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Abstract. Fetal brain pathologies, such as hydrocephaly and severe
ventriculomegaly, are rare but clinically signi�cant conditions that re-
quire accurate prenatal diagnosis. The limited availability of patholog-
ical ultrasound images, combined with high variability in imaging due
to gestational age, probe angle, and operator technique, poses a major
challenge for training robust AI models for diagnostic support tasks. To
address this, we propose a controllable synthesis pipeline for transventric-
ular (TV) fetal brain ultrasound that couples registration-guided mask
with radiomics-conditioned latent di�usion. First, posterior ventricle and
choroid plexus masks from real pathological cases are aligned to normal
TV scans using a skull-anchored a�ne-then-di�eomorphic registration
strategy, ensuring plane-speci�c anatomical localization. Next, we ap-
ply radiomics-conditioned inpainting in a VQ-VAE latent space using a
Latent Brownian Bridge Di�usion Model (LBBDM). The model is con-
ditioned on (i) the masked normal image, (ii) �xed intensity prior for
key structures, and (iii) radiomics texture features sampled from the
training distribution, yielding realistic and controllable pathology ap-
pearance. In a downstream evaluation for hydrocephaly image similarity-
based retrieval, augmenting real-world training data with our synthetic
images increases the expected number of diagnosis-matching references
in a top 10 query from 0.35 to 0.7 with a self-supervised ResNet-18 en-
coder. This work demonstrates that incorporating synthetic data boosts
retrieval performance for rare fetal pathologies.
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1 INTRODUCTION

Hydrocephaly and severe ventriculomegaly are relatively infrequent, yet timely
identi�cation is critical for counseling and care planning [1]. Prenatal assessment
of the fetal brain relies on standardized sonographic planes, among which the
transventricular (TV) view is key for evaluating posterior ventricles (PV) and
choroid plexus (CP)[2]. In practice, three factors hinder learning-based deci-
sion support: (1) scarcity of pathological TV images, (2) substantial appearance
variability due to gestational age, fetal pose, and acquisition settings, and (3)
incomplete annotations and ontology coverage in real-world datasets [2�5].
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Fig. 1. Overview of the proposed synthesis pipeline. a) demonstrates that the patho-
logical and its PV+CP mask are registered to a normal image via a skull-based a�ne-
then-di�eomorphic image registration, then in b) using the registered mask, the normal
image is masked to form xcond and encoded by a VQ-VAE into the conditional latent
zcond. From zcond, a brownian-bridge process guided by r synthesizes pathology only
within the masked region. The synthesized latent is decoded to image space to yield
anatomically anchored, texture-controllable pathological exemplars.

Synthetic data is a promising strategy for countering class imbalance in med-
ical imaging [3]. Recent di�usion-based ultrasound models explore controllable
medical image synthesis using DDPMs guided by semantic labels, such as [6, 7],
demonstrating the feasibility of generating useful images for downstream segmen-
tation. In the fetal domain, Duan et al. [3] introduced FetalFlex, an anatomy-
guided di�usion model enabling controllable multi-plane fetal ultrasound syn-
thesis. Parallel advances have focused on CT/MRI. Kim et al. [8] proposed a
radiomics conditioned tumor generator that combines a GAN-based shape gen-
erator with a Brownian Bridge Di�usion Model - �rst introduced in [9] - in a
VQVAE [11] latent space, enabling tumor generation based on user-speci�ed ra-
diomics features such as size, shape and texture at an arbitrary location. Their
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results highlight the strength of radiomics features as semantically meaningful
controls for generative models.

However, existing fetal ultrasound synthesis models generally lack localized,
anatomy-aware pathology synthesis, and radiomics-controlled di�usion has not
yet been translated to fetal brain ultrasound. Unlike CT/MRI tumor synthesis,
PV/CP pathology must be inserted into a standardized TV plane while remain-
ing anatomically consistent with the skull outline, midline, and surrounding
brain structures. To address this, we introduce a controllable synthesis pipeline
for pathological TV ultrasound images of hydrocephaly and ventriculomegaly
(Fig. 1). The method transplants real PV/CP masks from pathological cases
into normal TV scans using skull-anchored a�ne-di�eomorphic registration with
Hausdor�-based quality assurance, computes higher-order radiomics texture fea-
tures [15], and uses a dual-conditioned LBBDM [8] to inpaint pathology within
the transplanted anatomy. Finally, we show that the resulting synthetic images
improve hydrocephaly and ventriculomegaly similarity retrieval.

2 Methods

2.1 Registration-Guided Mask Transplant

Inputs comprise (1) a normal TV ultrasound image xn and a pathological image
xpat, (2) source pathological masks Mpat = {MPV,MCP} delineated on patho-
logical TV images and (3) a head mask (skull outline and midline/falx) for xn

and xpat. We treat xn as �xed and xpat as moving. Before registration, all mask-
transplant images were assigned manual orientation labels to align �xed and
moving TV images consistently. Ambiguous cases were excluded.

Let dH denote the skull-outline Hausdor� distance, with stage-wise values
dH1 and dH2. Thresholds are τ1 = 5.0 pixels and τ2 = 4.0 pixels.

We align xpat onto xn through three stages (Fig. 2). First, a skull mask-guided
a�ne stage computes two heuristic initializations of in-plane rotation, transla-
tion, and scale, optimizes both, and keeps the lower-dH1 solution. Pairs with
dH1 > τ1 are rejected. Second, an intensity-re�ned a�ne step maximizes local
similarity (e.g., NCC) from the accepted Ta�, but keeps Tint only if dH2 remains
below τ1 and does not worsen relative to dH1. Third, if dH2 ≤ τ2, mask-driven
di�eomorphic registration [10] captures residual non-rigid di�erences. Otherwise
the accepted a�ne transform is retained. The �nal transform T ∗ maps Mpat

into the xn frame.

2.2 Preprocessing

For synthesis, images are resampled to 512× 384, and the intensities are scaled
by mapping the 0�99.5th percentile range to [−1, 1]. Additionally, we assign �xed
intensity priors to PV/CP regions in the preprocessed image x (e.g., +1 for CP,
−1 for PV) to mark the anatomical region to be reconstructed by VQ-VAE and
synthesized by LBBDM, producing the conditional image xcond. Furthermore,
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Fig. 2. Mask�based registration with quality control and fallbacks. Top: registration
work�ow, Bottom: example �xed (normal) and moving (pathological) image pair. For
each stage, the top row shows the transformed moving image, and the bottom row
shows the head-mask overlay (blue: transformed moving mask, red: �xed mask, green:
overlap).

we compute higher-order texture features to create radiomics vectors r from the
combined PV/CP region using automatic segmentations from the TV training
set, excluding manually annotated pathological source masks. At synthesis time,
r is sampled from this empirical training distribution for conditioning.

For the downstream task, the input images are resampled to 256x256, con-
tinuing with their intensities initially normalized to [0, 1], then with prede�ned
mean value of 0.183 and standard deviation of 0.173.

2.3 VQ-VAE

We employ a conditional, 2D VQ-VAE [12] to encode xcond into a latent represen-
tation and to decode synthesized latent back to image space. The encoder E(·)
applies two convolutional downsampling stages (feature widths 128 and 256)
to map the normalized image xcond to a quantized latent grid (codebook size
8192, dimension 128). The decoder D(·) mirrors this architecture to reconstruct
x from the quantized latent. Training minimizes a mask-weighted reconstruction
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objective [13, 14]:

Lrec = λ1·L1(x, xcond)+λ2·Lcodebook+λ3·(1− SSIM(x, xcond))+λ4·LPIPS(x, xcond)
(1)

Here, SSIM captures local structural consistency, LPIPS provides a VGG-based
perceptual distance [14], and the PV/CP union receives increased weight to
emphasize reconstruction of the clinically relevant region.

We trained the 2D VQ-VAE with an Adam optimizer (learning rate 1×10−4),
using a mini batch size of 10 and gradient accumulation over 6 iterations (ef-
fective batch size 60). The model was optimized for 175k steps, and we selected
the checkpoint with the lowest validation loss, reached at 126k steps. The recon-
struction loss weights were set empirically to (λ1 = 1.0), (λ2 = 5.0), (λ3 = 0.1),
and (λ4 = 0.1), with a (×10) weighting applied inside the union of posterior
ventricle and choroid plexus masks.

2.4 Inpainting with LBBDM

We model anatomy- and texture-controlled synthesis in the latent space of a
pretrained VQ-VAE using a latent Brownian Bridge di�usion model (LBBDM).
The frozen encoder maps the original image and its mask-conditioned counter-
part to latent codes (z = E(x)) and (zcond = E(xcond)), which we standardize
channel-wise using dataset-wide means and standard deviations. LBBDM is then
trained entirely in this latent space, keeping the VQ-VAE �xed.

Unlike DDPMs, LBBDM learns a Brownian-bridge trajectory that directly
connects the conditional latent (zcond) to the target latent (z), with bounded
variance that keeps samples close to the conditional anatomy. A 2D UNet oper-
ates on the latent grid and predicts the analytic bridge direction from the noisy
latent state, time point, conditional latent, and radiomics vector using an L1
loss.

At inference, reverse-time updates start from zcond and produce a target-like
latent sample, which the VQ-VAE decoder maps to a synthetic pathological im-
age respecting the anatomical mask prior and radiomics-derived texture pro�le.

The LBBDM training was done for 300k steps with a batch size of 16, with
initial learning rate of 5× 10−6, using Adam optimizer and applied a ReduceL-
ROnPlateau scheduler (factor 0.5, patience 3000) and setting the minimum learn-
ing rate of 5 × 10−7. The Brownian bridge objective was optimized over 1000
di�usion timesteps, and an exponential moving average of the network weights
(decay 0.995) and 200 timesteps were used for sampling.

2.5 Downstream task

For image similarity retrieval, we pretrained a ResNet-18 [16] encoder in a self-
supervised contrastive manner using a SimCLR-style NT-Xent loss (temperature
of 0.1) [17] with ultrasound appropriate augmentations (e.g. random crop, �ip,
rotation, contrast change, Gaussian noise and blur) and a small MLP projection
head.
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We compare two training regimes: (1) real-world data (RWD) only, and (2)
a mixture of RWD and synthetic images. In the mixed regime, each batch of size
64 contained equal numbers of real and synthetic images. We optimized with
AdamW (learning rate 3 × 10−3, weight decay 10−4) and applied a ReduceL-
ROnPlateau scheduler (factor 0.5, patience 5), evaluating the contrastive loss on
the held-out RWD validation set every 200 training steps and pretraining was
run for a total of 10k steps.

3 Experimental results

3.1 Datasets and Annotations

We curate ∼135k unlabeled ultrasound images from the SUOG project spanning
multiple prenatal views. Using feature clustering and o�-the-shelf in-house view
classi�ers, we extracted 724 TV images for training and validation. Random
manual spot-checks con�rmed reliable TV-plane selection, although exhaustive
review was not performed. From a labeled cohort (∼8.6k images, ∼490 patients,
113 diagnoses), ventriculomegaly/hydrocephaly cases were curated to 67 good-
quality fetal brain images with visible pathology.

O�-the-shelf inhouse segmentation models automatically contoured PV, CP
and head masks on training and validation data, and head masks for ventricu-
lomegaly and hydrocephaly data. For registration-guided mask transplant, PV
and CP were manually delineated on 39 pathological TV images (10 hydro-
cephaly, 29 ventriculomegaly) where both structures were identi�able, using a
SAM2-assisted [18] semi-automatic tool. These annotations served only as source
masks for spatial placement. Radiomics vectors were derived from the broader
TV training set using automatic PV/CP segmentations.

The TV dataset was split 90/10 for VQ-VAE, LBBDM, and ResNet-18 train-
ing/validation. Synthetic images were generated only from the training split and
used only for mixed SSL pretraining, never for validation or retrieval evaluation.
Downstream augmentation used ∼6k hydrocephaly and ∼16k ventriculomegaly
synthetic images, with equal real/synthetic samples per mixed SSL batch and
patient-disjoint real-world retrieval evaluation (Section 3.3).

3.2 Implementation details

All models were implemented in Python using PyTorch and MONAI. The train-
ing of VQ-VAE and LBBDM was executed on a single NVIDIA A100 40 GB
GPU, while the SSL pretraining of ResNet-18 was done on a single NVIDIA
RTX 5000 16GB GPU. Experiments were run on a Linux workstation, and all
hyperparameters (learning rates, schedulers, and training steps) are reported in
the corresponding method descriptions.

3.3 Evaluation Protocol

We evaluate image similarity retrieval using the encoder from Section 2.5. Fea-
ture embeddings are extracted for the labeled cohort (containing ∼8.6k images,
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∼490 patients, 113 diagnoses) from Section 3.1 and for a patient disjoint query
set (i.e., no patient overlap between reference and query). For each query image,
cosine similarity is computed against all reference embeddings, and the top-k
nearest neighbors are retrieved (k=10 by default).

Retrieval quality is assessed against ground-truth diagnosis labels using Av-
erage Diagnosis Match Success (ADMS), concept �rst introduced in [19], de�ned
as the mean number of top-10 retrieved images that share the query's diagno-
sis (range 0�10). We report ADMS on a patient-disjoint query set, separately
for hydrocephaly and ventriculomegaly, and compare the training regimes in
Section 2.5.

3.4 Quantitative Results

Table 1 shows that SSL pretraining with both RWD and synthetic data improves
similarity retrieval compared to RWD only: ADMS increased from 0.35 to 0.70
for hydrocephaly and from 1.92 to 2.22 for ventriculomegaly. The 95% bootstrap
CIs shift upward for both diagnoses, while the slightly wider intervals re�ect
higher case-level variability.

Table 1. ADMS summary statistics for hydrocephaly and ventriculomegaly. n denotes
real query images per diagnosis. SD denotes standard deviation. 95% CI is reported as
lower and upper bounds using bootstrap resampling (10,000 resamples, seed=42).

Training data
Hydrocephaly Ventriculomegaly

n Mean±SD 95% CI n Mean±SD 95% CI

RWD 37 0.35 ± 0.63 [0.16, 0.57] 63 1.92 ± 2.17 [1.4, 2.48]

RWD + Synthetic 37 0.70 ± 1.00 [0.41, 1.03] 63 2.22 ± 2.23 [1.68, 2.78]

3.5 Qualitative Results

Fig. 3 shows typical inpainting results for ventriculomegaly and hydrocephaly
in the TV plane. The method preserves plane-consistent anatomy (e.g. midline,
cavum septum pellucidum) and reproduces key signs, including ventricle dilata-
tion and the choroid plexus �dangling� sign, with smooth echotexture transitions
at mask boundaries.

By design, the method modi�es only the masked PV/CP region while pre-
serving surrounding anatomy. This scoped inpainting targets localized TV-plane
pathological exemplars for retrieval augmentation rather than full biomechanical
simulation of severe hydrocephaly. Therefore, global morphological changes such
as cortical mantle thinning or midline shift are not reproduced. Despite this con-
straint, the synthesized images capture diagnostically relevant local signs that
drive TV-plane similarity retrieval.
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Fig. 3. Synthesis in the TV plane. For each pathology: (left) pathological image, (mid-
dle) normal TV image, (right) generated synthetic image. The method reproduces the
posterior ventricle dilation and dangling choroid plexus.

4 Conclusion

We presented a controllable synthesis framework for pathological fetal brain ul-
trasound in the transventricular plane that couples skull-anchored registration of
real PV/CP masks with radiomics-conditioned latent Brownian-bridge di�usion.
The method generates localized hydrocephaly and ventriculomegaly appearances
while preserving surrounding TV-plane anatomy, and improves patient-disjoint
similarity retrieval when added to training data (ADMS increased from 0.35
and 1.92 to 0.70 and 2.22, respectively). The main limitations are the modest
pathological cohort, and the localized nature of the current inpainting strategy,
which does not model global morphological e�ects of severe hydrocephaly. Fu-
ture work will address these limitations through reader studies to assess clinical
utility, quantitative assessment of radiomics controllability and clinical realism,
and synthesis models that couple local PV/CP inpainting with global TV-plane
anatomical deformation.
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