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Pulmonary nodule segmentation using multi-branch U-Net based on feature enhancement

WEN Fan, YANG Ping, ZHANG Xin, TIAN Ji, WANG Jinhua

Smart City College, Beijing Union University, Beijing 100101, China

Abstract: To address the problem of the inaccurate segmentation of pulmonary nodules caused by large scale differences,
unclear boundary texture and serious background interference, a multi-branch U-Net based on feature enhancement is
designed for pulmonary nodules segmentation. The method uses Transformer to extract structural features of pulmonary
nodules and surrounding tissues from a global perspective, and shallow 3D U-Net to extract the texture features. The
extracted both structural and texture features are used for feature enhancement. In addition, a multi-scale residual block and
3D coordinate attention module are designed to modify 3D U-Net for obtaining multi-scale information of pulmonary
nodules with enhanced features. Based on 3D U-Net decoder, the deep semantic information is reused for accomplishing the
segmentation of pulmonary nodules. The verification on LIDC-IDRI dataset shows that the proposed model has a precision,
sensitivity and Dice similarity coefficient of 90.04%, 86.64% and 88.80%, respectively, exhibiting superior comprehensive
segmentation performance as compared with other algorithms.

Keywords: pulmonary nodule; 3D U-Net; Transformer; multi-scale residual block; coordinate attention
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1 HRESELN (%)
Table 1 Ablation experiment (%)
Sy EIR RAAE SR
Bl it HudE  DSC
ZREFRZEH 3D CoordAtt  IRJEWH AR SSHft ot SRR

3D U-Net 84.17 8129  81.10
model_1 V 86.03 8333 8481
model 2 - J 84.40  85.62 8425
model 3 = = \ 87.41  80.00  83.97
model 4 \ \ 86.63 8451 8546
model 5 \ \ 8637 8359  85.06
model 6 \ \ 85.61 8479 8521
model 7 \ \ \ 87.12  86.01  86.33
model 8 R R \ \ - 87.83  86.57  87.20
model 9 \ \ \ \ 88.55  86.00  87.86
model 10 \ \ \ V \ 90.04  86.64  88.80

NI T B A IR R AR

R2 RESENFERITEE (%)

Table 2 Comparison among different segmentation methods (%)

T it R DSC
3D U-Net 84.17 81.29 81.10
3D U-Det 84.85 80.94 82.54
SCHR[9] 84.77 84.73 84.76
CHk[25] 85.35 83.81 84.48
SCHk[26] 77.52 82.56 76.36
SCHk[27] 78.98 88.51 83.16
AL 90.04 86.64 88.80

3.3 HEIMRERERTR

B 7 R T [Rl— 455 AR R YD R 1 43 FIROR
A LA Y 2 3D U-Net 76 fili 5 35 A8 290 /- (1) Al (8)
AN R R A s AR SO AR L V) i o L R
SRIBARRE SARIESE 2 W) 4, A5 3D U-Net B AAH [
EERNEL RS2 O NG 1N ot e 71 Dl Y 0 S
WAL T 3D U-Net #i5 , [& 8 /R T G Al % 1 Hols
VIR B9 0 BB N R IR E5 15 FEIE A AR &
EAFAEAR R 25 5, — SO A AR T M HE R A 45 1 (1) Rl
(2) , ARSI LA 2 3D U-Net #A AEEBY 70 B RCR
(AL T &1 8 R N AR 4 F AN TE M 45755 (3) T (4) |
55 H A 2 2 A A 1 B 25 (5) A (6) A T il S 5
NGREET () F(8) , A STy 2 19 o3 HI R AR T
J5i3D U-Net £ T B g Ft-.

0 0 A 1 )
Hm @ & @G 6 6 O ©

a:JR[E

M @ & @ & © @O O
b: &HRfE

»m @ & @ 6 © O ©
¢:3D U—Net

M @ 6 @H 6 © O ©
d: A3

7 Bl—&T ARV R B S EIGER I
Figure 7 Comparison of segmentation results of different

sections of the same nodule

AW G X il 45 RO 22 57 K\ BUHRZ5 M AN
BT T S T S B I 45 T o B AR B A 1)
5 — o 5 T RRAE 3 598 1) 22 53 3 U-Net R4 7 i 4547
53,38 11 Transformer s #E EE P & JRfEE,
il DR S5 T I I ) AT 5 P A L ) 4 4 A2 il 245 4 1Y



11

U-Net - 1349 -

ﬂﬂl"l ll .

b 2 TS
F
1 Q@ © O ©

a:)ﬁilﬁl
1 @
b:ﬁ*ﬁ‘)ﬁ
1 @
¢:3D U-Net
1 @
d: AL

B8 FRIZET LYl D EIERITE
Figure 8 Comparison of the segmentation results of the central

sections of different nodules

SUHAE S, F AR il &5 1 0 IR R ST A
MSResBlock 1 3D CoordAtt fi $I fili 25 73 A [7] ] EE (9
FRAE , IR X EE s BT 2 e R R A4t 1 4
JE ) SE Al A5 B HEORS 1 > B A5 R . B & AF LIDC-
IDRI 4l 4 1 gE 4703, K 0 B2 L BUEEE . DSC 43 5]
153 90.04% . 86.64% . 88.80% , M iR 45 5 & WA A S )y
DA H A i B — a2 R A B T s il
o EIRE R

(5% 3CK]

(1] FRIEAS, #2005 LS5 5T MR Rk i A R W AT et [T
w R R E RS FIR, 2022, 43(2): 235-239.

Chen YJ, Xu XP. Research progress on application of machine learning
in liquid biopsy of lung cancer[J]. Journal of Air Force Medical
University, 2022, 43(2): 235-239.

[2] Sung H, Ferlay J, Siegel RL, et al. Global cancer statistics 2020:
GLOBOCAN estimates of incidence and mortality worldwide for 36
cancers in 185 countries[ J]. CA-Cancer J Clin, 2021, 71(3): 209-249.

[3] Ronneberger O, Fischer P, Brox T. U-Net: convolutional networks for
biomedical image segmentation[ M ]. Cham: Springer, 2015: 234-241.

[4] YuH,Lil, Zhang L, et al. Design of lung nodules segmentation and
recognition algorithm based on deep learning [J]. BMC
Bioinformatics, 2021, 22(5): 314.

[5] Amara K, Aouf A, Kennouche H, et al. COVIR: a virtual rendering of
a novel NN architecture O-Net for COVID-19 Ct-scan automatic lung
lesions segmentation[ J ]. Comput Graph-UK, 2022, 104: 11-23.

[6] Wang X, Li M, Yang J. Segmentation of pulmonary nodules based on
BBClstm Unet[J]. JPCS, 2021: 012037.

[7] Keetha NV, Babu SA, Annavarapu CS. U-DET: a modified U-NET

architecture with bidirectional feature network for lung nodule
segmentation[ J . arXiv: 2003. 09293, 2020.

[8] Tan M, Pang R, Le QV. Efficientdet: scalable and efficient object
detection[ C J//Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition. IEEE/CVF, 2020: 10781-10790.

[9] Li D, Yuan S, Yao G. Pulmonary nodule segmentation based
on REMU-Net[J]. Physl Eng Sci Med, 2022, 45: 995-1004.

[10] Liu W, Liu X, Li H, et al. Integrating lung parenchyma segmentation
and nodule detection with deep multi-task learning[J |. IEEE J Biomed
Health Inf, 2021, 25(8): 3073-3081.

[11] Zhang M, Li X, Xu M, et al. Automated semantic segmentation of
red blood cells for sickle cell disease [J]. IEEE J Biomed Health,
2020, 24(11): 3095-3102.

[12] Hu X, Yang H. DRU-net: a novel U-net for biomedical image
segmentation[ J|. IET Image Processing, 2020, 14(1): 192-200.

[13] Li H, Wang YK, Wan C, et al. MAU-Net: a retinal vessels
segmentation method [CJ/IEEE Engineering in Medicine and
Biology Society. EMBC, 2020.

[14] Tang X, Peng J, Zhong B, et al. Introducing frequency representation
into convolution neural networks for medical image segmentation via
twin-Kernel Fourier convolution[ J]. Comput Meth Prog Bio, 2021,
205(1): 106110.

[15] Vaswani A, Shazeer N, Parmar N, et al. Attention is all you need[J].
arXiv: 1706. 03762, 2017.

[16] Dosovitskiy A, Beyer L, Kolesnikov A, et al. An image is worth 16x
16 words: transformers for image recognition at scale[ J]. arXiv: 2010.
11929, 2020.

[17] Wang H, Cao P, Wang J, et al. UCTransNet: rethinking the skip
connections in U-Net from a channel-wise perspective with transformer
[J]. arXiv: 2109. 04335, 2021.

[18] Chen J, Lu Y, Yu Q, et al. TransUNet: transformers make strong
encoders for medical image segmentation[J]. arXiv: 2102. 04306,
2021.

[19] Z3k4e, 2182, REER, . &6 LT Uiz & Aduh] Bt a9 L8
%%ﬂﬁ&[ 1. P EE SIS 4 E, 2023, 40(1): 47-53.

Wang ZH, Liu YX, Zhao XY, et al. Optic disc segmentation model
improved by contextual information and attention mechanism [J].
Chinese Journal of Medical Physics, 2023, 40(1): 47-53.

[20] Hatamizadeh A, Yang D, Roth H, et al. UNETR: transformers for 3D
medical image segmentation[J]. arXiv. 2103. 10504, 2021.

[21] Hou Q, Zhou D, Feng J. Coordinate attention for efficient mobile
network design[C 1//2021 IEEE/CVF Conference on Computer Vision
and Pattern Recognition. IEEE/CVF, 2021: 13708-13717.

[22] Woo S, Park J, Lee JY, et al. CBAM: convolutional block attention
module[ C ]//Proceedings of the European Conference on Computer
Vision. 2018: 3-19.

[23] Armato SG, McLennan G, Bidaut L, et al. The lung image database
consortium (LIDC) and image database resource initiative (IDRI): a
completed reference database of lung nodules on CT scans[J]. Med
Phys, 2011, 38(2): 915-931.

[24] Hancock MC, Magnan JF. Lung nodule malignancy classification using
only radiologist-quantified image features as inputs to statistical
learning algorithms: probing the lung image database consortium
dataset with two statistical learning methods[J]. J Med Imaging, 2016,
3(4): 044504.

[25] 4P e, 3300, ARt . Bt U-Net M 469 i 2s ¥
FATA25 8IR, 2020, 56(17): 203-209.
Zhong SH, Guo XM, Zheng YN. Improved U-Net network for lung
nodule segmentation [J]. Computer Engineering and Applications,
2020, 56(17): 203-209.

[26] Tyagi S, Talbar SN. CSE-GAN: a 3D conditional generative adversarial
network with concurrent squeeze-and-excitation blocks for lung
nodule segmentation[ J ]. Comput Biol Med, 2022, 147: 105781.

[27] Wu Z, Zhou Q, Wang F. Coarse-to-fine lung nodule segmentation in
CT images with image enhancement and dual-branch network [J].
IEEE Access, 2021(9): 9.

SE k()] 3t

(%4 3E 0 L)



