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Swin-EdgeNet: medical image segmentation with multi-scale edge enhancement

based on transformer

Abstract: Objective Medical image segmentation plays a critical role in computer-aided diagnosis, treatment planning,
and clinical research.” Traditional segmentation methods often rely on handcrafted features and classical image processing
algorithms, which struggle with the complexity, heterogeneity, and low contrast frequently present in modern medical imag-
ing data. While deep learning, particularly Convolutional Neural Networks (CNNs) and more recently Transformer-based
architectures, has revolutionized the field by enabling automatic feature extraction and achieving state-of-the-art perfor-
mance, significant challenges remain. Existing deep learning models often exhibit insufficient capability in preserving fine
boundary details and effectively leveraging multi-scale contextual information, leading to suboptimal segmentation of irregu-

lar or small anatomical structures and pathological regions. To address these limitations, this study aims to design and vali-
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date a novel deep learning framework that synergistically combines the strengths of hierarchical feature learning, long-range
dependency modeling, and precise edge delineation to enhance the accuracy, robustness, and generalizability of medical
image segmentation across diverse tasks and datasets. Method We propose Swin-EdgeNet, a hybrid encoder-decoder archi-
tecture for medical image segmentation that innovatively integrates a Swin Transformer backbone with a U-Net style decoder
enhanced with specialized modules. The encoder is built upon Swin Transformer V2-B, which serves as a powerful feature
extractor. Its self-attention mechanism within shifted windows efficiently captures hierarchical feature representations and
establishes long-range spatial dependencies across the image, providing a rich global context that is often missing in pure
CNN architectures. The corresponding decoder is designed to progressively recover spatial resolution and generate precise
segmentation maps. To specifically address the challenge of boundary ambiguity, we introduce a Multi-Scale Edge Dense
Module (multi-scale edge dense module, MS-EDM) within the decoder. This module employs parallel convolutional path-
ways with different receptive fields (dilated convolutions) to simultaneously capture and fuse features at multiple scales.
The dense connections within MS-EDM facilitate feature reuse and strengthen gradient flow, ensuring that fine edge details
and local textures are preserved and enhanced throughout the upsampling process. Furthermore, we incorporate a dual
attention mechanism to dynamically focus the model’s capacity on semantically critical and structurally salient regions.
This mechanism comprises two components: a Detail-Enhanced Visual Attention (detail-enhanced dual attention, DEVA)
module that refines feature maps along the channel dimension by emphasizing interdependent channel maps, and a Dual
Attention (dual attention, DA ) module that combines spatial and channel attention to selectively aggregate contextual infor-
mation from relevant positions and feature channels. This dual strategy allows the model to suppress irrelevant background
noise while accentuating subtle structures and pathological areas. To optimize the model’s computational efficiency without
compromising performance, we replace the standard Conv2d layers in specific parts of the decoder with KanConv layers, a
parameter-efficient alternative that reduces the overall model parameter count. The entire network is trained end-to-end
using a combined loss function, typically involving Dice Loss and Cross-Entropy Loss, to handle class imbalance effec-
tively. Result Extensive experiments and quantitative evaluations were conducted on four public benchmark datasets
encompassing distinct medical image segmentation tasks to validate the effectiveness and generalization capability of our
proposed Swin-EdgeNet. On the ISIC 2018 skin lesion segmentation dataset, our method achieved a Dice Similarity Coeffi-
cient (DSC) of 89. 87% and an Intersection over Union (TIoU) of 83.97%, outperforming existing state-of-the-art methods
like Rolling-Unet. The high recall rate of 93. 44% indicates a superior ability to capture the complete lesion area, minimiz-
ing false negatives. For the lung segmentation task, the model demonstrated exceptional performance, attaining a DSC of
97.62% and an IToU of 95.44%, surpassing strong baselines such as DCSAU-Net (DSC: 97.56%, loU: 95.35%) and
HTC-Net (DSC: 97.48%, ToU: 95.19%). It also maintained high scores in Precision (97.12%) , Recall (95.94%) ,
and F1-Score (96.44%) , indicating a robust balance between accuracy and coverage. In the challenging domain of retinal
fundus image vessel segmentation, where thin capillary structures are difficult to detect, our method achieved a notably
high Sensitivity of 80. 19%, significantly exceeding that of models like U-Net++ (61.56%) and M2SNet (43. 46%). This
highlights its enhanced capability for segmenting low-contrast, fine-grained structures. The model also attained an F1-
Score of 77. 77% and an AUC of 88. 63%. For the polyp segmentation task, Swin-EdgeNet achieved a DSC of 93. 80% and
a Recall of 91. 93%, representing an improvement of 2. 12% in DSC and 6. 58% in Recall over models like Trans-UNet.
The F1-Score for polyp segmentation reached 89. 81%. Qualitative visual analysis further corroborated these quantitative
findings. As illustrated in the result figures, our method produces segmentation masks with noticeably sharper boundaries
and more accurate contours for skin lesions, retains more complete small vessel branches in retinal images, and provides
more precise coverage for flat and sessile polyps compared to other models, which often suffer from under-segmentation or
over-segmentation. Conclusion This paper presents Swin-EdgeNet, a robust and effective deep-learning framework for
medical image segmentation. By successfully integrating the global contextual understanding of the Swin Transformer
encoder with the detailed, localized feature recovery of a progressively enhanced U-Net decoder, the model effectively
bridges the gap between high-level semantics and low-level spatial precision. The introduced Multi-Scale Edge Dense Mod-
ule (MS-EDM) and the dual attention mechanism collectively address key challenges in medical imaging: preserving criti-

cal edge information, leveraging multi-scale context, and dynamically focusing on diagnostically relevant regions. The
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replacement of standard convolutions with KanConv also contributes to a more parameter-efficient design. Comprehensive

experimental results across four diverse and challenging clinical tasks—skin lesion segmentation, lung segmentation, reti-

nal vessel segmentation, and polyp segmentation—consistently demonstrate that our proposed method achieves superior or

highly competitive performance compared to current state-of-the-art approaches. Swin-EdgeNet shows strong generalization

ability and holds significant promise for improving the accuracy and reliability of computer-aided diagnosis systems.

Key words: medical image segmentation; neural network architecture; swin transformer; U-Net; multi-scale feature

extraction; attention
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Fig. 1  The architecture of our proposed Swin-EdgeNet
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Fx1 AREFERE ISIC-2018 #iEE oSt gE
Table 1 Segmentation performance of different methods on the ISIC-2018 dataset

Method Dic(%) 1 ToU(%) 1 Pre(%) 1 F1(%) 1 Rec(%) 1 Acc(%) 1
U-Net(2015) 85.07 77.64 80.92 79.59 86.14 89.63
U-Net++(2018) 86.90 79.85 82.02 82.66 89.28 90.87
Swin-UNet(2021) 88.16 81.02 81.94 84.76 92.15 91.78
Trans-UNet(2021) 89.14 81.73 85.71 86.00 93.34 92.89
XBound-Former(2022) 89.89 83.51 83.65 87.12 94.61 92.96
M2SNet(2023) 88.97 82.50 83.64 86.86 92.74 92.58
HTC-Net(2024) 89.52 83.61 86.34 87.06 91.41 92.87
Rolling-Unel($)(2024) 89.64 83.70 86.62 87.45 92.33 92.98
Ours 89.87 83.97 86.11 87.24 93.44 93.02

T IR AR AT BRI

N 1 FToR , 76 1SIC2018 B2 JHk s 25 $i 4l 4 v 7k
SCHYIT AR Z WO TR bR AR T o FV
5 Rolling-Unet #H b, 7€ Dice fil IoU 43l 42+ T
0.23% F1 0.27%. 5 XBound-Former FJ%} H : R4
XBound-Former 1% T i = 19 F [l % | {H 7E ToU
(83.97%) F1 #EM % (93.02%) EHHETF XBound-
Former, H. F1 7348 (87. 24%) [RIREARFFSC, X &
AR S H BB A A B AT i kb 1), A R 1
o kb 0 o8 R S SRS e B e T
XBound-Former £77E [ 12 43 1 1R, AT 3445 5

DAY X I B (ToU ) o

TEZR 2 iR 43 HIAT 55 oh AR SOy 3R B A L
A EIRE T o 5 S ETSEIE) Rolling-Unet A L , 4%
SCO7 A Dice BRI ToU 43 5112 T 2 97. 62% il
95.44% KB T R P W EAAE . {EMF R E A
B ToU 48 b1 b, A& S AL T XBound-Former

(95.44% vs 95.31%) X Rolling-Unet (95.44% vs
95.35%) 03X & A SCARE H 10 IO 265 235 40 il B A A5
PRI G REAE , DT AE i 2 R R £ 46 24015 DX A=
BT L SR A 1) 4 B . AT RS SR anTE] 6
JIiR o

BTN 158 % S5 1Y DRIVE HR RS #5845

(2 3), 85 R IR AR SOy L ZE A 1M A5 20 1
HEA B ERSE . AR R LIRS T
80. 19% 45 , 3 AL T 41 SOTA J5 % Rolling-
Unet (77.21%) F1 DCSAU-Net (77.03%) . X —7&
B 1) KR LT (29 3%) 6 BH | 78 SRS R i K ik /D>
THUNIE IR R WA 7 R 8 F1 5o
fikF Rolling-Unet, {H %5 78 21| R 85 19 K $£ 713X
F WA SO A R I FH T R L B S 0 I 4
FNEEFTE .
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(a) Image (b) GT (c) Ours (d) U-Net (e) U-Net++  (f) Swin-Unet (g)TransUNet (h)HTC-Net (i))M2SNet  (j)Rolling-Unet
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K5 R e 2 B A5 R A rT AL X HE o ((a) JRUR RS L (b) FHSEARTE (GT) | () A CJr i Swin-EdgeNet , (d) U-Net , (e)U-Net++
(f) Swin-Unet ., (g) TransUNet,(h) HTC-Net . (i) M2SNet.(j) Rolling-Unet)
Fig. 5 Visualization Comparison of Skin Lesion Segmentation Results. ((a) original image . (b) ground truth (GT) .(¢) our Swin-

EdgeNet,(d) U-Net,(e)U-Net++ (f) Swin-Unet . (g) TransUNet . (h) HTC-Net ., (i) M2SNet.(j) Rolling-Unet)

%2 AEFAEAE CHNCXR #iEE FRIH MR
Table 2 Segmentation performance of different methods on the CHNCXR dataset

Method Dic(%) 1 ToU(%) 1 Pre(%) 1 F1(%) 1 Rec(%) 1 Acc(%) 1
U-Net(2015) 96.71 93.75 96.28 94.11 95.07 97.57
U-Net++(2018) 97.17 94.60 96.72 94.99 95.75 97.91
Swin-UNet(2021) 95.94 92.33 94.76 93.27 93.91 97.00
Trans-UNet(2021) 97.04 94.36 96.79 94.54 95.56 97.83
XBound-Former(2022) 97.55 95.31 97.07 95.80 96.34 98.18
DCSAU-Net(2023) 97.56 95.35 97.02 95.58 96.35 98.21
HTC-Net(2024) 97.48 95.19 96.71 95.95 96.24 98.13
Rolling-Unel($)(2024) 97.57 95.35 96.77 96.15 96.37 98.19
Ours 97.62 95.44 97.12 95.94 96.44 98.23

T R AR BT IR A

M1 5(91. 93% ) k= 5351 # # Trans-UNet 2. 12% Fil B 035 i 4 22 5 i B AR EA T IR RS 5
6.58%. & SHIE N EIEBE— LTI AL 2,41 AELLAERT RS

45 U-Net 2 %1 (41 U-Net++) X i R EL P (18] 845 1 F SPE—BHTT T A CHNCXR Bl 45 |, R

7)) B3R 3 BE 1 8 55 (F1 A 51.44%) , 1 Swin- (R 244 % it 3 o0 B PR RE A 52 . SR AT LU

EdgeNet FTE W EF E LR RERR T, LB T W EESDAARZEIA &I Tt .

XF 25 LA B R RS T o i o A % & 23 i 45 US|, Dice & AU TR 2

2.4 HEZIE 97. 54%, ToU 42 71 22 95. 29%, iX 7 W 25 £ 45 i #5: FH

N Z GRS B  TTHR , A S PR RERS AT ROY s AR AL B FRIBBE T o AN, T Gt 1T

# (CHNCXR) FIHL MBS ILAE 73 %) (DRIVE) B4~ B0 (EEA) 5T 1 RES HLE 80 AZE— 2Lk 134
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(e) U-Net++
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Swin-Unet, (g) TransUNet,(h) DCSAU-Net, (i) HTC-Net,(j) Rolling-Unet)
Fig. 6 Visualization Comparison of Lung Lesion Segmentation Results. ((a) original image .(b) ground truth (GT) .(c) our Swin-

EdgeNet.(d) U-Net.(e)U-Net++ (f) Swin-Unet . (g) TransUNet.(h) DCSAU-Net. (i) HTC-Net.(j) Rolling-Unet)

# 3 AREFAEEDRIVEHIEE M5 BI1ERE

Table 3 Segmentation performance of different methods

on the DRIVE dataset
Sen Spe  Fl(%) AUC
Hethod @t @1 1
U-Net(2015) 64.16 . 96.12 66.23  80.64
U-Net++(2018) 61.56 96.85 71.00 80.20
MSNet(2023) 69.49 96.18 66.57 82.83
M2SNet(2023) 4346 9749 54.66 70.97
DCSAU-Net(2023) 77.03 97.67 7836 87.58

Rolling-Unet(L)(2024) ~ 77.21  97.69  78.60  87.72
Ours 80.19 97.76 77.77 88.63
CE S IRL AN B AT BRI

FEAHT, Dice REE—L 4T 2 97. 59%, 1oU 2T+ &
95. 41% 2 YA A2 AR AT, Dice REL
KFN T 97.62%, 10U 4 95. 44% , A5 1 2 K 97. 12%,
X RN Z M BA R AR R VR R, GE 6%
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SR T A (] B R A 45 LA I DI I PR A 2 A0 DA
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(a)Image (b)GT

(¢)Ours (d)U-Net

(e) U-Net++

(HMSNet (©M2SNet  (h)DCSAU-Net (i)Rolling-Unet

B 7 BREEME S BI S5 S0 T AL o ((a) AR IS L (b) BHIARE(GT) ((¢) AL J7#: Swin-EdgeNet, (d) U-Net, (e)U-Net++
(f) MSUnet.(g) M2SNet.(h) DCSAU-Net. (i) Rolling-Unet)
Fig. 7 Visualization of segmentation results for fundus images.  ((a) original image ,(b) ground truth (GT) .(c) our Swin-EdgeNet-

(d) U-Net,(e)U-Net++ (f) MSUnet, (g) M2SNet ., (h) DCSAU-Net.(i) Rolling-Unet)
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Swin-Unet, (g) TransUNet ,(h) M2SNet . (i) HTC-Net.(j) Rolling-Unet)
Fig. 8 Visualization of segmentation results for fundus images. ((a) original image .(b) ground truth (GT) .(c) our Swin-EdgeNet

(d) U-Net,(e)U-Net++ (f) Swin-Unet ., (g) TransUNet,(h) M2SNet . (i) HTC-Net.(j) Rolling-Unet) )
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F 4 REFTHTE Kvasic HEE LS B BEA R ARG PRIl R 30 UE PR A & A
Table 4 Segmentation performance of different methods 22 ST D AR AR W AR % NE SR R & B A

on the Kvasir dataset

ARSI 4y B 5 Z USRG2I, IR AR OR (B AR
Dic = IoU Pre FI Rec Ace

Method %) (%) (%) (%) (%) (%) E A
1 I 1 1 T 1

U-Net(2015) 73.70 64.71 71.91 53.50 54.46 88.67

U-Net++(2018) 72.06 63.12 70.08 49.68 51.44 88.18
Trans—UNet(2021) 91.68 86.32 90.48 86.04 86.11 95.84
M2SNet(2023) 87.04 81.25 93.45 73.57 78.22 93.57
HTC-Net(2024) 91.27 85.69 90.52 85.35 85.60 95.51

Rolling—Unet(L.)

1.25 86.18 87.97 88.60 85.49 95.56
(2024) ? ? 9

Ours 93.80 86.79 91.02 91.93 89.81 96.72
T VL7 R B AT e DL

SRy B, WA i 2 W S Bz AL RE A R i — 20 55K
IR T R R RO R T £

&5 7 CHNCXRHEE EAFARRIRMm
Tabel 5 Effects of different components on the CHNCXR dataset

Models Dic(%) 1 ToU(%) 1 Pre(%) T  Rec(%) T F1(%) 1 Acc(%) T
Backbone(U-Net) 96.71 93.75 96.28 94.11 95.07 97.57
UNet_Swin+DA 97.54 95.29 96.96 95.87 96.32 98.17
UNet_Swin+EEA 97.59 95.41 97.06 95.98 96.44 98.23
UNet_Swin+EB 97.60 95.40 97.16 95.84 96.42 98.22
UNet_Swin+MEFF 97.61 95.42 97.06 95.97 96.42 98.21
ALL 97.62 95.44 97.12 95.94 96.44 98.23

T O A BT IR A0

% 6 FEDRIVEHESE FARARNZIM
Tabel 6 Effects of different components on the DRIVE

dataset

Sen  Spe F1 AUC

Method (%) (%) (%) (%)
1 1 1 1
Backbone (U-Net) 96.71 93.75 96.28 94.11
UNet_Swin+DA 97.54 95.29 96.96 95.87
UNet_Swin+EEA 97.59 9541 97.06 95.98
UNet_Swin+EB 97.60 95.40 97.16 95.84
UNet_Swin+tMEFF 97.61 95.42 97.06 95.97
ALL 97.62 9544 97.12 95.94

T LA B AT I e A
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Swin—-EdgeNet: EF Transformer )% R E i1 41838 EZE G H EHEE

*®7 THECHNCXRHEEE EARRBZERNHFIT
Tabel 7 Effects of different Edge Attention on the
CHNCXR dataset

Dic loU Pre Rec F1(%) Acc

Method 0yt ()t ()1 (@)1t Aa)t

EEA 97.60 9541 97.04 9597 96.42 98.22
EEA1 9748 95.15 96.67 9597 96.24 98.13
EEA2 97.59 9542 9726 95.78 96.43 98.23
EEA3 97.59 9541 97.06 9598 9644 98.23

TE UL A A T e L

%* 8 FEDRIVEHEE EARBLKTE NN
Tabel 8 Effects of different Edge Attention on the DRIVE

dataset
AUC(%
Method  Sen(%) T Spe(%) T F1(%) 1 T( i
EEA 81.48 97.17 77.49 89.33
EEA1 78.76 97.62 77.52 88.19
EEA2 78.60 97.66 77.59 88.13
EEA3 78.59 97.81 71.76 88.14
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