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Abstract. Early diagnosis and quantitative assessment of pediatric hy-
drocephalus are critical, yet automated segmentation remains challeng-
ing due to severe anatomical deformation and substantial appearance
variation across early neurodevelopment, imaging modalities, and reso-
lutions. Current deep learning approaches are often limited to ventricle-
only segmentation and tailored to specific acquisition protocols, hinder-
ing their clinical utility for comprehensive joint tissue analysis and longi-
tudinal evaluation. We propose SynHydro, a novel biomechanics-driven
simulation and domain-randomized augmentation framework. SynHy-
dro synthesizes diverse hydrocephalus anatomies from readily available
healthy tissue labels and generates corresponding MRIs with random-
ized image characteristics. This creates a large-scale, synthetic training
dataset encompassing a wide spectrum of disease severity, MRI con-
trast, noise, resolution, and artifacts for joint tissue-ventricle segmen-
tation. Extensive experiments on in-house and public datasets demon-
strate that a segmentation model trained exclusively on this pure syn-
thetic data achieves performance comparable to models trained with
real hydrocephalus annotations. More importantly, SynHydro-trained
models exhibit superior cross-modality and cross-resolution robustness,
and reliably preserve pre-/post-operative volumetric trends. By elim-
inating the dependency on labor-intensive pathological annotations,
SynHydro provides a powerful and practical solution for building ro-
bust, generalizable segmentation tools for pediatric hydrocephalus mon-
itoring across the clinical imaging landscape. Code is available at
https://github.com/ladderlab-xjtu/SynHydro.

⋆ These authors contributed equally.

https://github.com/ladderlab-xjtu/SynHydro


2 Zehua Ren et al.

Keywords: Pediatric Hydrocephalus · Data Simulation · Domain Ran-
domization · Biomechanics-Driven · Tissue-Ventricle Segmentation.

1 Introduction

Hydrocephalus is a pathological condition characterized by the excessive accumu-
lation of cerebrospinal fluid (CSF) within the cerebral ventricles, leading to pro-
gressive compression and deformation of the surrounding brain parenchyma [12,14,3].
In pediatric patients, this process unfolds during a period of rapid neurodevelop-
ment, making timely diagnosis and quantitative monitoring critical for mitigat-
ing potential long-term neurological impairment [10,21,19]. Magnetic resonance
imaging (MRI) serves as the primary modality for diagnosis and surgical follow-
up, where clinicians rely on precise segmentation of both ventricles and brain
tissues (gray and white matter) to assess disease severity and track longitudinal
changes before and after intervention [25,16].

The development of automated segmentation tools for this task, however, is
confronted with significant challenges stemming from the unique characteristics
of pediatric hydrocephalus imaging: (1) Extreme Anatomical Variability:
Massive ventricular enlargement causes severe compression and displacement of
adjacent tissues, breaking the anatomical assumptions of standard neuroimag-
ing pipelines [2,28,22,8,20,1]. (2) Evolving Image Appearance: The rapidly
changing myelination patterns in the developing brain lead to low tissue contrast
and potential intensity inversion, complicating intensity-based segmentation. (3)
Heterogeneous Clinical Acquisitions: Routine clinical scans vary widely in
modality (T1w, T2w, FLAIR), resolution (3D, 2D), and quality (noise, artifacts),
demanding exceptional model robustness.

Existing deep learning methodologies have made progress but remain lim-
ited. They are predominantly tailored to hydrocephalic scans and are mostly
limited to ventricle-only segmentation [9,27,15,11,13]. Moreover, they are often
developed under modality-specific assumptions, focusing on a single acquisition
such as 3D T1-weighted (T1w) MRI [9,18], T2-weighted (T2w) MRI [13], ultra-
sound [23], or computed tomography (CT) [26,11]. Consequently, these models
lack the generalizability for joint tissue-ventricle analysis across the diverse and
often suboptimal imaging conditions encountered in real-world clinical practice.

To bridge this gap, we introduce SynHydro, an end-to-end biomechanics-
driven simulation and domain randomization framework for robust, hydrocephalus-
agnostic segmentation. Our core insight is to circumvent the scarcity of labor-
intensive pathological annotations by synthesizing a comprehensive training dataset
from readily available healthy tissue segmentations. The framework operates in
three stages: first, a biomechanical deformation module synthesizes realistic
hydrocephalus label maps of varying severity from healthy anatomies; second,
a domain-randomized image synthesis module generates corresponding
multi-contrast MRI with randomized image characteristics (contrast, noise, res-
olution, artifacts). At last, by training a standard nnU-Net [7] on this diverse
synthetic cohort, which contains both normal and simulated pathological cases,
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Fig. 1: SynHydro pipeline. From healthy labels, we simulate hydrocephalus
via biomechanics-based label deformation, then synthesize multi-contrast images
with acquisition randomization to train a robust segmentation model.

we obtain a single model that generalizes effectively across patient age, hydro-
cephalus severity, imaging modality, and resolution.

Extensive experiments on in-house longitudinal datasets and a public bench-
mark [24] demonstrate that a model trained purely on SynHydro-generated data
achieves segmentation performance comparable to models trained with real hy-
drocephalus labels. More importantly, it exhibits superior cross-modality/cross-
resolution robustness and faithfully preserves clinically relevant volumetric trends,
such as pre-/post-operative changes.

2 Method

As shown in Fig. 1, SynHydro is an end-to-end simulation-to-training pipeline
with three stages: (1) Biomechanical Label Deformation to synthesize hy-
drocephalus anatomy from healthy segmentations (label-to-label), (2) Domain-
Randomized Image Synthesis to generate data pairs with varying conditions
from the original and deformed labels (label-to-image), and (3) Segmentation
Training on the resulting large-scale, synthetic paired data.

2.1 Biomechanical-Driven Hydrocephalus Anatomy Synthesis

We simulate ventricular enlargement directly in the label space, which is easier
to control than image-space warping. The deformation is designed to satisfy key
constraints: (i) skull-bounded brain extent (brain mask unchanged), (ii) topology
preservation of nested tissue layout, (iii) tissue-dependent mechanics (different
compressibility), and (iv) smooth and continuous deformation fields.
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Based on these considerations, we propose a hydrocephalus simulation method
driven by a continuous, resistance-modulated displacement field. Given a healthy
label map L, with ventricle and brain mask Lv, Lb, the process is as follows:

Geometric direction field: To establish the foundational geometry for ex-
pansion, we compute the Euclidean Distance Transform (EDT) to determine
the distance of each voxel to the closest ventricle boundary:

D(x) = EDT(1− Lv). (1)

The simulated pressure exerts an outward force originating from the ventricles
towards the brain boundary. This local expansion direction is defined by the
normalized gradient of the distance field, yielding a continuous unit vector field:

V (x) =
∇D(x)

∥∇D(x)∥
. (2)

Resistance-modulated displacement: To model heterogeneous tissue re-
sponse, we assign a tissue stiffness map S(L(x)) (shared across hemispheres
for the same tissue) and smooth it to avoid boundary discontinuities. We then
define an accumulated resistance field:

R(x) = D(x) · Gaussian(S(L(x)), σ). (3)

The displacement magnitude decays with resistance:

M(x) = Dmax · e−
R(x)

τ , (4)

where Dmax controls hydrocephalus severity and τ controls attenuation. The
final deformation field is smoothed and applied as a backward warp:

ϕ(x) = x− Gaussian(V (x) ·M(x), σsmooth). (5)

Warping L by ϕ yields a deformed label map with enlarged ventricles and com-
pressed parenchyma while maintaining smoothness.

Ventricle filling and post-processing: Voxels newly occupied by CSF are
determined by thresholding a resistance-based criterion and are assigned to
left/right ventricles using nearest-label (Voronoi) assignment. We apply light
morphological closing/opening to remove small holes and boundary artifacts,
producing anatomically plausible contours. By sampling Dmax, τ , and stiff-
ness/smoothing parameters, we generate multiple severities per healthy subject.

2.2 Domain-Randomized MRI Synthesis from Labels

Given a label map (original healthy or simulated hydrocephalus), we synthe-
size paired data with a domain-randomization strategy, following label-to-image
paradigms [1,5,6,4] and extensively augmenting them to cover clinical hetero-
geneity.
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Multi-contrast intensity sampling: We first sample a pseudo-modality M
(e.g., T1/T2/FLAIR/PD/T2*/T1+C/DWI/random). For each tissue class k,
Gaussian intensity parameters (µk, σk) are sampled from modality-specific ranges
to generate the base image:

I0(x) ∼ N (µL(x), σ
2
L(x)). (6)

This exposes the model to diverse contrast variations and inversions seen during
neurodevelopment.

Clinical degradations and resolution variation: The base image I0 under-
goes a series of stochastic transforms to emulate real-world acquisitions: random
affine/elastic deformation, bias field, anisotropic blur, additive noise, and op-
tional artifacts (e.g., motion, ghosting). To simulate thick-slice clinical scans, an
axis is randomly selected, and the image is downsampled by a factor of 3-7 to
create an anisotropic low-resolution (LR) volume.

2.3 Segmentation Model Training on Synthetic Data

Each label map is randomly re-synthesized multiple times to reach the target
number of paired training samples. This yields a large, balanced training set
containing both normal and varied hydrocephalus anatomies across a spectrum
of modalities, resolutions, and artifacts. A 3D nnU-Net model is trained on this
synthetic paired dataset.

3 Experimental Results

3.1 Dataset and Experimental Setting

Dataset and Preprocessing We evaluate our method on both in-house and
external datasets to assess its performance and generalizability.

(i) In-house Pediatric Cohort that comprises a longitudinal and a control
dataset for quantitative and qualitative evaluations. The longitudinal dataset in-
cludes 132 pre- and post-operative multi-modal MRI sessions (592 scans: 3D/2D
T1w, T2w, FLAIR) from 35 pediatric hydrocephalus subjects (aged 2 months
to 13 years). The control dataset consists of 131 multi-modal MRI scans from
44 healthy pediatric subjects (aged 1 month to 9 years). The 3D T1w scans
were first segmented with iBEAT [22] and then refined by three radiologists to
form the ground-truth labels. Voxels were labeled into 8 classes: background (0),
extra-axial/lateral CSF (1), left/right ventricles (2/3), left/right GM (4/5), and
left/right WM (6/7).

(ii) External Public Dataset (HyKid) [24] that contains 148 LR T1w
scans from 48 pediatric hydrocephalus subjects (aged 0-17 years), for out-of-
domain generalization testing. Notably, this dataset was used only for qualitative
evaluation, considering that ground-truth labels consistent with the purpose of
this study is not available.
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Fig. 2: Qualitative comparison across diverse input, covering control (Columns
1–2), longitudinal (Columns 3–8) and out-of-domain HyKid (Columns 9–11).
For non-T1w and LR scans without manual annotations (Columns 6–11), the
GT panels are left blank.

Implementations & Comparison Setting From the annotated 125 (longitu-
dinal) and 47 (control) 3D T1w image-label pairs, We performed a subject-level
split (65/60 for longitudinal, 35/12 for control) for training and testing.

Our SynHydro was implemented as follows: Healthy/control segmentations
from the training split were fed into the biomechanical deformation module,
sampling the Dmax from 10–60 to generate 4 pseudo-hydrocephalus labels per
case. Both original healthy and synthesized labels were then processed by the
label-to-image module (implemented with TorchIO [17]) with extensive domain
randomization. This yielded a final balanced training set of 1400 paired samples
(700 hydrocephalus, 700 normal).

We evaluate SynHydro against three baselines: (i) Baseline (Normal-
Only): Trained solely on 1400 augmented data synthesized from 35 healthy
control labels; (ii) Real-Augmented: Trained on 1400 augmented data syn-
thesized from all available training labels (both longitudinal and control), repre-
senting a strong data-augmentation baseline with real pathological labels; (iii)
Real-paired: Trained directly on all real 3D T1w image-label pairs, serving as
an approximate performance upper bound for the in-domain T1w modality.
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Table 1: Geometric Evaluation Results. Comparison of Dice Similarity Coef-
ficient (DSC, ↑) on Control and Longitudinal cohorts. The Longitudinal dataset
is divided into Pre-operative and Post-operative phases.

Dataset Method Anatomical Structure Avg.
V enL V enR GML GMR WML WMR

Control

Baseline 0.916 0.896 0.839 0.841 0.846 0.848 0.864
SynHydro (Ours) 0.912 0.891 0.828 0.831 0.825 0.829 0.853

Real-Augmented 0.899 0.890 0.828 0.832 0.819 0.826 0.849
Real-Paired 0.948 0.932 0.888 0.891 0.879 0.880 0.903

Longitudinal
Pre-operative

Baseline 0.623 0.598 0.780 0.787 0.654 0.661 0.684
SynHydro (Ours) 0.960 0.964 0.811 0.826 0.798 0.814 0.862

Real-Augmented 0.957 0.964 0.822 0.842 0.797 0.811 0.865
Real-Paired 0.975 0.982 0.892 0.905 0.887 0.893 0.923

Longitudinal
Post-operative

Baseline 0.735 0.719 0.847 0.833 0.819 0.813 0.794
SynHydro (Ours) 0.873 0.874 0.853 0.838 0.853 0.845 0.856

Real-Augmented 0.876 0.867 0.863 0.853 0.858 0.847 0.861
Real-Paired 0.931 0.937 0.927 0.922 0.927 0.923 0.928

3.2 Quantitative and Qualitative Results

Qualitative Results Fig. 2 compares segmentation quality across diverse in-
puts from real scans, including w/o hydrocephalus cases with different ages,
modalities, and resolutions. While all methods performed well on standard 3D
T1w healthy scans, the Baseline model produced anatomically implausible seg-
mentations on hydrocephalus cases. The Real-Paired model, although accurate
on 3D T1w, failed on LR and other contrast inputs. Both SynHydro and Real-
Augmented models yielded robust and anatomically consistent segmentation
results across all tested conditions—healthy/hydrocephalus, pre-/post-operative,
and varying modalities/resolutions—validating the effectiveness of the synthe-
sized supervision and domain randomization.

Quantitative Segmentation Accuracy Here we report the DSC result (Ta-
ble 1) on the annotated T1w test set. Consistent with the qualitative results,
Real-Paired achieves the best performance on T1w, serving as an approximate
upper bound. While the Baseline is slightly better on the control cohort, its
performance drops substantially on the longitudinal cohort with hydrocephalus.
SynHydro performs comparably to Real-Augmented, further demonstrating
that our synthesized hydrocephalus data provides supervision nearly as effective
as real pathological labels.

Cross-Modality Consistency (Volumetric Correlation) To evaluate ro-
bustness under heterogeneous imaging conditions, we computed tissue volumes
from predictions on non-annotated modalities and LR scans and correlated
them with volumes from the reference 3D T1w scans in Table 2. The Baseline
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Table 2: Consistency Evaluation Results. Comparison of Pearson Correla-
tion Coefficient (r, ↑) on Control and Longitudinal cohorts. The Longitudinal
dataset is divided into Pre-operative and Post-operative phases.

Dataset Method Anatomical Structure Avg.
V enL V enR GML GMR WML WMR

Control

Baseline 0.936 0.863 0.938 0.954 0.889 0.855 0.906
SynHydro (Ours) 0.974 0.913 0.940 0.923 0.849 0.826 0.904

Real-Augmented 0.978 0.948 0.948 0.946 0.925 0.914 0.943
Real-Paired 0.473 0.181 0.950 0.782 0.827 0.821 0.672

Longitudinal
Pre-operative

Baseline 0.856 0.828 0.912 0.906 0.917 0.956 0.896
SynHydro (Ours) 0.980 0.993 0.947 0.950 0.950 0.945 0.961

Real-Augmented 0.990 0.993 0.941 0.937 0.972 0.979 0.969
Real-Paired 0.734 0.829 0.932 0.909 0.920 0.924 0.875

Longitudinal
Post-operative

Baseline 0.891 0.903 0.952 0.957 0.921 0.941 0.927
SynHydro (Ours) 0.996 0.993 0.963 0.951 0.918 0.897 0.953

Real-Augmented 0.996 0.993 0.947 0.898 0.962 0.961 0.959
Real-Paired 0.805 0.859 0.904 0.898 0.818 0.842 0.854
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Fig. 3: Longitudinal cross-modality volume trajectories with SynHydro.

shows lower consistency due to the lack of hydrocephalus modeling. In contrast,
both SynHydro and Real-Augmented models maintained high volumetric
agreement, significantly outperforming the Real-Paired model, which generalized
poorly to unseen modalities and resolutions. This confirms that the extensive do-
main randomization is crucial for cross-modality/cross-resolution robustness.

Pre- and Post-operative Volume Trajectory Following the quantitative
validation, Fig. 3 presents a representative pre-/post-operative subject. Our
method preserves coherent temporal trends across modalities, indicating ro-
bustness under varying acquisition settings. As shown, ventricular volume drops
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markedly after surgery and then gradually increases with growth, while GM and
WM volumes show a steady developmental recovery over time.

4 Conclusion

We presented SynHydro, a biomechanics-driven domain randomization frame-
work for robust pediatric hydrocephalus segmentation. Please note that SynHy-
dro is not a patient-specific biomechanical solver or a model for predicting the
exact progression of hydrocephalus. Instead, it synthesizes a diverse set of hy-
drocephalus anatomies and multi-contrast MR images solely from healthy tissue
labels, eliminating the need for scarce pathological annotations. Models trained
exclusively on this synthetic data achieves segmentation performance compara-
ble to models trained with real pathological labels. Crucially, SynHydro-trained
models show superior generalization across MRI modalities, resolutions, and
ages, and reliably capture critical clinical trends. SynHydro provides a practical
solution to the annotation bottleneck, enabling the development of generalizable
tools for quantitative hydrocephalus assessment.
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