Modeling and Simulation ZE#£.515#, 2025, 14(5), 887-899 Hans X
Published Online May 2025 in Hans. https://www.hanspub.org/journal/mos
https://doi.org/10.12677/mo0s.2025.145442

FESMEZREIENNEZERIEGE

FHL, KA
EHETREOCHAE R SRR R, L

Weks . 20254F4 280 FHER: 202545 H21H; KA HI: 20254F529H

H E

FETFHENMRE TR, LBRHEME AR OHBRIRE S TECIA RS R . DAU-Net AIRRE
SitDas - RMABREWER T AMELE R RS, HHSKNERERIH ORI A T MRS
o (HIZZRMITES A% E0 50 K A B 6540 R B Atk R AR B 5 B S R T L B N SR g, RBRNFIN
ZEFE K E REFEREFERERRE. AR RLX IS IEH AR 2 IR KR 3% 5
B, (e GR R AR SR BT i3 LA R I RIS et 2 SRS B PR/ R, 3K BSO8R AR TR SR X
BB fEANBESERE S HIH 2 RERHMER & KA OHLE], R BERAE 3R 7 B R BARAE 5 T B A R
BIER . R, FATEFE=ABFRR: 1) BEREOEREHEUNSEPRERTRE; 2) F
RURMRESBEMEERHEIIR; 3) BRGEAHRREZ AR EENFBEER LRI 55T
B¥HE L REREFTERETFERREE TR BEAXBKSBULLTEITIKSEREMA, L&
R T ZEHEERSIERMLP-MSA, HAFEAIAE=ZBERG R, BHRERFER. BaoRE
BABRN S REFHERTERAR. HFE=ANAEZERDFIHEE LIPS T IZHEE, &RERH,
KT LR A R 4 M FEDSCHImIoUSE AR LR 20 B T HASOTAK R, RpHIRAZRAFUESFME
REE ERIEY, HARESHRR P65 EONAKREAR TRMENEFHBMS, NEERER
RUMRALERE TAERBE T H IR KK, BRITRSEELET AT AR BN, UERE
RS EERE S EES .

XKiEid
EFXEGSHE, EBRAONS, 2RE, ZRE, RETIEER, HHEIMHSH

Multi-Level Progressive Fusion of
Multi-Scale Split Attention for Medical
Image Segmentation Method

Shilong Huang, Sunjie Zhang

School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology,
Shanghai

CEG|I M e, KIS, ZIRHREE 2 REER B BRI BT LD RS 13T, 2025, 14(5): 887-899.
DOI: 10.12677/m0s.2025.145442


https://www.hanspub.org/journal/mos
https://doi.org/10.12677/mos.2025.145442
https://doi.org/10.12677/mos.2025.145442
https://www.hanspub.org/

i, KA

Received: Apr. 28™, 2025; accepted: May 21%, 2025; published: May 29", 2025

Abstract

In the domain of computer vision, deep learning methodologies centered on convolutional neural
networks have demonstrated groundbreaking advancements. The encoder-decoder architecture
epitomized by U-Net has revolutionized biomedical image segmentation, with its distinctive cross-
layer connectivity mechanisms achieving successful implementation across diverse clinical appli-
cations. However, the structurally homogeneous down-sampling modules in the encoder pathway,
coupled with simplistic sequential convolution stacking strategies, fundamentally compromise
multi-scale feature representation across hierarchical network layers. Particularly in scenarios
where lesion areas exhibit low-contrast boundaries with surrounding healthy tissues, conventional
layer-wise feature extraction paradigms prove inadequate to meet the stringent precision require-
ments mandated by clinical diagnostic protocols. This critical limitation has emerged as a pivotal
technical challenge demanding urgent resolution in contemporary medical image analysis. As a
core mechanism for multi-scale feature fusion in medical image segmentation, attention modules
play a pivotal role in capturing heterogeneous pathological characteristics. However, traditional
approaches exhibit three inherent limitations: 1) Fixed-scale convolutional kernels demonstrate
insufficient adaptability to dynamic lesion size variations; 2) Homogeneous feature aggregation in-
duces computational redundancy across network hierarchies; 3) Cross-layer feature propagation
lacks content-adaptive channel priority allocation. To address critical bottlenecks in multi-scale
pathological feature modeling for medical imaging, including shallow semantic attenuation, weak-
ened cross-hierarchical correlations, and computational redundancy, this paper proposes a Multi-
Level Progressive fusion framework (MLP-MSA) featuring three innovative architectural compo-
nents: a feature preservation module, a fusion-split attention module, and a multi-scale progressive
attention module. Our model was evaluated on three medical image segmentation datasets. Exper-
imental results demonstrate that the proposed network architecture achieves superior perfor-
mance over state-of-the-art models in both Dice Similarity Coefficient (DSC) and mean Intersection
over Union (mloU) metrics. Notably, our framework exhibits enhanced capabilities in multi-class
segmentation tasks and complex image-processing scenarios while maintaining significant compu-
tational efficiency advantages on resource-constrained platforms. These findings provide robust
support for subsequent model optimization and deployment. Future research will focus on the ar-
chitectural refinement of the proposed network to address increasingly challenging medical image
segmentation tasks.
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Figure 1. Structure diagram of the feature preservation module
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Figure 2. Structure diagram of the split-attention fusion module
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Figure 3. Structure diagram of the multi-scale progressive attention module
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Figure 4. Overall system architecture diagram
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Table 1. Detailed information of medical segmentation datasets used in the experiment

1 REPEANEFSEIRESIFAEER

Dataset Images Input size Input size Valid Test
CVC-ClinicDB 612 384 x 288 441 110 61
2018 Data Science Bowl 670 Variable 483 120 67
SegPC 2021 498 Variable 360 89 49
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i SOTA J7i2 4T 1 LL#L

CVC ClinicDB #4145 R a3k 2 fivR . 6 T2 EUR o E140U, 4 454 7E mloU 1 DSC $&
b PR REE 2 B 200 . IR 2 AT LAEH, AR EE ALY DSC 2y 0.930, mloU 4 0.871,
7t DSC J5THitt DoubleU-Net =t 3.0%, 7E mloU J7TH & 3.5%. Hpil 2, FRATHE H AR 2 L Bl () 7
LT Transformer ZEMH 1 B0 HA AW AL mloU b TransUNet £ LeViTUNet & 8.2%
1 11.7%, DSC F3Jl LLix Py ppasi 28 =7 28.3% 11 28.7%.

Table 2. Experimental results on the CVC-ClinicDB dataset
3 2. #£ CVC-ClinicDB ##E& FHISLI 45 R

Method Accuracy Precision Recall DSC mloU P-values
U-Net [1] 0.982+0.020 0.881+0.105 0.883+0.189 0.798+0.190 0.819+0.224 3.192e-02
Unet++ [2] 0.982+0.012 0.919+0.019 0.861+0.207 0.649+0.184 0.822+0.199 6.951e—03
Attention-UNet [6] 0.985+0.016 0.914+0.170 0.901+0.105 0.846+0.168 0.855+0.179 8.736e—02
DoubleU-Net [5] 0.985+0.017 0.892+0.089 0.913+0.207 0.900+0.133 0.836+0.196 4.953¢—02
UNet3+ [16] 0.983+0.032 0.907+0.132 0.885+0.135 0.879+0.171 0.837+0.191 7.189¢-02
TransUNet [17] 0.981+0.009 0.886+0.099 0.873+0.141 0.647+0.108 0.789+0.201 1.471e—03
LeViT-UNet [18] 0.980£0.023 0.849+0.241 0.826+0.232 0.643+£0.233 0.754+0.244 1.118¢—03
Our Method 0.989+0.017 0918+0.148 0.919+0.143 0.930+0.141 0.871+0.156 1.000e+00

5 JNYE CVC-ClinicDB ##E4E Lt 475 b seie 5 2Ry 45 R, Hrp AR EUE SRR R0
DL 5206 2k S e 5 G b DSC s i bk &R
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Figure 5. Experimental results on the CVC-ClinicDB dataset
5. £ CVC-ClinicDB ##E& FH LI 4R E

XTEZEG ST, —SEZEGRHESBZ RN R. AT LXK, TAVEHPFAE
KA HuXT SegPC-2021 Hdli e FHIFTABIALIEAT T VFAh, EREE R NE 3. 5HAh SOTA BiAUAHLL,
AW AR H R T AE BT 8 I da b R Bos s tE MR R . Bfokit, FROTIRH 541 mioU 14>
v 0.8134, 5 DoubleU-Net ZE#JFI LI T 4.9%, Eb Unet++32 7% 1 5.8%, JfH DSC 4 0.9750, ##T
TransUNet 3215 T 12.9%.

Table 3. Experimental results on the SegPC-2021 dataset
52 3. E SegPC-2021 #¥iE5E FHISLIR4ER

Method Accuracy Precision Recall DSC mloU P-values
U-Net [1] 0.940+0.051 0.839+0.132 0.879+0.120 0.940+0.110 0.756 +0.108 2.200e—07
Unet++ [2] 0.941+0.158 0.857+0.042 0.879+0.141 0.967+0.123 0.771+0.163 4.473e-09
Attention-UNet [6] 0.941+0.132 0.848+0.043 0.863+0.135 0.913+0.127 0.760+0.148 7.795¢—08
DoubleU-Net [5] 0.938+0.039 0.831+0.021 0.895+0.194 0.960+0.129 0.764 £0.210 7.670e—08
UNet3+ [16] 0.939+0.151 0.850+0.109 0.861+0.238 0.946+0.233 0.767 £0.151 4.602¢-06
TransUNet [17] 0.939+0.132 0.823+0.230 0.870+0.121 0.846+0.213 0.742+0.138 2.923e-08
LeViT-UNet [18] 0.939+0.149 0.851+0.120 0.837+0.353 0.849+0.113 0.739+0.123 3.530e—07
Our Method 0.960+0.123 0.879+0.134 0.920+0.164 0.975+0.038 0.813+0.111 1.000e+00
N Original Image - Ground Truth DSC: 0.9750 DSC: 0.9672 DSC: 0.9600
e Q.
&
® .0* o ‘
e ¥TWS
DSC: 0.9469 DSC: 0.9405 DSC: 0.9134 DSC: 0.8464 DSC: 0.8493

Figure 6. Experimental results on the SegPC-2021 Dataset
6. £ SegPC-2021 ¥iEEE F Y SLIG 45 R [E]
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K] 6 SHTE SegPC-2021 ¥4 b idhAT %t LS5 B 25 SR I, o rp BAR G S BRY f0] O R T L2
7 SIS 48 SR 5 S R DSC R X 6 &R

oy BIEAE YR BB s AT e 2R . A48 H 2018 Data Science Bowl £ £& 1 507 H 3L
P EE RV A AU 4 H BRI LA SOTA LRI TERE . 2% 4 A T RF/MR AL A A 25538,
AW FEHE H AR AE Accuracy. Precision. Recall. DSC #1 10U J7HEUS T EARIMERE, L T 2RI
SOTA M 4%, H DSC 4 0.923, Lt TransUNet /5 0.7%, mloU >4 0.857, Ltk UNet3+1 2.1%.

Table 4. Experimental results on the 2018 Data Science Bowl dataset
5% 4. £ 2018 Data Science Bowl #{#E6 FRYSLIGLER

Method Accuracy Precision Recall DSC mloU P-values
U-Net [1] 0.956+0.048 0.873+0.035 0.921+0.211 0.884+0.091 0.810+0.131 5.110e-05
Unet++ [2] 0.956+0.037 0.873+0.022 0.919+0.101 0.891+0.042 0.814+0.151 5.529¢-03
Attention-UNet [6]  0.954 £0.037 0.874+0.022 0.919+0.101 0.937+0.142 0.814+0.152 5.528¢—03
DoubleU-Net [5] 0.957+0.035 0.876+0.011 0.928+0.231 0.956+0.033 0.818+0.159 1.010e—02
UNet3+ [16] 0.957+£0.034 0.890+0.049 0.912+0.155 0.925+0.033 0.826+0.134  3.808e—02
TransUNet [17] 0.953+0.037 0.900+0.081 0.909+0.121 0.960+0.139 0.823+0.139 2.909e—02
LeViT-UNet [18]  0.953+0.039 0.890+0.132 0.890+0.137 0.879+0.126 0.810+0.083 1.120e—01
Our Method 0.962+0.125 0.921+0.098 0.932+0.077 0.967+0.127 0.857+0.114 1.000e+00

[¥] 7 J97E 2018 Data Science Bowl F4fE 85 347 %7 b SZIb 45 3] 1 45 T, i HAAR G 5 A i ot R
KA LS 5206 ok FHHE 5 MG DSC A Xt v & -

Original Image Ground Truth DSC: 0.9670 DSC: 0.9600

.ﬂm B

DSC: 0.8912

3.6. JHRMSCI®

LEARTH, BRAT A AT TP IR R . N T VRN 7R B o &, A 7T
HE T SBHE. 7SS E(FLOP) MMM (FPS). # 5 2t 7 7F 2018 Data Science Bowl ¥ 4E /5
A C BT AR .

DSC: 0.9556

DSC: 0.9372

DSC: 0.9250 DSC: 0.8791

Figure 7. Experimental results on the 2018 Data Science Bowl dataset
[E] 7 7£ 2018 Data Science Bowl #3185 FHISLIG 45 R E
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Table 5. Ablation study results on the 2018 Data Science Bow! dataset
%2 5. £ 2018 Data Science Bow! ##E& _FRUERISCIO AR

Method Accuracy Precision Recall DSC mloU P-values Parameters FLOPs FPS

U-Net [1] 0.956 +0.048 0.873+0.035 0.921+0.211 0.884+0.091 0.810+0.131 5.110e—05 1345M 3233 124.20

U-Net + JF1E
0.955+0.032 0.905+0.205 0.911+£0.136 0.900+£0.035 0.829 +0.035 3.521e-02 13.37M 29.81 119.13

(R
U-Net + il 0.957 +£0.164 0.903 £0.325 0.925+0.181 0.909 +0.085 0.840 £0.252 2.237¢—01 2.65M 8.52 43.90
Jymivp s piyy 09570164 0903+0325 092540181 0.909+0.085 0.840 0252 2. _ _ _
U-Net + 2R 0.956 +0.021 0.904 £0.121 0.916 £0.213 0.905+0.036 0.840 £0.232 5.356e—04 7.60M  23.60 89.72
Witk o pgy 0956 £0.021 0904£0.121 0.916+0.213 0.905+0.036 0.840£0.232 5. , , ,

U-Net + RFL{RHF
B + g 0.959+0.325 0.914+0.098 0.925+0.067 0.914+0.133 0.852+0.214 1.000e+00 262M  6.97 4352
TR R

Ours 0.962 +0.125 0.921 +0.098 0.932 +£0.077 0.967 £0.127 0.857 £0.114 1.000e+00 3.70 M 6.11 4221

RFE AR5 M S SO ASTIF FE R () B B R 430 e FH L R R /N AR ZE TR W] 43 B A R
FEAE TR FURGE XSS, HA BT AR HEM 2 10D . FRATHAL T MR ACE . U-Net A1
U-Net + FFAERRE, DLVPASFFE AR ER SIS IR . W 5 T mloU #6545 KE, FRIE R e 7R 2018
Data Science Bowl (45 45E FiGE 17 2.2%. ik, FTLAMSHHZER, RHERFFSEIGIR S 1 546 U-Net FITERE.

AW SRS FH Rl o B R TR A 2 ROBEAFAE [T, T DUBI R 2% G AN R /N A2 . i
I 5 ) U-Net £ U-Net + RilE 70 R0E R BB B, R DAPPAl Rl & 7 8408 B R A 2t
76 mloU |, Rl& 9> %40F & Skt 2018 Data Science Bowl #i#ii 45 F ks 7 3.3%. Hith, AT LLAA
R 7 BRI PERR DL T U-Net 8522Y, 3 H 5 HRFIE R K7 R0 AH LU A 58 B35 (520

IR 5 H Y U-Net AIHEIN 2 RBEWT A B i, o] APPSR A k. 8 5 W)
mloU $8brKHE, £ REEMHEE R I 7E 2018 Data Science Bowl ¥4 k3% 7 3.3%. X5E£ R
W R IR 2 R 2] Re )T, R T WIS TE MR D 22 RUBE S 48 43 B R 77 T P66 s M R A 801

R X =AM, 5 B BANRHE R B & 2 20 R R ) U-Net FHEL, AU
(U-Net+ FRIELREFEEEL + &0 RE R U + 2 RS & i) n] DL — 544 DSC 25 1.4%
£ 2.3%, F mloU #2 2.8%% 3.3%. XEH] IRHMEMRFFEER, fl& 7 R R JIBHON 2 ROk =
FIREHRI AN, 3B = 2 H A AN T B o

4. BESRE

AR T — M T B2 BB B RS a8 224, s i R e R IR AR AR . & R T)
PR 2 RUSEHTHEE R RAEORFFESRIE 58 T AN R B EZFIE I RE ST RS 0 REER T

BRI NRFEBUSR 7 NP AMRHEA, A EAFEEREI, IR R IHLH R A S RRHIE.
DRI, fil G 20 240 TR G| NS RBERFIE RS AL, W DA A A RS2 B rh I RHE ], AU T 2 )2
RFAE RIS BB, RN EE T 5T AR MR E G S, SEBL T 2 0 WA 1 P Rk o
TRV T, A EMEREAY U-Net BLA 50 A0 i A —HERE I (P29 46 50 23 ms), {HAHIE T BT H 484
TERFFERURFEAE B S HH I RUSR T, BB S B R 20 2 S MERE Y () 68% . X PP b B v A A T 7 ik
AR &4 (Jetson orin NX)_EIZATHF, HEFEGEIR {54 E(153 £ 5) ms Y FE Y, ©AF &5 EREERIPRK, 7805
WE VSRR G s N RSB AT AT 2 ROBEM v 2 Rz A0 il -Gk B it 35 AH &1 200 14
fiE, DAl RBEASIEVER I, W92 5% ) 2 ROERHMERIRE )], B RAFIEILR . BRJETE=AEFEE
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B IR EVEAL 7 BT S5 5U5RN], AW FUIREH M 2% 5444 42 DSC A mloU figbs LK1 731Y

T

HoAth SOTA B, KAl RAEZ R EUEF MG LRIE L JEFR AW TEA AR (ks P

ST TR T BORIEERE , FEAR RN g 2 5 N ] AR L i SR L 0 AE A IR [19] . AHIF 78 3R W] 1248
RAES )52 BT 6 BRI AR M T AR R R W B AR5, HONR SRR A& TR 7
TIISERE . R, BATRE GRS L VE TOUALAN TEHE A28 S8R, LLSE il S L Bl ) 22 27 R 7 BIE 55
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