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Segmentation of MRI Bladder Images by Deep Fully Convolutional Network

Han Wenzhong Kang Li Jiang Jingwan Huang Jianjun
(College of Information Engineering, Shenzhen University, Shenzhen, Guangdong 518060, China)

Abstract ; Bladder tumor tissue and bladder wall tissue of most patients with bladder cancer penetrate each other, with vari-
able size, shape, and position. And there are more complicated noises and artifacts in the image of bladder MRI. These
maked the precise segmentation of both the tumor and the bladder wall becomes a problem for diagnosis and quantitative a-
nalysis of the next treatment. In this paper, a deep convolutional network with U-net as the basic network framework has
been proposed. The residual network as a sub-module replaced the ordinary convolutional layer for downsampling, and the
dilated convolution has been used to extract the information of different receptive fields in the feature map by parallel branch
downsampling. Aiming at the problem with poor data sets, three methods of adding Gaussian noise, adjusting brightness
and anisotropic diffusion filtering have been proposed for data augmentation. The experimental results shown that the meth-
od proposed in this paper got a DSC value of 0. 9058 for bladder tumor, and the DSC value of the bladder wall segmentation
reached 0. 9038, which can achieve a good segmentation effect.

Key words: deep fully convolution; residual network; dilated convolution; downsampling; anisotropic diffusion filtering
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SERTAE 124y 430000, F4FFE T K2 16500
o A5 521% ( Magnetic Resonance Imaging, MRI) 1
FIRT Jen 96 L 0T 5% IO B 4 5 BRUKS 0 9 0 0 B T
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Fig. 1  Overall block diagram
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Fig.2 Network designed in this paper
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Hor 1A IR R AR, o s A8, ORI 3R
KAV (L) V(1) Ve (1) TV (1) & 72 Y
ANT7 IR S HAR R AE SR R S, 1M N, .S, (cE, |
FeW, S PO J7 1 b AR R AR

N, =exp JWZ””] 4)
5. —exp JV;””J (5)
oF. —exp _”V;’”'] (6)
oW, —exp _”V;’”] (7)

Xt BB T 25 1) S R 4 R S, i 2 e i e
CAHE = ASSEE, Ak R U R T
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BERER o MRIGSCI A, A SCRE A M 0. 15,k
HIME B 156

Sy TR A Y S A i R g
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(a) The original image
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Fig.5 The effect of data augmentation
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DSC(A,B):m 9) M2 SR AT LA AR U-net [45, i1

Ho, A UR AN TARTERY K, B AU 28 R 2% 7Y T3
e

4 ELWERRTH

AR ST S5 i I 140 200 9K R BR
batch_size 2k 5, 2% ) 3% 0. 00005 , epoch 4 15, %
Dice FLTE R EAE AN PRI,

4.1 iFEEIEY I8

ARSI 1 SRR S0 23 E SR 5
SR ] U-net [0 2, 5@ 1ok W 2H S 30 R R AT 4T L
S 1Y ZRAE 2 2000 5K AR &, 55 4 5L
B YIZREE R A Ba 1 5 1 8000 5K, T
T H B I IR % FDE R R JB e A A/ i i 22 1) DX (B
JHERE-+JiR ) 1) 3 EIMERR AR . e 1 A PIZH SR As R

*1 TR AR

Tab.1 The result of experiment 1

ANFRZEBEHHY Res-Unet W 28 AJ DLk 31 515 19 43 1
HERA A o TS IDE IR 7 70 31 E B 22 DA 88. 59% $i& Tt 3]
89.52% , I I BE 1) 73 1) ¥ 8 3 DA 88. 75% 4 TT 3
90. 15% , 71 fp5 I B + i 783 1) 2 50 Aty 23 DA 90. 24%
T3] 91.80%
4.3 HETREDZEN

ALY 3 ST F I 25 R B M 2% 061 5 )
ST RFEXS 23145 R 20, 8 4 = 21 S5k AT
XF H o B — 2 S e IR )11 5 ) £ 2 3 i A AR 4
FHY U-net 2%, 27 — 2H 6 BRI Ak 22 P 28 VR S
FRIEHEIUR B Y Res-Unet 2%, 57 = 2H 356 AR X 2%
JEAE Res-Unet ZEftli b #4770 30T R AE T 42 L 2
JREEHRFAE (1) Multiscale-Resunet 2%, =20 5256 111
R R 2 BE YR )5 1 8000 sK KR, R 3
SIS NER

*3 O3 4R
Tab.3 The result of experiment 3

Ji ke e 5 EleEE R ICRE + iR Ji% e g JEEERE  TEEIERE+ R
VG Rl 0.7675 0.8560 0.8753 U-net 0. 8859 0.8875 0.9024
Sl I 0. 889 08875 0.9024 Res-Unet 0. 8952 0.9015 0.9180
IR AR LA h, 3 BEET 5, =0 Muliscale-Resunet  0.9058 0.9038 0.9168

DRI 119 43 DR B2 30 A5 B R I B T, I e I e 11 431
TER N 76. 75% 2T 5] 88.59% , [ IHERE 114 43 1 v
W% N 85. 60% HETF 5] 88. 75% |, [ e BE + [FfIgd 11 43
R R M 87. 53% 45715 90. 24%
4.2 iF{L Resnet Fi&ih

ARSI 2 S PPAE Resnet A5 HUR AR 35 3 45
FREEAE T 3 B 45 00 R W), 308 20 1 4 5 560 S R 47 06
PO o 55— 2 S5 56 0k B4 I 25 I 445 2 3 3 4 B 45
(1) U-net P45, 575 — 20 BE IO I A 5% 25 ) 45 1 A
EFREUAE B 1Y) Res-Unet WX 2%, PR 2H 22 56 1 I 2 42
Bpe 2l BE 14 5 1 8000 sk &R, 32 gl
S ZE R

K2 OS24
Tab.2 The result of experiment 2
JB% Dk 7o JEERE  JBEIERE + R
U-net 0.8859 0.8875 0.9024
Res-Unet 0.8952 0.9015 0.9180

MF 3 85 R LLA W, #H X F Res-Unet [
2% HEAT 0 S SRAE 1 9 28 o) J e ek 9 F J 1) K E
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Resunet (L33 iy W 0, 1% Jb Jif 98 1 - 5500 9 18 258 DA
88.59% T+ F 90. 58% , i JbE BE B 43 1 v ff K M
88.75% $ETH5 90. 38% , 11 M5 e BE + ok I3 114 43 1) o
2R M\ 90. 24% $2 T3] 91. 68% .,

R AR S B 2 R () 5000 4 P S R 1
R TR T HORR ik 4

4 HHAb KGR
Tab.4 Comparison with the other best method
5 DL Fifr e JBEERE IR IERE -+
HoAtn Ty 0.9027 0.9123 0.9263
ARy 0.9058 0.9038 0.9168
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(a) The original image
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Fig.6  The result of our method
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