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Abstract

Histopathology is a cornerstone of disease diagnosis and treatment, traditionally
relying on manually assessing tissue specimens under a microscope. However, the
advent of slide scanners to produce digital tissue representations, so-called whole-
slide images (WSI), has enabled computational pathology to perform quantitative
and automated tissue analysis. Current developments in Artificial Intelligence,
particularly Deep Learning, have accelerated the progress in this field.

This thesis proposes a comprehensive Deep Learning pipeline for quantitative
histopathological image analysis, integrating WSI preprocessing, algorithm de-
velopment for tissue and cell-level segmentation, and clinical application in an
end-to-end workflow. The approach not only improves the quantitative evaluation
of WSI but also extracts diagnostic and prognostic markers while automatically
characterizing tissue dynamics through morphological tissue features.

Segmenting entire tissue sections into classes like tumorous or non-tumorous re-
quires the consideration of global tissue patterns as well as local cell morphologies.
Following this, we introduce the Memory Attention Framework that can be incorpo-
rated into any encoder-decoder segmentation architecture. This framework enables
the adaptive incorporation of tissue context during fine-grained local segmentation.
The method was evaluated on two public datasets (breast, liver) and an internal
kidney cancer dataset, demonstrating superiority over non-context and multiscale
segmentation approaches. Notably, the approach reduced the number of false-
positive tumor regions. Building on this, we applied the framework to a pancreatic
cancer cohort consisting of 400 internal and 182 external patients to quantify the
tumor microenvironment and correlate it with patient outcomes. In doing so, we
were able to stratify patients into two risk groups based on tissue composition and
spatial tumor-stroma distribution, which showed significant (p < 0.05) differences
in their survival probabilities.

Next to tissue analysis, segmentation on the cellular level is crucial to uncover
the cellular composition of tissue samples. While convolutional neural networks
have been extensively used for this task, we evaluate the capabilities of Transformer-
based networks and incorporate so-called foundation models to improve accuracy
compared to existing solutions. The proposed CellViT and CellViT*™ models have
proven to achieve State-of-the-Art results on several benchmark datasets, covering a
broad spectrum of tissue types and cell classes, bringing cell segmentation solutions
closer to clinical practice. The models require minimal data for fine-tuning and
exhibit remarkable zero-shot cell segmentation quality. This capability allows for a
considerably faster adaptation to new research hypotheses without the need for
extensive development time.

In summary, this work presents Deep Learning techniques for quantifying tissue
at both the macro and micro levels, enhancing diagnostic workflows, and identifying
prognostic markers.






Kurzzusammenfassung

Die Histopathologie ist ein wichtiger Bestandteil der Diagnose und Behandlung
von Krankheiten und basiert traditionell auf der manuellen Beurteilung von Gewe-
beproben. Mit der Entwicklung von Whole-Slide-Images (WSI) und Deep Learning-
Techniken konnen automatisierte und quantitative Gewebeanalysen durchgefiihrt
werden.

In dieser Arbeit wird eine umfassende Deep Learning-Pipeline fiir die quantita-
tive histopathologische Bildanalyse vorgeschlagen, die von der Datenverarbeitung
der WSI iiber die Entwicklung von Algorithmen fiir die Segmentierung auf Gewebe-
und Zellebene bis hin zur klinischen Anwendung in einem End-to-End-Workflow
reicht. Der Ansatz verbessert nicht nur die quantitative Auswertung von WSI, son-
dern extrahiert auch diagnostische und prognostische Marker und charakterisiert
automatisch die Gewebedynamik durch morphologische Gewebemerkmale.

Bei der Segmentierung von Gewebeschnitten in Entititen wie tumords oder
nicht-tumords miissen sowohl globale Gewebemuster als auch lokale Zellmorpholo-
gien berticksichtigt werden. In dieser Arbeit stellen wir das Memory Attention
Framework vor, welches die adaptive Einbeziehung des Gewebekontexts wahrend
der feingranularen lokalen Segmentierung ermoglicht. Die Methode wurde auf
zwei Offentlichen Datensdtzen (Brust, Leber) und einem internen Nierenkarzinom-
datensatz evaluiert, wobei eine Verbesserung gegeniiber existierenden Segmen-
tierungsansédtzen nachgewiesen werden konnte. Insbesondere konnte die Zahl der
falsch-positiven Tumorregionen reduziert werden. Darauf aufbauend haben wir
die Methode auf einer Kohorte von 400 internen und 182 externen Patienten mit
Pankreaskarzinomen angewandt, um die Mikroumgebung des Tumors zu quan-
tifizieren und mit der Uberlenszeit der Patienten zu korrelieren. Auf diese Weise
konnten wir die Patienten anhand der Gewebezusammensetzung und der raum-
lichen Tumor-Stroma-Verteilung in zwei Risikogruppen einteilen, die signifikante
Unterschiede (p < 0.05) in ihrer Uberlebenswahrscheinlichkeit aufwiesen.

Neben der Gewebesegmentierung ist auch die Segmentierung auf zelluldrer
Ebene notwendig, um die Gewebezusammensetzung auch auf mikroskopischer
Ebene zu analysieren. Die vorgeschlagenen Modelle CellViT und CellViT"" konnten
zeigen, dass sie auf mehreren Benchmark-Datensédtzen, die ein breites Spektrum
von Gewebetypen und Zellklassen abdecken, herrausragende Ergebnisse erzielen.
Sie erfordern nur minimale Datenmengen fiir die Anpassung an neue Zellklassen.
Diese Fahigkeit ermoglich eine wesentlich schnelle Anpassung des Netzwerkes an
neue Taxonomien.

Zusammenfassend zeigt diese Arbeit das Potenzial von Deep-Learning-Techniken
zur Quantifizierung von Gewebe sowohl auf Makro- als auch auf Mikroebene, um
diagnostische Arbeitsabldufe zu verbessern und prognostische Marker zu identi-
fizieren.
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Introduction

In this thesis, we propose methods for the quantification of
histopathological images in order to support pathologists in
their diagnostic workflows and predictive analyses. To achieve
this, both macro (tissue) and micro-level (cell) segmentations
are necessary, requiring the adaptation of computer vision
algorithms into digital pathology. In particular, we propose
a new preprocessing pipeline (1) and review tissue (2) and
cell (3) segmentation techniques. As many of the recent seg-
mentation methods require extensively annotated datasets, we
concentrate on data-efficient fine-tuning for our cell segmen-
tation models (4). We provide algorithms that quantitatively
assess histopathological images.

1.1 Modern Histopathology: From Microscopy to Al

1.1.1 Pathology as a Cornerstone of Medical Diagnostics

Medicine, as defined by the Cambridge dictionary, “is the science dealing with the
preserving of health and with preventing and treating disease or injury” [27]. One
of the cornerstones of modern medicine is pathology, particularly histopathology.
The term pathology originates from the Greek words pathos (suffering) and logos
(study) [195, p. 1]. Pathology investigates structural and functional abnormalities
in organs, tissues, and cells that arise in response to disease. Historically, the field
was primarily an autopsy-based retrospective discipline [195, p. 5]. This changed
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in the late 19th century by Rudolf Virchow, who established the so-called “modern
pathology” with the introduction of microscopic tissue analysis, now referred to as
histopathology (histos = tissue) [94, 195]. Histopathology is widely considered
the gold standard for diagnosing the presence, type, and progression of several
diseases. Through the systematic examination of tissues and cellular structures,
pathologists provide insights that guide clinical decisions and treatment strategies
for a range of conditions, including cancer, infections, autoimmune diseases, genetic
disorders, neurodegenerative diseases, cardiovascular diseases, and even transplant
rejection [116]. Diagnostic findings are derived primarily from the visual obser-
vation and interpretation of patterns of the specimens [152]. Pathologists address
questions such as:

Does this biopsy have any signs of tumor cells?

What is the histopathological classification of the tumor identified?
Are there any pathological changes in this tissue sample

indicative of autoimmune diseases?

Considering the patient’s increased infection markers,

does this tissue sample show any histological evidence of an infection?

Looking at some statistics, the importance of pathology becomes more pronounced:
In 2006, the National Health Service in England reported that 70% of all medical
diagnoses involved consultations with pathologists [35, 203]. Approximately 20
million slides are examined annually in the United Kingdom (UK), with demand
increasing at an estimated rate of 4.5% per year between 2007 and 2023 [25]. Simi-
larly, in Germany, approximately 1,000 slides per day are processed in an average
pathology department [216, p. 30].

In contrast to the increasing number of diagnostic inquiries and the demand for
more comprehensive diagnoses, first analyses indicate an emerging staff shortage
within pathology departments [152]. In Germany, pathologists are among the oldest
medical specialists [216, p. 25], and in the UK, about 19% of histopathologists will
retire in the next 5 years [261], contradictory to the predicted increase of 45% needed
by 2029 to handle the growing demand [86, p. 11]. Without the implementation of
countermeasures, including the integration of digitization, the quality of care will
decline in the next few years [203].

1.1.2 Impact of Digitization on Medical Imaging

Currently, the routine pathology workflow is still based on manual tissue processing
steps with a microscopy-based diagnosis. The introduction of tissue scanners in the
last decade has enabled the creation of a digital representation of the tissue sample,
referred to as whole-slide image (WSI) [297]. In 2017, the first FDA-approved
scanner was introduced, with FDA clearance based on a study demonstrating that
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Examples of some med-
ical imaging domains in which DL
has achieved human-like performance.
Adapted from [171]

diagnoses derived from digital images were consistent with those from microscopy-
based evaluation [77, 201, 213]. Together with advances in computer vision (CV)
and information technology, as well as hardware developments, including afford-
able storage solutions and processing units, the field of histopathology is now under-
going a digital transformation, which fosters computational pathology (CPath) [206,
248]. In parallel, milestones in artificial intelligence (Al), particularly Deep Learn-
ing (DL), significantly improved the algorithmic evaluation of medical imaging
data [206] (examples in Figure 1.1).

Radiology exemplifies the possible influence of digital transformation in medical
imaging. Due to the digital nature of radiology, with digital imaging techniques such
as ultrasound (US), magnetic resonance imaging (MRI), computed tomography
(CT), and X-rays, a large number of algorithms have been developed. Several
tools are already available for research and routine clinical use [15, 108, 113, 128,
276]. Such applications include segmentation of anatomical structures and body
composition in CT images [108, 276], or of brain tumors in MRI images [106,
180]. According to an analysis in 2023, a total of 190 Al-based tools had been
approved for chest radiology by 2022 [192]. Caused by several reasons, including
the late introduction of WSI scanners (2017 [77] versus the first CT scanner in
1973 [63]) and the inherent complexity of the data, the adoption of DL algorithms
in pathology is lacking behind radiology. Pathological images are significantly
larger than radiological images, miss anatomical orientation, encompass multiscale
information at both the tissue and cell level, and are typically stained with various
techniques, including hematoxylin and eosin (H&E) or immunohistochemical
(IHC) stainings [70, 206]. The H&E stain is considered the workhorse of pathology.
To highlight the difference in size and information density, Figure 1.2a presents a
size comparison between a WSI and a 3D chest CT image [70].
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1.1.3 Opportunities of Digital Pathology

Despite these challenges, the potential of DL in pathology is significant and has
already been demonstrated in various works [70, 248]. The field of application
includes both basic image analysis tasks, including tumor detection and tumor
subtyping [29, 176], as well as more advanced applications such as survival time
analysis [82, 139, 288 ], treatment response prediction [118, 161], biomarker explo-
ration [72, 73, 104], and detection of genetic alterations [138]. Many of these Al
applications are based on classification networks that predict clinical endpoints from
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Figure 1.2: Overview of histopathological data processing.

a) Size comparison between a digitized tissue specimen vs. a 3D chest CT (illustrated as flattened 2D
image) [70]. b) Processing pipeline for classification tasks with optional heatmaps. ¢) Processing
pipeline for segmentation tasks with exemplary downstream applications. Created with [57].
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tissue morphology in an end-to-end setting. For example, Campanella et al. [29]
demonstrated that their DL-based algorithms for cancer classification in prostate
cancer, basal cell carcinoma, and breast cancer achieved clinical-grade performance.
Their algorithms enabled pathologists to exclude 65 — 75% of slides without cancer
while maintaining 100% sensitivity [29]. This illustrates the potential of CPath to
improve workflow efficiency, an essential factor in the context of the contrasting
trends of decreasing workforce and an increasing workload [83]. An example of an
end-to-end pipeline for WSI classification is shown in Figure 1.2b.

However, DL-based classification algorithms have a significant limitation: their
lack of explainability (xAI) and the inherent black-box nature [79, 152, 248]. This
poses two key challenges: first, we are unable to fully understand “what the algo-
rithm learns”, and second, it complicates the discovery of new biomarkers because
the results cannot be mapped back to biological processes. Although external vali-
dation may be sufficient for clinical applicability in tasks such as tumor detection
or subtyping, the trust issue remains from the clinician’s perspective. During my
research at the University Hospital Essen, I frequently encountered critical ques-
tions from clinicians about the explainability of these models. Either they wanted
to understand how the algorithm derived its decision, or there was a lack of visual
feedback. My subjective observations are also supported by several studies that
highlight the need for XAl in the context of histopathology [19, 26, 78, 79, 133, 221].
Although attention-based networks [123, 176] exhibit a kind of interpretability by
highlighting regions of interest (Figure 1.2b), they only provide coarse heatmaps
at a macroscopic level, and in-depth analysis is still needed [133].

Next to classification algorithms, segmentation algorithms are important in
CPath. During the segmentation process, the WSl is divided into different com-
ponents. At the macroscopic tissue level, this includes the detection of tissue
compartments such as tumor or stromal areas [248]. The microscopic tissue level
includes nuclei or glands, as illustrated in Figure 1.2c [248]. Segmentation is help-
ful for clinical decision-making by objectively and quantitatively measuring tissue
composition and cellular entities, accessing morphological information, and corre-
lating them with clinical endpoints such as diagnosis or response information [248].
Exemplary, Sun et al. [252] have shown that segmentation networks can be used
to standardize the assessment of tumor-infiltrating lymphocytes (TILs) [4, 236],
a prognostic and predictive biomarker in breast cancer. Geessink et al. [85] auto-
matically evaluated the tumor-stroma ratio as an independent prognostic factor
in colorectal cancer using DL-based segmentation networks. These tasks would
not be feasible for pathologists on a large scale due to their time-consuming nature
and high degree of intra- and inter-observer variability [119]. In addition to pro-
viding prognostic information about cell and tissue distributions within samples,
segmentation algorithms can also be used for downstream algorithms such as cell
graphs [37, 178, 218] or tissue graphs [160, 226]. Compared to classification algo-
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rithms, segmentation networks offer the advantage of being directly connected to
pathological knowledge and morphologies. When combined with attention-based
classification methods, segmentation algorithms enable the objective quantification
of established biomarkers and the discovery of unknown biomarkers by quanti-
fying high-impact regions [152]. This represents an important step towards xAI
(Figures 1.2b and 1.2¢).

Although many algorithms have been proposed for WSI segmentation, we
observe a lack of domain-specific solutions. Either CV algorithms are adapted for a
specific use case (isolated solutions), which means that current developments in the
CV field are integrated with a delay, or the domain-specific properties of WSI (high
resolutions, information density) are not taken into account. In addition, these
solutions are mainly based on manually annotated datasets, for which pathologists
have to create ground truth tissue segmentations. Creating annotations is time-
consuming and costly, a factor that should not be underestimated given the current
staff shortage (Section 1.1.1) [248].

1.1.4 Problem Statement

When reviewing the previous subsections (1.1.1-1.1.3), the current challenges in
(digital) pathology can be summarized into the following key issues:

Staff shortages necessitate digitization: The shortage of pathologists makes digi-
tal transformation vital. This has multiple downstream effects, including the
need to re-design workflows and enable automation using Al.

Limitations of classification networks: Although classification algorithms have
the potential to significantly reduce workload by automating workflows, criti-
cal gaps remain. Clinical validation is still lacking, and the absence of thorough
research on algorithm explainability limits its clinical translation (spurious
correlations, biomarker discovery).

Segmentation algorithms are underdeveloped: Segmentation algorithms offer op-
portunities to compute quantifiable parameters and shed light on the tissue
composition. Still, their development lags behind advancements in CV and
holistic frameworks are missing, such as the nnUNet [128] for radiology.

Reliance on expert-level annotations: The training of supervised algorithms de-
pends on large annotated datasets. These datasets are difficult to obtain and
requires pathologists.

In our work, we focus on the challenge of segmenting tissue structures and
cells in WSI to automate pathology tasks, e.g., cell counting, improve algorithm
interpretability, and support pathologists” hypothesis testing. The aim is to develop
holistic quantitative analysis methods while addressing the current research gap
between CV and CPath. This involves creating a preprocessing pipeline and design-
ing algorithms that utilize the multiscale structure of WSIs.
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To put it simply, rather than answering the typical qualitative questions about
what can be seen in a tissue sample as given in Section 1.1.1, our aim is to answer
more precise, quantitative questions like:

How many tumor cells are present in this sample?

What is the ratio of lymphocytes to tumor cells in this sample?
How does the distribution of the tumor microenvironment
compare with the total tumor amount?

1.2 Thesis Roadmap and Contributions

This dissertation focuses on semantic and instance segmentation algorithms for
digital pathology. Based on the current research gap discussed in Chapter 2, we
initially introduce a preprocessing framework to deal with digital pathology data
(Chapter 3). Starting from a high-level tissue perspective, we propose a tissue seg-
mentation framework in Chapter 4, that efficiently takes the multiscale information
of WSI into account to improve segmentation quality and consider tissue context
within a specimen. Moving forward to higher resolutions, we introduce a new DL
network architecture for cell instance segmentation (Chapter 5). Considering the
lack of extensively annotated ground truth segmentation datasets, we extend our
cell segmentation network to build an entire framework which can deal with lim-
ited annotated data (few-shot), is easy to use, and requires minimal computational
resources. Finally, we set our solutions into a broader context in Chapter 6 and
discuss potential future directions in Chapter 7.

A Comprehensive Framework for Whole-Slide Image Preprocessing

Digital image data in pathology is stored in pyramid images, consisting of tiled
images with increasing resolution on different levels. Processing these images is
nontrivial since the file format is not standardized yet and different DL algorithm
requirements have to be considered. In this Chapter (Chapter 3), we present a
preprocessing pipeline for CPath. We focus on (1) interoperability and (2) process-
ing speed. Our goal is to provide a preprocessing library compatible with various
proprietary and open-source file formats. The functionality should be agnostic to
the subsequent DL algorithm. We want to provide a pipeline for both classification
and segmentation algorithms. Due to the large file size of WSIs and the resulting
slow processing time of existing solutions, we prioritized processing speed during
development. This work was presented at the BVM Conference 2024 [117].

Whole Tissue Segmentation

To answer questions like “How does the distribution of the tumor microenvironment
compare with the total tumor amount?”, a tissue segmentation algorithm is required.
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Due to hardware constraints, an entire WSI cannot be processed contiguously.
The standard procedure relies on segmenting small regions of the WSI and then
reassembling the results during postprocessing. In Chapter 4, we explore how
the surrounding tissue context can be taken into account when segmenting only
parts of a specimen. Our method, which we call “Valuing Vicinity”, is inspired how
pathologists analyze a tissue sample (zooming out and considering the surrounding
tissue context). The method is designed to be integrated into any encoder-decoder
segmentation network to ensure that new network architectures and developments
in the CV field can be quickly translated. This work was published in Computerized
Medical Imaging and Graphics in 2023 [76].

Enhancing Cell-Level Analysis: CellViT and Beyond

Inspired by the work of Chen et al. [44 ], who introduced a self-supervised trained Vi-
sion Transformer that learned cell representations, we propose a Vision Transformer-
based architecture for instance-level cell segmentation, called CellViT (Chapter 5.2).
We demonstrate that CellViT achieves state-of-the-art (SOTA) performance on
the challenging pan-cancer PanNuke [84] dataset. Based on this, we extend Cel-
1ViT into a comprehensive framework for cell segmentation in H&E-stained tissue
samples (Chapter 5.3). The enhanced framework, CellViT*", enables data-efficient
fine-tuning for new cell classes, offers faster performance compared to CellViT, and
can be trained on limited hardware. The initial version of CellViT was published in
Medical Image Analysis in 2024 [119], while CellViT™" is currently under review and
published as a preprint [116].

10



Background and Related
Works

The methods proposed in this thesis fall into the intersection of
computer vision and Artificial Intelligence. Following an intro-
duction to the digital pathology workflow in Section 2.1, which
covers sample acquisition, WSI structure, and file formats, we
provide a concise overview of Deep Learning (Section 2.2).
Although classification algorithms have already been intro-
duced as a component of computational pathology pipelines,
this thesis focuses on segmentation algorithms for tissue and
nuclei, with background information given in Section 2.3. In
addition, we explore the emergence of foundation models and
their relevance to the field in Section 2.4.

2.1 The Digital Pathology Workflow

2.1.1 Whole-Slide Image Acquisition

The traditional pathology workflow as shown in Figure 2.1a involves a series of
manual preparation steps, starting from tissue acquisition to the final diagnosis.
First, a tissue sample must be acquired by biopsy or surgical resection [233]. The
tissue is then cut and fixed to ensure that the structure is preserved over time [233].
This step includes fixing the tissue with formalin, dehydrating the tissue in ethanol
to remove fluids, and lastly embedding the tissue in paraffin. The entire preparation

11
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can take between 6-24 hours [103, 233]. In urgent cases, the tissue may also be
frozen. Subsequently, the prepared tissue block is cut into 4 um to 5 pm thick slices
and placed on glass slides [103]. The tissue on the glass slide is then stained to
increase the contrast or mark specific molecules like antibodies. Standard staining
consists of hematoxylin and eosin (H&E). Hematoxylin stains basophilic structures,
such as DNA in cell nuclei, RNA, and ribosomes, in a blue-violet hue [103]. Eosin
stains acidophilic structures, such as the cytoplasm, in pink or red tones [103].
Combining these stainings results in color differentiation between cellular struc-
tures and the cytoplasm. An alternative to this is immunohistochemical staining
(IHC), which is used to label proteins or antigens through the interaction of anti-
gens with antibodies [135, p.3]. Examples include KI67 for the detection of cell
proliferation, commonly applied in breast tumor diagnostics [296], and CD31 to
visualize platelets, leukocytes, and endothelial cells [58, 257]. In the upper part of
Figure 2.1a, an H&E and CD31 stained tissue sample is presented. Despite these ad-
vanced staining techniques, H&E remains the gold standard for diagnosis. The final
slides are reviewed by a pathologist using a microscope. These microscopes usually
offer a magnification of X400 (using x40 objective lens and Xx10 eyepiece) [202].
When referring to magnification, only the objective lens magnification is usually
stated.

In comparison, the digital pathology workflow, shown in Figure 2.1b, consists
of the same processing steps, with the addition of a scanning step to generate WSI.
Scanners create high-resolution digital representations of tissue sections, often

12
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exceeding a billion pixels (gigapixel scale). The evaluation of digital tissue samples
can be performed directly on a computer monitor [297]. Digital pathology also
enables functionalities such as algorithmic analysis, telepathology, rapid slide
archiving, standardized education using reference WSI, or virtual second opinion
consultations [16, 152, 206, 297]. Unlike physical slides that require shipping,
WSIs can be shared over the internet (Figure 2.1). These digital images, however,
present unique challenges regarding data formats and processing, as discussed in
the following Sections 2.1.2-2.1.4.

2.1.2 Image Pyramids

Assuming a typical tissue size of 20 X 15 mm and a scanner that scans with a res-
olution of 0.25 pm/px, the scanned image would have a resolution of 80,000 X
60,000 px [202]. With an encoding of 8 bits per color channel and three color chan-
nels (red, green, blue = RGB), the file size would be 1.152x 10! bit ~ 14.4 GB [202].
Under a microscope, a pathologist examines the tissue at different magnifications
and field of view by zooming and moving the tissue in the x- and y-directions [202].
Replicating this behavior with a digital tissue scan involves two key challenges.
(1) At low magnification levels, a large area of the tissue scan can be viewed at
reduced resolution, allowing visualization of the tissue topology. However, since
computer monitors have limited spatial resolution, e.g., 1,920 x 1,080 px, displaying
the scan requires loading and downscaling the entire image. This is both compu-
tationally expensive and time-consuming [202]. (2) At high magnification levels,
another property comes into place, as only a small part of the entire WSI can be
displayed [202]. Continuing with the example above, only a 1,920 X 1,080 px section
of the entire 80,000 x 60,000 px image would be displayed.

As a result, the so-called pyramid image format is used to save these images.
An example of a WSI stored as an image pyramid is shown in Figure 2.2. In this
format, the image is saved at multiple magnification levels [202]. Each pyramid
layer represents a different magnification of the scanned tissue such that only the
appropriate pyramid layer must be loaded during visualization [248]. Additionally,
each layer is divided into tiles (tiled representation). Due to this, only tiles from
the currently visible image section must be loaded when viewing and not the entire
pyramid layer [202]. Although this is counterproductive in terms of file sizes, it
reduces the loading and processing time when viewing the images [202, 248]. The
file size is reduced by applying compression algorithms such as JPEG or JPEG2000
to the individual tiles [22]. In our daily work, depending on the tissue amount on
the glass slide, typical WSI file sizes range between 1 and 3 GB.

2.1.3 File Formats and Standardization

In radiology, the introduction of DICOM (Digital Imaging and Communication in
Medicine) introduced a vendor-agnostic standard for image file formats [193].The
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Figure 2.2: WSI pyramid consisting of three layers with increasing size. Each layer is tiled
into smaller patches. Adapted from [22].

standard encompasses the definition of an image file format, including metadata,
and the specification of a network protocol for data exchange [114, 193]. Almost
all radiology vendors support it, but it has also been adopted in other medical
fields [193]. In pathology, although the DICOM working group 26 has already
defined a standard and provided implementation guidelines for WSI [202, 253 ],
the discussion between pathologists and vendors about its implementation is still
ongoing [114]. Moreover, the standard must be integrated into WSI scanners
to support DICOM files and across all technical systems within the pathology
department. Of course, this includes the pathological information system as a key
component. Proprietary file formats still dominate the market, and widespread
implementation of the DICOM standard has not yet been achieved [114, 198]. This
situation presents challenges for WSI processing and its integration into clinical
workflows.

Vendor-Formats Many WSI scanner manufacturers have developed proprietary
file formats tailored to their specific systems [198]. Examples include 3DHIS-
TECH with the .mrxs format, Leica with . svs, Olympus with .vsi, Ventana with
.bif, Zeiss with .czi, and Hamamatsu using multiple formats such as .vms, . vmu,
and .ndpi [90, 198]. Some of these proprietary formats, e.g., .svs, rely on the
TIFF (.tiff) structure, extended by vendor-specific metadata fields and file ex-
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tensions [210]. However, exact specifications must be requested directly from the
respective manufacturer, as for Leica defined in their standard [158]. As explained
in Section 2.1.2, these formats generally organize image data as a pyramid within a
single file [158, 210], with each layer consisting of multiple tiles [210]. However,
not all WSI formats are based on TIFF (e.g., Zeiss’s .czi format). Furthermore,
manufacturers differ in whether a WSI is stored as a single file, as is typical for
TIFF-based formats, or as multiple files per WSI. For example, 3DHISTECH (.mrxs)
stores each pyramid layer in a separate file within a directory [251].

For processing these WSI in proprietary formats, OpenSlide [91] is a widely
used framework. However, it does not support all file formats, and crucial metadata
relevant to the clinical context may remain inaccessible [114]. In general, the
number of proprietary formats poses a challenge for interoperability, carries a risk
of vendor lock-ins, and hinders the integration of digital solutions into the clinical
workflow [114]. Thus, a standardized data format is needed for computational
pathology, such as DICOM [114].

DICOM Developed by working group 26 in 2010, the DICOM Supplement 145
defines the DICOM standardization for digital pathology. It outlines how WSI
should be structured as image pyramids, defines the access patterns of tiled images
as multi-frame objects, and communication protocols for storage [246, 253 ]. Despite
its potential, the standard leaves room for interpretation, leading to variability in
implementations [246]. Due to this, accompanied by technical hurdles, the adoption
of the standard has been slow. The Leica GT450DX scanner is the first scanner to
store images in DICOM format directly and is FDA approved for digital diagnosis
since 2024 [244], 7 years after the first FDA-approved scanner by Philips [77].

Despite the development and FDA approval of the first solutions supporting
DICOM, hospitals face the challenge of a heterogeneous IT landscape. As IT sys-
tems evolve over time, they require DICOM integration, and previously purchased
scanners may lack DICOM support. Therefore, data harmonization is necessary.
Existing WSI can be converted to DICOM using tools like BioFormats [169], WSIDI-
COMIZER [125], VIPS [184], and PixelMed [55]. However, these tools have several
limitations, including extended processing time, limited vendor support, and loss
of metadata.

2.1.4 Whole-Slide Images and Computation

But how are WSIs processed for DL applications? As we know, their large spatial
size, pyramidal data structure, and non-standardized file formats pose processing
challenges. On the hardware side, DL algorithms utilize Graphics Processing Units
(GPUs) because they perform matrix operations more efficiently than the well-
known Central Processing Units (CPUs). However, analyzing entire WSIs with
GPUs is computationally infeasible. Hence, patch-based processing is commonly
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used, where WSIs are divided into smaller image sections that are the input for
DL algorithms. Patches are usually extracted at different resolutions and may or
may not have overlapping regions, depending on the task. At higher resolutions, it
is possible to see fine-grained details like nuclear morphology, but at the cost of
tissue context to recognize broader patterns [248]. As an example, for classification
tasks, a patch size of 256 X 256 px or 512 X 512 px with no overlap and a resolution of
0.5 — 2.0 pm/px (corresponding to X20 — x5 magnification) is commonly used [29,
72,73,177, 284]. To capture broader tissue patterns such as tumor areas, more
context may be required [76, 240, 265], resulting in patches acquired at resolutions
> 1pm/px (X10) or even multiscale patches. In contrast, nuclei segmentation
requires high resolutions up to 0.25 pm/px (x40).

Besides the patch-based methodologies, compression-based approaches have
been proposed to process WSIs in an end-to-end fashion [65, 258, 259]. However,
these methods are not yet widely used in practice.

Although WSI preprocessing is a central component of CPath pipelines, few
works specifically focus on WSI preprocessing [117]. Often, it is implemented as
a necessary step in the ETL (extract, transform, load) pipeline and not optimized.
Figure 2.3 highlights the central role of preprocessing, which must accommodate
diverse file formats from various manufacturers while enabling adaptable patch
extraction tailored to the requirements of downstream DL algorithms, such as
classification, tissue segmentation, and nuclei segmentation. The preprocessing
requirements differ between the algorithm development and deployment phases.
During development, persistent training datasets must be extracted. During infer-
ence, throughput and stability should be prioritized.
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Contribution: Chapter 3 introduces a versatile preprocessing pipeline that
satisfies the requirements of DL algorithms for classification and segmentation
tasks. It overcomes limitations of existing solutions, such as functionality and
processing speed. We evaluate the suitability of the existing DICOM conversion
approaches for converting the vendor-agnostic format into DICOM. The overall
objective is to design a preprocessing framework that supports the development
and deployment of algorithms within CPath workflows.

2.2 A Short Primer on Deep Learning

Deep Learning is a subset of Artificial Intelligence, specifically Machine Learning
(ML). In classical ML, input features are first defined by experts and then provided
to an algorithm to derive predictions based on those features. An example of
ML would be to selectively define laboratory values, such as blood glucose and
cholesterol levels, to predict the risk of developing cardiovascular disease. In
contrast, in DL, the features do not need to be selected and are learned by the
algorithm itself. Thus, in our example, the laboratory values do not need to be
preselected, but rather all available time-series data of all laboratory tests are used.
The algorithms extract features and learn patterns from the data.

The learning principles of ML are typically divided into the three main ap-
proaches “supervised learning”, “unsupervised learning”, and “reinforcement
learning”. Due to its relevance for our work, this Section will focus on supervised
learning.

Mathematically!, the problem can be formulated as an optimization task con-
sisting of the core components data, model class, loss function, and optimization algo-
rithm [53]. The input data is defined as

X:{Xll"' /XN}

with N being the number of data samples. Each data sample X; has an associated
label ¥;. The set of labels is defined as

y:{YII"' /YN}-

The goal is to find a model class fg that approximates the mapping from input data
to output labels

X->VY, fo:X-U,

1The mathematical formulation is based on the lecture of Prof. Dr. Sen Cheng, Artificial Neural
Networks, at the Ruhr University Bochum, winter semester 2020/21.
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where 0 defines the model’s parameters and Y denotes the model prediction set [53].
To define the optimization problem, a loss (or cost) function, generally defined as

N N
LO,X,Y) = Tpair(0, X, ¥)) = D Ipaie(¥;, ¥, (2.1)

i=1 i=1

is necessary. It is a measurement of the discrepancy between the predicted labels ¥
and the ground truth labels Y. The loss function (2.1) needs be minimized to find
the optimal parameter set 6 [53]:

0 = argmin L(0, X, Y). (2.2)
0

This process is called training the model. The necessary but not sufficient condition
to solve eq. (2.2) is

VoL(6,X,Y)=0, (2.3)

which can often just be solved numerically. The algorithms used to perform this
optimization are called optimizers. One common example is the Gradient Descent
algorithm, which iteratively updates the parameters 6 to minimize the loss function.

In the early stage of ML, the models had a limited amount of parameters (e.g.,
Logistic Regression). Nowadays, DL networks belong to the class of artificial neural
networks. They have been inspired by neurons (units) and their connectivity in the
human brain [171]. These units are arranged in layers, and the information flows
from layer [ — 1 to layer [. Units within the same layer are not connected in between.
The activation a f of a unit 7 in layer [ is computed using a non-linear activation
function

al=o0(W,B,X)=0 Zwﬁ;laé_l +bi7t,
j

where w;; are the weights connecting the previous layer’s units j to unit i, and a bias
b; [53,171]. The sets ‘W and B represent all the weights and biases in a network
and are combined to the parameter set 8 = {W, 8} [53, 171]. In total, the network
has L layers. The activation function o (-) is non-linear such that the network can
approximate arbitrary mappings X — Y. Optimization of the parameters 0 is
performed using an algorithm called “backpropagation”, which propagates the
loss backward through the network iteratively using the gradient [53]. An example
of a neural network is given in Figure 2.4a. Based on this concept, a large number
of model classes have been developed, all of which can be categorized into artificial
neural networks.
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Overview of DL networks.
a) Artifical neural network with multiple hidden layers. b) Convolutional neural network consisting
of convolutions and pooling operations. ¢) Vision Transformer networks with input tokens. Since
ViTs are permutation invariant, position encodings are added to the input tokens (Adapted from [67,
119]). d) U-Net network structure for semantic segmentation.

The primary model classes for image processing include convolutional neural
networks (CNNs), Vision Transformers (ViTs) [67], and encoder-decoder-based
segmentation networks like U-Net [234] or DeepLab [41, 43] (Figure 2.4).

CNNis extract local image features through convolutional layers and pooling
operations (inspired by the visual cortex). These convolutional layers learn filter
operations, such as edge or texture detections, and slide over the image to extract
them [171]. As multiple convolution layers are stacked hierarchically, more complex
patterns are extracted and aggregated from layer to layer (Figure 2.4b). Examples
of popular CNN architectures include ResNet [112] and EfficientNet [255].

A key constraint of CNNs is their limited visual context due to the size of the
convolution kernels. Inspired by language processing, ViTs use self-attention mech-
anisms (Transformer architecture), in which small image patches (called tokens)
are related to all other image patches. Given an input image X € RF>XW>3 with
height H and width W, N flattened input patches Xp € RNX(P*3) are extracted and
projected into a latent space Zy € RN*P with dimensions D [67]. The Transformer
encoder consists of blocks [266], each one with multi-head self-attention as a central
component. For each head #, the tokens are mapped to queries (Qy), keys (K},) and
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values (V;,) and the attention score are calculated by

T
Kh

Zj

Vj,, softmax(z); = Py (2.4)
ez

Attentiony, (Qy, Ky, Vi) = softmax (
k=1

followed by normalization layers and linear layers with a ReLU activation func-
tion [266]. The softmax function in eq. (2.4) normalizes the attention values to be in
the range [0, 1] and sum up to 1 [266]. Simply said, the attention mechanism allows
ViTs to compute pairwise interactions between image patches (tokens) to capture
global context dependencies, as each token attends to all other tokens in an image.
Section 5.2 provides a detailed derivation. An illustration of the ViT architecture
is given in Figure 2.4c. Various Vil models exist with differing parameter counts,
typically denoted as small (ViT-S), base (ViI-B), large (ViT-L), and huge (ViI-H)
in increasing order. CNNs and ViTs serve as image encoder networks because
they extract feature (embedding) vectors from input images used for tasks like
classification.

For segmentation tasks with the aim to assign each pixel to its correspond-
ing class, encoder-decoder networks, such as the U-Net are commonly used (Fig-
ure 2.4d). U-Net uses skip connections to link the encoder to a decoder. This allows
for precise semantic segmentation at high resolution. The bottleneck layer of the
encoder enables the network to learn an abstract representation of the image in
order to use global information for segmentation [171]. Another popular approach
is the DeepLab architecture [41, 42, 43]. For other computer vision tasks like object
detection, additional network architectures exist, e.g., R-CNN [89], YOLO [230],
RetinaNet [168], DETR [32], but these are not relevant for this work.

This is only a brief introduction to the topic. For more information, see the
article from LeCun et al. [156] and the textbook from Goodfellow et al. [92].

2.3 Multiscale Segmentation Approaches in Digital Pathol-
ogy

The following Section 2.3.1 is based on the related works presented in our Computer-
ized Medical Imaging and Graphics publication from 2023 [76]. Section 2.3.2 is based
on our CellViT/CellViT*" publications from 2024 [119] and 2025 [116].

2.3.1 Macro-level Analysis: Whole Tissue and Region Segmentation

Semantic segmentation in medical imaging allows physicians to precisely identify
and delineate distinct structures or disease regions within an image. In histopathol-
ogy, several works have shown that quantitative tissue analysis provides insight into
the characteristics and internal mechanisms of tissue and uncovers biomarkers [271].
Griinwald et al. [99] demonstrated that intratumoral heterogeneity in the stroma
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Figure 2.5: Overview of patch-based WSI segmentation. Given a central patch (solid line),
context information about the surrounding tissue (dashed line) needs to be integrated into
the segmentation algorithm.
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in pancreatic cancer influences tumor immunity, differentiation, and treatment
response. Junttila et al. [132] already described in 2013 that the composition of the
tumor microenvironment is a predictive marker and should be quantified. Many
more works reveal prognostic and predictive markers based on fine-grained tissue
segmentation [13, 151, 219, 237, 271]. However, manual annotation is tedious and
cannot be scaled to a clinical routine setting, underscoring the need for automatic
segmentation methods.

As mentioned in Section 2.2, segmentation networks with encoder-decoder
structures are used to predict dense segmentation maps. The encoder creates
an internal representation of the image that the decoder upsamples to predict a
segmentation mask. In addition, skip connections are employed to enhance the
precision of the segmentation outputs. The CNN-based encoder-decoder networks
include SOTA solutions like U-Net [234] and DeepLabV3 [42]. Variants of both
networks have been found to be successful for medical imaging segmentation of
different modalities. For instance, nnU-Net [128] is a popular framework that
can be used for a variety of medical image segmentation problems, particularly in
radiology. Published in 2020, nnU-Net has accumulated more than 4,500 citations
in five years, and the open-source code received more than 6,000 stars on GitHub
and over 1,800 forks, underlining the influence on the field [93, 190].

Due to the high resolution of WSIs, the semantic segmentation of an entire
WSI poses a considerable challenge. Applying SOTA segmentation algorithms
directly is impeded by GPU hardware limitations. Naively, one could segment
the WSI by downscaling it to a low resolution. However, this leads to a loss of
fine-grained tissue morphology and is not a viable approach. Therefore, patch-
wise segmentation algorithms are applied [273]. Jin et al. [130] showed that the
patch-wise segmentation quality depends on two factors: Patch resolution and field
of view (spatial extend). They developed a module that dynamically learns to
select the best trade-off between both settings. In total, the following question arises:
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How can we ensure that the information from surrounding tissue is taken into account
when segmenting small patches of a WSI such that the global information about the tissue
composition can be integrated into the local segmentation?

Figure 2.5 shows a WSI with a patch (solid line) for segmentation. The tissue
context (dashed line) should be considered during the segmentation process, as
it contains crucial information about the surrounding tissue composition. Several
works integrate contextual information to expand the field of view (FOV), following
the same scheme [100, 162, 165, 240, 262, 265]. Given a central patch for segmenta-
tion, a concentric context patch with lower physical resolution is integrated into
the network. One of the first methods used patch classification but produced only
coarse segmentation maps [165]. Li et al. [162] proposed a multiscale U-Net model
that fused three FOV images at the input layer, resulting in a threefold increase
in computational time and limiting fusion to the first network layers. Following
methods improved on this idea by fusing context information at the bottleneck
layer or decoder of the U-Net, but this required the integration of multiple encoders
for each FOV [240, 265]. Van Rijthoven et al. [265] proposed a new approach
(HookNet) that employs a dual encoder-decoder architecture for both the patch
and the context image. The information is fused between the decoders by spatially
aligning the feature maps of the context branch with those of the patch segmenta-
tion branch. In the same manner, Schmitz et al. [240] suggested the msY-Net, but
they employed a single decoder branch to enhance the computational efficiency.
By 2021, both models outperformed previous methods, however, with some draw-
backs. Specifically, the computational cost of these models is much higher than
that of single encoder-decoder networks. Compared to the baseline U-Net with
17.80 M parameters, the msY-Net has 40.76 M parameters [240], which increases the
training and inference time. Furthermore, these network architectures are highly
specialized (e.g., msY-Net is based on a ResNet-U-Net combination and HookNet
is an adapted U-Net). Transferring them to possible upcoming architectures and
encoder networks from the CV domain might not be applicable.

Thus, the initial issue remains partially unsolved: There is a need for a CPath
segmentation framework that efficiently integrates contextual information, has low
computational overhead, and allows adaptive segmentation architectures (e.g., U-
Net [234], DeepLabV [41], U-Net++[302], DeepLabV3Plus [43], SegFormer [289])
and image encoders (e.g., ResNet [112], EfficientNet [255], Transformer [67]). One
promising development is the idea of adapting the attention mechanism to the
CV domain [40, 67, 123, 266]. In the past few years, several papers proposed a
combination of CNNs and the attention mechanism [40, 102, 272]. These approaches
are not targeting to increase the FOV for local images but increasing the receptive
field of CNNs. For instance, Chen et al. [40] incorporated a Transformer in the
bottleneck layer of the U-Net (TransUNet) to enable feature maps to attend to
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all image regions. Guo et al. [102] integrated an external attention mechanism
combined with a dataset memory into the U-Net such that the essential information
of the entire dataset could be integrated when segmenting one sample. Even
further, Wang et al. [272] combined the external memory by Guo et al. [102] and
the internal attention mechanism of the TransUNet [40] with a local attention
mechanism to capture local (small region), global (entire image), and external
(entire dataset) context. While these works aim at capturing long-range and spatial
context information, they still assume that an entire image can be processed in a
single processing step.

Contribution: Many approaches have been proposed to address the problem
of incorporating contextual information during patch-wise WSI segmentation.
However, the computational effort is high, and the improvements are marginal.
We propose a lightweight tissue context approach based on self-attention and
tissue embeddings. Unlike previous methods that rely on large FOV context
patches, we introduce a novel external context memory framework that stores
compressed representations of the entire tissue in Chapter 4.1. Our method inte-
grates into existing encoder-decoder frameworks such as U-Net or DeepLabV3,
enhancing their segmentation performance for WSI. Evaluation is performed
on an internal dataset for the segmentation of kidney cancer and two public
datasets for tumor segmentation in breast and liver cancer. Additionally, in a
clinical context, we trained a network for pancreatic cancer and correlated the
histological patterns with patient survival.

2.3.2 Micro-level Analysis: Cellular Segmentation

Cells are the building blocks of the human body [61, p. 18]. Each human cell
(eukaryotes) contains a nucleus, surrounded by organelles such as mitochondria
and the endoplasmic reticulum within the cytoplasm [61, p. 19]. All these compo-
nents are enclosed by a plasma membrane, which defines the cell boundary [61,
p- 19]. The membrane remains unstained by H&E, such that segmenting entire
cells, including their cytoplasm, is challenging [39, 228]. In contrast, nuclei are
stained blue-purple by the hematoxylin and are clearly distinguishable. The nu-
cleus contains all the genomic information of the organism, and its morphology
reflect the type of cell and the state of the cell cycle (mitosis) [61, p. 35]. Segmen-
tation of nuclei enables the extraction of quantifiable cellular morphologies, such
as shape, size, and texture, which can be correlated with clinical outcomes, used
for diagnosis, or applied to study tumor-immune interactions [68, 291]. Examples
include detecting tumor-infiltrating lymphocytes or inflammatory cells in the tumor
microenvironment [99, 236, 252]. However, manual large-scale nuclear analysis is
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time-consuming and prone to high intra- and inter-observer variability such that
automated approaches are needed [291]. For the purpose of this work and in line
with the current literature, cell segmentation specifically refers to the segmentation
of nuclei.

In contrast to tissue segmentation, nuclei segmentation involves not only se-
mantic segmentation into different cell classes but also instance-level semantic
segmentation in which individual nuclei must be distinguished. This task is com-
monly referred to as panoptic segmentation [141]. Nuclei segmentation methods
can be divided into conventional feature-based and emerging DL-based approaches.

Conventional Feature-based Methods Feature-based approaches rely on classical
image processing algorithms and features such as intensity, texture, shape, and
the morphological properties of nuclei. A significant challenge in these methods
is the separation of overlapping nuclei, for which various techniques have been
developed [3, 52, 167, 181, 256, 267, 282, 294]. These techniques range from pre-
defined nuclear geometries combined with watershed algorithms [3, 52, 267], to
approaches involving morphological operations [282] or ellipse fitting [167]. A ma-
jor drawback of these techniques is their reliance on expert knowledge, sensitivity
to hyperparameters, and lower performance compared to recent DL approaches [46,
95].

CNN-based DL Methods Asdemonstrated in Section 2.3.1, the U-Net architecture
is the primary architecture for semantic segmentation. However, for the panoptic
segmentation of cell nuclei, the original U-Net implementation cannot separate
clustered nuclei [95]. In the current literature, DL algorithms for nuclei instance
segmentation are further divided into two-stage and one-stage methods [124]. Two-
stage methods incorporate a cell detection network in the first stage to localize
cell nuclei within an image, generating bounding box predictions of nuclei [147,
172, 249]. These detected nuclei are then passed on to a subsequent segmentation
stage to retrieve a fine-grained nucleus segmentation. Mask-RCNN [111] is one
of the leading two-stage models built on top of the object detection model Fast-
RCNN [88]. Koohbanani et al. [147] utilized Mask-RCNN networks for nuclei
instance segmentation. Another two-stage method for nuclei segmentation is BRP-
Net [249], which creates nuclei proposals in the first place, then refines the boundary,
and finally creates a segmentation out of this. This process is computationally
intensive and takes 12 minutes to segment a 1,360 X 1,024 px image and is therefore
not scalable to WSI with gigapixel resolutions [249].

In contrast, one-stage methods such as HoVer-Net [95], Stardist [277], CPP-
net [46], DCAN [38], TSFD-Net [124], and more [204, 229] adopt a different ap-
proach by directly predicting the nuclear contour or using additional prediction
maps to separate nuclei. HoVer-Net, for example, uses a decoder that is supposed to
predict not only the semantic mask but also the horizontal and vertical dimensions
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of a nucleus in order to separate overlapping nuclei. In particular, the StarDist and
HoVer-Net approaches show promising results in the panoptic segmentation of
cell nuclei and outperform two-stage detection models in terms of accuracy and
runtime.

ViT-based DL Methods One of the main reasons ViTs have not been adopted
for medical image processing at a large scale is their reliance on large training
datasets, as they lack inductive biases for image processing [67, 254]. Unlike CNNSs,
which are inherently translation and rotation invariant and extract image features
hierarchically based on stacked convolutions, ViTs must learn these properties
during training [186, 254]. On the other hand, when provided with sufficient large
datasets, the patterns learned by ViTs are more meaningful [225]. In the medical
context, annotated image data for training is rare. To overcome this limitation, a
typical approach is to pretrain (supervised) a network on a large image dataset,
typically natural images like ImageNet [59], and fine-tune the network on the target
medical data. This method, consisting of pretraining and fine-tuning, has also
been proven to be successful for CNNs and is a standard procedure in computer
vision (Figure 2.7). Other approaches try to circumvent the domain shift between
natural and medical images by directly pretraining on the target domain, such as
pretraining a network for classifying tissue patches directly on tissue data. Since
there are no or only a few labeled medical imaging datasets available at a large
scale [163], self-supervised learning methods (SSL, Section 2.4) emerged.

While searching for a suitable model for cell segmentation, we came across
the work of Chen et al. [44]. In their paper, they introduced a hierarchical ViT-
based model pretrained via SSL on 10,678 WSI, equivalent to 104 M 256 X 256
tissue patches [44]. The model, named Hierarchical Image Pyramid Transformer
(HIPT), was developed as a feature encoder for WSIs to learn a meaningful internal
representation of tissue and morphology.

When analyzing their first extraction stage (called HIPT-256) for embedding
patches of size 256 x 256 at 0.50 pm/px, the authors claimed that some of their
attention blocks attend to cell nuclei and the network learned cell-tissue interactions.
In one of our works published in 2023 about the classification of WSI, we were able
to confirm this behavior [118]. An illustration is given in Figure 2.6.

Initially, we planned to integrate their HIPT-256 model directly into an exist-
ing framework to test its performance for cell segmentation. Although the ViT
architecture is generally well suited for segmentation tasks, exemplified by models
such as TransUNet [40], UNETR [107], Swin-UNETR [106], and SegFormer [289],
none of these networks currently supports panoptic segmentation. Nonetheless,
we see potential of using in-domain pretrained ViTs such as the HIPT-256 for cell
segmentation.
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