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Automatic Lung Segmentation Using RCNN Combing U-Net in CT

BI Rong-rong ~ WANG Jin-ke
( Rongcheng Campus Harbin University of Science and Technology Rongcheng 264300 China)

Abstract: Aiming at the problem of automatic lung CT segmentation an improved U-Net model is proposed.
The model fully utilizes the advantages of U-Net model and Recurrent Convolutional Neural Network( RCNN)  and
it helps extract very lowevel features and ensure better performance with fewer numbers of network parameters.
Firstly in the encoding and decoding units a recurrent convolution layer replaced the forward convolutional layers
of the original U-Net models. Secondly an effective feature accumulation method was utilized from one part of the
network to the other. Finally the cropping and copying units were removed from the original U-Net model and only
the concatenation operations were retained. To evaluate the performance of the proposed scheme the comparative
segmentation experiments with state-of-the-art models were conducted in the LUNA16 datasets. The experimental
results proved a superiority of the proposed method on segmentation accuracy.
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Tab.2 Ablation study of proposed models
AC SE SP AUC DI JS F1
U—Net(u =2) 0.97517 0.8953 0.9913 0.9637 0.976 5 0.9632 0.9151
Trunk(u =2) 0.976 1 0.901 4 0.9920 0.9711 0.976 7 0.9697 0.9257
Trunk + RCL(x=2) 0.9813 0.9701 0.9930 0.9826 0.9794 0.9713 0.9614
RU-Net(u =2) 0.9842 0.9679 0.9952 0.990 1 0.9814 0.9907 0.9810
U-Net(u=3) 0.9837 0.9153 0.992 1 0.990 3 0.9793 0.992 1 0.9832
Trunk(u =3) 0.989 1 0.9223 0.9927 0.973 1 0.9772 0.9732 0.9358
Trunk + RCL(x=3) 0.990 1 0.9712 0.9932 0.9857 0.9807 0.9839 0.9715
RU-Net(u =3) 0.992 1 0.9739 0.9947 0.9911 0.984 3 0.994 1 0.987 1
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AC SE SP AUC DI JS F1
SegNet 0.978 1 0.978 2 0.9712 0.971 8 0.9613 0.978 1 0.9570
U-Net 0.9757 0.8953 0.9913 0.9637 0.976 5 0.9632 0.9151
CE-Net 0.9819 0.9598 0.9894 0.9895 0.980 1 0.9778 0.9519
RU-Net 0.984 2 0.9679 0.9952 0.990 1 0.9814 0.9907 0.9810
RCL m=2 o SegNet  U-Net CE-
RU-Net o 3 Net RU-Net 0. 61% -
SegNet U-Net CE-Net 0.85% 0.23% .
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Tab.4 Comparison of proposed models(u =3)
AC SE SP AUC DI JS F1
SegNet 0.9879 0.976 3 0.9862 0.9854 0.973 6 0.9889 0.978 1
U-Net 0.9897 0.9653 0.994 3 0.990 3 0.9793 0.9921 0.9832
CE-Net 0.9911 0.968 7 0.9915 0.9910 0.983 6 0.992 4 0.9837
RU-Net 0.992 1 0.9739 0.9947 0.991 1 0.9843 0.994 1 0.987 1
4 u=3 SegNet U-Net o
CE-Net RU-Net AUC ROC
o 0.42% .0. 24% 5 RU-Net AUC
0.10% - 3 —SegNet U-Net
AUC ROC CE-Net.
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