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Lung nodule segmentation method based on optimized downsampling

and feature fusion
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Abstract Lung nodules have various types, and their complex imaging features make accurate segmentation of lung nodules
a major challenge. Therefore, a lung nodule segmentation method based on optimized downsampling and feature fusion
(DFNet) is proposed. To address the issue of detail information loss caused by max pooling, combining the idea of SPD-
Conv and a sharpening convolution kernel, Space-to-Depth Downsampling (SPDD) is proposed to reduce the information
loss during downsampling and at the same time enhance the feature extraction capability. Due to the semantic gap between
encoder and decoder features, simple concatenated skip connections may result in insufficient feature fusion. Dual-Path
Fusion Module (DPFM) is designed to enhance the feature fusion between the encoder and decoder, thereby improving the
segmentation performance of the model. The proposed model achieved a Dice Similarity Coefficient of 90.59% on the LIDC-
IDRI dataset, which is an improvement of 1.89% compared to the original U-Net. Compared to other segmentation
methods, the proposed model has better segmentation performance.

Keywords lung nodule; image segmentation; feature fusion; downsampling

TErp R AE O R MBOLR 2| i WA TR Y, B Rl 4 2L B kL
o8 B HE AR - S ORI G, o UL T b FZE R 2R, BT Z MR ARSI . AnfaT 1
DRI b il 988 s 2 0S8 W0 50 J 3 U FNRRARRAT BT 7, e 58 250 i 1 5 i S R 3, EL VA 5 I
JESET A BURCEE SC™ . FABIRE 00 2 SR BURMAS MR 5 e 7 il 45 1 55 00 1t A7, = A i A
LSS TR T 30 mm (9 REREG AR S R A Y DN B I, HL R

WHEE 2024-12-05
BEMEE RIS (1982-), 5 BIHEZ B9 5 1)« BE 452 AR AL L5 43 HT , E-mail : xushengzhou@scuec.edu.cn
EEWE  WbE ARRHEEE ST IIIUH (2025AFB688 ) ; H S R AL S AR L 55 B e i 98 6 %8 B 5 H (CZY22015)



55510

H A A ST UL T RAE SR AERL S 4535 2385 vk 713

(a) REEN A ES T (b) 3 ML B4 15
T 19 78 N

K1 4%

(c) BEJrs MU 4547 (d) BE Bl 2

Fig. 1 Schematic diagram of various types of lung nodules
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Tab. 1 Segmentation results of lung nodules by different methods

R Year Parameters/M loU/% Dice/% Precision/% Recall/%

U-Net 2015 31.04 81.20 88.70 87.20 92.80
UNet++ 2018 36.63 81.87 89.41 88.19 92.97
UNet3+ 2020 26.97 81.70 89.17 87.34 93.63

UCTransNet 2022 66.26 81.47 88.93 87.71 92.78
FusionU-Net 2024 25.81 81.10 88.73 87.30 92.86
DFNet 2024 33.56 83.42 90.59 89.70 93.10




5 5 1]

H A A ST UL T RAE SR AERL S 4535 2385 vk 717

B G 7 8 32 7 X R 1) Dice AL R 5L . Ry
T AR BT AR RIOCR | B 6 1 23 E A5 S b
ZLA0 RN Il 45 57 B G AR, (0, R /s A 1) TN 285

S v (0 ) 2 4 bR 5 TR 25 SR ARy X T
T i B RUF 285 57, & 6 58 LAT i, i T H 5 i
I S5 2 M i, 25 o S B0 BRI 45 1 g 1L £ 2
TE UNet++ £l FusionU-Net [ 73 % 45 5L & i, 343 1
ISR A 0% M, 5 TN ) i 4 5 DX T AR SR
HH 1) DFNet ££ DX 43 Hi 5 il 285 35 77 i e A 55 . %
TR LA RS, N 6 5 247 R, T A

88.24%

92.31% 78.69%

5G4 M LA L, 25 5 W 0 A I i R b A A il
4 [X 38, AR SCAY DF Net 76 fili 45 15 11 524330 05 18 48
T H ALY, B T 4 5 B9 Dice AL R EL. X T2
Jes TRl 2851, WL 6 275 34T i , T L R — A
Y, A BIME B AR, AH AT A ARE Y I e T 2 i
S5 I EB 43 DX I, DFNet GE #% 51 4 ff b 1 2 HOPIR
X T EE B B A2, AN 6 58 4 47 P, B A
TGRSR, G IN T o3 FIE B AR T A AR AR A S
E@ DFNet fiE % BEORS ff b 4 B FC /N ST 0R, 4R A5 48
Ban i)

86.33% 80.13% 94.07%

87.09% 80.23%

14.10% 78.00%

66.93%
Rl S 7R U-Net

6 AR MiZE 1Y

Fig. 6  Figures of lung nodules segmentation results by different methods
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Tab. 2  Ablation experiments with different modules

LY 10U/%  Dicel% Precision/% Recall/%

U-Net 81.20 88.70 87.20 92.80
U-Net+SPDD 82.06 89.58 87.84 93.61
U-Net+DPFM 82.56 89.96 87.78 94.17

DFNet 83.42 90.59 89.70 93.10
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Fig. 8 Figures of lung nodules segmentation results with different modules
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