320

E-mail: jig@aircas.ac.cn EPEI%%H???E

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS
Tel: 010-58887035 O EESRERFRRINTE

FEESFES TP391;TP1S  XEAARIAAY: A XE4HS: 1006-8961(2026)01-0320-15

B35 A :Peng Y F and Sun W Q. 2026. Medical image segmentation via dual-path encoding and adaptive receptive fields. Journal of Image and
Graphics, 31(1):0320-0334 (324 &, $MESR . 2026. WERARJilid 15 [ 3 0B Z BF IR 30 19 B 2 G4 ). B R KD 244, 31(1) :0320-
0334)[ DOI: 10. 11834/jig. 250128 ]

Wik E AL 5 BiE v B2 B IR B E = B 5 57 &)

2\, IME R

L7 TR T SHEE IR, #ME 125105

 E: BW ZR TR ER, BB 2 N 45 HE LIA JORBTH R . 30 BF9T 2% 106 Transformer fEE 5| A
St A SRS BRI 7 DA 5 4 R 15 B A RE 7 L (R 2R AT AS S DA 3R B A SR S TS i T AR
LT T R A B ARBIOC R . S AL G B FAENI RS #a T80 25 ME LUE 2% B I JLADB AR , NI 7E — 2 PR |
BRI T AR Sh S TR ARSI R RAERE . Foik BN T I B, & — ol 3] 3t 1) P 2 P45 20 R 2 3 e i 28
Hmhd 5 1 38 R RS EPHLE 0 U Rl T, B SRR 4 R — R R E AL A B . BRI S, 5 R T U AR D
GE4E  TE A 48 IR RS ST 2 I 26 5 Transformer FEAE , S RIFRAH T 54 5 R SCRy#i b =Cml & 2ok, #
St A 22 U A ML 3 5 RO A 58 B AR R B S TR 208 SURRAE , SR R H AR S5 44 10 22 50 HER AT
AT s foc ) , B 1 35 0 3z AL | 38 TR R POE X220 S A5 04 6 BRG] , S8 i A5 6 BUE T AR 4 U 3R AE
TS, R SIAE P A TP L SRR T AT LA, T Synapse B 8 P AR SO LR AE
DSC(Dice similarity coefficient) Fl HD95(95% Hausdorff distance ) SEUr #5457 435142 T 0. 54% #10. 44; 7E ACDC (auto-
mated cardiac diagnosis challenge ) $U3E4E | 1Y DSCIE I 0. 34% ; T4 B 5256 WE— AL B0 AIE 1 UK AR Gm A 15 1 36 7 Sz
FEHLRI PR A RO . S8 AR SOy VR VR B A A B 28 I 48 JR RS 5 Transformer 42 Jay (ASE (14 25 AR %,
G54 1 VR SZ AL, A R T Y i S A AR A3 B Y vh 42 JRy— JR) B AR AE Al S AN 2 B B SRS 1 4k
YRR, SEHL T SOTA (state-of-the-art) 9 7 1) 73 BIAE B2, Sy 5 R B2 2 RUR 3 BAL S5 48408 T r 2 o AU 2 TR
https://github.com/Swq308/DPAR-Net..

R BIMZME (CNN) ; Transformer ;s SUR AR S5 3 3 B2 B 2 2 R4

=l

Medical image segmentation via dual-path encoding and
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Abstract: Objective With the rapid advancement of medical imaging technologies, medical image segmentation has

become a critical and extensively researched topic in the field of medical image processing. By enabling precise pixel-level

classification and accurate identification of regions of interest such as organs, structural tissues, and pathological

areas this technique holds substantial value in medical research and clinical practice. Medical image segmentation
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plays a pivotal role in enhancing diagnostic accuracy, supporting personalized treatment planning, and ultimately improv-
ing patient outcomes. In recent years, the U-Net architecture, based on convolutional neural network (CNN) , has
emerged as a foundational model for medical image segmentation. However, due to the intrinsic limitations of CNN’s local
receptive fields, they struggle to effectively capture long-range dependencies. This shortcoming hinders the accurate seg-
mentation of anatomical structures with diverse morphologies. Although the Transformer architecture was designed to
address the limitations of CNN in modeling long-range dependencies, it often struggles to capture fine-grained local details
effectively. Consequently, hybrid networks that integrate CNN and Transformers within the U-Net framework have garnered

increasing attention. Existing approaches typically integrate Transformer modules into specific components of the convolu-

tional architecture such as the encoder, decoder, or skip connections to address this issue. However, these frag-
mented integration strategies can only establish limited local-global associations at discrete hierarchical levels, making it
difficult to model the complex dependencies introduced by anatomical heterogeneity in medical images , ultimately compro-
mising segmentation accuracy. Furthermore, traditional CNN used fixed convolutional kernel parameters once training is
complete, rendering them incapable of adapting to geometric deformations of anatomical structures. This limitation notably
constrains the capability of the model to represent dynamically deformable targets in medical imaging. Method Aiming to
address the aforementioned challenges, this study proposes an end-to-end medical image segmentation framework, DPAR-
Net, which enhances global-local feature integration through a synergistic dual-path encoding design and an adaptive recep-
tive field mechanism. Specifically, a dual-path encoding architecture is constructed, wherein the CNN path captures fine-
grained local textures, while the Transformer path extracts high-level global semantics. A correlation-based fusion mecha-
nism is employed at corresponding hierarchical levels to dynamically adjust feature weights based on local-global semantic
associations, replacing traditional fusion paradigms. This strategy maximizes the complementarity between CNN and Trans-
former representations, enabling a progressive fusion of local detail and global context. Additionally, a multilevel encoder
fusion strategy is introduced to integrate shallow texture features with deep semantic features through cross-scale informa-
tion interaction, thereby enhancing the multi-resolution analytical capability of the model for target structures. Finally, an
adaptive receptive field mechanism is proposed to dynamically adjust the perceptive range of the convolutional kernel based

on pixel-level semantic discrepancies. This approach overcomes the limitations of static convolutions in modeling deform-

able anatomical structures. Result Experiments conducted on two publicly available datasets Synapse (abdominal CT)

and ACDC (cardiac MRI)

demonstrate that the proposed method achieves a Dice score of 84.57% on the Synapse
dataset, along with a substantial reduction in the HD95 metric to 12.23, outperforming existing state-of-the-art
approaches. On the ACDC dataset, the method surpasses the classical U-Net by 1. 19% and the latest CNN-Transformer
hybrid models by 1. 2% in average Dice score. Ablation studies further validate the synergistic effectiveness of the dual-
path encoding and adaptive receptive field mechanisms. Comparative visualizations also highlight the method’s distinctive
advantage in segmenting small targets, effectively addressing the issue of feature omission prevalent in existing techniques.
Conclusion The proposed method effectively overcomes the limitations of inadequate global-local feature integration and
the static convolutional kernel parameters in current medical image segmentation models. By deeply integrating the comple-
mentary strengths of CNNs for local feature perception and Transformers for global context modeling, augmented with an
adaptive receptive field mechanism, this approach notably enhances segmentation accuracy and presents a novel solution
for processing complex medical images. The code is available at: https://github.com/Swq308/DPAR-Net.
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Hausdorff #7 # (Hausdorff distance at 95% quantile,
HDOS)VE N ITHrdstr. Hr, DSC ALy 0~1,
BUEBOR , 7R 73 45 R 5 L ILhR 1 Y T 5 sy
HDOS5 R /)N, )2 W 43 B 25 R 5 B SR =z W] iy ik
TR AR
2.2 REAET

N B0 PR SIS 38 8 2 S AR ST AT SR B T
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PyTorch HE 42 SC 3L, IR AE B4 11 GB W A7 1 NVIDIA
GeForce RTX 2080Ti GPU ATl k. & xf 58 i
SR B A B RO BE S 224 x 22418 K itk
BRI E R 4, 5 KI5 epoch 15 & h 400, N 7T
O3 FEVNREE R AT T AL 455 Bl BIL e 7 N K ~F- B A 7
W B HE SR H AR . R HTBEHLES BE T B (stochastic
gradient descent, SGD) Ak #% , by ik 31| 5 A4 43 H1 2L
R HEWIIR A 2 RE R 0,01, B S HUCR 0.9, 4L
HRECN 107
2.3 HKEH

HPETHorEIVERE , A SO T — RS Dice 4
4 5 —{H 32 XM (binary cross entropy, BCE) 4514k Y
RGP RE . o, Dice 0 % o BE it 0000 25 SR
5 LSRR A ) 1 4 ) T B, DA 505 | A AL i
I8, HECr € SCh

_ & _ 2|yim§’i
an_i_zl(l wlels ) (22)

A, NERIR UG PR R BBy W ER MBI B
AR, 3, A i MR AR Y AR B

WA A SCE— 25 5 A B 22 SUR (BCE) K
AN s AT X AR5 SRR A HIBIRE T . BCE A
IR PRI E LN

N

Ly =_Z[%log(&i>+(1 - yi)log(l -5l (23)

LR IR I R (S8, R SR Dice 5
BCE #5{ ILR A B 20, I 255 TR I W LR T
o FIERE , HA A

Loss = i(a “Lyey + B - Ly.) - ps (24)

X, a B HAEZRE,0=0.5,=0.5. p, H5Br
By BT A
2.4 XFLERIER ST
2.4.1 Synapse $tii4E

MR DPAR-Net (AT 8 VE  Ff H5 142 H Y
SOTA (state-of-the-art) 575 M — 26 28 ML % 2 KR
I BEAT X HE, AL 45 2L T CNN (AL (U-Net , Att-
UNet , AHGNN (Chai 55 2024 ) ) . 3% F 4l Transformer fi¥)
48 #4 (Swin-UNet, TransDeeplab, MISSFormer, DAE-
Former) . Ji£ &5 CNN-Transformer {9 #% Y (TransUNet ,
HiFormer . TransCeption . AFTer-UNet (Yan4%,2022) .
CASTformer (You ¢ , 2022) . MSAANet (Zeng L

2023) 45 ) LA K HAMRT I 0 B 54

MR 1 7R A SCHE I 7 A 2 4% 0 T
55 LY SOTA G5 1 73 HIVERE o Dice AR FR 4K
K E 84. 57% WA K-, 95% Hausdorff #2548 b fi
HEE 12,23, TR/ W S B oy HUE 55 B T
75 85 , Dice ML, 2 550530 5 52 B 0. 69% Iz 0. 58% (1)
PEREHS 4 o SIS R LM /EE T DPAR-Net £ 42 )7
R SCE LS R A R AR R PRl RE 0y, FoR
kX A Ja— Ry AR RS ML RE 22 ¥ 5 1 B RS
BE Y N i e A . B 7 PR B AT AR X B
STk — 2 R AR SO AR U B AR 3 ET: 55 v
BA MRS, BB A ROE IRIA T A TE B RRAE T
A [
2.4.2  ACDC ¥t

W2 Piw , AW AE ACDC $ 5 4 IF J 11 %
HLS2 G 7840 B AE T DPAR-Net FOALHME . HHA T4
L F 5 B 28 284 U-Net, A SCJ5 3275 44 Dice £
BAa b S 1. 19% PR REYY 5 5 A TR 1Y
Transformer 22 4 Swin-UNet, MISSFormer 1 DAE-
Former, -1 Dice R Z0 i — 2T} 1. 2% . 3. 8% Al
3.35%, FEAMEE T A SCO7 VA 42 JRy A 45 Ry v 4
T FRAE RS Ty T AL #E; 5 CNN-Transformer il 545
I HiFormer . ParaTransCNN F1 TransCASCADE #H [t ,
SR IE L. 19% 1. 2% F10. 34% Ry PERERS £ . K18
AT S SRR A T IR 7k AR SO A Bk
DX 3 43 ) v R B M SOTA GORS 52, mI RS A d 40 WL
WA MO S FEE A 15Uk 1 =X 2 24 88 B 45
A 1 65 A i
2.5 HEAZW
2.5.1 ZHHR

TF Transformer ZR 44 /v, W 255 2 506 4 J7y (5 &L 4
RBKEE, NEIIHERCR SR 0T, AHF
FE ¥4 Transformer 25 i Bt 119 )2 BUOBC & 0 ) % &M (2,
2,2].02,2,4].[2,4,4].[4,4,4], R3IFRMLE
453K, 2 Transformer 75 W Bt )2 50 AL & M [2,2,2 ]
Af AR R e A o WIPEBE . X S S e 4 SR L[]
BSE T Transformer 73 2 8 B B Z 8005 B 1A HvE

IRAARIT F 18 WS BEAIL ] v AN [ A% R 1Y
PMEZLN , A SCHE Synapse 2 #% B PR 4E I T X
Pesisy . ank 4 5 R R RO BER Y i
BHETHEREEE SRR R E1,3,5,7,
9 JIf, A5 AU UG e Ao VE REHE B < °F- 1 Dice R EX4E T
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1 7£Synapse #iE&E PRI ERILE
Table 1 Comparative experimental results on the Synapse dataset
-3 DSC 1 /%
Jrik H ARy - :
DSCT/% HD9S|  Eshibk M AW AW IR BIR OMAE N

U-Net MICCAI/2015 76.85 39.70 89.07 69.72 77.77 68.60 9343 5398 86.67 75.58
Att-UNet MIDL/2018 77.77 36.02 89.55 6888 77.98 71.11 93.57 58.04 87.30 75.75
TransUNet CVPR/2021 77.48 31.69 87.23  63.13 81.87 77.02 94.08 55.86 85.08 75.62
Swin-UNet ECCV/2022 79.13 21.55 8547  66.53 83.28 79.61 9429 56.58 90.66 76.60
TransDeepLab MICCAL/2022 80.16 21.25 86.04 69.16 84.08 79.88 93.53 61.19 89.00 78.40
HiFormer WACV/2023 80.39 14.70 86.21  65.69 85.23 79.77 94.61 59.53 90.99 81.08
AFTer-UNet WACV/2022 81.02 - 90.91 64.81 8790 8530 9220 63.54 90.99 7248
MISSFormer TM1/2023 81.96 18.20 86.99 68.65 8521 82.00 9441 65.67 9192 80.81
TransCeption arXiv/2023 82.24 20.89 87.60 71.82 86.23 80.29 95.01 6527 91.68 80.02
DAE-Former PRIME/2023 82.43 17.46 88.96 7230 86.08 80.88 9498 65.12 91.94 79.19
TransCASCADE WACV/2023 82.68 17.34 86.63 68.48 87.66 84.56 9443 6533 90.79 83.52
MSAANet ICME/2023 82.85 18.54 89.40 73.20 84.31 78.53 95.10 68.85 91.60 81.78
PAG-TransYnet arXiv/2024 83.43 15.82 89.67 68.74 86.74 84.88 95.87 68.75 92.01 80.66
MAXFormer KBS/2023 83.67 15.89 87.73  73.53 87.93 84.68 95.00 66.55 9247 81.44
ParaTransCNN arXiv/2024 83.86 15.86 88.12  68.97 87.99 83.84 95.01 69.79 92.71 84.43
AHGNN MICCAI1/2024 84.03 13.26 - - - - - - - -

MixFormer TIM/2025 82.64 12.67 87.36 7153 86.22 83.19 95.23 66.82 89.98 80.77
DPAR-Net J1G/2026 84.57 12.23 89.04 7291 88.68 84.45 9499 69.13 9235 85.01

T IHL R RIZ PR IR B IR AL R E R 1 "R M ms | 7 R BRI - R [ BBk

2 84.57%, HD9S M B I & P& AL & 12.23, 5| A
11 x 11 KR, MBERERS A, P34 Dice R EUFEAIK
% 84. 38% , MAIE T b FEY 5K Bz B 5 | & i St Ak
N T LR, AR & mfie[1,3,5,7,9]1)
RSB G R w Lie E % -
2.5.2 SEHiHED

ST B A R , 7E Synapse BidiE 4
AT RGEAEVEAS, SEE A RN 5 A 6 IR

1) WU B i B B E o F 5 | AR A3 4 ) 54 s
Ja ARG DSC FT HDO5 AH %% T 5. Swin Transformer
O3 S HRTE 12.22% (DA 71. 43% 2 7 3 83. 65%) Fil
15. 06( ] 27. 69 FAKF] 12. 63) 5 HH#L T B4 ResNet 43
3, DSC A1 HD9S 43 5142 T+ 3. 30% ( M\ 80. 35% #2 /&
#1] 83. 65%) Al 4. 10( M\ 16. 73 FEAKH 12.63) . XLk
SR, UUSAR 4 i 3% W 1 405 A 2003 iR A 8 114 Ry
fEFIRAE ) FE T IR

2) MM I o 78 51 A S E A Gl A
J&i , DSC 550U 12 3R i 4 T 0. 92% (M 83. 65% 4 1=

#]84.57%) , 1l HD95 W /ME#& F+ 0. 40 (A 12. 63 [
K31 12.23) . LR, A OCHE ARG REAE 78 77 1
G AR5 R B AU A T O 2% R R
SER I B E SR T I BN () Rk RE

3)ZEWALA R . WLk Z R KA A
4, BB 1 SF- 2 DSC A HD95 AH %% T DPAR-Net 43 1)
TRE1.03%F10. 9, X —E5REIE T 22 KAA 75
Z RO AR Bl A 7 T A 30 | 2= B L RE A 30U
YT 5% A [l R, DT B THAE AL 114 43 BIRG J3E

4) BB N EAZ B IIE . B bR H 15 RSz B AL
WA R 2 3 x 34 UG AR SF- 35 DSC FTHD9S
A% T DPAR-Net 73 ) R R 1. 44% F12. 14, 3% —7%
FEFE A B UE T A 35 A Bz P AL A 4 e L RE
55 0E N 2 G PR R 2 URB8 B G S s
RS 4 i A PR X 7 S5 235 40 1 et | DA T 4 T 43
KEEE -

SNEEBENRAE. BRI EE 8N
1 550 W B R 3% 2 FIAR B AR S5, B8 1) SF- 34 DSC A
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Fig. 7 Synapse visualization results

K2 EACDCHIRE FMEZWERILE 3 F DPAR-Net FF#0. 63%, HD95 U F % 0. 53, iX
Table 2 Comparative experimental results on the FEH TR SR AT A R A A SR 4
ACDE dataset Lo AR SR A B 6L
5 — @%ﬁ %ﬁ?ﬁcﬁﬁﬁﬁt%ﬁ%ﬁ%%
Jrk DSC1 FnE ol BnE L RFEERAESS IR AT DSC AH#L T DPAR-Net
U-Net 9034 8943 8589  95.71 T 0.25%. HD9S W/ #251 0. 06, R BB E
Swin-UNet 0033 §9.87 8598  95.14 SRAERIHL AT AT 25k A LR X 0 A T 8
MISSFormer 87.73 8743  81.82  93.89 [
DAE-Former 88.18  87.87 8246 9421 2.6 ERESH
HiFormer 90.34 8923 8736  94.43 R AL A5 B PR AR IF 9 NSk A
ParaTransCNN 90.33  89.44 8584 9571 5 4R B K oy RS BE 3 5 TR e XS LU S g Gk 7 i
TransCASCADE 91.19 8941 8748  96.67 7N, 55 CNN 2244 U-Net 9 250 577 58050 5N
DPAR-Net 91.53  89.67 8826  96.66 31,04 MAI41. 93 G, {HI DSC 457 537 LR Biks i

L AR R A S e e 2R o E % )5 46 Transformer £ % (Swin-UNet . MISS-
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Fig. 8 ACDC visualization results

#3 7ESynapse ##E£ F Swin Transformer X EH A BEMTRER

Table 3 Ablation study results of Swin Transformer branch layer configuration on the Synapse dataset

) Sy DSC 1 /%
JRBCE ot o, HD95 | ———
SLTi% bk IR G fi'H JHFAE Jike ik T H
[4.4.4] 83.64 15.18 88.61 73.52 86.35 81.57 94.86 67.34 9225 84.66
[2.4.4] 83.18 14.23 89.28 67.18 87.85 83.77 95.34 69.10 89.68 83.24
[2.2.4] 83.70 .21 88.56 70.06 88.52 83.81 95.17 67.99 91.46 84.07
[2.2.2] 84.57 12.23 89.04 7291 88.68 84.45 94.99 69.13 92.35 85.01

T IRL TR R A N A 2R 1 7R B e, | Fm BB

F4 7TESynapseHIEE FEENRZTHENZEEHMINER

Table 4 Ablation study results of adaptive receptive field convolution kernel configuration on the Synapse dataset

) Sy DSC T /%
RERE o HD95 | —— : A
SCT/% Fahk gk vy i EE PR MU i
[1,3,5] 82.72 17.17 88.37 67.46 86.87 81.63 95.57 67.48 88.78 85.57
[1,3,5,7] 83.03 13.76 89.29 66.94 87.55 83.85 95.30 68.39 89.03 83.97
[1,3,5,7,9] 84.57 12.23 89.07 7291 88.68 84.45 94.99 69.13 92.35 85.01
[1,3,5,7,9,11] 84.38 13.99 89.27 70.45 87.96 84.65 95.77 69.65 91.70 85.62

T IHL TR R A N e 2R 1 R M e, | FR B R
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Table 5 Ablation study results of dual-path encoding on Synapse dataset

‘ e
I DSC T /% HD95 |
Swin ResNet AR NAR
Baseline N - - 71.43 27.69
ResNet - N - 80.35 16.73
Baseline+ResNet N N - 83.65 12.63
DPAR-Net N N N 84.57 12.23
T LR R A IS e o N R = S e R 8 FH % o
%6 7ESynapse HIIBESEPEAGSHAMIIEER
Table 6 Ablation experiment results of different module combinations on the Synapse dataset
DSC T /%
Jik PHIDSCT/% HD9S | ———
Fahk  HZE 5 HE JHF I Je A I =
w/o MLF 83.54 13.13 89.07 68.33 87.91 83.38 95.08 69.34 90.38 84.88
w/o ARF 83.13 14.37 88.74 70.16 86.15 81.29 94.99 69.03 91.35 83.34
w/o GA 83.94 12.76 88.86 67.04 88.74 85.05 95.35 69.51 91.44 85.58
w/o CU 84.32 12.17 89.23 71.27 88.24 84.15 95.17 70.16 91.26 85.12
DPAR-Net 84.57 12.23 89.04 72.91 88.68 84.45 94.99 69.13 92.35 85.01

T I PSRRI R A 2R . T " FR B B, | ORI o wio RN RERIZAIE

Former ,DAE-Former) 7E 2 $U i (21. 75 M, 35. 45 M,
29.69 M) 57 25 %0(5.93 G.7.28 G.26. 16 G) Jy Ifii
FEXS A I AH A2 BR T Ry s e g, S o Rk e A
P& I+ 25 ] 5 fil & CNN 5 Transformer /19 15 & 5 !
(TransUNet, HiFormer. ParaTransCNN. TransCAS-
CADE (Rahman F11 Marculescu,2023) .PAG-TransYnet
(Bougourzi 45 2024) MAXFormer(Liang 45 2023)
Mixformer(Liu % ,2025) ) i35 67 #8573 548 2
93.23 M.34.14 M. 42.70 M. 115.01 M. 116.77 M,
84. 48 MA1123. 35 MR L) Je24. 73 G 17. 81 G,
50.39 G.26.14 G.33.72 G.43.90 G 5 108.32 G 11
T RVE W2 T Hls RS HIPE . il 9 iR, DPAR-
Net LA 35.73 M 2404 f123. 93 G 72 B IE 3T
BIFRY, SEHH 84. 57% DSCAH 5 12. 23 HD9S {H 1 XL
TS0 Yo UE T A HE 4 K 5 8 4 T B
(U

3 &

ABFTEET X B2 R 238 2R 5 R R R B
(] S ASEAN 2 BRI O PR A, 2 ) — i 30 i 4% J3E o 22

RT ARFENSHES S BRI L SR
Table 7 Comparative analysis table of parameters and

segmentation performance of different methods

Tk SR VE S UG SEXIDSC T /% HD9S |

U-Net 31.04 41.93 76.85 39.70
Swin-UNet 21.75 5.93 79.13 21.55
TransUNet 93.23 24.73 77.48 31.69
MISSFormer 35.45 7.28 81.96 18.20
DAE-Former 29.69 26.16 82.43 17.46
HiFormer 34.14 17.81 80.39 14.70
PAG-TransYnet 116.77 33.72 83.43 15.82
TransCASCADE  115.01 26.14 82.68 17.34
MAXFormer 84.48 43.90 83.67 15.89
ParaTransCNN 42.70 50.39 83.86 15.86
Mixformer 12335  108.32 82.64 12.67
DPAR-Net 35.73 23.93 84.57 12.23

£ DPAR-Net, 12 HE S8 G5 M i A 3 XU A% 2 5
R 8 I R O R R S 4 s R
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Fig. 9 Model performance comparison
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