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Abstract

Whole-heart multi-compartment CT segmentation is clinically important, but stan-
dard CNNs do not explicitly enforce anatomical plausibility. Based on statistics
derived from the training data, we evaluate whether lightweight explicit shape
priors, implemented as shape-aware losses and spatial label distribution heatmap-
guided U-Net variants, improve 3D cardiac segmentation on MM-WHS CT and
WHS++. Across all experiments, a standard 3D U-Net surprisingly remained a very
strong baseline, with handcrafted priors yielding at best marginal and inconsistent
changes and often degrading performance. These results suggest that the baseline
already captures substantial implicit anatomical regularities and that future gains
will likely require more expressive learned priors rather than simple handcrafted
anatomical shape constraints.

1 Introduction

Multi-compartment whole-heart segmentation from cardiac CT [1] is a core task in medical image
analysis because it supports quantitative assessment of clinical parameters like ejection fraction, builds
the foundation for treatment planning or simulation [2], and enables image-guided interventions. Deep
learning [3], especially 3D U-Net variants [4, 5], has become the dominant approach for this problem
due to its strong multiscale feature extraction capabilities and its support for accurate localization [6].
Their success is explained by the clever combination of encoder-decoder feature extraction, multiscale
context modeling, and skip connections that preserve spatial detail. However, these models are
primarily appearance-driven and do not explicitly encode anatomical shape knowledge as was
prominently done in the pre-deep learning era via statistical shape models [7, 8]. This gap motivates
the study of shape priors in deep learning-based segmentation [9].

This work evaluates whether explicit shape priors improve whole-heart multi-compartment CT
segmentation beyond a strong 3D U-Net baseline. Rather than tediously building a full statistical
shape-modeling pipeline, our study tests lightweight priors that can be incorporated directly into
the training objective or 3D network design. The central question is whether such priors provide
measurable benefit on modern deep learning baselines for seven-class cardiac CT segmentation,
involving ventricles, both atria, myocardium, and the great vessels. The main finding is negative but
clear: in the studied setting, explicitly designed shape priors did not consistently improve performance
over a well-trained 3D U-Net baseline.
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Figure 1: Exemplary architecture of one of our proposed networks incorporating label distribution
heatmaps: The 2-Decoder network, with separate decoders for label segmentation and heatmap
predictions, thus forcing the encoder to extract features supporting both predictions.

2 Methods

Dataset and preprocessing. Experiments are based primarily on the CT subset of the MM-WHS
challenge dataset [1], comprising seven foreground classes: left ventricle, right ventricle, left atrium,
right atrium, myocardium, ascending aorta, and pulmonary artery. The benchmark provides 20
annotated CT scans for training and 40 CT test scans evaluated with the official hidden-label evaluation
script used for the Challenge. To complement this with accessible ground truth, evaluation was
extended using the second half of the WHS++ training set (20 CT cases), which corresponds to
the publicly released extension of the MM-WHS CT dataset. Images and labels were reoriented
to a common anatomical convention, resampled isotropically, centered using label centroids, and
embedded into a standardized field of view. A Procrustes-based alignment [10] of training labels
was further used to derive population heatmaps representing average spatial label distributions in the
registered space.

Baseline model. The reference model is a standard 3D U-Net [4, 5] with single-channel CT input
and eight output classes including background. It uses a conventional encoder-decoder design with
skip connections with 64 base channels and doubling the number of channels at each downsampling
step. It uses LeakyReLU activations [11] and is trained with a combined Generalized Dice [12] and
Cross-Entropy loss. This baseline serves as the main point of comparison throughout the study.

Shape-aware losses. Three families of explicit regularizers were evaluated in combination with
the baseline loss. Volume regularization penalizes deviations from expected compartment volumes
estimated from the training set via the label-specific volume means and standard deviations. Moment-
based shape regularization compares soft first- and second-order spatial moments of predictions to
reference shape moments (centroids, ellipsoids) from the training set via L2 distance. Anatomical
relation loss constrains pairwise distances and angular relations between class centroids via reference
angle statistics derived from the training data. All losses aim to inject coarse anatomical prior
knowledge without changing the overall segmentation backbone.

Architectural priors. In addition to loss-based priors, we also investigated population-level multi-
class probability heatmaps derived from aligned labels of the training dataset. These shape priors
were integrated into several U-Net variants: a model with an auxiliary heatmap prediction head
attached to the last decoder layer, a multilayer deep-supervision version of the latter architecture (HM
multilayer), a two-decoder network with separate segmentation and heatmap branches (2-Decoder,
see exemplary architecture depicted in Fig. 1), a dual-encoder network that processes image and
heatmap inputs in parallel (2-Encoder), and a cascaded three-U-Net architecture for coarse prediction
and refinement (Cascaded).

Experimental setup. Models were trained on cropped regions of interest at 643 and 1283 input
resolution using the same extensive geometric and intensity data augmentation for all architec-
tures. Evaluation used Dice, Jaccard, Hausdorff distance (HD), and Average Symmetric Surface
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Distance (ASSD), as overlap- and boundary-based metrics, respectively. Qualitative comparisons
were additionally assessed on WHS++, since the MM-WHS test set did not provide ground truth
segmentations.

3 Results

Table 1 summarizes the main findings. More results, additional descriptions of methods and im-
plementation details can be found in [13]. On MM-WHS at 643, the baseline achieved 90.85%

Dice, 83.63% Jaccard, 7.64 mm HD, and 1.03 mm ASSD. Volume and moment regularization were
essentially tied with the baseline (90.85% and 90.84% Dice), whereas the anatomical relation loss
reduced performance to 88.98% Dice. Thus, simple handcrafted losses did not harm but also did not
improve the already strong baseline.

Table 1: Main quantitative results. MM-WHS values report Dice, Jaccard, HD, and ASSD; WHS++
reports Dice only, as summarized in the thesis. Best values per block are in bold.

Setting Dice (%) Jaccard (%) HD (mm) ASSD (mm)
Method

MM-WHS CT, 643, shape-aware losses
Baseline 90.85 83.63 7.64 1.03
Volume regularization 90.85 83.62 7.70 1.04
Moment regularization 90.84 83.60 7.67 1.03
Anatomical relation 88.98 80.65 8.23 1.27

MM-WHS CT, 643, selected architectural priors
Baseline 90.85 83.63 7.64 1.03
HM multilayer 90.60 83.23 7.78 1.06
2-Decoder 90.73 83.43 7.58 1.06
Cascaded 90.32 82.74 7.55 1.08

MM-WHS CT, 1283, selected architectural priors
Baseline 92.05 85.78 7.35 0.88
HM multilayer 91.80 85.38 7.28 0.90
2-Encoder 92.02 85.70 7.40 0.89
Cascaded 92.04 85.70 7.26 0.89

WHS++ CT, 643, shape-aware losses
Baseline 88.93 81.01 18.47 1.68
Volume regularization 89.09 81.26 17.91 1.63
Moment regularization 89.16 81.47 18.31 1.61
Anatomical relation 88.66 80.67 18.13 1.70

WHS++ CT, 643, selected architectural priors
Baseline 88.93 81.01 18.47 1.68
HM multilayer 88.72 80.63 20.88 1.73
2-Encoder 87.75 79.43 18.52 1.77
Cascaded 86.13 77.05 21.27 2.09

At the architectural level, heatmap-guided models remained competitive but did not clearly surpass
the reference U-Net. At 643, the 2-Decoder variant reached 90.73% Dice and the cascaded model
produced the best HD (7.55 mm), suggesting slightly improved boundary refinement, but overall
overlap remained below baseline. At 1283, the baseline improved to 92.05% Dice, while the closest
competitors, 2-Encoder and Cascaded, achieved 92.02% and 92.04%, respectively. Hence, higher
resolution improved most models, but not our main finding.

Evaluation on WHS++ confirmed the same trend. The baseline achieved 88.93% Dice, while volume
and moment regularization yielded only marginal changes, reaching 89.09% and 89.16% Dice,
respectively. Moment regularization produced the best Dice, Jaccard, and ASSD, whereas volume
regularization achieved the lowest HD (17.91 mm). However, these improvements were small and
inconsistent. Architectural prior-based models did not outperform the baseline: HM multilayer and
2-Encoder showed slightly lower overlap, and the cascaded architecture degraded performance across
all metrics. Overall, the main finding remained consistent across datasets and model families.
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raw image ground truth baseline shape loss 2-Decoder

Figure 2: Representative qualitative comparison on WHS++ (subject 2014, coronal slice 76). The
baseline U-Net, the best loss-based prior (Mean-Shape), and the best architecture-based prior (2-
Decoder) all capture the global anatomy well. Differences are mainly confined to boundaries and
smaller structures.

Qualitatively, all models reproduced the overall cardiac configuration and inter-structure arrangement
well (Fig. 2). The shape-aware variants appeared visually very similar to the baseline, with differences
concentrated at boundaries and in thinner structures rather than in gross anatomical localization. This
visual pattern is consistent with the quantitative results: the baseline already learned strong global
anatomical regularities, leaving limited room for coarse handcrafted priors to add useful information.

4 Discussion and Conclusions

The central result of this study is that, surprisingly, explicit handcrafted shape priors did not consis-
tently outperform a strong 3D U-Net baseline for whole-heart CT segmentation, which is performing
in-line with the winner of the MM-WHS Challenge (see [6, 1]) as well as the participants at the Chal-
lenge associated with WHS++ [14]. This is a relevant negative result. It suggests that on MM-WHS
and WHS++, the baseline model already learns substantial implicit anatomical regularities directly
from the image data, and that coarse constraints such as expected volumes, low-order moments,
centroid relations, or average label distribution heatmaps add little information beyond that baseline.

Several factors likely explain this outcome. First, the tested priors describe anatomy only at a coarse
level and cannot capture the complex nonlinear variability of cardiac shape. Second, the remaining
errors are mainly boundary-related, whereas the priors regularize global structure more strongly than
local boundary detail. Third, because baseline performance is already high, measurable improvements
are inherently limited. The experiments also show that greater architectural complexity does not
automatically improve segmentation: models such as 2-Encoder and Cascaded remained competitive,
and Cascaded slightly improved HD, but none clearly surpassed the simpler baseline in overall Dice
or boundary overlap.

In summary, this work provides a focused evaluation of explicit shape priors in deep learning-
based whole-heart segmentation and shows that simple handcrafted priors are insufficient to reliably
improve a strong 3D U-Net. Future work should therefore move toward more expressive learned
anatomical priors, such as generative diffusion-based [15] or flow matching-based [16] models trained
on segmentation masks, which may better represent the distribution of plausible cardiac anatomy.

Acknowledgments and Disclosure of Funding

This research was funded in whole or in part by the Austrian Science Fund (FWF)
10.55776/PAT1748423.

References

[1] Xiahai Zhuang, Lei Li, Christian Payer, Darko Štern, Martin Urschler, Mattias P Heinrich,
Julien Oster, Chunliang Wang, Örjan Smedby, Cheng Bian, Xin Yang, Pheng-Ann Heng,
Aliasghar Mortazi, Ulas Bagci, et al. Evaluation of algorithms for multi-modality whole heart
segmentation: An open-access grand challenge. Medical Image Analysis, 58:101537, December
2019.

[2] Elena Zappon, Luca Azzolin, Matthias A F Gsell, Franz Thaler, Anton J Prassl, Robert Arnold,
Karli Gillette, Mohammadreza Kariman, Martin Manninger, Daniel Scherr, Aurel Neic, Martin

26



Urschler, Christoph M Augustin, Edward J Vigmond, and Gernot Plank. An efficient end-to-end
computational framework for the generation of ECG calibrated volumetric models of human
atrial electrophysiology. Medical Image Analysis, 107(Pt B):103822, October 2025.

[3] Yann LeCun, Yoshua Bengio, and Geoffrey Hinton. Deep learning. Nature, 521(7553):436–444,
May 2015.

[4] Olaf Ronneberger, Philipp Fischer, and Thomas Brox. U-net: Convolutional networks for
biomedical image segmentation. In Medical Image Computing and Computer-Assisted Inter-
vention – MICCAI 2015, pages 234–241. Springer International Publishing, 2015.

[5] Özgün Çiçek, Ahmed Abdulkadir, Soeren S Lienkamp, Thomas Brox, and Olaf Ronneberger.
3D U-net: Learning dense volumetric segmentation from sparse annotation. In Medical Image
Computing and Computer-Assisted Intervention – MICCAI 2016, Lecture notes in computer
science, pages 424–432. Springer International Publishing, Cham, 2016.

[6] Christian Payer, Darko Štern, Horst Bischof, and Martin Urschler. Multi-label whole heart
segmentation using CNNs and anatomical label configurations. In Statistical Atlases and
Computational Models of the Heart. ACDC and MMWHS Challenges, pages 190–198. Springer
International Publishing, 2018.

[7] Tim F Cootes, Chris J Taylor, David H Cooper, and Jim Graham. Active shape models-their
training and application. Computer Vision and Image Understanding, 61(1):38–59, January
1995.

[8] Tobias Heimann and Hans-Peter Meinzer. Statistical shape models for 3D medical image
segmentation: a review. Medical Image Analysis, 13(4):543–563, August 2009.

[9] Simon Bohlender, Ilkay Oksuz, and Anirban Mukhopadhyay. A survey on shape-constraint
deep learning for medical image segmentation. IEEE Reviews in Biomedical Engineering,
16:225–240, January 2023.

[10] Peter H Schoenemann. A generalized solution of the orthogonal procrustes problem. Psychome-
trika, 31:1–10, 1966.

[11] Andrew L Maas, Awni Y Hannun, and Andrew Y Ng. Rectifier nonlinearities improve neural
network acoustic models. In International Conference on Machine Learning (ICML), volume 30,
2013.

[12] Carole H Sudre, Wenqi Li, Tom Vercauteren, Sebastien Ourselin, and M Jorge Cardoso. Gener-
alised dice overlap as a deep learning loss function for highly unbalanced segmentations. In
Deep Learning in Medical Image Analysis and Multimodal Learning for Clinical Decision
Support - DLMIA ML-CDS 2017, volume 10553 of Lecture Notes in Computer Science, pages
240–248. Springer, September 2017.

[13] Michael Hudler. Evaluation of Shape Models for Deep Learning Based Cardiac Image Segmen-
tation. Master’s Thesis, Graz University of Technology, Graz, Austria, 2026.

[14] Franz Thaler, Darko Štern, Gernot Plank, and Martin Urschler. Augmentation-based domain
generalization and joint training from multiple source domains for whole heart segmentation. In
Comprehensive Analysis and Computing of Real-World Medical Images. CARE 2024, volume
15548 of Lecture notes in computer science, pages 168–179. Springer Nature Switzerland,
Cham, 2025.

[15] Jonathan Ho, Ajay Jain, and Pieter Abbeel. Denoising diffusion probabilistic models. In
Advances in Neural Information Processing Systems (NeurIPS), volume 33, pages 6840–6851,
2020.

[16] Arnela Hadzic, Lea Bogensperger, Andrea Berghold, and Martin Urschler. Flow matching-based
data synthesis for robust anatomical landmark localization. IEEE Journal of Biomedical and
Health Informatics, 2025.

27


	Table of Contents
	AI in Medicine
	Towards Real-Time Simulations Of Induced Electric Fields During Brain Stimulation Using Conditioned TransformersFabian Greifeneder, Dominik Freinberger, and Philipp Moser
	Generating Realistic and Accurate SMPL Body Shapes from Anthropometric MeasurementsMaja Nikolic, Sophie Kaltenleithner, Ulrich Bodenhofer, and Michael Giretzlehner
	Flow Matching for Conditional MRI-CT and CBCT-CT Image SynthesisArnela Hadzic, Simon Johannes Joham, and Martin Urschler
	Evidential Deep Learning for Missing Boundary Detection in Topologically Constrained OCT Layer SegmentationBotond Fazekas and Hrvoje Bogunovic
	Evaluation of Anatomical Shape Priors in Deep Learning-Based Cardiac Multi-Compartment SegmentationMichael Hudler, Franz Thaler, and Martin Urschler
	Forecasting individual survival in irregularly sampled patient trajectoriesDaniel Sobotka, Nino Bogveradze, Lucian Beer, Philipp Seeböck, Helmut Prosch, and Georg Langs
	Multimodal Contrastive Learning for Alzheimer’s Disease Prediction in Imaging GeneticsJonas Fallmann and Erich Kobler
	xLSTM for Irregular Multivariate Clinical Time-Series ForecastingLaura Legat and Erich Kobler

	Applied Vision
	Obstacle Detection Pipeline using Monocular Depth Estimation in Mobile RoboticsChristian Schweighofer and Michael Zauner
	AI-Based Optimization of Roadside Mowing Operations in AustriaRoland Perko, Stefanie Onsori-Wechtitsch, Helmut Neuschmied, Peter Schallauer, Katharina Hofer-Schmitz, and Michaela Stolz
	Synthetic Skeletal Pose Pre-training to Mitigate Data Scarcity in In-Cabin 2D-to-3D Pose LiftingThummanoon Kunanuntakij, Dominik Schörkhuber, and Margrit Gelautz
	Organ Level Representation Learning for Region Based Medical Image RetrievalDonghwan Lee and Wooju Kim
	Diffusion Edge Detection Of Texture-less ObjectsMatvey Ivanov, Markus Vincze, and Peter Hönig
	Intelligent Augmentation Methods for Training Defect Detection on Circuit BoardsOlaf Kaehler, Werner Bailer, and Georg Thallinger
	Assessing Compressive Strength of Reclaimed Clay Bricks Using SWIR Hyperspectral Imaging and Deep LearningJean-Philippe Andreu, Maria Jernej, Maximilian Klammer, and Benjamin Kromoser
	GraspGen+HSR: Adapting Simulation-Trained 6-DoF Grasping to Real Service Robots Without RetrainingAlexander Dvorak, Michael Nowak, Tessa Pulli, and Markus Vincze
	Fourier contrast optimization for occluded motion estimationIdo Akov, Roman Pflugfelder, and Daniel Cremers
	Effect of polarization filters on hand vein sample image qualityChristof Kauba and Andreas Uhl

	Physics-informed Machine Learning
	Introducing Monge-GPs: A new class of physics-informed Gaussian Processes (extended abstract)Johanna Moser, Christopher Albert, and Sascha Ranftl
	Joint Bayesian Inference on Lagrangian Physics and TrajectoriesMichael Obermayr and Robert Peharz
	Stabilizing PINNs: A regularization scheme for PINN training to avoid unstable fixed points of dynamical systemsMiloš Babić, Franz Rohrhofer, and Bernhard Geiger
	Derivative-Enhanced Training for Data-efficient Surrogate ModelingPaul Horvath, Marian Staggl, and Stefan Posch
	Towards a PIRL framework for efficient airflow diffuser designAlfredo Lopez, Florian Sobieczky, Christopher Lackner, Matthias Hochsteger, Bernhard Scheichl, Helmuth Sobieczky, and Christoph Feichtinger
	Understanding the Role of Domain Knowledge in Bayesian Optimization under Small-Data ConstraintsBernd Schuscha, Franz Martin Rohrhofer, Bernhard C. Geiger, and Daniel Scheiber
	Equayes - Democratizing Probabilistic Model Construction and Exploration with automatic Equation to Bayesian Model transformationChristian Findenig and Manfred Mücke

	Robot Learning for Real-World Applications
	ZeroShop: Automated Metric Mesh Generation for Zero-Shot 6D Object Pose EstimationStefan Lechner, Philipp Ausserlechner, and Markus Vincze
	1D Profiles vs. Spectral Images: A Comparative Study of Machine Learning Models for Mineral and Rock ClassificationSai Puneeth Reddy Gottam, Martin Johannes Findl, Robert Galler, Klaus Philipp Sedlazeck, and Elmar Rueckert
	When to Trust the Teacher? Adaptive Coupling in Interactive Robot LearningNikolaus Feith and Elmar Rückert

	Advanced Robotics Workshop
	Towards Recipe-driven Automation Concepts for Large-scale Food ProductionMoritz Dorfer and Michael Rathmair
	Building a ROS 2 - Isaac Sim Framework for Dual Arm Manipulation of Rigid Objects and TextilesJonas Gschnell, Alexander Kitzinger, Hubert Gattringer, and Andreas Mueller
	Embedded Haptic Control for Robotic Grasping using a Tactile Sensor SystemThomas Kammerhofer and Thomas Thurner
	Peak Force Evaluation for an Active Contact FlangeBernhard Rameder, Hubert Gattringer, Andreas Müller, and Ronald Naderer
	Multi-Modal Garment Sorting and Classification Combining Tactile and Visual SensingSerkan Ergun, Tobias Mitterer, and Hubert Zangl

	Safe and Smart Robotics
	Enhanced Environmental Context Encoding for Accurate Trajectory Prediction in IntralogisticsAlexander Prutsch and Horst Possegger
	D²DINO: Dense Descriptors from DINO for Pixel‑Level Object UnderstandingPaolo Sebeto, Jean-Baptiste Weibel, Christian Hartl-Nesic, and Markus Vincze
	Overcoming Nature: Perception for Autonomous Navigation in Dense VegetationLukas Wimmer, Andre Koczka, Uros Petrovic, and Gerald Steinbauer-Wagner

	Spiking Neural Network Systems
	Linearized Bregman Iterations for Sparse Spiking Neural NetworksDaniel Windhager, Michael Lunglmayr, and Bernhard Moser
	Recurrent versus parallelizable spiking neural networks: A comparative studyAlexander Mayr, Simon Hitzginger, and Robert Legenstein
	Effective Online SNN Training with One-Step BackpropagationSaya Higuchi, Federico Corradi, Sander M. Bohté, and Sebastian Otte
	Probabilistic LIF Neurons Improve Learning in Recurrent Spiking Neural NetworksSebastian Higuchi, Niels A. Kloosterman, Stefan Hallermann, and Sebastian Otte

	Certification and Trustworthy AI
	Stochastic Application Domain Definition for Functional Trustworthiness Certification of AI SystemsSimon Schmid, Barbara Brune, Alexander Aufreiter, Lukas Gruber, Kajetan Schweighofer, Xaver Stadlbauer, Thomas Doms, and Bernhard Nessler
	Conversational Agents in Multi-User EnvironmentsUmut Tanriverdi, Tobias Halmdienst, Simon Schmid, Bernhard Nessler, and Michal Lewandowski
	Safety Driven Hardware and Control Architecture for Automated Surface Vessel SystemsÖnder Hamamcıoğlu, Semih Bajrami, Viktor Komyshan, Gehan Dasanayake, and Mathias Brandstötter
	Anthropomorphic Terminology in Artificial IntelligenceIana Kazeeva, Simon Schmid, and Bernhard Nessler
	Explainable Selection of Machine Learning Algorithms in Social SciencesDijana Oreski, Luka Katava, and Alen Kisic

	Digital Transformation in Animal and Agricultural Sciences
	Vision-based detection of pain and nest-building behaviors in sows within commercial farrowing pensPeter Helf and Maciej Oczak
	Online adaptive path planning of UAVs for weed detectionWolfgang Pitzl, Lukas Lachmann, Raphael Völker, and Peter Riegler-Nurscher
	Lightweight Classification of Canine Eye DiseasesIsselmou Abdarahmane and Peter M. Roth
	Measuring the Specific Gravity of Urine of Dogs Using Digital RefractometersMartina Jezik and Peter M. Roth
	Interactive VetMap of AustriaValentina Dolin, Gudrun Kinz, Martina Jezik, Mark A.M. Kramer, and Peter M. Roth

	Index of Authors

