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Lung parenchymal segmentation based on multiscale cascaded
attention network

Xu Zhenxing' Yu Yao® Zhao Dong” Chen Yuan’ Fan Shengwang’
(1. School of Electronic and Information Engineering, Nanjing University of Information Science &. Technolog, Nanjing
210044, China; 2. School of Electronic and Information Engineering, Wuxi University, Wuxi 214105, China;
3. Hangzhou Hikvision Digital Technology Co. , Ltd. , Shanghai 200023, China)

Abstract: A multiscale cascaded attention network (MCANet) is proposed to solve the problems of low utilization rate of
global context information, low segmentation accuracy and fuzzy segmentation details of different scale features in lung
parenchymal segmentation task. The network is mainly composed of a multi-scale feature extraction network
(MSFENet), a multi-scale attention guidance(MSAG) module, and a decoding feature integrator (DFI). Firstly. the
MSFENet network is designed to improve the spatial interaction ability of feature information in different channel
dimensions, retain the key features of the image to the greatest extent in the sampling process, and enrich the global
context information. Then, MSAG is designed to improve the utilization of multi-scale feature information in the
decoding process of the model, and maximize the integration of the advantages of the two attention mechanisms. Finally,
DFI was designed to reintegrate the decoding features generated by the decoder to improve the segmentation performance
of the model for edge information. In this paper, the performance of the model was verified by experiments on the
LUNAI6 dataset. and the Dice of 0.993 and HD of 3. 864 were obtained, and the experimental results proved that
MCANet has better segmentation performance and can segment the lung parenchyma more accurately than other
mainstream medical segmentation models.
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Fig. 2 Multi-channel enhancement module
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B o Dice 2503 2 H K B 7 W64 & 0 AU, B Y
L0, 1] fH KA 3R 0 A 4R G B AH oL, A Y 43 1) Pk g
I s HD 3278 SR B B30 500 0 0 o o 2 (0 JBR /)N A8E TR 17
Sy EIEREMRAT . B PEM IR PR RIUE R

2TP
Dice = TP L FP L EN (26)

HD = max{max mind(x,y).max mind (x.y)}
reX yEY YEY reX

@7
TP + TN
ACC*TP+TN+FP+FN (28)
TP

AW TP TN FP.FN 752 BCBE B A 1% i
PERCARBAMER s d (20 )RR = Iy 52 T) Y R IR B 2
kA1 KR DL 09 28 5] gk .

3) LB PRI B

A ST 46 B AR B8 . CPU 2 AMD Ryzen 5 4600 H
with Radeon Graphics 3. 00 GHz, GPU i NVIDIA Ge-
Force GTX1650; 34 ¥ 5% : Python3. 8, Pytorchl. 10. 1;
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Table 1 Segmentation results of different models on
the LUNA16 dataset
FF AEfy MZHEE Dice  HD  ACC  Sen
1 2015  U-Net'™  0.93 4.967 0.949 0.964
2 2015  SegNet™™™  0.937 4.695 0.954 0.956
3 2015  FCNet”  0.968 4.539 0.969 0.976
4 2023 CANet"™  0.978 4.37 0.991 0.981
5 2023 LDANet"™ 0.983 4.366 0.995 0.978
6 2023 MCANet 0.993 3.864 0.99 0.99

M 1 AT LAE H . MCANet 1 4 D545 _E #8412 (1
Pl 4830 HD, B4 P2 T 3. 864, 545 BIAIA 1L, %
LT 1103, & /P REAR T 0.502, HATEEMZE, HD
AT DA B 8 3 i 43 0 B R e RT3 B MCANet
AT RAAR G 6 % 30 S a8E 4743 %) . FF B, Dice Hl Sen .43 ] 3%
2 0. 993 F1 0. 99, FHE T H A F AT C 245 2] 9 B 1 42
Tk Ak ACC 1820 $2 785 7 0. 99, M4 F CANet Al LDA-
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Comparison of the segmentation effect of each model
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Table 2 Comparison of model segmentation performance with different variants

U-Net MSFENet MSAG Dice HD ACC Sen
HA N NG 0. 966 4. 08 0.975 0. 981
Jiik B N NG 0.98 3. 939 0. 995 0. 986
Ik C N N NG 0. 987 3. 926 0. 994 0. 982
kD NG N/ N 0.993 3. 864 0.99 0. 99

0. 001 1 0. 004 , 31X P T 5 b A9 3% 2 18] #2157 MSFENet
AT RESXT ACC F Sen $545A — & B 52 WA, {H 2 41 b T 2
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