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Abstract

Aiming at the problems of blurred edge segmentation and low segmentation accuracy of computer-
aided brain tumor images, an improved nested UNet++ brain tumor image segmentation algorithm
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was proposed. Firstly, the MCAM module is designed to replace the feature extraction part of the
original UNet++. The CA attention mechanism is used to focus on positioning information in differ-
ent directions to improve feature extraction capabilities. The Mish activation function is used to
replace the ReLU activation function to prevent gradient disappearance and improve segmentation.
Accuracy and generalization ability; then add the SME module after feature extraction for squeezing
and excitation to enhance the receptive field of the feature map to enhance the learning ability of
tumor features; finally, use the focus Dice loss function to focus on fuzzy samples segmentation,
thereby improving the problem of blurred edge segmentation of brain tumor images. The proposed
algorithm was simulated on the Figshare dataset. The experimental results showed that it achieved
83.26%, 81.91%, 86.45% and 18.57 mm in MIoU, MPA, Dice and Hausdorff evaluation indicators
respectively. Comparison with algorithms such as 3DUnet, Swin-UNet, DD-UNet, LRAE-UNet and Al-
UNet proves that the proposed algorithm has a better segmentation effect.

Keywords

Brain Tumor Image Segmentation, UNet++, MCAM, Coordinate Attention Mechanism, SME

Copyright © 2025 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|8

P e [ 1 VR e s I i 2 —, — B A AR, e — MU AU, 2 i
e A B A% B v ) FL A ZEL R TR R o T i R 2 AR B AR PR R S 5 AR B AR 32838 7 FH T g Al
A TR Z R (CT)BoRBAT R, (HREE LRI K R, 45 G807 B A i IR AR,
MEILIRUZ 2] MRDFUEETE R, KNS A V2 BUE S8 H A 21 B B AR S 4047 B A, B LIZ T Ak
DR 5 i e e s U ) AR [3 ] AR, R OK 22 Bl PR B R RS W R T IR IR R AR 425, B Lz T
e Sof iR BB LR AR Ry, R MR 25 5 o R W B AR VR T I (40 DRI, dann o st P P 450 i v
HATERCW, B SWE IR OO 2 W R .

UEHT, V2 HEARIT KT MR EG A Rbg &), 8 WL EHR S B0 a4: X KIES]
BT RBMITE6] He T BE B 7L 7R EE T35 (1) 715 [8], SR IR LEFE AN M 75 5 08 82 1) BUBE I sz
AR AR BEE I EAR R, KEHE T IREE S > [91 s BUR o B Bk se . i,
Ronnerberger [10]5 Bt BE . FoRAE. A LR SCREIEFAH 1T RREZ B U-Net, 0] LAZRIG 2911
HARFHE, HoBIRCRH B T 2B, (BAFEERNZA T Z AR Huang [ 1115530 —MirE
BEERE BRI Z U TS R AR BUS A2 5 B BRI Cao [12]5 48 B R SCEEEL, F
R 2] bR OSBRI IR S GRr AR, CE MRS 45 R v 5 N8 T WL DA SE B i GREAE S AR G RRAIE
HIEEA s Maji [13)% R H—FBA 5] S AR Res-UNet IR 22 2 280, K48 FR/MELZZE 124 )T
FEAE BCE B (AP AR s (5228 R 14553 Hh — Mk 22 s 8t 50 25 348 1) 2 B2 B UNeet++HI fitRs B 3 70351
W25, DA i o o o0 B g v s SB[ 1 5 )55 K A IBIE 22 3 A Swin-transform 7 A K IR1S B /58 H.
AMRRAE o BAR DA B SRR AE i 8 R 03 BT 55 Th 06 ST (R 0R, AR R AT SR A AE i e LB i 5 4y A
B G AFAE AN SAHET PR R R RIASH 58 9 2R 55 1) 7

BEXT DA B, ASCHE Mo ) U-Net Jnfiid 284, FERSOENA A 91N MCAM B 4
UNet++FRFESR IG5, i CA VER JIMLISREUCAS [F) 77 1) b (07 B AE 2ok 1 2 ABE 2R o] f firh 989 PR R AIE

DOI: 10.12677/jsta.2025.133021 212 RIS M


https://doi.org/10.12677/jsta.2025.133021
http://creativecommons.org/licenses/by/4.0/

(NETEIEE

ISRECAE 77, 3T Mish i e BOR B LB EEWT %, AT BT 2Rt fi f 88 P (BRI 3 S 78 0 B 1 R
FI SME BEHU RS AL B AORFAE B REAT 5 S ABURY, #E— D3 AR RS2 BT, DU SRR 0T i 1X 35K

FiebJeg VA 320 5 43 B SR ) I A
2. AT
2.1. BFESR

B0 i I8 PR 23 FIL ZRE FEAN vy i 100 MBS B AN A2 468 ) B, AR SO6F UNet++2EAT 25k, 321 CA-
UNet++PJ 25578, [Z8 S5 =] 1 Fios . 1045 LL UNet++ 5 0R S5, HI MCAM BEER B AQER I RFAE
SEMCER 7Y, Gom M ARIUE XAE B MIRETT: B H)Z MCAM B S YRR AR 18 SME AT 5 K
AP > LE AR R fE SRS AE P 5 T E RS AE T 00 6 AN B ARRAE s B e B R AR A 4 R K AL
(MaxPooling2D) )77 sU R RAEEI T — )2, T R IRHLIE S XA R RS b — 2 IR,
Ja 5 A — Rk AT R S s AR R R ABGER 1 < 1 BT IR R, R
Encoder 4% &850 (AR 7250, a3 BIBCR ALK IR 2 HIK .

_ P R
Y N y
[ MCAM Module - -
. SMEBlock

Input images Output Segmentation images

SME Block SME Block _ \
4 r A Convlx N
CAM Module - > MCAM Modute —— “*"" — L =
. 4 \ 4 \ L

' MCAM Module -

SME Block

MSMEBlod
N

\
( SMEBlock  SMEBlock
y Y y Y

p )
MCAM Module > MCAM Module f~~——~-—~~-» MCAM Module
A / h 4 A y

SME Block |
b N
~ -
N
N /
- - SME Block

‘ MCAM Module -l MCAM Module
b 4 \7
( SME Block "

G =

N / - e MaxPooling 2D

__SMEBlock Up-sampling

MCAM Module . .
‘\ —» Skip-connection

Figure 1. Improving the overall structure of the UNet ++ model
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Figure 5. Plot of the ReLU and Mish activation functions
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Table 1. Comparing the different technical performance results

#Fz 1. TEFBARMEEITHER

i Bicl BOERE pasy=waLiIN MIoU/% MPA/% Dice/% HD(mm)
ReLU - 80.71 81.23 84.96 22.35
Tanh - 78.75 81.44 85.11 20.39
Swish - 81.37 81.38 82.53 21.03
Mish - 81.56 81.37 85.34 20.54
UNet++
Mish SE 80.25 81.21 82.44 22.07
Mish CBAM 78.78 82.63 83.29 21.98
Mish ECA 81.53 81.49 84.66 20.75
Mish CA 82.48 82.34 85.21 20.17

MR RS R AE.
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Table 2. Comparison of the ablation experiments on the Figshare dataset

%< 2. 7E Figshare BiBR5E FHY/ERRSCIGXTEE

Hik MIoU/% MPA/% Dice/% HD (mm)
M1 80.71 81.23 84.96 2235
M2 81.64 81.44 85.55 21.74
M3 82.07 82.12 85.56 20.77
M4 83.26 81.91 86.45 18.57

MR R R R AE.

1 M2 #:1E R, BAAKSEIRIRIA K, MloU #£7 0.93%, MPA #2£7F 0.21%, Dice 27+ 0.59%,
HD Jif/> 0.61 mm, ZBIHHN 1 x 1 A GIN CA 1 SIHUEIBER ROEAL IR X I8 £ M3 #4E R,
e Mish W0E REUS FI B MCAM 8, S8R FR A PTG, MloU #2271 0.47%, MPA #2£7 0.68%,
Dice #&7F 0.01%, HD ¥/ 0.97 mm, HD [ 2 AR BRI ICE Z G NEE, EiRTE 2%
4T 5 M4 M BCin N SME #i 5, MloU JA %] 83.26%, Dice 5% 86.45%, HD %] 18.57 mm,
i MPA Et M3 BBk 0.21%, FEARRIFRFRE AL, IE B A ST 00 55092 K03t R S Bt o ek g P45 ) T
pan P
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Table 3. Comparison results of different models on the Figshare dataset

7= 3. T[EMRBUTE Figshare HHEE FHIXTELEER

Method
MioU
UNet 79.37
UNet++ 80.71
3DUnet 81.11
Swin-UNet 80.27
DD-UNet 81.75
LRAE-UNet 82.23
AI-UNet 81.59
UNet++ (MCAM) 83.26

Evaluation index (%)

MPA
78.91
81.23
80.54
79.55
80.86
80.91
81.37
81.91

Dice
84.37
84.96
85.31
83.56
84.99
85.37
85.12

86.45

HD (mm)
27.54
22.35
34.12
37.35
21.57
20.88
20.76

18.57
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