
Machine Learning
for Biomedical Imaging

Evaluating Synthetic Data Generation for Domain Generalization in
Fetal Brain MRI Segmentation
Vladyslav Zalevskyi 1,2,* , Thomas Sanchez 1,2,* , Margaux Roulet 1,2 , Busra Bulut 1,2 , Hélène Lajous 1,2 , Jordina
Aviles Verdera 3,4 , Sara Neves Silva 4 , Georg Langs 6,7,8 , Gregor Kasprian 7,9 , Roxane Licandro 6,7,8 , Jana
Hutter 3,4 , Hamza Kebiri 1,2 , Meritxell Bach Cuadra 1,2

1 Department of Radiology, Lausanne University Hospital and University of Lausanne (UNIL), Lausanne, Switzerland
2 CIBM Center for Biomedical Imaging, Lausanne, Switzerland
3 Institute for Information Processing, Leibniz University Hannover, Hannover, Germany
4 Department of Biomedical Engineering, School of Biomedical Engineering & Imaging Sciences, King’s College London,
London, United Kingdom
5 Department of Biomedical Imaging and Image-Guided Therapy, Division of Neuroradiology and Musculoskeletal
Radiology, Medical University of Vienna, Vienna, Austria
6 Department of Biomedical Imaging and Image-guided Therapy, Computational Imaging Research Lab (CIR), Medical
University of Vienna, Vienna, Austria
7 Christian Doppler Laboratory for Mathematical Modelling and Simulation of Next-Generation Medical Ultrasound
Devices, Medical University of Vienna, Vienna, Austria
8 Comprehensive Center for Artificial Intelligence in Medicine, Medical University of Vienna, Vienna, Austria
9 Division of Neuroradiology and Musculoskeletal Radiology, Department of Biomedical Imaging and Image–guided
Therapy, Medical University of Vienna, Vienna, Austria
* Equal contribution

Abstract
Fetal brain tissue segmentation from magnetic resonance imaging (MRI) is crucial for studying neurodevelopment,
but remains challenging due to data heterogeneity and limited annotations. Domain randomization (DR) has recently
emerged as a promising strategy for single-source domain generalization by synthesizing training images with randomized
artifacts, contrast, and resolution. In this work, we investigate how to maximize the out-of-domain (OOD) generalization
of DR-based methods. We evaluate several synthetic data generation strategies for DR, with a particular focus on
our recently proposed framework, FetalSynthSeg. We show that simple Gaussian mixture-based intensity modeling
outperforms more complex physics-based simulations, and that intensity clustering (subdividing tissue classes based
on intensity) improves OOD robustness. Evaluated on 348 fetal subjects from four sites spanning 0.55–3T and both
T1w and T2w contrasts, FetalSynthSeg reaches state-of-the-art performance on several FeTA 2024 testing datasets
(80–85 Dice score) and, for the first time, offers robust segmentation on modalities other than T2w for fetal brain
segmentation (80 Dice on dHCP-T1w dataset). Compared with state-of-the-art methods such as BOUNTI, nnU-Net
ensemble, and the FeTA 2024 winner, FetalSynthSeg delivers comparable or superior accuracy while maintaining strong
robustness across domain shifts. Our code, model weights, and Docker image ready for easy inference are available
at https://hub.docker.com/r/vzalevskyi/fetalsynthseg.
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1. Introduction

Fetal development is a critical period shaping lifelong neu-
rological and physiological outcomes (Halfon et al., 2014).
Monitoring brain maturation and detecting atypical de-
velopment during this period enables early diagnosis and
intervention (Saleem, 2014). While ultrasonography (US)
remains the default fetal imaging modality because of its
broad availability and its low cost, fetal magnetic reso-
nance imaging (MRI) complements US: it provides superior
soft-tissue contrast and is less operator-dependent (Glenn
and Barkovich, 2006). MRI has been used to study fetal
brain development (Jakab et al., 2021; Aviles Verdera et al.,
2023; Machado-Rivas et al., 2022; Shen et al., 2022) and
for the detection of abnormalities such as ventriculomegaly,
spina bifida, corpus callosum agenesis, edema, and hem-
orrhage (Garel and Garel, 2004; Pfeifer et al., 2019). Al-
though, automated methods for fetal brain MRI analysis are
promising to enable rapid and reliable scan processing (Uus
et al., 2023), they struggle with limited data availability
and domain shifts, which are particularly pronounced in
the fetal population (Dockès et al., 2021; Varoquaux and
Cheplygina, 2022; Guan and Liu, 2022).

Domain shifts, or distribution shifts — a mismatch be-
tween the distribution of training and testing data — are
quite severe in MRI and stem from differences in scanner
hardware, imaging protocols, and reconstruction methods
(Yan et al., 2020). Fetal MRI exacerbates these challenges
as the fetal brain morphology heavily changes during ges-
tation and can be drastically altered by pathological pro-
cesses (Stiles and Jernigan, 2010; Dubois et al., 2020).
Furthermore, fetal MR images are typically acquired as T2-
weighted orthogonal stacks of two-dimensional (2D) slices
using fast spin echo sequences to mitigate motion artifacts.
Post-processing using super-resolution (SR) reconstruction
algorithms is then needed to create a high-resolution three-
dimensional (3D) volume (Rousseau et al., 2010; Gholipour
et al., 2010; Kuklisova-Murgasova et al., 2012; Tourbier
et al., 2015; Ebner et al., 2020), which induces an addi-
tional layer of heterogeneity. As a result, training models
that generalize across these dimensions (Figure 1) remains
challenging (Payette et al., 2024; Zalevskyi et al., 2025).

Many strategies have been proposed to mitigate domain
shifts, including diffusion-based models (Kaandorp et al.,
2025a; Niemeijer et al., 2024) and data augmentation-based
approaches (Shorten and Khoshgoftaar, 2019). Recently,
domain randomization (Tobin et al., 2017) techniques have
seen great success in the field of MR image analysis (Billot
et al., 2021, 2023b; Liu et al., 2024a). These methods
begin with label maps rather than real images, generating
synthetic images with randomized contrasts using Gaussian
mixture models, alongside common artifact corruptions, and
demonstrated excellent OOD generalization performance,

especially in MRI (Billot et al., 2023b).

Contributions This work extends our MICCAI 2024 pub-
lication (Zalevskyi et al., 2024) by expanding the evalua-
tion of the proposed FetalSynthSeg model to additional
datasets and presenting new ablation studies and compar-
isons with state-of-the-art (SoTA) methods. Specifically,
in this work, we aim to investigate two main research hy-
potheses:

Hypothesis 1 Do domain randomization methods, by sim-
ulating a wide range of contrasts, provide more effective
data augmentation than physics-based approaches?

Hypothesis 2 Do domain randomization methods enable
more robust OOD generalization than models trained using
only real data, while maintaining competitive in-domain
(ID) performance?

Our results explore and confirm both hypotheses, and
also disentangle which components of the data genera-
tion pipeline contribute most to out-of-domain robustness,
what types of synthetic contrast modeling are most effec-
tive, and under which conditions such approaches may fail
when applied to diverse clinical and research cohorts. In
this work, we focus on the data synthesis and augmentation
strategies rather than the design of new neural network
architectures, while the main methodological contributions
lie in the non-learning-based components that generate and
randomize the training data. By isolating and evaluating
these components, our study aims to provide insights that
remain applicable across future generations of segmenta-
tion networks. We summarize our key contributions are as
follows:
(i) We compare Gaussian mixture-based contrast simula-
tion with physics-based approaches to assess the benefits
and drawbacks of physically grounded modeling (Figure 2).
(ii) We benchmark FetalSynthSeg against leading SoTA
methods: BOUNTI (Uus et al., 2022), the FeTA 2024
winner (Zalevskyi et al., 2025), and an nnU-Net ensemble
(Isensee et al., 2021), on 348 subjects spanning multiple
scanners, SR algorithms, and modalities.
(iii) We show that FetalSynthSeg enables new imaging
applications by robustly segmenting T2-weighted images
across varying echo times and T1-weighted acquisitions,
making new downstream tasks such as T2 mapping in fetal
brain imaging possible.

The code, trained models, and a ready-to-use Docker
image are available at: https://github.com/Medical
-Image-Analysis-Laboratory/FetalSynthSeg.

2. Related Works
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Figure 1: Domain shifts are ubiquitous in fetal brain super-resolution MRI. Variations in acquisition protocols,
super-resolution methods, gestational age and pathology distributions, field strengths, and specific MRI modalities
contribute to distributional differences that affect model generalization.

2.1 Tackling domain shifts

Various strategies have been proposed to address domain
shifts in medical imaging. Data augmentation and fine-
tuning are widely used solutions (Guan and Liu, 2022),
but many task-specific approaches have been designed
based on a wide variety of techniques like meta-learning (Li
et al., 2018), harmonization (Hu et al., 2023) or style trans-
fer (Zhou et al., 2021). Although effective, these methods
often rely on target domain data and annotations, which
are costly and difficult to obtain in fetal MRI (Payette et al.,
2023). Manual segmentation of a single case can take sev-
eral hours (e.g., eight hours in Kyriakopoulou et al. (2017)).
Moreover, approaches requiring multiple source domains are
limited when only one domain is available or when existing
domains fail to represent new ones (Zhou et al., 2023). This
limitation is particularly pronounced in fetal imaging, where
new scanner field strengths and SR methods introduce pre-
viously unseen data distributions. Poor generalization to
these domains hinders the adoption of low-field (<1T) and
ultra-low-field (<0.1T) MR systems, which could democ-
ratize access to advanced neuroimaging techniques to a
broader population (Aviles Verdera et al., 2023). Further-
more, the scarcity and the small size of current fetal brain
MRI datasets exacerbate this problem (Payette et al., 2023;
Lajous et al., 2022).

2.2 Single-source domain generalization (SSDG)

To mitigate these issues, SSDG techniques aim to train
models on a single source domain while ensuring gener-
alization to unseen target domains. In medical imaging,

common strategies include texture and intensity augmen-
tations and synthetic view blending. For example, Ouyang
et al. (2022) proposed a global intensity non-linear aug-
mentation (GIN) module using shallow convolutional net-
works to enhance intensity diversity, while Li et al. (2023)
simulated inter-domain frequency discrepancies through fre-
quency mixing and self-supervised learning. Other notable
efforts include the adversarial domain synthesizer (ADS) by
Xu et al. (2022), which generated synthetic domains using
mutual information regularization to preserve semantic con-
sistency, and the test-time augmentation approach by Liu
et al. (2022), which leveraged dictionary learning to extract
semantic priors for segmentation refinement.

Despite advances, SSDG methods remain limited by the
lack of semantic diversity in training data and their focus on
2D images. The FeTA Challenge 2021 clearly showed that
3D models outperform 2D ones for fetal brain segmentation,
emphasizing the need for SSDG methods that extend to
3D data (Payette et al., 2023).

2.3 Synthetic data and domain randomization

Synthetic data generation and domain randomization have
emerged as effective ways to overcome SSDG limitations (Al
Khalil et al., 2023; Paproki et al., 2024; Gopinath et al.,
2024). Deep generative models such as generative adver-
sarial networks (GANs) and diffusion models can produce
realistic data but require extensive datasets and are chal-
lenging to train (Kazerouni et al., 2023; Kazeminia et al.,
2020; Kaandorp et al., 2025b). Alternatively, numerical
phantoms such as FaBiAN generate realistic MR images
through physical simulations based on anatomical priors

484



Evaluating Synthetic Data Generation for Domain Generalization in Fetal Brain MRI Segmentation

Figure 2: Summary of the contribution of this paper: we systematically investigate how strategies for intensity
generation impact the OOD generalization and show that our proposed method, FetalSynthSeg, achieves strong
generalization ability across sites, reconstruction methods and imaging modalities.

without pre-training (Lajous et al., 2022), but at the cost
of longer generation times. FaBiAN can simulate multiple
acquisitions for the same subject with different physical pa-
rameters and model fetal motion, allowing to complement
scarce clinical datasets (Bhattacharya et al., 2024; Lajous
et al., 2024b,a).

In contrast, SynthSeg (Billot et al., 2021) adopts a
domain randomization paradigm: instead of relying on a
costly physical modeling, it generates anatomically plausible
but visually unrealistic synthetic MRIs with fully randomized
contrasts and artifacts (Tobin et al., 2017) using Gaussian
mixture models. The resulting diversity allows to train mod-
els that become contrast-agnostic and robust to real-world
variability. SynthSeg has been widely used across various
MRI tasks, including brain segmentation, skull stripping,
and anatomical representation extraction of healthy and
pathological subjects (Omidi et al., 2024; Kelley et al.,
2024; Liu et al., 2024b,a; Shang et al., 2022; Valabregue
et al., 2024; Gopinath et al., 2024). Importantly, because
SynthSeg relies only on anatomical annotations rather than
intensity images, the generation process is largely indepen-
dent of the source imaging domain, aside from anatomical
or population differences.

Most synthetic-data-based methods, however, target
adult or infant brains. Fetal MRI introduces unique chal-
lenges such as a fast-changing morphology across gestation,
limited tissue contrast, fewer label classes than in adult
imaging, strong motion and artifacts, making realistic sim-
ulation and robust segmentation of these data particularly

challenging.

2.4 Fetal brain tissue segmentation
The FeTA Challenge, organized at MICCAI, has been in-
strumental in benchmarking fetal brain segmentation al-
gorithms (Payette et al., 2024; Zalevskyi et al., 2025).
The 2024 edition emphasized the importance of data aug-
mentation and topology-enhancing post-processing. Top-
performing methods used ensembles of 3D architectures
such as nnU-Net, and incorporated synthetic or augmented
data like SynthSeg (Billot et al., 2023a) and GIN (Ouyang
et al., 2022). The winning team in 2024, cesne-digair,
achieved a mean Dice of 0.816 and 95th percentile Haus-
dorff Distance (HD95) of 2.317, using a 3D U-Net trained
on skull-stripped, affine-registered T2w images with hand-
crafted augmentations and synthetic registration-based sam-
ple generation. A denoising autoencoder was then used to
correct segmentation artifacts.

Using FeTA’s public dataset, Huang et al. (2023) pro-
posed a hybrid convolution-transformer achieving 0.837 ±
0.03 Dice on a held-out in-domain validation set. Beyond
the FeTA dataset, BOUNTI (Uus et al., 2023) combined U-
Net and Attention U-Net trained on 380 fetal MRIs (public
and private), reaching 0.89 ± 0.02 Dice, thanks to extensive
manual refinement of ground truth segmentations that con-
tributed to the model’s performance. However, its reliance
on private datasets and custom annotation protocols limits
its comparability with FeTA-trained models.

These studies show that high performance can be achieved
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Table 1: Dataset properties. Nn – number of neurotypical subjects, Np – number of pathological subjects. SR algorithms
are MIALSRTK (MIAL (Tourbier et al., 2020)), IRTK (Kuklisova-Murgasova et al., 2012), NiftyMIC (Ebner et al.,
2020), and SVRTK (Uus et al., 2022)

Site Scanner Acquisition
Parameters

SR
algorithm

Resolution
(mm3)

GA
(weeks)

Nn/Np

KISPI
(public)

GE Signa Discovery
MR450/MR750 (1.5T/3T)

SS-FSE
TR/TE: 2500–3500/120 ms
0.5 × 0.5 × 3.5 mm3

MIAL
IRTK

0.5 × 0.5 × 0.5
0.5 × 0.5 × 0.5

20–34
20–34

25/15
24/16

VIEN
(private)

Philips Ingenia/Intera
(1.5T) Philips Achieva (3T)*

SS-FSR, TR/TE:
6000–22000/80–140 ms

NiftyMIC 1.0 × 1.0 × 1.0 19–35 33/7

CHUV
(private)

Siemens MAGNETOM
Aera (1.5T)

HASTE, TR/TE:
1200/90 ms
1.13 × 1.13 × 3 mm3

MIAL 1.1 × 1.1 × 1.1 21–35 25/15

KCL
(private)

Siemens MAGNETOM
FREE.MAX (0.55T)

HASTE, TR/TE:
2600/106 ms
1.45 × 1.45 × 4.5 mm3

SVRTK 0.8 × 0.8 × 0.8 21–35 15/5

dHCP (T2w)
(public)

Philips Achieva (3T) MB-TSE, TR/TE:
2265/250 ms
1.1 × 1.1 × 2.2 mm3

IRTK 0.8 × 0.8 × 0.8 21–38 248/0

dHCP (T1w)
(public)

Philips Achieva (3T) bSSFP, TR/TE:
3.6/7.2 (8479*) ms
1.5 × 1.5 × 4 mm3

IRTK 0.8 × 0.8 × 0.8 21–38 208/0

*Slice package duration (effective TR for slab selective IR pulse)

through extensive data augmentation, the inclusion of di-
verse multi-site data, and expert-curated labels. Yet, such
resources are not always available. In contrast, our work
investigates a more common and resource-constrained sce-
nario: how to train fetal brain segmentation models
that generalize well when using only public data from
a single-domain with standard annotation quality. We
aim to characterize the limitations of this setting and pro-
pose practical strategies that enhance generalization in
data-scarce environments.

3. Methods
3.1 Data
We use open-access data from the FeTA challenge (Payette
et al., 2023) and the developing Human Connectome Project
(dHCP) (Edwards et al., 2022), complemented with private
clinical datasets from three institutions (Table 1). All acqui-
sitions were approved by local ethics committees and per-
formed without maternal or fetal sedation. For all datasets,
several 2D single-shot fast spin-echo stacks were acquired
in at least three orthogonal orientations (axial, coronal,
sagittal) to mitigate motion artifacts (Table 1, Acquisitions
parameters). A super-resolution reconstruction algorithm
then combined these stacks into a high-resolution 3D vol-
ume suitable for volumetric segmentation.

FeTA Challenge Datasets. We use subsets of both train-
ing and testing datasets employed in the FeTA 2024 Chal-

lenge. Acquisition protocols and site-specific character-
istics for KISPI, VIEN, CHUV, and KCL are detailed in
Table 1 and in Zalevskyi et al. (2024); Payette et al. (2023).
Among these, only the KISPI dataset is publicly available
on Synapse (Payette and Jakab, 2021). In contrast, CHUV
and KCL were used as held-out test datasets in the FeTA
challenge and were not shared with participants, serving
exclusively for final evaluation. Although VIEN was part of
the challenge training set, its use is restricted to the scope
of the challenge, and it is therefore not publicly available.
Consequently, we refer to CHUV, KCL, and VIEN as private
datasets.

Fetal dHCP Dataset. The fetal dHCP dataset, acquired
at St Thomas’ Hospital, London, includes T2w and T1w
structural images obtained on a Philips Achieva 3T scanner
with a 32-channel cardiac coil (Price et al., 2019; Karolis
et al., 2025). T1w data were acquired using eight stacks
across six unique orientations with an inversion-recovery
sequence and interleaved wide-slab preparation pulses, fol-
lowed by a bSSFP readout (in-plane resolution 1.5×1.5
mm2, slice thickness 4 mm, slice gap −1.2 mm, flip angle
35°, total scan ∼8 min). T2w data were acquired using
a zoomed multiband single-shot TSE sequence (in-plane
resolution 1.1×1.1 mm2, slice thickness 2.2 mm, slice gap
−1.1 mm, flip angle 30° or 130°, total scan ∼12 min). All
images were reconstructed to 0.5 mm isotropic using the
fetal branch of the dHCP structural pipeline (Makropoulos
et al., 2017; Cordero-Grande et al., 2022).

486



Evaluating Synthetic Data Generation for Domain Generalization in Fetal Brain MRI Segmentation

Prospective multi-echo KCL dataset Data were prospec-
tively acquired for this study from five fetuses (GA = 24, 32,
32, 33, 37 weeks) using SST2w sequences at St. Thomas’
Hospital, London, on a Siemens FreeMax 0.55T scanner,
with similar parameters as the KCL dataset in Table 1,
except for echo times (TEs), with data acquired at 300
ms, 397 ms, 600 ms, in order to do T2 mapping. At
each echo time, three stacks (axial, coronal, sagittal) were
acquired. The study was conducted under the ethically
approved MEERKAT [REC: 21/LO/0742], MiBirth [REC:
23/LO/0685], and NANO [REC: 22/YH/0210] projects.
Data sharing was approved by the Ethics Committee Lon-
don Bromley (Ethics code 21/LO/0742). The data were
then reconstructed using the method of Bulut et al. (2025),
which yielded a volume at each TE.

Pre-processing and labeling. All structural images used
for training and inference were resampled to 0.5 mm isotropic
resolution and standardized to a size of 2563 voxels via crop-
ping or zero-padding. For FeTA datasets, we used the origi-
nal FeTA labels comprising seven classes: cerebrospinal fluid
(CSF), white matter (WM), gray matter (GM), subcortical
gray matter (SGM), ventricles (LV), brainstem (BSM), and
cerebellum (CBM) (Payette et al., 2021). For dHCP, we
remapped Draw-EM annotations (Makropoulos et al., 2018,
2017) to the FeTA scheme using: 1→CSF, 2→GM, 3→WM,
4→background, 5→LV, 6→CBM, 7→SGM, 8→BSM,
9→WM. Thus, hippocampi and amygdala (9) are merged
with WM, and the skull (4) with the background. Draw-
EM and FeTA differ slightly in anatomical definitions (e.g.,
ventricles coverage), but all final datasets share a unified
seven-tissue labeling consistent with FeTA.

3.2 Synthetic Data Generation Frameworks
We start by testing Hypothesis 1 by comparing various syn-
thetic data generation frameworks, to assess how physics-
based and domain randomization-based frameworks behave
as data augmentation strategies. Our experimental frame-
work builds on three components: SynthSeg (Billot et al.,
2021), the FaBiAN numerical phantom (Lajous et al., 2022),
and FetalSynthSeg, our fetal-tailored extension of Synth-
Seg (Zalevskyi et al., 2024). These components isolate
how different intensity generation strategies impact single-
source domain generalization. Note that these components
can generate images that appear unrealistic, as illustrated
in Figure 2. Exaggerated anatomies or non-physical con-
trasts, artifacts, and resolutions are an intentional feature
of domain randomization, and the value of these generated
images will be assessed through the downstream segmenta-
tion performance of models using them throughout training,
not through their visual appearance. Overall, for each syn-
thetic data generation approach, we follow a two-stage
process: (1) generate synthetic images using different in-

tensity simulation strategies, and (2) train a standard 3D
U-Net segmentation network on these images.

3.2.1 SynthSeg

SynthSeg generates synthetic MR images directly from
label maps using domain randomization (Billot et al., 2021).
Given segmentations {Sn}, a segmentation is randomly
sampled, spatially transformed by ϕ (affine and non-linear
diffeomorphic transforms), and intensities at voxel (x, y, z)
are drawn from a Gaussian mixture model (GMM) with
label-specific parameters:

G(x, y, z) ∼ N
(
µL(x,y,z), σ2

L(x,y,z)
)
,

where µL ∼ U(aµ, bµ) and σL ∼ U(aσ, bσ). The image is
then corrupted by adding a bias field, intensity transfor-
mations and by simulating various image resolutions. By
sampling a broad range of appearances beyond what is real-
istic, SynthSeg promotes robustness to the severe domain
shifts faced in practice.

3.2.2 FetalSynthSeg

FeTA annotations contain only seven tissue classes, which
is coarse compared to adult segmentations with 30 classes
used in SynthSeg. This limits the ability to reproduce
heterogeneous fetal tissue appearances, particularly within
developing WM (Lajous et al., 2024a). FetalSynthSeg ad-
dresses this by augmenting the label space via unsupervised
intensity-based clustering. Following Zalevskyi et al. (2024),
we first group labels into four meta-labels (or meta-classes):
WM (WM, CBM, BSM), GM (cortical and deep GM), CSF
(ventricles and external CSF), non-brain (skull, uterus, fe-
tal body, maternal tissue). This grouping fuses labels for
structures that have similar macro-structural composition
and hence have similar intensity profiles on the structural
images during the late gestation period. All non-zero voxels
are assigned to one of these meta-labels, allowing realis-
tic modeling of both brain and surrounding anatomy as
encountered in fetal pipelines (Figure 3).

Each meta-label is then randomly and independently
partitioned into a number of subclasses sampled from
U(asubcl, bsubcl). Sub-clustering is performed with an Ex-
pectation–Maximization algorithm conditioned on the input
intensities (Dempster et al., 1977) (Fig. 3). Each subclass
is assigned its own GMM parameters, introducing con-
trolled intra-class variability. Importantly, intensity-based
clustering itself is not new and has previously been used in
domain-randomisation approaches such as SynthSeg (Bil-
lot et al., 2021). In contrast to prior work that performs
clustering within existing anatomical labels, our approach
performs clustering within meta-labels that group anatomi-
cally related tissues and background structures. This allows
subclasses to span boundaries between structures with sim-
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Figure 3: FetalSynthSeg’s pipeline for meta-label splitting into sub-classes used for training image generation.
Original segmentation labels are merged into four meta-labels (WM, GM, CSF, non-brain tissue). Then, each meta-label
is randomly split into sub-classes based on EM-clustering using the original image. Finally, an independent GMM is
sampled for each of the sub-classes and used to sample intensities for voxels inside of it. Synthesized training images are
then fed into the U-Net. During testing only real images are used for inference.

ilar intensity profiles (e.g., WM and CBM) while preserving
realistic contrast transitions. In the fetal setting, where
annotations are coarse and tissue appearance is highly het-
erogeneous, this strategy enables more flexible modelling of
intensity variability without introducing artificial boundaries.

Implementation. SynthSeg and FetalSynthSeg are im-
plemented using the PyTorch SynthSeg generator from
Brain-ID (Liu et al., 2024a), with hyperparameters kept
identical to the original implementation. Our generator and
modifications are available at: https://github.com/Med
ical-Image-Analysis-Laboratory/fetalsyngen.

3.2.3 FaBiAN and randFaBiAN

FaBiAN is an open-source numerical phantom that sim-
ulates clinical T2w FSE fetal brain images using tissue
segmentations and the extended phase graph (EPG) formal-
ism (Lajous et al., 2022). It models signal evolution based
on literature T1/T2 values and sequence parameters, gen-
erating WM, GM, and CSF contrasts based on the physical
tissue decay properties.

We adapt FaBiAN to include the non-brain meta-class
consistent with FetalSynthSeg, and draw T1/T2 values
from reference distributions before physical simulation, in-
troducing controlled variability. We further define randFa-
BiAN, where all T1/T2 values are sampled from a broad,
unconstrained range, making it more strongly randomized
and conceptually closer to FetalSynthSeg.

Implementation. We use the Matlab implementation of
FaBiAN v2 (Lajous et al., 2024a,b) via a Python wrapper:
https://github.com/Medical-Image-Analysis-Lab
oratory/fabian_utils. Examples for all generators are
shown in Fig. 2, and details of the parameters used are
available in the Supplementary Table S3.

3.3 Baselines: Real Image Training and Hybrid Training

After evaluating the data generation process, we move onto
Hypothesis 2, where we aim to benchmark the ID and OOD
performance of domain-randomization-based models. To
quantify the value of randomized intensity simulation over
conventional model training, we train two baseline models:

1. FetalRealSeg is trained exclusively on real images us-
ing the same augmentation pipeline as synthetic-data
models. FetalRealSeg uses precisely the real scans
whose segmentations serve as anatomical priors for the
synthetic generators. Apart from the absence of random-
ized intensities, all transformations and training settings
are identical, enabling a controlled comparison between
purely real-data training and synthetic-data-driven ap-
proaches.

2. RealSynthHybrid is trained using a mixture of 50%
synthetic and 50% real data, and is essentially a hybrid
between FetalSynthSeg and FetalRealSeg, randomly
generating either a random synthetic sample or a data-
augmented intensity image, each with 50% probability.
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3.4 Experimental Design
We conduct four main experiments:

I. Selecting an intensity generation strategy (4.1) We
benchmark FetalRealSeg, FaBiAN, randFaBiAN, Synth-
Seg, and FetalSynthSeg in a single-source domain gener-
alization setting. Due to the computational cost of FaBiAN,
this experiment uses three domains: KISPI-IRTK (n=40),
KISPI-MIAL (n=40), and CHUV-MIAL (n=40). We train
on one domain and test on the remaining two, covering mild
(site or SR-only) and severe (site+SR) domain shifts. The
goal is to identify which generator yields the most robust
out-of-domain performance.

II. Impact of intensity clustering (4.2). We perform
an ablation on the impact of meta-label fusion and EM-
clustering by varying the number of EM clusters in Synth-
Seg and FetalSynthSeg. Using the splits from Experi-
ment I, we assess how sub-clustering impacts performance
and whether the FetalSynthSeg design consistently im-
proves robustness.

III. Comparison with state-of-the-art models with fail-
ure mode analysis (4.3). We retrain FetalSynthSeg,
FetalRealSeg and RealSynthHybrid on the full FeTA
2024 training set (n=120) and compare them against:

1. the FeTA 2024 winning method cesne-digair
(FeTA24) (Zalevskyi et al., 2025)

2. BOUNTI (Uus et al., 2023),
3. an nnU-Net ensemble (Isensee et al., 2021).

All models are evaluated on 348 subjects from the dHCP
dataset and a subset of FeTA 2024 test data, spanning
T1w/T2w, 0.55T/1.5T/3T, and both pathological and
neurotypical cases. We use the default implementations
and publicly available weights for the FeTA 2024 challenge
winner1 and the nnU-Net model 2, both trained on the
full FeTA 2024 training dataset (n = 120). For BOUNTI,
we use the publicly available Docker image 3 with weights
trained on a larger collection of private and public datasets
unrelated to the FeTA 2024 Challenge (n = 360).

IV. Prospective validation (4.4). Finally, we showcase
the abilities of FetalSynthSeg to tackle challenging data
by validating its ability to consistently segment prospectively
acquired data at different echo times (TEs) (Bulut et al.,
2025).

3.5 Model Architecture and Training
All models use the same 3D U-Net backbone, implemented
in PyTorch with MONAI (Paszke et al., 2019; Cardoso et al.,
1. https://hub.docker.com/u/fetachallenge2024
2. https://github.com/mic-dkfz/nnunet
3. https://hub.docker.com/r/fetalsvrtk/segmentation

2022). The network has five levels with 32 feature maps
at the first level (doubling per level), 33 convolutions with
LeakyReLU activations, skip connections, and a softmax
output layer. We deliberately use a simple, consistent archi-
tecture to focus the analysis on data generation strategies
rather than architectural optimizations.

We train with Adam (learning rate 10−3) and a com-
bined Dice + cross-entropy loss (Valabregue et al., 2024).
A ReduceLROnPlateau scheduler (factor 0.1, patience 10
epochs) and EarlyStopping (patience 100 iterations) are
applied. Batch size is 1. Training is implemented with
PyTorch Lightning and run on NVIDIA RTX 3090/6000
GPUs.

For SynthSeg and FetalSynthSeg, synthetic images
are generated on-the-fly for up to 80,000 iterations. For
FaBiAN and randFaBiAN, we pre-generate 50 synthetic
images per real scan (n=120; 6000 images total) and train
for up to 80,000 iterations. Online generation with Fa-
BiAN is infeasible (∼287 s per volume) compared to ∼1
s for SynthSeg/FetalSynthSeg. For FetalRealSeg and
RealSynthHybrid, we train on for up to 500 epochs to
limit overfitting.

Data augmentation. All models use the SynthSeg aug-
mentation pipeline: random non-linear deformations, gamma-
based contrast changes, Gaussian noise, bias field perturba-
tions, and random isotropic resampling to emulate varying
resolutions.

3.6 Evaluation Protocol
Data splitting. For Experiment 1, we perform cross-
domain evaluation by training on one of KISPI-IRTK, KISPI-
MIAL, or CHUV-MIAL (40 scans each) and testing on the
other two domains. For each training domain, 35 scans are
used for training and 5 for validation; all 40 scans of each
held-out domain are used for testing. We report per-domain
and pooled performance. Experiment 2 reports results bro-
ken down per split, while Experiment 3 relies on standard
train/validation/test split.

Metrics. We evaluate segmentations using:

• Dice Similarity Coefficient (DSC):

DSC = 2|A ∩ B|
|A| + |B|

,

with A and B the predicted and ground-truth voxel sets.

• 95th-percentile Hausdorff Distance (HD95):

HD95 = max
(

max
x∈A

min
y∈B

∥x − y∥, max
y∈B

min
x∈A

∥x − y∥
)

,

with A and B boundary point sets.
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Table 2: Mean Dice scores (multiplied by 100 for readability) for models trained on different data sources, evaluated
across multiple testing splits. Each cell reports the mean and standard deviation across test subjects. Bold indicates the
best-performing method per column, and underlined denotes the second-best. An asterisk (∗) marks cases where the
best method is statistically significantly better than the second best according to a Wilcoxon rank-sum test (p < 0.05).

Testing split CHUV-MIAL KISPI-IRTK KISPI-MIAL
Global

Training split KISPI-IRTK KISPI-MIAL CHUV-MIAL KISPI-MIAL CHUV-MIAL KISPI-IRTK
FaBiAN 74.2±4.2 73.1±5.7 53.6±13.3 56.6±12.9 60.6±17.1 61.5±20.1 63.3±15.5

randFaBiAN 79.1±2.3 78.2±2.9 55.1±12.7 68.9±7.8 60.7±7.3 68.1±14.7 68.3±13.8

SynthSeg 75.9±3.9 73.7±3.9 70.9±9.2 74.8±7.8 60.5±15.7 63.4±16.8 72.2±13.0

FetalSynthSeg 80.7±2.0∗ 76.9±3.3 79.2±9.0∗ 76.8±6.9∗ 67.5±16.0 68.5±15.6 74.9±11.5∗

FetalRealSeg 77.2±4.0 78.5±3.3∗ 70.6±13.9 71.9±11.5 68.0±19.3 64.3±19.1 73.0±12.6

When not stated otherwise, the metrics that we report
are first averaged across the 7 labels for each subject, and
then averaged across all subjects in experiments where we
compare different models.

Statistical analysis. Normality is assessed with the
Shapiro–Wilk test. Depending on distribution, we use either
a paired t-test or Wilcoxon rank-sum test with Bonferroni
correction. Results with p < 0.05 are considered statistically
significant.

4. Results
4.1 Selecting an intensity generation strategy
A global comparison of all intensity generation methods is
reported in Table 2. Across all cross-validation splits, Fetal-
SynthSeg achieves the highest global average Dice score
of 74.9, consistently outperforming all other simulation-
based approaches. Across individual splits, the only signifi-
cant exception is the KISPI-mial→CHUV-mial split, where
FetalRealSeg outperforms FetalSynthSeg, suggesting
that training on real images can provide advantages un-
der certain domain shift conditions (same SRR method
in this experiment). Overall, FetalRealSeg remains the
second-best performing model, with an average Dice of 73.0,
indicating that synthetic data generation alone does not
necessarily guarantee improved generalization, and models
trained on real images may remain competitive when the
domain gap between training and testing data is relatively
limited.

Focusing on synthetic generation methods, the progres-
sion across generation strategies highlights the impact of
increasing intensity variability. FaBiAN, which uses tissue-
specific relaxometry values with realistic physics-based mod-
eling, yields the lowest mean Dice (63.3). Randomizing
T1/T2 within randFaBiAN improves performance by +5.0
(68.3). Replacing physics-based simulation with GMM-
based sampling in SynthSeg leads to a further increase
of +3.9 (72.2). Incorporating meta-classes and intensity

sub-clustering in FetalSynthSeg brings an additional +2.7
gain, reaching a mean Dice of 74.9.

These differences are not solely explained by training
set size. Supplementary Experiment S2 shows that, even
when matched to FaBiAN with 6,000 synthetic samples,
FetalSynthSeg still improves by 3.9 Dice points. More-
over, FaBiAN ’s physics-based simulation is computationally
demanding (∼280s per volume), whereas the GMM-based
sampling of SynthSeg and FetalSynthSeg requires ∼1s,
enabling efficient on-the-fly generation during training.

Qualitative results in Fig. 4 corroborate the quantitative
findings: methods with stronger contrast randomization
(randFaBiAN, FetalSynthSeg) are noticeably more robust
to changes in reconstruction and skull-stripping quality than
approaches relying solely on realistic or real intensities.

Per-label Dice and HD95 scores are provided in Sup-
plementary Tables S4 and S5. While HD95 differences
between SynthSeg and FetalSynthSeg are small (mean
HD95 3.15 ± 0.52 vs. 3.16 ± 0.52), all domain-randomized
models outperform purely real-data or strictly physics-based
approaches, confirming that randomized synthetic intensi-
ties are key for robust, cross-domain fetal brain segmenta-
tion.

4.2 Impact of intensity clustering

Figure 5 summarizes the effect of intensity sub-clustering
on SynthSeg and FetalSynthSeg. Intensity-clustering is
done on the seven tissue classes for SynthSeg and on the
four meta-labels for FetalSynthSeg. Starting from the
baseline configuration (a single class per label), gradually
increasing the number of subclasses consistently improves
Dice scores for both methods. Performance gains saturate
beyond approximately six subclasses, suggesting an optimal
range of sub-cluster granularity.

Across most configurations, FetalSynthSeg maintains
a systematic advantage over SynthSeg, demonstrating
that meta-label fusion and sub-clustering act synergistically.
Over the four tested sub-cluster settings, FetalSynthSeg
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Figure 4: Segmentation results for models trained on the KISPI-MIAL data split, evaluated on a subject from the
KISPI-IRTK split and on another from the CHUV-MIAL split. Arrows point to regions of substantial discrepancies across
models.

Figure 5: Ablation study on the number of EM
sub-clusters. For SynthSeg-variants, the original 7
labels used as generation classes are randomly split into
1-9 subclasses, while in FetalSynthSeg-variants the
meta-labels are split. The blue and black rectangles
show respectively what we refer to as SynthSeg (one
sub-class with no meta-labels) and FetalSynthSeg (six
sub-classes with meta-labels) in the paper. We report mean
Dice across all tissues for each combination of training-
testing splits. The different labels denote these splits:

● CHUV-MIAL→KISPI-IRTK ● CHUV-MIAL→KISPI-MIAL
■ KISPI-MIAL→KISPI-IRTK ■ KISPI-MIAL→CHUV-MIAL
◆ KISPI-IRTK→KISPI-MIAL ◆ KISPI-IRTK→CHUV-MIAL

outperforms SynthSeg in 7/12 train–test splits (p-value
< 0.05), SynthSeg is superior in 3/12, and the remaining
2/12 show no significant difference. This indicates that
enriching the label space with structured yet randomized
subclasses is a key ingredient for strong SSDG performance.

Furthermore, based on our experiments, performance
improvements from additional subclass splitting plateau
at six subclasses, so we use this setting for all following
experiments involving FetalSynthSeg.

4.3 Comparison with state-of-the-art models

Table 3 compares FetalSynthSeg, FetalRealSeg and
RealSynthHybrid (trained on the full FeTA 2024 train-
ing set) against BOUNTI, the FeTA24 winning method
(cesne-digair), and an nnU-Net ensemble. On T2w
datasets that are close to the training distribution (e.g.,
CHUVT 2w; VIENT 2w sharing both scanner/SRR; KCL with
SVRTK being similar to IRTK), FetalRealSeg and Real-
SynthHybrid remain slightly ahead of FetalSynthSeg,
with differences typically within 0.1–2.5 Dice points. Fetal-
SynthSeg, RealSynthHybrid and FetalRealSeg are com-
petitive with or superior to existing SoTA models in these
settings: for instance, on CHUV, they surpass all reference
methods.
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Table 3: Dice performance (in %) and surface distance (in mm) across datasets for each model. Values are mean±
standard deviation. Bold indicates best and underlined second-best performance per column. An asterisk (∗) marks
cases where the best method is statistically significantly better than the second-best method according to a Wilcoxon
rank-sum test (p < 0.05).

Model DSC HD95
CHUVT 2w KCLT 2w VIENT 2w dHCPT 2w dHCPT1w CHUVT 2w KCLT 2w VIENT 2w dHCPT 2w dHCPT1w

BOUNTI 79.9±2.2 83.4±1.1 70.1±12.3 85.1±1.3* 16.4±2.1 3.15±0.46 2.62±0.27 4.51±2.58 3.56±0.42* 15.86±3.36
FeTA24 83.0±1.8 85.6±0.9 81.4±4.1 82.4±1.5 23.3±3.8 2.49±0.42 1.82±0.27 2.47±0.86 4.07±0.58 10.35±2.03
nnU-Net 81.8±1.8 86.7±1.2 83.6±3.4* 84.3±1.2 13.5±2.5 2.55±0.35 1.64±0.15 2.07±0.54 4.08±0.47 25.16±8.74
FetalRealSeg 84.6±1.8 86.5±1.1 82.0±3.3 84.1±1.5 43.7±7.0 1.79±0.23 1.55±0.16* 2.11±0.50 4.11±0.65 9.10±4.08
RealSynthHybrid 84.2±1.5 85.9±1.2 80.1±4.3 83.1±1.7 78.1±2.5 1.84±0.22 1.76±0.26 2.46±0.90 4.32±0.55 4.42±0.85
FetalSynthSeg 83.2±1.7 85.3±1.2 79.5±4.1 84.0±2.1 80.1±2.1* 1.89±0.22 1.76±0.25 2.17±0.40 4.08±0.50 4.27±0.53*
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Figure 6: Qualitative comparison of the proposed models and FeTA24 on a test case from the dHCP dataset, showing
T2w images (top two rows) and T1w images (bottom two rows) from the same subject. White arrows highlight
discrepancies between the dHCP and FeTA annotation schemes—particularly in the definitions of SGM and LV —as all
models were trained using FeTA annotations, while the ground truth reflects dHCP labels converted to FeTA format.
Yellow arrows indicate prominent segmentation errors made by the model fine-tuned on real T2w images when applied
to the T1w contrast.

On dHCP T2w, BOUNTI attains the highest perfor-
mance: this could be explained by a closer alignment be-
tween the dHCP and BOUNTI labels (the latter were refined
based on the dHCP annotations) as well as by a data leak-
age problem, as BOUNTI’s training data included some
of the dHCP T2w data (though the exact data splits of
dHCP used for BOUNTI training were not published). In
contrast, FetalRealSeg and FetalSynthSeg reach per-
formance comparable to nnU-Net without such overlap,
highlighting the strength of the proposed training schemes.
Additional HD95 and per-class results are provided in Table
S6 in the Supplementary materials, which show that all
methods exhibit similar relative performance patterns across
labels, despite differing in their absolute metric values.

The most striking effect appears in the OOD evaluation
on dHCP T1w. Here, FetalSynthSeg achieves a Dice
of 80.1%, while all other methods, including FetalReal-
Seg, nnU-Net, BOUNTI, and FeTA24, drop below 25%.
FetalSynthSeg is thus the only evaluated model capable
of reliably segmenting this challenging modality using a
single, contrast-agnostic network trained exclusively on syn-
thetic data. Figure 6 illustrates these findings qualitatively:
models trained on real T2w data struggle on T1w images,
whereas FetalSynthSeg preserves anatomical plausibility
and label consistency. Besides a quantitative evaluation,
visual inspection also shows that FetalSynthSeg produces
highly consistent segmentations across T1w and T2w im-
ages. On T1w images, a visual assessment shows that these
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Image dHCP Annotation FSS Annotation
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Figure 7: Cortical GM segmentations on T1w and T2w
dHCP images. dHCP Annotation: reference annotations
obtained via registration of T2w-based labels to T1w. Bot-
tom: FetalSynthSeg predictions obtained independently
for each modality using the same model, showing improved
alignment with modality-specific tissue boundaries.

segmentations improve the quality of cortical gray matter
segmentations compared to reference annotations obtained
from propagating T2w labels on the T1w images, which
are often imprecise, as illustrated on Figure 7.

Failure mode analysis

When analyzing the failure cases of FetalSynthSeg, three
main categories emerge, as illustrated in Fig. 8.

First, severely pathological cases remain challenging
for all methods. As shown in Fig. 9, segmentation per-
formance degrades and variance increases for pathological
subjects, particularly in cases with strong anatomical alter-
ations (e.g., ventriculomegaly; Fig. 8, top row). Notably,
both FetalSynthSeg and the FeTA 2024 model outper-
form BOUNTI in this regime. This can be attributed to
the limited presence of extreme anatomical abnormalities in
BOUNTI’s training data (Uus et al., 2023), in contrast to
the FeTA dataset, which contains a substantial proportion
of pathological cases, including severe abnormalities such
as spina bifida and ventriculomegaly.

Second, reduced performance can often be attributed
to imperfect ground-truth annotations. Strong partial
volume effect and small structure sizes make manual anno-
tation particularly challenging, and automated methods may
produce anatomically more consistent segmentations than
the provided ground truth. This is reflected in our results
approaching or even exceeding the inter-rater variability
reported for the FeTA dataset (Zalevskyi et al., 2025).

Finally, FetalSynthSeg shows reduced performance in
older fetuses, particularly in structures undergoing signif-
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Figure 8: Representative failure cases of FetalSynthSeg
compared to two state-of-the-art methods (BOUNTI and
FeTA24). Top row: severely pathological case (ventricu-
lomegaly), with errors highlighted in subcortical gray matter
(yellow arrows). Middle row: very young subject with an-
notation errors due to challenging manual segmentation
(yellow arrow indicates ventricle over-segmentation in the
ground truth). Bottom row: older gestational age subject,
where cortical gray matter segmentation is overly smooth
(yellow arrows).
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Figure 9: Dice score distributions of selected state-of-the-
art methods on CHUV and KCL datasets, stratified by
healthy and pathological subjects. Pathological cases show
lower median performance and higher variability across all
methods. All methods except for BOUNTI trained on the
FeTA 2024 training data.

icant changes during late gestation, such as cortical gray
matter. In these cases, segmentations tend to be overly
smooth and deviate from the ground truth (Fig. 8, bottom
row). This effect is especially pronounced in the dHCP
dataset, which contains a higher proportion of older sub-
jects that lie outside the gestational age range represented
in the FeTA training data. Retraining the model with a
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larger proportion of older subjects should however address
this issue.

4.4 Prospective validation.

Finally, we carried out a prospective validation on multi-TE
data acquired at 0.55 T at KCL, and reconstructed using
the method of Bulut et al. (2025). The main challenge in
segmenting these data lies in the contrast change across
echo times, and algorithms often fail at higher echo times,
where the tissue across contrast is low.

As shown in Figure 10, FetalSynthSeg delivers more
consistent segmentations across echo times, especially at
higher TEs, where BOUNTI and FeTA24 fail to segment
the occipital lobe (subject 1), as well as the brainstem
(especially the pons) and CSF around it (subject 2). This
is confirmed by quantitative results: since no ground-truth
annotations are available for these low-field acquisitions, we
compute cross-TE metrics. As the Shapiro-Wilk test for
normality does not reject the null hypothesis, we compare
the results using a paired t-test. The results show that
FetalSynthSeg achieves a DSC of 0.89±0.02 compared
to 0.84±0.04 (BOUNTI; p=0.018) and 0.82±0.02 (FeTA24;
p=0.038), while also obtaining a lower HD95 (9.18±5.20
vs. 12.5±0.30 and 13.20±2.57, respectively), although in
this case the results are not statistically significant.

5. Discussion

In this work, we systematically analyzed single-source do-
main generalization for fetal brain tissue segmentation,
building on SynthSeg-style domain randomization (Billot
et al., 2021, 2023a). Using more than 300 subjects across
multiple sites, field strengths, reconstruction methods, and
modalities, we disentangled the roles of intensity simulation,
clustering, meta-classes, and real-image training. We also
confirmed both of our hypotheses: domain randomization
is indeed more efficient that physics-based simulation for
SSDG, and it enables strong OOD generalization while re-
taining a competitive ID performance. Below, we summarize
the main findings.
(i) Intensity clustering is essential for strong domain
randomization. Introducing intensity-based clustering
within labels yielded an average improvement of ∼5 Dice
points and was critical for enabling SynthSeg-based models
to outperform, on average, models trained solely on real
data. Clustering increases intra-class variability and better
captures subtle fetal tissue heterogeneity, particularly when
only few anatomical labels are available. Consistent with
observations in cardiac MRI (Billot et al., 2023b) and recent
extensions (Valabregue et al., 2024), our results confirm
that structured intensity diversification is a key ingredient
for robust SSDG.
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Figure 10: Example of TE-invariant segmentation for
two subjects. Two rows show images of the same subject
acquired at different TEs. Columns show segmentations
from different methods. FetalSynthSeg provides more
consistent segmentations across TEs, supporting reliable
T2 mapping.

(ii) Meta-classes improve the trade-off between realism
and randomization. Aggregating labels into meta-classes
(WM, GM, CSF, non-brain) and then sub-clustering them,
as done in FetalSynthSeg, consistently provided a small
but statistically significant improvement over SynthSeg
(∼2 Dice points). This design balances flexibility and prior
knowledge: tissues expected to share similar intensities
(e.g., CSF in ventricles and extra-axial spaces) are modeled
jointly rather than forced to diverge, avoiding unnecessary
use of capacity and yielding more coherent yet still highly
varied synthetic contrasts.
(iii) Physics-based simulators underperform random-
ized GMM-based generation for SSDG. Using FaBi-
AN (Lajous et al., 2022) with realistic T1/T2 values did
not translate into strong cross-domain performance. Ran-
domizing its parameters (randFaBiAN) improved results (to
68.4 Dice on average), but remained below SynthSeg (72.2
Dice) and FetalSynthSeg (74.9 Dice). Direct GMM-based
sampling more easily spans the large diversity of real-world
contrasts than perturbations of physically grounded param-
eters alone. These findings suggest that, for SSDG under
strong domain shifts, broad and sometimes non-physical
intensity randomization is more beneficial than faithful but
constrained physical simulation.
(iv) Training with real data is sufficient for some ap-
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plications. While FetalSynthSeg’s performance remains
strong in-domain, its generalization ability comes at a small
price: its performance in-domain is often slightly below
models trained using purely real data, as was noticed in
Billot et al. (2023a). When evaluated on T2w datasets,
FetalSynthSeg’s DSC and HD95 is often slightly below
FetalRealSeg, RealSynthHybrid and nnU-Net (the lat-
ter using an ensemble of models). The hybrid training of
RealSynthHybrid provides another layer of trade-offs: it
is weaker in-domain compared to FetalRealSeg, worse
than FetalSynthSeg out-of-domain, but much more ro-
bust than FetalRealSeg out-of-domain. Nevertheless, for
all cases, an essential component lies in the data aug-
mentation strategies used to train FetalSynthSeg and
FetalRealSeg (S1): they allow a stronger generalization
than MONAI-based augmentations in every setting, which
warrants further works to study these augmentations strate-
gies more rigorously.
(v) FetalSynthSeg enables new applications in fetal
brain MRI. FetalSynthSeg shows robust generalization
across sites, SR methods, field strengths, and, importantly,
contrasts. Trained exclusively on synthetic data, it:

1. Matches or closely approaches strong real-data base-
lines on in-domain T2w datasets;

2. Is, to our knowledge, the only evaluated model provid-
ing reliable segmentation on fetal dHCP T1w dataset
(80% Dice, versus < 25% for all other methods);

3. Maintains consistency across varying echo times (TEs)
in T2-mapping acquisitions. These properties allow
FetalSynthSeg to act as a contrast-invariant back-
bone for: inter-modality registration support and QC,
detection of label misregistrations (Fig. 7), and stable
tissue delineation in quantitative mapping (Fig. 10).

We hypothesize that the performance gains achieved
by FetalSynthSeg primarily arise from the proposed data
generation and augmentation strategies, as the network ar-
chitecture, loss function, and training procedure were kept
unchanged throughout our experiments. In principle, these
improvements should therefore be largely model-agnostic
and transferable to other segmentation frameworks. Con-
sequently, FetalSynthSeg data generation strategy could
potentially be combined with alternative architectures, in-
cluding more recent transformer-based models, ensembles,
or different optimization and training strategies, which may
further improve performance. However, validating this gen-
eralizability across architectures and training paradigms
warrants further investigation.

Limitations and future work. Our experiments focus on
fetal brain MRI only, a domain with pronounced shifts and
limited labels. While this makes it an informative stress-test
for SSDG, extrapolation to other anatomies or modalities

should be done cautiously. Evaluations on additional public
datasets and non-fetal applications are a natural next step.

Our work deliberately fixed a simple 3D U-Net backbone
to isolate the effects of data generation. Architectural
choices, ensembling, or topology-aware losses could interact
with synthetic data strategies in non-trivial ways, and may
further boost performance.

Another limitation relies on hand-crafted generators,
GMM-based intensity sampling with user-defined ranges.
More expressive generative models (e.g., conditional or
diffusion-based approaches) could in principle learn richer
priors over anatomy, artifacts, and contrasts. However,
their computational cost and complexity currently hinder
large-scale, on-the-fly generation (Wang et al., 2023), which
is central to our efficiency-focused SSDG setting. Exploring
hybrid schemes that combine learned generative models
with lightweight randomization is an important direction
for future work.

Although our study includes a diverse set of datasets,
most are available only after site-specific SRR, due to pri-
vacy constraints and the lack of access to raw low-resolution
data. As a result, each dataset is typically associated with
a single SRR pipeline, introducing a potential confounding
factor. This makes it difficult to disentangle the respec-
tive contributions of acquisition domain and reconstruction
method to the observed segmentation performance. A natu-
ral direction for future work is to systematically reconstruct
datasets using multiple SRR methods and explicitly evaluate
their impact on segmentation methods.

6. Conclusions
We investigated how to best leverage synthetic data for fetal
brain tissue segmentation under single-source domain gen-
eralization. Comparing physics-based, purely randomized,
and hybrid generation strategies, we found that:

• Structured intensity clustering and meta-class design
are crucial for effective domain randomization;

• Broad GMM-based randomization outperforms physi-
cally constrained simulations for handling strong do-
main shifts;

Guided by these insights, we introduced FetalSynth-
Seg, a SynthSeg-based framework tailored to fetal MRI.
FetalSynthSeg attains competitive performance on in-
domain T2w data and, notably, strong out-of-domain gen-
eralization across sites, reconstruction methods, and con-
trasts—including accurate segmentation of T1w fetal brain
MRI using only synthetic training data.

Overall, our results demonstrate that carefully designed
domain randomization, grounded in intensity clustering and
meta-class modeling, provides a practical and efficient path
toward contrast- and protocol-robust fetal brain segmenta-
tion in data-scarce settings.
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Ji, Antonio G. Gennari, Anton Jakovčić, Melita Klaić,
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Appendix S1. Ablation on data augmentations
In this additional experiment, we compared the SynthSeg-based augmentations to a common set of augmentations from
MONAI (referred to as simple aug.). We re-trained the models using the following augmentations, each applied with
a random probability of 0.5: random affine deformation (rotation=0.2, scale=0.1, translate=30, sheer=0.1), random
contrast change (Gamma transformation) (γ ∈ [0.5, 1.5]), random Gaussian noise (µ = 0, σ = 0.1), random blurring
(σ ∈ [0.5, 1.5]), and scaling to the 0-1 range. Compared to these simple aug., SynthSeg-based augmentation has three
additional components: a random non-linear deformation, random bias field, and a random resampling simulating an
acquisition at a different resolution.

The results in Table S1 show a different picture than the results in the main paper. When comparing models
trained using simple augmentations, the model trained using real data outperforms FetalSynthSeg (69.9 vs 66.9 Dice).
Moving from simple augmentation increases the performance of all methods considered: FaBiAN (+2.9), randFaBiAN
(+3.9), FetalSynthSeg (+8.0), Real Data (+1.9). This illustrates clearly how these data augmentation strategies are
instrumental to the performance of FetalSynthSeg. They are also strong contenders for a model trained on real data
and could be used in the future. A detailed ablation study of augmentations would be an interesting future step.

Table S1: Mean Dice for models trained on different sources of data. The variance is computed over all testing subjects
within a split. The best performing method is shown in boldface in each column, and the second best is underlined. An
asterisk (∗) indicates that the best method is statistically significantly better than the second best (Wilcoxon test with
correction).

Augmentation
type

Testing split CHUV-MIAL KISPI-IRTK KISPI-MIAL Global
Training split KISPI-IRTK KISPI-MIAL CHUV-MIAL KISPI-MIAL CHUV-MIAL KISPI-IRTK

Simple
FaBiAN 66.9 ± 5.1 70.3 ± 6.9 51.6 ± 14.1 56.7 ± 14.2 59.8 ± 15.2 57.3 ± 17.9 60.4 ± 14.3
randFaBiAN 74.1 ± 3.1 69.0 ± 6.4 63.8 ± 10.3 54.0 ± 9.3 62.0 ± 13.8 62.8 ± 13.0 64.3 ± 12.1
FetalSynthSeg 72.9 ± 4.0 70.3 ± 6.2 71.4 ± 9.3 68.3 ± 8.2 58.7 ± 15.5 60.0 ± 16.1 66.9 ± 11.8

SynthSeg

FaBiAN 74.2 ± 4.2 73.1 ± 5.7 53.6 ± 13.3 56.6 ± 12.9 60.6 ± 17.1 61.5 ± 20.1 63.3 ± 15.5
randFaBiAN 79.1 ± 2.3 78.2 ± 2.9 55.1 ± 12.7 68.9 ± 7.8 60.7 ± 7.3 68.1 ± 14.7 68.3 ± 13.8
SynthSeg 75.9 ± 3.9 73.7 ± 3.9 70.9 ± 9.2 74.8 ± 7.8 60.5 ± 15.7 63.4 ± 16.8 72.2 ± 13.0
FetalSynthSeg 80.7 ± 2.0∗ 76.9 ± 3.3 79.2 ± 9.0∗ 76.8 ± 6.9∗ 67.5 ± 16.0 68.5 ± 15.6 74.9 ± 11.5∗

Simple Real Data 76.5 ± 3.2 75.2 ± 3.5 69.6 ± 13.6 67.7 ± 12.9 67.2 ± 17.6 63.4 ± 17.0 69.9 ± 12.6
SynthSeg Real Data 77.2 ± 4.0 78.5 ± 3.3∗ 70.6 ± 13.9 71.9 ± 11.5 68.0 ± 19.3 64.3 ± 19.1 71.8 ± 13.9
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Appendix S2. Comparing FaBiAN vs FetalSynthSeg on the same number of images
To ensure a fair comparison between FaBiAN and FetalSynthSeg we equalize the computational budget used to generate
images for these two approaches. We generate offline 6000 synthetic images per split, as in our FaBiAN experiments, and
use them to train a FetalSynthSeg-6k model. Table S2 shows that although this model achieves slightly lower results
than FetalSynthSeg, it follows similar trends in performance across splits and still outperforms even the randFaBiAN
approach overall (average Dice of FetalSynthSeg-6k 72.2±8.8 is vs average Dice of randFaBiAN of 68.3±8.5 across
all splits).

Table S2: Dice scores comparing FetalSynthSeg model trained on the same amount of synthetic images as FaBiAN
models.

Testing Split CHUV-MIAL KISPI-IRTK KISPI-MIAL
Global

Training Split KISPI-IRTK KISPI-MIAL CHUV-MIAL KISPI-MIAL CHUV-MIAL KISPI-IRTK
FaBiAN 74.2±4.2 73.1±5.7 53.6±13.3 56.6±12.9 60.6±17.1 61.5±20.1 63.3±15.5
randFaBiAN 79.1±2.3 78.2±2.9* 55.1±12.7 68.9±7.8 60.7±7.3 68.1±14.7 68.3±13.8
FetalSynthSeg-6k 79.0±2.6 76.0±3.6 78.3±9.2 75.1±6.6 66.5±15.9 67.7±15.4 72.2±13.0
FetalSynthSeg 80.7±2.0∗ 76.9±3.3 79.2±9.0∗ 76.8±6.9∗ 67.5±16.0∗ 68.5±15.6∗ 74.9±11.5*

Appendix S3. Generation parameters
In the Table S3 we report parameters used to create synthetic images with the FaBiAN generator.

Contrast
Effective echo time (ms) [90,300]
Echo spacing (ms) 6.12
Echo train length 150
Excitation flip angle (°) 90
Refocusing pulse flip angle (°) [150,180]
Geometry
Slice thickness (mm) 0.8
Slice gap (mm) 0
Number of slices 112
Phase oversampling (%) 80
Shift of field-of-view (mm) 0
Resolution
Field-of-view (mm2) 120x120
Base resolution (voxels) 150
Phase resolution (%) 70
Reconstruction matrix 150
Zero-interpolation filling 1
Acceleration technique
Reference lines 42
Acceleration factor 2
Noise
Mean 0
Standard deviation <0.01

Table S3: FaBiAN Simulation Parameters for HASTE Imaging
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Appendix S4. Additional quantitative results
We present additional quantitative results related to the conducted experiments, reporting the Dice scores per tissue for
all of the tested models in Tables S4 as well as the average 95th-percentile Hausdorff distance score in Table S5.

Table S4: Mean and standard deviation of Dice score of the explored models for different testing and training splits. LV
- lateral ventricles, CBM - cerebellum, SGM - sub-cortical gray matter, BS - brainstem, Mean DSC - value averaged
across all segmentation labels.

Testing
Splits

Training
Split

Experiment Mean DSC CSF GM WM LV CBM SGM BS

CH
UV

-M
IA

L KI
SP

I-I
RT

K

FetalSynthSeg 80.7±2.0 79.3±2.7 70.7±3.6 86.4±2.3 78.7 ± 5.4 88.5 ± 2.3 79.6±5.4 81.9±2.7
Real data 77.2±4.0 72.3±7.1 68.4±4.7 86.0±2.8 75.8±7.9 84.3±9.2 76.4±5.9 77.5±4.7
FaBiAN 74.2±4.2 75.3±4.2 64.2±4.8 81.3±4.4 71.9±9.9 85.3±3.6 62.8±14.2 78.7±3.3
randFaBiAN 79.1±2.3 77.0±3.3 69.7±3.6 85.9±2.3 75.7±5.3 87.4±3.1 78.5±8.4 79.5±3.9
SynthSeg 75.9±3.9 73.7±4.5 64.1±6.3 83.1±4.4 71.9±8.5 85.8±2.9 74.0±10.6 78.8±3.9

KI
SP

I-M
IA

L

FetalSynthSeg 76.9±3.3 73.1±8.1 60.5±4.8 84.9±3.0 77.3±6.3 86.2±4.3 83.7±4.6 72.8±3.9
Real data 78.5±3.3 79.0±5.5 65.6±4.4 85.8±3.2 77.1±7.3 86.5±6.1 83.9±3.8 71.4±5.1
FaBiAN 73.1±5.7 73.3±4.9 61.9±5.9 81.1±4.8 66.3±10.6 81.0±14.9 76.3±7.3 71.5±7.1
randFaBiAN 78.2±2.9 77.8±3.9 64.1±5.2 84.4±3.2 75.5±5.4 87.5±4.6 83.0±5.0 75.3±5.0
SynthSeg 73.7±4.4 67.9±12.0 55.1±8.7 81.3±4.2 72.1±7.2 84.0±3.0 80.9±5.2 74.6±3.9

KI
SP

I-I
RT

K CH
UV

-M
IA

L FetalSynthSeg 79.2±9.0 77.6±10.9 69.4±12.6 85.0±12.9 79.7±5.7 87.5±9.1 74.8±14.4 80.3±6.6
Real data 70.6±13.9 58.6±18.4 60.9±15.9 84.8±9.8 72.8±11.7 74.3±26.3 74.5±11.0 68.1±19.9
FaBiAN 53.6±13.3 51.4±18.0 40.9±11.9 74.9±10.7 36.0±13.8 45.9±27.0 66.9±12.1 59.0±19.3
randFaBiAN 55.1±12.7 54.2±17.2 41.5±11.5 76.9±10.5 37.2±13.7 51.8±28.0 66.5±11.7 57.8±18.5
SynthSeg 70.9±9.2 69.9±11.6 58.6±9.0 79.2±11.8 66.4±7.0 80.2±11.3 68.8±13.7 73.2±9.2

KI
SP

I-M
IA

L

FetalSynthSeg 76.8±6.9 78.7±9.2 68.5±9.1 86.5±10.9 80.8±4.7 85.1±9.1 68.2±12.3 69.9±6.8
Real data 71.9±11.5 72.3±19.5 65.3±13.4 85.5±7.6 71.6±9.0 80.3±20.2 64.8±13.3 63.2±14.5
FaBiAN 56.6±12.9 58.0±17.6 39.3±13.0 74.3±9.5 50.6±15.0 64.7±27.7 58.7±13.9 50.6±18.7
randFaBiAN 68.9±7.8 60.8±16.0 52.8±11.1 82.2±6.3 68.1±9.7 80.1±10.9 68.0±12.3 70.2±7.9
SynthSeg 74.8±7.8 74.4±12.7 65.7±10.8 85.4±11.0 71.6±7.3 86.3±7.5 68.5±13.1 72.0±8.0

KI
SP

I-M
IA

L CH
UV

-M
IA

L FetalSynthSeg 67.5±16.0 59.5±28.3 48.7±19.4 74.3±17.3 78.6±12.3 67.2±29.7 79.3±9.8 64.9±16.0
Real data 68.0±19.3 62.1±32.4 58.3±15.7 81.8±12.3 77.0±14.5 64.6±37.3 78.8±9.9 53.4±29.8
FaBiAN 60.6±17.1 52.9±29.1 48.7±15.2 77.6±12.3 63.2±17.3 53.7±33.1 73.4±14.5 54.8±25.8
randFaBiAN 60.7±16.3 52.3±28.6 49.6±14.5 78.2±12.4 63.7±18.0 52.8±32.5 73.8±14.3 54.6±22.4
SynthSeg 60.5±15.7 53.7±26.0 43.8±14.1 70.0±15.4 65.9±12.1 59.9±28.5 71.1±15.5 59.0±17.0

KI
SP

I-I
RT

K

FetalSynthSeg 68.5±15.6 63.2±25.9 57.2±16.8 82.1±13.5 79.4±12.2 73.2±24.9 63.6±18.4 60.8±17.0
Real data 64.3±19.1 59.8±29.0 55.0±17.9 79.1±15.5 72.6±12.9 64.4±33.8 62.5±16.3 57.1±21.6
FaBiAN 61.5±20.1 57.5±31.5 53.1±19.0 80.6±11.8 72.3±16.1 59.1±35.1 52.8±20.9 54.9±23.4
randFaBiAN 68.1±14.7 62.5±27.3 59.4±12.4 83.8±12.2 80.4±11.0 70.6±25.0 62.3±21.2 57.4±15.1
SynthSeg 63.4±16.8 57.3±26.8 50.2±17.6 77.4±16.0 77.7±13.4 70.4±22.0 54.7±23.9 56.2±18.2
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Table S5: Mean and standard deviation of 95-th percentile Hasudorff distance for the explored models on different
testing and training splits. LV - lateral ventricles, CBM - cerebellum, SGM - sub-cortical gray matter, BS - brainstem,
mHD95 - average value across all labels.

Testing
Splits

Training
Split

Experiment mHD95 CSF GM WM Ventricles Cerebellum Deep GM Brainstem

CH
UV

-M
IA

L

KI
SP

I-I
RT

K

FetalSynthSeg 2.0±0.5 1.7±0.3 1.6±0.3 2.5±3.3 2.0±0.9 1.5±0.2 2.8±0.6 2.1±0.6
Real data 2.9±1.2 2.6±0.8 1.9±0.5 2.0±0.3 4.2±4.4 2.9±4.7 4.0±2.8 2.8±1.1
FaBiAN 3.6±1.3 2.6±0.9 2.2±0.4 3.6±0.8 5.3±4.1 3.5±6.0 5.0±2.3 2.9±1.0
randFaBiAN 2.1±0.3 1.8±0.3 1.6±0.3 2.1±0.3 2.1±0.7 1.6±0.4 3.0±0.8 2.6±1.0
SynthSeg 2.7±0.6 2.0±0.4 2.1±1.9 2.5±0.3 3.7±1.8 2.3±0.8 3.3±0.8 2.9±1.4

KI
SP

I-M
IA

L

FetalSynthSeg 3.1±0.7 2.7±1.7 2.5±0.5 2.2±0.4 2.6±1.7 2.9±2.9 2.6±0.5 6.3±0.9
Real data 3.0±0.7 2.2±1.6 2.3±0.4 2.2±0.5 3.1±3.0 1.9±0.8 2.9±0.6 6.6±1.1
FaBiAN 4.1±1.4 3.1±1.9 2.8±0.6 4.0±1.2 4.6±3.4 2.8±1.7 5.7±5.2 5.4±1.3
randFaBiAN 2.7±0.6 1.9±0.6 2.2±0.5 2.4±0.5 2.1±0.6 2.5±2.2 2.8±0.7 5.0±1.2
SynthSeg 3.4±0.6 3.5±2.9 2.4±0.4 2.9±0.3 4.6±1.9 3.1±1.2 3.2±0.6 3.9±0.9

KI
SP

I-
IR

TK CH
UV

-M
IA

L FetalSynthSeg 2.5±1.6 2.4±2.2 1.6±0.8 2.2±1.4 1.9±1.0 1.5±0.9 4.3±4.0 3.4±3.6
Real data 9.8±5.1 9.0±2.3 7.6±4.3 5.7±4.2 6.3±6.0 16.1±16.1 9.5±9.6 14.1±9.7
FaBiAN 14.8±5.3 9.2±2.1 10.3±2.2 9.6±2.7 14.2±4.3 28.7±16.6 15.1±8.7 16.3±11.1
randFaBiAN 14.8±5.1 9.0±2.0 10.7±2.3 10.0±3.2 13.2±5.5 24.4±16.5 17.1±10.1 18.9±11.3
SynthSeg 1.5±0.5 1.3±1.0 1.2±0.3 1.4±0.4 1.4±0.6 1.3±0.8 2.0±0.8 1.7±0.7

KI
SP

I-M
IA

L

FetalSynthSeg 3.4±1.7 2.4±1.5 1.7±0.8 2.1±0.7 3.1±3.4 3.4±6.5 5.5±2.9 5.9±1.4
Real data 5.9±4.0 6.3±4.0 4.1±4.8 5.4±6.8 4.3±4.8 6.3±10.8 6.8±4.2 7.8±4.7
FaBiAN 14.0±5.0 9.0±2.1 10.1±2.7 11.1±3.4 8.9±6.3 24.9±18.4 18.6±11.0 15.4±9.1
randFaBiAN 5.5±2.6 6.8±2.6 3.9±1.9 3.8±2.3 5.3±5.6 6.7±10.0 6.3±5.6 5.8±3.2
SynthSeg 3.5±1.4 2.9±2.0 1.7±0.8 2.3±0.7 3.8±3.2 3.7±6.3 5.3±2.0 4.4±1.3

KI
SP

I-
M

IA
L

CH
UV

-M
IA

L FetalSynthSeg 4.1±2.4 4.8±4.5 3.2±1.9 3.4±1.8 2.4±2.3 4.5±3.9 3.8±3.3 6.4±3.3
Real data 5.1±3.4 5.0±4.9 3.1±1.7 2.8±1.3 4.1±4.1 7.7±9.8 4.1±3.0 8.6±6.3
FaBiAN 8.2±4.3 7.3±4.9 6.5±2.4 4.1±1.4 8.9±4.4 11.2±12.4 7.3±7.7 12.3±8.7
randFaBiAN 7.6±4.2 7.0±4.8 6.0±1.8 3.9±1.4 8.0±4.4 9.9±10.6 7.8±8.1 10.5±8.1
SynthSeg 2.6±1.6 3.1±3.2 2.2±2.2 2.6±3.0 1.7±1.0 2.5±1.7 2.7±3.4 3.6±4.3

KI
SP

I-I
RT

K

FetalSynthSeg 3.9±2.0 3.9±3.6 2.4±1.5 2.6±1.3 2.3±2.0 3.6±3.1 5.6±2.6 6.7±2.7
Real data 4.7±2.7 5.2±4.6 2.8±1.7 2.7±1.4 4.7±3.9 5.9±6.5 5.8±2.6 5.9±1.8
FaBiAN 6.5±3.9 6.5±4.9 4.7±3.3 4.4±2.4 6.4±5.4 8.3±7.9 7.0±5.5 8.4±6.0
randFaBiAN 4.1±2.0 4.4±4.3 2.8±1.3 3.1±2.8 2.2±1.7 3.5±2.3 5.7±2.8 7.0±2.6
SynthSeg 5.2±2.8 4.9±4.2 3.6±2.0 3.7±3.0 4.4±6.5 5.1±8.1 6.7±3.9 7.9±2.9
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Appendix S5. Out-of-domain evaluation and comparison to state of the art
Table S6 reports the label-wise DSC and HD95 metrics for all evaluated methods, separated by modality (T1w and
T2w). The results are averaged across the corresponding out-of-domain datasets to provide a robust comparison against
state-of-the-art (SoTA) fetal brain MRI segmentation models.

On the T1w datasets, we observe a substantial performance gap between FetalSynthSeg and all competing
methods. FetalSynthSeg is the only model that consistently performs well across all labels, whereas other SoTA
approaches show highly variable performance and generally fail to generalize to T1-weighted data. Notably, WM is the
only label where some methods achieve moderate performance (with DSC values around 60%), yet this remains far
below the 89% achieved by FetalSynthSeg. All other labels exhibit even larger drops. These results highlight that
domain shift affects different anatomical structures unequally, with some tissues (e.g., WM) being significantly more
robust to cross-domain variability than others.

On the T2w datasets, the performance across models is more homogeneous. For each label, the differences between
SoTA methods typically remain within 1–3% DSC, indicating that all methods generalize reasonably well to unseen
T2-weighted data. Nevertheless, consistent label-specific trends are still present: WM is generally the easiest structure
to segment, whereas VM and GM tend to be more challenging across all models. This reinforces that label-dependent
difficulty persists even in settings with smaller domain gaps.

T2w datasets

Model Label DSC [%] HD95

Bounti

BS 88.0±6.0 2.7±2.6
CBM 89.0±2.0 2.3±2.3
CSF 88.0±8.0 1.6±1.4
GM 81.0±9.0 1.2±0.8
SGM 69.0±8.0 5.9±1.6
VM 77.0±9.0 7.9±3.5
WM 88.0±10.0 3.4±0.8

FRS

BS 83.0±5.0 4.2±1.4
CBM 89.0±5.0 2.6±1.0
CSF 85.0±6.0 1.9±2.1
GM 79.0±6.0 1.6±1.8
SGM 81.0±6.0 4.8±1.5
VM 78.0±7.0 8.6±4.9
WM 91.0±3.0 2.0±2.1

FSS

BS 81.0±5.0 4.2±1.6
CBM 90.0±6.0 2.2±1.0
CSF 84.0±9.0 1.8±1.1
GM 78.0±9.0 1.4±0.5
SGM 80.0±7.0 4.8±1.7
VM 77.0±9.0 6.9±4.5
WM 90.0±4.0 1.8±0.4

FeTA24

BS 81.0±6.0 4.0±1.5
CBM 87.0±6.0 2.5±1.0
CSF 83.0±8.0 2.3±1.9
GM 77.0±7.0 1.6±0.8
SGM 80.0±8.0 4.5±1.7
VM 77.0±9.0 6.6±4.8
WM 90.0±4.0 2.0±0.7

nnU-Net

BS 81.0±8.0 4.3±1.6
CBM 89.0±8.0 2.5±1.1
CSF 84.0±9.0 2.3±3.9
GM 80.0±7.0 1.4±0.6
SGM 81.0±8.0 4.7±1.7
VM 80.0±8.0 7.0±4.9
WM 91.0±3.0 1.8±1.9

T1w datasets

Model Label DSC [%] HD95

Bounti

BS 0.0±1.0 32.3±9.5
CBM 2.0±4.0 36.3±11.2
CSF 21.0±3.0 5.3±1.1
GM 8.0±3.0 6.5±1.4
SGM 19.0±11.0 13.4±3.1
VM 5.0±3.0 10.8±3.2
WM 60.0±6.0 7.3±1.3

FRS

BS 51.0±12.0 11.1±6.8
CBM 63.0±24.0 7.5±7.9
CSF 31.0±6.0 6.3±4.1
GM 22.0±5.0 5.4±4.2
SGM 58.0±10.0 12.2±7.3
VM 15.0±8.0 13.4±7.8
WM 67.0±4.0 7.8±6.9

FSS

BS 78.0±3.0 5.5±0.6
CBM 89.0±2.0 2.7±0.8
CSF 79.0±6.0 2.0±0.5
GM 75.0±5.0 1.6±0.6
SGM 80.0±4.0 5.8±0.5
VM 69.0±7.0 10.3±2.0
WM 89.0±3.0 1.9±0.5

FeTA24

BS 5.0±8.0 16.5±5.8
CBM 33.0±18.0 10.7±6.0
CSF 28.0±4.0 5.4±1.7
GM 15.0±4.0 5.2±1.6
SGM 11.0±11.0 17.9±5.6
VM 7.0±3.0 12.8±3.4
WM 65.0±6.0 5.7±2.1

nnU-Net

BS 0.0±0.0 41.3±8.2
CBM 2.0±7.0 41.1±10.5
CSF 29.0±4.0 10.8±8.7
GM 9.0±4.0 14.2±9.1
SGM 1.0±2.0 25.4±10.4
VM 3.0±2.0 27.4±16.7
WM 51.0±10.0 21.0±12.2

Table S6: Segmentation performance on T2w (left) and T1w (right) datasets. DSC in percent, HD95 in original units
(mean±std).
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