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Abstract: Aiming at the problems of multi—size and high heterogeneity of lung nodules, an interlace mixed network based
Transformer and convolutional neural network interlace mixed (IMTC) is proposed. The network is a symmetrical
hierarchical connection network with strong multi —scale feature extraction capabilities. It integrates two new
schemes to solves the promblems of multi—size and shape heterogeneity. (D Inception attention module (IAM) is
proposed to capture richer shallow features by paralleling multiple convolution kernels of different sizes to
increase the combination of receptive fields. (2 In order to extract deeper semantic features with more expressive
ability, the basic backbone network composed of Transformer and CNN is used to extract nodule features
alternately, so that the global features and local features are fully integrated, and then the generalization ability
and robustness of nodule feature representation are improved. The experimental results show that the model in
this paper can accurately segment nodules with small scale and complex margin, and has good segmentation
performance on the LUNA16 public dataset, and the Dice and IOU reach 86.15% and 76.10%, respectively.
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ToREET Dice 10U
kernel =2 x 2 x 2 0.8543 +0.058 0 0.7513+0.084 6
patch merging 0.854 9 +0.056 9 0.740 6 + 0.088 7

kernel =3 x3 x3 0.861 5 +0.048 2 0.761 0+ 0.072 4

7 SCHE T il 451 R 4R v T 1 RS RN i
JEETH S22 B Y He 9112 e, e Mo i A o0 4 ) s RS
BT o O T RS /N WA REAR 4 9~ ~ fili
LTINS S MET R ZER KR, A RES G IR
H o T EY R A e, W 2 S EUAs 1 H AR S
T L A, AT R 2 o S M 2 A
64 x 128 x 128 B U FRAFHY /- HIRCR , sk 5 Fin

x5 AEMARTHERERIILE
Tab.5 Comparison of experimental results with different

input sizes

AR} Dice 10U

64 x 64 x 64 0.843 6 +£0.065 7 0.7364 +£0.092 6
128 x 128 x 128 0.8351+0.065 8 0.7314+0.092 4
64 x 128 x 128 0.861 5+0.048 2 0.7610+0.072 4

AR SO o R S o A 5 MR A T T R
BRI PERE . X TS 2 HREA— RISy,

F a3

AR SCREA YT AT ARGt 3 F0000 1 2959 62, T ELX T —
SO H A5 T LU AN R VRS Y RS B S 45 R
P PERE , BRI 25 R AT REAN A 1R 25, (HAA Y
R oY AN €1 B TN | A B RS
P TUAR 30 0 268 % 1 RORUJRE 30 25 52 24k 4 Jlii 45 7 71 /)
BT 2 PR OLR o IS5, 1 BoR A SCHE ik
RN RSO R, 9 — L BUE 1A SCT VA RERS X il
S5 ARG 23R, F8 00 Ul A U A AR SO B U D7 v
T =4 CT BRI IliSs 19 70 FUE 55
3 & i

AR SCHET R4 5 22 RUE 5 Z I8R5 )l it
WIZEAEAY 35 LT Transformer 5 CNN 224551 & )
4S5 3 F Ik o 0 T RO 45 5 TE A [R] I 28 TR B T
FREFEI A R, 40 it TAM BRI SE T Trans—
former layer 55 CNN ZZH5SEBURFIE A B TN 4% o B4
T/NEAREEY LA GA S 251, AT LA TAM
Bt ¥ G 0 285 8 B2 FE o SR IO Z T AR IE . X TR
HEMZILARAA ST 205 A T T 28 585
PEESE ST HEE , B Transformer layer FEH RN
2 R MR OC R , TG 3 42 Ja) bR SCEEBERE T 5 A5
FRUZ AT DA FH 1A 00 051 299 fi AR T DK R AR 4>
JRifF BB RFAEHEAT SR P 0k, A Kb ST, AH AR
WMo WeAh %50 i BRER A R R B i 1A
[] FRURE 1) 1 2 BRI 5 A A s b SR AERRAE 4T il
G UG T T RESRESBWSEFEREK, 5
B R WY, A SO SR Jre R R A R I 4 19 %)
R, Dice F1 10U 735115 %] 86.15%11 76.10%

Sk :

[1] DIEDERICH S, WORMANNS D, SEMIK M, et al. Screening
for early lung cancer with low—dose spiral CT: Prevalence in
817 asymptomatic smokers[J]. Radiology, 2002, 222(3). 773-
781.

[2] REEVES A P, CHAN A B, YANKELEVITZ D F, et al. On
measuring the change in size of pulmonary nodules[J]. IEEE
Transactions on Medical Imaging, 2006, 25(4) . 435-450.

[3] RONNEBERGER O, FISCHER P, BROX T. U-net: Convo-
lutional networks for biomedical image segmentation[C]//Inter-
national Conference on Medical Image Computing and Com-
puter—Assisted Intervention. Munich, Germany: Lecture Notes
in Computer Science, 2015, 234-241.

[4] TANG H, ZHANG C P, XIE X H. NoduleNet; Decoupled
false positive reduction for pulmonary nodule detection and

segmentation|[C]//International Conference on Medical Image



CERR ES

9]

[10

—

—_—

[1

[2

—_—

[14]

[15]

[16]

Computing and Computer —Assisted Intervention. Shenzhen,
China: Springer, 2019 266-274.

SINGADKAR G, MAHAJAN A, THAKUR M, et al. Deep
deconvolutional residual network based automatic lung nodule
segmentation[J]. Journal of Digital Imaging, 2020, 33(3).
678-684.

ROCHA J, CUNHA A, MENDON?A A M. Conventional fil-
tering versus U-net based models for pulmonary nodule seg-
mentation in CT images[J]. Journal of Medical Systems, 2020,
44(4). 1-8.

GUZ W, CHENG J, FU H Z, et al. CE-net: Context encoder
network for 2D medical image segmentation[]]. IEEE Transac-
tions on Medical Imaging, 2019, 38(10) . 2281-2292.
VASWANI A, SHAZEER N, PARMAR N, et al. Attention is
all you need[J]. Advances in Neural Information Processing
Systems, 2017, 30:5998-6008.

LIUZ, LINYT, CAO Y, et al. Swin transformer; Hierarchi-
cal vision transformer using shifted windows[C]//2021 IEEE/
CVF International Conference on Computer Vision (ICCV).
Montreal, QC, Canada: IEEE, 2022, 9992-10002.
SZEGEDY C, LIUW, JIA'Y Q, et al. Going deeper with con-
volutions[C]//2015 IEEE Conference on Computer Vision and
Pattern Recognition (CVPR). Boston, MA, USA; IEEE, 2015;
1-9.

BA J L, KIROS J R, HINTON G E. Layer normalization[J].
2016.DOI;10.48550/arXiv: 1607.06450.

HENDRYCKS D, GIMPELK. Gaussian error linear units (gelus)
[J]. 2016. DOI; 10.48550/arXiv: 1606.08415.

LIUY C, SHAOZR, TENG Y Y, et al. NAM ; normalization—
based attention module[J]. 2021. DOI; 10.48550/arXiv; 2111.
12419.

WOO S, PARK J, LEE J Y, et al. CBAM: convolutional
block attention module[C]//European Conference on Computer
Vision. Cham: Springer, 2018 3-19.

SETIO A A A, TRAVERSO A, DE BEL T, et al. Validation,
comparison, and combination of algorithms for automatic
detection of pulmonary nodules in computed tomography
images: The LUNA16 challenge [J]. Medical Image Analysis,
2017, 42 1-13.

ARMATO III S G, 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]. Medical Physics, 2011, 38(2):

1%, %5 BT Transformer F1 CNN 3451 AU Bl 25 35 431 ) 2%

[17]

[18]

[19]

[20]

[22]

[23]

- 81 -

915-931.
BADRINARAYANAN V, KENDALL A, CIPOLLA R.
SegNet: A deep convolutional encoder—decoder architecture
for image segmentation [J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2017, 39 (12). 2481-
2495.
MILLETARI F, NAVAB N, AHMADI S A. V —net; fully
convolutional neural networks for volumetric medical image
segmentation [C]/2016 Fourth International Conference on 3D
Vision (3DV). October 25 -28, 2016, Stanford,CA,USA.
IEEE, 2016 565-571.
YU L, YANG X, CHEN H, et al. Volumetric ConvNets with
mixed residual connections for automated prostate segmenta-
tion from 3D MR images|[C]//Proceedings of the Thirty—First
AAAI Conference on Artificial Intelligence. New York: ACM,
2017 66-72.
OKTAY O, SCHLEMPER J, FOLGOC L L, et al. Attention u—
net; Learning where to look for the pancreas[J]. 2018. DOI.
10.48550/arXiv.1804.03999.
CICEK O, AABDULKADIR A, LIENKAMP S S, et al. 3D U-
net: Learning dense volumetric segmentation from sparse anno-
tation| C]//Medical Image Computing and Computer—Assisted
Intervention —MICCAI 2016.
Athens, Greece: Springer International Publishing, 2016:
424-432.
ZHOU Z W, RAHMAN SIDDIQUEE M M, TAJBAKHSH N,

et al. “Unet++: A nested u—net architecture for medical image

19th International Conference.

segmentation.” Deep Learning in Medical Image Analysis and
4th
International Workshop. Granada, Spain, Cham: Springer,
2018 3-11.

CAO H, WANG Y, CHEN J, et al. Swin—unet: Unet-like

pure transformer for medical image segmentation[C]//European

Multimodal Learning for Clinical Decision Support:

Conference on Computer Vision(ECCV).Israel. Cham: Springer
Nature Switzerland, 2022 205-218.

A5 &

RGBT, T, %5 JET Transformer Fll CNN 3Z551R &
(1 i 245 45 7 T PO 28 . R Tl A2 4, 2024, 43(1):
74-81.

WU J, HOU X Z, WANG J, et al. Interlace mixed net of lung
nodule segmentation based on Transformer and CNNJJ]. Jour-

nal of Tiangong University, 2024, 43(1): 74-81(in Chinese ).



