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ABSTRACT

Deep Learning-Based Metastatic Detection and Localization for Breast

Cancer Diagnosis in Whole Slide Histopathology Images

by

Sepideh Khaliliboroujeni

Breast cancer is one of the most prevalent and lethal diseases among women

worldwide, and early and accurate detection, particularly of metastasis, is crucial

to improving patient survival rates. Deep learning techniques have revolutionized

image analysis, yet their application to histopathology Whole Slide Images (WSIs)

remains a challenge due to the massive size, complex tissue structures, and lim-

ited annotations of WSIs. Although advances such as patch-based classification,

multi-scale modeling, and weakly supervised learning have improved accuracy and

reduced annotation needs, challenges remain. Metastasis detection and localization

approaches still face high computational demands, reliance on extensive annotations,

and difficulty capturing global context and fine details. Patch-based methods are

widely used as they enable manageable processing of large WSIs by dividing them

into smaller regions. However, they often struggle with boundary precision and

detecting small metastases, while reliance on high-resolution WSIs increases costs

and limits scalability in clinical practice. This thesis addresses the core research

question of how deep learning models can be optimized for metastasis detection and

localization in large-scale histopathology images while ensuring efficiency, reliability,

and clinical deployability in weakly supervised settings.

To address this question, this thesis proposes two novel, efficient, weakly su-

pervised deep-learning approaches for the detection and localization of metastases

in WSIs. The first approach, detailed in Chapter 3, focuses on maximal com-

putational efficiency, achieving efficient inference for large-scale WSI analysis using



low-resolution inputs and minimal annotated data, making it suitable for rapid clin-

ical triage.

The second, enhanced framework (Chapter 4) prioritizes spatial accuracy and

improved data efficiency by addressing the limitations of coarse patch-based anal-

ysis. It improves contextual modeling and boundary-level precision through ad-

vanced architectural components, enabling more refined localization of metastatic

regions under weak supervision. Both newly proposed methods reduce computa-

tional and annotation costs by requiring only a fraction of labeled data. Evaluated

on the CAMELYON16 dataset, they outperform state-of-the-art methods and ex-

pert pathologists in metastasis detection and localization, demonstrating robustness

in large-scale, noisy, and limited-data environments.

Dissertation directed by A/Prof. Wenjing Jia, Prof. Daniel Catchpoole and Prof.

Massimo Piccardi.

School of Electrical and Data Engineering
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Chapter 1

Introduction

Breast cancer is a leading cause of illness and death among women globally, repre-

senting approximately 30% of all newly diagnosed cancer cases. This disease arises

from genetic mutations that disrupt normal cell growth regulation, resulting in un-

controlled cell proliferation. The most prevalent form, invasive ductal carcinoma,

accounts for nearly 80% of diagnoses and is characterized by its potential to spread

beyond the initial tumor site, a process known as metastasis. Detecting metastatic

spread early is essential for determining treatment options, improving patient prog-

nosis, and enhancing survival rates.

The field of breast cancer diagnostics has been transformed by advancements

in imaging technology and machine learning. Traditional imaging techniques such

as X-ray mammography, MRI, and ultrasound have proven valuable in identifying

breast abnormalities, but histopathological imaging remains the benchmark for de-

tailed cellular-level analysis. Histopathology involves the microscopic examination

of tissue samples stained with hematoxylin and eosin (H&E), which reveals struc-

tural changes indicative of cancer. The digitization of these samples into whole

slide images (WSIs) allows for comprehensive, high-resolution analysis and remote

pathology assessments.

However, the analysis of WSIs presents significant challenges due to their large

file size, which can reach gigabytes per image. While high-resolution WSIs provide

unparalleled detail, they also demand extensive computational resources and com-

plex algorithms for effective analysis. Furthermore, manual annotation of WSIs is
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an exhaustive process requiring considerable expertise, limiting the volume of data

available for training deep learning models.

In recent years, various deep learning-based technologies have revolutionized im-

age analysis by enabling automated feature extraction, pattern recognition, and

decision-making with high accuracy. Unlike traditional computer vision techniques

that rely on handcrafted features, deep learning models—particularly Convolutional

Neural Networks (CNNs)—learn hierarchical representations directly from raw im-

age data. These models excel in tasks such as classification, detection, localization,

and segmentation, where they identify objects, localize regions of interest, and assign

pixel-wise labels, respectively.

The success of deep learning in natural image processing has extended to special-

ized domains, including medical image analysis, where accurate and efficient inter-

pretation is crucial for clinical decision-making. In medical imaging, deep learning is

applied across various modalities, such as MRI, CT scans, X-rays, and histopathol-

ogy images, to detect diseases, classify abnormalities, and segment pathological

regions. Deep learning has significantly improved computer-aided diagnosis (CAD)

systems, enhancing accuracy and reducing the burden of manual pathology assess-

ment. However, challenges such as data scarcity, high computational demands, and

the need for generalizable models continue to drive advancements in this field.

Existing solutions have demonstrated significant improvements in diagnostic ac-

curacy and consistency, reducing the subjectivity associated with human evaluation.

Nonetheless, the unique challenges posed by WSIs, such as high computational de-

mands and limited annotated data, necessitate innovative approaches to ensure ro-

bust and scalable CAD systems. Many current models incur high computational

costs, making them less feasible for deployment in computationally constrained set-

tings. Additionally, there is a heavy dependency on annotated datasets, which can
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be a significant bottleneck due to the scarcity and expense of acquiring expertly

labeled medical images. A crucial limitation is the inability to effectively capture

contextual relationships within the images. This issue primarily stems from tradi-

tional patch-based processing methods, which focus on localized areas and thus miss

the integral global context necessary for accurate localization. This often results in

suboptimal performance, especially in scenarios requiring a detailed understand-

ing of complex anatomical structures. Furthermore, these models exhibit narrow

adaptability, often performing well only within the confines of the specific condi-

tions and data types for which they were trained. This restriction in versatility

becomes apparent when models are applied to new or varied datasets, highlighting

the need for more robust models with enhanced adaptive capabilities. Addition-

ally, boundary refinement remains a substantial challenge. Many models struggle to

accurately delineate complex anatomical structures, resulting in less precise local-

ization particularly at object boundaries, which could adversely affect subsequent

medical analysis and treatment planning.

The motivations of this research are to balance accuracy and efficiency, ensuring

fast and reliable results while reducing dependence on costly expert annotations. A

key objective is to enhance the model’s understanding of the context within breast

tissue structures and improve accuracy at tumor boundaries for precise diagnos-

tics. Additionally, the research focuses on optimizing the model’s attention to crit-

ical tumor-specific features. Finally, the aim is to design advanced deep learning

technologies that can support clinical workflows, enabling practical and effective

computational pathology analysis.

This thesis is structured as follows: Chapter 2 provides a comprehensive lit-

erature review of deep learning applications for the analysis of breast cancer in

histopathology images. The review covers classification models as well as detec-

tion, localization, and segmentation approaches, and further discusses recent ad-
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vances in foundation models and sequence-based architectures for whole-slide image

analysis. Chapter 3 and 4 detail two novel end-to-end models for metastatic de-

tection and localization in WSIs. Chapter 3 presents a framework that prioritizes

computational efficiency and rapid inference for large-scale WSI analysis. In con-

trast, Chapter 4 introduces an enhanced framework that prioritizes spatial preci-

sion and boundary-level localization by incorporating advanced context-aware and

multi-scale modeling components. Specifically, Chapter 3 presents an approach inte-

grating attention mechanisms for efficient classification and localization, leveraging

lower-resolution data to improve processing speed and reduce annotation require-

ments. Chapter 4 presents an advanced model integrating Gated Recurrent Units

(GRUs) [33], Atrous Spatial Pyramid Pooling (ASPP) [31], Convolutional Block

Attention Module (CBAM) [173], and skip connections [132] within a residual re-

current attention framework. This architecture enhances the spatial accuracy of

metastasis localization and boundary-level precision by capturing long-range depen-

dencies, multi-scale context, and fine spatial details while focusing on tumor-relevant

features. Finally, Chapter 5 summarizes the findings, discusses their practical im-

plications, and outlines future research directions aimed at further improving deep

learning methodologies for breast cancer diagnostics.
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Chapter 2

Related Works

The emergence and evolution of deep learning techniques have significantly advanced

automated image processing techniques for predicting breast cancer development.

Recent progress in deep learning-based classification, detection, localization, and

segmentation of breast cancer in histopathological images has substantially improved

automated diagnostic capabilities. This chapter provides a comprehensive review of

high-impact deep learning methods in this domain, systematically examining each

study’s objectives, methodologies, datasets, key findings, contributions, and limita-

tions. The review begins with an overview of different medical imaging modalities,

highlighting how histopathology (HP) images offer the most detailed phenotypic

information for monitoring cancer metastasis. The review then focuses on two crit-

ical aspects of breast cancer diagnosis: 1) histopathology image classification, and

2) metastasis detection, localization, and segmentation. The review concludes by

identifying current research gaps and suggesting future directions to advance the

field.

2.1 Introduction

Breast cancer develops due to genetic mutations that disrupt normal cell growth

regulation. These genetic changes lead to unchecked cell division and proliferation,

resulting in the formation of cancer [62, 149, 165]. Breast cancer typically originates

in the milk-producing lobules or the ducts that carry milk to the nipple but can also

develop in the fatty or fibrous connective tissues within the breast. Approximately

1 in 20 women worldwide will be diagnosed with breast cancer during their lifetime,
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with projections indicating that by 2050, new cases and deaths will increase by 38%

and 68%, respectively, with a disproportionate burden expected in countries with a

low Human Development Index [84]. Early detection is critical as it enables more

effective treatments, reduces healthcare costs, and significantly improves survival

rates.

Over the years, radiologists and pathologists have employed various imaging tech-

niques, including X-ray mammography, magnetic resonance imaging (MRI), ultra-

sound, histopathologic imaging, and digital breast tomosynthesis (DBT), to detect

and monitor breast cancer. While these imaging modalities are valuable, they also

have limitations. For instance, overlapping breast tissues can obscure suspicious

masses, complicating early detection [112]. Histopathology images, derived from

biopsy samples stained with hematoxylin and eosin (H&E), offer a much deeper

level of detail. Unlike other imaging modalities, which provide a macroscopic view,

histopathology allows the examination of cellular and subcellular structures, reveal-

ing subtle morphological changes indicative of cancerous growths. This detailed

view aids in distinguishing between different cancer subtypes, such as benign versus

invasive ductal carcinoma, which is crucial for determining treatment strategies.

With advancements in digital scanning, whole slide images (WSIs) have emerged

as a powerful tool in cancer diagnosis, allowing for high-resolution views of tissue

samples across multiple magnifications. Each WSI can be as large as one gigabyte,

representing tissue samples at different resolution levels in a pyramidal structure.

The highest resolution (Level-0) provides a detailed view, while subsequent levels

progressively reduce resolution, facilitating efficient data access and analysis. This

multi-resolution format enables pathologists to explore both detailed and broad per-

spectives, supporting an accurate diagnosis and making histopathology images more

adaptable to automated analysis. Digital histopathology also allows for electronic

storage, transmission, and analysis through deep learning models, offering higher
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diagnostic accuracy and consistency than traditional imaging.

This literature review focuses on the applications of deep learning, particularly

convolutional neural networks (CNNs), for breast cancer diagnosis using histopathol-

ogy images. Traditionally, histopathological image analysis has relied on manual

assessment by pathologists, which is time-consuming and can be subject to vari-

ability. Deep learning offers new possibilities for automating and enhancing the

accuracy of breast cancer classification, detection, localization, and segmentation

in histopathology images. Classification, detection, localization, and segmentation

each play critical roles in computational histopathology, particularly in the context

of metastasis diagnosis.

Classification, especially at the patch and WSI levels, is widely used to distin-

guish between healthy and abnormal tissue and to provide slide-level predictions that

guide downstream analysis. In weakly supervised settings, WSI classification plays

a key role in identifying whether a slide contains metastatic regions, serving as a

high-level diagnostic decision that supports downstream spatial analysis. It enables

efficient slide triaging and reduces reliance on dense annotations by guiding atten-

tion to slides most likely to contain lesions. Classification methods form the basis for

many WSI-based detection and localization strategies. Patch-level classification is

frequently utilized to support WSI-level classification, often determining whether a

slide contains metastases—an important step in detection workflows. Furthermore,

classification outcomes are widely integrated into detection and segmentation mod-

els, particularly in weakly supervised settings, where they guide the localization of

metastatic regions.

Detection refers to identifying the presence and approximate location of suspi-

cious regions, serving as a key bridge between high-level classification and low-level

spatial analysis. Localization builds on this by refining the position and extent
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of metastases, providing more actionable insight for diagnosis and treatment plan-

ning. Segmentation, on the other hand, enables fine-grained, pixel-level delineation

of tumor boundaries, offering critical spatial information that enhances diagnostic

precision. In the context of metastasis, accurate segmentation contributes directly

to localization by refining the spatial extent and morphology of suspicious regions,

especially in cases involving small or irregularly shaped lesions. Together, these tech-

niques form the foundation for robust and interpretable computer-aided diagnosis

systems in histopathology.

This review is organized into the following sections:

• Section 2.2 provides an overview of major imaging techniques for breast

cancer detection.

• Section 2.3 reviews studies focused on breast cancer classification using deep

learning on histopathology images, including recent advances in foundation

models and sequence-based architectures for whole-slide image analysis.

• Section 2.4 explores advancements in breast cancer detection and segmenta-

tion with deep neural networks on histopathology images.

• Section 2.5 concludes the review by summarizing key insights and identifying

open research challenges for future work.

By synthesizing the significant contributions in this field, this review highlights

the critical role of deep learning in advancing breast cancer diagnosis, offering en-

hanced precision, efficiency, and scalability in the analysis of histopathological im-

ages.
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2.2 Imaging Modalities for Breast Cancer Screening

There are several methods for breast screening in detecting abnormalities and

cancer, such as mammography, MRI, ultrasound, and histopathologic imaging. In

the following, each method is reviewed one by one.

2.2.1 Mammogram

A mammogram (MG) is an X-ray image of breast tissue that can help investi-

gate breast cancer in people who have no clear symptoms. There are three types of

mammogram images i.e., screen-film mammography (SFM), full-field digital mam-

mograms (FFDM), and DBT.

Screen-film Mammography (SFM) is a traditional method for diagnosing

cancer in the early stage and has supreme sensitivity in diagnosing fatty breast

tissue [40, 146, 44]. It applies X-ray radiation to generate images of the breast,

which have been used for breast cancer classification in different studies [37].

However, although SFM is an acceptable modality in detecting fatty tissue, it has

low sensitivity in detecting dense breast tissue containing fatty tissue, milk glands,

milk ducts and supportive tissue. These tissues look more solid and white on a

mammogram, so it is not easy to spot them using SFM (Fig. 2.1). 10-20% of dense

breast tissue cannot be identified by this method [146, 44, 25].

Digital Mammography (DM), also known as full-field digital mammography

(FFDM), is an imaging modality that uses X-ray. But instead of X-ray film in SFM,

electronics is used to convert X-rays into mammographic images of the breast. This

modality has been an effective criterion model in detecting abnormality in early-

stage breast cancer [37, 73]. The other advantages of this modality include progress

in images for possible better confronting and improved sensitivity compared with

SFM [44, 122].
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Figure 2.1 : Mammogram Modality: There is cancer in the right breast, but as can

be seen, it is difficult to be recognized because it is a very tiny lesion [1].

However, there are some disadvantages to this technology as well. First, DM

has a high false-positive rate (low specificity). So, people without cancer may test

positive and therefore potentially have to go through an anxiety pathway and also

receive unnecessary diagnostic procedures [37, 73]. In addition, DM incurs high

costs compared with SFM [73] and high radiation exposure [136]. Also, it is more

likely to fail to detect cancer for overlapping breast tissue [53, 80].

Digital Breast Tomosynthesis (DBT) is a new image modality and is also

called 3D mammography. It can help both radiologists and CAD systems to enhance

their reputation by detecting breast cancer more precisely [37, 58, 52, 6, 168, 125,

184]. This model applies low-extent X-rays by moving the pipe with the X-ray in a

circular arc around the breast. It then constructs a three-dimensional picture from

the received information at several angles of the breast [67]. An illustration of this

method is shown in Fig. 2.2.

There are several worthy advantages of this modality. DBT enhances the ability

to diagnose all types of breast cancer abnormalities compared to 2D digital mam-

[Production note: This figure is not included in 
this digital copy due to copyright restrictions.]
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Figure 2.2 : Illustration of the DBT. While the detector is immobile or spins slightly,

the breast is pressed and fixed, and then the X-ray roll turns at several angles towards

that. Source: [59].

mography [67]. Fig. 2.3 shows a comparison of the clarity of an FFDM and a DBT

of a patient’s lesion [89]. Furthermore, the difficulty of detecting overlapping tissue

has been leveraged by this modality. In fact, DBT technology’s quiddity removes

overlapping breast tissue. The DBT technology leads to breaking up and visualizing

overlapping breast tissue in separate fragments, so the image is recreated without

overlapping on that [37, 90, 131, 13, 64, 83]. Also, DBT improves the reliability and

precision of imaging in terms of detecting cancer and can achieve better specificity,

sensitivity, and accuracy [88, 129] and lower false-negative and false-positive rates

compared to 2D DM [37, 136, 103, 34, 128].

Meanwhile, there are some disadvantages to this imaging process as well. For

instance, the amount of radiation in DBT is increased compared to FFDM, which

side effects need to be considered [51, 124]. Moreover, taking DBT is more costly

compared to other modalities [109].

[Production note: This figure is not included in 
this digital copy due to copyright restrictions.]
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Figure 2.3 : (A) A full-field digital mammogram (FFDM) of a patient with a lesion.

(B) DBT of the same patient presents an extremely clear lesion compared to FFDM.

Source: [89].

2.2.2 Magnetic Resonance Imaging (MRI)

MRI is an imaging modality, which instead of using radiation, applies magnetic

flux and radio waves to create a more comprehensive image of the internal parts

of the body. A visualization of the application of MRI in detecting tumors can be

seen in Fig. 2.4, where in Fig. 2.4(a), a progressive tumor has been sighted, and in

Fig. 2.4(b), an early-stage tumor is visible.

This methodology helps to recognize tumors and different irregularities where

X-rays are weak or unable to detect them [154].

Fig. 2.8 shows that using MRI gives a clearer vision of a tumor [1, 115] compared

to other technologies. Also, MRI provides a better result of sensitivity compared to

ultrasound and digital mammogram methodology [115, 100, 7]. Besides, MRI has

the capability called MRI-guided biopsy, which is the ability to distinguish regions

in a breast that can be applied for biopsy when it is required [154, 115].

However, there are some unfavorable facts about MRI that should be considered

as well. For example, MRI is too expensive. Additionally, MRI is not practical for

[Production note: This figure is not included in 
this digital copy due to copyright restrictions.]
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(a) A progressive tumor in the left breast.

(b) An early-stage tumor in the left breast.

Figure 2.4 : Examples of MRI. Source: [1]

discerning malignant glands and benign glands in some cases, e.g., in the detection

of breast fibroadenomas, which contributes to most false-positive outcomes. Also,

for doing MRI, the patient will be surrounded by a closed space, which may cause

some difficulty for people, especially for those who have claustrophobia, mental

illness [37, 55, 23].

2.2.3 Ultrasound (US)

Ultrasound modality, also called sonography or, in the case of capturing the

heart, echocardiography, applies high-frequency sound waves to produce live images

of organs inside the body. Fig. 2.5 shows examples of normal, benign, and malignant

breast images.

Furthermore, advanced ultrasound, such as ultrasound with Nakagami images

(see Fig. 2.6) and shear-wave elastography (SWE) (see Fig. 2.7), has been created,

providing superior attributes.

[Production note: This figure is not included in 
this digital copy due to copyright restrictions.]

[Production note: This figure is not included in 
this digital copy due to copyright restrictions.]
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(a) Normal (b) Benign (c) Malignant

Figure 2.5 : Examples of normal, benign, and malignant ultrasound images.

Source: [5].

(a) (b)

Figure 2.6 : B-mode or brightness mode ultrasound (the classical process of obtaining

an ultrasound scan) (a) and ultrasound Nakagami imaging of a benign breast lesion

(b). Source: [158].

In comparison to DM, MRI, and DBT, ultrasound is a popular, precise imaging

method, which is not expensive and does not have any hazardous effects [143, 26].

Also, the US detects lesions in dense breasts with a good amount of recall [151, 17].

Moreover, there is an image-guided process called ultrasound-guided (US-guided),

which helps recognize invasive cancer places to be applied later for biopsy [115].

[Production note: These figures are not included 
in this digital copy due to copyright restrictions.]

[Production note: These figures are not included 
in this digital copy due to copyright restrictions.]
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(a) Benign (b) Malignant

Figure 2.7 : A benign tumor and malignant tumor of the breast by SWE. Source: [3].

(a) Mammogram (b) Ultrasound (c) MRI

Figure 2.8 : Comparison of different imaging technologies in spotting a tumor in a

breast. Source: [1, 115].

Meanwhile, the US is a dependent technology, as imaging is impossible without

an operator’s assistance [26]. Also, the analysis of ultrasound images is complex [37,

143, 26]. Furthermore, calcifications that are symptoms of cancer in a primitive

stage cannot be diagnosed by using ultrasound. Consequently, only using ultrasound

for detecting cancer is not a very reliable methodology, and in most conditions,

other breast imaging technologies such as MRI and mammograms need to be done

along [54, 5].

[Production note: These figures are not included 
in this digital copy due to copyright restrictions.]

[Production note: These figures are not included 
in this digital copy due to copyright restrictions.]
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2.2.4 Histopathology

The inspecting process of detecting, analyzing, locating, and classifying an in-

vasive lesion or another anomaly biopsy fragment under a microscope is called

histopathology. For that, biopsy samples extracted from the abnormal areas of

the breast are established on glass sheets. In the following, the amount of contra-

diction in histopathology biopsy will be cut down by applying stain normalization

preprocessing on these glass sheets [115]. Furthermore, the stained sheets are trans-

formed into WSI, which present corresponding colored digital pictures of the biopsy

samples. In breast cancer, the stage refers to how far the cancer has spread. Stage

4 is the most advanced stage, where cancer has spread to distant parts of the body.

Fig. 2.9 [117] shows an example of a whole slide scan of a biopsy containing a Stage

4 lesion. Red squares highlight areas that show features commonly seen in advanced

cancer. Blue squares indicate regions that look more like lower-stage or normal

tissue. This shows how cancer features can vary across different parts of the same

slide.

For detecting different cancer subgroups, as shown in Fig. 2.10 [68], regions of

interest (ROI) patches are commonly drawn from WSI by specialist pathologists in

several magnification aspects. Fig. 2.11 [75] shows a sample histopathology WSI

image and its sample patch extracted from the image.

Among all imaging modalities, histopathology is often regarded as the “gold

standard” [36]. However, there are several advantages and also some restrictions for

histopathology imaging. For instance, images can be kept and sent electronically.

Also, applying histopathology imaging compared to other scanning methods leads

to more desirable outcomes in analyzing cancer. Additionally, the possibility of

creating several ROIs from WSI reduces the chance of inability to detect cancer,

and accordingly, the false-negative rate is decreased as well [115].
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Figure 2.9 : A whole slide imaging of a Stage 4 lesion in a biopsy sample. Patches

surrounded by red squares present Stage 4 lesions’ objective attributes that have

been distinguished visibly in a high-resolution schema; Patches enclosed by blue

squares have not been distinguished as they only represent attributes of lower-stage

lesions. Source: [117].

Alongside, there are also a few disadvantages for HP imaging, including outward

changes of histopathology images through multiple elements, such as the variety of

lab contracts, the difference in pathologists’ expertise level, color conversion, and

diversity in preprocessing by staining images, which lead to misdiagnosis [115, 110].

Furthermore, when using HP images as data, complicated techniques, a large

amount of memory, and advanced computational equipment are necessary to en-

hance artificial intelligence diagnostics. In regard to that, classical machine learning

methods applying HP images provide poor outcomes because an identical subgroup

of cancer may appear very differently across images [115, 110].

[Production note: This figure is not included in 
this digital copy due to copyright restrictions.]
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Figure 2.10 : Histopathological imaging samples of different subgroups of breast

cancer from BreaKHis [147, 123] dataset. Source: [68].

Figure 2.11 : Left: a sample histopathology whole slide image. Right: A patch that

has been magnified in high resolution is shown. Source: [75].

2.3 Deep Learning Approaches for Histopathology Image

Classification

Histopathology image classification, particularly at the patch level, serves as a

critical foundation for several downstream tasks in computational pathology. It en-

ables region-level scoring and heatmap generation, which are widely used to guide

metastasis localization and pixel-wise segmentation, especially in weakly supervised

settings where dense annotations are limited. Patch-based classification not only

contributes to fine-grained diagnostic insight but also plays a central role in produc-

[Production note: This figure is not included in 
this digital copy due to copyright restrictions.]

[Production note: This figure is not included in 
this digital copy due to copyright restrictions.]
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ing attention maps for region proposal and lesion highlighting. When aggregated,

these patch predictions support WSI-level classification, which is essential for triag-

ing slides and determining whether metastasis is present at the slide level. WSI-

level classification supports effective slide triaging and is increasingly used in clinical

pipelines to prioritize slides for further analysis. In this work, WSI classification is

performed alongside localization, enabling the model to simultaneously assess slide-

level diagnostic relevance while identifying the spatial distribution of metastatic

regions. Reviewing classification methods is therefore key to understanding the

foundations upon which many detection, localization, and segmentation strategies

are built. This section reviews both binary classification models, which distinguish

between benign and malignant cases, and multi-class classification models, which

further differentiate between various breast cancer subtypes. Some studies also re-

port patient-level classification performance, providing broader clinical relevance.

Additionally, our insights frequently consider how classification methods may

facilitate downstream tasks such as detection, localization, and segmentation, ac-

knowledging their foundational role in enabling more advanced diagnostic frame-

works. Key research studies on classifying histopathology images for breast cancer

diagnosis are categorized into four large groups based on the approaches they mainly

used to provide a cohesive view of the advancements in breast cancer classification.

These four subsections are: Multi-Scale and Resolution-Invariant Models, Hybrid

and Ensemble Learning Architectures, Feature-Based and Context-Aware Models,

and Adaptable Learning and Model Enhancement Strategies. The categorization

adopted in this section is based on the primary methodological contribution empha-

sized by each study, rather than on a strict or mutually exclusive taxonomy. In

histopathology image analysis, modern deep learning frameworks frequently inte-

grate multiple techniques—such as multi-scale processing, attention mechanisms,

transfer learning, and weak supervision—within a single pipeline. Consequently,
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overlap between methodological dimensions is expected and widely acknowledged in

the literature [101, 86]. To ensure clarity and analytical consistency, each study is

assigned to the category that reflects its dominant architectural or learning strategy.

This categorization scheme follows established practices in computational pathology

reviews and facilitates systematic comparison of methods and trends [101, 28].

2.3.1 Multi-Scale and Resolution-Invariant Models

This category focuses on deep learning models designed to handle histopathology

images captured at varying resolutions and magnifications. These architectures in-

corporate scale-adaptive designs and multi-resolution processing strategies to ensure

consistent accuracy across varying scales and resolutions, enabling reliable cancer

detection and progression assessment across diverse imaging setups. By emphasizing

robustness to magnification changes and resolution variability, these models support

scalable deployment across different slide scanners and imaging protocols.

Bayramoglu et al. [16] introduced a CNN-based approach addressing magnifica-

tion independence in histopathology images. They proposed single-task and multi-

task architectures. Using the BreaKHis [147] dataset, the single-task CNN achieved

83.25% accuracy, while the multi-task CNN reached 82.13% accuracy in malignancy

classification and 80.10% in magnification estimation. The method enables robust

performance across multiple scales without retraining, providing an early foundation

for scale-agnostic and magnification-invariant modeling. However, its generalization

in complex diagnostic tasks is limited by uneven data distribution across magnifica-

tions.

Building on scale-aware design, Zhou et al. [190] proposed a hybrid method com-

bining anomaly detection (ADSVM) and a Resolution Adaptive Network (RANet)

to further optimize classification across magnifications. As illustrated in Fig. 2.12,

the ADSVM framework includes pre-processing, patch screening, and RANet clas-
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sification. This approach achieved a high computational efficiency and 98.83% and

99.14% accuracy on the BreaKHis [147] and BACH 2018 datasets [9], respectively at

200× magnification. However, performance decreased at 400× magnification, and

separate handling of multi-resolution feature maps remains a limitation.

Figure 2.12 : Overview of the ADSVM framework [190]. The pipeline consists of

three main stages: (1) Pre-processing, where images undergo normalization and

subdivision into patches; (2) Patch screening, which uses local feature descriptors,

locality-constrained linear coding, and an SVM classifier to identify and correct mis-

labeled patches; and (3) RANet classification, which performs final classification

using a resolution-adaptive network. Source: [190].

Extending multi-scale learning, Taheri and Golrizkhatami [153] extended classifi-

cation strategies with DenseNet201-based systems. They introduced magnification-

specific binary (MSB) and magnification-independent binary (MIB) classifiers. On

the BreaKHis dataset [147], the MIB classifier achieved a patient-level accuracy

(PLA) of 93.67%, indicating the model’s robustness across different magnification

levels. However, it faced challenges with inter-patient variability, and score-level fu-

sion may limit interpretability. Similarly focusing on magnification robustness, Xiao

et al. [175] leveraged Inceptionv3 with transfer learning to classify breast cancer im-

ages efficiently across magnification levels. Using an image partitioning technique,

[Production note: This figure is not included in 
this digital copy due to copyright restrictions.]
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the model achieved over 92% accuracy on BreaKHis [147]. While effective in manag-

ing input size constraints, broader validation is still needed. Furthermore, reliance

on partitioning without attention-based fusion may limit the capture of cross-scale

dependencies.

Collectively, these studies emphasize the significance of magnification indepen-

dence and scale flexibility, introducing complementary approaches to advance di-

agnostic robustness in breast cancer classification. Bayramoglu et al. [16] laid a

strong foundation by demonstrating that CNNs can generalize across magnifications,

though generalization remained limited in complex cases. while Zhou et al. [190]

advanced this with resolution-adaptive networks. Taheri and Golrizkhatami [153]

addressed magnification variation by combining predictions from multiple magni-

fication levels, contributing an adaptable model. Xiao et al. [175] furthered these

efforts by segmenting high-resolution images while maintaining classification accu-

racy and improving efficiency. However, cross-scale dependency modeling remained

limited.

While each methodology offers valuable contributions, key challenges persist.

These include limited performance at higher magnifications, reduced generalization

across patients, and insufficient integration of multi-resolution features. The re-

viewed models primarily rely on decision-level fusion or partitioned inference strate-

gies, which restrict their ability to capture spatial continuity and contextual relation-

ships across scales. Magnification-independent models enhance diagnostic workflows

with scalable solutions. However, they face limitations in handling patient variability

and high-magnification performance. Overall, although they achieve strong classi-

fication performance, their limited ability to model inter-patch relationships and

spatial dependencies constrains their effectiveness in representing complex tumor

structures in whole slide images.
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2.3.2 Hybrid and Ensemble Learning Architectures

This category focuses on classification models that integrate multiple architec-

tures or learning modules—such as CNNs with traditional classifiers, RNNs, or

transformers—to enhance diagnostic performance through architectural diversity

and modular design. These hybrid and ensemble frameworks improve generaliza-

tion, robustness, and adaptability across varying breast cancer subtypes and imaging

contexts.

Araújo et al. [8] proposed a CNN-based CAD system combined with SVM for

classifying biopsy images, showing improved accuracy at image-level classification

However, the lack of deeper feature refinement modules or attention mechanisms

limits its ability to focus on diagnostically relevant regions adaptively.

Zhu et al. [191] further enhanced hybrid learning by proposing an ensemble

of compact dual-branch CNNs structure with Squeeze-Excitation-Pruning (SEP)

blocks balancing local and global features while reducing overfitting. Nevertheless,

aggressive pruning compromised spatial detail retention. Both approaches high-

light limitations in capturing complex structures and boundary precision without

advanced refinement modules like attention or recurrent mechanisms.

To address spatial dependencies, Yan et al. [179] introduced a hybrid model,

combining Inception-V3 and bidirectional LSTM for 4-class classification. While

this approach effectively combines residual networks for feature extraction and RNNs

for spatial modeling, the reliance on LSTM networks introduces inefficiencies due

to their higher computational complexity and susceptibility to vanishing gradient

issues. Similarly, Srikantamurthy et al. [148] developed a CNN-LSTM hybrid model,

CNNs for spatial feature extraction and LSTMs for sequential dependencies, to

classify benign and malignant breast cancer subtypes. This approach effectively

captures sequential context across patches but introduces substantial computational
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overhead and faces scalability challenges across magnification levels.

Incorporating attention for spatial refinement, Ukwuoma et al. [159] proposed

DEEP Pachi, an ensemble-based hybrid model, combining DenseNet201 and VGG16

with self-attention mechanisms to capture global and regional features. A detailed

illustration of the model is presented in Fig.2.13 [159]. Tested on BreaKHis [147] and

ICIAR 2018 datasets, it achieved strong accuracy but raised concerns of potential

overfitting and limited validation diversity.

Figure 2.13 : The DEEP Pachi model block diagram: (a) feature extraction using

ensemble backbone models (DenseNet201 and VGG16), (b) patch embedding, (c)

position embedding, (d) DEEP Pachi components—self-attention network and MLP

layer, and (e) testing stage with new images on the trained DEEP Pachi network.

Source: [159].

Focusing on interpretability and imbalance issues, Shovon et al. [144] introduc-

ing a DenseNet201-Xception ensemble combined with a threshold-filtered single in-

stance evaluation (SIE) method. This approach achieved high accuracy while im-

proving interpretability, though architectural complexity and dataset noise posed

challenges.The architecture lacks adaptive learning components that could further

[Production note: This figure is not included in 
this digital copy due to copyright restrictions.]
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improve robustness under varied conditions.

Extending the focus on label-free learning, Javed, Mahmood, and Rajpoot [74]

proposed Unsupervised Mutual Transformer Learning (UMTL) for label-free WSI

classification. UMTL combines a Transformer Pseudo-Label Generator (TPLG) and

a Transformer Label Cleaner (TLC) to iteratively refine pseudo-labels, achieving

high Area Under the Curve(AUC) scores, including 0.966 on Camelyon16 [20] and

0.975 on TCGA-LC [156]. While classification accuracy measures overall correct-

ness, AUC evaluates how well the model distinguishes between classes, regardless of

thresholds. As shown in Fig. 2.14, the model processes WSIs through pseudo-label

generation, refinement, and mutual learning. Although achieving high AUC scores,

UMTL does not explicitly address contextual relationships or precise localization

needs.

This group of studies demonstrates the growing sophistication of hybrid and

ensemble learning strategies in breast cancer classification. Early efforts such as

Araújo et al. [8] and Zhu et al. [191] combined CNNs with SVM or dual-branch

CNNs to improve classification, though they lacked deeper contextual modeling. To

address this, Yan [179] and Srikantamurthy [148], expanded hybridization by fusing

CNNs with LSTMs, to capture spatial and sequential dependencies but faced com-

putational challenges. Enhancing spatial focus, Ukwuoma [159] integrated attention

mechanisms in an ensemble model, though generalization remained limited. Mean-

while, Shovon [144] and Javed [74] further extended ensemble and hybrid strate-

gies through instance filtering and mutual transformer learning for label-efficient

and noise-tolerant classification. Their contributions reflect the potential of hybrid

frameworks to tackle real-world issues such as class imbalance, dataset noise, and

lack of pixel-level annotations. However, they lack explicit spatial context modeling.

Overall, these studies reflect a gradual evolution in methodological sophistica-



26

Figure 2.14 : The UMTL framework. The figure illustrates TPLG’s pseudo-label

generation, TLC’s label refinement, and mutual learning for WSI classification.

Source: [74].

tion—from early CNN-based classifiers to modular attention-enhanced hybrids, re-

current networks, and ensemble frameworks. Earlier models focused on static spatial

features, while later works began incorporating modules for spatial focus (attention),

sequential dependencies (LSTMs), and interpretability (Grad-CAM). Yet, several

limitations persist across the spectrum: most models rely on fixed class structures,

lack dynamic context modeling, and struggle with generalizability across datasets.

Additionally, hybrid and ensemble architectures often increase model complexity,

memory usage, and training time, requiring careful design to avoid overfitting and

inefficiencies. Further optimization of hybrid architectures, particularly through

scalable attention and cross-resolution fusion, remains necessary to enhance clinical

[Production note: This figure is not included in 
this digital copy due to copyright restrictions.]
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adaptability.

2.3.3 Feature-based and Context-Aware Models

This category highlights models that enhance classification accuracy by focusing

on local structural features and broader spatial context. These approaches integrate

nucleus-specific cues, multi-resolution inputs, and semantic-level feature fusion to

detect metastasis and distinguish complex subtypes. By improving specificity and

reliability, they provide a robust foundation for accurate cancer detection.

This section reviews deep learning methods that focus on advanced feature ex-

traction and early forms of contextual integration for breast cancer classification in

histopathology images. While many of these models do not explicitly use recurrent

structures, they demonstrate an important shift from isolated, patch-level classifica-

tion toward architectures that incorporate broader tissue context, spatial structure,

or semantic fusion through mechanisms such as multi-resolution inputs, attention,

or multi-stage pipelines. These models represent foundational steps toward true

context-aware analysis by attempting to capture diagnostic patterns beyond iso-

lated features.

Early feature-based methods focused on local patterns. Zheng et al. [189] by

proposing a nucleus-guided CNN, achieving 96.4% accuracy on 715 WSIs. This

nucleus-centered hierarchical CNN demonstrates effective extraction of local cellular

features. However, it lacks global spatial awareness or modeling of inter-regional de-

pendencies. Addressing this limitation, Ehteshami Bejnordi et al. [20] introduced a

context-aware stacked CNN combining cellular and tissue-level features. This model

achieved an AUC of 0.962, but frequently misclassifications between visually similar

categories. Their stacked CNN offers one of the earliest forms of spatial context

integration. However, both models lacked explicit modeling of spatial relationships

across regions.
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More advanced designs introduced hierarchical and class-aware learning. Build-

ing on early context-aware designs, Han et al. [61] introduced the structured CNN

model (CSDCNN), improving classification via hierarchical and class-aware feature

learning. Their model achieved 93.2% accuracy on the BreaKHis [147] dataset.

While improved subtype classification using hierarchical feature learning, but strug-

gled to adapt to unseen subtypes.

The foundational study by Bardou et al. [15] explored CNNs for feature extrac-

tion, achieving 96.96% binary accuracy on the BreaKHis [147] dataset. However,

the model struggled with multi-class classification, and its reliance on large patches

increased inference times to 3–5 hours per WSI, demonstrating a trade-off between

precision and efficiency.

Multi-modal integration further expanded context modeling. Ektefaie et al. [41]

advanced feature-based models by integrating multi-omics data, bridging molecu-

lar profiles with visual features. Using the TCGA BRCA [79] dataset, the model

achieved AUC scores ≥ 0.950 for molecular markers, though small sample sizes

and shared phenotype signals limited specificity. This model introduces semantic-

level context by associating image morphology with genomic markers. However, it

lacked spatial relationship modeling between regions. Hirra et al. [65] developed

a patch-based model, Pa-DBN-BC, utilizing Deep Belief Networks (DBN) for bi-

nary classification. Their approach achieved an accuracy of 84.23% on a dataset

from multiple institutions, however, it was limited to binary classification without

inter-patch dependency modeling.

Extending feature selection and hierarchical modeling, Murtaza et al. [116] devel-

oped BMIC Net, a hierarchical classifier using AlexNet, Information Gain (IG) and

Principal Component Analysis (PCA). It achieved over 95% accuracy on BreaKHis [147]

dataset,however, the model lacked end-to-end and contextual modeling capabilities.
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Deeper CNN models enhanced subtype and grading classification. Zewdie et

al. [183] incorporated subtype and grading classifications into a ResNet50-based

system, addressing a gap in grading. Techniques like CLAHE [192] and histogram

matching enhanced the performance, achieving up to 96.75% accuracy across mul-

tiple datasets, e.g., BreaKHis [147]. However, its context modeling was limited to

specific grading categories.

These studies demonstrate the evolution of feature-based and context-aware

models to improve breast cancer classification by combining local structure and

broader spatial context. Early works, such as Zheng et al. [189] established an early

direction in feature-based modeling through detailed local region analysis without

capturing the contextual interactions across tissue structures. To reflect broader tis-

sue context, Ehteshami Bejnordi et al. [20] improved context representation by com-

bining cellular and tissue-level features, though without explicit inter-region model-

ing. Han et al. [61] advanced hierarchical learning to distinguish subtypes.while

Bardou et al. [15] focused on binary classification but highlighted challenges in

multi-class accuracy and computational costs.Ektefaie et al. [41] further extended

the context-aware approach by integrating multi-omics data, linking morphological

and genetic features.

Patch-based and hierarchical models, such as Murtaza et al. [116] added hierar-

chical structuring through BMIC Net, combining handcrafted and learned features

to improve subtype classification, though its reliance on static feature selection lim-

ited adaptability. Zewdie et al. [183] further incorporated subtype grading with a

ResNet50 model enhanced by preprocessing but lacking spatial modeling capabil-

ities. Finally, Hirra et al. [65] improved clinical utility through patch-based and

segmented WSI processing but were constrained by binary classification.

Collectively, these models emphasize enhanced feature representation and pre-
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liminary spatial awareness, laying the groundwork for more context-aware analysis.

However, most architectures remain static and modular, lacking mechanisms to cap-

ture inter-patch dependencies or spatial continuity. Several approaches attempt to

approximate context through multi-resolution inputs, patch aggregation, or atten-

tion mechanisms, yet they fall short in capturing sequential or structural continu-

ity across tissue regions. This highlights an important gap for models capable of

context-aware reasoning through spatial flow or inter-patch dynamics.

2.3.4 Adaptable Learning and Model Enhancement Strategies

Adaptable strategies like transfer learning, boosting, and multiple instance learn-

ing (MIL) enhance model accuracy and adaptability in breast cancer classification.

Boosting addresses class imbalance, MIL detects localized metastatic regions, and

transfer learning optimizes performance with limited data. Together, these tech-

niques improve diagnostic sensitivity and accuracy, enabling robust models suited

to the complexity of clinical breast cancer diagnostics.

Early efforts focused on transfer learning and boosting methods. Mehra et

al. [111] evaluated transfer learning for magnification-independent classification,

finding that fine-tuned VGG16 achieved 92.60% accuracy and a 95.65% AUC on

BreaKHis [147]. While efficient, their approach is sensitive to class imbalance and

spatial dependencies. Building on the feature extraction improvements proposed

by Mehra et al. [111], Vo et al. [164] introduced a boosting strategy within a CNN

framework to improve class balance and feature extraction from multi-scale images.

The model achieved 99.5% binary classification accuracy and up to 96.9% accuracy

across magnifications on BreaKHis [147]. However, it lacks mechanisms for effective

spatial dependency modeling which is critical for accurately localizing metastatic

regions.

In parallel, several works have leveraged MIL to address label scarcity and en-
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hance weakly supervised learning. Sudharshan et al. [152] addressed label hetero-

geneity with an MIL framework using patient-level labeling without image-level

labels. However, it faced limitations in local pattern representation where pre-

cise localization and boundary delineation are crucial. Extending MIL with con-

trastive learning, Schirris et al. [137] advanced MIL with DeepSMILE, integrating

contrastive self-supervised learning and variability-aware MIL (Fig. 2.15). Although

the DeepSMILE framework effectively employs contrastive learning for feature ex-

traction, it lacks components designed to capture spatial dependencies across WSIs.

Figure 2.15 : Overview of the DeepSMILE workflow: illustrating the contrastive

self-supervised pre-training, variability-aware MIL process, and final classification

pipeline. Source: [137].

More recently, self-learning and hierarchical refinement strategies have been ex-

plored to further improve robustness. Abdulaal et al. [2] addressed classification

challenges with noisy labels by developing a self-learning deep neural network com-

bining transfer learning and hierarchical self-learning. Using ten pre-trained CNNs,

including Inception V3 and VGG19, the model iteratively refined label accuracy in

[Production note: This figure is not included in 
this digital copy due to copyright restrictions.]
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sub-images, achieving 99.1% classification accuracy on BreaKHis [147]. While ef-

fective against noisy labels, the approach did not incorporate spatial modeling that

can effectively capture complex structural patterns.

Building upon this, Addo et al. [4] introduced BCHI-CovNet, a lightweight model

leveraging depth-wise separable convolution and second-order pooling (SOP) to han-

dle varying image resolutions efficiently. BCHI-CovNet achieved 99.15% accuracy

at 40x magnification and 99.38% on BACH [9]. Despite its efficiency, image color

variations affected feature extraction, highlighting the need for future color nor-

malization and higher-order feature integration for improved accuracy. It similarly

lacked context-aware mechanisms for complex spatial relationships.

Finally, advancing weakly supervised MIL, Yao et al. [180] proposed SoS2MIL, in-

tegrating self-supervised learning and second-order pooling to extract complex struc-

tural features. Tested on Camelyon16 [20] and a private clinical dataset, SoS2MIL

achieved an accuracy of 0.9845 and AUC of 0.9800.The integration of second-order

pooling within MIL is innovative, but it remains constrained by the absence of

mechanisms to capture sequential or spatial relationships.

Adaptable learning strategies, including transfer learning, boosting, and MIL,

have improved classification robustness and efficiency in breast cancer histopathol-

ogy. Mehra [111] leveraged transfer learning to enhance adaptability, revealing effi-

ciency gains but risks of overfitting due to network sensitivities. Building on this, Vo

et al. [164] improved class balance using boosting strategies, achieving high accuracy

across magnifications, though data scarcity remained a challenge. MIL-based meth-

ods advanced weak supervision. Sudharshan et al. [152] addressed label efficiency

with MIL, improving patient-level classification but lacking detailed image-level in-

sights. Shifting toward self-supervised methods, Schirris et al. [137] advanced self-

supervised learning with DeepSMILE, reducing label requirements but encountering



33

variability issues in annotation quality.

Further improvements combined hierarchical learning and lightweight architec-

tures. Abdulaal et al. [2] achieved high accuracy under noisy labels using hierar-

chical self-learning, but computational demands highlighted efficiency needs. To

improve deployment efficiency, Addo et al. [4] focused on lightweight models with

BCHI-CovNet, excelling in resource-limited environments but limited by color vari-

ations. Building on this line of research, Yao et al. [180] extended weak supervision

with SoS2MIL, integrating second-order pooling to capture complex WSI structures,

achieving high accuracy but needing broader validation for generalizability.

Table 2.1 provides a comprehensive comparative overview of the reviewed studies

on breast cancer classification. It highlights key aspects, including research objec-

tives, methodologies, datasets utilized, reported accuracies, and notable limitations.

Although these studies are primarily formulated as classification problems, several

implicitly provide coarse localization cues (e.g., attention maps or instance-level

scoring), reflecting the inherent connection between slide-level prediction and spa-

tial tumor identification in WSI analysis.
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Table 2.1 : Overview of 2016-2024 papers on BC classification in HP images using deep learning.

# Authors/Year Objective Approach Dataset Accuracy Key Limitation Category

1 Bayramoglu et al.,

2016 [16]

Develop a system to classify

breast cancer images

regardless of magnification

Single-task CNN for

malignancy; Multi-task CNN

for malignancy and

magnification level

BreaKHis 83.25% (single-task); 82.13%

(multi-task); 80.10%

(magnification)

Uneven magnification-specific

data; needs better

generalization

Multi-Scale and

Resolution-Invariant

Models

2 Araújo et al., 2017 [8] Automate classification of

breast cancer histology images

CNN for feature extraction +

SVM for classification

Bioimaging 2015

breast histology

challenge dataset [10]

66.7% (patch-wise, CNN);

77.8% (image-wise, four

classes, CNN+SVM); 83.3%

(binary, CNN+SVM)

Moderate classification

accuracy; SVM adds

complexity; Label noise due to

region-specific annotation

gaps.

Hybrid and Ensemble

Learning Architectures

3 Han et al., 2017 [61] Multi-classify breast cancer

subtypes

Structured CNN (CSDCNN)

for multi-class classification

BreaKHis 93.2% High computational cost;

large-scale data needed;

Predefined classes reduce

adaptability; needs dynamic

models

Feature-Based and

Context-Aware Models

4 Zheng et al., 2017 [189] Improve feature extraction for

lesion classification using

nucleus-specific features

Nucleus-guided, three-tier

hierarchical CNN

Motic Medical

Diagnostic Systems

dataset (715 WSIs;

175 annotated)

96.4% Limited ability to capture

non-nucleus-centered

information; Lacks tissue-level

context; limited for complex

structures.

Feature-Based and

Context-Aware Models

5 Ehteshami Bejnordi et al.,

2017 [20]

Multiclass classification of

breast WSIs into

normal/benign, DCIS, and

IDC

CAS-CNN with cellular and

contextual feature learning

221 WSIs of

H&E-stained breast

tissue from 122

patients

AUC 0.962 (binary); 81.2%

(three-class)

Misclassification between

DCIS and IDC; high

computational cost with larger

patch sizes

Feature-Based and

Context-Aware Models

6 Bardou, Zhang, &

Ahmad, 2018 [15]

Classify breast cancer

histology images into

benign/malignant and

subtypes

CNN with data augmentation

vs. handcrafted features +

SVM

BreaKHis 96.15% (binary, augmented);

98.33% (binary, ensemble);

83.31% (multiclass,

augmented); 88.23%

(multiclass, ensemble)

Lower multi-class accuracy;

high computational cost

Feature-Based and

Context-Aware Models

7 Zhu et al., 2019 [191] Improve classification by

assembling compact CNNs

Hybrid CNN with dual-branch

architecture

BreaKHis, BACH 85.2% ±2.6 (patient-level);

87.5% (BACH)

Over-pruning reduces

performance; compression not

fully optimized

Hybrid and Ensemble

Learning Architectures

8 Mehra, 2018 [111] Compare transfer learning to

training from scratch

Fine-tuned VGG16 with

logistic regression classifier

BreaKHis 92.6% accuracy; 95.65% AUC Class bias, network sensitivity,

training data dependency

Adaptable Learning and

Model Enhancement

Strategies
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Table 2.1 : Overview of 2016-2024 papers on BC classification in HP images using deep learning. (continued).

# Authors/Year Objective Approach Dataset Accuracy Key Limitation Category

9 Vo, Nguyen, & Lee, 2019

[164]

Enhance classification

accuracy using DCNN and

gradient boosting

DCNN + gradient boosting Bioimaging 2015,

BreaKHis

99.5% (Bioimaging, binary);

96.3% (BreaKHis, 100X)

Limited data and class

imbalance

Adaptable Learning and

Model Enhancement

Strategies

10 Sudharshan et al.,

2019 [152]

Improve classification by

handling variability with MIL

MIL vs. single-instance

methods (SIM)

BreaKHis 92.1% (40X) Requires bag-level labeling;

future improvements needed

Adaptable Learning and

Model Enhancement

Strategies

11 Yan et al., 2020 [179] Improve classification using

hybrid CNN-RNN

Hybrid CNN-RNN model Dataset of 3,771

histopathology

images

91.3% (four-class) Needs larger datasets,

advanced algorithms

Hybrid and Ensemble

Learning Architectures

12 Murtaza et al., 2020 [116] Multi-classify breast cancer

subtypes

BMIC Net with hierarchical

classification

BreaKHis 95.48% (binary); 94.62%

(subtypes)

Requires large dataset for full

optimization

Feature-Based and

Context-Aware Models

13 Ektefaie et al., 2021 [41] Explore relationship between

histopathology and

multi-omics data

Weakly supervised deep

learning

TCGA-BRCA AUC ≥ 0.950 Limited interpretability;

sample size constraints

Feature-Based and

Context-Aware Models

14 Hirra et al., 2021 [65] Develop an accurate,

patch-based deep learning

model (Pa-DBN-BC) for

breast cancer detection

Patch-based deep belief

network (DBN) for feature

extraction

HP images from

multiple institutions

84.23% Limited by hardware resources

for extensive input patches;

focused on binary

classification

Feature-Based and

Context-Aware Models

15 Zewdie, Tessema, &

Simegn, 2021 [183]

Automate classification of

breast cancer types, subtypes,

and grade levels

ResNet 50 with data

augmentation, resizing,

CLAHE

BreakHis, Zendo,

Jimma University

Medical Center

(JUMC)

96.75% (binary); 93.86%

(grade)

Limited grade classification

due to data constraints

Feature-Based and

Context-Aware Models

16 Ukwuoma et al.,

2022 [159]

Develop a robust model for

multiclass breast cancer

classification

Hybrid model combining

DenseNet201, VGG16, and

self-attention mechanisms

BreakHis, ICIAR

2018

1.0 (benign); 0.99 (malignant) Further evaluation needed on

diverse datasets

Hybrid and Ensemble

Learning Architectures

17 Zhou et al., 2022 [190] Improve efficiency and

accuracy in breast cancer

classification

ADSVM filtering and RANet

for adaptive resolution-based

classification

BreaKHis, BACH

2018

98.83% (BreaKHis,

patient-level); 99.25% (BACH,

binary)

Reduced accuracy at highest

magnification

Multi-Scale and

Resolution-Invariant

Models

18 Schirris et al., 2022 [137] Improve genomic label

classification (MSI and HRD)

from WSIs

DeepSMILE with

SimCLR-based self-supervised

learning + MIL

TCGA-CRC,

TCGA-BC

AUROC: 0.87 (MSI); 0.81

(HRD)

Reduced accuracy with noisy

data

Adaptable Learning and

Model Enhancement

Strategies

19 Srikantamurthy et al.,

2023 [148]

Classify breast cancer

subtypes

Hybrid CNN-LSTM leveraging

transfer learning

BreakHis 99% (binary); 92.5%

(multi-class)

High computational demands;

limited interpretability

Hybrid and Ensemble

Learning Architectures

20 Shovon et al., 2023 [144] Improve HER2 subtype

classification

DenseNet201 + Xception with

SIE and Grad-CAM

BCI dataset (4870

images)

ACC 97.12% (H&E); 97.56%

(IHC)

Class imbalance and noisy

data

Hybrid and Ensemble

Learning Architectures
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Table 2.1 : Overview of 2016-2024 papers on BC classification in HP images using deep learning. (continued).

# Authors/Year Objective Approach Dataset Accuracy Key Limitation Category

21 Taheri and Golrizkhatami,

2023 [153]

Automated diagnosis with

magnification-specific and

independent models

DenseNet201 with score-level

fusion

BreakHis Best ILA 93.76% (40×); best

PLA 96.7% (200×)

Reduced accuracy at 400×

magnification

Multi-Scale and

Resolution-Invariant

Models

22 Javed, Mahmood, &

Rajpoot, 2024 [74]

Classify WSIs using

unsupervised learning

UMTL with TPLG and TLC

for iterative labeling

Camelyon16,

TCGA-LC, etc.

AUC 0.966 (Camelyon16);

0.991 (TCGA-RCC)

Sensitive to class imbalance Hybrid and Ensemble

Learning Architectures

23 Xiao et al., 2024 [175] Classify breast cancer

cytopathology images

Inceptionv3 with transfer

learning

BreaKHis ¿0.92 accuracy High computational demands Multi-Scale and

Resolution-Invariant

Models

24 Abdulaal et al., 2024 [2] Improve classification using

TL and self-learning

Hierarchical self-learning with

10 pre-trained CNNs

BreakHis ACC 99.1% Validation on more datasets

needed

Adaptable Learning and

Model Enhancement

Strategies

25 Addo et al., 2024 [4] Improve classification with a

lightweight model

BCHI-CovNet with depth-wise

separable convolution

BreaKHis, BACH ACC 99.15% (BreaKHis, 40×);

99.38% (BACH)

Requires color normalization Adaptable Learning and

Model Enhancement

Strategies

26 Yao et al., 2024 [180] Combine MIL with

second-order learning for WSIs

SoS2MIL for detailed

structural info

Camelyon16, clinical

dataset

AUC 0.9800; ACC 0.9845 Computational efficiency relies

on feature approximation

Adaptable Learning and

Model Enhancement

Strategies
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Overall, while these methods improve accuracy and reduce annotation require-

ments, most rely on static pipelines with limited contextual modeling. Future work

should incorporate sequential and spatial learning techniques to enhance metasta-

sis localization and clinical applicability. Motivated by these limitations, recent

research in computational pathology has increasingly explored more expressive ar-

chitectures capable of capturing long-range dependencies and large-scale contextual

representations in whole-slide images. The following section therefore reviews emerg-

ing approaches based on foundation models and sequence architectures, which aim

to improve representation learning and contextual modeling in WSI analysis.

2.3.5 Foundation Models and Sequence Architectures in Histopathology

Recent advances in computational pathology have introduced foundation models

that learn broadly transferable representations from large-scale histopathology data

and can be adapted to diverse downstream tasks.

UNI demonstrates large-scale self-supervised pretraining for histopathology rep-

resentation learning and systematically evaluates transferability across multiple com-

putational pathology tasks [32]. CONCH extends this paradigm to a visual–language

foundation model by jointly pretraining on histopathology images and biomedical

text, enabling cross-modal alignment and improved transfer performance [104]. Vir-

chow presents a large pathology foundation model trained at scale and reports ro-

bust generalization across cancer types, including out-of-distribution scenarios [166].

Complementing image-only pretraining, TITAN introduces a multimodal whole-slide

foundation model that aligns WSI imagery with pathology reports and synthetic cap-

tions for general-purpose slide representation learning [39]. In addition, recent clin-

ical benchmarking studies systematically compare publicly available self-supervised

pathology foundation models across multiple diagnostic tasks, highlighting both

their potential and current limitations in clinical settings [27].
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Beyond foundation models, Vision Transformer (ViT)-based architectures and

transformer-style multiple instance learning (MIL) frameworks have become in-

creasingly prevalent for whole-slide image (WSI) analysis due to their ability to

model long-range dependencies through token-based interactions. TransMIL in-

troduces a transformer-based MIL formulation to capture correlations among in-

stances within WSI bags and has become a representative baseline for transformer-

based WSI classification [141]. In the specific context of lymph node metastasis

assessment, recent transformer-based studies investigate micrometastasis detection

and CAMELYON16-based evaluation, including MetaTrans, which applies meta-

learning to transformer architectures for lymph node micrometastasis detection [70],

and ViT-based analyses focusing on explainability and attention behavior in CAME-

LYON16 classification tasks [130].

More recently, Mamba-like selective state-space models (SSMs) have emerged as

efficient alternatives to attention mechanisms for long-context sequence modeling.

Mamba introduces a selective SSM backbone with linear computational scaling in

sequence length, motivating interest in high-resolution and long-sequence applica-

tions [56]. While early SSM formulations were not pathology-specific, recent studies

have begun integrating Mamba-like architectures into MIL frameworks to better

scale WSI analysis to gigapixel resolutions.

MamMIL combines Mamba-style sequence modeling with MIL for WSI represen-

tation learning [42]. M3amba further introduces memory-enhanced Mamba mech-

anisms to mitigate contextual forgetting and improve global dependency modeling

in WSI classification [188]. MambaMIL+ extends this line of work by proposing

additional strategies to stabilize long-range modeling for gigapixel WSI benchmarks

[182]. Collectively, these studies indicate that SSM-based approaches are beginning

to be explored in computational pathology; however, evidence for their effectiveness

in precise metastasis localization remains limited compared with more established
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convolutional localization pipelines.

From the perspective of this thesis, many foundation-model and transformer/SSM-

based approaches primarily focus on slide-level or bag-level prediction and typically

require additional architectural components or post-processing strategies to achieve

dense, boundary-aware localization [32, 104, 166, 141, 56].

While these modern architectures demonstrate strong performance in large-scale

WSI analysis, they typically rely on substantial computational resources and large

training datasets. In contrast, the proposed models in Chapters 3 and 4 are explicitly

designed for efficient metastasis detection and localization under weak supervision.

Chapter 3 emphasizes an efficient end-to-end architecture that integrates attention

mechanisms with regression-guided dense map reconstruction, while Chapter 4 in-

corporates contextual modeling via Bi-GRUs, multi-scale feature refinement using

ASPP, and attention-refined skip connections (CBAM) to improve spatial coherence

and boundary delineation.

Table 2.2 summarizes these methodological differences and positions the thesis

contributions relative to recent foundation models, ViT-based WSI transformers,

and Mamba-like SSM approaches. While these modern architectures are often in-

troduced in the context of WSI-level classification, their design choices directly influ-

ence their ability to support metastasis localization and dense prediction. Therefore,

discussing localization capability at this stage provides a methodological bridge be-

tween classification-focused representation learning and the spatially explicit tasks

addressed in the following section.
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Table 2.2 : Comparison of modern WSI architectures and the proposed models.

Family / Examples Primary goal WSI handling / context modeling Detection / localization capability (typi-

cal)

Foundation models

UNI [32], CONCH

[104], Virchow [166],

TITAN [39]

Transferable

representations; broad

downstream adaptation

Patch- or slide-level representation learning us-

ing large-scale self-supervision; transformer en-

coders; multimodal alignment in selected models

Primarily slide-level or instance-level prediction;

dense, boundary-aware localization typically re-

quires additional task-specific heads or post-

processing

ViT /

Transformer-based

WSI methods

TransMIL [141],

MetaTrans [70]

WSI-level prediction;

metastasis detection

variants

Transformer-based aggregation over patch tokens

(MIL in TransMIL; WSI-derived patch pipelines

in MetaTrans), enabling global token interactions

Localization commonly indirect and coarse (in-

stance attention/heatmaps); pixel-level bound-

ary modeling is not inherent

Mamba-like SSM

for WSI

MamMIL [42],

M3amba [188],

MambaMIL+ [182]

Efficient long-context

modeling for gigapixel

WSI

Selective state-space sequence modeling inte-

grated into WSI pipelines (often MIL-style); fa-

vorable scaling with long sequences [56]

Emerging in pathology; evidence mainly for rep-

resentation/classification so far; dense metastasis

localization remains under active exploration

Proposed model

(Chapter 3)

Joint detection +

localization (weak

supervision)

Patch-based dense map reconstruction with spa-

tial and channel attention; regression-guided den-

sity estimation; no decoder upsampling

Explicit dense localization map enabling metas-

tasis detection and WSI-level classification within

a unified end-to-end framework

Proposed model

(Chapter 4)

Joint detection +

boundary-refined

localization (weak

supervision)

Encoder–decoder with Bi-GRU context model-

ing, ASPP multi-scale refinement, and CBAM-

enhanced skip connections

Dense and boundary-aware localization with im-

proved spatial coherence and boundary delin-

eation via attention-refined skip connections
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Although these architectures primarily aim to improve representation learning

and slide-level prediction, their ability to capture broader contextual relationships

also provides a foundation for more spatially explicit analysis of tumor regions.

This motivates the subsequent discussion of deep learning approaches designed for

metastasis detection, localization, and segmentation.

2.4 Deep Learning Approaches for Metastasis Detection, Lo-

calization and Segmentation

Metastasis detection, localization, and segmentation are three interconnected

yet distinct tasks in the automated analysis of breast cancer using whole slide

histopathology images (WSIs). Metastasis detection refers to the binary classifi-

cation task of determining whether metastatic tumor cells are present in a WSI.

It typically involves assigning a positive or negative label to the entire slide and

serves as a preliminary screening step. Localization extends this by pinpointing the

approximate regions where metastatic tissue is concentrated. This is often achieved

through bounding boxes, region proposals, or attention heatmaps that guide fur-

ther diagnostic focus, albeit with limited spatial precision. Segmentation, on the

other hand, provides a fine-grained, pixel-level delineation of tumor boundaries. It

separates metastatic cells from surrounding non-cancerous tissues with high spatial

accuracy, enabling detailed morphological assessment. Together, these tasks form

a diagnostic pipeline from slide-level prediction to precise tumor mapping, each

offering increasing levels of spatial and clinical detail.

In this section, the recent, significant works are categorized into three key areas:

1) Metastasis Detection and Localization, 2) Metastasis Segmentation, and 3) Multi-

Task and Hybrid Models for Combined Detection, Localization and Segmentation.

This progression reflects a shift from broad metastasis detection and localization
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to precise segmentation and sophisticated multi-task frameworks. By integrating

advanced architectures, such as hybrid models and feature-enhancing mechanisms,

these approaches address challenges related to efficient processing, contextual aware-

ness, and boundary delineation.

2.4.1 Metastasis Detection and Localization

This subsection focuses on methods aiming at accurately detecting and localizing

metastatic regions within WSIs. Techniques in this area often involve patch-based

classification, heatmap generation, and multi-scale analysis to achieve robust detec-

tion and precise localization of tumor regions. By aggregating patch-level predictions

or employing deep learning models with attention mechanisms, these approaches aim

to enhance diagnostic accuracy and efficiency. Accurate localization of metastasis is

essential for cancer staging, treatment planning, and overall prognosis, highlighting

the significance of improving both detection sensitivity and spatial precision.

Early approaches such as Bejnordi et al. [19] introduced a multi-scale superpixel

classification system combined with spatial clustering for detecting ductal carcinoma

in situ (DCIS) in WSIs and achieved an excellent performance. They achieve lo-

calization by segmenting epithelial regions and applying spatial clustering to map

DCIS lesions within WSIs. However, despite its effectiveness, misclassification in

regions with lymphocytic infiltrates and necrotic lesions revealed the model’s sensi-

tivity to complex tissue types. Adopting patch-based CNN frameworks and cascaded

architectures, Wang et al. [169] used GoogLeNet for patch-based classification and

heatmap aggregation to detect and localize metastatic cancer in sentinel lymph node

biopsies. The model generated heatmaps by aggregating patch-level predictions to

provide a coarse localization of metastatic regions. However, the approach required

analyzing millions of patches, leading to high computational demand. Additionally,

false positives from tumor-like regions highlighted limitations in capturing contex-
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tual dependencies. Addressing these computational challenges, Chen et al. [30]

proposed a cascaded CNN for mitosis detection. As illustrated in Fig. 2.16, the two-

stage architecture employs Nc for candidate identification and Nf for refined mitosis

detection. By focusing on candidate regions, this cascaded approach reduces pro-

cessing time while maintaining high sensitivity.

Figure 2.16 : A two-stage architecture of the method proposed in [30], where the

first model (Nc) quickly identifies mitosis candidates, and the second model (Nf)

refines this by accurately distinguishing mitoses from similar structures, improving

both speed and accuracy [30].

To improve robustness and spatial coherence, Liu et al. [102] applied CNNs

to detect and localize small metastatic tumors in gigapixel pathology images us-

ing patch-based classification and heatmap post-processing. Their model achieved

an AUC above 97% and a sensitivity of 92.4% on CAMELYON16 [20]. However,

errors caused by tissue artifacts and ambiguous regions affected performance consis-

[Production note: This figure is not included in 
this digital copy due to copyright restrictions.]
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tency. This approach lacked mechanisms to capture contextual dependencies across

patches, which are critical for accurate localization.

Employing efficient processing strategies, Lin et al. [98] introduced ScanNet, an

FCN-based method for lymph node metastasis detection and localization in WSIs.

It used a divide-and-conquer strategy and OTSU filtering to reduce processing time

while maintaining accuracy. ScanNet achieved an FROC score of 0.8533 and an

AUC of 0.9875, outperforming human pathologists.

To further improve efficiency, Lin et al. [99] extended their prior work by de-

veloping Fast ScanNet, which added anchor layers and asynchronous prefetching.

This reduced WSI processing time to under a minute using eight GPUs. However,

despite enhanced computational efficiency, the model’s focus remained primarily on

coarse localization rather than fine-grained segmentation or boundary delineation.

Utilizing handcrafted feature-based CNN architectures, Saha et al. [135] devel-

oped a supervised model combining a five-layer CNN with handcrafted features for

mitosis detection. It achieved an F-score of 90% on datasets like MITOS-ATYPIA-

14. However, its reliance on 40× magnification and sensitivity to variations in

mitotic shapes limited adaptability to other conditions.

Fauzi et al. [45] proposed a CNN for tumor region localization in whole-slide

H&E-stained breast carcinoma images. The model was trained on five whole-slide

images and tested on ten additional slides, out of a total dataset of 15 WSIs. It

produces probabilistic heat maps highlighting tumor regions with Dice coefficients

ranging from 0.7 to 0.9. Despite a limited dataset and annotation inconsistencies,

the model demonstrates robust localization capabilities, suggesting its applicability

in scenarios with constrained data availability.

Building on previous efforts to enhance detection and localization precision, such

as the patch-based and heatmap aggregation techniques by Wang et al. [169], and
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the cascaded architectures by Chen et al. [30], Mahmood et al. (2020) [108], employs

Faster R-CNN and deep CNNs. This approach demonstrates a significant advance-

ment in combining detection and localization within a unified framework. Unlike

earlier methods focusing solely on heatmap generation or candidate retrieval, this

approach integrates region proposal networks (RPNs) to produce precise bounding

boxes. This enhancement improves localization accuracy by providing structured

predictions rather than coarse heatmaps. Additionally, its cross-dataset general-

ization testing on TUPAC16 [163] highlights improved robustness over previous

architectures constrained by dataset-specific training.

In another approach, Farajzadeh et al. [43] proposed a fully-convolutional resid-

ual encoder-decoder network for localizing cancerous nuclei in histopathology im-

ages, achieving 98.61% accuracy on an ER+ BCa H&E-stained dataset. The model

effectively generalizes to partially annotated datasets through block-wise image seg-

mentation, highlighting its robustness in handling complex tissue structures.

Building on efforts to enhance robustness, Wilm et al. [172] tackled domain vari-

ability in mitotic figure detection using a domain adversarial training approach.

They incorporated a Gradient Reversal Layer (GRL) and a domain classifier to

minimize scanner-specific feature clustering, improving generalization across dif-

ferent scanners. Their modified RetinaNet achieved an F-score of 0.7183 on the

MIDOG dataset [12], showing strong performance with unseen scanners such as

PANORAMIC 1000. However, challenges arose with the Leica GT450 scanner due

to illumination and contrast variability, indicating the need for enhanced normal-

ization techniques.

In their recent work, Ortiz et al. [120] proposed a patch overlap approach for

enhancing cancer detection and localization in histopathological images by applying

a 3x3 step 2 average pooling filter to overlapping patches. This method improves
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labeling consistency by mitigating isolated misclassifications and adjusting CNN

decision thresholds, achieving a 20% correction rate over non-overlapping methods.

Tested on the HUP and CINIJ datasets [35], the approach reached an accuracy of

94.6%.

Altogether, early approaches, such as Bejnordi et al. [19], employed multi-scale

superpixel classification with spatial clustering for DCIS detection, demonstrating

high performance but struggling with complex tissue types. Building on feature

extraction strategies, Wang et al. [169] utilized GoogLeNet with patch-based classi-

fication and heatmap aggregation, enhancing coarse localization but at the cost of

high computational demand and limited contextual awareness.

To improve efficiency, Chen et al. [30] introduced a cascaded CNN framework

with a two-stage architecture focused on candidate retrieval followed by refined anal-

ysis. This method enhanced processing speed but lacked broader contextual integra-

tion. Extending efficiency strategies, Lin et al. [98, 99] developed ScanNet and Fast

ScanNet, incorporating divide-and-conquer methods and asynchronous prefetching

to reduce WSI processing times. However, these models primarily achieved coarse

localization, struggling with precise boundary delineation.

Liu et al. [102] applied CNNs for detecting small metastatic tumors using patch-

based classification and heatmap post-processing. Despite high sensitivity, incon-

sistency from tissue artifacts and limited contextual modeling reduced reliability.

Fauzi et al. [45] applied a simpler CNN-based approach for tumor region localiza-

tion using probabilistic heatmaps, achieving robust results but limited by dataset

constraints.

Improving boundary precision and contextual awareness, Saha et al. [135] inte-

grated handcrafted features with CNNs for mitosis detection, enhancing precision

but remaining restricted by limited scale variability. Extending previous efforts,
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Mahmood et al. (2020) [108] advanced detection and localization by integrating

Faster R-CNN with deep CNNs, achieving improved precision through region pro-

posal networks and demonstrating robustness across datasets.

Farajzadeh et al. [43] advanced contextual representation using a fully-convolutional

residual encoder-decoder network with block-wise segmentation, achieving high ac-

curacy but facing limitations due to static post-processing and adaptability issues.

Wilm et al. [172] addressed domain variability through domain adversarial training,

enhancing robustness across scanners but highlighting challenges with illumination

and contrast variability. Ortiz et al. [120] further improved localization accuracy

by applying a patch overlap approach with filtering techniques, achieving a 20%

correction rate over non-overlapping methods.

These studies collectively illustrate the progression from early superpixel meth-

ods to advanced CNN and FCN frameworks, improving diagnostic precision and

efficiency. Despite substantial advancements, many methods still struggle with han-

dling complex tissue structures, boundary delineation, and computational scalabil-

ity. Techniques relying heavily on patch-based processing or handcrafted features

face limitations in adaptability and generalization. Additionally, models employ-

ing basic CNN architectures often lack mechanisms to capture spatial dependencies

across broader tissue contexts. To address these gaps, integrating more advanced

feature extraction techniques, multi-scale architectures, and robust domain adap-

tation strategies can enhance detection and localization performance. Improving

robustness to artifacts, optimizing processing efficiency, and expanding validation

to diverse datasets are essential steps toward developing clinically reliable diagnostic

systems.
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2.4.2 Metastasis Segmentation

Metastasis segmentation is essential for accurately delineating cancerous regions

within histopathology images, providing detailed structural and morphological in-

formation crucial for diagnosis, grading, and treatment planning. Unlike detection

or localization alone, segmentation offers pixel-wise precision, which improves the

accuracy of downstream tasks like feature extraction and tumor quantification. It

is particularly important in WSIs where identifying small metastases and isolated

tumor cells (ITCs) is challenging. Additionally, segmentation can enhance localiza-

tion by providing more precise boundaries, resulting in more accurate and reliable

assessments. The following studies discuss various research efforts in metastasis

segmentation.

Saha et al. [134] developed Her2Net, an attention-based framework for HER2-

stained breast cancer images. Combining convolutional and deconvolutional compo-

nents, Her2Net enhances feature preservation and reduces pixel distortion, ensuring

accurate segmentation of cellular structures (Fig. 2.17).

Figure 2.17 : An overview of the two main components of Her2Net: the convolutional

section and the deconvolutional section [134].

Her2Net demonstrated the importance of attention mechanisms in histopathol-

ogy by achieving high segmentation accuracy of 98.33%. However, its dependency on

extensively annotated datasets limits its applicability in smaller institutions [134].

[Production note: This figure is not included in 
this digital copy due to copyright restrictions.]
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To address weakly supervised segmentation, Li et al. [93] proposed SegMitos,

a model utilizing a concentric loss function to enhance segmentation with minimal

labeling. The model expands centroid annotations into concentric circles, effectively

capturing mitotic areas in weakly annotated datasets. As illustrated in Fig. 2.18,

SegMitos generates pixel-wise segmentation maps and refines them through smooth-

ing and binary operations. A final morphological filtering step reduces false posi-

tives, indicated by green circles in the results. The model achieved strong F-scores

up to 0.673 across benchmark datasets. The SegMitos model by Li et al. [93] ef-

fectively enhances segmentation using weakly labeled data by expanding centroid

annotations into concentric circles. However, due to the nature of weak supervision,

the model’s ability to accurately delineate complex structures is inherently limited.

While the concentric loss function helps capture broader mitotic areas, it may strug-

gle to differentiate fine-grained details or accurately delineate boundaries, especially

in regions with overlapping or irregular tissue structures.

Figure 2.18 : The SegMitos model [93] detects mitosis using concentric labeling,

marking the mitotic area and excluding surrounding regions from loss calculation.

Refining tile-wise segmentation approaches, Priego-Torres et al. [126] proposed

[Production note: This figure is not included in 
this digital copy due to copyright restrictions.]
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a DCNN framework for segmenting H&E-stained WSIs. Using tile-wise processing

and separable atrous convolutions, it achieved a segmentation accuracy of 95.62%

and FWIoU of 92.52% by applying only 12 WSIs. This method reduced tile incon-

sistencies but was limited by sensitivity to artifacts and reliance on a single scanner.

As shown in Fig. 2.19, tile-wise segmentation approaches with (a) direct merging

and (b) Dense CRF refinement demonstrate enhanced boundary precision, which is

crucial for accurate metastasis segmentation. Although the model achieves strong

segmentation performance, its reliance on single-scanner protocols and sensitivity

to image artifacts restrict its generalizability.

Figure 2.19 : Tile-wise segmentation approaches explored in the study [126]: (a)

direct tile-wise merging of segmentation results, and (b) tile-wise merging using a

Conditional Random Field (CRF) for improved accuracy.

Optimizing feature extraction through multi-scale architectures, Schmitz et al. [139]

introduced msY-Net, a family of U-Net-based FCNs with multi-scale merge blocks

[Production note: This figure is not included in 
this digital copy due to copyright restrictions.]
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to preserve spatial relationships while reducing memory requirements. The msY-

Net models achieved competitive segmentation performance on datasets like PAIP

2019 [85] and CAMELYON 2016 [20] with fewer parameters, making them suitable

for resource-limited settings. While msY-Net effectively captures both fine-grained

and global features, the reliance on pre-defined scale hierarchies may hinder adapt-

ability.

Incorporating multi-magnification attention mechanisms, Van Rijthoven et al. [161]

developed HookNet, a dual-branch model that mimics pathologists’ multi-magnification

diagnostic process. It achieved an F1 score of 0.91 but faced challenges in generaliz-

ing across varied fields of view. Despite its ability to capture multi-scale contextual

features, HookNet’s dependence on specific fields of view can limit its generalizabil-

ity.

Li et al. (2022) [97] proposed the Domain Adaptive Box-supervised Instance Seg-

mentation Network (DBIN) to address challenges in mitosis detection with weakly

labeled datasets and domain variability. The model integrates three components:

the Box-supervised Instance-Aware (BIA) head, the Pseudo-Mask-supervised Se-

mantic (PMS) head, and the Cross-Domain Adaptive Module (CDAM). While the

BIA and PMS heads enhance pixel-wise localization under weak supervision, the

CDAM aligns pixel-level features across different domains, improving cross-domain

generalization. Evaluated on datasets like MITOSIS2014 [113], MIDOG [12], and

TUPAC16 [163], DBIN achieved competitive F1 scores of 0.631, 0.797, and 0.782,

respectively.

Focusing on computational efficiency, Khalil et al. [81] introduced a modified

FCN model for metastatic foci segmentation in WSIs. The model achieved an F1-

score of 84.4% and an mIoU of 74.9%. Tested on 188 WSIs, it outperformed eight

models, including U-Net and SegNet. It processed each WSI in 2.4 minutes using
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four GPUs. While the model offers improved processing speed and segmentation

accuracy, its dependence on a single institutional dataset raises concerns about ro-

bustness and generalization.

Finally, employing hierarchical segmentation strategies, Xing et al. [178] in-

troduced WHRIME, a weight-based recursive hierarchical RIME algorithm [150]

designed for multi-threshold segmentation of breast cancer histopathology images.

WHRIME addresses the limitations of traditional RIME methods, such as suscepti-

bility to local optima due to low population diversity. It incorporates a hierarchical

strategy that divides the population into elite and non-elite groups. This division en-

hances exploration capabilities and improves convergence accuracy. The algorithm

also includes an adaptive weighting factor to balance global and local searches, en-

suring optimized segmentation performance. Evaluations on nine images from the

Databiox dataset and benchmark functions demonstrated WHRIME’s superiority

over state-of-the-art methods. The model achieved high metrics, including PSNR

and SSIM values of 1.11 and an FSIM of 1.33. These metrics reflect its robust image

quality assessment. However, the hierarchical structure introduces computational

complexity, which limits scalability in resource-constrained settings. Additionally,

WHRIME faces challenges with unimodal and composition functions. Introduc-

ing more efficient feature selection techniques or simplifying hierarchical structures

could enhance scalability, particularly for real-time analysis of large-scale whole-slide

images.

Overall, recent advancements in metastasis segmentation have employed various

deep learning architectures, including attention-based frameworks, multi-scale fea-

ture fusion, and recursive hierarchical algorithms, to enhance boundary delineation,

feature extraction, and efficiency. Techniques like Her2Net [134] leverage attention

mechanisms for high segmentation accuracy but require fully annotated datasets,

limiting applicability. Weakly supervised models like SegMitos [93] offer efficiency
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but struggle with precise boundary delineation.

Building on Tile-wise segmentation methods, [126] achieve high accuracy through

separable atrous convolutions and dense CRF refinement but remain sensitive to

artifacts and scanner dependency. Expanding upon context-aware modeling, Van

Rijthoven et al.[161] introduced HookNet, a dual-branch model employing multi-

magnification attention mechanisms to capture contextual dependencies, though

generalization across varied fields of view remained challenging. Multi-scale archi-

tectures such as msY-Net [139] balance fine-grained and global feature extraction but

face adaptability challenges due to predefined hierarchies. Building on this ground-

work, DBIN [97] presents more sophisticated solutions to cross-domain variability.

Furthermore, optimized models like Khalil et al.[81] and WHRIME[178] demonstrate

efficiency but lack generalization across diverse datasets and face scalability issues.

Despite these advancements, challenges persist with boundary refinement, adapt-

ability to diverse imaging conditions, and robustness across datasets. Models relying

on predefined scales or weak supervision often fail to generalize effectively to com-

plex or heterogeneous tissue environments. While these studies demonstrate signif-

icant progress in metastasis segmentation through various architectures, including

attention mechanisms, multi-scale feature fusion, and optimized CNN frameworks,

certain limitations persist. Many models struggle with achieving robust boundary

delineation and generalization across diverse imaging conditions. Techniques relying

on predefined hierarchies or weak supervision often lack the flexibility to adapt to

complex tissue structures or varying staining protocols. Additionally, the reliance

on single-institution datasets limits broader applicability. Addressing these gaps

requires architectures that can dynamically adapt to heterogeneous imaging condi-

tions, improve boundary refinement, and enhance robustness across diverse clinical

scenarios.
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2.4.3 Multi-Task and Hybrid Models for Combined Detection, Local-

ization and Segmentation

Multi-task frameworks and hybrid models in breast cancer histopathology have

advanced computational efficiency and accuracy. By combining segmentation and

classification within a unified framework, these approaches can leverage shared repre-

sentations and improve generalization across diverse clinical scenarios. They address

key challenges like class imbalance, weak supervision, and computational efficiency

in large datasets. These advancements streamline workflows and support patholo-

gists in providing faster, more accurate diagnostics.

In an early example of multi-task modeling, Beevi et al. [18] introduced a two-

stage system combining segmentation and classification within a unified framework.

Their Krill Herd (KH) [48]-based localized active contour model (LACM) improved

mitotic cell segmentation. A deep belief network (DBN) was then used to classify

nuclei as mitotic or non-mitotic. The model achieved F-scores of 84.29% and 75%

on the MITOS and RCC datasets. Although effective in improving segmentation

accuracy, the model’s reliance on contour-based techniques limits its capacity to

adapt to irregular boundaries or noisy backgrounds.

Gecer et al. [50] laid the groundwork for multi-task deep learning in breast cancer

histopathology. Their system classified whole-slide images (WSIs) into five diagnos-

tic categories. It combined an FCN-based saliency detector with a CNN classifier

and achieved 55% slide-level accuracy on 240 WSIs, comparable to pathologists.

However, computational demands for pixel-wise analysis highlighted scalability chal-

lenges. While the approach effectively combines localization and classification tasks,

its reliance on pixel-wise saliency detection presents scalability challenges when ap-

plied to large histopathology images.

Addressing the challenge of class imbalance in mitosis detection, Wahab et
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al. [167] proposed TL-HCNN-Mit-Det, a hybrid CNN leveraging transfer learn-

ing and data augmentation. By undersampling non-mitotic nuclei and balancing

datasets, the model achieved an F-measure of 0.713 on the TUPAC 2016 dataset [163].

Despite its effectiveness, reducing false negatives and improving segmentation accu-

racy remain open challenges.

Expanding upon domain adaptability, Sebai, Wang, and Al-Fadhli [140] intro-

duced PartMitosis, a partially supervised framework combining weak and strong

labels. It integrates two parallel FCNs, one trained on weak centroid labels and the

other on fully annotated data. It improves detection accuracy by fusing segmenta-

tion maps. As illustrated in Fig. 2.20, a weight transfer function facilitates semantic

information sharing between networks, enhancing precision. The model achieved

strong F-scores on the ICPR [113] and AMIDA datasets, demonstrating robust-

ness. While PartMitosis effectively combines weak and strong supervision through a

dual-network architecture, its reliance on dual-labeling types introduces constraints

in achieving robust generalization. The fusion of segmentation maps may struggle

to accurately delineate intricate structures or maintain consistency across varying

tissue types.

Continuing the advancement of hybrid multitask models, Zhang et al. [186] de-

veloped DDTNet to detect and segment tumor-infiltrating lymphocytes (TILs). The

model used a shared backbone network and multi-scale feature fusion (Fig. 2.21).

DDTNet achieved high segmentation accuracy on the TCGA-lym [155] dataset.

However, its scalability on large WSIs requires further validation. While the model

demonstrates strong generalization capabilities, its application to large WSIs re-

mains limited by the backbone architecture’s inability to effectively process high-

resolution images.
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Figure 2.20 : A detailed overview of the PartMitosis system [140]. The weights of

the prediction layer in the strong segmentation branch (WStrong) are derived from the

weights in the concentric segmentation branch (WConcent) through a weight transfer

function (Γ), which is not learned as a model parameter.

Figure 2.21 : The DDTNet architecture [186], integrating detection and segmenta-

tion modules with a feature fusion strategy for precise lymphocyte segmentation.

[Production note: This figure is not included in 
this digital copy due to copyright restrictions.]

[Production note: This figure is not included in 
this digital copy due to copyright restrictions.]
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Furthering the application of multi-task and hybrid models, Khaliliboroujeni et

al. [82] developed a CAD system for detecting breast cancer metastasis in lymph

node WSIs. Using a ResNet50 backbone with spatial and channel attention mod-

ules, the model generated density maps to highlight tumor regions. Tested on the

CAMELYON16 dataset, it achieved an AUC of 97.03% and an FROC of 84.10%, op-

erating efficiently at 10X magnification to reduce computational load. However, its

reliance on limited dataset diversity limits adaptability to complex clinical scenarios.

While the ResNet50 backbone and basic attention modules enhance detection effi-

ciency, limitations in capturing complex spatial relationships and contextual details

remain. Incorporating advanced attention mechanisms and improved feature refine-

ment through a robust decoder could enhance localization accuracy and boundary

delineation, particularly when dealing with subtle or irregular tumor edges.

Building on weak supervision, Li et al. [96] proposed SA-MIL, a self-attention-

enhanced MIL framework for segmentation without full supervision. As shown in

Fig. 2.22, SA-MIL captures global image correlations to overcome the limitations of

instance independence in weakly supervised settings. Validated on CAMELYON16,

the model achieved an F1 score of 0.868, nearing fully supervised models. This

approach demonstrates the potential of combining self-attention and weak super-

vision to enhance model generalizability, especially when annotated data is scarce.

However, higher Hausdorff Distance (HD) values suggest room for improvement in

boundary precision.

Incorporating super-resolution with attention mechanisms, Juhong et al. [76]

proposed a combined SRGAN-ResNeXt and Inception U-net framework. SRGAN-

ResNeXt enhances image resolution, enabling the Inception U-net to achieve a Dice

similarity coefficient of 0.893 for precise cellular segmentation in H&E-stained im-

ages. This workflow, illustrated in Fig. 2.23, demonstrates how super-resolution

improves input quality to boost segmentation accuracy. While high-resolution pro-
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Figure 2.22 : The framework of SA-MIL [96], which uses VGGNet stages and self-

attention modules for feature extraction, along with deep supervision and a fusion

layer to integrate multi-scale predictions.

cessing enhances segmentation accuracy, the dependency on resource-intensive ar-

chitectures limits clinical applicability.

Figure 2.23 : The overall workflow of the models [76]: (a-b) Fresh breast tumor tis-

sues stained and imaged; (c-d) High-resolution images captured using a microscope;

(e-g) Low-resolution images simulated and processed by SRGAN-ResNeXt model;

(h-i) High-resolution outputs generated; (j-k) Inception U-net Model segments the

images.

[Production note: This figure is not included in 
this digital copy due to copyright restrictions.]

[Production note: This figure is not included in 
this digital copy due to copyright restrictions.]
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Leveraging segmentation advances, Jahanifar et al. [72] introduced MDFS, a two-

stage mitosis detection model inspired by Kahneman’s “Thinking, Fast and Slow”

theory. The framework combines EUNet for rapid segmentation with EfficientNet-

B7 for detailed refinement (Fig. 2.24). To address scanner variability, the model

employs domain generalization techniques, including stain normalization. Validated

on the MIDOG [12] and ICPR2012 [113] datasets, MDFS achieved high F1 scores.

However, challenges remain in detecting faint or small mitoses and minimizing true

positive pruning during candidate refinement. Despite its robust performance, the

model faces challenges in detecting subtle mitotic figures and managing scanner

variability.

More recently, Lu et al. [106] introduced BreasTDLUSeg, a two-stage frame-

work for segmenting breast terminal duct lobular units (TDLUs) within WSIs.

The first stage uses SPPC-Net to localize TDLU-positive patches, while PPS-Net,

a CNN-Transformer model, refines pixel-level segmentation in the identified areas

(Fig. 2.25). This coarse-to-fine approach balances accuracy and computational effi-

ciency, achieving Dice coefficients of 79.97.

Despite its success, BreasTDLUSeg’s reliance on SPPC-Net’s classification accu-

racy makes it vulnerable to false negatives. Although effective in capturing spatial

arrangements and morphological details, the model’s reliance on the accuracy of

initial detection stages remains a limitation. Enhancing communication between

detection and segmentation networks, particularly through refined feature fusion

techniques, could improve boundary delineation and robustness in heterogeneous

tissue environments.

In closing, the exploration of multi-task and hybrid models reveals notable strides

in breast cancer histopathology. Early models like Beevi et al. [18] combined active

contour segmentation with classification using deep belief networks, demonstrating
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Figure 2.24 : An illustration of the mitosis detection method proposed in [72]. (a)

data preprocessing, and (b) a two-stage system, ‘Detecting Fast’ for rapid candidate

segmentation and ‘Detecting Slow’ for detailed refinement of candidates.

reasonable performance but facing difficulties with irregular boundaries and noisy

backgrounds.

Expanding on hybrid architectures, Gecer et al. [50] combined saliency detection

and classification to process WSIs, but scalability issues limited clinical applicability.

To address class imbalance, Wahab et al. [167] integrated transfer learning and data

augmentation, moderately improving mitosis detection precision.

Sebai et al. [140] advanced hybrid learning by combining weak and strong labels

[Production note: This figure is not included in 
this digital copy due to copyright restrictions.]
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Figure 2.25 : The BreasTDLUSeg framework, comprising two main components:

(A) SPPC-Net for identifying TDLU-positive patches and (B) PPS-Net for precise

pixel-level segmentation within these patches.

within a dual-network structure to improve segmentation accuracy. This approach

effectively integrates varied annotations but faces challenges in maintaining robust-

ness across complex tissue structures.

Recent methods have incorporated attention mechanisms to refine segmentation.

Zhang et al. [186] introduced DDTNet with multi-scale feature fusion for lympho-

cyte segmentation, while Khaliliboroujeni et al. [82] utilized spatial and channel

attention modules to enhance tumor detection. Juhong et al. [76] further improved

accuracy using super-resolution techniques combined with U-net architectures, but

computational demands limit clinical applicability.

Li et al. [96] addressed weak supervision challenges with SA-MIL, integrating

self-attention and multiple instance learning, improving generalizability but facing

limitations in boundary precision.

MDFS by Jahanifar et al. [72] employed a two-stage model integrating rapid seg-

mentation and detailed refinement, achieving robust performance but facing chal-

[Production note: This figure is not included in 
this digital copy due to copyright restrictions.]
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lenges with subtle mitoses. Lu et al. [106] proposed BreasTDLUSeg, combining

localization and segmentation through CNN-Transformer models, achieving high

accuracy but struggling with initial classification dependencies.

These models collectively illustrate progress in optimizing diagnostic workflows

and addressing key challenges. While recent hybrid models have achieved notable

improvements, their ability to accurately delineate complex and irregular boundaries

remains limited. Challenges persist in capturing intricate spatial patterns and sub-

tle variations within tumor margins, particularly when dealing with heterogeneous

tissue structures. Enhanced feature extraction strategies that effectively capture

hierarchical relationships across varying spatial scales could improve segmentation

robustness and precision. Developing models capable of refining boundary details

and differentiating subtle structures within intricate tissue environments remains

essential for achieving higher diagnostic accuracy and broader applicability. Also,

future work could explore multimodal integration, adaptive frameworks for diverse

imaging conditions, and techniques to minimize annotation dependency while main-

taining high diagnostic precision.

Additionally, Table 2.3 provides a comparative summary of these studies. It

offers insights into their objectives, methods, datasets, achieved accuracies, and

limitations.
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Table 2.3 : Overview of 2016-2024 papers on BC detection, localization and segmentation in HP images using deep learning.

# Authors/Year Objective Approach Dataset Accuracy Key Limitation Category

1 Bejnordi et al.

(2016) [19]

To detect and localize ductal

carcinoma in situ (DCIS) in

WSIs using a multi-scale

superpixel classification

approach.

Multi-scale superpixel

classification and region-based

classifier with statistical and

texture features.

Two datasets with

205 WSIs

Dice score of 0.9243, detecting

80-83% of DCIS lesions with

2-3 false positives per WSI

Misclassification with

lymphocytic infiltrates;

difficult lesions with large

necrotic areas

Metastasis Detection and

Localization

2 Chen et al.

(2016) [30]

Develop a method for mitosis

detection and localization

using a two-stage CNN

approach.

Two-stage CNN model for

coarse candidate detection and

fine discrimination.

ICPR MITOSIS

2012/2014

F1 score: 0.788 (2012), 0.482

(2014)

Needs larger datasets and

GPU optimization

Metastasis Detection and

Localization

3 Wang et al.

(2016) [169]

Identify metastatic breast

cancer in sentinel lymph node

biopsies.

Patch-based classification and

heatmap-based

post-processing using

GoogLeNet.

CAMELYON16 AUC: 0.925 (whole-slide),

0.7051 (tumor localization)

High computational expense

and extensive patch extraction

Metastasis Detection and

Localization

4 Beevi et al.

(2017) [18]

Accurately detect mitotic cells

using a multi-classifier system.

KH Algorithm and deep belief

network-based multi-classifier

system.

MITOS 2014, RCC

clinical dataset

F-score: 84.29% (MITOS),

75% (RCC)

Needs more discriminative

features and GPU

optimization

Multi-Task and Hybrid

Models

5 Liu et al.

(2017)‘[102]

Detect and localize small

tumors in gigapixel pathology

images.

CNN-based patch classification

and heatmap post-processing.

CAMELYON16 AUC: ¿97% Errors due to tissue artifacts;

limited hyperparameter tuning

Metastasis Detection and

Localization

6 Fauzi et al.

(2018) [45]

Tumor region localization in

breast carcinoma WSIs.

CNN with patch extraction,

model training, tumor

probability scoring, and

heatmap generation.

15 WSIs (5 for

training, 10 for

testing)

Dice coefficient: 0.7 - 0.9 Limited dataset size; reliance

on basic CNN architectures

Metastasis Detection and

Localization

7 Lin et al.

(2018) [98]

Provide a fast method for

detecting lymph node

metastasis.

Fully convolutional network

(FCN) with a

divide-and-conquer strategy.

CAMELYON16 FROC: 0.8533, AUC: 0.9875 Potential improvements with

advanced architectures

Metastasis Detection and

Localization

8 Gecer et al.

(2018) [50]

Classify biopsy images into

diagnostic categories.

Two-step approach: saliency

detection with FCNs, CNN for

classification.

240 WSIs 55% slide-level accuracy Requires refinement for higher

accuracy

Multi-Task and Hybrid

Models

9 Saha et al.

(2018) [134]

Automate segmentation of cell

membranes and nuclei.

Deep learning framework with

convolutional and

deconvolutional layers and

TLSTM.

HER2 image database 98.33% accuracy Challenges with cytoplasmic

staining and manual

annotations

Metastasis Segmentation
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Table 2.3 : Overview of 2016-2024 papers on BC detection, localization and segmentation in HP images using deep learning.

(continued).

# Authors/Year Objective Approach Dataset Accuracy Key Limitation Category

10 Saha et al.

(2018) [135]

Develop an efficient model for

mitosis detection and

localization.

Supervised deep learning with

handcrafted features and

CNN.

MITOS-ATYPIA-14,

ICPR-2012,

AMIDA-13

F-score: 90% Performance affected by

magnification variance

Metastasis Detection and

Localization

11 Wahab et al.

(2019) [167]

Use transfer learning for

segmentation and detection of

mitoses.

TL-HCNN-Mit-Det model:

Pre-trained CNN for

segmentation and hybrid CNN

for detection.

TUPAC 2016 F-measure: 0.713 Performance affected by

segmentation errors

Multi-Task and Hybrid

Models

12 Lin et al.

(2019) [99]

Detect and localizae cancer

metastases in large WSIs

efficiently.

FCNs and anchor layers for

dense scanning.

CAMELYON16 FROC: 0.8533, AUC: 0.9875 Needs large annotated

datasets

Metastasis Detection and

Localization

13 Li et al.

(2019) [93]

Develop a weakly supervised

method for mitosis detection.

FCN with concentric loss

function.

ICPR 2014,

AMIDA13, TUPAC16

F-scores: 0.562-0.673 Needs refinement for broader

applications

Metastasis Segmentation

14 Mahmood et al.

(2020) [108]

Automate mitotic cell

detection and localization

using AI.

Faster R-CNN and deep CNNs

(ResNet-50, DenseNet-201)

ICPR 2012, ICPR

2014, TUPAC16

Precision: 0.876, 0.848 (ICPR

2012, 2014)

Needs larger datasets; false

positives due to irregular

morphology

Metastasis Detection and

Localization

15 Sebai, Wang, and

Al-Fadhli

(2020) [140]

Utilize partially supervised

deep learning for mitosis

detection.

Two FCNs trained with weak

and strong labels;

segmentation map fusion with

weight transfer.

ICPR 2012, ICPR

2014, AMIDA13

F-scores: 0.575 (2014 ICPR),

0.698 (AMIDA13), 0.788

(ICPR 2012)

Optimization needed for

weight transfer; handling class

imbalance

Multi-Task and Hybrid

Models

16 Priego-Torres et

al. (2020) [126]

Segment H&E-stained breast

cancer images.

Encoder-decoder architecture

with separable atrous

convolution and dense CRF.

12 WSIs scanned at

40x magnification

Segmentation accuracy:

95.62%, FWIoU: 92.52%

Issues with image artifacts;

validation on diverse datasets

needed

Metastasis Segmentation

17 Van Rijthoven et

al. (2021) [161]

Perform multi-resolution

semantic segmentation for

WSIs.

Two encoder-decoder branches

with a hooking mechanism for

information fusion.

86 tissue sections F1 score: 0.91 Performance dependent on

fields of view; scaling requires

multi-GPU setups

Metastasis Segmentation

18 Schmitz et al.

(2021) [139]

Segment images at multiple

scales, mimicking pathologist

workflows.

U-Net-based FCNs with

multi-scale merge block.

PAIP 2019, BACH

2020, CAMELYON

2016

Jaccard index: 0.859 (U-Net

ensemble)

Needs evaluation on broader

datasets

Metastasis Segmentation

19 Farajzadeh et al.

(2022) [43]

Cancerous nuclei localization

in histopathology images.

Fully-convolutional residual

encoder-decoder network with

post-processing.

ER+ BCa

H&E-stained dataset

Accuracy: 98.61% Dependency on static

post-processing; limited

generalizability

Metastasis Detection and

Localization
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Table 2.3 : Overview of 2016-2024 papers on BC detection, localization and segmentation in HP images using deep learning.

(continued).

# Authors/Year Objective Approach Dataset Accuracy Key Limitation Category

20 Zhang et al.

(2022) [186]

Detect and segment

tumor-infiltrating

lymphocytes.

Shared backbone network with

detection and segmentation

modules.

TCGA-lym, BCa-lym,

Post-NAT-BRCA

F1 score: 0.739, Dice: 0.717 Limited validation on WSIs;

single-expert annotations may

introduce bias

Multi-Task and Hybrid

Models

21 Li et al.

(2022) [97]

Improve mitosis detection

using weakly labeled datasets

and domain adaptation.

Three sub-networks: BIA,

PMS, CDAM for cross-domain

adaptation.

MITOSIS2014,

MIDOG, TUPAC16

F1 scores: 0.631

(MITOSIS2014), 0.797

(MIDOG), 0.782 (TUPAC16)

Time-consuming label

expansion; domain adaptation

limitations

Metastasis Segmentation

22 Wilm et al.

(2022) [172]

Address domain variability in

mitotic figure detection.

Modified RetinaNet with GRL

and domain classifier;

ResNet18 backbone.

MIDOG F-score: 0.7183; 0.7339

(PANORAMIC 1000 scanner)

Scanner-dependent

performance; unresolved tissue

variation issues

Metastasis Detection and

Localization

23 Khalil et al.

(2022) [81]

Segment metastatic foci in

WSIs for diagnosis.

Modified FCN; evaluated on

WSIs from National Taiwan

University Hospital.

NTUH WSIs F1: 84.4%, mIoU: 74.9% Limited generalizability;

untested on other cancer types

Metastasis Segmentation

24 Khaliliboroujeni

et al. (2022) [82]

Detect breast cancer

metastasis using WSIs.

ResNet50 with spatial and

channel attention;

classification and regression.

CAMELYON16 AUC: 97.03, FROC: 84.10 Struggles with hard positive

cases at low resolution

Multi-Task and Hybrid

Models

25 Juhong et al.

(2023) [76]

Enhance and segment images

in limited technology

environments.

SRGAN-ResNeXt for

enhancement; Inception U-net

for segmentation.

TCGA IoU: 0.869, Dice: 0.893 Performance depends on

dataset quality; high

computational demand

Multi-Task and Hybrid

Models

26 Li et al.

(2023) [96]

Enhance segmentation using

weakly supervised learning.

Integrates SAMs into the MIL

framework for segmentation.

Histopathology

datasets (colon,

cervix),

CAMELYON16

F1: 0.868 (positive), 0.985

(negative)

High Hausdorff Distance;

dataset-specific characteristics

Multi-Task and Hybrid

Models

27 Jie Xing et al.

(2024) [178]

Develop a multi-threshold

segmentation method

addressing local optima issues.

Hierarchical strategy with

adaptive weighting for global

and local searches.

Databiox (9 images),

benchmark functions

PSNR: 1.11, SSIM: 1.11 High computational

complexity; challenges in

unimodal functions

Metastasis Segmentation

28 Jahanifar et al.

(2024) [72]

Develop a two-stage

framework for efficient mitosis

detection inspired by

Kahneman’s theory.

EUNet for fast detection and

EfficientNet-B7 for refined

detection.

MIDOG, TUPAC,

ICPR2012

F1 score: 0.758 (TUPAC),

0.747 (MIDOG)

Issues with small/faint

mitoses; potential false

negatives during refinement

Multi-Task and Hybrid

Models

29 Lu et al.

(2024) [106]

Segment TDLUs in

histopathological WSIs using a

coarse-to-fine approach.

Two-stage SPPC-Net for

patch classification and

PPS-Net for segmentation.

TCGA-BRCA-TDLU,

Post-NAT-BRCA-

TDLU

Dice: 79.97%, 92.93% Performance depends on

SPPC-Net accuracy; GPU

memory constraints

Multi-Task and Hybrid

Models
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Table 2.3 : Overview of 2016-2024 papers on BC detection, localization and segmentation in HP images using deep learning.

(continued).

# Authors/Year Objective Approach Dataset Accuracy Key Limitation Category

30 Ortiz et al.

(2024) [? ]

Enhance detection and

localization accuracy using

overlapping patches.

Patch overlap approach with

average pooling filter, CNN

decision thresholding.

HUP, CINIJ (Derived

from Cruz-Roa et

al. [35])

Accuracy: 94.6% Reliance on handcrafted

filtering and static

thresholding

Metastasis Detection and

Localization
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2.5 Summary and Future Work

Deep learning has significantly advanced medical image analysis beyond tradi-

tional machine learning. It has enhanced tasks such as classification, detection,

localization, segmentation, and feature extraction. By automating image analysis,

deep learning has transformed breast cancer diagnosis and improved the effectiveness

of Computer-Aided Diagnostic (CAD) systems.

This review began by discussing key medical imaging modalities, including X-

ray mammography, MRI, ultrasound, and histopathologic imaging. Each modality’s

strengths and limitations were analyzed. Histopathology stood out due to its de-

tailed phenotypic insights, which are critical for understanding cancer progression

and metastasis.

The review covered influential studies published between 2016 and 2024, offering

a comprehensive analysis of deep learning applications in breast cancer histopathol-

ogy. The reviewed studies were organized into two major research directions: clas-

sification models and detection, localization, and segmentation approaches, with a

particular emphasis on metastasis identification in whole-slide images (WSIs). In

addition, recent advances in foundation models and sequence-based architectures

for whole-slide image analysis were discussed, highlighting emerging trends toward

large-scale representation learning and improved contextual modeling in compu-

tational pathology. While deep learning has enabled remarkable progress, WSIs

present ongoing challenges related to high computational demands and the time-

intensive nature of manual annotation, which continue to limit large-scale clinical

deployment.

Despite the progress, ongoing challenges require further research. A critical

issue is the scarcity of fully labeled public datasets of high-resolution histopathology

images for effective model training. Creating such datasets is labor-intensive and
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expensive, particularly for pathology labs.

Future research could address this limitation by focusing on methods like Few-

Shot Learning (FSL), One-Shot Learning (OSL), and Zero-Shot Learning (ZSL).

These techniques train models with minimal labeled data and hold promise for

breast cancer segmentation and classification, where data acquisition is challeng-

ing. Advances in self-supervised learning, weakly supervised learning, and domain

adaptation could also enable models to generalize effectively with limited labeled

data.

There is also a need for models that deliver accurate results across diverse imag-

ing conditions and modalities. Multimodal fusion, attention-based spatial modeling,

and multi-scale feature integration could help integrate data from various imaging

sources, improving diagnostic precision and adaptability. Additionally, computa-

tional efficiency remains a key challenge. Lightweight architectures and optimization

strategies will be essential for real-world clinical applications, especially in resource-

constrained environments.

Moreover, several existing models struggle with inter-patch continuity, contex-

tual reasoning, and boundary precision. This highlights an opportunity for novel

architectures combining recurrent modules, attention mechanisms, and hierarchical

learning to enhance interpretability and localization accuracy.

In conclusion, while deep learning has profoundly impacted breast cancer diagno-

sis through histopathology images, challenges such as data scarcity, computational

efficiency, and cross-modality generalization persist. Addressing these issues can fur-

ther enhance early diagnosis, personalize treatment planning, and improve patient

outcomes in breast cancer care.
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Chapter 3

An End-to-End Model for Metastasis Detection in

Breast Histopathology Images

Building on the challenges and motivations discussed in previous chapters, this

chapter presents a weakly supervised CAD framework for efficient breast cancer

metastasis detection and localization in histopathology images. To address the high

computational cost of WSI analysis and the limited availability of dense annota-

tions, the proposed framework operates on low-resolution WSIs using minimal su-

pervision. This design reduces computational burden while maintaining competitive

detection performance. To maintain computational efficiency, the framework adopts

a lightweight architecture without an explicit decoder stage, focusing on direct pre-

diction from encoded feature representations.

Unlike traditional patch-based approaches, the proposed model integrates at-

tention mechanisms with classification and regression tasks to jointly perform WSI

classification and tumor localization. A dense localization strategy is employed to

generate tumor localization maps and identify individual metastases. Experimental

results demonstrate that the proposed approach achieves strong performance un-

der the studied setting, while also providing substantial reductions in processing

time and computational cost. These characteristics make the framework suitable

for efficient large-scale WSI analysis.
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Figure 3.1 : Pyramid representation of a whole slide image, where the level-0 slide

(bottom) represents the principal WSI with the highest resolution and the level-n

slide presents the smallest image by the base size divided by 2n [117].

3.1 Introduction

Histopathology plays a critical role in the diagnosis of breast cancer. As men-

tioned in Section 2.2.4, HP involves analyzing biopsy fragments under a microscope

to detect invasive lesions or other anomalies. However, working with histopathology

images presents certain complexities. Each slide from these advanced technologies is

about one gigabyte. Saving each slide as a pyramidal heap is one solution to having

access to several resolutions of one slide. That is why WSIs are usually presented in

several levels, from 0 to n. In general, the Level-0 slides represent the principal WSI

with the highest resolution and the Level-n slides represent the smallest image by

the base size divided by 2n. In fact, continuing downsampling the slide by dividing

its size by two, the same images in several sizes are obtained (Fig. 3.1).

Also, intermittent “noise,” as shown in Fig. 3.2, can obscure key details in

histopathological images. Additionally, the visual resemblance between healthy and

metastatic patches, illustrated in Fig. 3.3, introduces challenges in accurate cancer

[Production note: This figure is not included in 
this digital copy due to copyright restrictions.]
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detection. The computational complexity and high resource demands of HP imaging

further exacerbate these challenges.

To address these challenges, this chapter presents an end-to-end weakly super-

vised framework for detecting and localizing breast cancer metastases in WSIs.

Figure 3.2 : Examples of histopathological image patches exhibiting sporadic noise.

Figure 3.3 : Examples of healthy (the first row) and unhealthy (the bottom row)

histopathological image patches. The diversity of tissue structure and sample ap-

pearance is observable, highlighting the challenge of distinguishing between normal

and tumor patches due to their visual similarities.

The contributions of this chapter are as follows.

• An end-to-end weakly supervised framework is proposed that consists of four

main modules: a patch classification module, a tumor ratio regression mod-

ule, a channel attention module, and a spatial attention module for tumor

localization.
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• WSI classification and tumor localization are performed simultaneously by

extracting dense localization maps while conducting binary classification and

tumor ratio regression.

The proposed framework is evaluated on the CAMELYON16 dataset, which was

released for the CAMELYON challenge [21]. The method is designed to reduce the

computational overhead commonly associated with high-resolution WSI analysis.

In addition, computational resources and processing cost are reduced by using an

end-to-end architecture that performs classification and localization jointly, without

relying on additional procedures such as stain normalization or hard negative and

hard positive mining.

Unlike many earlier methods that used the full set of annotated WSIs at 40×

resolution, the proposed approach is trained using a reduced subset of the available

training data at 10× resolution. Despite this simplified setting, it achieves com-

petitive performance on both WSI classification and lesion localization. The model

requires approximately 2.04 minutes on a single GPU to process a WSI for metastasis

detection, indicating an efficient computational setting for large-scale WSI analysis.

For the localization task, the proposed model achieved an FROC score [29] of

0.841. This result is slightly higher than the score reported for the CAMELYON16

challenge winner [169], which reported an FROC score of 0.807 using the full set

of 270 annotated WSIs at 40× resolution for training. Under the studied weakly

supervised setting, these results highlight the potential of the proposed framework

for efficient metastasis localization using reduced data and lower magnification.

The rest of this chapter is organized as follows. Section 3.2 reviews the most

relevant related work. Section 3.3 presents the proposed approach. Section 3.4

reports the experimental results. Finally, Section 3.5 concludes the chapter.
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3.2 Comparison to Preceding Metastasis Detection Approaches

This section briefly contrasts the proposed framework with representative ap-

proaches for metastasis detection in whole-slide images (WSIs), focusing on compu-

tational design, supervision requirements, and spatial output characteristics.

Early high-performing methods on the CAMELYON16 benchmark [21] primar-

ily rely on dense patch-level classification followed by heatmap reconstruction. For

instance, Wang et al. [169] employed an ensemble of GoogLeNet models with stain

normalization and hard negative mining, while Liu et al. [102] used CNN-based

patch classification to generate tumor probability maps. Although these approaches

achieve strong detection performance, they often involve computationally inten-

sive high-resolution patch extraction and subsequent heatmap reconstruction steps,

which limit scalability for large WSIs.

To incorporate spatial context, Kong et al. [87] introduced recurrent neural

network-based modeling (e.g., LSTM) to capture dependencies between neighboring

patches, demonstrating that contextual interactions can improve detection perfor-

mance. However, such methods typically operate on pre-extracted patch sequences

and remain computationally demanding.

Other studies have focused on improving spatial precision through segmentation-

based frameworks. For example, Guo et al. [57] proposed a two-stage approach

combining patch classification with semantic segmentation to refine tumor regions.

While this design aims to improve delineation, it requires pixel-level annotations

and introduces additional supervision and pipeline complexity.

In contrast, the proposed framework is designed as an efficient end-to-end ap-

proach that operates directly on lower-resolution inputs (10×) under weak supervi-

sion. Rather than relying on high-resolution patch scanning or multi-stage pipelines,

the model jointly performs metastasis detection and localization within a unified
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architecture. This design prioritizes computational efficiency and reduced annota-

tion burden while maintaining competitive localization performance, making it more

suitable for scalable WSI analysis.

3.3 The Proposed Method

Two main objectives are addressed in this chapter. The first is to estimate

the location of metastases within a WSI, and the second is to determine whether

metastasis is present in the WSI. In this work, a computationally efficient end-to-end

model for WSI classification and metastasis localization is developed. By combining

channel attention, spatial attention, patch classification, and a tumor ratio regression

module, the proposed framework simultaneously performs whole-slide classification

and tumor localization.

Tumor regions are highlighted by reconstructing a dense localization map for

each WSI. Unlike typical fully convolutional architectures that rely on a decoding

pathway with upsampling layers, the proposed model omits an explicit decoder.

This design choice reduces computational complexity and enables faster inference

compared with conventional patch-based pipelines, while still producing meaningful

localization cues.

Most previous works, e.g., [169, 21, 102], at this stage design separate models

to classify WSIs. At first, they design a model for the metastasis localization task

and reconstruct tumor heatmaps for the input WSIs.Then, to recognize whether a

WSI contains metastasis or not, they develop another model and train this second

model using features extracted from the predicted heatmaps of the first model. In the

proposed approach, instead, it is not necessary to develop an additional classification

model for WSI classification. The metastatic WSIs are identified by aggregating the

responses of the detected regions in the reconstructed dense localization map.
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The proposed model is built upon a ResNet50 backbone network. The average

pooling layer and the final fully connected layer of ResNet50 are removed, and the

proposed architecture is attached to the last convolutional layer of the backbone

network. In Fig. 3.4, an overview of the model is illustrated. As shown in Fig. 3.4,

after the last convolutional layer of ResNet50, the model is divided into two sub-

branches. The first sub-branch starts with a spatial module to extract metastatic

sections of the input image. The second sub-branch begins with the channel atten-

tion module to learn what is noteworthy in the input image. Also, these two modules

are connected to boost the information of the extracted features. Subsequently, a

classification module for identifying healthy inputs from unhealthy, and a regression

module to measure the proportion of the metastatic parts in an input image, are

linked to both sub-branches.

In this section, at first, the details of the network architecture of the proposed

model are presented. Then, details of the loss functions used in this model are

provided.

Figure 3.4 : An overview of the model.

3.3.1 Network Architecture

As shown in Fig. 3.4, this model is built based on a ResNet50 backbone network.

The proposed structure attached to the backbone ResNet50 is composed of six mod-
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Figure 3.5 : The framework of the model for training (a) and prediction (b).

ules: one spatial attention module, one channel attention module, two classification

modules, and two regression modules. The spatial attention module is the Local-

ization branch that produces a density map that highlights the tumor part of each

input. The channel attention module extracts the inner features of the channels of

the convolutional layer and assists the model in learning meaningful sections of the

input image. The Classification sub-branches determine whether an input image is

healthy or not, and the Regression sub-branches infer the tumor ratio in the input

image. Ultimately, all the modules in this approach assist each other in detecting

metastasis more efficiently. By designing these sub-branches, without needing pixel

annotation, this model can simultaneously learn whether an input patch is healthy

or not, the ratio of the metastases in the patch, and the approximate spatial location

of metastatic regions. The model is trained by considering that the elicited dense

map should have the same class and tumor ratio as the input image.

In Fig. 3.5, an illustration is presented showing the proposed model’s structure
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in more detail. Note that by going more deeply through the layers of the CNNs,

more semantically meaningful features are learned from the input images. After the

last convolutional layer in ResNet50, the model is split into two branches where one

branch is started with the spatial attention module and another with the channel

attention module. In the spatial attention module, an auxiliary convolutional layer

of the size of 2048× 1× 1, regardless of the input dimensions, is attached to the last

CNN layer. This auxiliary layer extracts the most informative spatial features of

the input image by heading the information from the 2048 different channels of the

previous convolutional layer into one channel. This branch forms the localization

pathway, producing a spatial feature map that highlights potential tumor regions

within the input image.

The default input size of ResNet50 is 224 × 224 × 3, and the size of the last

convolutional layer at ResNet50 is 7× 7× 2048, which varies with the change of the

input size. In this model, the input size for training is 256 × 256, and 2048 × 2048

in the testing phase. So, the size of the last convolutional layer at ResNet50 in the

training phase becomes 8× 8× 2048 and 64× 64× 2048 in the test phase. Because

of the input size, the feature map size obtained in training is 8× 8 and in testing is

64× 64.

In parallel, the channel attention module focuses on the inter-channel connection

of features. By linking a global average pooling layer to the last convolutional layer

of ResNet50, a 2048× 1× 1 channel feature is produced. Then, by multiplying the

produced channel feature and the obtained spatial feature in the last convolutional

layer of the backbone ResNet50, a new convolutional layer containing more mean-

ingful features is created. After that, by applying another global average pooling, a

more valuable channel feature is produced. Finally, binary classification and tumor

ratio prediction are performed by adding average pooling followed by full connection

layers for both branches. Instead of considering a pixel-wise loss that needs pixel
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annotation, a combination of losses of classification and tumor ratio prediction is

considered. The proportion of tumor cells relative to the whole lesion region cells is

defined as the tumor ratio. Since the constructed dense map of each input should

have the same tumor ratio and class label as the input image, the model is trained

for classification and regression. This weakly supervised formulation encourages the

dense localization map to be consistent with the patch-level class label and the es-

timated tumor proportion of the input patch. As a result, the model can produce

spatial activation patterns without requiring pixel-level annotations.

3.3.2 Loss Functions

The existing metastasis detection and localization methods in WSIs have gener-

ally been presented in two main categories. Patch-wise classification methods train

models by learning each patch’s label and then producing a heatmap of the final

result. They typically apply a patch-level classification loss function such as cross-

entropy loss to train the model [169, 21, 102]. Besides, other studies, including

methods that apply FCN, achieve the goals based on pixel-wise learning, e.g., [57].

These approaches rely on pixel-wise loss functions that require dense pixel annota-

tions, which are costly and time-consuming to obtain.

In this model, a loss function is considered separately for each branch, includ-

ing classification and regression branches. So, all branches learn individually and

collectively to optimize the model in the right direction. These losses guide the opti-

mization of each sub-branch while jointly contributing to the overall model training.

For simplicity, equal weights are assigned to each loss component during training.

As is seen in Fig. 3.5(a), an auxiliary convolutional layer is linked to the last

layer of the backbone ResNet50 model, to extract the spatial feature map for each

patch. Unlike other approaches, pixel loss is not used in this stage. Instead, two

modules corresponding to classification and tumor ratio regression are optimized.
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The cross-entropy loss Lclf1 and the Minimum Square Error (MSE) loss Lreg1 are

considered as the loss functions for classification and regression, respectively.

In parallel, the average pooling layer following the last CNN layer of ResNet50

extracts channel-level feature representations in the second branch, which is also

followed by classification and regression operations. Similarly, the cross-entropy loss

Lclf2 and the MSE loss Lreg2 are considered as the loss functions for classification

and regression of this channel-attention branch, respectively.

Eq. 3.1 gives the details of how the cross-entropy loss Lclf is calculated for both

branches:

Lclf = −
1

N

N∑
i=1

(ti · log(pi) + (1− ti) · log(1− pi)) , (3.1)

where t denotes the target label, p represents the predicted probability, and N is

the batch size.

MSE loss is calculated as shown in Eq. 3.2 as:

Lreg =
1

N

N∑
i=1

(Yi − Ŷi)
2, (3.2)

where Y represents the ground-truth tumor ratio, Ŷ denotes the predicted tumor

ratio and N is the batch size.

The model is trained using four loss components where the total loss of the model

LT is calculated by summing up the four individual losses as:

LT = Lclf1 + Lreg1 + Lclf2 + Lreg2. (3.3)

In Section 3.4.4, the ablation studies have been carried out. The contribution

of the spatial and channel sub-branches is examined through the ablation study

results. Therefore, as shown in Table 3.2, the experiments show that incorporating

both spatial and channel branches provides better performance by considering these

four losses in both classification and regression sub-branches compared to only using
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one sub-branch (removing Clf 1 and Reg 1) and applying only two losses. It is also

shown in Table 3.3 the performance achieved by the model, in comparison to other

methods that have only applied patch-level classification, e.g., [169, 21, 102].

Figure 3.6 : An example of applying the Otsu method on a WSI. The non-tissue

background is filtered using the Otsu thresholding method [121].

3.3.3 Training and Inference

The goal of this work is to detect breast cancer metastases in histopathology

images that typically contain gigapixel-scale resolution. As WSIs are massive im-

ages, before feeding them to the model, they are first divided into smaller patches.

Each metastatic WSI comprises both healthy and unhealthy areas. For training the

model, a subset of 50 metastatic WSIs and 30 normal WSIs is randomly selected

from the CAMELYON16 dataset. To improve computational efficiency, non-tissue

background regions are removed using the Otsu thresholding algorithm [121]. The

Otsu method automatically estimates a threshold that separates foreground tissue

from background regions. All pixels with intensity higher than Otsu’s threshold are
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considered as the foreground and the rest are remarked as the background. Eventu-

ally, a binary mask will be produced where the foreground’s pixels take the value of

one and other pixels zero. This step preserves the informative tissue regions while

removing large background areas. In Fig. 3.6, an example of applying the Otsu

method on a WSI is shown.

In the experiments, 710k patches of a size of 256 × 256 are randomly sampled

from these 80 images, where 355k of them include metastasis and 355k do not.

Tumor ratio targets are computed offline from the available annotation masks by

measuring the proportion of tumor pixels within each extracted patch. These ratios

are used only as regression targets during training, and the model itself is trained

without pixel-wise supervision.

For each input patch, five different outputs are produced in each repetition,

including an 8× 8 spatial feature map from the added auxiliary convolutional layer,

two classification results looking for the same result, and two regression results that

also look for the same outcome.

During inference, image regions of size 2048×2048 are used as model inputs. This

is much bigger than the patches used for training and is only restricted by the GPU

memory. After training the model, for each WSI, all ROIs of a size of 2048 × 2048

are sequentially extracted and fed to the model with an overlap of 128 pixels. For

each ROI, the model produces a 64 × 64 spatial probability map (i.e., the output

resolution is 1/32 of the input in each spatial dimension). The ROI-level probability

maps are merged in sequence to form a whole-slide probability map. Each pixel

in the reconstructed map represents the predicted probability of metastasis at the

model output resolution.

To obtain a binary mask for region localization, a fixed probability threshold

of 0.5 is applied to the whole-slide probability map at 10×. This converts the
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probability map into a binary mask suitable for deterministic post-processing.

Morphological opening and closing operations are then applied to regularize the

predicted WSI masks while preserving the main structural characteristics of detected

regions. In this thesis, opening is implemented as erosion followed by dilation, and it

is used to suppress small isolated detections and smooth object boundaries. Closing

is implemented as dilation followed by erosion, and it is used to fill small holes and

connect fragmented regions.

Throughout all experiments in this chapter, opening is applied using a 3 × 3

square structuring element, followed by closing using a 5 × 5 square structuring

element. These values were selected empirically based on validation data to balance

noise removal and preservation of tumor regions, and were then kept fixed across all

experiments in Chapter 3. All post-processing steps are applied deterministically

to the model outputs, and no post-processing parameters were tuned or adjusted

based on test-set performance.

In Fig. 3.7, an example of the predicted mask before and after applying the mor-

phological operations is shown. The zoomed-in views of the cross-sectional areas

show that some tiny detected points are removed after applying morphology opera-

tions. Therefore, while maintaining the main features in the masks, these operations

remove small artifacts while preserving the main detected regions.

Finally, for evaluation, connected components are defined from the post-processed

binary mask obtained after thresholding and morphological refinement. For lesion-

level localization, each detected region is assigned a confidence score equal to the

maximum probability value within that region, taken from the corresponding raw

probability map. This max-based aggregation follows standard CAMELYON-style

practice for lesion ranking. While it may be sensitive to isolated high-probability

pixels, its robustness is further examined in Chapter 4 through a sensitivity analy-
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sis using alternative aggregation strategies, which demonstrate comparable perfor-

mance trends. For WSI-level classification, each predicted WSI probability map is

scored by averaging the probabilities over the detected foreground regions, provid-

ing a single metastasis score for slide-level evaluation. This separation ensures that

post-processing affects only the spatial extent of detections, while confidence values

remain determined by the underlying probability map.

Figure 3.7 : An example of a predicted mask before (left) and after (right) applying

the morphological operations on the predicted mask. The green boxes surround

some tiny detected points that are hardly visible. The zoomed-in views of the cross-

sectional areas show that some small detected spots are removed after applying the

morphology operations.

3.4 Experiments

To validate the performance of the proposed approach, experiments are con-

ducted on the CAMELYON16 dataset, a benchmark dataset widely used for breast

cancer metastasis detection in histopathology images. In this section, the dataset is

first introduced. Then, the evaluation metrics and experiment results are presented.

3.4.1 Dataset

The CAMELYON16 challenge [21] was the first challenge to evaluate metastasis

detection using WSIs instead of predefined ROIs. The objective of the challenge was
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to detect metastases in H&E stained WSIs of breast cancer lymph node sections. For

running this challenge, a large annotated dataset of 400 WSIs from two institutions,

i.e., Radboud UMC, and UMC Utrecht, was collected in total. Among the 400

WSIs, 270 WSIs were for training and 130 WSIs were for testing. Additional details

of the CAMELYON16 dataset are summarized in Table 3.1.

In this chapter, a subset of 80 WSIs (50 metastatic and 30 healthy) from the

CAMELYON16 training set is used to generate training patches. This subset corre-

sponds to less than one-third of the 270 WSIs provided in the official CAMELYON16

training set. The trained model is evaluated on the entire set of 130 CAMELYON16

test WSIs, following the standard evaluation protocol used in previous studies. The

data collected from the two institutions are mixed together. This setting allows

the evaluation of the proposed framework when trained using a limited subset of

annotated training data.

Training patches are extracted from these 80 WSIs. The extracted patches are

randomly divided into training (75%) and validation (25%) sets for model develop-

ment.

Table 3.1 : Details of datasets, the numbers of images used for training and testing

in the CAMELYON16 dataset (Bejnordi textitet al.) [21].

Institution Train (Normal) Train (Tumor) Test

Radboud UMC 90 70 80

UMC Utrecht 70 40 50

3.4.2 Evaluation Metrics

The CAMELYON16 challenge [21] defines two evaluation tasks for metastasis

detection in lymph nodes among women with breast cancer. The first is tumor



85

region localization, and the second is WSI-level classification.The FROC curve [29]

has been considered to evaluate the performance of the localization task. The FROC

curve plots sensitivity versus the average number of false positives in each WSI across

the different thresholds. To compare with other works, the average sensitivity at six

different false positive points, i.e., 1/4, 1/2, 1, 2, 4, 8 in the FROC, is considered

as the final score of the localization task. The area under the Receiver Operating

Characteristic (ROC) curve [193], i.e., AUC score, is considered for evaluating WSI

classification.

3.4.3 Qualitative Evaluation

At first, the visualization of the experiment results is provided. Examples of

metastasis detection results produced by the proposed method in comparison with

the ground truth of each whole slide image are shown in Fig. 3.8. The first column

shows the whole slide images with the detected tumor polygons drawn on them; the

second column shows the ground truth, that is the tumor region in WSI; and the

third column shows the predictions generated by the proposed model.

Also, in Fig. 3.8, to illustrate how the model distinguishes in differentiating

tumor regions from confusing normal regions, some visually challenging regions of

metastatic and healthy areas are enclosed with white and red boxes to highlight

them.

3.4.4 Ablation Studies

The ablation studies are conducted to examine the contribution of the channel

attention module and the classification and regression modules in the first and second

sub-branches. It is noteworthy that the spatial attention module provides the main

output (predicted mask) of the model, as shown in Fig. 3.4 and Fig. 3.5(b). The

aim of this section is to analyze how these modules influence the model outputs. In
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the following, more details of the two ablation studies are provided.

3.4.4.1 The Effectiveness of the Spatial Attention Sub-Branch

In this model, as shown in Fig. 3.5(a), in the first sub-branch, the spatial at-

tention module extracts the spatial feature map. In this stage, as mentioned in

Section 3.3.1, rather than a pixel-wise loss, which is an expensive and tedious pro-

cess for pathologists as it needs pixel annotation, a composition of classification and

regression loss functions is applied. Therefore, to evaluate the spatial feature map

as output, as placed in Section 3.3.2, the classification module by the cross-entropy

loss (Lclf1) and the regression module by the Minimum Square Error (MSE) loss

(Lreg1) are assessed. The model is encouraged to learn spatial activation patterns

by learning the class (i.e., cross-entropy loss) and the tumor ratio (i.e., MSE loss).

In this section, an ablation study is conducted to demonstrate the usefulness of

the existence of classification and regression modules at the first sub-branch in the

model. For this experiment, the model is trained and evaluated without the classifi-

cation and regression modules of the Spatial Attention Sub-branch. The dataset and

all other training parameters remain identical to those described in Section 3.3.3.

The results are provided in Table 3.2, where Clf 1, Reg 1, and Spt Atn, respec-

tively, represent the classification, regression and spatial attention modules in the

first sub-branch, and Clf 2, Reg 2, and Chl Atn consecutively represent the classi-

fication, regression and channel attention modules in the second sub-branch. The

results obtained without Clf 1 and Reg 1 are lower than those obtained with these

modules enabled. It is evident from the table that the FROC score for the region

localization task decreases from 0.8410 to 0.8331, and also for WSI classification

decreases from 0.9703 to 0.9601.
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Figure 3.8 : (a) The left column shows the whole slide images where tumor polygons

are drawn over them (these contours are indicated in blue), (b) the middle column

shows the ground truth of tumor regions in the WSIs, and (c) the third column

shows the output of the method. The white boxes show some small tumor areas

that are not easy to detect. This method still detects them explicitly. The red boxes

show some tricky, healthy spots that also are identified accurately.

3.4.4.2 The Effectiveness of the Channel Attention Sub-Branch

In this section, another ablation study is conducted to evaluate the contribution

of the model’s channel attention module, followed by classification and regression

modules at the second sub-branch. Due to that, the channel attention, classification,
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Table 3.2 : Comparison of the results with and without specific modules.

Spt Atn Chl Atn Clf 1 Reg 1 Clf 2 Reg 2 WSI

classification

(AUC score)

Region

localization

(FROC

score)

✓ ✓ ✗ ✗ ✓ ✓ 96.01 83.31

✓ ✗ ✓ ✓ ✗ ✗ 95.72 83.02

✓ ✓ ✓ ✓ ✓ ✓ 97.03 84.10

and regression modules at the second sub-branch are removed from the model, and

the model is trained and tested while only consisting of the first sub-branch. The

same as the ablation study in Section 3.4.4.1, the dataset and all other needed

parameters are as specified before in the paper. Table 3.2 indicates that the results

obtained without Chl Atn, Clf 2, and Reg 2 are lower than those obtained with

these modules included. It is demonstrated that the FROC score for the region

localization task falls from 0.8410 to 0.8302 and for WSI classification falls from

0.9703 to 0.9572.

As shown in Fig. 3.5(b), in the predicting phase, only the spatial attention branch

is required. Therefore, the estimated time of processing a WSI in the predicting

phase is not dependent on other modules and remains unchanged when removing

Chl Atn, Clf 1, and Reg 1 or Clf 2 and Reg 2.

3.4.5 Quantitative Evaluation and Discussion

In Table 3.3, a comparison between the proposed method and several previously

reported methods is provided.



89

It can be seen from the table that the FROC score for the region localization task

is 0.841, which is slightly higher than the score reported for the competition winner

(Wang et al., 2016) [169] from HMS and MIT by 0.4%. Also, this score is higher

than the reference pathologist performance of 0.724 reported in the CAMELYON16

challenge [21].

For the second task, i.e., WSI classification, as mentioned in Section 3.3, WSIs are clas-

sified without requiring a separate model to be trained from scratch on several extracted

features of the predicted mask (which was done by other methods). Thus, additional com-

putational cost and training time are avoided by preventing the requirement to develop a

separate model for WSI classification. As described earlier in Section 3.3.3, for each WSI,

the whole-slide probability map is produced by merging the predicted masks of ROIs in

sequence. Then, morphological methods (opening and closing operations) are applied to

regularize the predicted masks. Finally, each WSI is assigned a score by the average score

across all detected regions (average of the probabilities of foreground pixels of the detected

WSI mask).

Our AUC score is 0.9703, which is higher than the reference pathologist score and is

comparable to the score reported by the competition winner (Wang textitet al., 2016)[169],

(as described in Section 3), who developed a 2-stage model and used a dedicated classi-

fication network to classify the detected targets. Instead, this approach is an end-to-end

model and only uses less than one-third of the images for training.

As shown in the next section, such a design simplifies the network model and speeds

up the processing.

The proposed method is additionally evaluated under a stricter WSI-level protocol

to mitigate potential patch-level leakage. WSIs are first partitioned, and patches are

extracted only after the WSI-level split is defined, preventing correlated patches from the

same WSI from appearing in both training and validation data.

For increased statistical robustness, this setting is evaluated using WSI-level k-fold
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Table 3.3 : Comparison of results with top-ranking methods on CAMELYON16 [21].

For the proposed method, WSI-level split results are reported as mean ± standard

deviation using WSI-level k-fold cross-validation (k = 5).

Team Architecture AUC (%) FROC

(%)

Remarks Resolution WSIs

Pathologist N/A 96.6 72.4 Diagnosis of a profes-

sional pathologist with

no time constraint

40X -

HMSa and MIT [169] GoogLeNet 99.4 80.7 Apply stain normaliza-

tion; Hard negative data

mining; Ensembled two

networks

40X 270 WSIs

HMSb and MGH [102] ResNet 97.6 76.0 Apply FCN; Finetuning

pretrained network

40X 270 WSIs

CULabc VGG-16 94.0 70.3 Apply FCN; Finetuning

pretrained network

40X 270 WSIs

Guo textitet al.

(2019) [57]

Inception-v3

and DCNN

96.6 83.5 Combine Inception-v3

and DCNN

40X 270 WSIs

Ours (patch-split) ResNet50

backbone

97.03 84.1 Apply pretrained model 10X 80 WSIs

Ours (WSI-level split,

k-fold)

ResNet50

backbone

96.9± 0.3 83.8± 0.6 Apply pretrained model 10X 80 WSIs

Ours (full training set) ResNet50

backbone

97.71 84.93 Apply pretrained model 10X 270 WSIs

a Harvard Medical School and Massachusetts Institute of Technology.

b Harvard Medical School and Massachusetts General Hospital.

c Chinese University Lab.

cross-validation (here, k = 5) on the selected 80 training WSIs. Unless otherwise stated,

results are reported as mean ± standard deviation across folds. The test set is identical to

the primary experiments, and only the validation protocol differs. Overall, performance
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remains stable relative to the patch-split protocol, suggesting that the method performance

remains stable under this stricter protocol for strong performance. Table 3.3 summarizes

the results for the primary patch-split protocol (single-run reference) and the WSI-level

k-fold protocol.

To further examine the effect of training data size when using a reduced training subset,

the proposed framework is additionally evaluated using the full CAMELYON16 training

cohort (270 WSIs). The model configuration and evaluation pipeline remain unchanged.

A WSI-level partitioning strategy is applied, and patches are extracted only after WSIs are

split to avoid correlated patch leakage. Approximately 1.5 million 256 × 256 patches are

sampled from the training WSIs for optimization, and the official test set remains identical

to the main experiments. The results obtained using the full CAMELYON16 training set

(AUC = 97.71%, FROC = 84.93%) are reported in Table 3.3 to provide an additional

reference experiment under increased training coverage. The observed improvement com-

pared to subset-based training is attributed to the increased diversity of training samples,

which reduces selection bias and supports more stable generalization performance.

While patch-split results are reported as a reference for consistency with prior work [82],

the primary conclusions of this chapter are based on the WSI-level k-fold evaluation re-

sults, which provide a leakage-resistant and statistically robust assessment.

3.4.6 Computation Time

One of the goals of this study was to design an accurate and computationally efficient

end-to-end model for metastasis detection. According to Bejnordi textitet al. [21], a

pathologist who has no time constraints needs about 30 h to detect metastases in 129 WSIs

of the CAMELYON16 dataset. This means that, on average, an expert pathologist requires

13.95 min to assess one WSI. To examine the computational efficiency of the method, the

time performance of this method is compared with other highly ranked models. For this

purpose, the required time of processing an ROI with the size of 2816×2816 at a stride of

32 is calculated when using a single GPU. The results indicate that the proposed method

requires substantially less processing time than the compared methods.
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Table 3.4 : Comparison of the processing time of the proposed method with previ-

ously reported methods for processing an ROI and a WSI.

Team Architecture ROI’s Run-

time (min-

utes)

WSI’s Run-

time (min-

utes)

Ours End-to-end 0.0051 2.04

Pathologist N/A 0.034 13.95

HMS and

MIT [169]

GoogLeNet 0.671 268.40

HMS and

MGH [102]

ResNet 0.729 291.60

CULab VGG-16 0.979 391.60

The proposed model require 0.0051 min (0.306 s) to process the ROI, i.e., considerably

faster than the other methods listed in Table 3.4. The average size of a WSI is equal to 400

ROIs of size 2816 × 2816. As a result, the processing time for a WSI of this average size

can be estimated. In Table 3.4, the computational speed of the proposed model compared

with other methods is presented. It can be seen that this method only needs 2.04 min

to scan a WSI for detecting metastases. This runtime is shorter than the average time

reported for manual assessment by an expert pathologist and is also considerably shorter

than the runtime reported for the CAMELYON16 competition winner.

3.4.7 Implementation Details

The proposed method is implemented using the PyTorch library and is tested with

a single NVIDIA Quadro RTX 6000 Passive 24 GB GPU. The Adam optimizer is used

with the learning rates 1e−3 for the regression branches and 1e−4 for the classification
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branches. A weight decay of 1e−3 is applied, and the ReLU function is used as the

activation function in the inner layers of the framework.

All hyperparameters were selected using the validation set only, with the test set kept

strictly isolated throughout model development. No test-set performance was used to guide

model selection or parameter adjustment. The reported hyperparameter values correspond

to the final configuration used consistently across all experiments in this chapter.

3.4.8 Discussion and Limitation

The proposed approach has achieved competitive performance for the region local-

ization task compared with earlier works. Most importantly, only less than 1/3 of the

training images are used and produced competitive results. Decreasing the number of

essential annotated WSIs can help reduce the annotation burden because labeling ground

truth data in pathology labs is very expensive and time-consuming. Also, WSIs are used

at a lower resolution with four times downsampling, i.e., “10X,” where the highest reso-

lution, “40X,” has been applied in other existing methods. This contributes to reduced

computational cost of the model. Although this model produces a detected dense map of

only 1/32 of the input’s size, the model maintains effective detection performance. At the

same time, the processing time per WSI is substantially shorter than the average manual

assessment time reported in the CAMELYON16 study.

Our proposed method can detect metastatic regions without considering the costly and

time-consuming processes of hard negative and positive sample mining with fewer WSIs

and lower-resolution inputs during training. This is because developing a fast and reliable

method with fewer WSIs for training while reducing the calculation time and computation

resources has been the goal in this work. However, the effects of a small training dataset

and the disinclination in using hard sample mining can be observed in some hard samples.

Therefore, the model still has limitations. Fig. 3.9 shows an example of a WSI with

hard positive pixels. It can be seen that, although this method has detected most of the

metastatic regions correctly, some metastatic regions remain undetected. Also, as shown

in Fig. 3.10, even though this method has detected most of the regions correctly, there
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Figure 3.9 : Visualization of the breast cancer detected with the proposed method.

(a) The whole slide image is overlaid with tumor polygons (indicated in blue). (b)

The ground truth of tumor regions. (c) The predicted tumor regions by the proposed

method.

are minor discrepancies in some spots that are hardly visible in low resolutions. Fig. 3.10

shows the ground truth mask and the detected mask.

Figure 3.10 : (a) The ground truth mask along with the zoomed-in view of a small

area of the tumor mask, and (b) the predicted mask along with the corresponding

zoomed-in view of the same area. A slight difference can be observed between the

ground truth and the detected mask.

3.5 Summary

This chapter examined several limitations of metastasis detection and localization

methods in breast cancer histopathology. These limitations include high computational
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demands, dependency on large annotated datasets and difficulty processing whole slide

images at high magnifications. To address these issues, a weakly supervised end-to-end

CAD framework was proposed, designed for efficient processing at 10× magnification and

requiring less than one-third of the annotated data.

This design reduces computational requirements while maintaining competitive detec-

tion performance.

The model combines residual connections, regression, and classification tasks, as well

as spatial and channel attention modules to perform WSI-level classification and metas-

tasis localization simultaneously. Experimental results on the CAMELYON16 dataset

indicate that the proposed method achieves competitive performance in both metastasis

localization and WSI classification. The system has demonstrated the ability to process a

WSI in just 2.04 minutes on a single GPU, which is shorter than the average time reported

for manual assessment by an expert pathologist and shorter than the runtime reported

for several previously published automated methods. These results suggest that the pro-

posed framework provides an efficient approach for metastasis detection while reducing

computational requirements and annotation demands.

Despite these encouraging results, several limitations remain. The use of 10× magni-

fication improves computational efficiency but may limit sensitivity to fine-grained cel-

lular details, particularly for small metastatic regions. In particular, improving spa-

tial context modeling and localization precision remains important for further advancing

histopathology-based metastasis detection. Improved spatial context modeling can enable

the model to better capture relationships between distant tissue regions within WSIs, lead-

ing to a more comprehensive representation of histopathological structures. Additionally,

improving the delineation of tumor boundaries remains important, particularly for small

or irregular metastatic regions in complex and heterogeneous tissue environments.

Addressing these challenges may further improve spatial localization performance and

strengthen the robustness of metastasis detection in whole-slide histopathology images.

These limitations motivate the methodological refinements introduced in the following
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chapter. In particular, Chapter 4 presents an enhanced weakly supervised framework

designed to improve contextual feature modeling and boundary localization accuracy while

maintaining practical computational feasibility and reduced annotation requirements.



97

Chapter 4

A Weakly-Supervised Data-Efficient Framework

for Metastasis Detection and Localization in

Breast Histopathology Images

While the end-to-end metastasis detection approach proposed in Chapter 3 demonstrates

substantial improvements in computational efficiency and accuracy by utilizing lower-

resolution WSIs (10×) and a reduced dataset, certain limitations persist. Challenges such

as insufficient context-awareness, suboptimal boundary delineation, and opportunities for

further optimization in training data utilization still affect its performance. In particular,

the absence of a decoder in the Chapter 3 framework limits its ability to recover high-

resolution spatial details, which constrains boundary refinement and precise localization

of metastatic regions. As a result, accurately capturing spatial relationships and refining

tumor boundaries remain key challenges.

To address these limitations, this chapter introduces an enhanced weakly supervised

framework for metastasis detection and localization in breast histopathology WSIs. Build-

ing upon a ResNet backbone, the proposed architecture enhances feature extraction and

spatial context modeling to improve metastasis detection and localization in WSIs.

This formulation goes beyond coarse lesion-level localization by producing spatially re-

fined prediction maps that enable more precise, boundary-aware localization of metastatic

regions.

Although the task is referred to as localization, the proposed framework produces

dense prediction maps that approximate boundary delineation of metastatic regions. This

capability is referred to as boundary-aware localization, which bridges the gap between

conventional lesion-level localization (typically evaluated by FROC) and pixel-wise seg-
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mentation (evaluated by Dice and IoU).

As a weakly supervised approach, this new approach continues to operate on lower-

resolution WSIs at 10× while further reducing computational costs and annotation re-

quirements. Unlike the previous method, which used one-third of the annotated CAME-

LYON16 dataset, this work improves data efficiency by training on only one-sixth of the

annotated dataset (40 WSIs versus 80 WSIs). Despite the reduced training data, the

model maintains competitive performance through several architectural enhancements.

To address the limited spatial context modeling of conventional CNNs, GRUs [33] are

incorporated to capture dependencies across distant tissue regions and improve contex-

tual consistency across tissue structures. To address the limited multi-scale representa-

tion capability of conventional CNNs, the ASPP [31] module is integrated to aggregate

features at multiple receptive fields while preserving fine-grained spatial details. Addi-

tionally, to mitigate the insufficient attention to tumor-relevant features in conventional

CNNs, CBAM [173] is incorporated to guide the network toward tumor-relevant spatial

and channel features while suppressing background responses.

Finally, to compensate for the loss of high-resolution spatial details caused by repeated

downsampling in CNN architectures, skip connections [132] are employed to transfer high-

resolution spatial features from the encoder to the decoder. This helps preserve spatial

information during feature reconstruction and supports more precise metastasis localiza-

tion, particularly for small or fragmented tumor regions.

Collectively, these enhancements address the gaps identified in the previous approach

by: 1) enhancing context awareness to capture spatial relationships within WSIs more

effectively, 2) improving the boundary precision of the detected tumors for sharper tumor

edge delineation, and 3) enabling more efficient training with minimal annotated data.

Experimental results demonstrate strong performance, indicating the model’s ability

to capture spatial and contextual patterns in WSIs. Compared to the previous approach,

this framework achieves higher accuracy in both detection and localization, while using

only half the training data, highlighting its improved data efficiency.
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4.1 Introduction

Metastasis detection and localization in WSIs remain challenging due to the inherent

complexity of tissue structures and imaging variability. One key challenge is the need for

robust contextual understanding, as metastatic regions vary significantly in size, shape,

and spatial distribution within the tissue. Accurately detecting these regions requires the

ability to model global dependencies and capture intricate spatial relationships.

Another critical obstacle lies in preserving high-resolution spatial details. Tumor

boundaries are often irregular or fragmented, making it difficult to distinguish between

metastatic and healthy regions without precise boundary refinement. This issue is com-

pounded by the need to detect small or sparsely distributed metastases, which are easily

missed during standard downsampling processes.

Scale variability further complicates the detection process, as metastatic regions can

exhibit different levels of visual complexity within the same WSI. This variation arises

due to differences in tissue heterogeneity, staining inconsistencies, and morphological di-

versity of tumor cells. Such complexity makes it challenging to distinguish between benign

and malignant areas, particularly for tiny metastases with subtle visual cues. Effective

multi-scale analysis is essential to capture both micro- and macro-level tumor features.

Additionally, ensuring the model focuses on the most relevant spatial and channel fea-

tures is vital to minimize false positives and false negatives, especially in noisy or complex

tissue environments.

To address the complexities of metastasis detection and localization in WSIs, a robust,

weakly supervised, and data-efficient algorithm is proposed for metastasis detection and

localization. The approach is designed to overcome the limitations of existing methods

by integrating advanced computational modules. These modules work synergistically to

enhance both classification and localization performance. Collectively, these components

address key limitations of conventional CNN architectures, including restricted spatial

context modeling, limited multi-scale representation, and insufficient attention to tumor-

relevant features.
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To capture the intricate spatial dependencies inherent in WSIs, GRUs [33] are incor-

porated into the residual layers of the encoder. This integration enables the model to learn

relationships between distant regions. As a result, it enriches contextual understanding

and provides a more comprehensive representation of histopathological features. This

global dependency modeling is essential for accurately detecting metastases across diverse

tissue structures.

To address scale variability in histopathology images, the ASPP module [31] is em-

ployed in the bottleneck layer to aggregate features at multiple receptive fields. By process-

ing features at varying receptive fields, ASPP [31] allows the model to effectively identify

metastases of different sizes and shapes. This capability addresses the challenge of scale

variability. It ensures robust detection across both micro- and macro-level tumor features.

To improve feature selection in complex tissue environments, CBAM [173] is incorpo-

rated to guide the network toward tumor-relevant spatial and channel features. Applied

in both the bottleneck and skip connections [132], CBAM [173] directs the model’s focus

toward tumor-relevant spatial and channel features. This targeted attention minimizes

false positives and negatives. It is particularly effective in noisy and complex tissue envi-

ronments, improving the reliability of the system.

Unlike the framework presented in Chapter 3, which prioritizes computational effi-

ciency through a lightweight architecture without an explicit decoder stage, the framework

in this chapter introduces an encoder–decoder structure with skip connections to better

preserve spatial information during feature reconstruction. To preserve fine-grained spa-

tial details crucial for accurate localization, skip connections [132] bridge the encoder and

decoder. This design enables the reconstruction of higher-resolution, spatially detailed

localization maps while retaining contextual features extracted by the encoder.

By transferring high-resolution features directly to the decoder, skip connections [132]

enable the model to maintain critical spatial details. This is especially beneficial for

detecting small or fragmented metastatic regions. These regions are often missed during

conventional downsampling processes.
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By combining these modules, this framework offers a comprehensive solution to the

challenges of metastasis detection and localization. Importantly, it achieves this while

using only 1/6 of the annotated CAMELYON16 dataset at a reduced 10× resolution. the

model remains computationally feasible for WSI analysis while improving spatial precision

and localization quality compared with the previous framework. Furthermore, instead of

relying on pixel-level annotations and using ground-truth masks for input patches, a dual-

task learning framework is adopted that leverages patch-level classification and regression.

The classification branch determines whether a patch contains metastatic tissue, while

the regression branch estimates the tumor ratio within the patch, providing a quantitative

measure of metastatic burden. This approach enables metastasis detection and localization

on WSIs without requiring pixel annotation masks. It streamlines the annotation process

while maintaining high accuracy in identifying and quantifying metastatic regions. The

contributions made in this chapter are listed below:

• A highly efficient framework that simultaneously detects and localizes metastasis

from breast histopathology images is proposed without the need for pixel-level an-

notation during training.

• The model integrates GRUs [33], ASPP [31], CBAM [173], and skip connections [132]

to enhance feature extraction, spatial context modeling, and localization accuracy,

achieving superior localization precision, particularly for small metastases and tu-

mors with complex boundaries.

Experimental results indicate that the proposed framework improves boundary refine-

ment and supports the detection of metastases with irregular shapes and varying spatial

scales, contributing to more precise localization results.

Despite its increased complexity compared to the previous approach and the inclusion

of a decoder to preserve high-resolution output, the model remains computationally effi-

cient. It processes WSIs faster than many state-of-the-art methods while ensuring superior

accuracy and reliability.



102

The remainder of this chapter is organized as follows: Section 4.2 presents a com-

prehensive review of the recent works related to the techniques used in this approach.

Section 4.3 provides the details of the proposed model and its architectural framework,

emphasizing key components and contributions. Section 4.4 discusses the implementation

and evaluation of the model. The experimental results and their significance are ana-

lyzed in Section 4.5. Section 4.6 explores the impact of individual components and design

choices. The computational efficiency of the model is assessed in Section 4.7. Finally,

Section 4.8 synthesizes the findings, highlights the significance of the results, and outlines

potential future directions.

4.2 Related Work

Advancements in CAD systems for metastasis detection have tackled significant chal-

lenges in histopathological image analysis [169, 102, 98, 99, 63]. These challenges include

robust feature extraction, contextual understanding, computational efficiency, and data

limitations, e.g., [102, 98, 187, 77]. Researchers have developed diverse approaches, such

as feature ensemble methods, attention mechanisms, multi-scale analysis, and weakly su-

pervised learning, to enhance the accuracy and reliability of CAD systems, e.g., [99, 96,

139, 185, 142]. Some representative approaches developed for breast cancer detection are

summarized below.

4.2.1 Feature Ensemble Methods

Feature ensemble methods, e.g., [78, 60, 170, 11] integrate multiple models or fea-

ture extraction techniques to enhance performance. They improve analysis and inter-

pretation by leveraging diverse architectures, such as CNNs, e.g., [78] and transformers,

e.g., [170, 11]. Combining features from different scales, modalities, or representations

strengthens model robustness and reduces bias. These methods e.g., [78, 60, 170] enhance

generalization across datasets, addressing variations in tissue structures and imaging in-

consistencies.

However, ensemble models face several challenges. Their high computational com-



103

plexity and memory demands make them less feasible for real-time deployment, especially

in large-scale WSI analysis. Additionally, ensemble methods risk overfitting, particularly

when trained on limited datasets and often lack interpretability, making clinical adop-

tion difficult. While they enhance the overall detection performance, they do not nat-

urally improve the accuracy of tumor boundary identification, highlighting the need for

spatially-aware architectures to achieve more precise localization [114].

To improve classification robustness across datasets, Kassani et al. [78] proposed an en-

semble approach combining VGG19, MobileNet, and DenseNet architectures. This design

leverages the strengths of multiple architectures to capture diverse features, enhancing

context sensitivity and model robustness. Their work highlights the potential of feature

ensembles in addressing the variability in histopathological data. However, it also points

to challenges in generalizing across datasets with varying sizes and properties. Addi-

tionally, the ensemble approach significantly increases computational complexity, making

real-time clinical applications difficult. The lack of explicit spatial attention mechanisms

may also limit its ability to refine tumor boundaries effectively. Guo et al. [57] introduced

v3 DCNN, which combined Inception-v3 for tumor pre-selection with a dense convolu-

tional neural network for segmentation. This approach significantly reduced processing

time, making it suitable for high-throughput scenarios.

Similarly, Singha et al. [145] introduced AlexSegNet, which fused feature maps within

the encoder and employed skip connections [132] in the decoder for improved nucleus

segmentation. In another approach, Ashurov et al. [11] combined attention mechanisms

with transfer learning architectures like Xception, ResNet50, and DenseNet121 to enhance

breast cancer detection across different magnifications. This integration demonstrated that

leveraging diverse architectures enables more comprehensive feature extraction, contribut-

ing to better detection performance. However, the reliance on pre-trained models trained

on natural images may restrict adaptability to histopathological textures, requiring addi-

tional domain adaptation strategies.
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4.2.2 Attention Mechanisms in Histopathology Image Analysis

Attention mechanisms in deep learning selectively emphasize the most relevant features

in an input while suppressing less important information, enhancing model performance

in tasks such as classification, localization, and segmentation. They dynamically allocate

computational focus, mimicking human perception by directing attention to key areas

rather than processing the entire image uniformly [24, 118]. Attention can be applied

across spatial dimensions, where it highlights important regions in an image, or across fea-

ture channels, where it prioritizes meaningful patterns in learned representations. In image

analysis, attention mechanisms enhance localization, boundary refinement, and noise sup-

pression [119, 177]. These capabilities make them particularly valuable in complex tasks

like medical image analysis, where distinguishing subtle patterns is crucial for accurate

diagnosis.

Advancements in attention mechanisms have significantly enhanced feature selection

in medical image analysis, particularly for tumor localization and classification [119, 138,

177]. By dynamically adjusting attention weights on input features, mechanisms such as

CBAM [173] or attention gates [119], improve feature relevance.Their strength lies in their

ability to emphasize spatially and channel-wise informative features, thereby refining deep

learning models in histopathological image analysis.

While attention mechanisms effectively enhance feature selection and improve model

focus on diagnostically relevant regions, certain types, such as channel-wise and self-

attention mechanisms, may not explicitly refine spatial details [69, 162, 173]. These meth-

ods primarily emphasize feature importance across channels or global contexts but do

not inherently improve fine-grained boundary delineation, which is critical in tasks like

tumor segmentation. Consequently, without additional spatially-aware components, they

may struggle to precisely localize tumor margins, particularly in cases of diffuse or irreg-

ular metastases [69, 162, 138]. Accurately detecting and localizing metastases in WSIs

requires a holistic approach that ensures both precise boundary delineation and robust

feature representation. While focusing on diagnostically relevant regions is essential, pre-
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serving spatial coherence helps maintain the continuity of tissue structures, preventing

fragmented or inconsistent segmentation. Additionally, capturing scale variations allows

the model to recognize metastases of different sizes and morphological patterns, which

is crucial for distinguishing between small micrometastases and larger lesions. Finally,

efficient processing of high-resolution histopathological data ensures that fine-grained spa-

tial details are retained without excessive computational overhead, enabling reliable and

scalable metastasis detection.

Recent research has explored the use of attention mechanisms in histopathology image

analysis. Yao et al. [181] introduced DeepAttnMISL, an attention-based MIL framework

for survival prediction using WSIs. Unlike traditional models that rely on ROI selection

or handcrafted feature aggregation, their approach integrates Siamese Multiple Instance

Fully Convolutional Networks (MI-FCN) with attention-based MIL pooling. This design

adaptively highlights critical regions within WSIs, improving feature selection and model

interpretability. However, it lacks spatial consistency and multi-scale feature extraction,

limiting its ability to refine tumor boundaries or detect metastases of varying sizes.

Wang et al. [170] introduced Semantically Relevant Contrastive Learning (SRCL), a

self-supervised learning strategy designed to enhance histopathological image analysis by

leveraging instance-level feature alignment. Their framework employs CTransPath, a hy-

brid CNN-Transformer backbone integrating local feature extraction via CNNs and global

context modeling via Swin Transformers. The multi-head self-attention mechanism in

Swin Transformers enables effective feature representation across multiple scales, making

the model highly adaptable to diverse histopathological tasks, including patch classifi-

cation, mitosis detection, and weakly supervised WSI classification. Nevertheless, con-

trastive learning relies heavily on feature similarity but does not inherently enforce spatial

coherence, which is crucial for delineating complex metastases. Furthermore, the compu-

tational burden of pretraining remains a challenge, necessitating optimization strategies

to ensure efficiency in real-world clinical applications. Domain-specific innovations have

also advanced CAD systems’ capabilities. Histoseg by Wazir et al. [171] used attention
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mechanisms for cell segmentation, combining global and local feature representations with

a multi-loss function.

In another approach, Qiu et al. [127] introduced a hierarchical multimodal fusion frame-

work that leverages multi-level attention mechanisms to integrate pathology images and

genomic data for cancer classification. The AHM-Fusion module applies attention-based

guidance at both early and late fusion stages, allowing the model to prioritize critical

features and improve modality interaction. Additionally, the PathIn-NL model employs

weakly supervised noisy label learning to extract patch-level features from WSIs without

requiring pixel-level annotations. This approach demonstrates strong classification perfor-

mance on glioma and lung cancer datasets, showcasing the potential of attention-driven

multimodal fusion in medical imaging. The framework prioritizes feature weighting and

multimodal interactions but lacks multi-scale feature extraction, limiting its ability to

detect metastases of varying sizes and complex structures. This is due to its focus on

attention-based feature selection rather than explicit spatial scaling techniques, such as

ASPP [31] or multi-resolution analysis. As a result, it struggles with capturing tumors

across different scales, impacting the performance in heterogeneous tissue environments.

Similarly, Shi et al. [142] introduced CSAM-ResNet, integrating Channel and Spatial

Attention Mechanisms (CSAM) with residual learning. This enhanced the model’s ability

to capture global and local features, boosting diagnostic accuracy. Despite its advantages,

CSAM-ResNet faces certain limitations. While it enhances feature selection, it lacks an

explicit mechanism for handling intra-tumoral heterogeneity, where varying tumor com-

positions within the same slide may require more adaptive learning. Additionally, its

reliance on attention mechanisms without explicit multi-scale feature extraction may limit

its performance when detecting metastases of widely varying sizes.

4.2.3 Multi-scale Analysis

Multi-scale analysis has become a crucial approach in histopathology image analysis,

addressing the challenge of capturing both fine-grained cellular details and broader tissue

architecture. By integrating features across multiple resolutions, multi-scale methods en-
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hance metastasis detection, tumor classification, and localization accuracy [161, 94]. This

technique enables models to detect patterns that vary in size and structure more effec-

tively. This is particularly important in WSIs, where metastatic regions may appear at

different scales and levels of detail.

Despite these advantages, existing multi-scale methods, e.g., [161, 94, 139] often strug-

gle with computational efficiency and spatial coherence. These approaches, e.g., [161, 139]

rely on high-resolution images, increasing processing time and memory requirements. Ad-

ditionally, while these methods [161, 94, 139] improve feature representation, they do not

always refine tumor boundary delineation or adapt well to varying tissue microenviron-

ments. These limitations highlight the need for a more efficient, structured, and adaptive

approach to multi-scale learning in metastasis detection.

ScanNet by Lin et al. [98] employed a fully convolutional divide-and-conquer strategy,

aiming to process WSIs at different scales without exhaustive patch-wise analysis. While

this method optimized large-scale image processing, it still struggled with contextual fea-

ture integration across different scales. The framework lacked a mechanism for dynamically

adjusting receptive fields, making it less adaptable to tumors of varying morphologies. To

further optimize speed and efficiency, Fast ScanNet [99] refined this approach by intro-

ducing anchor layers and asynchronous sample prefetching, reducing latency in large-scale

WSI scanning. However, this optimization came at the cost of feature resolution trade-

offs, as the model prioritized processing speed over fine-grained feature preservation. This

limitation particularly impacted boundary delineation, making it less reliable for precise

tumor localization, especially in cases with diffuse or irregular metastases.

Building on multi-scale efficiency, Zhang et al. [187] introduced a three-stage frame-

work integrating patch-based classification, tumor localization, and WSI-level classifica-

tion. The model leveraged CycleGAN for color normalization and a hybrid DPN68-A with

Swin-Transformer architecture. This multi-scale strategy allowed the model to capture

diverse tumor features at different resolutions, effectively improving classification robust-

ness. However, while the approach demonstrated strong feature extraction, it relied on
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separate stages for classification and localization, increasing computational overhead and

complexity. Additionally, managing architectural complexity and computational demands

remained a challenge, particularly when scaling to large WSIs.

4.2.4 Weakly Supervised Learning

Weakly supervised methods in histopathology images leverage high-level labels, such

as WSI-level annotations, to train models without requiring pixel-wise localization. These

approaches reduce the burden of manual annotation while effectively learning tumor lo-

calization and classification. However, challenges remain in capturing fine-grained spatial

details and improving boundary delineation, necessitating advanced attention mechanisms

and multi-scale feature extraction for enhanced precision.

Efficiency and scalability remain vital concerns for CAD systems.

Pioneering this direction, Li et al. [92] introduced DSMIL, a dual-stream MIL frame-

work designed for WSI classification and metastasis detection using only slide-level annota-

tions.The model combines self-supervised contrastive learning with a multi-scale pyramidal

fusion approach to enhance patch-level representations. The dual-stream aggregator ef-

fectively models instance relationships, enabling improved identification and localization

of tumor regions without requiring dense annotations. The method demonstrated strong

classification and localization performance across multiple datasets and improved upon

earlier MIL-based approaches. While DSMIL advances weakly supervised detection by

integrating multi-scale features and contrastive learning, its reliance on memory-intensive

bag construction may limit scalability. Future work could investigate more efficient aggre-

gation strategies or adaptive patch sampling to support broader application in large-scale

WSI analysis.

Extending this direction, Xia et al. [174] proposed a weakly supervised segmentation

method using point annotations. This method relied on dual-task learning to enhance

segmentation accuracy. These domain-specific methods highlight the adaptability of CAD

systems to various histopathological tasks but emphasize the need for scalable solutions to
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handle large, diverse datasets effectively. Incorporating attention, Li et al. [96] proposed

SA-MIL, integrating self-attention modules into a MIL framework to enhance segmentation

without full supervision. While effective, SA-MIL encountered difficulties in achieving

precise boundary delineation compared to fully supervised methods.

Combining learning paradigms, Xie et al. [176] developed MoCo-CLAM, a framework

combining contrastive learning with clustering-constrained attention mechanisms under a

weakly supervised MIL setting. This framework adapted features to coarse labels, im-

proving data utilization. However, it faced challenges in tasks requiring finer-grained

classification. Comparatively, Kang et al. [77] compared Fully supervised learning (FSL)

and weakly supervised learning based on multiple instance learning (WSLMIL) for lymph

node metastasis detection, evaluating backbone networks and aggregation methods to op-

timize classification. Valieris et al. [160] proposed a self-supervised, attention-based weakly

supervised model to classify HER2 status from histopathological images. Finally, Gao et

al. [49] introduce HTransMIL, a transformer-based MIL model, using only slide-level labels

for WSI breast cancer classification. The model captures global context and visualizing

deep features for interoperability.

4.2.5 Motivations

Collectively, the above surveyed prior works represent significant advancements in CAD

systems for metastasis detection and localization. Approaches such as feature ensembles,

attention mechanisms, multi-scale analysis, and weakly supervised learning address critical

challenges in histopathological image analysis.

However, they also reveal ongoing limitations that motivate this approach. Attention

mechanisms enhance feature selection but often lack spatial consistency [181, 170, 127],

leading to imprecise tumor boundary delineation. Multi-scale analysis enables the capture

of tumor features across different scales; however, various models (e.g., Lin et al. [98, 99];

Zhang et al. [187]) rely on localized region-based processing, which can disrupt spatial

coherence and increase computational complexity. Weakly supervised learning reduces

the dependency on dense annotations but often struggles with precise localization due to
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the absence of structured spatial refinement. Additionally, many models fail to effectively

integrate global context with fine-grained details, limiting their adaptability to metastases

of varying sizes.

These limitations motivate the development of more robust and scalable CAD frame-

works, such as the one proposed in this chapter. In this chapter, a robust and efficient CAD

framework proposed, that combines GRUs [33] for spatial context modeling, ASPP [31]

for multi-scale feature extraction, CBAM [173] for attention-based feature refinement, and

skip connections [132] for preserving spatial details during feature reconstruction. This

integration addresses key challenges in metastasis detection and localization.

Unlike previous models, which rely on either attention, multi-scale, or weak supervision

alone, the proposed approach integrates these techniques into a unified, efficient frame-

work. Specifically, the proposed model incorporates global dependency modeling and

multi-scale feature aggregation to enhance its understanding of tissue variability. Tar-

geted attention mechanisms and fine-detail preservation further improve accuracy and

reliability. These advancements are achieved while maintaining practical computational

feasibility and reduced data requirements.

4.3 The Architecture of the Proposed Model

The proposed model is an end-to-end weakly supervised architecture designed for si-

multaneous metastasis detection and localization on WSIs. The model is built upon the

ResNet50 backbone and integrates advanced modules such as Bidirectional GRUs (Bi-

GRUs) [33], ASPP [31], CBAM [173], and skip connections [132].

As illustrated in Fig. 4.1, the model first processes image patches of size 256 × 256

extracted from WSIs, which are passed through a ResNet-based encoder. To enhance

spatial coherence and address the limited spatial context modeling of conventional CNNs

Bi-GRUs [33] are integrated at each ResNet layer (see the detailed architecture of the pro-

posed model in Fig. 4.2). Then, the extracted features are further enhanced by integrating

multi-scale refinement via ASPP [31] at the bottleneck, which addresses the limited multi-
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Figure 4.1 : Overview of the proposed architecture for metastasis detection and

localization in histopathology images. Input patches are processed by a ResNet-

50 + Bi-GRU encoder. Multi-scale contextual features are refined at the bottle-

neck using ASPP and CBAM. The decoder reconstructs dense localization maps via

transposed convolutions with CBAM-enhanced skip connections. Dual-task learning

is performed through classification and tumor ratio regression at both the bottle-

neck (global features) and decoder (high-resolution features). The outputs from the

bottleneck and decoder branches are combined via averaging to produce the final

classification and regression predictions, enabling joint metastasis classification and

spatially resolved localization.

scale representation capability of conventional CNNs by extracting multi-scale features

against variations in tumor size and shape. Following ASPP [31], CBAM [173] enhances

spatial and channel attention, amplifying diagnostically relevant regions while suppressing

irrelevant background information to ensure that critical tumor regions are prioritized. In
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the decoder, CBAM-enhanced skip connections [132] facilitate the reconstruction of precise

localization maps. Additionally, classification and regression tasks at both the bottleneck

(global feature level) and decoder (high-resolution feature level) guide metastasis detection

and localization without requiring pixel-level annotations during training.

Specifically, the classification branch determines the presence of metastases within an

image patch, while the regression branch estimates the tumor ratio, providing a quan-

titative measure of metastatic burden. These tasks are applied at two key stages: the

bottleneck layer, where global contextual features are extracted, and the final decoder

layer, which refines high-resolution spatial details. The outputs from both levels are then

combined to balance global and fine-grained predictions, supporting more accurate local-

ization and improving overall prediction quality.

The decoder reconstructs high-resolution localization maps through progressive up-

sampling, transposed convolutions, and CBAM [173] refined skip connections [132]. At

each stage, upsampled decoder features are merged with corresponding encoder outputs

that have been refined by CBAM, preserving high-resolution spatial details while improv-

ing boundary delineation. The final transposed convolution restores the feature map to

the original input resolution (1, H,W ), ensuring precise localization.

Thus, by leveraging GRUs [33] for contextual consistency, ASPP [31] for multi-scale

feature extraction, and CBAM [173] for attention refinement, the model improves spa-

tial precision by explicitly addressing key limitations of conventional CNNs, including

restricted spatial context modeling, limited multi-scale representation, and insufficient

attention to diagnostically relevant features and localization quality while remaining com-

putationally feasible for WSI analysis. This design also reduces annotation requirements

by avoiding pixel-level supervision during training. In addition, unlike traditional mod-

els that rely on high-magnification (40×) WSIs and extensive annotations, this approach

operates effectively at 10× magnification while utilizing only a fraction of annotated data.

The detailed architecture of the proposed model is illustrated in Fig. 4.2, and is de-

scribed step-by-step below, with each stage building upon the outputs of the preceding
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steps to ensure seamless integration and optimized performance.

Figure 4.3 : An example of a WSI (left) and several extracted patches from it (right).

4.3.1 Input Preprocessing and Initial Feature Extraction

The CAMELYON16 WSIs used in this chapter are first partitioned at the WSI level

before patch extraction. From the selected training WSIs, a total of 600,000 patches of size

256 × 256 are extracted for model optimization.∗ Among these, 300,000 patches contain

metastatic tissue, while the remaining 300,000 represent non-metastatic regions, ensuring

a balanced dataset for training.

Each patch is labeled with a binary class (healthy or metastatic) along with a tumor

ratio that quantifies the proportion of metastatic content within the patch. The tumor

ratio serves as an auxiliary regression target to guide the training strategy, as further

discussed in Section 4.3.5. Although pixel-level annotations assist in generating these

labels and tumor ratios during data preparation, the model training process itself does not

directly rely on pixel-wise supervision. Intensity normalization is applied to standardize

∗The model is designed to adapt seamlessly to varying input dimensions.
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input values, improving feature consistency across samples. During the prediction phase,

larger patches of 2048× 2048 with an overlap size of 128 pixels are used to accelerate the

processing of WSIs. Fig. 4.3 shows an example of a WSI and several patches extracted

from the WSI image.

As depicted in the initial stage of Fig. 4.2 (shown in blue), patches are passed through

the initial layers of ResNet-50. This stage produces an initial feature map, denoted as F0,

with dimensions (64, H/2,W/2), where H and W represent the height and width of the

input patch, respectively.

The ResNet-50 backbone extracts hierarchical features through its residual layers.

These layers progressively reduce the spatial resolution of the feature maps while increas-

ing their depth, enabling the model to capture a range of feature abstractions. These

hierarchical features serve as the foundation for further refinement and processing in the

subsequent modules of the architecture.

4.3.2 Integration of GRUs with ResNet

WSIs are vast, high-resolution images with intricate tissue structures and spatial de-

pendencies that are essential for accurate analysis. Tumor regions often exhibit complex

morphological patterns and contextual relationships that extend beyond localized patches,

requiring a mechanism to capture these dependencies across spatial dimensions. CNNs

process images in a spatially independent manner, meaning they analyze local features in

patches but fail to capture the broader context of tissue structures. This is particularly

problematic in metastasis detection, where tumor regions exhibit complex spatial depen-

dencies and morphological variations that extend beyond isolated patches. To capture

temporal dependencies in sequential data, Recurrent Neural Networks (RNNs) have been

widely used. However, traditional RNNs suffer from vanishing gradient issues, making it

difficult to retain long-range dependencies [66, 22]. To address these issues, GRUs [33]

were introduced as an optimized variation of RNNs. GRUs [33] incorporate two gating

mechanisms—the reset gate and the update gate—which regulate the flow of information

by selectively retaining important features and discarding irrelevant ones. This allows the
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model to efficiently learn long-term dependencies while maintaining computational effi-

ciency, making it particularly effective for deep learning tasks requiring sequential context

retention.

In this work, instead of processing text or time-series data, GRUs [33] sequentially

process spatial regions of feature maps, allowing the model to establish dependencies

between adjacent tissue regions. This spatial recurrence ensures that the extracted features

preserve contextual continuity, improving tumor detection and boundary delineation.

In addition, unlike standard GRUs, which process information in a single direction,

the proposed approach integrates Bi-GRUs to propagate information both forward and

backward across spatial dimensions.

As illustrated in the top row of Fig. 4.2, feature maps produced by ResNet layers are

passed through corresponding Bi-GRUs [33] modules to refine spatial dependencies and

enrich feature representations.

Let FResNeti denote the output of the i-th ResNet block, where i = 1, 2, 3, 4. Each

FResNeti is passed through a Bi-GRU module to obtain a context-aware representation

FGRUi , defined as:

FGRUi = BiGRUi(FResNeti) (4.1)

Shallower ResNet layers generate local representations such as edges and textures,

which are refined by the corresponding Bi-GRU modules, i.e., FGRU1 captures enriched

low-level patterns based on FResNet1 . Deeper layers, including FGRU2 , FGRU3 , and FGRU4 ,

progressively encode mid-level features, high-level semantic structures, and global contex-

tual cues, respectively.

Since GRUs [33] operate on sequential data, the spatial dimensions of feature maps are

reshaped into sequences. As illustrated in Fig. 4.4, each feature map FResNet ∈ RC×H′×W ′

—where C is the number of channels, and H ′, W ′ are the height and width of the feature

map—is reshaped into a sequence P ∈ RN×C , where N = H ′ ×W ′. Each vector Pt ∈ RC

corresponds to the feature at spatial position t.
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Figure 4.4 : Illustration of Bi-GRUs embedded in ResNet for feature refinement.

Feature maps from each ResNet layer are reshaped into sequences and processed by

Bi-GRUs to capture spatial dependencies.

Each Bi-GRU module processes the resulting sequence in two directional passes. The

forward GRU (GRUfwd), shown in purple in Fig. 4.4, propagates information from the

top-left to bottom-right of the feature map, starting from the initial hidden state h0. The

forward pass is defined as:

−→
h t = GRUfwd(Pt,

−→
h t−1), t = 1, . . . , N (4.2)

It generates forward hidden states
−→
h 1,
−→
h 2, . . . ,

−→
h N by sequentially incorporating in-

formation from the previous hidden state
−→
h t−1 and the current input Pt (t = 1, . . . , N),
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where each Pt represents the feature vector at spatial position t in the reshaped feature

map, consisting of C channels. In parallel, the backward GRU (GRUbwd), shown in dark

pink, moves in reverse—from bottom-right to top-left—starting from its initial hidden

state hN+1. It is defined as:

←−
h t = GRUbwd(Pt,

←−
h t+1), t = N, . . . , 1 (4.3)

It produces backward hidden states
←−
h N ,
←−
h N−1, . . . ,

←−
h 1, where each hidden state

←−
h t

depends on the next hidden state
←−
h t+1 and the current input Pt.

At each spatial position t = 1, . . . , N (where N = H ′×W ′), the forward and backward

hidden states are concatenated to form the final hidden state:

ht = [
−→
h t;
←−
h t] ∈ R2C (4.4)

These concatenated hidden states, (ht), highlighted in blue between the forward and

backward GRU blocks in Fig. 4.4, provide a comprehensive bidirectional representation of

spatial dependencies across the feature map.

To address the increased dimensionality introduced by concatenation (doubling the

channel size from C to 2C), a 1× 1 convolutional layer is applied to project the combined

features back to dimension C. As previously defined FGRUi ∈ RH′W ′×2C is the output of

the Bi-GRU module (see Eq. 4.1). The dimensionality is reduced by applying:

F′
GRUi

= Conv1×1(FGRUi) ∈ RH′W ′×C (4.5)

The resulting Bi-GRU-enhanced features are then combined with the original ResNet

features using a learnable weighted fusion mechanism, defined as:

FCombined = αi · F′
GRUi

+ (1− αi) · FResNeti (4.6)

where αi is a trainable parameter associated with the i-th ResNet layer, and as defined

in Eqs. 4.5 and 4.1, respectfully, F′
GRUi

represents the projected output of the Bi-GRU

module at the i-th Bi-GRU module, and FResNeti corresponds to the original feature vector

from the i-th ResNet layer. This dynamic balancing mechanism adaptively integrates local
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feature extraction from ResNet with the global contextual representations provided by Bi-

GRUs, enhancing spatial feature modeling for downstream tasks.

4.3.3 Bottleneck Feature Refinement

The bottleneck layer serves as a pivotal transition between the encoder and decoder in

the proposed architecture. It processes the output of the deepest ResNet layer, enriched

by GRU-enhanced features. To further refine these features, ASPP [31], which is followed

by CBAM [173], is strategically integrated into the bottleneck.

In histopathology, where tumors exhibit significant variability in size and shape, multi-

scale feature extraction is essential for improving detection and localization accuracy.

Conventional convolutional networks often struggle to generalize across different tumor

sizes. Small metastases may be overlooked, while larger tumor regions may dominate

the feature space. ASPP [31] mitigates these challenges by introducing multiple receptive

fields, allowing the model to detect structures at varying scales. This ability enhances

the robustness of deep learning models against tumor size variations and helps preserve

spatial coherence, which is critical in metastasis detection.

As shown in Fig. 4.2, the proposed model integrates ASPP [31] at the bottleneck

layer, a decision motivated by the need to refine high-level feature representations before

upsampling in the decoder. The bottleneck layer is typically considered the stage where

the deepest feature maps from the encoder, enriched by GRU-enhanced spatial dependen-

cies, encode high-level semantic representations with broader contextual understanding.

Placing ASPP [31] at this stage ensures that multi-scale feature extraction occurs when the

model has already captured complex spatial relationships, making it particularly effective

for improving localization accuracy.

In addition, refining features at the bottleneck enhances the encoder’s ability to ag-

gregate high-level contextual information with a large receptive field, which is critical for

accurate spatial reconstruction during decoding [132, 119].

In the newly proposed weakly supervised learning approach, the model relies on
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metastatic classification and tumor ratio regression rather than pixel-wise annotations.

Following ASPP, the feature maps undergo further refinement through the Convolu-

tional Block Attention Module (CBAM) [173]. While ASPP extracts multi-scale features,

CBAM enhances spatial and channel attention, addressing the insufficient focus of con-

ventional CNNs on tumor-relevant regions, prioritizing diagnostically relevant regions and

suppressing irrelevant background information. The following subsections provide a de-

tailed explanation of the bottleneck layer components, including CBAM [173] and the

Dual-Task Classification and Regression module.

4.3.4 CBAM in WSI Processing

WSIs present unique challenges due to their large scale, high resolution, and com-

plex tissue variations. Accurate metastasis detection within these images requires both

contextual awareness and fine-grained spatial discrimination. In the proposed model, to

capture the most informative channel and spatial features of tumors, an advanced attention

mechanism that sequentially applies channel and spatial attention to enhance feature rep-

resentation, i.e., CBAM [173], is adopted. Unlike conventional convolutional layers that

process features uniformly, CBAM adaptively refines feature maps by emphasizing the

most informative channels and spatial locations. This mechanism improves the network’s

ability to focus on diagnostically relevant regions while suppressing irrelevant or noisy

information, making it particularly well-suited for WSI analysis in metastasis detection.

As shown in Fig. 4.5, CBAM [173] consists of two key components: channel at-

tention and spatial attention. The channel attention module selectively amplifies the

most important feature channels by computing global descriptors through average and

max pooling. These descriptors are processed through a multi-layer perceptron (MLP)

to generate attention weights, which modulate the feature channels accordingly. This

selective refinement enhances the model’s ability to focus on salient features, which can

aid in distinguishing between different tissue patterns, including those associated with

metastasis.
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Figure 4.5 : Illustration of the CBAM module integrated into the proposed frame-

work. The top section shows the Channel Attention Module, which refines the

input feature map by emphasizing informative feature channels. The bottom section

depicts the Spatial Attention Module, which further enhances the intermediate

features by focusing on important spatial regions. The input feature map is pro-

gressively refined to produce the final output feature map, improving metastasis

localization.

Following this refinement, the spatial attention module identifies key regions within the

spatial dimensions of the feature map. Aggregating information from different channels

through average and max pooling captures both global and local spatial patterns. The

pooled information is concatenated and processed by a convolutional layer, generating spa-

tial attention weights that emphasize regions with distinct patterns, such as variations in

cell density, tissue texture, and structural irregularities. These regions are assigned higher

weights because they exhibit features that deviate from normal tissue characteristics, mak-

ing them more relevant for detecting metastatic growth. By selectively enhancing these
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diagnostically relevant regions, spatial attention improves the model’s ability to local-

ize tumor areas, supporting more accurate differentiation between normal and cancerous

tissue in histopathology images [173, 47].

As shown in Fig. 4.2, in the proposed model, CBAM [173] is strategically placed

in the bottleneck layer, where feature maps contain rich semantic information but low

spatial resolution, to process the multi-scale features generated by ASPP [31]. This step

integrates the global contextual information from ASPP [31] with CBAM’s attention-

driven refinement, resulting in features enriched with both spatial and channel relevance.

As illustrated in Fig. 4.5 CBAM sequentially applies channel and spatial attention to

enhance these features. Let Finput ∈ R2048×H/32×W/32 denote the Input Feature, which

now corresponds to the output of the ASPP module [31]. First, channel attention is

applied:

Finter =Mc(Finput)⊗ Finput (4.7)

where Mc(·) denotes the Channel Attention Weights and ⊗ indicates element-wise mul-

tiplication. The result is the Intermediate Feature, Finter, which is then refined by spatial

attention:

Foutput =Ms(Finter)⊗ Finter (4.8)

where Ms(·) is the Spatial Attention Weights. The channel attention map, Mc, is gen-

erated by modeling inter-channel relationships using global pooling operations followed

by a shared transformation. The spatial attention map, Ms, is computed by capturing

spatial dependencies from the intermediate feature using aggregated descriptors. For full

architectural details, the reader is referred to CBAM [173]. The final Output Feature,

Foutput,∈ R2048×H/32×W/32 preserves the original dimensions and contains enhanced se-

mantic information for subsequent reconstruction in the decoder.

Thus, by integrating CBAM [173] in the bottleneck layer, the proposed model lever-

ages both global semantic refinement and fine-grained attention mechanisms for weakly

supervised WSI analysis. The synergy between ASPP [31] and CBAM [173] supports

multi-scale feature refinement and attention-guided localization while remaining compu-
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tationally feasible.

4.3.5 Dual-Task Framework and Loss Computation

The proposed model incorporates a dual-task learning framework that simultaneously

performs classification and regression tasks, helping train the model for WSI-level local-

ization and detection without relying directly on dense annotations. The classification

task determines whether a patch contains metastatic tissue, while the regression task esti-

mates the tumor ratio within a patch, providing a quantitative measure of the metastatic

burden. Each patch is labeled with a binary class (healthy or metastatic) and assigned

a tumor ratio, which quantifies the proportion of metastatic content within the patch.

The tumor ratio is computed using pixel-level annotations during dataset preparation,

where the proportion of annotated tumor pixels in the patch is calculated. However, dur-

ing model training, pixel-level annotations are not directly utilized. Instead, the model

is trained using the patch-level labels (binary class) and the tumor ratio as the target

regression value. As shown in the bottom two rows of Fig. 4.2, CLF FC and REG FC

represent the classification and regression components, respectively. These dual tasks are

performed at two levels of the architecture—within the bottleneck and at the end of the

decoder—leveraging both global and high-resolution spatial features.

At the bottleneck layer, global features refined by the CBAM [173] module that follows

the ASPP block, are extracted from the feature map with dimensions (2048, H/32,W/32).

These features, denoted by Fbottleneck, undergo global average pooling (GAP), followed by

fully connected layers to produce the classification and regression predictions as:

ˆclfbottleneck = FCcls(GAP(Fbottleneck)), t̂rbottleneck = FCreg(GAP(Fbottleneck)). (4.9)

Here, FCcls refers to the fully connected layer used for binary classification, and FCreg

denotes the fully connected layer used for tumor ratio regression.

Meanwhile, at the stage between the fourth upsampling in the decoder and the final

upsampling that produces the predicted mask, as shown in Fig. 4.2, the output high-

resolution spatial features with dimensions (64, H/2,W/2) are used as inputs for an ad-
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ditional classification and regression subbranch. Let Fdecoder denote these features. They

are also passed through GAP and FC layers as:

ˆclfdecoder = FCcls(GAP(Fdecoder)), t̂rdecoder = FCreg(GAP(Fdecoder)). (4.10)

This earlier stage is chosen to retain richer spatial details, as the final upsampling

reduces the feature map to (1, H,W ), limiting the capacity for effective classification and

regression. By leveraging a higher-resolution representation, the subbranch enhances pre-

diction granularity and ensures more precise feature refinement. The outputs from the

bottleneck and decoder layers are combined, using an average fusion strategy, to leverage

the complementary strengths of both global and fine-grained features. The classifica-

tion predictions from the bottleneck and decoder layers are denoted as ˆclfbottleneck and

ˆclfdecoder, respectively. Similarly, the regression outputs from the bottleneck and decoder

layers are represented as t̂rbottleneck and t̂rdecoder. The final classification prediction, de-

noted by ˆclffinal, is computed as follows:

ˆclffinal =
ˆclfbottleneck + ˆclfdecoder

2
, (4.11)

and the final regression, denoted by t̂rfinal is computed as follows. This value represents

the estimated proportion of the patch occupied by tumor cells.

t̂rfinal =
t̂rbottleneck + t̂rdecoder

2
. (4.12)

To optimize this dual-task framework, two distinct loss functions are employed, respec-

tively. The classification task uses the binary cross-entropy (BCE) loss, which compares

the predicted metastasis probability ˆclf i against the ground truth label clfi. The BCE

loss is defined as:

Lclass = − 1

B

B∑
i=1

[
clfi log( ˆclf i) + (1− clfi) log(1− ˆclf i)

]
, (4.13)

where B represents the batch size.

For the regression task, the MSE loss is employed to compare the predicted tumor

ratio t̂ri with the ground truth ratio tri. As mentioned in Section 4.3.1, the tumor ra-

tio is used as an auxiliary regression target that guides the model toward learning the
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approximate spatial extent of tumor regions without relying on pixel-wise supervision.

This regression objective acts as a spatially structured supervision signal, encouraging

the model to capture the extent and distribution of metastatic regions, while serving as

an implicit regularization mechanism that enables boundary-aware localization without

requiring explicit pixel-level annotations. The MSE is defined as follows:

Lreg =
1

B

B∑
i=1

(tri − t̂ri)
2. (4.14)

where B represents the batch size as well.

Finally, a weighted combination of these two loss functions constitutes the final objec-

tive function, allowing the model to jointly optimize both objectives:

Ltotal = λclassLclass + λregLreg, (4.15)

where λclass and λreg are hyperparameters that control the relative importance of the clas-

sification and regression tasks. In the proposed approach, both tasks were assigned equal

weighting (λclass = 0.5 and λreg = 0.5) to ensure a balanced contribution from classifi-

cation and regression objectives. Empirical evaluation on the validation set supported

the use of this configuration for the reported experiments. The effect of varying these

hyperparameters is further explored in the ablation study (Section 4.6).

This dual-task framework eliminates the need for pixel-level annotations during train-

ing by relying solely on patch-level labels and tumor ratios. Such an approach aligns

with the weakly supervised paradigm while supporting both localization and metastasis

detection. By integrating classification and regression tasks within a unified architec-

ture, the model balances prediction performance with computational feasibility in weakly

supervised metastasis analysis.

4.3.6 Decoder Architecture for High-Resolution Metastasis Localization

This section introduces the decoder component responsible for generating high-resolution

localization maps used to detect and localize metastatic regions in WSI. In encoder-decoder

architectures, the decoder progressively upsamples and refines low-resolution feature rep-

resentations to provide high-resolution outputs for localization tasks. In this model, the
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decoder reconstructs detailed metastasis localization maps by integrating transposed con-

volutions, skip connections, and attention mechanisms, ensuring accurate spatial detail

recovery from whole slide image patches. Transposed convolutions are applied at each up-

sampling stage, skip connections transfer multi-scale contextual features from the encoder,

and CBAM modules refine the skip connection features before fusion in the decoder.

The final output of the decoder is a pixel-wise localization map that captures spatial

patterns associated with tumor regions. Although no pixel-level segmentation loss is ap-

plied, the decoder’s features contribute to auxiliary classification and regression branches,

which guide learning and help the model localize metastases under weak supervision, as

described in Section 4.3.5. Together, these components allow the model to produce high-

resolution maps that support accurate tumor localization without requiring pixel-wise

annotations. Further details on these components are discussed in the subsequent parts

of this section.

As illustrated in Fig. 4.1, the decoder follows the bottleneck stage, which consists

of ASPP and CBAM. As detailed in Fig. 4.2, the decoder begins immediately after the

CBAM module in the bottleneck. The transposed convolutional upsampling operations,

denoted as TCi (for i = 1 to 5), are highlighted in purple. Meanwhile, in the middle of

Fig. 4.2, the 1×1 convolution layers in the skip connections are shown in pink, followed by

CBAM blocks in blue. These components work collectively to reconstruct high-resolution

localization maps from the low-resolution features produced by the bottleneck layer. This

design supports more precise tumor localization and improved boundary refinement while

remaining computationally feasible.

The upsampling process progressively reconstructs the localization map by merging

feature maps from the previous decoder layer with CBAM-refined skip connections [132]

from the corresponding earlier ResNet + GRU layer. Let Ui−1 ∈ R2C′×H/2×W/2 denote the

input feature map from the previous decoder layer, and Fi ∈ RC′×H′×W ′
the corresponding

encoder feature map. At each step, the decoder performs three operations: upsampling,

refinement, and fusion. First, the decoder feature map from the previous stage, denoted
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as Ui−1 ∈ R2C′×H/2×W/2, is upsampled using a transposed convolution to produce an

intermediate feature map of shape Uup
i ∈ RC′×H′×W ′

:

Uup
i = TransposedConv(Ui−1) (4.16)

Simultaneously, the corresponding encoder feature map Fi is processed through a 1 × 1

convolution and refined by CBAM [173] to generate the skip connection:

Fref
i = CBAM(Conv1×1(Fi)) (4.17)

The result, Fref
i , serves as the CBAM-refined skip connection at stage i. The final output

of the decoder stage is obtained by fusing the upsampled decoder feature with the CBAM-

refined skip connection through element-wise addition:

Ui = Uup
i + Fref

i (4.18)

As illustrated in Fig. 4.6, each stage of the decoder follows a consistent structural pat-

tern, combining upsampled decoder features with CBAM-refined skip connections, while

maintaining coherence in spatial and channel dimensions.

In the first decoder stage (u1), the input feature map from the bottleneck, denoted as

U0 ∈ R2048×H/32×W/32, is upsampled using a transposed convolution to produce Uup
1 ∈

R1024×H/16×W/16. The corresponding encoder feature map F3 ∈ R1024×H/16×W/16, ex-

tracted from Layer 3 of the ResNet-GRU encoder, is refined using a 1 × 1 convolution

followed by CBAM [173], yielding the skip connection Fref
3 . The output of this stage is

obtained by element-wise addition of the upsampled decoder feature and the refined skip

connection:

U1 = Uup
1 + Fref

3 . (4.19)

This step initiates the reconstruction of spatial detail in the decoder, while preserv-

ing the high-level semantic information captured in the bottleneck. It establishes the

foundation for integrating deeper contextual features with progressively finer resolution in

subsequent stages.
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In the second decoder stage (u2), the input feature map U1 ∈ R1024×H/16×W/16 is

upsampled using a transposed convolution to produce Uup
2 ∈ R512×H/8×W/8. The corre-

sponding encoder feature F2 ∈ R512×H/8×W/8, extracted from Layer 2 of the ResNet-GRU

encoder, is refined by a 1 × 1 convolution followed by CBAM [173] to produce the skip

connection Fref
2 . The final fused feature map is then computed as:

U2 = Uup
2 + Fref

2 . (4.20)

This stage increases spatial resolution while incorporating intermediate-level contex-

tual information from the encoder.

During the third decoder stage (u3), the input feature map U2 ∈ R512×H/8×W/8 is

upsampled using a transposed convolution to produce Uup
3 ∈ R256×H/4×W/4. The corre-

sponding encoder feature F1 ∈ R256×H/4×W/4, extracted from the ResNet-GRU block in

Layer 1, is refined using a 1 × 1 convolution followed by CBAM [173], resulting in the

skip connection Fref
1 . The final output U3 is obtained by fusing Uup

3 and Fref
1 through

element-wise addition:

U3 = Uup
3 + Fref

1 . (4.21)

During the fourth decoder stage (u4), the input feature map U3 ∈ R256×H/4×W/4 is

upsampled using a transposed convolution to produce Uup
4 ∈ R64×H/2×W/2. The corre-

sponding encoder feature F0 ∈ R64×H/2×W/2, extracted from the earliest ResNet-GRU

block, is refined using a 1 × 1 convolution followed by CBAM [173] to generate the skip

connection Fref
0 . The final output U4 is then obtained by fusing Uup

4 and Fref
0 via element-

wise addition:

U4 = Uup
4 + Fref

0 . (4.22)

At this point, the decoder’s resolution reaches half of the original input size, allowing

the integration of shallow, low-level features that preserve fine spatial structures.

Finally, the feature map from the last upsampling step, U4 ∈ R64×H/2×W/2, is further

upsampled using a transposed convolution to produce the final output M ∈ R1×H×W ,

where 1 represents the number of output channels required for localization. This final
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Figure 4.6 : Detailed illustration of a single decoder stage in the proposed architec-

ture.

upsampling stage restores the spatial resolution to match the original input size while

preserving the fine-grained spatial and contextual information accumulated throughout

the decoder.

By aligning the output resolution with the input dimensions, this step enables high-

resolution localization of metastases within the input region. The design ensures that

fine structural cues—refined at each decoding stage—are retained in the final prediction,

supporting precise and high-resolution output generation under weak supervision.

A detailed illustration of a stage in the decoder is shown in Fig. 4.6, demonstrating
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the flow of feature refinement and fusion. The feature map from the encoder (ResNet +

Bi-GRU) is passed through the skip connection and refined by the CBAM module. Simul-

taneously, the feature map from the previous decoder stage, with reduced spatial resolution

and increased channels, is upsampled via transposed convolution. For enhanced feature

representation, the upsampled decoder feature and the CBAM-refined skip connection

feature are combined through element-wise addition, producing an upsampled, refined

feature map that serves as the input to the next decoder stage. The final output of the

decoder is a pixel-wise localization map that serves as a metastasis likelihood or density

map. Decoder features are supervised using weakly labeled data through auxiliary classi-

fication and regression heads that predict patch-level metastasis labels and tumor ratios.

These outputs are optimized using binary cross-entropy and mean squared error losses,

respectively. During backpropagation, these task-specific losses provide learning signals

that flow through the decoder, effectively shaping the spatial predictions of the network

under weak supervision.

4.4 Implementation and Evaluation

The proposed method was implemented using the PyTorch framework, and experi-

ments were conducted on a single NVIDIA Tesla V100-PCIE-32GB GPU. For optimiza-

tion, the Adam optimizer was utilized with an initial learning rate of 1×10−4. To support

the learnable fusion between GRU and ResNet outputs, where each layer’s contribution is

controlled by a trainable scalar weight αi, a separate learning rate of 1×10−3 was assigned

to these fusion weights. This was implemented using PyTorch’s param groups to define a

distinct learning rate for the αi parameters within the same optimizer. A weight decay of

5× 10−4 was used to regularize the model, and ReLU was used as the activation function

in all convolutional layers throughout the encoder and decoder, except for the final output

layer.

All hyperparameters were selected using validation data only, with the official CAME-

LYON16 test set kept strictly isolated throughout model development and evaluation. No
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test-set performance was used for model selection or parameter adjustment.

This validation-based selection covered the main training hyperparameters used through-

out this chapter, including the optimizer learning rates, weight decay, and the relative loss

weights for classification and tumor ratio regression. Once selected, these values were kept

fixed for all reported experiments in this chapter.

For the proposed method, the same post-processing configuration was applied un-

changed across the patch-split, WSI-level split, and full-training-set experiments.

The primary aim of this work is to detect and localize metastases in gigapixel pathol-

ogy images of breast cancer. Given the large size of WSIs, they are first divided into

smaller, more manageable patches before being input into the model. Each metastatic

WSI contains both healthy and unhealthy regions.

For training, 25 metastatic WSIs and 15 healthy WSIs were randomly selected from

the CAMELYON16 training dataset. A total of 200,000 patches, each of size 256 × 256,

were randomly cropped from these 40 WSIs, with equal numbers of metastatic and non-

metastatic patches (100,000 each). During each training iteration, the model produces five

outputs for each input patch: a 256 × 256 localization mask at the decoder’s output, two

classification outputs from the bottleneck and decoder, and two regression outputs aimed

at estimating tumor ratios.

For inference, the model processes larger input images of size 2048×2048, constrained

only by GPU memory. Each test WSI is divided into overlapping regions of 2048 × 2048

with an overlap size of 128 pixels. These regions are sequentially fed into the model to

generate corresponding 2048 × 2048 localization masks, which are then stitched together

to produce the final mask for the entire WSI. The resulting WSI mask is a probability

map where each pixel is assigned a score representing the likelihood of metastasis. The

final whole-slide probability map is reconstructed by stitching together the overlapping

tile-level predictions and averaging the overlapping areas to ensure smooth transitions

across tile boundaries.
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This probability map represents a dense map, where each pixel is assigned a metasta-

sis likelihood score between 0 and 1. It is important to note that these probability scores

are derived from the model’s soft outputs and may not represent well-calibrated poste-

rior probabilities. Deep neural networks are known to produce overconfident predictions,

particularly in ambiguous or out-of-distribution regions. Therefore, the probability map

should be interpreted as a relative confidence measure rather than a fully reliable estimate

of predictive certainty. To generate a binary localization mask, a fixed probability thresh-

old of 0.5 is applied to the probability map. This converts the dense probability map into

a binary localization mask suitable for deterministic morphological refinement.

Morphological operations are then applied deterministically to refine the predicted

masks. Specifically, morphological opening with a 3 × 3 square structuring element is

used to suppress isolated noise artifacts. This is followed by morphological closing with a

5×5 square structuring element to bridge narrow discontinuities introduced by patch-wise

prediction and stitching. Hole filling is subsequently applied to improve the topological

consistency of predicted metastatic regions.

Finally, connected component analysis is employed to eliminate spurious detections. In

this step, connected components with an area smaller than 100 pixels at 10× magnification

are discarded, as they are unlikely to correspond to diagnostically meaningful metastases.

These post-processing steps suppress small isolated artifacts and regularize the predicted

masks while preserving the overall lesion geometry.

All post-processing parameters are specified explicitly and applied deterministically.

The probability threshold, structuring element sizes, and minimum connected-component

area were selected using validation data only and then kept fixed across all experiments

in this chapter. No post-processing parameters were tuned, adjusted, or selected based

on performance on the official CAMELYON16 test set, which remained strictly isolated

during evaluation.

For FROC evaluation, the probability map is first thresholded and morphologically

refined to produce a binary mask indicating predicted tumor regions. Connected compo-
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nents in this mask are treated as candidate lesion localizations. Each candidate region

is then assigned a confidence score equal to the maximum probability value within that

region, taken from the corresponding raw probability map. These confidence scores are

used to rank lesion candidates when computing the FROC curve.

Because lesion-level FROC scoring based on the maximum pixel probability may be

sensitive to isolated high-confidence outliers, a small sensitivity analysis was also con-

ducted. In addition to the primary max-probability scoring rule, each predicted connected

region was alternatively scored using the average of its top-K pixel probabilities, with

K = 50. The resulting FROC performance remained comparable to that obtained with

max-based scoring, indicating that the reported localization performance is not driven by

isolated single-pixel responses and that the lesion-ranking procedure is reasonably stable.

Dice [38] and IoU [71] are computed between the thresholded WSI probability maps and

the ground-truth tumor masks to quantify boundary-level spatial agreement (Table 4.5).

For the AUC metric, prior CAMELYON16 approaches extracted handcrafted features

from the predicted heatmaps and used additional classifiers to predict the probability of a

WSI containing tumors. In contrast, similar to the approach described in Chapter 3, the

proposed method uses a simpler slide-level scoring strategy. A single WSI-level metasta-

sis score is obtained by averaging the predicted probabilities over the detected foreground

regions in the reconstructed probability map. This score is then used to compute the slide-

level AUC. By avoiding additional feature extraction or learning-based post-processing,

the method remains computationally efficient while still producing competitive AUC per-

formance.

Together, these evaluation procedures provide a consistent assessment of both lesion-

level localization and slide-level classification performance under the same inference and

post-processing pipeline.
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4.4.1 Dataset

The model was trained and evaluated using the CAMELYON16 challenge dataset [20].

For training, a subset of 40 WSIs (25 metastatic and 15 healthy) was selected from the

original 270 training images. Testing, consistent with the previous approach, was con-

ducted on all 130 WSIs in the test set. This enables comparison with previously reported

CAMELYON16 results.

4.4.2 Evaluation Metrics

To benchmark the results against previously reported methods for metastasis detection,

and similar to the approach used in Chapter 3, the CAMELYON16 competition metrics

were employed. FROC is used to assess lesion-level localization performance, while AUC

evaluates the model’s effectiveness in whole-slide classification.

In addition to the competition metrics, overlap-based metrics are reported to quantify

spatial agreement between predicted tumor regions and ground-truth annotations. Specif-

ically, the Dice coefficient [38] and Intersection over Union (IoU) [71] are computed from

the thresholded WSI probability maps. Detailed boundary-level results are presented in

Section 4.5.5.

4.5 Experiment Results

4.5.1 Visual Evaluation

In this section, qualitative results are presented to illustrate the performance of the

proposed method. Fig. 4.7 serves as a visual demonstration of the results obtained from

the proposed method, alongside their comparison with the ground truth annotations for

WSIs.

In Fig. 4.7, the first column presents the original WSIs, where tumor regions are

outlined with polygons. The second column focuses on the ground truth mask, showcasing

the tumor regions as delineated by expert pathologists. Finally, the third column reveals
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WSI with Mask Border Ground Truth Mask Predicted WSI Mask

Figure 4.7 : Comparison between ground truth annotations and the predicted binary

metastasis masks generated by the proposed method.
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WSI with Border Zoomed ROI Predicted ROI Mask

Figure 4.8 : Detailed analysis of a selected region of interest (ROI) within a WSI.

The first column shows the input WSI, with the selected region highlighted by a

green border. The second column presents the corresponding ground truth mask at

higher resolution, while the third column shows the binary mask predicted by the

proposed method.
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the mask outputs generated by the proposed method, offering a direct comparison with

the ground truth to validate the model’s performance.

(a) WSI with Border (b) Hi and Li (c) Wang et al.

(d) Guo et al. (e) Ours (f) Ground Truth

Figure 4.9 : A comparison of tumor localization results across different methods. (a)

WSI with metastasis regions outlined. (b) Hi and Li [63], (c) Wang et al. [169], and

(d) Guo et al. [57] show probability maps, where warmer colors indicate higher tumor

likelihood. (e) Probability map generated by the proposed method, visualized using

a red–blue color scheme for consistent comparison, and (f) ground truth annotation.

To further underscore the model’s capabilities, Fig. 4.8 provides a closer examination

of a specific region of interest. The green border in the first column highlights the se-

lected region for zoomed-in analysis, offering a closer look at the intricate boundaries of

tumor regions. The second column reveals the ground truth mask for the selected area,

emphasizing the metastasis regions as defined by expert annotations. The third column

showcases the mask outputs generated by the proposed model, illustrating the model’s
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ability to accurately delineate tumor boundaries, even in smaller or less distinct areas.

This zoomed-in perspective highlights how effectively the model identifies subtle tumor

margins and resolves challenges posed by less prominent borders.

For each input WSI, patches are extracted sequentially to ensure comprehensive cov-

erage of the tissue region. The model generates a probability map for each patch, repre-

senting the likelihood of metastatic tissue. These patch-level probability maps are then

merged to construct a WSI-level probability map. A binary tumor mask is obtained by

thresholding the aggregated WSI probability map. This process preserves spatial consis-

tency across patches and enables spatially coherent and boundary-aware localization of

metastatic regions.

Additionally, for a more direct comparison, Fig. 4.9 illustrates the performance of var-

ious approaches for tumor localization on a WSI from the test dataset. This visualization

illustrates qualitative differences between the proposed method and previously reported

approaches for tumor localization.

Notably, the robustness of the model is evident despite being trained on only one-

sixth of the available dataset, using only 40 WSIs for training. Even with this limited

training data, the model demonstrates strong performance in detecting and delineating

metastatic regions. These results highlight the capability of the proposed framework to

perform metastasis detection and localization in whole-slide histopathology images under

reduced training data conditions.

4.5.2 Objective Evaluation

The proposed method integrates WSI classification and localization seamlessly within

a single end-to-end framework, eliminating the need for an aditional classification model.

Unlike other approaches, such as Wang et al. (2016), which train dedicated networks

for the classification of features extracted from predicted masks, the method significantly

reduces computational costs and training time.

To mitigate inter-centre staining variability and improve robustness to domain shift,



139

Macenko stain normalization [107] was applied to extracted 256× 256 tiles at 10× magni-

fication prior to model input, using a fixed reference template selected from the CAME-

LYON16 training set and kept constant across all experiments.

For each WSI, localization masks are constructed by merging the predicted masks of

the ROIs.

Table 4.1 : Comparison with representative prior methods on CAMELYON16, in-

cluding the proposed model at 10× using 40 WSIs.(official test set)

Authors Architecture AUC (%) FROC (%) Resolution WSIs

Pathologist N/A 96.6 72.4 40X N/A

Wang et al. (2016) [169] GoogLeNet 99.4 80.7 40X 270 WSIs

CULabc VGG-16 94.0 70.3 40X 27 WSIs

Liu et al. (2017) [102] ResNet 97.6 76.0 40X 270 WSIs

Guo et al. (2019) [57] Inception-v3 and DCNN 96.6 83.5 40X 270 WSIs

Khaliliboroujeni et al. (2022) [82] ResNet-50 + Spatial & Channel Attention 97.03 84.1 10X 80 WSIs

Tourniaire et al. (2023) [157] Mixedly Supervised-CLAM 98.2 - 40X 270 WSIs

He and Li (2024) [63]. Few-Shot + Reverse Distillation 90.36 50.0 40X 10 WSIs

Rui et al. (2024) [133] Weakly Supervised Learning 88.42 78.63 5X 270 WSIs

Li et al. (2024) [95] DeeplabV3+ 97.4 - 10X 270 WSIs

Ours (WSI-level split, k-fold) ResNet-50 + Bidirectional GRUs [33]+ CBAM ASPP 99.0± 0.25 86.2± 0.5 10X 40 WSIs

For the WSI classification task, the proposed method builds upon the techniques intro-

duced in Chapter 3, distinguishing it from other previous approaches. It does not require

training an additional model from scratch using features extracted from the predicted

mask. This approach reduces redundant efforts and minimizes time and resource con-

sumption by incorporating classification within the main framework. After localization,

each WSI mask is graded by averaging the probabilities of foreground pixels across all

detected regions. This approach achieves a mean AUC of 99.0 ± 0.25 under WSI-level

k-fold cross-validation (Table 4.1), indicating strong classification performance under a

stain-normalized, leakage-resistant evaluation protocol. Notably, the proposed weakly su-

pervised model accomplishes this using less than one-sixth of the CAMELYON16 training

data, highlighting its efficiency.
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In the tumor region localization task, the method achieves a mean FROC of 86.2±0.5

under WSI-level k-fold cross-validation (Table 4.1).

To minimize data acquisition and processing costs, recent studies have relied on less

annotated data or lower magnifications in WSIs. Despite implementing both, the proposed

method achieves competitive accuracy and localization performance under reduced-data

and lower-magnification settings.

These outcomes, summarized in Table 4.1, underscore the effectiveness and efficiency

of the method for both detection and localization tasks. Results are reported as stated

in the original publications; experimental settings (e.g., magnification level and number

of WSIs) vary across studies and are therefore not directly comparable. Notwithstanding

these differences, the proposed method achieves strong AUC/FROC at 10× using only 40

WSIs under a stain-normalized WSI-level protocol.

4.5.3 Sensitivity Analysis of Lesion Scoring Strategies

In the proposed framework, lesion-level confidence scores for FROC evaluation are

derived from the maximum tumor probability within each detected connected region.

This strategy allows each candidate lesion to be ranked according to the most confident

tumor response predicted within that region. However, relying solely on the maximum

pixel probability may potentially be sensitive to isolated high-probability pixels produced

by the network.

To assess the sensitivity of the lesion scoring mechanism, an additional analysis was

conducted using an alternative aggregation strategy. Instead of assigning the lesion score

based on the maximum probability value, each detected connected region was alternatively

scored using the average probability of its top-K highest scoring pixels. In this analysis,

K = 50 pixels were used as a representative small subset of the highest-confidence re-

sponses within each candidate region. This choice provides an aggregation over multiple

high-probability pixels while reducing sensitivity to isolated prediction outliers.

The use of multiple high-confidence responses for decision aggregation is conceptually
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related to instance selection strategies employed in weakly supervised multiple-instance

learning frameworks for whole-slide image analysis, where a subset of the most informative

instances contributes to the final prediction [105]. Although the present experiment focuses

on evaluation rather than training, the same principle motivates the use of a small group

of high-confidence pixels when computing lesion scores.

The resulting FROC performance obtained with the alternative scoring strategy was

comparable to that produced by the primary max-probability approach. This observa-

tion suggests that the overall lesion ranking is not strongly affected by the choice of the

aggregation rule.

Table 4.2 : Sensitivity analysis of lesion-level scoring strategies for FROC evaluation

on the CAMELYON16 dataset.

Scoring Strategy FROC (%)

Maximum pixel probability 86.4

Top-50 average probability 86.1

As shown in Table 4.2, the alternative top-K averaging strategy produces a similar

FROC score compared to the maximum-probability approach. This observation suggests

that the reported localization performance is not highly sensitive to the specific lesion

scoring rule used in the evaluation.

4.5.4 Controlled Evaluation and Robustness Analysis

To ensure a rigorous and unbiased evaluation, all primary results are reported under a

stain-normalized, WSI-level validation protocol, which is designed to mitigate data leakage,

selection bias, and domain shift. Specifically, dataset partitions are defined at the WSI

level prior to patch extraction, and Macenko stain normalization [107] is applied tile-

wise (256 × 256 at 10×) prior to model input using a fixed reference template from the

CAMELYON16 training set. Unless stated otherwise, AUC and FROC are reported on
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the fixed official CAMELYON16 test set using WSI-level k-fold cross-validation (here,

k = 5), with results summarized as mean ± standard deviation across folds. For controlled

comparison, all methods are evaluated at 10× magnification using the same subset size

(40 WSIs).

For transparency and continuity with earlier exploratory analyses, the patch-split set-

ting is additionally reported as a single-run reference; however, it is not used to support

the primary conclusions of this chapter.

In this context, a Vision Transformer–based multiple instance learning model (ViT-

MIL) is included as a foundation-model baseline. Vision Transformers represent a class of

modern backbone architectures that employ self-attention to capture long-range dependen-

cies across instances. Transformer-based MIL models have been widely adopted in whole-

slide image analysis and have demonstrated competitive slide-level classification perfor-

mance on CAMELYON-style benchmarks using weak, slide-level supervision [141, 91, 46].

In this study, the ViT-MIL baseline is evaluated under the same controlled conditions

as the proposed method, including 10× resolution, stain normalization, and WSI-level data

splitting. Evaluation focuses on slide-level AUC and lesion-level FROC metrics and does

not rely on pixel-level annotations. Under this setting, the ViT-MIL baseline achieves lower

classification and localization performance than the proposed framework. This difference

reflects variations in model design and training objectives, as the proposed method is

explicitly developed for weakly supervised metastasis detection and localization, whereas

ViT-MIL primarily optimizes slide-level discrimination [141, 91].

In addition, a U-Net baseline [132] is evaluated under the same weak supervision set-

ting as the proposed method, using only patch-level labels and tumor proportion targets.

During training, no pixel-level annotations or spatial ground-truth masks are used, ensur-

ing an identical supervision regime and a fair controlled comparison.

The results presented in Table 4.3 show consistent performance trends across the evalu-

ated methods under the controlled settings. The proposed framework achieves higher AUC

and FROC values compared to the baseline approaches, while all methods are evaluated
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Table 4.3 : Controlled comparison on CAMELYON16 (official test set) at 10×

using 40 WSIs with stain normalization. Primary results use WSI-level k-fold cross-

validation (mean ± std across folds); the patch-split setting is reported as a single-

run reference.

Method AUC (%) FROC (%) Resolution WSIs

Ours (patch-split, reference) 98.79 85.7 10× 40

Ours (WSI-level split, k-fold) 99.0± 0.25 86.2± 0.5 10× 40

ViT-MIL [141] (foundation baseline) 95.5 68.0 10× 40

U-Net (weakly supervised, baseline) 96.9 81.5 10× 40

under identical resolution, dataset size, and validation conditions. This improvement re-

flects the task-specific design of the proposed framework for weakly supervised metastasis

detection and localization.

The controlled results demonstrate that the proposed framework maintains strong

whole-slide image (WSI) classification and lesion-level localization performance under a

WSI-level validation protocol designed to prevent data leakage. Under identical resolution

and dataset-size constraints, the ViT-MIL baseline exhibits lower classification and local-

ization performance. A similar performance trend is observed for the classical encoder–

decoder baseline, highlighting the advantage of the proposed task-specific modeling strat-

egy under weak supervision.

To address potential selection bias arising from training on a reduced subset of WSIs,

the proposed framework is further evaluated using the full CAMELYON16 training set

(270 WSIs), while keeping the architecture and evaluation pipeline unchanged. This ex-

periment serves as a robustness check under increased training coverage, and the corre-

sponding results are reported in Table 4.4. The improved performance observed under

full-dataset training is attributed to increased data diversity, which enhances generaliza-
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Table 4.4 : Performance of the proposed method using the full CAMELYON16

training set (270 WSIs) at 10× with stain normalization.

Setting AUC (%) FROC (%) Resolution WSIs

Ours (full training set) 99.5 87.1 10× 270

tion and reduces sensitivity to sampling bias.

Overall, these controlled experiments demonstrate that the proposed framework main-

tains strong classification and localization performance under a stain-normalized, WSI-

level validation protocol and improves further with expanded training coverage, supporting

robustness under reduced-data and lower-magnification settings.

4.5.5 Boundary-Level Evaluation

In addition to lesion-level localization performance measured by FROC, boundary-

level agreement is evaluated using the Dice coefficient [38] and Intersection-over-Union

(IoU) [71]. These overlap-based metrics quantify spatial agreement between predicted

regions and ground-truth annotations at the pixel level.

Both metrics are computed on a per-WSI basis from binary masks obtained by thresh-

olding the aggregated probability maps, and are reported as average overlap scores on the

CAMELYON16 test set. Consistent with the primary evaluation protocol in this chap-

ter, the main boundary-level results are reported under WSI-level evaluation with stain

normalization.

Under WSI-level evaluation at 10× using 40 WSIs, the proposed method achieves a

Dice score of 0.78 and an IoU of 0.64. When trained on the full CAMELYON16 training

set (270 WSIs), boundary agreement further improves to 0.81 Dice and 0.68 IoU. For

transparency, the patch-split setting is also reported as a single-run reference (Dice = 0.77,

IoU = 0.63); however, it is not used to support the primary conclusions.
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Table 4.5 : Boundary-level overlap performance on the CAMELYON16 test set at

10× with stain normalization. WSI-level results correspond to the primary evalua-

tion protocol of this chapter; the patch-split row is provided as a single-run reference.

Method / Setting Dice IoU Resolution WSIs

Ours (patch-split, reference) 0.77 0.63 10× 40

Ours (WSI-level split) 0.78 0.64 10× 40

Ours (full training set) 0.81 0.68 10× 270

U-Net (weakly supervised, baseline) 0.70 0.55 10× 40

For comparison, a weakly supervised U-Net baseline, trained under identical supervi-

sion and data-splitting conditions, achieves Dice = 0.70 and IoU = 0.55. These trends

are consistent with lesion-level localization performance. However, overlap-based metrics

quantify spatial agreement only for detected regions and do not directly capture missed

lesions.

Although the proposed framework produces probability maps for metastasis likeli-

hood, explicit uncertainty quantification (UQ) is not incorporated in the current study.

This represents a limitation for high-stakes decision support, as model confidence may

not reliably reflect prediction correctness. Future work may investigate established UQ

techniques, such as Monte Carlo dropout and deep ensembles, to provide calibrated confi-

dence estimates and improve the interpretability and reliability of model outputs in clinical

decision-making scenarios.

4.6 Ablation Studies

To assess the contribution of individual architectural components, ablation studies are

conducted in which key modules are removed while the remaining training and inference

pipeline is kept unchanged. The ablations focus on the Bi-GRUs [33] in the encoder, the
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ASPP [31] module in the bottleneck, and the CBAM [173] with skip connections [132] in

the decoder/upsampling stage.

All ablation experiments are conducted under the same WSI-level validation protocol

and Macenko stain normalization described in Section 4.5.4, ensuring consistency with the

main experimental setup. The dataset follows the specification in Section 4.4.1, and all

other experimental settings are kept fixed across ablation variants to enable a controlled

comparison. Ablations are compared using AUC/FROC and Dice/IoU under the same

evaluation pipeline. The quantitative results are summarized in Table 4.6.

Table 4.6 : Ablation results obtained by removing individual modules while keeping

the training and evaluation protocol fixed under the WSI-level setting with stain

normalization.

GRUs ASPP CBAM [173]+ skip connections [132] WSI Classification (AUC, %) Region Localization (FROC, %) Dice IoU

✗ ✓ ✓ 98.36 85.67 0.760 0.615

✓ ✗ ✓ 98.05 85.38 0.752 0.606

✓ ✓ ✗ 97.88 85.12 0.740 0.592

✓ ✓ ✓ 99.00 86.20 0.780 0.640

4.6.1 The Effectiveness of the Bi-GRUs in the Encoder

In the proposed architecture, Bi-GRUs are integrated into the encoder stage following

each ResNet layer to encourage context-aware feature encoding. To evaluate the contri-

bution of Bi-GRUs [33], an ablation study was performed by removing all Bi-GRUs [33]

from the encoder. This left only the ResNet-50 backbone while keeping all other parts of

the model unchanged. Without Bi-GRUs [33], the encoder relies solely on the hierarchical

features generated by ResNet, potentially losing some spatial and contextual insights.

As shown in Table 4.6, under the same WSI-level split and stain-normalized evalua-

tion protocol, removing Bi-GRUs leads to lower AUC and FROC compared to the full

configuration. A corresponding reduction is also observed in Dice and IoU, indicating a

consistent performance decrease under identical training conditions.
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(a) (b) (c) (d) (e) (f)

Figure 4.10 : Figure 4.10: Comparison of localization results under different model

configurations. (a) Original WSI with ground truth metastasis boundaries (blue)

and selected region of interest (ROI) highlighted in green. (b) Zoomed-in ROI with

ground truth annotation. (c) Probability map generated by the proposed model.

(d)–(f) Probability maps obtained from ablated variants of the model without Bi-

GRUs, ASPP, and CBAM with skip connections, respectively, where warmer colors

indicate higher tumor likelihood.

These results suggest that incorporating Bi-GRUs provides measurable performance

benefits over the ResNet-only encoder within the evaluated framework.

4.6.2 The Effectiveness of ASPP in the Bottleneck

In the proposed architecture, ASPP [31] is a key component of the bottleneck layer,

which employs parallel atrous convolutions with varying dilation rates to capture multi-
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scale contextual information.

As shown in Table 4.6, removing ASPP under the same WSI-level split and stain-

normalized protocol results in lower AUC and FROC compared to the full configuration.

A corresponding decrease is observed in Dice and IoU, indicating reduced boundary-level

agreement under identical training conditions.

These findings suggest that ASPP contributes positively to performance within the

evaluated framework, without implying that it is uniquely necessary or optimal among all

possible multi-scale designs.

4.6.3 The Effectiveness of the CBAM [173] and skip connections [132]

CBAM [173] and skip connections [132] are critical components in the proposed ar-

chitecture, aimed at enhancing localization accuracy and boundary refinement. To assess

their effectiveness, an ablation study is performed by removing both CBAM [173] and

skip connections [132]. The dataset and experimental parameters are consistent with the

original setup to allow for a fair comparison.

As reported in Table 4.6, removing CBAM and skip connections results in lower AUC

and FROC compared to the full configuration. Dice and IoU also decrease relative to the

complete model, indicating reduced boundary-level agreement under the same evaluation

protocol.

These observations suggest that the inclusion of CBAM and skip connections con-

tributes positively to performance within the tested configuration, while remaining limited

to the empirical differences reported in Table 4.6.

In conclusion, the ablation studies indicate that each architectural component con-

tributes to the overall performance of the proposed framework under the same training

and evaluation configuration. Removing Bi-GRUs results in a consistent reduction across

AUC, FROC, Dice, and IoU, suggesting that contextual feature aggregation provides mea-

surable benefit within the encoder. Excluding ASPP leads to further degradation in both

classification and lesion localization performance, consistent with reduced multi-scale con-
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textual representation. The combined removal of CBAM and skip connections produces

the largest performance decrease among the evaluated ablation variants, particularly in

Dice and IoU, indicating reduced boundary-level agreement and spatial precision.

Overall, the quantitative results demonstrate that performance differences across vari-

ants are consistent across both lesion-level metrics (AUC/FROC) and boundary-overlap

metrics (Dice/IoU). These findings support the complementary roles of contextual mod-

eling, multi-scale aggregation, and feature refinement within the proposed architecture,

without implying that this configuration is uniquely optimal among all possible alterna-

tives.

To further illustrate these differences, Fig. 4.10 presents a visual comparison of the

predicted probability maps under different ablation settings. Probability maps are used

in this figure to better illustrate the impact of different architectural components on lo-

calization performance, as they reveal variations in prediction confidence that are not

visible in thresholded binary masks. The first column shows the full WSI with annotation

borders displayed in blue, while the zoomed Region of Interest (ROI) is highlighted in

green. The second column shows the zoomed ROI with the corresponding ground-truth

boundary. The third column presents the probability map generated by the full model.

The subsequent columns illustrate the outputs obtained after removing Bi-GRUs, ASPP,

and CBAM with skip connections, respectively.

All probability maps are visualized using an identical color scale for consistency. The

full model exhibits sharper probability gradients at lesion boundaries and more compact

activation regions. In contrast, the ablated variants display slightly broader transition

zones and increased spatial diffusion near complex boundaries.

Collectively, the visual results are consistent with the quantitative findings reported

in Table 4.6, supporting the observed differences in boundary agreement and lesion-level

detection performance.
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Table 4.7 : Ablation study of classification and regression loss weights (λclass, λreg)

under the WSI-level protocol with stain normalization. Results are reported us-

ing AUC (WSI-level detection), FROC (lesion localization), and boundary-level

Dice/IoU. Bold indicates the best-performing configuration.

λclass λreg AUC (%) FROC (%) Dice IoU Reason

1.0 0.0 98.41 84.96 0.744 0.596 Classification only.

0.9 0.1 98.58 85.21 0.752 0.604 Classification dominant.

0.7 0.3 98.79 85.74 0.764 0.618 Slight classification focus.

0.5 0.5 99.00 86.20 0.780 0.640 Balanced weighting.

0.3 0.7 98.86 85.89 0.772 0.627 Slight regression focus.

0.1 0.9 98.63 85.38 0.759 0.611 Regression dominant.

0.0 1.0 98.37 84.83 0.746 0.598 Regression only.

4.6.4 The Effectiveness of loss weightings on overall model performance

In addition, to examine the impact of loss weightings on overall model performance,

an ablation study is conducted by varying the values of λclass and λreg in the total loss

function (Eq. 4.15). All experiments were performed under the same WSI-level split and

stain normalization protocol to ensure a controlled comparison. While the classification

and regression branches serve as auxiliary tasks, their contribution plays a crucial role

in guiding the model toward effective WSI-level localization and detection. As shown

in Table 4.7, different weighting configurations were tested, and evaluated using AUC,

FROC, Dice, and IoU to assess both lesion-level and boundary-level performance.

Among the tested configurations, assigning equal weights (λclass = λreg = 0.5) yields

the strongest overall performance across the reported metrics. These findings indicate that

balanced weighting between classification and tumor-rate regression objectives is beneficial

under the evaluated training configuration.
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4.7 Performance Efficiency Evaluation

To quantify computational cost, the runtime of the proposed framework is evaluated

at both ROI and WSI levels under the same WSI-level validation and stain normalization

protocol used throughout Chapter 4.

As shown in Table 4.8, the proposed method processes a single ROI of size 2816×2816

with a stride of 32 in just 0.579 minutes using a single GPU. The ROI-level runtime is

within the range of previously reported CNN-based approaches, while preserving compet-

itive localization and classification performance.

Table 4.8 : Comparison of processing time for the proposed method and represen-

tative existing methods for processing an ROI and a full WSI under comparable

inference settings.

Team Architecture ROI Runtime (min) WSI Runtime (min)

Ours End-to-end 0.579 231.6

Pathologist N/A 0.034 13.95

Wang et al. [169] GoogLeNet 0.671 268.40

Liu et al. [102] ResNet 0.729 291.60

CULab (Chinese University Lab) VGG-16 0.979 391.60

To estimate the processing time for an average WSI, which consists of approximately

400 ROIs of size 2816 × 2816, the proposed model requires 231.6 minutes to complete

metastasis detection.

Compared with the simpler architecture presented in Chapter 3 (2.04 minutes per

WSI), the increased runtime reflects the additional architectural components introduced in

Chapter 4 for enhanced contextual modeling and boundary-level refinement. This observa-

tion highlights a trade-off between architectural complexity and computational efficiency.

While the Chapter 4 framework improves boundary-level agreement and localization ro-

bustness, it does so at the cost of increased inference latency.



152

The reported runtime provides a transparent assessment of computational require-

ments under the current implementation. Future work may explore optimization strate-

gies, such as model compression, mixed-precision inference, or region pre-screening, to

reduce inference time without altering the core methodology.

4.7.1 External Validation on an Independent Dataset

To evaluate generalization beyond the training domain, the proposed framework is

assessed on the CAMELYON17 dataset, which is used exclusively for external validation

and was not involved in model training or hyperparameter selection. The model trained on

CAMELYON16 is applied directly to CAMELYON17 without re-training or fine-tuning,

following an evaluation-only protocol.

External evaluation focuses primarily on slide-level classification performance. For

each whole-slide image (WSI), a single metastasis likelihood score is computed by aggregat-

ing tile-level predictions, and slide-level Area Under the Receiver Operating Characteristic

Curve (AUC) is reported as the primary metric. For completeness, lesion-level localization

performance is also assessed using the Free-Response Receiver Operating Characteristic

(FROC) metric, computed from detected lesion candidates in accordance with standard

CAMELYON evaluation practice [21].

Table 4.9 : Comparison of in-domain performance on CAMELYON16 and external

validation on CAMELYON17. The CAMELYON17 results reflect generalization

performance obtained without re-training or fine-tuning under the same inference

pipeline.

Dataset AUC (%) FROC (%) Resolution WSIs

CAMELYON16 (WSI-level split, k-fold) 99.0± 0.25 86.2± 0.5 10× 40

CAMELYON17 (external validation) 93.5 63.0 10× N/A

Under this external evaluation setting, a reduction in performance is observed relative
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to in-domain results on CAMELYON16. This behavior is consistent with prior CAME-

LYON studies and reflects the impact of multi-center domain shift arising from differences

in staining protocols, scanners, and acquisition conditions [14, 21]. Despite this challenge,

the proposed framework maintains strong discriminative performance, indicating robust

generalization beyond the training domain.

The quantitative comparison between in-domain evaluation on CAMELYON16 and

external validation on CAMELYON17 is summarized in Table 4.9.

4.8 Summary and Discussion

In this chapter, a weakly supervised CAD system has been introduced for simulta-

neous metastasis classification and lesion-level localization in histopathological WSIs of

breast cancer. This approach addresses key challenges associated with limited annota-

tions, computational constraints, and the complex spatial characteristics of metastatic

regions. By leveraging GRUs [33] for contextual dependency modeling, ASPP [31] for

multi-scale feature aggregation, CBAM [173] for attention-based feature refinement, and

skip connections [132] for preserving high-resolution spatial details, the proposed model

achieves effective feature representation for metastasis detection and localization. Ad-

ditionally, the application of a dual-task architecture for classification and tumor ratio

regression at the bottleneck and decoder stages enables learning without requiring pixel-

level annotations during training. This has been accomplished while utilizing only 1/6

of the annotated CAMELYON16 training dataset at a reduced 10× resolution, under a

WSI-level data split with stain normalization, improving computational efficiency.

Experimental results demonstrate strong performance under a consistent and con-

trolled evaluation protocol in both classification and lesion-level localization tasks. The

achieved AUC of 0.990 ± 0.25 and FROC score of 0.862 ± 0.5 indicate robust detection

capability across WSIs. Furthermore, overlap-based metrics (Dice and IoU) confirm im-

proved boundary-level agreement, supporting accurate delineation of metastatic regions.

Compared to previously reported CNN-based approaches, the model achieves competitive
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performance while operating within a similar range of computational cost.

External validation on the CAMELYON17 dataset further demonstrates the general-

ization capability of the proposed framework. Without re-training or fine-tuning, the

model maintains competitive classification performance despite the presence of multi-

center domain shift. This behavior is consistent with prior studies and highlights the

importance of robust feature representation under varying staining and acquisition condi-

tions.

The ablation studies indicate that contextual modeling (via GRUs), multi-scale feature

extraction (via ASPP), and feature refinement (via CBAM and skip connections) provide

complementary contributions to both lesion detection and boundary-level agreement under

a consistent WSI-level evaluation protocol.

Despite its strengths, certain aspects of the model can be further improved. The in-

creased architectural complexity introduces higher computational cost compared to sim-

pler models, reflecting a trade-off between performance and efficiency. In addition, al-

though the model demonstrates good generalization on CAMELYON17, further evaluation

on larger and more diverse datasets is required to fully assess robustness across domains.

While the use of 10× magnification significantly improves computational efficiency and

enables scalable WSI processing, it inherently limits the availability of fine-grained cyto-

logical details. High-magnification views (e.g., 20×–40×) provide additional cellular and

nuclear information that can be important for certain diagnostic tasks, as widely discussed

in computational pathology literature [101, 86]. As a result, the proposed framework may

exhibit reduced sensitivity to very small or low-contrast tumor regions. This reflects a

trade-off between efficiency and diagnostic detail, where the current design prioritizes

large-scale screening performance.

Future work will focus on addressing these limitations by exploring multi-scale or hi-

erarchical approaches to integrate complementary information across magnification levels.

In addition, improving computational efficiency through model compression and efficient

inference schemes, as well as extending the framework to multi-class classification and can-
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cer grading and investigating self-supervised or semi-supervised learning strategies, may

further enhance performance under limited annotation settings.

In conclusion, the proposed CAD system provides a balanced approach to metastasis

classification and localization in WSIs under controlled evaluation conditions, combin-

ing contextual modeling, multi-scale representation, and attention mechanisms within a

weakly supervised setting.
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Chapter 5

Summary and Conclusion

Breast cancer remains a critical global health issue, ranking among the most prevalent and

fatal diseases affecting women. Early detection and accurate diagnosis are essential for

improving patient outcomes, particularly through the identification of metastatic regions,

which significantly influence prognosis and treatment decisions. This thesis addresses key

challenges in breast cancer histopathology analysis by developing deep learning–based

CAD systems for metastasis detection and localization within WSIs. While WSIs pro-

vide rich phenotypic information, their large size and the high cost of annotation present

significant challenges for practical deployment. The proposed methods aim to balance

diagnostic performance with computational efficiency under limited annotation settings.

This research began with a comprehensive review of influential studies published be-

tween 2016 and 2024, covering deep learning applications in breast cancer histopathology.

The reviewed works were broadly categorized into classification models and detection,

localization, and segmentation approaches, with a particular focus on metastasis anal-

ysis in whole-slide images (WSIs). In addition, recent advances in foundation models

and sequence-based architectures for WSI analysis were discussed, highlighting emerging

trends toward large-scale representation learning and improved contextual modeling in

computational pathology.

The first framework (Chapter 3) presents an efficient end-to-end architecture for simul-

taneous WSI classification and lesion-level localization using weak supervision. It operates

at a reduced resolution (10×) and avoids the need for pixel-level annotations during train-

ing by combining classification and tumor-ratio regression objectives. This design enables

computational efficiency and reduced annotation requirements while maintaining compet-

itive performance.
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The second framework (Chapter 4) extends this approach by incorporating additional

architectural components to improve contextual modeling and boundary-level agreement.

Specifically, bidirectional GRUs are integrated to capture long-range dependencies, ASPP

is used for multi-scale feature aggregation, and CBAM with skip connections enhances

feature refinement and spatial detail preservation. In addition, a more rigorous evaluation

protocol is adopted, including WSI-level k-fold cross-validation and stain normalization,

to ensure a leakage-resistant and statistically robust assessment.

A comparative analysis of the two frameworks reveals a clear trade-off between effi-

ciency and representational capacity. The Chapter 3 model provides a computationally

efficient baseline with strong performance under weak supervision, while the Chapter 4

model achieves improved localization accuracy and boundary-level agreement (as reflected

by Dice and IoU metrics, which quantify segmentation overlap) through enhanced con-

textual and multi-scale modeling. However, these improvements are accompanied by in-

creased computational cost. This comparison highlights the complementary strengths of

the two approaches: the first emphasizes efficiency and simplicity, while the second focuses

on improved spatial precision and robustness under stricter evaluation conditions.

Experimental results, when evaluated under WSI-level protocols, demonstrate that

both frameworks achieve competitive performance in metastasis detection and localiza-

tion tasks. The results indicate that CNN-based architectures, when carefully designed

and evaluated under controlled conditions, can provide strong and competitive baselines

for weakly supervised whole-slide image analysis. However, rather than claiming state-

of-the-art performance, the findings position the proposed methods within the broader

landscape of existing approaches, emphasizing their effectiveness under constrained data

and computational settings.

Despite these contributions, several limitations remain. The enhanced architecture in

Chapter 4 introduces increased computational overhead, highlighting a trade-off between

accuracy and efficiency. Furthermore, while external validation experiments demonstrate

reasonable generalization, performance degradation under domain shift indicates that ro-
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bustness across diverse clinical settings remains an open challenge. Additionally, the

weakly supervised nature of the framework limits the availability of precise pixel-level

supervision during training, which may affect boundary accuracy in complex cases. In

addition, the use of 10× magnification improves computational efficiency but introduces a

trade-off with fine-grained diagnostic detail. This may limit sensitivity to small or subtle

metastatic regions that typically require higher magnification (e.g., 20×–40×) for reliable

identification.

Future work should focus on several key directions. First, a critical next step is

to benchmark the proposed frameworks against modern architectures, including Vision

Transformer (ViT)-based models and state-space models such as Mamba-based approaches,

under the same controlled evaluation settings. This will provide a clearer understanding

of the relative performance of CNN-based models in the current research landscape.

Second, a more rigorous error analysis should be conducted to better understand model

limitations. This includes systematically collecting false positive and false negative predic-

tions at both patch and WSI levels, clustering failure cases based on visual characteristics,

and analyzing them in collaboration with domain experts. Such analysis can reveal com-

mon failure modes, such as sensitivity to staining artifacts or complex tissue structures,

and guide targeted model improvements.

Third, future research should explore multimodal data integration, combining histopathol-

ogy images with complementary information such as pathology reports, genomic data, or

other clinical variables. This direction aligns with emerging trends in precision medicine

and has the potential to improve diagnostic and prognostic performance beyond image-

only models.

Additional directions include improving computational efficiency through model com-

pression and optimized inference strategies, as well as extending the framework to multi-

class classification and cancer grading tasks under weak supervision.

Another important direction for future work is uncertainty quantification (UQ) for

model predictions. While the proposed frameworks produce probability maps that indicate
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metastasis likelihood, these scores are not explicitly calibrated and may not reliably reflect

predictive confidence. In high-stakes medical applications, it is critical to distinguish

between confident and uncertain predictions to support safe and informed decision-making.

Future research will investigate established UQ techniques, such as Monte Carlo dropout

and deep ensembles, to estimate prediction uncertainty and improve the reliability and

interpretability of model outputs.

In conclusion, this thesis presents two CNN-based frameworks for weakly supervised

metastasis detection in whole-slide histopathology images. By balancing efficiency, contex-

tual modeling, and evaluation rigor, the proposed approaches demonstrate strong perfor-

mance under constrained settings and provide a foundation for further research in compu-

tational pathology. These contributions highlight the potential of carefully designed deep

learning systems to support and enhance histopathology analysis, while also identifying

key challenges and opportunities for future work.



160

Bibliography

[1] “Breast cancer imaging,” http://www.aboutcancer.com/breast cancer imaging.

htm, 2018, accessed: 10 March 2020.

[2] A. H. Abdulaal, M. Valizadeh, M. C. Amirani, and A. S. Shah, “A self-learning

deep neural network for classification of breast histopathological images,” Biomedical

Signal Processing and Control, vol. 87, p. 105418, 2024.

[3] U. R. Acharya, W. L. Ng, K. Rahmat, V. K. Sudarshan, J. E. Koh, J. H. Tan,

Y. Hagiwara, A. Gertych, F. Fadzli, C. H. Yeong et al., “Shear wave elastography

for characterization of breast lesions: Shearlet transform and local binary pattern

histogram techniques,” Computers in Biology and Medicine, vol. 91, pp. 13–20, 2017.

[4] D. Addo, S. Zhou, K. Sarpong, O. T. Nartey, M. A. Abdullah, C. C. Ukwuoma, and

M. A. Al-antari, “A hybrid lightweight breast cancer classification framework using

the histopathological images,” Biocybernetics and Biomedical Engineering, vol. 44,

no. 1, pp. 31–54, 2024.

[5] W. Al-Dhabyani, M. Gomaa, H. Khaled, and A. Fahmy, “Dataset of breast ultra-

sound images,” Data in brief, vol. 28, p. 104863, 2020.

[6] I. Andersson, D. M. Ikeda, S. Zackrisson, M. Ruschin, T. Svahn, P. Timberg, and

A. Tingberg, “Breast tomosynthesis and digital mammography: a comparison of

breast cancer visibility and birads classification in a population of cancers with

subtle mammographic findings,” European radiology, vol. 18, pp. 2817–2825, 2008.

[7] N. Antropova, H. Abe, and M. L. Giger, “Use of clinical mri maximum intensity

projections for improved breast lesion classification with deep convolutional neural

networks,” Journal of Medical Imaging, vol. 5, no. 1, pp. 014 503–014 503, 2018.

http://www.aboutcancer.com/breast_cancer_imaging.htm
http://www.aboutcancer.com/breast_cancer_imaging.htm


161
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