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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 in the field of medical image segmentation; however, precise
segmentation of bladder images remains challenging. This study addresses the issue of bladder MRI image segmentation by proposing
an improved algorithm based on feature fusion and attention mechanisms (MIV-Net). The algorithm introduces a Multi-scale Core
Feature Fusionizer (MCF) to enhance the model's image feature extraction capability, and a Vision Transformer (VIT) Network to
optimize global information processing. Additionally, the utilization of contextual information is enhanced during the decoding process
through the Multilevel Attention Fusion (MAF) module. Experimental results demonstrate that the MIV-Net model exhibits superior
performance in the segmentation of the bladder wall and bladder tumors. Key evaluation metrics such as loU, Precision, and Dice
coefficients significantly surpass current mainstream methods, achieving 83.16%, 91.66%, and 90.81% for bladder wall segmentation,
and 82.49%, 90.50%, and 90.40% for bladder tumor segmentation, respectively. This model not only shows technical innovation but
also holds promise for significantly improving the accuracy of bladder cancer diagnosis in practical applications.

Keywords: Bladder image segmentation; attention mechanism integration; Vision Transformer; Multi-scale Core Feature Fusionizer;
U-Net
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Horb, BRI AR %N 2015 AR AATEAE T % 0.6%, 2019 42 J5 N RFIEEE AP 1.8%[@, SR1, EBCE I S 2 mAnG
UL EEASPN? T
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2 2 A A JEURHAIE B RS R BAR (I RHEAS B, TEARRS AR 23 o — L3S T DUAS ERFEREHR, SRR 15 2 (R RFALE ) 2
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AW FAE U-Net AR 3ERE E, MIV-Net S|\ T 22 XKAEER S (Multi-level Attention Fusion, MAF) ik, %
R ORHERLA %% (Multiscale Core Feature Fusionizer, MCF) FIRLSAFE RN 5 H /4% (Vision Transformer, VIT) ,
R TR T RS ARIE M 2 2T 6 ) . IR TEBKERIE R I MCF FI VIT, BB Befs 7E 2 A R BB Aot il 4
B AR FRERE, HE— PR S R ).

TEMRRD Sy, MAF BEEEAR TAR SR B/ . RIS SRR IERL & B8 (Dual Path Fusion Block, DPFB) . J#i&iF
= 7J (Channel Attention, CA) FEHAIZS AV /) (Spatial Attention, SA) i, fFZEiEHURF, RF#fE, MG E
B S0 M e O v i N B (A [ S E FTARRAIE J ) & A X8, AT SEFL BRIt 2, b To oG iME B, e 17 BBy
FIRORETATE, RPN R AR — L B A R R A R . B AR RE L I ] 1 R, B4R TN T MIV-Net B3 424
HRERYIBEE N

Encoder Decoder
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e ey Roen ‘
ffffffffffffffffffffffffffffffffffffffffffffffffff MCKES- - - - - -~
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Fig. 1 The Bladder Tumor Segmentation Model Based on Transformer and Multi-level Attention Mechanism
2.1 BREBRUFHIMARS
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Fig. 2 MCF model structure diagram
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DEREBRSI: WMAEE X e RTYC, HRZ U IHTIHERS L, Wk (1 Pk, X853 HARR KN
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FRITH. FR, MCF Fevrt RAE AR I R AR, e 2058 2 (A5 A/0 L N SCE R . SR N REis AR s 15
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Fig. 3 Dual Path Fusion Block Structure Diagram
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R IT BN S o Fll Xoo [N XPRFAE ] x BE4T 353 AR HRAE, BEJEEATIH— A ReLU BUE RBULE, B RAESR AL
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W 2 07 B RFER AP, R E S R RHEERE G i FE B A B, AT SR TS (R AR I Tk
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DPFB AJ ABE 4 i $ B i a5 A (5 5 . il B & RO AR /E AT Sigmoid WOE AL, 7T DAZhaS R AE B AL, A
M HEFE B 205 5 . DPFB BLELAE 65 5 1 Hh A5 B 45 X 4 G R I A Rl 57, AN i 23 BRG
222 @iz &S CAHR

TR I, Re il R AE AT B RHE AL B R o, FAMETE R S R A AR AR M E L. AT A
FIF B TE 2 R AR OC R, W SCE AT TR Nl E AR RE R . B EEELEN 22" — AR R At HE
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Fig. 4 Channel Attention model structure diagram
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1
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Fig. 5 MAF Model Structure Diagram
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Fig. 6 Vision transformer model structure diagram
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3.4 EBIMRERIEE AT

N T BUESE H ) MIV-Net P25 (UG o BIvE R, AL 4 R UG o #I AT L, 45 R Inse 1 Ik 2
. W 1ATULEH, FEIZEHEAT 2 e R 4> B ToU. Precision. Dice 2% 5iA%] T 83.16%. 91.66%-. 90.91%, #H
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R 1 FFS BB BB R R 4 FIRER

Table 1 The segmentation performance of different segmentation algorithms on bladder tumors.

ik loU(%)  VOE(%)  Precision(%) Dice(%)
Unet(2015) 74.98 25.02 81.16 85.70
Unet3+(2020) 78.34 21.66 85.98 87.86
Attention_Unet(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 83.16 16.84 91.66 90.91

R 2 AR BIFEXT BEALEER 2 BIBCR

Table 2 The segmentation performance of different segmentation algorithms on the bladder wall

ik loU(%) VOE(%) Precision(%) Dice(%)
Unet(2015) 7534 24.66 8215 85.93
Unet3+(2020) 74.63 25.37 79.29 85.47
Attention_Unet(2018) 79.58 20.42 86.86 88.63
Unet++(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 82.66 17.34 90.43 90.51

MFE 2 FTUEH, MIV-Net BRI7EEAT S DERE 1 B % 20 0B PPN $8 4% 10U, Precision. Dice &5 AIEF] T 82.66%-
90.43%. 90.51%, AHH T-HAIER U-Net 3255 T 7.32%. 8.28%. 4.58%, VOE [I{H )y 17.34%, . U-Net & T 7.32%. Dice
Z A EL Unet3+32 5 5.04%, Eb Attention_Unet 15 1.88%, bt Unet++75; 10.32%, Et Transunet 75 5.95%, tt AGSE-VNet = 0.63%,
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Lt DEA-Net & 2.43%, Lt VM-UNet & 1.87%, AJLAEH, A0 0 ATHE H B 2 B e 70 s e B a4 PR MR RE B E
e F 15 2 06 El i A

Ak, 3R 1 F3R 2 AT LLE H, $EH I MIV-Net B8R b T B7E 19 = i A2 AGSE-VNetM, Unet3+201, Attention_Unetl®,
DEA-Netl*l, VM-UNetlel, Unet++21, TransunetlP?45 4 B8R B4 RAF IR,  HHLIER MIV-Net T EE B REAE SR EUR
Rl DL R Ay B S BE ARG 5 R IR A AR o AN 43 B B3] 155 e 8 R0 5 PO B 1) 4 A5 SR mT A 6f L i B 7 s

B I e e RS RUE TR 2 RE L I SRS, FEEAT 3 BT 43 FI0E B 22 KOG, FE 7 138 —ATRISE AT LR
AGSE-VNet. Unet3+. Attention_Unet. DEA-Net. VM-UNet. Unet++. Transunet 73Sk 2 500 B e Ak gg i1 7 DL B 25 42
BER/NAR— RS RS, BT i AR A, MIV-Net B8 50k v b 000 Ao AL RIS, B 350E T HSERIARZE

EE 7 A = AT DUAT AT LAE ) Unet3+. Attention_Unet. Unet++. Transunet. DEA-Net 43R5 75 T 00 i fe g ik,
UL TR, K P e B 2E AR T B T BRI RE s ZE S5 PU4T R Transunet. Attention_Unet. VM-UNet 15 74 76 T i Bt BE )
KIS IITE s JB5 I BE AR — LU 43 RARAR R, AR T 1A 2 (T 45 R A A, FAE KB A; MIV-Net
BRI BON E ARG DU, TSR BEEREHE 73 B 17 155 e BE R TR AN A B

(a) FE (b) ts (c) Un (d) Unet+ (€) Tra (1) Unet3p

K7 TH%*U%/%XTH;;H}'EH“FF“%DHﬁﬁ)’cﬂ*‘ﬂ’]/\*ﬂxﬁl%ﬂwu%xﬁH:

Fig. 7 Visualization of the segmentation performance comparison of different segmentation algorithms on bladder tumors and bladder
walls.

entio (h) AGSE-VNet (i) DEA-Net (j) VM-UNet

3.5 JHEASCH

T BB FUINN R 35 IR T JB5 I e e R B I e 7 S ROR IO, AESEIR PRI DL T, IR UCHs 2 RO
TR CNN B 2 RUEAZORHIERL G S AE . VIT BN S fiti k4 2 s dE AT s 6

JE5 O Pt 8 VS i S 6 PR LR R AR S R A0SR 3 FIos,  JBS IR PO 3 Rk S8 (1 LSRR 5 AR 4 P o 3T 7 M 431 R
&, EMAT ZRREE AT CNN fid, 2 RIEZORIER G s, VIT B, loU. Precision, Dice ##f
4.44%-5.87% ). Z R UGER G 2 R ORER G2 VIT B =Rl & 72 8k i 7 518CR 2
RIFI), R 3. 4 PR, RN T =Rz Ja, MZRAE loU, Precision, Dice %Ll & VOE RE AR I i tE,
SR A AE SR B R T R IR

3R 3 IR FIRLERS 15 o B 43 B0 R

Table 3 Visualization of the segmentation performance comparison of bladder tumors with the incorporation of different modules

Jii%: loU(%) VOE(%) Precision(%) Dice(%)
U-Net 74.98 25.02 81.16 85.70
+CNN 78.72 20.28 85.79 87.63
+InA 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 1753 90.82 90.4
MIV-Net 83.16 16.84 91.66 90.91

R 4 I FBLHO B k2 i) 2 B R

Table 4 Visualization of the segmentation performance comparison of bladder tumors with the incorporation of different modules
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T loU(%) VOE(%) Precision(%) Dice(%)
Unet 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

5 R B R 5 O e 1) T R T R s B EL P G Pl 8 i, RS AT R BT DU HEZE RS RRARAY U-Net SN T InAL MFC,
VIT S0 2 J5 , FEHEAT 15 I8 43 0, % P e F) vl R0 P R 0 S S o, Aol 2 77 45 40 DA B 300 S R B R
FREET U-Net SRR T CNN R AT M4 IS BF i T, FERI N T =AM 5, A SCO7 iR UG 2 E1 I O
TR FAF R T s, S EI T T AR T . TR, SE R AR (E (groundtruth,, GT)f¥14 FIROR .

FERE 7 AP AT RS PUAT B AT AL B R, U-Net AL H I T R DA R 3 MBS, EINT CNN B J5, nI#l
R IRIK IR 2, fEMAT InNA. MFC. VIT S5BERIHi%, BT /N Bk, iR (B4 E =AMEAITERAE L3k
PLAFRAE S 4l RINAR7

(a) i (b) 5% (¢) Unet (d) +InA (e) +CNN (f) +MFC (g) +viIT (h) MIV-Net

I8 v Rl s g AT AR EL 1
Fig. 8 Visualization of the comparison between ablation experiments

4 ERIE

AW FEHEH —FhHE T Transformer 522 23 & LI AOBEIEES 7 B G 2 B FUUAR R MIV-Net, BIFTEINA T 2 R
RFAERR A AR . MU RHE AR AT SR 4%, RO S T G2 RE B AR MRHEE 2. stoh, MRS mA T2
JERTE R DIt LRI 5 1 R ()T GRS A BE T DA SRR BRI AR S RE ), RIS A O] 7 AR5 2, AT fE S b
iR AT I e e A A b PRI s 2 BUERE . IS0 (X LE BB AT LSRG, A2 MR RS BRI, B
IE T HAESKPR R BB A E R RN TR IR S8R, R R R RS AR, etk Gy
FIBOARHET BT 2 [ B2 2 R A BN F o
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