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Abstract. Accurate coronary artery segmentation from Digital Sub-
traction Angiography (DSA) is critical for computer-aided cardiovascular
diagnosis and intervention. In DSA, contrast wash-in provides charac-
teristic temporal perfusion cues, i.e., vessels progressively enhance over
time, which can help distinguish true vessels from dark non-vessel tubu-
lar structures and improve recognition under low-contrast conditions by
comparing neighboring frames. However, exploiting such cues is non-
trivial, as cardiac motion introduces non-rigid vessel deformation and
misalignment across frames. Clinically, radiologists typically review the
entire dynamic injection process, but measure only a single key frame
where the vessel is maximally opacified. Based on this observation, we
present MACOS, a Motion-Aware COronary Segmentation frame-
work that leverages long-range temporal injection context to supervise
segmentation only on a key frame with maximal opacification. Specif-
ically, we first propose a Motion-Aware Gated Recurrent Unit (GRU)
module to explicitly estimate inter-frame displacement fields to align
features before aggregation, thus enabling robust spatiotemporal mod-
eling under cardiac motion. Then, to leverage unlabeled intermediate
frames, we further introduce a Physics-Informed Vessel Loss to enforce
monotonic vessel growth driven by contrast wash-in, for providing ef-
fective regularization without requiring dense annotations. Experiments
on 971 DSA sequences demonstrate that MACOS significantly outper-
forms state-of-the-art methods, improving robustness on typical chal-
lenging cases. To the best of our knowledge, MACOS is the first frame-
work to exploit long coronary DSA sequences for weakly-supervised ves-
sel segmentation with only key-frame annotation, and is validated on
the largest coronary DSA video dataset to date. Code is available at
https://github.com/Fitz-Fitz/MACOS.
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1 Introduction

Digital Subtraction Angiography (DSA) serves as the gold standard for cardio-
vascular diagnosis and interventional planning [4J14], where accurate segmenta-
tion of coronary vessels is crucial for visualizing vascular structures and comput-
ing quantitative clinical metrics [12]. In standard clinical workflows, radiologists
typically review the entire dynamic injection process but measure only the key
frame where the vessel is fully opacified.

Existing methods primarily operate on these key frames and fall into two
paradigms: (1) Single-frame models [I5I8I3] that process the key frame indepen-
dently using FCN-based architectures [I5] or multi-scale attention [3] to exploit
the vessel structure from static frame; (2) Sequence-based models [5I6] that in-
corporate a few preceding frames for local temporal context, i.e., employing 3D
convolutions in SVS-Net [5] and TVS-Net [6] for spatiotemporal feature extrac-
tion. However, both paradigms have critical limitations. Single-frame methods
ignore temporal perfusion cues induced by contrast wash-in, which are informa-
tive for distinguishing true vessels from dark non-vessel tubular structures and
improving recognition under low contrast. Sequence-based methods suffer from:
(i) Limited temporal scope, i.e., using only 2—4 frames (0.1-0.3 seconds) near
key frames [5], thus missing the onset-to-peak wash-in process whose tempo-
ral perfusion cues can provide a strong reference for suppressing static tubular
artifacts and recovering low-contrast segments; (ii) Motion-agnostic modeling,
i.e., simply using 3D convs by assuming spatial alignment across frames without
consideration of non-rigid cardiac deformation, thus leading to feature blurring.

To address these limitations, we present MACOS (Motion-Aware COronary
Segmentation), the first framework to exploit long coronary DSA sequences with
explicit motion compensation under weakly-supervised learning. To summarize,
our main contributions are: (1) We propose a Motion-Aware (MA) GRU module
to explicitly estimate displacement fields to align temporal features before aggre-
gation, enabling robust spatiotemporal modeling under cardiac motion. (2) We
introduce a Global Motion Loss and a Physics-Informed Vessel Loss to leverage
the hemodynamic monotonicity of contrast wash-in to regularize intermediate
features, enabling effective weakly-supervised learning with only key frame an-
notation. (3) We validate MACOS on the largest coronary DSA video dataset
to date (971 long sequences), outperforming SOTA methods, and also system-
atically analyze the impact of temporal configuration.

2 Methodology

2.1 Problem Formulation

Let V. = {I1,I5,...,I,...,I7} denote a DSA sequence of T frames, where
I, € RE*W represents the ¢-th frame. Following clinical practice, the last frame
I corresponds to the key frame with maximal vessel opacification, for which
a binary segmentation mask Y € {0,1}*W is provided. Our goal is to learn
fo that predicts the vessel map P = fy(V) for the key frame by exploiting
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Fig.1: An overview of the proposed MACOS framework.

spatiotemporal coherence across the entire sequence. We operate in a weakly-
supervised setting: only the key frame is annotated, while unlabeled intermediate
frames {I; }; <1 are used to provide temporal perfusion cues from contrast wash-
in and context for handling ambiguities under cardiac motion.

2.2 Overview

Fig. [1] illustrates the overall architecture of MACOS. Given an input DSA se-
quence V. = {I,I5,...,I;,...,Ir}, we first employ a shared U-Net-based en-
coder to extract hierarchical spatial features independently for each frame:

F, = fme(I,) = {F}, F?,...,FF}, te1,T], (1)

where F} € RE>HXWi denotes the feature map at scale [ with spatial resolution
downsampled by a factor of 2/~ of frame I; and [ € [1, L] denotes the scale index
with totally L scales.

To capture long-range temporal perfusion dynamics while explicitly handling
cardiac motion, we propose a MA-GRU module operating at each scale [. At time
t, it takes current frame feature F}, previous frame feature F} |, and previous
hidden state Z!_;, outputting the updated state and displacement:

Z;,Dy_y = MA-GRU(F/, F}_y, Z;_4), (2)

where D!_; € R2*HxWi represents the estimated displacement field from frame
t — 1 to frame ¢ at scale [. Critically, Z} ; is spatially warped by D! ; to align
with the current frame before applying GRU gating operations, ensuring motion-
compensated temporal aggregation which will be detailed in Sec. 23]

The motion-aligned spatiotemporal features { Z{ }2_, are fed into a shared de-
coder that progressively upsamples and fuses multi-scale features to reconstruct
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high-resolution features G!:
G = Faee(Up(GiTHY @ Z}), 1=L-1,....1, (3)

where GF = ZI', @ denotes channel-wise concatenation, and Fy.. consists of
convolutional blocks. A 1 x 1 convolution head on G} produces the per-frame
segmentation map P; € R¥*W  This generates a sequence of predictions P =
{Py,...,Pr}, where Pr is the final output for the key frame with direct su-
pervision, while intermediate predictions {P;}:<r are regularized through our
physics-informed loss (detailed in Sec. . The segmentation loss for the key
frame combines binary cross-entropy and Dice:

Eseg - ‘CBCE(PTv Y) + ‘CDice(PTy Y) (4)

2.3 Motion-Aware GRU Module

Standard ConvGRU assumes spatial correspondence between frames, without
consideration of cardiac motion, which causes blurred features and ghosting ar-
tifacts that degrade segmentation quality. Our MA-GRU (Fig. b)) explicitly
estimates and compensates inter-frame motions before aggregation. Given the
current spatial feature F! and previous feature F,_; at scale [, a lightweight
motion estimation network predicts the inter-frame displacement field:

Diy = My([F/, Fi ), (5)

where M consists of three convolutional layers with kernel size 3 x 3, and [+, -]
denotes channel-wise concatenation. The estimated displacement field is then
used to warp the previous hidden state to align it with the current frame:

Zéfllign = W(Zé—hpi—l)v (6)

where W(, -) denotes bilinear spatial warping using a differentiable grid sampler.
The motion-aligned hidden state Z /" is then used as:

Ul = o(Conv([F}, Z*#))), Rl = o(Conv([F}, Z:™)),
Z! = tanh(Conv([F!, Rl © zI*1")), (7)
Zh=(1-UheZ + Ul oz,

where U} and R. are the update and reset gates, respectively, o is the sig-
moid activation, and ® denotes element-wise multiplication. By operating on
motion-aligned features, this formulation ensures temporal aggregation to focus
on anatomically consistent vascular structures across frames, thus significantly
enhancing robustness against cardiac motion artifacts.

To supervise the motion estimation, we introduce the Global Motion Loss
Limot, which implements masked photometric consistency. Unlike natural videos,
DSA sequences violate the brightness constancy assumption due to progressive
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contrast agent wash-in, where vessel intensities increase over time. We therefore
restrict photometric supervision to background motion by masking out vessel
areas:
1« 1 12
Lot = 77— Y =P)© (I = W1, D)) + VD 3) s (8)
t=2

where P, is the predicted vessel map that identifies contrast-enhanced regions
to be excluded, and the spatial gradient term +||VD}{_,||% enforces smoothness
for anatomically plausible motion fields. Complementarily, the displacement in
vessel regions is supervised through physics-informed constraints that exploit
hemodynamic monotonicity, as detailed in Sec.

2.4 Physics-Informed Vessel Loss

During contrast injection, vascular structures progressively emerge from invisible
to fully opacified, exhibiting monotonic vessel growth. That is, visible regions
only expand or persist, and never shrink, until peak opacification. Unlike pho-
tometric consistency that relies on brightness constancy (violated by contrast
wash-in), this monotonicity constraint provides a physics-based prior that holds
specifically in vessel regions, enabling spatiotemporal regularization without any
annotation.

Formally, let P, € R*W denote the predicted vessel map at time t. We
warp P;_; forward to frame t using the estimated displacement field as P{_; =
W(P;_1,D}_;), where D}_; is the finest-scale displacement field from Sec.
Under monotonic growth, the motion-compensated response should be non-
decreasing, i.e., P[_;(i,j) € P(i,j) for all pixels (i,7). We thus penalize the
fraction of vessel that disappears after alignment:

o) — ZeaRLUPLA)) = P )
Zi,j P/_1(i,)) + €
L min(PL_, (i, 5), Pi(i, )
Zi,j P{_1(i,)) + € ’

The numerator accumulates the unmatched vessel response ReLU(P/_; — P;),
normalized by the total vessel in P/_;. Equivalently, minimizing this unmatched
vessel maximizes the matched overlap vessel min(P/_;, P;). ¢ = 1075 prevents
division by zero. The Physics-Informed Vessel Loss averages over all temporal
transitions:

9)

=1-

T
1
Lphy = T_1 Zﬁphy(t)- (10)
t=2

By propagating constraints backward from the fully-supervised key frame through
intermediate predictions, this loss provides effective regularization for temporal
consistency without requiring dense frame-level annotation, enabling scalable
weakly-supervised learning.



6 H. Wu et al.
2.5 Overall Training Objective

The complete training objective combines three complementary loss terms:
»Ctotal = »Cseg + )\1£mot + >\2£'phy7 (11)

where £,,,: denotes the Global Motion Loss, Ly}, denotes the Physics-Informed
Vessel Loss, and the hyperparameters A\; and \; balance these objectives.

3 Experiments

3.1 Dataset and Evaluation Metrics

Dataset. We evaluate MACOS on a large-scale coronary DSA dataset collected
from two clinical centers, comprising 971 angiography sequences with a dura-
tion of 3 seconds each. Each sequence is standardized such that the first frame
captures the pre-injection phase (with no visible contrast), and the last frame
corresponds to the key frame with maximal vessel opacification. Ground-truth
vessel masks for key frames were manually delineated by three experienced in-
terventional radiologists to ensure annotation quality. The dataset is partitioned
at the patient level into 703/72/196 for training, validation and testing, respec-
tively. It provides the first long-sequence benchmark and the largest dataset
for coronary DSA vessel segmentation to date. This represents a significant ad-
vancement over existing sequence-based datasets [5lJ6], which contain only 24
frames near to the key frame spanning 0.1-0.3 seconds (120 and 60 sequences,
respectively).

Evaluation Metrics. We evaluate segmentation performance using five stan-
dard metrics: Dice score (Dice), Intersection over Union (IoU), Precision, Recall,
and Average Surface Distance (ASD in pixels).

3.2 Implementation Details

MACOS is implemented in PyTorch and trained on NVIDIA H20 GPU with a
batch size of 8. The backbone adopts a standard U-Net [9] architecture, process-
ing inputs at resolution 256 x 256. For each training sequence, we uniformly sam-
ple T' = 6 frames spanning the entire injection process. The network is trained for
150 epochs using the Adam optimizer with an initial learning rate of 10~#, which
is reduced by a factor of 0.1 at epochs 50 and 100. Loss balancing weights are
set to Ay = 0.3 and Ay = 0.5 based on validation performance. Data augmenta-
tion strategies include random rotation (415°), horizontal /vertical flipping, and
Gaussian noise to improve generalization.
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Table 1: Comparison with SOTA methods. Values are presented as mean (std).
Method Dice (%) IoU (%) Precision (%) Recall (%) ASD (pixel)
UNet [9] 80.18(6.32) 67.48(8.15) 81.63(7.12) 79.84(7.45) 2.94(1.99)

AttentionUNet [IT]| 81.14(5.98) 69.49(7.88) 81.81(6.54) 80.50(7.11) 2.78(1.63)
UNet++ [16] 81.58(5.45) 69.47(7.21) 81.76(6.12) 82.36(6.89) 2.68(1.55)
SwinUNet [I] 80.99(6.14) 67.94(7.94) 80.53(6.87) 81.39(7.23) 3.09(1.92)
TransUNet [2] |81.80(5.87) 68.44(7.76) 81.19(6.65) 82.22(7.04) 2.99(1.81)
VM-UNet [10] |81.27(5.79) 69.06(7.65) 82.51(6.23) 80.97(7.15) 2.81(1.75)

) ( ) (
) ( ) (
) ( ) (
) (

HVM-UNet [I3] |82.56(5.23) 71.70(7.15) 83.11(5.95) 81.24(6.67) 2.41(1.45)
nnUNet [7] 84.07(4.92) 73.31(7.05) 85.17(5.88) 82.22(6.54) 1.77(1.02)
SVS-Net [5] 83.17(5.40) 71.81(7.10) 82.32(6.01) 83.40(6.32) 1.88(1.15)
TVS-Net [6] 83.99(5.25) 72.76(6.95) 84.83(5.82) 83.99(6.15) 1.96(1.21)

MACOS 85.47(4.67) 74.90(6.83) 86.55(5.77) 84.90(6.75) 1.47(0.92)

Key-Frame TransUNet nnUNet

Case 1

Case 2

Case3 &

Fig.2: Visual comparison on three typical challenging cases including out of
plane motion (Case 1), low-contrast capillaries prone to false negatives (Case 2),
and boundary ambiguities from complex background interference (Case 3).

3.3 Comparison with SOTA Approaches

We compare MACOS against state-of-the-art methods, including CNN-based
(UNet [9], Attention UNet [11], UNet++ [I6], nnUNet [7]), Transformer-based
(SwinUNet [I], TransUNet [2]), Mamba-based (VM-UNet [10], HVM-UNet [13]),
and sequence-based (SVS-Net [5], TVS-Net [6]). For fair comparison, single-
frame methods are trained on key frames only, while sequence-based methods
use the same temporal input as MACOS.

As shown in Table [T} MACOS achieves the best performance across all met-
rics. Compared with the second best nnUNet [7], MACOS improves Dice by
1.40%, demonstrating the benefit of leveraging temporal information. Compared
to sequence-based methods SVS-Net [5] and TVS-Net [6] with 3D convolutional
aggregation, MACOS highlights its advantage of explicit motion compensation
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Table 2: Ablation on component contributions and temporal configurations.
Configuration | Dice (%) IoU (%) Precision (%) Recall (%) ASD (pixel)
Component Analysis

Baseline (U-Net) 80.18(6.32) 67.48(8.15) 81.63(7.12) 79.84(7.45) 2.94(1.99)

+ ConvGRU 83.06(5.40) 71.47(7.40) 84.02(6.30) 82.76(6.90) 2.05(1.45)

+ MA-GRU 84.76(4.90) 73.34(6.95) 85.44(6.00) 83.92(6.60) 1.65(1.10)

+ Physics Loss (Full)|85.47(4.67) 74.90(6.83) 86.55(5.77) 84.90(6.75) 1.47(0.92)

Temporal Configuration (Frame Rate)

MACOS (FPS=1) 85.00(4.75) 74.25(6.95) 86.05(5.95) 84.55(6.90) 1.55(0.98)

MACOS (FPS=2) 85.47(4.67) 74.90(6.83) 86.55(5.77) 84.90(6.75) 1.47(0.92)

MACOS (FPS=3) 85.28(4.70) 74.60(6.85) 86.32(5.85) 84.75(6.80) 1.50(0.95)

MACOS (FPS=4) 85.14(4.72) 74.40(6.90) 86.18(5.90) 84.63(6.85) 1.52(0.96)

Frame 1 Frame 2 Frame 3 Frame 4 Frame 5 Frame 6 GT Mask

Input
Sequence

nnUNet

Fig. 3: Visualization of temporal prediction on the whole sequence.

for long-sequence modeling. MACOS also achieves much better segmentation
performance on three typical challenging cases as presented in Fig. 2] Fig. [3] fur-
ther shows temporally visualization across the injection sequence, finally leading
to a more accurate segmentation on the key frame.

3.4 Ablation Studies

Component Analysis. As shown in Table (top), we ablate key components of
MACOS. The baseline U-Net achieves 80.18% Dice. Adding ConvGRU improves
performance to 83.06% Dice, validating the benefit of temporal aggregation. Re-
placing ConvGRU with MA-GRU further improves Dice to 84.76%, demonstrat-
ing that explicit motion compensation better handles cardiac motion. Finally,
incorporating the Physics-Informed Vessel Loss yields the best performance while
reducing ASD, confirming that hemodynamic constraints can provide effective
regularization without requiring additional annotation.
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Impact of Temporal Configuration. We investigate how frame rate affects
segmentation. As shown in Table [2| (bottom), lower FPS degrades performance
as large inter-frame motion exceeds the compensation capacity, while higher FPS
yields smoother motion but diminishing returns due to redundant frames under
sparse supervision. The optimal trade-off is achieved at FPS=2.

4 Conclusion

We present MACOS, which to the best of our knowledge is the first motion-
aware framework to exploit long coronary DSA sequences for weakly-supervised
vessel segmentation with only key-frame supervision. Experiments on 971 clini-
cal DSA sequences (the largest coronary DSA video dataset to date) show that
MACOS achieves state-of-the-art performance and improves robustness under
typical challenging conditions, highlighting the value of explicit motion compen-
sation and physiology-guided temporal regularization.
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