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g7, T¥H, TEE, #uy

(¥ TR AR R S5 R AL TR 2: B, 1 200093)

W E:REFIKKBNLEZEATESEARSEAR, R, Bk B4R 60 £ 5 248 R @ik
W o AR S4B B AR 3R 3R R % (Magnetic resonance imaging, MRI) B A% 5 5] 9 2 , 32 38 T —#r L T 45 /e
AR A~ VA BEFE )UK 69 ot Bk iR AE MIV-Net, 3 F k@ 7l N % ROE A0 45 72 k4 25 (Multi-scale
core feature fusionizer, MCF) sk 3% 5% £ & B 4% 4% /£ 3% B 4k #1 , 5F 3] N AL 0 45 42 A 47 5 45 3 (Vision
Transformer, VIT) M 4 kb & B4z G4 2ae h, b, Emad R PiEiL $ B REE RS
(Multi-level attention fusion, MAF ) 435 & 3 3% 5 £ F 45 & 69 A1 A . ¥R AV , MIV-Net B A £
T B BE A I BE T 8 69 4 B P R IL B A S 49 M AR 2 ToU (Precision #= Dice & #05F X4 M 15473 B £ 42
AEI LR F &, BB EAES Lo A 3] 83.16%.,91.66% A= 90.81% A & 82.49%,90.50% #»
90.40%6 . #ARA RAAEB A LA, £ KFF SR A AR F IR BSR4
KER: BBEG s b 2T AIA AT 3 5 REB S HIERRS E ;U Net
HESES: TP391 XERIR RS : A

IR miZ, T, T, % 5T Translormer 5 2 2 7 2 07 AL 04 5% b 2= 5 UG 4 BBk oo ] 4L
P RAE 5 AL B, 2026,41(5) : 1480-1493. GAO Boyi, DING Xueming, DING Xuefeng, et al. Research on bladder
medical image segmentation algorithm based on Transformer and multi-level attention mechanism [J]. Journal of Data

Acquisition and Processing, 2026, 41(5):1480-1493.
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R TR JBE 2 ) 7 I~ RGBT At 2 PR 20 A . v U-Net 440 UL IS Wb i) Bk BR i 42 5 T
AR A REE LA B A AR 5 0 AT I 2 O 6 A ) L R SO T — o B TR A A LA B R L
i B ek i A0 A MITV-Net, 38 56 JB5 [ MIRT P& 450 14 05 A 2 23 1, BE A% HL 44 1 fifk A 23 e ik 76 #0475 2
DA MG SF 1 7 3 A B0 B9 BRI 7 1 o

WICEZTTHRAN T - (DT — Bl 22 RUEE B0 5 Bly 0 8080, 96 o A5 7 Jf 452 i AL 1 53 08 240 4% 19
715 (2) 38 3 P08 R AR i 5 e fe I 4, A R R R 0 42 Ry R BB B 5 [ R RE S A AR TE £
9 1R SCAF B (3) T A 9 MITV-Net #5875 15 JDe fif 6 LA B I I BE 1) 70 I 55 b S s 1 T JHG A 32 A5
TUPERE , B0k 1 %A 2 £ SE B R 7 S 50 I P v

1 HxIE

T AR, TR B 2 o) T 5 o AR Ui i 20 3 AR ) % DG e 6 SR R B D RE S R 5k A IF 5
TR A o 15 50 1 P 5 4k b3R8 4 ) P 1 A 5 T BRI 10 40 37 (38 T DX 4 1 O 1 R 3 T i 4
EIT R BEEHE AR BT 2% UM 4 (Fully convolutional network, FCN) . FCN J& H Long
AR 2015 4B Y VR 2 2T MR IF QI T B 2 AR 1R R GO SO AR LE T A% S 0 B A 2 0
(Convolutional neural network, CNN) H g8 #i i F1— AR % 5040 26, FCN B 6% 4 18 5 S A RO 8] RS
A48 22 G0 Y 00N 245 5%, DTG 552 B 1 i 38) i P9 % 3R N e SC 43, LA T SO A R IR T 3 R
WA 5 BEAR Zo v SURERL ) Al

2015 4F , WU A% F BF 9% 20 21 (CERN) I BF 5% A it Ronneberger 257 7E 2015 4 £k ¥y B2 2% 14 1= Br #k
BEE LA T U-Net W25 1% 0 28 5 0l Sy A Wy 1= 2 RS i i ol L ph e i W BR O 422 28 0 L 4 i T 4B
P 2 AR B RE HE 43 FIBE 7 o SRAT, U-Net £ 40 15 AR F8 A AE A9 S8R BE 7 LA SR A B, 7E SR S8 L R fiK
J2 AR 7 2 A ok b 5 2 R AT R A B TTRE O R o8 4 & LR A .l g — 2B BFSY , Oktay ¢
TE U-Net W 2% {4 JE Rl 4 T — Rl 91 = F1177 (Attention gate, AG) B T E 22 EMG 0 #] . AG Il
SRS RY T o 27 o] 0 A PR 8 T G DXl [R) B 5 S A 1 J SRR AR, DA TG 5 U-Net (19124 H1 B
FURFE SR BCRE 77 o (H 2, R4 Attention U-Net 38 ixf {1 25 J AL G % 4 5 X 51 2 D8l A G 3 (H X T —
LA /NG B BRI, T HLER AT RE R BB o8 4R 20 40 15 8, DT BN AR FR A AE 43 45 2R
R

B, Chen 2548 1y T TransUNet , B Transformer 5942 J& [ 1 3 S AL 55 U-Net i J5 35 45 AF 42 B
MIGE A 16 2 28 5 40 BURLO JIE 23 81 44T 45 b S T i M PEBE . A Hu 238 T 85 R 5 9 il
(Squeeze-and-excitation, SE)MEH i 1o i 3 A5 30 18 22 8] 19 AH AR OC 2 L [ 38 N Hh F BT A v )
P RS, S BLA (9 CNN A T 58 35 M MERE 3 T . Guan 25 SR 4 & #55 0KE SE B Rl A G B Bk 42 g
F| AGSE-VNet 70 v 24 I H T 3D MRI e o7 788 1 b 96 4 16145 50 %0, DAAR 2 B PERE . NS SRR F LA
Y 7E 38 58 [ 988 (Enhanced tumor, ET) #0984 .0 (Tumor core, TC) IX 3l 1% 43 1 250 A 1 e A~ i 97
(Whole tumor, WT) [X I , ¢ W48 50 75 b B /1N H 5 F1s 5S35 0 04 X 8k ] BE A7 76 A 2 . Wang %81
#H T LCANet M 4%, 3 F U-Net M 25 20 51 i A ResUNet Block ,SA &5, X Ji Bt Jih 88 1t 17 43 B HUAS T 48
TFRIAE R . Zhang 2R T — Bl L T 18 B8 AL A9 18 1D 8 R 4 #1 (ACS )R | 7 25 i 2 - A5 2% o
T 38 3 R ) AR S )V R R A B BR O 2R A N A R DG L G N T W A T R e B
K ACS Y F i g8 3 0V B O T o BB R L Rk AR — T4 T P 4 A S R A
FTDC-Net, B45 & 1 Transformer 4 515 5 712 i 4 BUBEER , F1 T ResNet50 1 Sy 2 % & 3 HUR 2 U K
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G . AR AITE KvasirSEG Fl ETIS-LARIBPOLYPDB Bii 4 [ 347 B9 5280 0 E 45 SR 22 0, Hife &
TE He bR B0 T R0 B A B . S 4E R DEA-Net [F 48158 1 3531 — > 40 5 19 5 1 3 7 B
(Detail enhancement attention block, DEAB) , 3 5 41l 17 34 5% 4% 1 ( Detail enhancement convolution, DE-
Conv) f1 N 25 & 51 (Content guided attention, CGA) , IR FHFFIE2E > g f b e L& aE . 78
— B I 1Y) Z5 A5 AT L 9 A0 AR R 0 55 505 1Y 0 AT R R B AT RIS B, DEA-Net B 5 55 ORI BEAS
MTEPEZ R T BE . XER BTEXMIES T, BR800 155 8 n] Bepl™ & X 2%, ALY Al e X LA
SER A X E R ANTT . VM-UNet 44580 5] A3k 2545 ] (Visual state space, VSS)HAE N
FERNHORHE AR Z 09 BN SCOFE R IR S AN X FR Y G 5 g i A 2R A5 A, DL B BRUE e . S8
B2k BB | B A RS 2 B R B9 B8, VM-UNet 9 PE RE I A A B . Hou 28 7R I T —Fh 3t
TR AL RURR AR RS 0 5, O N T A gl JoRn i 4 TR D

HA W B 22 WG - BB 40 U-Net S HAT A 1 Attention U-Net 55 R 4%, BAR7E K0 5 rh 2 0
PE5  (EAEAL BE /N FAR SR 21 5500 40 15 K 52 05 AT A7 A8 AN 2 4R ) e 7 B2 2R 30 5 s AR o B R I 0o
KSR [ S I AR RN FRAE . O TR LR e B, AR AR T — P B T Transformer F1 £ 2 & 1L
1 64 % D 1 2 P45 43 BB o Transformer BB 9% A 280 B2 8 b (09 42 Jm) bR SCME B i 22 )2 1 3 T LI
AL DAAE AN ) RUBE L o Ak 48 15 AN B RS 9 56 7, DT B2 v A5 T80 1) 43 BIORS J32 AR ) 2 A A 3 /0N B B T 4
R Y DR o BB B o TR R 2 2T AT R e i S 2 TR 43 R BIF SRR X R D, HLAR S 5 vA
T 5% I B s 1) MIRT RS 1 43 BRI T AN BARL BE X R ), A SCH HH MIV-Net 271 | 5 7E $2 4k —Fh Ay
RO Tr 56 R IT IR AR R .

2 MIV-Net &8 4y

U-Net % 2% B0 512 TR B 2% > 78 B 2 RUR 53 30 S8 i) — A F 82 0, LS5 48 0T 43 G B )23 R A )2
St 2 2 DT RS R RRAE 8 — R B 3X 3 E R A 2 X 2 Fr Kt AL )2 A i T SRR R . 7E 2
T [ 2% i — e 5 4 )2 T R MBI, B — 2 Z IR0 )2 74 452, 4 5 ORI 1 45 i o R AE [T A4 8 AR A7 T ]
T — 2 AT A A 2 A R F AR BUS AR RRAE o 0 )2 3 B0 57 30 SRR AR RS R B B AR
TR R Oy — A AR A EORAERLH T DR HCED R AR B 0 RRAE B AT EOR AR, B8 i 25U R
B RAT

TEFEAT FoRAEA R R rh B ORI T BRER % 45 2 o KB 3% 432 23 0 4 B 23 A R AR LR SR AR A 3
PR R AIE P 30 T 4 B b R AT 42, OF AT B R ERAE , T8 5 AR RS 18 . 3 2o 495 5 4 B 2 1) R AR TR 4R
F L AT DL G A2 Dk AR 45 B o

7E U-Net % £5 5 81 (1 FEfili 1, MIV-Net 51 A 2 2 WE & J1 il & (Multi-level attention fusion, MAF)
Bide 22 RO RO B F Bl 4 25 (Multi-scale core feature fusionizer, MCF ) FIHL 5E 458 1iF fi% A7 5 % ¥ ( Vision
Transformer, VIT) W £ , 34 5 7 #2806 F EGRRAE 19 2% > B8 7 o 38 o 78 Bk BR 3% 42 )2 b i A MCF Al
VIT, B R BE 8 76 22 A RUBE b 0 A 280 b 4 B2 LG 00 4 Jm AR AR ARRAGE , DA T i — 2D 4R 727 > g

TEf# 538 5y, MAF BEHB AR T 158 58 10 PR 2 84 o >R FH OB A% il 5 B Bt (Dual path fusion block,
DPFB) .ifll ifi i & /1 (Channel attention, CA) e 173 [a] 1 Z£ 77 (Spatial attention, SA ) Bk, i J2% 38 i %
CE ROST B AT B A A T X8 1 b DG 3 i A RCHE 79 A [ ] 3 R RR A 1 ) % 1 DXk, AT S5 3 2 5
TR WD TE AR B T, s 38 o IRIG 43 10 RS P A ol A Ak 1 — S HLA 5 % 7 R B 2 R
fR S5 . MIV-Net £52 5 fry 8 (A HEZ2 I P 1 BT .
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Fig.1 Bladder tumor segmentation model based on Transformer and multi-level attention mechanism

2.1 BEREZOHIERESE
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S35 5 1 ) R 0 2 BB A 3 i'mm--» ’=> \’ ——
1% MCF B85 151 45/ S5 F8 1 19 42 ’ Rt

. Fuse
i 41 . "

HIFHEAT LA T AL 18] F5RE fiE (Y W‘lﬁ’
fe WO 2 . MCF B0 25 4 4 ] 2 i

AR EB LT 3L My

(1) ZRELBR DX A BR% = Avg & Fc — Softmax (¥) Element-wise product = Sum
XeR"™ Oy g AT E K2 2 RERZORHE RS 25 254 ]
B 32, = (1) fros , 3% 8845 57 43 51 Fig.2  Structure diagram of MCF model

i A TR R/ A B (10X 13X 35X 5.7 X 7) #EAT A [a] B B 19 R AiE £ 3, DA A 31 AS [) 1) IR R AR A
B, ZJE S bR MEAL B R RT Re LU ST pRVES, P90 28 TR BE DR 45 A8 o SRR B BT AR v/ R A8 T O B J) 3 4
(4[] B, 0 B % 25 RS T 02 09 B SCAE R, DT B s AR 4 A SR AU M . A5 B 00 R AE 143
H M, M, M FM,FEE B RST LA 8 BOR i AR DR — B
M,=TFcon,(B(0(X))) (1)
K1 Feon, Rm & FUHRAE , BRARARUEIL LI, 0 378 Re LU SO R %K.
(2) FEAE P Rl S AR AL 7E 285 00 20 9 B FRARAE IS L4 40 A TR 45 R ST 2 O R 11E 181 15 47
Al Ll Sum BAE A N — D RREE O, i (2) frs 8 0ok A 24053 I RHIE {5 B RE 08 47 S5 %
BT — R R 2%, TN IS 2 I RRAE 27 ) SR IR B AT iy B SUFE B
O=M,+M,+M.+M, (2)
XTEEAE B O 3847 42 J5 - 13t 4k (Global average pooling, GAP) 435 Q, Q rh 48 i Wil (I L &
Fk X (3) Fron . it GAP AR 0] LI A R AE B O 128 [ 48 i s /0 S 8080 H R s it il G,
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THT T N [] T bk R A2 2% A 1 3 AT 55 Bsh (08 FH A ) 6 B 1 46 RO IR T RE 45 5 30— 26 40 1y v 22
W, DT 52 00 3 SR B o R ) 7 A B LA 02 2% T R R0 A0 1 1) B 2 BRI, 3K — ) BUJE R 28 . i
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MCF 3l i3 45 £ 2 KB R AE A 3 25 AR 1 75 3 (01 45 455 40 B 08 B g ot JH0 ft R o 2 R 1) B 22350 4
M A 54T 55 TC 55 B T . [RIBF , MCF A VR AR FE AN [R] (9 RO 1 b B RR Fl 42 308 Z i 407
TR SCE B o A RCE I BE 08 MR G UG A BARRRAEAS S, B 2008 10 8 BU B AT, 1 75 5 AR 8 R T
TIE 05 38 R P T AR
2.2 SEXFENBREESR
2.2.1 MBS KIR

B= 24 USRI 73 EUE 55 & 1608 B2 2 UG A 3 SO X308 43 ok . CNINGGE & DA [ B 42 4 ) 1
T SCHR RN o EFXZ S, A SCHR T DPEB, 38 1 A 5 1 8 BURNE: B8 L, BB 5K R A
PEAT A SO Rl A, DPFB 4544 1 151 3 fif s .

BN+ReLU

=|] Cony |/—— Output
—feom 19 - Sgmo ? O~ ’
igmoid
y f
Sigmoid
Sconv 1x3

X.

3 BB AR Rl A e 45 44 1]
Fig.3 Structure diagram of dual path fusion block
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A TR T, DA A B e ¢ B4 i R R AE T o X — RN BRAE ) B WS o8 T 3 i 22 0 1) i 4 BRI 3 AL
il A5 AN [) J2 I RRAE A Rl o i P RB A5 A RS, DT B T ASE A ) AR AE e TR RE T
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7E DPEB v, 24111 J2 0 R AE Py 78 B2 27 R85 BIAE 55 v Y 32 A 2 18 ol e A il 5, 36 3ol T AS [
J5 6] B 4 A%, DPFB AT LS 42 1 b 4 2 08 b i 5 A0 45 8, o i i A 3 7 vl Ak #2 4 F Sigmoid 3T BR
B, T LA S 25 M UE A R AR 1 A AR, DT 5% R AE 1 A 205 . DPF B REAS 51 4 3 35 By 9 25 X 73 [ 4
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A~ I ) T R R IR A
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Conv 2 + Sigmoid

1 H w
R2 avg( z) HXW hZ:] uzl i, h,w ( )

v 2 30 AT 4R N CKHXW B U #4755 K ik (Max pooling ) # 1

FEA o T AN IEE 1Y TR RIA A Output
v; = P (U;)=max;_, maxy_ U, , ., (5) 4 3 T AT A 1
T RE A S Bl ) £ TE HEAT AR AR B BT 50 A ALk R PG B 2 ] Fig 4 Structure diagram of chan-
M4 B, R — R 9 4 B MO pR B A R AR 1 A7 3 0 T A nel attention model
49 A, K ok 6 A S F A R I A A B AR ) R AR Y G 2k

XoF 38 S AR AR A AT S B
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A O FIRBHERRAE  F A F 23 BRI TX LB FZE o Fo X A8 i R AE R 17 B 4
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B, B AT B RE AR R0, 2 5 S5 A U ARG 2 i 25 i S B
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K Q7R IRZEITC KM T, ¢ IR Sigmoid PREL. Lt 30 (4,5) MALFRS , W 45 1T LL2= ) 81 4 Ja f B il
3 190 268 X T B AE BRRAE AT T B4 i BRAR L T £ T 9 4% 1) 1 8 AN K Gk BE L 2 TR A R O HUE 55
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2.2.3 =mREZE A
TEUR BE 27 2 A v R ) 2 R Ak 300 T by, SA RS B 3 i A 38 5 [R5 5L 30 285 b 80 4 o A B89
[F] 25 ) o7 ¥ ) S 1 Ok 3 i A AR R T I JC AR B o X — ML A Ak B 2 ) 4E S BE A8 A A T
BEARIVERE o 7F S 23 8]V 2 3 LI B, B 56 h B i A SRR AR 1 A 3l G A R BT 3 R R R A AR
BN WA AR A AR AE L, 23 AR A A0 8 b 0 Y0 B R AR B TS B 4 sl an =X (8, 9) i .
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Avg*%Z (¢, h,w) (8)
Xy =max"_ (X (c,h,w)) (9)
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25t Avg _out, fil Max _out, 75 3 X ., Fll X\, » H1 23500 75 30 45 A0F (&1 7 30 18 48 B E B 00 8 197 1R
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AR i R AE B 0 R R AEARAE O~1 2 ), FR FR L B A BN EERE, LB E
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3 b X A AL L 45 Y B 62 T 4 el A R R T A B O AE B DT AE b A O L S AT 55
i 2 g oA Af
&ﬁMMMFﬁmﬁﬁmeﬁ?%%ﬁ@“%%ACAﬁ&SA&&W$1%&%DHB$%
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K5 ZRWIHERE A B R

Fig.5 Structure diagram of multi-level attention fusion block
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VIT BRI AN 6 T 7

1E A #R 18 5 4k (Natural language processing, NLP) H B, Transformer i@ 1 £ 3k 7 2 77 L il >k 43
M A F 91 A [R A 8 2 18] 06 & JF 31535 67 38 A X T At 7 B 7 i K g A T DL fef R AR
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N TR B 4 3 R R ST — S R A 2 T B A AR R A B RS A% 2 8 0 TR Query
(Q) .Key (K)F1 Value (V) ke Ab #HIx SE I H 1 O R o AEX AN b B op B34 P B i) 15 2090 e 4 1 b g A7
ST R 1 AL R A AR T B 2z TR YOG 3R, DABA RS Y i 08 4 B2 380 B 0 41 F0 B R SOfE B
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s K RE ), W SR T T RMR AL BRAT: 55 R

HARUE A X o 283k 32 (g ko) BRI Q. ..-. ....
K.V 3 Ei#fr 2 kst s, ik g 8ot Q 5 K b i
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AR S X, 0SB T AR 28 R A A 1 B N 45 14
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VEJR 25 55 X, 6T 58 2 B S 2t 2 A0 s
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Attention(Q, K, V )= softmax \% (11)

Jd, OX.
FETIA VIT B, s 7 A8 568 /N 43 3 5 1 1 XA B o 31 Y o
fitt, ﬁmﬁﬁﬁi%i% R AR B e w1 B, DT 4 = 45 PERE . AH AR MLP
F CNN, VIT i i 2 3k 7@ 5 1 #L R 4l 52 R 0 & Ry R AE, vl L &
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Fig.6  Structure diagram of VIT model
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Table 1 Segmentation performance comparison of different segmentation algorithms on bladder tumors

%
VIRES ToU VOE Precision Dice
U-Net (2015) 74.98 25.02 81.16 85.70
UNet 3+ (2020) 78.34 21.66 85.98 87.86
Attention U-Net (2018) 80.64 19.36 87.41 89.28
UNet++ (2018) 66.93 33.07 87.18 80.19
TransUNet (2021) 76.02 23.98 86.88 86.83
AGSE-VNet (2022) 81.92 18.08 88.64 90.06
DEA-Net (2024) 79.34 20.66 89.35 88.48
VM-UNet (2024) 80.25 19.75 89.42 89.04
MIV-Net (4 30) 83.16 16.84 91.66 90.91
R2 FAESEEEIFERERNS B MRS LE
Table 2 Segmentation performance comparison of different segmentation algorithms on bladder walls
%

Vil ToU VOE Precision Dice
U-Net (2015) 75.34 24.66 82.15 85.93
UNet 3+ (2020) 74.63 25.37 79.29 85.47
Attention U-Net (2018) 79.58 20.42 86.86 88.63
UNet+ 4+ (2018) 66.93 33.07 87.18 80.19
TransUNet (2021) 73.25 26.75 83.99 84.56
AGSE-VNet (2022) 81.62 18.38 88.70 89.88
DEA-Net (2024) 77.81 22.19 89.12 87.52
VM-UNet (2024) 77.37 22.63 89.42 89.04
MIV-Net (4 30) 82.66 17.34 90.43 90.51
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(a) JRE (b) I (c) U-Net  (d) UNet++ (e) TransUNet (f) UNet 3+ (g) Attention (h) AGSE- (i) DEA-Net (j) VM-UNet (k) MIV-Net
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image truth (g) Attention  (h) AGSE-
U-Net VNet
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Fig.7 Visualization of segmentation performance comparison of different segmentation algorithms on bladder tumors

and bladder walls
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Table 3 Segmentation performance comparison of bladder tumors with the incorporation of different modules

%

ik ToU VOE Precision Dice
U-Net 74.98 25.02 81.16 85.70
+CNN 78.72 20.28 85.79 87.63
“+1InA 81.82 18.18 89.05 90.0
+MFC 81.92 18.08 88.64 90.06
+MFC_MAF 82.24 17.76 88.88 90.25
+MFC_VIT 82.47 17.53 90.82 90.4
MIV-Net 83.16 16.84 91.66 90.91

Fa NIRRT B B BE Y 4 BB R X B
Table 4 Segmentation performance comparison of bladder walls with the incorporation of different modules

%

7k ToU VOE Precision Dice
U-Net 75.34 24.66 82.15 85.93
+CNN 78.29 21.71 84.61 87.82

-+ InA 80.16 19.84 88.96 88.99
+MFC 81.62 18.38 88.70 89.88

+ MFC_MAF 81.74 18.16 89.67 89.95
+MFC _VIT 81.93 18.07 90.12 90.07
MIV-Net 82.66 17.34 90.43 90.51
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Fig.8 Visual comparison of ablation experimental results
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Research on Bladder Medical Image Segmentation Algorithm Based on Transformer

and Multi-level Attention Mechanism

GAO Boyi, DING Xueming', DING Xuefeng, HU Hongxiang
(School of Optical-Electrical & Computer Engineering, University of Shanghai for Science & Technology, Shanghai 200093, China)

Abstract: Deep learning technology has been widely applied to the field of medical image segmentation;
however, accurate segmentation of bladder images remains challenging. To address the segmentation of
bladder magnetic resonance imaging (MRI) iamges, this study proposes MIV-Net, an improved algorithm
based on feature fusion and attention mechanisms. The network introduces a multi-scale core feature
fusionizer (MCF) to aggregate feature information at different scales and enhance the representation of
local structures and boundary details. A vision Transformer (VIT) network is incorporated to capture long-
range dependencies, thereby improving the modeling of global contextual information. In the decoding
stage, a multilevel attention fusion (MAF) module is employed to integrate multi-level semantic and
spatial information, allowing the network to make better use of contextual cues and recover fine
segmentation details. Experiments are conducted on two tasks: Bladder wall segmentation and bladder
tumor segmentation. For bladder wall segmentation, MIV-Net achieves IoU, Precision, and Dice
coefficient values of 83.16%, 91.66% , and 90.81%, respectively. For bladder tumor segmentation, the
corresponding values are 82.49%, 90.50%, and 90.40%. These results demonstrate that MIV-Net
outperforms current mainstream methods across the key evaluation metrics and provides accurate
segmentation of both bladder walls and tumors. By jointly exploiting multi-scale local features, global
dependencies, and multi-level contextual information, the proposed model offers a promising technical
approach for automated bladder MRI image analysis and may support more accurate computer-aided
diagnosis of bladder cancer.

Highlights:

1. Propose MIV-Net by integrating the multi-scale core feature fusionizer (MCF) , vision Transformer
(VIT) network, and multi-level attention fusion (MAF ) module for bladder MRI image segmentation.

2. Enhance multi-scale feature extraction, global information modeling, and contextual information fusion
through the coordinated use of MCF, VIT, and MAF.

3. Achieve Dice scores of 90.81% and 90.40% for bladder wall and bladder tumor segmentations,
respectively, outperforming current mainstream methods.

Key words: bladder image segmentation; fusion attention mechanism; vision Transformer (VIT); multi-

scale core feature fusionizer (MCF); U-Net
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