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Abstract

Brain tumor is a disease with extremely high mortality rate for patients, and surgical resection is
the best treatment option. Accurate preoperative segmentation of the entire brain tumor region is
crucial for surgical resection. In this paper, a multimodal brain tumor image fusion segmentation
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model based on deep learning channel swapping is proposed. The model utilizes channel swap-
ping and Swin-Transformer technology to classify different modalities, extract feature modalities
of different categories, and perform feature channel swapping to obtain locally complementary
features. Meanwhile, the model utilizes Swin-Transformer to further fuse global and local fea-
tures. Experimental results show that the model has competitive segmentation accuracy on the
BraTS2021 dataset, with a Dice value of 91.07 for the entire tumor.
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11 ARERUREX

KR NEMPE R G T R BOGHEEE, EPRME R g b R FE 20 EZAFE M IIRE.
R, AR P A R B, AT K AR, W] DGR IR T A A B AR, Bl D g
Ji s AR RIILE o R 2 0 LA 2 RGN, R B A A B KB - BESLIR R (MRI) H RiT#
T AN AR DN A2 W P A 95 A8 B A R RS W T i

TR (2 W AR T b, BRI BB R R R R . Bk, TR AsE. @Rk HE
B AR 73 B SRS T ESGE IR A2 WA T ROR B R . FARVIBR BT IR MR ETEL —, B
Ut AEARHTHERS 7 ) H 7R EDIER AN X B R, SRR AN LT, XI5k
i BB NS W TRI EBEIE, IF Hoop B4 352 BB AE A N4 A0 E R R A2, M 20— 2
IRZEEMAH E

HE TR LA 2T 1 BB 23 B 53207 LU 32 ST AR BB BRFAE, I TTTs b A9 T 100, 328 vt e 2331 1
HERVE RS L o 26 TR BE 22 S I RE BAT RIFI A 2T RE ), AT LMK A R 27 PGB v 2 >0 S HER
FEEIRFAE, AT 5 vt 8 F) 20 SUHE R PR AN B ALY o SRRV AT DUAT 2058 A I8 7 4 5%, el
ARZ W], R AR AR, RN ABRER T A . R, IR 5 5% S B R 2 B 7 Lk
GRS R AR B ATUR A A R AR 2 — o PRI, TR 2 ST B IR 2 U 70 BAT B B BRAR A SE R
SCo IRAEARREE 12 W HR YT AT oK B B L R T

1.2. EASMRZIIR

121 REFIEEFEGIBPHRA

TR, TR R ENALSE R AL BE C BN TR L2 —, Rl 2 T B R4 M
25 (CNN) LA 3h MR B R 2 MG b2 IRRAE, I HL AT LS I o 31 (0 I R il . b, 2 RGN
2 INAA R B 2 AR e PR 48 A DR 27 BB AR B I 0 R A2 46 32 QT o A B U 22 I 28 AE 1R UL B RS AR 15 2
ERAG TANRERE . BREETR SRS ERITE T, MR RS0, R REE T B
MSHBAATEN, TERA SRS B EGEBIE ST Bk, 4RI 2 4R/ 2 8 B
Iz Mgz —, Blin, 1 Olaf &5 A B K& H 19 U-Net [L] S5 MR U T IR JZREIER GORR ERFAE SR IR 2
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M, SEEL T ML AL R AR AURESRE, N SRE e 1B . SR, VR BTN BIAE U-Net Z5H4 1
FLAH 3OS R 2R R AU, AT B BT A 3 TS B S A I 2% 45 K [2] [3], Biltn, il dnd s R Bk
SrElE s XEEABGEATE RS S SR PHE N EAYCEREIA[3]. BB RAG MR IR ST
BAR T BRI, H TR RRRTE, e DI s G H Jr G R R T 15, S EURHE
FZRTREAE R, ALY S B4 R RHE

1.2.2. Swin-Transformer £5%3

L ANBB PR R, BERARZN, 4R BER IR Transformer K5 B0 R &SR0,
[A It Transformer & F T3 EUR R 4E B2 0 ZRFAE K, B0 TransBTS BRI [4]. SR, mrdedeit B h A&
(4 a5 BRI F L, DRI 9 2 3 22 A i At 25 b 7 vk Rk 2D Transformer 550N PR 25040 & o 451
Swin-Transformer 4544, Swin-Transformer [5]& B & i H SO 24 SO PN 78 Be S AR i 78 N B3 3L (A
P i —FhEE T Transformer SVEH—/NH I 4EHM . H T2 Transformer v 5 & K f 1] # .
Swin-Transformer #5848 i R B HT AN R B0 076 70 B, KX S gt 4T Transformer FTHEL,  MTTTIE
PSS ECR MU . v 7 78 AR I 34T Transformer iH5 280 K8, A 5, X
swin_Transformer Hsl BN IN I 4E ,  BH 8 e X 25 A BB B b 00 AT P AE $E B [6] . I 23T
IR I 2% e iz (N FH 1 = 2 R 438171 [8] [9] [10] [11].

123 SESEHGME

SR GRMERBEHA RN EGE S G &, DERRERER. mTRRER. XMIER
I T B B AR B, LA VR 2 AT ST S0 PR P 27 21 BOR RS- U R £ 22 AR A I 2 R B A
fiEo Z A BB RS T AT L2 N RTME ZR Z00 i & AR IRFE SR B & o AR R 00 Rt & iR 1
BEBRRASBER A GER, ERRMRER S AR b R AL Rt & 77 28 R, &
TRBAFR GRS, AT LAY SR A S ARSI, R BRI AP (AN 5 PE AT A S
LSRR AEGf AR S5 50 o B IR 22 ST BOR BB R & 7T AR e AN [RS8 0 2Kk B AN R 2 R A5
B i, FIFEESC K F77ES RGB. Depthy Normal S5 AN[A] ) EUEHLAEAT R G [12] X T 24
{1 i e B OR B, AN TR] Y RS T LA B DX SRR A (R RFAE O FLRE RS 48 7 A2 25 AR 30
[ EAMAEAS B[13]. B, —L6 iR FH Transformer F1 U-net )R SRAE 43 3 43 il B K o P45 ) DY A 45
SHREE R, RISR IR IEE B PHE T SRS S & i B KR [12].

2. REIARHRAE
2.1. BUREMBIETRSIE

K AFEH EAVE B WK F AV E S BB E 5 501 o O (CBICA) 2 At 1) 2 FF fiwi it 988 %5 9 4
BraTs2021 [14] [15]KKAEIRATI . 7€ BraTs2021 Hd g, SN ABHE A& PR R (T,
Tlce. FLAIR. T2AI—AiE 2 G . MRS AT (25 0), PRAEAIAE G50 M IR (b 2% 1), Fib
Jo JA LK i (bR % 2), GD 35tk gl (b 25 4), r B4, GEefabrid. /a8 m A 2%+ E R
SR R — AR TR E . —ABOERUY R XIS(ET, % 4), MEZOXE(TC, #7281 M
4), DS XIR(WT, #5358 1. 2 F1 AFERWTTER G, B384 il S E A Fixt 4. £ BraTs2021
I ZREET, B 2 215525 I 2R 4E (BraTs2021 4t 1251 MR F, BEALEEL 70%1E Al 250 %o ) 2%
BT INGR: 10%1E RS0 UESE, Kl 2Rl B A T 408 S R 2006 K H0H 64T 30

SC AR R SEG B o = 4E MR, JRAE RS 240 x 240 x 155, 4idfENLEETEAE N 128 x 128 x 128
VENE N UG X PP 8T 1) 75 e — e AR R b mT DU T A, Bl ZRcdis &, JF BL5) T A AL,
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WIZRBAE AT B 3, BT BENLER S, R INBEALME S, Hos i om n] DI s AL 2 AR T . SR Adam
RALHS, WIUEF 12 H R E N 0.0002, H AR ZRE T IOERLL 0.9 HIRE R, A IE 4600 R H
L2 Ji %k, BEIEREN 10-5. Batch size iy 1, JF HALEHPA 3090 GPU #4747 IZk, RI&E/> GPU %F
AN =R BUGHATER . ISR 8 a 4 MBI R AT P19 205 5 1 - R 45

1 s, BEFUIERL T BraTS2021 #d &2 HrBaHL I — MR AREAR, FEARGE T RS EIA,
T1 A, Tlce BiZs, T2 B Flair B8, BUEMNARIG52& T1 BiEs, Tlee Bias, T2 34, Flair
RS, MBI 29 59 R AN (RS2 (1) 2K P55 UG Ry 43 S s 2 1 o o e AR o i b 28 RS il 17 3R 88
FNAESE SR R bR A (PR 1, 2L 6). FiRa Ja BELK bR 2 (B2 2, ZRER) DA S GD 38 5 14 el i s 25 (B 25 4,
B) . T1 AT Tlee B 7E R A it Igg A 7 Th A HAR A, B4R 2456 T1 M Tlee BT MEE . Tlce
AT LSRR B (O X3, RSk SRR AL, D RO RS L. T2 S E S RE 5K E &
G, G T A B AR N, 7K X3 SIS I aT W, (255 5 RGN T R ax — i,
RIS & T2 A Flair #553s,  DUE 2S5 X 20 I B AN I8, Flair B8 A B T WS Mgl 2. [F3E,
PRAE I 224G T2 WS Flair B HEAT WSS, LA 5 Afh 1 ) B Fe S 98 P S PRy Rl o 3 b 7 VR4 2022
SEHEH ) CKD-TransBTS #5714 i g il S AT 2501 A EE A [16] o

T1 T1ce T2 flair

Figure 1. Four modal images of a patient in the BraTS2021 dataset
[ 1. BraTS2021 ##E&EH—Me A/ MESE &

2.2. MBEHIHIEIFIESS

] 2 RARSCHR H B N 28 S5 R (I BARHE LS, IXAMERLRA —4~ U JB45H, BH—1 encoder 733, —4
PSR 72, — > decoder 4332 4

7E encoder #45, F— AN A MRIEEIENERIN, B 4 MEST MRI BURAE R 4 A5 38
N, B HAASE, T1, Tlee PHEAENE—ANHEII, T2, Flair PHEENE—ANHEII X H K
SR RN, A2 it Baseconv block &, F£id =7k modal_fusion block down. modal_fusion
block down /& F|F AR EE S RO RIBLAS H (40 19 4p A, PRI OB TE S $e 1) J7 idt— PR G s . &0l
SIRIXFE R AN E RS, BB RIS RIS Al SRR AE )RR

TE S 254y . K encoder % i = /MEFIE 2 480k Swin_Transformer fitk, o 5L 481
Swin_Transformer BN, shifted window FIHUEAS H 038, RIS RAEF I 77, (131X MR HY
BN EUR A RAFIE . BB IS SR 2 8, PR ) BIMARRE S T %, WA 4
s FE 52
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Figure 2. The framework of the proposed network structure

B 2. RHRBRIBIARIES

£ decoder 15 . FIHFRZEERZ T, G 2 RFEFRARAE, 154 decoder MIHHERFER] . H
R JERHE AR B, 8 BRI T, WG KN o THYERRRE B 5 25 R G2 1 iy tH AT D
M B, m) B YERE  SXAE R PR X, R B R B SE 4ERE i =%, Bl conv bolock up k.
BJERH— 2B SoftMax & B i 4r BIMEZRFERE, 76 W 4% R H A 45 Baseconv block,
modal_fusion block down, Swin_Transformer, cat + conv bolock up &k, A modal_fusion block down,
I 45#) Swin_Transformer %1% 3 fir.

e
ﬁiﬁrﬁ' ’% {M§1l=l IS
N ®
) 5 M
= T —> I a C
(ReB | [ ReB | z2|2 z[= zZ—>3 b—>
>

[ R+convdown] [R+convdown ]
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Figure 3. The internal structure of each module in the proposed network
3. BEMERIINEREIDAETS

2.3. MBLERET

2.3.1. Encoder

7E Encoder B4y, XEEHATHH, ¥ ErEdE, SiHEE RIS E, SRIEHUR —
Iy (B T AL R AE ANAS 5] 20 2L 0 B R A R . B B3 N A X e R™YHP |1 4 BB ) MRI
%o B A NS AW, TR, Tlee A N—4H, T2 HE, Flair BN —4, JHATHRHEFEEL, HP
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SN BN TLREAS, Tlce BEZS/041 X, e R®W P, T2 #5535, Flair B0 41 X, e RZVMP . X, X,
P4 B3 73 ) 2238 Baseconvblock HEAT4FAEHEEL . Baseconvblock J& HiZH 4 3 x 3 x 3 #:4H, Batch Norm,
ReLu Wi B8, WAL A BEIR—2AF, 54— SREURHE x, A5 24— 3REURAFAE X, 0 5
Horr x € R™P L x  ROREE T AN INEE | BRHE, i€ {1,2} , j€{0,1,2,3}, %I A modal_fusion block
down HUMIEEHSAE j=0 . BHJ5EZ5E 3 ¥k modal_fusion block down #&idk, BIARZsELSAE, H B
anlsl 3 ZEEHESE R R, Kl C 7R 3 x 3 x 3441, B %ux Batch Norm, R E/R ReLu UG eRi%. 7E55—
JZ modal_fusion block down #5¥trt, HHE x o F X, , 735 £80d CBR #EATIEIEY 5K, H4 ¥ AN 8, H{EIN
FHEZH CB JE i AT i A 4t

ABESAA BB — N E A NSE, XS E RN T IX AN B IE 2 ) B R AE G H
TR, R AN IEE R AR E RS HOR . SXAN RS HUN T R W EE e, NIRRT E
e=1e—2 o ZHUINT VL E B BIE B0 AN I8 IE P RRE 0 B BN R DK /38 5 FH A RS () R
B AR LPUR, X, Fn5 i A8 ie{L2}, 5 j)28HME, {0123}, %k MEHE. HEL
HeAin < 4 from. SRTE ST B TR IR TUR R, TR AT AN [F) 2H GBS 2 R] R A8 4k
SERA RIS AS 20 B IR IE R

S SH2 ZH#3 B4 SHin
o] Q Q Q S S S = o s)
= =y > = =3 =1
|a—wE 3 = e 5 s 8 5§ 5 =z 2
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Figure 4. Diagram of the practical teaching system of automation major
4. BIETIRMETS
X ik jk =€ Xp ik Bjx 2 € 1
X ik = X <g’ X ik = < ( )
2,ikCjk <€ X jkBjx <€

A4 AR P A RIS 125 RCB. 75 5 YRS S5 A FOREE o 1 %, o HEATHR ZE TR
Lot ReLu W% BAC, FREBK g 2 1 3 x 3 x 3 L, 4/NFEHR. Bt R — 20 AHE %, 1 %, »
X, € REHO B F B SR, S SR AR IO N, R RO 4 A

W H D

Xi,j eR "zszszj y f@jﬁiﬁy‘j C :4X2j ) J 6{0,1,2,3} ° %—‘E?{Eﬁtﬂ %‘:?E Xllﬂj X2,1 ) Xi,l c R8><64><64><64 , %:E
o AT X, Fll X%y, 0 X, € RISS22E2 | gy — g X5l X, 5 X5 € R321646x16 _

2.3.2. EMAR
1E Encoder F1 Decoder M2 #5845 % FH swin-Transformer K3 BUEUE 4> R4 4F . swin-Transformer 4514
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WP 5 45 EAEZE AT o B S %) $dE 17847 window patch BB , %N Ein A A7 B 45 B, Z40d — )2 Layer Norm,
FXFEEAS patch HEAT Multi_Attention TH5, it 5 N AT R ZE M NS, 434 — )2 Layer Norm F1— )z FFD
(FeedForward), FRZFHINfEHIH . % &8 24T s_window patch Hudk, EATAH R 115 .

XFFASORYE, RIS Encoder #5734 th H 58 — EAAE % M1 X, » RFARFAE, $%IROETE D7 Al BEAT P
N swin-Transformer PSR . 56 2, 2 =ZHH. swin-Transformer tH5 4075 Wil 5 ZEFR. &
5 /£ &)y Transformer H' Multi_Attention %% Elfi# .

= = |

1 _ _ X Linear
FFN _ FFN B
, t t " Concat |
.~ Layer Norm | Layer Norm ( T T 3
$ Scaled Dot-Product| | |
’ ; ; ; Attention A
widow Multi-Head " s_widow Multi-Head | ) “ “ TT
{ Attention J | Attention ) D & =
11t ‘ 114 linear | linear | linear |/
| Layer Norm | Layer Norm T T T
A
\Y K Q
HERS De— BREE

Multi-Head Attention

swin_ Transformer

Figure 5. swin_Transforme details
[& 5. swin_Transformer ZR5

S5 swin-Transformer (#1152 FH % A\ Eidhs DAAS [5] (1) 72 20K pateh, %5 —A> patch 147 Transformer
TR, HATEE L patch, 43 )& Window patch AT s_window patch, HEZEWIE 6. a4 6 £ K, Window
patch J& AN E S 17 B EH > 2 A patch. 448 swin-Transformer H1EX s window patch (shifted
window) ) 777%, &L E & 177 3 window, M43 2> patch, 15215 —1 patch #72& HIELL K
BE SR . SESGTIEARR, AR s window patch (space lattice window) /& LA 5 & (1) 5 44 &
B2 A, B A e Al R AL B R R P — A~ patch. BP 2 LSRR U patch JE 4T
Transformer i+5. . XFI7ESESEITEME, RE T BRI RERHE, BK TRES S MOLEr, BifE—
A~ patch #5 & — ME T HER R EE

window patch s_window patch

Figure 6. patch details
6. patch BUEHTS
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SRR swin-Transformer 4+ Bt =AM FIK/N B RLA 1A RRHE x, eR 222, JBIHACN
C=4x2'x2, je{L2,3}. ¥4\ swin-Transformer FJRFHERE HH AORFIERE T ER ZEAR N 1931 =286
GRS A S IORFE, LS AR I . 1X =R T Decoder AR i) K #z.

2.3.3. Decoder

7 Decoder #43, cat + conv block up FBEERANFU11% 7 fr7~ . Encoder A1 Decoder 424 H () 5 Ji )= B
= EHFIEL I conv block up B , 5 G H 5 R AR fO@ TE 4 R AT Pf 4, B4 conv block up
BEHL, [FEE, i HRAIE S0 R 2 — BRIl s 4k B AT PR, B4R conv block up #EHL. 181
FRIE 5 AR N I SR AR R HEAT AN G . 40d SoftMax i B 8075 31 0 BIMER AR . ISR 15 51
RJE RIS R

—HE —> — 9 —
b,

4490
Hg+AuoDsuel |

- J -

cat + conv block up

Figure 7. Details of cat + conv block up module in
Decoder
[ 7. Decoder & cat + conv block up #RHRATS

3. IWMEZR SR
3.1 EE&ERLLE

FRAA R M2 0 F1 1, 2, 4 BB Fs%E WT [ softmax Diceloss 2 FIE A4 5k bR BOnt WX 48 44T
W&k, AR ()R, H Dice0, DiceWT, kit bngs 0, MG Hr% WT 5k bRtk 7] 1) Dice fH.
A FATI#R AT T 400 1K epoch 1A

Loss =1-Dice0+1- DiceWT 2

AV R S TransBTS [5], 2016 4E42 Hi ) U-net 544 [1]HE4T LE A% .

1R T =AMEAE BraTs2021 £l 48 NI HIZ5 R, JATHEH AT channel _ex 524 75 B AN i X
I(WT)3k75 Dice score 2y 91.05. AJ LA HFATTHE H AL TransBTS. 2016 44 1) U-net [12] 5444
PR TR e M R . B =AM b A TR B fe e . IF HLERATI 1BV R 78, 4
R OR A swin_Transformer #ile, W& A WA HAbi LBl 1 th Our model_chex HIEERY, H WT )
Sy ERGE /N T A swin_Transformer #EE AR, {IEBH T swin_Transformer #5E7E LR it WT [X 4543
FIRE FE B = 1A R

Table 1. Comparison of segmentation results of each model on BraTS 2021 data
& 1. &1ERE BraTS 2021 $iE _ E R RIS REL R R

Method TransBTS U_net Ourmodel_chex Our model
Dice score WT (%) 90.75 90.16 91.00 91.05
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K 8 R 1 AE BraTs2021 Hudlidk b 5 HA LA RAN LA K E MR A5 R, 20X IERRFRAE 1, B WT
. ERIT AR =N R RNEER, WAEEIL 725052 TransBTS, U-net £514, A3CHR
H AR 2 () 0 R RIS IR, GT KEARHE . 25 )7 HE X ISR AT T 445 SR EL 3 20 AR (1 2401 21 i 2 7
X 45k o

U-net TransBTS our model GT

Figure 8. Details of cat + conv block up module in Decoder
8. 7£ BraTS2021 ¥iE& L N EIREN 2 RIS RV ATAL L EL 4R

MR ES R R 2 a5 HEIX A R AT AR Y, BT AL 27 5 21 B AR AR SO se B B1E 2

PATVHE IS 73 P2, 04— RERBURFIE S S R RIS AN R 2K ()b AT il iE e e, AR A s
MRFAEAE 2 . AR ) Swin_Transformer £ e~ S IS 4 Jm,  HLZIm SEANA0YS (RFAE, IR
FRE S R FISE R

3.2. {HELHRIAR

ONKF TR B E 2 B 7R swin_Transformer J5 670 BT TIMBEET T, BFACLE BUNE 2 i,
ANV L SEIS I R IR AT TERBEAT T 400 I epoch MIEAX. FRATTX LR () = )2 swin_Transformer 14— 2
[ % 1 (window) K /NEAT T B FC » =2 MR RE & K BON 8, i FUAS [F) 2 1 B 1R /NG S 6 45 R (1 520

Table 2. swin_Transformer window ablation study
5= 2. swin_Transformer window ;EREffi3T

swin_Transformer B2 2 Bz WT (%)
8 90.75
16 89.76
Window_size 8 16 8 89.58
16 8 8 91.05
8 16 16 90.20
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4. BRERE

AR =25 F- Bl bRiE 250, M a6 DU AN BEAS B R 20 288, [RIRASEAS 2 R EL A S R A 1 20 I RRAE
N B AR EUR — A R EE AR R, R EE BRI B IUARE R, R R e i 7 X2
ALEREE, ¥ —REENEE A B 2, AR % o B RHE AR L, JF BT U]
I Rl AN R BT B o AERSE R R 43, {8 FH 5B window (1] swin-Transformer #5255 B4 52 B 4>
JafE B R — A A AT I BEESE BraTs2021 FHHT T IRAIF. @ik i% 07 ik 5 Ho g > 3 2%
W2 TransBTS Fl U-net 4T L. 45 SRR, 207k b 7 v Re SR8 RS A I 0 B 45 S . TR XX
AR AT TR FT, SEIRR I, J@IE A A S window [¥) swin-Transformer, 7EARAY Hhoxt 32 &y
EREE R AT E AR . I HO6HEIE AT e ( LL K swin-Transformer window K/NigE4T T AT 78, 3R1G Mt

LS
T I a5 M O R R, AEAOR I B AL Z i S, MR 2R 0 R R A S
HHEAZEE .
SE 3k
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