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Abstract: Objective Brain tumors, particularly gliomas, are among the most aggressive and heterogeneous malignancies

in the central nervous system, with high morbidity and mortality. In clinical practice, precise and reliable segmentation of

W #m B #8:2026-05-27; f€ = B #:2026-08-19

EETE : H K A RRERE LI H (00 H 45 :62441610) ; PSR TLHCA 18] 30 H (37 H 475 : 2025MSXMO16)

Supported by : National Natural Science Foundation of China (No. 62441610) and the Chongqing Science and Health Joint Medical Research Proj-
ect (No. 2025MSXMO016).

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

brain tumor sub-regions using multimodal magnetic resonance imaging (MRI) including native T1-weighted (T1), post-
contrast T1-weighted (Tlce) , T2-weighted (T2), and fluid-attenuated inversion recovery (FLAIR) is a fundamental pre-
requisite for initial diagnosis, surgical planning, targeted radiotherapy, and postoperative survival prediction. However,
manual delineation by radiologists is exceptionally time-consuming, highly subjective, and prone to intra- and inter-
observer variability. While deep learning-based automated segmentation methods have made substantial progress, existing
architectures frequently encounter bottlenecks. Conventional convolutional neural networks (CNNs) are constrained by
their localized receptive fields, limiting their ability to model long-range semantic dependencies. Conversely, vision Trans-
formers (ViTs) excel in capturing global contexts but suffer from patch-partitioning mechanisms that inherently disrupt
pixel-level continuity, leading to the loss of high-frequency geometric details. Moreover, owing to the strong morphological
heterogeneity of gliomas, and to the difficulty of boundary modeling and the insufficient fusion of spatial information with
deep semantic features in existing networks, segmentation is prone to localization deviations, semantic confusion, and topo-
logical fractures in low-contrast regions. Method To systematically address these critical bottlenecks, this study proposes
boundary prior enhanced network (BPE-Net) , which integrates explicit boundary priors and spatial-channel decoupled
attention to couple explicit geometric perception with feature enhancement. The proposed BPE-Net is built upon an end-to-
end 2D encoder-decoder architecture, comprehensively optimized to balance high-level semantic representation and low-
level topological reconstruction. To explicitly capture high-frequency morphological details, we design an auxiliary-
supervised boundary predictor module (BPM). Unlike traditional edge-detection operators that are vulnerable to medical
imaging noise, the BPM adaptively aggregates multi-scale hierarchical features (from the first three down-sampling stages
of the encoder). It projects these features into a unified resolution via bilinear interpolation and utilizes category-aware pre-
diction heads to generate independent, three-channel spatial boundary probability maps for the whole tumor (WT) , tumor
core (TC), and the enhancing tumor (ET). The BPM is supervised using category-specific, two-pixel-wide contour labels
generated from the corresponding ground-truth masks. Specifically, the contour of each binary mask is extracted and ren-
dered with a width of two pixels, providing explicit spatial supervision for category-aware boundary learning. Subse-
quently, to effectively integrate this geometric prior into the deep semantic space without introducing early-stage structural
noise, we strategically deploy the edge feature enhancement module (EFM) exclusively at the high-resolution decoding
stages (up3 and up4). The EFM introduces a sophisticated spatial-channel decoupled attention mechanism. The spatial
attention branch operates entirely on the boundary priors generated by the BPM to highlight high-frequency edge regions,
while the channel attention branch dynamically recalibrates feature importance based on the decoder’s intermediate repre-
sentations using global average pooling and multi-layer perceptrons. The decoupled attention maps are then fused through
element-wise multiplication and smoothly injected into the main network backbone via a residual connection parameterized
by a learnable scaling factor. Furthermore, to rectify the inherent volumetric bias of standard regional losses (such as the
traditional Dice loss) , which disproportionately favor large target areas (WT) while neglecting small, complex regions
(ET) , we introduce a boundary weighted Dice loss (BWD). The BWD incorporates a pixel-level spatial weight matrix
derived from ground-truth boundaries. By assigning the highest penalty coefficients to the most ambiguous and microscopic
edge pixels (especially for the ET region) , the BWD guides the network to focus more gradient updates on hard-to-classify
transitional zones, thereby improving local discriminative capability. Result Extensive and rigorous evaluations were con-
ducted on two internationally recognized public benchmark datasets: BraTS 2019 (brain tumor segmentation 2019) and
BraTS 2020, comprising diverse multi-institutional, multi-scanner MRI scans. The quantitative evaluation metrics
included the Dice similarity coefficient (Dice) for regional overlap and the 95% Hausdorff distance (HD95) for boundary
spatial distance. The proposed BPE-Net was compared with seven mainstream segmentation networks under identical data
splits and training settings. ‘On BraTS 2019, BPE-Net achieved an average Dice of 93. 69% and an average HD95 of
1. 96mm, exceeding the best-performing comparative method Swin-Unet (86.26%, 3. 19mm) by 7. 43 percentage points
in average Dice and reducing the average HD95 by 1. 23mm, with Dice gains of 8. 12 and 9. 91 percentage points for TC
and ET, respectively. On BraTS 2020, BPE-Net achieved an average Dice of 92. 51% and an average HD95 of 2. 33mm),
exceeding Swin-Unet (83.91%, 3. 76mm) by 8. 60 percentage points in average Dice and reducing the average HD95 by

1.43mm; in the ET region, its Dice reached 88.55%, 10. 43 percentage points higher than the best comparative result.
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Qualitative visualizations further corroborated these findings, demonstrating that BPE-Net produces refined and topologi-
cally coherent segmentation masks that align well with expert annotations, reducing the over-segmentation and topological
fractures frequently observed in baseline models. Comprehensive ablation studies verified the individual and synergistic
contributions of the proposed components. The integration of the EFM alone improved the baseline average Dice from
86.31% to 93. 57%, while the further addition of the BPM pushed the performance to 93. 69%. Ablation on feature injec-
tion levels confirmed that the up3 and up4 combined strategy provides the optimal equilibrium between preserving deep
semantics and recovering shallow structural fidelity. Conclusion In summary, this study proposes an explicit boundary-
guided network, BPE-Net, which helps mitigate the edge confusion issue in multimodal brain tumor segmentation. By inno-
vating the auxiliary supervised extraction of category-aware boundary priors and executing precise feature injection via
spatial-channel decoupled attention, the model achieves competitive and robust performance, particularly in delineating
highly irregular and invasive tumor sub-regions. This proposed framework mitigates the volumetric bias inherent in conven-
tional algorithms, providing an effective method for medical image segmentation and complex topology reconstruction.
While the current architecture demonstrates superior accuracy, its computational complexity and reliance on complete four-
modality MRI inputs represent certain limitations. Future research will focus on developing lightweight deployment
schemes, exploring adaptive feature imputation techniques for missing-modality clinical scenarios, and validating the
model’s generalization capabilities across broader multi-center cohorts and other complex organ segmentation tasks. The
source code of this paper is available at : https : //www. scidb. e¢n/s/eeiMBv.

Key words: Brain tumor segmentation; multimodal magnetic resonance imaging; boundary prior; auxiliary supervised
learning; decoupled attention
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Fig. 1 Multimodal MRI examples for brain tumor segmentation. (a) Ground truth, with green; yellow, and red indicating peritu-

moral edema (ED), enhancing tumor (ET), and necrotic/non-enhancing tumor core (NCR/NET), respectively. (b) T1-weighted

image; (c¢) contrast-enhanced T1-weighted image (Tlce); (d) T2-weighted image; and (e) fluid-attenuated inversion recovery image

(FLAIR). For evaluation, the whole tumor (WT) is the union of all three sub-regions, the tumor core (TC) comprises ET and NCR/

NET, while the enhancing tumor (ET) corresponds solely to the yellow region
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Fig. 3 Architecture of the auxiliary supervised boundary predictor module
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2.1 HIR&E5TEIER

AT FEAE N FEELHE B BraTS 2019 5 BraTS 2020
AT T AT VAL 4 335 F1 369 S AL
MRI %% 1 ( £ 4% FLAIR, T1, Tlce, T2) (Bakas %5 ,
2017), BRI T = MER BARX . WT,
TC X ET. WA B8 42 35 LA Ol B /NI 43 BT
JEF 70%030% ) 43 YN 25 A S I A B, PRI B
FEE A A3 SR B A R G A 5 P U] 43 284 A ran-
dom_state=42 , ik [Fl— B & A ASBEES .
REHLA T 2021

SHVGHC 2D PN 45 B, ASHIF ST B 5 Mg f61) 5 431
Ve U] - 48—107, I FRBULSE S 128x128 13 K
FR % 1] ED R [R) S AR ] Z-score B R AR TS 9B 25 1) 1)
SR EE2E S o O DRIEY Ry B A R AR SO B
b DI /N AR AS AR B [ s 2 LA 2 1 )
R RS R S MR T 1% WT R BRI T 805
#r TCAAAE , AR ZHOR T 35,47 ET 745, AR &R
BUIKT 20, BraTS 2019 3% 8t 335 4], 328 f51] 2= /1>
A5 15K AR Y) A 5 e B 9 B AL 23 F0 4% 229
I 25 49 ) 56 EF1 SO B R 5, R A U E
B G Vg 2, Tk RS 3627 5K b
T FAPEY) R (23.25%) o ik 5 TC/WT #1 ET/WT AH
XF Fe A8l b T, W S AN A T G2 i L (B Nkt
PIR (AR AR B AG . IZRRAE T WT  TC FIET
(R A R B A 1.6 18, LABE— A 3 & TC Al
ET Y] A (IR FERER . BraTS 2020 3t % Bl 369 f] &
H LR BIHRBENLR S5, I RS R AR AN 4R 4
S 253 54 FN S5 M, S BE LH S,

PEREEAl R Dice M IR EL S 95% S0 £ K
AR A DI R bR

F1 BraTS 2019 FFERIEHIRANF 5

Table 1 Class—wise slice distribution before and after fil-
tering on BraTsS 2019

B WT/TC/ETH %k

3 32 15603 / 11531 /9861
i 18 S 11976 /10227 / 8838

&2 BraTS 20197%BIR B H K5 5 R fFiksit
Table 2 Patient-level holdout split and slice filtering sta-

tistics on BraTsS 2019
E£45 B PR R (i HiT /)
YLk 229 10827 /8267
UL 49 2334 /1750
HprivcS 50 2442 / 1959
At 328 15603 /11976

2.2 EHEHAT

A 5256 378 81 NVIDIA RTX 4090 GPU |-
SEH, HEF PyTorch HE 2R 31k HI A iR A K (auto-
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T o FERLT N L5 B0 ToAk 38 B, R Fh Fh e
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IR B HURRE G B SR 3x3 14— 25#
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PR AR 2 A1 0. 42, IFLR9F 2 5 251 epoch; L5 7E
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L AT VR S 22 B T2 I 1 2 R I I 2%
HEAT TR B 4038 3 T 7, 7 BraTS 2019 245
£ b AR EEAE WT TCAT ET [X s 44 2 21 1 18 3% 1Y
PEBEILEY, T34 Dice RELAEI T 93. 69%, F-3 HD9S
FEAIC 2 1. 96mm, A b X Eb AL 78 v 3¢ B i 4 1Y)
Swin-Unet (£33 Dice 2 86. 26%, HD95 >4 3. 19mm)
A B2 Dice 271 7. 43 41 43 45, SF 1 HDOS

FAARR 1. 23mm (HH X R 38. 6% ) 5 20 Xk &, WT,
TC FIET 1Y Dice 23 54 &5 4.25 8. 12 F19. 91 A 43
A5, HD95 43 ] A 1. 91mm ., 0. 83mm F1 0. 97mm.,
WLER ] 5 11 4 Jeg AT WAL 25 SR AT L & B, 7 SR 7 0L
FOJRE b, AR T AR B A3 R 5 T R At 3 3
26 R O v S ) DR L SRR AR R B I G
FTARZE

*£3 7TEBraTS 2019 B &E XS4 EERIE S L8R

Table 3 Quantitative comparison of segmentation performance on the BraTS 2019 dataset

wWT TC ET Average

et b 00 by NP0 b i 10
Swin—Unet(Cao %, 2023) 90.79 3.83 87.04 2.79 80.95 2.95 86.26 3.19
DA-TransUnet(Sun %5, 2024) 90.53 4.37 85.71 4.00 80.71 4.79 85.65 4.39
S2Net(Gui 4 ,2025) 86.87 6.40 84.50 4.83 77.85 6.35 83.07 5.86
AS-WEC(Xiao %5 ,2025) 90.65 4.73 85.65 4.20 80.26 4.25 85.52 4.39
AMIN-CNN(Depuru 4§, 2025) 90.04 4.39 84.00 4.70 79.34 5.06 84.46 4.72
CFATrans(Goceri 4§ ,2026) 89.56 4.85 82.95 4.19 78.81 3.37 83.77 4.13
Trans—MT(Liao 5§ , 2026) 89.94 4.62 83.41 3.96 78.83 3.80 84.06 4.13

AR3C 95.04 1.92 95.16 1.96 90.86 1.98 93.69 1.96

E LTRSS % 5 e LA 2R

)

(a)lnput Image  (b) Swin-Unet (c)DA-TransUNet  (d)S2Net (e) AS-WEC  ()AMIN-CNN  (g) CFATrans (h)Trans-MT (1) Ours (j)Ground Truth

K5 15 BraTS 2019 £di 4 b AR 7 12 i e 70 B0 45 SR A0 PR FE B O B2 R S 4 MR B1) < (a) B AR 5 (b) Swin-
Unet; (¢) DA-TransUNet; (d) S2Net; (e) AS-WEC; (f) AMIN-CNN; (g) CFATrans; (h) Trans-MT; (i) 430751 (j) BELSLhR%
Fig. 5 Qualitative comparison of brain tumor segmentation results among different methods on the BraTS 2019 dataset (four represen-
tative cases from top to bottom ). (a) Input image; (b) Swin-Unet; (¢) DA-TransUNet; (d) S2Net; (e) AS-WEC; (f) AMIN-CNN;
(g) CFATrans; (h) Trans-MT; (i) Ours; (j) Ground truth
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Shy B R 2 UR b R BT AR TR AR B2 2 gt 45 4 S5 )
L B 2ok 9 oAb 1) A B T R T AR SCHE IR 6 TR
W& 1 31 Pk %5 T Swin-Unet 5 AS-WEC P /> fir L0 %
P 1 190 45 EA T SO0 FMXT EE o Swin-Unet 1 Sk 28 1L
4fi Transformer 4214 A 1C3R , BUAR L& s 205 |
NCHEBLRE ), L E A B B R 43 (patch parti-
tioning) ML KARBEIR T A5 = 1 2etk , & 5
T AR TLART 405 £ 22 2% 5 T AS-WEC /R M i 1 34T 34
G BTR A 6 o B % G B SN B - R 4
B b 2k , A 1 XX B BE | 75 M )i MR L[]
R R IR A a5 . a5 3 2 B R AT o]
HEAT JR RO b, Rl 6% A EDUA k136 B 8 550 A5 |
SR AR

- - - - s

(a)Input Image  (b) Swin-Unet (C)AS-WEC (d) Ours (e) Ground Truth

Bl6 7 BraTsS 2019 Hefadl b Jmiftils 54175 53 HIXT . (a)
A EIE ; (b) Swin-Unet; (¢) AS-WEC; (d) A3CT7 5 (e) B
JohRSE . LA 2 44T N SE R I AR A RIAE R 5 1 34700
BIAER 2 ALT P AR EHERR T DX I [R] 28 HOR 1&

Fig. 6 Comparison of local boundary detail segmentation on the
BraTS 2019 dataset. (a) Input image; (b) Swin-Unet; (c) AS-
WEC; (d) Ours; (e) Ground truth. The 2nd and 4th rows show
the complete global segmentation results, while the 1st and 3rd
rows are the synchronized zoomed-in views of the regions

marked by green boxes in the 2nd and 4th rows, respectively

Pl 6 7 T 9 A~ B AL 61 1) SO0 A $h 254 55 30
SR AN o DR SR 6 R AT L U b X £
B, Y TH T AN AU L 52 v P A K 1 e 3
Zxi, Swin-Unet 2K T K2 19 1 2k JLTHREAE
FE A /N DX 37 A 7 1 30 5 BRI 52 A sk ) B
% AS-WEC /R 2 KB Wih ot B g

TXIPUME A BE A2 L 51 & B AR 2k 1, AS v] skt
o b BT R B SR A AR . M
T, A% 25 T BPM $E U S0 R 23 [R] LA SE 56, e
A EFM (1) %5 8] -3 38 7 #  2 AL A SCHRE HE 1
BPE-Net i 50 & fift T J Bl IR E . IS — . =AT
(1) £ € R PG rh n] T B M 7, AR vk B e
T B SN G IMERE i RSt S B IR
TR o X MR S i S A B | LR 7R R R
FHOULIP b 2 4 v A 35

76 B8 ELPk AR 19 BraTS 2020 54 4E |, W3 4,
AR BRI IR AR RE B B, JLF- 34 Dice R LM
SEHIHDS 43518 92. 51% A12. 33mm., {7 E )
S TEIE A ol B 2R 1 ET X 8, A< 77 2 19 Dice
88. 55%, 4 Xt Eb 7 vk v iz X WK JE B Y Swin-
Unet (78.12%) 4% & 10.43 4> T 43 &, % DA-
TransUnet (76. 30% ) Fl AS-WEC (76. 27%) 43 51 32 =
12. 25 F112. 28 A 4 Mo DL, A T7 1L 1972 Dice
B HE 5 B Swin-Unet(83. 91% ) 42 /5 8,604~ 11
A3 05 SEYHDYS 3. 76mm R A 2. 33mm.

ZEG T BT s 9 m] DAOULEE B | 785 kB 2
e BEARFRI (G BT AL G T AR A ME LA AR5 40 F b
S5RGBT BPE-Net 58 (i H 23 8] -8 1 i k5T
ML, IR A T 3 IR [, SEEE T G 2k
B KIS e S E A, RS S e kT
A 118 AU 485 SR — BOUE I, 38 0o 51 A S B W i A
55 5 2CAFAE 3 ML), BPE-Net A 8 va Ik T 1448
CNN F1 Transformer 28 ¥4 755 %F Hb B 52 38 X 48 74 3%
PURS, 7652 4 b 983 43 A 55 h BAT Bt i R 90
AR SC BRSO | HIS TR R S B A ERL AR
AN PSSR 7 vk 05 B v AT S5 SR S
FER o TESEOMAE |, BPE-Net {42 & 17. 629M 4~
X a DO A ihel L VA [ [ A=
S2Net; 5 Swin-Unet Fll DA-TransUNet #H [t , 28 & 43
L 57. 40% F183. 65% , #¢HH BPM 5 EFM (5] A
JERA R RSN . 5 IR B, BPE-Net 75
BraTS2019 _F 145 93. 69% (11 F- Dice , 50K i e 55
A9 X b7 5 Swin-Unet $2 7+ 7. 43 /> F 43 550, Ul B BT
Bl 101 AR e LIS SR 5 BT R Y
Ay E\PEBERE 25 . € BT B 5 T, BPE-Net 4
35.282 GFLOPs, W& 5 T 25500 L 7 ik, ixX = 28 T
BPM X 2 fith % 22 N HEAE (14 % 55 45 55 EFM 16 5
O3 PR AR By B 1 2 [ -3 18 f R G 0 . T BLAE
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&4 BraTS 2020 #iE&E L3 0 EI 4 REHIEE LR

Table 4 Quantitative comparison of segmentation performance on the BraTS 2020 dataset

WT TC ET Average
et e 0N Beew ™ oy T ey
Swin—Unet(Cao %, 2023) 90.18 4.04 83.42 3.71 78.12 3.54 83.91 3.76
DA-TransUnet(Sun %, 2024) 90.19 4.08 80.71 7.64 76.30 6.93 82.40 6.22
S2Net(Gui %5 ,2025) 87.18 7.25 80.94 6.30 74.12 6.69 80.75 6.75
AS-WEC(Xiao % ,2025) 90.44 4.25 81.81 6.90 76.27 6.01 82.84 5.72
AMIN-CNN(Depuru % ,2025) 90.29 4.12 81.10 7.16 75.63 7.23 82.34 6.17
CFATrans(Goceri %, 2026) 89.37 4.79 79.71 6.26 76.24 5.37 81.78 5.47
Trans—MT(Liao 4§, 2026) 89.41 4.42 80.75 4.92 76.65 4.67 82.27 4.67
AL 94.08 2.37 94.91 2.08 88.55 2.55 92.51 2.33

TE RS S de LA R

) &, 17 A5 38 B IR B (floating point operations,
FLOPs ) {X Z1 i B 1832 5L 8%, A BB i BBt 79147
W AF VI ) SRR BEROR DR e s AR
T SR ER 8 s AT . PR, AR S DR G 3

Il PR 5B 28 75 2K B 4fE 2 T % (frames per second , FPS)
55 B U] R HE B AE (ms/slice ) VE A £l 58 350800 £
BHEIR

(a)lnput Image  (b)Swin-Unet (c)DA-TransUNet  (d) S2Net

(e)AS-WEC  (HAMIN-CNN  (g) CFATrans

(h) Trans-MT (i)Ours

(j)Ground Truth

P17 1E BraTS 2020 %0di 4 T ANIR] 7 12 i e Jed 2 B0 45 SR (0 5 1 HE B O B 2R S 4R B o (a) B ATEIR 5 (b) Swin-
Unet; (¢) DA-TransUNet; (d) S2Net; (e) AS-WEC; (f) AMIN-CNN; (g) CFATrans; (h) Trans-MT; (i) RTT1 (j) HAhREE
Fig. 7 Qualitative comparison of brain tumor segmentation results among different methods on the BraTS 2020 dataset (four represen-
lative cases from top to bottom). (a) Input image; (b) Swin-Unet; (¢) DA-TransUNet; (d) S2Net; (e) AS-WEC; (f) AMIN-CNN;;
(g) CFATrans; (h) Trans-MT; (i) Ours; (j) Ground truth

16 48— i 2R 55 R, BPE-Net iA %) 383. 59
0.18 FPS, 5k U1 J #E 3 I 8] {X 2 2. 607
0. 001ms, 5% B 4f J A8 R AE 4 I e 281 %8 — .
5 Swin-Unet Ml Fb , HAfEFRAF SR PETH 24 2. 73 4% R

I+

I+

slice I} ZE F#AIE 64. 03%; 5 DA-TransUNet AH H , % it
LT 3. 33 4% (I HEREAR 70. 02%. 7T WL, IS A R
1 FLOPs % 25 , BPM 5 EFM B4 43+ 8 0F R 4 4k
o S B A R B, AL HU AT BR DR 47 2 FP I 2 A it
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Table 5 Comparison of computational complexity and inference efficiency of different methods on the BraTS 2019 dataset

Methods Params (M) FLOPs (G) FPS I“f"“’“;lt;ne {m/ gf:jf/z)
Swin—Unet(Cao 2% ,2023) 41.386 5.689 140.54 + 20.69 7.248 +1.130 86.26
DA-TransUnet(Sun %, 2024) 107.850 16.603 115.04 £ 2.12 8.695 + 0.162 85.65
S2Net(Gui % ,2025) 9.506 16.259 170.78 + 17.83 5.909 + 0.645 83.07
AS-WEC(Xiao %,2025) 34.753 32.870 16.31 +0.83 61.436 + 3.263 85.52
AMIN-CNN(Depuru %, 2025) 20.010 2.444 146.44 + 251 6.830 £ 0.117 84.46
CFATrans(Goceri 55, 2026) 71.343 169.901 115.78 + 0.40 8.637 + 0.030 83.77
Trans—MT(Liao 5§, 2026) 17.996 2472 535.74  8.81 1.867  0.031 84.06
AL 17.629 35.282 383.59 +0.18 2.607 +0.001 93.69

T L SRR 5 8 B A2 2R

JL 4 Trans-MT L) 535. 74 + 8. 81 FPS 15 & &5
W%, {H H BraTS 2019 “F- 3 Dice {2 K 84. 06%, 4%
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G SR e L 5 3 FIKG RSOk R, BPE-Net 1
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()2 B8 RN 2 RO S BRAE R e BE S Y e
(14 53 A FE , AT LA T8 i) s Al B 0 B 3 S ik —
BT T .
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Table 6 Ablation study of the core modules
WwT TC ET Average
Configurations
Dice (%) HD95 (mm) Dice(%) HD95(mm) Dice (%) HD95(mm) Dice(%) HD95 (mm)
Baseline 90.93 4.31 86.56 4.40 81.44 5.02 86.31 4.58
Baseline+BPM 90.94 4.28 86.68 4.60 81.60 5.06 86.41 4.65
Baseline+EFM 94.41 2.17 95.57 2.03 90.73 2.00 93.57 2.07
Baseline+EFM+BPM 95.04 1.92 95.16 1.96 90.86 1.98 93.69 1.96

T L SRR 5 8 B A2 2R

R GERGAS A | Ak I 3, I S SR il i
PG BRERIIE BRI [ AE AAFE WT [ Dice
(94.97% %} 94.95%) Fl ET 4 HD95 (1. 82mm Xf
1. 85mm) LB&EAL, M 22894 BEFE WT/TC i HD95 . TC/

ET 11 Dice DA & S AR 3 Dice F1F-3 HD95 |34 5
oo LEARTE A pwn R HIE(E 0. 42 1) S 25 FEFE X
W B 5 SRR 2 (A HUAS T f f RAR FR BE

RT BRWEHRESH

Table 7 Sensitivity analysis of loss weights

WT TC ET Average
BPM B A BWD B Dice  HD95  Dice  HD95  Dice  HD95  Dice = HDO5
(%) (mm) (%) (mm) (%) (mm) (%) (mm)

A3 epoch H10—0.10 #0745, 04{H0.42  94.95 1.87 95.82 1.85 91.12 1.85 93.97 1.85
fili 3 epoch Hi 0—0.10 FE042  94.97 1.93 95.73 1.93 91.00 1.82 93.90 1.89
i3 epoch 1 0—0.10 314, 04{H0.20  93.91 2.07 95.98 1.71 91.22 1.96 93.70 1.91
T3 epoch H10—0.10  BhA,0E(H0.30  94.73 2.04 95.64 2.26 90.91 1.94 93.76 2.08
HI3 epoch H10—0.10 . sh&, IE{H0.50  94.94 2.03 95.88 1.81 90.64 2.17 93.82 2.00

T L SRR % 8 B A2 2R

2.4.3  EFMBEHCRFIET A JZ G0 Rl

FESRRS g N2 AR IR 45 H RN
[ 15 B TR Z R IE 2 (] 43 HEoR m H AL & K Uk
(R S e 5 R REAE 1 S B 4, {H i A2 [B) 440

TEEER . MRS Fn AT TR IEAR
SR VA A5 AR SCER G EFM ASEER AR A [7] i 4 22 %
A A SR HEA T TR AT R S 5

®8 EFM$HEENERHRSE
Table 8 Ablation study of EFM feature injection levels

WT TC ET Average
Injection Level
Dice (%) HD95 (mm) Dice (%) HD95 (mm) Dice (%) HD95(mm) Dice (%) HD95 (mm)
up4 91.72 4.07 90.42 3.11 87.96 4.29 90.03 3.82
up2 + up3 + up4 93.26 2.23 94.79 2.33 91.07 2.12 93.04 2.22
up2 90.72 4.22 86.71 4.18 81.47 5.04 86.30 448
up3 + upd (4 30) 94.18 2.17 95.28 2.03 90.73 2.00 93.40 2.06

T L SRR % 8 B A2 2R
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AETE AT, #5555 4 - 2 Dice f M 90. 03% , 75X} 11 %
e MUY ET X35 Dice (HANA 87. 96%. X &N
FEAR A 43 BT, AR 30 5L {5 B ™ &
JE 45 A0 BT A S A A e e 1 A S 5 Kk
TERIBHMSE o MR, AU IR )Z (up2, 73 PR I
1o ) FEAT LS A AR -2 Dice BRI 2 4 4 f5
i 86. 30% , HD95 B &b & 4. 48mm, A3 Fi
MG HARAS S A T, Je R 2 RRAE 18 R 284 7843 1)
TRIZE G g, Peish i s ] A SRl A 240, 2 580
I 2804 I T MRS 5 1E R A U U NBOETR A
JIeE i1 2% , 1T | R ™ E A o IR

BEAN AR SCIR IR T 42 )2 9 B R A B W (up2
+up3 +upd) o S HMERE CFY Dice 93. 04% ) 5 Ht

—IRZEAR KRIEHRT A8 FA SR A G .
SIA up2 JEAMUK AR A HE 25 , B 1M R R T AR B IS
MR T mEE XL, A BT, A
SCHEAHHNL T “up3 + upd” BUBR AT A RIS . fEARL
HEAZFAE R %R 7RO B R 2 TR R IE S
PSR 2 AN A A8 Z R A T B i, 734 Dice
4 93. 40% F-44 HDO5 4 2. 06mm , fi T U AE 2 — 2
2% (up2 . upd) 1A VL K 42 )2 9 95K (up2+up3+up4d)
M.
2.4.4 BPMEEHURMERLGZUH

BPM 455 3 (8% 0 AT 55 S A B mT 5 114 288 391 8 R
TR SE G T v R e i SRS I 1% R R A T
NFRAE A RS2 B RS . AN 9 7w , AR SO LA
500 Y 4 B A% R AE Al A ROBE IR AT AR S8 09 Rl
XF o

*9 BPMHEREERHRMER
Table 9 Ablation study of BPM feature fusion levels

wT TC ET Average
Feature Levels
Dice (%) HD95 (mm) Dice (%) HD95 (mm) Dice(%) HD95(mm) Dice (%) HD95 (mm)
x1 94.65 2.21 95.92 2.00 90.60 2.15 93.73 2.12
x1 +x2 95.06 2.04 95.26 2.25 90.95 2.02 93.76 2.11
x2 +x3 95.19 2.04 95.03 2.21 90.86 2.15 93.69 2.13
x1 +x2 +x3 (A& 30) 95.17 1.91 95.49 1.98 90.93 1.93 93.86 1.94

T VL P SRR 5 8 e A2 2R

SRZEEAE TR, SR FH B — 1Y 155 3 R AT
(x1) I, BEHIRAE T 93, 73% [19°F-34 Dice, 3% 8B fix
RIZFHIEH T ARG Z 2GR SR T
o SRR R 246 60 o7 1 855 R 0 A B 2% 5 R T JR%
SRR O AE  x1 B2 RS 0 R SO X Ay
bR ELSL I Y 5 K IE R I R K B SR AR
AT IS B 5 24 1Y ET X8 (90. 60% ) FETE— 5
PRSI . o35 T, S A IR ZRE ARG A
RIZFHIE (x2 + x3) I, TS BP9 BRI R
RFUH bR 0 B e, L AE WT X S T
95. 19% MY 57 2R B s (0 1 TR )2 F-1IE [ A A 25 i)
KRG B, HAE 20 S 40 A ET A1 TC th 4 3
B TR =), ¥ HD95 1IBfE % 2. 13mm,

Ry A 7 L5 A7 5 SOOI, A SC Y BPM SR
AR T BB = RERIER G R (x] +x2
+x3). WFI PR, FEARLFFF A R P x4 A

B 45 % 6 SF 2 Dice (93. 86%) 5 i fi% °F ¥ HD95
(1. 94mm) , £ F 5 RUPE (x1) S WURBE (x1+4x2 ., x2+
x3) 5. XKUY BPM N2 R R A LI 2
PE <38 3R x 1 HR AL Y v 0 B 2 N 5 X2 x3 4
b AR 22 W XS % HANREL A, BPM REfS 1 g 3E
iy DX 3R A % 1 &, A e EL % UL R 5 e PR L
YT ) LA S 56
2.5 BERAMTINWIESEEEST

31Tl BPE-Net % £8 25 3 7325 £k 1) S stk S I
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AT A S SRR R K E N 0. 5.

%10 BPE-Net7BraTS 2019 P EER AT XWBIELER
Table 10 Patient—level five—fold cross—validation results of BPE—Net on BraTS 2019

WT TC ET Average
Fold

Dice (%) HD95 (mm) Dice (%) HD95 (mm) Dice (%) HD95 (mm) Dice (%) HD95 (mm)
1 93.27 2.567 94.56 2.184 91.85 1.507 93.23 2.086
2 94.20 2.209 94.87 2.006 91.81 1.468 93.63 1.894
3 94.94 1.869 94.26 2.404 90.58 1.709 93.26 1.994
4 95.03 2425 93.58 2.216 89.93 1.735 92.85 2.125
5 94.86 2.219 92.44 2.638 88.43 2:273 91.91 2377
Mean+SD  94.46+0.74  2.258+0.264 93.94+0.97 2.290+0.241 90.52+1.43  1.738+0.321 92.97+0.66 2.095+0.181

H IR IR A5 e 45 R, SD MARE2E (standard deviation)

AT U Al 8 O ¥ Dice £ 3% ik 2 92.97%
+0. 66%, -1 HD95 4 2. 095 + 0. 181mm, 43 [X 4
it s, WT.TC F1 ET 19 Dice 43 51 & 94. 46%
+0. 74% . 93.94%=0. 97% 1 90. 52%=1. 43%, H:
o ET B bR 22 5T WT ANTC, 26 B 1 AU /N HE
A5 52 7% 1 348 i g DX kot £ 2 R 43 AR AL T A R
SRR, F T 28 G IE 45 S % B, BPE-Net £
BraTS 2019 A~ [A] f 35 4] 43 B (9~ F- ¥ PR Re AR e Fo 0
W BhHE /N, U6 BA 7 A ] — 5 4 9 LA BT i AR
et BB, AL 6 R 0 2 Bl 4R N B
BB oy, FE T35 SRR B 3 4 2 A8 b
)RR 5 177 X6 TN ] oty AN [R5 5 (L. ST
53T) DL AR AT iR, A e &
B ALAG 5 % & {5 2 B ST AR BA B b iE— 2537
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FEJEAMERIUE , I-45 & 158U T 7% R G078 Sl
HNZALRE ST, A SR 2 T AR R S 5 T 22—

3 & i

BEXF 2453 MR8 23 %1 b e i F o KT 285
S ST 5 | 7 A R ASORA LA R X R TR VA S
b PRAR A SCHR Y T — il G 203 A 5
MR 3 1 Z2 B2 IR i 98 73 1 2% (BPE-Net) o %
ZE AL 38 5 BPM A5 B DA 2 B 57 22 RS AR TP [ 325
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2% (up3 Fupd) LA g% 22 J5 6 U] S 56 19 A S i oy

AIE, AN TR Js i S Y0 %l B 24 o 5 AR i 34 5 R 1 )
5 HIRESE

7E BraTS 2019 5 BraTS 2020 JE MR )&
GEVPAL , DL SRS AT 58 R IE S SR W], BPE-
Net -5 Dice 4351135 2 93. 69% F192. 51%, *F-3
HD95 4351 4 1. 96mm H1 2. 33mm, H.7E A [\ B # %)
Sy FARFE RS . EMIER b AR SO NIZ T A A
HE— 04 R 123 (8] . —J7 T, Y RTEAS BB T ATF
FEWEER A () BRI 43, JE S e A IR AL 5
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TR AVPAL ;s 5 —J7 I, AR SCK i — P IR R AR R i
b RIS A 3 R A K = 4 R SCEAR ARy ] LA
PEF I AR B IR s b s M S B e

222 ik (References)

Bakas S, Akbari H, Sotiras A, Bilello M, Rozycki M, Kirby J S, etal.
2017. Advancing The Cancer Genome Atlas glioma MRI collections
with expert segmentation labels and radiomic features. Scientific
Data, 4: 170117 [DOI: 10.1038/sdata.2017.117 |

Cao H, Wang Y Y, Chen J, Jiang D S, Zhang X P, Tian Q, et al.
2023. Swin-Unet: Unet-like pure transformer for medical image
segmentation // European Conference on Computer Vision (ECCV
2022) Workshops. Cham: Springer: 205-218 [DOI: 10.1007/978-
3-031-25066-8_9 ]

Chen L C, Papandreou G, Kokkinos I, Murphy K, and Yuille A L.
2018. DeepLab: Semantic image segmentation with deep convolu-
tional nets, atrous convolution, and fully connected CRFs. IEEE

Transactions on Pattern Analysis and Machine Intelligence, 40

© h[E KR AR



HKLHS, XUBEMS, Z=ME, IME
e BN ER 5 HEES I8 SRS B W &

(4): 834-848 [ DOI: 10.1109/TPAMI.2017.2699184 |

Cicek O, Abdulkadir A, Lienkamp S S, Brox T, and Ronneberger O.
2016. 3D U-Net: Learning dense volumetric segmentation from
sparse annotation // International Conference on Medical Image
Computing and Computer-Assisted Intervention (MICCAI 2016).
Cham : Springer International Publishing: 424-432 [ DOI: 10.1007/
978-3-319-46723-8_49 |

Depuru S, and Kumar M S. 2025. AMIN-CNN: Enhancing Brain Tumor
Segmentation through Modality-Aware Normalization and Deep
Learning. Journal of Electronics, Electromedical Engineering, and
Medical Informatics, 7 (3) : 835-849 [DOI: 10.35882/jeeemi.
v7i3.934]

Ding Y, Zheng W, Geng J, Qiu L Y, and Qin Z G. 2023. Multi-level
parallel neural networks based multimodal human brain tumor
image segmentation framework. Journal of Image and Graphics, 28
(7): 2182-2194 CTH8, Mpfha, TKEL, BRI, Z23506 . 2023. &
TLJZPOTATINZ W25 1 RS 8g Pl 1503 BIRESE . o [
R A, 28(7): 2182-2194) [DOT: 10.11834/jig.211197]

Goceri E, and Winter Y D. 2026. CFATrans: Brain tumor segmentation
from MRIs using Consecutive Fusion-Attention transformer with
convolutional networks and a composite loss function. Biomedical
Signal Processing and Control, 112: 108370 [DOI: 10.1016/j.
bspe.2025.108370]

Gui CZ, An X W, Liu S, and Ming D. 2025. S2Net: Self-adaptive
weighted fusion and self-adaptive aligned network for multi-modal
MRI segmentation. Medical Physics, 52(6): 4175-4187 [ DOI: 10.
1002/mp.17742 ]

Jiang HT, Wang Q Z, Huang Y L, Zhang Y Q, and Hu K. 2023. Medi-
cal Image Segmentation Based on Multi-scale Edge Guidance. Com-
puter Science, S0(11A): 220900059-7 (ZE iR, LHE, &
R, TEAERE, WIEL. 2023, BT LS| S0 2 N E EFEAR S E
Fik TSEALERE, 50(11A) : 220900059-7) [DOT: 10.11896/
jsjkx.220900059 |

Liao Y H, Zheng Y, Jiao Y J, Tang N, Wang Y H, Hu Y, et al. 2026.
Trans-MT: a 3D semi-supervised glioma segmentation model inte-
grating transformer architecture and asymmetric data augmentation.
Displays, 93: 103365 [ DOI: 10.1016/j.displa.2026.103365 ]

LinJ W, LinJ T, Lu C, Chen H, Lin H, Zhao B C, et al. 2023. CKD-
TransBTS: Clinical Knowledge-Driven Hybrid Transformer with
Modality-Correlated Cross-Attention for Brain Tumor Segmentation.
IEEE Transactions on Medical Imaging, 42(8): 2451-2461 [DOI:
10.1109/TM1.2023.3250474 |

Louis D N, Perry A, Reifenberger G, von Deimling A, Figarella-
Branger D, Cavenee W K, et al. 2016. The 2016 World Health
Organization classification of tumors of the central nervous system:
a summary. Acta Neuropathologica, 131(6) : 803-820 [DOI: 10.
1007/s00401-016-1545-1]

Menze B H, Jakab A, Bauer S, Kalpathy-Cramer J, Farahani K, Kirby

J, et al. 2015. The multimodal brain tumor image segmentation

benchmark (BRATS). IEEE Transactions on Medical Imaging, 34
(10): 1993-2024 [ DOI: 10.1109/TM1.2014.2377694 |

Milletari F, Navab N, and Ahmadi S A. 2016. V-Net: Fully convolu-
tional neural networks for volumetric medical image segmentation //
International Conference on 3D Vision (3DV 2016). Stanford:
IEEE: 565-571 [DOI: 10.1109/3DV.2016.79]

Ronneberger O, Fischer P, and Brox T. 2015. U-Net: Convolutional net-
works for biomedical image segmentation // International Confer-
ence on Medical Image Computing and Computer-Assisted Interven-
tion (MICCAI 2015). Cham: Springer International Publishing:
234-241 [DOI: 10.1007/978-3-319-24574-4_28 |

Song J L, Lii X Q, and Gu Y. 2024. Brain tumor image segmentation
based on Semantic Flow Guided Sampling and Attention Mecha-
nism. Optics and Precision Engineering, 32(4) : 565-577 (‘K &
W, BB, A0 2024, 1 SRS SRS G R 1AL Y ik
i 8 PR 4% 43 1) e SR % TR, 32(4) ¢ 565-577) [DOI: 10.
37188/0PE.20243204.0565 |

Sun G Q, Pan Y Z, Kong W K, Xu Z C, Ma J H, Racharak T, et al.
2024. DA-TransUNet: integrating spatial and channel dual atten-
tion with transformer U-net for medical image segmentation. Fron-
tiers in Bioengineering and Biotechnology, 12: 1398237 [ DOI: 10.
3389/fhioe.2024.1398237 ]

Wu X S, Yang Q H, Tang C S, and Sun J D. 2023. Multimodal Brain
Tumor MR Image Segmentation Network Fused with Attention
Mechanism. Journal of Computer-Aided Design & Computer Graph-
ics, 35(9): 1429-1438 (/N Myariy, FEWIZE, FME T
2023. filve R I LE] B 2B R MR SRR E] L THE AL
HBh B S EE 2, 35(9): 1429-1438) [DOI: 10.3724/SP.
J.1089.2023.19694 ]

Xia J M, Tan L, and Liang Y. 2023. Application of LMD-UNET Net-
work in Multi-Modal MRI Images Segmentation of Brain Tumors.
Chinese Journal of Biomedical Engineering, 42(4): 431-441 (&
W], R¥S, B 2023, LMD-UNet ¥ 45 72 [ 8 22 245 MRI
PRI R . o A B 2 TR AR, 42(4) : 431-441)
[DOI: 10.3969/j.issn.0258-8021.2023.04.006 |

Xiao L'Y, Zhou B X, and Fan C D. 2025. Automatic brain MRI tumors
segmentation based on deep fusion of weak edge and context fea-
tures. Artificial Intelligence Review, 58(5): 154 [DOI: 10.1007/
510462-025-11151-8

Xing J and Zhang J. 2025. Segmentation of Brain Tumors Using a Multi-
Modal Segment Anything Model (MSAM) with Missing Modality
Adaptation. Bioengineering, 12(8) : 871 [DOI: 10.3390/bioengi-
neering12080871 |

Xing Z H, Yu L. Q, Wan L, Han T, and Zhu L. 2022. NestedFormer:
Nested Modality-Aware Transformer for Brain Tumor Segmentation
/I International Conference on Medical Image Computing and
Computer-Assisted Intervention (MICCAI 2022). Singapore:
Springer: 140-150 [DOI: 10.1007/978-3-031-16443-9_14]

Zeng Y. 2025. AEEM-Net: adaptive edge enhancement network for

17

© [ KR K AR



18

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

robust medical image segmentation // Fourth International Confer-
ence on Electronics Technology and Artificial Intelligence (ETAI
2025). SPIE, 13692: 136928D [DOI: 10.1117/12.3068593 |

Zhang Y H, Bai Z Y, You Y L, and Li Z K. 2024. Adaptive modal
fusion dual encoder MRI brain tumor segmentation network. Journal
of Image and Graphics, 29(3): 768-781 (5K2583% , F1E5E, JUik
W, ZEPERY . 2024, F I NSRRI XU 2R L A% MR 7341
2 b E B R EE2E R, 29(3) 2 768-781) [DOT: 10.11834/jig.
230275]

Zhou Z, Siddiquee M M R, Tajbakhsh N, and Liang J. 2020. UNet++:
Redesigning skip connections to exploit multiscale features in
image segmentation. IEEE Transactions on Medical Imaging, 39

(6): 1856-1867 [DOI: 10.1109/TM1.2019.2959609 |

EEE N

SRIGME , 5 YR, 2R 7 A AL | B AR
BLCHRTE T A RS2 % . E-mail : xpzhang@swpu.edu.
cn

XUEMS , 55, T AR, 2 BT [l o BR80T 355
E-mail : jdIxp1314@163.com

6,5 WL W AR, R TT ) PR AR R IR
22]% . E-mail:1ix1912025@163.com

ERCE EBAEIEE B RIBEIE 01, NI r o B A
A RE 4 E-mail : wangqiuli@tmmu.edu.cn

© h[E KR KL AR



