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Abstract. We describe a vessel-guided submission to TopAneu 2026,
covering vessel-wise aneurysm localization (Task 1) and location-labelled
aneurysm segmentation (Task 2) in CTA and MRA. A shared vessel prior
is selected from ten configurations derived from a native nnU-Net and
released TopBrain 2025 models. On a 68-case internal evaluation subset,
the selected, taxonomy-aligned UZH (re-labelled) model reaches 0.801
multiclass and 0.899 binary vessel Dice. A vessel-guided Task 1 classi-
fier that corrects lateralized labels during mirror augmentation and uses
rarity-aware sampling achieves a mean per-class precision/recall/MCC
score of 0.195 on the primary split and 0.181 on an independent split;
aneurysm copy-paste augmentation yields a 12% relative improvement
over its matched baseline. Task 2 experiments show that the initial un-
weighted presence loss collapses under severe voxel imbalance, whereas
the revised foreground-weighted Dice+BCE loss yields mean Dice scores
of 0.516 on CT and 0.469 on MR validation. These experiments iden-
tify taxonomy alignment and severe class imbalance as the main shared
constraints.

Keywords: Intracranial aneurysm · Vessel segmentation · Transfer learn-
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1 Introduction

Intracranial aneurysms are pathological dilations of intracranial arteries. Their
rupture causes aneurysmal subarachnoid hemorrhage, while management of un-
ruptured aneurysms requires balancing the estimated rupture risk against the
risks of preventive treatment [1]. Automated detection and anatomical localiza-
tion in CTA and MRA may support image review.

The TopAneu 2026 challenge [5] provides a multi-center cohort of CTA and
MRA volumes for two complementary problems: vessel-wise aneurysm localiza-
tion across 52 anatomical locations and location-labelled aneurysm segmenta-
tion. Organizer-provided silver-standard vessel segmentations with 36 anatomi-
cal classes additionally enable the use of explicit vascular anatomy as a prior for
both problems.
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However, transferring existing vessel-segmentation models to aneurysm anal-
ysis is not straightforward. Recent high-performing vessel models use different
anatomical taxonomies, and mismatches between vessel definitions can directly
invalidate downstream location labels. Moreover, localization methods that rely
on lateralized vessel anatomy require augmentation strategies that preserve left–
right label consistency. Since several recent models provide strong but struc-
turally different vessel representations, a systematic comparison is also needed
to determine which model transfers most reliably to heterogeneous CTA and
MRA data.

Related benchmarks include ADAM for intracranial aneurysm detection and
segmentation [4], TopCoW for Circle-of-Willis segmentation [7], and TopBrain
for whole-brain vessel segmentation with anatomical labels [8]. Building on this
literature and the nnU-Net framework [2], we systematically compare recent
high-performing vessel-segmentation models, align their anatomical taxonomies,
and use the selected vessel representation as a prior for aneurysm localization and
location-labelled segmentation. For localization, we correct laterality under mir-
ror augmentation and address rare anatomical classes through rarity-aware sam-
pling; for segmentation, we factorize aneurysm presence from anatomical loca-
tion and address severe voxel imbalance with a foreground-weighted Dice+BCE
presence loss.

2 Methods

2.1 Data and task definitions

The TopAneu 2026 dataset contains 417 scans (109 CTA, 308 MRA) from four
centers and 389 aneurysms in 306 cases. All 111 negative cases are MRA. Of
52 anatomical vessel-location classes (including lateralized classes), 43 occur at
least once. We use a patient-grouped, multi-label-stratified split (333 training/84
validation), balanced by modality, center, aneurysm presence, and location [5].

2.2 Selection of the vessel-segmentation prior

To identify a suitable anatomical vessel prior for downstream aneurysm local-
ization and segmentation, we compared ten vessel-segmentation configurations.
The comparison included models trained from scratch on the TopAneu vessel an-
notations as well as transferred models from the TopBrain 2025 benchmark [8].

Among the transferred models, UZH, KDH, and ARG correspond to released
high-performing TopBrain submissions with complementary design strategies.
UZH employs anatomically grouped nnU-Net models initialized from its previous
TopCoW models; KDH uses modality-specific vessel-segmentation pipelines with
pretrained models; and ARG follows a two-stage 3D nnU-Net design in which
a binary vessel probability map is provided as additional input to a subsequent
multiclass segmentation stage [8]. We fine-tuned the released models on the
TopAneu data while retaining their original architectures and training strategies
where applicable.



Vessel-Guided Aneurysm Analysis 3

As internal baselines, we additionally trained nnU-Net ResEncUNet-M mod-
els at 3D full resolution [2]. Generic channel naming was used to enforce per-
channel Z-score normalization for the mixed CTA/MRA data. The native model
was trained directly on TopAneu’s 36-class vessel taxonomy. We additionally
evaluated a UZH+ARG hybrid, which supplies ARG’s binary probability map
to the regional UZH models, and Skeleton Recall Loss [3] with λSRL ∈ {1.0, 0.1}.
The four configurations selected for downstream analysis are summarized in Ta-
ble 1.

Taxonomy alignment. TopBrain uses one ICA class, whereas TopAneu separates
R/L-ICA-C6-C7 from R/L-ICA-C1-C5. Naive transfer therefore produced zero
exact-label Dice for C1-C5 in three pretrained configurations. We rebuilt the
output head with dedicated C1-C5 channels and continued fine-tuning from the
shared network weights; incompatible segmentation-head weights were reinitial-
ized.

Evaluation. All configurations were evaluated using binary and 36-class Dice on
the 68 validation cases not used to train any compared checkpoint. These scores
were used only to select the vessel prior and are separate from the downstream
aneurysm-localization and segmentation evaluations.

2.3 Vessel-guided aneurysm localization

For vessel-wise aneurysm localization, we adapt the vessel-guided ROI classi-
fication approach of the RSNA 2025 first-place solution [6]. The localization
model reuses the nnU-Net backbone trained for multiclass vessel segmentation.
Its weights are initialized from the corresponding vessel-segmentation model,
and a classification head is used for aneurysm localization. The resulting net-
work is then fine-tuned for the localization objective, thereby transferring the
anatomical representation learned during vessel segmentation to the downstream
classification problem.

The selected vessel segmentation additionally defines the anatomical regions
of interest used by the classifier. For each of the 52 aneurysm-location classes, the
corresponding region is derived from the relevant classes of the 36-class vessel
segmentation. A predefined binary mapping associates 33 aneurysm locations
with a single vessel class, while the remaining 19 junction locations combine two
vessel classes, or three for the VA–BA junction. All mappings were manually
checked against the released anatomical taxonomies.

Because many location classes are strongly imbalanced, training cases are
sampled according to class rarity. For class c with nc > 0 positive cases among
N training cases, we define wc = min{20,max[1, (N − nc)/nc]}, and sample
each case in proportion to the largest weight among its positive labels. Mirror
augmentation is made anatomically consistent by jointly mirroring the image
and vessel masks and swapping all left–right location labels.

As an additional augmentation for rare classes, we generate synthetic train-
ing cases by copying real aneurysm patches to anatomically compatible vessel
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locations in other scans. For five classes absent from training, contralateral donor
aneurysms are mirrored; for rare classes with 1–5 positives, same-class donors are
reused. The patches undergo mild geometric perturbation and intensity-matched
blending, yielding 99 additional training cases while leaving the validation set
unchanged.

The localization network is trained with AdamW (learning rate 10−4, weight
decay 10−2), batch size 1 with eight-step gradient accumulation, and mixed
precision. The checkpoint with the best validation score within 200 epochs is
retained.

2.4 Location-labelled aneurysm segmentation

The segmentation model uses an nnU-Net v2 ResEnc-M encoder–decoder back-
bone [2], trained jointly on CTA and MRA. The image is the only network input;
the vessel prior restricts the training loss to within 5mm of the predicted vascu-
lature. A single 53-channel output head produces one aneurysm-presence logit
and 52 anatomical-location logits.

We factorize voxel-wise aneurysm presence and anatomical localization as

P (y=k | x) = P (A=1 | x)P (y=k | A=1, x),

where Â = σ(zA) estimates aneurysm presence. The objective is

L = Lpresence + Lloc,

Lloc =
1

N

N∑
i=1

1

|Vi|
∑
v∈Vi

CE(ŷv, yv),
(1)

where Vi denotes aneurysm i; averaging within each aneurysm reduces domina-
tion by large aneurysms.

Voxel-wise BCE for presence collapsed to an all-background solution, and
adding an unweighted Dice term alone did not resolve this failure. We therefore
use Lpresence = Lw

BCE+LDice, with positive-class weight w = 568, corresponding
to the measured background-to-foreground voxel ratio in the training data. The
location loss remains unchanged.

3 Results

3.1 Vessel-segmentation model comparison

Table 1 summarizes the four configurations selected for downstream analysis
from the ten evaluated models. Re-labelled UZH achieved the highest multiclass
Dice of 0.801, closely followed by UZH+ARG with 0.800. Although the Native
baseline achieved the highest binary Dice of 0.922, its multiclass Dice was lower
at 0.634; KDH achieved 0.713. The best standalone ARG variant reached a
multiclass Dice of 0.347 and was not selected for downstream analysis. Taxonomy
alignment introduced dedicated ICA-C1-C5 channels, changing their exact-label
Dice from zero to nonzero values without degrading whole-ICA performance
(Fig. 1).
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Fig. 1. Top: binary and multiclass Dice for the four vessel-segmentation configurations
selected for downstream analysis on the 68-case evaluation subset. Bottom: effect of
R/L-ICA-C1-C5 taxonomy alignment on per-class Dice before and after introducing
dedicated output channels for these vessel segments.

3.2 Aneurysm localization results

Table 2 reports the Task 1 competition metric (mean per-class precision, recall,
and MCC). Capped positive weighting and rarity sampling raise the plain base-
line from 0.089 to 0.164; correcting mirrored labels further raises it to 0.195 (best
checkpoint: epoch 12/200). An independent fold scores 0.181 (−7.2%), support-
ing an approximate 0.18–0.20 range (per-class Pearson r = 0.39). Aneurysm
copy-paste augmentation improves its matched baseline from 0.164 to 0.184
(+12.0% relative). None of the five zero-example target classes has a positive
validation example, so their recovery cannot be directly assessed. Detect-then-
route collapses on 4 out of 5 folds; an independently unevaluated hierarchical
variant is omitted.

Table 1. Vessel-segmentation performance on the 68-case evaluation subset for the
four configurations selected for downstream analysis from the ten evaluated models.
KDH combines separate CT and MR sub-models. The selected vessel prior is shown in
bold.

Model Binary Dice 36-class Dice

Native (baseline) 0.922 0.634
UZH (re-labelled) 0.899 0.801
KDH (re-labelled, combined) 0.894 0.713
UZH+ARG hybrid 0.903 0.800
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Table 2. Task 1 competition score (mean per-class precision, recall, and MCC). Rows
1–3 show the baseline and two sequentially added components; row 4 evaluates the
same configuration as row 3 on an independent fold; row 5 evaluates aneurysm copy-
paste augmentation against the row-2 baseline in isolation.

Configuration Competition score

Full-pool baseline (plain BCE, plain shuffle, 800 ep.) 0.089
+ capped pos-weight + rarity-weighted sampler 0.164
+ mirror-augmentation fix (fold 0) 0.195
+ mirror-augmentation fix (fold 1, indep. split) 0.181
+ aneurysm copy-paste augmentation (isolated ablation) 0.184

3.3 Location-labelled aneurysm segmentation results

The initial factorized loss for presence and location (Sect. 2.4) collapsed to an
all-background presence prediction. Predicted foreground probability at ground-
truth-positive voxels never exceeded 0.006; consequently, no positive voxels crossed
the 0.5 threshold on either held-out or training-set voxels, indicating a training-
dynamics failure rather than a generalization gap. Bypassing this gate, the con-
ditional 52-way location softmax reached 41.4% top-1 accuracy at positive voxels
(vs. approximately 1.9% chance), showing that the location head had neverthe-
less learned anatomical information.

With the revised foreground-weighted Dice+BCE formulation, the segmen-
tation model achieved a Dice of 0.516± 0.365 on CT (n = 22) and 0.469± 0.333
on MR (n = 62). Corresponding VS scores were 0.672±0.307 and 0.504±0.396,
with HD95 values of 29.3± 25.4mm and 39.1± 22.6mm, respectively (Table 3).

4 Discussion and Conclusion

Our internal experiments suggest two main lessons. First, the selected pretrained
configuration outperformed the native baseline (0.801 vs. 0.634 multiclass Dice),
although architectural and training differences prevent attributing the difference
solely to pretraining. Second, class imbalance is a shared bottleneck: 9/52 loca-
tion classes are absent, while small vessel classes are sparsely represented. Rarity-
aware sampling and aneurysm copy-paste augmentation improve aneurysm lo-
calization, whereas unweighted voxel-wise BCE fails for segmentation and the

Table 3. Location-labelled aneurysm segmentation on the internal validation set
(mean±SD).

Split Dice Volumetric Similarity HD95 [mm]

CT (n = 22) 0.516±0.365 0.672±0.307 29.3±25.4
MR (n = 62) 0.469±0.333 0.504±0.396 39.1±22.6
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foreground-weighted Dice+BCE formulation enables non-trivial segmentation
performance.

The study is limited by the absence of challenge test-set results and use of
a single primary Task 1 split. Consequently, all values are internal-validation
results and should not be interpreted as challenge test-set performance.

In summary, we select a taxonomy-aligned vessel prior, report fold-checked
aneurysm-localization results, and show that foreground-weighted Dice+BCE
enables location-labelled aneurysm segmentation on both CT and MR.
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