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Abstract

Pulmonary vasculature provides important structural information for diagnosing and assessing respiratory diseases such as pul-
monary embolism, pulmonary hypertension, and interstitial lung disease. In particular, topological properties, including branch-
ing patterns and connectivity, are essential for downstream tasks such as centerline extraction, vascular analysis, and blood flow
simulation. Recent convolutional neural network (CNN)-based methods achieve accurate pulmonary vessel segmentation from
CT images, but their voxel-wise prediction nature often causes topological errors such as disconnected branches, missing fine
vessels, and false connections. These errors can propagate to subsequent analysis stages and reduce the reliability of clinical ap-
plications. To address this limitation, we propose a topology-preserving pulmonary vessel reconstruction framework that converts
CNN-based segmentation results into a skeleton graph, constructs sparse endpoint candidate pairs, and refines vascular connec-
tivity through graph neural network (GNN)-based supervised connectivity prediction. By incorporating structural information,
the proposed method restores missing connections and suppresses erroneous links, producing a more consistent vascular tree.
Experiments on the HiPaS CTPA dataset show that the proposed method reduces endpoints from 1024 to 324, gaps from 299 to
7, and connected components from 134 to 39 compared to the CNN-only baseline. These results demonstrate that the proposed
method effectively complements CNN-based segmentation by improving topological correctness.
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Table 1: Quantitative comparison of Dice and clDice metrics be-
tween the CNN-only model and the proposed CNN+GNN method.

Method Dice (%) clIDice (%)
CNN 65.3 54.2
CNN + GNN 67.1 61.7
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Table 2: Quantitative comparison of vascular structural metrics be-
tween the CNN-only model and the proposed CNN+GNN method.

HHy Endpoints Gaps Components

CNN-only 1024 299 134

CNN + GNN 324 7 39
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Figure 2: Qualitative comparison of pulmonary vessel reconstruc-
tion for two patients. The first column shows skeletons extracted
from CNN-based segmentation, which contain topological errors
such as disconnections and false connections (highlighted in red).
The proposed GNN module refines the vascular graph by correct-
ing these errors and restoring missing connections. The second col-
umn shows the final CNN+GNN refinement results. Green regions
indicate vessel connections restored by the proposed GNN refine-
ment process. The final reconstructed vessel tree is more consistent
with the ground truth (GT) shown in the third column.
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