B TR 2 3 20224F 12 H 55393 563 « 1181+

- BBEAREFAE -

—METERXSIMNEN TR E BB &N
ML IREIR 73875 0E

IEFD?, T F, PEC, #HEED, Tt

LI N T e B (JCHE 300350)

2. PR KA AL A AR B S8R % (KT 300350)

3. bR K2R = R 1B B BE2EAFSE T (AEAT 100083)

4. PR WIIBE B e R 5L AN R G 5E B (AR 518083)

UHE]  BREE G Rk B R & RIS, LT I % B PR, B el T U AR
IR S BOEEERE TR . I, ASCRR I T — R T AR O R 2% (GAN) 978 25 o 38 s 4 4 38 107 2 25 4]
B ET7E . DO RIS GRi BERER iy 0 (9 25 TN S0 I 25 2 Ao 73350 I 245 LA S ZE R O AL, 3 Tt ey
TERRRE ST, FEARBEIIOEACHERE , FHORE 23R S XTI AE &, TR 25 1R T 27 > SRR = T Y
BEBCRIE o S0 W 265 R A R 22 I 4, Il A DRISARZE I 2, DR IX 73 A niG o0 246 14 73 B 445 5 | IR ER H A
s, AN BT o BT REIEIR (MR) BB TR SR R AE A RECR A BEA T, 5 20 i 4
R38R 1 3 1 7535 0 PP R Y 8 T ek B, 4R D5 16 1) BT A R R B (DSC) 20l iR T 2.52% 5
6.10%. ASCITEARAR R T EIN LB A GRSy, WEAR S TS E AR R B9 23 HIRGEE, AT LAy fg e
M ER P53 B P A e R[] A

[RSBIT]  BEoEEG D& SR A PIR%% s RO FE N s RIS A 18

A generative adversarial network-based unsupervised domain adaptation method for
magnetic resonance image segmentation

SUN Yubo "2, LIU Jianan"?2, SUN Zewen® HAN Jianda"?* YU Ningbo"?*

1. College of Artificial Intelligence, Nankai University, Tianjin 300350, P. R. China

2. Tianjin Key Laboratory of Intelligent Robotics, Nankai University, Tianjin 300350, P. R. China

3. Institute of Sports Medicine, Peking University Third Hospital, Beijing 100083, P. R. China

4. Institute of Intelligence Technology and Robotic Systems, Shenzhen Research Institute of Nankai University, Shenzhen, Guangdong
518083, P. R. China

Corresponding author: YU Ningbo, Email: nyu@nankai.edu.cn

[ Abstract] Intelligent medical image segmentation methods have been rapidly developed and applied, while a
significant challenge is domain shift. That is, the segmentation performance degrades due to distribution differences
between the source domain and the target domain. This paper proposed an unsupervised end-to-end domain adaptation
medical image segmentation method based on the generative adversarial network (GAN). A network training and
adjustment model was designed, including segmentation and discriminant networks. In the segmentation network, the
residual module was used as the basic module to increase feature reusability and reduce model optimization difficulty.
Further, it learned cross-domain features at the image feature level with the help of the discriminant network and a
combination of segmentation loss with adversarial loss. The discriminant network took the convolutional neural network
and used the labels from the source domain, to distinguish whether the segmentation result of the generated network is
from the source domain or the target domain. The whole training process was unsupervised. The proposed method was
tested with experiments on a public dataset of knee magnetic resonance (MR) images and the clinical dataset from our
cooperative hospital. With our method, the mean Dice similarity coefficient (DSC) of segmentation results increased by

2.52% and 6.10% to the classical feature level and image level domain adaptive method. The proposed method effectively
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improves the domain adaptive ability of the segmentation method, significantly improves the segmentation accuracy of

the tibia and femur, and can better solve the domain transfer problem in MR image segmentation.

[ Key words] Medical image segmentation; Domain shift; Generative adversarial networks; Image level domain

adaptation; Feature level domain adaptation
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Fig.1 Flow chart of the proposed domain adaptation method
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Fig.2 Structure of the generator
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Fig.4 Training process of the GAN a. the generator training process; b. the discriminator training process
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Fig.5 Image comparison of different data sets
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Fig.6 Qualitative segmentation results comparison of different methods
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