Farts H10H o [ B2 2 P g Vol.41 No.10
- 1216 - 20244F 10 H Chinese Journal of Medical Physics October 2024
DOI:10.3969/j.issn.1005-202X.2024.10.005 E ?%}@J}h}fﬂ

ETUNMERES S REATNENSEDEITTE

K TR B AR A2 I, R
VAL Tl oA 2R ARk S R TR e, K 300401 5 2.4 AL A e T80 o S 1 5 0 RE AL [ 53 F S 3 %, KL 3004015
3L TP R N TR R SRR 22 Be , K 300401

[EE]AMBEFRFT AEREREE RGP T AT LREES B REFATRSHAESE 7k, A4
B 3E AT P 2553 5 3 R R R 6 S AFAE , VAR R B RF S Z A 69 A5 AP R 1AL, HLORAR AR AR 5| 08 B RARAE
M, i8R B AFAE 0 AT B AR IR R AR B AT AE E & R A BATR E AL E R SR E . RGRBEE 5] 589
% REAAIER AR N T 5 ARE EH KBS &SRR R B REMIEZ 1) 093838 X % , £ 43% 4 LIDC-IDRI
Fre EXACT'09 L at42 th 6 77 sk An LA AZ R AT DI 25 Fm MK . TR R B, %05 k09 -F ¥ BT 24065 3] T 93.20%, 4856 T
3D U-Net42 & T 2.61%, mAZ FA & 24 0.012%, Loh, wtKiml & fo 4 X 4l & 55134 ) T 88.59% #297.42%, %7
TR T AR R R T R FAL X AE e AR

[R4BIR | Al 2% 24713 8 5 REBIER A HITR%

[FhE 4 2ER318;TP391.4 [ EfFRERL A [32E45)1005-202X(2024)10-1216-09

Airway segmentation method based on coordinate information and multi-scale parallel network
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Abstract: An airway segmentation method based on coordinate information and multi-scale parallel network is proposed to
solve the problem of insufficient accuracy of airway model in surgical navigation. Airway features at different scales are
learned separately by a parallel network to address the feature conflict arising from airways of different sizes. Then, a
coordinate guided up-sampling module is designed to utilize coordinate information from shallow features for guiding
reconstruction of deeper features, thus restricting the spatial location of the target and improving the model accuracy. Finally,
a channel guided multi-scale feature aggregation module is constructed to capture semantic details across multiple scales and
investigate channel relationships between features at different scales. The proposed method and other models are trained and
tested on two public datasets, namely LIDC-IDRI and EXACT'09. Experimental results show that the proposed method
achieves an average Dice coefficient of 93.20% which is 2.61% higher than 3D U-Net, a false positive rate of only 0.012%, a
tree length detection rate of 88.59%, and a branch detection rate of 97.42%, demonstrating that the method can be applied to
lung disease diagnosis or navigation bronchoscopy.
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Figure 1 Label classification
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Figure 5 Channel guided multi-scale feature aggregation module
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Figure 6 Visualization results of comparative experiments
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Table 2 Results of ablation study (%)
Ik DSC RIS HERE FPR TD BD
Baseline 90.11+1.32 93.76£1.67 86.77+2.04 0.018+0.005 68.45+9.44 60.08+17.10
+CGU 93.46+1.23 93.42+2.19 93.56+1.87 0.009+0.004 79.29+7.89 84.29+10.05
+CG-MSAM 92.74+1.23 90.574+2.73 95.09+1.14 0.006+0.001 64.87+9.46 57.37£17.06
FSN 93.68+1.07 93.85+1.89 93.59+2.30 0.009+0.005 81.18+7.79 87.76+10.34
FSN+SSN 93.20+1.55 95.51£1.50 91.09+3.18 0.012+0.007 88.59+5.63 97.42+4.52
| | | |
Labels : Baseline | +CGU | +CG-MSAM | FSN | FSN+SSN
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Figure 8 Visualization results of ablation study

M2 H AT LA I A CGU Al CG-MSAM 7]
DAAT 555 4 v P 4 580 () M B T /4 SSIN ) 43 1 &%
JJE R A A S A I AR £ . R X 3 AN A
AU TR IR

(1)CGU. v & 15 BA T8 43 F 45 10 ik
G IR = 1 R =T R VAR W AR 181 1A 9= |1 P 1
N 8 Fiom, 51 A ARBRAE S5 AT LA 8 i A8 g
JE DR BRI, 58 CGU R IMZSHI
K BEHE T 6.79%, FPR K T 0.009%. ILAb, Ak fx
R AT DASE HRAE B b ) ST B R B oK b Al
VET DAFRAS 58 48 0 S8 G548, el /D /NS FRAE 1) &
o0, IR R 3 48 SR 2 R MR

(2)CG-MSAM, % JEF AN [R] RO A9 R E 7 A []
WTE AR AR Sl I 22 AR 3 ) 2 2 AR TR R
JEE A RRIE R RS ()3 3 AR, 328 /N R 41
Sy EIERE . W 2 BN, i CG-MSAM A LK i 4
R K B AF L Baseline 3275 T 8.32%. {HH T
22 ROBFRFAE S IR 3R At A3 | 23 18 BGR Z e AiE
0, FEUNGE BRI SR AR X 2%

(3)SSN. /INRUSE W 2% 32 % 2 > 37 iy /N <3
Tk, AT L 4 RUSE 26 119 43 51 45 5UE i B Ah , REBE b
g4 RH R 435t 19 /N ROSHRGE, SCRB 1 13040 i 284
(SGE . 5% A SSN 45 5 1 I 2% AH L , 7 8L
L5 T 1.66%, TD A BD 23 I 55 T 7.41% F119.66%



- 1224 - o B 2R R A Tk $414
3 Q:E -L/k\' [10] Guo JQ, Fu RD, Pan L, et al. Coarse-to-fine airway segmentation using

BEXS AN TR B 73 32 Z T R B 245 22 5, AR S
PR T — R T AR B S 2 R IFAT M 4% 19 0E
OrFEIDT i o A A 28 i) > AN TR RS 9 RGE
REAE , AT DUA RSB I 2 N RSP A R, (R
% B U 7 N B8 7 B B AL A R L
B B A AR B A BT IR R R A A AR
FIAMIRG] TG L RFEREIR R 8 R AR 1 A AR
SR BV ZRE A 50 RE Sl 7R PR R A =S A
B, NI F AR RS RE . BeAh, 51 AGEIES | 1 2
FOBE RS AP — A B v BT Xk AN ] ROBE Rk Fg TR
BIRETT o SLHRAG R AR W], AR SO 4R 1 7 WA AE PR IE
OB SRR SLRL L T S RS 7 TR S
AT AR SRS R B OB AY

(&% k]

(1] F ok, #il, 25, 5. MR & 5 0095 B 9 AT IR 5 Bk,
[T].  BA5 (R aF ), 2022, 52(11): 1603-1611.

Luo WX, Yang L, Wang CD, et al. Current status and challenges of
research on lung cancer screening and early diagnosis[J]. Scientia
Sinica (Vitae), 2022, 52(11): 1603-1611.

(2] F5F. F@#i] e LA B RIRA RIFAL L AE Brat Bl B
AR 09 16 RS B A[D]. B F v E E X, 2017,

Fang F. Endobronchial ultrasonography with guide-sheath combined
with virtual bronchoscopy navigation for peripheral lung cancer[ D ].
Xi'an: Fourth Military Medical University, 2017.

[3] Fabijanska A, Janaszewski M, Postolski M, et al. Airway tree
segmentation from CT scans using gradient-guided 3D region growing
[C]//Progress in Pattern Recognition, Image Analysis, Computer
Vision, and Applications. Berlin, Heidelberg: Springer Berlin
Heidelberg, 2009: 247-254.

[4] Duan HH, Gong J, Sun XW, et al. Region growing algorithm combined
with morphology and skeleton analysis for segmenting airway tree in
CT images[J]. J Xray Sci Technol, 2020, 28(2): 311-331.

[5] 26, &k, kEZ  HAMIK 3D KM ARAE 23 LE1]. &
W EF TS &, 2013, 30(4): 679-683.

Wang L, Gao X, Zhang GZ. 3D region growing algorithm driven by
morphological dilation for airway tree segmentation in image guided
therapy[ J]. Journal of Biomedical Engineering, 2013, 30(4): 679-683.

[6] Lo P, van Ginneken B, Reinhardt JM, et al. Extraction of airways from
CT (EXACT'09)[J]. IEEE Trans Med Imaging, 2012, 31(11): 2093-
2107.

[7] Garcia-Uceda A, Selvan R, Saghir Z, et al. Automatic airway
segmentation from computed tomography using robust and efficient
3-D convolutional neural networks[J]. Sci Rep, 2021, 11(1): 16001.

[8] Yun J, Park J, Yu D, et al. Improvement of fully automated airway
segmentation on volumetric computed tomographic images using a 2.5
dimensional convolutional neural net[ J]. Med Image Anal, 2019, 51:
13-20.

[9] Cheng GH, Wu XM, Xiang WD, et al. Segmentation of the airway tree
from chest CT using tiny atrous convolutional network [J]. IEEE
Access, 2021, 9: 33583-33594.

multi information fusion network and CNN-based region growing|J].
Comput Methods Programs Biomed, 2022, 215: 106610.

[11] Qin YL, Chen MIJ, Zheng H, et al. AirwayNet: a Voxel-Connectivity
aware approach for accurate airway segmentation using convolutional
neural networks [ CJ//Medical Image Computing and Computer
Assisted Intervention-MICCAI 2019. Cham: Springer International
Publishing, 2019: 212-220.

[12] Nan Y, Ser JD, Tang ZY, et al. Fuzzy attention neural network to tackle
discontinuity in airway segmentation[J]. IEEE Trans Neural Netw
Learn Syst, 2024, 35(6): 7391-7404.

[13] Zhou K, Chen N, Xu XY, et al. Automatic airway tree segmentation
based on multi-scale context information[J]. Int J Comput Assist
Radiol Surg, 2021, 16(2): 219-230.

[14] Cigek O, Abdulkadir A, Lienkamp SS, et al. 3D U-net: learning dense
volumetric segmentation from sparse annotation| C ]/Medical Image
Computing and Computer-Assisted Intervention-MICCAI 2016.
Cham: Springer International Publishing, 2016: 424-432.

[15] Ronneberger O, Fischer P, Brox T. U-net: convolutional networks for
biomedical image segmentation| C ]//Medical Image Computing and
Computer-Assisted Intervention-MICCAI 2015. Cham: Springer
International Publishing, 2015: 234-241.

[16] Wang PQ, Chen PF, Yuan Y, et al. Understanding convolution for
semantic segmentation [C]//2018 IEEE Winter Conference on
Applications of Computer Vision (WACV). Piscataway, NJ, USA:
IEEE, 2018: 1451-1460.

[17] Li HC, Xiong PF, An J, et al. Pyramid attention network for semantic
segmentation| EB/OL . (2018-11-25) [ 2023-10-19 ]. https:/arxiv.org/
abs/1805.10180.

[ 18] Zhao HS, Shi JP, Qi XJ, et al. Pyramid scene parsing network[ C]//2017
IEEE Conference on Computer Vision and Pattern Recognition
(CVPR). Piscataway, NJ, USA: IEEE, 2017: 6230-6239.

[19] Armato SG 3rd, 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.

[20] Qin YL, Gu Y, Zheng H, et al. AirwayNet-SE: a simple-yet-effective
approach to improve airway segmentation using context scale fusion
[C1//2020 IEEE 17th International Symposium on Biomedical
Imaging (ISBI). Piscataway, NJ, USA: IEEE, 2020: 809-813.

[21] Salehi SSM, Erdogmus D, Gholipour A. Tversky loss function for
image segmentation using 3D fully convolutional deep networks| C 1/
Machine Learning in Medical Imaging. Cham: Springer International
Publishing, 2017: 379-387.

[22] Milletari F, Navab N, Ahmadi SA. V-Net: fully convolutional neural
networks for volumetric medical image segmentation| C /2016 Fourth
International Conference on 3D Vision (3DV). Piscataway, NJ, USA:
IEEE, 2016: 565-571.

[23] Schlemper J, Oktay O, Schaap M, et al. Attention gated networks:
learning to leverage salient regions in medical images[J]. Med Image
Anal, 2019, 53: 197-207.

[24] Qin YL, Zheng H, Gu Y, et al. Learning tubule-sensitive CNNs for
pulmonary airway and artery-vein segmentation in CT[J]. IEEE Trans
Med Imaging, 2021, 40(6): 1603-1617.

[25] Wu YQ, Zhang MH, Yu WH, et al. LTSP: long-term slice propagation
for accurate airway segmentation[J ]. Int J Comput Assist Radiol Surg,
2022, 17(5): 857-865.

[26] Wang AD, Tam TCC, Poon HM, et al. NaviAirway: a bronchiole-
sensitive deep learning-based airway segmentation pipeline[ EB/OL .
(2023-06-16) [2023-10-19]. https:/arxiv.org/abs/2203.04294.

(. B EA)



