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Abstract: Objective Medical image segmentation refers to the process of accurately separating the regions of interest in
medical images from the background to extract key information, such as organs and lesion areas, and provide support for
subsequent diagnosis, analysis, evaluation, and treatment. Benefiting from the widespread application of deep learning,

especially convolutional neural networks and Transformer frameworks, it has evolved from using traditional manual methods
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to automated and universal intelligent segmentation. Many Al-assisted diagnosis and treatment systems are used in prac-
tice. Compared with simple pixel computing, existing network structures can recognize various biological information well
by extracting and classifying image features, and automated segmentation has achieved substantial progress. However,
challenging issues, such as how to solve the difficulty of edge acquisition, how to fully utilize the obtained features, and
how to determine which features among multiple ones play a more important role in segmentation judgment, remain. With
the deepening of the network layer, the loss of high-frequency detail information leads to blurred and diffused image edges.
Reasonable utilization and accurate fusion of multilevel and multiscale feature information directly affect the accuracy of
image segmentation. To address these issues, we introduce three modules and propose a novel edge-guided multiperception
decoder for medical image segmentation (EMPD). The three modules are edge information perception module, dual-scale
cascade gating, and three-dimensional (3D) attention fusion module. Method Using EMPD as a decoder after some high-
performance encoders can effectively improve the model’ s segmentation accuracy. The input image first enters the three-
dimensional (3D) attention fusion module, which utilizes the encoder input features to interactively fuse positional and
channel features. By rearranging the attention mechanism at the pixel location, features from the position, channel, and
pixel dimensions are interactively combined to generate a three-dimensional (3D) attention map. This attention map is then
applied to the input to extract features at multiple scales for feature enrichment. These features are interactively combined
with encoder information from the previous layer through two-scale cascade gating. In this part, we simultaneously extract
and interactively merge information from different scales and layers to highlight primary information and suppress secondary
information. An edge-aware module processes the original image and performs corresponding downsampling and edge
extraction operations at different scales. During the progressive upsampling process, multiple operators extract edge infor-
mation from different perspectives. This combination of multiple edge information, coupled with the introduction of learn-
able variables, makes our operator more informative, more learnable, and less expensive than others. The final learned
result is inputted into the next layer of three-dimensional (3D) attention fusion module, and the multilayer predicted image
is combined with the MUTATION loss to obtain the final segmentation result. Result This study conducted experimental
evaluations on seven datasets representing three medical image segmentation tasks. The datasets are ClincDB, ColonDB,
CVC-300, Kvasir, and EITS datasets for single-class polyp segmentation; the ISIC2017 dataset for single-class skin lesion
segmentation; and the Synapse dataset for multiorgan segmentation. The proposed method achieved a 1. 58% improvement
in segmentation performance on the ClinicDB dataset compared with state-of-the-art methods. On the five Polyp and
ISIC2017 datasets, the Dice score improved by an average of 0. 77% compared with the best-performing network. On the
Synapse dataset, the Dice score and mean intersection over union improved by 2. 16% and 3. 81%, respectively, compared
with PVT Cascade. In the segmentation of the left and right kidneys, the Dice score improved by 2. 92% and 2. 50%,
respectively. In the large stomach region, the proposed method achieved a 3. 28% improvement compared with PVT Cas-
cade. Ablation experiments conducted on this architecture demonstrated that on multiple datasets, the Dice coefficient
improved by more than 3 percentage points compared with a simple encoder cascade architecture. Introducing edge informa-
tion and combining it with an effective fusion strategy substantially improved the problem of poor edge fitting and enhanced
the overall segmentation accuracy, proving the effectiveness of the proposed module. However, having abundant edge infor-
mation is not always good. The number and distribution of edge-aware modules need to be controlled. If the image depth is
too large, a small number of learnable parameters may be insufficient to compensate for the conflict between semantic and
edge information, potentially leading to a decrease in accuracy. Conclusion EMPD, combined with a high-performance
encoder, achieved optimal performance on the five datasets, and its results approached the current best results on the two
remaining datasets. lts performance surpassed that of mainstream image segmentation methods, and it demonstrated good
generalization properties. This work provides new tools and model frameworks for medical image segmentation research,
thus helping achieve effective medical-assisted diagnosis.
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Fig. 2 Structural diagram of edge information perception module
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T P A0 T 22 ) 1 22 ) AR O 2R A7 A, DA T
K Gz [0 B A5 B kb B b X 2k 68 71, JF
PEFHRHINF 4544 3 A (R BRI SN . SIB TR

SIB(X)=F,[CM(X),CA(X)] (10)
A, CM (X)) J2 X258 Tl o 1 40 18 BT
B, CACX ) J& X BEAS 2 (B0 11 4 350 30 3 I
KAE
2.5.3 Z R E RS (MIM)

MIM SR FH % 25 3% 4 DU OR s — AERRIE S5 R Y 14 2
PE [ B 45 SR A A6 B AL R I AR 1 o ST
% oh #f 2 N 4% 22 ¥ (inverted residuals and linear
bottlenecks, MobileNetV2) (Sandler %% , 2018) , %
(5] I S 485 48 e TH 4 R 4, 7R3 5 A B o R
(R RIS, i FH 22 ROBE S BAR THRFIE F2 35 1 2 61 3
SRR IREE S . MIM 5

f(X)=SL(BN(F,,,(X))) (11)

MIM(X) = BN F(Ef <f0<x>>) X (12)

L, F(- )RR s RN BRI B,
SL( - )t 3 SiLU (sigmoid-weighted linear unit) 34
Tz
2.6 #i%k

£ G351 2% A Cross Entropy Loss (Krizhevsky 4% ,
2017), Dice Loss(Milletari 45,2016 ) 75 2 RUEE 73 th

MELL B 25 1 2 SCRI LML, B 5 B g e 5
Z A6 AN 2, MUTATION (multi-stage feature- mixing
loss aggregation) 51 & (Rahman F1 Marculescu, 2023b)
M 2 A B B 2R & H I ANMY R, il
o 20 U A 7 ORI 25 i Bt Y T P A
TARA A, MU B B th bR s 4R AN AT 15 P25 5
3, W B — TS A5 R A R AT 45
PURIEAT IR M A B U AL, DA T 52 BUAS A
IV 255 PERESR T

L=>p, ief{l,2,3,4} (13)

L. = z(w(:e X Leg(1,y) + @y X Lm(l.wy))( 14)

K, G B VAN 2 F LT, p N i )2
T L, 1, R s X AL T Z R L (- ) A58 X
R BB, Loy (- )M Dice #5125 BT, w0, Fl @y, 531
N AE U5 Dice BUALE 280

3 KWHERSHN

3.1 HEERITFMISR
3.1.1 Polyp%ﬁ(*ﬁj%

ClinicDB  (colonoscopy videos challengeclinic
database ) HUHE 4 6 7 612 i 5, Horb, 550 IR Ay
I GEE . Kvasir BUEEE N Kvasir-SEG (Kvasir segmen-
tation dataset) 5 PRI ZCHE S H 19 1 000 i B 3 LR
1,900 EAT 9 M 28 B9 254k o 3845 CASCADE (cas-
caded attention decoder ) H &4 A% 2, 8 WA B8
He b BN R R 2 5 A1 oA BRI 2R 4 [ s 1
AR 62 1 ClinicDB K145 100 1 Kvasir K815 45
R 2 Y I3 4R o S BY [R] IS T CVE-300
(colonoscopy videos challenge) . ColonDB (colonos-
copy videos challenge colon database) LA 2 ETIS(ETIS
larib polyp database ) £t 45 £E , 73 7142 % 60 i . 380 i
LA K 196 i K15 o
3.1.2 Synapse F(Hi4E

Synapse %4 HE A0 5 30 {51 1 5 12 ¥ CT 4148
Bl 512 x 12 RV 4. %18 6:4 19 LL 1l B
MLII 43, A TransUNet 254 G245 =0, o 18 51 H T
Wk 1200 T8k, EIRCAWE A E sk g
JIE BEAE JHFE E AR 8 N E L T2 AV E 4
FIESS o
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3.1.3 ISIC2017 B¥i4E

ISIC2017 (international skin imaging collabora-
tion ) B4 4 H 1] B B JiR A Pk AR S it , Forb 3kt
2 000 M UG AE A I ZRAE , 150 15 454G 50 E AR
600 1 5 il 102
3.2 HEIERR

£ Polyp 2 1SIC2017 %u#5 4 # 2K Hl DICE 15 431
R PEAG BRUE , 7E Synapse F 4 4 IS 03458 9
(mean intersection over union , mloU ) g5 A [F] PEAL
3.3 XWiRE

ARSI FE T Pytorch fE4L S B, L RIAE B HoAY
24 GB & f£ 1) NVIDIA-GeForce-RTX-4090 i I iff
7%, PVTv2 M4 1E ImageNet B35 #E 4T M1 25
AR AR B i i 4% 5873, MR AdamW 1L
%, 2A ) R RE N 0. 000 1, 7F Synapse 244
Y25 300 IR, RN Ry 6, Hoax Bt &2 Il
25200 YIRS, R R/ R 120 AR SCHE Synapse
Heds £ bR 90° 5% BUEFL hn Bl AL S 5% 5 AT
[-20°, 20° ] BlEHL/NA B IERS , AR B e R EA T 4L
PR . Polyp Bdlad A AFL Ak 352 x 352 1R KA
BN A0 75,1,1.25] 3R ST IR
3.4 BIREXWERSW

AR SR 22 A 18 25 TG VR AR B B 4
() EMPD ittt 85 347 1 AT PR REPEAS , 10 55 1 1k 1
ERS Mk EME B =43 254E 55 (Polyp FiT1SIC2017)
VAR Z 4 B 3 B 2253 241 55 (Synapse) o 3 IS
AR TG R I o DL W 24T 55 37 5% - 45 i 3D
FEANTE T B/ H ARG 5 22252 2048 B 01

F1ERT 5473 T CNN. Transformer DA
T Tl SR T R B 5 4 AE Polyp Al

ISIC2017 B s 45 L X} Lh 5 5% . nl LLE H , EMPD
FRRAE S TE 4 B 1 ¥HUS T i = 19 DICE 434k,
TEST MBS AR TR B, LA ClinicDB
K], KT R RE R FH PVT 46 28 # PVT-Cascade,
DICE /3503 T+ T 1. 58% , 76 6 a4 244 7t
0.77%. iX & U] EMPD fif i &5 B A R 4 19z f ik
Al , AENEIE AN A28 B R B 43 280 BT 55 TR
PETH I FIRE B

1E 2 200 1Y Synapse B4l 4 I, #E— 20044 T
BRAE R Z a8 B BTSSRI, K2/ T4
TP TEAXS LA R o PR 243 B R AL I MedSAM
(segment anything in medical images) (Ma %5 , 2024)
FERTA BT 2 RAME B A8 e AL E AR T A
BT DLZER 2 /NG R P AT 43 B3k S i 4 251
155 00, PR M AN R DU 28 T T L 300 1 T g 51
FIEPEHY, 5 PVT-Cascade FH L, 7R SCHE H AR AU A E
DICE FlmloU F43oll4& Tt T 2. 16% #13. 81%. #H
RSB WS /DA E WA S 5451 4r%] 1 DICE
BT ST 2. 92% 1 2. 50%, 78 B ¥R KA IX
RT3, 28%, X EEMG S TS AR Z R
JERRE R G 5 GRS AL, 358 T X/ B AR S
W0 R S5 R RO e T, B2 T+ T AR B B

£ J7 ¥ 7E Polyp 5 ISIC2017 | Synapse %4 42 1)
AR A S Al 5 FE 6 FR o
3.5 EMPD AEHMKITHABARE

A 3 B MR 43 A 5510 7 A S TH B
£ LRIPIF R T 24K, B A RGN I
2 B A SRS O S AR RE I B2 i 5 77 TL RE
J1o B LR ImageNet FiII 2k 09 PVTV2 datid s
FERARTY | 25 5 2 K A 1) 5 A0 ) A0 B A TR A 2R A

F1 BEANSBEBIEERISIC2017 KRR ES B HBELR
Table 1 Results of polyp segmentation dataset and ISIC2017 skin lesion segmentation dataset

1%

WIRFS ClinicDB ColonDB Kvasir EITS CVC-300 ISIC2017 ¥ifE
U-Net 71.37 53.31 81.03 40.86 71.38 82.60 66.76
AtinUNet 72.53 54.48 81.46 40.49 74.24 82.19 67.56
TransUNet 86.88 64.90 84.99 54.86 83.62 82.66 76.32
TransCascade 91.66 78.02 90.64 72.13 87.59 84.28 84.05
PVT-Cascade 92.87 81.24 91.96 76.79 89.25 82.63 85.79
PVT-EMPD 94.45 81.98 92.83 75.96 89.94 84.19 86.56

T L R RIZ AR B R 25 B AL AL S AR
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%2 SynapseHIEEZRENIER

Table 2 Multi-organ segmentation results on the Synapse dataset

/%

Jiik DICE mloU  FZhfk AR =W £ JHPAE TpRepR JIALAIE H
MedSAM 59.41 52.16 71.80 32.96 71.24 68.57 44.00 73.36 44.00 69.34
U-Net 717.72 68.29 86.84 62.94 81.50 75.27 94.13 59.11 86.58 75.39
AttnUNet 78.27 68.98 88.20 61.67 81.76 78.38 93.07 62.69 86.44 73.97
TransUNet 76.17 65.59 87.69 63.69 75.84 72.37 92.73 54.01 85.84 77.21
PVT-Cascade 81.98 71.28 84.15 69.43 85.07 82.13 94.89 68.68 90.23 81.24
TransCascade 82.74 73.83 87.73 69.04 86.70 82.71 95.08 69.52 91.15 79.99
PVT-EMPD 84.14 75.09 88.18 70.17 87.99 84.63 95.59 70.84 91.22 84.52

T L R R TR B RN A5 B B AR RS

ClinicDB

ColonDB

Kvasir

EITS

CVC-300

ISIC2017

HNEIR HAE PVT-EMPD PVT-

(A30)

Cascade

Trans- Trans-UNet Att-UNet

Cascade

5 Polyp 5 1S1C2017 ki £ v M4k 25 S

Fig. 5 Visualization results on the Polyp and ISIC2017 datasets
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SRR RS B B ST TR S SLIX
Sl o L BE T o AR R S TR e S W] SRR R
T RS A ) ARG M R T A E L

PR KB DB, TS T T o0 IR o gt —2F
o, AT SR SRS AT 25 B T SR e
NIRRT 2 me . RS R R E TP A
GRAR A BT R R R SOROA ) 25L, AA
TT7E 4R w85 301 50355 I 2 1) W), DR e T 42 S 45 A Y —
Bk o O R R AR B o 7 AN [R] RO X
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Fig. 6 Visualization results on the Synapse dataset
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Table 3 Component ablation experiments using PVTv2 as the skeleton
DICE/%
TAFM EPM DSCG
Synapse ClinicDB ColonDB Kvasir EITS CVC-300 ISIC2017
X X X 81.10 92.19 78.34 91.09 72.21 88.77 82.66
N X X 81.94 92.86 78.37 91.78 72.55 89.15 82.92
N x N 82.16 93.60 79.24 91.90 72.92 89.85 83.15
N J X 83.22 93.63 81.09 90.98 74.74 89.77 83.62
N N N 84.14 94.45 81.98 92.83 75.96 89.94 84.19

U ML AR A IR ARSE SR X ARG, g i

(EE = S ol & (=05 9] [ R 41 = N i 7 e 4 )
GBI R G S RRERLA 5 A AL T 5
TR FRIE CRF . B2, Y = R R T AR, AR
TEVEM bR IS T LR B, Sk 1 & iz
(] %) EL MR 5 PR a) G 2R OR8] T AR SOOT
TEFR T B 2 G o3 50 RE T THT A AT R0PE 5 58
3.6 EPMIR{IE N

N GA7 BB O 24Uk AR 4 A
Btk . AR B 245 A EPM AR Y S2 56 25 SR N3k 4 fr
o TEERMGR T FJZE Rl G5 A5 B ok 7 iy
Wets  (HAE IR, BT AP IE R = BE 4, 20K
ik SUE S IR, DR SECE IR B DLyt 2
NGRS ARBUAF B oo, Al fig 2 th BLAERf %
WEA T RS oL A it , AR SR L FALAE

R4 AEMCELEAEPMERMPLIGER
Table 4 Experimental results combining EPM modules

at different locations

AL SHEM DICE/%
[] 27.19 82.87
[1,2] 27.99 84.14
[1,2,3] 33.68 83.26
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X HAh 323 09 A 5 S B S 1 DICE 4340 1
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