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5 Discussion

In recent years, deep learning has become the dominant paradigm for PVS
segmentation (Waymont et al., 2024) and for medical image analysis more broadly,
primarily owing to its strong within-dataset performance. Yet, as also illustrated by our
findings, such models often struggle to generalise when faced with data distributions
or imaging modalities not represented during training. Unlike classical approaches—
which may be less accurate in noisy settings but still provide a usable output—deep
learning models can fail outright when applied outside their training domain, producing
no meaningful segmentation. However, relying on constant manual labelling and fine-

tuning for every new dataset is neither scalable nor sustainable.

Against this backdrop, our aim was not to develop a model narrowly optimised for a
single dataset, but to propose a new PVS segmentation method that achieves high
accuracy and robust generalisation across imaging sequences and cohorts. By
leveraging physics-based image generation and domain randomisation, we
demonstrated that it is possible to mitigate domain shifts and achieve accurate PVS
segmentation under conditions seen during training. Across five independent cohorts,
we show that DRIPS can (i) segment PVS on both isotropic and anisotropic T1- and
T2w images, (ii) outperform classical and machine learning—based approaches, (iii)
segment PVS independently of the overall WMH burden, and (iv) generalise even to
other modalities, including histology. Taken together, these results position DRIPS as

a robust and versatile framework for PVS segmentation.
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5.1 Physics-inspired domain randomisation

DRIPS brings together two complementary research directions: domain randomisation
and physics-inspired data augmentation. Domain randomisation tackles the challenge
of generalisation by exposing models to synthetic data generated from segmentations
with fully randomised parameters (Tobin et al., 2017), enabling the learning of robust
and transferable features provided that the synthetic variability adequately reflects
real-world conditions (Billot et al., 2023a). Physics-inspired data augmentation builds
on this by modelling the image acquisition process and its artefacts, thereby enhancing
realism and surpassing purely agnostic randomisation strategies (Adams et al., 2024).
We observed that introducing voxel size variability through resampling and simulating
motion artefacts both contributed positively to performance. Resampling proved
essential for handling anisotropic scans. Overall, DRIPS achieved consistent
improvements of approximately 0.10-0.13 across all evaluation metrics, with slightly
greater gains in the BG compared to the CSO, when resampling was considered as
opposed to when it was not. Simulating motion artefacts also helped models trained
with DRIPS distinguish true PVS from motion-related ghosting, as seen in case-level
examples. At the group level, performance in the BG was largely unaffected by motion
training, whereas in the CSO it led to slightly lower voxel-wise precision—recall but
significantly improved lesion-wise detection, suggesting a more conservative yet

accurate segmentation strategy.

5.2 DRIPS segments PVS accurately on real MRI data

Conventional deep learning approaches to PVS segmentation have typically
depended on small, carefully curated training datasets. While such models can
achieve high accuracy within their training domain, they often fail to generalise well to
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new datasets. SHIVA-PVS, a 3D U-Net trained solely on T1w images, exemplifies this
limitation: it did not transfer to T2w scans and showed only limited sensitivity to PVS
even within its training modality. A similar limitation was seen with the nnU-Net
framework, where models trained on T1w images could only process T1w data, and
likewise for T2w images, with little to no generalisation across modalities. Clearly,
training separate models for each input modality offers a practical workaround, but it

bypasses rather than addresses the fundamental issue of generalisability.

In contrast, our results highlight the utility of domain randomisation for bridging the
generalisation gap. DRIPS had stable performance across both T1- and T2w images
without the need for retraining, and importantly, the learned features also transferred
to histological data—a modality entirely distinct from MRI. These findings reinforce the
central premise of domain randomisation: that exposure to sufficiently diverse
synthetic variation enables models to acquire representations that remain applicable

beyond their original training domain.

5.3 DRIPS versus competing approaches

We compared DRIPS to both classical image-processing-based and machine
learning—based methods, using scans and manual annotations from five cohorts (n =
165) that included healthy controls as well as individuals with Long-COVID,
hypertensive arteriopathy, cerebral amyloid angiopathy, heart failure, mild cognitive
impairment, and Alzheimer’s disease. DRIPS outperformed all competing methods on
anisotropic scans (EBBIVD, HIM, and MD-DARS) and ranked among the top two on

isotropic scans (PCB and ADNI).

On anisotropic T2w scans, the conventional Frangi filter generally emerged as the

second-best method. This finding carries important implications for prior studies: when
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carefully tuned, Frangi can achieve accurate PVS segmentation, outperforming all
machine learning—based methods aside from DRIPS. Its main drawback, as with any
other classical PVS segmentation strategy, is the need for manual calibration on each

new dataset to reach optimal performance.

On isotropic T1w scans, nnU-Net and DRIPS achieved the highest overall
performance, surpassing all other methods by median margins of at least 0.17 in
AUPRC, 0.09 in DSCyoxel, and 0.14 in DSCiesion. The marked improvement in precision
and recall over classical image-processing methods likely stems from the fact that, as
shown in Figure 8 and Figure 9, regions such as the boundaries of the putamen,
pallidum, and claustrum are often misidentified as PVS by these methods solely due
to their “tubular’ appearance. Note that, in general, signal intensity differences
between the basal ganglia and the surrounding white matter on T1w imaging—
particularly at higher field strengths—can also be erroneously highlighted as PVS. In
these situations, post-processing strategies that analyse jointly location, length and
shape become essential. Their impact on the segmentation performance of classical
techniques was not evaluated in this study, as it lay outside the primary scope of our

work.

5.4 Robustness against WMH

Previous studies have shown that the presence of WMH can substantially compromise
the performance of PVS segmentation methods (Bernal et al., 2022; Pham et al., 2022;
Valdes Hernandez et al., 2013; Waymont et al., 2024). Our findings align with this
evidence, revealing that both classical and deep learning approaches are often
dependent on the regional WMH burden. Traditionally, one of the most common ways

to mitigate this issue has been to exclude WMH from analyses. However, as illustrated
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by the nnU-Net (T2w), this approach introduces its own bias: by excluding WMH, the
method inherently omits PVS that overlap with them, creating artificial correlations with
WMH volume, since individuals with more WMH also tend to have more PVS within

them.

Both extremes—erroneously labelling WMH as PVS or excluding WMH entirely—are
suboptimal. The goal should instead be to develop models whose performance is
independent of WMH burden. In this regard, our results indicate that DRIPS was able
to segment PVS comparably accurately even in cases with high WMH volumes,
without its performance being significantly compromised or biased, regardless of
whether input data were T1w or T2w images. A similar pattern was observed for the
nnU-Net (T1w) in T1w imaging. Although these findings are based on a limited sample
(60 T1w and 45 T2w images), they represent a promising step towards developing
segmentation methods that are more robust and less biased by co-occurring brain

lesions.

5.5 Limitations and future work

Despite the demonstrated generalisability of our approach, four limitations merit
consideration. First, we modelled PVS as tortuous tubular structures distributed
throughout the brain. While effective for training and segmentation, this abstraction
oversimplifies their biology. In vivo, PVS are closely aligned with the cerebral
vasculature, following the trajectories of arterioles, capillaries, and venules, with their
orientation, calibre, and spatial density shaped by vascular anatomy, regional blood
supply, and vessel tortuosity. Second, we assumed a predominant orientation towards
the lateral ventricles. This is a reasonable approximation for PVS in the centrum

semiovale, which often follow medullary arteries radiating to the ventricles, but it does
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not hold in other regions—for instance, PVS surrounding the lenticulostriate arteries
in the basal ganglia, which typically run perpendicular to the axial plane. Looking
ahead, these limitations highlight an opportunity: conditioning PVS generation on
vascular maps could produce more physiologically plausible simulations, improving
anatomical fidelity and reducing false positives in regions where tubular structures
occur independently of vessels. Third, in this work, we implemented the segmentation
network in DRIPS as a 3D U-Net and did not investigate alternative, more advanced
architectures. While this represents a limitation, it was not the primary focus of our
study. Our main objective was to demonstrate that DRIPS can achieve accurate and
robust PVS segmentation across multiple cohorts, health conditions, and imaging
settings, rather than to develop a new method optimised for peak performance.
Exploring whether more sophisticated segmentations models—such as nnU-Net or
transformers—can further improve performance represents an important direction for
future work. Fourth, although our evaluation included data from multiple individuals
across five cohorts spanning a wide range of conditions—from normal cognition to
post-COVID syndrome, hypertensive arteriopathy, cerebral amyloid angiopathy, heart
failure, mild cognitive impairment, and Alzheimer’s disease—our assessment remains
limited by the imaging protocols included in this study. As part of our future work, we
plan to include patients spanning a broader range of disease severities—from very
mild to advanced—scanned using multiple imaging sequences, and to conduct
longitudinal assessments to evaluate the method’s ability to track changes in PVS over

extended periods of time.
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6 Conclusion

We introduced DRIPS, the first physics-inspired domain randomisation framework for
accurate out-of-sample PVS segmentation. DRIPS accurately segmented PVS in both
T1w and T2w images, at isotropic and anisotropic resolutions, without requiring
manual PVS segmentations, retraining, or fine-tuning. It outperformed all competing
methods on anisotropic images and achieved performance comparable to nnU-Net on
isotropic data. Unlike the segmentation performance of competing methods, its
performance was not associated by the volume of WMH in the brain. DRIPS’s out-of-
sample capabilities extended beyond MRI, successfully segmenting PVS in 3D ex vivo
brain models reconstructed from histology. Collectively, our findings demonstrate that
DRIPS segments PVS accurately across diverse imaging settings and patient
populations, enabling more accessible and reliable automated PVS quantification for

both research and clinical use.
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