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2 RZERAEZFOEAER K 300170
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|

M E OAMEAA MRIAZRNA 5 E T HERBAGBRZE ST EHET R P, 42 8 T 5] A Faster RCNN
F= U-net A4 69 MRI B# 5 2 7 %, @B AT Ik MRI 5 2 38k R4 % ACDC #= SCD, F e 6 R KB EB X B ENE
YAt 2 W%, B 4.8 A Faster RRCNN 3+ B AR A st 4740 A RN BT a2, 2R T L2085 T15 86, Lk,
st AL 22 )G 69 B AL #E 4T U-net %1, Bl B A % 3 5] X Faster RCNN &, 5t 5 3| & ey ik e b AR TR G, KRB T H kL Ao
s E, HRER LT Unet 0 F WA Foibn KT AR, %% Unet RARKARNB AR —BHBERLER, THYE
REW . HF kT3 A Dice 24 ACDCHIEE LA 0.89F 0. 94, 030 ZFHT 7.3%A 5% .4 SCD % #% % £ A
0.96 #2 0. 98, 5 A &HT 5% A 3%, FAT MRI Biges AL A 53,

%4817 : U-net; Faster R-CNN; MRI; > 2l & £ E 5% 3

REZESES TP391

Cardiac MRI Image Segmentation Based on Faster R-CNN and U-net

HAN Junling' , LT Bo* ,KANG Xiaodong' , YANG Jingyi' , LIU Hanging' and WANG Xiaotian'
1 School of Medical Tmage. Tianjin Medical University, Tianjin 300202, China
2 Department of the Third Central Clinical College of Tianjin Medical University, Tianjin 300170, China
Abstract In order to solve the problem that the segmentation accuracy of the existing MRI neural network is reduced due to the
diversity of input image information. An MRI image segmentation method using Faster R-CNN and U-net mechanism is pro-
posed. Selecting the public cardiac MRI segmentation challenge datasets ACDC and SCD,cleaning and modifing the format of the
dataset and sending them to the subsequent neural network. First, Faster R-CNN is applied to target image detection to prepro-
cess the original input image and remove redundant background information. Second, performing U-net segmentation on the pre-
processed images. At the same time,in order to test whether the performance and accuracy of the segmentation network are im-
proved after the introduction of Faster R-CNN, ablation experiments and comparison experiments are conducted. In the ablation
experiment, the detection and cropping module in the U-net segmentation network is removed,and the U-net and its improved
network are selected to do a set of ablation experiments respectively. Experiments show that the average intersection ratio and
Dice coefficient of the new method is 0. 89 and 0. 94 on the ACDC dataset, respectively, which is 7. 3% and 5% higher. On the
SCD dataset,it is 0. 96 and 0. 98, which is 5% and 3% higher, respectively. Automatic preprocessing and segmentation of MRI
images is achieved.
Keywords U-net,Faster R-CNN, MRI, Segmentation algorithm,Deep learning
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i K &, 1% 248 1% (Magnetic Resonance Imaging, MRI)
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R g 12 25 R 3 BN HOR AR N -HILEE & s B 3, K
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FAIWH U E A HTIW H (17YEXTZC00020)

AT EN R HAE IR B A AR R BR A
Wil 5 T HLAE (4 3 45 09 H 25 5587, GPU 1948 B Re 44 31
TR R R L UR B S BT S LAE R R R IR (R T
DL AAL B — AT E W A S BRI e R,
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7 BREEE S) B A FRAE S 2 MR . BRI & M
2% ALAFHLAS A 2T TR 2 T O T T A R N T RE 48 AR
R 2 R 0, 76 B8 2% R 43 3 S04 30 7 o B G T Rz
B, B 4 M 4% (Convolutional Neural Network, CNN)
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Fig.1 Faster R-CNN
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Fig. 3 Data preprocessing process
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Fig.4 Semantic segmentation networks with the introduction of Faster R-CNN and U-net
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