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Abstract

Image segmentation is a fundamental task in computer vision with critical impor-

tance in biomedical imaging, environmental monitoring, and artificial intelligence.

This dissertation investigates the evolution of segmentation methodologies across

four major paradigms: traditional machine learning with handcrafted features, deep

learning architectures, reinforcement learning–enhanced active learning, and zero-shot

segmentation enabled by large vision–language models. Early work demonstrates that

classical pixel-wise classifiers such as random forests and regression models, applied

within the COLD framework, can achieve meaningful segmentation and land-change

detection despite limited annotated data, though their reliance on handcrafted fea-

tures restricts scalability. The transition to deep learning, exemplified by U-Net

rectum segmentation on low-field MRI, improved accuracy by learning hierarchical

features directly from data but remained constrained by small datasets, annotation

burden, and limited cross-modality generalization. To reduce labeling costs and

address dataset imbalance, this dissertation develops a reinforced active learning

framework that integrates reinforcement learning with region-level uncertainty sam-

pling, enabling efficient selection of informative samples and improving segmentation

performance under constrained annotation budgets. Finally, the dissertation intro-

duces a prototype-guided zero-shot segmentation framework that integrates bounding

box priors from large vision–language models (Gemini Pro 2.5) with mask candidates

from SAM and prototype-based similarity matching using CLIP embeddings. This

training-free approach achieves robust segmentation across brain MRI, fetal ultra-
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sound, and chest X-ray without task-specific fine tuning, reducing the performance

gap between zero-shot and supervised models. Collectively, these contributions trace

a technological progression from handcrafted feature engineering toward adaptable,

annotation-efficient, and training-free segmentation paradigms. The findings highlight

the growing potential of foundation models to democratize advanced image analysis in

resource-limited environments. Future work includes improving LVLM-generated spa-

tial priors, developing adaptive prototype selection strategies, and extending zero-shot

frameworks to broader biomedical and environmental applications.
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Chapter 1

Introduction

1.1 Background and Motivation

Image segmentation is a core technique in computer vision and artificial intelligence,

involving the division of an image into distinct regions to identify objects, boundaries, or

areas of interest. It enables higher-level tasks such as object detection, recognition, and

scene understanding. Applications range from autonomous vehicles, which differentiate

between roads, pedestrians, and obstacles, to augmented reality, where segmentation

integrates virtual objects into real-world environments.

In medical imaging, segmentation isolates anatomical structures, such as organs or

tumors, aiding diagnosis, surgical planning, and treatment guidance. For example,

rectum segmentation in low-field prostate MRI enhances biopsy precision [1], while

segmentation of gastric tumors from CT scans supports radiomic feature extraction

and personalized treatment planning [2].

Segmentation is also critical in environmental monitoring and geospatial analysis.

Satellite imagery is segmented to map land use, track deforestation, and monitor

water bodies, providing insights for urban planning and conservation. In disaster

management, segmentation facilitates rapid assessment of affected areas during floods,

wildfires, or earthquakes, aiding resource allocation and response efforts.

Challenges in image segmentation arise from the variability and complexity of visual

data. Objects often differ in shape, size, and texture, appear under varying lighting
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conditions, or overlap, complicating segmentation. Ambiguous boundaries, such as

gradual transitions in medical imaging or irregular shapes in natural scenes, require

sophisticated models to infer meaningful separations. Contextual understanding, such

as recognizing relationships between objects and their surroundings, adds further

complexity, especially for real-time applications.

Scale variability poses another challenge, as objects within an image can appear at

vastly different sizes. Models must balance capturing fine details with maintaining

accuracy for larger structures, increasing computational demands. Additionally, deep

learning models, while effective, are computationally intensive, making it difficult to

achieve real-time segmentation in resource-constrained settings.

Limited annotated data further complicates segmentation tasks. Producing pixel-

level annotations is time-consuming and often requires domain expertise, particularly

in fields like medical imaging. This scarcity hinders the development of robust models,

especially for specialized applications. Moreover, ensuring model generalization across

datasets with varying conditions and equipment remains a persistent issue.

In summary, image segmentation is a complex task requiring robust solutions to

handle variability, ambiguity, and computational constraints. Despite these challenges,

advancements in segmentation are essential for progress in fields such as healthcare,

environmental monitoring, and robotics, driving innovation across diverse domains.
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1.2 Problem Statements

Data Creation: One of the most challenging and time-consuming aspects of developing

high-performance automated segmentation systems is producing high-quality anno-

tated datasets. For segmentation tasks, this involves generating precise ground truth

masks with pixel-level accuracy, a process often performed manually by experts, such

as radiologists. While highly accurate, manual annotation is labor-intensive and prone

to inconsistencies due to fatigue, particularly for complex boundaries. Semi-automatic

methods, such as using pretrained models to generate initial masks for correction,

reduce labor but still require significant user input. In addition, real-world datasets

often exhibit class imbalances, which bias models toward dominant classes and reduce

generalizability. To address these issues, active learning focuses on annotating the

most informative samples. By targeting small, ambiguous, or hard-to-classify image

regions instead of entire images, it minimizes redundant annotations and enhances

decision boundary learning. This approach improves model generalization, mitigates

class bias, and optimizes expert time by prioritizing impactful samples, ensuring more

efficient and effective data creation.

Training Issues: Training deep learning models can often be inefficient due to

the lack of sufficient data to capture the complexity and variability of the problem

domain. This limitation frequently leads to overfitting, where the model learns patterns

and noise specific to the training data, resulting in poor generalization to unseen

data. Additionally, medical image datasets are highly diverse, varying across imaging

modalities (e.g., MRI, X-ray, ultrasound) and anatomical focuses (e.g., brain, lungs,
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fetal head). Training separate models for each dataset or segmentation task exacerbates

inefficiency and resource demands. A training-free solution leveraging zero-shot

methods addresses these challenges by reducing the need for extensive data collection

and training. Such an approach is scalable and adaptable to new segmentation tasks

without requiring retraining, which is crucial for rapidly evolving medical applications.

This adaptability is made possible by the generalization capabilities of large vision-

language models like SAM, trained on a vast dataset of over a billion masks. SAM can

handle a wide range of image segmentation tasks without the need for task-specific

training, making it a powerful tool for diverse and complex segmentation challenges.

1.3 Aims and Objectives

The aim of this research is to develop efficient methodologies for image segmentation,

focusing on automation and optimizing performance under constrained resources. The

objectives are to:

1. design and develop novel neural architectures that enhance performance and

can be applied to segmentation tasks, ensuring scalability and robustness.

2. address challenges of limited annotated datasets by using active learning to

prioritize informative data and mitigate class imbalance for improved generalization;

3. reduce training workload and annotation requirements through a zero-shot

approach while maintaining or improving segmentation performance.
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1.4 Contribution

This dissertation contributes to the field of image segmentation in the following key

areas:

• Non-Iterative Cluster Routing for Capsule Networks:

{ Enhanced capsule-based architectures with routing variants that eliminate

iterative overhead, achieving state-of-the-art performance.

{ Extended the approach to 3D U-Net segmentation.

• Enhanced Reinforcement Learning-Based Active Learning Framework:

{ Improved an active learning framework to prioritize labeling the most

informative and underrepresented regions.

{ Directly addressed class imbalance issues, enhancing segmentation perfor-

mance with fewer annotations.

{ Reduced the high cost and time requirements associated with annotation.

• Zero-Shot Segmentation with Foundational Vision Models and LLMs:

{ Introduced a novel approach integrating foundational vision models (e.g.,

SAM, CLIP) and large language models (LLMs).

{ Achieved alignment with ground truth without requiring additional anno-

tations or extensive training.
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These contributions advance the field of segmentation by improving performance,

reducing dependency on large annotated datasets, and offering scalable, efficient

solutions for complex biomedical and environmental applications.

1.5 Publications

The research in this thesis is supported by the following published papers:

• H. Pham and S. Cheng. Prototype-Guided Zero-Shot Medical Image Segmenta-

tion with Large Vision-Language Models, Applied Sciences Journal, 15(21):11441,

2025.

• H. Pham, S. Cheng, T. Hu, and C. Deng. Continuous Monitoring of Waterbody

Change Detection in Oklahoma Using Landsat Time Series, Remote Sensing

Letters Journal, 16(11):1216–1226, 2025.

• H. Pham, S. Cheng. Non-Iterative Cluster Routing: Analysis and Implementa-

tion Strategies, Applied Sciences Journal, 14 (5), 1706 (2024).

• Han D, H. Pham, Samuel C. Enhancing Semantic Segmentation through Re-

inforced Active Learning: Combatting Dataset Imbalances and Bolstering An-

notation Efficiency, Journal of Electronic and Information Systems, 2023, 5(2):

45-60.

• H. Pham, D. B. T. Le, M. Sadinski, R. Narayanan, A. Nacev, and B. Zheng.

Deep Learning Based Rectum Segmentation on Low-field Prostate MRI to Assist
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Image-guided Biopsy. In Medical Imaging 2023: Image-Guided Procedures,

Robotic Interventions, and Modeling, SPIE.

• H. Pham, M. Jones, T. Gai, W. Islam, G. Danala, J. Jo, and B. Zheng. Identifying

an optimal machine learning generated image marker to predict survival of gastric

cancer patients. In Medical Imaging 2022: Computer-Aided Diagnosis, SPIE.

1.6 Organization

The rest of the dissertation is organized as follows:

Chapter 2 provides the fundamental concepts of image segmentation, including

traditional methods and recent advances, to establish the foundation for the subsequent

chapters.

Chapter 3 explores novel environmental application, including water body mapping

and change detection using the Continuous Monitoring of Land Disturbance (COLD)

algorithm.

Chapter 4 improves the cluster routing algorithm for capsule-based classification

tasks and demonstrates its applicability to 3D image segmentation.

Chapter 5 presents reinforced active learning strategies to improve semantic seg-

mentation, tackling challenges like dataset imbalance and annotation efficiency.

Chapter 6 presents a novel zero-shot segmentation framework that integrates foun-

dational segmentation models with language–vision models to improve segmentation

accuracy, reduce annotation costs, and accelerate product development.

Finally, Chapter 7 summarizes the key findings, highlights the contributions, and

7



discusses implications and future research directions, demonstrating the impact of this

dissertation across biomedical and environmental domains.
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Chapter 2

Foundations of Image Segmentation

Before exploring specific applications, it is essential to position image segmentation

within its broader historical and methodological progression. Early segmentation

techniques relied on heuristic rules such as thresholding, region growing, and watershed

algorithms, which offered simplicity but lacked robustness under real-world variability.

The field then shifted toward machine learning with handcrafted features—spectral

indices, texture descriptors, and edge detectors—combined with classifiers like support

vector machines, decision trees, and random forests to perform pixel-wise labeling.

While these approaches enabled scalable analysis in both environmental monitoring and

medical imaging, they were limited by the need for extensive feature engineering and

their sensitivity to noise and domain shifts. The advent of deep learning, particularly

convolutional encoder–decoders such as U-Net, marked a turning point by allowing

models to learn hierarchical features directly from data, greatly improving accuracy

and generalization. More recently, active learning strategies have been introduced

to reduce annotation costs, and zero-shot frameworks leveraging foundation models

have opened the door to training-free segmentation across diverse modalities. This

trajectory underscores the importance of understanding the theoretical underpinnings

of segmentation, which remain central to both classical and modern approaches. The

following sections provide a structured overview of the fundamentals, motivations,

methodologies, and recent advancements in segmentation, establishing the conceptual

foundation for the chapters that follow.
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2.1 Conceptual Overview

Image segmentation refers to the systematic partitioning of an image into spatially

coherent and semantically meaningful regions, each representing distinct entities such

as anatomical structures, land-cover classes, or physical objects. In contrast to image

classification, which determines what is present within an image, and object detection,

which identifies where objects are located, segmentation delineates the precise pixel

boundaries that define which pixels belong to each entity. This pixel-level granularity

enables computational models to achieve a level of perceptual understanding analogous

to that of human vision.

Conceptually, segmentation can be viewed as a process of enforcing semantic

consistency across pixels that share similar contextual or structural attributes. By

assigning uniform labels to all pixels within a given region, the algorithm converts raw

visual data into structured, interpretable representations that facilitate downstream

tasks such as quantitative analysis, pattern recognition, and automated decision-

making.

2.2 Motivation and Application Spectrum

The motivation for image segmentation arises from the need to transform raw visual

data into structured information that supports analysis, interpretation, and decision-

making across a broad range of domains. In medical imaging, segmentation enables

the delineation of anatomical structures such as organs, lesions, and tumors, which is

essential for diagnosis, surgical planning, and treatment monitoring. In environmental

10



monitoring, it facilitates the classification of land cover, the detection of deforestation,

and the assessment of water dynamics, thereby contributing to sustainable resource

management and climate studies. Within robotics and augmented or virtual reality,

segmentation provides the spatial understanding necessary for autonomous navigation,

object manipulation, and realistic human–environment interaction.

Despite its broad applicability, segmentation remains a challenging problem due

to the inherent variability and complexity of visual data. Objects may differ in shape,

illumination, texture, and scale, while boundaries often exhibit ambiguity or occlusion.

These factors demand the development of models capable of learning contextual

relationships, adapting to diverse domains, and generalizing beyond the examples

encountered during training.

2.3 Recent Advances in Segmentation Techniques

Recent advances in image segmentation have been driven by the convergence of deep

learning architectures, attention mechanisms, and large-scale pretraining. These inno-

vations have transformed segmentation from task-specific modeling into a foundation-

driven paradigm capable of generalizing across domains and modalities. This section

outlines several of the most prominent segmentation techniques that have shaped the

contemporary landscape.

2.3.1 Convolutional Encoder{Decoder Architectures

Convolutional encoder–decoder frameworks remain the backbone of modern segmenta-

tion. Among them, the U-Net architecture and its variants—such as U-Net++ [3],

11



Attention U-Net [4], and ResU-Net [5]—have demonstrated exceptional performance

in medical and environmental imaging. These models employ symmetric contracting

and expanding paths to capture both global context and fine spatial detail [6]. The

skip connections between encoder and decoder layers preserve boundary information

and mitigate the loss of resolution typically associated with downsampling operations.

Extensions of U-Net have further integrated residual learning, attention gating, and

multi-scale fusion to improve robustness under noise and variability [7].

2.3.2 Transformer-Based Segmentation Models

The introduction of the Vision Transformer (ViT) [8] and its derivatives has signif-

icantly influenced segmentation research. Transformer-based architectures such as

SegFormer [9], Swin-Unet [10], and Mask2Former [11] leverage self-attention mech-

anisms to capture long-range dependencies between pixels, surpassing the locality

constraints of convolutional networks. These models exhibit strong generalization

capabilities and have become central to large-scale semantic and instance segmenta-

tion benchmarks. The hybridization of CNN backbones with transformer modules

has also emerged as a practical compromise between computational efficiency and

representational power.

2.3.3 Self-Supervised and Semi-Supervised Learning

Given the cost and difficulty of obtaining pixel-level annotations, self-supervised and

semi-supervised learning approaches have gained increasing attention. Self-supervised

pretraining leverages auxiliary tasks—such as image reconstruction, contrastive rep-

12



resentation learning, or masked image modeling—to learn rich feature embeddings

without manual labels [12, 13, 14]. Semi-supervised methods extend this by incorpo-

rating limited labeled data alongside large unlabeled datasets, employing techniques

such as consistency regularization, pseudo-labeling, and entropy minimization to guide

the learning process [15, 16]. These strategies have proven particularly effective in

medical imaging and remote sensing, where labeled data is scarce.

2.3.4 Prompt-Driven and Zero-Shot Segmentation

A major paradigm shift has emerged with the advent of foundation models and

zero-shot segmentation. Models such as the Segment Anything Model (SAM) [17]

and CLIPSeg [18] leverage large-scale pretraining on diverse datasets to perform

segmentation without task-specific fine-tuning. SAM utilizes a prompt-based mech-

anism—accepting text, points, or bounding boxes—to generate high-quality masks

adaptable to arbitrary objects and scenes. CLIPSeg and related vision–language

models extend this concept by aligning textual and visual embeddings, enabling

segmentation guided by semantic prompts. These approaches redefine segmentation

as a general-purpose reasoning task rather than a fixed classification problem.

2.3.5 Multi-Modal and Cross-Domain Frameworks

Recent research trends also emphasize multi-modal and cross-domain segmentation,

integrating data from complementary sources such as MRI–CT pairs, RGB–depth

images, or optical–SAR satellite observations. Models such as MedSegDiff [19] and

UNETR [20] exploit multimodal fusion and transformer-based encoders to enhance

13



robustness against domain shifts. Furthermore, domain adaptation techniques and

adversarial training have been applied to transfer knowledge across datasets with

differing visual characteristics, reducing dependence on labeled data in each target

domain [21, 22, 23, 24].

2.4 Progressive Development of Segmentation Techniques

The evolution of image segmentation reflects a progressive shift from handcrafted

heuristics toward data-driven and generalizable frameworks. Early segmentation meth-

ods were largely heuristic and rule-based, relying on techniques such as thresholding,

edge detection, region growing, and watershed algorithms. While these approaches

were computationally efficient and conceptually transparent, they exhibited limited

robustness under variations in illumination, noise, and object morphology.

The next methodological phase introduced feature engineering and classical machine

learning, where segmentation was formulated as a pixel-wise classification problem.

Handcrafted descriptors—such as spectral indices, texture measures, and edge-based

features—were combined with classifiers including support vector machines, decision

trees, and random forests. Although these methods enhanced flexibility and scalability,

their reliance on domain-specific feature design and extensive parameter tuning

constrained their generalization across datasets and modalities.

A major paradigm shift occurred with the advent of deep learning, particularly

convolutional encoder–decoder architectures such as U-Net. These models learned

hierarchical feature representations directly from data, capturing both local spatial
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details and global contextual relationships. This data-driven learning process led to

dramatic performance improvements in domains ranging from medical imaging to

environmental monitoring.

Subsequent developments incorporated active and reinforcement learning strategies

to address the challenge of annotation scarcity. By identifying the most informative

samples for labeling, these methods reduced the cost and effort associated with data

curation while maintaining model accuracy.

Most recently, the emergence of zero-shot and foundation model approaches has

marked a new era of segmentation research. Foundation vision and vision–language

models leverage large-scale pretraining to perform segmentation tasks without explicit

task-specific supervision. These prompt-driven systems exemplify a transition toward

general-purpose, adaptable frameworks capable of understanding and segmenting

diverse visual scenes with minimal fine-tuning.

This methodological trajectory underscores the field’s movement from rigid, rule-

based techniques toward adaptive, semantically aware systems that integrate context,

learning, and reasoning within a unified framework.

2.5 Conclusions

This dissertation presents an integrated progression of research that bridges classi-

cal and modern segmentation methodologies across biomedical and environmental

domains. It spans four interconnected directions: (1) pixel-wise classification and

segmentation using classical machine learning for environmental monitoring with
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time-series analysis, (2) deep learning approaches with capsule networks and U-Net

architectures for medical image segmentation, (3) reinforced active learning to min-

imize annotation cost and improve data efficiency, and (4) zero-shot segmentation

with large vision–language models to achieve annotation-free and robust performance.

Collectively, these studies address key challenges of data scarcity, annotation bur-

den, domain variability, and model generalization, contributing to more scalable and

adaptive segmentation frameworks.

Having reviewed these advances, it is important to recognize that modern deep

learning and foundation models grew out of earlier traditions of segmentation re-

search. Before convolutional networks and large vision language models dominated

the field, segmentation was typically performed through pixel wise classification using

handcrafted features such as spectral indices, edge detectors, and texture descriptors.

Classical machine learning algorithms including decision trees, random forests, and

support vector machines were then applied to assign class labels at the pixel level.

These methods represented a natural evolution from heuristic techniques such as

thresholding or region growing and provided the first scalable frameworks for environ-

mental and biomedical applications. Building on this historical foundation, the next

chapter turns to one such application: pixel wise water frequency estimation using

COLD derived features and classical machine learning, illustrating both the strengths

and the limitations of handcrafted feature based segmentation in comparison to more

recent approaches.
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Chapter 3

Water Segmentation with Classical Machine

Learning Approaches

Building on the theoretical foundations and related works on image segmentation dis-

cussed in Chapter 2, this chapter turns to one of the earliest traditions in segmentation

research: pixel-wise classification using handcrafted features and classical machine

learning. Before the advent of deep neural networks and foundation models, segmen-

tation was typically framed as a supervised classification task, where each pixel was

described by manually designed features such as spectral indices, texture descriptors,

or edge statistics, and then assigned a class label using algorithms like decision trees,

random forests, or support vector machines. These methods established the baseline

for many environmental and biomedical applications, providing an important bridge

between simple thresholding or region growing techniques and today’s advanced deep

learning architectures.

In this context, we focus on environmental monitoring and specifically water

mapping, applying classical regression and classification models to features derived

from the Continuous Monitoring of Land Disturbance (COLD) algorithm. This study

highlights both the historical importance and the continuing relevance of handcrafted-

feature–based methods: while less flexible than modern deep learning approaches,

they offer interpretability, computational efficiency, and robustness in settings where

annotated training data is scarce. The following sections introduce the datasets,

methodology, and results of this work.
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3.1 Introduction

The Continuous Monitoring of Land Disturbance (COLD) algorithm, developed using

Landsat time series data, effectively detects land disturbances as new imagery becomes

available and supports historical disturbance mapping [25]. Refinements such as

using surface reflectance instead of Top of Atmosphere, integrating multiple spectral

bands, and removing outliers based on model predictions have improved detection

performance. The algorithm also distinguishes true disturbances from vegetation

regrowth, enhancing mapping accuracy. These capabilities provide a solid basis for

estimating water frequency, defined as the proportion of observations classified as water

among stable periods, enabling pixel-level delineation of water bodies and analysis of

water trends.

Generating land cover classifications from remote sensing data is a relatively

straightforward process, but achieving high accuracy presents challenges. To improve

classification accuracy, many products incorporate multi-temporal images into their

algorithms [26]. However, automating the collection of multi-temporal images can

introduce several potential issues. One major challenge is ensuring data consistency

across images. Variations in atmospheric conditions during different image acquisition

dates can affect spectral signatures, making it difficult for algorithms to maintain

consistent classification over time. For example, cloud-free images are essential for

accurately classifying each pixel across multiple observations. This requirement is

often unattainable, particularly for sensors with low temporal frequency, such as

Landsat. As a result, acquiring suitable images can take several years, leading to the
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production of Landsat-based land cover maps at five- or ten-year intervals [27].

Additionally, temporal variability in images, such as changes in vegetation or land

use due to human activities, can lead to misclassification if the algorithm does not

account for these temporal dynamics [28]. This issue is particularly pronounced when

images from widely spaced intervals are used or when mapping areas that undergo

frequent changes. Consequently, land cover maps produced using conventional multi-

temporal methods may be unreliable for identifying land cover changes, as classification

errors can be misinterpreted as actual changes. This problem is further exacerbated

in smaller areas where subtle changes are more likely to occur.

To address these challenges, using data derived from Continuous Monitoring of

Land Disturbance (COLD) algorithm could be a promising approach for classifying

water bodies, as it (1) accounts for the temporal dynamics of land cover changes, (2)

is robust against data inconsistencies, and (3) reliably detects water change trends.

The main contributions of this study are as follows:

1. This is the first study to adapt the COLD algorithm, originally developed for

detecting general land disturbances, for the specific purpose of monitoring water

frequency and change at the pixel level.

2. We propose a novel methodology that applies well-established classification and

regression models to newly constructed features derived from COLD algorithm,

enabling effective estimation of water frequency and long-term trend detection.

3. We introduce a framework to estimate changes in water frequency by comparing

conditions before and after breakpoints identified in the COLD algorithm,
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enabling the detection of water increases, decreases, or stable trends.

3.2 Related Work

Various methods for extracting water surfaces using remote sensing data have been

developed, including both machine learning and traditional approaches [29]. Machine

learning methods require large datasets and careful sample selection to ensure gen-

eralization across different regions. Traditional algorithms, in contrast, often rely

on spectral differences between water and non-water areas, using multiple bands for

effective extraction. A notable example is the water index method, which combines

spectral bands and remote sensing indices to distinguish water bodies. This method

has demonstrated high performance in studies and offers advantages such as simplicity,

robustness, and ease of deployment across large, diverse areas, enabling quick and

efficient extraction [30].

Deep learning, particularly with convolutional neural networks (CNNs), has proven

useful for segmentation tasks in remote sensing image analysis. For example, the

CNN-based model U-Net has been widely used in segmentation tasks [31]. While deep

learning models are powerful for tasks such as water body extraction, they are heavily

data-dependent and require large amounts of labeled data for training. Acquiring

large, continuous, high-quality labeled datasets can be challenging and time-consuming

[29]. Due to the difficulty of acquiring high-quality training datasets, these models

can be prone to overfitting, especially when the dataset is small or not representative

of the broader context, leading to poor generalization on unseen data [32].
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These models also face challenges, such as the need for cloud-free, high-resolution

images, which are difficult to obtain consistently for long-term water change detection

[33, 31]. Many methods rely on individual images for segmentation models, making

them sensitive to cloud cover. However, the Continuous Change Detection and

Classification (CCDC) model by [27], which uses all Landsat data, addresses this by

building a dynamic time series model that detects various land cover types, including

water. Its updated version, Continuous Monitoring of Land Disturbance (COLD),

enhances small-change detection, automates processing, ensures model stability, and

handles cloud and snow effects [25]. Our proposed model leverages this data to

estimate water indices, classify water bodies, and monitor water trends across regions.

3.3 Study Site and Datasets

3.3.1 Landsat Data

Monitoring surface water is crucial for understanding ecological and hydrological

processes. Recent advances in satellite-based optical remote sensing have significantly

improved surface water detection [34]. A common method involves using Landsat

remote sensing data and water indices to track changes in water bodies throughout

the year over large areas [33, 35].

This study uses Landsat-5 TM imagery (1984–2013), which offers the longest

continuous record among Landsat missions, with consistent sensor characteristics

ideal for long-term monitoring. Landsat was chosen for its long-term availability,

moderate resolution, and suitability for our spatial and computational needs. Cloud
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cover is a major challenge in using Landsat imagery. Incomplete masking of clouds

or shadows can lead to misclassifications, introducing false positives or negatives in

water body segmentation. Our method is inherently robust to occasional gaps in

monthly observations due to cloud contamination. Since water frequency is estimated

by averaging valid water index values across available months, the absence of imagery

in one or more months has a minimal impact on overall accuracy. This temporal

averaging approach, combined with COLD’s stable-period modeling, allows for reliable

classification even when some observations are missing, reducing the sensitivity to

intermittent cloud cover.

Fig. 3.1: Geographic coordinates and counties of the study regions within Landsat

tile h12v16

Lake Name Latitude (°N) Longitude (°W) County

Lake Stanley Draper 35.3413 97.3519 Cleveland

Shawnee Reservoir 35.3388 97.0789 Pottawatomie

Lake Carl Blackwell 36.1340 97.2240 Payne

Lake McMurtry 36.1759 97.1796 Noble

Lake Perry 36.2677 97.2760 Noble

Lake Langston 35.9244 97.2723 Logan

Liberty Lake 35.7950 97.4615 Logan

Guthrie Lake 35.8131 97.4379 Logan
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3.3.2 Continuous Monitoring of Land Disturbance

The COLD data aligns with the tiling system used by the Landsat Analysis Ready

Data (ARD) [36] across the Continental United States (CONUS), which consists

of 427 mapped tiles. Each tile references the Albers Equal Area Conic projection

and is based on the WGS84 datum. The tiles are uniformly sized at 5,000 by 5,000

pixels, with each pixel representing a 30-meter square, covering an area of 150 by

150 kilometers per tile. Tile identification is facilitated through horizontal (’h’) and

vertical (’v’) coordinates.

Our specific focus is on tile h12v16, located in Oklahoma, which was selected for

its availability of COLD data. The COLD data is aggregated into a 5000x5000 matrix

file. Each pixel contains one or more stable time points based on multiple coefficients.

3.4 Methods

This section outlines the methodology for building a dataset to train machine learning

models for characterizing water surfaces from 1984 to 2013. Water body maps were

generated and combined with COLD data to develop models that estimate average

water index or frequency. This approach enables clear separation of water and non-

water bodies and captures pixel level changes in water trends. The overall workflow is

shown in Figure 3.1.
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Fig. 3.1: Methodology to predict the water mapping and water change from COLD

data.

3.4.1 Water Bodies Extraction

Water indices, derived from two or more spectral bands, provide a straightforward and

effective method for water extraction [33, 34]. Various indices can estimate surface

water areas or flood sizes. The MNDWI is effective for this task using the shortwave

infrared band (SWIR) for better detection of minor water features and being less

affected by sediment and other water constituents, making it more reliable [37]. These

indices have proven effective in multiple studies [38], providing a solid foundation for

building the input data for training models to utilize COLD data for detecting water

surfaces and their changes over time.

To build the dataset for training machine learning models to characterize water

surfaces from 1984 to 2013, the MNDWI was used to extract water features. It was
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widely adopted for its efficiency and reliability, enabled the extraction of water and

land masks from lake images. A manual threshold of zero, chosen for its simplicity

and accuracy, classified pixels as water or non-water. This threshold served as the

ground truth to assess the correlation between COLD data and water bodies. Using

Landsat 5 data, the MNDWI was calculated from bands 2 and 5 [39].

3.4.2 Water and Non-Water Bodies Classi�er Using COLD-Derived Data

Water indices extracted monthly from stable periods of COLD derived data are used

to compute water frequency or average indices over multiple years. Each index reflects

the MNDWI value for a pixel during a stable period. Water frequency is defined

as the proportion of months a pixel is classified as water, ranging from 0 (no water

observed) to 1 (consistently water). It is calculated by averaging available monthly

water observations within each year.

Each pixel has 56 coefficients corresponding to different stable periods from the

COLD-derived data, which are used as input features to estimate water frequency

within these intervals. To mitigate potential errors arising from uncertainties in image

processing, pixels with a water frequency of less than 0.25 are classified as non-water

(land) areas, while pixels with a water frequency greater than 0.25 are categorized as

water bodies [35, 33].

Leveraging the water index as a benchmark and employing COLD-derived data as

input features, we developed regression and classification models to estimate water

frequency and distinguish between water and non-water bodies for each pixel. These

models include gradient boosting for the regression model and Support Vector Machine
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for the classification model. Based on the outcomes, we can determine whether COLD-

derived data provides sufficient information to estimate water frequency and accurately

classify each pixel as either water or non-water.

3.4.3 Determining Water Changes at Breakpoints in COLD-derived data

COLD-derived pixel data captures multiple coefficients for several stable periods.

Breakpoints in the COLD-derived data are identified using the detection logic from

the Continuous Change Detection and Classification (CCDC) algorithm, on which

COLD is based. Specifically, a change is flagged when the average of the normalized

residuals—computed as the difference between observed values and model predictions,

divided by three times the RMSE—for all seven Landsat bands exceeds a threshold

of 1 for three consecutive clear observations[27]. A breakpoint marks the transition

between periods where the previous model no longer fits the new Landsat time series,

requiring the model’s coefficients to change to reflect spectral variations, as shown

in Figure 3.1. In this experiment, we input the COLD coefficients of pixels with

breakpoints into a regression model to predict water frequency before and after the

break. This analysis helped us identify whether the change was due to shifts in the

water frequency across the stable periods surrounding the breakpoint, as illustrated in

Figure 3.1.

The three classes used in this experiment were determined by the absolute difference

in the predicted water frequency index between periods before and after the break. To

minimize computational error, the first class, labeled as 0, was assigned to cases where

the absolute difference was close to zero or less than 0.25. Pixels with a difference
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greater than 0.25 were classified as an increasing water frequency class, whereas those

with a difference smaller than –0.25 were classified as a decreasing water frequency

class.

3.5 Results

This section evaluates classification and regression models for estimating water fre-

quency and segmenting water bodies using COLD-derived data, with ground truth

from Landsat-based water indices. Models are trained on six regions (Table 3.1) and

tested on a seventh using 7-fold cross-validation to ensure robustness.

3.5.1 Water Frequency Prediction Using a Regression Model

In this experiment, the input to our models consists of water frequency data across

available years during the stable period of the COLD-derived dataset. We apply a

gradient boosting regression model to estimate water frequency for each pixel during

these stable periods, facilitating the identification of whether pixels represent water

bodies or non-water bodies. For inference, data from one region is held out while the

model is trained on the remaining six regions of interest.

The normalized mean squared error (NMSE) of our regression model is reported

with an average value of 0.43 and a 95% confidence interval of 0.12 to 0.75. This

indicates that the model’s predictive performance surpasses that of a baseline model,

which would simply predict the mean of the actual values. The model demonstrates

strong predictive power, as it captures a significant portion of the variance in the

data. However, the upper bound of 0.75 suggests that the model exhibits considerably

27



higher error in some cases, likely due to variations in environmental conditions across

different regions. We illustrate the model’s ability to segment water bodies by applying

a 0.25 threshold to the predicted water frequency. Pixels below this threshold are

classified as non-water, and those above are classified as water bodies [35].

(a) Landsat image (b) Classi�cation result (c) Regression result

Water body (within training period)

Water body (beyond training period)

Non-water body (within training period)

Non-water body (beyond training period)

Fig. 3.2: Visualization of water maps generated by the classification (middle) and

regression (right) models, compared to the Landsat image (left) as reference. The

color scheme differentiates between water and non-water predictions, and indicates

whether each pixel’s observation falls within the temporal training period (1984–2001)

or in the future inference period (2002–2013). While not explicitly marked in this

figure, the training and testing also occur in different geographic regions to evaluate

both temporal and spatial generalization

.
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3.5.2 Assessing Water Frequency Prediction: Classi�cation vs. Regression

Models

In this experiment, we compared classification model with the regression model to

delineate water frequency. For ground truth, we used a threshold of 0.25 to classify

pixels as either water bodies or non-water bodies [35]. Among the various models,

we selected Support Vector Classification (SVC) as the best performer for classifying

water bodies. Our classification result comes out as shown in Table 3.2. The model

performs reliably for clear cases, such as low and high-frequency water bodies.

Additionally, our results indicate that the classification model, specifically SVC,

achieves marginally higher performance than the best regression model (Gradient

Boosting), with an overall accuracy of 0:92�0:06 versus 0:91�0:03, and an F1 score for

the minority class (pixels with water frequency, WF, greater than 0.25) of 0:79� 0:11

versus 0:72�0:09, showing a slightly more balanced performance in Table 3.2. However,

the confidence intervals overlap, indicating no statistically significant difference. The

visualization between regression and classification map inference is shown in Figure

3.2. This comparison reveals that the regression model tends to over segment the

water bodies, as evidenced by the incorrect segmentation in the top right region of

the regression map.

3.5.3 Determine Water Change Using COLD-derived Data

This section analyzes pixel data with breakpoints between stable periods to determine

whether water frequency trends increase or decrease. Pixels with breakpoints are

filtered and used in a regression model to predict water frequency based on COLD
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Fig. 3.2: Cross-validation water-body classification metrics across regression and

classification models.

Regression Models Classi�cation Models

GBoosting RForest LRegression XGBoost RForest SVC

Overall Acc. 0.91�0.03 0.90�0.04 0.89�0.07 0.92�0.06 0.89�0.06 0.92�0.06

WF� 0.25 0.91�0.04 0.89�0.06 0.85�0.12 0.96�0.04 0.88�0.10 0.94�0.06

WF> 0.25 0.81�0.07 0.85�0.07 0.92�0.07 0.74�0.17 0.81�0.13 0.81�0.07

F1-score 0.72�0.09 0.72�0.11 0.70�0.19 0.77�0.15 0.70�0.21 0.79�0.11

Note. Bold values indicate the best-performing models within each category

(regression or classification), based on either the highest overall accuracy or the

highest F1-score for the minority class (WF > 0:25). WF = Water Frequency;

GBoosting = Gradient Boosting; RForest = Random Forest; LRegression = Linear

Regression; XGBoost = Extreme Gradient Boosting; SVC = Support Vector

Classification.
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coefficients before and after the breakpoint. Predicted frequency changes are classified

as a decrease (less than -0.25), an increase (greater than 0.25), or unchanged (between

-0.25 and 0.25). This method helps interpret significant changes at the breakpoint and

how COLD coefficients respond. By analyzing these coefficients, we aim to predict

the water frequency trend for each pixel at the breakpoint. In addition, we also

do experiments for determining water change using classification models instead of

regression models. In this, we concatenate all COLD coefficients of before and after

breakpoint together and use them to predict the differences between known water

frequency before and after the breakpoint with the same range previously defined.

A comparison of regression and classification models shows that the regression

model consistently outperforms the classification model across all metrics. The

regression model’s overall accuracy is 0:81 � 0:09, compared to 0:77 � 0:14 for the

classification model, with a narrower confidence interval, indicating greater stability.

In the moderate water frequency range (�0:25 � WF � 0:25), the regression model

achieves 0:85 � 0:09, outperforming the classification model’s 0:82 � 0:14. For rare

water frequency classes (WF < �0:25 and WF > 0:25), the regression model again

performs better, with accuracies of 0:50�0:11 and 0:42�0:14, compared to 0:43�0:15

and 0:31� 0:12 for the classification model. While both models struggle with these

extreme cases, the regression model consistently shows stronger predictive power. It

encounters challenges primarily when water frequency significantly changes, as these

events are relatively rare.
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3.6 Discussion

This study demonstrates the effectiveness of regression and classification models in

estimating water frequency and segmenting water bodies using COLD derived data [25].

The gradient boosting regression model achieved a normalized mean squared error of

0.43, with higher errors in some regions likely due to environmental variability. Using

a 0.25 threshold, it reached 90% accuracy in segmentation, performing better in low

water frequency areas (92%) than in high frequency regions (77%). The classification

model slightly outperformed regression (91% vs. 90%), though not significantly. The

regression model tended to over segment in some areas. Despite limited training

data, both models predicted water frequency beyond the training period (Figure 3.2).

COLD coefficients correlated with water presence and detected land disturbances,

offering insights into climate change impacts on water bodies.

The regression model outperformed the classification model in detecting water

frequency changes at breakpoints, with an accuracy of 81% versus 77%. It was more

effective at capturing moderate changes but struggled with extreme variations, likely

due to imbalanced training data and regional differences in data distribution. Despite

these challenges, it consistently identified water frequency trends more accurately.

Future work should consider augmenting the dataset or generating realistic synthetic

samples to improve detection of significant changes [40].

Our results are consistent with previous studies on land cover classification, such

as [27], which employed the Continuous Change Detection and Classification (CCDC)

algorithm—an earlier version of COLD—to classify land cover types using a clas-
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sification model. In this study, we utilized a regression model to estimate water

frequency, comparing it with a classification model to map water bodies and analyze

trends based on data from the updated CCDC algorithm (COLD). Direct comparisons

between our approach and previous work using the CCDC model are not feasible due

to differences in data sources (CCDC-derived vs. COLD-derived data) and variations

in landscape and data collection methods. The primary contribution of our research is

the validation and extension of COLD’s capacity to detect water bodies and identify

regional trends, which supports water resource management.

To evaluate the performance and robustness of our method, we compared it with

two widely used water extraction techniques: the Normalized Difference Water Index

(NDWI) and the Modified Normalized Difference Water Index (MNDWI). Using a

representative year and a 0.25 threshold on the average annual index, we assessed

classification accuracy using the intersection over union (IOU) metric. Our method

achieved an IoU of 0:913� 0:044, comparable to MNDWI (0:903� 0:023) and higher

than NDWI (0:881 � 0:041). While the accuracy gain is modest, our approach

offers practical advantages by leveraging time series coefficients from stable periods,

eliminating the need for monthly cloud-free composites. Compared to deep learning

models that require large labeled datasets and frequent retraining, our model is

lightweight, scalable, and data efficient. Generalizability was demonstrated through

cross-validation across seven regions, with consistent IoU values and narrow confidence

intervals, particularly for moderate water frequency changes, highlighting its resilience

to environmental variability. The model trained on 1984 to 2001 data also generalized

well to 2002 to 2013, supporting its utility for long term water monitoring.
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3.7 Conclusions

This study demonstrates the effectiveness of the COLD algorithm for water frequency

estimation and water body segmentation in aquatic ecosystems. Both regression and

classification models applied to coefficients of COLD-derived data produce reliable

results, with the regression model achieving a normalized mean squared error of

0.43 and 90% accuracy in water mapping. Despite limited training data, our model

accurately predicts water frequency beyond the training period. These results align

with prior studies on land cover classification using the CCDC algorithm, extending

COLD’s applicability to diverse regions. The regression model also detects water

frequency changes at breakpoints with 81% accuracy, though it faces challenges with

extreme changes due to imbalanced data. Future research could improve accuracy by

incorporating higher-resolution indicators and natural imagery, strengthening its use

in environmental monitoring and conservation.

More broadly, this chapter marks an early stage in the evolution of image seg-

mentation, defined by pixelwise classification using handcrafted features and classical

machine learning. These methods offered interpretability and computational efficiency

but lacked the adaptability needed to handle complex visual variability. The next

chapter builds on this foundation by introducing a deep learning-based segmentation

framework that incorporates a neural network module called cluster routing. Initially

developed for classification tasks, this component now functions as a core element

within the U-Net architecture, enabling multiscale contextual learning and representing

a major advancement in biomedical imaging.

34



Chapter 4

Non-Iterative Cluster Routing

Segmentation once leaned on handcrafted cues and familiar classifiers, where pixel-

wise labeling and feature engineering formed the foundation of early visual analysis.

Following the classical pixelwise classification approaches presented in Chapter 3,

this chapter moves into the next stage of segmentation research: deep learning ar-

chitectures. Unlike handcrafted feature based methods, deep learning models learn

hierarchical representations directly from data and are capable of capturing both local

detail and global context. Among these, the U-Net has emerged as one of the most

influential architectures for medical image segmentation, owing to its encoder–decoder

structure and its capacity to integrate fine grained boundary information with semantic

understanding.

This chapter steps into a different grammar of vision, where capsules carry pose and

relational information, and routing encodes agreement among features. Through non

iterative cluster routing and two streamlined variations, the discussion seeks to achieve

reliable performance with fewer parameters while preserving the interpretability that

capsule networks provide. The concepts and mechanisms introduced here lay the

groundwork for deeper integration with the U-Net framework, explored later in this

work through a three dimensional U-Net applied to rectum segmentation on low field

MRI—a critical step toward improving image registration in prostate biopsy workflows.
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4.1 Introduction

A Capsule Network, often referred to as CapsNet, is an advanced type of neural network

that employs neuron clusters known as “capsules”. Unlike traditional Convolutional

Neural Networks (CNNs), which output scalar values, these capsules produce vector

outputs. These vectors represent not only the probability of a feature’s existence but

also its instantiation parameters, such as pose (position, size, orientation), deformation,

texture, and so on. This richer representation allows the network to capture and

maintain spatial relationships between features more effectively than traditional

methods. CapsNet introduces a unique mechanism, known as “routing-by-agreement”,

which replaces the pooling layers found in conventional CNNs. This routing process

enables capsules at one level to send their outputs to higher-level capsules only if

there is a strong agreement (i.e., high probability) that the higher-level capsule’s

entity is present in the input. This agreement is determined according to the dot

product between the output of a lower-level capsule and the predicted output of a

higher-level capsule, iteratively refined through a routing process. This architecture

ensures that, during forward propagation, information flows through the network

in a way that preserves spatial relationships, making it inherently more capable of

handling variations in viewpoint, scale, and rotation without the need for extensive

data augmentation [41].

Capsule networks aim to address some fundamental limitations of CNNs, especially in

terms of preserving spatial hierarchies between features within an image. As CNNs rely

on the scalar output of neurons within layers for feature detection and representation,
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they sometimes fail to recognize objects captured from different viewpoints if they are

not covered in the training data [42, 43]. CapsNets, in contrast, can better preserve the

pose information (position and orientation) of features, thus making them more robust

to variations in the input data [41, 44, 45].

There are several main distinctions between CapsNets and CNNs. First, CapsNets

use a vector or group of neurons as a basic unit, whereas CNNs use a single neuron.

These vectors, called capsules, can potentially represent different parts of an object.

Second, while CNNs capture hierarchical features through the depth of the network,

with each layer learning different levels of abstract and complex features, CapsNets

model hierarchical relationships between parts and whole objects, providing more

interpretable representations of learned features. Third, unlike CNNs—which lack

a dedicated mechanism for routing information between layers—CapsNets use data-

dependent routing to determine the flow of information between capsules, allowing for

better modeling of part–whole relationships.

In classic routing procedures, a CapsNet begins with a set of primary capsules

that represent low-level features extracted from the input data. Each primary capsule

makes predictions (or votes) by computing an affine transformation of its output and

sending their votes to the capsules of the next layer. These capsules at the higher

level compute a weighted sum of the predictions received from capsules at the lower

level. Routing weights are normalized through layer normalization [46] or a squashing

function [41]. An iterative routing process is used to determine an agreement on how

capsules at one level should connect to capsules in the next level by updating the

weights [41, 44]. In contrast, a non-iterative routing procedure computes the routing
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weights and information of capsules only once [45, 47]. By simplifying the process into

a single forward pass, non-iterative routing methods alleviate the computational load

associated with iteration.

Unlike conventional routing methods [41, 44], the cluster routing paradigm involves

capsules generating vote clusters (instead of individual votes) for the subsequent layer’s

capsules [47]. Each vote cluster consists of multiple votes, with each vote potentially

originating from a distinct capsule in the previous layer. The proximity of votes within

a cluster signifies the information extracted from the same part of an object from

capsules in previous layers. Consequently, the variance within a vote cluster can serve

as an indicator of the confidence in the encoded information that the vote clusters

represent. This suggests that vote clusters with lower variance are more reliable in

encoding information related to a specific part of an object. Thus, greater weights are

assigned to centroids originating from clusters with lower variance.

We offer a comprehensive explanation of the definitions and terminologies presented

in the existing literature [47]. Our objective is to minimize confusion and prevent

misinterpretations surrounding the cluster routing technique, thereby enhancing its

utilization across different scenarios.

Moreover, we carry out extensive experiments to investigate the impact of agreement

indicators and hyperparameters. Our goal is to determine whether variance can serve

as the sole dependable agreement indicator, or if increasing the number of votes per

cluster invariably results in better performance.

Expanding upon the non-iterative cluster routing concept [47], we propose two

variations of cluster routing: one features a streamlined routing process with the
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potential to reduce the number of parameters while maintaining performance levels

comparable to those of existing methods, and the other is designed to effectively

handle an increase in the number of votes per cluster, thus improving the overall

efficiency of cluster routing.

Empirical evaluations across several data sets show that our proposed methods

utilizing cluster routing consistently yield higher accuracy, when compared to existing

capsule networks. Moreover, our capsule network maintains the beneficial attributes

of previous CapsNet versions, including strong generalization to images taken from

new viewpoints.

The contributions of our work are outlined in the following:

• The definitions and examining the implementations within the cluster routing

literature are clarified to support the effective deployment of cluster routing

techniques.

• Comprehensive experiments are performed to investigate the impacts of agree-

ment indicators.

• Two novel variations of cluster routing are proposed [47] based on the routing

principle of achieving consensus among votes of clusters.
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4.2 Related Work

4.2.1 Agreement Routing in Capsule Network

CapsNets play a crucial role in feature encoding. They transform the extracted features

into capsules, which are vectors capable of characterizing parts of an object, unlike

the singular units used in conventional CNNs. These capsules possess the ability to

represent more intricate aspects of an object, such as its pose, orientation, and texture

style. The capsule system proposed in the dynamic routing paper titled “Dynamic

Routing Between Capsules” [41] employs a routing-by-agreement mechanism. This

mechanism iteratively determines its predictions based on the agreement between lower-

and higher-level capsules, which is achieved through adjusting the weights connecting

them. Inspired by the ideas presented in this paper, numerous subsequent research

papers have explored similar concepts with the aim of enhancing the capsule network

while preserving the critical notion of the part–whole relationship. These endeavors

have led to diverse approaches and innovations in the field. The matrix capsules

with EM routing approach [44] uses high-dimensional coincidence filtering and a fast

iterative process to determine the routing weights, resulting in better performance

and higher robustness to adversarial attacks than baseline CNNs. RS-CapsNet [48]

integrates Res2Net and Squeeze-and-Excitation blocks to extract multi-scale features,

emphasizes useful information, and employs linear combinations between capsules

in order to enhance object representation while reducing the capsule count. Cluster

routing [47] uses variance as the fundamental indicator of agreement and confidence

in the information encoded within the vote cluster. Group normalization [49] also
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utilizes the mean and standard deviation of a group. It splits the output channels

of a convolutional layer into several groups and normalizes the features within each

group according to the mean and standard deviation. However, as it does not use

routing weights based on the agreement between capsules (data-dependent routing) to

produce the input for the next capsule layer, as in cluster routing, it is not classi�ed

as a routing algorithm.

CapsNets can outperform conventional CNNs in various applications, utilizing fewer

parameters [50, 51, 52]. This advantage is particularly notable in medical image processing,

where the main obstacles include detecting small lesions and overcoming class imbalances.

Unlike CNNs, which often require substantial amounts of labeled data (that may be

scarce in medical contexts), CapsNets can achieve similar levels of performance with a

smaller data set [53, 54]. CapsNets employ capsules that encapsulate richer feature vectors,

unlike CNNs that use scalar neurons, making them more effective in addressing these

challenges [53].Furthermore, CapsNets are superior in maintaining part{whole relationships

and geometric details, significantly improving their performance in medical segmentation

tasks [55, 51, 56, 52].

AI-generated deepfakes, including face-swapping videos and images, have been

proliferating across the internet, driven by signi�cant advancements in graphics

processing units and AI algorithms. These technologies enable individuals to e�ortlessly

create manipulated and unethical media. In areas such as deepfake detection, where

novel and unforeseeable attacks are frequent, the strong generalization capability

of capsules becomes vital. The nature of deepfake technology allows attackers to

continuously develop new methods to bypass detection systems, making it imperative
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for defense mechanisms to possess the ability to generalize from known attacks to

novel ones e�ectively. CapsNets are particularly suited to this task, due to their ability

to understand the underlying structure of the data in a way that mirrors human visual

perception. This understanding includes recognizing when an image or video deviates

from the norm in a manner that suggests manipulation, even if the speci�c technique

used for manipulation has not been encountered by the system before. A notable

application of CapsNets in this context is Capsule-Forensic, which has been shown to

be e�ective in identifying altered or synthetically produced images and videos [57, 58].

The e�cacy of CapsNets in this application stems from their unique ability to encode

hierarchical relationships between objects and their components, including detailed

pose information. This makes it an invaluable tool in the �ght against the unethical

use of AI for media manipulation [59].

4.2.2 Attention Routing

The ideas behind CapsNets share similarities with those of attention mechanisms,

initially introduced in transformers [60]. Attention between capsules [61] replaces

dynamic routing with a convolutional transform and attention routing, thus utilizing

fewer parameters. The inclusion of a dual attention mechanism after the convolution

layer and primary capsules in [62] enhanced the performance of the CapsNets. The

use of a self-attention mechanism in [63] allowed for alternative non-iterative routing,

e�ciently reducing the number of parameters while maintaining e�ectiveness.
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4.3 Methods

4.3.1 Notation and Terminology

Several terms and de�nitions are used in the relevant literature, de�ned as follows:

ˆ v , Vote: A vote is the prediction of a capsule, resulting from the multiplication

of a weight matrix with a capsule.

ˆ D , Depth or Length of a Capsule: The number of convolutional units in a

capsule.

ˆ u, Capsule: A capsule with length or depth ofD .

ˆ K , Number of Votes per Cluster: Each cluster hasK votes.

ˆ N , Number of Clusters: The number of vote clusters in each channel of a capsule

layer.

ˆ W , Weight Matrix : A weight matrix is multiplied with a capsule to create a

vote v. There areK matrices to produceK votes in a cluster.

ˆ C, Number of Channels: Each capsule layer hasC channels.

ˆ G, Number of Groups: Each group has a number of clusters.

In cluster routing, a capsule layer hasC channels, each channel hasN clusters,

and each cluster hasK votes.
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4.3.2 Original Non-Iterative Cluster Routing

Cluster routing [47] generates clusters of votes through a non-iterative approach,

where the standard deviation is employed as the fundamental indicator of agreement

and con�dence for the information encoded within the vote cluster. Clusters with

higher variance indicate lower con�dence in their encoded information or decision;

consequently, they are weighted less and passed to the next layer. The agreement

vector is computed based on the standard deviation of the cluster's individual votes.

The centroids or means of the vote clusters are weighted with their corresponding

agreement vectors. The weighted sum of these centroids integrates and aggregates

the information from all vote clusters across the capsules in the current layer, which

is then normalized and transmitted to the next layer. By leveraging agreement and

weighted summation, cluster routing can e�ciently and dynamically route information


ow between each layer of capsules in a single pass. A vote clusterû f 1;��� ;K g
i can be

generated by multiplying a capsuleu i with each weight matrix W of a weight cluster

W f 1;��� ;K g
i ,

ûk
i = W k

i u i : (4.1)

To enhance the receptive �elds of each vote, the neighborhood ofu i in Equation (4.1)

is expanded to 3� 3 in practice. u i becomes the concatenationN (u i ) 2 R9D of its

neighborhood. Then, thekth vote in the cluster is produced as follows,

ûk
i = W k

i N (u i ): (4.2)

A vote cluster û f 1;��� ;K g
i will send its centroid or meanm i = 1

K

P K
k=1 ûk

i to the next

layer, with weighting determined by the agreement vectorai . The computation of ai
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is outlined as follows,

ai = � log (� i ) ; (4.3)

where

� i =

vu
u
t 1

K

KX

k=1

(ûk
i � m k

i ) � (ûk
i � m k

i ) (4.4)

The centroids (or means) of these vote clusters are weighted summed as follows,

s =
CX

i =1

ci � m i ; (4.5)

where

ci =
exp(ai )

P C
j =1 exp(aj )

(4.6)

Each of theC capsule channels contributes a vote cluster to the capsules in the

next layer, making the number of vote clusters (N ) equivalent to the number of

channels (C) in the multiple-channel version. Layer normalization [46] is applied to s

to produce the output of the capsule layer. The computational task in Equation (4.2)

can be e�ciently executed through utilization of PyTorch's pre-existing optimized

convolutional operations [64], similar to the technique employed in [61].

Notably, this mechanism utilizes signi�cantly fewer parameters than both attention

routing [61] and dynamic routing [41]. The absence of iterations in the process

enhances its computational e�ciency and reduces training resource requirements.

4.3.3 Cluster Routing Implementation

Weighting Computation

Feature maps were extracted from the original image through a convolutional layer to

form primary capsules. This layer is a convolutional capsule layer withC channels of
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convolutional capsules. Each primary capsule comprisesD convolutional units with a

3 � 3 kernel and a stride of 1. To create a vote, cluster routing utilizes a weight matrix

for element-wise multiplication with a capsule. Capsules within the same channel can

share weights to produce a vote, where each capsule has dimensions of 1� 1 � D.

However, in cluster routing, the surrounding neighborhood is included to increase the

receptive �eld for producing a vote, resulting in the weight dimension of a capsule

becoming 3� 3 � D.

To handle the weight multiplication process, we leverage an optimized function in

PyTorch namedconv2d. There are two approaches to produce votes fromC separate

channels in the primary capsule layer.

First, a single conv2d layer can be used to generate votes from allC channels,

employing group convolution through theconv2d function in PyTorch. The groups

parameter inconv2dcontrols the connections between inputs and outputs; for example,

if groups = 1, all inputs are convolved to all outputs. In cluster routing withC = 3,

we can usegroups = 3 to consider three convolutional layers side by side, creating

three capsule channels. Each layer sees one-third of the input tensor and produces

one-third of the output, which are subsequently concatenated.

Second, the feature maps can be segmented into individual channels, with each

channel employing its ownconv2d layer to generate votes. It is important to note

that each channel utilizes a distinctconv2d layer for the generation of votes, which is

currently implemented in the code.

In iterative routing [ 41, 44], the routing weights are computed through an iterative

process. The weight update frequency can have significant effects on theperformance
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[41]. However, in our non-iterative approach, the weight only needs to be computed once

per epoch based on the agreement vectors. Hence, the weight update frequency does not

impact the performance. In fact, without iteration, our method can reduce the training

time to approximately 15%.

Agreement Vector

In cluster routing, the weighting coe�cients ci in Equation (4.6) can be computed

e�ciently using the softmax function in Pytorch. However, when we substitute

Equation (4.3) into Equation (4.6), the ci can be simpli�ed into the following form,

ci =
exp(ai )

P C
j =1 exp(aj )

=
1
� iP C

j =1 ( 1
� j

)
(4.7)

where� i is the standard deviation of the vote cluster.

The agreement vector in Equation (4.6) now can be rede�ned asai = 1
� i

. This can

be explained by stating that the agreement is inversely proportional to the standard

deviation of the vote cluster: with a higher standard deviation, less agreement exists

between the votes, resulting in less weight being assigned to the centroid of the cluster.

Cluster Routing with Single Channel

In cluster routing, optimal performance is typically achieved through utilization of

the single-channel version, as illustrated in Table 4.1. Technically, this approach

can be summarized as creating multiple versions of the original capsule channel,

increasing its dimension by one. Next, the.view() function is utilized to divide

the additional dimension into two dimensions,K and N , as depicted in Figure 4.1.

Subsequently, the mean and standard deviation are computed along theK dimension
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to determine the centroid and agreement vector, reducing the dimension by one.

Following this, the mean tensor is multiplied with the weight and then summed to

derive the output capsule channel, further reducing the dimension by one. This

process involves expanding the dimension and subsequently reducing it to preserve

the original dimensionality of the input capsule channel. Further details and the code

implementation of this version can be found in our GitHub repository.

The averaging and summing components of this technique can be conceptualized

as a type of vector dimension reduction, in which the dimensionality is reduced while

preserving essential information. However, additional experiments (which are not

addressed in this study) are required to validate this hypothesis.
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Fig. 4.1: Comparative analysis of test error rates in the capsule networks literature

[47].

Method
smallNORB Fashion-MNIST SVHN CIFAR-10

Error (%) Param Error (%) Param Error (%) Param Error (%) Param

Baseline CNN 3.76 3.30M 5.21 3.38M 3.30 3.38M 7.90 3.38M

Dynamic [41] 2.7 8.2M - - 4.3 ' 1.8M 10.6 8.2M

EM-Routing [44] 1.8 310K - - - - 11.9 ' 460K

RS-CapsNet [48] - - 6.49 5.00M 3.5 5.01M 10.19 5.01M

Attention Routing [61] - - - - - - 11.39 9.6M

DA-CapsNet [62] 1.74 - 6.02 - 5.18 - 14.53 -

E�cient-CapsNet [63] 2.54 151K - - - - - -

RVC [65] - - 5.87 - 2.97 - 8.3 -
Inverted dot-product

attention routing [66]
- - - - - - 14.83 560K

VB-Routing [67] 1.6 169K 5.2 172K 3.9 323K 11.2 ' 323k

MoCapsNet [68] - - - - 7.00 - 27.83 -

SRM-CapsNet[69] 8.54 - 8.35 - 6.90 - 28.26 -

ER-CapsNet [70] - - - - 4.33 - 11.46 9.4M

Metric Learning [71] - - 9.59 - 7.24 - 26.76 9.4M
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Fig. 4.1: Cont.

Method
smallNORB Fashion-MNIST SVHN CIFAR-10

Error (%) Param Error (%) Param Error (%) Param Error (%) Param

MASK DR [72] { { 6.32 1.4M { { 9.99 1.4M

ML-CapsNet [73] { { 7.35 { { { 14.28 {

PT-CapsNet [74] { { 7.77 { { { 8.79 {

NASCaps [75] { { 6.13 { 3.41 { 23.54 {

DenseCaps [76] { { { { 4.01 { 10.59 16M

Cluster Routing [47]

CM 1456 (C4K5D6) 2.98 � 0.24 150K 5.17� 0.07 146K 3.94� 0.07 154K 12.16� 0.30 154K

CM458 (C4K5D8) 3.09 � 0.19 246K 5.02� 0.04 240K 3.63� 0.11 252K 11.11� 0.09 252K

CM4816 (C4K8D16) 1.92 � 0.12 1.32M 4.84� 0.07 1.30M 3.56� 0.07 1.34M 8.55� 0.12 1.34M

CM4824 (C4K8D24) 1.95 � 0.12 2.87M 4.64 � 0.03 2.84M 3.48� 0.14 2.89M 7.89� 0.11 2.89M

CS2 (N8K8D32) 1.57 � 0.13 2.53M 4.68� 0.01 2.51M 3.37 � 0.03 2.55M 7.37 � 0.06 2.55M

Ours

V1M 3456 (K20D6G1) 3.32 � 0.46 150K 5.36� 0.07 146K 3.74� 0.03 154K 10.78� 0.34 154K

V1M458 (K20D8G1) 3.11 � 0.41 246K 5.29� 0.08 240K 3.71� 0.06 252K 10.21� 0.24 252K

V1M4816 (K32D16G4) 2.67 � 0.30 1.32M 5.06� 0.04 1.30M 3.62� 0.14 1.34M 8.22� 0.30 1.34M

V1M4324 (K12D24G8) 1.95 � 0.43 1.11M 4.95� 0.03 1.09M 3.48 � 0.08 1.11M 7.83 � 0.12 1.11M

V1M4824 (K32D24G8) 2.10 � 0.22 2.87M 4.86� 0.02 2.84M 3.73� 0.14 2.89M 7.53� 0.11 2.89M

V2S4 (N4K2N4K2D32) 1.46 � 0.11 2.53M 4.63 � 0.07 2.51M 3.21 � 0.08 2.55M 7.33 � 0.03 2.55M

1 Cluster routing with multiple channels. 2 Single channel. 3 First variation

(multi-channel). 4 Second variation (single channel).

Fig. 4.1: Single-channel quick implementation of cluster routing.
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Cluster Routing with Multiple Channels

Cluster routing can also be implemented with multiple channels. Each capsule layer

consists ofC channels and, within each channel, there areN clusters. As each channel

contributes a vote cluster, there areC vote clusters per channel, makingN equal to C

in this case. For simplicity, this variation involves multiple channels, with each channel

representing the single-channel version of cluster routing, as previously presented.

4.3.4 Proposed Routing Variations

Our First Routing Variation

This deviated version originates from the multiple-channel version of cluster routing.

Nevertheless, it remains compatible with the single-channel version, and we adhered to

the agreement based on standard deviation. However, we omit the step of summation

over the weighted centroids, thereby eliminating the need for the hyperparameter

N , representing the number of clusters per channel. The process is illustrated in

Figure 4.2.

The agreement vectorai in Equation (4.3) is simpli�ed as the reciprocal of its

standard deviation, as follows:

ai =
1

q
1
K

P K
k=1 (ûk

i � m k
i )2

(4.8)

Apart from the weighted sum in Equation (4.5), the centroids of these vote groups

are only weighted and fast-forwarded to the next layers, as follows,

s = ci � m i ; (4.9)
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Fig. 4.2: Overview of the proposed multi-channel routing variation.
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where,

ci =
ai

P C
j =1 aj

(4.10)

Then, layer normalization [46] is applied to the weighted centroidss. The fast-

forward mechanism, when experimentally applied, exhibited comparable performance

with fewer parameters than the weighted sum approach used in cluster routing for

the SVHN and CIFAR-10 data sets, as illustrated in Table 4.1. This method has the

potential to reduce the number of parameters while preserving network performance.

To demonstrate the process, the bottom of Figure 4.2 illustrates the connections

between the capsule layers. At the top of the �gure,3 � 3 primary capsules are

multiplied with each weight matrix of a weight cluster comprisingK matricesW f 1;��� ;K g
i

to generate a vote clusteru f 1;��� ;K g
i . This vote cluster consists ofK votes, depicted

as a 1� 1 � K block (colored cyan) in the right corner of the front middle block.

Each cluster sends its weighted centroidm i based on the agreement vectorai to the

next capsule layer. The agreement vector is the result of comparing the standard

deviation of each vote cluster with other vote clusters within their smaller respective

group, distinguished using di�erent colors, where the number of groups is denoted as

G. In the current scenario, there are three groups (G = 3), each with two centroids

(denoted asm 0 and m 1). These centroids are weighted using their corresponding

standard deviations� 0 and � 1, resulting in transformed values (labeled asm 0
0 and

m 0
1 for the cyan-colored group). This procedure is replicated for the other (red and

blue) groups. The resultant weighted centroids are concatenated together to form the

next capsule channel layer.
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Our Second Routing Variation

While conducting extensive experiments with various hyperparameters in cluster

routing, we observed that increasing the number of votes per cluster (denoted asK )

in both single- and multiple-channel versions can lead to a decrease in performance,

as demonstrated in Figures 4.3 and 4.4, respectively. Therefore, we introduce a second

variation of the routing mechanism to mitigate the impact of increasingK while

enhancing its performance.

In Figure 4.5, the K and N dimensions are split only once in the original cluster

routing, using the .view() method in PyTorch. This second variation suggests that

the breakdown is not limited to only two times (as depicted in Figure 4.5) but,

rather, depends on the dimension of the tensor, which must satisfy the condition

K 1 � N 1 � K 2 � N 2 = K � N .

Fig. 4.3: Performance of the single-channel version of cluster routing withN = 8

and D = 32.
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Fig. 4.4: Performance of the multiple-channel version of cluster routing withC = 4

and D = 6.

Fig. 4.5: Second variation scheme.

This approach can be utilized to e�ectively manage capsule layers with large

dimensions, resulting in improved performance and faster convergence, as illustrated

in Figures 4.6 and 4.7.
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Fig. 4.6: Performance of cluster routing and the Second Variation.

Fig. 4.7: Training curves for cluster routing and the second routing variation.

4.4 Experimental Setup

In all experiments, we set the number of capsule layers to 5 and used a stride of 2

in the second and fourth layers. The models were all trained with the Stochastic

Gradient Descent optimizer and cross-entropy loss. Training was performed with a

batch size of 64 over 300 epochs, with an initial learning rate of 0.1 and a step decay

of 0.1 at every 100 epochs. The hyperparameters for augmentation were tuned using

a validation set comprising one-�fth of the training images.
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The reference CNN employed for comparison was composed of �ve ReLU con-

volutional layers. Each layer incorporates ReLU activation, 256 �lters, and layer

normalization, resulting in a total of 3.38 million parameters.

Data Pre-Processing

For each data set, we employed brightness and contrast jitter to augment the training

data. We used� and � to control the contrast and brightnessf (x) of a pixel at

position x by g(x) = �f (x) + � . Speci�cally, random brightness and contrast were

applied with a factor of 0.2. The value of� was randomly chosen from a uniform

distribution in [0.8, 1.2], and the value of� from [� 0:2 1
N x

P
x f (x), 0:2 1

N x

P
x f (x)],

with Nx denoting the total number of pixels and 1
N x

P
x f (x) denoting the mean pixel

value.

The smallNORB [77] data set contains 24,300 images at 96� 96 resolution,

classi�ed into 5 classes. Pre-processing, as per [44], involved down-sampling to 48

� 48, normalization and, for training, a contrast factor of 0.2, random shifts of 0.2,

padding to 56 � 56, and random cropping to 32� 32. For testing, images were

centrally cropped to 32� 32.

The Fashion-MNIST [78] data set contains 70,000 images with a resolution of

28 � 28 pixels, categorized into 10 classes. The data set was split into training and

testing sets with a ratio of 6:1. During training, various data augmentation techniques

were applied to the images, including random brightness adjustments, random 
ips

with a 0.5 probability, and contrast adjustments with a factor of 0.2. Additionally,

the images were padded to a size of36 � 36 pixels, then randomly cropped to a �nal
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size of 32� 32 pixels.

The CIFAR-10 [79] data set consists of a collection of 60,000 color images, each

measuring32 � 32 pixels, and is divided into 10 di�erent classes, with each class

representing a distinct object or category. Each class contains 6000 images. The

training and testing sets were divided with a 5:1 ratio. In the training phase, random

adjustments to brightness and contrast were implemented with a factor of 0.2. Padding

to achieve a size of 40� 40 was conducted, then random cropping was applied to

obtain a 32 � 32 portion. Additionally, random horizontal 
ips were introduced with

a 0.5 probability.

The SVHN [80] data set comprises 10 digit classes represented as 32� 32 real-

world house numbers. The core training set, consisting of 73,257 images, was used for

training, while evaluation was performed on the 26,032 test set images. Throughout

training, random brightness and contrast adjustments with a factor of 0.2 were applied.

Images were padded to 40� 40, and random 32� 32 crops were extracted for further

processing.

4.5 Results

In Table 4.1, we evaluate and compare the performance of our proposed capsule

network in classi�cation tasks (although it is not exclusively con�ned to such tasks).

We investigated its generalization to novel viewpoints and experiments through the

various indicators of agreement between cluster votes. For each data set, we conducted

a minimum of 8 experiments using 8 random seeds under identical conditions, and
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the average test error rate, standard deviation, and the number of parameters are

presented in Table 4.1.

4.5.1 Comparison with the Baseline CNN

In our study, our proposed cluster routing variations demonstrated superior per-

formance when compared to the baseline CNN in two key aspects: the number of

parameters and test error rates. Notably, when tested on the smallNORB data set,

which is known for its variations in viewpoint, the proposed variations achieved higher

accuracy while employing fewer parameters, as illustrated in Table 4.1. The CNN

baseline, with 3.3 million parameters, achieved a test error rate of 3.76% on the small-

NORB data set, while our strategy halved the test error rate to 1.95% while using

approximately one-third of the parameters (1.11 M). The proposed variation achieved

the best performance on this data set, with a test error rate of 1.46%. This proves the

robustness of CapsNets in handling viewpoint variations in object recognition and pose

estimation tasks. This accomplishment can be attributed to the capsule network's

inherent capability to retain and utilize pose information within the features, enabling

robust generalization even when confronted with images captured from viewpoints that

have not been previously encountered [65] While demonstrating superior performance

and robustness on the smallNORB data set, our proposed variations also exhibited

improved performance with a reduction in the number of parameters across image

processing tasks, including the real-world digit recognition task in the SVHN data

set, as well as image classi�cation in the Fashion-MNIST and CIFAR-10 data sets, as

illustrated in Table 4.1. This can be useful in real-world scenarios, where objects may
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be partially occluded or where the viewpoint of the object may vary.

CNNs are adept at a wide array of tasks, but encounter di�culties in maintaining

the spatial relationships between objects due to the incorporation of max-pooling

layers [53, 55, 81].These layers, which are designed for feature extraction and di-

mensionality reduction, inadvertently result in the loss of spatial information among

objects. Consequently, CNNs may demonstrate decreased robustness in scenarios

involving changes in viewpoint, scale, and rotation [54]. Capsule networks o�er a

solution to this issue by eliminating the need for pooling layers. Instead of relying on

scalar values for feature representation|as is common in CNNs|CapsNets employ

vectors or \capsules". Furthermore, they utilize a \routing-by-agreement" mechanism

instead of pooling, which allows capsules to collaboratively decide on the existence

of higher-level features [50]. This capability to preserve spatial relationships renders

CapsNets particularly bene�cial in the �eld of medical image analysis for tasks such

as tumor detection, semantic segmentation, and disease classi�cation, especially con-

sidering the variability in the body shapes and sizes of patients, as well as tumor

locations.

Despite their potential, CapsNets face inherent challenges; notably, they depend

on a sophisticated routing algorithm that requires extensive agreement computations

among capsules. In seminal CapsNet studies, such as those cited by [41, 44], routing

iterations have been shown to be crucial for updating capsule agreements, considerably

lengthening training and inference times [50]. This issue could limit the ability of

CapsNets to match the depth and scalability of CNNs [52]. Nevertheless, our novel

approaches leverage a non-iterative strategy to calculate capsule agreement, e�ectively
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reducing the training duration by an average of 15%, when compared to conventional

iterative methods [41, 44].

4.5.2 Comparisons with the State-of-the-Art

For a fair comparison in Table 4.1, we employed identical data processing and training

settings, ensuring the selection of con�gurations with a similar number of parameters.

Our �rst variation, characterized by a lower number of parameters, achieved

performance comparable to that of the original cluster routing approach. Speci�cally,

the V1M4324 variation with fewer parameters (1.11 million in total) demonstrated

a test error rate of 3.48% on theSVHN data set. This is comparable to that of the

original cluster routing approach, which has 2.89 million parameters and a similar error

rate. Similarly, in the context of the CIFAR-10 data set, the outcomes of theV1M4324

variation closely matched those of the original cluster routing, despite employing fewer

parameters, with test error rates of 7.83% and 7.89%, respectively. However, it slightly

fell short in performance on theFashion-MNIST data set, exhibiting a test error rate of

4.95% with 1.1M parameters, in contrast to the original cluster routing, which achieved

4.84% with 1.3M parameters. Despite this result, this variation demonstrated the

potential to achieve comparable performance with fewer parameters. Furthermore, our

variation employed a simpler agreement calculation, leading to a modest reduction in

training time (averaging 5%), when compared to the original cluster routing approach.

Our second variation model,V2S, demonstrated signi�cant performance enhance-

ments compared to existing capsule networks with an equivalent number of parameters

to the original cluster routing, as detailed in Table 4.1. Our analysis revealed that
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an increase in the number of votes per cluster, denoted asK , led to a degradation

in the performance of the original cluster routing in both single- and multi-channel

con�gurations, as depicted in Figures 4.3 and 4.4, respectively. TheV2S model

addresses this issue e�ectively, o�ering a strategic approach to manage capsule layers

with signi�cant dimensions and alleviate the negative impact of increasingK . In the

context of the smallNORB data set, V2S not only achieved superior performance,

as demonstrated in Figure 4.6, but also exhibited faster convergence during network

training, as illustrated in Figure 4.7. These characteristics signi�cantly enhance the

cluster routing e�cacy, underscoring the potential of theV2S model in improving

cluster routing capabilities.

Despite nuanced variations, the two proposed routing alternatives emerge as vi-

able options, showcasing notable strengths in differentiating data sets with diverse

characteristics.

4.5.3 Classi�cation across Various Viewpoints

In this section, we evaluate the generalization capabilities of our proposed methods to

novel viewpoints using thesmallNORB data set. To guarantee a fair comparison, we

also retrained the cluster routing algorithm, applying the same data augmentation

techniques as those used in our methods.

The network was trained on the training set with varying capture angles or azimuths

(300, 320, 340, 0, 20, 40). The test set comprised di�erent instances in the same

categories, with unseen angles ranging from 60 to 280. To evaluate the network's

performance under varying elevation viewpoints, we selected three smaller elevations
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from the training set and tested the model on six larger elevations from the test set.

From the novel azimuth viewpoint, our �rst variation achieved the highest accuracy

of 85.27%. The multiple-channel version of the original cluster routing and our �rst

variation demonstrated an advantage over the single-channel version. Regarding the

novel elevation viewpoint, the single version of our second variation attained the highest

accuracy of 84.44%, as depicted in Table 4.2. The performance of both variations was

on par with the original cluster routing, maintaining robust generalization to novel

viewpoints. In certain instances, they even exhibited a slight advantage.

Fig. 4.2: Comparison of generalization capabilities on thesmallNORB dataset across various

viewpoints.

Azimuth (%) Elevation (%)

Model CS CM V2S V1M CS CM V2S V1M

#Params 2.55M 2.89M 2.55M 2.89M 2.55M 2.89M 2.55M 2.89M

Novel View 83.31 84.89 83.84 85.27 83.79 84.25 84.44 83.71

4.5.4 Agreement Indicators

In cluster routing, the standard deviation of the votes within a cluster serves as a

metric for assessing the consensus among votes surrounding the cluster centroids.

Speci�cally, 1
� is utilized to calculate the agreement weighting for the cluster centroids

in cluster routing.

We performed experiments to investigate alternative agreement indicators, in-

cluding 1p
� , 1

� 2 , 1
� 3 , and the mean of absolute di�erence. However, no signi�cant
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variations in network performance were observed. Additionally, we explored alterna-

tive indicators, such as the L1 norm (Manhattan norm) and the L2 norm (Euclidean

norm), utilizing a moving 3D kernel for norm calculations. Despite these e�orts, such

alternatives led to a decrease in performance.

The summarized performance results for these investigations are provided in

Table 4.3. Based on these �ndings, we concluded that1� stands out as the optimal

choice for the agreement indicator, due to its simplicity and e�ciency.

Fig. 4.3: Performance ofsecond variation on CIFAR-10 with diverse agreement indicators.

p
� � � 2 � 3 MAD * L1 Norm L2 Norm

10.92� 0.33 10.78� 0.34 10.75� 0.37 11.05� 0.54 11.26� 0.39 34.41� 0.16 29.44� 0.25

* Mean of absolute di�erence.

4.6 Conclusions

This research aimed to clarify the key de�nitions and concepts integral to cluster

routing, with an emphasis on demystifying the terminologies and principles underlying

the original cluster routing algorithm. Additionally, a comprehensive guide was

provided for the implementation of di�erent versions of the original cluster routing

framework, with the goal of streamlining its deployment and facilitating broader

adoption across diverse applications.

Extensive experiments were conducted to assess the limitations associated with

increasing the number of votes per cluster and to explore alternative agreement

indicators for cluster routing. The �ndings indicated that the standard deviation of

the votes within a cluster stands out as the optimal choice for the agreement indicator,
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owing to its simplicity and e�ciency. It was also observed that increasing the number

of votes per cluster, denoted asK , led to decreased performance in the original cluster

routing for both single- and multiple-channel con�gurations.

Furthermore, two innovative variations of the cluster routing mechanism were

proposed to enhance its capabilities. The �rst variation simpli�es the original compu-

tation process by omitting the summation over weighted centroids, thereby reducing

training time while maintaining comparable performance with fewer parameters. This

simpli�cation is advantageous, as computational complexity and memory requirements

often constrain the design of deeper and larger capsule networks. The second variation

addresses the impact of increasing the number of votes per cluster by enabling capsule

layers to e�ectively handle higher-dimensional representations. This approach im-

proves performance relative to the original cluster routing and o�ers faster convergence

during network training.

Application to 3D Volumetric Segmentation

To further evaluate the practicality of the proposed non iterative cluster routing

mechanism, it was integrated into a 3D segmentation framework based on the 3D-

UCaps architecture [82]. In this experiment, the dynamic routing component of the

bottleneck layer was replaced with the proposed cluster routing algorithm, while

preserving the overall U-Net structure and the number of parameters. The modi�ed

architecture was trained on volumetric medical image data under the same experimental

conditions as the original 3D-UCaps baseline.

Quantitative evaluations revealed that the cluster routing variant achieved seg-
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mentation accuracy comparable to the dynamic routing baseline, with only marginal

di�erences in Dice similarity coe�cient (DSC) and average surface distance (ASD).

While the non iterative routing reduced training time by eliminating iterative weight

updates, it did not yield a substantial improvement in segmentation performance.

This limited gain is attributed to the architectural design of 3D-UCaps, where the

capsule routing mechanism is con�ned to a small bottleneck region, exerting limited

in
uence on global feature propagation throughout the encoder{decoder hierarchy.

These results indicate that achieving noticeable improvement in segmentation tasks

requires more than substituting the routing algorithm within an existing architecture.

To fully realize the potential of capsule networks in segmentation, the structural

design of the U-Net itself must be reimagined. A dramatic architectural shift|where

capsule layers replace or augment multiple encoder and decoder blocks, and routing

mechanisms operate across scales|is necessary to allow capsules to capture both local

and global spatial dependencies. Such an approach would enable agreement-based

routing to in
uence the entire feature 
ow rather than a restricted bottleneck, leading

to a more coherent and context-aware segmentation process.

Future Directions

The proposed methods improved the e�ectiveness and interpretability of cluster

routing, demonstrating potential for broader applications beyond classi�cation tasks.

Future work will focus on restructuring the U-Net architecture to integrate capsule

routing more deeply across multiple layers and scales, enabling a uni�ed capsule-based

segmentation framework. In addition, these approaches will be explored in domains
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such as medical image analysis, volumetric segmentation, and deepfake detection. The

continued development of non iterative capsule routing mechanisms may contribute

to more e�cient and scalable deep learning models capable of preserving spatial

hierarchies while reducing computational overhead.
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Chapter 5

Enhancing Semantic Segmentation with Reinforced

Active Learning

Deep learning based segmentation models such as U-Net have achieved remarkable ac-

curacy across medical and natural imaging domains. Their encoder{decoder structures

enable the extraction of rich hierarchical features that integrate both local and global

context, advancing the state of semantic segmentation beyond handcrafted meth-

ods. However, these gains come with signi�cant dependence on large, well-annotated

datasets. In medical imaging, where expert annotation often requires trained radi-

ologists or other specialists, the process is expensive, time-consuming, and prone to

inconsistency. Questions of how much annotation is su�cient, which samples should be

labeled �rst, and how annotation order in
uences model performance remain open and

critical challenges. Even with powerful architectures, dataset imbalance and limited

labeled data continue to hinder generalization, especially in clinical environments

where data diversity is constrained by patient demographics and ethical considerations.

The motivation of this chapter stems from these challenges: how to train high-

performing segmentation systems e�ciently when annotation is costly and data are

scarce. Instead of increasing dataset size inde�nitely, a more intelligent strategy is

to make the annotation process itself adaptive and data-driven. Reinforced active

learning o�ers such an approach by allowing the model to learn what to annotate next,

balancing exploration of new samples with exploitation of those most informative

for improving performance. Through reinforcement learning principles, the selection
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policy evolves based on prior annotation outcomes, thereby reducing labeling e�ort

while accelerating convergence.

This chapter therefore explores reinforced active learning for semantic segmentation,

focusing on how the integration of reinforcement learning strategies can optimize both

annotation e�ciency and model robustness. It aims to address fundamental questions

about annotation su�ciency, selection order, and e�cient training under limited

supervision|paving the way for practical, scalable, and cost-e�ective segmentation

frameworks suitable for real-world medical applications.

5.1 Introduction

Semantic segmentation assigns a class label to each pixel in an image, dividing it

into meaningful regions that help interpret visual information at a detailed level.

Unlike image classi�cation, which gives a single label to an entire image, semantic

segmentation provides �ne pixel-level understanding that allows for more precise

analysis.

Training large segmentation models, however, faces two main challenges: dataset

imbalance and the heavy cost of annotation. In clinical datasets, di�erences related to

age or gender, as well as uneven representation in natural images, can strongly in
uence

model performance. In addition, producing pixel-level annotations is both time-

consuming and labor-intensive. This study addresses these issues through reinforced

active learning, which combines methods such as Dueling Deep Q-Networks, Prioritized

Experience Replay, Noisy Networks, and Emphasizing Recent Experience to improve
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both e�ciency and accuracy. The approach aims to speed up annotation by selecting

the most informative and representative samples while reducing dataset bias through

careful learning strategies.

The goal of this research is to build a high-performing and reliable framework for

accurate semantic segmentation, especially when datasets are imbalanced. Experiments

show both the strengths and the limitations of the methods explored, providing

direction for more re�ned and precise segmentation algorithms.

In summary, this chapter presents how reinforced active learning can enhance

semantic segmentation by maintaining a balance between exploration and exploitation

in reinforcement learning, leading to more e�ective and e�cient image analysis in a

wide range of applications.

5.2 Background

5.2.1 Semantic Segmentation

Semantic segmentation is a fundamental task in computer vision that assigns a class

label to each pixel in an image, enabling a detailed understanding of visual content.

This pixel-wise classi�cation supports numerous applications, including autonomous

driving, medical imaging, and robotics [83]. Unlike image classi�cation, which assigns

a single label to an entire image, semantic segmentation provides �ne-grained spatial

information that delineates object boundaries and spatial relationships within scenes.

However, semantic segmentation faces two major challenges: data imbalance and

annotation ine�ciency. In many real-world datasets, underrepresented classes lead
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to biased model predictions that compromise performance for minority categories

[84]. For example, clinical datasets may contain an abundance of images from certain

demographic groups while lacking diversity from others, and natural image datasets

often include dominant object categories that overshadow rarer ones [85]. Such

imbalances cause models to over�t prevalent classes, reducing their ability to generalize

across diverse data distributions [86].

Another challenge lies in obtaining high-quality pixel-wise annotations. Producing

dense labels is both time-consuming and labor-intensive, often requiring expert an-

notators to mark every image at pixel-level precision [87]. This process is prone to

human error and becomes impractical for large-scale datasets. As highlighted in [88],

semantic segmentation datasets demand meticulous annotations to achieve accuracy

and generalization, yet these datasets often remain constrained by limited labeling

budgets. Hence, e�cient annotation strategies such as active learning have become

essential to minimize manual e�ort while maintaining annotation quality.

5.2.2 Active learning

Active learning is a machine learning paradigm that minimizes labeled data by

selectively annotating the most informative samples. At each iteration, the model

identi�es a subset of samples from the unlabeled dataset that, if labeled, would most

improve performance compared to random selection. This targeted annotation process

enhances e�ciency by focusing only on critical data points [89].

Active learning strategies are generally grouped into three types. The �rst, Mem-

bership Query Synthesis, involves the model generating new, informative samples
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for training. The second, Stream-Based Selective Sampling, allows the model to

decide whether to label each incoming sample based on its informativeness. The third,

Pool-Based Sampling, selects the most informative examples from a large pool of

unlabeled data.

Despite its advantages, active learning for semantic segmentation has received

less attention than for image classi�cation, mainly due to the higher annotation cost

and complexity involved in pixel-level labeling, where each image requires detailed

per-pixel annotation.

5.2.3 Reinforced Active Learning

Reinforced active learning integrates active learning with reinforcement learning to

optimize sample selection policies through experience-based decision making. In this

framework, a reinforcement learning agent learns to select data samples guided by

a policy re�ned through iterative interaction with the learning environment. The

agent receives feedback in the form of rewards, which correspond to measurable

improvements in model performance after the inclusion of newly labeled samples

[90]. This approach e�ectively balances exploration and exploitation, enabling the

agent to explore diverse samples while prioritizing those expected to yield the highest

performance gain. Reinforced active learning is particularly advantageous in low-

data regimes and scenarios where annotation is expensive, as it maximizes model

improvement under constrained labeling budgets [91].
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5.2.4 Signi�cance of Reinforced Active Learning in Semantic Segmentation

This work combines the bene�ts of reinforced active learning with semantic segmenta-

tion to handle dataset imbalances and annotation e�ciency. The presented framework

here capitalizes on state-of-the-art RL techniques in prioritizing the selection of infor-

mative and representative samples to alleviate the annotation burden and enhance

the model over all classes, whether balanced or imbalanced.

In summary, the chapter has given a broad view of semantic segmentation, the

challenges around it, and how active and reinforced learning methodologies could o�er

the potential to mitigate those challenges. The following sections will discuss the

related work, proposed methodology, experimental setup, and results showing how

e�ective the given framework of reinforced active learning is in improving semantic

segmentation.

5.3 Related Work

Active learning is a methodology focused on achieving maximal performance gain

with the smallest possible number of labeled samples. Its objective is to search within

the unlabeled dataset for samples containing the greatest amount of information and

present them to an oracle, such as human annotators, for labeling. This minimizes

labeling cost while sustaining performance. Active learning approaches are generally

classi�ed into membership query synthesis [92, 93], stream-based selective sampling

[94, 95], and pool-based strategies [96], depending on the application context [97]. Some

methods combine multiple strategies to improve overall performance, as illustrated by
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Shui et al. [98], who balanced sample diversity and uncertainty to enhance selection

e�ciency. Despite extensive study, active learning remains di�cult to apply to

high-dimensional data such as images, text, and video, so most research focuses on

low-dimensional problems [99, 100].

Recent work has explored reinforcement learning to develop labeling policies that

directly optimize active learning performance. Dhiman et al. [101] proposed a mul-

timodal active learning framework using deep reinforcement learning to improve

annotation e�ciency in multimedia streaming applications. Gong et al. [102] intro-

duced a meta-agent teaming active learning framework to reduce annotation labor in

pose estimation. Sadigh et al. [103] formulated an active learning algorithm for inverse

reinforcement learning based on human preferences between sample trajectories, while

Kunapuli et al. [104] and Ezzeddine et al. [105] used expert feedback or preference

elicitation to guide actions within a de�ned state space. These studies highlight how

reinforcement learning can adaptively re�ne labeling strategies through learned policies

rather than handcrafted heuristics.

Active learning has also been extended to semantic segmentation, where annotation

costs are particularly high due to pixel-level labeling. Uncertainty-driven methods

prioritize samples with high aleatoric uncertainty, as shown by Kamp�meyer et al.

[106], while Jain et al. [107] emphasized diversity and representativeness through hand-

crafted metrics. Other works leveraged superpixel-based over-segmentation [108, 109]

to reduce redundancy or applied domain-speci�c heuristics for biomedical images

[110, 111]. Golestaneh et al. [112] further stressed the importance of self-consistency

in selecting samples that remain invariant under simple transformations.
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Following the emergence of the Deep Q-Network (DQN), various extensions were

proposed to address its limitations and improve data e�ciency. Double DQN [113, 114]

reduces overestimation bias by separating action selection from evaluation. Prioritized

experience replay [115] enhances learning e�ciency by sampling informative transitions

more frequently. The dueling network architecture [116] decouples state-value and

advantage functions to improve generalization. Multi-step bootstrapping, as in A3C

[117], balances bias and variance while accelerating reward propagation, and Noisy

DQN [118] introduces stochastic layers to promote exploration. Building upon these

improvements, our work presents a reinforced active learning agent that integrates

these extensions to optimize sample selection for semantic segmentation tasks [88].

5.4 Methodology

5.4.1 Active Learning with Reinforcement Learning for Semantic Segmen-

tation

Following Casanova et al. [119], we adopt their architecture to train the segmentation

network and formulate the process as a Markov Decision Process (MDP). The active

learning framework aims to enhance the performance of a segmentation networkf ,

parameterized by� , under a limited labeled sample budgetB . At each iteration, a

query network � , parameterized by� , selectsK regions from the unlabeled setUt .

These regions are then submitted to an oracle for labeling, augmenting the labeled set

L t . The segmentation networkf is trained on the updatedL t , and its performance

is evaluated using the Intersection-over-Union (IoU) metric. This process continues
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until the labeling budget B is reached, enabling the model to achieve high-quality

segmentation by e�ciently selecting the most representative regions for annotation.

The approach is data-centric, allowing the model to learn an acquisition strategy from

previous active learning experiences.

The setup employs four distinct data partitions. The query network� is trained

using a subset of labeled dataDT , iterating through the active learning process to learn

an e�ective acquisition function that maximizes performance within the labeling budget

B . The validation subsetDV is used to evaluate the query network. A separate subset

DR generates the reward signal by assessing the segmentation network's performance,

while another subsetDS, not larger than DT , is used to construct the current state

representation.

Formally, the MDP is de�ned as the tuple (S; A; r; T; 
 ), where S denotes the

set of states,A represents the actions composed ofK sub-actions that depend on

the segmentation network and labeled/unlabeled sets,r : S � A ! R is the reward

function based on improvement in mean IoU per class,T : S � A � S ! R is the

state-transition function, and 
 is the discount factor indicating the reduced value of

future rewards compared to immediate ones.

An episode terminates when the labeling budgetB is exhausted. At the end of each

episode, the segmentation networkf is reinitialized with weights � 0, and a new episode

begins. The query policy� is trained by simulating multiple episodes, with weight

updates performed after each time step by sampling transitions (st ; at ; r t+1 ; st+1 ) from

the experience replay bu�erE. Figure 5.1 illustrates the overall training work
ow.
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Fig. 5.1: The overall work
ow of the active learning with Reinforcement learning in

semantic segmentation.

5.4.2 Extensions to DQN

The evolution of Deep Q-Networks (DQN) led to several major extensions designed to

overcome the limitations of the original framework and enhance its performance. These

extensions expanded DQN's capability, enabling more stable and e�cient learning in

complex environments. While Double DQN and Dueling DQN have been discussed in

the previous chapter, the following section focuses on the remaining four extensions

incorporated in our framework.

Prioritized experience replay: Schaul et al. [115] introduced the Prioritized Expe-

rience Replay mechanism, which improves sampling e�ciency by assigning a priority

value to each transition stored in memory. This prioritization allows the agent to

replay more informative experiences more frequently, thereby accelerating learning

and improving convergence stability.
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P(i ) =
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iP
k p�

k

(5.1)

Experiences are sampled based on their priorities, with� controlling the sampling

bias. Priorities are determined by the temporal-di�erence (TD) error from the agent's

most recent update, directing more learning toward poorly predicted transitions and

improving sample e�ciency. Newly added transitions receive high priority, biasing

replay toward recent data while retaining stochastic sampling to preserve exploration.

Emphasizing recent experience: Originally introduced to accelerate the convergence

of Soft Actor-Critic (SAC) [ 120], this method can extend to various algorithms that

bene�t from emphasizing recent experiences. The key idea is to sample mini-batches

from the replay bu�er with increasing focus on recent data, ensuring faster adaptation.

It follows two principles: (i) recent experiences are sampled more frequently, and

(ii) older data are not allowed to overwrite newer ones. The Experience Replay

Emphasis strategy thus enables e�cient learning by prioritizing recent transitions

while preserving knowledge from past policies through a simple yet e�ective sampling

mechanism.

Adaptive epsilon greedy: The epsilon-greedy strategy balances exploration and

exploitation by selecting a random action with probability� and a greedy action with

probability 1 � � . For example, with � = 0:3, the agent explores randomly 30% of the

time and exploits the best-known action 70% of the time. A re�ned version, Adaptive-

epsilon-greedy [121], gradually decays� from an initial value pinit (e.g., 0.6) to a �nal

value pend (e.g., 0.1) overnstep training epochs. This allows extensive exploration at

the start and progressively shifts toward exploitation as training proceeds, following
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the update rule:

r = max
�

N � nstep

N0

�
(5.2)

�  (pinit � pend) � r + pend (5.3)

This 
exible scheme enables training to conclude with a low exploration probability

pend after nstep, allowing the agent to increasingly favor exploitation toward the end of

training. A small residual exploration probability is maintained to ensure continued

adaptability as the policy approaches convergence.

Noisy Network: Noisy networks are often preferred over the epsilon-greedy strategy

as they enable more e�cient and dynamic exploration during training. Instead

of relying on random action selection, a Noisy Network [118] injects stochasticity

directly into its parameters, producing smoother and more continuous exploration. It

introduces a noisy linear layer that combines deterministic and stochastic components,

allowing the network to learn both the optimal policy and the appropriate level of

exploration adaptively.

y = ( b+ Wx) + ( bnoisy � � b + ( Wnoisy � � w)x) (5.4)

Where � w and � b are random variables and� represents the Hadamard product. Over

the long term, the network learns to ignore the noisy stream; however, it does so at

di�erent rates for di�erent areas of the state space, allowing state-dependent exploration

with a type of intrinsic self-annealing. More precisely, such a dynamic strategy of

exploration can �ne-tune the relationship between exploitation and exploration in
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ways that favor adaptability and learning e�ciency in complex settings.

Soft update for target network: The soft update target network is an important

stabilization technique in deep reinforcement learning [122]. Unlike hard updates

that periodically copy parameters from the main network to the target network, soft

updates adjust the target parameters gradually toward the main network's parameters.

This smooth transition prevents abrupt changes that could destabilize learning. The

update rate is controlled by� , which determines the blending ratio. In the original

DPG algorithm, � was set to 0.001, and the target network update rule is de�ned as:

� target = � � � + � target � (1 � � ) (5.5)

The small value of� allows the target network to gradually align with the Q-network,

requiring frequent updates for e�ective adjustment. This approach enables the target

network to track the main network's changes smoothly, ensuring stable and consistent

learning. It is especially bene�cial in complex reinforcement learning tasks where

stability during training is essential for achieving optimal performance.

5.5 Experimental Setup

This section describes the experimental setup used to evaluate the proposed reinforced

active learning framework for semantic segmentation. It includes details on the

datasets, data collection and preprocessing methods, evaluation metrics, comparative

baselines, and the hardware and software con�gurations used in the experiments.
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5.5.1 Dataset Description

The experiments use the CamVid dataset [123], containing 360� 480 street scene

images across 32 classes, as shown in Figure 5.2. Captured from a moving vehicle,

the dataset provides diverse urban views. We focus on 11 main classes, whereRoad,

Building, and Sky dominate (15.81%, 27.35%, and nearly all frames), whileCar and

Pedestrian occupy smaller regions (3.93% and 0.64%). Table 5.1 summarizes the

evident class imbalance addressed in our study. The sequences include daytime and

dusk scenes under varied lighting.

The dataset is split into 370 training, 104 validation, and 234 test images. From

the training set, 100 labeled images formDT , 10 images formDS, and 260 images

are used for baseline evaluationDV . The validation set de�nesDR , and the test set

provides �nal segmentation results. Each image is divided intoK = 24 regions of

80� 90 pixels. We performed �ve runs with di�erent random seeds, reporting the

mean and standard deviation. Data augmentation includes horizontal 
ipping and

random cropping to 224� 224.

Fig. 5.2: Labeled frames from the video at 1Hz.
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Fig. 5.1: Statistics for each class used in this study.

Class name Percentage (%) Occurrence

Road 27.3 701

Building 22.7 687

Sky 15.8 699

Tree 10.4 636

Sidewalk 6.33 672

Car 3.4 643

Column Pole 0.98 698

Fence 1.43 363

Pedestrian 0.64 640

Bicyclist 0.53 365

Sign Symbol 0.12 416

% shows the ratio of pixels.

Occurrence shows the number of occurrences over all images.

In addition to CamVid, the Grand Theft Auto V (GTA) dataset [ 124] was used for

pre-training. This synthetic dataset provides pixel-level semantic annotations generated

from the open-world game Grand Theft Auto V, o�ering diverse urban scenes from a

vehicle's perspective and richly annotated data for robust model initialization.

5.5.2 Data Collection and Preprocessing

The CamVid dataset was captured using a digital �lm camera under �xed conditions

without auto-zoom, focus, or adjustments during the collection process. The cameras
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were set to a �xed gain and shutter speed, and the aperture was maximized to prevent

overexposure of white objects.

Preprocessing steps included:

ˆ Annotation: Each image in the dataset was manually annotated to assign

pixel-level semantic labels.

ˆ Data Augmentation: To enhance the robustness of the model, data augmentation

techniques such as horizontal 
ips and random crops (224Ö 224 pixels) were

applied to the images.

ˆ Region Division: Each image was divided into K regions (K = 24) with a

resolution of 80Ö 90 pixels for the active learning process.

5.5.3 Evaluation Metrics

The active learning agent was trained onDT using approximately 0.5k regions to

optimize region selection for data-scarce conditions. Evaluation was performed on

DV under varying �xed budgets, where the agent accessed an increasing number of

images. Once the budget was reached, the segmentation network was trained onLT

until meeting the early stopping criterion onDR . The segmentation networkf for

all methods was pre-trained using the GTA dataset andDT . Final performance was

assessed on the CamVid test set using the Intersection over Union (IoU) metric.
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5.5.4 Hardware and Software Con�gurations

The experiments were conducted using a single NVIDIA RTX A5000 GPU with 24

GB of VRAM. The following software con�gurations were used:

ˆ Operating System: Ubuntu 20.04 LTS

ˆ Deep Learning Framework: PyTorch

ˆ Reinforcement Learning Libraries: OpenAI Gym, Stable Baselines3

Training the active learning agents required approximately 18 hours for 5 runs, while

training the segmentation models to evaluate the active learning algorithms took a

total of 8 hours for 5 runs at each of the 6 budgets.

5.6 Results

This section presents the experimental results of the proposed reinforced active learning

framework for semantic segmentation. We compare multiple active learning techniques,

highlight the improvements achieved by our method, and discuss their implications.

Figures 5.3 and 5.4 show performance across increasing budgets of labeled 128� 128

pixel regions. The x-axis labeled \Budget" denotes the number of additional regions

(in thousands) and the percentage of used unlabeled data. Each plot reports the mean

and standard deviation over �ve runs. All segmentation networks were pre-trained on

the GTA dataset and portions of their target datasets. The dashed line represents

96% of the best Intersection over Union (IoU) performance obtained when trained
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with full supervision. As the preceding work achieves higher performance than other

baselines, it is used as the reference model for subsequent comparisons.

Fig. 5.3: Comparisons of various active learning methods.

Figure 5.3 compares the performance of several methods, including Prioritized

Experience Replay (PRIO) [115], the reproduced DQN baseline (BASELINE) [119],

Dueling Deep Q-Network (MDQN) [116], Emphasizing Recent Experiences (ERE)

[120], Noisy Network (NOISY) [118], Adaptive Epsilon-Greedy (ESP) [121], and

Soft Update for Target Network (SOFT) [122]. At 1.5k regions, several methods

exceed 96% of the fully supervised model performance, demonstrating the e�ciency

of selective labeling. Among them, PRIO and SOFT consistently outperform other

approaches, including the baseline, across all budgets except the 1k case for PRIO.

The NOISY model performs the weakest, indicating that additional labeled data

contribute little improvement. These results show that reinforced active learning
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Fig. 5.4: Compare PRIO method with varying replay bu�er sizes.

strategies, particularly those prioritizing or stabilizing updates, enhance segmentation

performance by avoiding local minima and improving generalization.

Figure 5.4 compares the baseline and PRIO methods under di�erent replay bu�er

sizes: 600, 30,000, 60,000, and 120,000. Performance remains stable for bu�er sizes

of 60,000 and 120,000. Notably, PRIO achieves superior results even with a much

smaller bu�er of 600, outperforming larger con�gurations by a signi�cant margin,

demonstrating its e�ciency in utilizing limited experience memory.

The experimental results indicate that incorporating a soft target network update

improves performance by allowing the target network to track the main network's

changes more smoothly, resulting in stable learning and faster convergence to an

optimal policy. This stability yields more reliable Q-value estimates and better overall

performance. The improvement observed with Dueling DQN arises from its separation
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of value and advantage functions within Q-values. By decoupling these components,

the model more e�ectively evaluates the importance of actions across di�erent states,

enhancing generalization and learning e�ciency. This separation also reduces variance

in the learned action-values, stabilizing training and mitigating Q-value overestimation

or underestimation.

Prioritized Experience Replay (PER) enhances reinforcement learning by improving

sample e�ciency, stabilizing training, and promoting e�ective exploration. By assigning

higher sampling probabilities to transitions with larger temporal-di�erence (TD) errors,

PER accelerates convergence and facilitates e�cient learning. Emphasizing rare but

informative experiences enables the agent to handle critical situations more e�ectively.

This prioritization ensures stable policy updates and faster learning, while focusing on

transitions with high learning potential enhances decision-making. PER also reduces

the bias of uniform sampling and mitigates high variance, leading to more accurate and

stable Q-value updates and overall performance gains across reinforcement learning

tasks.

Our experiments show that certain techniques, such as using Noisy Networks

intended to promote diverse segmentation strategies, can degrade performance by

introducing instability and reducing accuracy in speci�c scenarios. In complex environ-

ments with sparse rewards or high-dimensional state spaces, adjusting the exploration

rate alone may not guarantee e�ective exploration. Poor tuning of exploration param-

eters or neglecting learning dynamics can disrupt the exploration{exploitation balance,

even with adaptive epsilon-greedy strategies. Overemphasizing recent experiences

in a Deep Q-Network (DQN) may further impair performance by lowering sample
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e�ciency, reducing generalization, increasing variance, and destabilizing training,

hindering convergence to an optimal policy. Excessive focus on recent transitions

also limits state-space exploration, preventing the discovery of rare yet critical states.

Therefore, maintaining a balance between emphasizing recent experiences and pre-

serving sample diversity is crucial for achieving stable and e�ective learning across

the entire state space.

5.7 Conclusions

This chapter advances semantic segmentation by demonstrating the e�ectiveness of

integrating active learning with reinforcement learning. The proposed framework

addresses key challenges of dataset imbalance and annotation ine�ciency, o�ering

a practical and scalable solution for improving segmentation performance across

diverse domains. By coupling reinforcement learning{based decision-making with

active data selection, the framework enables models to focus on the most informative

samples, reducing annotation costs while enhancing segmentation accuracy. These

�ndings contribute to the ongoing development of more adaptive and data-e�cient

segmentation algorithms, reinforcing progress in both computer vision and machine

learning.

In conclusion, reinforced active learning proves to be a promising strategy for

overcoming the limitations of conventional annotation-driven approaches. It not

only strengthens the foundation for semantic segmentation under constrained data

conditions but also paves the way for future innovations that blend learning e�ciency

88



with model generalization.

The next chapter extends this progression to zero-shot medical image segmentation,

where large vision-language models (LVLMs) and foundation models such as the

Segment Anything Model (SAM) enable segmentation without task-speci�c training

or �ne-tuning. This transition explores how prototype-guided methods using LVLM-

generated spatial priors can further reduce annotation cost and improve cross-domain

generalization.
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Chapter 6

Prototype-Guided Zero-Shot Medical Image

Segmentation with Large Vision-Language Models

Zero-shot methods represent a fundamental departure from traditional supervised

learning, as they require no task-speci�c training or �ne tuning. Instead, they leverage

large vision-language models (LVLMs) and foundation models such as the Segment

Anything Model (SAM) to generate segmentations directly, guided by bounding boxes

or prompts. By replacing dependency on annotated datasets with visual prototypes and

model-generated spatial priors, zero-shot segmentation addresses the dual challenges of

annotation scarcity and domain shift. In this chapter, we introduce a prototype-guided

framework that combines LVLM bounding box priors with SAM and CLIP embeddings,

demonstrating its ability to achieve accurate segmentation across modalities without

training or �ne tuning.

6.1 Introduction

Accurate segmentation of anatomical structures is a critical step in medical image

analysis, impacting downstream applications such as diagnosis, treatment planning,

and disease monitoring. Traditional segmentation approaches rely on large annotated

datasets and supervised training, which is impractical in many clinical domains due to

annotation cost, domain variability, and privacy constraints [125, 126]. Moreover, even

well-trained models often fail to generalize across di�erent institutions, scanner vendors,

and patient demographics due to domain shifts, leading to degraded performance and
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the need for costly retraining.

Zero-shot segmentation addresses these challenges by enabling model deployment

without any task-speci�c �ne-tuning, allowing immediate application to new imaging

modalities and anatomical targets. This dramatically reduces the burden on clinicians

and facilitates scalable solutions in settings with limited annotation resources, such as

rural hospitals or underrepresented populations. By leveraging foundation models like

the Segment Anything Model (SAM) and large vision{language models (LVLMs), zero-

shot methods o�er a promising path toward training-free, adaptable, and equitable

medical AI systems [127, 128, 129]. Robustness under data scarcity and domain

variability makes zero-shot segmentation particularly well-suited for clinical translation.

Recent advances in foundation vision models, such as SAM [130] and CLIP [131],

have shown impressive generalization on natural image datasets. However, their direct

application to medical imaging is hindered by domain-speci�c di�erences in texture,

contrast, and anatomy. The SaLIP framework [132] addressed this gap by integrating

CLIP-based text{image similarity into the SAM segmentation pipeline, using enriched

anatomical descriptions to guide mask selection. While e�ective, SaLIP [132] relies on

language-based supervision, which introduces bias and reduces robustness when text

descriptions are ambiguous or poorly aligned with domain-speci�c anatomy.

This paper proposes a new framework, termed LVLM Prototype Segmentation,

that eliminates language dependence by integrating prototype based visual similarity

and LVLM generated bounding boxes into the SAM segmentation pipeline. Speci�cally,

our approach leverages structured prompt engineering to extract accurate anatom-

ical bounding boxes from Gemini Pro 2.5 and uses class speci�c visual prototypes
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(rather than text) for selecting the correct segmentation masks from the SAM output

candidates.

Our contributions are as follows:

1. A prompt engineering strategy for improving LVLM-based bounding box esti-

mation across diverse medical imaging modalities.

2. A prototype-based similarity ranking method that mitigates language bias and

enhances segmentation accuracy, especially in anatomically ambiguous regions.

3. Comprehensive zero shot segmentation evaluation on three public datasets

including brain MRI, fetal ultrasound, and chest X-ray, performed without any

�ne tuning or task speci�c training

4. Public release of code, bounding box annotations, and prompt templates to

facilitate reproducibility and future work.

By combining LVLM-generated spatial priors with prototype-based visual retrieval,

our framework outperforms prior zero-shot methods such as SaLIP [132] and approaches

the performance of ground-truth{assisted methods, providing a robust and training-free

path forward for medical image segmentation.

6.2 Background and Related Work

The Segment Anything Model (SAM) [130] has emerged as a versatile, prompt-

driven segmentation framework capable of producing masks in a zero-shot manner.

Its ability to segment without retraining has sparked interest in medical imaging,
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where annotation is costly. However, direct application to medical data often yields

suboptimal results due to domain gaps in appearance and structure boundaries

[133, 134]. To address this, recent work has focused on test-time prompting strategies

and semantic guidance without �ne-tuning.

SaLIP [132] exempli�es this direction by combining SAM with CLIP [131] in a

cascade. SAM �rst generates candidate masks, CLIP ranks them using text prompts

enriched with GPT-3.5 descriptions of the target anatomy, and the top match is re-

segmented with SAM for re�nement. This approach improves zero-shot segmentation

across modalities without retraining but relies on text-based similarity, which can

introduce language bias and ambiguity when anatomical terms are imprecise or

underrepresented in CLIP's training data.

Other approaches automate prompt generation to guide SAM. SimSAM [135]

simulates extensive point prompts and aggregates resulting masks to re�ne boundaries,

while EviPrompt [136] places prompts in high-uncertainty regions using evidential

reasoning. These methods improve mask quality without retraining but still depend

on e�ective prompt placement and often require multiple SAM inferences per image.

Parallel work leverages prototype-based segmentation for generalization. Bian

et al. [137] transferred learned \relation prototypes" between modalities to achieve

cross-domain zero-shot segmentation, while Liu et al. [138] used CLIP-derived tex-

tual prototypes to unify organ and tumor segmentation in a single universal model.

Such approaches demonstrate the utility of visual prototypes for removing language

dependence but have not been combined with SAM's mask proposal capabilities.

Current zero-shot medical segmentation methods either (1) depend heavily on
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text-based CLIP similarity (e.g., SaLIP [132]), risking bias and poor coverage for

rare terms, or (2) focus on prompt engineering without integrating strong semantic

priors from LVLM model. Prototype-based methods mitigate language bias but lack

the 
exible mask generation and re�nement pipeline of SAM. Additionally, existing

works rarely exploit LVLMs capabilities (e.g., Gemini Vision) for precise bounding

box estimation as priors to guide SAM prompting. The proposed framework addresses

this gap by replacing textual prompts with visual prototypesfor selecting the correct

segmentation and leveraging LVLM-generated bounding boxes to drivetargeted point

prompting, improving both localization and segmentation accuracy in a fully zero-shot

setting.

6.3 Methodology

6.3.1 Overview of the Proposed Framework

The proposed pipeline begins with prompt-engineered Gemini Pro to estimate precise

bounding boxes for the target anatomical structure. From these bounding boxes, SAM

is used to generate segmentation candidates by point prompting within the predicted

region, while an additional candidate is generated directly from the initial Gemini-

derived bounding box. Candidate selection is performed using CLIP, which computes

similarity scores against a prototype embedding derived from multiple representative

segmentation masks. The whole process is depicted in the Figure 6.1.
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