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Abstract. Reliable cerebrovascular analysis from 3D time-of-flight mag-
netic resonance angiography depends on the anatomical completeness
and consistency of vascular representations. However, automated ves-
sel segmentation may contain errors that hinder downstream analysis
tasks. Identifying such errors directly in 3D is challenging due to the
complex topology of the cerebrovascular anatomy. In this work, we pro-
pose a canonical multi-view framework for automated assessment of cere-
brovascular segmentation quality. Rather than reasoning directly over the
complete 3D vascular tree, we reformulate localized quality assessment as
detection in canonical two-dimensional projection views, where anatom-
ical structures exhibit reproducible appearance. A lightweight detection
model is applied independently to complementary views, whose agree-
ment is used to identify potentially erroneous segmentations for manual
inspection. To alleviate annotation scarcity, we propose view synthesis
by perturbing projection angles and slabs around anatomy-guided ref-
erence views, generating anatomically valid training examples from the
same registered 3D volume. We demonstrate the framework for identi-
fying spurious superior sagittal sinus segmentations in TOF-MRA and
evaluate it on 99 subjects with manually annotated quality labels. The
proposed approach achieved an F1 score of 88.31, outperforming vision-
language models (VLM) operating in few-shot settings or adapted with
LoRA, while relying on a lightweight task-specific detector instead of
large VLMs. Our results show that canonical projection views reformu-
late 3D cerebrovascular quality assessment into a robust and efficient
2D detection problem, facilitating scalable construction of reliable cere-
brovascular analysis pipelines. All code is available at github.com /erc-
caravel /vascular-qc.
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1 Introduction

Three-dimensional time-of-flight magnetic resonance angiography (TOF-MRA)
provides a non-invasive imaging modality for visualizing intracranial arteries
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and is increasingly used for vessel segmentation, atlas construction, and down-
stream morphometric analysis [4]. However, their reliability depends critically
on the anatomical fidelity of the underlying vascular representations. Missing
vascular segments or spurious vessel segmentations can propagate into atlas es-
timation, bias population statistics, and reduce the clinical interpretability of
derived biomarkers.

Quality assessment of cerebrovascular segmentations remains challenging.
The cerebral vascular tree is thin, tortuous, and highly variable across sub-
jects.Directly evaluating the full 3D vessel tree requires reasoning about com-
plex topology and long-range anatomical relationships. Manual inspection by
experts remains the most reliable approach, but it is time-consuming and diffi-
cult to scale to large cohorts. This creates a need for automated quality-control
methods that can identify segmentation failures while remaining efficient and
compatible with limited expert annotation.

A natural strategy is to exploit prior anatomical knowledge. Although the
full cerebrovascular network is complex, individual structures may be assessed
from canonical projections where they are consistently visualized. For example,
the superior sagittal sinus (SSS) can be visualized from sagittal and oblique
axial projections, where errors may be easier to recognize than in the original
3D volume. This observation motivates a reformulation of local vascular quality
assessment from a global 3D reasoning problem into a set of 2D detection tasks.
Such a formulation also enables the use of lightweight detection models trained
on targeted annotations rather than requiring large-scale 3D labels.

In this work, we propose a canonical multi-view framework for automated
cerebrovascular segmentation quality assessment. Subjects are first rigidly aligned
to a common anatomical reference frame. Maximum intensity projections are
then computed from predefined anatomical viewpoints selected to best visu-
alize the vessels of interest. Lightweight detectors are applied independently to
complementary views, whose agreement is used to flag potentially erroneous seg-
mentations. To alleviate annotation scarcity, we further introduce view synthesis
by perturbing the projection parameters around the predefined viewpoints.

The main contribution of this work is a framework for assessing the quality
of cerebrovascular segmentation based on canonical projection views. Building
on this representation, we combine complementary multi-view detection with
projection-based view synthesis to obtain an efficient framework that requires
only lightweight, task-specific detectors. We demonstrate the proposed approach
for identifying spurious superior sagittal sinus (SSS) segmentations in TOF-
MRA, highlighting its potential for scalable cerebrovascular quality assessment.

2 Related Works

Medical Image Segmentation Quality Assessment. Automated quality
control (QC) has become an increasingly active research topic in medical image
analysis, aiming to identify unreliable segmentations without requiring manual
inspection. Recent work has explored learned representations to estimate seg-
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mentation quality across different organs and imaging modalities [3,10]. Despite
these advances, QC of vascular segmentations remains largely unexplored due
to the complexity of vascular anatomy, characterized by thin, tortuous, and
highly interconnected structures. Existing work has primarily focused on reti-
nal vessel analysis from 2D fundus images [8], whereas quality assessment of
three-dimensional cerebrovascular segmentations remains unexplored.

Vision-Language Models for Medical Image Understanding. Recent vi-
sion language models (VLMs), including InternVL3.5 [2] and Qwen2.5-VL [1],
have demonstrated strong zero-shot and few-shot capabilities across a broad
range of visual reasoning tasks. Their adaptation to medical imaging, through
models such as LLaVA-Med [9], has extended these capabilities to clinical ap-
plications. Moreover, VLMs have demonstrated visual grounding capabilities,
localizing objects or regions from natural language or visual prompts [1], a capa-
bility that has also been explored for locating anatomical findings from textual
descriptions [11]. However, highly specialized vascular representations, such as
vessel-only maximum intensity projections derived from TOF-MRA, remain sub-
stantially different from the visual distributions encountered during pre-training.
As a result, effective deployment often requires task-specific adaptation, for ex-
ample, through parameter-efficient fine-tuning methods such as LoRA [6].

Lightweight Object Detection for Anatomical Localization. Lightweight
object detectors, such as the YOLO family [7], learn spatial appearance di-
rectly from annotated examples and achieve accurate localization/detection with
substantially lower computational requirements than large foundation models.
When anatomical variability is reduced through canonical representations, lo-
calization becomes a spatial recognition problem, making lightweight detectors
an efficient alternative to general-purpose VLMs.

3 Method

Figure 1 illustrates the proposed framework. Starting from an MRA volume and
its corresponding vessel segmentation, subjects are first aligned to a common
anatomical reference frame to standardize anatomical orientation. Canonical
maximum-intensity projections are then computed from predefined viewpoints
selected to best visualize the vascular structures of interest. These projections are
analyzed independently by a lightweight detector, and agreement across comple-
mentary views is used to identify potentially erroneous segmentations. To allevi-
ate annotation scarcity, additional training views are synthesized by perturbing
the projection parameters around the canonical viewpoints.

Projection Generation. Quality assessment of 3D vascular segmentations re-
quires reasoning over a complex vascular network with substantial anatomical
variability. Rather than assessing cerebrovascular segmentations directly in three
dimensions, we reformulate quality assessment as the analysis of two-dimensional
views of the segmented vasculature. The key idea is that projections computed
from predefined viewpoints retain sufficient anatomical information to assess
vascular structures while substantially reducing the complexity of the problem.
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Fig. 1: Overview of the proposed multi-view quality assessment framework based
on canonical projection views.

To ensure that the same projection parameters correspond to anatomically
comparable viewpoints across subjects, all TOF-MRA volumes and their corre-
sponding vessel segmentations are first rigidly registered to a common anatom-
ical reference frame through the corresponding T1-weighted image. To isolate
the vascular signal, the arterial segmentation is first applied as a binary mask
over the corresponding MRA volume, preserving vessel intensities while sup-
pressing surrounding anatomy Viask = Vmra © S, where ® denotes voxel-wise
multiplication, Vyira is the angiographic volume, and S is the corresponding
arterial segmentation. The resulting masked volume preserves the original vessel
intensities while suppressing non-vascular anatomy.

Maximum intensity projections (MIPs) are subsequently generated from the
masked volume using a projection operator defined by the viewing orientation
0, and the projection slab 2 as MIP = P(Viask; 0, 2), where the projection
operator P(-) is defined as

P(V;6,0) =max V(Rp(u,v,w)), (1)
we 2
where Ry denotes a rotation of the volume by an angle 6, and (2 represents the
selected projection slab.

Multi-View Quality Assessment. We consider the target segmentation pro-
tocol to include only arteries; thus, the presence of the SSS indicates a false
positive error. Therefore, the quality assessment task consists of identifying the
SSS from complementary projection views. To this end, generated projection
views are analyzed independently using an object detector. In this work, the de-
tector is trained to localize three predefined regions of the SSS, corresponding to
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the anterior, central, and posterior regions, each represented as an independent
detection class. Treating these regions as independent detection targets enables
localized quality assessment while reducing the spatial search space.

The detector is applied to each complementary projection view generated
from the registered volume. As the visibility of the SSS varies across projec-
tion directions, each detection is cross-verified using the complementary view.
Specifically, a detection in one projection is mapped onto the complementary
projection using the known projection geometry, thereby defining the region
where the corresponding anatomical structure is expected to appear. The cor-
responding detection in the complementary view is then evaluated against this
projected region. The expected location in the complementary view is determin-
istically derived from the same region of interest in the registered 3D volume,
constraining the search space, thus a detection is confirmed when the predicted
and projected regions overlap with a moderate Intersection-over-Union > 0.5.
Agreement between the two detections provides corroborating evidence of the
presence of the SSS, whereas missing or geometrically inconsistent detections
indicate an uncertain finding and trigger manual inspection. Verified detections
are subsequently mapped back to the registered 3D volume, easing rapid visual
verification of the segmentation errors.

View Synthesis for Data Augmentation. Manual annotations of cerebrovas-
cular structures are scarce and costly to obtain. To alleviate this, we exploit the
capacity to project an annotated volume into multiple projection views that
are anatomically consistent with the original volume. As such, we increase the
diversity of the training set without requiring additional 3D imaging data.

Rather than augmenting the resulting two-dimensional projections, addi-
tional views are synthesized directly from the registered 3D volume by perturbing
the projection parameters around a predefined reference view. The perturbations
are chosen to preserve target vessel visibility while introducing realistic varia-
tions in view orientation and projection thickness.

For a reference orientation 6 and slab {2, we define a set of augmented views
as

MI Py = {P(Viiaa: 0 + A0y, 20) i, (2)

mask?

where Af; denotes the angular perturbation, (25 the corresponding projection
slab, and K the number of synthesized views. Because all subjects are represented
in a common anatomical space, the same perturbation strategy can be applied
consistently across the dataset.

4 Experimental Setup

Datasets and Experimental Split. We evaluated the proposed framework
on the IXI and TubeTK datasets using manual segmentations from the Vessel-
Verse dataset [5]. Two canonical projection views were defined for the SSS, a
midsagittal view and an oblique axial view, selected to maximize visualization
of the target vessel. The SSS annotations were manually created by one anno-
tator and subsequently reviewed and validated by an expert. The training set
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comprised 230 IXI subjects and 10 manually annotated TubeTK subjects, while
the remaining 99 TubeTK subjects formed an independent test set. Each an-
notated TubeTK subject generated 15 synthesized projections, resulting in 150
training projections from the 10 annotated subjects. The test set contained 38,
35, and 5 positive instances for the anterior, posterior, and central SSS regions,
respectively (78 in total).

We evaluated two training configurations to assess the impact of view synthe-
sis. The baseline used a single projection from each of the 10 annotated TubeTK
subjects (IXI+10), whereas the proposed approach generated 150 synthesized
projections by perturbing the projection parameters (IXI+150). The IXI train-
ing set and the TubeTK test set remained unchanged.

Implementation details. We employ YOLOv11lm as a lightweight object de-
tector, initialized with COCO pre-trained weights and trained with bounding-
box supervision. Models were trained independently for the IXI+10 and IXI+150
configurations using identical hyperparameters. Training was performed using
AdamW optimizer for 300 epochs with a batch size of 8, an initial learning rate
of 0.01, and an input size 448 x 448.

Baselines We compare our strategy to two types of VLMs. 1) Prompted VLMs.
InternVL3.5-14B, Qwen2.5-VL-72B, and Gemma 3-31B were evaluated using
two-shot prompting, with demonstrations selected exclusively from the training
set. Each model was prompted to identify the anterior, posterior, and central
SSS regions. 2) LoRA-adapted VLM. InternVL3.5-14B was additionally fine-
tuned using LoRA on the IXI+150 training configuration to evaluate whether
task-specific adaptation could bridge the gap with lightweight detectors. "We
restricted parameter-efficient fine-tuning to InternVL3.5-14B, since the avail-
able annotated data in this domain is limited, and adapting substantially larger
models for the comparatively simple task of 2D pattern recognition would be
computationally disproportionate to the expected gain.

Evaluation Protocol. All models were evaluated on the same 99 held-out
TubeTK subjects. Predictions were assessed independently for each anatomi-
cal region using a one-versus-rest formulation. True positives (TP), false posi-
tives (FP), and false negatives (FN) were computed by matching predicted and
ground-truth regions, with duplicate unmatched predictions counted as FPs.
For each SSS sub-region ¢, we estimate precision (P), recall (R), and F1 score.
Macro-averaged metrics were obtained by averaging the corresponding class-
specific values over the three SSS regions. Micro-averaged metrics were calculated
after pooling TP, FP, and FN counts across classes. We additionally report the
pooled detection Jaccard score, Jaer = > . TP./(>°. TP, +>  FP.+ > FN,).

5 Results

SSS Detection Benchmark. We compare our approach with prompted VLMs.
Table 1 shows that prompted VLMs failed to achieve a balance between sensi-
tivity and precision. Although the prompted VLMs exhibited markedly different
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Table 1: SSS detection benchmark. Macro metrics average over the three SSS
classes; micro metrics pool TP, FP, and FN across classes. All metrics except
TP, FP, and FN are percentages. Best F1 and Jaccard scores are in bold.

Method Setting TP FP FN Macro P Macro R Macro F1 Micro P Micro R Micro F1 Jdet Size
Two-shot prompted VLM

InternVL3.5-14B 2-shot 13 12 65 52.71 23.13 24.80 52.00 16.67 25.24 1444 29 GB
Qwen2.5-VL-72B 2-shot 43 73 35 38.49 67.94 41.56 37.07 55.13 44.33 28.48 137 GB
Gemma 3-31B 2-shot 73 191 5 27.40 95.61 39.71 27.65 93.59 42.69 27.14 59 GB
Task-specific training

YOLO IXI+10 29 3 49 60.52 26.57 36.84 90.63 37.18 52.73 35.80 39 MB
InternVL3.5-14B LoRA IXI+150 60 14 18 81.53 77.97 79.64 81.08 76.92 78.95 65.22 35GB
YOLO IXI+150 68 8 10 92.69 79.42 84.38 89.47 87.18 88.31 79.07 39 MB

operating characteristics, none consistently identified FP SSS segmentations.
InternVL3.5-14B adopted a conservative strategy, producing relatively few pos-
itive predictions, resulting in a macro precision of 52.71% but a macro recall
of only 23.13%. Qwen2.5-VL-72B provided the best overall trade-off among the
prompted models, reaching a micro F1 score of 44.33% and a Jget of 28.48%. In
contrast, Gemma 3-31B detected nearly all positive instances, achieving a macro
recall of 95.61%. However, this high sensitivity was accompanied by 191 FP pre-
dictions, leading to a macro precision of 27.40% and a Jge of 27.14%. Using
only the original annotated projections (IXI+10), YOLO already outperformed
all prompted VLMs while requiring only 39 MB of parameters. The detector
achieved a pooled micro precision of 90.63% and a micro F1 score of 52.73%,
exceeding the best prompted model by 8.40 percentage points (micro F1).

Task-specific training with projection-based view synthesis (IXI+150) yielded
the best overall performance. Compared with the LoRA-adapted InternVL3.5-
14B model, our approach improved the micro F'1 score by 9.36 percentage points
while requiring only 39 MB of parameters instead of 35 GB. These results demon-
strate that the proposed task-specific training strategy is more effective for this
quality assessment task than adapting substantially larger VLMs.

Effect of Projection-Based View Synthesis. To further investigate the effect
of projection-based view synthesis, we analyze its impact on each SSS region.
The class-specific results in Table 2 show that projection-based view synthesis
consistently improved performance across all three SSS regions. For the anterior
SSS, view synthesis increased recall from 36.84% to 86.84% while maintaining a
high precision of 89.19%. Recall for the posterior region increased from 42.86%
to 91.43%, resulting in an F1 score of 90.14%. The largest improvement was
observed for the central SSS. While the detector trained without view synthesis
failed to detect any of the five positive instances, the synthesized-view model
correctly detected three without producing a false-positive central prediction.
Nonetheless, as the sample size (n=5) is rather small, further experiments should
be carried out to confirm the claim.

Figure 2 further illustrates the effect of view synthesis through the precision—
recall (PR) and receiver operating characteristic (ROC) curves for the anterior
and posterior SSS regions. Leftmost corresponds to the detector trained with the
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Table 2: Class-specific performance on TubeTK. The test set contained 38 ante-
rior, 35 posterior, and 5 central positive instances. P, R, and F1 denote precision,
recall, and F1 score, respectively. All values are percentages.

Anterior (n = 38) Posterior (n = 35) Central (n = 5)

Method Setting P R F1 P R Fl P R F1
InternVL3.5-14B 2-shot  69.23 23.68 35.29 66.67  5.71 10.53 22.22 40.00 28.57
Qwen2.5-VL-72B 2-shot  55.26 55.26 55.26 48.57 48.57 48.57 11.63 100.00 20.83
Gemma 3-31B 2-shot  40.24 86.84 54.99 36.08 100.00 53.03  5.88 100.00 11.11
YOLO IXI+10 93.33 36.84 52.83 88.24 42.86 57.69 0.00 0.00 0.00
InternVL3.5-14B LoRA IXI4150 71.05 71.05 71.05 93.55 82.86 87.88 80.00 80.00 80.00
YOLO IXI+150 89.19 86.84 88.00 88.89 91.43 90.14 100.00 60.00 75.00

Fig.2: PR and ROC curves for the anterior and posterior SSS regions. Left:
detector trained with projection-based view synthesis. Right: detector trained
on the original annotated projections only.

proposed view synthesis, whereas the rightmost shows the detector trained using
only the original annotated projections. The improved curves indicate that the
synthesized projections enhance the detector’s discriminative performance across
a broad range of operating thresholds, demonstrating that the observed gains
are not specific to a single decision threshold.

These findings suggest that the synthesized projections introduced meaning-
ful anatomical variability rather than merely increasing the number of nearly
identical training images. In particular, variations in projection angle and slab
selection exposed the detector to different appearances of the same vascular re-
gions, improving its ability to generalize to unseen subjects.

6 Conclusion

We presented a canonical multi-view framework for quality assessment of cere-
brovascular segmentations that reformulates localized three-dimensional quality
assessment as a detection task in canonical two-dimensional projection views.
By combining lightweight object detection with projection-based view synthesis,
the proposed approach achieved substantially higher performance than prompted
and LoRA-adapted VLMs while requiring only a fraction of their computational
resources. Our work shows that localized quality assessment of complex vascu-
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Fig. 3: Spurious skull segmentations detected as FP SSS. Left: jointly with the
SSS. Right: detected as the SSS.

lar structures can be addressed through anatomically standardized projection
views, avoiding the need for direct reasoning over the full 3D vascular tree.

The current framework has been demonstrated on the detection of erroneous
SSS segmentations. While its extension to other localized cerebrovascular QC
tasks and segmentation protocols appears straightforward, this would require
extending the training data to include labels for additional structures, both
vascular and non-vascular, a broader range of segmentation errors, and more
fine-grained bounding boxes that better characterize the detected error type
(Fig. 3).
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