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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, this study proposes a two-stage pulmonary nodule segmentation method that combines an adaptive ROI
algorithm with a multi-view 3D segmentation strategy. In the first stage, the V-Net architecture is employed to perform ini-
tial segmentation along the axial axis. An innovative adaptive ROI (A-ROI) algorithm dynamically adjusts the position
and size of the ROI, maintaining the area ratio of the nodule to the ROI below a threshold RT (experimentally determined
as 0.6) to reduce interference from irrelevant tissues. In the second stage, patch-based analysis is conducted along the

coronal and sagittal axes, and finally, a consensus module integrates the multi-plane prediction results (with a consistency
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ratio set to 50%) 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 improvements of 6.2 and 6.1 percent-

age points 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 significantly improved. Ablation experiments verify that the adaptive

ROI reduces boundary errors by 37.5%, and multi-plane collaborative analysis improves shape similarity by 29.8%. This

method effectively addresses the core challenges in pulmonary nodule segmentation in CT images, providing reliable tech-

nical support for clinical accurate diagnosis of early lung cancer and efficacy evaluation.

Key words: Lung Nodules, Adaptive ROI algorithm, Multi-view segmentation, V-Net architecture, segmentation stability

1 5|5

it A B N SIS R P B O, L 2 I
o VT I 25T RS HE A b o il T IR
AR M 000 T P A1t 20 e R R T i e IR 2 G
Bl SR, ARR T B RITTEAMER 2 ), &
FAERE MM 25 . BT FE UGBS B
(Computer-Aided Design,CAD) 5 4 78 412 i iU &)
B4 TAERCR T H BB AN 07 17, (HIE TR
5 D)WL 4 G AL BEECR S B B4k 3 #) J7 2:A4T)
TG B KBl . I L 238 75 A = 4 B R A AR
(Value of Information,VOD) 1EN#i N, 1HVOI N}
LT TS 7 S 5 A R AH 2R AR AL, 7™ A
A7 nEIREREA SR, A NEATE A
YRR (VOD 1ENSIN, DLUHERA T4
FTRTEAR . XS VOLA] DA 25 15 R A i o,
A CLE U RHE AR R M. SR, BI{EA T VOI, 45
TP EB TR DL S 45745 5 R B s (EP RS
FHLD Z MRS, AR XS T R RS A
ISR 575 7y B TT RA R T Ff . &1 EoR
THFALE R IR, EoR T8 RS [F 451
Z AR AL, AT DA S BIAS [F) 25715 TR 1 22 57 DA
BAANGEITE 2 Al AL R AR I

I 25 5K VR PP 2 S D ST e R PR e XU
MEIEE. ETETARFCEIER, 2RO
R Z R G S PER B 3070 8 RS DU B
BUREHS W AR kB RIS BT
& G5 UG AL B 1) T iR IR B 2 ST I T RS
W BRI BB R Rt . g )riEd,
KUCHARSKI &5 £ 5%F B 3% 35 45 15 (Ground-Glass
Nodule, GGN) il 7 AR AL, (HAGEAH 24
WRCTHBFLENEZBIE. YUENI K
) = 4 5% % U B % 4% (3D Residual U-Net,3D ResU-
Net)ilid 7% 28 A g i 28 - D AR I AC B, 45

(a)

T Lq
STV R
BalR "

(b)

' 2 B

o

h &

b o

ik e |

(c) :
0] (i) (iii) (iiii)
K1 Sn VIR AN . B R U P £ A
PMFN OB i) , 45757 18] 22 57 AT () B (o) I
Figure 1 Multiple visual appearances of the pulmonary nodule are
shown. The intra-nodule variation in slices of axial view is depicted
from column (i) to (iiii), and the inter-nodule difference is presented

from rows (a) to (c)
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Figure 2 The stages of the proposed method
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Figure 3 The change in position and shape of the ROI after employing
our A-ROI algorithm, is presented. The current and next slice of VOI
have been shown in figure (a,b), respectively. The red ROI demon-
strates the change in size of ROI by A-ROI algorithm while the change
in position of the ROI is depicted by green ROI
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Figure 4 (a)to(f) is the constant and adaptive region of interests (ROIs) have been shown in a sequence of slices in which nodule is present. Blue and

red boxes represent the constant ROIs, while green boxes depict the adaptive ROI
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Figure 5 The architecture of V-Net, which is employed along the axial axis with the A-ROI algorithm to perform the lung nodule segmentation
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Table 1 Network structure with axial slice-wise residual connections

Unit level Conv layer Filter Stride Output size
Input 128 x 128 x 1
Conv 1 3 x3/64 1 128 x 128 x 64
Level 1
Conv 2 3 x3/64 1 128 x 128 x 64
Conv 3 3 x3/128 2 64 x 64 x 128
Level 2
Conv 4 3 x3/128 1 64 x 64 x 128
Conv 5 3 x 3/256 2 32 x 32 x 256
Level 3
Conv 6 3 % 3/256 1 32 x 32 x 256
Conv 7 3 x3/512 2 16 x 16 x 512
Level 4
Conv 8 3 x3/512 1 16 x 16 x 512
Conv 9 3 % 3/1024 2 8 x 8 x 1024
Level 5
Conv 10 3 % 3/1024 1 8 x 8 x 1024
Conv 11 3 x3/512 1 16 x 16 x 512
Level 6
Conv 12 3 x3/512 1 16 x 16 x 512
Conv 13 3 % 3/256 1 32 x 32 x 256
Level 7
Conv 14 3 x 3/256 1 32 x 32 x 256
Conv 15 3 x3/128 1 64 x 64 x 128
Level 8
Conv 16 3 x3/128 1 64 x 64 x 128
Conv17 3 x3/64 1 128 x 128 x 64
Level 9
Conv 18 3 x3/64 1 128 x 128 x 64
Output Conv 19 1x1 1 128 x 128 x 1
REAS B E R B /M Ner (1, W) AR (SGD) RVNZRIRA I 45 o
53 FAIH T B S, 18] ()3 2R RSB o FRATTAE 5 B B IRATH TR B A B B — 4R
BFHIIR S (DSC) 1E IR R EL, SEPNH B B — PR IR e IR AN S tR il
Lory = LS PN WONS g RIS, SRR A 1
i=1 . . NN |
N Net (1;; W)U S, S T T B 2 3-D A R . X G B

Frp NGRIIZRAEA ISR . A3 HIBEHUER B2 T 1



c 6. WO K R 3 XX
*2 RTAEERMEARBNITER S ENZREERNMELEN
Table 2 Network structure with residual connections for axial slice-wise segmentation along the coronal and sagittal axes

Unit level Conv layer Filter Stride Output size
Input 128 x 64 x 1
Conv 1 3 x 3/64 1 128 x 64 x 64

Level 1
Conv 2 3 x 3/64 1 128 x 64 x 64
Conv 3 3 x3/128 2 64 x 32 x 128

Level 2
Conv 4 3 x3/128 1 64 x 32 x 128
Conv 5 3 x 3/256 2 32 x16 x 256

Level 3
Conv 6 3 % 3/256 1 32 %16 x 256
Conv 7 3 x3/512 2 16 x 8 x 512

Level 4
Conv 8 3 x3/512 1 16 x 8 x 512
Conv 9 3 x 3/256 1 32 x 16 x 256

Level 5
Conv 10 3 x 3/256 1 32 x 16 x 256
Conv 11 3 x3/128 1 64 x 32 x 128

Level 6
Conv 12 3 x3/128 1 64 x 32 x 128
Conv 13 3 x 3/64 1 128 x 64 x 64

Level 7
Conv 14 3 x 3/64 1 128 x 64 x 64
Output Conv 15 1x1 1 128 x 64 x 1
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Table 3 The mean + standard deviation for quantitative results of various segmentation methods

Methodology DSC (%) SEN (%) PPV (%)
N 80.11 +
Transformer!” 81.22+17.13
10.38
) 83.51+
nnU-Net?!
11.33
) ) L 82.67+
Residual U-Net with attention!*" 17 86.62 + 12.83
) . 81.30 +
Swin-Unet??) 87.87 + 14.31
10.57
. 2 77.50 +
Multi-crop -CNN?! Ul 82.82+12.33 71.42 +14.77
) 75.88 £
Multi-view -CNNP?¥ 87.15+12.90 70.82 £ 17.57
13.00
o ) . 77.85+ 7 7
Multi-view deep -CNN* o3 86.95 + 15.72 77.33+13.28
, 81.58 +
Cascaded dual-pathway Res-Net*®! 1103 87.31+14.33
. . 2 82.34
Unsupervised metaheuristic -search’®”! 85.60 = 11.05
+5.41
) o ) o 84.35+
Constant ROI with multi-view residual learning" - 89.01 +8.92 86.72 + 10.19
) o ) 87.53 +
A-ROI with multi-view residual learning 10.60 91.62 + 8.48 88.26 £ 9.51
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Figure 8 Visualization results of the segmentation of the improved model on the LUNA16 dataset
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Figure 9 Visualization results of the segmentation of the improved model on theLNDb dataset
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Figurell The segmentation results of proposed approach
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