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Abstract

In the field of medical image segmentation, improving segmentation performance has been a chal-
lenging task. Ultrasound images have disadvantages such as blurred edges and noise pollution; in
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order to solve the complex problem of unsatisfactory segmentation results of eye ultrasound im-
ages, this paper proposes an improved segmentation algorithm based on UNet. Firstly, the residual
network (ResNet) combined with UNet is used in this paper to effectively solve the problem of model
degradation and further improve the accuracy and generalization ability of the model; secondly, the
efficient multi-scale attention (EMA) mechanism is introduced in the central feature extraction part
to enhance the feature representation ability of the segmentation model; finally, generalizability
experiments are carried out with the RAVIR dataset, which proves the generalization ability of the
proposed model’s generalization ability. The experimental results show that the improved UNet al-
gorithm achieves 82.5% and 82.3% values of MloU and Dice on the ultrasound eye image dataset,
which are 1.1% and 1.4% higher than the UNet model, and it has better medical image segmentation
results.

Keywords

Image Segmentation, Residual Network, UNet, Attention Mechanism

Copyright © 2024 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. 518

EFEE ], a1 CT 8 MR 5, BB HT i BB . B R Ae 1 a5 138 S A 75 T PR
IR, PRSI A AR A DA ESE 5 2 R ARG O¢, ISR E 2 A B g . Hh2aE
PEBCBEANE . TG IR AR R0 A 0 S A8 2 E B E . AR, ARERIX 4o F0d T OBt G IR 22 50 =
B IERAE BN R LA AT R LR B P A S TR A 4 L 2031, X BRI SCRE 7. 2R BRI,
FROR R 2 1Y) 23 5] NIREE2E 2], F CNN BLFH B IR ERER 75 EUR 1015 oy Eldh, a2 UG DUk . #Erf
iy AT 357 2B Y EREAE RO — A B I S

ILAER, FETURE 5 ) IV XA B SvEa 2 - Serdar 25 A [1]4#1 ] UNet B84 %} 45 i 20 21 15
BT T ARAZ S BT . B PAT ZI0E U E, ARG R AR R ESN 6 Bl
B AR IAR] T 95.23%, - EL(loU)HI{E A 48.57%, HUAS TR #1008 . Yin 28 A[2]7F UNet 1
AU 5] N Bk R i 72 (Skip-Connections) F G B BT, DUYK S T SRAE I8 B 2 )45 2R A 5] 5 EHEGE 5 25
FME B o SBT3 2 0 R Y SRR RO, FEAS RIS E SO0 T RS0 BE AT A8 A 0.7% 1192 . Yang 55 A
[BHREH T —Fh & A il BRI AR 28 S5 M R St s —— RS 2R I 2%, FXON EPT-Net. 3 XU T B2
SR A S T AR S0 B R I T TR AF AR SR PR P o Ling S8 N[AT3RH T — Bl B AT 557 = 1 4%
(MTANet). & JefE5r FUES it 7 — AN R A I = A TRl 45 B 1 XSl g % 1
UAESF FATS P 7 — AR TS T B RHE ARG RAFIE I B o 33X 0] DA Rt G )
X RBAT I, BB AREANERIT X RA R = I BB, B MloU EA S T 71.07%.

BEXf DA R FUERSRAS T AN RSB, ARAE AREREE 5 UG IEC B KBS U SERRAE, DN A2
AN R R, 7 AR UG A B BURE A I o A SR R T G UNet (0 BB, AT
AF TG UE AT M R 158, BRATERAS N R FRAE 5] NFRZE 55 4% (ResNet), 18—
AR 1 BRI E S 4EFEUURD,  DARCER R N GRcR R gE e RE . R, AEmiiBas Lol N —Fi
2 RE R IPLHI(EMA) [5] ARG s S R IRRHE R RE /0 e, 22 IUSRie 45 SR i ot 5 (S 2 2
=% EUR A BUE S oK

/,—+

DOI: 10.12677/m0s.2024.136529 5809 R T


https://doi.org/10.12677/mos.2024.136529
http://creativecommons.org/licenses/by/4.0/

2. UNet prI4g4REY

UNet PI2% /2 2015 SE1E MICCAI $2 H A8 oy EI5T7[6], d5MtnlE 1 fis. ‘B3T FCN KB A[7],
KA eE - RIDasss i . MANEGESBERAR L, EREMEE, 2 G TR ER 555 —
MEBIFIEZ, Ba WAL S BE T 028, AU Y T AW AR 1)

1 G O 128 64 64 2
>
388X 388
saxs2 Vo128 128 256 128
196X 196
284X 284 256 256

> < conv 3x3, ReLU
copy and crop
* max pool 2x2

52 2
s 512 100X 100
12 512 1024 up-conv 2x2
1 | g g > convix1
68X 68 1024 5252
- - R

32X32

140X 140

Figure 1. Network structure of UNet
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Figure 2. Network structure of ResNet
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TXAFAFE AT LA SR TR (1) IR 28 AN 2 HH BURR BEVH SR IR Tl f . (E RN SR ZE B b g i — AN 05 23 82, L8
SR NE AL SR S )JZ R, TR B JRIRHFE, IR SRR IR 2 R . Rk 0.

H(x)=F(x)+x @

A v R HEREIE, F(o)Z KA B E W, Ho) RS MW s . 7548 1 2
ST R RIS, R T B (kS B RZ AL B
4, EMA FEHHH

EMA & — R S0 ik £ RBE IR 25 i, (EAR B AN IS B I RN g 1 FRY . EMA itk
I AT 4 R 5 R B TR HE AR AN AT 40 S b BB R, IR B 4 R R ORI B R,
T R T b B R R R R [ B g . ARSI 3 s

Input CxHxwW
Groups C//GxHXW
C//G\+/1XW C//kaHXI C//%HXW
X Avg Pool Y Avg Pool Conv(3x3)
b crexaxwn) |
Con cat+Conv(1x1)
C//Gilxw c//GJ:Hxl
C//GAHW Sigrloid Sigmoid C//GYHxW
——>  Re-weight (—‘
C//GxHXW [
GroupNorm L Avg Pool : C//Gx1x1
CxGxlIx1 Avg Pool Softmax . 1xC//G
1xC//G Softmax Matmul
Matmul
IxHKW
1xHpW
+
""""""""""""""""""" (frbs.s:sbét'iélie'ai'riiﬁg' I
Sigmoid
—> Re-weight

Output l CXHXW

Figure 3. EMA module network architecture
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Table 1. Experimental environment and configuration
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Table 2. Results of the ablation experiment
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Model ResNet ECA ELA EMA Dice (%) MioU (%)
0 80.9 814
1 J 81.8 81.9
2 N 81.3 81.7
3 N 81.9 82.0
4 N 82.1 82.3
5 N N 82.3 82.5
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RARICH Model 5 1E 2458, 15 Model 4 [{3EAS 5| NFRZE M xR 5 7y BIPERE SR TH 8 K, Dice
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(a) Input (b) Lable (c) UNet (d) Ours

Figure 4. Comparison of segmentation effect of UNet model before and after improvement
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Table 3. Comparison of experimental results
< 3. IfHELIEER

Model MioU (%)
PSPNet 80.2
SegNet 79.8
DeeplabV3 80.9
UNet 81.4
Ours 82.5
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Figure 5. Comparison of training loss curves of UNet model before and after
improvement
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Table 4. Comparative experiments with the RAVIR dataset
& 4. RAVIR B XL 086

Model Dice (%) MioU (%)
UNet 75.3 79.4
Ours 77.2 80.2

(a) Input (b) Lable (c) UNet (d) Ours

Figure 6. Comparison of segmentation effect of UNet model on DAVIR dataset before and after improvement
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