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Abstract: Accurate segmentation of pulmonary nodules is a crucial prerequisite for early lung cancer screening and clini-
cal diagnosis. However, pulmonary nodules in CT images exhibit challenges such as irregular shapes, blurred boundaries,
and significant size variations (ranging from a few millimeters to tens of millimeters). Additionally, they are easily inter-
fered with by surrounding tissues like blood vessels and pleura, which leads to limitations in traditional deep learning seg-
mentation methods (e.g., U-Net, baseline V-Net), including large boundary localization errors, high missed diagnosis rates
of small lesions, and poor segmentation consistency. Furthermore, the fixed setting of the region of interest (ROI) tends to
cause redundancy of target information or loss of key details, further restricting segmentation accuracy. To address the
above challenges, a two-stage pulmonary nodule segmentation method was proposed that combined an adaptive ROI algo-
rithm with a multi-view 3D segmentation strategy. In the first stage, the V-Net architecture was employed to perform ini-
tial segmentation along the axial axis. The position and size of the ROI were dynamically adjusted by an innovative adap-
tive ROI (A-ROI) algorithm, maintaining the area ratio of the nodule to the ROI below a threshold R, to reduce interfer-

ence from irrelevant tissues. In the second stage, patch-based analysis was conducted along the coronal and sagittal axes,
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and finally, the multi-plane prediction results were integrated by a consensus module to enhance segmentation stability.
Experiments on the public LUNA16 and LNDb datasets show that this method achieves Dice coefficients of 92.6% and

92.3%, respectively, representing an improvement of 6.2% and 6.1% compared to the baseline V-Net, while the Hausdorff

distance is reduced to 2.92+1.89 mm. Compared with the traditional U-Net, the segmentation accuracy is also signifi-

cantly improved. Multi-plane collaborative analysis improves shape similarity by 29.8%. This method effectively ad-

dresses the core challenges in pulmonary nodule segmentation in CT images, providing reliable technical support for clini-

cal accurate diagnosis of early lung cancer and efficacy evaluation.

Key words: lung nodule, adaptive ROI algorithm, multi-view segmentation, V-Net architecture, segmentation stability
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