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Abstract. Cerebral microbleeds (CMBs) and cortical superficial sidero-
sis (cSS) are imaging markers of cerebral small vessel disease, but their
automated segmentation is limited by the scarcity of positive cases and
voxel-level annotations. We propose a synthetic training framework for
long-tail haemorrhagic lesion segmentation that requires no real lesion
annotations for training and leverages radiological description of the le-
sions. Starting from anatomical brain parcellations, the framework ap-
plies spatial augmentation and voxel resampling, procedurally inserts
¢SS and CMB labels using clinical priors on lesion location and mor-
phology, and synthesises images through randomised intensity assign-
ment, blurring, and Rician noise simulation. Models were trained on
dynamically generated image—label pairs and evaluated against manual
delineations in 10 ¢SS cases and 13 CMB cases. The proposed configura-
tions outperformed classical filter baselines. For ¢SS, the hypointensity-
constrained model achieved higher AUPRC and AUROC than the Frangi
filter (AUPRC: 0.284 vs 0.083; AUROC: 0.907 vs 0.731). For CMBs, ex-
plicit synthesis of blood vessels as lesion mimics improved performance
over the classical baseline (AUPRC: 0.538 vs 0.004; AUROC: 0.999 vs
0.968). These results support our proposal as a feasible strategy for data-
scarce haemorrhagic lesion segmentation.
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1 Introduction

Cerebral microbleeds (CMBs) and cortical superficial siderosis (cSS) are mag-
netic resonance imaging (MRI) markers of cerebral small vessel disease (CSVD),
a major contributor to stroke, vascular cognitive impairment, dementia, and
haemorrhagic adverse events during anti-amyloid therapies [8,5,16,6, 14]. Ac-
curate quantification of CMB and ¢SS burden is therefore important for char-
acterising CSVD severity, stratifying haemorrhagic and dementia risk, assessing
treatment eligibility, and monitoring disease progression and treatment safety.

When large, heterogeneous annotated datasets are available, standard su-
pervised segmentation pipelines such as nnU-Net can achieve strong lesion-
segmentation performance [12]|. This premise, however, breaks down for long-tail
haemorrhagic lesion-segmentation tasks such as CMB and ¢SS segmentation.
Positive cases are uncommon even in clinically relevant cohorts, with reported
prevalences below 3% for ¢SS [15] and below 20% for CMBs in memory-clinic
settings [7]. Moreover, lesion voxels are extremely sparse, and lesion burden can
range from a few isolated voxels to disseminated involvement across the whole
brain [8]. Building representative training datasets therefore requires targeted
expert case identification and voxel-level annotation across diverse cohorts, both
of which are laborious and resource-intensive. For CMBs and ¢SS, such large,
diverse, publicly available datasets remain unavailable, motivating alternative
training strategies for data-scarce, long-tail lesion segmentation.

Synthetic training addresses this bottleneck by generating image—label pairs
rather than requiring manual annotation for every training example. This strat-
egy has proven effective when the target structures are already available as label
maps, such as anatomical regions, tissue classes, or existing lesion masks [10,
11,13,1,2,4]. For CMBs and ¢SS, however, voxel-level lesion labels are precisely
missing, limiting the direct applicability of standard synthetic training frame-
works.

In this paper, we propose to extend synthetic training to data-scarce haem-
orrhagic lesion segmentation by procedurally generating the missing CMB and
¢SS labels themselves using clinical and imaging priors on lesion morphology,
anatomical distribution, MRI appearance, and acquisition variability. Evalua-
tion against manual delineations across two datasets supports this approach for
long-tail haemorrhagic lesion segmentation in data-scarce settings.

2 Methods

The following sections describe the proposed synthetic data generation frame-
work (Fig. 1). In brief, anatomical parcellations are first spatially augmented
to increase anatomical and voxel-size variability. ¢SS and CMB labels are then
inserted using lesion-specific anatomical and morphological priors. The resulting
lesion-augmented maps are converted into synthetic images through randomised
intensity assignment, blurring, and noise simulation, and finally paired with bi-
nary lesion masks for network training.
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2.1 Inputs and spatial augmentation

Parcellations. Spatial deformation Voxel resampling Cropizero-padding

Segmentation network

2.4 Synthetic image-label pair
Synthetic images Synthetic labels

Fig. 1. Proposed synthetic image generation pipeline for long-tail haemorrhagic lesion
segmentation.

2.1 Inputs and spatial augmentation

The data generation workflow starts from a pool of brain parcellations {S, }_,,
where each parcellation is a label map S, : £2,, — {1,..., K}. Here, £2,, C Z3 de-
notes the discrete voxel lattice of subject n, and K is the number of anatomical
classes before adding ¢SS/CMB labels. Although these maps contain no haemor-
rhagic lesion annotations, they provide the anatomical context required to place
¢SS and CMBs in clinically plausible locations.

At each training iteration, a parcellation S; is sampled at random and spa-
tially augmented to increase anatomical variability and simulate native-space
acquisition differences. The augmentation comprises a randomly parameterised
affine transformation ¢, (+; as), a nonlinear elastic deformation ¢nontin (5 Onontin);
and voxel-size resampling Ry,.., where 0,4 are the affine parameters, 0,oniin the
deformation parameters, and r..s the target voxel size.

Because transformation and resampling may change the lattice dimensions, a
cropping or zero-padding operator My, is applied to enforce a consistent output
lattice £2 C Z3. The augmented parcellation is therefore defined as

S?ug = MR, [Si © (Gai (; Oat) © Puonlin (3 Onontin))] , S?ug (2= {1,...,K}.
(1)

2.2 Lesion-augmented anatomical map generation

The STRIVE criteria [8] define CMBs as small, quasi-spherical blood-product
deposits within the brain parenchyma, whereas ¢SS reflects superficial blood-
product deposition along the cortical surface and adjacent subarachnoid space.
Lesion labels are therefore generated by combining lesion-specific priors on mor-

phology and anatomical location with the augmented anatomical map S;"&.
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Let Loy C {1,..., K} and Lwm C {1,..., K} denote the grey matter and
white matter label sets, respectively, and let lcgr € {1,..., K} denote the CSF
label. For each lesion type t € {¢SS,CMB}, an admissible domain D} is first
defined, seed points are sampled within this domain, and the resulting lesion
mask 2! is inserted into the anatomical label map.

For ¢SS, the admissible domain is the CSF—cortical grey matter interface:

DZ?SS = F:ur = ({x e | Siaug(x) = lCSF} D B)ﬁ{x e | Siaug(x) S EGM}, (2)

where @ denotes morphological dilation with structuring element B. For CMBs,
the admissible domain is restricted to parenchymal tissue:

’DiCMB = .Qfa’r = {.Z‘ e | S?ug(l‘) S 'Cpar}a Epar = £GM U ACWM (3)

min’ max)7

Seed points Sf = {s!,..., s;.} C D! are sampled with M* ~ U(M}, , M}

and each seed is assigned a radius R} ~ U(RL,;,, Ri,.y)- Lesion geometry is then
generated according to the lesion type:
A{CSS
255 = | o € I | dppl 55%) < B, 0
j=1

for surface-constrained ¢SS, where dr,, denotes distance along the cortical sur-
face, and

MCMB

CMB : CMB CMB
o0 = | fre 2 oo -, <BM) ()
j=1
for approximately spherical CMBs in physical space, where p denotes voxel size.
Finally, the simulated lesion label is inserted into the augmented parcellation:

. I, if z € 2, o
Szf:t = {gqug(x) otherwise Sgt L2 oL ERUd ()

2.3 Image synthesis from lesion-augmented anatomical maps

The intensity model assigns each label [ an intensity parameter p;. For anatom-
ical labels k € Lanae = {1,..., K}, intensities are sampled as pj ~ U(0,1). For
haemorrhagic lesion labels, intensities are constrained by an imaging prior. On
T2*-weighted imaging and SWI, blood-breakdown products cause local signal
loss, making CMBs and ¢SS hypointense relative to neighbouring tissues [5, §].
Therefore, for lesion labels h € Lyem = {lcmBb,lcss}, intensities are sampled
under the constraint

L "
The initial synthetic image is then obtained by replacing each voxel label in the
lesion-augmented map with its sampled intensity Iy(x) = Hgtinal (g, & € 0.
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To mimic partial-volume effects and acquisition noise, the initial synthetic
image I is first smoothed with a Gaussian kernel G, and then corrupted
with Rician noise. Noise is simulated by adding independent complex Gaussian
components to the k-space representation, with variance determined by a ran-
domly sampled SNRayp ~ U(SNRpin, SNRimax). The resulting image is obtained
by inverse Fourier transformation and magnitude reconstruction:

Iinar(z) = |-7:71 (F(Io * Gopye) + Mreal + 7imag) (x)} ) (8)

where real; Mimag ~ N (0,030156) are independent Gaussian noise components,

: _ SNR. 20
Wlth Onoise = Nsignal/lo dB/ .

2.4 Final synthetic image-label pair

Training synthetic image—mask pairs (Ifna, Y) are constructed by using Ifina as
the input image and binarising Sf"#! to isolate the target cSS/CMB label.

3 Training and evaluation

3.1 Training

Brain parcellations. We used a pool of 840 brain parcellations derived from
Alzheimer’s Disease Neuroimaging Initiative (ADNI) scans. Parcellations were
generated with SynthSeg [1] and STAM [18], which provides labels to guide ¢SS
and CMB placement, respectively.

Generation parameters. Brain parcellations were spatially augmented
with affine transformations (scaling +20%, rotation £15°, shearing +0.012) and
nonlinear elastic deformations (displacement-field std 3.0, control-point scale
0.0625). To mimic acquisition variability, volumes were randomly resampled to
isotropic resolutions of 0.5-1.2 mm or anisotropic resolutions with 0.5-1.2 mm
in-plane and 1.2-4.0 mm through-plane spacing. For ¢SS, 3—20 lesions were gen-
erated from sampled seeds using geodesic propagation, with a base cost of 1.0,
noise weight of 0.25, and p ~ U(10,30) voxels. For CMB, radii were sampled
uniformly from 1-5mm, with 1-4 lesions per crop. In both cases, SN Ryp was
drawn from a uniform distribution ¢/(10 dB, 40 dB).

Segmentation network. We used a five-level 3D U-Net backbone. Each
block comprised two convolutional layers with batch normalisation and ELU ac-
tivations. The encoder used max-pooling for downsampling, the decoder used
upsampling, and skip connections preserved local spatial detail. Voxel-wise pre-
dictions were produced with a final softmax layer. The model was implemented
in PyTorch/MONATI and trained for 70 epochs, with 1,000 on-the-fly synthesised
image—label pairs per epoch and a batch size of 2. Optimisation used Adam with
a learning rate of 107°. To address severe class imbalance, training minimised a
soft Dice loss with a squared denominator and dynamic inverse-volume weight-
ing [1, 3]. Training took approximately 24 hours on an NVIDIA A100 GPU.
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3.2 Evaluation

Test cases and ground truth. For ¢SS, evaluation used an in-house test set of
10 patients with confirmed ¢SS (6 females; median age 74.5 [IQR 67-78| years)
scanned with susceptibility- or T2*-weighted MRI. Lesions were manually delin-
eated by a trained investigator and validated by an experienced neuroradiologist.
For CMBs, evaluation used 13 T2*-weighted scans from the ALFA cohort made
available through the MICCAI 2021 VALDO Challenge [17], under the corre-
sponding ethics approval and data use agreements.

Ablation experiments. To quantify the effect of key generation choices,
we performed ablation experiments. First, we compared fully randomised label
intensities with the proposed intensity prior that enforces ¢SS and CMB hy-
pointensity, testing whether preserving haemorrhagic signal dropout improves
segmentation beyond anatomical and morphological randomisation alone. Sec-
ond, we compared image-only input with input augmented by a Laplacian filter
response, testing whether an explicit cue for dark lesion-like structures improves
learning. Under the adopted sign convention, hypointense structures yield pos-
itive Laplacian responses, highlighting candidate CMB and ¢SS patterns while
preserving the original synthetic image information. Third, we also evaluated
lesion-specific refinements motivated by observed failure modes. For CMBs, false
positives frequently occurred along blood vessels; we therefore tested whether in-
cluding blood vessel labels from SIAM during synthesis improved robustness to
hypointense vessel-like structures. For ¢SS, errors tended to occur at the CSF—
cortical boundary. We therefore tested whether a two-class target formulation
improved separation between ¢SS and CSF.

Comparison against other methods. For ¢SS, no established method
provides fully automated segmentation. The closest existing approach is a semi-
automated Frangi-filter-based method [9], which we therefore used as compara-
tor. For CMBs, we also used the Frangi as the corresponding classical baseline.

Evaluation metrics. Segmentation performance was evaluated using threshold-
free metrics: area under the precision-recall curve (AUPRC) and area under the
receiver operating characteristic curve (AUROC). These metrics allow compari-
son with classical non-probabilistic baselines, such as the Frangi filter.

4 Results and discussion

Results are shown in Figs. 2-3 and discussed in the following sections.

Random intensities vs intensity prior. Fully randomised intensity sam-
pling yielded substantially lower performance than the proposed hypointensity
prior for both ¢SS and CMB segmentation, especially for AUPRC (cSS: 0.086
[IQR 0.028-0.152] vs 0.284 [IQR 0.124-0.363]; CMB: 0.024 [IQR 0.002-0.446]
vs 0.261 [IQR 0.056-0.431]), while AUROC remained largely unchanged. This
suggests that enforcing haemorrhagic-lesion hypointensity improves precision in
the sparse lesion class by ranking true lesion voxels higher among lesion-like
candidates and reducing false positives. In contrast, fully randomised intensities
make the synthetic task less aligned with blood-sensitive MRI.
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Fig. 2. Quantitative evaluation of framework components for ¢SS and CMB segmen-
tation. Forest plots show median AUPRC and AUROC with interquartile ranges for
each approach. The proposed hypointensity prior improved performance for both lesion
types, while explicit blood-vessel synthesis led to the best CMB performance.
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Fig. 3. Visual comparison of segmentation performance. Columns show, from left to
right, the original MRI scan, zoomed-in view, manual ground-truth annotation, Frangi
filter output, and outputs from the four ablation configurations: random intensity sam-
pling, Laplacian prior, ¢SS/CMB hypointensity constraint, and lesion-specific refine-
ment. The lesion-specific refinement corresponds to a two-class target for ¢SS and
blood-vessel synthesis for CMBs.
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Image prior only vs image and Laplacian prior. Although the Lapla-
cian channel was intended to provide an explicit cue for local hypointense struc-
tures, it also enhanced non-lesion features, including vessel boundaries and sulcal
interfaces. Consequently, adding the Laplacian prior degraded performance rel-
ative to the image prior alone for both lesion types (¢SS AUPRC: 0.063 [IQR
0.023-0.222] vs 0.284 [IQR 0.124-0.363]; CMB AUPRC: 0.117 [IQR 0.014-0.192]
vs 0.261 [IQR 0.056-0.431]). These findings suggest that the constrained syn-
thetic images already encoded sufficient intensity and morphological informa-
tion, whereas the Laplacian channel introduced a less specific representation
that impaired transfer to real data.

cSS-specific refinements. For ¢SS, visual inspection showed that errors
frequently occurred at the CSF-—cortical boundary, particularly when ¢SS was
adjacent to sulcal CSF. To address this failure mode, we tested an alternative
target formulation in which CSF was modelled explicitly as a separate class,
alongside background and ¢SS, rather than training only a binary cSS-versus-
background model. However, this modification produced little numerical change.
AUPRC was similar for the binary ¢SS target and the explicit-CSF formula-
tion (0.284 [IQR 0.124-0.363] vs 0.273 [IQR 0.116-0.347]). This suggests that
most boundary errors were not primarily caused by the absence of an explicit
CSF class, but may instead reflect the intrinsic ambiguity of thin hypointense
structures at the cortical surface, partial-volume effects, and the limited spatial
separation between ¢SS and adjacent CSF.

CMB-specific refinements. For CMBs, visual inspection showed that false
positives often occurred along cerebral blood vessels, which can also appear
hypointense on blood-sensitive MRI. To address this failure mode, we tested
whether explicit vessel modelling during synthesis improved robustness. Because
SynthSeg does not provide vascular labels, STAM parcellations were used to
introduce vessels as a separate anatomical class in the synthetic label maps.
This CMB-specific refinement substantially improved performance, increasing
AUPRC from 0.261 [IQR 0.056-0.431] to 0.538 [IQR 0.470-0.723]. This sug-
gests that explicitly modelling relevant lesion mimics during synthetic training
is important for reducing false positives.

Comparison against other methods Compared with the classical fil-
ter baseline, the best synthetic-training configurations showed higher median
AUPRC and AUROC for both lesion types. For ¢SS, the hypointensity-constrained
model achieved higher AUPRC than the Frangi filter (0.284 [IQR 0.124-0.363] vs
0.083 [IQR 0.017-0.114]) and higher AUROC (0.907 [IQR 0.879-0.935] vs 0.731
[IQR 0.676-0.811]). For CMBs, the model trained with blood-vessel synthesis
achieved higher AUPRC than the classical filter baseline (0.538 [IQR 0.470-
0.723] vs 0.004 [IQR 0.002-0.032]) and higher AUROC (0.999 [IQR 0.997-1.000]
vs 0.968 [IQR 0.944-0.978]). Together, these results indicate better discrimi-
nation of the sparse positive class, with a more favourable balance between
true-positive lesion voxels and false-positive detections, as reflected by AUPRC.
The higher AUROC further suggests improved lesion-versus-background rank-
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ing across thresholds, although this metric is less sensitive to false positives in
highly imbalanced voxel-wise segmentation.

5 Conclusion

We introduced a synthetic training strategy for long-tail haemorrhagic lesion
segmentation and demonstrated its feasibility for CMB and ¢SS quantification.
By procedurally generating lesion labels from anatomical and imaging priors,
the proposed framework enabled model training without real voxel-level lesion
annotations. Experimental results showed agreement with manual delineations
across two datasets. Future work will evaluate the approach in larger, more
heterogeneous cohorts and extend it from segmentation to lesion detection.
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