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Abstract. Automated coronary artery segmentation from X-ray coro-
nary angiography (XCA) remains limited by scarce and heterogeneous
annotations. Building on anatomy-guided masked autoencoder (MAE)
pretraining, we present a systematic ablation study across three axes:
the degree of anatomy-guided masking, the pretraining objective (re-
construction only, reconstruction with a vascular topology-preservation
loss, and a further feature-consistency objective), and the fine-tuning
strategy (full, partial, frozen). The encoder is pretrained on over 65,000
unlabelled XCA frames and transferred to downstream segmentation us-
ing 1,200 labelled images from ARCADE. We evaluate in-domain per-
formance on a held-out test set and out-of-domain performance on an
external dataset (DCA1), showing that pretraining consistently improves
segmentation metrics over supervised baseline. Notably, full loss pretrain-
ing with partial fine-tuning and low anatomy-guided masking achieved
the strongest balanced in-domain performance, reaching mean Dice of
0.77 and mclDice of 0.85 on in-domain dataset. Cross-domain analy-
sis showed fine-tuning depth benefited both domains, whereas increas-
ing pretraining objective complexity helped only in-domain at low-to-
moderate masking and degraded both domains at high masking. Over-
all, our results show that MAE-based pretraining improves coronary
segmentation robustness, with reconstruction-only pretraining, moder-
ate anatomy-guided masking, and full or partial fine-tuning consistently
yielding the most robust transfer in and out of domain datasets.
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1 Introduction

X-ray coronary angiography (XCA) is the gold standard for coronary vasculature
assessment, supporting stenosis quantification, Coronary Artery Disease diagno-
sis, and risk stratification [18]. XCA-derived measurements also hold broader
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research potential as proxy markers linking coronary phenotype to poorly un-
derstood cardiovascular outcomes [23]. Despite this value, XCA analysis re-
mains challenging: images are two-dimensional projections of complex three-
dimensional vascular networks, prone to vessel overlap and acquisition variabil-
ity. Manual quantification is thus time-consuming and operator-dependent [5].

Deep learning has established itself as the leading approach for automated
coronary artery segmentation from XCA, producing the structured vascular rep-
resentations needed for quantitative analysis at scale. Over the past decade, su-
pervised methods have dominated the field, relying on either radiologist-annotated
masks or pseudo-masks extracted semi-automatically via classical approaches
such as the Frangi filter [10]. Most published work builds on well-established
encoder-decoder architectures, with U-Net and its variants being the predomi-
nant choice [26, 20, 24, 2]. Beyond architectural design, topology-aware loss func-
tions have been introduced to better preserve vascular structure during training.
These include skeleton-based losses [25], connectivity-preserving losses [12], and
focal loss variants adapted for tubular structures [14, 1].

However, supervised approaches depend heavily on high-quality annotations,
which remain scarce. Labelling conventions vary substantially across public datasets,
with some providing only coarse major-vessel delineations, while others offer
dense pixel-level annotations. These inconsistent, heterogeneous annotations in-
troduce contradictory supervision signals for the same anatomical structures,
undermining model generalisation. As a result, there is a growing interest in
self-supervised learning (SSL) to reduce the dependence on manual annotations.
SSL broadly encompasses contrastive methods, which learn by pulling together
augmented views of the same image while pushing apart views from different
images [7, 8], and self-prediction methods such as Masked Autoencoders (MAE)
[13], which learn by reconstructing randomly masked image regions.

Early evidence has demonstrated the potential of applying these paradigms
to XCA through frame-level self-supervised pretraining. However, transferring
SSL methods developed for natural images to this domain requires careful adap-
tation, as standard augmentation strategies and random masking can inadver-
tently destroy diagnostically relevant vascular structures, where fine vessel detail
carries direct clinical value [16]. CM-UNet [6] uses contrastive-MAE pretrain-
ing on the 1,738-image FAME2 dataset. Fine-tuning on 18 versus 500 images
caused only a 15.2% Dice score drop, compared to 46.5% for non-pretrained
baselines. However, the small pretraining dataset limits generalizability conclu-
sions. VasoMIM [15] introduced a MAE pretraining framework enhanced with
anatomy-guided masking and an anatomical consistency loss, trained on 170k
images across six datasets, achieving state-of-the-art transferability. However, its
reliance on Frangi-based pseudo-labels provides only coarse structural guidance.

While anatomy-guided masking [15] and segmentation-aware pretraining losses
[11] have each been explored independently, their interaction, and the extent
to which each component contributes to downstream transferability, remains
poorly understood. In this work, we present a systematic study of anatomy-
aware MAE pretraining for coronary artery segmentation, in which we isolate
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and evaluate three factors: (i) the degree of anatomy-guided masking, driven
by pseudo-labels from a pretrained segmentation model [11]; (%) the pretrain-
ing objective, comparing plain reconstruction, reconstruction augmented with
a segmentation-consistency loss [11] targeting tubular vascular structure, and a
further addition of a feature-consistency loss inspired by V-JEPA [3]; and (iii)
the fine-tuning strategy, comparing full, partial, and frozen-encoder transfer.
Pretraining is conducted on over 65,000 unlabelled angiographic frames, and the
resulting encoders are fine-tuned on 1,200 labelled images. We evaluate down-
stream segmentation not only on an in-domain held-out test set, but also on an
out-of-domain dataset, providing a rigorous assessment of generalisation.

2 Methods

2.1 Dataset

Table 1 summarises the datasets used for pretraining and downstream segmenta-
tion, spanning multiple vendors and preprocessed into a unified format retaining
only contrast-visible frames.

Dataset Role Train Val/Test Vendor

CoronaryDominance [17]" Pretrain 23,165 2,620 Philips Allura Clarity / Philips Azurion
DeepSA (LM-CAD) [27] Pretrain 37,930 1,000 Unknown

XCAD [19] Pretrain 1,459 162 GE Innova IGS 520

X-Ray-Syntax-Score [21] Pretrain 3,028 405 Philips Allura Clarity / Siemens Axiom Artis
Pretrain Total 65,582 4,187

ARCADE [22] Downstream (train/val) 1,000 200 Philips Azurion 3 / Siemens Artis Zee
ARCADE [22] Downstream (test) - 300 *

DCAL [4] Downstream (test) 134 Unknown

Table 1: Pretraining and downstream segmentation datasets. TVideo sampled at
k=5. *Same acquisition sites as ARCADE train/val.

2.2 Pretraining architecture and implementation

As pretraining backbone, we adopt ViT-B/16 [9] (patch size 16x 16, D=768, 12
blocks, 12 heads, MLP ratio 4). Masked regions are zeroed in pixel space before
patch embedding, so the encoder E always processes the full token sequence. A
lightweight decoder (4 transformer blocks) receives the encoder feature map and
reconstructs the full image via a linear projection head followed by unpatchify
operation, as shown in Fig. 1A.

The reconstruction loss is inspired by the ViT-MAE masking-and-reconstruction
strategy [13], adapted as dense pixel-space inpainting: masked patches are zeroed
out before tokenization rather than dropped as tokens, so the encoder always
sees a full-resolution input. We compare two masking strategies: random 32x32
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Fig. 1: Proposed architecture. (A) MAE ViT B/16 encoder for pretraining, (B)
ViT decoder for pretraining, (C) Convolutional decoder for downstream seg-
mentation.
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patch masking with probability p,an4, and anatomy-guided 8x8 patch masking
with probability pan.: restricted to patches overlapping vessel centerlines, ex-
tracted from a prior ARCADE-trained model [11]. Since panq: is defined only
over anatomically eligible patches, the two occlusion levels are not summative;
the masks are combined as a pixel-wise union and may overlap.

Beyond masking, we assess how much additional anatomical and semantic
guidance benefits pretraining by comparing three progressively richer loss objec-
tives: reconstruction alone, reconstruction with a segmentation-consistency term,
and reconstruction with both segmentation- and feature-consistency terms.

The segmentation consistency loss reuses FLOw-Loss, previously intro-
duced for centerline-aware segmentation [11]: the reconstruction & is passed
through a frozen segmentor S to obtain § = S(Z), and the loss is computed
between g and cached pseudo-labels, with gradients flowing back through S into
the encoder to encourage anatomically consistent representations. We further
implement an in-house feature-consistency loss, adapting JEPA’s principle
of predicting stable latent representations across masked and unmasked views: a
target encoder Frypa (an EMA copy of E) processes x and & into pooled feature
maps z and £, whose cosine similarity is maximised. Unlike V-JEPA’s predictor-
based objective, we use this simpler pooled-feature formulation to test whether
representation-level supervision adds value beyond pixel- and segmentation-level
signals.

The total pretraining loss, combining reconstruction, segmentation, and fea-
ture terms, can be expressed as L = ApecLrec + AsegLseg + AfeatLfeat, Where
Arecy Asegs and Ageqs are set to 1.0, 0.1, and 0.1 respectively, chosen empirically
based on early-epoch validation performance.

2.3 Segmentation architecture, implementation and evaluation

For downstream segmentation, the pretrained ViT encoder is coupled with a
convolutional decoder using skip connections from blocks 2, 5, and 8, projected
to 512, 256, 128, and 64 channels via 1x1 convolutions and fused through
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transposed-convolution upsampling stages with double Conv-BN-ReLU blocks
(Fig. 1C).

Three transfer strategies are evaluated against the same ViT-UNet trained
from scratch (supervised baseline): full fine-tuning updates all encoder weights;
partial freezing freezes early layers while updating deeper ones; and full freezing
uses the encoder as a fixed feature extractor training only the decoder.

Segmentation is evaluated using Dice, clDice, their masked variants (mDice,
mclDice) and precision, following [11]. Masked variants restrict evaluation to
annotated regions, mitigating false-positive penalisation in partially annotated
datasets. Statistical comparisons use the Wilcoxon signed-rank test (p<0.05).

2.4 Implementation details and ablation design

All pretraining experiments use the AdamW optimiser with a base learning rate
of 1 x 107*, weight decay of 1 x 1075, and a cosine annealing schedule, for a
total of 100 epochs with batch size 32. Input images are resized to 512 x 512; no
additional data augmentation is applied beyond masking. The EMA decay for
the target encoder is set to 7 = 0.996.

To isolate the contribution of each design choice, we ablate three factors
independently. First, the pretraining objective: reconstruction only (L,ec),
reconstruction with segmentation consistency (Lrec + Lseq), and the full loss.
Second, the anatomy-guided masking proportion, p,,.: € {0,0.3,0.5,0.7},
with fixed prqng = 0.5. Third, the fine-tuning strategy used to transfer the
pretrained encoder to downstream segmentation: full fine-tuning, partial freez-
ing, and full freezing of encoder weights. Pretraining was run on a single NVIDIA
A40 GPU (48 GB), with 8 CPU workers for data loading.

For downstream segmentation, models are trained with AdamW (Ir = 1 x
10~*, weight decay 1 x 1079) for 100 epochs, monitored on validation Dice, with
batch size 32. Segmentation experiments were run on a single NVIDIA L40S
GPU (48 GB), with 20 CPU workers and 56 GB RAM.

3 Results

Fig. 3 summarises segmentation performance across masking ratios, fine-tuning
strategies, and pretraining loss configurations for Dice, clDice, mclDice and pre-
cision in the test datasets, with segmentation examples in Fig. 2.

Overall, pretraining outperformed the supervised ARCADE baseline (dot-
ted line, Fig. 3) in the majority of the 72 configurations tested, with consistent
gains in vessel recovery and topological completeness (Dice, clDice, mclDice),
though improvements in Precision were less uniform and more sensitive to the
specific loss, masking, and fine-tuning strategy. The best configuration varied by
dataset: on ARCADE, the full loss with partial fine-tuning and low anatomy-
guided masking (pane:=0.3) gave the strongest balanced performance (Dice:
0.77; mclDice: 0.85), although reconstruction-only pretraining with partial fine-
tuning and intermediate anatomy-guided masking (pane: = 0.5) achieved the
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best masked vessel performance (mDice: 0.830; mclDice: 0.868), as shown quali-
tatively in Fig. 2. On DCA1, reconstruction-only pretraining without anatomy-
guided masking and partial fine-tuning performed best (Dice: 0.65; mclDice:
0.81), though at the cost of lower precision.

Loss configuration. Averaging across all datasets, masking ratios, and fine-
tuning strategies, reconstruction-only pretraining (L,...) provided the strongest
mean performance (Dice: 0.67; clDice: 0.74). The best configuration within each
loss type supported this ranking, with L,.. reaching the highest global average
under partial fine-tuning and pgnq:=0.5 (Dice: 0.70; clDice: 0.79). This ranking
held at the dataset level, with L,... achieving the highest mean Dice and clDice
on ARCADE and DCA1 individually. Notably, this advantage is largely driven
by frozen-encoder transfer: on ARCADE and DCA1, freezing the encoder after
Lyec+Lgeg or full-loss pretraining caused a marked performance drop as papnqt in-
creased, often falling below baseline, whereas L,...-pretrained encoders remained
stable and above baseline across all masking levels under frozen transfer. This
suggests that reconstruction-only pretraining yields representations that trans-
fer well even without fine-tuning, while the auxiliary segmentation- and feature-
consistency terms require full or partial adaptation to be effective.

Image GT Best global  Best ID-OOD Baseline

\
7
DCA1 \

Fig. 2: Segmentation masks vs. ground truth (GT): supervised baseline, the best
global configuration (Lec, Panat=0.5, partial fine-tuning) and the best external-
domain configuration (Lyec, Panat=0, partial fine-tuning).

Masking strategy. Overall, lower anatomy-guided masking ratios were more
robust across domains. Averaging over all loss configurations, datasets, and fine-
tuning strategies, panet=0 achieved the highest mean Dice (0.67) and clDice
(0.74), followed monotonically by pgnq:=0.3, 0.5, and 0.7 (Dice down to 0.60,
clDice down to 0.68). This indicates that aggressive anatomy-guided masking
over-constrains the representation, particularly under frozen-encoder transfer.

Fine-tuning strategy. Averaged across all loss configurations, masking ra-
tios, and datasets, partial fine-tuning achieved the highest combined performance
(Dice: 0.684, clDice: 0.755, Precision: 0.680), closely followed by full fine-tuning
(Dice: 0.682, clDice: 0.755, Precision: 0.674), whereas frozen-encoder transfer
was substantially lower (Dice: 0.551, clDice: 0.606, Precision: 0.655). Adapting
the pretrained encoder consistently improved Dice, clDice, and Precision relative
to frozen transfer on both datasets, with partial and full fine-tuning performing
comparably throughout.
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In-/out-of-domain consistency (ID-OOD). We evaluated cross-domain
stability via the ID-OOD gap (A), defined as the absolute difference between
ARCADE test and DCA1. Fine-tuning strategy had the largest effect: full and
partial fine-tuning reached similar raw performance (Dice: 0.64-0.77 in-domain,
0.57-0.65 out-of-domain; clDice: 0.69-0.80 in-domain, 0.65-0.77 out-of-domain)
and similar A, while the frozen backbone scored lower on both domains (Dice
A up to 0.17). Pretraining objective determined how robust A was to masking.
Reconstruction-only kept the Dice gap nearly flat across masking levels (A 0.12—
0.13; clDice A 0.03-0.05). Adding segmentation and feature-consistency losses
produced a wider gap at low-to-moderate masking (Dice A 0.14 at panaq:<0.3)
that narrowed sharply at pgnqt=0.7 (Dice A 0.07), driven by ARCADE perfor-
mance collapsing toward the DCA1 level rather than by improved transfer.

4 Conclusion

We presented a systematic study of anatomy-aware MAE pretraining for coro-
nary artery segmentation in XCA, isolating the impacts of anatomy-guided
masking, auxiliary objectives, and transfer strategies, extracting some key in-
sights. First, pretraining improved significantly over the supervised base-
line in most configurations. Second, reconstruction-only MAE gave the most
robust transfer, suggesting reconstruction alone learns transferable vascular rep-
resentations that benefit downstream adaptation. The segmentation-consistency
term appears redundant with reconstruction, as the same segmentor generates
both the pseudo-labels and the consistency target, while the feature-consistency
term reflects an objective mismatch: comparing globally pooled representations
collapses the spatial resolution a dense segmentation target requires, better
suited to classification than to fine-grained vessel localisation. Third, lower-to-
intermediate anatomy-guided masking best balanced in-domain performance and
OOD consistency, consistent with VasoMIM [15], suggesting aggressive anatom-
ical masking over-constrains the vessel representation. Fourth, adapting the pre-
trained encoder remained important: initialization alone was not enough with-
out task-specific fine-tuning. Even if our work provides valuable insights into
anatomy-aware MAE pretraining for coronary artery segmentation, several as-
pects should be considered when interpreting the results. The anatomical super-
vision may reflect biases from ARCADE-style annotations, since the frozen seg-
mentor used to generate pseudo-labels was trained on that dataset. Future work
could mitigate this effect by incorporating more diverse pseudo-label sources,
for example by combining model-based labels with vessel-enhancement filters.
Additionally, evaluation relies on a single external test set, although results may
vary on datasets with different annotation patterns.

Acknowledgments. This research was funded by the EU’s Horizon Programme
(Grant N 101137278 — CVDLINK). The views expressed are solely those of the au-
thors and do not represent the EU or the European Health and Digital Executive
Agency, which are not responsible for them.
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