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Complex tubular structures are essential in medical imaging and computer-assisted diagnosis, where their
integrity enhances anatomical visualization and lesion detection. However, existing segmentation algorithms
struggle with structural discontinuities, particularly in severe clinical cases such as coronary artery stenosis
and vessel occlusions, which leads to undesired discontinuity and compromising downstream diagnostic
accuracy. Therefore, it is imperative to reconnect discontinuous structures to ensure their completeness. In
this study, we explore the tubular structure completion based on point cloud for the first time and establish
a Point Cloud-based Coronary Artery Completion (PC-CAC) dataset, which is derived from real clinical
data. This dataset provides a novel benchmark for tubular structure completion. Additionally, we propose
TSRNet, a Tubular Structure Reconnection Network that integrates a detail-preservated feature extractor,
a multiple dense refinement strategy, and a global-to-local loss function to ensure accurate reconnection
while maintaining structural integrity. Comprehensive experiments on our PC-CAC and two additional public
datasets (PC-ImageCAS and PC-PTR) demonstrate that our method consistently outperforms state-of-the-art
approaches across multiple evaluation metrics, setting a new benchmark for point cloud-based tubular structure
reconstruction. Our benchmark is available at https://github.com/YaoleiQi/PCCAC.

1. Introduction

Complex tubular structures, such as blood vessels, constitute essen-
tial components of human physiology and play a critical role in medical
imaging and computer-assisted diagnosis (Li et al., 2022). Preserving
their structural integrity is essential, as it enables the accurate visu-
alization for radiologists and facilitates the detection of lesions (Ko
et al., 2017), supporting more informed and precise treatment deci-
sions (Gharleghi et al., 2022). Existing segmentation algorithms (Qi
et al., 2023; Kong et al., 2020; Zhang et al., 2023, 2022) have made
progress in analyzing tubular structures. However, in more clinically
significant and severe cases (Fig. 1(a)), such as coronary artery steno-
sis (Madhavan et al., 2014; Pijls and Sels, 2012), blockage (Garje et al.,

2015), and myocardial bridging (Fig. 2(a)) (Lee and Chen, 2015), the
continuity of segmentation is often compromised, resulting in fractures
that negatively affect downstream diagnosis. Therefore, it is imperative
to design an effective and robust reconstruction framework to preserve
the anatomical integrity of complex tubular structures.

Recently, some studies (Mou et al., 2019; Qiu et al., 2023; Han
et al., 2022; Weng et al., 2023) have investigated the reconnection of
fractured tubular structures using voxel-based approaches. However,
these methods encounter notable limitations in handling the following
complex scenarios. As shown in Figs. 1(a) and 2(a), lesions such as
coronary artery stenosis cause blurry and unclear image representa-
tions, reducing the visibility of critical vascular structures. In cases of
complete occlusion (Thanvi and Robinson, 2007), this issue may further
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Fig. 1. Motivation. (a) shows the undesired discontinuity caused by unclear image representation in structures affected by lesions. (b) shows vessels visualized
across different modalities, where thin tubular structures are prone to being obscured, making them difficult to observe without the use of contrast agents. (c)
shows the differences in structural reconnection from the perspectives of both voxel-based and point cloud representation. (d) our work redefines the reconnection
task from a point cloud perspective and builds a dataset that is simulated from real clinical data.

lead to missing information in local regions, resulting in undesired
discontinuity. Such disruptions compromise the structural integrity of
tubular anatomy and pose significant challenges for accurate recon-
nection. Similarly, as depicted in Fig. 1(b), variations across imaging
modalities also present additional challenges. For patients allergic to
contrast agents, non-contrast imaging presents substantial obstacles
in analyzing tubular structures due to reduced visibility and lack of
enhancement. These fine vascular features are often difficult to dis-
tinguish, which hampers visual assessment and complicates structural
reconnection when relying solely on voxel-based methods.

Fortunately, point clouds, as a structured data representation that
emphasizes coherence and consistency (Fei et al.,, 2022; Chen et al.,
2021; Bernard et al., 2017; Beetz et al., 2023), provide advantages that
are absent at the voxel level. As shown in Fig. 1(c), point cloud-based
methods offer notable advantages in computational efficiency and ac-
curacy. Voxel-based methods process over 1000K voxels, resulting in
high computational cost, whereas point cloud-based methods operate
on around 4K points. Additionally, the reconnected point cloud can
then be directly utilized to construct a high-resolution sub-voxel mesh
model, enabling accurate anatomical reconstruction and simulation
without the need to revert to the original voxel representation. For
instance, in coronary arteries, this enables the creation of a more
accurate physical model for downstream tasks such as hemodynamic
simulation (Ko et al., 2017). Thus, we redefine the reconnection of
complex tubular structures from a point cloud perspective (Fig. 1(d))
for the first time.

However, the direct application of point cloud completion to frac-
tured tubular structures presents several key challenges: (a) Imbal-
anced point distribution. The number and density of points vary
greatly between large anatomical regions (e.g., the aorta) and slender
elongated segments (e.g., coronary vessels). This extreme disparity
biases the model towards larger structures and hinders its ability to cap-
ture fine structural details, ultimately degrading performance on thin
tubular structures. (b) Complex global topology. Tubular structures
exhibit intricate and delicate morphologies across individuals. Com-
pared to objects with regular or simple structures, predicting missing
segments in thin tubular structures is particularly difficult, especially
when capturing intricate curvature details. As a result, the model tends
to produce incomplete or topologically incorrect structures during point
generation.

To tackle the above obstacles, as a first attempt, we propose a novel
Point Cloud-based Coronary Artery Completion (PC-CAC) dataset and
propose a robust, detail-preserved baseline for the precise reconnection
of fractured tubular structures. (1) To enhance the integrity of complex
tubular structures, we redefine the reconnection task from a point cloud
perspective. To our best knowledge, we are the first to construct a
dedicated dataset PC-CAC. Our dataset is derived from clinical data,
incorporating segmentation results while preserving fractures, under-
segmentation, and other imperfections. Furthermore, to simulate more
challenging real-world scenarios, 10%-30% of the points from damage-
prone regions within the main structures are removed from the input to
better reflect the complexity of structural discontinuities. This design
facilitates a more rigorous evaluation of completion algorithms and
promotes the advancement of effective reconnection strategies. (2) To
address the challenges of imbalanced point distribution and complex
global topology, we propose a Tubular Structure Reconnection Network
(TSRNet) designed for the accurate reconnection of fractured complex
tubular structures, which comprises a detail-preserved feature extrac-
tor, a multiple dense refinement strategy, and a global-to-local loss
function. These components cooperate to enhance detail preservation
and effectively handle hard-to-represent regions. (3) To objectively
evaluate our approach, experiments are conducted on our PC-CAC
dataset and two public datasets. We select a coronary artery segmen-
tation (ImageCAS) dataset (Zeng et al., 2023) and a pulmonary tree
repairing (PTR) dataset (Weng et al., 2023). Then, we convert these
two open-source datasets into point cloud format, namely PC-ImageCAS
and PC-PTR, and conduct validation accordingly.

In summary, our contributions are as follows:

+ The first point cloud-based tubular structure reconnection
dataset: To our best knowledge, we construct the first point
cloud-based coronary artery completion (PC-CAC) dataset from
clinical data. Our benchmark provides a new perspective for
tubular structure reconnection and fostering advancements in this
field.

A novel exploration and high-performing baseline: Our work
represents the first attempt to explore tubular structure reconnec-
tion based on point cloud. We propose a baseline designed for
accurately reconnecting fractured tubular structures, comprising
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Fig. 2. (a) Illustration of myocardial bridging in a real clinical case, where the lesion leads to local structural loss that challenges voxel-based models. (b) Our
proposed method shows superior reconnection performance, and better handles such fracture compared to existing voxel-based approaches.

a detail-preserved feature extractor, a multiple dense refinement
strategy, and a global-to-local loss function. These methods co-
operate to enhance detail preservation and effectively handle
hard-to-represent regions.

+ A comprehensive evaluation across multiple datasets. To ob-
jectively evaluate our approach, experiments are conducted on
our PC-CAC dataset and two public datasets. Experimental re-
sults show that our method achieves state-of-the-art performance
across multiple datasets.

2. Related works

2.1. Reconnection methods from voxel perspective

Many methods have been proposed to reconnect fractured vessels
from the image perspective. (1) Traditional walk-based methods (Mou
et al, 2019; Qiu et al.,, 2023; Gupta et al., 2023). Random walk
classifies unlabeled pixels based on pre-annotated vessel (foreground)
and background seed points, initially used directly for vessel segmen-
tation (Grady, 2006; Li et al.,, 2015). Building on this, Mou et al.
(2019) proposed the Probability Regularized Walk (PRW) algorithm
for fractured vessel connection: labeling all connected regions via
morphological operations, matching minimal-distance point pairs, and
integrating local vessel direction modeling with segmentation network
probability outputs to form “walking” connections. Qiu et al. (2023)
extended the PRW algorithm to 3D and applied it to coronary ar-
teries. Gupta et al. (2023) introduced a perturb-and-map mechanism
to diversify path search and avoid local optima or deviations. These
methods rely on local information while neglecting global morphology
and are limited by weak voxel-level features, heavily depending on
endpoint detection accuracy. As a result, they struggle to maintain
structural continuity, often leading to misaligned connections, incom-
plete reconstructions, or even false reconnection in complex struc-
tures. These limitations hinder their applicability in real-world clinical
scenarios, where missing or noisy data further exacerbate the chal-
lenges. However, our approach integrates global and local information
through point cloud level completion without requiring explicit fracture
endpoint identification.

2.2. Generic point cloud completion methods

PointNet (Qi et al., 2017a) and PointNet++ (Qi et al., 2017b) ad-
vanced point cloud completion. Numerous deep learning-based meth-
ods (Xie et al., 2020; Yu et al., 2021; Zhou et al., 2022; Xiang et al.,
2022; Wen et al., 2022; Chen et al., 2023; Rong et al., 2024; Wang et al.,
2024) have emerged, typically using encoder-decoder architectures to
map partial inputs to complete shapes. Xie et al. (2020) regularized
unordered point clouds via 3D grids as intermediate representations,
leveraging structural and contextual neighbor information. Yu et al.
(2021) adopted a Transformer encoder—decoder architecture, convert-
ing point clouds into point proxies and designing geometry-aware mod-
ules to exploit 3D geometric inductive biases. Zhou et al. (2022) intro-
duced Patch Seeds to capture global structures and local patterns. Wen
et al. (2022) predicted unique point displacement paths under dis-
tance constraints for strict correspondence learning. Wang et al. (2024)
proposed geometric detail perception and self-feature augmentation
units to establish structural relationships via attention mechanisms.
These methods prioritize large surface optimization over slender tubu-
lar structures, thus failing to capture the intricate geometric details.
The absence of dedicated mechanisms for preserving thin tubular fea-
tures tends to result in disrupted topology, or over-reconstructions,
ultimately compromising diagnostic reliability and downstream clini-
cal applications. However, our approach specifically targets elongated
vascular features through clinical data-driven training and continuity
constraints for vascular topology.

3. Methodology

As shown in Fig. 3, our TSRNet comprises two main stages: a
Detail-preserved Feature Extractor (Section 3.1) and a Multiple Dense
Refinement strategy (Section 3.2). These are jointly optimized using a
Global-to-local Loss Function (Section 3.3) to ensure the structural con-
sistency. To leverage geometric sparsity, the entire framework operates
directly on point cloud inputs. The procedure for converting voxel-
based segmentation results with anatomical discontinuities into point
clouds is detailed in the next section (Section 4) and included in our
open-source implementation.
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Fig. 3. Framework. Our framework comprises two main stages: a Detail-preserved Feature Extractor and a Multiple Dense Refinement strategy. These are jointly
optimized using a Global-to-local Loss Function to ensure the structural consistency. (a) Core Points Selection analyzes the density to extract critical points that
are easily overlooked. (b) TransSA Feature Extraction utilizes a Transformer-based set abstraction to capture both local and global features. (c) Refine Module
progressively refines results, generating coarse-to-fine reconstructions. (d) Global-to-local Loss constrains the reconstruction by enforcing global consistency via

Chamfer Distance and enhancing local structure with Fidelity Error.

3.1. Detail-preserved feature extractor

In this section, we discuss how to perform the Detail-preserved Fea-
ture Extractor. Given the input point cloud as P = {p;[i=1,2,...,N} €
RN*3 where N represents the total number of points, and each p;
contains 3D coordinates (x, y, z). Within our network architecture, the
extractor captures both global shape and local geometric context of
the input point cloud P and downsamples it to support the subsequent
coarse-to-fine refinement process.

3.1.1. Core points selection module

Progressive generation aims to achieve global densification of sparse
point clouds. Thus, we first derive a sparse core point cloud P, from the
original P to integrate the reconnection of fracture locations into the
global densification process. To address the challenge of imbalanced
point distribution, which arises from the small spatial proportion oc-
cupied by complex tubular structures in the overall point cloud, we
propose the Core Points Selection (CPS) module. CPS dynamically ad-
justs the attention of the model to different point types during training
(Fig. 3(a)). By analyzing density variations and employing adaptive
selection strategies, CPS effectively identifies critical points, ensuring a
well-balanced point distribution and mitigating the impact of sparsity.

Specifically, CPS first analyzes the density distribution of the input
point cloud P to separate dense P4 and sparse regions P5. Then, the Far-
thest Point Selection (Qi et al., 2017a) is employed as the fundamental
approach for core point selection, while we introduce adaptive con-
straints tailored to different density conditions to optimize the selection
process in both dense and sparse regions. To ensure balanced and effec-
tive critical points selection, CPS incorporates three main constraints:
(1) Simultaneous selection in separate dense and sparse regions.
CPS operates separately on both dense and sparse regions, ensuring that
the selection process adapts to local point distribution features with-
out biasing towards high-density areas. (2) Region-restricted point
selection. Points are selected strictly within their respective regions,
meaning that points in high-density regions cannot be chosen from
points in low-density regions. This constraint prevents structural distor-
tion caused by disproportionate sampling across density variations. (3)
Priority on end and isolated points. CPS prioritizes the retention of
endpoints and isolated points, which are often crucial for maintaining
continuity. These points play a key role in guiding the refinement
process and preventing structural loss in later stages.

Under the condition of adhering to the principles, CPS starts from a
single point and iteratively selects the most suitable point in different

situations from the current point until the designated number N, of
points is reached by P, = {P4,PS} = CPS(P, N,), where P9 refers to
the dense regions, and P® refers to the sparse regions. N, is set to one
quarter of the complete point cloud to facilitate high-quality refinement
and to retain as much information from P as possible. P, selected by
CPS represent core points containing crucial information, exhibiting a
uniform overall distribution, and preserving attention on the complex
vascular structures.

3.1.2. TransSA feature extraction module

Inspired by Zhou et al. (2022), which applies patch seeds to obtain
rich information, we propose the TransSA module, which integrates
Set Abstraction (SA) and Transformer (Zhao et al., 2021) to effectively
extract features from irregular structures.

As shown in Fig. 3(b) and Eq. (1), the SA block concatenates
the input point coordinates Cp with their corresponding features Fp,
selects the centroid Cg, within the local region, and identifies neigh-
boring points of Cg, via K-Nearest Neighbors (KNN) (Zhang et al.,
2017) to construct local representation. Subsequently, PointNet (Qi
et al., 2017a) is applied to extract refined feature points Fg,. The
Transformer module further processes the extracted features Fg, and
coordinates Cg,, mitigating the unordered nature of point cloud data
while leveraging self-attention mechanisms for enhanced feature ex-
traction, denoted as F,,,. Additionally, the SA module utilizes F,,,
to capture higher-dimensional representations, enriching the feature
extraction process. By iteratively integrating Transformer with SA, the
TransSA module effectively enhances feature discrimination, ensuring
robust representation learning for complex structures.

Fg4,Cs4 = SA(Fp, Cp),

Fu, = Trans former(Fgy,Cgy).

@

3.2. Multiple dense refinement strategy

As shown in Fig. 3, the progressive network is designed to faithfully
restore details from the sparse point cloud, gradually guiding the model
to focus on details of completion. Multiple refine modules (Fig. 3(c))
are designed to sequentially reconstruct the core point cloud P, into
the coarse point cloud P,, and then further refine P, into the dense
point cloud P,, which constitutes the final output. Features F, extracted
by the TransSA module are incorporated into each refine module to
better preserve the fidelity of the data. Within each refine module,
the coordinates C, is fused with the feature F,, which undergoes
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processing through an MLP followed by three rounds of Self-Attention,
generating an intermediate representation P),. Simultaneously, P, is
processed through another MLP to produce P’/. The final refined output
P,,, is obtained by applying an MLP to the concatenation of P/, and
P,/’ . The first refine module focuses on initial completion by addressing
major discontinuities, while the second refine module further enhances
the reconstructed details, emphasizing minute vascular structures to
ensure finer structural integrity.

3.3. Global-to-local loss function

Considering the progress of the coarse-to-fine training process, it be-
comes imperative to impose stage-specific constraints, gradually guid-
ing the model optimization towards the desired direction. Therefore,
the overall loss function £ encompasses two components, global L,
and local £;, which are tailored to the differences in the outputs across
different stages. In detail, #, Chamfer Distances (CD?1) (Fan et al.,
2017) is employed as the primary metric, which utilizes #;-norm to
compute the distance between two sets of points, ensuring the precise
global structural alignment. Furthermore, to maintain a high degree
of similarity between the reconstructed output and the original input,
and enhance the focus of the model on local regions, we integrate
Fidelity Error (FE) (Yuan et al., 2018) into the loss formulation. Since
FE is defined as the average distance from each point in the input to
its nearest neighbor in the output, effectively measuring how well the
original structure is preserved during completion.

In our study, loss calculation is divided into global and local
perspectives. Specifically, the global perspective (Eq. (2)) focuses on
the overall structural restoration, ensuring the coherence of the recon-
structed shape. Meanwhile, the local perspective (Eq. (3)) leverages the
CPS module mentioned above to analyze point set density and processes
different density regions separately. This approach dynamically bal-
ances the representation of sparse and dense point sets, enhancing the
model’s attention to sparse structures. The loss from global £, becomes:

£, =CD\(P|,Pgr) + FE(P|,Pgr) + CD1 (P, Pir), 2
-

L

coarse L fine

where CD?1 represents the #; Chamfer Distance, which measures the
discrepancy between two point sets. £, denotes the loss function from
global perspective, consisting of L., and L, corresponding to
different stages. P, and P, represent the reconstructed point clouds at
the coarse and fine stages, respectively, while P, denotes the ground
truth point cloud. FE refers to Fidelity Error, which evaluates how well
the reconstructed structure preserves the original input, focusing on
fine-grained details.

From the local perspective, the CPS module mentioned above is
utilized to analyze the density distribution of the input point set P, and
separate it into two regions, including P¢ for high-density areas and P*
for low-density areas, express as: {P?,P*} = CPS(P, Ny). Then CPS(:)
is performed simultaneously on the output point sets P, P,, and the
ground truth Pg;. Then the following loss calculation exclusively on P*
region:

£, =CD 1 (PS,PS,) + FE(PS, PS.) + CDY1 (P5, PS. ), (3)

Leoarse Lfine

where CD?1 and FE are consistent with Eq. (2). Specifically, Pi, P; and
P{,. represent the sparse regions within the point sets P;, P, and Pgr,
respectively.

Finally, the global-to-local training process is regulated by a thresh-
old ¢, ensuring a stage-aware transition between loss components. The

complete formulation of the loss function L is defined as follows:
L,, L, >e,

r=J"s g~ ¢ ()]
A-rL,+vL,

otherwise,
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where L, represents the global loss, ensuring overall structural con-
sistency, while £, accounts for finer details by focusing on local re-
construction accuracy. The threshold ¢ acts as a phase transition pa-
rameter, determining whether the loss function should prioritize global
structural alignment or incorporate local refinements. The trade-off
parameter y dynamically adjusts the weighting between global and
local losses when the global loss £, is below the threshold, allowing
a gradual shift in emphasis as training progresses. This adaptive loss
strategy ensures that early training stages prioritize overall geometric
consistency, while later stages refine fine details, leading to progressive,
high-fidelity reconstructions of complex tubular structures.

4. Experimental setting
4.1. Datasets description

As shown in Table 1, to objectively evaluate our approach, experi-
ments are conducted on our PC-CAC dataset and two public datasets.
We select a coronary artery segmentation (ImageCAS) dataset (Zeng
et al,, 2023) and a pulmonary tree repairing (PTR) dataset (Weng
et al.,, 2023). Then, we convert these two open-source datasets into
point cloud format, namely PC-ImageCAS and PC-PTR, and conduct
validation accordingly.

PC-CAC Dataset. We construct the Point Cloud-based Coronary
Artery Completion (PC-CAC) dataset, derived from real clinical coro-
nary artery data, comprising a total of 427 patients (3416 cases).
These images were scanned on a SOMATOM Definition Flash and the
contrast media was injected during the scanning process. The x/y-
resolution of these CT images is between 0.25~0.57 mm/voxel and
the slice thickness is between 0.75 to 3 mm/voxel. The x/y-size of
the images is 512 voxels and the z-size is between 128~994 voxels.
For pre-processing, we first resample the resolution of these images
to 1 mm X 1 mm X 1 mm for a unified resolution, then threshold their
grayscale value to [0, 2048] and normalize them to [0, 1] for unified
intensity.

The dataset is partitioned into 300 patients (2400 cases) for train-
ing, 40 patients (320 cases) for validation, and 87 patients (696 cases)
for testing. Each point cloud consists of 4096 points, representing
the aorta and the left and right coronary arteries, where the aorta
contains 3072 points, and the coronary arteries contain 1024 points.
The input point clouds in our dataset originate from real segmentation
results (Isensee et al., 2021; Qi et al., 2023) using Alg. 1. To further sim-
ulate real-world challenges, we introduce synthetic fractures at high-
risk locations, including bifurcations and tortuous structures, where
discontinuities are most likely to occur. Additionally, we incorporate
random fractures and noise to enhance robustness and generalization.
To ensure a diverse and challenging reconstruction task, we generate 8
distinct input cases per patient, capturing a wide range of vascular con-
ditions. To simulate fractures, 10%—-30% of the points in the coronary
arteries are removed, while the aortic structure remains unchanged,
ensuring a realistic and challenging reconstruction scenario.

PC-ImageCAS Dataset. To further enhance the evaluation of our
proposed approach, we introduce a public coronary artery segmen-
tation dataset ImageCAS (Zeng et al., 2023), and convert it into a
point cloud format called PC-ImageCAS dataset. The dataset consists
of 8000 cases, derived from 1000 patients, where each complete point
cloud sample captures detailed anatomical structures. The dataset is
partitioned into 700 patients (5600 cases) for training, 100 patients
(800 cases) for validation, and 200 patients (1600 cases) for testing,
maintaining consistency in dataset division. This structured partitioning
ensures a comprehensive assessment across varying clinical conditions,
reinforcing the reliability of our framework in real-world applications.

PC-PTR Dataset. To further assess the generalization capability of
our proposed baseline, we utilize the pulmonary arteries in Pulmonary
Tree Repairing (PTR) dataset (Weng et al., 2023) and convert them
into point clouds format, referred to as PC-PTR. The dataset comprises
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The details of our dataset from the real clinical scenario and two public available datasets in our verification tasks.

(a) The details of two public available datasets in our task

Name Target dataset Train/Val/Test Detail information Pre-processing
PC-ImageCAS ImageCAS (Zeng 700/100/200 1. Scanner: Siemens 128-slice dual-source 1. Resample the resolution to 1 mm?
et al., 2023)° 5600/800,/1600° 2. Planar resolution: 0.29~0.43 mm? 2. Normalize via 2ex(10:0.2048)
3. Slice thickness: 0.25~0.45 mm 3. Obtain segmentation results
4. x/y-size: 512 voxels, z-size: 206~275 voxels 4. Extract aorta and main coronary branches
5. Generate point cloud based on surface of aorta
6. Generate point cloud based on centerline of coronary
PC-PTR PTR (Weng et al., 599/80/160 1. Scan from multiple medical centers Generate point cloud based on centerline of vessels

2023)¢

4472/640/1280° 2. Resolution: already be processed to 1 mm?

3. x/y-size: 512 voxels, z-size: 177~798 voxels

(b) The details of our proposed dataset from real clinical data

Name Target dataset Train/Val/Test Detail information Pre-processing
PC-CAC PC-CAC 300/40/87 1. Scanner: SOMATOM Definition Flash . Resample the resolution to 1 mm?
2400/320/696° . x/y-resolution: 0.25~0.57 mm/voxel . Normalize via mex(nin0.:02048)

AW N

. Slice thickness: 0.75~3 mm/voxel
. x/y-size: 512 voxels, z-size: 128~994 voxels

204
. Obtain segmentation rxesults

. Extract aorta and main coronary branches

. Generate point cloud based on surface of aorta

6. Generate point cloud based on centerline of coronary

g WN =

a To ensure a diverse and challenging reconstruction task, each patient generates 8 distinct input cases, capturing a wide range of conditions.

b ImageCAS: https://github.com/XiaoweiXu/ImageCAS-A-Large-Scale-Dataset-and-Benchmark-for-Coronary-Artery-Segmentation-based-on-CT.

¢ PTR: https://github.com/M3DV/pulmonary-tree-repairing.

799 patients (6392 cases), with each sample consisting of 8192 points,
where 5%-15% of the points are deliberately removed to simulate
structural degradation. The dataset is partitioned into 559 patients
(4472 cases) for training, 80 patients (640 cases) for validation, and
160 patients (1280 cases) for testing, following the same as the original
PTR dataset.

4.2. Details of voxel-to-point clouds process

This section discusses how to perform the voxel-to-point cloud
conversion process. Using our proposed coronary artery dataset as an
example, it consists of segmentation results (using segmentation models
such as nnU-Net Isensee et al.,, 2021; Qi et al., 2023) that preserve
fractures and under-segmentation, along with data that simulate chal-
lenging real-world scenarios. Regarding the segmentation results, the
skeleton is extracted from the voxels, followed by a point-by-point
mapping to form a point cloud. For the simulation of fractures, the
complete procedure is illustrated in Alg. 1. The operations on the
segmentation results are similar to those of this algorithm, except that
simulated fractures are not required. The input point cloud simulation
construction process involves four steps: obtaining segmentation or
annotation, converting into point clouds, normalizing, and simulating
fractures. To better simulate real-world scenarios, operations such as
removing cavities from voxels and extracting the main trunk from point
clouds are also performed.

4.3. Experimental configurations

Evaluation Settings. Our evaluation is divided into two main parts:
(1) comparisons with point cloud-based methods (Section 5.1), and
(2) comparisons with voxel-based methods (Section 5.2). For both
parts, we conduct comprehensive performance evaluations as well as
ablation studies to validate the effectiveness of our proposed TSRNet.
For point cloud-based methods, we select classic point cloud com-
pletion algorithms GRNet (Xie et al., 2020) and PointTR (Yu et al.,
2021), as well as the methods such as SeedFormer (Zhou et al., 2022)
and SnowflakeNet (Xiang et al.,, 2022) proposed in 2022, Anchor-
Former (Chen et al., 2023) proposed in 2023, PointAttN (Wang et al.,
2024) and CRA-PCN (Rong et al., 2024) proposed in 2024. For voxel-
based methods, we adopt DRTT (Li et al., 2021) and VSRNet (Ye et al.,
2025) as representative methods, both of which have been used in

volumetric vascular reconstruction tasks. All models are trained on the
same datasets under identical implementation settings to ensure a fair
comparison. All models were trained independently on each dataset,
and no transfer learning was used across datasets.

Evaluation Metrics. All metrics are calculated for each case and
averaged. (1) ¢, Chamfer Distances (CD?1) (Fan et al., 2017). It uses
¢,-norm to calculate the sum of the average closest distance between
two point clouds. (2) F1-Score (F1) (Tatarchenko et al., 2019). It
evaluates the distance between the surfaces of objects. (3) Fidelity
Error (Yuan et al., 2018). It is used to measure how well the input is
preserved, which calculates the average distance between the point and
the nearest neighbor. To better assess whether the vessels are function-
ally reconnected, we additionally include topology-aware metrics. (4)
Overlap (OV) (Schaap et al., 2009). It quantifies the structural overlap
between the predicted result and the ground truth, reflecting vessel
coverage after reconstruction. (5) Bottleneck Distance (BD) (Cohen-
Steiner et al., 2005; Kerber et al., 2017). It measures the discrepancy
between the persistence diagrams of the prediction and the ground
truth, and thus characterizes topological consistency. (6) Betti Error
(BE) (Hu et al.,, 2019; Wyburd et al., 2024). It evaluates topologi-
cal differences in terms of Betti numbers, capturing discrepancies in
connected components and loop structures.

Implementation Details. Experiments are implemented using Py-
Torch on GeForce RTX 2080 Ti. Adam optimizer is used to train the
models with an initial learning rate of 10~#. The threshold parameter
¢ for the loss function L is set to 6 x 1073 and the trade-off parameter
y is set to 0.5. To ensure a more objective evaluation and to ignore the
effect of inflated metrics caused by the high number of points in the
aorta, the coronary arteries are assessed independently .

5. Results and analysis
5.1. Compared with point cloud-based methods

In this section, we present a comprehensive comparison between
our TSRNet and the state-of-the-art point cloud-based completion meth-
ods. The evaluation is conducted on three benchmark datasets: PC-CAC,
PC-ImageCAS, and PC-PTR. We report both quantitative and qualitative
results, followed by detailed ablation studies to assess the contribution
of each component in our framework. The analysis focuses on three key
performance indicators.
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Algorithm 1: Conversion of Coronary Artery Voxels into Corre-
sponding Point Cloud from Clinical Data.

input : The annotation of voxel-based aorta y* and coronary y;
Numbers of patients K, numbers of points N, number of
cases for each simulation M.
output: The ground truth of point cloud-based vessels (including
aorta and coronary) Py ;
The input of point cloud-based vessels (including aorta and
coronary) P.

Eliminate cavities in y*;
Define the spherical structuring element e to control the extent of
elimination;
Apply morphological operations (Dilation, Erosion) with structuring
element e;
Obtain centerline point cloud y’¢ of coronary;
Obtain surface point cloud y"* of aorta;
for k=1...K do
Y9 = MC()*); > MC represents the Marching Cubes. y'* refers to
the point cloud surface of aorta.
N, = N - PointNums(y"*)
¥y’ = FPS(y'*,N,) > FPS represents the Farthest Point Sampling.

©w (O

N o oa s

© ®

1 > Remove irrelevant

=)

Obtain main trunk point cloud y' of coronary;
branches.

1 for k=1...K do

12 Calculate all pairs of endpoints (1,, t,) for y';

13 for each endpoint pair (1, t,) do

14 Perform Depth-First Search from 7, to ¢,, updating the
shortest path;

15 i = GetIndex(t,, 1,); > Assign index i for each pair.

16 Record the shortest path y/.

7| Y= Union{y!}.

18 Normalize the point clouds y' and y'%;
19 for k=1...K do

20 Calculate the centroid of Union{y’, y""*};

21 for each point p € Union{y', y"} do

22 Subtract the centroid from point p;

23 Scale the points to fit within the range [—1, 1].

24 Obtain ground truth point cloud P and simulated fractured input point
clouds P;

25 for k=1...K do

26 P; = Union{y"*, y'}, P = §;

27 form=1...M do

28 R = Random(min_ratio, max_ratio); > Proportion of points to
be removed.

29 B = Random(min_break, max_break); > Number of regions to
break.

30 Randomly partition ' X R points into B groups and store
them in remove[B];

31 Yeopy = COPY(Y);

32 forb=1...B do

33 connect = GetConnectedComponents(y, py);

34 Randomly delete a connected component of size

remove[b] from y’copy;

35 connect’ = GetConnectedComponents(y’copy);

36 if connect’ == connect then

37 Retry the current deletion; > Did not cause a

fracture, retry.

38 | P=Pu{y'copy};

39 End, ground truth Py and M sets of input point clouds P are obtained.

5.1.1. Quantitative evaluation

Comparative Results. The advantages of our TSRNet on each met-
ric are demonstrated in Table 2, and the results show that our frame-
work consistently outperforms existing approaches across all three
datasets: PC-CAC, PC-ImageCAS, and PC-PTR, achieving state-of-the-art
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performance in CD?1, F1, and Fidelity Error. Specifically, our method
attains the lowest CD’1, demonstrating its effectiveness in accurately
reconstructing fine-grained structural details. Additionally, our model
achieves the highest F1 on PC-CAC and PC-PTR, while maintaining
the second-best F1 on PC-ImageCAS. Furthermore, our approach con-
sistently outperforms other methods in Fidelity Error, with the lowest
values observed across all datasets. Notably, the most striking im-
provement is in Fidelity Error in PC-PTR which consists of dense
and numerous elongated tubular structures, where our model achieves
0.102, marking a 97.2% reduction compared to the second-best model
SeedFormer, demonstrating unparalleled structural preservation. This
confirms that our model preserves the original structure more faithfully
while reducing unwanted distortions. Compared to other recent meth-
ods such as AnchorFormer, PointAttN and CRA-PCN, our framework
achieves more stable and better performance, particularly in complex
vascular structures from PC-PTR, where detail preservation is critical.
In addition to these geometric metrics, the topology-aware results in
Table 3 further verify that TSRNet preserves structural connectivity
more effectively. Specifically, our method achieves the highest OV
on all three datasets, the lowest BE on all three datasets, and the
best BD on two out of three datasets, indicating more complete vessel
coverage and better topological consistency than competing methods.
These results validate the effectiveness of our detail-preserved feature
extractor, multiple dense refinement strategy, and global-to-local loss
function, collectively contributing to the superior performance of our
method.

Ablation Study. The results in Table 4 demonstrate that each
module contributes to the overall performance, with the best results
achieved when all three components are combined (Row D). By com-
paring Row A (baseline) and Row B (with the Multiple Dense Refine-
ment Strategy enabled), we observe a substantial improvement in CD?1
from 9.137 to 4.763, and an increase in F1 from 73.90% to 93.27%.
This confirms that the Multiple Dense Refinement Strategy effectively
enhances the completeness and precision of the reconstructed struc-
tures by progressively refining missing regions. Enabling the Global-
to-Local Loss Function further improves performance, as seen in Row
C, where CD?1 decreases to 3.877, F1 rises to 94.39%, and Fidelity
Error is also notably reduced, indicating that this loss function helps
balance global structural consistency while preserving fine details. The
integration of the Detail-Preserved Feature Extractor (Row D) leads
to the best overall performance, achieving the lowest CD?! of 3.783,
lowest Fidelity Error of 3.318, and highest F1 of 94.58%, which demon-
strates that this module plays a crucial role in accurately reconstructing
fine-grained tubular structures.

Hyperparameter Ablation. To evaluate the impact of key hyper-
parameters in TSRNet, we perform a comprehensive ablation study on
the PC-CAC dataset, as summarized in Table 5. Specifically, we vary
the global loss threshold e, the trade-off parameter y, and the number
of stacked SA+Transformer (S+T) blocks. Notably, Row 7 achieves the
best overall performance with ¢ = 2.7 and y = 0.5. We also explored
the number of SA+Transformer blocks, the choice of 2 achieves the
best result, and is thus adopted in our model.

Loss Ablation. To assess whether the use of Fidelity Error in our
loss formulation introduces metric bias, we clarify that all competing
baselines in the main comparisons were trained using the loss functions
and optimization settings reported in their original papers, without the
Fidelity Error term used in TSRNet. We further retrained the three
top-performing baselines in our main comparison, namely SeedFormer,
SnowflakeNet, and CRA-PCN, on PC-ImageCAS with the same Fidelity-
related loss. As shown in Table 6, TSRNet still achieves the best overall
performance, indicating that its advantage is not solely due to the use
of Fidelity Error in training.

Sensitivity Analysis of Input Point Number and Core Point
Ratio. To further examine the robustness of the proposed Core Points
Selection module, we conducted a sensitivity analysis on both the
number of input points and the selection ratio N,,. As shown in Table
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Table 2
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Quantitative results of different point cloud-based methods on datasets PC-CAC, PC-ImageCAS and PC-PTR. Bold indicates the best results, and Underlined

indicates the second-best results.

Method PC-CAC PC-ImageCAS PC-PTR

cpf1 (1073 | F1 (%) 1 Fidelity (1073) | cpf1 (1073 | F1 (%) 1 Fidelity (1073) | cpf1 (1073 | F1 (%) 1 Fidelity (1073) |
GRNet (Xie et al,, 2020) 32,683 + 9.488  32.60 + 4.95 52.549 + 17.918  28.953 + 5411  46.12 + 4.15 46.202 + 10.401  11.641 + 0.836  58.81 + 4.57 13.900 + 0.856
PoinTr (Yu et al, 2021) 4.452 + 0.896 87.98 + 1076  4.335 + 1.634 4.861 + 0.920 85.83 + 12.61  4.796 + 1.422 6.129 = 1.510 80.80 + 1572  5.203 x 2.572
SeedFormer (Zhou et al., 2022) 4.139 + 1.286 93.41 + 2.84 3.598 + 1.368 2.799 + 0712 97.47 + 1.88 2.563 + 0.825 4.803 + 1.356 88.82 + 7.02 3.666 + 0.914
SnowflakeNet (Xiang et al, 2022)  5.661 + 1.661 88.11 + 3.37 5.816 + 2.365 2.979 + 0.893 95.89 + 2.54 2.836 + 1.288 6.033 + 1.327 83.06 + 6.97 5.666 + 1.009
AnchorFormer (Chen et al,, 2023)  6.747 = 0.871 83.11 + 7.32 6.178 + 0.845 4.699 + 0.435 87.68 + 11.62  4.392 = 0.693 11.491 + 1.150  48.48 & 7.51 9.237 + 1.107
PointAttN (Wang et al., 2024) 8.288 + 1.348 67.22 + 4.47 6.660 + 2.488 5.757 + 1.422 83.84 + 4.01 4.595 + 2.587 11.387 + 1.777  54.67 + 7.60 9.324 + 1.657
CRA-PCN (Rong et al., 2024) 5.869 + 1.100 88.75 + 3.87 6.245 + 2.171 3.526 + 0.749 93.54 + 4.44 4.414 + 1.650 9.088 + 0.982 66.01 + 7.20 8.950 + 2.114
TSRNet (Ours) 3.783 + 1.456 94.58 + 2.28 3.318 + 1.768 2.395 + 0.716 96.83 + 1.94 2.062 + 0.910 2.382 + 0.533 96.31 + 1.83 0.102 + 0.031

Table 3
Quantitative results of different point cloud-based methods on datasets PC-CAC,
the best results, and Underlined indicates the second-best results.

PC-ImageCAS and PC-PTR, evaluated using topology-aware metrics. Bold indicates

Method PC-CAC PC-ImageCAS PC-PTR

oV (%) 1 BD (1072) | BE| oV (%) 1 BD (1072) | BE| oV (%) 1 BD (1072) | BE|
GRNet 68.83 + 8.44  4.028 + 1.344 5475 + 3.376  70.21 + 841  4.095 + 0.573  9.420 + 14.469  89.58 + 1.79 2.539 + 0.824  87.275 + 138.998
PointTr 86.74 + 1.98  5.060 + 0.719 5400 + 2.083  92.48 + 2.65  4.110 + 0.685  2.910 + 1.425 91.50 + 1.33 2.444 + 0.728  34.875 + 25.639
SeedFormer 97.93 + 1.87  2.064 + 1.219  0.188 + 0.470  98.56 + 1.53  1.737 + 1.115  0.140 + 0.375 95.40 + 1.55 1.944 + 0.566  1.031 + 2.008
SnowFlakeNet ~ 97.13 + 1.94 2817 + 1.778  0.425 + 0.667  98.58 + 2.04  1.602 + 1.170  0.205 + 0.493 94.91 + 1.10 1.956 + 0.792  3.000 + 5.089
AnchorFormer ~ 85.32 + 2.60  3.340 + 1.474  0.916 + 0.940  89.65 + 2.53  3.498 + 1.255  0.425 + 0.587 78.54 + 2.53 2.124 + 0.538  61.425 + 84.174
PointAttn 86.49 + 2.74 5256 + 1.585  8.538 + 3.634  87.14 + 3.59  4.325 + 1.137  4.313 + 0.982 75.16 + 10.73  2.576 + 0.716  156.613 + 188.114
CRA-PCN 96.74 + 251  2.728 + 1.260  0.500 + 0.870  96.27 + 3.23  2.728 + 1.627  0.490 + 0.538 93.17 + 2.34 2.058 + 0.510  1.109 + 1.359
TSRNet (ours) 98.13 + 2.03  2.236 + 1.253  0.172 + 0.439  99.12 + 1.76  1.448 + 0.962 0.080 + 0.271  96.78 + 1.05  1.821 + 0.579  0.719 + 1.068

Table 4

Quantitative results of ablation analysis of different modules on our PC-
CAC. @ represents the Multiple Dense Refinement Strategy. @ represents
the Global-to-Local Loss Function. ® represents the Detail-Preserved Feature
Extractor.

® @ ® D% (109} F1 (%)1 Fidelity (107) |
A 9.137+7.993  73.90+31.36 7.950 +7.577
B v 4763+0.593  93.27 +3.40 4.809 + 0.654
c v v 3877+1.684  94.39+245 3.351 + 1.809
D v v / 3783+1456 9458+228 3318+ 1.768

7, the default setting of 4096 points with Ny, = 1/4N achieves the best
overall performance across all evaluation metrics. When the input size
is reduced to 2048 points, the performance drops markedly, indicating
that insufficient point sampling weakens the representation of complex
tubular structures. Although increasing the input size to 8192 points
improves the results compared with 2048 points, it does not surpass the
default configuration, suggesting that simply using more points does
not necessarily lead to better reconstruction.

In addition, we evaluated two alternative selection ratios under the
4096-point setting. Using N, = 1/2N yields competitive performance
but remains slightly inferior to the default setting, while N, = 1/8N
leads to a clear performance degradation across all metrics. These
results suggest that selecting too few core points may discard important
structural information, whereas the default ratio provides a better
balance between preserving representative geometry and maintaining
effective coarse-to-fine refinement. Overall, the analysis confirms that
the proposed model is robust to moderate variations in point number
and selection ratio, and supports the use of 4096 points with N,
1/4N as the default configuration.

5.1.2. Qualitative evaluation

As shown in Fig. 4, six representative cases from the PC-CAC, PC-
ImageCAS, and PC-PTR datasets illustrate the superior completion per-
formance of our TSRNet compared to existing approaches. Our frame-
work demonstrates better structural integrity, finer detail preservation,
and improved robustness in reconstructing missing regions.

In our PC-CAC dataset (A-1, A-2), our method effectively restores
complex and thin vascular structures, reducing discontinuities and
achieving a more accurate topology compared to other methods. Refer-
ring to A-1 and A-2, it can be observed that PointAttN and CRA-PCN
struggle to reconstruct and complete curved structures, leading to unin-
tended fractures in originally intact regions. While Pointr performs rela-
tively well in structural restoration, it fails to focus on elongated tubular
structures, making completion infeasible. SeedFormer, SnowflakeNet,
and AnchorFormer show comparatively better results. However, they
still suffer from structural distortions, incomplete connections, and
even incorrect reconstructions, particularly in complex or thin struc-
tures. In contrast, our method demonstrates superior robustness and
performance, effectively preserving structural integrity while accu-
rately reconstructing both complex and elongated tubular structures.
Similarly, in the PC-ImageCAS dataset (B-1, B-2), our approach better
captures the global shape while maintaining fine anatomical details,
whereas other methods suffer from missing branches and distortions.
For the PC-PTR dataset (C-1, C-2), which involves highly intricate
pulmonary vessels, our model achieves remarkable consistency with the
ground truth, accurately reconstructing fine-grained structures while
avoiding excessive artifacts. In contrast, alternative methods exhibit
structural collapse, missing connections, or distorted reconstructions,
as highlighted by the red-marked error regions. These qualitative re-
sults further confirm the effectiveness of our detail-preserved feature
extractor and multi-stage refinement strategy, enabling our model to
accurately reconstruct complex tubular structures while minimizing
artifacts and preserving structural coherence.

To further investigate the performance under structurally extreme
conditions, we highlight two particularly challenging cases with highly
tortuous and complex anatomies from our PC-CAC dataset (A-3, A-
4). As shown in Fig. 5, these examples are characterized by extensive
curvature and disconnections, posing significant challenges to existing
methods. It is evident that PointAttN and CRA-PCN struggle with recon-
structing curved structures and may even introduce errors in previously
intact regions. While Pointr shows a reasonable ability to restore struc-
ture, it lacks sensitivity to fine tubular details, leading to incomplete
reconstructions. SeedFormer, SnowflakeNet, and AnchorFormer yield
relatively better results but still exhibit structural distortions, missing
connections, and sometimes incorrect linkages, particularly in complex
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Table 5

Ablation study of key hyperparameters. We vary the global loss threshold e, the

trade-off parameter y, and the number of SA+Transformer (S+T) blocks. The

best performance is highlighted in bold.

€ y  (S+T) CD% (1073) | F1 (%)t Fidelity (1073)]
1 31 05 2 2485+0.718  96.06+2.11 2.254 +0.970
2 29 05 2 24050716  96.60+1.97  2.084 0912
3 27 03 2 2502+0719  96.56+2.00  2.081 +1.200
4 27 07 2 2457+0.718  96.79+1.94  2.120 +0.930
5 27 05 4 2513+0712 9634+1.96 2277 +0.945
6 27 05 8 2575+0717  9524+272 2409+ 1.017
7 27 05 2 2395+0716 9683+194  2.062+ 0910

Table 6

Analysis on PC-ImageCAS: quantitative comparison of representative competing methods retrained with the Fidelity-related loss.
“w/0” denotes the original training loss reported in the corresponding paper, while “w/” denotes retraining with the added Fidelity-

related loss.

Method Fidelity loss Metrics
cD% (1073) | F1 (%)t Fidelity (10-3)] OV (%)1 BD (1072)} BE|
SeedFormer w/o 2799 +0.712 9747 +1.88 2.563 +0.825 98.56 +1.53  1.737+1.115  1.400 +0.375
SeedFormer w/ 2.537+0.598 9779 + 1.85 2.280 +0.735 99.06 +1.28  1.384+1.217  0.950 + 0.263
SnowFlakeNet w/0 2979 +0.893 9589 +2.54 2.836 + 1.288 98.58 £2.04  1.602+1.170  2.050 +0.493
SnowFlakeNet w/ 3.297 +0.968 9525 +£2.48 3.406 + 1.546 98.32 £ 1.63 1.893 + 1.087 2.400 + 0.427
CRA-PCN w/0 3.526 +0.749 93.54 +4.44 4.414 £ 1.650 96.27 +£3.23 2728 +1.627  4.900 + 0.538
CRA-PCN w/ 3.374 +£0.728 92.96 + 4.64 4.467 + 1.542 98.47 + 1.94 1.972 +1.388 1.850 + 0.459
TSRNet (ours) w/ 2.395+0.716  96.83 +1.94 2.062 + 0.910 99.12+1.76 1448 +0.962  0.800 + 0.271
Table 7

Sensitivity analysis of the Core Points Selection module under different input point numbers and selection ratios.

Num of points Ratio CcD% (1073) | F1 (%)t Fidelity (1073)] OV (%)t BD (1072)} BE|
2048 Ny=1/4N 3.927 +0.451 8222 +4.62 4.167 + 1.893 92.10 + 3.46 3.876 + 1.141 8.750 + 0.980
8192 Ny=1/4N 2.561 +0.260 94.98 +2.27 2424 +1.192 97.59 +2.64 2.014 +0.887 2.300 +0.337
4096 Ny=1/2N 2.403 +0.507 95.23 +1.96 2.354 +1.177 98.95 +2.78 1.828 + 1.049 2.150 +0.510
4096 Ny=1/8N 3.980 + 1.265 91.30+1.93 3.190 = 1.215 92.10 + 3.46 3.876 + 1.141 8.750 + 0.980
4096 Ny=1/4N 2.395 + 0.716 96.83 + 1.94 2.062 + 0910 99.12 + 1.76 1.448 + 0.962 0.800 + 0.271

and elongated vascular regions. In contrast, our method consistently
achieves more accurate, well-connected, and robust reconstructions,
more closely aligning with the ground truth.

5.2. Compared with voxel-based methods

To further evaluate the effectiveness of our TSRNet, we compare it
against voxel-based tubular structure completion methods. Specifically,
we select two recent and representative baselines, DRTT and VSR-Net,
which have demonstrated good performance in voxel-domain vascu-
lar reconstructions. Both quantitative and qualitative comparisons are
conducted on the public PC-ImageCAS dataset for fairness.

5.2.1. Quantitative evaluation

Comparative Results. The quantitative results are presented in
Table 8. Our TSRNet achieves the best performance across all three
evaluation metrics. Specifically, our method obtains a CD?1 of 2.395,
which is significantly lower than that of VSR-Net (2.529) and DRTT
(2.869), indicating superior accuracy in structural alignment. In addi-
tion, TSRNet achieves the highest F1-score of 96.83% and the lowest
Fidelity Error of 2.062, reflecting its ability to preserve both geometric
detail and global continuity. These results demonstrate that operating
directly in the point cloud domain provides advantages over voxel-
based methods, particularly in terms of structural fidelity and precise
reconnection. In addition to reconstruction accuracy, we also compare
the computational efficiency of TSRNet with the voxel-based baselines.
TSRNet achieves substantially lower inference time and GPU memory
usage than both DRTT and VSR-Net. Specifically, TSRNet requires only

0.860 s per case, compared with 13.003 s for DRTT and 15.97 s for
VSR-Net. In terms of GPU memory usage, TSRNet consumes 242.4 M,
whereas DRTT and VSR-Net require 334 M and 10,753 M, respec-
tively. These results provide empirical support for the computational
efficiency of the proposed point-cloud-based representation in fractured
tubular structure reconstruction.

5.2.2. Qualitative evaluation

Visual comparisons of different methods are presented in Fig. 6,
where fice representative cases from the public PC-ImageCAS dataset
are selected to evaluate completion performance under various struc-
tural challenges. We focus particularly on vascular regions that are
difficult to reconnect. For instance, certain cases from PC-ImageCAS
exhibit long-gap structural discontinuities that pose significant recon-
struction difficulties for existing methods. Our TSRNet consistently
outperforms other approaches in restoring continuity and preserving
anatomical fidelity across all datasets. The visual results demonstrate
that our framework achieves better structural integrity, finer detail
preservation, and improved robustness in reconstructing missing re-
gions.

In the PC-ImageCAS dataset (B-1 to B-5), each row shows a differ-
ent anatomical structure with varying types and severities of vascular
disconnection. DRTT relies on a centerline template as input guidance.
When this centerline contains fractures, the model fails to generate
any meaningful reconnection in the corresponding regions, as evident
in cases such as B-1 to B-5. As a result, large disconnected segments
remain unreconstructed. In contrast, VSR-Net is capable of handling
some short-range disconnections and successfully reconnects smaller
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Fig. 4. Visual comparison of different point cloud-based models. A-1, A-2 are two cases from our PC-CAC dataset. B-1, B-2 are two cases from PC-ImageCAS

dataset. C-1, C-2 are two cases from PC-PTR dataset.
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fractures. However, it struggles in cases involving long-gap or high-
curvature discontinuities (B-2 and B-4), where the restored structures
remain incomplete or topologically inaccurate. Our method, by oper-
ating directly on the point cloud without requiring prior centerline
input, demonstrates superior adaptability across all cases. In particular,
in B-4, which includes both long-gap and short-gap fractures, our
TSRNet successfully restores both segments and achieves a structurally
consistent result that closely matches the ground truth. The qualitative
results highlight the robustness of our model in restoring complex
vascular geometry under varying levels of structural loss.

5.3. Model analysis — Completion capability under different fracture sever-
ity

To further explore the completion limits of each model and ob-
jectively evaluate the reconnection performance of different methods

I#t ) @ )
v 7
S N

Fig. 5. Challenging cases with highly tortuous and complex anatomies.
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under varying levels of structural disruption, we simulate fractures at
different severities (10%, 20%, and 30%) and compare the completion
results across multiple baseline methods. The bottom-right section of
Fig. 7 illustrates a specific example simulating three different levels
of fractures. At 10% fracture severity, a single fracture occurs in a
complex and elongated region. At 20% fracture severity, multiple frac-
tures emerge at critical locations such as thin structures and bifurcation
points. At 30% fracture severity, a primary trunk is almost entirely
fragmented, leaving only scattered points. Both the line and bar chart
in Fig. 7 illustrate our model consistently outperforms others, achieving
the lowest CD?1 and Fidelity Error, while maintaining the highest F1
across all fracture ratios. Notably, as the severity of fractures increases,
competing methods exhibit a significant decline in performance, strug-
gling with structural continuity and detail preservation. In contrast,
our model remains robust, demonstrating superior completion accuracy
and preserving fine structures even under severe fractures, highlighting
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Table 8
Quantitative results of different voxel-based methods on public dataset PC-ImageCAS. Bold indicates the best results.
CcD% (1073) | F1 (%)1 Fidelity (1073)] oV (%)1 BD (1072)} BE| Inference time|  GPU usage|
DRTT (Li et al., 2021) 2.869 + 0.630 96.41 +1.03 3.765 + 0.627 95.75+1.60 3391 +0.375  2.800 +0.872 13.003 s 334M
VSR-Net (Ye et al., 2025) 2.529 +0.719 96.54 + 1.15 3.205+0.910 96.34+2.18  3.530+0.463  2.300 + 1.100 15.97s 10753 M
Ours 2.395+0.716 96.83 +1.94 2.062 +0.910 9912 +1.76 1448+0962  0.080 + 0.271 0.860 s 242.4M
Input DRTT VSR-Net Ours GT
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Fig. 6. Visual comparison of different voxel-based models. B-1 to B-5 are 5 cases from the public PC-ImageCAS dataset. We focus on vascular regions that are
particularly difficult to reconnect. In particular, cases B-2 and B-4 involve long-gap structural discontinuities that pose significant challenges for reconstruction.

its strong generalization capability in reconstructing complex tubular
structures.

5.4. Model analysis — Impact of fracture type and severity

To further investigate the robustness of different models across
diverse structural categories, we evaluate the reconnection perfor-
mance on three representative types of anatomical regions: opening,
bifurcation, and terminal segments. As shown in Fig. 8, we simulate
fractures with increasing severity (Grade 1-3), corresponding to slight,
moderate, and severe levels of disconnection. Each row represents
a distinct structural region, while each column pair compares the
performance of SeedFormer (the second best model) and our TSRNet
under different fracture conditions. In Grade 1 (Slight Fracture), all
models generally perform well in reconnecting openings and bifurca-
tion points, where disconnections are minor and structural cues remain
clear. However, in terminal regions with highly tortuous geometries,
SeedFormer often fail to maintain geometric fidelity, resulting in dis-
rupted or overly smoothed reconstructions. In contrast, our TSRNet
preserves the integrity of these curved structures more effectively.
In Grade 2 (Moderate Fracture), the fractures predominantly occur
around complex bifurcation regions, where multiple branches inter-
sect at varying angles. SeedFormer typically reconnects only a single
dominant branch, failing to capture the full bifurcation topology. In
contrast, our method accurately reconstructs all intersecting branches,
maintaining topological completeness and structural coherence across
the bifurcation. In Grade 3 (Severe Fracture), as the degree of discon-
nection increases, the reconstruction task becomes significantly more
challenging due to the loss of large structural segments and spatial
cues. Under such extreme conditions, SeedFormer suffers from unstable
predictions, including fragmented outputs. In contrast, our method
maintains stable and coherent reconstructions, consistently producing
anatomically plausible results that align more closely with the ground
truth.
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5.5. Model analysis — External real-clinical cases

Although the benchmark is constructed using controlled simulated
fractures to provide a standardized and reproducible setting, we further
validated TSRNet on previously unseen real clinical CTA cases from 67
patients to assess its practical relevance. For the external CTA cases,
we selected representative examples involving blurred vessel appear-
ance, myocardial bridging, and imaging artifacts. The corresponding
segmentation inputs were generated by nnU-Net (Isensee et al., 2021).
These conditions often lead to local lumen narrowing, ambiguous vessel
boundaries, and apparent discontinuities in clinical imaging. As shown
in the added examples, TSRNet is able to reconnect incomplete ves-
sel structures more consistently than the competing method, yielding
reconstructions that are visually closer to the reference anatomy. In
particular, the model preserves vessel continuity in regions where
the segmentation output is fragmented, suggesting that the proposed
framework can better handle clinically realistic incompleteness.

To further quantify the realism of the simulated benchmark, we
directly tested the proposed method on these unseen clinical CTA cases
without retraining (See Fig. 9). As shown in Table 9, the raw segmen-
tation results exhibit limited structural completeness, and SeedFormer
provides only modest improvement. In contrast, TSRNet achieves the
best overall performance on most metrics, with the lowest CD?1, Fi-
delity Error, and BE, as well as the highest F1 and OV. These results
suggest that the proposed framework can better reconnect real clinical
discontinuities and preserve vessel continuity under practical imag-
ing conditions, providing complementary evidence that the simulated
benchmark remains relevant to clinically realistic scenarios.

From a clinical perspective, the proposed framework may be valu-
able in several aspects. First, as a point cloud-based post-processing
module, TSRNet can be applied to vessel representations obtained
from different acquisition settings or imaging types, potentially without
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Fig. 8. Visual comparison of reconnection results across different fracture severities and structural types. We compare the performance of SeedFormer (the second
best) and our method under three grades of fracture severity: slight (Grade 1), moderate (Grade 2), and severe (Grade 3).

task-specific retraining, making it suitable for downstream applica-
tions that require structurally complete vessels, such as centerline
extraction, vessel tracking, branch-level analysis, and quantitative mea-
surement. Second, in cases affected by imaging artifacts, low con-
trast, or generally low image quality, segmentation models are more
likely to produce fragmented vessel outputs. In such scenarios, TSRNet
can improve structural continuity and completeness, thereby provid-
ing a more reliable anatomical representation for subsequent analy-
sis and interpretation. Third, the same framework is also potentially
relevant to non-contrast CT, where the absence of vascular enhance-
ment makes vessel delineation substantially more difficult. Since non-
contrast CT is widely used in routine screening, baseline examination,
and calcification-related assessment, the ability to recover incomplete
vessel structures in this setting may further expand the practical utility
of the proposed method.

5.6. Future works
Looking ahead, point cloud-based tubular structure completion of-

fers a strong foundation for preserving anatomical integrity. Building
upon this, integrating point cloud representations with corresponding
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voxel or image-based modalities holds great potential for further re-
fining centerline estimation and improving structural accuracy. Such
multi-modal fusion is expected to enhance model stability and provide
more reliable reconstructions for downstream clinical applications such
as diagnosis, simulation, or intervention planning. We will continue
to release updates to the PC-CAC dataset, including the addition of
paired image data, to promote ongoing research and foster broader
advancements in this domain.

6. Discussion and conclusion

Structural discontinuity remains a fundamental challenge in medical
image analysis of tubular structures, severely affecting the accuracy
of downstream tasks such as flow simulation and structural quantifi-
cation. Existing methods often fail to preserve anatomical coherence
when dealing with complex morphologies or long-gap fractures. To
address this, we propose a dedicated tubular structure completion
framework based on point cloud modeling, which significantly im-
proves the capacity to restore fine-grained topology across different
types of structural degradation. In addition, we release a novel dataset
PC-CAC and standardized benchmark to facilitate reproducible research
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imaging artifacts. From left to right, each row presents the original image, the input segmentation, the reconstruction results of SeedFormer and our method, and

the reference annotation.

Table 9

Quantitative comparison on unseen clinical CTA cases for external validation, evaluated without retraining on the
external dataset. Bold indicates the best results and underlined indicates the second best results.

CD% (107%) |  F1 (%)t  Fidelity (103)] OV (%)t BD (102} BE|
Segmentation  5293+3.609  9242+435 328345386 9836125 23141359  0.657 +1.100
SeedFormer ~ 5.075+2.164  91.19+3.99  3941+1480 9848+ 1.18 1827+1490  0.299 +0.547
TSRNet (ours) ~ 4.872+£2206 9283+398 31771673  9851+113 19721254 0.283 +0.541

and fair comparison in tubular structure reconnection tasks. Experimen-
tal results across three datasets (PC-CAC, PC-ImageCAS, and PC-PTR)
confirm the robustness and generalizability of our approach in handling
diverse anatomical patterns. Our TSRNet integrates a detail-preserved
feature extractor, a progressive dense refinement strategy, and a global-
to-local loss formulation, enabling accurate restoration of severely dis-
connected tubular structures while minimizing topological distortion.
These findings underscore the importance of topology-aware modeling
for medical imaging and suggest a promising direction for integrating
structure-completion modules into broader diagnostic pipelines and
patient-specific analysis systems.

In conclusion, this study introduces a novel approach for tubular
structure reconnection from a unique point cloud perspective, address-
ing the limitations of traditional voxel-based methods in handling
discontinuities within complex tubular structures. To our best knowl-
edge, we construct the Point Cloud-based Coronary Artery Completion
(PC-CAC) dataset, derived from real clinical data for the first time,
providing a new benchmark for tubular structure reconnection tasks.
Specifically, we propose the TSRNet, a dedicated Tubular Structure
Reconnection Network, which integrates a detail-preserved feature ex-
tractor, a multiple dense refinement strategy, and a global-to-local loss
function. These components collectively enhance structural integrity,
detail preservation, and the reconstruction of missing regions. Experi-
ments on PC-CAC and two additional public datasets (PC-ImageCAS and
PC-PTR) validate the effectiveness of our method, demonstrating state-
of-the-art performance. Our method consistently achieves the lowest
Chamfer Distance and Fidelity Error while maintaining the highest
Fl-score, confirming its superiority in restoring fragmented tubular
structures with high precision. Additionally, our model remains ro-
bust even under high-severity fractures, proving its strong capability.
Overall, this work lays a solid step towards structure-aware modeling
of fractured anatomy in medical imaging, paving the way for more
effective and equitable applications in clinical diagnosis.
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