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Abstract

Multi-view automatic translational correction (ATC) in coro-
nary angiography (CAG) is critical for intraoperative auto-
matic diagnosis, in which deep learning playing a key role.
However, heartbeat-induced soft matching errors and costly
annotations make it difficult to build high-quality, large-scale
datasets for calibration algorithm training. The training of
clinical models is difficult to fulfill, as existing datasets dif-
fer significantly from real CAG in both style and structure.
To address this challenge, we propose a novel high-quality
data synthesis method for annotation-free ATC. We fully au-
tomated the construction of a labeled, high-fidelity dataset for
training matching models. An evolutionary algorithm is intro-
duced for global optimization of translation estimation, mit-
igating epipolar constraint violations caused by vascular de-
formation and enabling reliable correction across large view-
point differences. Furthermore, a theoretical analysis is pre-
sented, demonstrating that error propagation between adja-
cent views is more accurate than direct estimation across dis-
tant views. Our experiments on clinical datasets demonstrate
that our method not only significantly outperforms weakly su-
pervised learning approaches, but also performs comparably
to fully supervised methods. Moreover, it exhibits remarkable
multicenter generalizability.

Code — https://github.com/CaoYue2004/
AutomaticTranslationalCorrection

Introduction

Translational correction in coronary angiography (CAG) is
vital for systems like Quantitative Flow Ratio (QFR) and 3D
Quantitative Coronary Angiography (QCA) (Tu et al. 2011),
as it compensates for unrecorded platform movement. Fig-
ure 1(a) shows the effect of platform movement on coronary
angiography. It also plays a key role in real-time registration
during Percutaneous Coronary Intervention (PCI) and serves
as a foundation for multi-view synchronization and 3D re-
construction (Cheriet et al. 1999). As shown in Figure 1(b),
3D reconstruction requires precise registration, otherwise it
will affect its accuracy. Despite growing research interest
and the development of effective algorithms, high-quality
training data remain scarce. Real CAG images are affected
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Figure 1: (a)Platform translation causes vessel displacement,
which in turn leads to errors in CAG image. (b)The process
of 3D reconstruction from CAG images.

by cardiac motion and platform shifts, requiring costly ex-
pert annotations prone to error. Although voxel-based syn-
thetic datasets (Zhu et al. 2025) are available, their structural
regularity and modality gap limit their usefulness for direct
model training. As a result, achieving stable and robust Au-
tomatic translation correction (ATC) remains an open chal-
lenge.

Current ATC methods mainly use two multi-view match-
ing strategies: centerline-based and keypoint-based ap-
proaches. The centerline-based method relies on vascu-
lar topology but is limited by the complexity of coronary
anatomy and the difficulty of accurate centerline extrac-
tion (Haris et al. 1999; Xiao et al. 2013; Xiao et al. 2016).
Keypoint-based methods have shown strong performance in
medical image registration and have been clinically vali-
dated in static structures like the hip joint and retina(Bier
et al. 2018; Grupp et al. 2019; Wang et al. 2024). However,
their application to CAG is hindered by the need for large-
scale datasets and the challenges posed by the dynamic na-
ture of coronary vessels, which limits data quality and clini-
cal feasibility.

Looking more closely, keypoint-based approaches for
coronary angiography can be divided into manual and
learning-based methods. Manual methods (Tu et al. 2011),
such as hand-correction, are time-consuming and labor-
intensive. Learning-based methods include supervised ap-
proaches (Wang et al. 2024; Fu et al. 2021), which re-
quire high-quality annotated data, and weakly supervised



approaches (Li et al. 2022; Wang et al. 2020; Zhou et al.
2021), which reduce manual effort but still suffer from lim-
ited matching accuracy due to reliance on epipolar con-
straints. Therefore, addressing dataset quality and matching
errors is crucial for achieving ATC.

To overcome these challenges, we propose a fully
annotation-free multi-view CAG ATC framework. We first
address data scarcity by introducing a high-fidelity synthe-
sis method using an Efficient Geometry-aware 3D Gener-
ative Model (EG3D) (Chan et al. 2021) model pre-trained
on coronary data to generate realistic, view-consistent CAG
images. Leveraging the generalization ability of SuperPoint
(DeTone et al. 2018), we automatically track bifurcation
points and reproject them to generate large-scale, high-
confidence keypoint pairs, forming a robust training dataset.
To handle epipolar constraint violations due to vascular de-
formation, we introduce a robust evolutionary algorithm
with adaptive noise suppression. Compared to traditional
least squares methods (Gu et al. 2006), it offers superior ac-
curacy and resilience under large view differences and com-
plex anatomy.

Experiments on Left Coronary Artery (LCA) and Right
Coronary Artery (RCA) sequences show that our method,
despite using no manual annotations, outperforms state-of-
the-art weakly supervised approaches and matches the per-
formance of fully supervised methods. Ablation studies con-
firm the importance of each module, and multi-center exper-
iments demonstrate strong generalization across datasets.

In summary, the main contributions of this study are as
follows:

e Proposed the first fully annotation-free CAG image
translation correction framework, capable of end-to-end
cross-view translation estimation, and for the first time
applies generative models to downstream coronary an-
giography tasks.

¢ Introduced an innovative data synthesis method that ad-
dresses the challenges of CAG image dynamics and lim-
ited annotations, generating high-quality, photorealistic
matching pairs.

* Presented a highly robust evolutionary matching algo-
rithm that effectively mitigates the failure of epipolar
constraints caused by vascular deformation, achieving
high-precision image correction.

* Proposed a proof method demonstrating that small-angle
error propagation outperforms direct large-angle compu-
tation, providing theoretical support for this work.

Related Work
Coronary Angiography Spatial Registration

Coronary angiography spatial registration is a fundamen-
tal step for multi-view synchronous detection and 3D re-
construction. It includes non-rigid and rigid registration.
Non-rigid registration is mainly influenced by cardiac mo-
tion, and systems like QFR and 3D-QCA often ensure car-
diac phase consistency by manually selecting end-diastolic
frames (Tu et al. 2011). Deep learning-based methods (Xiao
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et al. 2016; N.Baka et al. 2014; Wu et al. 2022) have im-
proved registration accuracy to some extent, but typically
depend on complex preprocessing steps such as vessel cen-
terline extraction, limiting automation. Rigid registration
mainly suffers from platform movement errors, whereas ro-
tations and translations of the X-ray source are recorded
in DICOM files and can be corrected through coordinate
transformations. Several studies (Wang et al. 2024; Liao et
al. 2010; Fu et al. 2021) have effectively addressed trans-
lation errors by building optimization objective functions
and iteratively refining point correspondences under epipo-
lar constraints. However, these methods still rely on extract-
ing and matching vessel contours or centerlines (Zhu et al.
2025). Traditional methods like SIFT (Lowe et al. 2004) and
RANSAC (Fischler and Bolles 1981) rely heavily on low-
level features (e.g., gradients, intensity), making them vul-
nerable in cases with sparse features or noise. Deep learning
approaches offer more robust feature representations, espe-
cially for complex structures or low-quality images. Never-
theless, strongly supervised methods require large volumes
of high-quality annotated data, which is often difficult to ob-
tain in medical imaging due to data scarcity and high an-
notation costs. Weakly supervised strategies (Li et al. 2022;
Wang et al. 2020; Zhou et al. 2021; Barroso et al. 2024) re-
duce the need for annotations but still suffer from limited
matching accuracy.

Synthetic Datasets in Medical Imaging

Due to the scarcity of high-quality annotated data in medical
imaging, generating realistic and diverse synthetic datasets
has become a vital complementary approach for training
deep learning models. Recent research has explored vari-
ous synthesis methods. One category uses generative mod-
els like Generative Adversarial Network (GANs) (Yuan et
al. 2024; Shen et al. 2023; Hou et al. 2023) and diffusion
models (Pan et al. 2025; Guo et al. 2025; Ye et al. 2023;
Moghadam et al. 2023; Packhauser et al. 2022) to learn im-
age distributions and produce high-quality samples. Another
category focuses on data augmentation through pixel-level
transformations (Su et al. 2023) or label propagation (Cai
et al. 2023). Many studies enhance synthetic data by com-
bining limited annotations with data completion (Pan et al.
2025; Cai et al. 2023), perturbation-based augmentation (Su
et al. 2023; Guo et al. 2025), or transfer learning (Yuan
et al. 2024; Shen et al. 2023; Ye et al. 2023). Some (Hou
et al. 2023; Packhauser et al. 2022) leverage weakly an-
notated image-report pairs to improve semantic consistency
and clinical relevance without detailed manual labels. Others
(Fu et al. 2024; Iyer et al. 2023) adopt purely physics-based
modeling to avoid annotation altogether. Despite progress,
achieving a balance between image fidelity, diversity, and
automated accurate annotation remains a key challenge and
focus in the field.

Optimization Algorithms

Traditional optimization methods like least squares (Gu et
al. 2006) are computationally efficient and easy to imple-
ment but are sensitive to noise and outliers, and often strug-
gle with high-dimensional, nonlinear, or complex problems.



— —_— e e —— —_
. Image Sequence
/ (a)Image Generation Module /(b Keypoints Generation Module N
[ Sampling Path Through Z4 [ Keypoint Labels | Synthetic Dataset
| Standard Views I | ; | —
I | | Keypoint - X | . ;Ai,i
| Z3 + ALa?fi_lts —_ | . > R —
| EG3D | cquisttion 2 | Sample Size:
| | 217,500
\ ) X l
N
>=========:_______________________\__‘,_ ______ ~

[ N\ /‘ (¢) Matching Network >
I Inter-Position \ Module ‘

e'ro,l Correction y |I Train I
: R Bk Pl A |
| Target After z o z Multi-Position :I :
I Translation & Propagation & EorCIoniE | I LI I
. or g
l trmy, E o II\ DualRC-Net |
R e A B AN

Figure 2: Overview of our proposed ATC pipeline.

In contrast, evolutionary algorithms—such as genetic algo-
rithms (Katoch et al. 2020), particle swarm optimization
(Shi et al. 1998), and differential evolution (Storn et al.
1997)—offer stronger global search capabilities and greater
robustness, making them well-suited for complex optimiza-
tion tasks. In coronary angiography analysis, vessel motion
caused by the heartbeat disrupts geometric consistency be-
tween views, making robust spatial registration essential.
Several studies have explored multi-view registration un-
der epipolar constraints (Wang et al. 2024; Liao et al. 2010;
Fu et al. 2021), with promising results. However, most rely
on manually annotated feature points, which are sparse and
limit robustness in real-world scenarios, ultimately affecting
registration accuracy.

Method

To address the above issues, we propose an ATC frame-
work, with the overall pipeline comprising four components
as shown in Figure 2. (a) Image Generation Module: Design
a sampling path across standard viewpoints and use EG3D
models (Chan et al. 2021) (with different seeds) to gener-
ate image sequences. (b) Keypoint Generation Module: Ex-
tract keypoint labels from the sequences to build the dataset.
(c) Matching Network Module: Train DualRC-Net (Li et al.
2020) on the synthetic dataset. (d) Real Data Translational
Correction Module: Apply the matching network and evolu-
tionary algorithm for adjacent view correction, followed by
error propagation for full-view correction.

Preliminary

In the task of CAG image generation, we denote the real im-
age as [req € RAXW " and the generated image as  Igen €

RI*W with corresponding imaging parameters denoted as
[R|t], where R € R3*3and te R3*L

During the image generation process, we first sample a la-
tent vector z ~ N(0, I'), which is then encoded into a latent
code w by a mapping network (denoted as M apper ). Then,
the generation network GG synthesizes the image conditioned
on both w and the imaging parameters [R|t], generating the
target image Ige,. This process can be formalized as:

ey

In CAQG, typically 6 standard viewing angles are used for
LCA, and 2 standard views for RCA (Green et al. 2016) to
facilitate a comprehensive assessment of coronary status.

Iyen = G(Mapper(z), [R|t])

Labeled Sample Generation

To obtain multi-view images with consistent structure and
semantic annotations, we construct a 2D interpolation curve
(IJ. Schoenberg 1946) C(s) : [0, 1] — R? around the EG3D
model (Chan et al. 2021). The path passes through 6 stan-
dard projection views of LCA, denoted as {vF, ... vk},
and 2 standard projection views of RCA, denoted as
{vE, ..., vf}. We sample N points {s;} Y, (where N is the
number of samples) evenly along the curve, and render im-
ages I; = Render(M, C(s;)) at each sample point s; (where
M is the EG3D model (Chan et al. 2021)).

Next, we apply a keypoint detector &C(+) to each image se-
quence {I;} to obtain a set of keypoints P; = K(I;). Among
these, we retain only the keypoints detected in at least M
views as the valid keypoint set, and obtain the associated
matching keypoint set P* across multiple views, which is
used for subsequent 3D geometric annotation and training
data construction.

2654



Keypoints Generation Module Kpts Tracked by SuperPoint

@Kpts after Reprojection
Continuous View Sample @®Same Location Kpts from

Different views

®Reprojected Kpt
N Threshold of Judging
i *(l' kpts) g Robustness of Kpts
{ Images Remove
Kpts No
SuperPomt
Ao}o Ray Source
CRA20 CRA30 CRA Detected
in N
EER - L =
tep2: p rames?
Standard| Toject

Views
E E. "l

CAU20 consecutive frames

CAU30 CAU30

Figure 3: The framework of the proposed Keypoints Gener-
ation Module.

To compute the 3D position of each keypoint p € P*, we
perform multi-view triangulation using its stable detections
across viewpoints. For the i-th image, the keypoint’s pixel
location x; = (u;,v;) " is expressed in homogeneous co-
ordinates as X; = (u;,v;,1)". The camera intrinsic matrix
K, € R3%3, extrinsic matrix [R;|t;], and X-ray source posi-
tion S; are derived from DICOM metadata. Using these, the
3D world coordinates of p are reconstructed:

=R K%+t 2

From this, we construct a ray that originates from the X-ray
source and passes through the keypoint p:

li(a) =8; +a- (P; —8;), (3
To compute the intersection in 3D space, we perform a least-

squares optimization (Gu et al. 2006) over all rays {¢;}, es-

timating the point X that best approximates the intersection
of all rays:

a>0

P,-S;
P; —

S'||
= argmlnz H

where v; is the unit dlrectlon vector of the ray. The result
X is the estimated 3D position of the keypoint in the world
coordinate system. Finally, this 3D point is projected onto
the reference canonical view using the perspective projec-
tion equation:

“

V; =

(X —S; )H 3)

1

(US, Vs, 1)T : Ks : (RSX + ts) (6)
Among them, K, R, and t represent the intrinsic matrix,
rotation matrix, and translation vector of the standard cam-
era pose, respectively; w is the normalization factor. Based
on this, the keypoint coordinates in each view can be ob-
tained.

Figure 3 illustrates the keypoint acquisition process.

2655

Automatic Translational Correction Method

To achieve spatial consistency among multi-view images,
we propose an automatic translational correction method
consisting of two main modules. First, the matching model
is trained on the synthetic dataset. Then, it is used to cor-
rect adjacent viewpoints, and the translational offsets for all
viewpoints are computed via error propagation.

Training of the Matching Model. We train DualRC-Net
(Li et al. 2020) for image matching. Its dual-resolution fea-
ture extractor captures both global context and local details,
enhancing pixel-level matching across viewpoints. To fur-
ther improve accuracy, a neighborhood consensus module
evaluates local consistency in the feature space to refine
point correspondences.

During training, images rendered from standard view-
points are input, and 2D projections of 3D vascular key-
points are used as supervision signals to guide the learning
of spatial correspondences.

Optimization of Translation Offsets. Based on epipo-
lar geometry, corresponding points in two views must lie
on their respective epipolar lines and satisfy the epipolar
constraint (Merle et al. 1998). Using our trained keypoint
matching model, we introduce an evolutionary algorithm
with an adaptive fitness function to optimize translational
offset estimation. For each adjacent view pair, one image
is set as the reference. Matched keypoints in this view are
used to compute the fundamental matrix and derive corre-
sponding epipolar lines projected onto the target image. This
yields keypoint—epipolar line pairs in the target view, en-
abling geometric consistency evaluation.

The algorithm initializes with zero translation and itera-
tively adjusts parameters to minimize a fitness function that
combines matching error, epipolar constraint deviation, and
translation magnitude. The function is formally defined as:

1 n
argAI;liIAlyF(l,p, AIIZ,Ay,T) = ﬁ Zdz —a-N

=1

n @)
% Z VAZ2 + Ay?
i=1

Here, [ represents the epipolar line equation, p denotes the
coordinates of the corresponding keypoints, n is the total
number of matched points, and d; is the distance from the
i-th point to its corresponding epipolar line. 7" refers to the
threshold for the distance between a point and its epipolar
line, and N is the number of points within this threshold.
Ax and Ay are the translation parameters, while « and 3
are tunable hyperparameters that control the weights of the
number of inliers and the magnitude of the translation, re-
spectively.

Through the above optimization, the algorithm ensures
the geometric consistency of epipolar lines and achieves
high-precision and robust translational alignment across im-
ages.

Error Propagation. To improve matching accuracy be-
tween images with large viewpoint differences, we compute



translation vectors between adjacent frames and progres-
sively propagate them to a reference image, deriving global
translation for each view. This layer-by-layer propagation
accumulates local registration information, enhancing align-
ment accuracy under large viewpoint variations.

This strategy significantly improves translation estimation
accuracy between cross-view images. However, quantifying
the improvement from error propagation and establishing its
theoretical foundation remains an open question, which we
address in the following section with a mathematical anal-
ysis comparing error propagation to direct cross-view error
computation.

Theoretical Evidence

Based on the above error propagation strategy, we propose
the following theoretical analysis to verify its effectiveness.

Assumption 1 The observation error difference between
adjacent view angles i and i@ + 1 is denoted as €; 41,
which follows a zero-mean Gaussian distribution €; ;11 ~
N(0, Yii+1), where ¥, ;11 represents the covariance ma-
trix of the observation error difference.

Assumption 2 The variance of the matching error in-
creases rapidly with the visual angle difference 0,5, i.e., the
covariance matrix Y;; of the error difference is a Loewner
convex function of the visual angle difference. We denote

ij = f(0i), f:[0,7] — R2x%2 )

where f(-) is a matrix-valued function of the visual angle
difference 0;;, and is Loewner convex in the positive semi-
definite matrix sense.

Lemma (Jensen et al. 19006) If the function f is Loewner
convex, then for any two points 01,05 € [0, 7] and any X €
[0, 1], we have:

SO0+ (1= N)02) K AF(01) + (1= N f(62) (9

Corollary Let X and Y be random vectors with covari-
ance matrices Y x and Yy, respectively. If X x = Xy, then:
tr(Xx) < tr(Zy), the expected squared norm E(|| X ||?) <
E(([Y]]?).

Proposition Under Assumptions 1 and 2, the accumulated
relative observation error calculation method results in a
smaller average error variance than the direct cross-angle
error calculation.

Proof From Assumptions 2 and Lemma, we have:

k—1 k—1 k—1
Y Sii=3 fO)=2f (Z 0i> =0  (10)
i=1 =0 =0

where X, ;11 is the covariance matrix of the relative obser-
vation error between adjacent view angles ¢ and 7 + 1, and
Yo,% 1s the covariance matrix of the error between the O-th
and k-th view.

According to the corollary, if the covariance matrices fol-
low the partial ordering relation, their traces also satisfy the
same inequality. Thus, the accumulated method results in a
smaller or equal trace compared to the direct method, indi-
cating a smaller or equal expected error, i.e., lower average
error variance.
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Experiment
Dataset and Preprocessing

Training Set. The training set in this study consists of
a fully synthetic dataset, including images generated by
EG3D (Chan et al. 2021) and keypoint coordinates obtained
through keypoint tracking and re-projection via SuperPoint
(DeTone et al. 2018). Specifically, we selected seed points
1 to 500 from EG3D (Chan et al. 2021), with each seed
point containing 6 (LCA) or 2 (RCA) standard views. For
each view, 5 types of translation transformations (measured
in pixels) were applied: (20, 10), (10, 20), (0, 0), (-20, -10),
(-10, -20). Therefore, a total of 217,500 image pairs were
generated for LCA, and 22,500 image pairs for RCA.

Test Set. The test set includes data from 458 real cases
across five centers, distributed as follows: Tianjin Hangyi
Cardiovascular Hospital (HY) (94 LCA cases, 300 RCA
cases), Tieling Hospital of Traditional Chinese Medicine
(TL) (3 LCA cases, 3 RCA cases), Shengjing Hospital of
China Medical University (SJ) (4 LCA cases, 3 RCA cases),
Dongguan People’s Hospital (DG) (10 LCA cases, 4 RCA
cases), and the 252nd Hospital of the PLA (252) (20 LCA
cases, 17 RCA cases). For comparative and ablation experi-
ments, data from HY were selected to validate the accuracy
of this method; for multi-center experiments, data from the
other centers were used to assess the generalization ability
of the method.

Preprocessing. To ensure all test images are diastolic-
phase angiographic frames, we performed the following data
cleaning steps: (1) trained a ResNet (He et al. 2015) to clas-
sify angiograms as LCA or RCA; (2) trained another ResNet
(He et al. 2015) to filter out non-angiographic frames; (3)
used a pre-trained SuperPoint model (DeTone et al. 2018)
for inter-frame keypoint tracking and selected the frame with
the most dispersed keypoints (i.e., farthest from the centroid)
as the diastolic frame.

Evaluation Metrics

The experiments used three evaluation metrics: 1) mean
Translational Correction Error (mTCE, in millimeters),
which was measured error reduction after ATC compared to
manual correction as the ground truth; 2) mean Reprojection
Error (Klein et al. 1998) (mRE, in millimeters), calculated as
the distance between manually annotated points and their re-
projected counterparts after deriving 3D keypoints and pro-
jecting them back onto the image; and 3) Success Rate (SR),
which is the proportion of cases where mRE is within 8mm.
All metrics are calculated based on the original image reso-
lution (512x512 pixels) and actual size (158 mm x 158 mm).

Implementation Details

The EG3D model used in this study is a pre-trained model,
trained on 220,000 coronary angiography images with cam-
era parameters from HY. The training was conducted on an
NVIDIA GeForce RTX 3080 Ti GPU. The generated sam-
ples exhibit high fidelity and multi-view consistency (FID =
8.21).



Method LCA RCA
mTCE] mRE] SR(%)T mTCE] mRE] SR(%)T
Ground Truth 10.23 9.37 31.58 13.07 7.29 64.67
SIFT (Lowe et al. 2004) 16.55 9.63 34.04 11.79 5.88 83.33
PBO (Oinonen et al. 2010) 18.85 10.23 27.08 12.35 7.32 78.12
PoSFeat (Li et al. 2022) 19.9441 59 | 10.4640.94 21.9315.39 15.9745 64 8.8941.96 56.563.19
CAPS (Wang et al. 2020) 16.30:|:0‘31 9.12:|:0‘23 40.79:‘:1‘32 5.10:|:0.31 6.29:‘:0.13 78.38:|:2.16
Patch2Pix (ZhOll et al. 2021) 20~36i3‘28 12-71i1.21 15-79i7.91 21.7812.34 12~26i1.00 14-89i4.94
Mickey (Barroso et al. 2024) 16.99:|:0.15 9.66:|:0.13 35.96:‘:4.23 13.17:‘:0.11 7.32:‘:0.13 61.84:|:1_02
Supervise (Li et al. 2020) 10~55i0‘62 7.76i0‘23 64.47i3‘12 4.84i0'73 5~90i0.45 81.22i1'00
Small Dataset (Li et al. 2020) | 13.531+0.75 7.6340.67 61.8445 97 5.3440.25 4.5340.44 83.7840.95
LSM (Gll et al. 2006) 9-24i0.50 7~37i0405 66.23i3.31 10.0710_94 6~71i0.16 79-32i1.21
Ours 4.7940.16 | 6.1940.36 | 83.1342.11 | 3.6440.45 | 4.4540.12 | 96.56410.56

Table 1: Results of comparison experiments.

(¢) After Translation
Q A

(a) Before Translation (b) Matched Points
L o ol 4

Figure 4: Qualitative results: (a) Multi-view correspondence
analysis showing epipolar geometry constraints (red/orange
points with green epipolar lines); (b) Color-coded cor-
respondence matching between views; (c¢) Translational-
corrected results evaluated through epipolar distance mini-
mization (orange point-to-line alignment).

During the training of DualRC-Net, we used an NVIDIA
L20 GPU with 48GB of memory, based on PyTorch frame-
work and employing Adam optimizer. Separate models were
trained for LCA and RCA. Initial learning rate was set
to 0.001, and batch size was 32. The left coronary model
was trained for 435,000 iterations, while the right coronary
model was trained for 45,000 iterations. Learning rate was
halved at the 87,000th and 9,000th iterations, respectively.

To reduce the randomness in experimental results, all
model trainings were repeated 3 times, and their perfor-
mance was evaluated separately to ensure result stability.

Comparative Experiments

To validate the effectiveness of our method in translation
correction, we conducted comparative experiments. For key-
point matching, we evaluated traditional methods (SIFT
(Lowe et al. 2004), PBO (Oinonen et al. 2010)) and deep
learning approaches, categorized as weakly supervised (Pos-
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Feat (Li et al. 2022), CAPS (Wang et al. 2020), Patch2Pix
(Zhou et al. 2021), Mickey (Barroso-Laguna et al. 2024))
and strongly supervised (DualRC-Net (Li et al. 2020)).
Weakly supervised methods rely on epipolar constraints and
are trained solely on synthetic EG3D (Chan et al. 2021) data,
while the strongly supervised method uses manually anno-
tated correspondences (details in the supplementary mate-
rial). To ensure fairness, we retrained DualRC-Net (Li et
al. 2020) on a randomly selected subset of 217,500 image
pairs—matching our method’s training size. For translation
computation, we compared our evolutionary algorithm with
the traditional least squares method (LSM) (Gu et al. 2006).

Table 1 summarizes the performance differences among
various methods in keypoint matching and translation cor-
rection tasks. As shown, our method outperforms all other
methods. Compared to the best-performing weakly super-
vised method, CAPS (Wang et al. 2020), our approach
improves SR by 42.34% on LCA dataset and 18.18% on
RCA dataset, significantly surpassing existing weakly su-
pervised methods. When compared to strongly supervised
models trained on datasets of the same scale (Supervise
and Small Dataset), our method achieves comparable per-
formance. This demonstrates that with the same amount of
training data, our method can achieve results similar to su-
pervised learning approaches without requiring manual an-
notations. More importantly, our method supports training
with large-scale synthetic data. Under such conditions, our
model outperforms the supervised model on all metrics. On
LCA dataset, mTCE and mRE decrease by 56.30% and
16.76%, respectively, and SR increases by 18.66%. On RCA
dataset, mMTCE and mRE decrease by 9.18% and 19.89%, re-
spectively, and SR increases by 15.34%.

Figure 4 demonstrates effectiveness of our method using 2
LCA and 2 RCA examples. In (b), the nearly parallel match-
ing lines reflect the accuracy of the correspondences. In (c),
after translation, most points lie almost exactly on the epipo-
lar lines, indicating accuracy of the computed translation.

Ablation Study

To validate the effectiveness of each module and the ratio-
nale behind parameter choices, we conducted a series of ab-
lation studies.



LCA RCA
SPE | IWT | SAV - — 4Bl T mRE] SR(%)T | mTCE] | mRE] SR(%)T
- - - 18.3341.89 | 9.1541.75 38.1644.33 6.30+0.85 5.80+0.61 82.634+0.99
v - - 16.6741231 | 8.854138 51.3243.59 - - -
v - v 7.38i1,13 6.80i1_02 81.52i2,31 5~34i0.38 4.88i0,25 86.58i1,53
v v - 16.3941.34 | 8.7341.06 54.7449 79 - - -
v v vV | 4.7940.16 | 6.1940.36 | 83.1342.11 | 3.6440.45 | 4.4540.12 | 96.5640.56
Table 2: Quantitative results of ablation analysis of different components.
method Multi-Center (LCA) HY (LCA) _
GT ours improve GT ours improve
mTCE | 14.58 6.274+0.28 57.00% | 1023  4.794+0.16  53.18%
mRE 11.91 8.68+0.54 27.12% | 9.37 6.19+0.36  33.94%
SR 27.03 70.27£3.89 43.24% | 31.58 83.13+2.11 51.55%
Multi-Center (RCA) HY (RCA)
method - .
GT ours improve | GT ours improve
mTCE | 12.37 4.17+£0.97 66.29% | 13.37 3.644+045 72.15%
mRE 6.80 3.904+0.66 42.65% | 729 4.45+0.12 38.96%
SR 92.59 100.00+£0.00 7.41% | 64.67 96.56+0.56 31.89%

Table 3: Performance comparison on LCA and RCA datasets under Multi-Center and HY settings.

Module Effectiveness. To validate our modules, we con-
ducted ablation studies on three factors: 1) same-phase
frame selection (SPF), 2) inclusion of translated images
(IWT) in training, and 3) adjacent-view error propagation
(SAV). As shown in Table 2, on the left coronary dataset, the
progressive addition of the SPF, IWT, and SAV modules led
to improvements in all metrics. Ultimately, compared to the
baseline, our method reduced mTCE and mRE by 132.36%
and 31.59%, respectively, while increasing SR by 44.97%.
On the right coronary dataset, adding the SPF module in-
creased SR by 3.93%, and further incorporating the SAV
module boosted SR by 9.98%. These results demonstrate
that each additional module we introduced effectively en-
hanced performance compared to the baseline.

Rationality of Parameter Selection. We performed ab-
lation studies on three parameters: the number of consecu-
tive frames for SuperPoint (DeTone et al. 2018) tracking, the
number of matched point pairs, and the « and 3 values in the
evolutionary algorithm’s fitness function. As shown in the
supplementary materials, optimal performance was achieved
with 14 frames, 70 matched keypoints, and « =-0.5, 8 =0.1.

Multi-Center Experiment

To demonstrate our generalizability, we conducted exper-
iments on multi-center datasets. Although coronary struc-
tures are consistent, image style (e.g. transparency, contrast)
varies across centers. As shown in Table 3, on LCA data the
overall metrics after translation correction are slightly lower
than on HY due to higher inherent errors, but improvement
magnitude is similar. On RCA data, the pre-correction suc-
cess rate was already 92.59%, leaving little room for im-
provement, with a modest 7.41% gain. Other metrics and
trends are consistent with the HY. Figure 5 shows results
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Figure 5: Multi-center experimental results.

of multi-center experiments. Regardless of image style, our
method achieves reliable matching and accurate translation
estimation, demonstrating strong generalization ability.

Conclusion

We propose an ACT method for CAG images to ad-
dress platform motion in coronary angiography. By auto-
annotating data, we overcome the issue of limited manual
annotations. Our evolutionary algorithm mitigates epipolar
constraint failures due to vascular deformation, improving
translation accuracy. Theoretical support for error propaga-
tion is also provided. Experiments show that our method out-
performs weakly supervised approaches and rivals strongly
supervised methods. Ablation studies validate the effective-
ness of each module, and multi-center experiments demon-
strate its strong generalization ability.
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