Modeling and Simulation ZE# 545K, 2023, 12(6), 5522-5530 Hans i
Published Online November 2023 in Hans. https://www.hanspub.org/journal/mos

https://doi.org/10.12677/mos.2023.126501

XX BEE DN FISUER UNet BT
Fb4E 15 E & 8
A A&, Isu’

TN K RBE 51 B TR, =N HEH
Woks H . 20234F10H8H: FHER: 20234F11H17H; & A HM: 20234F11H23H

HE

FiRETE S U R PR IFE B E, WRHESEAET RS A MRS TR, X TR
LR W, METasIR— M EFEENPER, BET SRR MEAALEERAGE. EIXEARR
H T —ANREI AR T UNet i 2 SIHESE, #RAPR-Net. A T RIEARES TN T B2 E U R IR E ST
REMEBBIR, T OB TRESHIREIEAMERET . HIMEFIIRE P B TE BRITRAE X
ZEBE B DA IR AR AR XS 2 1R & B S B, NBEASCRA T Transformer P BB I 4L#] »
AU 2 Sk HER S RAE BRI 2 R 455 ANE SCE AL SO I RMIEIR A . BA MR EI0UE R AR
197.71%, Dice iBIREIEE] T 98.84% . KENLRMEREY], ASCHIRRANST0H LAEE
HAE IR RE KA E .

X 5in

WE¥XY, EBTE, UNet, HERH

Associative Self-Attention Mechanism
Improved UNet for Lung Nodule
Image Segmentation

Wen Zhou, Jihong Wang*

College of Big Data and Information Engineering, Guizhou University, Guiyang Guizhou

Received: Oct. 8", 2023; accepted: Nov. 17", 2023; published: Nov. 23", 2023

Abstract

Lung cancer is very fatal among all lung diseases, while early diagnosis and treatment can effec-
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tively reduce the mortality rate. For early prevention as well as diagnosis, lung nodule segmenta-
tion is a very important step, but the similarity between the nodule and its domain is difficult to
handle. Here in this paper we propose an end-to-end UNet-based segmentation framework called
PR-Net. To ensure acceptable accuracy of standard convolution as well as loss of information due
to deep structure, a variant of residual structure is constructed as the backbone of the network. In
addition, in the decoding process, the redundancy of information and semantic gaps lead to the
difficulty of effectively fusing the spatial and semantic information of the lesion region, for this
reason, this paper adopts the attention mechanism in Transformer, and effectively improves the
feature recognition at the spatial detail and semantic localization level through the multi-head
self-attention of this mechanism. The final model 10U index reaches 97.71% and Dice similarity
coefficient reaches 98.84%. A large number of experiments and results show that the model in this
paper has very good performance and stability in lung nodule segmentation.

Keywords

Deep Learning, Image Segmentation, UNet, Self Attention

Copyright © 2023 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5|

S CT EHE o B2 B IS VE 2 B o ) oCBd A2 o | T IR 2854 R A AE AR R B B A
[F) 22 (AR AR T, XN — A A B ME R IR R[] &Pt g, i 2 s i
(17, ARHE 5 AR A WHO) M, il B AE B A Bk 130 J5 ANFET: . RAHTVATT i FRRIE T2, X T
TR FE Wik As, Ilss i E[2)E — AN EEE IR, SIS — 3oL i H AU BhiZ BT (CAD) 248, %A
Gk T ARSI, T BB 0 R R . SR, BEE I R RS, BaE AWK, CT B
AR ARG, A BRI, RAFIIME 53R S AR R — R,
— P ARG 45 5 B ) o B EEAE IR R B EE AR L.

BT, FETUREEE S HESE R A TVF 2 B RUR AL BE AU, AOFE 12 M A AR 732K
R L T &L, Cafet T2 AT CT BB #IMTREE 2= 2] 525:[3] [4] [5] [6]- AFTE KN UNet [7]
J AR, £ UNet++ [8]. V-Net [9], T AR EMEA M2, HTM CT S 4 HIfiEe[10].
i &R B S [1 1) R A8 X 4 [12] . eI TAEZ 5 Magsood 25 A#RH T —Fhin B)im 35T U-Net /194> EHELE
(DA-Net) I T-H Bt 4545733, ZEE £ S Atrous R G IF 0 S S5 M SR8 10 - 5 B ARk
PEHF B BUHRFAE, DAEAS 2 0 A SR 5 1O 0 T $h S8 DB 2R AT [13] o Luo &5 NEERT 2845 2 [ E 45
B SIAJE A AR SHON T Z R, B T — Tl 3D R 577 B 52 90 28 (DAS-Net) He fige 1 it 45 15 1)
HER 7> H IR [14] o $& T IR BE S STRITAR RS K P AR R B R 2H G, DASEII [ B AR HERf (1 it 45775 43 #1 [ 15] -

2. PR-Net 4> =55
2.1, {RERISEN

FRILI) PR-Net #4544 2L h =R, 70 AR gL as 5800« A a8 70 LA SRS AL 1Y 50 0
PR R I 5] 1 oo G b as & 2 o 50t R 3R 22 BRATP- A3t A T SRABEAE A8, 38 3 AN B b e 4 iR
PGB0 SR U & v 208 SUE R AR AR &L, (HBEE 28 2 BRI, AT RE 2 i BURE EE T 2R HE B AR

7/

DOI: 10.12677/mos.2023.126501 5523 e RSE TR


https://doi.org/10.12677/mos.2023.126501
http://creativecommons.org/licenses/by/4.0/

JAfa, Edkar

HRIER T R, SR ZEBRANBLRE A PR PR R 7] FBUIE RE SRR IR 2 0 48 1 SR IR SR A6 5 B B R T R i) 25 0
B SAERRBEAT LRAE, B R ERAHIE, Il I BRER T SRR R RO B B SRR i UE
BMgiG, diamiCRAEEE, KNS E TR REEZHNER, A, a5 RN
JZEREE (RIS 3 x 3B A, fbIH— LA ReL U S0 bR BOME S 1M 1) 1 — AR DURME,  JF I R EIE
B, WA RS RS A RS 55t XUZ G R G M AT i AR B i, HOOUR B RS H oR
G i % (R REAT RE— D3R B, 5 e AT M5, AN T RE S PR R K2 B, T HL
RE U5 N SR 2 18] I PR B KA oC &, RIS SN R B 2 IRV IR 2R, LT (R Y RES IE B AL 2 31
HHIE R .

4 BB
o, 3 N S
| ; I R
) i AL T R

v ) AR R

A Tl
\\ j ‘ Conv+Sigmoid
uy - kBRI

Figure 1. General structure of the PR-Net model
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Figure 2. Specific structure of the residual block
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Figure 3. General structure of the progressive attention module
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Figure 4. Specific structure of DSA
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Table 1. Comparison with different models
F* 1. MAEMRBAELE

Methods 10U (%)1 HD (mm),  DSC (%)1 MAE| ACC (%)1 SPE (%)1
UNet 97.16 5.62 98.55 0.0061 99.38 99.71
UNet++ 97.18 5.54 98.56 0.0058 99.41 99.52
Attention_UNet 97.47 5.37 98.72 0.0054 99.45 99.72
AnamNet 97.01 5.65 98.48 0.0063 99.37 99.65
AwsNet 97.38 5.39 98.67 0.0056 99.44 99.68
LightUNet 97.47 5.32 98.72 0.0054 99.46 99.70
Inf-Net 97.18 5.43 98.57 0.0060 99.38 99.65
Ours 97.71 5.07 98.84 0.0049 99.51 99.78
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