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Application of multimodal weakly-supervised learning in image synthesis and segmentation of
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Abstract: Although it has high resolution for soft tissues, magnetic resonance imaging (MRI) is not the standard for chest
imaging, which results in an insufficient amount of expert-annotated MRI data. Therefore, CT image is usually converted into
MRI image. To overcome the difficulty of obtaining the corresponding modal CT and MRI images, a CSCGAN model with
CycleGAN as the framework is proposed based on the structural characteristics of generative adversarial networks.
Considering the possibility of mode collapse in CycleGAN, StyleGan2 which can control the style and feature details of the
synthetic image and realize the synthesis of high-resolution images is integrated into CycleGAN for reconstructing the

generator. A noise module is introduced to reduce external interference. In addition, in order to prevent the loss of tumors

data can improve the segmentation accuracy.

during conversion, the discriminator structure of the network is modified, and a mixed attention mechanism is added.
model are improved in Dice similarity coefficient, Hausdorff distance, volume ratio and mean intersection over union,

Experimental results show that compared with the images generated by other methods, those generated by the proposed

indicating that the proposed method can effectively realize the mode conversion of liver tumor images, and that the generated
attention mechanism
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Figure 1 Framework flowchart of image synthesis and

segmentation model
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Figure 2 Diagrams of liver tumor image synthesis and

segmentation model

2.1 R

R — Fh O B 2 S A5 A i X470 ) 4% 48
PR 2 B P 245 000 J31) P 248 A B %) B AR T3, AR AR
SRR A R 2 A R B HIL A R RS
MR A BT R B RO B R AR H S Yl
B, AR R R AR R i LS TR 2 R
TP o 0] X % L S P Sl sl A ) 4 i o
S5 RAE Rt A FLAE P2 B0 ) A 2 S 1 B
W2 A B B BRI o A N 285 A E XTI, A T 9
S,
2.1.1 CycleGAN # %) CycleGAN J&— />l 4 X 4F
D B H 0 25 AL R S5 4, R T 58 A T 1Y
B . AEA s b, A Sk g s AR AN ER 4 .
B3 B, X 3m X A S, Y =R Y H bR
MG . Ay GRom X3 YR B Rl FRR Y
B X B A5 FNi AR e, D, AL D, FR G F AN G
AE. X GAERL Y, PRt F a0 s s X R RIS
A A5 DrUH Y S R E TR 3 1 YR RS . B DR R A B
XEA(X—YI7 1) GLER BRI A Y, D, 5] Vi
U, SRR K 2R A F AR IR E Y 3% A (Y—X 7

I6] ) 3 25 4 A 0 3 P B X, ok LS XOR A B X ik
W o Sz, Bt A s (Y—X) F i i F 50 4 D,
PEATISR

é G Aé _ G
C— B SR MR E
j/—\ | F | F
D, D, |

Y E Y
) :8}\\A

TEFR—E R

TP — Bk
E 3 CycleGAN Z5#
Figure 3 Structure of CycleGAN
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Figure 13 U-Net segmentation results using data generated by different networks
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Table 1 Segmentation accuracy of different data augmentation strategies using U-Net

WAE4E Wik
ik
DSC HD95/mm VR DSC HD95/mm VR

RF+fCRF 0.49+0.17  12.44+1031  0.58+0.63 0.53£0.20  14.81£10.27  0.59+0.48
U-Net(tMRI) 0.64+025  7.01£7.23  0.33+0.30 0.50+0.27  18.59+13.87  0.52+0.30
CycleGAN(t&p MRI)  0.58+0.22  11.21+6.47  0.52+0.52 0.64+0.18  15.37+10.59  0.55+0.98
StyleGAN(t&p MRI) 0.61£0.28  8.52+6.19  0.55+0.58 0.57+0.19  18.03+14.20  0.41+0.34
GAN(t&p MRI) 0.59+0.23  10.87+6.01  0.47+0.37 0.63£0.23  16.11£15.01  0.49+0.36
StarGAN(t&p MRI) 0.66+0.27  7.874#4.37  0.64+0.41 0.60+0.22  20.37+18.07  0.34+0.51
AR3CT7 ¥ (t&p MRI) 0714020  5.7243.41  0.26+0.17 0.74+0.13  10.3146.57  0.17+0.18
AT (pMRI) 0.62+0.25  7.5245.81  0.35+0.29 0.72£0.15  12.53+11.38  0.28+0.21

Table 2 Segmentation accuracy of different data augmentation strategies using RFCN and DFCN

%<2 {£F RFCN#I DFCN It EA R HIRT RRBEH 2 EIEE

BIFEE Wik gE
Tii: g 2%
DSC HD95/mm VR DSC HD95/mm VR
U-Net(tMRI) RFCN  0.63+£0.22  9.01£5.23  0.31+0.32 0.51+0.24 23.78+16.90  0.50+0.24
DFCN  0.67+0.26  8.36+4.73  0.28+0.27 0.58+0.25 24.88+16.23  0.53+0.92
CycleGAN(t&p MRI)  RFCN  0.54+0.32  11.71+5.38  0.42+0.32 0.59+0.20 18.35+£12.59  0.56+1.01
DFCN  0.60+0.28 10.02+5.83  0.33+0.24 0.61+0.18 23.80+17.58  0.38+0.55
StyleGAN (t&p MRI) RFCN  0.43+£0.27 16.52+6.18  0.55+0.52 0.59+0.29 20.03+13.09  0.49+1.26
DFCN  0.61+0.24  9.85+6.85  0.49+0.37 0.56+0.26 25.30+21.02  0.44+0.38
GAN(t&p MRI) RFCN  0.50+0.29 11.87+8.00  0.46+0.38 0.55+0.28 22.11+15.87  0.55+0.93
DFCN  0.52+0.33  12.73+£9.09  0.50+0.41 0.54+0.26 23.09+16.01  0.51£0.76
StarGAN(t&p MRI) RFCN  0.67£0.25  7.56+4.52  0.40+0.41 0.60+0.25 17.37£17.07  0.34+0.47
DFCN  0.68+0.20  6.46+4.28  0.45+0.44 0.58+0.23 27.87+22.88  0.46+0.51
AC)H(t&p MRI)  RFCN  0.74£021  6.83+4.21  0.27+0.21 0.75+0.17 15.3147.57  0.22+0.20
DFCN  0.72£0.20  6.53+5.13  0.30+0.27 0.77+0.16 14.28+8.03  0.19+0.17
AR CT5 ¥ (pMRI) RFCN  0.54+0.24 10.28+5.78  0.37+0.31 0.68+0.20 18.35+12.80  0.29+0.27
DFCN  0.60+0.21  11.03+5.37  0.45+0.29 0.65+0.18 19.99+11.83  0.23+0.22
=3 NELGIE B EIEN 2B R (%)
Table 3 Effects of different proportions of generated data on segmentation results (%)
FCN(MlIoU) U-Net(MIoU)
tMRI
10% gMRI  25% gMRI ~ 50% gMRI  100% gMRI 10% gMRI  25% gMRI ~ 50% gMRI  100% gMRI
10% 48.75 54.30 59.53 62.82 45.05 53.36 62.53 68.56
25% 50.03 57.96 66.33 70.59 53.20 60.01 67.94 74.87
50% 52.89 64.83 73.55 79.12 56.99 66.38 79.01 80.37
100% 55.27 65.66 73.01 81.42 58.00 68.35 64.05 83.71

FCN: 242 M 2% s tMRI: HL52 MRI B4 ; gMRI: 2E i MRI & MIoU : 343831 L
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