal

whether higher uncertainty values correspond to an increased likelihood of segmentation errors.

By aggregating the uncertainty and misclassification data across all images, the Spearman

correlation between voxel-level uncertainty and error rate at boundary voxels was computed for

different configurations of MC dropout rates and numbers of MC samples. This correlation served

as an indicator of the quality and reliability of the voxel-wise uncertainty metric under various

uncertainty estimation settings.

Figures 4.6 and 4.8 show the resulting correlations across all evaluated settings for the CT and

TPUS datasets, respectively.

4.3.3 Analysis of Tuning Curves and Selection of Parameters

4.3.3.1 CT segmentation model

As shown in Figure 4.5a, the Dice score initially improves with an increasing number of MC sam-

ples, particularly for dropout rates above 0.2. For lower dropout values (0.1 to 0.2), performance is

relatively stable and consistently surpasses the baseline Dice score, even with fewer samples. No-

tably, dropout values of 0.25 at 20 samples also result in performance above the baseline. Beyond

20 samples, improvements tend to plateau or even slightly decrease for all dropout settings.

In terms of uncertainty correlation, Figure 4.6 highlights two metrics of focus - voxel-wise

correlation and volume-normalized entropy. Voxel-wise correlation remains relatively high across

all dropout rates and numbers of samples, indicating consistent alignment between voxel-level

uncertainty and segmentation errors. This suggests that voxel-wise uncertainty is a robust metric.

On the other hand, volume-normalized entropy shows a clearer trend with dropout - its cor-

relation with performance increases with higher dropout values. However, its dependency on the

number of MC samples is not systematic, with no strong pattern of improvement or degradation

observed.

Based on these findings, the combination of dropout rate 0.25 and 20 MC samples was selected

as the optimal setting. This choice balances several factors:



Baseline Model Results 48

Figure 4.6: Correlation between uncertainty and segmentation error across different MC dropout
rates and numbers of MC samples for the CT segmentation model. Each curve shows how the
Spearman correlation varies with uncertainty estimation settings, capturing the relationship be-
tween predicted uncertainty and actual segmentation error at the structure and voxel levels.

• It yields a Dice score above the baseline, unlike higher dropout configurations that may lead

to performance degradation.

• Voxel-wise correlation is among the highest at this setting, suggesting strong uncertainty–error

alignment at the voxel level.

• Volume-normalized correlation, while not as high as in higher dropout conditions, still

demonstrates good alignment.
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• Computation-wise, using 20 samples is efficient and avoids unnecessary overhead, given

that no significant Dice improvements were seen beyond this point.

This setting therefore offers a strong compromise between segmentation accuracy, uncertainty

interpretability, and computational cost, and is used as the reference for subsequent analysis.

Figure 4.7 presents a visual summary of the results that underlie these correlation values for

the selected setting of dropout rate 0.25 and 20 MC samples. Figure 4.7a shows the structure-

wise relationship between segmentation accuracy and uncertainty, while Figure 4.7b illustrates

the voxel-level uncertainty–error alignment. Together, they highlight how uncertainty metrics

reflect segmentation quality under the chosen parameters. These graphs validate the strong corre-

lation between uncertainty and performance, both at the volume and voxel levels. There is a clear

negative correlation between structure-wise uncertainty and Dice scores, indicating that higher un-

certainty corresponds to lower segmentation accuracy at the structure level. Similarly, a positive

relationship is observed between voxel-wise boundary uncertainty and error rate. However, it is

worth noting that even at the highest levels of voxel-wise uncertainty, the mean error rate remains

around 0.45, suggesting that a substantial proportion of these uncertain voxels are still correctly

segmented.

(a) (b)

Figure 4.7: Uncertainty–performance relationships for the CT segmentation model using the se-
lected MC dropout configuration (dropout rate 0.25, 20 MC samples). (a) Structure-wise cor-
relation between Dice score and volume-normalized summed entropy. Each point represents a
volume and the red dashed line shows a linear regression fit. (b) Voxel-wise uncertainty–error
profile computed over boundary voxels. Voxels are grouped into uncertainty bins (x-axis), with
corresponding misclassification rates (y-axis). The red dashed line indicates the mean misclas-
sification rate across bins. The color scale reflects the occurrence across images, indicating how
many times each uncertainty–error pairing appears throughout the dataset.

4.3.3.2 TPUS segmentation model

Regarding the TPUS dataset, a dedicated tuning process was also conducted. Since the model

was originally trained with a dropout rate of 0.1, tuning was performed using a reduced range of
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Figure 4.8: Correlation between uncertainty and segmentation error across different MC dropout
rates and numbers of MC samples for the TPUS segmentation model. Each curve shows how
the Spearman correlation varies with uncertainty estimation settings, capturing the relationship
between predicted uncertainty and actual segmentation error at the structure and voxel levels.

dropout values, focusing on smaller rates to reflect this constraint.

When analyzing the uncertainty–performance correlation curves, it is evident that overall cor-

relations are generally lower in this scenario compared to the previous experiment. At a dropout

of 0.05, the structure-wise correlation is relatively high, but voxel-wise correlation remains low,

limiting its usefulness for voxel-level interpretability. Conversely, at dropout values of 0.15 and

above, structure-wise correlation drops notably, reducing the effectiveness of uncertainty esti-

mation at the volume level. Among the tested settings, dropout = 0.1 offers the best trade-off,

maintaining a reasonable correlation for both structure-wise and voxel-wise metrics. Within this

dropout setting, the use of 20 MC samples stands out as the most favorable, showing a consistent

improvement in uncertainty correlation compared to lower sample counts.

In terms of Dice performance, this configuration of dropout 0.1 and 20 MC samples leads to a

slight decrease compared to the baseline Dice, whereas using 15 samples yields a modest increase.

However, the performance drop at dropout 0.1 with 20 samples is minimal and deemed acceptable

given the stronger and more balanced uncertainty correlations achieved.

Therefore, the configuration of 20 MC samples with dropout 0.1 is adopted for the TPUS

model, as it offers a practical compromise between segmentation accuracy and uncertainty inter-

pretability.
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Figure 4.9 presents a visual summary of the results that underlie these correlation values for

the selected setting of dropout rate 0.1 and 20 MC samples. Figure 4.9a shows the structure-

wise relationship between segmentation accuracy and uncertainty, while Figure 4.9b illustrates

the voxel-level uncertainty–error alignment. Together, they highlight how uncertainty metrics

reflect segmentation quality under the chosen parameters. In this scenario, worse results were

expected compared to the CT results, based on the correlation curves analysed. Still, a negative

trend can be observed in the structure-wise analysis, indicating that higher uncertainty continues

to correlate with lower Dice scores. In the voxel-wise plot, the mean curve maintains an overall

ascending tendency, suggesting that uncertainty still reflects local error to some extent. However,

the histogram is noticeably noisier, the trend is less steep, and there is a broader spread of high

error rates at lower uncertainty values. This indicates a weaker but still present alignment between

uncertainty and segmentation error. It highlights that while uncertainty remains a useful indicator,

its reliability in identifying segmentation errors may diminish in lower-performing models.

(a) (b)

Figure 4.9: Uncertainty–performance relationships for the TPUS segmentation model using the
selected MC dropout configuration (dropout rate 0.1, 20 MC samples). (a) Structure-wise cor-
relation between Dice score and volume-normalized summed entropy. Each point represents a
volume and the red dashed line shows a linear regression fit. (b) Voxel-wise uncertainty–error
profile computed over boundary voxels. Voxels are grouped into uncertainty bins (x-axis), with
corresponding misclassification rates (y-axis). The red dashed line indicates the mean misclas-
sification rate across bins. The color scale reflects the occurrence across images, indicating how
many times each uncertainty–error pairing appears throughout the dataset.



Chapter 5

Leveraging Uncertainty on the Baseline
Model

This chapter presents the results of uncertainty quantification applied to the baseline segmentation

models and explores its practical utility through a series of targeted experiments1.

To provide a comprehensive analysis, both structure-wise and voxel-wise uncertainty metrics

are employed. These complementary perspectives allow for assessment of uncertainty at different

granularities, structure-level and voxel-level. The results are reported for both CT and TPUS

datasets.

By conducting these experiments on the baseline model, the aim is to gain a better understand-

ing of the strengths and limitations of uncertainty estimation methods before integrating them into

more advanced interactive models.

5.1 Leveraging Structure-wise Uncertainty Estimates

To evaluate the practical relevance of structure-wise uncertainty estimates, two analyses were

conducted, both based on the premise that these estimates can be used to prioritize cases for

manual review or further inspection in clinical workflows.

5.1.1 Experiments with simulated perfect corrections

In this experiments, the utility of structure-wise uncertainty for guiding manual review was as-

sessed by simulating a scenario in which images are progressively reviewed and corrected. Im-

ages were selected successively according to their structure-wise uncertainty, beginning with the

most uncertain. Each reviewed image was assumed to be perfectly corrected, and its Dice score

was consequently set to 1.0. At each step, the mean corrected Dice score across the dataset was

1Parts of the findings presented in this chapter were submitted as an abstract to the IUGA/EUGA Joint Meeting,
titled “Automated External Anal Sphincter Analysis: Leveraging AI Uncertainty for Future Clinical Adoption”, and
were selected as an Unmoderated E-poster Presentation.

52
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computed, enabling visualization of the expected performance improvement as a function of the

number of reviewed cases.

To contextualize the effectiveness of this uncertainty-driven selection, two reference strategies

were included:

• Random Selection: Images were reviewed in a random order. This simulation was repeated

50 times, and the mean trajectory was reported to provide a stochastic baseline.

• Ideal Dice-based Selection: An idealized scenario in which images are reviewed in ascend-

ing order of Dice score, corresponding to the actual worst-performing segmentations being

corrected first.

This analysis aims to determine whether structure-wise uncertainty provides a meaningful

criterion for prioritizing review and improving overall segmentation performance.

The results for CT data are shown in Figure 5.1a, while the corresponding results for TPUS

data appear in Figure 5.2a.

A complementary analysis was performed to assess how effectively structure-wise uncertainty

can identify low-quality segmentations. In this case, the percentage of poor segmentations re-

maining in the dataset was tracked as cases were reviewed successively according to the same

three previous strategies - uncertainty-based, random, and Dice-based.

Poor segmentations were defined as those with Dice scores below the inter-observer Dice, cho-

sen to reflect the expected variability between human annotators for each modality, considered a

marker for clinical acceptability. At each step, as more cases were assumed to be reviewed and cor-

rected, the proportion of poor segmentations was recalculated. The comparison between strategies

enables evaluation of the utility of uncertainty estimates in reducing the number of problematic

cases early in the review process.

The results of this experiment for CT data are shown in Figure 5.1b, while the corresponding

results for TPUS data appear in Figure 5.2b.

The results demonstrate that structure-wise uncertainty estimates are effective for guiding im-

age review and correction in CT data. As shown in Figure 5.1a, selecting images for review based

on uncertainty leads to a faster and more consistent improvement in mean Dice score compared

to random selection. While the idealized Dice-based selection strategy unsurprisingly achieves

the steepest performance gains, by correcting the worst segmentations first, the uncertainty-based

approach closely approximates this trajectory, particularly in the early stages of review. This sug-

gests that the structure-wise uncertainty metric serves as a strong proxy for segmentation quality,

which is a critical advantage in practice, given that the Dice score cannot be computed on un-

seen data. Complementary findings in Figure 5.1b further support this conclusion, revealing that

uncertainty-based selection is significantly more efficient at reducing the proportion of poor seg-

mentations than random review. Specifically, to reduce the percentage of poor segmentations in

the dataset to 5%, only 63 images need to be reviewed using the uncertainty-guided approach,

compared to approximately 142 images required with random selection. This corresponds to an

approximate 56% reduction in the number of reviews. These results underscore the potential of
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(a) (b)

Figure 5.1: Structure-wise uncertainty experiments results for CT data. (a) Mean Dice score
as a function of the number of reviewed CT images. (b) Percentage of poor segmentations not
yet reviewed as images are successively corrected, as well as the corresponding percentage in
the dataset. In both plots, the purple line represents uncertainty-based selection, the orange line
shows random selection (over 50 runs), and the green line represents the ideal Dice-based selection
strategy. The shaded region around the random selection curve denotes the standard deviation
across the 50 runs.

(a) (b)

Figure 5.2: Structure-wise uncertainty experiments results for TPUS data. (a) Mean Dice score
as a function of the number of reviewed TPUS images. (b) Percentage of poor segmentations
not yet reviewed as images are successively corrected, as well as the corresponding percentage
in the dataset. In both plots, the purple line represents uncertainty-based selection, the orange
line shows random selection (over 50 runs), and the green line represents the ideal Dice-based
selection strategy. The shaded region around the random selection curve denotes the standard
deviation across the 50 runs.

uncertainty-guided review strategies to improve segmentation quality more effectively and effi-

ciently.

The results for TPUS data, presented in Figure 5.2, also demonstrate that structure-wise uncer-

tainty estimates offer benefit for guiding image review. As seen in Figure 5.2a, uncertainty-based

selection yields a performance gain in the early stages of review, outperforming random selection

in terms of mean Dice score improvement. However, this advantage diminishes as more images

are corrected, and the trajectory begins to converge toward that of random selection. This suggests

that while uncertainty is useful for identifying the most problematic cases early on, its discrimina-

tive power becomes less effective once the most uncertain (and likely poorest) segmentations have
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been addressed.

As shown in Figure 5.2b, uncertainty-based selection demonstrates high initial effectiveness,

closely mirroring the performance of the Dice-based strategy and rapidly targeting poor segmen-

tations. This highlights the potential of uncertainty as a reliable indicator for prioritizing problem-

atic cases. Following this initial sharp decline, the curve exhibits a temporary plateau, indicating

a short period during which no additional poor segmentations are identified. However, it is impor-

tant to note that at this stage, the proportion of poor segmentations in the dataset has already been

reduced to approximately 4%. Despite this plateau, the uncertainty-guided approach ultimately

achieves the complete elimination of poor segmentations by the 19th reviewed image, outperform-

ing the random selection strategy, which displays slower and more variable progress. Furthermore,

to reduce the percentage of poor segmentations in the dataset to below 5%, only 6 images need to

be reviewed using uncertainty-based selection, compared to approximately 23 images with random

selection. This corresponds to a 74% reduction in the number of reviews.

It is important to note that these results for the TPUS are influenced by the much smaller

dataset used in the experiment experiment (only 29 images), which limits the robustness of the

comparison, especially for the random strategy, which exhibits high variance due to the small

sample size. This may partially explain the closer alignment between random and uncertainty-

based performance in later review stages.

Overall, these findings indicate that structure-wise uncertainty estimates are valuable for pri-

oritizing early review efforts in both CT and TPUS images.

5.1.2 Experiments on CT Dataset using observer variability

In the previous uncertainty-guided review experiments, segmentation corrections following man-

ual review were simulated by artificially setting the corrected Dice score to 1.0. While this ap-

proach helps measure an upper bound on potential improvement, it is inherently idealized and

unrealistic, since it assumes that a human reviewer will always perfectly correct the segmentation

to match the ground truth, which does not reflect actual clinical variability.

To simulate a more practical and clinically relevant review interaction under realistic annota-

tion variability in a medical workflow with human-in-the-loop corrections, the uncertainty-guided

review experiments were repeated on a subset of 30 volumes drawn from the CT test set. For

each of these volumes, two additional expert segmentations were available - one from a different

clinician and another from the same clinician who originally annotated the volume. This setup

allowed the computation of both inter-observer Dice scores, which measure agreement between

different experts, and intra-observer Dice scores, which quantify the consistency of a single ex-

pert across multiple annotations of the same image. The same experiment could not be performed

on the TPUS data, as additional segmentations from other clinicians were not available for the

corresponding test volumes.

The same experimental framework was applied in this approach, with one key modification.

Instead of assuming perfect correction (setting corrected images’ Dice scores to 1.0), the Dice

score of each corrected volume was replaced with either the inter-observer Dice or intra-observer
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Dice score for that volume, depending on the experimental condition. This simulates a more real-

istic outcome of manual review, reflecting the variability among clinicians rather than an idealized

perfect segmentation.

By using intra- and inter-observer Dice values instead, this setup reflects plausible upper and

lower bounds for performance gains in clinical workflows. The intra-observer case represents a

low-variance setting, where corrections are highly reliable and closely aligned with training data,

possibly because the model was trained on segmentations by the same expert, enhancing its com-

patibility. In contrast, the inter-observer setting models real-world conditions where corrections

may come from different clinicians with varying annotation styles. This simulates clinical work-

flows involving second opinions, crowdsourcing, or large-scale collaborative reviews.

In the intra-observer case (Figure 5.3a), where corrections mimic those made by the same

expert who created the original ground truth, the corrected mean Dice consistently increases

across all strategies, eventually approaching the intra-observer mean Dice of 95.35 ± 1.31%. The

uncertainty-based selection performs similarly to the ideal Dice-based strategy and clearly outper-

forms random selection, particularly in early steps. Interestingly, uncertainty-based selection even

slightly surpasses Dice-based selection in the initial phase, suggesting that images with lower Dice

may not always yield the most significant performance gains when corrected.

In contrast, when corrections are guided by inter-observer Dice scores (Figure 5.3b), the trend

is quite different. Here, corrections are based on segmentations from a different expert, and the

mean inter-observer Dice is lower at 92.45 ± 1.98%, even below the model’s baseline performance,

causing the corrected mean Dice to eventually decline, even in the Dice-based correction, as more

segmentations are replaced with more variable annotations, especially after the initial corrections.

At the beginning, both uncertainty-based and Dice-based selection strategies generally lead to an

increase in mean Dice and outperform random selection, reaching a peak around the correction of

9 images. This suggests that the most problematic predictions are being corrected early on. How-

ever, even in this initial phase, the improvement is not steady, the curves fluctuates, with occasional

decreases in performance, indicating that the variability introduced by inter-observer disagreement

leads to an unstable correction process. As corrections accumulate, the uncertainty-guided curve

later approaches the random selection curve, highlighting the difficulty of maintaining improve-

ment in the presence of annotation noise. It is also important to note that this decline is relative

to the original ground truth, as corrections made by a different expert are penalized when they

deviate from the initial annotations, even if clinically valid.

Overall, the results remain positive across both scenarios. As expected, the intra-observer

setting shows visually better and more stable improvements, reflecting the high agreement between

annotations made by the same clinician, who also annotated the ground truth. In contrast, the inter-

observer setting exhibits more irregular behavior and overall lower performance, as corrections are

based on annotations from a different clinician. Nonetheless, inter-observer Dice represents the

standard level of acceptable agreement between experts in clinical practice, and therefore serves

as a meaningful benchmark. Notably, uncertainty-based selection consistently shows promising

results in both settings, particularly in the early stages of correction, supporting its use as an
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(a) Intra-Observer Corrections (b) Inter-Observer Corrections

Figure 5.3: Results of structure-wise uncertainty-guided review on CT data, showing the evolution
of mean Dice score as a function of the number of corrected images. (a) Corrections modeled using
intra-observer Dice scores, reflecting consistent single-expert review. (b) Corrections modeled
using inter-observer Dice scores, simulating multi-expert variability. In both plots, the purple
line represents uncertainty-based selection, the orange line shows the mean of 50 runs of random
selection (with shaded area indicating standard deviation), and the green line corresponds to the
ideal Dice-based oracle selection. The red dashed line shows the original (uncorrected) mean Dice
score, while the blue and cyan dashed lines indicate intra- and inter-observer mean Dice scores,
respectively.

effective strategy for prioritizing review and improving segmentation reliability in practice, while

also emphasizing the need to account for annotation variability when designing and evaluating

correction pipelines.

5.2 Leveraging Voxel-wise Uncertainty Estimates

As described in Section 3.5.2.1, a two-step filtering pipeline was applied to the voxel-wise un-

certainty maps to enhance the identification of potential segmentation errors. This process is

visually summarized in Figure 5.4 for the CT data and in Figure 5.5 for the TPUS data. Each

figure presents two representative examples, helping to clarify the motivation behind each step by

enabling a clearer comparison of how uncertainty is progressively refined throughout the pipeline.

From these figures, it is evident that the initial raw uncertainty maps exhibit widespread noise

across the volume, with noticeably higher concentrations of uncertainty around the segmentation

boundaries. This pattern, consistently observed across samples, supports the focus on boundary

voxels as indicators of potential segmentation errors, since uncertainty tends to be naturally higher

and more informative in these regions.

Although focusing on boundary voxels effectively reduces the search space, variability within

these regions remains high. As shown in the figures, many boundary voxels display elevated

uncertainty, but not all of them correspond to actual segmentation errors.
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Figure 5.4: Visualization of the uncertainty refinement process for two CT segmentation examples
(top and bottom rows). Each row shows: (1) the original image; (2) ground truth (green) and
predicted (red) segmentation boundaries; (3) raw voxel-wise uncertainty map; (4) uncertainty map
after applying a 3×3×3 uniform averaging filter, reducing noise and emphasizing coherent uncer-
tain regions; and (5) final uncertainty map after radial filtering applied only to boundary voxels,
suppressing non-boundary uncertainty and enhancing alignment with actual missegmentation ar-
eas. The final map serves as input for the correction-guided experiments.

The application of the uniform filter, visible in the fourth panel of each figure, reduces this

variability by suppressing isolated high-uncertainty voxels and highlighting broader, more coher-

ent regions. This improves visual interpretability and better emphasizes zones likely to correspond

to true segmentation ambiguities. However, the uncertainty still tends to spread across surface

voxels.

Another key insight from this fitered map was that missegmented regions tended to manifest as

broader or thicker zones of high uncertainty after filtering, compared to general thin, well-defined

boundaries in correctly segmented areas. To address this, the radial filtering step, shown in the

final panel, further refines the signal by smoothing uncertainty along directions orthogonal to the

boundary. This approach aligns with the typical manifestation of over- and under-segmentation

and helps emphasize thicker, uncertain zones that are more likely to represent missegmented areas.

Radial filtering involved defining a direction from the CoM to each boundary point and computing

an average uncertainty from the boundary point and six neighboring points along this direction,

which was then assigned to the boundary voxel. A schematic of this method is shown in Figure 5.6,

illustrating the radial filtering process.

By comparing the final uncertainty maps with the ground truth and initial segmentation differ-

ences, it becomes clear that the refined maps localize problematic regions more accurately. They

suppress spurious noise and highlight coherent areas of interest, forming a more reliable basis for

the correction-guided strategies discussed in the remainder of this chapter.
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Figure 5.5: Visualization of the uncertainty refinement process for two TPUS segmentation exam-
ples (top and bottom rows). Each row shows: (1) the original image; (2) ground truth (green) and
predicted (red) segmentation boundaries; (3) raw voxel-wise uncertainty map; (4) uncertainty map
after applying a 3×3×3 uniform averaging filter, reducing noise and emphasizing coherent uncer-
tain regions; and (5) final uncertainty map after radial filtering applied only to boundary voxels,
suppressing non-boundary uncertainty and enhancing alignment with actual missegmentation ar-
eas. The final map serves as input for the correction-guided experiments.

Notably, in the first example of Figure 5.4, the regions of high uncertainty appear very promi-

nent and distinctly highlighted, whereas in the second example of the same figure the highlighting

is more subtle, though still noticeable. This variation reflects the natural differences in segmen-

tation difficulty and prediction behavior across cases — some segmentations exhibit more pro-

nounced uncertainty patterns, while others are more borderline or ambiguous. The filtering scheme

was intentionally designed to be robust to such variability, ensuring that it can consistently provide

meaningful and usable uncertainty information, even in cases where uncertainty patterns are less

pronounced.

5.2.1 Patch Correction Experiments

Building upon the voxel-wise uncertainty maps introduced in the previous section, experiments

were designed with the goal of evaluating the practical applicability of these maps in guiding

corrective actions. The objective was to explore whether areas identified as highly uncertain could

effectively indicate regions in need of correction.

To this end, a simplified correction simulation was designed. No interactive tool or model

was involved at this stage, as this experiment was purely exploratory and aimed at evaluating the

potential of uncertainty-driven correction without introducing human or algorithmic bias.

In practice, patches were defined around voxels exhibiting the highest uncertainty. Within

each of these identified regions, the corresponding predicted segmentation was substituted with
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Figure 5.6: Illustration of radial entropy smoothing applied to a 3D entropy map. The image
shows a 2D slice through the CoM of the segmented structure. The green dot marks the center of
mass, the blue dot indicates one example boundary voxel, and the white dashed line represents the
radial direction from the center to this boundary point. Red dots denote the sampled points along
this radial line, used to compute a local average. The left panel provides a zoomed-in view of the
boxed region in the main image. This figure illustrates the process for a single boundary voxel,
but the smoothing is applied to all boundary voxels across the segmentation.

the ground truth label. This process, referred to as patch correction, was applied systematically to

simulate the effect of addressing uncertainty-highlighted regions.

It is important to note that this approach has inherent limitations. Most notably, the cor-

rections were not informed by human interaction knowledge and patch-level corrections applied

independently across the volume may not preserve the anatomical coherence or structural conti-

nuity required for realistic segmentation. While individual patches may be corrected accurately in

isolation, their collective integration into the full volume can result in fragmented or biologically

implausible forms.

Despite these limitations, this method served as an initial approximation to assess whether

uncertainty estimates could meaningfully guide localized corrections. The insights gained here

lay the groundwork for methods that integrate uncertainty with more sophisticated, context-aware

correction mechanisms.

The first experiment within this framework followed a structured methodology. Starting from

the filtered uncertainty maps, the most uncertain boundary point in each image was identified. At

that location, the radial distance to the ground truth boundary was computed, and a cubic patch

was defined with dimensions twice that distance, ensuring sufficient coverage of the surround-

ing context. The ground truth segmentation was then inserted into the patch region, simulating a

targeted correction. This process was repeated iteratively. After each correction, the next most un-

certain point was selected, subject to a constraint that ensured it did not fall within any previously

corrected patch. While some overlap between patches was allowed, this constraint guaranteed that
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newly selected points had not already been addressed. Through this method, corrections were sim-

ulated incrementally, with each image receiving a fixed number of corrections per iteration (e.g.,

one correction per image, two corrections per image, and so on). At each stage, the mean Dice

score was computed across the dataset, enabling a quantitative analysis of performance improve-

ment as a function of the number of corrections.

Figure 5.7 provides an example from the CT dataset, illustrating the selection of the most

uncertain point on the uncertainty map, the creation of a correction patch based on the radial

distance to the ground truth boundary, and the insertion of the ground truth segmentation within

that patch.

Figure 5.7: Example from the CT dataset illustrating the correction process. (Left) Uncertainty
map with the most uncertain boundary point marked in red. (Middle) Current segmentation over-
laid with the ground truth boundary in green. The most uncertain point is highlighted in red, and
the yellow square shows the 2D slice of the cubic patch centered on that point used for correction.
(Right) Updated segmentation after pasting the ground truth within the patch, simulating the tar-
geted correction.

To assess the effectiveness of uncertainty-driven correction, this approach was compared against

two alternative baselines:

• Random Patch Selection: Points were randomly selected as patch centers, while maintaining

the same patch size definition and non-overlapping constraint. This baseline provided a

reference for measuring whether uncertainty-based selection offered an actual advantage

over unstructured correction.

• Max-Distance Patch Selection: Points with the greatest radial distance from the predicted

boundary to the ground truth were selected as correction centers, reflecting the best-case

selection strategy within this framework.

While any correction using ground truth data will naturally enhance the Dice score, the focus

here was on the relative efficiency and prioritization capabilities of uncertainty estimates.

Figure 5.8 presents the results of this first experiment for the CT and TPUS segmentation

models. The plots compare the mean Dice score as a function of the number of simulated correc-

tions, using the three selection strategies - uncertainty-based, random, and distance-based. While
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all methods show performance improvements with increasing corrections, the distance-based ap-

proach leads to the most rapid gains, followed by uncertainty-guided and random selection.

(a) Results for the CT model (b) Results for the TPUS model

Figure 5.8: Mean Dice score progression as a function of the number of simulated patch correc-
tions. Three voxel selection strategies are compared: uncertainty-based, random, and distance-
based. At each correction step, all images receive the same number of patch corrections. The
shaded regions represent ±1 standard deviation across the dataset.

In both cases, a clear separation can be observed between the uncertainty-guided and random

correction curves. Although the improvement offered by uncertainty guidance is noticeable, it

remains relatively modest and not strongly differentiated from the random baseline. In contrast,

the curve corresponding to the distance-based correction approach consistently shows significantly

higher Dice scores across all correction levels. This outcome aligns with expectations to some

extent, as the distance-based strategy is designed to favor large, high-impact corrections. By

always selecting the point with the greatest radial deviation from the ground truth boundary, this

method ensures that the correction patch is centered over the most severe segmentation error. Since

the patch size is determined as twice the measured distance at that point, the patches used in this

strategy are, by definition, the largest possible corrections in this experiment at each step. As a

result, the patches are more likely to cover entire missegmented regions in fewer steps.

For the uncertainty-guided approach, the observed improvements over random selection sug-

gest that uncertainty is indeed informative. The improvement offered by uncertainty guidance,

while modest, is still a meaningful indicator of its effectiveness compared to the random baseline.

However, the gains are comparatively limited and the gap to the upper-bound curve is substantial,

which may be attributed to two key limitations. First, regions of high uncertainty may occasionally

not correspond precisely to regions of segmentation error, meaning that some corrections may be

wasted on areas that are not truly missegmented, yielding little to no improvement. Second, even

when uncertain regions do overlap with errors, the specific voxel selected as most uncertain may

not lie at the point of greatest deviation from the ground truth. As a result, the corresponding patch

may be too small to correct the full extent of the error, leading to the need for multiple successive

corrections to resolve a single missegmented area.
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Overall, the patch size definition used in this initial experiment, based on boundary distance,

was a logical way to tie correction size to the severity of local error, but it does not fully reflect

how a human expert would respond. In a real-world scenario, if a clinician were informed that a

particular voxel was uncertain, they would not limit their correction to that voxel alone or to a nar-

row neighborhood determined by a distance metric. Instead, they would likely assess the broader

context around the uncertain point and manually correct the entire missegmented region in one

step. Thus, restricting the correction size purely based on local boundary distance underestimates

the scope of real clinical interventions. This mismatch between patch size and the actual extent

of the error is illustrated in Figure 5.7, where the missegmented region is detected but not fully

corrected, making the process less efficient and more fragmented. In contrast, a human expert,

when presented with the same uncertain point, would likely inspect the broader context around it

and proceed to correct the entire missegmented region in a single step.

To better approximate this behavior, an additional constraint was introduced into the patch size

definition - a minimum patch size based on the typical size of the segmented structure. Given that

both target anatomies in this work are approximately spherical, the structure’s average radius was

estimated by first computing its CoM, then measuring the radial extent in multiple directions, and

finally averaging these values. This adaptive minimum radius was then used as a lower bound for

patch size. Specifically, for each uncertain point, the radial distance to the ground truth boundary

was still computed, but if twice that distance fell below the structure’s estimated radius, the radius

value was used instead. This adjustment ensured that correction patches would be large enough

to reflect the kind of region-wide correction a clinician would make in response to uncertainty,

while maintaining adaptiveness to anatomical scale. It also avoided overly aggressive corrections

in small structures that could result from using a fixed global minimum patch size.

Figure 5.9 illustrates this concept using the same volume from Figure 5.7, but showing both

the patch defined by twice the distance to the ground truth boundary and the larger patch defined

by the estimated radius. In this case, since the radius-based patch is larger, it is selected over the

distance-based patch for simulating the correction in the pipeline. As demonstrated in the refined

segmentation, this approach allows correction of the entire region associated with the missegmen-

tation identified by the uncertain point, better reflecting a clinician’s region-wide correction.

The results of this refined experiment, incorporating the adaptive minimum patch size con-

straint, are presented in Figure 5.10 for both the CT and TPUS datasets, following the same format

as the previous set of results.

The results demonstrate a clear and consistent improvement across all three voxel selection

strategies, for the two applications, when an adaptive minimum patch size is incorporated into the

correction process, as this modification, which ensures patches are not smaller than the estimated

radius of the target anatomy, leads to more substantial corrections. This is evident from the steeper

improvement in Dice scores across the correction range for all methods, reflecting the greater

impact of each correction.

Most notably, the uncertainty-guided strategy shows a significant improvement compared with

the previous experiment, with its curve now closely tracking the distance-based (ideal) curve, es-
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Figure 5.9: Example from the CT dataset illustrating the adaptive patch size correction. (Left) Un-
certainty map with the most uncertain boundary point marked in red. (Middle) Current segmenta-
tion overlaid with the ground truth boundary in green. The most uncertain point is highlighted in
red. Two patches are shown: the yellow square represents the patch defined by twice the distance
to the ground truth boundary, and the blue square indicates the patch based on the estimated av-
erage radius of the structure. Since the blue patch is bigger, it is used for the correction. (Right)
Updated segmentation after pasting the ground truth within the radius-based patch, simulating the
targeted correction.

pecially as the number of corrections increases. This is a particularly encouraging result, as it

demonstrates that uncertainty estimates are highly informative and can effectively approximate

optimal correction strategies, even in the absence of direct ground truth knowledge. In the CT

dataset (Figure 5.10a), for instance, both uncertainty and distance-based methods converge to

nearly perfect Dice scores after approximately 16 corrections per volume, with minimal stan-

dard deviation, indicating robust and consistent performance. For the TPUS (Figure 5.10b), the

uncertainty-guided curve also converges to the distance-based curve, with Dice scores improving

markedly and approaching values close to one, while a reduction in standard deviation is also

observed throughout the correction steps. Although the final Dice score and variability are not

as optimal as in the CT case, reflecting the lower baseline performance of the TPUS model, the

overall trend remains consistent, highlighting the effectiveness of guided correction even in more

challenging scenarios.

In contrast, the random strategy, while also benefiting from the larger patch sizes and showing

a significant improvement compared to the previous experiment, remains clearly inferior to the

other curves. Additionally, it exhibits a noticeably higher standard deviation throughout the cor-

rection process, especially in later correction stages. This increased variability reflects less reliable

performance and underlines the importance of guided correction, and the effectiveness of uncer-

tainty as a prioritization signal. While the adaptive patch size might be considered aggressive,

given the significant correction impact even for random selection, it was applied uniformly across

all strategies, preserving the fairness of the comparison.

Overall, these findings reinforce the utility of voxel-wise uncertainty estimates as a guidance

mechanism for interactive segmentation refinement, offering better generalization and stability

than unguided approaches.
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(a) Results for the CT model. (b) Results for the TPUS model.

Figure 5.10: Mean Dice score progression as a function of the number of simulated correc-
tions across two segmentation models using an adaptive minimum patch size. (a) Results for
the CT model. (b) Results for the TPUS model. Three voxel selection strategies are compared:
uncertainty-based, random, and distance-based. At each correction step, all images receive the
same number of patch corrections. The shaded regions represent ±1 standard deviation across the
dataset.

5.3 Integrated Use of Structure-wise and Voxel-wise Uncertainty Es-
timates

Building upon the previous experiments, this section explores a hybrid approach that integrates

both structure-wise and voxel-wise uncertainty estimates to guide correction strategies more ef-

fectively. While the earlier structure-wise analysis used per-image uncertainty scores to rank and

select the most uncertain segmentations for review, each selected image was treated as a whole,

implicitly assuming that the entire structure required correction, without any spatial guidance re-

garding which regions were actually problematic. In contrast, the voxel-wise correction frame-

work introduced spatial specificity by identifying and correcting small patches around the most

uncertain voxels. However, it lacked image-level prioritization, as all images in the dataset were

treated equally, receiving the same number of patch corrections at each step, regardless of their

overall segmentation quality or need for correction.

The first experiment within this combined framework followed a sequential, uncertainty-

driven correction strategy. The process was as follows:

1. All images in the dataset were ranked based on their structure-wise uncertainty scores. This

ranking provided a global prioritization of the most uncertain segmentations.

2. At each iteration, the image with the highest current structure-wise uncertainty was selected.

3. Within the selected image, the most uncertain voxel was identified based on the voxel-wise

uncertainty map. A patch correction was then simulated, centered on this voxel. As in the

previous experiment, the patch size was set to the maximum of twice the radial distance
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from the predicted boundary to the ground truth boundary at that voxel, and the estimated

radius of the segmented structure.

4. After inserting the patch:

• The entropy values within the corrected patch were set to zero, assuming those voxels

were now confidently correct.

• The corresponding portion of the predicted segmentation within the patch was ex-

cluded from the volume normalization term.

• The updated structure-wise uncertainty was recomputed by summing the remaining

entropy and normalizing by the remaining volume. This dynamic updating step aimed

to reflect the reduction in uncertainty caused by each correction

5. This updated uncertainty enabled re-prioritization of images. The process then proceeded

iteratively: at each step, the image with the highest structure-wise uncertainty was selected,

whether an uncorrected image or one already partially corrected, and a new patch was ap-

plied to its most uncertain region.

In Figure 5.11 and Figure 5.12 the proposed hybrid strategy, which combines structure-wise

and voxel-wise uncertainty, is compared with the previous method that relies solely on voxel-wise

uncertainty for patch corrections, applied to the CT and TPUS datasets, respectively.

(a) (b)

Figure 5.11: Comparison for the CT dataset between correction strategies using voxel-wise uncer-
tainty alone and a hybrid strategy combining voxel- and structure-wise uncertainty. The bottom
x-axis shows the total number of cumulative corrections applied. The top x-axis maps this total
to the number of corrections per image in the voxel-wise-only strategy (since all images are cor-
rected at each step in that method). This dual-axis design enables a fair comparison by aligning
both curves according to the same total correction effort. (a) Evolution of mean Dice score (solid
lines) as a function of the total number of patch corrections applied across the dataset. The shaded
areas represent the full range (min to max) of Dice scores across all images. (b) Evolution of
the percentage of poor segmentations (i.e., with Dice bellow the inter-observer Dice score) as a
function of the total number of patch corrections applied across the dataset.

The key distinction between the two strategies lies in how images are selected for correction

- in the voxel-wise-only approach, every image in the dataset receives a patch correction at each
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iteration, since there is no prioritization across images. In contrast, the hybrid approach selects

and corrects only one image per iteration, based on the current structure-wise uncertainty ranking.

As a result, the first step in the voxel-wise-only strategy applies as many corrections as there are

images in the dataset, while the hybrid method applies just one correction per step. This alignment

is critical for fair comparison between the two strategies.

From Figure 5.11a, it is possible to observe that for the CT dataset both methods achieve

similar trends in mean Dice score, with the hybrid approach performing slightly better overall.

However, a notable difference is seen in the minimum Dice score - with the hybrid method,

the minimum Dice increases much more rapidly in the early stages, indicating that the worst-

performing segmentations are being corrected earlier. In contrast, the voxel-wise-only approach

requires significantly more corrections to reach the same improvement in the minimum Dice score.

For the TPUS dataset, as shown in Figure 5.12a, the hybrid approach clearly outperforms the

voxel-wise-only strategy during the initial phase (up to around 100 corrections). In this early stage,

both the mean and minimum Dice scores improve more rapidly, indicating effective prioritization

of problematic segmentations. However, as the number of corrections increases, the advantage

of the hybrid approach diminishes and eventually both strategies converge to similar performance

levels. One possible reason for this behavior is that the CT dataset has many more images (29

in TPUS vs. 189 in CT) and receives more total corrections, so the impact of prioritization lasts

longer and has a bigger effect overall.

(a) (b)

Figure 5.12: Comparison for the TPUS dataset between correction strategies using voxel-wise
uncertainty alone and a hybrid strategy combining voxel- and structure-wise uncertainty. The
bottom x-axis shows the total number of cumulative corrections applied. The top x-axis maps this
total to the number of corrections per image in the voxel-wise-only strategy (since all images are
corrected at each step in that method). This dual-axis design enables a fair comparison by aligning
both curves according to the same total correction effort. (a) Evolution of mean Dice score (solid
lines) as a function of the total number of patch corrections applied across the dataset. The shaded
areas represent the full range (min to max) of Dice scores across all images. (b) Evolution of
the percentage of poor segmentations (i.e., with Dice bellow the inter-observer Dice score) as a
function of the total number of patch corrections applied across the dataset.

This advantage is further reflected in the percentage of poor segmentations. Figure 5.11b

shows that, at every correction step for the CT dataset, the hybrid approach results in a lower
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percentage of poor segmentations compared to the voxel-wise-only method. This difference is

particularly pronounced in the early stages, where the hybrid strategy rapidly eliminates many of

the worst-performing cases. Notably, the hybrid approach brings the percentage of poor segmen-

tations down to 0% after only 1000 corrections, while the voxel-wise-only method requires more

than twice as many corrections (2457) to achieve the same outcome. In Figure 5.12b, an improve-

ment achieved by the hybrid method on the TPUS dataset is also evident, which is particularly

pronounced during the early stages, as was already expected from the previous analysis.

To further understand how these improvements are distributed across the segmentations, Fig-

ure 5.13 breaks down the evolution of the mean Dice score separately for images that were initially

poor and good, for both strategies and datasets. As before, this classification is based on a thresh-

old derived from the inter-observer Dice score.

(a) Results for the CT model. (b) Results for the TPUS model.

Figure 5.13: Evolution of the mean Dice score for images that were initially poor (below inter-
observer Dice, shown in red) and good (above inter-observer Dice, shown in green), under the
two correction strategies. Solid lines represent the proposed hybrid approach, while dashed lines
correspond to the voxel-wise-only baseline.

For the CT dataset (Figure 5.13a), the hybrid approach leads to a markedly higher improve-

ment in the Dice score of poor segmentations, particularly in the early correction steps. This is

reflected in the steep initial rise of the curve, clearly outperforming the voxel-wise-only strategy.

In contrast, for the initially good segmentations, the hybrid strategy shows a slower and more

modest improvement compared to the voxel-wise-only method in the early stages. This behavior

aligns with the strategy’s prioritization mechanism - the hybrid method focuses first on the worst-

performing cases, resulting in rapid gains for poor segmentations while initially applying fewer

corrections to already well-performing ones.

For the TPUS dataset (Figure 5.13b), a similar trend is observed initially. The hybrid method

shows a clear advantage in improving poor segmentations during the early correction stages. How-

ever, after approximately 150 corrections, the performance on poor segmentations plateaus and

eventually falls behind that of the voxel-wise-only approach. At the same point, the hybrid method
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begins to outperform voxel-wise-only in the group of good segmentations. This turning point sug-

gests that the most uncertain and poorly performing cases have already been addressed, and the

hybrid method begins allocating corrections to images that were initially well-segmented but still

contained residual uncertainty. As a result, the advantage in correcting poor segmentations di-

minishes, while the benefit shifts toward refining good ones. In contrast, the voxel-wise-only

strategy, by applying corrections uniformly across all images, continues to improve both groups

more steadily over time.



Chapter 6

Interactive Model Results

This chapter presents the implementation and evaluation of the BISNet model, previously intro-

duced in Section 3.3. BISNet was designed to be applied independently to both datasets under

study, with separate training for each. However, it was only successfully implemented and eval-

uated for the TPUS dataset. The challenges that prevented its application to the CT dataset are

discussed later in this chapter.

For the TPUS dataset, this chapter presents the model’s performance in automatic mode and

describes the tuning process for uncertainty estimation, addressing both structure-wise and voxel-

wise outputs.

6.1 BISNet Application on the TPUS Dataset

6.1.1 Segmentation Performance

Table 6.1 presents the mean Dice score and ASSD of the automatic segmentation produced by

BISNet, as well as the corresponding ∆GD value obtained through simulated interaction, using

the same simulation strategy employed during training.

For comparison, the table also includes the Dice and ASSD metrics obtained from the baseline

model.

Table 6.1: Automatic segmentation performance of BISNet compared to the baseline model on
the TPUS dataset.

Model Dice Score (%) ASSD (mm) ∆ GD (%)
Baseline 72.85 ± 13.86 2.28 ± 1.05 —
BISNet 70.81 ± 12.53 2.47 ± 1.06 77.63 ± 3.24

The results show a slight decrease in Dice score and an increase in ASSD for the BISNet model

compared to the baseline, indicating a reduction in the quality of the initial automatic segmenta-

tion. However, this drop in performance is within the range reported in related work involving

BISNet, where the model prioritizes a balance between interactive responsiveness and perfor-

mance over fully optimized initial predictions [112]. Importantly, the value of ∆GD demonstrates
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responsiveness to boundary clicks, suggesting that BISNet effectively corrects segmentation er-

rors when user guidance is provided. This supports its suitability for interactive medical image

segmentation scenarios where refinement based on expert input is expected. The interactive seg-

mentation process performed by BISNet is illustrated in Figure 6.1.

(a) Initial automatic segmentation (b) User-provided boundary clicks (c) Refined segmentation

Figure 6.1: Exemplification of the BISNet interactive segmentation process on a single case. The
model first generates an automatic segmentation (a), which is then refined (c) based on user-
provided boundary click (b).

6.1.2 Tuning of Uncertainty Estimation Parameters

As with the baseline model, a tuning process was conducted for the interactive model to identify

an appropriate configuration of dropout rate and number of MC samples for uncertainty estima-

tion, analysing their influence on both segmentation performance (Figure 6.2) and the correlation

between uncertainty and segmentation quality (Figure 6.3).

Figure 6.2: Variation in Dice score across different MC dropout rates and numbers of MC samples
using the BISNet on TPUS data.

Among the tested configurations, a dropout rate of 0.1 and 15 MC samples was selected. While

this setting results in a slight decrease in mean Dice score compared to the baseline model, the re-

duction is considered acceptable in light of the improved uncertainty estimation. Specifically,
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Figure 6.3: Correlation between uncertainty and segmentation error across different MC dropout
rates and numbers of MC samples using the BISNet in TPUS data. Each curve shows how the
Spearman correlation varies with uncertainty estimation settings, capturing the relationship be-
tween predicted uncertainty and actual segmentation error at the structure and voxel levels.

this configuration yields consistent Spearman correlations between entropy-based uncertainty es-

timates and segmentation performance, most notably for voxel-wise boundary and structure-wise

volume-normalized measures. Consistent with findings from the baseline model tuning, raw en-

tropy and surface area-normalized metrics yielded weak and unstable correlations with segmen-

tation quality, highlighting volume-normalized entropy as a more robust and informative global

uncertainty metric. Although using 20 MC samples with the same dropout rate of 0.1 produced

stronger correlations, the associated drop in Dice score was more pronounced.

Compared to a lower dropout rate (e.g., 0.05), which exhibits slightly higher Dice scores but

weaker uncertainty correlations, and higher dropout rates (e.g., 0.15 and 0.2), which result in de-

creased segmentation performance and less stable uncertainty estimates, the chosen configuration

offers a favorable balance between predictive accuracy, uncertainty informativeness, and compu-

tational cost.

Figure 6.4 provides a visual summary of the outcomes obtained for a dropout rate of 0.1 and 15

MC samples. Figure 6.4a depicts the structure-wise relationship between segmentation accuracy

and predictive uncertainty, while Figure 6.4b illustrates the alignment between uncertainty and

segmentation error at the voxel level. Collectively, these figures demonstrate the extent to which

uncertainty estimates capture segmentation quality under the specified experimental conditions.
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The observed patterns closely mirror those of the baseline model, indicating that the overall

behavior of uncertainty remains consistent within this framework. Specifically, the structure-wise

analysis reveals a negative correlation, whereby increased uncertainty is associated with reduced

Dice scores. At the voxel level, although the histogram some noise, the mean trend nonetheless

displays an overall increasing trajectory. This suggests that voxel-wise uncertainty retains a degree

of alignment with local segmentation errors.

(a) (b)

Figure 6.4: Uncertainty–performance relationships for the BISNet using the selected MC dropout
configuration (dropout rate 0.1, 15 MC samples). (a) Structure-wise correlation between Dice
score and volume-normalized summed entropy. Each point represents a volume and the red dashed
line shows a linear regression fit. (b) Voxel-wise uncertainty–error profile computed over boundary
voxels. Voxels are grouped into uncertainty bins (x-axis), with corresponding misclassification
rates (y-axis). The red dashed line indicates the mean misclassification rate across bins. The color
scale reflects the occurrence across images, indicating how many times each uncertainty–error
pairing appears throughout the dataset.

6.2 BISNet Application on the CT Dataset

The BISNet model was also explored for application to the CT dataset.

It is important to note that BISNet was initially developed for the TPUS application. Although

it was expected that BISNet could be adapted to different imaging modalities and segmentation

tasks, its application to the CT dataset was not successful. Specifically, the model failed to respond

effectively to interactive guidance during training and inference.

This lack of responsiveness may be mainly due to the loss function dynamics. The model op-

timizes a combined loss consisting of a global Dice and Cross-Entropy term and a Weighted Dice

and Cross-entropy term focused around boundary clicks. The global loss covers the entire image

and typically dominates the training signal because the CT baseline model already achieves a very

high initial segmentation accuracy (mean Dice score of 93.54%). Consequently, the weighted loss

component, which only influences a small region near the clicks, produces comparatively small
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gradients and fails to significantly influence model updates. As a result, the model tends to rely

heavily on the initial automatic segmentation and ignores the guidance from user clicks.

Several adjustments were attempted to address this issue:

• Increasing the weight of the guidance-specific loss component to 1.5, in order to strengthen

the influence of user-provided guidance during learning.

• Disabling dropout on the guidance signal to ensure that the guidance input was always

applied during training.

• Increasing the λ parameter in Equation 3.6. A higher λ places more emphasis on sam-

pling points from areas with higher segmentation error. The objective was to increase the

likelihood that guidance points fall near problematic regions.

Despite these efforts, no configuration was able to achieve a ∆GD greater than 1% on the

validation set, indicating the model remained largely unresponsive to interactive clicks.

This lack of responsiveness can be mainly explained by the reasons outlined above. This

outcome suggests that further refinement may be needed to better balance the learning signal in

cases where the model generalizes well or converges quickly. As currently designed, BISNet

appears to be more suitable for use cases where multiple rounds of interaction are required to

achieve a satisfactory initial segmentation—allowing the model to become more aware of both the

segmentation uncertainty and the corrective input provided through user interaction. Therefore,

the application of BISNet to the CT dataset was not possible within the scope of this work.



Chapter 7

Integration of Uncertainty into an
Interactive Segmentation Framework

This chapter explores the integration of uncertainty estimation into an interactive segmentation

framework, extending the previous analyses performed on automatic, non-interactive models.

For the TPUS dataset, experiments were conducted using the BISNet. A clinical experiment

was performed to assess the behavior of the model during user-guided corrections, and the impact

of integrating structure-wise uncertainty into the interactive process was also evaluated.

Regarding the CT dataset, BISNet could not be successfully implemented. As a result, this

dataset is not further addressed in the present chapter.

7.1 Clinical Experiment

A clinical experiment was conducted on the TPUS dataset in collaboration with a clinician. The

BISNet model was integrated into the 3D Slicer software, enabling interactive segmentation through

manual input in the form of boundary clicks. This setup allowed the clinician to test the network

in a realistic setting by iteratively reviewing segmentations and providing corrections.

A total of 20 volumes were used in this experiment. For each case, the initial automatic

segmentation produced by the model was presented to the user, who was able to navigate through

the image in axial, sagittal, and coronal planes and add any number of corrective clicks. This

setup enabled the assessment of the practical functionality of the interactive framework and its

responsiveness to user input.

In addition to evaluating the interactive framework itself, the experiment was extended to

incorporate structure-wise uncertainty. After the clinician completed the corrections, both the

initial and final Dice scores were recorded for each volume. These values were then used to

simulate different correction orderings across the dataset - by ascending initial Dice score (worst-

performing segmentations corrected first), by descending global uncertainty (prioritizing the most

uncertain cases), and at random. In these simulations, a correction was modeled by replacing the

initial Dice with the improved Dice value obtained from the clinical session. The evolution of
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the overall segmentation performance across the dataset was then analyzed under each correction

strategy. The goal of this analysis was to assess whether prioritizing corrections based on initial

uncertainty could lead to more efficient improvements in overall segmentation quality.

Figure 7.1: Evolution of the mean Dice score across different correction strategies as a function
of the number of updates applied. The curves compare uncertainty-based ordering (blue), Dice-
based ordering (green), and random ordering averaged over 50 runs (orange). The shaded region
represents ±1 standard deviation for the random baseline.

The results of the clinical experiment are shown in Figure 7.1 and indicate that an informed,

prioritized ordering of clinician corrections substantially accelerates the enhancement of segmen-

tation quality compared to a random correction sequence. Notably, if the review process were

to be halted at any intermediate stage, employing uncertainty-based prioritization would yield a

higher Dice score at that point than would be achieved through random ordering. As illustrated in

the figure, both uncertainty-guided and Dice-based correction strategies significantly outperform

the random baseline. Moreover, uncertainty-based ranking demonstrates performance comparable

to, and occasionally exceeding, the idealized Dice-based ordering.

These findings underscore the practical value of structure-wise uncertainty as an effective met-

ric for identifying error-prone segmentations in the absence of ground truth annotations. This

enables more efficient and targeted allocation of expert correction efforts, thereby optimizing clin-

ical workflows. By the twentieth correction iteration, all strategies converge to a similar final

Dice score, confirming that their ultimate segmentation accuracy is equivalent. However, the ef-

ficiency gains associated with uncertainty-based ranking—requiring fewer corrective interactions

to achieve a given performance threshold—highlight its potential clinical utility in reducing expert

burden while maintaining segmentation quality.

Although voxel-wise uncertainty was not utilized to guide user interactions during the clinical

experiment, a post hoc analysis was performed to examine its relationship with the corrections

provided by the clinician. For each of the 20 volumes, both the initial segmentation (produced

automatically by the model) and the final segmentation (after user correction) were available,

enabling a direct voxel-level comparison.
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The analysis concentrated on the boundary voxels of the initial segmentation. For each of

these voxels, the minimum Euclidean distance to the nearest boundary voxel in the corrected

segmentation was computed. This distance served as a proxy for the magnitude of correction

applied to a given voxel - smaller distances indicated minor or no changes, while larger distances

reflected regions where the segmentation underwent more substantial modification.

To investigate whether voxel-wise uncertainty was predictive of correction magnitude, the en-

tropy values at the initial boundary voxels were compared against the computed distances. Among

voxels with non-zero displacement, the mean displacement distance was calculated to estimate the

average magnitude of correction and serve as a threshold separating voxels into two groups: (i)

those with displacement values below the mean, and (ii) those with values above the mean.

A statistical analysis was conducted to compare the entropy values between the two groups

using Student’s t-test. The test yielded a p-value of 1.23×10−299, indicating a highly significant

statistical difference. This result suggests that voxels requiring larger corrections tend to exhibit

higher uncertainty. These findings support the potential utility of voxel-wise entropy as an indi-

cator of segmentation error. The distribution of entropy values for the two groups is illustrated

in Figure 7.2 using a violin plot, which visually highlights the clear separation between corrected

regions with low and high displacement.

Figure 7.2: Distribution of voxel-wise entropy values for boundary voxels with displacement
above and bellow the mean correction distance.
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Conclusion

This dissertation set out to investigate the role of uncertainty in 3D medical image segmentation,

with the goal of improving both the efficiency of user interaction and the overall reliability of AI-

assisted clinical workflows. By integrating uncertainty estimation into automated and interactive

segmentation models, the work aimed to explore whether predictive confidence could be leveraged

to guide clinicians during segmentation refinement and prioritization, ultimately supporting the

development of safer and more trustworthy AI systems in healthcare. The findings presented in

this dissertation strongly support that hypothesis.

8.1 Contributions and Results

The work began with the implementation of baseline deep learning models for two imaging modal-

ities - pericardium segmentation in CT and EAS segmentation in TPUS, which served as reference

points for estimating uncertainty. Uncertainty estimation pipelines were then developed using MC

Dropout, producing both structure-wise and voxel-wise metrics.

Among the structure-wise uncertainty metrics evaluated, the most effective was the entropy

summed across the segmentation mask and normalized by its volume. This approach substantially

outperformed the other tested metrics — namely, unnormalized entropy and entropy normalized by

surface area — in terms of correlation with segmentation performance, providing a more reliable

measure of structure-level uncertainty. For voxel-wise uncertainty, the proposed entropy filtering

and smoothing pipeline proved to be effective, enhancing the spatial coherence of uncertainty

maps and enabling more precise localization of low-confidence regions within the segmentation.

These enhancements facilitated more precise localization of regions requiring user attention and

laid the foundation for targeted, uncertainty-guided corrections.

A strong inverse correlation was found between structure-wise uncertainty and segmentation

accuracy, measured via Dice score, on both datasets. This confirmed that uncertainty could reli-

ably serve as a proxy for identifying poor-quality segmentations, even in the absence of ground

truth. Building on this, the study demonstrated that structure-wise uncertainty could be used to

prioritize cases for review. Simulations involving both ideal corrections and realistic inter- and
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intra-observer variability showed that uncertainty-based correction ordering significantly acceler-

ated performance improvements when compared to random or uniform selection. In early correc-

tion stages, the uncertainty-guided strategy approached the effectiveness of a hypothetical oracle

strategy that always reviews the worst segmentations first, an advantage made possible without

requiring access to ground truth.

Voxel-wise uncertainty also demonstrated utility in localizing segmentation errors near the

boundaries, which was investigated through patch-based simulations. These experiments, which

tested both a more restrictive patch selection based on proximity to ground truth error and a

more permissive strategy incorporating a minimum contextual region, consistently showed that

uncertainty-guided corrections outperformed random selection. In particular, the broader patch

approach, designed to better reflect clinical correction behavior (since users tend to address the

surrounding context when correcting errors, rather than focusing on a single voxel), resulted in

corrections that closely approximated the improvements achieved by an ideal strategy based on

ground truth–guided corrections, which is especially important for real-world deployment scenar-

ios where detailed ground truth labels are unavailable. This suggests that integrating a broader

spatial context, informed by uncertainty, is more aligned with human correction patterns and ulti-

mately more effective in practice.

Further performance gains were achieved by combining structure-wise and voxel-wise uncer-

tainty within a hybrid correction strategy. In this approach, structure-wise uncertainty was used

to prioritize which cases to review, while voxel-wise uncertainty guided the selection of regions

within those cases for localized correction. This method proved especially effective for improving

the lowest-performing segmentations in the dataset, significantly raising their Dice scores with

a relatively small number of user interactions. By enabling a more efficient and focused alloca-

tion of correction effort, the combined use of structure- and voxel-level uncertainty represents a

promising framework for scalable and clinician-in-the-loop segmentation systems.

Finally, to support real-time interaction, the BISNet was implemented and trained using the

TPUS data. While its fully automatic performance was slightly lower than the baseline model, it

showed responsiveness to user input, validating its potential for use in human-in-the-loop work-

flows. The integration of uncertainty into this interactive framework culminated in a clinical exper-

iment in which an expert corrected TPUS segmentations using BISNet. The results demonstrated

that uncertainty-based correction ordering performed comparably to Dice-based ordering in early

correction stages. This confirmed the value of uncertainty as a stand-in for ground truth in prior-

itizing user attention, an essential feature for clinical viability. Furthermore, a post hoc analysis

revealed that regions most affected by expert corrections tended to align with areas of higher

voxel-wise uncertainty, reinforcing the relevance of the uncertainty maps.

Together, these findings show that the goals initially proposed in this dissertation were largely

accomplished, as the integration of predictive uncertainty into segmentation workflows has been

shown to improve the efficiency of human interaction.
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8.2 Limitations and Future Work

While the framework successfully addressed the core research objectives and yielded encouraging

results, some limitations remain, offering important directions for future research.

While BISNet performed well on TPUS data, it could not be successfully adapted to the CT

dataset. The model exhibited poor responsiveness to user guidance in this context, which may be

attributed to the interplay between the training objectives and data characteristics. In particular,

the loss formulation appeared to prioritize global segmentation accuracy over localized adjust-

ments, thereby diminishing the influence of user-provided corrections. This limitation suggests a

need for alternative training strategies or model configurations that more effectively balance au-

tomatic prediction with responsiveness to interactive input. Therefore, future work building on

this project should aim to adapt and validate an interactive framework on the CT dataset. In the

longer term, extending the framework to support generalization across other imaging modalities

and segmentation tasks would represent a significant step toward developing clinically robust and

modality-agnostic interactive segmentation systems.

An important direction for future work lies in the integration of voxel-wise uncertainty into the

interactive process. Although voxel-wise entropy maps were retrospectively analyzed and found

to correlate with regions most frequently corrected by the clinician using BISNet, suggesting that

higher uncertainty tended to align with areas requiring refinement, this information was not in-

tegrated into the real-time interactive segmentation process. Specifically, voxel-wise uncertainty

was not incorporated into the BISNet model to guide user-provided boundary clicks or to inform

the correction workflow during live interaction. As such, the practical application of voxel-wise

uncertainty remains unexplored within the interactive framework developed in this dissertation.

Instead, the potential of voxel-wise uncertainty was evaluated through patch correction simula-

tions conducted on the baseline (non-interactive) model. The patch correction simulations, while

informative and yielding promising results, also assumed a simplified model of user behavior. Al-

though care was taken to simulate clinically relevant behavior through adaptive patch sizing and

correction logic, these scenarios may not fully reflect the nuanced decisions clinicians make dur-

ing annotation. Future work should explore how voxel-wise uncertainty can be directly integrated

into real-time interaction, potentially by highlighting high-uncertainty regions within the interface

or using entropy-driven mechanisms to guide boundary click placement. A prospective user study

evaluating the effect of this integration on interaction efficiency, segmentation accuracy, and user

workload would be a critical step toward translating these findings into practical, clinician-facing

tools.

Another important area for future exploration involves the establishment of reliable, quantita-

tively defined thresholds for both structure-wise and voxel-wise uncertainty scores. Such thresh-

olds could play a critical role in shaping the behavior of interactive segmentation systems, for

example, by serving as triggers for initiating user intervention in cases of low confidence, as well

as stopping criteria to indicate when a segmentation is already sufficiently reliable. Even if not

used as rigid decision points, such thresholds could at least be presented as recommendations to
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the user, providing supportive guidance without overriding clinical judgment. However, the ef-

fective deployment of uncertainty thresholds requires careful statistical calibration. This involves

not only defining appropriate threshold values, but also validating their robustness across a diverse

range of datasets. It will be important to assess the sensitivity and specificity of these thresholds

in detecting segmentation failures. Additionally, thresholds should be adaptable to task-specific

requirements and clinical tolerances for error, which may vary depending on the context and in-

tended use of the segmentation output.

Finally, broader clinical evaluation is essential. The clinical study in this work involved one

expert and a relatively limited dataset. Future studies should involve multiple clinicians with

varying levels of experience and should evaluate performance across diverse datasets. In parallel,

usability studies are needed to assess how clinicians interpret and act upon uncertainty information,

and how such guidance affects cognitive load, confidence, and trust in the system.

8.3 Final Remarks

This dissertation contributes meaningfully to the field of interactive and trustworthy AI for medical

imaging. It demonstrates that predictive uncertainty, far from being a limitation, can serve as

a powerful tool to guide user attention, inform corrective actions, and ultimately enable more

efficient and reliable segmentation workflows.

Rather than pursuing full automation, this work embraces the complexity of clinical envi-

ronments and supports a collaborative, human-in-the-loop approach. By developing tools that

incorporate predictive uncertainty to assist, rather than replace, clinical expertise, it presents a

sustainable and realistic pathway for integrating AI into routine practice.

In closing, this work shows that uncertainty is not simply a marker of doubt, but a rich and

actionable signal. When accurately estimated and effectively presented, it can inform where to

act, when to trust, and how to collaborate with AI systems. This shifts the narrative of automation

in medicine from one of replacement to one of partnership, pointing toward systems that are not

only intelligent, but also self-aware, adaptive, and aligned with human values and needs.
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