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ABSTRACT

Image segmentation is a cornerstone of medical image analysis, as it accurately out-
lines structures of interest in images, thereby connecting the image to a location-
specific semantic understanding. While segmentations can be done and are to some
extent still done manually, leveraging automated approaches has the potential to sig-
nificantly support medical personnel, enhance diagnostic accuracy, standardize clinical
assessments, and provide robust, objective metrics for monitoring disease progression.

Physicians develop a rich, well-rounded understanding of anatomy through years
of study and hands-on experience. Neural networks, on the other hand, derive their
representation by contrast from limited, often partly labeled image sets. That broader
perspective enables clinicians to spot the subtle twists and turns that distinguish
normal anatomy from early signs of disease, a task that remains challenging for
neural networks. In this thesis, we aim to narrow that gap from both the perspective
of training neural networks and evaluating them. We equip neural networks with
a deeper understanding of anatomy and demonstrate how the obtained anatomical
knowledge improves pathology segmentation, thereby moving them toward human-
level anatomical reasoning. Beyond the training advances, we raise concerns about
how progress in pathology segmentation is currently measured, and subsequently
develop a new framework that aligns more closely with clinical relevance to quantify
model performance.

We build the foundation of this work as a holistic anatomical dataset, curated from a
collection of existing but fragmented datasets. We train fragmented models on each of
the datasets and subsequently use them to predict their limited knowledge in the form
of pseudo labels into a full-body CT (Computed Tomography) dataset, which is used
to aggregate all the fragmented knowledge. Through iterative training and anatomi-
cally guided refinements, we obtain a high-quality full-body CT dataset that, for the
tirst time, provides labels for the majority of the human body, allowing the training of
neural networks capable of understanding large parts of the human anatomy.

Hypothesizing that a better understanding of human anatomy enables networks
to segment pathologies and foreign objects more effectively, we investigate how net-
works equipped with anatomical understanding perform across two tasks: segmenting
pathologies in whole-body PET/CT imaging and identifying thoracic abnormalities in
chest X-rays. We develop APEx, a novel framework to jointly learn anatomies and
pathologies, focusing on their interrelatedness. We find that a rich understanding of
the human anatomy benefits the segmentation performance in both imaging domains.



Complementing the advancement in training anatomy-pathology models, we turn
towards evaluation. We find that previous approaches, which are largely influenced
by semantic segmentation metrics such as Dice, only measure the overlap between
ground-truth and predictions. Simply comparing global overlap, however, falls short
in terms of the specific characteristics of full-body lesion segmentation. With smaller
lesions not being less critical than larger ones, these commonly used metrics fail to
address the unique challenges of this field, thereby biasing the model’s performance.
We address this limitation by developing the Connected-Component (CC) framework,
which reweights any standard segmentation metric on a per-component basis, thereby
better measuring the models” capabilities to segment tumors across the entire scan,
irrespective of the tumor size.

Overall, this thesis bridges the gap between computational and clinical understand-
ing of anatomy by advancing three critical technical pillars: dataset generation, model
training, and model evaluation. These contributions firstly provide a holistic anatom-
ical foundation for neural networks, secondly demonstrate the impact of anatomical
knowledge on pathology detection, and thirdly provide evaluation metrics that bet-
ter reflect clinical priorities, thereby advancing medical Al towards a more reliable,
anatomically-informed, and clinically meaningful future.
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ZUSAMMENFASSUNG

Die Bildsegmentierung ist ein zentraler Bestandteil der medizinischen Bildanalyse, da
sie relevante Strukturen in Bildern genau umreifst und so das Bild mit einem posi-
tionsspezifischen semantischen Verstindnis verbindet. Segmentierungen kénnen und
werden zum Teil immer noch von Hand gemacht; der Einsatz automatisierter Anséat-
ze hat jedoch das Potenzial, das medizinische Personal erheblich zu unterstiitzen, die
Diagnosegenauigkeit zu verbessern, klinische Beurteilungen zu standardisieren und
robuste, objektive Metriken zur Verlaufsiiberwachung von Krankheiten zu berechnen.

Arzte haben sich in jahrelangem Studium und durch praktische Arbeit ein um-
fassendes, ganzheitliches Bild der Anatomie gemacht. Neuronale Netze hingegen
leiten ihre Reprédsentation der Anatomie aus begrenzten, oft nur teilweise gelabelten
Bildsdtzen ab. Dank dieser breiteren Perspektiven konnen Kliniker die minimalen
Abweichungen zwischen normaler Anatomie und frithen Anzeichen von Krankheiten
erkennen, was neuronalen Netzen oft schwerfillt. In dieser Arbeit zielen wir darauf
ab, diese Diskrepanz sowohl aus der Perspektive des Trainings neuronaler Netze als
auch ihrer Evaluierung zu verringern: Wir ermdoglichen neuronalen Netzen ein tieferes
Verstidndnis der Anatomie und zeigen, wie das gewonnene anatomische Wissen die
Pathologiesegmentierung verbessert, womit sie sich dem anatomischen Schlussfolgern
nach menschlichem Mafsstab ndhern. Abgesehen von den Fortschritten beim Training
werfen wir Fragen zu den Metriken auf, die zur Messung der Performanz bei der
Pathologiesegmentierung verwendet werden, und entwickeln anschlieffend einen
neuen Ansatz, der sich stirker an der klinischen Relevanz zur Quantifizierung der
Modellleistung orientiert.

Die Basis fiir diese Arbeit bildet ein ganzheitlicher anatomischer Datensatz, der aus
einer Sammlung bereits bestehender, aber fragmentierter Datensdtze zusammenge-
stellt wird. Wir trainieren fragmentierte Modelle auf jedem der individuellen Datensit-
ze und verwenden diese anschlieffend, um ihr begrenztes Wissen in einen Ganzkorper
CT (Computertomografie) Datensatz in Form von Pseudolabels zu pradizieren, in dem
das fragmentierte Wissen aggregiert wird. Durch iteratives Training und anatomisch
orientierte Anpassungen erhalten wir einen qualitativ hochwertigen Ganzkorper-CT-
Datensatz, welcher erstmals Labels fiir den GrofSteil des menschlichen Korpers enthélt
und auf dem das Training von neuronalen Netzen moglich ist, die weite Teile der
menschlichen Anatomie segmentieren konnen.

Unter der Annahme, dass ein besseres Verstindnis der menschlichen Anatomie es
den Netzwerken ermdglicht, Pathologien und Fremdkorper besser segmentieren zu
konnen, untersuchen wir, wie Netzwerke, die iiber ein anatomisches Verstindnis ver-
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fiigen, in zwei Aufgabenbereichen abschneiden: Segmentierung von Pathologien in
ganzkorper PET/CT-Bildern und Identifizierung von Thoraxanomalien in Rontgen-
aufnahmen der Brust. Wir entwickeln APEX, ein neuartiges System zum gleichzeiti-
gen Erlernen von Anatomie und Pathologie, mit Schwerpunkt auf deren wechselseiti-
ger Beziehung. Wir verifizieren, dass ein umfassendes Verstandnis der menschlichen
Anatomie die Segmentierungsleistung in beiden betrachteten Aufgabenbereichen ver-
bessert.

Neben den Fortschritten bei den Trainingsmethoden fiir Anatomie-Pathologie-
Modelle wenden wir uns auch der Evaluierung von Modellen zu. Wir stellen fest, dass
frithere Bewertungen, die weitgehend von semantischen Segmentierungsmetriken wie
Dice beeinflusst sind, nur die Uberlappung zwischen der Grundwahrheit und den
Vorhersagen messen. Ein simpler Vergleich der globalen Uberlappung greift jedoch
zu kurz, wenn es um die Besonderheiten der Segmentierung von Ganzkorperldsionen
geht. Da kleinere Lasionen nicht weniger wichtig sind als grofiere, werden diese
gangigen Metriken den besonderen Herausforderungen in diesem Bereich nicht
gerecht und verzerren so die Leistungsmessung des Modells. Wir adressieren diese
Einschrankung durch die Entwicklung des Connected-Component (CC)-Frameworks,
das beliebige Standard-Segmentierungsmetriken pro Komponente evaluiert und neu
gewichtet und so die Fihigkeit der Modelle zur Segmentierung von Tumoren {iiber
den gesamten Scan hinweg unabhidngig von der Tumorgrofie besser misst.

Insgesamt adressiert diese Arbeit die Kluft zwischen dem numerischen und dem
klinischen Verstindnis der Anatomie, indem sie drei kritische technische Sidulen vor-
antreibt: Datensatzerstellung, Modelltraining und Modellevaluation. Durch diese Bei-
trage wird erstens eine ganzheitliche anatomische Grundlage fiir neuronale Netze
geschaffen, zweitens der Einfluss von anatomischem Wissen auf die Pathologieerken-
nung demonstriert und drittens Bewertungsmetriken entwickelt, die klinische Priorita-
ten besser widerspiegeln. Dadurch wird die medizinische KI in Richtung einer zuver-
lassigeren, anatomisch informierten und klinisch sinnvollen Zukunft vorangebracht.
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INTRODUCTION

In this thesis, we explore how anatomical knowledge can be integrated into the
three pillars of medical image analysis: dataset generation, model training, and
model evaluation. While physicians develop a rich anatomical understanding
through years of study and clinical experience, neural networks must derive their
representations from limited and often partially labeled datasets, creating a signifi-
cant gap in anatomical reasoning capabilities. To address these limitations, we first
create a holistic anatomical dataset that allows neural networks to learn large parts
of the anatomy rather than only a few target parts that are necessary for a specific
given task. Leveraging this dataset, we address the challenging task of pathology
segmentation, a task that requires physicians to rely on their understanding of hu-
man anatomy to identify unexpected structures. Finally, we turn towards model
evaluation and align the prevalent usage of technically driven evaluation terms
with a better clinically driven understanding in the field of lesion segmentation.
Our contributions drive the field towards a more anatomically informed and clin-
ically meaningful future.

In a famous quote, now Nobel Prize winner Geoffrey Hinton warned, "People
should stop training radiologists now. It’s just completely obvious within five years,
deep learning is going to do better than radiologists" [110]. Today, we know that this
prediction did not become reality. Radiologists are still one of the most in-demand
medical specialists with a shortage of qualified personnel [1, 13, 52]. For instance, in
the UK, the demand for imaging, such as MRI or CT scans, increased by 11% in 2023,
the radiologist workforce, however, only increased by 6.3% despite 2023 being a partic-
ularly strong year [306]. In the US, similar trends can be observed [1], clearly indicating
that radiologists continue to play a vital role in healthcare delivery.

Research demonstrates that Al models can match or exceed human radiologist per-
formance in specific, well-defined diagnostic tasks, such as breast cancer screening
and chest X-ray analysis [169, 214], indicating the potential of current technical ad-
vancements. However, these Al systems typically operate within narrow domains and
cannot replicate the comprehensive clinical reasoning that radiologists bring to patient
care. This raises concerns that the automated usage of Al systems may lead to systemic
errors with high consequences [82, 109, 356] and highlights current trends that point
towards the direction of a fruitful co-existence [17, 44, 169, 246] of radiologists with Al
models serving as specialized tools supporting the decision-making.



INTRODUCTION

Contrary to the narrow specialization of current Al systems, human radiologists
integrate imaging findings with patient history, clinical context, and have detailed
anatomical reasoning regarding the entire human anatomy to make nuanced diag-
nostic decisions that extend beyond task-specific objectives and limited anatomical
knowledge.

Within this thesis, we draw inspiration from the comprehensive anatomical reason-
ing that radiologists possess and aim to equip neural networks with a broader anatom-
ical knowledge to enhance their diagnostic capabilities through more comprehensive
anatomical understanding, moving beyond the narrow, task-specific focus that cur-
rently limits their clinical utility. We pursue this goal through a systematic approach
by following the model development lifecycle that addresses three fundamental as-
pects of medical Al first, we create a holistic anatomical dataset that enables networks
to learn large parts of human anatomy rather than isolated structures; second, we
develop training methodologies that leverage this anatomical knowledge to improve
pathology detection; and third, we establish model evaluation frameworks that better
align with clinical priorities and meaningful assessment of model performance.

1.1 THE ROLE OF SEGMENTATION MODELS IN CLINICAL SETTINGS

Within this thesis, we aim to tackle the task of semantic segmentation for both
anatomical and pathological structures. Segmentation models produce pixel- or
voxel-wise label maps, assigning each location of the input image to a predefined
anatomical or pathological class. This adds spatial semantic context to the image,
supporting accurate diagnosis, interpretation, treatment planning, and quantitative
disease monitoring [204]. The usage of segmentation models in the clinical field is
very versatile.

In oncology, models could be used for direct segmentation of various types of can-
cers [231, 277, 359] or lung nodules [6], detecting lesions and supporting oncologists
in the diagnostic workflow by providing features such as shape, morphologic struc-
tures, or texture [111]. Beyond the direct segmentation of cancer, an important task
in the treatment of patients with radiation therapy is the segmentation of organs-at-
risk. These are potentially radiation-sensitive organs that are close to the treatment
area, whose accurate delineation is required to customize the radiation therapy to the
patient’s anatomy. The usage of automatic segmentation approaches [314] has shown
great potential for improving accuracy, efficiency, and consistency in image-guided
radiotherapy [200, 267]. After treatment, automatic segmentation models can support
longitudinal disease monitoring by quantifying tumor volumes over time [62].

Besides oncology, automated segmentation approaches have been successfully
tested across various other clinical disciplines. In Neurology, automated segmentation
approaches could identify multiple sclerosis lesions [162] or support in stroke detec-



1.2 THESIS ROADMAP AND CONTRIBUTIONS

tion by segmenting intracranial hemorrhage [172]. In Cardiovascular Imaging, segmen-
tation models were successfully applied to echocardiogram videos, which can support
preliminary interpretation in areas with insufficiently qualified cardiologists [83]. The
field of Thoracic Imaging has seen a rapidly growing interest in Al-based tools, par-
ticularly during the COVID-19 pandemic [243]. Segmentation models can be used to
either directly segment abnormalities [40, 69] or used as preprocessing tools, e.g., by
preselecting the area of interest in CT scans before applying detection models [176].

Automated segmentation tools also enable the collection of biomarkers, which can
be used for downstream analysis such as pancreatic CT attenuation and visceral fat
for type 2 diabetes mellitus [302], automatic bowel measurements for biomarker ex-
traction related to constipation [245] or whole-body MRI segmentation of visceral fat,
subcutaneous fat, and muscle mass to assess a patient’s metabolic health and nutri-
tional status, which are indicators for cardiac diseases, type 2 diabetes mellitus, and
cancer [166].

In summary, the use of segmentation models has the potential to directly impact clin-
ical workflows across multiple disciplines by supporting physicians in a wide range
of tasks.

1.2 THESIS ROADMAP AND CONTRIBUTIONS

In this dissertation, we seek to integrate anatomical knowledge into the development
lifecycle of medical imaging models. We discuss related work in Chapter 2 and place
our contributions within the field. In Chapter 3, we explore the process of automati-
cally generating a labeled anatomy dataset and examine the implications of using au-
tomated labels. Chapter 4 discusses how anatomical knowledge in the form of labels
can aid the segmentation of pathologies. To complete the model life-cycle, we discuss
how lesion segmentation models should be evaluated in Chapter 5. We conclude this
thesis by summarizing our insights in Chapter 6 and pointing to future research direc-
tions in Chapter 7. A complete list of publications that resulted from the work on this
thesis can be found in Appendix B.

In the following, we briefly summarize our contributions across Chapter 3, Chapter 4
and Chapter 5.

1.2.1  How to Create Anatomical Labels without Medical Supervision?

Supervised learning remains the most popular learning scheme for training biomedi-
cal neural networks. It is a task that requires pixel or voxel-wise annotations. To enable
a holistic understanding of the human anatomy, a network would require a large num-
ber of annotated images as well as a large number of annotated anatomical structures
per image. Tasking doctors to annotate scans from scratch is infeasible due to the
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6

INTRODUCTION

Dataset Creation, Leveraging Anatomical Evaluation of Lesion
Label Quality & Adaptation Knowledge Segmentations
= How can we build a large- = How does anatomical = What are limitations of
scale anatomical dataset? knowledge benefit lesion current standard metrics?
* What is the impact of label segmentation? = How to evaluate lesion
quality? = How to teach anatomical segmentation models in a
* How can we adapt labels? knowledge to a model? more meaningful way?

Figure 1: Overview of the proposed contributions across the model development lifecycle:
From left to right: 1) Dataset Generation: We generate a holistic anatomical dataset automati-
cally, assess the impacts of label quality, and investigate dynamic label adaptation. 2) Pathology
Model Training: We investigate strategies to incorporate anatomical knowledge to enhance the
segmentation of pathologies. 3) Model evaluation: We address how lesion segmentation mod-
els can be evaluated with better metrics.



1.2 THESIS ROADMAP AND CONTRIBUTIONS

massive time required and the high expected costs." We describe our approach to ad-
dress this challenge in Chapter 3. We leverage existing datasets with a low number
of annotations and aggregate their anatomical information via neural-network-based
pseudolabeling into an empty full-body PET/CT dataset as presented in our ICIP 2024
publication [128].

A limitation of this approach is that, although our dataset was generally rated as
impressive by radiologists, we are unable to evaluate the pixel-wise accuracy of each
individual mask. Thus, when training segmentation models on the dataset, this limita-
tion may result in training on imprecise masks. As this problem is not confined to our
dataset, but a more common issue in large datasets [20, 177], we analyze the influence
of label quality on various tasks based on our work [127] (currently under submission).

Modern foundation models [122, 130, 204, 334, 337], trained on large-scale collec-
tions of datasets, inevitably inherit labeling errors. Moreover, even with perfect anno-
tations, segmentation models can produce inaccuracies in clinical settings. To address
such imperfections, we investigate how physicians can interact with models that were
potentially trained on noisy labels, and iteratively refine low-quality predictions using
natural language commands. This approach is embodied in the LIMIS architecture,
presented in our ISBI 2025 publication [105].

1.2.2  How to Leverage Anatomical Labels for Improved Pathology Segmentation?

Besides the segmentation of anatomical structures, applications in oncology demand
the accurate delineation of tumor volumes. Given the intrinsic interconnection between
anatomical and pathological tissue, we hypothesize that anatomical knowledge may
have beneficial effects for segmenting pathologies. In Chapter 4, Section 4.1, we build
upon this hypothesis and explore various strategies to include anatomical knowledge
into the training process of a Mask2Former [48] based architecture to segment patholo-
gies in PET/CT imaging and thoracic abnormalities in chest X-ray. We develop a
dual-decoder architecture that forces the model to segment anatomies and patholo-
gies jointly. We interleave the two decoders with the possibility to exchange informa-
tion in our final Anatomy-Pathology Exchange (APEx) architecture, which leads to an
improved performance for pathology segmentation across both domains (published in
MICCAI 2024 [128]).

APEx, however, requires a modified architecture and remains limited to a 2D for-
mulation due to its focus on the X-ray and PET/CT domain, which constrains its
direct applicability in volumetric workflows. In the subsequent Section 4.2, we inves-
tigate whether comparable anatomy-guided improvements can be achieved without
additional supervision or re-engineering of the target model. This leads to the GRASP
framework, published at the MLMI workshop at MICCAI 2025 [180], which directly

Assuming an optimistic 10 minutes per mask and 60€ per hour for a radiologist, our dataset would cost
more than 600k €

7
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injects anatomical priors from frozen, pre-trained anatomy models into the pathol-
ogy training process via pseudo-labels and bottleneck-level feature fusion. GRASP
eliminates the need for auxiliary anatomical losses, operates natively in 3D, and lever-
ages existing anatomy segmentation networks as fixed knowledge sources, enabling
anatomy-aware pathology segmentation without relying on anatomical learning as a
proxy loss.

1.2.3 How to Evaluate Pathology Segmentation Models in a Better Way?

Although the segmentation of pathologies such as lesions is commonly approached as
a semantic segmentation problem by the research community, identifying individual
metastases remains highly relevant. From a medical perspective, it can make a signif-
icant difference whether the same volume of cancerous tissue is confined to a single
metastasis or spread between multiple metastases. Yet, from a semantic segmentation
evaluation perspective, the most important metric is measuring overlap, thereby
ignoring topological structures. In Chapter 5, we discuss limitations of evaluating the
performance of lesion segmentation models using standard semantic segmentation
metrics, as well as established instance-aware semantic segmentation metrics such
as Panoptic Quality [153]. We develop the CC-Metrics evaluation protocol, which
addresses the identified limitations and allows the usage of well-established standard
segmentation metrics on a per-connected component basis (published in AAAI

2025 [129])

A NOTE ON IMPLEMENTATION:

Alexander Jaus is responsible for the implementation of all frameworks developed
in Section 3.1, Section 3.2, Section 4.1 as well as Chapter 5. Two sections are based on
joint works resulting from very close collaborations with his Master’s Thesis students:
Lena Heinemann (Section 3.3) and Keyi Li (Section 4.2). Both Alexander Jaus and the
corresponding student have made substantial contributions to the research in the men-
tioned section. While it is difficult to set a precise boundary, Alexander Jaus was rather
in charge of the idea, while the student focused on the implementation. Section 3.1
stems from a collaboration in which Alexander Jaus was, as previously mentioned,
rather responsible for the implementation, whereas Constantin Seibold contributed
more to the idea.
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The developments in this thesis broadly fall at the intersection of computer vision
and radiology, with a particular focus on the image domain of PET/CT and the
technical task of segmentation. Our contributions advance several topics and can
be roughly clustered into three distinct areas: Data-centric contributions, such as
the development of anatomical datasets and model training under noisy labels;
Model-centric innovations in the field of interactive segmentation and the inclu-
sion of anatomical priors for pathology segmentation; and finally, we contribute
to the field of evaluation metrics. The following chapter surveys the relevant litera-
ture in each of these areas and contextualizes our contributions within the broader
research landscape.

2.1 ANNOTATED ANATOMICAL DATASETS

Any supervised training approach relies on a dataset containing annotated examples
of anatomical structures from which a learner, such as a neural network, can derive
mappings from images to expected labels. In a fully annotated dataset, for each image
exists at least one mask containing pixel- or, in the case of volumetric images, voxel-
wise annotations for one or multiple target structures of interest. While the technical
details of how this mask is stored vary and are not of primary interest in this work,
the masks establish a spatial relationship between the image and a semantic under-
standing of the image.

In the following, we explore the development of datasets in the domain of CT, as
this is of primary interest in this work. Adjacent areas such as MRI or X-ray have seen
comparable progress along with the CT domain. Whenever feasible, we reference the
publication associated with the release of the datasets; if this is not feasible, we directly
cite the data source.

2.1.1  Single Organ Dataset

Initial datasets primarily focused on segmenting individual organs in CT scans, often
using relatively small sample sizes. The development of liver segmentation algorithms,
for instance, began with datasets comprising only 20-30 expert-annotated cases [104,
295, 310] and increased later to larger databases that also included tumors and data
from multiple medical sites [28]. Other datasets with single organs of interest include
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the pancreas [269], the kidneys [106], the spleen [14, 15, 41], pulmonary-vessels [274],
the lungs [196, 228], airway-paths [195, 367] and the hearth [383]. The latter three
datasets, however, already include multiple sub-structures such as individual lung
lobes or more specific labels within the airways and the heart, which already adds
more semantic context for a specific organ of interest. Generally, with the increasing
performance of segmentation algorithms, datasets have become more complex, and
multi-organ datasets have gained popularity, encompassing multiple anatomical struc-
tures.

2.1.2  Multi Organ Dataset

While the analysis of single organs may be of interest for specific diseases, such as
liver- [28] or kidney tumors [106], the applications of models trained on such datasets
are confined to the specific organ. While efforts such as the Medical Segmentation
Decathlon [5, 294] aim to expand the generalizability of networks across a number
of distinct tasks and modalities by training and testing networks on multiple distinct
tasks, such as liver-tumor segmentation or colon segmentation, each task remains con-
fined to a specific organ or disease of interest.

Multi-organ datasets offer an intuitive approach to enhancing the capability of seg-
mentation models. Each scan in a multi-organ dataset contains annotations for several
anatomical structures. Early approaches to multi-organ datasets include the works of
Lee et al. [171], which provides segmentations for 12 structures in 20 CTs to evaluate
registration-based segmentation approaches. This work is later extended to a dataset of
100 CTs [349] and 13 structures. The BTCV dataset [168] is a notable example, contain-
ing 30 abdominal CT scans with annotations for more than 10 abdominal structures,
including the liver, spleen, kidneys, glands, pancreas, gallbladder, esophagus, stomach,
and vessels. Due to its broad coverage of the abdomen, it remains a popular dataset
today, despite its limited size.

Chaos [148] is an abdominal dataset including MRI and CT data on healthy individ-
uals with liver, kidney, and spleen annotations. AMOS [133] provides 500 CTs with 15
annotated abdominal structures, while FLARE [205] combines 2000 unlabeled with 50
labeled cases to develop semi-supervised approaches for 13 abdominal organs.

To increase dataset sizes and diversity, researchers have started to build upon pre-
viously published datasets by extending one or multiple datasets with additional an-
notations. CT-ORG [265] builds upon the LITS [28] dataset containing liver-related
annotations and extends it to 6 organs: liver, lungs, bladder, kidney, bones, and brain.
CT1K [206] builds upon multiple existing datasets [28, 106, 269, 294] containing single
organ annotations to build a large abdominal dataset of 1112 CT scans. They find that
while deep-learning approaches already perform well for normal cases, unseen or rare
diseases remain challenging. Their final dataset contains annotations for liver, kidney,
spleen, and pancreas.



2.1 ANNOTATED ANATOMICAL DATASETS

Gibson et al. [85] combine the BTCV [168] and pancreas datasets [269] and extend it
to a common labeling scheme containing spleen, kidney, gallbladder, esophagus, liver,
stomach, pancreas, and duodenum.

A key challenge that arises with the desire to create larger and larger datasets is the
increased workload for annotators. The required expertise to qualify for annotating
medical images further complicates scaling annotations to unskilled workers, e.g., via
Amazon Mechanical Turk (AMT), which has been widely used in the natural image
domain [58, 161, 183, 343]. One approach that has been on the rise, besides building on
top of existing labels, is to generate human-in-the-loop systems that aim to minimize
human involvement by leveraging pre-trained segmentation models, generating seg-
mentation that experts only need to correct. Qu et al. [256] present Abdomenatlas8k,
a dataset consisting of over 8k CTs with annotation masks for spleen, liver, kidneys,
stomach, gallbladder, pancreas, aorta, and IVC by pointing experts to uncertain regions
of automated annotations. Using a similar technique, Abdomenatlas 1.1 provides 25
anatomical structures on over gk CT scans [179], which is further extended by the same
author [177].

Outside the abdomen, the Auto-segmentation [259] challenge dataset aims to bench-
mark models for segmenting head-neck structures, which can be beneficial for radi-
ation therapy. The dataset consists of 40 images covering the brainstem, mandible,
chiasm, bilateral optic nerves, bilateral parotid glands, and bilateral submandibular
glands. Walter et al. [315] provide a head-neck dataset targeted to aid radiotherapy
with 71 annotated structures on 104 CT scans. SegTHOR [167] focuses on 4 organs in
the thoracic region, CTPelviciK [187] provides annotations for lumbar spine, sacrum,
left hip, and right hip on over 1000 CTs, marking an important step towards pelvis seg-
mentation, while PENGWIN [192, 193] focuses on the segmentation of pelvic fractures.
Verse [282] provides accurate masks for individual vertebrae, and SpineMets [250] is
another verse dataset providing next to vertebrae, spine-related tumor masks. RIB-
SEG [137, 354] segments individual ribs, and Pediatric [139] addresses the segmenta-
tion of 29 structures in 359 pediatric chest-abdomen-pelvis and abdomen-pelvis CTs.

Besides the addition of more labels on a larger number of scans, other approaches
develop datasets that expand beyond standard body regions, such as the abdomen,
pelvis, or thorax, offering annotations on full-body scans.

The VISCERAL anatomy benchmark [136] allows model evaluation on 30 whole-
body contrast and non-contrast CT and 30 MRI scans for 20 structures in 15 organs.
TotalSegmentator [333] annotates 104 anatomical structures spanning the entire body.
SAROS [157] follows a different approach, providing annotations for distinct body
regions and tissues such as the thoracic cavity, bones, brain, breast implant, or medi-
astinum, thereby focusing on less common labels.

An overview of the most relevant datasets which have been discussed in this section
is shown in Table 1, including our own contribution, the DAP-Atlas Dataset [128].

11
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Table 1: Overview of anatomy CT datasets including their focus, number of CT scans, number
of annotated structures, and publication year

Dataset Body Region ‘ # CTs ‘ # Structures | Year

Partial Body Datasets

Registr. Challenge [171] | Abdomen 20 12 2015
Registr. Challenge [349] | Abdomen 100 13 2016
BTCV [168] Abdomen 30 13 2015
Chaos [148] Abdomen 8o 4 2021
AMOS [133] Abdomen 500 15 2022
FLARE [205] Abdomen 2050 13 2023
CT1K [206] Abdomen 1112 4 2021
V-Network [85] Abdomen 90 8 2018
AbdomenAtlas-8k [256] | Abdomen 8000+ 8 2023
AbdomenAtlas 1.1 [179] | Abdomen 9000+ 25 2024
Auto-seg. [259] Head /Neck 40 9 2017
Head-Neck OAR [315] | Head-Neck 104 71 2024
SegTHOR [167] Thorax 60 4 2020
RIBSEG [354] Thorax 660 24 2021
CTPelviciK [187] Pelvis 1000+ 4 2021
PENGWIN [192, 193] Pelvis 150 4 2025
Verse [282] Spine 374 28 2021
SpineMets [250] Spine 55 24 2024
Pediatric [139] Chest-Abd.-Pelvis | 359 29 2022
CT-ORG [265] Mixed 140 6 2020
Whole Body Datasets
VISCERAL [136] Whole body 30 20 2016
TotalSegmentator [333] | Whole body 1204 104 2023
SAROS [157] Whole body 900 19 2024
Our Contribution
DAP Atlas [130] Whole body 533 142 2023
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We further discuss the trade-off between dataset size and annotation comprehensive-
ness in Figure 2. This scatter plot shows the relationship between dataset size (number
of CT scans) and annotation comprehensiveness (number of anatomical structures)
across existing datasets in the literature. Both axes use logarithmic scales to accom-
modate the wide range of values. Datasets are categorized into three groups: partial
body datasets (blue circles) focusing on specific anatomical regions such as abdomen,
thorax, head/neck, pelvis, or spine; whole body datasets (green circles) providing
comprehensive anatomical coverage; and our contribution, DAP Atlas (orange circle),
which achieves the highest number of annotated structures (142) while maintaining
a substantial sample size (533 CT scans). The plot reveals that most existing datasets
face a trade-off between sample size and annotation comprehensiveness, with larger
datasets typically annotating fewer structures due to the increased labeling effort re-
quired.

CT Anatomy Datasets: Nof. Samples vs. Nof. Annotated Structures

® Partial Body ODAP Atlas
© Whole Body

2 _— TotalSegmentator
1041 @ Our Contribution e

OHead—Neck OAR

Nof. Annotated Structures (log scale)

Pediatric
SpineMets @ R AbdomenAtlas 1.1
@
VISCERAL OSAROS
()
o ® P OFLARE
1]
10 @ AbdomenAtlas-8k
© o
OCT—ORG
OSegTHOR ® OOCTlK
102 103 104

Number of CT Scans (log scale)

Figure 2: Comparison of CT anatomy datasets by number of samples versus number of anno-
tated structures (both axes in log scale). Partial body datasets (blue) focus on specific anatomi-
cal regions, whole body datasets (green) provide comprehensive coverage, and our DAP Atlas
(orange) achieves the highest number of annotated structures (142) with substantial sample
size (533 CT scans) on whole-body scans.
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Our contribution:

Analysis of existing datasets reveals three fundamental limitations in the current
dataset landscape: (1) Limited dataset size: Early datasets typically contain fewer
than 100 annotated CT scans, constraining model training capabilities. (2) Lim-
ited anatomical coverage: Most datasets focus on specific body regions such as
the abdomen or pelvis, preventing comprehensive whole-body segmentation. (3)
Limited structural annotation: The number of annotated structures per dataset re-
mains low due to the substantial manual effort required for volumetric annotation.
These limitations collectively hinder the development of segmentation models ca-
pable of comprehensive human body analysis. To address these challenges, we
propose the DAP-Atlas dataset in Section 3.1, which provides the most exten-
sive structural annotations (142 structures), covers the entire body, and maintains
substantial scale (533 CT scans).

2.2 TRAINING SEMANTIC SEGMENTATION MODELS ON IMPERFECT LABELS

The desire to create larger and larger datasets poses a significant challenge: the in-
creased workload for annotators. Moreover, the required expertise to annotate medical
images further complicates the scaling of annotations. In high-stakes clinical settings
such as OAR segmentation for radiation therapy, the deviation of structures must follow
strict guidelines such as the ones for head-neck radiotherapy [91, 92]. As segmenting
anatomical structures by hand leads to intra- and inter-rater variability [33, 211, 238],
fusion approaches such as STAPLE [332] have become the gold standard. Segmenting
by hand, let alone having multiple radiologists whose segmentations can be fused, be-
comes increasingly less feasible as dataset sizes grow. This has led to the development
of automated [130] and semi-automated dataset creation approaches [133, 177, 179,
205, 256, 265, 333] that utilize human-in-the-loop systems, aiming to minimize human
involvement by leveraging pre-trained segmentation models whose predictions are
corrected by experts. The focus of segmentation quality assessment shifts from merely
annotating labels to identifying errors. Wasserthal et al. [333] address this challenge
through manual review processes, in which physicians meticulously examine the seg-
mentations and implement corrections upon detecting errors. Other approaches utilize
model uncertainty [177, 256] to direct reviewers to regions of high uncertainty. This
approach relies on the assumption that errors can be explained by the model’s uncer-
tainty measures. While the obtained annotation speedup is impressive and the field
will likely continue moving in that direction, a key question remains difficult to answer:
How good are these labels actually? First works [177] point out that there are larger-
than-expected errors in the popular TotalSegmentator [333] dataset, particularly for
difficult classes such as the colon. The same is true for the AbdomenAtlas dataset [20].
This prompts critical research questions:
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* What is the influence of annotation errors on the efficacy of model training?

* In what ways does label quality impact downstream performance across various
tasks?

These questions are highly relevant in the current landscape of data-centric medical
Al Within this section, we review works that have examined the impact of label quality
on model performance. This is most commonly explored in robustness studies, where
authors propose and evaluate robust learning schemes. These will be briefly reviewed
in the following. The focus of this section is on medical segmentation tasks; however,
if deemed appropriate, we will also relate to adjacent tasks, such as classification, and
papers in the natural image domain.

As we focus on the task of supervised learning, we examine datasets containing
dense masks for each image. Semi-supervised learning [379, 380] approaches although
sharing certain similarities with label-noise approaches, since some techniques rely
on pseudo-labeling unlabeled images for self-training [18, 69, 95, 203, 254, 307, 324,
340, 346, 373], or co-training [77, 164, 218, 247, 254, 317, 322, 342, 376] which inher-
ently introduces label noise are not part of this review. We refer the interested reader
to a comprehensive overview by Han et al. [96]. The key distinction between semi-
supervised setups and the research questions we address lies in the different funda-
mental training paradigm: while semi-supervised learning assumes access to a clean
labeled subset alongside unlabeled data, our focus examines scenarios where the entire
labeled dataset may contain annotation errors from the outset. More critically, we are
concerned with measuring the expected performance implications when researchers
adopt these publicly available datasets off-the-shelf to train or pre-train models on po-
tentially noisy labels, without prior knowledge of the underlying annotation quality.

Other forms of imperfect data, such as learning with weak labels [119, 325], and
images with measurement noise [147, 234, 260, 275, 365], have been addressed in the
literature but are beyond the scope of this work. Within the following, we build upon
the taxonomy established by Shi et al. [286].

2.2.1  Robust Network Learning Approaches

Inspired by the progress in the field of training networks under noisy labels in the
natural domain [24, 170, 224], Dgani, Greenspan, and Goldberger [60] investigate the
performance of models under label noise in the task of microcalcification classification.
They add a layer at the end of their CNN which aims to aid in the identification of the
unobservable true label by modeling a noise transition function. In a similar fashion,
other works model confusion matrices, estimating label confusions for each annota-
tor [278, 298, 305, 366]. Given that labels are typically hard labels, in the sense that
they assign 100% certainty to a single class, several approaches have introduced label
smoothing as a form of regularization. Label smoothing [123, 227, 248] replaces the one-
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hot target with a softened version that assigns a small probability to incorrect classes,
reducing overconfidence and improving generalization for X-ray classification [249],
real-time endoscopy segmentation [252], and fetal brain segmentation in ultrasound
imaging using an approach that reflects spatial and anatomical uncertainty [145]. In
addition to mitigating overconfidence in labels through label smoothing, modifying
the training loss function represents another effective strategy for addressing noisy la-
bels. Mean Absolute Error (MAE) [84] and its improved variant, iIMAE [327], were origi-
nally introduced in the context of natural image processing. These methods reduce the
influence of potentially incorrect labels compared to conventional cross-entropy loss
functions or Mean Squared Error (MSE). Karimi et al. [144] explore these techniques
in the domain of brain lesion segmentation in MRI imaging, histopathology classi-
fication, and fetal brain segmentation. Wang et al. [316] adapt the commonly used
Dice Loss [219], which is an MSE-type loss by reformulating it into an MAE-type loss,
showing increased robustness for pneumonia segmentation in CT images. Other works
derive robust losses by maximizing the log-likelihood of a Student t-distribution [89]
and validate on skin-lesion segmentation and lung-segmentation in X-ray images.

In addition to developing novel robust loss functions, researchers have proposed
leveraging conventional loss functions while modelling the contribution of samples
suspected to be noisy by assigning them reduced weights during training. Determin-
ing the likelihood of labels being noise can be done based on the probability of the
data being an outlier [351] using algorithms like Local Outlier Factor (LOF) [160],
learning-based reweighing schemes [378], Gaussian-filter based [344], meta-learning
based [222] and uncertainty based [140].

Excluding data that appears to be noisy directly is a further strategy. This can be
achieved by examining loss magnitudes [331], building on top of the observation that
noisy samples tend to yield higher losses relative to clean samples [9]. Other strategies
involve leveraging techniques from semi-supervised learning, such as Co-Training [12,
70, 220, 350], which highlights inconsistencies among different networks.

Besides presenting innovative methods for addressing robustness and conducting
noise performance analysis, a limited number of studies have sought to quantify the
impact of label noise for standard model training. Yu et al. [360] investigate the im-
pact of label noise in CT scans on mandible label annotations performed by multiple
experts. The annotations are compared to enhance label quality, although the training
process utilizes the original, potentially flawed labels. Briickner et al. [34] conducted
a small analysis of two types of noise: random boundary noise and systemic over- or
under-segmentation, in the context of abdominal organ segmentation on CT imaging.

We summarize related work on label noise in Table 2, focusing on CT segmentation
methods.
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Task Domain

# Datasets Medical dataset(s)

2D-based studies

Zhang [366]

S CT, MRI 1,2

Schmidt [278] S H 3
Pornvoraphat [252] S E 1
Wang [316] S CT 1
Gonzalez [89] S DER, X-ray 1,1
Zhu [378] S X-ray 1
Xiao [344] S H 1
Mirikharaji [222] S DER 1
Wang [331] S CT 1
Jin [140] S CT 1

MSLesion [297]
BraTs [216]
LIDC-IDRI [8]
Gleason [237]
Arvaniti [11]
CrowdSeg [3]

private

private
ISIC [56]
Shenzhen [126]

JSRT [289]
Gleason [237]
ISIC [56]
Spine-CT [358]
SegThor [167]

3D-based studies

Sudre [298]
Liao [182]

Karimi [145]
Karimi [144]

Yu [360]
Bruckner [34]

Fang [70]

Ours

C, D MRI 1
D CT 2
S MRI 1

S,C MRI, H 2,1
S CT 3
S CT 1

S CT, MRI 1,2

private, based on [308]
LIDC-IDRI [8]
LungX [7]

private

2 x private

Gleason [237]

private

2 x Head-Neck [236, 259]

CT-ORG [265]
LIDC-IDRI [8]
ACDC [27]

BraTs [216]

BTCV [168]

WORD [202]

AMOS [133]

CT1K [206]
AbdomenAtlas [177]

Table 2: Overview of most relevant related work on noisy-label handling in medical imaging.

Task: Classification (C), Detection (D), Segmentation (S). Domain: CT, MRI, Histopathology
(H), Endoscopy (E), Dermatology (DER). #Datasets denote the number of datasets per medical
domain as denoted in the previous column.
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Despite extensive research on label noise, volumetric CT segmentation remains un-
derexplored. While the majority of works focus on 2D approaches in the first place,
thereby ignoring inter-slice relations, existing volumetric approaches suffer from sev-
eral limitations: (1) evaluation on single or very few CT datasets [34, 70], (2) focus on
narrow anatomical structures like mandibles [34], (3) reliance on artificially generated
noise that may not reflect real-world annotation errors [34, 70, 89, 331, 378], and (4)
dependence on multiple annotators, which is impractical for large-scale studies [144,
145, 360].

Many proposed methods introduce complex domain-specific knowledge [145], opti-
mization procedures [278], or architectural components [316] that hinder general ap-
plicability.

Our contribution:

We address the identified gaps by providing the first comprehensive analysis of
label quality effects in large-scale CT segmentation datasets, thereby focusing on
the realistic case where researchers use datasets with unknown label noise, treat-
ing them as if they were clean labels. (1) We examine different levels of noise
in large dataset generation processes via multi-foundation model pseudolabeling,
showcasing realistic noise patterns present in novel semi-automatically generated
datasets. (2) We analyze the trade-off between dataset size and annotation quality,
thereby providing guidance for both dataset providers and users. (3) We conduct,
to our knowledge, the first systematic study of label quality effects for the scenario
of pretraining models on noisy volumetric CT segmentation. (4) We offer practi-
cal recommendations for leveraging large, potentially noisy datasets in medical
imaging applications.

2.3 INTERACTIVE SEGMENTATION APPROACHES

A key limitation of standard supervised models is their lack of controllability: they
act as deterministic functions, producing fixed outputs for a given set of inputs. This
becomes problematic when training data contains imperfect labels, as the model may
internalize incorrect information. Of course, models can also make errors even when
trained under ideal conditions, due to factors such as limited capacity, overfitting,
or inherent ambiguity in the data. Moreover, even under the assumption of perfect
labels and perfect prediction capabilities, discrepancies between the training and in-
ference annotation protocols may lead to misalignment in model behavior [185, 309].
Interactive models offer a promising alternative by enabling dynamic control over
the prediction process. Rather than producing fixed outputs, these models can adapt
their behavior in response to user input or contextual cues. This flexibility is particu-
larly valuable in settings with uncertain or noisy supervision, as it allows the user to
guide or correct the model’s predictions. Furthermore, interactive systems can bridge
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mismatches between training and deployment protocols by incorporating real-time
feedback, thereby increasing robustness and practical utility.

Interactive segmentation methods have roots in the pre-deep learning era, with early
approaches like interactive graph cuts and GrabCut establishing foundational tech-
niques for user-guided image segmentation [31, 72, 270]. With deep learning models
dominating segmentation in recent years, initial attempts combined interactive seg-
mentation with deep learning models [208, 347]. However, only with the introduction
of the Segment Anything Model (SAM), the field of interactive segmentation experi-
enced a significant increase in interest, as the SAM model combined large-scale dataset
training with promptable segmentation of arbitrary objects [154].

In the medical domain, a similar trend is evident. Early deep learning—based meth-
ods demonstrated the utility of interactive models for clinical applications [4, 32,
173, 257, 276, 374], and more recently, the field has also benefited from the broader
surge of interest in interactive segmentation [210]. While the original SAM model was
shown to have a decent performance in the medical field as a zero-shot segmenta-
tion model [213, 273], SAM-based adaptations were quickly developed, ranging from
Parameter-Efficient Fine-Tuning (PEFT) adaptations [50, 88, 285, 318, 341] to full adap-
tations [204].

A key design feature of interactive models is the type of interactions the models
can handle: Typically, these are physical interactions such as clicks [181, 188, 276, 299],
scribbles [4, 16, 51, 382], bounding boxes [74, 257, 304] or even multiple of these inter-
action types [45, 159, 184, 337]. A key type of interaction, however, is missing: natural
language. Text-based guidance for vision models has picked up pace for open-set ob-
ject detectors with pioneering works such as OV-DETR [363], GLIP [76], or Grounding
DINO [191] and segmentation networks with LAVT [357], CRIS [328], X-Decoder [384],
or Grounded-SAM [264]. In the medical field, text-guided segmentation has been
tested for surgical instruments [377], endoscopy [29], and radiological imaging [158,
185, 258]. However, these approaches face a critical limitation: while they enable text-
based segmentation, they lack the capability to perform extended interactions beyond
initial segmentation using natural language, forcing users to rely on physical interac-
tions (clicks, scribbles) for refinement: an impractical requirement in clinical scenarios
where physicians’” hands must remain free for surgical procedures, patient care, or
equipment operation.

Our contribution:

We introduce LIMIS: The first purely language-based interactive medical image
segmentation framework, addressing the limitation that existing methods require
physical interactions, which are impractical in clinical scenarios where physi-
cians’ hands are occupied. Our key contributions are: (1) A Medical Language-
to-Segmentation Pipeline: We adapt Grounded SAM to medical CT images by
fine-tuning Grounding DINO via LoRA, enabling initial mask generation from
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natural language prompts. (2) Language-Only Interaction Loop: We pioneer a com-
pletely hands-free segmentation refinement loop through natural language com-
mands, supporting both manual adaptations and automated multi-step strategies
for common medical segmentation errors. (3) Clinical Validation: We demonstrate
the effectiveness of our approach across three medical datasets and validate the
system’s usability with professional radiologists.

Our work shifts interactive medical segmentation from requiring physical input
to enabling hands-free, language-driven refinement, opening new possibilities for
intraoperative and real-time clinical applications.

2.4 ANATOMICAL PRIORS FOR PATHOLOGY SEGMENTATION

Segmenting anatomical structures in medical images presents a distinct set of chal-
lenges compared to segmentations in natural images, including ambiguous bound-
aries, low contrast, limited annotated data due to high labeling costs, and severe class
imbalance. Additionally, image modalities such as CT or MRI have domain-specific
artifacts and noise characteristics that complicate segmentation tasks.

Medical image segmentation, however, benefits from a unique and powerful advan-
tage: the well-established context of human anatomy. Unlike other imaging domains,
medical images capture structures that, to some extent, follow predictable anatomi-
cal patterns and relationships, providing a rich foundation of prior knowledge that
can be systematically leveraged to improve segmentation accuracy. This anatomical
consistency makes medical imaging particularly well-suited for incorporating domain-
specific knowledge into segmentation algorithms. In the following section, we explore
various strategies for integrating anatomical priors into the segmentation of normal
anatomical structures, before examining how this anatomical understanding can en-
hance the detection and delineation of pathological tissues.

2.4.1  Anatomical Knowledge for Anatomy Segmentation

Prior to deep learning, models such as active contour models [146], level-set meth-
ods [59], or even simple threshold methods, like Otsu’s method [242], aimed to directly
model decision boundaries. These approaches allowed for a direct incorporation of
anatomical knowledge through the model’s parameters [93, 244, 287], geometric and
topological constraints via (multi) atlas-based segmentation [19, 385] or knowledge
about the expected tissue appearance [290]. However, with the rise of deep learning
approaches, particularly pixel-wise optimization methods such as fully convolutional
networks [197], such as U-Net architectures [268], the incorporation of anatomical
knowledge has become less straightforward. The deep learning paradigm’s promise
to learn complex patterns directly from data, combined with its demonstrated supe-
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rior performance in many applications [120], raises questions about the continued
relevance and merit of explicitly incorporating anatomical information.

Some approaches decide to combine the power of deep-learning approaches with
the flexibility of classic learning regimes to model the incorporation of prior anatomi-
cal knowledge, e.g., via initial segmentations using deep learning and refinement via
anatomy-informed classic segmentation methods [116, 291, 362, 371] or direct incorpo-
ration of classical methods within the deep learning architecture [261, 303, 372].

A more straightforward approach to incorporating knowledge into deep learning
models is to adapt or extend the loss functions. Traditional segmentation losses like
Cross-Entropy and Dice Losses [219] are inherently limited to data-driven optimiza-
tion, treating voxels independently or maximizing spatial overlap. Focusing solely on
data optimization fundamentally limits the incorporation of prior anatomical knowl-
edge or geometric constraints. This limitation is typically addressed through the exten-
sion of the loss function by a regularization term into which prior objectives, including
shape [79, 221, 239, 361], topology [55, 152], size [150], or interrelations [25] are embed-
ded.

In addition to regularizing models, learning meaningful properties can be achieved
through multi-task prediction. This approach explicitly directs the model’s attention
to beneficial properties, such as edges [42] or geometric features, for instance, via
distance transforms [233, 326] or atlas-based image registration [132, 348].

A further direction is leveraging the model architecture directly to model knowledge
using Graph Neural Networks [134, 283, 284, 288, 329, 370], generative models [57], or
Bayesian learning frameworks [117].

2.4.2  Anatomical Knowledge for Pathology Segmentation

In contrast to the extensive incorporation of anatomical knowledge for the segmenta-
tion of anatomical structures, the application of such knowledge for pathology seg-
mentation remains less explored. A few works have leveraged anomaly detection
through reconstruction approaches such as diffusion models [26, 336], VQ-VAE [251],
or regression-based approaches [35], where deviations from expected anatomy are
identified by measuring the difference between reconstructed and observed tissues.
Building on top of the same intuition, Zhang, Zhu, and Willke [364] additionally use
the symmetry properties of the brain to detect anomalies, while Jiang et al. [135] exam-
ine the difference in the attention masks when querying for healthy and pathological
tissue in a zero-shot approach. While anomaly detection effectively leverages anatom-
ical properties via reconstruction, a key limitation is that it only models deviations
from expected anatomies, which may or may not be pathologies, but also could be
anatomical variations.
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Related to reconstruction-based approaches are pretraining strategies that mask re-
gions guided by anatomical labels [320, 368], thereby increasing the number of masked
patches in the regions of interest.

Alternative approaches employ multi-stage frameworks that utilize segmenta-
tion [66, 253, 330] or detection [226] results as positional priors, or incorporate learned
positional priors [63], to enhance tumor segmentation performance. However, these
methods typically target only a limited set of tumor types within specific anatomi-
cal regions, such as pancreatic [63, 253] or prostate [66, 330] tumors. Complementary
research directions include text-guided approaches using VLM architectures for diag-
nosis classification [78] and cross-attention mechanisms that integrate medical reports
for pancreatic tumor segmentation [64].

While most previous approaches focus exclusively on single-modality data (CT or
MRI), recent works [2, 212] demonstrate that in PET/CT imaging, the CT domain pro-
vides the primary anatomical information, which can be effectively fused with the PET
domain’s tumor-specific data using modality-specific encoders. In competitive bench-
marks such as the AutoPET" challenge, approaches have been developed concurrently
to ours that explicitly incorporate anatomical masks within the CT domain to enhance
pathology segmentation performance [141, 229, 266]. While concurrent work [141,
266] has similarly recognized the importance of leveraging anatomical knowledge for
pathology segmentation, our approach extends beyond the competition-specific strate-
gies of Murugesan et al. [229] by exploring diverse incorporation methods across mul-
tiple tasks (segmentation and detection) and imaging modalities (whole-body PET/CT
and chest X-ray).

Our contribution:

We introduce APEx: an anatomy-pathology segmentation model that systemati-
cally integrates anatomical and pathological information through a novel query-
based architecture, addressing the limitation that existing pathology segmentation
models lack a holistic understanding of whole-body structures. Our key contribu-
tions are: (1) Novel Query-Based Joint Architecture: We develop APEx with shared
pixel embeddings and an asymmetric information flow, where anatomical queries
inform pathology predictions through a query mixing strategy, enabling anatomy-
guided pathology segmentation that mirrors clinical workflow. (2) Systematic Inte-
gration Strategy Analysis: We conduct comprehensive ablations, testing multiple
anatomy incorporation strategies, and identify beneficial architectural choices for
anatomy-pathology information exchange. (3) Cross-Domain Validation: We eval-
uate across two domains (whole-body FDG-PET/CT and chest X-ray images) and
two tasks (semantic and instance segmentation), achieving +2.0% and +3.3% im-
provements over strong baselines while providing insights into which anatomical

1 https://autopet.grand-challenge.org
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structures are most relevant for pathology detection. (4) Plug-and-Play Framework
Extension: Building on the insights of APEx, we develop GRASP, a modular frame-
work that leverages existing frozen anatomy segmentation models through feature
alignment and pseudo-label integration, eliminating the need for auxiliary anatom-
ical training while maintaining the anatomy-pathology integration benefits across
diverse architectures.

Our work shifts anatomy-informed pathology segmentation from a narrow,
disease-specific approach to a flexible, generalist approach, enabling improved
detection of diverse pathologies, including tumors and foreign bodies, across mul-
tiple medical imaging domains and tasks.

2.5 EVALUATION OF SEGMENTATION MODELS

Model evaluation is essential for two main reasons. First, model training typically op-
timizes proxy losses rather than target metrics. The cross-entropy loss, for example,
penalizes distributional misalignment and low confidence predictions, and can be ap-
plied to segmentation by treating it as per-voxel classification. However, this creates
a gap between what we optimize and what we actually care about. Second, training
performance provides no guarantee of generalization to unseen data, making indepen-
dent evaluation necessary.

Inspired by our preceding work [128], we observe that a large number of works treat
the task of identifying tumors in CT or PET/CT scans as a semantic segmentation
task [5, 10, 73, 80, 81, 106, 107, 241, 371]. We previously discussed datasets related to
this body of work in Section 2.1.

While there are works [87, 108, 142, 143, 352, 353, 375] that treat tumor identification
as an object detection task, they operate on 2D or 2.5D slices. The strong performances
of semantic segmentation models across different domains [120], and the easier op-
timization task of volumetric semantic segmentation compared to volumetric object
detection [21, 125] due to the pixel-wise learning setup, have led to the widespread
formulation of volumetric tumor localization as a semantic segmentation task.

Naturally, semantic segmentation models are commonly evaluated using seman-
tic segmentation metrics, such as the Serensen-Dice coefficient [61], Intersection over
Union (IoU) [124] or Normalized Surface Dice [235, 281]. These metrics share a common
limitation: They only consider a simple overlap between the predictions and the target
without considering individual instances. Furthermore, these metrics are heavily bi-
ased towards large instances, as they naturally account for the majority of the volume.
The resulting inflated importance of large metastases, however, does not necessarily
reflect their clinical relevance. Smaller lesions can be equally or more significant for
patient prognosis and treatment planning than large lesions. Current medical guide-
lines, including the gold standard TNM staging system, demonstrate that metastatic
lesions as small as o.2mm are clinically meaningful when they represent spread to
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novel organ sites, automatically upgrading patients to Stage IV disease regardless of
lesion size. Consequently, evaluation metrics that inherently downweight small lesions
may not accurately reflect the clinical utility of tumor detection systems, potentially
leading to models that perform well on traditional segmentation metrics but miss clin-
ically critical small metastases.

While a natural approach would be to use instance segmentation metrics such as
mean average precision (mAP) [67, 183], these metrics require network predictions to
have an explicit object notion, which semantic segmentation models inherently lack.

To address this issue, several metrics have been developed to work with semantic
segmentation outputs while still distinguishing between the segmentation of individ-
ual objects. The most well-known work is the Panoptic Quality (PQ) metric [153], which
assigns a prediction to a ground-truth if the IoU between the masks is at least 50%.
Via the identification of True Positives (TP), False Positives (FP), and False Negatives
(FN), these counting-based metrics are directly combined with overlap-based metrics
such as IoU, thereby aiming to strike a balance between size-agnostic counting-based
metrics and size-sensitive overlap measures that account for segmentation quality. The
threshold of 50% to match predictions to ground-truth components generates a unique
matching from predicted segments to ground-truth segments, but it also imposes a
fixed threshold that can lead to sudden changes in the behavior of the metric, which
we explore in Chapter 5.

Concurrent to ours, two lesion-aware dice modifications have been proposed:
Moawad et al. [225] introduced lesion-dice in the context of brain-tumor segmentation,
which builds upon the insights of Panoptic Quality but no longer enforces a unique
matching and allows multiple predictions to be assigned to multiple ground-truths.
While this adds flexibility, it introduces certain drawbacks from the non-unique map-
ping of predictions and ground-truth segments. [271] introduces ccDice, a topology-
aware metric that generalizes the Dice score from pixel-level to connected component-
level evaluation. ccDice establishes bijective mappings between predicted and ground-
truth components using embedding scores with a configurable overlap threshold and
a greedy heuristic to ensure a unique one-to-one matching.

Our contribution:

We introduce CC-Metrics: A novel evaluation protocol for semantic segmentation
in multi-instance detection scenarios where each connected component matters
equally. Our key contributions are: (1) Generalized Voronoi Partitioning: We de-
velop a proximity-based spatial partitioning approach that assigns each pixel to
its nearest ground-truth component, enabling threshold-free matching without ar-
bitrary overlap requirements. (2) Per-Component Metric Evaluation: We demon-
strate how existing segmentation metrics (Dice, Surface Dice, Hausdorff Distance)
can be computed locally within each Voronoi region, providing equal weight to all
components regardless of size while maintaining metric interpretability. (3) Com-
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prehensive Evaluation: We show through extensive simulations and real model
evaluations on PET/CT datasets that CC-Metrics reveals clinically relevant perfor-
mance differences masked by traditional global metrics, particularly for scenarios
involving missed small lesions. Our work addresses the critical gap between se-
mantic segmentation evaluation and clinical requirements in multi-instance medi-

cal scenarios, providing more informative assessment tools that align with clinical
priorities in Al-assisted diagnosis.
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AUTOMATED DATASET GENERATION

A key promise of the deep learning paradigm is the automated extraction of useful
features purely from data, as opposed to model-driven approaches that require a
careful selection of model parameters. This necessitates a sufficiently large amount
of data, which serves as the source of information for fitting the models’” parame-
ters. Within the medical field, this poses a problem due to the required expertise
to create such datasets. Although physicians can annotate a limited set of im-
ages, this approach becomes progressively impractical as data demands increase.
Within this Chapter, we first take a look in Section 3.1 on how to create a large-
scale dataset in an automated fashion, which is based on our ICIP 2024 contribu-
tion [130]. We then turn towards a data-centric discussion on the impact of poten-
tial errors in such large-scale datasets in Section 3.2 (currently in submission [127])
and their impact on model performances within training and pretraining settings.
While understanding label quality is crucial, segmentation models can still gen-
erate non-satisfactory masks regardless of training label quality—whether due to
faulty training labels or domain shifts during inference. To address the practical
challenge of imperfect predictions in clinical workflows, we introduce a dynamic
adaptation pipeline that allows physicians to interactively correct label predictions
in Section 3.3, based on our ISBI 2025 publication [105].

There are numerous technical methods for storing images and their associated la-
bels, including DICOM®, NRRD?, and NIFTY3 file formats. These formats are primarily
designed to provide pixel-wise or, in the case of volumetric imaging modalities such as
CT or MRI, voxel-wise information that maps spatial image locations to corresponding
semantic labels. This detailed spatial information is crucial for training deep learning
models, as algorithmic approaches interpret image data merely as arrays of numerical
values. An intuition is provided in Figure 3. While deep learning models were initially
developed within the natural image domain [58, 163, 197, 293], they have taken the
medical field by storm [53, 120, 219, 268] and have become the de facto standard for a
wide variety of tasks. Crucially, these models require annotated data from which they
can infer the desired mapping function from image to label space.

1 https://www.dicomstandard.org/
2 https://teem.sourceforge.net/nrrd /index.html
3 https:/ /nifti.nimh.nih.gov/

29



30

AUTOMATED DATASET GENERATION

&b

Human Intuition

991 -1568 | =800 -37.61

7217 -6595 4.02 45.78
2726 5619 -57.73
1009 2119 837  -4615 -2377 -13
2677 [4179 | -3673 2029 1176 i -35.38
947  -4947 3022  -4175 2101 -963  -44.90
14615 -4580  -37.40 2694 -49.38 -13.11
3443 | 3344 - 2984 8613
y 3307 7.48 -41.06  -57.58
-4132 -19.08 | 4183 1020 -1315 3018  7.52
-0.89 | 4015 2733 3568 -4363 8496 2596
4884 -1451 1332 1851 -4397 2241  -63.10
7306 3555 4789 1473 -31.86 E
4461 1485 1626 2457 -32.08 :

-2305 -1134 | 2745  -28.04 | 3569  -2265  -5323
214 -1435 -1283 | 2869
-34.90 4682 -6.38 18.97
5313 5492 -3699 7.5
-2041 | -6812 2269

6747 6173 -5503 025 | 7939 212  -39.02

Purely Pattern Matching

©CocooOoOrRRERERREREREROOOOOO OO0
CCOCOCORHEHEHEMEREOOOODOSO O
©cocoocoooOoO0OO0OOOCOR0 00O
COCOO0O0OCOCOOCONNNNNNGOOS OO
COCOOCO0OOOCOOCONNNNNNGSO OO
CoCo0O0O00O0O0000O00 000

o
o
o
o
o
o
o
o
o
o
o
o
o
o
o
o
o
o
o
o

Figure 3: Conceptual comparison between human (radiological) image interpretation (top)
and model-driven segmentation (bottom). Radiologists rely on semantic understanding and
anatomical priors, whereas models are parameterized functions trained to map pixel- or voxel-
wise intensity values to labels. These models adjust their weights purely based on data, without
intrinsic anatomical awareness.
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Figure 4: A sample image of the proposed Dense Anatomical Prediction Atlas dataset in a
coronal slice next to two 3D images with and without soft tissue rendered by 3DSlicer [151].

3.1 AUTOMATED DATASET CONSTRUCTION OF DAP-ATLAS
This section is based on our publication in ICIP 2024 [130]

Providing high-quality annotations in the medical field typically requires the an-
notator to have undergone in-depth medical training (e.g., becoming a radiologist),
which makes the generation of large datasets by scaling dataset annotations to thou-
sands of cheap annotators not feasible. Importantly, medical professionals must care-
fully balance the allocation of time between patient care and auxiliary tasks; dedi-
cating substantial effort to data annotation is often not feasible. Moreover, to obtain
gold-standard annotations, multiple expert segmentations should be collected and
merged using consensus-based approaches such as the STAPLE [332] algorithm to
mitigate individual bias and ensure reliability. For example, the recently proposed
ATM-dataset [367], which is comparable in size to the proposed Dense Anatomical
Prediction (DAP) Atlas dataset, utilizes three expert radiologists working on a single
label, with each CT volume requiring approximately 60-9o minutes [367]. Assuming an
average annotation time of 75 minutes per CT volume for this fine-grained class, creat-
ing this single-label dataset would require approximately 8o full working days, based
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on an 8-hour uninterrupted work schedule per day. Scaling this process to encompass
multiple labels, even considering reduced annotation times for simpler structures, be-
comes clearly impractical. This is not only due to the significant increase in workload
but also due to the heightened risk of radiologists” fatigue and potential errors arising
from the increased complexity of the task.

Given these substantial annotation challenges and resource constraints, it is unsur-
prising that current models for medical data predominantly specialize in partially an-
notated datasets on sub-areas of the human body. These datasets range from single-
organ annotations, such as the segmentation of the spleen or pancreas [294], to multi-
organ datasets, such as the BTCV [168], which contains annotations for 13 abdominal
organs. We provide an extensive overview of these datasets in Section 2.1.

The recently introduced Medical Segmentation Decathlon [5] aims at generalizing
models to multiple tasks. Each of the individual tasks, however, remains limited to
a specific body region and a particular organ of interest, which does not provide a
comprehensive anatomical view.

Other works [300, 333] that aim to create large-scale datasets have adopted human-
in-the-loop strategies. The creators of MOOSE [300], a multi-organ segmentation
model, employ a hybrid approach that combines expert annotation and automated an-
notations. The experts annotated a small dataset of 50 CT images, comprising 13 organ
structures, 20 bone segments, and 4 tissue structures, which were semi-automatically
extracted. For the majority of their labels, which are 83 cerebral structures, the authors
use an automatic segmentation approach by leveraging the Hammersmith atlas [94].

TotalSegmentator [333] approaches this problem via a human-in-the-loop strategy
in which an expert improves model predictions, which are again fed to retrain the
model to improve its predictions. While this procedure noticeably reduces the time
an expert spends on annotation, it still relies on direct interaction with experts for
multiple weeks to generate a dataset of 104 anatomical structures. It is also necessary to
acknowledge that large datasets with this many labels present a significant challenge
when evaluating label quality, as it becomes increasingly infeasible to manually verify
pixel-wise alignments for all anatomical structures. As such, TotalSegmentor, in its
initial version [335], relied on quality assurance via 3D renderings instead of manual
voxel-wise alignment checks.

When comparing the volumetric field to the two-dimensional image domain, sev-
eral works utilize entirely automated annotation for classification and segmentation
purposes [154, 280, 345] in both the medical and natural image domains. One example
is the recent Segment Anything-dataset [154]. Here, the authors train a base model on
manually annotated data and make predictions on unlabeled images through multi-
scale inference and filter predictions via non-maximum suppression, leading to 11
million annotated images. The general concept of pseudo-label filtering from weak an-
notations like image-level class labels improves the unlabeled training data and leads
to more stable models[223, 255, 263, 280, 321]. Other works [115] have demonstrated
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the successful application of pseudo-generated tumor labels on CT data of the liver,
resulting in accurate segmentation results for real liver tumors.

We build upon the core idea of pseudo-label filtering and refinement to employ
an expert-free dataset generation approach that aggregates the scattered anatomical
knowledge of multiple source datasets into a single whole-body target dataset. We
combine anatomical information from various sources through pseudo-label-based la-
bel aggregation and pseudo-label refinement via post-processing strategies, leveraging
anatomical textbook knowledge to verify the anatomical plausibility of the labels.

Through this strategy, we develop the Dense Anatomical Prediction Atlas dataset
(DAP Atlas), which aggregates the scattered anatomical knowledge from multiple
source datasets into a single dataset via sophisticated pseudo-label refinement through
post-processing strategies that leverage anatomical textbook knowledge to assert the
plausibility of the labels. This dataset is the first to contain dense annotations for al-
most every voxel in a full-body human CT.

The DAP Atlas has been approved by medical experts, despite not having been man-
ually annotated for its creation. The dataset consists of 533 whole-body CT images with
labels for 142 anatomical structures, ranging from general body composition tissues
and organs to bones and various vessels.

We believe that models trained on the DAP Atlas may serve a variety of clinically
relevant downstream tasks that benefit from extensive anatomical knowledge, such as
body composition analysis, surgery planning, or cancer treatment monitoring.

3.1.1  Data Acquisition

We begin by selecting a foundational dataset for label aggregation. Naturally, we
choose a whole-body dataset that allows us to collect labels from the entire anatomy:.
The recently published AutoPET dataset [81] offers an extensive collection of whole-
body PET/CT scans pertinent to therapy monitoring in nuclear medicine.

We select suitable scans from the dataset based on consistent slice thickness in the
axial plane, ensuring a homogeneous dataset that encompasses the body at least from
the head down to slightly below the hips. This approach allows the delineation of
anatomical structures across the head-neck, thorax, abdominal, and pelvic regions. We
show two examples that met the selection criteria in Figure 5.

DAP Atlas exhibits age, gender, and pathology distribution characteristics compa-
rable to those of the AutoPET dataset. A detailed descriptive analysis of these demo-
graphic and clinical dimensions is provided in Figure 35 in the appendix.

3.1.2  Knowledge Aquisition

The DAP Atlas dataset aggregates multiple sources of anatomical segmentation knowl-
edge, which we categorize into public knowledge, represented by publicly avail-
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Figure 5: Illustrated are two CT scans (top row) in coronal and sagittal views, selected from
the AutoPET dataset to serve as the foundation for the DAP Atlas dataset. As specified, each
scan encompasses anatomical regions from the head and neck down to below the pelvis. The
bottom row presents the corresponding PET scans for these patients.
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able datasets, and private expertise, comprising private datasets accessible to us.
We consider eleven public datasets, namely Pediatric [139], Total Segmentator [335],
SegThor [167], CT50Abdomen [206], MAL Cervix [168], Amos [133], RibSeg [355],
Verse [282], ATM [367], PARSE [201], Pelvic CT [187], which span segmentations of
differing origins and structures. We describe these datasets in detail in Appendix C.1.1
in the appendix.

We extract the knowledge represented through the labels by using ensembles of
nnU-Nets [120], a framework that automatically configures a U-Net [268] to learn the
labels of the respective datasets. The publicly available datasets employed are listed
alongside their corresponding label contributions to the DAP Atlas in Figure 7. After
training, we predict the learned labels into the selected AutoPET subset.

In addition to the previously described public datasets, we utilize non-publicly avail-
able datasets and models to incorporate unique and previously unavailable labels. One
of the models is the body composition analysis model [156], which differentiates be-
tween different types of tissue, such as fat or muscles. In total, we extract ¢ labels from
the body composition model source. Furthermore, we utilize a private dataset source
consisting of 104 diverse head and neck contrast CT images from four different source
cohorts [22, 23, 54, 86, 296, 315] to add 12 unique, previously unavailable labels in the
head-neck region, such as the artery subclavian.

After obtaining the labels from the different nnU-Net predictions, we use anatom-
ically derived rules to refine the current predictions and generate 7 additional labels.
An intuitive example for a new label that can be derived from the combination of ob-
tained labels and medical common sense is the skull. It can be derived from a thresh-
olding procedure obtained by the bone window present in CT images. Bones typically
yield CT values between 300 and 3000 Hounsfield Units (HU), which serve as the
described thresholds. The obtained set of voxels can be restricted to the area above
the C5 vertebra, which was previously obtained. Finally, we remove already predicted
vertebrae from the thresholded voxels, which leaves us with an accurate mask for the
skull. We also exploit the behavior of the neural network predictions, which have been
trained only on parts of the anatomy and typically confuse structures that appear sim-
ilar in the CT images. Common systematic errors include predicting the gonads as the
eyeballs or the colon as the nasal cavity due to the presence of air in these areas. We
exploit these systematic mistakes and remap the produced labels according to their lo-
cation within the human body. By employing these simple rules, we add 7 additional
labels

3.1.3 Knowledge Aggregation

Label Merging:
The workflow for constructing the DAP Atlas is illustrated in Figure 6. To aggre-
gate the predictions of the individual models, we define a common labeling scheme to
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which we map the obtained masks. When integrating the different anatomical struc-
tures into the Atlas labeling scheme, we aggregate them according to their anatomi-
cal hierarchical level from coarse to fine, starting from abstract tissue classes such as
muscles or fat. We gradually add the different organs and finally fine-grained vessel
structures such as Pulmonary Arteries. During the aggregation process, we employ ba-
sic anatomical rules to improve individual predictions. Since several labels represent
multiple versions of the same anatomical structure, such as the class aorta found in
the source datasets Total Segmentator, Amos, and SegThor, it becomes essential to in-
tegrate these predictions. Typically, we achieve this by merging the predictions from
models trained on different source datasets into a unified mask, representing the union
of all individual masks. For instance, the SegThor [167] model predicts the aorta only
within the thoracic region, despite the aorta extending beyond this boundary. By com-
bining this partial mask with additional masks generated by other models, we obtain
a comprehensive mask that accurately represents the aorta across the entire anatomy.
This integration process consolidates the anatomical knowledge from diverse datasets
into a singular, cohesive representation, which constitutes the primary objective of this
work.

Self-Training: After integrating the heterogeneous labels into the DAP Atlas label set,
which includes the rule-based novel labels, we generate a single, seamless dataset and
perform one iteration of self-training. The benefits of this procedure are fourfold: (1) It
unifies the heterogeneous label resolution stemming from the original datasets. The
expert models typically resample the target image to the resolution at which they were
trained. (2) It eliminates non-systematic random noise due to the network receiving
consistent feedback only from consistent predictions, a phonemenon well known [189,
190], (3) It distills the fragmented knowledge into a single model capable of predicting
the entire anatomy, thus massively decreasing the necessary inference time, and lastly,
(4) Self-training hampers the exact reconstruction of private data from expert models
which were directly trained on private source datasets.

We generate the raw version of the DAP Atlas dataset by applying the obtained
unified anatomical model to the selected DAP Atlas target volumes. While the over-
all label quality is good, we observe systematic errors where the networks repeatedly
mislabeled voxels of paired structures—for example, voxels of the right kidney were
included in the mask of the left kidney and vice versa, or vertebrae were confused with
their adjacent counterparts. Furthermore, we observe implausible predictions of struc-
tures within body regions that are not possible, e.g., the colon being predicted outside
the abdomen. Finally, we observe structures belonging to the reproductive system to
be predicted for the wrong sex. These errors can be corrected by reapplying anatom-
ical rules, which we formalize in Algorithm 3 and detail in Appendix C. We employ
two additional rule sets to filter implausible predictions: (i) during rib counting (Algo-
rithm 7), we exclude predictions that produce inconsistent rib orderings when derived
from median versus minimum rib points; (ii) during left-right splitting (Algorithm 8),
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we discard predictions where the hyperplane defined by vertebral centroids deviates
excessively from the expected axial orientation. An exemplary improvement through
the developed post-processing algorithm is displayed in Figure 8.

After applying Algorithm 3 to the raw labels, we receive the final version of the
dataset, which is rated as very impressive by a consulted radiologist. We describe the
extensive validation procedure of the dataset in Section 3.1.6.

We further develop a prediction model that relies less on algorithmic label improve-
ment and can be used to predict labels directly present in our DAP Atlas dataset. We
describe the procedure in detail in Appendix C.1.4. In the following, we will refer
to the first version of the model, which was previously described as the Atlas dataset
model (V1), as this is the one that was used for the dataset creation, and to the predic-
tion model as the Atlas prediction model (V2).

3.1.4 Data Access

We make the code for the dataset aggregation, trained models, post-processing
scripts, and the dataset itself publicly available*. The dataset is also hosted on
synapse.org/#!Synapse:syn52287632.1 under a CC-BY 4.0 license, ensuring long-term
availability.

DAP Atlas builds on top of the AutoPET dataset [81], which can be accessed on The
Cancer Imaging Archive (TCIA) under its collection name “FDG-PET-CT-Lesions” to
download the raw PET/CT data. We have retained the AutoPET naming convention
in DAP Atlas to ensure that the masks can be easily matched with their corresponding
original CT volume.

DAP Atlas Anatomical Labels
AutoPET_0011f3deaf_10445.nii.gz
AutoPET_01140d52d8_56839.nii.gz
AutoPET_0143bab87a_33529.nii.gz

The given name consists of the subject ID followed by the last 5 digits of the Study
UID, which allows a unique matching of the segmentation masks to the AutoPET CTs.

3.1.5 Compliance with Ethical Standards

Originally, for the CT source data from the AutoPET dataset, the ethics committee
of the University Hospital Tiibingen waived the necessity for ethical approval for
anonymized publication data. Further ethical approval was not required, as confirmed

4 https://github.com/alexanderjaus/AtlasDataset
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by the license attached with the open-access data (CC-BY 4.0) as confirmed by the au-
thors [81].

For public label sources, a public competition ethical approval was not required, as
confirmed by the license attached with the open-access data. For private label sources,
either informed consent was obtained from all patients for use of anonymized data
in retrospective studies [296] and/or Institutional Review Board approval was ob-
tained [156, 296].

3.1.6  Technical Validation

As previously discussed, we propose the DAP Atlas dataset as a knowledge aggrega-
tion dataset from multiple fragmented source datasets, which are impractical to train
neural networks on, as they only offer partial supervision for the presented anatomical
structure and label everything else as background. As the DAP Atlas dataset consists
of numerous volumes and is rich in labels, it is nearly impossible for experts to ver-
ify the correctness of every voxel. Other datasets containing few annotations can still
use manual label checking and correction. The Airway Tree Modeling dataset [367],
which is comparable in its number of CTs, provides annotations for a single label. As
previously stated, its creation time was 80 radiologist days. This demonstrates that
even manually checking and correcting labels in DAP Atlas at the voxel level is nearly
impossible. TotalSegmentator [335] accelerates verification by utilizing 2D renderings
of 3D organs; however, this approach still cannot guarantee voxel-wise correctness.

3.1.6.1 Evaluation Setup:

To address the aforementioned problem of evaluation, we propose a hybrid approach
that combines human experts, anatomical plausibility, and usefulness for the Deep
Learning community.

¢ Deep Learning Applicability: We verify the usefulness of our dataset for the
development of Deep Learning algorithms by taking our anatomical segmenta-
tion models to the test on the BTCV [168] abdomen dataset. This dataset was not
used in the construction of the dataset and provides an unbiased performance
check. We compare the performance of the Atlas dataset model and the Atlas
prediction model in Table 3

¢ Expert Checks: To obtain human feedback while accounting for the limited avail-
ability of medical experts, we asked a radiologist to evaluate a subsample of 25
randomly selected volumes from the DAP Atlas dataset.

* Anatomical Insights of DAP Atlas: To verify the general, global anatomical plau-
sibility of the dataset, we use the labels of the DAP Atlas dataset to calculate
the volumes and mean intensities as characteristic descriptors of the different
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anatomical structures. We plot these descriptors against the age and gender of
the patients and verify if they follow characteristic medical curves. Furthermore,
we compare the volume distributions of Atlas organ masks with several anno-
tated datasets to investigate deviations in volume distributions across different
datasets. Finally, we investigate which anatomical structures in the Atlas dataset
are most affected by which type of cancer.

By combining these three evaluation approaches, we leverage the thoroughness of
human expert local voxel-wise checks with the scalability of global overall checks,
ensuring that the dataset introduces merit to the Deep Learning community.

3.1.6.2  Evaluation Results:

In the following sections, we present the results of applying the established evaluation
protocol to our dataset.
Deep Learning Applicability

Regarding the usefulness of the provided dataset for Deep Learning models, we
test the developed Atlas models on the BTCV [168] dataset. This dataset has not been
used to construct the DAP Atlas dataset and provides an unbiased performance check.
We emphasize that we do not fine-tune the models using the BTCV training data,
but perform inference on the BTCV test set without post-processing. We report the
performance measures of the Atlas dataset model and the Atlas prediction model
in Table 3.

Our Atlas dataset model achieves an average Dice score of approximately 81%. The
Atlas prediction model (V2), developed through iterative training and post-processing
cycles, achieves an 85% dice score, an improvement of ~ 4%, demonstrating its in-
creased robustness due to the adapted training schedule. 85% dice is on par with state-
of-the-art medical segmentation models such as UNETR [99], which are trained in a
standard supervised fashion on the training dataset. The Atlas prediction (V2) model
shows significant improvements in abdominal structures, i.e. 81% vs 85% for the vena
cava inferior (IVC) or 75% vs 83% for the pancreas, and in particular smaller struc-
tures such as Adrenal Glands. But we also notice small decreases in performance for
Left and Right Kidneys. Regarding the Mean Surface Distance performance, we observe
an overall improvement in the Atlas prediction model compared to the Atlas dataset
model; however, the improvements in individual organs do not follow a clear pattern.
In summary, we find that the DAP Atlas dataset enables the creation of high-quality
anatomical models, capable of delivering predictions on par with those of models
trained on the respective datasets.

A qualitative assessment of the label quality is shown in Figure 9. Our model predic-
tions exhibit a remarkable level of alignment with the ground truth. Beyond that, we
also show how the BTCV organs are a well-integrated small fraction of the anatomical
structures of the human body, which our model is able to segment.

39



40

AUTOMATED DATASET GENERATION

Spl RKid LKid GB Eso Liv Sto Aor IVC PV&SV Pan RAd LAd Tot

Dice Scores (%)
Atlas (V1) 96 91 94 62 72 97 84 91 81 76 75 64 59 81
Atlas (V2) 96 86 92 72 80 96 86 92 85 77 83 75 74 85

Mean Surface Distance
Atlas (V1) 1.14 221 083 - 1.68 079 3.26 1.51 2.03 148 253 1.30 1.67 2.03
Atlas (V2) 0.65 4.28 170 - 138 1.21 250 1.29 1.87 1.77 151 0.80 0.90 1.85

Table 3: Class-wise Dice and Mean Surface Distance performance on the BTCV dataset
for the Atlas dataset (Vi) and Atlas prediction model (V2). Predictions of both models
are evaluated without post-processing. Both models deliver convincing performances; how-
ever, the robust Atlas V2 model benefited from the adapted training procedure. Abbrevia-
tions: Spl=Spleen, RKid=Right Kidney, LKid=Left Kidney, GB=Gallbladder, Eso=Esophagus,
Liv=Liver, Sto=Stomach, Aor=Aorta, PV&SV=Portal Vein & Splenic Vein, Pan=Pancreas,
RAd=Right Adrenal, LAd=Left Adrenal, Tot=Total.

Expert Checks:

We include a human expert in the quality check pipeline. To gather human feedback
on the DAP Atlas dataset, we randomly sampled 25 volumes and had an expert
radiologist evaluate the quality, discuss shortcomings, and explore applications. The
following section discusses the feedback we received and displays the strengths and
weaknesses of the DAP Atlas dataset.

Overall, the feedback that we received was mostly positive:

Owerall, for whole-body segmentation of a normal patient, it’s very impressive. [...]

It was also good on some patients pointing out a small hiatal hernia. Otherwise,
I think it is more useful for medical students and internal medicine doctors who
may not be as familiar with anatomy on CT.

In addition to this general feedback, we gained some insights into the structural
mechanics of the dataset, which we summarize below. The expert noted that some
structures do not always seem to be homogeneously segmented, naming predomi-
nantly the spinal canal. Further, for tree-like structures such as the pulmonary artery,
the fine-grained branch endings lose detail and become under-segmented. Lastly, it
was noted that the borders of abutting abdominal organs are at times offset and differ
from the expert’s estimation.

Anatomical Insights of DAP Atlas:

As a first global check, we compare the volume distributions of the masks in our
proposed DAP Atlas dataset against other datasets that were annotated by experts.
The different volume distributions are shown in Figure 10.
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The selection of anatomical structures for which we display the distribution plots is
based on the criterion that at least two additional datasets, in addition to the proposed
DAP Atlas dataset, contain the structure. By observing the distributions, we find that
the volume distributions for the same organs in different datasets do vary by small
amounts, but the general shape of the distributions is very similar among the datasets.
Small differences in the distributions of organ volumes across the datasets are quite
plausible and may stem from limited sample sizes, different annotation schemes, or
the patient selection criteria. For instance, the distributions of organs in the Pediatric
dataset tend to be shifted to the left, which can be easily explained since the dataset
focuses on patients below the age of 18 years. Larger variations and in particular dis-
tributions deviating towards the origin can stem from CT images only covering parts
of organs, which is common in the Total Segmentator dataset. When comparing the
DAP Atlas dataset to the family of organ distributions, we find it to be well-integrated
in terms of its distribution support and shape.

To analytically confirm this, we compute the Jensen-Shannon Divergence (JSD), a
symmetric, finite measure that calculates the deviations between distributions. For
each of the analyzed anatomical structures, we calculate the JSD of a dataset’s volume
distribution to all other volume distributions within the same structure. We average
these values to receive the distribution’s average divergence to all other distributions
for a given structure. The greater the average value, the more distant the volume
distribution is from its peers. Finally, we create a box plot to compare the distribution
of average divergences across datasets. We find that the DAP Atlas dataset is well-
placed among the other datasets, with distributional agreements that are very similar
to those of voxel-wise expert-annotated datasets.

As a second global check, we calculate the volume and mean intensity of each
anatomical structure in the DAP Atlas dataset and plot them against the age of the
patients in Figure 11.

We organize Figure 11 into three parts. The three scatter plots on the left side dis-
play the volume of the mentioned organ masks in milliliters plotted against the age
of the patients, which can be obtained from the metadata. Two general observations
are apparent: first, organ volumes in female patients are systematically smaller than in
male patients. Second, quadratic fits reveal well-described medical patterns. The liver
displays a downward-facing parabola, increasing during early adulthood, reaching a
plateau, and declining with advanced age, consistent with known hepatocyte loss and
reduced perfusion. The left atrium shows a monotonic increase in volume, reflecting
the cumulative effect of reduced ventricular compliance and age-related diastolic dys-
function, both of which elevate atrial load. Both of these behaviors are well-known
medical facts [149], confirming the anatomical plausibility of the dataset. The left ven-
tricle, in contrast, follows an inverted U-shaped trajectory, peaking around the age of
50 years in our cohort before declining.
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The three scatter plots on the right display the calculated mean intensities, measured
in HU of the respective structures in the CT, as indicated by the corresponding Atlas
masks. We choose three characteristic examples and observe physiologically consis-
tent trends: hip bone density declines with age, reflecting osteoporosis; liver attenua-
tion decreases, consistent with age-related fat accumulation; and finally, an interesting
observation can be derived from the last plot of the skull which presents an outlier:
The reason is a patient with dental implants pushing up the average HU-values of the
patient’s skull due to extreme hardness.

In the bottom row, we show an example of a potential future use case in which
the Atlas dataset may serve as a cornerstone in the joint investigation of the entire
anatomy and pathologies. We calculate which of the known structures in the Atlas
dataset are most affected by which type of cancer. For each patient, we examine which
anatomical structures are affected by cancer. When determining if an anatomical struc-
ture has been affected by cancer, we consider it to be cancerous if there is at least
one voxel labeled as cancerous tissue. During this analysis, we do not distinguish be-
tween metastasis and primary cancer cells. Finally, we normalize by the total number
of patients with the respective disease to determine the likelihood that an anatomical
structure is affected, stratified by a given diagnosis.

3.1.7 Limitations of the Dataset

When using the dataset, certain limitations of the provided labels should be considered.
First, the cohort was retrospectively collected from patients referred for oncological
imaging under suspicion of lymphoma, melanoma, or lung cancer, with approximately
half ultimately diagnosed with a malignancy. Thus, the data do not represent a healthy
reference population, and organ morphology may be influenced by disease, treatment,
or comorbid conditions. Users of the dataset may choose to filter the dataset to only
include healthy subjects, thereby easing this effect.

Second, the organ volumes are derived from automated segmentations, which, de-
spite extensive quality control, can introduce errors or occasional mislabeling. Third,
the imaging protocols originate from routine clinical examinations, resulting in hetero-
geneity of scanner types, acquisition settings, and reconstruction parameters that may
affect the consistency of the generated labels.
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ID | Label ID | Label ID | Label

o | Background 49 | Vertebra Cy 97 | Humerus Left

1 | Unknown Tissue 50 | Vertebra T1 98 | Humerus Right

2 | Muscles 51 | Vertebra T2 99 | Skull

3 | Fat 52 | Vertebra T3 100 | Hip Left

4 | Abdominal Tissue 53 | Vertebra T4 101 | Hip Right

5 | Mediastinal Tissue 54 | Vertebra T5 102 | Sacrum

6 | Esophagus 55 | Vertebra T6 103 | Femur Left

7 | Stomach 56 | Vertebra Ty 104 | Femur Right

8 | Small Bowel 57 | Vertebra T8 105 | Heart

9 | Duodenum 58 | Vertebra Tg 106 | Heart Atrium Left

10 | Colon 59 | Vertebra T1o 107 | Heart Tissue

12 | Gallbladder 60 | Vertebra T11 108 | Heart Atrium Right

13 | Liver 61 | Vertebra T12 109 | Heart Myocardium

14 | Pancreas 62 | Vertebra L1 110 | Heart Ventricle Left

15 | Kidney Left 63 | Vertebra L2 111 | Heart Ventricle Right

16 | Kidney Right 64 | Vertebra L3 112 | [liac Artery Left

17 | Bladder 65 | Vertebra L4 113 | [liac Artery Right

18 | Gonads 66 | Vertebra L5 114 | Aorta

19 | Prostate 67 | Costa 1 Left 115 | Iliac Vena Left

20 | Uterocervix 68 | Costa 1 Right 116 | Iliac Vena Right

21 | Uterus 69 | Costa 2 Left 117 | Inferior Vena Cava

22 | Breast Left 70 | Costa 2 Right 118 | Portal Vein and Splenic Vein
23 | Breast Right 71 | Costa 3 Left 119 | Celiac Trunk

24 | Spinal Canal 72 | Costa 3 Right 120 | Lung Lower Lobe Left

25 | Brain 73 | Costa 4 Left 121 | Lung Upper Lobe Left

26 | Spleen 74 | Costa 4 Right 122 | Lung Lower Lobe Right

27 | Adrenal Gland Left 75 | Costa 5 Left 123 | Lung Middle Lobe Right

28 | Adrenal Gland Right 76 | Costa 5 Right 124 | Lung Upper Lobe Right

29 | Thyroid Left 77 | Costa 6 Left 125 | Bronchus

30 | Thyroid Right 78 | Costa 6 Right 126 | Trachea

31 | Thymus 79 | Costa 7 Left 127 | Pulmonary Artery

32 | Gluteus Maximus Left | 8o | Costa 7 Right 128 | Cheek Left

33 | Gluteus Maximus Right | 81 | Costa 8 Left 129 | Cheek Right

34 | Gluteus Medius Left 82 | Costa 8 Right 130 | Eyeball Left

35 | Gluteus Medius Right | 83 | Costa 9 Left 131 | Eyeball Right

36 | Gluteus Minimus Left 84 | Costa 9 Right 132 | Nasal Cavity

37 | Gluteus Minimus Right | 85 | Costa 10 Left 133 | Artery Common Carotid Right
38 | Iliopsoas Left 86 | Costa 10 Right | 134 | Artery Common Carotid Left
39 | lliopsoas Right 87 | Costa 11 Left 135 | Sternum Manubrium

40 | Autochthon Left 88 | Costa 11 Right | 136 | Artery Internal Carotid Right
41 | Autochthon Right 89 | Costa 12 Left 137 | Artery Internal Carotid Left
42 | Skin 9o | Costa 12 Right | 138 | Internal Jugular Vein Right
43 | Vertebra C1 91 | Rib Cartilage 139 | Internal Jugular Vein Left
44 | Vertebra C2 92 | Sternum Corpus | 140 | Artery Brachiocephalic

45 | Vertebra C3 93 | Clavicula Left 141 | Vein Brachiocephalic Right
46 | Vertebra C4 94 | Clavicula Right | 142 | Vein Brachiocephalic Left
47 | Vertebra Cs 95 | Scapula Left 143 | Artery Subclavian Right

48 | Vertebra C6 96 | Scapula Right 144 | Artery Subclavian Left

Table 4: Full list of available labels in the DAP Atlas dataset. Besides the self-explanatory tis-
sues, we include a class Unknown Tissue indicating tissue that likely still needs to be annotated.
It typically contains tissue structures that have not been annotated explicitly but were obtained
by morphological operations. We still include this class as it has the potential to be useful for
future work.
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Fragmented Anatomical Knowledge DAP Atlas
Dataset

Development of
expert models

Merging & Post-
processing based on
medical knowledge

Develop
Generalist Model
& Retraining

Unified, Dense
Anatomical
Label Aggregation Knowledge

Figure 6: The DAP Atlas dataset provides a holistic, dense label map spanning 142 anatomical
labels. After training expert models on several source datasets, we aggregate their knowledge
on a subset of the AutoPET dataset and refine the predictions using anatomical textbook-
based rules. After one iteration of self-training, the predictions are refined by a post-processing
algorithm.
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Figure 7: Overview of the different source datasets from which the DAP Atlas dataset is de-
rived. On the bottom row, we show the number of labels in the DAP Atlas dataset that are
influenced by the respective source dataset. The abbreviations for the datasets are as follows:
P:Pediatric [139], TS: Total Segmentator [335], V: Verse [282], RS:RibSeg [355], Hip: Pelvis
CT [187], A:Amos [133], C:MAL Cervix [168], ATM: ATM Airway Tree Modelling [367], PARSE:
Pulmonary Artery Segmentation [201], ST:SegThor [167], Abd: CT50 Abdomen [206], Rule:
Rule based derived label, BCA: Body composition analysis model [156], HN: Private Head-
neck dataset.
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Raw Output Post-Processed

Figure 8: Comparison of the raw output of the unified model and the post-processed volume.
In red, we mark problem regions in the raw labels, which are corrected by the post-processing
algorithm.

Figure 9: Qualitative assessment of the BTCV [168] out-of-distribution performance of the Atlas
prediction model. As ground-truth labels for the test set are unavailable, we conduct inference
on the training set for this evaluation. The model has not seen any part of this dataset, neither
the training nor the test set. On the left, we show the ground truth of an example within the
training dataset, alongside the predictions obtained by our model. On the right, we display
all the predictions that can be obtained by our model, highlighting the 13 BTCV labels. We
make two observations. The 13 BTCV organs are meticulously addressed in our approach,
aligning closely with the ground truth. Furthermore, the BTCV organs are only a fraction of
the structures that our model can segment. As shown on the right side, our model achieves
comprehensive and dense anatomical segmentation of the human body.



3.1 AUTOMATED DATASET CONSTRUCTION OF DAP-ATLAS

0.005 A
Total Segmentator Total Segmentator 0.030 Total Segmentator
0.004 Pediatric 0.00201 Pediatric Pediatric
. CT50 Abdomen e Atlas 0.025 1 Amos
Amos © 0.0015 | Atlas
 0.003 1 BTCV ‘E E 0.020
€ e Atlas = 3 0.015 4
5 = | .
% 0.002 g 0.0010 3
° 0.010
0.001 0:00034 0.005 -
0.000 - 0.0000 - = i 0.000 - —
0 1000 2000 3000 0 1000 2000 3000 150 200 250
0.04
Total Segmentator 0:0014 LITS Total Segmentator
Pediatric 0.0012 Total Segmentator 0.020 1 ) CT50 Abdomen
0.031 CT50 Abdomen Pediatric / Amos
5 Amos 0.0010 1 CT50 Abdomen » 0.015 BTCV
3 BTCV 5 0.0008 - Amos ]
2 0.024  Atlas 2 BTCV N
3 0.0006 Atlas 3
0.01 0.0004 -
0.0002
0.00 - ™~ 0.0000 -
0 100 200 300 400 0 2000 4000 6000
0.0150 4 Total Segmentator Total Segmentator Total Segmentator
Pediatric 0.010 Pediatric 0.006 1 Pediatric
0.0125 4 Amos Amos ] CT50 Abdomen
0.008 0.005
£ BTCV i [ Atlas Amos
2 0:01007 3 p— S 0.004 BTCV
z ] - 2 - Atlas
é 0.0075 2 & 0.003 1
~0.0050 1 0.004 0.002
0.0025 1 0.002 1 0.001 4
0.0000 - 0.000 - 0.000 -
0 1000 2000 3000 4000
Distribution of Average Jensen-Shannon Divergences Between Volume Distributions Across Datasets
3.5 °
o
@ 3.0
c o o
o ¢
C o 2.59 o
c o o
S0
& 2 2.0 °
L 0O
S o
&2 154
S ®
88
a 1.0
0.5

Atlas TotalSeg SegThor Pediatric AbdomenCT Amos BTCV

Figure 10: In the upper part, we show a comparison of the distribution of volumes in milliliters
for exemplary anatomical structures. Each color indicates organ volume masks coming from
different datasets. In black, we show the distributions derived from the DAP Atlas masks. To
compare how well the distributions align with each other, we calculate the Jensen-Shannon di-
vergence between each distribution and the corresponding distributions from all other datasets,
and then average these divergences. This yields a mean Jensen-Shannon divergence per dataset
and organ, which reflects how closely the volume statistics of a given dataset align with those
of the others. Repeating this procedure across organs and datasets, we summarize the results in
a box plot, thereby providing a comparative view of anatomical consistency between datasets.
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Figure 11: Age-related trends in organ volumes (scatter plots left) and mean CT intensities in
HU (scatter plots right), stratified by sex. The bottom row illustrates a potential application of

the Atlas dataset, showing the distribution of cancer-affected anatomical structures.
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3.2 GOOD ENOUGH? AN INVESTIGATION ON THE RELEVANCE OF LABEL QUALITY

The following section is based on our work [127] (currently in submission).

We previously introduced the DAP Atlas dataset as an approach in which we auto-
matically generate a dataset from scattered anatomical knowledge. While the overall
dataset quality was rated as impressive by a radiologist, as discussed in Section 3.1.6,
errors cannot be avoided for every mask in every scan. This finding is not confined to
the dataset we provide, but also applies to other, more recently introduced large-scale
datasets [256, 333], which contain masks of lower quality, as recent works have pointed
out [20, 177].

Figure 12: Can you spot the difference between these organ labels, and do you think they
matter in a dataset containing tens of thousands of volumetric masks?

3.2.1  Motivation

12500 hours—that’s how long a radiologist would need to annotate all masks in our
DAP Atlas dataset [130] as derived in Section 3.1, assuming an optimistic 10 min-
utes per mask. Other large-scale datasets [178, 206, 256, 333] are no exception. Be-
ing clearly infeasible to annotate by hand, these works employ different strategies to
ensure that the masks are of good quality: DAP-Atlas relies on algorithmic checks
with radiologists for validation as explored in depth in Section 3.1.6, TotalSegmen-
tator [333] employs a human-in-the-loop refinement, and AbdomenAtlas [178, 256]
uses uncertainty-based guidance to identify automatically generated masks in need of
corrections. The common approach of refining automated masks significantly reduces
workload but still requires substantial radiologist involvement, with dataset curation
taking weeks [256]. This raises the question: When is improving label quality ac-
tually worth the effort? To answer this, we analyze the impact of label quality for
medical segmentation across various datasets, identifying when improvements matter
and when they have minimal effect.

We create multiple versions of the same dataset of varying quality by treating the
dataset as a prediction task for a wide range of models, including nnU-Net [120] and
recent medical foundation models [118, 204, 333]. Comparing their predictions to the
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actual ground truth, we assign them a label quality and use the predicted labels to
train segmentation models on them. The resulting segmentation models are evaluated
across two tasks: in-domain performance and pretraining suitability, assessing how
well the labels support pretraining for a different downstream task of interest. Our
findings indicate label quality is crucial for in-distribution evaluation but less for pre-
training with subsequent fine-tuning.

3.2.2  Methodology

3.2.2.1  From Labels to Pseudo-Labels

We first outline the creation process of pseudo-labels by defining derivatives of a base
dataset as

Dy = {(X}, g(X")1 (1)

i=1
where g is a neural network, capable of generating predictions g(X') = \?; based on
the input X'. Within this work, we consider a set of pseudo-label generators § ={nnU-
Net [120], MedSAM [204], STU-Net(smal, base, large, huge} [118], TotalSegmentator [333]},
allowing us to generate a total of 7 different pseudo-label datasets (one for each g € 9)
in addition to the original dataset. To keep notations consistent, we define §* = G U
{base} to include the original dataset labels in this notation.
Pseudo-Label Generators:
We utilize three types of pseudo-label generators, each representing a distinct family of
medical segmentation models. The first category consists of in-domain dataset genera-
tors, trained on Dy, thus adapting the specific annotation style of the dataset. Here,
we use the nnU-Net [120] as one of the most popular and successful segmentation
frameworks. We use five-fold cross-validation, training a separate model for each fold.
Each model is trained on four folds and predicts the fifth. This replaces the original
labels with predictions from five distinct models, forming the new dataset Dpnu-Net
composed entirely of predicted labels.

The second type of pseudo-label predictor includes non-interactive foundation mod-
els, such as TotalSegmentator [333] and the STU-Net [118] family. TotalSegmentator
has established itself as a widely used segmentation model that can robustly segment
large parts of the human anatomy out of the box. The STU-Net family consists of
the same U-Net [268] inspired architecture across 4 different model parameter sizes
trained on the TotalSegmentator dataset. The authors find that scaling model param-
eters tends to improve segmentation results. For our study, this poses an opportunity,
as the scaled versions of the same models that are trained on the same datasets are
unlikely to introduce fundamentally different types of mistakes. Instead, we expect
errors to be scaled versions of those seen in smaller models, making it easier to simu-
late scenarios in which prediction masks are slightly improved. We explore this claim
qualitatively in Figure 13.
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STU-Net small STU-Net base STU-Net large MedSAM

Figure 13: Overview of model prediction in yellow and the ground truth in green. STU-Net
predictions tend to improve with model size, keeping the types of errors the models make
constant, e.g. over-segmentation of Couinaud’s liver segment VI (red circle) and iterative im-
provement in segment IV (red arrows). Best seen on screen with zoom.

A final remark on non-interactive pseudo-label predictors: neither the STU-Net vari-
ants nor TotalSegmentator predictions can be steered toward the desired annotation
scheme. We thus remap one or multiple of the predicted labels to represent the corre-
sponding label in Dy,se. We ignore all labels that cannot be matched. More details are
outlined in Equation (3).

Finally, we utilize the interactive foundation model MedSAM [204], which provides
a bridge between the in-domain dataset generators, which are perfectly able to cap-
ture the annotation style of the dataset, and the previously discussed non-interactive
models, whose predictions cannot be altered. To generate predictions with MedSAM,
we slice the volumetric images and generate bounding boxes around the ground-truth
segmentation masks to prompt the model, allowing it to adapt to the original labels
without requiring training.

Selection of base Datasets:

As datasets D, we select BTCV [168] (30 cases, 13 organs), WORD [202] (100 cases, 16
organs), AMOS [133] (200 cases, 15 organs), CT-1K [206] (1,000 cases, 4 organs), and
AbdomenAtlas [178, 256] (5,200 cases, 9 organs).

These datasets are chosen based on their popularity, shared focus on abdominal
organ segmentation, and increasing dataset scale. The progressive increase in dataset
size and organ diversity enables a comprehensive analysis of label quality impact
across multiple organs and dataset magnitudes.

3.2.2.2  Assessing the Quality of the Pseudo-Label datasets

For each base dataset D, we compute the different pseudo-label variants as outlined
in Equation (1). Following [206], we measure label quality via Dice and Surface Dice to
assess how well each pseudo-label dataset (e.g., BTCVnnunet) matches its original labels
(BTCVpase)- We report the results in Table 5 which were computed as follows: For each
pseudo-label \?; in D with iA € {1,...,N} and each organ structuAre k €{0,...,K}in
D, let dy,i = Dice(Yy 4. (k), Yg(k)) and sy,i = SurfDice(Yy 4. (k), Yg(k)) be the binary

base
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Table 5: Overview of the quality of different pseudo-label dataset variants

BTCV Word Amos CTik Abd. Atlas

nUnet Dice 82.8+15.3 | 83.7+12.8 | 89.2+12.6 | 95.2+4.3 | 90.6%+13.7
Surf. Dice | 77.9£8.8 | 76.5£8.7 | 85.2+9.2 | 88.949.4 84.4%9.2
MedSAM Dice 63.1+20.8 | 56.8+18.6 | 59.9£23.7 | 72.9£13.6 | 39.4%20.5
Surf. Dice | 55.9+7.5 | 49.6+7.0 | 51.9%+7.2 | 57.84+7.6 24.8%+5.0
TotalS Dice 84.2+12.0 | 79.3+10.3 | 82.9£13.7 | 91.9+5.5 | 86.6£16.4
Surf. Dice | 78.748.9 | 65.4+8.1 | 71.6+£8.5 | 80.31+9.0 76.11+8.7
STUS Dice 81.4t14.3 | 74.84+13.6 | 80.9+15.5 | 91.5+6.5 | 83.2£19.9
Surf. Dice | 73.748.6 | 57.6+7.6 | 66.8+8.2 | 78.6+8.9 70.0£8.4
STUB Dice 83.1£t12.9 | 75.9%+12.5 | 82.1+15.5 | 92.0+6.4 | 84.7£18.3
Surf. Dice | 76.448.7 | 59.5+7.7 | 66.7£8.3 | 80.1£8.9 | 72.748.5
STU L Dice 84.4+11.8 | 76.5£12.9 | 82.7+15.1 | 92.2+6.0 | 85.2+18.2
Surf. Dice | 78.1+8.8 | 60.0+7.7 | 69.6+£8.3 | 80.6+9.0 | 73.8£8.6
STU H Dice 84.4%+12.3 | 77.2£12.1 | 83.0+14.6 | 92.2£5.8 | 858+17.4
Surf. Dice | 78.4%+8.9 | 60.9+7.8 | 69.7£8.3 | 80.84£9.0 | 74.4£8.6

Dice and Surface Dice scores of organ k, where Y}iJ ase(k) = Lyi_y is the binary mask
of the k-th anatomy label. \?é(k) = ]lwg:k is defined analogously. We first compute
the organ-level mean and standard deviation by averaging over the N subjects in D
separately per organ:

N N
dy = ]dek,i/ Oqk = ]L‘Z(dk,i_dk)zl (2)
i=1 i=1
and analogously sy, 05k for Surface Dice.

To aggregate the organ-wise scores we average dy across organs. To ensure a fair
comparison, we only consider anatomical structures that all generators g are capable
of predicting and ignore the others. This is necessary since the non-interactive pseudo-
label predictors only offer a fixed set of labels that cannot be influenced. These are,
however, only minimal adjustments affecting the class Prostate in Amos and Rectum
in Word, which are excluded from the calculation of the average. Formally, we define
the set of labeled anatomical structures in a dataset D as Lp = {lo, l1,..., lk,}, where
lo typically represents the background. The relevant set of labels used for pseudo-
labeling is denoted as Lp C Lp. To derive this set, we first remove 1, since we ignore
the background prediction. Then, we consider only labels that each pseudo-label gen-
erator g € G is capable of predicting, resulting in the set of common labels:
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Lp=1leLp\ly|Vgeglel, (3)

where L4 represents the set of labels that generator g can predict.

1 1
d= = di, 5=z ,
‘LD‘ Z ks S ‘LD‘ Z Sk (4)

To aggregate the standard deviations 04 and o5 of individual organs, we compute
the root-mean-square of the organ-level standard deviations over Zp.

When analyzing the results, we observe various patterns: (1) There is a clear im-
provement pattern from STU S — B — L — H, though the gains become smaller.
The largest improvements are seen between STU S and STU B, with smaller returns
for L and H variants across both metrics. This quantitatively confirms the previously
discussed desire to simulate slight mask improvements. (2) nnUNet outperforms on
most datasets, achieving Dice scores from 82.8% to 95.2%, benefiting from direct train-
ing on each dataset’s annotation style. Despite the non-interactive foundation models
being trained on larger datasets, they generally lag behind. An exception is BTCV (30
images), where they surpass nnUNet, but this advantage vanishes on larger datasets,
emphasizing nnUNet’s superior scaling. (3) MedSAM, as a candidate for an interactive
foundation model, fails to exhibit its unique advantage of adapting to the annotation
style through interactions, despite benefiting from extensive pre-training. A potential
reason for its consistently inferior performance is that it natively operates in 2D, which
prevents it from capturing the volumetric nature of the data, resulting in artifacts when
stacking its 2D predictions back into 3D. (4) TotalSegmentator and STUNetyge per-
form about equally well, providing strong performance despite not being fine-tuned
to the data or adapting to dataset-specific annotation styles.

3.2.3 Experiments and Results

We now turn to an evaluation of the impact of dataset quality on different downstream
tasks. We consider two distinct tasks: In-Domain evaluation and pre-training suitabil-
ity.

Training Setup:

We chose DynUnet [121] as our model of choice, as it offers a flexible and well-proven
architecture serving as the workhorse of the nnU-Net [120] framework. Let fp 9 € g+
be a deterministically trained DynUnet on the Dataset version of D that has been
generated by g. To mitigate any influence on model training except for the data, we
use a completely deterministic training for 1000 epochs where each epoch consists of
exactly 250 mini-batches, thereby oversampling the dataset if needed. For each dataset,
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we resample images to their respective datasets’” median resolution before extracting
patches. The patch sizes are specific for each dataset D, but remain constant across the
different versions D4Vg € §G. The network weights are updated using the AdamW [199]
optimizer over a cosine-annealing learning rate scheduler starting from a base learning
rate of 1le — 3. We leverage random 80/20 splits, setting aside 80% of the data for
training and 20% for evaluation. The splits are consistent across all versions of D.

3.2.3.1 In-Domain Evaluation

For the task of in-domain evaluation, we consider the setup, where a model fp o9 €
§G is evaluated against the dataset Dy qse. This represents a scenario where a model
is only trained on pseudo-labels but has to perform inference on the original labels.
This is a setting commonly found where given target structures should be segmented;
however, training labels are not available, and researchers may consider using pseudo-
labels.

We report the results in Figure 14 and Figure 15 and summarize our findings
as follows. (1) Overall, we see a strong correlation between label quality and net-
work performance. (2) Models trained on nnU-Net labels consistently outperform
others, achieving superior Dice and SDice scores across all datasets, highlighting
the benefits of training on in-domain data, and thereby adapting possible annota-
tion schemes. (3)fp,,, 4s.n UNiformly underperforms, with notably poor performance
on Abdomen Atlas. (4)Among the STU variants and TotalSegmentator, it is dataset-
dependent whether we see an increase in performance with an increase in label qual-
ity. Although a promising, albeit non-monotonic, pattern can be observed in the Word
dataset, on other datasets, such as Amos or Abdomen Atlas, small label improvements
are not necessarily translated into better performance. We hypothesize that one reason
could be the type of noise that is generated by the pseudolabel generator. While ran-
dom noise can be learned to be ignored by a model, systemic noise leads the model
to adapt the systemic error. (5) With increasing dataset size, we observe that marginal
performance improvements from enhanced dataset quality exhibit diminishing returns.
This trend is evident in the changing slope of the regressed dataset-quality model per-
formance relationship shown in Figure 15. We hypothesize that with a sufficiently
large dataset, models become capable of extracting the underlying signal while filter-
ing out inconsistent noise, thereby rendering smaller annotation variations negligible.
Beyond a certain threshold, we expect pseudolabels to serve as viable approximations
of the true ground truth, of which human-annotated labels are themselves high-quality
approximations, enabling models to achieve comparable performance whether trained
on pseudolabels or original training data. However, this relationship likely varies sig-
nificantly across medical imaging domains.

Limitations of this study:

While our findings may hold true for anatomy segmentation tasks where structural

boundaries are relatively well-defined and consistent, pathology presents a fundamen-
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Figure 14: In-Domain evaluation results for Dice ("x") and Surface Dice ("A"). We include
dashed y = x for reference and zoom into areas if markers are cluttered.

tally different challenge. In pathological imaging, subtle morphological changes often
carry critical diagnostic significance; yet, these nuanced features may not be adequately
captured by global metrics, such as the Dice or Surface Dice coefficient, when aggre-
gated across an entire dataset. Consequently, the tolerance for label noise and the
viability of pseudolabel approximations may be substantially lower in pathological
contexts, where precision at the pixel level can significantly impact diagnostic accu-
racy and clinical outcomes.

3.2.4 Pre-training Suitability

Pre-training a model on a dataset before fine-tuning it on a different dataset is a sec-
ond use case we investigate. We utilize the previously trained networks fp ,g € %,
which we will fine-tune on two downstream tasks: segmenting thoracic organs in
SegTHOR [167] and segmenting abdominal organs in the Flare Dataset [207]. We em-
ploy the same training setup as previously and keep the crop size, target resolution,
and normalization schemes constant with respect to the pre-trained model. We present
the results for SegTHOR in Table 6 and for Flare in Table 7. Cells, where training did
not converge, are marked with "—". We compute the quintiles for the data separately
by column and metric, and color the cells according to the quintile they fall into, from
worst (red) to best (green). In both tables, the columns indicate which datasets D were
used, and the indices of the rows indicate the pseudo-label generators g on whose
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Figure 15: In-domain evaluation of pseudo-labeled training on original labels. For each dataset
(2 x 2 grid), models fp trained solely on pseudo-labels from generators g € § are evaluated
against the base dataset Dy,a5. With original annotations. Points denote generators (consistent
colors across panels). Axes are equal and shared across panels to enable direct comparison. A
quadratic regression (solid) summarizes the relationship between dataset quality x and model
performance y. The dashed line indicates the identity y = x. With increasing dataset size,
we observe, marginal gains from higher pseudo-label quality diminish, as reflected by the
flattening slopes in the dataset-quality vs. performance regressions
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Table 6: Finetuning Evaluation results of the SegTHOR dataset.

BTCV Word Amos CTIK |Abd.Atlas

no pretrain Dic'e 87.4 £ 2.0|87.0 £ 2.3|88.2£2.2|86.5+ 3.0/ 83.5 % 8.6
SDice | 77.5 £ 2.8 | 79.7 £ 3.2 |88.5 £ 2.7 | 74.2 £ 3.0 | 62.6 + 13.4

base Dice |87.6 +2.0|88.8 &+ 2.0|89.7 &+ 1.6 |87.1 & 2.7| 87.3 £ 5.0
SDice | 78.5 + 2.7 |82.8 + 2.7 |90.2 & 2.2 | 75.0 £ 2.7| 70.5 + 7.6

AnU-Net Dice |87.7 £ 1.9|88.1 +2.1|89.2 + 1.8|88.0 & 2.8| 87.2 = 5.8
SDice | 79.8 & 2.6 | 81.8 &+ 2.7|90.1 £ 2.2| 76.3 £ 2.8 | 70.9 &+ 9.1

MedSAM Dice |87.1 £2.2|87.6 +2.3|89.2 + 1.9(88.0 & 2.8| 87.0 £+ 5.0
SDice | 79.7 + 2.8 | 80.8 &+ 3.0 | 89.7 & 2.4 | 76.1 £ 2.8 | 69.8 + 8.2

TotalS Dice |87.6 +2.0|88.5 = 2.1|89.1 & 1.9 |87.5 = 2.7 | 87.6 £ 4.7
SDice | 79.4 + 2.6 | 82.7 + 2.7 89.6 & 2.4 | 76.0 £ 2.7 | 71.7 + 7.5

STU S Dice |87.5 +2.0|89.0+ 1.8|89.3 & 1.7|87.6 = 2.8| 87.2 & 4.8
SDice | 79.6 & 2.8 [83.0 £ 2.7 |89.5 £ 2.2 | 76.4 + 2.8 | 70.2 £ 8.8

STUB Dice |87.9 + 1.8|88.0+2.2|89.4 + 1.7 — 87.0 £ 6.1
SDice | 79.6 £ 2.7 [81.4 £ 2.8 | 90.1 £ 2.3 — 70.6 £ 9.6

STU L Dice |87.3 £2.0(88.7£2.0(89.0£ 1.9 87.4+29]| 87.5=£53
SDice | 79.3 + 2.6 | 82.6 & 2.6 | 89.7 £ 2.3 | 76.1 £ 2.9 | 70.9 + 7.7

STU H Dice |87.5 £2.0(88.0£2.1|89.2+ 1.8|88.0+2.6| 87.3 £ 5.0
SDice | 79.6 &+ 2.8 | 81.5 & 2.6 | 89.7 £ 2.3 |76.8 £ 2.6 | 69.7 & 8.7

pseudo-labels the model fp , g € § was pre-trained. Finetuning is always performed
on the original labels.

We summarize our findings as follows: (1) Pre-training consistently improves over
initializing models from scratch: Dice and Surface Dice performances are improved,
and their variances are reduced. (2) The data quality still matters for pre-training but to
an almost negligible extent. While nnUNet labels and the original labels yield the best
results on average, the performance gap to MedSAM, previously an outlier with the
worst performance, has narrowed. MedSAM remains the weakest, but it is now well
within the range of other pre-training approaches. This indicates that models transfer
rather general concepts from the pre-training dataset compared to fine-grained infor-
mation. (3) Optimizing dataset processing is more crucial than pre-training. This can
be seen as scores vary more by column than by row.

One limitation of the previously reported results is the lack of comparability across
datasets. Since we utilize models developed during in-domain experiments, as de-
scribed in Section 3.2.3.1, we adjust the data processing of the downstream task to align
with the model configurations of the in-domain models. This approach constrains our
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Table 7: Finetuning Evaluation results of the Flare dataset.
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BTCV Word Amos CTIK |Abd.Atlas

no pretrain Dic.e 93.4 £2.0/93.5 £1.9|93.3 £ 2.1|93.5 £ 2.1| 93.2 = 2.1
SDice | 90.5 & 2.8 | 91.5 £ 2.6 | 93.8 £ 2.5|89.4 + 2.8 | 86.9 £ 3.0

base Dice |93.8 £1.9|/93.8 +1.8|93.5 +1.9/94.0+ 1.8| 93.8 £ 1.7
SDice | 91.2 &+ 2.7|92.0 & 2.5|94.0 £ 2.4 | 90.0 £ 2.8 | 87.7 & 2.8

AnU-Net Dice |93.7 £1.9|94.0+ 1.8/93.7 &+ 1.8|94.0 = 1.8 | 93.9 £ 1.8
SDice | 91.0 & 2.7|92.2 & 2.4 |94.4 £ 2.2 | 90.2 + 2.7 | 87.8 £+ 2.8

MedSAM Dice [93.5 £2.0/93.8 £ 1.8|93.5 = 2.0|93.7 £ 2.0| 93.6 + 1.8
SDice | 90.8 & 2.7|92.0 & 2.5|94.0 £ 2.5 | 89.8 £ 2.8 | 87.4 & 2.9

TotalS Dice [93.8 +£1.8|94.0+ 1.8|93.7 £ 1.9|94.0 £ 1.8| 93.7 + 1.8
SDice | 91.2 & 2.5|92.2 & 2.5|94.4 £ 2.3 | 90.0 £ 2.6 | 87.3 & 2.9

STU S Dice |93.7 £1.8{93.9+ 1.8|93.6 +1.9(93.9 + 1.8| 93.7 £ 1.9
SDice | 91.0 £ 2.6 | 92.2 £ 2.4 | 94.2 £ 2.3| 90.1 = 2.6 | 87.5 £ 2.9

STU B Dice |93.8 £1.8|94.0+£ 1.7 — — 93.7 £ 1.8
SDice | 91.1 + 2.6 |92.2 £ 2.4 — — 87.7 £ 2.8

STU L Dice |93.7 +1.9/93.9 £ 1.8|93.8 £ 1.8 |94.0 £ 1.8 | 93.8 £ 1.8
SDice | 91.1 £ 2.7 |92.1 £ 2.5 |94.4 £ 2.2| 90.1 = 2.6 | 87.8 £ 2.9

STU H Dice |93.7 +1.9/94.0 £ 1.7|93.6 £ 1.9|/93.9 £ 1.9| 93.8 £ 1.8
SDice | 91.1 2.6 |92.2 & 2.4 | 94.2 £ 2.3 |90.2 £ 2.6 | 87.6 £ 2.9
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Figure 16: Boxplot comparing the effect of pretraining on different variants of base datasets
across different pseudolabel generators, including original data. The models were pretrained
on the respective source dataset variants as generated by the pseudolabel generators and sub-
sequently fine-tuned on the clean Flare [207] dataset, on whose test set the respective model
performance was evaluated.

ability to compare results across pretraining datasets, as model configurations can
significantly impact performance [120]. To address this, we repeat the pretraining pro-
cedure using the desired target configuration of the downstream task, which we then
use to prepare the pretraining datasets. For the Flare dataset, we now aggregate the
results across different datasets and report the results in a boxplot in Figure 16. Inter-
estingly, we find that larger datasets, such as CT1k [206] or AbdomenAtlas [178, 256],
do not necessarily hold an advantage over the smaller dataset Amos [133], at least un-
der our chosen fixed computational budget setting. When comparing the results across
different predictors, outlined in Figure 17, we observe a similar pattern compared to
what we previously discussed in in Section 3.2.4 and in Tables 6 and 7: label quality
seems to play a limited role. Even models trained on the medsam-generated pseudola-
bels perform in the same league as those trained on much higher-quality pseudolabels.
We confirm these findings for a second dataset SegThor [167] in Figures 38 and 39 in
the Appendix C.2.

In summary, we find that for pre-training it is not worth improving the label quality.
Quality matters only if major improvements can be achieved. Small improvements will
not be translated into better performance.

3.2.5 Discussion

Our findings challenge prevailing assumptions about the necessity of large-scale, per-
fectly annotated datasets in medical segmentation. The strong correlation between
label quality and in-domain performance across datasets confirms intuitive expecta-
tions, yet reveals diminishing returns as dataset size increases beyond ~1,000 cases.
More surprisingly, for pretraining applications, label quality exhibits minimal impact:
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Figure 17: Boxplot comparing the effect of pretraining across datasets for different pseudolabel
generators. The models were pretrained on the respective source dataset variants as generated
by the pseudolabel generators and subsequently fine-tuned on the clean Flare [207] dataset.
The results are aggregated by comparing the influence of the pseudolabel generator.

Even poor-quality MedSAM pseudo-labels provide comparable transfer learning ben-
efits to high-quality annotations.

Implications for Dataset Creation: The medical AI community may be overinvest-
ing in large-scale dataset curation. Our results suggest that moderate-sized, well-
curated datasets with consistent annotation protocols may be a more cost-effective
and meaningful strategy than massive collections purely for the sake of scaling. This
contradicts the recent trend toward ever-larger datasets [178, 256, 333] and supports
more strategic resource allocation unless clear use cases for these large datasets can be
identified.
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3.3 ADAPTING AND IMPROVING LABELS USING THE LIMIS ARCHITECTURE

Models trained on imperfect labels—which we now know are prevalent in large-scale
medical datasets [256, 333] may make mistakes, but even models trained under perfect
labels can make mistakes due to annotation shifts (e.g., liver vessels are treated as part
of the liver instead of a separate class), generalization issues, and domain-specific
requirements. When segmentation results do not meet clinical expectations, how can
we efficiently adapt them?

The following section is based on our ISBI 2025 work [105] and introduces LIMIS: A
Language-based Interactive Medical Image Segmentation framework, which allows
users to generate and, more importantly, refine segmentation masks using natural
language, providing a hands-free solution for scenarios where traditional physical
input device-based interactions are impractical.
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Figure 18: Comparison of LIMIS with prior work. LIMIS introduces a unique, purely natural-
language-based segmentation and interaction strategy, extending beyond conventional interac-
tive or modality-specific approaches. On the right, we show an exemplary workflow.

3.3.1 Motivation behind LIMIS

Interactions in the medical field are currently limited to direct physical interactions
between a physician and a model, such as scribbles [338] or clicks [46] that are typ-
ically performed using mouse movements or mouse clicks. A downside of this ap-
proach is that these methods cannot be used in situations where physicians need
to use their hands to perform treatments or surgeries while depending on precise,
problem-tailored segmentations. Typical examples in the clinical routine are orthope-
dic surgeries such as the insertion of implants [165] that require intraoperative CT
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Figure 19: Top: Manual Language-based Adaptation options. Bottom: LIMIS flowchart showing
user input processing from language prompt to final mask via Grounding DINO (Lang2BBox),
ScribblePrompt (BBox2Mask), and User Interaction Loop.

images, real-time imaging in endoscopy [65, p. 443—450] or real-time X-rays during
cardiac catheterization [215]. To address the shortcomings of current physical inter-
active segmentation models, we pioneer the development of a model that can work
with natural language. We address the primary challenge of designing a system that
effectively utilizes natural language for segmentation and interaction tasks. In the fol-
lowing, we describe our efforts to make significant progress towards this goal by first
developing a framework that works with text-based inputs, laying the groundwork for
future adaptation to spoken language, which, given the robust capabilities of existing
Voice2Text models, can expected to be seamless.

3.3.2  Methodology

LIMIS consists of three major components: the Language to Bounding Box compo-
nent (Lang2BBox), which works with the Bounding Box to Segmentation component
(BBox2Mask) to generate an initial segmentation, and the User Interaction Loop. Fig-
ure 19 shows the structure of the LIMIS architecture, including some of the manual
user interactions.

3.3.2.1  Generating an Initial Segmentation from Language

To generate an initial segmentation mask from language input, we draw inspiration
from the Grounded SAM [264] architecture, which has already been explored for
colonoscopy [29] or X-ray [258]. Contrary to these works, we do not keep the standard
Grounded SAM architecture but adapt both its components: SAM [154] since it has
been shown to perform poorly on non-optical medical images such as radiographic
images [338], and Grounding DINO [191].
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To obtain an initial segmentation, we first generate a bounding box from a lan-
guage prompt in the Lang2BBox component. To achieve this, we adapt the text-based
object detector Grounding DINO [191] to the medical domain using the parameter-
efficient fine-tuning method LoRA [113]. This LIMIS component predicts a bounding
box around the target object. In the BBox2Mask component, we use the predicted
bounding box as a prompt to the ScribblePrompt [338] model, which is a medical
adaptation of SAM [154], to predict an initial segmentation mask.

3.3.2.2  Segmentation Refinement through User Interactions

The third component of LIMIS is the User Interaction Loop, allowing refinements
of the initial segmentation mask via user interactions. It starts by applying a default
adaptation to the image and segmentation mask. Users then assess if this improves the
segmentation mask and choose whether to keep it. This default strategy normalizes
the CT image based on the target organ’s typical radiological visualization parameters,
e.g., using liver-specific CT window settings. The strategy further expands the bound-
ing box by 10 pixels on each side. The choices for these default values are ablated
in Section 3.3.3.2.

After applying the default options, users have two methods to address potential
segmentation mask errors:

¢ Manual Adaptation: Adjust the segmentation mask through manual interac-
tions.

¢ Automated Multi-Step Strategies: Choose from four predefined automated
strategies designed to correct common segmentation issues.

Throughout the segmentation process, users can decide after each interaction whether
to continue with the updated mask or revert to any previous version. The final
segmentation mask can be selected from any step, and it does not need to be the one
generated in the last interaction.

Manual Adaptation via Interactions: LIMIS offers manual interactions inspired by
physical click-based interactions and active learning regimes:

* Bounding Box Changes: Shift location or change size.

¢ Confidence Threshold: Change the threshold determining if critical pixels are
part of the foreground mask.

* Click in Grid: Add a foreground /background click in one of 16 locations orga-
nized as a regular grid.

¢ Critical Region Decision: The system asks the users to decide for specific critical
points if these belong to the foreground structure or the background.
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¢ Center Click: Add a foreground click in the center of the bounding box.

¢ Change Normalization: Choose a new CT visualiztion window (location &
width) for image normalization.

* Generate Examples: Show exemplary interactions.
* Remove Component: Remove a connected component.

* Ensemble: Combine the segmentation masks of the following interactions: box
size change, center click, and change of normalization.

Problem-oriented, guided multi-step Interactions:

Besides the manual interactions, four problem-oriented, predefined multi-step adap-
tations guide the user. We show an example for this in Figure 18 on how to refine the
initial segmentation mask:

* Wrong image part segmented: Add center click, adjust normalization, and add
grid points.

¢ Target oversegmented: Increase the foreground confidence threshold and add
critical points and grid points.

* Target Undersegmented: Increase BBox, reduce foreground confidence thresh-
old, and add critical points.

¢ Target has low HU-values: Adapt image normalization.

In each of the four suggestions, the predefined manual interactions guide the users,
thereby streamlining the segmentation process and helping the users to familiarize
themselves with the effects of the manual interactions used during the automated
processes.

3.3.2.3 Adaptation Strategy Grounding DINO (Lang2BBox)

Within the following subsection, we outline our proposed adaptation strategy of the
non-medical Grounding DINO object detector to the medical domain.

Changes to Network Structure: We use the SOTA parameter-efficient fine-tuning ap-
proach LoRA [113] to adapt Grounding DINO to the medical domain. Compared
to other domain adaptation methods, such as adapters, it does not add any addi-
tional inference time. We include LoRA layers in the self-attention and deformable
self-attention layers within the Grounding DINO architecture.

Data: We use three publicly available medical CT datasets for this work: Our self-
developed DAP Atlas [130], TotalSegmentator [333], and WORD [202]. In this work,
we only use the anatomical structures available in all three datasets: esophagus, stom-
ach, duodenum, colon, gallbladder, liver, pancreas, kidney left, kidney right, bladder,
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and spleen. The pooled dataset is split into 80% for training, 10% for validation, and
10% for testing, ensuring no overlap in validation and test set with images seen by
ScribblePrompt during its training. Each dataset is initially split into 80% training, 10%
validation, and 10% testing. The resulting subsets are then pooled across all datasets,
maintaining the same proportions. We make sure our test and validation sets have no
overlap with images used by the authors during the ScribblePrompt model training
Data Pre-Processing: Images are pre-processed by slicing CT volumes into 2D images
along the transverse plane. We clip the HU-values to the 0.5 and 99.5 percentiles. We
normalize using the mean and standard deviation of the foreground pixels. To address
dataset differences, we commit to a common pixel spacing, image size, and image
orientation. As data augmentations, we use image translations, rotations, and scaling
with an individual probability of 10%. The range of rotation is -10.3° to 10.3°, the
translation up to 10 pixel,s and the scaling factor is between 0.9 and 1.1.

Language Prompt Generation: The training of Grounding DINO requires a language
input, which we model as a sequence of label names that consists of two parts. The
first part is the label names of the organs present in the image. We further add random
label names from all training classes that are not present in the image, simulating noise
in the language prompts. All label names in the prompt are shuffled randomly.

Loss Function and Hyperparameters. The loss function and most hyperparameters are
chosen according to [191]. A detailed summary of the ablated training configuration
is shown in Table 8.

3.3.3 Experiments and Results

3.3.3.1  Grounding DINO: Implementation & Evaluation

The fine-tuning of Grounding DINO was conducted on three NVIDIA RTX 6000 GPUs
with an individual batch size of 64 per GPU, yielding a total batch size of 192. The
model achieved a mean Average Precision (mAP) of 0.54, with mAP@50 at 0.80 and
mAP@7s5 at 0.58.

Ablations We ablated the usage of augmentations (augm), the learning rate (Ir), and
the number of additional label names that were added to the text prompt (num add
lab). Table 8 shows the influence of these hyperparameters on the results of the train-
ing. Configuration 1 achieves the highest mAP. We find that applying augmentations
generally leads to improved results, and using a greater number of random label
names outperforms using fewer.

3.3.3.2 ScribblePrompt: Implementation & Evaluation

We evaluate ScribblePromt [337] as our BBox2Seg component for different configura-
tions. We compare feeding the entire image with its bounding box to the model as
well as the image cropped to the bounding box plus a small margin around it with the
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Table 8: Tested hyperparameter configurations for Grounding DINO on the validation dataset.

Config augm Ir num addlab mAP

1 yes  1e-4 8 0.541
2 yes  1e-4 2 0.540
3 no 1e-4 8 0.525
4 no 1e-4 2 0.510
5 yes 1e-5 2 0.499

latter setting leading to significantly higher Dice scores (53% vs. 58%) across all seg-
mented organs. We further identify that using common radiologist CT visualization
windows as the input to ScribblePrompt boosts performance from 58% Dice to 63%.
Finally, we investigate if the predicted bounding box should be enlarged by default by
a small number of pixels. We find that on average increasing the bounding box by 10
pixels on each side improves the performance to 66% Dice. Enlarging the box further
to 20 pixels per side decreases the performance significantly to 54% Dice indicating a
worse localization cue by the enlarged bounding box. We show the effect of the stated
default option qualitatively in Figure 21 (default).

3.3.3.3 Interaction Loop: Evaluation via User Study

The third component of the LIMIS architecture is the User Interaction Loop. We eval-
uate its performance via a user study with four participants: Two radiologists, one
medical doctor, and one medical student. The users had 10 minutes to familiarize
themselves with the system and were then asked to segment as many images as pos-
sible with the best possible result in 50 minutes. The users should use a maximum of
5 minutes per image and move on to the next image if two consecutive interactions
did not improve the segmentation mask. We present the users with a series of CT
images from our test set in which they are tasked to segment one anatomical struc-
ture. We design the user interaction interface as a GUI facilitating using the system for
non-technical users. During the user study, the participants collectively annotated 63
images. We evaluate the results of the user study and find that for 41 images (65%),
the final segmentation had a higher Dice score than the initial segmentation. The av-
erage Dice improvement for these images was (6 £ 5.13)%. Around 21% of the images
had a lower final Dice score (—2 £ 2)% and 14% of the images resulted in identical
Dice scores pre- and post-interactions. Overall, the Dice score change was (4 £7.0)%.
It however has to be pointed out that the participants were not forced to submit the
mask after the last interaction but were allowed to submit any intermediate and even
the initial prediction. Thus, some Dice score drops may reflect differing expert opin-
ions, not system weaknesses. Additionally, it has to be acknowledged that the overall
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Figure 20: Dice score over interaction steps for two images. Step o is the initial mask; if “default"
was accepted, it’s step 1. Big circles mark the user’s final chosen mask. Stars indicate when a
non-latest step was adapted, marking both the adapted and resulting steps.
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Figure 21: Liver segmentation mask over iteration steps. The first image shows the CT scan,
the second the ground truth (gt), and the third the initial LIMIS prediction. “Default" presents
the mask after the default option, and the last two images show masks from steps 2 and 3.

performance of LIMIS is limited by the ScribblePrompt foundation model used as the
BBox2Mask component.

In Figure 20 we show the Dice scores change over the iteration steps when tasked
to segment the bladder (left) within a sample taken from the DAP Atlas [130] dataset
and the liver (right) from a TotalSegmentator [333] sample. A qualitative example of
the change of the segmentation mask is shown in Figure 21.

We evaluate the usability of LIMIS with the NASA TLX and the Single Ease Question
(SEQ). Table 9 shows the participants” assessments of LIMIS.

The range of the participants” answers was wide for most of the questions. P2, the
most experienced radiologist with over 7 years of experience in annotating medical
images, rated the system very favorably and liked the “novelty of [the] segmentation
approach with text". Although P1 rated LIMIS with high values for effort and frus-
tration, the participant stated that “once [...] [you] got into it, it was easy to use".
Furthermore, the participants stated that the four predefined “suggestions are very
valuable".
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Table 9: Participants” answers to NASA TLX and SEQ.

P1 P2 P3 P4
Mental Demand 14 5 11 8
Physical Demand 1 2 1 4
Temporal Demand 5 2 14 5
Performance 10 5 15 10
Effort 12 5 12 10
Frustration 14 1 18 10
SEQ 4 2 5 4

3.3.4 Discussion on LIMIS

We present LIMIS, the first language-only interactive model for medical imaging.
Adapting a Grounded SAM-inspired architecture, LIMIS integrates problem-oriented
multi-step language interactions with state-of-the-art medical foundation models, en-
abling accurate initial segmentations and user-driven mask adaptations. LIMIS was
tested on multiple datasets, and its usability was evaluated by medical experts. LIMIS
can be built on top of existing, promptable medical foundation models, which makes
the approach flexible and, to some extent, model agnostic; however, it also ties the
best-possible performance of LIMIS to the performance of the used foundation model.
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3.4 CHAPTER CONCLUSION

In this chapter, we addressed the core challenge of creating large-scale anatomical
datasets suitable for training deep learning models with full-body anatomical under-
standing. Manual annotations by medical professionals—while highly accurate, do not
scale with the increasing data demands of modern Al systems, particularly medical
foundation models. To overcome this, we proposed a novel automated pipeline for
dataset generation, according to which we constructed the Dense Anatomical Predic-
tion Atlas (DAP Atlas) dataset, a comprehensive dataset containing 142 anatomical
labels across 533 full-body CT scans.

Our method builds upon public and private segmentation models, anatomical pri-
ors, and rule-based post-processing to derive a dense, holistic label map. These la-
bels are refined through one iteration of self-training and are further corrected using
anatomically informed post-processing rules. Importantly, DAP Atlas represents the
first dataset to provide dense, voxel-wise annotations for the entire human body, from
head to pelvis, without requiring direct manual annotation, while maintaining high
anatomical fidelity.

We demonstrated the quality and utility of DAP Atlas through three validation
strategies: (i) clinical expert evaluation, (ii) downstream segmentation performance
on an independent benchmark (BTCV), and (iii) global anatomical plausibility checks.
Each modality provided strong evidence for the reliability and practical value of the
dataset. We developed a performant Atlas prediction model, which achieved a mean
Dice of 85% on BTCV, matching state-of-the-art models trained in a fully supervised
setting. Expert evaluation further emphasized the dataset’s impressive quality, espe-
cially for educational and clinical visualization purposes, while also identifying sys-
tematic limitations in fine structures.

Finally, we analyzed the anatomical plausibility of the labels across demographic
factors (e.g., age and sex) and demonstrated that the volume and intensity trends
align with established medical knowledge. By leveraging the tumor metadata from
AutoPET, we demonstrated the dataset’s potential for pathology-related anatomical
studies, making DAP Atlas not only a tool for segmentation but also for population-
level anatomical and disease modeling.

The DAP Atlas project exemplifies a shift in dataset creation philosophy, moving
from manual, small-scale, and local annotations towards automated, large-scale, and
globally consistent anatomical mapping. This work provides both a blueprint and an
openly available resource for the community, enabling future research in anatomical
modeling, pathology integration, and clinically relevant Al applications.

With the increasing rise of large-scale datasets [130, 177, 178, 256, 335] we observe
that label quality is an issue affecting all dataset creators as it becomes increasingly
difficult to measure annotation quality, given the sheer amounts of automated [130]
and semi-automatic [177, 333] masks in thousands of scans, which poses a central
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question for large-scale dataset creation: How good is good enough? In Section 3.2, we
explore the trade-off between label quality and segmentation performance. While high-
quality annotations are essential for small-scale datasets and in-domain tasks, they are
costly and scale poorly. Through extensive experiments, we analyze how different de-
grees of label quality, ranging from weak pseudo-labels to near-expert segmentations,
affect model performance across in-domain and pretraining tasks. Surprisingly, our
findings suggest that for many scenarios, moderate label quality may suffice, challeng-
ing the notion that ever-improving annotations are always necessary. In summary, we
find that for pretraining, it is not worth improving the label quality unless substantial
gains can be achieved—minor improvements do not translate into better performance.
This challenges the prevailing assumption that higher-quality annotations are always
beneficial. Instead, our results suggest that the marginal utility of label quality dimin-
ishes with dataset size and that even noisy annotations can suffice for pretraining
tasks. This raises several important questions for the field: Should efforts in dataset
curation shift from precise annotation toward scalable label generation when training
general-purpose models? To what extent can noisy annotations be tolerated before
model performance degrades in real-world applications? And finally, do these find-
ings hold for tasks beyond anatomical segmentation, also in pathology segmentation
scenarios, where subtle structural changes are clinically significant and annotation pre-
cision may be paramount?

While our previous chapter demonstrated that label quality may not always be crit-
ical, especially in pretraining scenarios, real-world clinical use often demands reliable,
case-specific segmentations. When predictions from automated models fall short, ei-
ther due to noisy training labels, domain shift, or nuanced clinical requirements, post-
hoc corrections become essential. To address this, we introduce LIMIS [105] in Sec-
tion 3.3, a novel framework that enables intuitive, language-based interaction with
segmentation models, allowing users to refine or generate masks in hands-free, high-
stakes environments. LIMIS is evaluated on multiple datasets and tested with clini-
cians.

Contribution 1: We introduce the DAP Atlas dataset, a densely annotated whole-
body CT dataset with 142 anatomical labels across 533 volumes, generated by
aggregating public and private segmentation models, anatomical priors, and rule-
based refinements in an automated fashion. We demonstrate the high anatomi-
cal fidelity and utility for downstream tasks through expert evaluation, external
benchmark performance, and demographic plausibility analyses, establishing the
DAP Atlas dataset generation approach as a scalable alternative to manual anno-
tation.

Contribution 2: We systematically quantify the effect of label quality in medical
segmentation by training models on datasets with varying pseudo-label accuracy
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and evaluating their performance across in-domain and pretraining settings. Our
findings indicate that while label quality is crucial for in-domain segmentation,
with diminishing returns in large-scale datasets, its influence on pretraining is
almost negligible. Consequently, the information extracted during the pretraining
phase appears to be more general concepts rather than specific details.

Contribution 3: We present LIMIS, the first language-based interactive medical im-
age segmentation framework, enabling users to generate and, more importantly,
refine unsatisfactory segmentation masks solely via natural language. The LIMIS
approach is built on top of promptable medical foundation models and gener-
ates an initial segmentation from language by adapting the recent open-set object
detectors to the medical field. We demonstrate the effectiveness of LIMIS across
multiple datasets and in a user study with professionals.






LEVERAGING ANATOMICAL KNOWLEDGE FOR
PATHOLOGY SEGMENTATION

Anatomical knowledge has the capability to enhance the segmentation of patho-
logical structures by guiding models toward plausible regions, much like radiolo-
gists use anatomical context to resolve ambiguities and pinpoint abnormalities as
diseases. We explore this property within this chapter by developing the Anatomy-
Pathology Exchange (APEx) architecture in Section 4.1, where anatomical and
pathological knowledge are jointly learned and evaluated in the CT and X-ray
domains. While we employ the established joint-training procedure for the APEx
architecture, we hypothesize that anatomical knowledge can also benefit patho-
logical segmentations without being explicitly learned, but rather by leveraging
anatomical knowledge that is present in existing anatomy segmentation models.
In Section 4.2 we introduce the GRASP framework (Guided Representation Align-
ment for the Segmentation of Pathologies) by leveraging recent developments in
anatomy segmentations, and building on top of our DAP Atlas dataset from Sec-
tion 3.1.

The identification of pathological tissue in radiological scans is of key interest to
the medical field, particularly in oncology, as it enables early diagnosis, monitoring
of disease progression, and assessment of treatment response. Accurate delineation of
such tissue is essential for clinical decision-making and can guide interventions such
as surgery, radiotherapy, or personalized cancer-targeting therapies.

Within this chapter, we explore strategies to equip pathology segmentation models
with anatomical understanding.

4.1 APEX: AN ANATOMY-PATHOLOGY KNOWLEDGE EXCHANGE ARCHITECTURE
The following section is based on our MICCAI 2024 work [128].

Throughout their extensive training, radiologists acquaint themselves with human
biology and physiology, enabling them to discern typical patterns in the anatomy
of both healthy individuals and those presenting health concerns. Years of clinical
practice empower doctors to apply this underlying knowledge of the body to accu-
rately associate subtle visual anatomy abnormalities with specific diseases. This holis-
tic approach of doctors, considering both anatomy and pathology in the tissue, is
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contrasted by the vast amount of current automatic pathology segmentation models
that specialize in narrow disease types and fall short of an overall understanding of
body structures [216, 279]. These models are generally end-to-end semantic segmenta-
tion learners [240, 268], and resemble models designed for the natural image domain
and as such could be applied interchangeably in both domains, from pathology- to
street-scene- [369] and everyday object segmentation [75, 323]. Conversely, the medical
imaging field has an obvious, yet often disregarded context: The human body.

While patients” anatomical features vary, the medical biases that associate anatomy
with pathology for radiological assessment remain constant, such as simple observa-
tions, that a fracture has to be associated with a bone structure or that tumor locations
often correspond to specific anatomical regions. When identifying a pathology, current
segmentation models might or might not pick up anatomy-pathology correlations dur-
ing training, which is the reverse direction to using anatomical priors for pathology
identification. In the spirit of a doctor’s workflow, we ask: Can explicitly learned human
anatomy improve a model’s capability to predict pathological structures?

In the following section, we explore various strategies to incorporate anatomical
knowledge, represented by anatomical labels, to enhance pathology predictions. In-
spired by the training of medical professionals, we propose a joint training procedure
in which our network learns to predict both anatomy and pathology via our proposed
architecture.

4.1.1  Methodology

We first present the learning setup for anatomy and pathology segmentation and walk
through our ablations to incorporate anatomical knowledge into the model training. Fi-
nally, we derive our so-called Anatomy-Pathology Exchange (APEx) strategy to jointly
learn both anatomy and pathology.

4.1.1.1  Preliminaries

Our formulation of the anatomy and pathology segmentation task depends on a train-
ing dataset:

D ={(x, a1, pi) N , (5)

with x; € R3*MW referring to one of the N images in the dataset, while a; €

0,...,A]l"™*W ig the associated anatomy with A classes and p; € [0,. .., PIHXW the
pathology mask with P classes within the image. The task of a trained model is to
predict, for new unseen test images x for each pixel in the image the correct anatomy
categories a; as well as the correct pathology classes p;.
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Table 10: Validation scores on the 5-fold CV PET/CT splits. A. Cond, A. Pred, and y denote
anatomy conditioning, auxiliary anatomy learning, and a weight factor, respectively.

. ] Architecture Ablations
Naive Anatomy Incooperation

Method IoU
Method A.Cond A.Pred v ToU
. Baseline 54.34+1.46
Baseline - - - 54.34+1.46
. +Shared BB 5444+ 414
Pretrain v - - 56.64 £3.06
. +Shared PD 58.69 £3.63
Multitask - e 1 56.10 £ 3.36
. “Query Sum 59.56 & 3.64
Multitask - v 10 57.12+4.7
. “Query Sum 2-ways ~ 59.35+3.18
Multitask - v 142 55.89+3.03
“Query Mean 59.78 £3.23
Ana In v - - 57.234+£2.71 .
“Cross Attention (CA) 59.42+242
Ana In v v 1 56.52+4.14

-CA per feature level 58.48 +2.52

If the dataset provides instance-level annotations, we extend the approach to an
instance-aware regime. Each anatomical mask a; and pathological mask p; then in-
cludes not only class- but instance-aware targets.

To investigate whether anatomical knowledge aids in identifying deviations from
expected anatomy, we will examine two different tasks in two distinct domains: se-
mantic segmentation of cancer in PET/CT images and instance-aware segmentation of
thoracic abnormalities in chest X-rays.

To accommodate these varied requirements, we opt for a 2D model due to the con-
straints of the X-ray domain and model the 3D PET/CT images as sliced 2D images.
To address the differing demands of semantic and instance-aware segmentation, we
align with recent advancements in segmentation literature [39, 49, 175, 381] which
intertwine both semantic- and instance segmentation through the design choice of
predicting high-dimensional query vectors, which, combined with pixel-wise embed-
dings, encode instance-wise segments in an image. These queries are then employed
to classify each segment, encapsulating information about both the segment’s class
and its shape. As a starting point for the experiments, we choose a Mask2Former [49]
architecture. Our chosen setup is flexible in the choice of image modalities and in the
choice of segmentation tasks.

4.1.1.2  Incorporating Learned Anatomical Knowledge: A roadmap

To investigate how to incorporate anatomical knowledge into the model training,
we perform several ablations in a five-fold cross-validation setting in the domain of
PET/CT. We built upon the established DAP Atlas Dataset introduced in Chapter 3
and AutoPET [81]. Details about the datasets are provided in Section 4.1.2. The baseline
comparison model is a Mask2Former [49] model trained only on pathological labels.
We report the 5-fold Validation IoU scores of naive anatomy incorporation techniques
in Table 10 (left).
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First, we investigate the effect of pretraining on anatomy. This leads to an improve-
ment of about 2.3%.
Multitask Prediction: Next, we compare to jointly learned features using a multi-task
setting approach. We paste the pathological labels on top of the anatomical labels, pre-
dicting an additional class. Despite being suboptimal, since PET/CT pixels could be
interpreted as both anatomy and pathology, depending on the context, this leads to a
similar improvement as pretraining. However, treating pathology as just another class
underestimates its significance. To address this, we apply a weighted loss with weight
v, amplifying the pathology class’s importance by 10-fold and 142-fold to equate it
with the 142 anatomical labels. The 10-fold increase yields positive results, whereas
the 142-fold adjustment demonstrates the challenge of selecting an appropriate weight
factor.
Anatomy as an Auxiliary Input: Inspired by atlas-based segmentation methods, we in-
put anatomical labels along with the PET/CT image, mimicking an optimal anatomy
atlas. Using this procedure, we receive similar results to those of the previous ap-
proach.

4.1.1.3 Architecture Ablations:

The preceding analysis highlights that while anatomical knowledge can enhance
pathology prediction, its effective utilization is a complex process. Thus, in our second
experimental series, we postulate that due to the inherent overlap between anatomical
and pathological labels, a two-head prediction approach is beneficial.

Initially, only the ResNetso backbone is shared between the two prediction heads,
resulting in no major improvement. A critical adjustment involves the sharing of a
PixelDecoder across both anatomical and pathological prediction tasks. This integra-
tion significantly boosts the performance, evidenced by a notable increase of over 4%
in IoU. This enhancement underscores the PixelDecoder’s role in generating pixel
embeddings rich in anatomical and pathological information, marking it as a crucial
element in our design reflecting the dual role of each pixel in this task.

Query Mixing Strategies: Ultimately, as we employ distinct transformer decoders
for anatomical and pathological predictions, we probe the efficacy of information ex-
change mechanisms via query exchange. This reflects the possibility of a direct ex-
change of queries representing anatomical and pathological segments. We explore
various strategies, including nonparametric mixing and more flexible communication
strategies such as cross-attention. While almost all strategies lead to a positive effect,
none of them shines out as a clear winner.

We conclude this section with the insight that a two-head prediction approach, with
one head for anatomy and one for pathologies, leveraging shared pixel embeddings,
is a crucial design choice. On top, enabling communication between the different de-
coders leads to a further performance boost. The best-ablated model performs about
5.44% better than the naive baseline model.
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Figure 22: Overview of the proposed APEx Method, leveraging a shared pixel encoder, shared
pixel embedding space, separate decoders, and a query-mixing module.

4.1.1.4 Proposed Approach: APEx

APEXx is based on a query-based segmentation approach leveraging anatomical and
pathological information. It incorporates anatomical context via the exchange of infor-
mation between two decoders: One tasked to segment the anatomy and one tasked to
segment the pathology. We show the overall method in Figure 22.

Shared Embedding Architecture:

Starting with a standard 2D image x € R3*"*W we encode the image using a
feature extractor f*'" (parameterized by a ResNets0 [102]), which maps x to a set
of feature maps at different scales f**'"(x) = {F;{}I*, with F; € RHXWi such that
H;i > Hiy7 and W; > Wj 1 hold, i.e., feature maps successively get smaller in spatial
extent. These feature maps are then decoded using an arbitrary pixel-decoder. We
choose to use the deformable DETR [381] model as a pixel-decoder producing a set of
enriched pixel embeddings {J;}1* 5, with J; € RAXHixWi
Anatomy and Pathology Decoders:

Our architecture is motivated by computing separate query vectors for anatomy
and pathology classes and letting the anatomy queries influence the pathology queries
while limiting the reverse influence only to a shared embedding space.

Each enriched pixel encoding map J; is accessed by two decoding functions f{'™¢(-)
and f? ath () from the function sets {fana( )} and {ff ath(-)}i]:n which either decode
the anatomy or the pathology from it.
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Randomly initialized, but learnable parameter-queries q§™“ and qgath are trans-
formed via

qift =" (g™, Ji) and 6)

qrey" =P (gl ) )

and optimized during training. The decoders fi(-) follow a standard masked trans-
former setup, i.e. queries are transformed through a cross-attention layer that attends
to the joint embeddings of the respective scale i, followed by a self-attention and
feed-forward layer. For the pathology branch {f} ath(-)}{:n to explicitly adhere to the
learned anatomical queries, an anatomy-to-pathology communication strategy is de-
signed next.

Anatomy to Pathology Communication Strategy:

Medical personnel have access to a large amount of knowledge regarding the human
body, which current pathology segmentation models do not have. Besides the implicit
information exchange via the shared pixel embedding, we propose to integrate a com-
munication step f"'*(-) after each pathology-decoder step f @th(.), There the queries

qfath resulting from the scale i pathology-decoder are enriched with the anatomy
queries q{™“ from the anatomy-decoder as follows:
qret = 1 (qEne, qP ) ®)

Here, qf‘“h is the anatomy-enriched pathology query which, through a mixing strat-

egy is capable of capturing anatomical information. We did not find a superior mixing
strategy and thus would either recommend averaging the queries as a nonparametric
approach or using a cross-attention mixing module.

In this asymmetric architectural setup, anatomical information influences the
pathology-specific queries while the anatomy branch stays agnostic to any pathology
and simply reflects the patient-specific anatomy details, serving as a useful founda-
tional prior in pathology assessment. This design is ablated against an inferior design
in which the anatomy branch is updated by the pathology as well (cf. Table 10: Query
Sum 2-ways).

Joint Anatomy and Pathology Segmentation: Bringing the whole architecture and
processing steps together into our Anatomy and Pathology Exchange (APEx) pipeline,
we predict the anatomy and pathology segments through the following dot product:

out®™* =Jo - qn¢ and 9)
h N th
outP®M =7J5-gP" (10)

Query vectors are passed through a simple classifier to associate anatomy or pathology
classes to the predicted segments. The parameters of all components, namely f¢*'",
fana fpath and fmix are optimized via weighted cross-entropy and binary mask
losses enforced on each anatomy and pathology prediction out®™® and outP“t".
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Table 11: Comparison of APEx against multiple SOTA methods in the PET/CT domain (left).
We highlight the best and the second best performance.

PET/CT VAL PET/CT TEST
IoU Dice BloU ToU Dice BloU

Method

DLV3+[43] 55.00+3.5 70.91+3.0 5478+3.6 53.60+54 69.65+4.8 53.07+£54
M2F[49] 5434+14 7041122 5416£1.6 5548+1.1 71.36£1.0 55.02+1.1
UNET[268] 57.62+3.2 73.07+26 5738+33 5643+15 72.14+1.3 5586+1.4

Ours (CA) 5943+ 24 7452+ 1.9 59.21 + 2.6 57.5 + 0.9 73.01£ 07 57.04+0.9

4.1.2  Experiments and Results

Datasets: To assess our method’s broad applicability, we performed experiments
across two vastly different medical imaging domains: FDG-PET/CT and Chest X-ray.
For FDG-PET/CT, due to the absence of a comprehensive dataset with both anatomical
and lesion annotations, we merged two distinct datasets: autoPET [81], which provides
lesion annotations, and the DAP Atlas dataset [131], offering anatomical details. We
exclude patients without pathologies, motivated by the high accuracy (> 95%) of bi-
nary classifiers for cancer detection in PET images. Our study utilized 185 3D volumes
for five-fold cross-validation and an additional test set of 125 cancer patients from the
remaining dataset. To adapt images to the selected 2D setting, we slice them axially
and stack CT and PET images channel-wise, leaving the third channel empty.

In the X-ray domain, we evaluate the properties of our method on the
ChestXDet[186] dataset containing 13 pathology classes. To train anatomy segmen-
tation, we predict anatomy pseudo-labels onto this dataset using a model trained on
the PaxRay++ dataset [280]. We evaluate the different methods using five-fold cross-
validation on the training set. During training, we omit images with no pathologies.

Target M2F [49] APEXx (ours) APEx Attended Anatomy

Figure 23: Stacked 2D tumor predictions next to top-5 attended anatomical structures.
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Baselines and Methods: When evaluating models across different domains, we de-
termine the best-performing candidate based on the performance on the individual
validation sets. We use either the official test splits, if they exist, or a test set that we
reserved beforehand. We benchmark APEx on PET/CT against established 2D seg-
mentation baselines such as UNet [268], DeeplabV3+ [43], and Mask2Former [49].
In all experiments, we ensure models are trained using identical data and learning
pipelines to isolate the effect of incorporating anatomical knowledge. For chest X-
ray, we compare on instance segmentation against PointRend [155], MaskDino [175]
and Mask2Former[49]. Regarding the specific APEx architecture, we choose the Cross-
Attention Query Mixer, as it offered a competitive performance with the lowest stan-
dard deviation during our initial ablations (cf. Table 10).

4.1.2.1 Semantic- and Instance Segmentation Results

PET/CT Results: In Table 11 we report the Dice, IoU and Boundary IoU [47] (BloU)
performances of the previously mentioned baseline segmentation models against our
method. All models have been initialized with LVM-MED weights [217] to provide
a fair comparison. The results indicate that our method is capable of outperforming
multiple strong competitors on our five-fold validation splits and the holdout testset.
Figure 23 shows qualitative results as well as the most attended anatomical struc-
tures during the cross-attention query mixing step. We report a qualitative example
in Figure 24. In the left part of Figure 24, we compare predictions of the baseline
MaskzFormer model against our developed APEx solution. While the baseline strug-
gles to outline the tumor in the head-neck region correctly and misses a central part,
APEXx correctly predicts the entire metastasis. On the right side, we visualize which
anatomical labels are attended by the pathology branch to inform the prediction of
the displayed tumor. We visualize the anatomical labels alongside the ground-truth
tumor mask in a sagittal and coronal view. We determine which anatomies are most
relevant for the pathology branch by analyzing the attention matrix in the query mixer
and identifying the anatomical structures that contributed the most to updating the
pathology query. For the given example, these are mainly the artery common carotid left,
the artery subclavian left, and three bone structures, namely the two humeri and the skull.
We observe that a typical behavior is that the most relevant anatomical structures are
either spatially close to the tumor or large bone structures, which are roughly in the
same body region.

In addition to the previously reported results, we present qualitative examples in
the PET/CT domain for intra-slice (Figure 40) and stacked predictions ( Figure 24 &
Figure 41) comparing Mask2Former with APEx. Within slices, APEx produces more
precise structural delineations, while across slices, it misses fewer lesions and thus bet-
ter captures the volumetric continuity of pathological structures, despite being trained
exclusively on 2D slices.



Table 12: ChestXDet Results. We highlight the best performance in bold and the second best

by underlining.
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Pathology MRCNN [101] Casc. MRCNN [36] PointRend [155] MaskDino [175]

M2F [49] Ours

Atel 3.924+1.15 3.97+0.90 422+1.20 2.77+0.77 3.83+£0.60 4.38+0.476
Calc 537+1.72 6.39 +£1.89 6.72 + 1.75 6.294+0.86 5.62+091 580+1.39
Card 44.47 +2.51 45.82+2.15 5003+t17 37.18+1.22 34.24+5.6948.00+£1.63
Consol 16.87+£0.412 17.65+1.04 17.74+0.51 18.79+£1.01 192.06+1.14 2132+ 059
D.Nod 10.89+2.70 13.12+2.54 12.934+296 1833+£3.15 18.72+2.88 25824227
Eff 8.56+£1.10 8.28 £1.27 8.29+0.35 10.78+1.09 12.334+0.63 11.94 £ 147
Emph 44.47 +£2.31 42.89 +2.40 4246+343 4594438 4530+2.04 54.94+£2.61
Fib 1048 £2.11 10.71£1.32 976+1.69 1031£213 11.234+1.85 1255+ 1.39
Fract 7.65+£1.08 6.36 £1.46 10.61 =059 8527 +0.845 7.28+0.86 2.76 +0.502
Mass 11.59+289 11.93+3.07 15.66 =173 1239+1.86 8.03+1.40 11.94+£1.75
Nod 5.72+£0.53 5.41£1.00 6.97+079 5646+147 514+£0.59 548+0.688
PLThick 4.32+1.32 4.43 +0.74 5.12 £ 1.23 4.28+0.73 3.70£0.50 4.61+0.66
Pneumo 4.10+£0.804 3.214+1.03 6404+092 564+1.65 584+124 6.93+1.06

mAP 13.72 +0.41 13.86 +0.70 15.14+£0.44 1438+0.74 13.87£0.53 1720+ 0.33

ChestXDet Results: In Table 12, we show the performance of different state-of-the-
art instance segmentation methods trained using the same backbone. We see that our
method improves over the Mask2Former baseline by ~3.75% mAP. Across 12 of 13
pathologies, our method achieves the best, or second-best performance, improving
over recent transformer architectures as well as established CNN models. We report a
qualitative example in Table 13. While all models struggle to approximate the ground-
truth, APEx comes closest.

4.1.2.2  Conclusion

We proposed a novel way of leveraging anatomical information to improve pathology
segmentation and showed the efficacy of the general concept of anatomy-guidance
in two different domains covering diverse anatomical structures and pathologies. Be-
sides improved performance, our method APEx encourages the exchange of anatomi-
cal information to ensure pathology segments are informed by the patient’s anatomy,
aligning more with the workflow of doctors that developed over decades.
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M2F  APEx (Ours) Target

MaskRCNN PointRend

Input

Table 13: Examples of qualitative segmentation results on ChestXDet. Each class is represented

by a distinct color. Best viewed on screen with zoom and in color.
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Figure 24: We show two patients in a coronal view on top and a sagittal view below. Vol-
umes shown in red, green, and blue denote the lesion ground truth, APE predictions, and

U
Mask2Former baseline predictions. Best viewed on a screen and in color.
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4.2 GRASP: A PLUG-AND-PLAY ANATOMY-GUIDED SEGMENTATION FRAMEWORK

While the APEx architecture as outlined in Section 4.1 demonstrates that jointly
learning anatomy and pathology can enhance segmentation performance, it requires
modifying model architectures and additional anatomy supervision. Moreover, it is
limited to a 2D formulation, adopted to enable experiments across both CT and X-ray
domains within a unified framework. In the following section, we investigate whether
anatomy-induced benefits can be achieved without explicitly retraining on anatomical
labels by reusing existing anatomy segmentation models as frozen knowledge sources,
an approach realized in our GRASP framework, which operates natively in 3D. This
section is based on our MICCAI MLMI 2025 work [180].

Our approach is motivated by recent advances in holistic anatomical segmenta-
tion [103, 130, 333], where networks can capture large portions of human anatomy,
yet anatomical and pathological segmentation remain largely separate domains. We
thus ask the question: Can we leverage recent advancements in anatomical segmentation
models and their embedded anatomical knowledge to enhance pathology segmentation models,
thereby aligning them more closely with human expert workflows?

Recent work has shifted toward incorporating anatomical pseudo-labels directly into
model training. APEx [128] as explored in Section 4.1, introduced dual-decoder joint
segmentation for PET/CT and X-ray modalities, but operates in 2D, thus ignoring
crucial volumetric interrelations. Multi-label approaches [229] have gained traction
in AutoPET challenges, simultaneously predicting anatomical and tumor classes, but
require careful organ selection and loss weighting to artificially focus on pathology
classes [141], as standard losses lack inherent class preferences. Extensive multimodal
pre-training with dual-decoder architectures [266] has shown improvements but de-
mands complex dataset curation, loss balancing, and large computational require-
ments. These methods share common limitations: They require fundamental pipeline
modifications or necessitate auxiliary training losses and extensive pre-training to
learn anatomical representations from scratch. This raises a fundamental question:
why reinvent anatomy segmentation as an auxiliary task when highly capable anatom-
ical models already exist?

4.2.1  Methodology

We review a series of previously mentioned strategies to incorporate anatomical knowl-
edge into the training of volumetric pathology segmentation models. We discuss their
challenges before introducing the proposed GRASP framework. For these preliminary
experiments, we use the 3D-UNet [53] architecture due to its popularity and experi-
ment on the AutoPET [81] dataset, with PET/CT input x == (x, xP¢t).
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4.2.1.1  Exploratory Strategies for Anatomy-Pathology Alignment

Transfer via Fine-Tuning: Fine-tuning naturally arises as a first approach when aiming
to leverage anatomical knowledge for pathology segmentation. It offers a simple way
to reuse spatial and semantic representations from well-pretrained anatomy models.
Specifically, we fine-tune a pretrained anatomy model fg_, originally trained on multi-
organ labels y»™® € {0,1, ..., Cana} from the DAP Atlas [130], with Cana > 2. These rich
anatomical features are expected to benefit the target binary task (yPh € {0, 1}) despite
the domain gap. We initialize 0 <— O,n, and fine-tune on the pathology dataset D:

* . h
epath = argrneln Z L(fe(xi),y}fat ) (11)

(xeyf*™MeD

The pretrained anatomy model is typically trained with CT-only input [130, 333]. Ac-

cordingly, we retain the pretrained weights for the CT channel and randomly initialize
the PET channel. We consider two fine-tuning configurations: 1) a full 300-epoch sched-
ule using the same learning rate as the baseline, and 2) a shorter 100-epoch schedule
with a reduced learning rate. We report the results in Table 14 and observe that both
approaches lead to a degraded performance compared to training from scratch. While
initially surprising, this confirms similar results [141] and likely reflects the substantial
class distribution shift. This underscores a key limitation: meaningful transfer requires
careful and diverse dataset curation [266], which complicates the development of sim-
ple, generalizable solutions.
Multi-Class Supervision Strategy: While fine-tuning enables the reuse of anatomical
representations, it maintains a strict separation between anatomy and pathology super-
vision. To more directly incorporate anatomical knowledge into the learning process,
we adopt a unified multi-class formulation with a shared label space. Specifically, we
define ymumdass €{0,1,...,Cana, Cpath}/ where the tumor class Cpath 18 appended as the
last index. Anatomical pseudo-labels are derived from TotalSegmentator [333], with fine-
grained substructures (e.g., individual lung segments) consolidated into one label per
anatomical region to reduce GPU memory consumption. To better reflect the special
role of the pathology class, we experiment with different strategies to enhance pathol-
ogy importance via three loss weighting strategies: Standard (uniform), Tumor-Focused
(tumor upweighted), and Patch-Aware. The Patch-Aware loss dynamically adjusts class
weights per patch: absent classes are downweighted, anatomical classes receive mod-
erate weight, and the tumor class is assigned the highest weight, promoting effective
learning from both anatomy and pathology. Training follows the optimization objec-
tive displayed in Equation (12). Anatomical and Pathological labels are combined into
a single multi-class target y™ulticlass,
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. ath
Opaim = arg min > Loveighted (fo (xi),yE ). (12)
(Xi yr_nulticlass ) cD
791

We observe in Table 14 that under the standard loss, the results degrade compared

to the baseline model. Only when we modify the loss to significantly enhance the
importance of the tumor class under the Patch-Aware Loss setting does this approach
slightly outperform the baseline; however, this marginal gain comes at the cost of
substantial manual tuning and increased training complexity.
Multi-Task Learning Approach: To avoid coupling anatomical and pathological super-
vision in the multi-class formulation, we investigate a dual-branch architecture with
a shared encoder Eg,, and two task-specific decoders Dy, and Deg,,, for anatomy
and pathology, respectively. This design enables task-specific predictions by decoding
shared encoder features into separate anatomical and pathological outputs, supporting
multi-label predictions and thus organ-pathology composition at inference time. The
model is trained to simultaneously predict anatomical structures and tumor regions
using separate output heads. The ground truth consists of two label maps: yPat" € {0, 1}
for binary tumor segmentation, and y*** € {0, 1, ..., Cana} for anatomical segmentation,
where Cuna is the number of anatomical classes. The corresponding predictions are
43" = D, (Eo,, (xi)) and 97" = D
function that balances the two tasks:

patn (E0enc (X)) Training is guided by a joint loss

Ltask = - Lpath + (] - (X) * Lana,

where Ly is a binary segmentation loss for pathology, Lana is a multi-class segmen-
tation loss over merged anatomical pseudo-labels, and « € [0, 1] controls the relative
importance of pathology supervision. To ensure a meaningful linear combination via
«, we normalize both loss terms by their means to match their magnitudes. Results
and an o ablation are shown in Table 14. We find that this approach does outperform
the baseline and previous approaches by a small margin. Interestingly, we observe that
when the pathology loss weight is set too high (x = 0.95), the optimizer tends to disre-
gard the anatomical component, leading to a decline in performance for the pathology
as well.

Overall, we find, that some of the explored approaches deliver minor improvements
over the baseline model but require substantial parameter tuning. A key insight we
find, is that all of these methods enforce auxiliary losses upon anatomical labels, but do
have pathology segmentation as the primary goal, requiring a parameter-based impor-
tance increase for the pathology task. We thus raise the question: Can we remove the
auxiliary anatomical training from the training process by leveraging well-performing
anatomy segmentation models and thereby keeping the focus of the target model on
pathology segmentation? In the following, we propose the GRASP framework as a
solution.

85



86

LEVERAGING ANATOMICAL KNOWLEDGE FOR PATHOLOGY SEGMENTATION

Table 14: Evaluation of pathology segmentation performances on AutoPET with a 3D-UNet
backbone. LR indicates the learning rate; Loss FN, the loss function.

Models Epochs LR Loss FN Dice (1)
3D-UNet (baseline) 300 le—4 Standard DiceCE 49.3
Fine-tuning based 100 Tle—5 Standard DiceCE 36.6
300 le—4 Standard DiceCE 22.3
Multi-class based 300 le—4 Standard DiceCE 45.0
300 le—4 Tumor-Focused DiceCE 46.3
300 le—4 Patch-Aware DiceCE 49.6

Multi-task based 300 le—4 normalized DiceCE (x = 0.7) 51.0
300 le—4 normalized DiceCE (x = 0.8) 51.8
300 le—4 normalized DiceCE (x = 0.9) 51.7
300 le—4 normalized DiceCE (x = 0.95) 47.6

4.2.2  The GRASP Framework

GRASP builds on the insight that high-quality anatomical models already exist. We in-
troduce a plug-and-play framework that injects anatomical knowledge during pathol-
ogy training by leveraging frozen anatomy encoders through feature alignment, with-
out relying on auxiliary anatomical training. In GRASP, the CT modality effectively
serves a dual purpose: it is the input to the anatomy and the pathology model. We
illustrate the overall framework in Figure 25.

Dual Injection of Anatomical Priors: Anatomical knowledge is integrated through
two complementary mechanisms: 1) anatomical pseudo-labels as an auxiliary input
channel, and 2) bottleneck-level feature fusion. We follow an anatomical label-as-
input strategy similar to the strategy developed for the APEx architecture in Sec-
tion 4.1.1.2 by introducing a third input channel x3 € R"*WXD 'which encodes
voxel-wise anatomical pseudo-labels. This approach is inspired by atlas-based seg-
mentation strategies [319], where anatomical priors guide label propagation. By pro-
viding pseudo-labels as an auxiliary input channel, it effectively supplies the model
with a voxel-wise anatomical prior, enabling it to detect pathology as deviations from
expected structure.

We use x™ from a third model (e.g., TotalSegmentator), though outputs from the
frozen anatomy model are also viable. For deeper integration, we also align and fuse
anatomical features at the bottleneck level. Let the frozen pretrained anatomy model
process the CT input to produce bottleneck features Zana = Eg,_, (x'), while the pathol-
ogy encoder extracts joint features from CT, PET, and anatomical pseudo-labels (x,
xPet, x21), yielding Zpam. As the spatial shape of Zana and Zpa may differ, we apply
an Align Block to adjust anatomical features. It consists of a pointwise convolution fol-
lowed by adaptive spatial pooling, transforming Zana to match the dimensionality of
Zpath- We then feed both Zy,., and the aligned Zana into our proposed fusion module
to perform feature-level integration guided by pathological features.
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Figure 25: GRASP framework: Bottleneck features from a frozen pretrained anatomy model
are aligned and fused with pathology features via a modular fusion block.

Anatomy-Guided Transformer Fusion: We design a lightweight fusion module lever-
aging transformer attention [312], as illustrated in Figure 25. We first apply a spatial
attention (SA) block inspired by CBAM [339] to emphasize informative spatial regions.
For each voxel location (h,w, d), attention weights are computed by aggregating fea-
ture responses across the channel dimension C via average and max pooling, followed
by a convolution and sigmoid activation. Next, we apply a channel-wise Squeeze-
and-Excitation (SE) [114] block to recalibrate the features, enhancing informative chan-
nels while suppressing less relevant ones. These two attention mechanisms are ap-
plied to both Zana and Zpam, yielding recalibrated features Zana € RBXCXHXWXD 414
Zpath e RBXCXHXWXD ‘where B denotes the batch size:

2ana = SE(SA(Zana))/ Zpath = SE(SA(Z’path))/

where SA(-) and SE(-) denote the spatial and channel attention modules, respec-
tively. The recalibrated pathological features Zpath and anatomical features Z,n, are
reshaped into sequences Q = reshape(ﬁpath) and K,V = reshape(zana), all with shape
RBx(H-W-D)xC We first apply self-attention to Q to model intra-pathology depen-
dencies, followed by cross-attention using Q as queries and K,V as keys and values.
We adopt multi-head attention with h = 8 heads [312] to capture diverse anatomical-
pathological relationships. The result is reshaped back and fused with the original
Zpath Via a learnable gated sum:

Z2=5-0(QKV)+(1-5): Zpath, & = Sigmoid(w),

87



88

LEVERAGING ANATOMICAL KNOWLEDGE FOR PATHOLOGY SEGMENTATION

where O(Q, K, V) denotes the output of the Transformer Block, with Sigmoid(-) control-
ling the contribution of the injected anatomical context, initialized to o.5.

Fusion Setup and Training Strategy: We select up to the two deepest convolutional
layers from the pathology backbone encoder as the bottleneck block for feature fusion,
fusing each with the corresponding layer from the anatomy encoder in a pair-wise
manner. To simplify the design, we propose two strategies: a Mirror setup, where a
pathology model is trained from scratch and paired with a pretrained anatomy model
of the same (mirrored) architecture trained on the DAP Atlas [130]; and a Mixture
setup, where the same-architecture anatomy model is replaced with the off-the-shelf
pretrained SegResNet [230] implemented by MONAI [38], improving generalizability.
In practice, we employ a two-phase training strategy, where the fusion module is
activated after 50 epochs, which has been shown to improve training stability.

4.2.3 Experiments and Results

Evaluation Protocol: We conduct experiments on two public PET/CT lesion segmen-
tation datasets: AutoPET [81], a whole-body dataset with a high metastases count
and HECKTOR [241], a dataset focusing on the head-neck region with fewer metas-
tases. We benchmark GRASP using four complementary metrics: Dice (DSC) [61], CC-
Dice (CC-DSC) [129], FP-Volume (FPV), and FN-Volume (FNV), computed per patient
and averaged. For an easier comparison across the configurations, we compute the
average rank across the four evaluation metrics for a final configuration rank. We ex-
periment with three different segmentation models representing distinct architectural
paradigms: 3D-UNet [53], the standard encoder-decoder baseline; SegResNet [230], a
residual learning-based architecture; and MedNeXt-S [272], a modern and efficient
ConvNeXt [194]-inspired design, based on our obtained pretrained models.
Implementation Details: Training uses AdamW [199] (Ir=1e—4, cosine anneal-
ing [198]), batch size 4, 300 epochs, DiceCE loss, five-fold 70:30 splits. Patch sizes:
(96,96,96) for AutoPET and (64,64,64) for HECKTOR. We use 2:1 positive-to-negative
sampling, including healthy samples, unlike previous works [128, 141]. Our experi-
ments are conducted on 4 NVIDIA Hioo GPUs (80GB) with DDP. During inference,
the feature fusion mechanism is omitted, relying solely on its regularizing effects on
the decoder established during training. This approach facilitates easier model deploy-
ment and ensures that the feature fusion does not impose any additional computa-
tional burden during inference.

Quantitative Results: We report the quantitative results in Table 15, comparing base-
line architectures against anatomical knowledge injection via a third input channel
(ANA in.) and two GRASP variants (Mirror and Mixture). GRASP demonstrates strong
performance, ranking first or second in nearly all configurations with only one ex-
ception. In a supplementary ablation on the 3D-UNet using the AutoPET dataset,
we evaluated GRASP without providing anatomical pseudo-labels as additional in-
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put channels, keeping only the feature fusion block. This variant improved Dice by
+1.6% over the 2c baseline, but was still below the full 3-channel version, highlight-
ing the complementary role of anatomical pseudo-label guidance and feature fusion.
The framework shows strong adaptability across different anatomical segmentation
architectures and consistently achieves the lowest FPV on AutoPET, effectively distin-
guishing metabolically active tissue from actual tumors. Performance on HECKTOR is
also strong for the 3D U-Net and the SegResNet backbones. However, for MedNeXt-S,
the simpler ANA in. approach slightly outperforms GRASP, suggesting that GRASP’s
more advanced fusion may be unnecessary for this particular backbone on this dataset.
Overall, our results show that GRASP robustly improves segmentation across diverse
medical imaging tasks by integrating anatomical knowledge.

Qualitative Results and Insights: We show qualitative results in Figure 26 (left) by
exploring ground-truth lesions in purple against predictions of the established model
configurations in red. We display two case studies representing difficult cases due to
complex topology with many small lesions (Case A) and a complex surface structure
(Case B). We further analyze the cosine similarity of pathology features before and
after fusion. At epoch 50, when fusion begins, similarity drops sharply, indicating
that anatomical feature inclusion rapidly shifts the pathology features. Both blocks
show stabilization toward training’s end, with pathology features maintaining 70-75%
similarity before and after fusion, representing a 25-30% change due to anatomical
feature inclusion.
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Figure 26: Left: Comparison of the three backbone model configurations on two cases, with
ground truth in purple and predictions in red. Right: Feature similarity of pathological features
before vs. after fusion in 3D-UNet’s two fusion blocks.
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Table 15: Benchmark segmentation results across two datasets. Bold indicates the best valida-
tion performance in each metric, while underline denotes the second-best.

Backbones Configurations DSC (1) CC-DSC (1) FPV () FNV ({) Rank (})

AutoPET: High Metastases Count

Baseline (2c) 49.3 £ 2.9 31.4 + 2.3 2.49 + 2.9129.96 *+ 10.67 3
3D-UNet ANA in. (3¢) 52.6 + 2.5 32.6 = 2.6 3.16 & 3.00 23.77 + 5.52 3
GRASP (Mixture) 53.6 + 2.2 33.3 = 0.9 2.80 £ 2.68 22.73 £ 6.09 2
GRASP (Mirror) 54.5 £ 3.0 34.7 £ 2.3 2.77 £ 2.80 19.75 *+ 3.57 1
Baseline (2c) 50.3 £ 2.9 321+ 2.1 3.95* 3.5536.37 £ 13.42 4
MedNeXt-S ANA in. (3¢) 53.6 + 3.3 34.6 & 3.0 3.51 & 3.23 27.99 &+ 7.87 2
GRASP (Mixture) 53.8 + 2.9 34.1 £ 2.4 2.91 + 2.56 28.54 + 9.42 1
GRASP (Mirror) 53.6 & 3.2 33.7 4.4 3.43% 3.04 27.58% 12.40 2
Baseline (2c) 54.1 + 3.6 36.4 + 3.5 4.08 & 3.2332.51 £ 13.74 3
SegResNet ANA in. (3¢) 57.4 £3.6 372+ 33 3.39 + 1.71 21.89 + 7.64 2

GRASP (Mirror) 58.9 + 1.2 39.4 & 2.3 5.87 £ 4.52 17.08 £ 4.50

=

HECKTOR: Low Metastases Count

Baseline (2c) 39.9 + 4.7 39.8 & 4.7 0.05 + 0.03 1.32 + 0.26 4
ANA in. (3¢) 44-8 £ 3.9 44.6 + 3.9 0.08 £ 0.04 1.06 * 0.15 2

3D-UNet
GRASP (Mixture) 47.1 & 4.0 46.9 & 4.0 0.14 £ 0.11 0.75 *+ 0.15 1
GRASP (Mirror) 45.5 & 5.5 45.3 = 5.5 0.12 £ 0.06 1.16 &+ 0.26 2
Baseline (2c) 53.3 £ 3.2 532+ 3.1 0.27 + 0.18 0.55 *+ 0.16 3

MedNeXt-S ANA in. (3¢) 56.2 &+ 3.3 56.0 &+ 3.2 0.39 &= 0.25 0.44 + 0.13 1
GRASP (Mixture) 54.3 £+ 3.5 54.1 £ 3.4 0.34 & 0.17 0.59 £ 0.14 3
GRASP (Mirror) 55.2 3.4 55.1 & 3.4 0.38 £ 0.15 0.53 £ 0.20 2
Baseline (2c) 60.5 + 2.9 60.4 + 2.8 0.24 + 0.17 048 * o.10 3

SegResNet ANA in. (3c) 61.9 + 40 61.8 & 4.0 068 + 037 045+ 0.11 2

=

GRASP (Mirror) 63.3 3.0 63.2 & 3.0 0.43 £ 0.27 0.35 + 0.11
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4.3 CHAPTER CONCLUSION

Across both sections, we demonstrated that anatomical knowledge, if effectively inte-
grated, can substantially enhance pathology segmentation. In APEx, we established
that explicit joint learning of anatomy and pathology through a shared embedding
space and targeted cross-decoder communication yields consistent gains across di-
verse modalities and tasks, aligning model behavior with clinical reasoning. How-
ever, this approach requires paired anatomy—pathology datasets, architectural modifi-
cations, and is restricted to 2D formulations.

GRASDP, on the other hand, is a volumetric framework, decoupling anatomical learn-
ing from pathology training, instead exploiting frozen, high-quality anatomy segmen-
tation models as external knowledge sources. This setup was motivated by the de-
sire to avoid supervising anatomy as an auxiliary task when the anatomy output
is irrelevant for the clinical application. Instead of learning anatomy from scratch,
GRASP reuses frozen, high-quality anatomy segmentation models purely as knowl-
edge sources. Anatomical priors are injected via pseudo-label input and bottleneck-
level feature fusion, allowing the pathology model to remain fully focused on its tar-
get task while still benefiting from rich anatomical context. This design eliminates the
need for paired labels, auxiliary losses, or architecture-heavy multi-task setups, and
can be applied to volumetric architectures.

Together, APEx and GRASP provide complementary strategies: APEx excels when
joint anatomy-pathology supervision is available, while GRASP offers a scalable,
architecture-agnostic mechanism to harness anatomical priors from existing models.
These findings reinforce the central role of anatomy-guided learning in advancing
clinically relevant pathology segmentation.

Contribution 1: We show that incorporating anatomical knowledge consistently
improves pathology segmentation across diverse tasks (semantic and instance),
dimensionalities (2D and 3D), and imaging modalities (CT, PET, X-ray). This es-
tablishes anatomy-guidance as a generally applicable performance driver rather
than a niche enhancement.

Contribution 2: We conduct a systematic exploration of anatomy-pathology in-
tegration strategies, ranging from pretraining and multi-class formulations to
auxiliary-input and multi-task designs. This large-scale comparison reveals which
mechanisms, such as shared representation spaces and selective cross-task com-
munication, are effective, and which naive approaches fail to efficiently leverage
anatomical priors.

91



92 LEVERAGING ANATOMICAL KNOWLEDGE FOR PATHOLOGY SEGMENTATION

Contribution 3: We distill these insights into two complementary frameworks:
APEx, a specialized multitask architecture with asymmetric query-level informa-
tion flow from anatomy to pathology, and GRASP, a plug-and-play approach that
reuses frozen anatomy models for feature-level guidance without paired labels
or inference overhead. Together, they provide practical solutions for both joint-
training and anatomy-reuse scenarios.



EVALUATING LESION SEGMENTATION
MODELS

In the preceding chapters, we first built a whole-body anatomy segmentation
dataset and model in Chapter 3 and demonstrated how this anatomical knowl-
edge, represented as anatomical labels, can enhance pathology segmentation
in Chapter 4. In the following Chapter 5, we shift our focus to the evaluation of the
trained lesion segmentation model. We critically assess existing semantic segmen-
tation metrics which are used to measure the performance of lesion segmentation
models, and develop a novel evaluation protocol: CC-Metrics, a framework that
allows the evaluation of existing metrics on a per-component basis.

The selection of appropriate evaluation metrics is crucial in the development of neu-
ral networks, as these metrics directly influence model selection and optimization pro-
cesses. A well-chosen metric ensures that the performance of a model represents the
intended use case, thereby driving meaningful advancements in the field. Metrics that
align closely with real-world applications help in fine-tuning models to meet specific
needs, ensuring that improvements in performance translate into practical benefits.
Thus, the careful consideration of evaluation metrics is fundamental to advancing the
efficacy and reliability of neural networks.

5.1 EVERY COMPONENT COUNTS: REBALANCING SEMANTIC SEGMENTATION
METRICS FOR MULTI-INSTANCE SCENARIOS

The following chapter is based on our work, published in AAAI 2025 [129].

Semantic segmentation [197] is a cornerstone of medical image analysis, as the auto-
matic identification of critical areas, such as organs-at-risk [167] or metastases [81],
can save valuable time in clinical care. With the ever-increasing performance of
recent methods from the 3D-UNet [53], transformer-based models [98, 99] to the
nnUNet [120], segmentation seems to be on the cusp of clinical use. When trying
to translate these algorithms to actual clinical use, however, these models with high
dice scores tend to produce irresponsible errors, such as the omission of novel, smaller
lesions, which can significantly alter the treatment plan [30, 97]. The question thus
becomes, how could such issues be identified in the development process before stress
testing on patients?
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In a typical setup, we aim to iden-
tify models that can predict both large
and small structures while also maximiz-
ing the overlap between the predicted
tumor regions and the actual tumors.
This is non-trivial, as the selection of ap-
propriate metrics for medical tasks de-
pends on the specific scenario, the data
at hand, the structure of the model’s out-
puts, and the type of questions the re-
searcher aims to answer. Recent publica-
tions highlight the pitfalls of using sub-
optimal metrics [262] and have devel-

— | ==

Model Prediction
Dice: 98%
CC-Dice: 66%

Ground Truth

Figure 27: Reporting a Dice of 98% in the
shown example highly overestimates the ca-
pability of the trained semantic segmentation

model, possibly misleading radiologists. CC-
Metrics partitions the image into distinct re-
gions and evaluates standard segmentation
metrics on a per-component basis, giving each
tumor equal importance.

oped extensive recommendation frame-
works [209].

Despite the potential advantages of in-
stance segmentation in distinguishing be-
tween overlapping objects, there appears
to be less emphasis within the medical
community on exploring and developing instance segmentation models for volumet-
ric multi-instance segmentation scenarios, such as metastasis segmentation [81, 241].

We believe the main reason for this is: Semantic Segmentation is sufficiently general.
Assume you have a perspective image of a street scene. Multiple objects and instances
may overlap as the image is a projection of our three-dimensional world onto a two-
dimensional plane. For instance, identifying individual people in a crowd does pro-
vide real value for downstream applications over a semantic-segmentation approach,
where a crowd would only be represented as a blob. This scenario, by definition, is
not possible in volumetric images, each connected component is perfectly separated,
and there is no perspective overlap. A consequence of this observation is that standard
semantic segmentation is sufficiently general to solve detection as well as instance seg-
mentation, by computing connected components in a post-processing step. We will
refer to this setup as “detection via segmentation”.

Properly evaluating these semantic segmentation models in the context of a multi-
instance scenario is challenging, as semantic segmentation metrics are inherently not
designed to care about instances and compute the agreement of predictions and
ground truth globally.

Within this work, we propose an embarrassingly simple yet intuitive strategy for
evaluating the performance of semantic segmentation models in the ’‘detection via
segmentation’ setup by computing established semantic segmentation metrics on a per-
instance basis. By doing so, we give equal weight to each component, reflecting their
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equal importance irrespective of their size. This approach aligns with the clinically
motivated intent to treat all metastases the same.

To match predictions to ground truth values, we establish generalized Voronoi dia-
grams to partition each image into distinct regions, allowing predictions to be matched
to the nearest ground truth connected component. By evaluating predictions locally,
we eliminate the need for thresholds like those in Lesion Dice [225], allowing re-
searchers to use existing, well-known metrics and avoiding the pitfalls of overlap-
based matching or multiple true positives

5.1.1  QOuverview of Existing Metrics

Within this paragraph, we briefly revisit common metrics used to evaluate semantic
segmentation models and point out related work that has raised criticism regarding
the presented metrics within the medical field.

5.1.1.1  Overlap-based Semantic Segmentation Measures:

Overlap-based segmentation quality measures are one of the most frequently lever-
aged approaches to quantify the quality of segmentation masks. Typically, the predic-
tions P are compared to the desired predictions S by their area of overlap. Two of the
most common metrics used to quantify this overlap are the Jaccard Index [124], also
called Intersection Over Union (IoU),

PN

ToU =
= pus (13)

and the Dice coefficient [61], which is defined in terms of set cardinalities as

. 2x|PNS]
Dice = —————. 1
P+ S| (14)

A well-known limitation of these overlap-based metrics is their bias towards large
objects and their inability to distinguish between different instances [262]. The latest
research thus recommends reporting counting-based metrics (e.g., Precision) alongside
overlap-based metrics [209]. To better counter size biases, a range of improvements,
such as False Positive (FP) and False Negative (FN) penalties for the Dice score, have
been proposed [37].

5.1.1.2 Unified-measures for Segmentation and Recognition Quality:

The Panoptic Quality (PQ) metric [153] was designed to unify detection and segmen-
tation. PQ assigns predicted segments to ground truth segments by defining a match
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only if the predicted segment and ground truth segment overlap by at least IoU > 0.5,
rendering a guaranteed unique matching. As outlined in Equation (15), the metric is
calculated by computing the average IoU of all True-Positives (TP) and multiplying it
by the F1-score [311].

2_(p,g)erpoU(p, g) ITP|

PQ = X
< TP ITP| + L [FP| + 1 |FN]

(15)

The fixed-threshold-based matching approaches and direct metric combinations,
like using the F1 score for counting and IoU for overlap, have limitations discussed
in Section 5.1.4. Other works have also criticized the usage of the PQ metric in cell
nuclei segmentation [71].

Recently, the Brats2023 challenge [225] started evaluating models based on a concept
similar to Panoptic Quality by combining the overlap-based Dice score for all ground
truth lesions, normalized by the number of all ground truth lesions and the number
of FPs. They call this metric Lesion Dice (LD), and it is defined as follows:

2_ie(pupn) Dice(i)
|TP| + [FP| + |[FN]
The assessment of TP, FP, and FN is, as in PQ, based on an overlap-based criterion.

However, LD does not demand the strict IoU > 0.5 threshold which, as a consequence
no longer guarantees a unique matching of prediction and ground truth.

LD = (16)

5.1.1.3 Boundary-based Semantic Segmentation measures:

Boundary-based measures evaluate the quality of segmentations by focusing on the ac-
curacy of the predicted boundaries relative to the ground truth. Two common metrics
are Boundary IoU [47] and (Normalized) Surface Dice (NSD) [235, 281]. These metrics
modify the traditional overlap-based metrics by considering only pixels within a spec-
ified distance from the boundary, emphasizing edge alignment. They are particularly
useful in applications where boundary accuracy is crucial, such as pathology delimita-
tion. Let 0S and 0P denote the surface voxels of the ground truth and prediction, then
the NSD is defined as follows:

|0S<| + |0P<]
|0S| + |0P]

where 0S: ={s € 0S| Ip € 0P, d(s,p) < 7} is the set of surface pixels of the ground
truth that are closer than a threshold T to any of the surface pixels p of the predicted
surface 0P. 0P+ is defined analogously. For improved readability, we will use the term
Surface Dice interchangeably with normalized Surface Dice, with both terms consistently
referring to the normalized metric throughout this work.

NSD = (17)
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5.1.1.4 Distance-based Semantic Segmentation measures

Distance-based measures quantify segmentation quality by evaluating the spatial
distance between predicted and ground truth boundaries. The Hausdorff Dis-
tance (HD) [100] measures the maximum distance from a point on the boundary of
one set to the closest point on the boundary of another set, highlighting worst-case
boundary errors.

HD = max | sup inf d(p, s), sup inf d(s,p) (18)
pep S€S ses PEP

As this measure is susceptible to outliers, researchers have started to report the 95t
percentile, instead of the maximum distance which is known as the HDg5 score. This
worst-case behavior makes the metric less sensitive to small changes, especially for a
large number of points [301].

Moreover, while the HD is commonly used in medical image segmentation, its ap-
plication in pathology segmentation should be approached with caution. This metric
emphasizes the maximum distance between boundary points, which can lead to inac-
curate assessments, especially when used to detect multiple lesions as it defaults to
the global worst case scenario.

Another popular metric is the Average Surface Distance [104] which computes the
mean distance between corresponding points on the surfaces, providing an overall
assessment of boundary alignment.

5.1.2 Deriving CC-Metrics

In this section, we introduce our proposed CC-Metrics evaluation protocol, focusing on
the specific case of three dimensions (d = 3) due to its relevance in medical volumetric
multi-instance semantic segmentation.

Consider an image I € R?® and a binary target segmentation mask S € {0, 1}>*wxd,
where h,w, d denote height, width and depth respectively. Further, consider a neural
network f computing binary predictions P € {0, 1}"*W*d given the image f(I) = P.
To evaluate the quality Q of the prediction P, given the target segmentation mask
S, the standard approach is, to use a metric m, taking both P and S and computing
Q = m(P,S). Typically, metric m generates a single quality measure, which globally
measures some form of agreement between P and S. In the default setup, all predic-
tions p € P and target segmentations s € S will be passed to the metric which results
in the default global quality measure QJ.;. In the following, we derive CC-Metrics
by first introducing a generalized Voronoi diagram, which partitions the image space
according to connected components of the ground truth S.
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5.1.2.1 Definition of the Generalized Voronoi Diagram

Consider the standard definition of a Voronoi diagram in a discrete three-dimensional
metric space T with distance function d, where T is a set of discrete points such as the
indices of a tensor, or the integer lattice points in R3. Let K C T be a set of indices (3-
tuples) which in our case can be thought of as a set of discrete locations in T. To define
the Voronoi diagram, a nonempty set of points {J }xck serves to define the sites of the
diagram. Based on these definitions, a Voronoi Region Ry is the set of all points in
T that are closer to {Jx}xck, measured by distance function d than to any other site
{Jithex with k # 1. We define the distance function d : T x K — R : d(t, k) = ||t —k]||2
as a mapping from any location t in T and the location of any point {Jx}xek to their
Euclidean distance. The standard Voronoi region Ry is thus defined as

Definition 1. Voronoi Region

R ={teT|d(t, i) <d(t,J1) V€K 1l#k}

This is the core concept according to which we plan to partition a given image
tensor into regions. In our setup, the connected components of S will serve as the sites
according to which the Voronoi regions are defined. As these components in most
cases contain more than one single n-tuple (location) per Vornoi site, we expand the
previous Definition 1 by allowing connected components to form the sites. We expand
the definition of K by introducing K which bundles all points {Jx}xek into subsets
based on their connectivity. Regarding the definition of connectivity, we rely on the
concept of 26-connectivity. We define a function connyg : K x K — {True, False}, which
takes the locations of two points Ji, and Ji, as inputs and determines whether they are
26 connected. The points Ji, and Ji, are connected if k; = (a,b,c) and k; = (d, e, f)
meet the following condition:

Definition 2. 26-connectivity

l[a—d|<TAb—e <TAlc—1] <1,
with (a,b,c) # (d, e, f)

Leveraging the established Definition 2, we can derive KK which contains all sets of
connected components according to the 26-connectivity criteria.

Definition 3. Connected Component Sites

K ={C C K| Vky, ky € C,3sequence(kq, k2,..., ki),
with kyx = k1, ky = ky and connag(ki, kiy1) Vi < 1}
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This updated definition of Voronoi sites which we now call C reflects the generalized
notion from single points to sets of connected points. We also modify the distance
function to properly work on these sets of points, rather than two individual points.
The updated function d’ should map a location t € T and a set of points {Jc}cek to a
distance. The intuition is, that each location should still be matched to its closest site.
We thus define d’: T x K +— R as d’(t, C) = minyec ||t — k|2 as the minimal distance
to any location k within the connecected component C € K. With the updated distance
function, the generalized Voronoi region R’ can be easily defined as

Definition 4. Generalized Voronoi Region

VCy, Cr € K, Cy # Cy}

This definition leads to a deterministic and unique separation which we proof in Ap-
pendix E.1.3

5.1.2.2 Calculating CC-Metrics

After establishing the definition of the Generalized Voronoi regions, the calculations
of CC-Metrics is straight forward.

Let the current image I be defined over a metric space T with indices (a, b, c) for the
3D volume and f(I) = P be the predictions of a neural network. The target segmenta-
tion mask S € {0, 1}FM*W*4d can now be used to define the set of indices K as

K={(a,b,c) eT|S(,jk)=1}

In this definition, K includes all the indices where the target segmentation mask has
the value 1. Given K, K can be computed using the conny¢ function and R¢- can be
computed using Algorithm 1 or Algorithm 2.

We now define the local predictions P¢ for the region R as Pc = PN R(;, where P¢
represents the set of predicted points in the Voronoi region R¢.. Similarly, we only con-
sider the target segmentation within the same region S¢ = S N R(-. We now compute
the metric of interest locally and separately for all regions

QEI = m(Pc,Sc) VC e K

ensuring that the evaluation is constrained to the specific region of interest.
We aggregate the different local quality measures using a standard average

1
$0b2®ZQrg

CeK
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5.1.3 Computation of Generalized Voronoi Diagrams

In this section, we discuss the algorithm to compute the Generalized Voronoi Dia-
grams R(-. Algorithm 1 first computes connected components so that each connected
component in the original mask S is distinguishable. We utilize the implementation
by Silversmith [292] for this purpose. Subsequently, we compute the Euclidean dis-
tance transform for each component separately. We use the scipy implementation [313]
for this computation. However, since the scipy implementation computes the distance
transform of the pixels inside each component, and we are interested in the distances
of the pixels of the background class, we invert the pixel values, setting everything
except the current component to the foreground and the pixels within the current
component to the background. As this step is specific to the library used, we omit it
from the pseudo- algorithm 1.

We collect the individual distance transforms and stack them in order. To compute
the generalized Voronoi Regions R’ for the entire image, we take the argument of the
minimal distance across all distance transforms. This operation assigns each voxel to
its closest component as measured in Euclidean distance, which matches the definition
of the generalized Voronoi Diagram.

The proposed Algorithm 1, while intuitive, is of time complexity O(|K] * |S[) with
IK| being the number of connected components and [S| being the number of voxels
in the segmentation mask S. To speed up the computation, we further develop Algo-
rithm 2, which leverages a feature transform algorithm, thereby assigning the nearest
component to every voxel in one pass.

To compute generalized Voronoi regions R(- more efficiently, we exploit the feature
transform available in the scipy.ndimage.distance_transform_edt function [313].

This approach is mathematically equivalent to the naive method (Algorithm 1),
where a distance transform is computed separately for each component and the min-
imal distance is selected voxel-wise. However, the feature transform method (Algo-
rithm 2) requires only a single distance transform computation. As a result, its runtime
is O(IS]), still scaling linearly with the total number of voxels, but is now independent
of the number of connected components, which leads to significant speedups in prac-
tice, particularly for high-metastases count datasets.

5.1.4 Analysis of Segmentation Metrics

Within the following section, we analyze failure cases of common semantic segmenta-
tion metrics used in a “detection via segmentation” scenario, based on a toy example.
For all of the following analyses, we start, unless noted otherwise, with a ground truth
consisting of three different sphere components. A visualization of this ground truth
is given in Figure 27. Initially, we assume a perfect prediction which we then degrade
step by step as described in the following sections.
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Algorithm 1 Compute Generalized Voronoi Diagrams

Require: Segmentation mask §S € {0, 1}wxd
Ensure: Generalized Voronoi Regions R VC € K
Step 1: Compute Connected Components
K <« LabelConnectedComponents(S)
Step 2: Compute Euclidean Distance Transforms
cc_dt «[]
for each connected component C in K do
D¢ « euclidean_dist_transform(background of C)
cc_dt.append(Dc)
end for
Step 3: Compute Voronoi Regions
R < argmin(stack(cc_dt))

Algorithm 2 Fast Computation of Generalized Voronoi Diagrams

Require: Segmentation mask S € {0, 1phxwxd connectivity c € {6, 18,26}
Ensure: Voronoi regions R(-VC € K
Step 1: Label Connected Components
K « LabelConnectedComponents(S, connectivity = c)
Step 2: Prepare Distance Transform Input
[+ 1 > Start with all voxels marked as background
I[K>0]«0 > Set voxels in connected components to zero (seeds)
Step 2: Compute Nearest Seed Indices
indices <+ Feature Transform(I)
Step 3: Assign Voronoi Regions
R¢ « Klindices]
return R{-
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5.1.4.1 QOwverlap Metrics: Dice vs. CC-Dice

First, we compare the Dice metric as an example of an overlap-based metric. As an
operation to degrade predictions, we continuously apply binary erosion to the pre-
diction masks. We show the results of two experiments in Figure 28 in the top and
middle plots. In the upper plot, we uniformly apply erosion to all components. It's
important to note that binary erosion removes a larger percentage of volume from
smaller spheres than from larger ones. As a result, we observe that the individual Dice
scores of three components (three black dashed lines) decrease with different speeds
due to their different sizes. The global standard Dice coefficient (blue line) decreases
more slowly and almost follows the Dice of the largest connected component. CC-Dice
(orange line) decreases faster as it reflects the average per component Dice. In the sec-
ond example (middle plot), we only apply erosion to the smallest component. The
standard Dice is barely affected while CC-Dice quickly converges to 66% reflecting
perfect coverage for 2 components and 0% Dice for the smallest component.

5.1.4.2 Unified Metrics: Panoptic Quality vs. CC-Dice

Panoptic Quality (PQ) [153] is a metric that measures both recognition and segmenta-
tion quality, making it suitable for comparison with CC-Dice.

We compare CC-Dice and PQ in Figure 28 (top and middle plot) under the previ-
ously described scenarios. We observe two characteristic weaknesses of PQ. The first
weakness is evident at erosion steps 3, 7, and 14 in the upper plot, where PQ drops
rapidly. At other steps, the decline is smoother. This occurs because, at these erosion
steps, the three different segmentation components fall below the IoU > 0.5 thresholds
relative to their ground truth, abruptly changing each component from TP to FP and
causing sharp drops in the metric. In contrast, CC-Dice, which does not rely on fixed
thresholds, behaves much more smoothly.

Another consequence of fixed thresholds is best observed in the middle plot of Fig-
ure 28. Since PQ only measures segmentation quality for TPs, the score remains flat
once the smallest component is no longer accepted as a TP. PQ does not reflect changes
in segmentation quality after falling below this threshold. On the other hand, CC-Dice
remains informative even for low overlaps.

A second major negative property of PQ is the direct combination of counting-based
and overlap-based scores. As mentioned earlier, once the IoU of a component drops
below 0.5, it is no longer considered a TP but becomes an FP, which negatively impacts
the metric. However, after the component is completely eroded, the PQ score increases
again because the presumed FP component is no longer present. This behavior is ob-
served at erosion step 12 in the upper plot and erosion step 20 in the middle plot.
We find this behavior suboptimal, as it introduces inconsistencies and irregularities
in the evaluation of segmentation quality. The abrupt changes in PQ due to the fixed
IoU threshold can complicate network evaluation, as minor variations in detected com-
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ponents may drastically alter the score. Additionally, the increase in PQ after a com-
ponent is fully eroded is suboptimal, as it rewards the absence of predictions rather
than partially correct ones. This is problematic in cases where missed components are
more harmful than False Positives. While not designed to compete with PQ, CC-Dice
provides a more consistent and representative assessment of segmentation quality by
avoiding these issues.

5.1.4.3 Lesion Dice vs. CC-Dice

Besides PQ we compare Lesion Dice (LD) as a second unified metric against CC-Dice.

LD requires the careful selection of many domain-specific hyperparameters, such as
dilating the ground truth n-times to merge adjacent ground truth instances or ignor-
ing predictions with components smaller than k milliliters. Many of these parameters
have to be chosen by experts [225]. While this adds flexibility, it places the burden
of threshold selection on researchers and complicates cross-domain comparisons. In
contrast, CC-Dice is a hyperparameter-free evaluation protocol.

Similar to PQ, LD directly incorporates the number of false positives into the score
if they form components larger than k milliliters. This creates a challenge in selecting
an appropriate k value. If k is set high, the metric may ignore numerous false positives
below k without affecting the score. Conversely, if k is low, even a few false positive
pixels can significantly lower the score, in this setting, we penalize the model for un-
certain predictions in a setting where the cost of a false positive is much lower than
that of a false negative.

Unlike PQ, Lesion-Dice does not demand an IoU > 0.5; even a single overlapping
pixel can determine a match between prediction and ground truth. This no longer
guarantees a unique matching, hence multiple masks with minimal overlap can be
counted as TPs.

The lower plot of Figure 28 illustrates two pitfalls of LD. In the left graph, we start
with three spheres of equal size and dilate the predicted masks. The Dice score (blue
line) due to each component being of equal size behaves in line with CC-Dice (orange
line). LD (green line) initially follows this pattern, however, once two previously not
connected masks intersect, LS assigns the now connected mask as a TP to both lesions
thereby decreasing the scores massively as seen at dilation steps 3 and 7.

The double assignment in LD also leads to unexpected results, as demonstrated in
the pitfall example on the right side of the lower plot. LD assigns the mask as a TP to
both components individually. This leads to the scenario that two separate masks of
the same size are not preferred over a single mask covering both components, despite
the two masks covering many more false-positive locations.
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Figure 28: Comparison of Dice, CC-Dice and Panoptic Quality: In the upper plot we start from
a perfect prediction and degrade prediction quality by applying erosion to all components uni-
formly. In the middle plot we only degrade the prediction of the smallest mask. In the lower
plot, we compare CC-Dice with Lesion Dice (LD) by using dilation to simulate oversegmenta-
tion (left) and highlight a pitfall of LD (right).
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Figure 29: Comparison of the standard Hausdorffgs metric with the CC-Hausdorffg5 metric
(upper plot), as well as standard Surface Dice with CC-Surface Dice (lower plot). In both
scenarios, we start from a perfect prediction and assess the metric scores while degrading the
prediction quality of a large versus a small component.
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5.1.4.4 Distance Metrics: Hausdorff Distance vs. CC-Hausdorff Distance

Distance-based metrics measure the distance between the boundaries of two masks.
While this approach can be executed globally, large components, which naturally con-
tain the vast majority of surface points, limit the importance of smaller components,
either because their distances are treated as outliers and ignored, as in Hausdorffgs dis-
tance, or count little towards the average in Normalized Surface Distance. We explore
this behavior in Figure 29. Again, we start with the spheres displayed in Figure 27
and assume a perfect prediction. We then gauge how the HDg5 metric changes during
the erosion of the smallest segmentation mask compared to the erosion of the largest
segmentation mask. It can be seen that, using the standard evaluation protocol, the
small component is ignored because its boundary distances exceed the 95" percentile,
whereas eroding the largest component results in a significant increase in the metric.
Evaluating the HDg5 distance on a per-component basis normalizes the different num-
ber of boundary pixels and only compares one ground truth mask to its respective
prediction. As desired, the CC-HDg5 distances behave almost identically whether we
erode the largest segmentation mask or the smallest segmentation mask.

5.1.4.5 Boundary-based Metric: Surface Dice vs CC-Surface Dice

Boundary-based metrics suffer from the same problem as overlap-based metrics when
being evaluated globally. Large components having long boundaries limit the influence
of smaller components. This behavior can be observed in the bottom plot of Figure 29.
In this example, we use a shift operation to degrade prediction quality, as erosion
would leave the metric unchanged until the threshold T in Equation (17) is reached, at
which point it would drop to zero. When degrading the largest component (blue line),
the Surface Dice score decreases significantly, while degrading the smallest component
(orange line) barely affects the overall score. Evaluating on a per-component basis
results in consistent scores for the same operations, regardless of component size.

5.1.5 Evaluation

To evaluate the proposed CC-Metrics protocol on PET/CT datasets, we conduct experi-
ments on two publicly available datasets: AutoPET [81] and HECKTOR [241], ensuring
a comprehensive analysis across different cancer types. These datasets were selected
as AutoPET involves patients with an average of 10 metastases, allowing us to assess
performance in complex scenarios, while HECKTOR includes patients with an average
of only 2 metastases per image, providing a setting where we expect standard metrics
and CC-Metrics to be aligned.

We first simulate a range of different model failures using synthetic predictions.
Given that HECKTOR includes only a few metastases per patient, AutoPET, with its
higher average number of metastases, provides a more suitable dataset for our simula-
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tion. This choice allows us to effectively gauge how CC-Metrics behave in comparison
to the standard evaluation protocol on a dataset level. Next, we train segmentation
models on both the AutoPET and HECKTOR datasets and evaluate them using both
approaches, ensuring that CC-Metrics and standard metrics are assessed across sce-
narios with varying metastasis counts.

5.1.5.1 Evaluation on Synthetic Prediction

We initially assume a perfect prediction for each image and then apply a degrading
function to progressively worsen and edit this prediction over n steps. At each degrad-
ing step, we aggregate predictions, considering patients with at least n metastases
when altering n components.

The simulation results for the AutoPET dataset are shown in Figures 30 to 33. The
first row of each scenario simulates decreasing prediction quality for the n smallest
components, and the second row for the n largest. We report the median along with
the 25" and 75t percentiles of standard metrics in orange and CC-Metrics in blue.
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Figure 30: Comparison of standard and CC semantic segmentation metrics on the AutoPET
dataset: We drop n connected components, simulating that lesions were forgotten by a model.
Standard Metrics are shown in orange, CC-Metrics are shown in blue.

False Negatives (Figure 30): We simulate the occurrence of false negatives by drop-
ping components. We observe that both standard Dice and Surface Dice are heavily
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Figure 31: Comparison of standard and CC semantic segmentation metrics on the AutoPET
dataset: We enlarge n connected components, simulating that lesions were oversegmented by
a model. Standard Metrics are shown in orange, CC-Metrics are shown in blue.

skewed towards large metastases. Even in the scenario where the 10 smallest metas-
tases are not captured, the standard metrics are barely affected. In contrast, CC-Dice
and CC-Surface Dice more accurately represent the expected degradation of predic-
tion quality and behave similarly regardless of whether False Negatives are larger or
smaller components.

Oversegmentation (Figure 31): We observe that overlap-based metrics as well as
boundary-based metrics are dominated by large components. The Distance-based met-
rics HDg5 and CC-HDg5 have the capability to capture deviations of small and large
components. A major downside of the standard Hausdorff metrics is, however, that
they stay constant, reporting the global maximum distance for the standard HD and
the global 95" percentile for the HDg5 metric. Due to this worst-case behavior of
the metrics, a single component dominates the score, rendering how well other com-
ponents are segmented whose scores fall below the global worst-case irrelevant. CC-
HDg5 on the other hand reports the average per-component worst case and provides
a more nuanced signal, allowing each component to influence the score.
Undersegmentation (Figure 33): In this scenario, we simulate under-segmentation
where the model misses parts of the tumor or metastasis in Figure 33. We again
observe CC-Metrics offering more nuanced insights into the prediction quality. Note
that the standard HDg5 metric first ignores errors when degrading the smallest errors
as they fall below the 95t percentile due to the large number of global boundary pixels.
Again CC-HDg5 is more informative.
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Figure 32: Comparison of standard and CC semantic segmentation metrics on the AutoPET
dataset: We insert n random connected components, simulating that lesions were falsely seg-
mented by a model. Standard Metrics are shown in orange, CC-Metrics are shown in blue.

False Positives (Figure 32): In this scenario, we add one component to each of the
n selected regions. For each tumor volume, we randomly sample a location within
the region defined by the n largest or smallest components and insert a tumor there.
The inserted tumors have a volume representing the 25th percentile of all metastasis
volumes in the patient. We observe that CC-Dice and CC-Surface Dice are generally
more sensitive to false positive predictions than standard Dice and Surface Dice under
this simulation scenario.

5.1.5.2 Evaluation of Real Predictions

We train 5 segmentation models, namely nnUNet [120], DynUNet [121], UNETR [99],
SwinUNETR [98] and MedNext [272]. Except for nnUNet, we use a consistent train-
ing process outlined in Appendix E.1.2 across all models with varying capabilities to
assess how standard metrics and the novel CC-Metrics evaluate them, focusing on
metric comparison rather than optimizing model performance. We report the evalua-
tion of the model predictions in Table 16. For unbound metrics such as the Hausdorff
Distance, we set the worst possible score to 50.
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Figure 33: Comparison of standard and CC semantic segmentation metrics on the AutoPET
dataset: We perform erosion on n connected components, simulating that lesions were under-
segmented by a model. Standard Metrics are shown in orange, CC-Metrics are shown in blue.

On the AutoPET dataset with its high number of average metastases per patient,
we find significant differences between standard and CC-Metrics. The CC-Dice scores
are significantly lower for all models than the traditional Dice scores. This disparity
is most notable in models like nnUNet, where the Dice score is 67.5, but the CC-Dice
score drops to 47.4, indicating that while traditional metrics might suggest a model
performs well, the large difference between Dice and CC-Dice highlights the model
is struggling with smaller metastases. We also find that ranking models by Dice and
CC-Dice yields different results, with DynUNet outperforming UNETR in CC-Dice
despite its significantly worse performance measured in standard Dice. Regarding the
Surface Dice (SD) score, we observe a similar picture as for the Dice. The Hausdorffgs
distance, abbreviated as HD in the table, and its CC variant (CC-HD) show marked
differences, with CC-HD scores being generally lower, indicating better performance
than the standard HDgs5. This result is to be expected as the standard metric focuses
on global worst-case scenarios. The difference can be interpreted as the difference
between the global worst-case and the average per-component worst-case scenario for
the dataset. This effect is best shown in the simulation results in Figures 31 and 33.

On the HECKTOR dataset, we find CC-Metrics to be very well aligned with standard
metrics for all models due to the low average number of ground truth components,
highlighting that CC-Metrics do not bias results in unexpected ways.
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Table 16: Comparison of standard metrics against CC segmentation metrics
AutoPET: High Metastases Count Dataset
Models  Dice CC-Dice SD CC-SD HD CC-HD
nnUNet 67.5 474 66.3 52.5 71.1 46.4

DynUnet 62.5 44.0 61.8 49.1 127 22
MedNext 67.7 46.1 66.91 51.62 73.8 28.18
UNETR 41.6 28.0 33.9 29.3 211 157
SUNETR 54.8 38.4 49.0 40.2 174 130

HECKTOR: Low Metastases Count Dataset
Models Dice CC-Dice NSD CC-SD HD CC-HD

DynUnet 78.7 78.7 80.3 80.3 377 37.6
UNETR 60.8 60.7 56.8 56.8 151 151

SUNETR 723 72.3 71.2 71.3 113 113

5.1.6  Qualitative Results

In Figure 34 we show two examples of nnUNet predictions where standard Dice and
CC-Dice disagree by a large margin. On the left, the Dice score of the prediction is
46.7%, while CC-Dice was reported as 74.4%. Prior to analyzing the qualitative exam-
ple, one could hypothesize that the observed discrepancy might stem from the model’s
tendency to more accurately capture smaller predictions compared to larger ones. This
is confirmed when observing the left plot, where the three small metastases are cov-
ered by the model, whereas the large metastasis in the right cheek is missed. This is
however a rather rare example in the nnUNet predictions, as most of the patient-wise
CC-Dice scores are lower than their standard Dice scores. A typical example where CC-
Dice is much lower than standard Dice is shown on the right. The reported standard
Dice for this example is 85.3%, whereas CC-Dice is only at 20.1%. While the predic-
tions are well aligned, at first sight, there are subtle differences. For instance, a false
positive is being segmented close to the aorta and a metastasis which is located on the
right of the largest connected component (indicated by the arrow) has not been seg-
mented by the network. Other metastases are either over- or undersegmented. While
these subtle differences are not captured by the standard dice, some of these can have
detrimental effects on the patient’s projected survival time and may require a sudden
change in the current cancer treatment plan. This example also gives an intuition on
how the difference in standard metrics and CC-Metric reveals the patterns of errors in
the network predictions.
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Figure 34: Qualitative Example of predictions (red) vs. ground truth (green) with large differ-
ences in standard Dice and CC-Dice. On the left, CC-Dice (74.4%) is higher than the standard

Dice (46.7%), while on the right, the standard Dice (85.3%) exceeds CC-Dice (20.1%).
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5.2 CHAPTER CONCLUSION

In this chapter, we introduced CC-Metrics, a novel evaluation protocol that addresses
critical limitations of traditional semantic segmentation metrics when applied to multi-
instance lesion detection scenarios. By leveraging generalized Voronoi diagrams to
partition images according to ground truth connected components, CC-Metrics en-
ables the computation of established metrics on a per-component basis, ensuring equal
weighting of all lesions regardless of size, thereby aligning closer with the clinical re-
ality for which these models are developed. Beyond its methodological contributions,
it is important to clarify the assumptions underlying CC-Metrics and the imaging do-
mains to which it can be reliably applied. The proposed proximity-based segmentation-
to-ground-truth matching assumes a constant real-world distance between neighbor-
ing pixels, which holds for modalities like MRI and CT scans. Under this assump-
tion, CC-Metrics is also applicable to other medical domains with uniform pixel spac-
ing, such as PET, ultrasound (with isotropic resampling), and digital histopathology,
as well as to natural imaging domains like satellite imagery, aerial orthophotos, mi-
croscopy, industrial X-ray inspection, and remote sensing hyperspectral data. In con-
trast, it is not suited for images where perspective induces non-uniform pixel distances,
such as standard photography or videos from moving cameras. The equidistance cri-
terion is necessary because Voronoi-based matching assumes that distances between
neighboring pixels correspond to equal real-world distances. If this is not the case,
as in images with perspective, the matching would become location-dependent and
could produce inconsistent results.

Our comprehensive analysis demonstrates that standard metrics such as Dice co-
efficient, Hausdorff distance, and Surface Dice exhibit significant bias toward larger
components, potentially masking poor performance on smaller but clinically criti-
cal lesions. While existing unified segmentation and detection metrics like Panop-
tic Quality and Lesion Dice attempt to combine segmentation and detection perfor-
mance, they suffer from threshold dependencies, non-unique matching, and incon-
sistent behavior across different scenarios. In contrast, CC-Metrics provides the most
general solution by naturally extending any existing segmentation metric—including
overlap-based, boundary-based, and distance-based measures—to the per-component
evaluation paradigm without introducing additional hyperparameters or matching
complexities. Through extensive validation on synthetic predictions and real model
evaluations across AutoPET and HECKTOR datasets, we show that CC-Metrics pro-
vides more nuanced and clinically relevant assessments of model performance, reveal-
ing failure modes that traditional metrics fail to capture. The proposed framework
is hyperparameter-free, computationally efficient, and maintains consistency with ex-
isting metrics in low-complexity scenarios while providing superior discriminative
power in multi-instance settings. These findings have important implications for the
clinical translation of lesion segmentation models, as CC-Metrics can help identify
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models that reliably detect both large and small metastases—a capability essential for
accurate staging and treatment planning in cancer care. The adoption of CC-Metrics
in the evaluation pipeline represents a significant step toward developing more robust
and clinically reliable segmentation models for medical imaging applications.

Contribution 1: We demonstrate critical limitations of standard semantic segmen-
tation metrics when applied to multi-instance lesion detection, showing through
systematic analysis that overlap-based, boundary-based, and distance-based met-
rics exhibit significant bias toward larger components, potentially masking poor
performance on clinically critical smaller lesions.

Contribution 2: We introduce CC-Metrics, a novel evaluation protocol based on
generalized Voronoi diagrams that enables per-component evaluation of any exist-
ing segmentation metric. Unlike existing unified metrics such as Panoptic Quality
and Lesion Dice, our approach is hyperparameter-free, avoids threshold depen-
dencies, and naturally extends to all metric types without introducing matching
complexities.

Contribution 3: We extensively validate CC-Metrics on synthetic and real network
predictions, demonstrating that our per-component evaluation approach reveals
clinically relevant failure modes invisible to standard metrics. We find substantial
disagreements between CC-Metrics and traditional evaluation protocols, under-
scoring the importance of selecting proper metrics to translate technical progress
into clinical outcomes.
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IMPACT ON THE FIELD

This thesis advances medical image segmentation, with a particular focus on ra-
diological imaging and the integration of anatomical knowledge throughout the
model development pipeline. In this chapter, we synthesize the key contributions
and outline how this work has driven progress across multiple dimensions: new
research directions, novel datasets, innovative methods and models, and advanced
evaluation protocols.

6.1 NEW RESEARCH DIRECTIONS
6.1.1  The Role of Label Quality for Pretraining

Segmentation algorithms rely on annotated datasets, but our analysis of recent large-
scale datasets reveals significant labeling errors. We expand existing research on
noisy labels in Section 3.2 by examining volumetric segmentation across multiple
CT datasets and incorporating multi-label data. Using foundation model-generated
pseudolabels, we simulate realistic label construction methods and present the first
studies on the influence of label quality in pretraining scenarios of medical imaging.
Our findings hint towards the irrelevance of smaller inaccuracies under a sufficiently
large dataset for in-domain evaluation, but more importantly, we find that label qual-
ity may have minimal effects on pretraining outcomes, hinting at the possibility that
improving label quality might not be as valuable if datasets are used primarily for
pretraining.

We offer a new perspective on label quality in pretraining for segmentation algo-
rithms. Our findings indicate that label quality had only minimal effects, suggesting
that higher label quality in pretraining datasets does not necessarily translate into
improved model performance. This could have significant implications for resource al-
location in dataset curation and model training. Additionally, our research highlights
the potential of foundation model-generated pseudolabels as an alternative to manual
annotations, supporting our DAP-Atlas generation process.

6.1.2  Non-Physical Interactions for Interactive Models

In Section 3.3, we introduce LIMIS, the first language-based interactive segmentation
system that could be used without physical input devices. Leveraging this setup al-
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lows segmentation refinement during active medical procedures where hands are oc-
cupied, such as orthopedic surgeries, endoscopic procedures, and cardiac catheteriza-
tion, thereby expanding interactive segmentation from pre- or post-procedure analysis
to real-time clinical applications.

We demonstrate how natural language can serve as an alternative to traditional
click-based interactions in image segmentation by translating physical actions into con-
strained, language-operable settings and adapting active learning procedures to enable
a dialogue between human and system. For common errors, LIMIS provides guided
approaches for issues like region misidentification and over/under-segmentation, po-
tentially improving segmentation outcomes across different user experience levels.

LIMIS provides evidence that sophisticated image analysis tasks can maintain pre-
cision while becoming more accessible through conversational interfaces. This opens
possibilities for enhanced accessibility, remote interaction capabilities, and integration
with voice recognition systems, potentially informing the design of future medical Al
tools that prioritize natural interaction paradigms.

6.2 NEW DATASET: DAP ATLAS

A central contribution of this work is the DAP-Atlas dataset as introduced in Sec-
tion 3.1. DAP-Atlas represents the first comprehensive full-body CT dataset, labeling
the majority of human body voxels across 142 distinct classes. Due to its innovative
construction methodology, the dataset eliminates the need for annotations by medi-
cal professionals while still receiving commendable evaluations from radiologists. Ad-
ditionally, DAP-Atlas encompasses registered FDG-PET scans with expert-annotated
tumors, as it builds on top of the AutoPET [81] dataset. This dual-modality frame-
work, combined with integrated anatomical and pathological labels, underscores the
dataset’s unique value.

6.3 NEW METHODS
6.3.1 Joint Anatomy-Pathology modelling

In Section 4.1, we present APEx, a dual-decoder architecture that explicitly models
anatomy and pathology in parallel, thereby enabling structured information exchange
between the two. This design mirrors the diagnostic reasoning of radiologists, whose
anatomical expertise sharpens pathology detection. By systematically ablating inte-
gration strategies, we demonstrate that shared embeddings, combined with targeted
cross-decoder communication, yield consistent gains across modalities and tasks. The
impact lies in establishing anatomy-guided segmentation as a general, transferable
principle providing a blueprint for future architectures that embed anatomical pri-
ors to achieve more robust and clinically aligned pathology predictions. Our approach
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marks a shift from prior, narrow-focused strategies (often confined to a single organ by
explicitly modelling the organ’s properties) towards a flexible, anatomical label-based,
whole-body paradigm.

6.3.2 Dual-Anatomy Injection Strategy

We introduce the GRASP framework in Section 4.2, which establishes a scal-
able, architecture-agnostic paradigm for anatomy-guided pathology segmentation by
reusing existing anatomy segmentation models as frozen knowledge sources. Unlike
prior approaches that require paired anatomy—pathology datasets, auxiliary losses, or
architectural redesigns, GRASP injects anatomical priors via lightweight feature fu-
sion and pseudo-label inputs, eliminating the need to relearn anatomy from scratch.
This decoupling of anatomy acquisition from pathology training enables flexible in-
tegration across imaging modalities, tasks, and backbone designs, while preserving
inference efficiency. The framework shifts the field from tightly coupled, supervision-
heavy anatomy-pathology training toward a more modular, plug-and-play approach
to anatomy integration.

64 NEW EVALUATION PARADIGM: CC-METRICS

Chapter 5 addresses a long-overlooked gap in the evaluation of lesion segmentation
models: the disconnect between standard semantic segmentation metrics and the clin-
ical reality of multi-lesion scenarios. While conventional metrics like Dice, Surface
Dice, or Hausdorffgs Distance implicitly overweight large lesions, they systematically
underrepresent performance on small but clinically decisive findings. CC-Metrics re-
solves this bias by applying existing, well-established metrics on a per-component
basis, ensuring that each lesion, large or small, contributes equally to the evaluation.
Importantly, CC-Metrics does not introduce any new metrics, making them simple to
understand and straightforward to adopt; the framework also enables distance-based
metrics such as Hausdorff Distance to be applied naturally to multi-instance scenarios,
thereby providing more informative average per-component agreements compared to
the global worst case.

The key impact is twofold. First, CC-Metrics makes evaluation outcomes more clin-
ically aligned, allowing model developers to detect error patterns such as consistent
misses of small lesions that would otherwise be masked by volume-dominated scores.
Second, to our knowledge, this is the first approach in medical image segmentation
that employs spatial proximity via improved Voronoi-based matching, rather than
overlap thresholds, to align predictions with ground-truth instances, enabling con-
sistent and threshold-free multi-instance evaluation. Originally introduced for lesion
segmentation in PET/CT, the approach generalizes naturally to any domain with uni-
form pixel spacing, including MRI, PET, ultrasound, and histopathology, as well as
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non-medical settings such as microscopy, satellite imagery, and aerial orthophotos. CC-
Metrics is most impactful when instance sizes vary substantially, as standard semantic
segmentation metrics tend to be dominated by large structures, potentially obscuring
model errors on smaller but equally important components.

We hope that this will spark interest in more clinically relevant evaluation practices
that better capture the true impact of model errors on patient care.



FUTURE WORK

We have worked towards showcasing the role of anatomical knowledge through
the model development lifecycle: dataset creation, model training, and model eval-
uation. Within this chapter, we point towards how our work could be advanced in
the future. We develop a case for future research for each of the three model lifecy-
cle steps and briefly outline promising directions that could extend the presented
contributions.

7.1 AUTOMATED DATASET GENERATION

With the rise of larger and larger anatomical datasets [130, 177, 178, 256, 333], we dis-
cussed the challenges of noisy labels extensively in Sections 3.1 and 3.2. While our
analysis points towards the irrelevance of smaller inaccuracies under a sufficiently
large dataset size, we find that in pretraining scenarios, neither dataset size nor label
quality appears to be critical: smaller datasets can outperform larger ones, and pre-
training on low-quality labels yields performance comparable to high-quality labels.
However, all pretraining configurations, regardless of size or label quality outperform
training from scratch.

These findings raise key questions: What transferable representations are learned
during pretraining, and what defines a “good” pretraining dataset in the medical
domain? For those using datasets: Should robust loss functions be the default, or is
label quality generally sufficient for standard training? For those creating datasets: Is
it more effective to remove the worst examples or to uniformly improve all samples?
Ultimately, how should limited expert annotation resources be allocated to maximize
in-domain and downstream model performance?

7.2 LEVERAGING ANATOMICAL KNOWLEDGE FOR PATHOLOGY SEGMENTATION

In Chapter 4, we presented two cases in which anatomical knowledge, expressed
through anatomical labels, supports the segmentation of pathological structures. This
formulation follows the premise that a model capable of segmenting anatomy inher-
ently possesses anatomical knowledge. However, this approach is limited to the imag-
ing domain and disregards other valuable information sources, such as patient history
in report form or standardized medical knowledge from textbooks, which could en-
able richer interpretation and contextualization of findings.
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A multimodal system combining such external knowledge with learned representa-
tions from imaging data could distinguish between universally known medical facts
and case-specific evidence, integrate complex reasoning, and generate multimodal out-
puts. This would enable more sophisticated interactions with clinicians and potentially
patients.

With the rapid progress in multimodal vision-language models [90, 174, 386] and
agentic workflows [112, 232] that integrate multiple information sources, extending
our work toward such systems represents a promising future research direction.

7.3 EVALUATING LESION SEGMENTATION MODELS

While CC-Metrics provides a clinically intuitive and generalizable framework for
multi-instance segmentation evaluation, several directions could further increase its
impact and adoption.

User studies should assess the acceptance of CC-Metrics among clinicians and re-
searchers, for example, by ranking model outputs and comparing CC-Metrics rankings
to expert preferences. Such studies could also identify scenarios where CC-Metrics di-
verges from human judgment, thereby guiding metric refinements.

Anatomy-based weighting schemes could prioritize instances according to their clin-
ical relevance, such as weighting lesions by anatomical location or suspected metastatic
pathway. This could allow CC-Metrics to more accurately reflect tumor spread patterns
and to quantify how segmentation errors might alter treatment decisions. In its current
implementation, it approximates this behavior by treating all lesions equally.



DISCLOSURE OF GENERATIVE AI AND
AI-ASSISTED TOOLS IN THE WRITING PROCESS

Following the “Stellungnahme des Prdsidiums der Deutschen Forschungsgemein-
schaft (DFG) zum Einfluss generativer Modelle fiir die Text- und Bilderstellung auf die
Wissenschaften und das Forderhandeln der DFG”" from September 2023, the author
utilized DeepL and ChatGPT (version 4, 4.5 and 5) to enhance the language quality of
this work and to support typesetting tasks (e.g., formatting tables).

1 https://www.dfg.de/resource/blob/289674/ff57cf46c5cal09cb18533b21fba49bd/
230921- stellungnahme-praesidium-ki-ai-data.pdf
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ADDITIONAL DETAILS: AUTOMATED DATASET
GENERATION

C.1.1

AUTOMATED DATASET CONSTRUCTION: DAP ATLAS
Additional Details for the Section on DAP Atlas

Pediatric [139]: This dataset consists of 359 chest-abdomen-pelvis and abdomen-
pelvis CT images of patients between the age of 5 and 16 years. It provides
29 anatomical structures annotated by experts. Patients were selected based on
random clinical indications from the university clinic of Children’s Wisconsin.

Total Segmentator [335]: The TotalSegmentator dataset is large and diverse with
1024 CT images of different body parts with labels for 104 anatomical structures.
The dataset was collected by randomly sampling from the PACs systems of mul-
tiple sites. Its annotation is based on an interactive semi-automatic approach.
Here, models are first trained on a few manual annotations. These models infer
predictions on unlabeled scans which are lastly refined by an expert. This cycle
repeats with an ever-increasing number of training images.

SegThor [167]: A dataset consisting of 60 thoracic CTs collected at the Henri Bec-
querel Center. The patients were selected based on lung cancer or Hodgkin’s lym-
phoma diagnosis. The CTs contain annotations for four organs at risk whose tis-
sues must remain intact during radiation therapy. The annotations of the dataset
are provided by an experienced radiotherapist.

CTs50Abdomen [206]: The dataset is part of the CT1k Abdomen datasets exten-
sion, in which the authors provide 50 abdominal CT images with previously less
annotated structures, such as the adrenal glands. Annotations are provided by
multiple junior annotators and checked by senior radiologists.

MAL Cervix [168]: This dataset is part of the Beyond the Cranial Vault challenge.
It consists of 30 training and 20 testing abdominal CT images acquired via a
full bladder drinking protocol and annotated by a trained radiation oncologist.
It focuses on the digestive and reproductive systems of female cervical cancer
patients.

Amos [133]: A diverse dataset with 500 CT images collected from different scan-
ners and sites covering 15 abdominal organ categories. The selection of patients
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relates to abdominal tumors or abnormalities examinations. Annotations rely on
a combination of junior and senior radiologist labor.

* RibSeg [355]: The RibSeg dataset consists of 490 CT Scans taken from publicly
available RibFrac [138] dataset. The authors use a semi-automatic morphology-
based segmentation approach based on thresholding, point cloud segmentation,
and morphological operations. They check the proposed segmentations by hand
and refine them if necessary.

* Verse [282]: A large dataset for vertebra segmentation. It consists of two subsets
and has a total of 374 CT scans of 355 patients from multiple detectors and sites
with voxel-wise annotations for individual vertebras. Segmentations have been
performed semi-automatically, with initial proposals being generated by an in-
house pipeline. The proposals are refined by a team of trained medical students
and experts and finally approved by a radiologist with more than 30 years of
experience.

* ATM [367]: This dataset establishes a benchmark for Airway Tree Modelling by
providing 500 chest CT scans from different sites and includes scans of healthy
patients, patients with pulmonary diseases, and even noisy COVID-19 CTs. An-
notations of the pulmonary airways were performed by a team of three experts,
with each radiologist having more than five years of experience.

* PARSE [201]: The PARSE dataset is part of the Pulmonary Artery Segmentation
Challenge and contains a total of 203 CT images from 203 patients who have
been diagnosed with pulmonary nodular diseases. The CTs were generated using
devices from two different manufacturers, with data collected from four distinct
sites. Each of the images has been annotated by five experts, with each expert
having at least five years of experience in the field.

¢ Pelvic CT [187]: A large-scale dataset that focuses on the segmentation of pelvic
bone structures such as hip bones or sacrum. It consists of 1184 CT images col-
lected from different source datasets, combining images from multiple sites, scan-
ners, and even metal artifacts. The labeling was conducted by a team of junior
and senior radiologists.

c.1.2  Population and Diagnosis Characteristics

Our DAP Atlas is similar to AutoPET regarding the age and gender distributions as
well as pathological findings. We show a descriptive analysis of the dataset regarding
the aforementioned dimensions in Figure 35.
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Figure 35: Descriptive statistics of the DAP Atlas dataset. Top: Violin plots display the age
distribution stratified by diagnosis and sex. Dashed lines indicate quartiles of the respective
distributions. Bottom: Diagnosis frequencies stratified by sex (left panel) and aggregated into
healthy vs. sick categories (right panel), illustrating the approximate balance between the two
groups.
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c.1.3 Owerview of Post-Processing Algorithm

We show the developed post-processing Algorithm 3. To improve predicted label qual-
ity, we use several post-processing approaches combining: Left-Right Split (assigning
side-dependent labels correctly), Rib Counting (ordering 24 human ribs), non-largest
component suppression (for single-component anatomies like the brain), area restric-
tion (constraining anatomy labels to body parts), and sex-based consistency (ensuring
anatomically correct predictions).

c.1.4 Developing a Prediction Model from the Atlas Dataset

The goal of the Atlas prediction model is to eliminate the need for post-processing
which is impractical within a clinical setting in which the model should be able to
deliver convincing results on arbitrary CT volumes. When examining the different
steps of Algorithm 3, we notice two steps that are easy to address algorithmically:
sex-based consistency and non-largest connected component suppression as defined
in Algorithm 4 and Algorithm 5 respectively, as these methods simply suppress pre-
dictions and do not rely on other anchor predictions such as Algorithm 8. We thus
aim to develop a training procedure that eliminates the need for left-right splitting
(Algorithm 8), area-restrictions (Algorithm 6), and rib counting (Algorithm 7).

To tackle these challenges, we develop a custom training strategy for the Atlas pre-
diction model. First, we apply Algorithm 3 during the aggregation phase of the indi-
vidual expert models to maximize the agreement with the desired output which has
been approved by experts. Next, we observe that due to the large number of classes,
the standard nnU-Net [120] learning rate schedule is suboptimal as it closely follows a
linear learning rate schedule allocating approximately the same number of epochs for
small and large learning rates. We find that the proposed task is more difficult than
most standard segmentation tasks and thus increase the number of training epochs
from 1000 to 5000. Finally, we fine-tune the network for another 1000 epochs with a
fixed learning rate of 0.001 and without the standard mirror augmentation. This al-
lows the network to focus on the improvements on smaller structures and helps to
mitigate the right-left and rib confusion. We show a comparison of the raw output of
the Atlas dataset model, the post-processed volume, and the raw output of the Atlas
prediction model in Figure 37. As it can be seen, the output of the robust model has a
large agreement with the post-processed predictions of the first model without relying
on Algorithm 3. We analyze this behavior and find that the vast majority of predicted
structures have an agreement of more than 90% IoU between the post-processed Vi
Model and the raw V2 predictions.

Besides the DAP Atlas dataset, we also release the robust segmentation model which
can be used to perform inference without post-processing. It furthermore tends to per-
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Algorithm 3 Post-Processing

Algorithm 4 Sex-based Consistency

Require: Volumetric Model Predictions
Ensure: Refined Volumetric Pseudo-
Labels

Left-Right Split

Rib Counting

Non-Largest CC Suppression

Area Restriction

Sex-based Consistency

[

Require: Repro. Anatomy Predictions;

Metadata
Ensure: Sex-Restricted Anatomy Pre-
dictions
1: Suppress  male  reproductive
anatomies for F patients
2: Suppress  female  reproductive

anatomies for M patients

Algorithm 5 Non-largest CC Suppres-
sion
Require: Anatomy occurring once
Ensure: Largest CC for each anatomy

1: Identify 3D-CCs for anatomy

2: Count voxels of each CC

3: Remove non-largest CC

Algorithm 6 Area Restriction

Require: Predictions; BP associations; an-
chors
Ensure: Anatomy constrained by BP
1: Define BP based on box around an-
chors
2: Bind predictions to associated BP

Algorithm 7 Rib Counting

Algorithm 8 Left-Right Split

Require: Rib Predictions
Ensure: 24 largest CC sorted by height
1: Merge rib predictions
2. Apply Left-Right Split
3: Extract 24 largest 3D-CC
4 Order CC by height of median points

Require: Side-related labels; Sternum;
Vertebrae
Ensure: Side-related labels
1: Fit hyperplane through V and S cen-
ters
2: Remap voxels by center position to

hyperplane

Figure 36: Overview of the general post-processing algorithm consisting of several sub-
procedures to enhance the quality of the pseudolabels developed in Section 3.1

form better for out-of-distribution tasks, which are common within a clinical setting.
This behavior can be seen in Table 3 and on a qualitative example in Figure 37.
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First Version Raw Output First Version Post-Processed Robust Version Raw Output

Figure 37: Comparison of the raw output of the standard unified DAP Atlas dataset model,
the post-processed volume using Algorithm 3 and the raw output of the more robust Atlas
Prediction model. In red we mark problematic regions in the raw labels obtained by the first
version of the model. The post-processed volumes and the raw model volumes are alike.

C.2 ADDITIONAL DETAILS FOR THE SECTION ON THE RELEVANCE OF LABEL
QUALITY
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Figure 38: Boxplot comparing the effect of pretraining on different variants of base datasets
across different pseudolabel generators, including original data. The models were pretrained
on the respective source dataset variants as generated by the pseudolabel generators and sub-

sequently fine-tuned on the clean SegThor [167] dataset, on whose test set the respective model
performance was evaluated.
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Figure 39: Boxplot comparing the effect of pretraining across datasets for different pseudolabel
generators. The models were pretrained on the respective source dataset variants as generated

by the pseudolabel generators and subsequently fine-tuned on the clean SegThor [167] dataset.

The results are aggregated by comparing the influence of the pseudolabel generator.
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ADDITIONAL DETAILS: ANATOMICAL
KNOWLEDGE FOR PATHOLOGY MODEL
TRAINING

D.1 ADDITIONAL DETAILS FOR SECTION ON APEX

APEx (Ours)

Mask2Former

Figure 40: We show qualitative comparisons of APEx against a Mask2Former baseline. The red
ground truth is compared against model predictions in green. APEx generally produces more
precise structural delineations compared to the baseline approach. We discuss this property in
Section 4.1.2.1.
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Ground Truth | APEx (Ours) |Mask21-'-‘urmer

‘ Ground Truth APEx (Ours) Mask2Former

\ N

Figure 41: We show qualitative comparisons of APEx against a Mask2Former baseline for
two patients in a coronal (top) and sagittal view (bottom). Volumes shown in red, green, and
blue denote the lesion ground truth, APE predictions, and Mask2Former baseline predictions,
respectively. As discussed in Section 4.1.2.1, APEx, despite being trained exclusively on 2D
slices, aligns much closer to the ground truth compared to its Mask2Former baseline.



ADDITIONAL DETAILS: EVALUATING LESION
SEGMENTATION MODELS

E.1 ADDITIONAL DETAILS FOR SECTION ON CC-METRICS
E.1.1  Details on Synthetic Predictions and additional Simulation Results

All synthetic predictions are simulated and evaluated on a Red Hat Linux machine
with 152 cores and 256GB of RAM. To compute the used semantic segmentation met-
rics, their respective MONALI [38] implementations are used. We compute CC-Metrics
using Algorithm 1 and run the same MONAI implementations per Voronoi Region
RG.

E.1.1.1 Evaluation Results on a fixed data Subset

Figures 30 to 33 in Chapter 5 present the evaluation results of synthetic predictions,
where a degrading function progressively worsens an initially perfect prediction over
n editing steps. At each step, the analysis includes the maximum available data points,
such as all patients with at least n metastases when n metastases are being edited. In
the scenario where components are dropped, at least n + 1 metastases are required
when dropping n. While this approach maximizes the number of patients consid-
ered at each step, it also involves a different subset of patients at each step. Here, we
present a complementary set of Figures 42 to 45, where the subset of patients is kept
constant by limiting the analysis to those with at least 10 metastases. For the “Drop n
Components” scenario, we accordingly limit the analysis to patients with at least 11
metastases. The observations reported in the main paper remain valid in this scenario
with a constant patient subset and are even more pronounced.

E.1.2 Benchmark Model Training

E.1.2.1 Datasets

We base our experiments on the publicly available AutoPET-II [81] and HECK-
TOR [241] datasets to ensure a comprehensive analysis across different cancer types.
The AutoPET-II dataset, which we also refer to as AutoPET for convenience, includes
1014 samples, consisting of patients diagnosed with malignant melanoma, lymphoma,
or lung cancer, as well as negative control patients, whereas the HECKTOR dataset
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Figure 42: Comparison of standard and CC semantic segmentation metrics on the AutoPET
dataset: We drop n connected components, simulating that lesions were forgotten by a model.
In this setting, we want to evaluate CC-Metrics on a constant subset of patients. Thus to drop
a maximum of n = 10 components, we include only patients with at least 11 metastases for all
measurements in this scenario including the ones where we drop less than 10 components.

specifically targets head and neck tumors. Another distinguishing characteristic is the
average number of tumors per patient in the two datasets: AutoPET features an av-
erage of more than 10 tumors per patient, in contrast to HECKTOR, which has only
two tumors per patient on average. By utilizing both datasets, our experiments benefit
from a diverse range of PET/CT data, providing a realistic assessment of the proposed
CC-Metrics across scenarios with both high and low tumor counts.

E.1.2.2 Data Preprocessing

As a first step, we align the CT and PET modalities in the HECKTOR dataset. To
achieve this, we resample the PET to the CT resolution using third-order spline inter-
polation. This step is not necessary for AutoPET, as the authors release aligned images.
As the normalization procedure, we take inspiration from the nnUNet [120] frame-
work and compute the fingerprints of the two datasets by computing the mean and
the standard deviation of the CT and PET image values of the foreground regions. We
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Figure 43: Comparison of standard and CC semantic segmentation metrics on the AutoPET
dataset: We enlarge n connected components, simulating that lesions were oversegmented by
a model. In this setting, we report on a fixed base of patients and thus consider only the subset
of scans that display patients with at least 10 components.

employ a 5-fold cross-validation approach, where the dataset is divided into 5 folds.
In each iteration, we train on 4 folds and predict on the remaining fold. This process
is repeated 5 times to generate predictions for the entire dataset. To ensure representa-
tive folds, we use stratified sampling to generate the individual folds. For the AutoPET
dataset, we maintain consistent distributions of cancer types and gender ratios across
all folds. In the HECKTOR dataset, which lacks detailed cancer-type descriptions, we
stratify only by gender. For all MONAI models, we exclude healthy patients to elimi-
nate pure background samples, resulting in more informative gradients that accelerate
the training process. This procedure is not required for nnU-Net, which is inherently
trained for 1000 epochs.

E.1.2.3 Implementation and Training Details

We evaluate CC-Metrics along with standard evaluation protocols for four trained
networks: nnUNet [120], DynUNet [121], UNETR [99], and SwinUNETR [98]. For the
nnUNet, we leverage its out-of-the-box capabilities and do not change the default train-
ing setting. To handle both the CT and the PET input of the given PET/CT datasets,
we concatenate the CT and the PET image as two channels and leave a third channel
empty. For the training of DynUNet, UNETR, and SwinUNETR we use their respec-
tive MONAI [38] implementations. We clip the CT image values between the 50" and
the 95t percentile and the PET image values between the 1% to 99.9" percentile. We
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Figure 44: Comparison of standard and CC semantic segmentation metrics on the AutoPET
dataset: We insert n random connected components, simulating that lesions were falsely seg-
mented by a model. In this setting, we report on a fixed base of patients and thus consider
only the subset of scans that display patients with at least 10 components.

apply a Z-score normalization to each channel by subtracting the mean and dividing
by the standard deviation, using the precomputed values from the entire CT and PET
datasets.

The training for the Dynamic UNet on AutoPET was conducted over 200 epochs,
with validations every 100 epochs. The training process utilized a sliding window
approach with a patch size of (128, 128, 128) on AutoPET and (96, 96, 96) on HECKTOR
as the images are spatially smaller. We crop 2 patches per image and use a batch size
of 8. We use deep supervision and employ the AdamW [199] optimizer to update
gradients produced by the DiceCELoss function. We set the initial learning rate to 103
and gradually reduce it using a Cosine Annealing LR scheduler. For the training of
the transformer-based models, we use a patch size of (96, 96, 96) following the settings
of the authors [98, 99]. We initialize the SwinUNETR model using the pre-trained
weights provided by the authors. The transformer-based models are trained with an
initial learning rate of 10~*, which is reduced using a Cosine Annealing scheduler.



E.1 ADDITIONAL DETAILS FOR SECTION ON CC-METRICS

Surface Dice & CC-Surface = Hausdorffgs Distance &
Dice CC-HDg5 Distance

—e— CC-Metric
Standard Metric

Dice & CC-Dice
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Figure 45: Comparison of standard and CC semantic segmentation metrics on the AutoPET
dataset: We shrink n connected components, simulating that lesions were undersegmented by
a model. In this setting, we report on a fixed base of patients and thus consider only the subset
of scans that display patients with at least 10 components.

Except for the nnUNet, all models are trained with a batch size of 8 on 4 Nvidia A100
GPUs using a DDP-Setting, with 512GB of RAM on a Red Hat Linux machine with
152 cores. We parallelize the training using the PyTorch-Lightning framework [68].

E.1.3 Proof on the Uniqueness of Generalized Voronoi Regions

We want to ensure that the same target segmentation mask S always leads to the same
Voronoi regions for a given segmentation mask. We verify this for our generalized
Voronoi diagram as specified in Definition 4.

Re={teTld'(t]Jc,) <d'(t]c,)
Vck/ C1 € IK, Ck 75 C[}

Theorem 1. The generalized Voronoi Diagram as stated in Definition 4 is a unique separation
of a metric space.

Proof: 1t is a well-known fact that a standard Voronoi diagram is a unique separation
of a metric space such as T. We consider the case that in this standard diagram, each
site consists of exactly one location (voxel) in each connected component C.

Without the loss of generality, we choose one of the connected components and add
one location which is 26-connected to the one that is currently forming the site. This
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operation may have the effect that some critical voxel locations K.ri+ which have pre-
viously been within different regions are now closer to the enlarged site. These voxels
in K¢rit, however, would only be closer to the now enlarged site, not an arbitrary other
site. This still forms a unique separation of the metric space.

In the context of a discrete metric space, such as T, the situation of boundary points
is handled explicitly by the discrete nature of the space. Here, each point (voxel) is
either part of a specific region or, in rare cases where distances are exactly equal,
part of a shared boundary. In such cases, a consistent rule for boundary assignment
is applied, ensuring the uniqueness of the separation. For example, boundary voxels
may be assigned to the region associated with the site having the smallest index or
based on a deterministic tie-breaking rule.

The described procedure of adding a location to a site can be repeated until all sites
reflect K which fulfills Definition 4 of the Generalized Voronoi region, still forming a

unique separation of T. O
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