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Incomplete Multimodal Brain Tumor Segmentation Method Based on the Combina-

tion of U-Net and Transformer
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Abstract: Given inherent variations among patients, discrepancies in imaging protocols, and potential data
corruption, existing brain tumor segmentation methods based on magnetic resonance imaging (MRI) are
often challenged by the issue of missing modality data, resulting in low segmentation accuracy. To address
this, an innovative incomplete multimodal brain tumor segmentation method based on the combination of
U-Net and Transformer (IM TransNet) is proposed. Firstly, a modality-specific encoder is developed for
four distinct MRI modalities to enhance the model’ s ability to capture unique characteristics of each

modality. Secondly, a dual-attention Transformer module is embedded within the U-Net to mitigate the
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issue of incomplete information arising from missing modalities, thus alleviating the limitations imposed by
long-range context interactions and spatial dependencies within the U-Net framework. Additionally, a
skip-cross attention mechanism is incorporated into the U-Net’ s skip connections to dynamically focus on
features from various hierarchical levels and modalities, effectively facilitating feature fusion and
reconstruction even in the presence of missing modalities. Furthermore, an auxiliary decoding module is
devised to counteract the training imbalance induced by missing modalities, ensuring that the model can
consistently and effectively segment brain tumors across diverse subsets of incomplete modalities. Finally,
the model” s performance is validated on the publicly accessible BRATS dataset. Experimental results
indicate that the proposed model attains average Dice scores of 63.19%, 76.42%, and 86.16% for
enhancing tumor, tumor core, and whole tumor, respectively, highlighting its superiority and robustness
in handling incomplete multimodal data. This approach offers a viable technical solution for accurate,
efficient, and reliable brain tumor segmentation in clinical practice.

Key words: attention mechanism; brain tumor segmentation; multimodal; U-Net; Transformer
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1,38 i B AN /Nt A0 B0 B2 SR A 80K Batch size BN ZRRCHE o X Fh 7 1 A 1 4 VAT 1) A5 4% 1 B A7
A7 (AR TR A A PR S A U R % T B TR, AT A R IML TranNet G895 /£ 51> 12 GB W A7 1Y
GPU I &k Fae 17 25 .



942 R E B L Journal of Data Acquisition and Processing Vol. 40, No. 4, 2025

2.2 HEE

A SCR [ B B8 22 UG T S Fn T U B T b 25 32418 1) BRATS2020 FI BRATS2021 %4l 4 , LA
Y UE T4 A 5 2 A M . BRATS2020 8 4640 7 369 NI ZR 3 4], B T8 4 I 2546 (S uE4E 1
AL, HAREL B oA 2581 37: 7451 BRATS2021 4k 4 WA 5 3 £ 5 19 1 251 N YINZRZE M), A SC B
BLIEEICT 4504~ G2 ], -4 JE 315:45: 90 1 Le A1) 43 YN 2R A 50 GE 48 R348 o hy ) DR 5008 1) 8 — 1 AT
B e 35K 6 B30 B 2E AT T A B FEASE R 7 Sk B R0 S DL R R R AR B — 1 4 FE R (1 mm®) .

TE BRATS $48 4£ h , BII SR 22 0] 34 60 & A PRSI IR, 439002 T1. Tle T2 M FLAIR, DA Kt
BB E SEFRZE (Label) , WA 6 fF 7R o 7E
P 5 G R, 21 e IX 3 A R 3 Al 498 ik b gt
Xof AR 2 15 4 0 X I A 3 Kk i, X 1 bR
B8 25 B0 DX SR 4G B M R L X N A 4%

(a) T1 (b) Tlc (c) T2 (d) FLAIR (e) Label
. b 5L T % NI >
45 T 5 X3 00 6 N AR 2SO, FE PEAN B 6 R 2 1 i g A b 2%

TR IX A RRGE Y OR Ik S8 SR IR Fig.6 Brain tumor images and labels from different modalities
BE AN 38 58 iR A0 ) B O 3 FE
i g6 DX sk E AT PP, 20 31 S 434 5 e 8 X
(Enhancing tumor, ET) ¥ £ .0 X 35 ( Tumor core, TC ) F1 i J8 % f& X 33k (Whole tumor, WT) . H&3k
W, ET X I A 285 P 5 v A9 3 €8 DX 38k 5 T C O B2 s 25 P 452 b 20 0 0 €8 DXl 453 9988 2 5 T W T D X )iz 410
B 8 B 03X 3 DI & O R 4o
2.3 EMERR

Dice #H L F B2 1 o3 FE 55 h i B IE M B AR Z — o B BB A 08 i P AR A Z 1) i AR L AR
JE AR PE R 04 PR A B A T AR s . HRITTF  DSC 8 AR 09 B B T 1, 50 R B R TE 43 FIT:
5 A A R R R BV 5 2R S S bR A 2 () Y R, e SR
_2[XNY|
CIX[HY
e | X F5000 i A 23 BOHE R 5 | Y | D b 25 IR A 20 BOHE A 5 | X0 Y | Ay 8000 S 8 14 o 1) 48 AR s 2
i 9 1) 4 1 4 A 1Y A2 4

95% ZE M £ R B (95% Hausdorff distance, HD95) & # & P A~ 48 2 [A] ML 19— Fl R b o &
o) T PR o3 0 48R, G S R U 9% 2R R I S bR A ) 300 S 2 D R AL R O A o3 HIPERE L A
(BB /)N 2R 2 574 0 ORS Aff L 7T SRy

HD95(X,Y)Zmax{st%(yigf,d(f’y) JEX>,Qgs%(ligf(d(y,l')|y6Y>} (18)

2 X T S R 18 43 RO 5 Y OR AR A R 1 O3 B RS 5 Qs BRI IR B RS Th RIS 95 H A i
B d (2, y ) 3R B My Z 8] 8 PR B B 5 inf 378 BCT 8 50 (R R /i d RS ) o

AR SR FH DSC AT HD OS5 P14k A5 5 1) 43 FRS
2.4 fLEEIE

TERUE S BRATS2021 |, 7 30K IM TransNet 5 U-HVDE™ | ACN" RFENet'"” . mmFormer ™"l
MPAE™ BEAT T Hed, L DSC M HDI5 M iZ 925 i 45 b, LA A R UK 1R . R 1, U-H H£oR
U-HVED;RFN %5 RFNet;mmF %7~k mmFormer; M*A 78 MPAE; MAREA S ; Avg 278 14 Fh R [H] i
RGN 1 b 52 BRS8N <7 43 1) 2 vl R R BIR AR s Joe AR 45 SR UKL A& B .

DSC(X,Y) (17)
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Table 1 Performance comparison of the proposed method with state-of-the-art methods on BRATS2021
dataset
M ET
U-H ACN RFN mmF M*A Ours
T1 Tle T2 F DSC/ HDY95/ DSC/ HD95/ DSC/ HD95/ DSC/ HD95/ DSC/ HD95/ DSC/ HD95/
% mm % mm % mm % mm % mm % mm
VX X X 1498 20.85 39.97  9.23 37.40 11.24 38.56 10.54 37.56 11.56 38.75  9.68
X~ X X 60.39 1243 73.95 220 74.18 3.87 67.04 3.86 72.77 3.21 79.27 2.86
XX N X 2609 11.3  44.06 8.21 46.63 8.06 42.34 7.78 46.61 7.51 42.04 8.02
XX X & 2264 1643 41.82 8.66 37.21 10.34 40.64 10.73 35.63 11.02 40.12 10.46
Voo XX 64320 801 71.70  3.56 7470 2.76 68.80 2.36 74.75 2.65 80.06 2.12
VXN X 2710 1011 4619 6.45 4531 6.56 43.72  6.79 48.73  6.01 46.89  6.21
VOOX X N 2414 1335 4117 9.92 39.82  7.73 4421  9.34 41.26 812 44.94 7.60
X NN X 67.36 5.87 7205 343 73.27 270 71.04 246 7438 2.67 80.34 1.95
X N X N 6755 1045 7210  4.68 74.19  4.09 71.17  3.44 75.60 347 79.92 3.14
XX NN 3048 9.25 4472 8.89 47.17  6.80 45.58 821 4548 9.92 45.60 8.20
Vo N X 6874 501 72220 224 74.26 315 70.96 232 7545 221 80.53 2.01
Voo X N 6857 6.89 71.25  5.35 74.23  3.34 70.54  3.35 7456  3.95 80.35 3.27
VooxooN N 3081 884 41.66 11.32 48.10  5.76 46.39 7.44 4885 578 4892 542
X NN N 6891 7.23 71.09 5.03 7524 412 7096 3.35 73.81 4.0l 80.14 3.05
v N N Y 6991 598 7248 498 76.80  4.04 70.23 3.31 7550 455 80.11 1.96
Avg 4746 10.13 58.42  6.28 59.90 5.64 57.47 5.69 60.06 5.78 63.19 5.06
M TC
U-H ACN RFN mmF M*A Ours
T1Tle T2 F DSC/ HD95/ DSC/ HD95/ DSC/ HD95/ DSC/ HD95/ DSC/ HD95/ DSC/ HD95/
% mm % mm % mm % mm % mm % mm
VooX X X 4079 2454 67.79 1078 65.50 12.14 57.20 13.03 63.16 11.56 62.29 12.14
X N X X 6538 18.86 79.52 7.42 81.03 6.91 80.66 7.32 81.97 6.56 86.38 6.21
X X &/ X 5316 13.15 70.34 9.03 69.57 818 59.47 9.97 66.98 9.12 62.35 9.67
X X X ~ 51.37 20.25 67.70 10.41 66.13 13.01 57.82 12.10 65.46 12.97 59.67 12.68
VoA X X 69.84 13.91 81.29 8.84 8256 4.65 83.53 5.18 83.46 854 87.52 4.50
VooxXo N X 56.28 1174 72.02 833 7231 7.30 62.80 8.66 71.83 8.57 67.64 8.93
VX X N 5508 1584 67.66 12.64 7229 11.03 62.96 9.92 70.81 11.14 66.64 11.46
X~ N X 7458 9.37 8283 7.13 82.95 4.30 84.76 509 84.26 4.30 80.15 5.79
X N X N 7431 1456 81.38 7.63 83.41 3.43 8324 6.67 8543 814 8691 535
X X NN 5917 1146 70.23 1043 72.94 881 63.11 8.80 70.91 10.23 65.64 10.89
Vo N X 7657 7.96 84.12  8.38 83.60 4.54 84.68 4.81 84.45 6.72 8824 4.12
VoV X N 7583 9.30 81.65 10.37 84.12 556 83.92 6.73 84.14 892 87.73 5.10
Vv X NN 60.79 1035 68.08 11.62 74.49 891 65.05 843 7272  9.56 69.11 10.03
X NN N 76730 923 8175 11.01 83.85 5.64 84.16 5.87 84.62 9.03 88.10 5.02
v N N N 7777 831 8342 875 83.85  5.52 8414 5.79 84.52  9.06 88.04 5.12
Avg 64.51 13.26 75.98 9.52 77.24 7.33 73.16 7.89 76.98 896 76.42 7.80
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M WT
U-H ACN RFN mmF M*A Ours
T1 Tle T2 F DSC/ HD95/ DSC/ HD95/ DSC/ HD95/ DSC/ HD95/ DSC/ HD95/ DSC/ HD95/
% mm % mm % mm % mm % mm % mm

57.01 24.22 7741 1158 76.35 11.20 70.81 11.79 74.45 11.24 74.77 11.20
59.94 20.92 78.74 8.72 73.82 9.73 70.81 11.06 75.45 8.81 75.66 8.95
79.51 12.45 84.21 11.43 83.45 6.75 83.17 6.68 75.80 11.89 84.52 6.61
81.36 18.23 86.31 7.78 86.70 8.54 85.58 7.79 86.79 7.78 86.81 7.54
65.33 18.15 79.61 10.06 79.87 8.13 75.53 9.11 77.28 8.59 78.64 8.19
81.65 9.42 85.30 7.89 86.87 5.90 84.18 6.48 86.70 7.42 85.81 6.32
83.38 13.44 86.29 11.83 89.37 5.26  87.06 6.25 89.10 498 89.32 4.90
82.06 8.54 85.93 6.96 86.64 5.75 84.97 6.08 86.35 6.82 86.93 5.51
85.54 13.15 87.26 7.53 89.56 5.30 87.81 5.69 89.71 5.91 90.19 4.83
86.82 9.43 87.11 7.12  89.62 5.21 87.81 5.58 88.91 7.74 89.77 5.56
82.93 7.25 85.83 11.30 87.33 6.04 85.28 5.24 85.73 7.01 87.75 4.96
86.49 11.40 87.12 10.03 90.26 4.83 88.23 5.32 88.94 8.21 90.29 4.64
87.68 7.49 86.51 10.08 90.30 440 88.26 5.47 89.97 8.45 90.15 5.17
88.15 7.79 87.44 7.56  90.46 5.40 89.05 5.31 90.28 5.78  90.92 5.10
88.40 6.23 87.77 8.11 90.40 5.07 89.16 5.10 90.11 5.82  90.88 4.49

Avg 79.57 12.54 84.85 9.20 86.06 6.50 83.84 6.86 85.03 7.76  86.16 6.26

U-HVED 5| A Z 85487 [ sh it 4 . B 705 R 52 10 28 BHRR  B L Z ig fEas [ v,
ACN W F] FH X Bt 27 20 8 X 55 7 25 [R] 6 s, DT 3 56k DA 50 3 31 e 2k B 1) {7 BB BRAE 1 . RFNet iff —
W DX SRS 2 22 [) 14 56 2R AT A ASE | DASE B A 38 B A RRAE R o MPAE R T 2B A 3h 4 i
W EHETEREES TGRS SRR ANE S SR, X )5 L A8 % A 25 18 B AR 1 K B B R
R IA) T mmEF ormer I AR S (8] FIASEZS N 19 G 2R 1647 40 0 AR ASE , D S0 A AR . VA N ik, 3X
S8 A T 1k TE A AR SRR AE A B A BB B AOH B  OR R o AS SCl I 45 A SCA B H RN &
Transformer 454 , 1% 77 ¥ A AU P& T 320 B2 AR G 78 110 A5 [) A0, 30 R 008 6 ik AE) IR B 7 5 b 30 DI 5%
AL R E RS A5 R . I 1 BT s, BT IR R AL ZE ET  TC MW T | 92 Dice #4343 31 4 63.19% .
76.42% F186.16 % , 1M “F- 2 HDI5 B 85 43 51 35 £ 5.06 .7.80 #1 6.26 mm. ‘5 mmFormer # [ , A< SC 8 78
ET.TCH WT F#F1 Dice #F 434> B4 8 1 5.72% .3.26 % 1 2.32% ,F- ¥ HDOS BE B 43 W F & T
0.63.,0.09 F10.24 mm. A SCIE 15k X6 15 FfAS [R5 285 fle 2 195 00 9 6 BL S 56 6 B 9% 7 ik Ae R e 38 4 F
A 7k .

F T VAL AS ST 4R M 7 v 0 & B M, fE BRATS2020 B4R 4 W AT T L. AR T
U-HVDE'" RobustSeg ™' \RFNet " fl mmFormer'*" ' 45 4 F g JEHE AL . G138 2 if 7, K Sl 1 DSC 1
HDI5 1 R IEM 3545 , FF 2 A R AE ET . TC A WT F 159 F 1 DSCIES 43 3y 64.23% .80.11%
87.56 %% , M V-1 HD OS5 BE B 43 34 3 5.42 .6.31 #15.91 mm. 5 RFENet#l It , A XA ET . TCH WT
A DSC 4> 20 B4R & T 2.80% .2.02% F10.98% , F ¥ HD9S B & 4 % F B 7 0.21.1.01 A
0.58 mm, B0 45 5 2 B 1% 77 1 70 15 I R e A0 DX TR T B AT Y el

7 34 F RENet' '\ mmFormer'™ PL K 7 3¢ B #2 H B9 #5580 IM TransNet, 76 {6 A1 1 Ff B2 25
(FLAIR) 2 Fh #2844 (Tle+FLAIR I T2+ FLAIR) 3R B ZH A (Tle+ T2+FLAIR) L K 22

L XL 4 L] XX X 4] 4o XX X | 4L
L L XL LU X L& XX L X X4 X
L L] & X 4 & X & X X X[ & X | X
L L L] L XL LU X & X XL X | X | X
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Table 2 Performance comparison of the proposed method with state-of-the-art methods on BRATS2020 da-

taset

- DSC/% HD95/mm
ET TC WT AVG ET TC wWT AVG
U-HVED 47.85 67.16 80.51 65.17 11.85 14.32 13.21 13.13
RobustSeg 54.56 73.89 84.10 70.85 11.04 14.62 14.18 13.28
RFNet 61.43 78.09 86.58 75.37 5.63 7.32 6.59 6.51
mmFormer 47.71 73.18 83.39 68.09 11.55 9.65 7.89 9.70
Ours 64.23 80.11 87.56 77.30 5.42 6.31 6.01 5.91

4 (Complete) (A5 DL T L 475> B &5 R 00 rT AL R, I 7 B o AT AAb 25 SR 3 B 76 R 2 401 i
N LA S T T LLRAS HE R Y A A . S E L 32 BT TR RIS B S . IR 7 AT L
B FLAIR B A TR 3 A Mg 43 B0 v ke 2 88 22 4R B A il /0 oAt 3 AP BS I 1 00 T , FLAIR B
A AR A T MO 00 23 R0 2 L o 7 T T RS R e R IS LT B DB A I A5 R S AR
)45 52 00 A S P 22 S BRI, AH B2 TR AR SCIT B 0 3 AT A A T R A SR T R
BE o AN, 5 2T 60 XA H AR SC Oy A 1 BE L RO T A PR AR AL L B T R R S A
A BN AR Sy B T T e R DX o BORS BEA R I AR A RN T AL PR A T
F14) B R 7 R 3 O

N T RN O 56 I T B A A Rt R SRR T 15 A B — A A RS 1 Ay El g B R
JIE7R o 64 TS BOHE T BB AE A6 B BA B9 IE 00 R AR SCRY BRI SR R B AR T Hh i 23 B P B . IR 8 1)
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Fig.7 Comparison of segmentation results of the proposed method with RFNet and mmFormer
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Fig.8 Segmentation results of 15 individual and combined madalities
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iR N
2.5 HBLIE

AR 3D U-Net ™ [/ 4 42 Fg A Sy S 5 RUM T — A 37 B I 244 45280 TML TransNet, L7840 1) F = 4k
L v 12 B 45 8 S AR () s 3G 4 o e — 28 B TIEAR SCHR 19 TM TransNet W £ 455 71 & 485 He (1 4
RME 7E BRATS2021 Bt 4 L AT T — RGNTH AL S5 , SL s 25 R 3k 3R, 3 3, FH B ES R a G 1
TRk B 3D U-Net A4 18 FH 2 5 7 15 BB 15 7R 1 (08l b 51 A BBRAS SE RS AT WL A5 2R R 2 7 A
U LA n A RE 1 2 B9 Transformer 75 B AR 3; ZEAE R 3 h 5] AfBh AL 78 /5 B AR 4 18] 9 /R
T RS g AN TR L 43 R A5 R A PR A R e L T A RO [ AR I ZE R . e R T
AN AGEIE (TL. T1e T2 FLAIR) s A B2 /R T AN [ R AE 45 n] Rl G 2165 F 19 73 #1145

®3 ANERHHEMIBER

Table 3 Ablation experimental results of the proposed model

RS X MEEES W

R e i DSC/% HD95/mm
S Es WE W Trans RS

it AR

I yil former s ET TC wWT Avg ET TC WT Avg
0 J X X X X 57.38 70.78 83.21 70.45 7.64 10.64 9.93  9.40
1 J N X X X 59.21 72.34 8356 71.70 7.44 941 896  8.60
2 N N N X X 60.23 73.33 84.25 72.60 6.32  9.35 816 7.94
3 N J N N/ X 61.89 74.97 85.28 74.04 549  8.64 7.79 7.31
4 N J N N/ < 63.19 7642 86.16 75.25 5.06 7.80 6.26 6.37

PR 1 R P BAUARE 25 o i S 2 I AR 3D U-Net W 45 22 44 v 11438 FH 2 i 2% , i HAE i N RS I 2
PR {5 rp R B A e B SRR . S B0 45 R R A 1A AR T R vE R AL 7E BRATS2021 Bd 4 | iy F- 1y
DSC AR T 1.25% , i F3 HDOS B R FE T 0.80 mm., AR A 2 2 7E A R 1 A9 JE Rl B 36 T — 4~ Bk
R AE SR T T WL DA 5 4 5 4 A A 8 8 75 45580 BB A5 7 5 2 R 0 B b X G B A U8 1Y) O T B A A
{5 B LR . SCIR 45 2R BoR  BRY 2 AR AR T A 1 7F BRATS2021 348 4E b (19 °F- 34 DSC 1 43 42
TH70.90% , 1M ¥ HDS BE B TR T 0.66 mm, ALY 3AERBIT 2 (%) JE Al B AT RCE 7 & 1 1) Trans-
former 5k ﬁff%ﬁ%Lim&m%ﬁaé%ﬁfﬁLﬁ [ RFAE , DI 4 T 1 A5 A0 7 B2 2 R 43 BT 55 3l
PR GIE AR BINRE )T o LU0 SS R AR B IR 3 AR 4 LA 2 48 BRATS2021 £ 4 1 1 - 35 DSC
%ﬂTl.44A,T¥i’>]HD9oEE&%TF%T 0.63 mm. FEREH 3 (1% 5 mly 38 T — >4 Bl i i 248 45 4 15 3
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Fig.9 Comparison of visualization results of ablation experiments
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