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Abstract. Accurate 3D coronary artery reconstruction from two non-
simultaneous Digital Subtraction Angiography (DSA) projections is im-
portant for guidance in complex cardiac interventions, yet remains unre-
liable in practice. Cardiac pulsation and respiration introduce non-rigid
motion between views, breaking rigid-geometry assumptions and caus-
ing cross-view misregistration, which often leads to vessel discontinu-
ities, ghosting artifacts, and topology errors in reconstructed volumes.
We propose NR-Align, a motion-aware non-rigid alignment module that
reduces cross-view mismatch on dual-view backprojected volumes be-
fore downstream 3D reconstruction. To enable controlled training and
analysis, we further build a physiology-driven simulation pipeline that
synthesizes realistic cardiopulmonary deformations and provides paired
3D vascular ground truth from Coronary Computed Tomography An-
giography (CCTA) volumes. Experiments on a synthesized dual-async
benchmark constructed from the ImageCAS dataset and on unseen real
clinical DSA cases show that NR-Align improves 3D Dice and reprojec-
tion agreement, and consistently reduces motion-induced artifacts, yield-
ing more coherent coronary reconstructions. Our code is available at
https://github.com/wpbzs/NR-Align.

Keywords: Coronary artery reconstruction · Asynchronous dual-view
DSA · Non-rigid motion compensation · Physiology-aware deformation
synthesis.

1 Introduction

Accurate 3D coronary artery reconstruction is critical for guidance in complex
cardiac interventions. In clinical Digital Subtraction Angiography (DSA), radi-
ation dose and contrast-agent constraints typically limit acquisition to only a
few 2D projections. More importantly, in single-plane systems, different views
are predominantly acquired non-simultaneously. Consequently, cardiac pulsation
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and respiration introduce non-rigid motion between views. This violates rigid-
geometry assumptions and yields severe cross-view structural mismatch, often
manifesting as vessel discontinuities, ghosting artifacts, and topology errors in
reconstructed volumes.

Recent work has demonstrated that two views can, in principle, contain suf-
ficient information for vascular reconstruction [1]. Beyond two-view feasibility,
related efforts also consider non-simultaneous angiography settings via integrated
calibration and centerline reconstruction [11] or 3D/2D structure matching un-
der imperfect segmentations [10, 9]. These studies highlight that handling non-
simultaneity and imperfect 2D cues is already challenging, even before account-
ing for cardiopulmonary non-rigid deformation. However, most sparse-view coro-
nary reconstruction approaches are developed and validated mainly on synthetic
data generated from Coronary Computed Tomography Angiography (CCTA)
volumes (e.g., ImageCAS [14]), including methods based on 3D Gaussian rep-
resentations or implicit fields [2, 4, 5]. While these methods advance sparse-view
reconstruction, they do not directly address the non-rigid cross-view mismatch
induced by asynchronous clinical acquisition, and motion is often simplified as
rigid or mild perturbations. Even improved angiography simulation efforts still
face challenges in faithfully modeling clinical variability and motion [6]. In prac-
tice, robust 2D vessel masks and correspondence cues are also non-trivial in
coronary angiography [8, 13, 7].

Among existing methods, DeepCA is most closely aligned with real interven-
tional scenarios by targeting reconstruction from non-simultaneous projections
and considering motion perturbations [3]. Nevertheless, the motion modeling in
its training pipeline largely relies on rigid approximations, which cannot authen-
tically capture cardiopulmonary non-rigid deformation in practice. More broadly,
learning-based deformable registration has been extensively studied in medical
imaging [16, 19, 20], suggesting that explicitly modeling non-rigid alignment with
topology-preserving deformation is a principled direction for improving robust-
ness under motion. Therefore, constructing physiologically consistent non-rigid
training data and explicitly compensating cross-view structural mismatch prior
to reconstruction remain urgent for robust clinical deployment.

To address these limitations, this paper improves both the data synthesis
and the model design:

1. A physiologically consistent non-rigid deformation data generation pipeline
that simulates combined cardiopulmonary motion is constructed, signifi-
cantly bridging the gap between training assumptions and real clinical asyn-
chronous deformations.

2. A reconstruction framework tailored for asynchronous dual-view DSA, fea-
turing an explicit non-rigid mismatch compensation module (NR-Align), is
proposed to directly address cross-view structural inconsistency prior to 3D
reconstruction.

3. Extensive experiments on synthetic and real clinical datasets demonstrate
that the proposed method significantly enhances the structural continuity
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Fig. 1. Overview of the proposed framework. (A) We synthesize physiology-consistent
non-rigid motion for supervision. (B) NR-Align is trained to compensate for cross-view
mismatches. (C) The corrected tensors are fed into a downstream model for high-fidelity
3D reconstruction.

and topological rationality of the final reconstruction compared to existing
state-of-the-art approaches.

2 Methodology

This section presents a framework for handling non-rigid vascular deformation in
asynchronous dual-view DSA reconstruction [3]. The overall pipeline, illustrated
in Fig. 1, is decomposed into three main components. First, a physiology-driven
non-rigid deformation synthesis process (Fig. 1A) generates supervised training
pairs with realistic cardiopulmonary motion [6, 12]. Second, the NR-Align train-
ing framework (Fig. 1B) is proposed to rectify cross-view spatial mismatches
in the input tensor. Finally, during the inference phase (Fig. 1C), the aligned
outputs are combined and fed into a downstream 3D reconstructor. This design
improves cross-view structural consistency and helps preserve vessel topology in
the reconstructed coronary arteries.

2.1 Physiology-aware Dual-Async Non-rigid Deformation Synthesis

A physiology-aware non-rigid deformation module is used to simulate cross-view
mismatch under asynchronous dual-view DSA acquisition [6]. The discrepancy
between two views is modeled by a shared time offset and two motion compo-
nents: respiration-dominant translation and cardiac-dominant torsion. A station-
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ary velocity field (SVF) formulation is adopted to ensure smooth and integrable
deformations [19, 20, 16].

A shared physical time offset ∆t (ms) is sampled and converted to respiratory
and cardiac phase offsets:

∆ϕr =
∆t

Tr
, ∆ϕc =

∆t

Tc
, (1)

where Tr and Tc denote respiration and cardiac periods. View-specific phases
are then assigned (e.g., symmetric or same-side sampling) to mimic temporal
misalignment.

The deformation is localized around the coronary region using a Gaussian
window. Two basis velocity fields are defined within this region: a respiratory
translation field vresp and a cardiac torsion field vcard (torsion-like motion around
a local axis, proportional to n× (x−c)). For each view i, the SVF is constructed
as

v(i) = a(i)r vresp + a(i)c vcard, (2)

with phase-dependent coefficients a
(i)
r = sin(2πt

(i)
r ) and a

(i)
c = sin(2πt

(i)
c + π

2 ).
The view-specific transformation is obtained via the exponential map [19, 20]:

ϕ(i) = exp
(
v(i)

)
. (3)

The deformation is applied in signed distance field (SDF) space and converted
back to a binary vessel volume by thresholding. Other steps such as sample
gating and backprojection construction are implementation details and omitted
for brevity.

2.2 NR-Align Network

Given a dual-view backprojected volume, the objective is to compensate cross-
view mismatch before downstream 3D reconstruction. The input is represented
as a two-channel 3D volume X = [Xu, Xo], where Xu is the union occupancy
map (voxels supported by at least one view) and Xo is the overlap occupancy
map (voxels jointly supported by both views) [3]. This representation preserves
both global vessel support and cross-view consistency cues.

Network Design A 3D encoder–decoder architecture is adopted to predict
compensated structures from X = [Xu, Xo] [17, 18]. The network uses a dual-
head design: a union head predicting the corrected global vessel support, and an
overlap head predicting the cross-view consistent region. This explicitly separates
“where vessels may exist” from “where the two views agree”, which is beneficial
under asynchronous non-rigid motion.
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Training Objective For each head, a combined Binary Cross-Entropy (BCE)
and Dice loss is used:

Lseg(p, y) = LBCE(p, y) + LDice(p, y). (4)

Let Lu and Lo denote the segmentation losses of the union and overlap heads, re-
spectively. To enforce structural consistency, a constraint encourages the overlap
prediction to be a subset of the union prediction:

Lcons = mean
[
ReLU

(
σ(O)− σ(U)

)]
, (5)

where U and O denote the logits of the union and overlap heads, and σ(·) is the
sigmoid function. The final objective is:

L = Lu + λoLo + λcLcons, (6)

where λo and λc are weighting coefficients.

3 Experiments and Results

3.1 Datasets

(1) Synthesized Dataset: Synthesized training and evaluation samples are gen-
erated from the ImageCAS dataset [14] using the pipeline described in Sec. 2.1.
Right Coronary Artery (RCA) extraction follows the same preprocessing and
RCA selection protocol as DeepCA [3], which is used as the instantiation in the
experiments. (2) Clinical Dataset: A clinical dataset comprising 10 dual-view
asynchronous coronary angiography sequences was collected from the Depart-
ment of Cardiovascular Medicine, The Eighth Medical Center of Chinese PLA
General Hospital. All clinical data were de-identified before analysis. This dataset
is used exclusively for testing to evaluate the sim-to-clinical generalization of
NR-Align.

3.2 Implementation Details

A patient-level split of 8:1:1 is used for training, validation, and testing to prevent
subject overlap across subsets. For each patient in the synthesized set, N = 9
dual-async motion configurations are generated by combining three deformation
bins (amp ∈ {5, 10, 15}mm) and three phase-pattern groups (k ∈ {0, 1, 2}). The
deformation magnitude is controlled by amp, defined as the 95th-percentile (P95)
displacement magnitude within the coronary region-of-interest in the simulator,
which avoids sensitivity to rare extreme warps.

The model is implemented in PyTorch and trained on a single NVIDIA
GeForce RTX 5090 GPU. Unless otherwise stated, input volumes are at 1283

resolution, with two channels formed by the union and overlap occupancy maps.
Projection and back-projection follow the same geometry setting as DeepCA [3,
15]. Optimization uses AdamW with a learning rate of 2×10−4 and weight decay
of 10−4. We employ a batch size of 1 with gradient accumulation of 4 (effective
batch size 4) and a binarization threshold of 0.5.
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Table 1. Quantitative performance on the synthesized dual-async benchmark in terms
of 3D Dice. All values are reported as mean (± standard deviation). Upper bound
denotes an oracle setting with perfectly aligned views.

amp (mm) Raw NR-Align (ours) Upper bound
5.0 0.4645± 0.1153 0.5492± 0.0854 0.6265± 0.0728
10.0 0.3897± 0.1036 0.5356± 0.0862 0.6265± 0.0728
15.0 0.3074± 0.1210 0.5036± 0.0999 0.6265± 0.0728

Overall 0.3872± 0.1304 0.5295± 0.0927 0.6265± 0.0728

Fig. 2. Qualitative 3D reconstructions on synthesized data under increasing deforma-
tion (amp = 5, 10, 15mm). NR-Align substantially reduces discontinuity and ghosting
artifacts (red boxes) present in the Raw inputs.

3.3 Results on Synthesized Dual-Async Data

Table 1 reports quantitative performance on the synthesized dual-async bench-
mark in terms of 3D Dice. NR-Align consistently outperforms the uncorrected
input (Raw) across all deformation bins, and the relative improvement increases
with stronger deformation: +18.2% at 5mm, +37.4% at 10 mm, and +63.8%
at 15mm. Overall, NR-Align improves Dice by +36.8%. Across all bins, NR-
Align is consistently closer to the ground-truth-projection (upper bound), where
both views are generated by forward-projecting the same ground-truth volume,
indicating that the improvement is mainly driven by reducing motion-induced
cross-view mismatch rather than simply smoothing the volume.

Qualitatively (Fig. 2), Raw reconstructions exhibit typical asynchronous fail-
ure modes, such as vessel discontinuities and ghosting artifacts around complex
bifurcations. NR-Align effectively mitigates these artifacts, yielding coherent
topologies that closely match the ground truth.



NR-Align for Dual-Async Coronary Reconstruction 7

Table 2. Quantitative performance on real clinical DSA cases. Results are reported as
mean ± standard deviation.

Model View-1 Dice View-2 Ot(1) View-2 Ot(2)

Raw 0.7638± 0.0952 0.2944± 0.1042 0.3920± 0.1257
NR-Align (ours) 0.8151± 0.0862 0.3526± 0.0954 0.4322± 0.1083

Fig. 3. Qualitative comparison on a real clinical DSA case. Columns show View-1
(higher-overlap projection), View-2, and the resulting 3D reconstruction. For 2D over-
lays, white indicates agreement with the manual mask, green indicates false negatives,
and magenta indicates false positives.

3.4 Results on Real Clinical DSA Data

To assess clinical applicability and domain generalization, we evaluated our
method on unseen, real-world asynchronous dual-view coronary DSAs. Lacking
3D ground truth in clinical data, we measure the agreement between reprojected
3D reconstructions and manual 2D vessel masks using the overlap metric Ot(d)
with a distance tolerance d (mm), noting that Ot(0) is equivalent to the Dice
score. We report the Dice score on the better-aligned projection (View-1) and
Ot(1)/Ot(2) on the secondary projection (View-2) to quantify robustness under
relaxed spatial tolerances.

As shown in Table 2, our motion compensation model (NR-Align) signifi-
cantly improves cross-view consistency compared to the uncorrected input (Raw).
This demonstrates the successful transfer of the learned compensation from syn-
thetic environments to real clinical domains.

Fig. 3 illustrates a representative clinical case. While the Raw input suffers
from severe cross-view mismatch causing fragmented and spurious 3D structures,
NR-Align notably increases the 2D reprojection overlap (View-1: 0.853 → 0.912;
View-2 Dice: 0.218 → 0.322) and yields a highly coherent 3D reconstruction.
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Table 3. Ablation on NR-Align architecture on synthesized dual-async data (3D Dice,
mean over the test set).

Variant 3D Dice
Single-head (union only) 0.4292
Dual-head (union + overlap) 0.5295

Table 4. Ablation on deformation synthesis strategies, evaluated on unseen clinical
DSA data. Results are reported as mean ± standard deviation.

Training synthesis View-1 Dice (Ot(0)) View-2 Ot(1) View-2 Ot(2)

SVF-based baseline 0.7412± 0.0821 0.2735± 0.0886 0.3718± 0.0975
Physiological (ours) 0.8151± 0.0862 0.3526± 0.0954 0.4322± 0.1083

3.5 Ablation Studies

Network design We ablate the prediction heads of NR-Align while keeping
the training protocol and synthesized data fixed. As shown in Table 3, the dual-
head variant (union + overlap) substantially outperforms the single-head variant
(union only) in 3D Dice. This suggests that explicitly modeling cross-view over-
lap provides a useful structural constraint for motion compensation, especially
around complex vessel topology.

Deformation synthesis strategy The physiological deformation synthesis is
evaluated against a general non-rigid baseline using unconstrained SVF. As
shown in Table 4, the SVF-based baseline fails to generalize clinically, per-
forming slightly worse than the uncorrected Raw input. This suggests that un-
constrained deformations introduce arbitrary vascular distortions, causing the
network to learn non-anatomical mappings. In contrast, explicitly modeling car-
diopulmonary motions significantly improves cross-view consistency, highlighting
the critical role of physiological synthesis in effective sim-to-real transfer.

4 Conclusion

This paper addressed the cross-view non-rigid mismatch in dual-async DSA coro-
nary 3D reconstruction caused by cardiopulmonary motion. Our contributions
are twofold: (1) a physiology-aware SVF-based deformation synthesis pipeline
that models realistic respiratory and cardiac motions, significantly bridging the
sim-to-real gap; and (2) NR-Align, a motion compensation network that ex-
plicitly corrects cross-view structural mismatch on backprojected volumes using
dual-head union/overlap predictions. Extensive experiments validate that NR-
Align substantially improves reconstruction continuity and topological accuracy
on both synthesized data and unseen real clinical cases.
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