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Abstract. Computed tomography angiography is widely used to visu-
alize vascular anatomy. Accurately distinguishing the inner lumen from
the outer vessel wall is essential for many clinical and research tasks,
yet in routine practice this delineation is typically performed manually
by radiologists. Recent deep learning approaches aim to automate this
process, but they generally rely on large, and often private, manually
annotated datasets, incurring substantial labeling cost and observer-
dependent variability. To address these limitations, we propose a pipeline
that is pre-trained on a large set of synthetically generated contour anno-
tations (requiring no manual labeling) and then fine-tuned using a small
set of manually corrected data. We evaluate the method with a multi-
annotator study to benchmark performance against human variability.
After fine-tuning with n=400 cases, our method achieves a mean MAE
of 0.493 mm (vs. Reader 1) and 0.643 mm (vs. Reader 2), closely match-
ing inter-annotator variability (0.500 mm). We also report labeling cost,
where n=400 corresponds to ≈6 hours of correction time in our setting.
We also analyze performance as a function of variable n manual super-
vision. In a blinded preference test, an independent radiologist selected
the model prediction over the human annotation in 56.8% (vs. Reader 1)
and 67.6% (vs. Reader 2) of comparisons. Overall, these results indicate
that the proposed approach substantially reduces annotation effort while
approaching observed inter-reader variability, enabling scalable and re-
producible lumen and vessel-wall delineation for downstream analysis
with limited manual supervision.

Keywords: Computed Tomography Angiography · Vessel Delineation ·
Label-efficient Learning · Synthetic Pretraining.

1 Introduction

Cardiovascular diseases (CVDs) remain the leading cause of mortality worldwide,
accounting for roughly 32% of all deaths (≈ 19.8 million annually) [19]. Quan-
titative vessel assessment (e.g., lumen diameter, wall thickness, plaque burden)
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Fig. 1. Overview of the proposed two-stage pipeline. A U-Net is first pre-trained on
automatically generated (synthetic) contour annotations and subsequently fine-tuned
(U-Net*) on a small set of manually corrected contours.

is central to diagnosis and therapy planning, and relies on accurate delineation
of both the inner lumen and the outer vessel wall. Computed tomography an-
giography (CTA) and black-blood MRI are widely used for this purpose due to
their availability and favorable contrast.

In current clinical workflows, this delineation is largely manual. Manual con-
touring is time-consuming and difficult to scale, especially over long vessel seg-
ments or multiple vessels. In our annotation setup, correcting a cross-sectional
slice took 53-58 s on average across readers (Table 2), implying that annotating
thousands of slices would require tens of hours of time. Moreover, substantial
inter-reader variability has been reported [16], reducing reproducibility and com-
plicating downstream analysis. These challenges motivate automated methods
that can provide consistent delineations while reducing workload.

Unsupervised pipelines typically combine hand-crafted vessel heuristics, such
as vesselness filtering, region growing, morphological operations, and contour
evolution, to estimate lumen and wall boundaries [8, 5]. While they minimize
labeling, their performance often depends on hand-tuned assumptions about
vessel appearance and acquisition protocols, limiting robustness.

Fully supervised deep learning methods have achieved strong performance
across modalities. A common strategy, particularly in black-blood MRI, is to
sample cross-sectional slices along a vessel centerline and perform 2D segmenta-
tion, where lumen and wall are most separable [1, 4, 20]. Learning-based strate-
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Table 1. Training set sizes reported in related work. For 2D methods we list the
number of annotated slices/cross-sections; for 3D methods we report the number of
training volumes when slice counts are not reported.

Study Mod. Dataset Train
slices

Train
volumes

Alblas et al. [1] MRI Challenge, CARE-II subset 2655 26
Rahlfs et al. [12] MRI Custom [16] 2654 202
Chen et al. [4] MRI CARE-II [23], KOWA [17, 21] 26008 925
Xu et al. [20] MRI Custom 9073 115

Serrano et al. [14] CTA Custom [15] — 22
Liu et al. [9] CTA MR CLEAN subset — 10

gies have also been explored in CTA in both 3D and 2D formulations [13, 9,
14]. However, these methods are data-hungry: training typically requires large,
carefully annotated datasets, which are costly to produce and often private,
hindering reuse and benchmarking. Table 1 summarizes the scale of annotated
training data reported in representative vessel-wall and CTA segmentation stud-
ies, motivating the need for label-efficient alternatives.

In this work, we reduce the reliance on expert annotation by leveraging syn-
thetically generated contour annotations (i.e., produced lumen and wall contours,
not synthetic images), and then using limited manual correction to align pre-
dictions with reader delineations. Specifically, we propose a two-stage pipeline
(Fig. 1) in which a model is first pre-trained on a large corpus of synthetic con-
tours generated without human intervention, and then fine-tuned on a small set
of manually corrected contours.

Our main contributions are: (i) We propose a label-efficient two-stage train-
ing strategy for CTA lumen and vessel-wall delineation, combining large-scale
pre-training on generated contour annotations with low-data fine-tuning on man-
ually corrected contours. (ii) We benchmark performance against human vari-
ability via a multi-annotator study, enabling direct comparison of model–reader
and inter-reader disagreement. (iii) We quantify performance as a function of
the number of manual fine-tuning samples, demonstrating competitive accuracy
under limited supervision.

2 Material and Methods

2.1 Dataset

A dataset of 3D CT scans was acquired at a single site using a NAEOTOM Al-
pha photon-counting scanner (Siemens Healthineers AG, Forchheim, Germany).
Using manually annotated vessel centerlines, we sampled axial cross-sectional
slices along each centerline at intervals of 0.5mm. Each slice spans 60× 60mm2

and is represented at a resolution of 128×128 px2, corresponding to an isotropic
spacing of approximately 0.47mm. The dataset covers multiple vascular terri-
tories across the body, including head/neck, thoracoabdominal, and peripheral
lower-limb vessels (Table 2).
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Table 2. Distribution of cross-sectional slices across splits, stratified by vessel type.
Manual slices are split into development and evaluation; annotation time reports per-
slice correction time in seconds (mean ± std) for each reader. Left/right (and similar
variants) are aggregated within each vessel category.

Vessel Synthetic
Manual Annotation Time [s]

Develop. Eval. Reader 1 Reader 2

Runoff 14729 124 342 61.4 ± 45.1 55.3 ± 45.2
Aorta 11442 94 287 64.4 ± 51.8 65.1 ± 65.7

Carotis 8197 88 243 55.2 ± 39.4 49.2 ± 72.4
Tibialis 3768 27 88 47.1 ± 31.1 35.8 ± 24.6

Vertebralis 3264 34 109 49.3 ± 46.4 40.1 ± 38.4
Femoralis 2293 18 84 62.6 ± 71.2 45.2 ± 28.6

Iliaca 1697 39 103 59.8 ± 39.8 56.2 ± 31.0
Fibularis 1274 13 24 44.0 ± 26.1 49.1 ± 70.1

Mesenterica 996 13 42 49.9 ± 42.2 62.4 ± 81.0
Poplitea 703 7 40 45.5 ± 36.4 41.1 ± 21.5
Renalis 663 15 50 50.6 ± 42.6 54.8 ± 41.1

Basilaris 20 2 3 39.0 ± 11.5 29.0 ± 11.5

Total 49046 474 1415 57.9 ± 46.3 52.9 ± 54.7

We randomly drew two non-overlapping subsets: a synthetic split and a man-
ual split. The manual split was further subdivided into development and eval-
uation. The development split was used only for hyperparameter selection and
method development, while the evaluation split was reserved exclusively for final
evaluation. There is no slice overlap between splits. We initially sampled 50,000
synthetic and 2,000 manual slices; after filtering failed automatic proposals and
a small number of quality-flagged cases, the final counts are 49,046 synthetic
slices and 1,889 manual slices (Table 2).

Inner-lumen and outer-wall contours were initially generated using a fully au-
tomatic approach [2]. For the synthetic split, these contours were used as-is, with-
out human intervention. For the manual split, corrections were performed inde-
pendently by two medical students (denoted Reader 1 and Reader 2 throughout
the paper) with prior experience in vascular image annotation. Both used iden-
tical initialization from the automatic contour proposals.

The annotation tool logged per-slice correction time, which averaged
57.9±46.3 s (Reader 1) and 52.9±54.7 s (Reader 2) over all manually corrected
slices (Table 2). This provides a concrete estimate of labeling effort and enables
reporting label efficiency in terms of annotation time.

2.2 Pipeline

Figure 1 summarizes the proposed two-stage training setup. We first pre-train
on the large synthetic split using fully automatic contour annotations, and then
fine-tune on the small (≈1%) manual-development split using human-corrected
contours. All results are reported on the held-out manual-evaluation split.

Task formulation in polar coordinates. Following prior work [4, 1], we convert
each Cartesian cross-section into a polar image centered at the vessel centerline.
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In polar coordinates, the inner-lumen and outer-wall boundaries are represented
as radius functions of angle, rin(θ) and rout(θ). We discretize the angular dimen-
sion into 128 steps (≈ 2.8◦ per step) and cast learning as regression: given a polar
image, the network predicts the two radius profiles as continuous arrays. For vi-
sualization, predicted profiles are mapped back to Cartesian contours, while all
evaluation is performed in polar coordinates.

Pre-training on synthetic annotations. We use a plain 2D U-Net backbone [7].
Radii are estimated with a differentiable softargmax-style operator along the
radial dimension [11, 10]. Inputs are normalized to zero mean and unit variance
(computed on the training split). We apply random rotations, additive Gaussian
noise, and HU intensity shifts for augmentation. Since automatic contours may
be noisy, we optimize the robust T-loss [6]. We train with Adam (lr = 10−4,
weight decay = 0.1) and reduce the learning rate on plateau (monitoring vali-
dation loss; patience = 3, factor = 0.1). Pre-training runs for up to 300 epochs
with batch size 32.

Fine-tuning on manual annotations. We fine-tune on the manually corrected
contours and randomly sample the target contour from the two readers during
training. Restricting fine-tuning to a single reader did not meaningfully change
performance. To mitigate overfitting under limited supervision, we freeze the
encoder (as early features tend to transfer better [22]) and progressively freeze
decoder blocks over training, inspired by FreezeOut [3]. Specifically, we freeze one
additional decoder block every five epochs while keeping the final layer trainable.
Fine-tuning runs for up to 50 epochs with batch size 4 using Adam (lr = 10−4,
weight decay = 10−4) with the same reducing schedule.

3 Experiment Setup

We evaluate the proposed two-stage pipeline with three goals: (i) quantify the
benefit of fine-tuning on n manually corrected contours over synthetic-only train-
ing, (ii) compare model-reader disagreement to inter-reader variability, and (iii)
assess whether the fine-tuned model is preferred over humans in a blinded study.

All models are pre-trained on the synthetic split and evaluated only on
the held-out manual-evaluation split. Manual supervision is introduced by fine-
tuning on n corrected cross-sections from the manual-development split (n=0:
synthetic-only; n=400: full fine-tuning). For each n, we fine-tune on 100 differ-
ent random subsets and report aggregate performance. Inter-reader agreement
is computed on the same evaluation set using identical metrics. For the blinded
preference test, a board-certified radiologist (> 5 years experience) reviewed 200
randomly sampled cases, each shown as two randomized contour overlays (A/B)
on the original image, and chose A better, B better, or Tie.

Metrics. Each cross-section is represented in polar coordinates by two 1D ra-
dius profiles (inner lumen and outer wall, in mm) sampled at 128 fixed angles.
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Fig. 2. Fine-tuning data efficiency. Performance on the held-out manual-evaluation
split as a function of the number of manually corrected fine-tuning samples n (n=0:
synthetic-only). Dots denote individual runs with different random subsets; large mark-
ers show the mean and shaded bands indicate 95% confidence intervals. Curves are
exponential fits used to estimate asymptotic performance. Dashed green lines report
inter-reader agreement on the same set, providing a human-variability reference.

Metrics are computed per slice (inner/outer averaged) and then averaged over
the evaluation set.

We report: MAE (mm): Mean Absolute Error between the predicted
and reference radius profiles. RMAE (%): Relative MAE, computed as the
MAE normalized at each angle by the reference radius and then averaged; an-
gles with zero reference radius contribute 0 (lower is better). DICE (0–1):
2×overlap/union, where overlap and union are computed from the areas under
the two radius profiles (areas approximated via trapezoidal integration; higher
is better). HD (mm): Undirected Hausdorff distance, defined as the maximum
of the two directed Hausdorff distances [18] between the radius profiles (lower is
better).

4 Results and Discussion

Fig. 2 summarizes how performance changes as the number of manually cor-
rected fine-tuning samples n increases. Across all metrics, fine-tuning yields con-
sistent gains over synthetic-only training, with improvements that flatten as n
grows. The small spread across random subsets indicates that performance is
not strongly driven by the specific slices selected for fine-tuning.
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Table 3. Synthetic-only (n=0) vs. fully fine-tuned (n=400) performance on the
manual-evaluation split, measured against each reader. Metrics are computed per slice
(inner and outer averaged in polar coordinates) and summarized over the evaluation
set. Bold indicates the better value for each metric within a reader.

Metric Model Reader 1 Reader 2
Mean Std ↓ Median Min Max Mean Std ↓ Median Min Max

MAE
[mm] ↓

Synthetic 0.639 0.475 0.492 0.083 4.842 0.820 0.382 0.731 0.162 2.413
Finetuned 0.493 0.424 0.324 0.082 4.724 0.643 0.344 0.557 0.108 2.207

RMAE
[%] ↓

Synthetic 13.90 10.30 10.10 3.70 65.30 19.20 12.40 15.30 3.60 98.20
Finetuned 9.90 6.00 8.10 2.70 52.80 14.30 9.20 12.10 3.30 102.40

DICE
[0–1] ↑

Synthetic 0.923 0.069 0.948 0.460 0.981 0.897 0.074 0.919 0.422 0.980
Finetuned 0.952 0.026 0.960 0.791 0.986 0.930 0.046 0.941 0.480 0.983

HD
[mm] ↓

Synthetic 1.359 1.067 1.047 0.196 14.188 1.626 0.919 1.383 0.314 13.764
Finetuned 1.123 0.995 0.779 0.218 10.943 1.337 0.814 1.147 0.263 10.440

Table 4. Blind evaluation results. Each row corresponds to one head-to-head compar-
ison. Numbers indicate how often the expert selected the method named in the column
as better than its opponent in that row; the last column reports ties. Bold indicates
the higher (preferred) percentage within each comparison.

Reader 1 Reader 2 Ours Tie

Reader 1 vs. Reader 2 62.7% 30.5% — 6.8%
Ours vs. Reader 1 37.8% — 56.8% 5.4%
Ours vs. Reader 2 — 30.9% 67.6% 1.5%

Table 3 compares the synthetic-only model (n=0) to the fully fine-tuned
model (n=400). Fine-tuning improves all metrics for both readers, i.e. reducing
mean MAE from 0.639→0.493mm (Reader 1) and 0.820→0.643 mm (Reader 2),
while also lowering variability (smaller standard deviations), indicating fewer
large-error cases.

Performance approaches inter-reader variability with limited supervision. The
green dashed lines in Fig. 2 report inter-reader agreement on the evaluation
set (MAE = 0.500mm, RMAE = 12.6%, DICE = 0.937, HD = 1.201mm).
As n increases, model–Reader 1 disagreement converges to this level (e.g., MAE
→ 0.496mm and DICE → 0.951), suggesting that remaining differences are com-
parable to typical reader-to-reader variability. In contrast, model–Reader 2 met-
rics plateau at a higher error level (e.g., MAE → 0.644mm, RMAE → 14.3%).
Together, these trends support the intended role of fine-tuning: synthetic pre-
training captures broadly valid vessel geometry, while a small amount of manual
correction calibrates the prediction to reader delineations.

Blind preference test favors the fine-tuned model. Table 4 summarizes the blinded
preference study. Overall, the radiologist often preferred the fine-tuned model
over either human annotation, while also expressing a preference for Reader 1
over Reader 2. In the accompanying qualitative feedback, the radiologist empha-
sized that the inner lumen contour was weighted more heavily during judging
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Fig. 3. Qualitative examples on the manual-evaluation split. Rows (top to bottom)
show Reader 1, Reader 2, synthetic-only (n=0), and fine-tuned (n=400) contours. Red
arrows highlight regions with the most visible differences.

because it is more clinically relevant, whereas the outer wall is not always clearly
visualized on CTA. When contours were otherwise comparable, smoother delin-
eations were typically preferred, as they better match angiographic experience
and appear more natural. Major differences were rare: the largest outer-wall dis-
crepancies occurred in two cases with mural thrombus (shown in Fig. 3), where
the estimated vessel boundary differed substantially. Additional disagreements
were noted near branch points and under beam-hardening artifacts. Overall,
however, the radiologist judged the observed differences to be small and not
clinically significant. Fig. 3 shows qualitative examples showing how fine-tuning
generally improves contour consistency and reduces local irregularities.

Limitations. This study focuses specifically on label-efficient contour delineation
and should be interpreted within that scope. First, we did not include a real-only
baseline or direct comparisons with other label-efficient strategies; these remain
important directions for future work once comparable CTA lumen/wall bench-
marks become available. Second, because the quantitative references were cor-
rected by trained student annotators rather than expert-consensus radiologists,
our blinded radiologist study should be viewed as a complementary, preference-
based validation rather than an absolute, gold-standard quantitative reference.
Finally, while fine-tuning consistently outperformed synthetic-only training, ro-
bustness to automatic centerline errors and potential residual bias from auto-
matically generated pretraining contours remain open questions.
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5 Conclusion

We presented a two-stage deep learning pipeline for lumen and vessel-wall de-
lineation in CTA that reduces the need for expert annotation. A U-Net is first
pre-trained on a large set of fully automatic (synthetic) contour labels and then
fine-tuned on a small set of manually corrected cross-sections, yielding accurate
and stable predictions with minimal supervision (≈ 6 hours of correction time
for n=400 in our setting). Fine-tuning consistently improved over synthetic-only
training across all metrics, reducing both average error and the frequency of large
outliers. Model–reader disagreement approached observed inter-reader variabil-
ity. Our data-efficiency analysis showed strong diminishing returns: most gains
were achieved with relatively few fine-tuning cases, after which improvements
saturated. In a blinded preference test, an independent radiologist preferred
the fine-tuned model over both annotators in the majority of comparisons, sug-
gesting improved consistency. Future work will evaluate generalization across
scanners and institutions, extend to additional vessels and pathologies, and add
uncertainty-aware outputs to support clinical editing and downstream analysis.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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