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Cell nuclear image segmentation based on generative adversarial
network and ResUNet

CHEN Li, WEI Yuxin, LIU Bin”
(School of Electronic Information and Artificial Intelligences, Shaanxi University of Science &. Technology ,Xi'an,
Shaanxi 710021, China)

Abstract : Accurate segmentation of cell nuclei is the basic work of pathological diagnosis, and for the
problems of current segmentation algorithms such as difficult extraction of fine features and much detail
loss,a segmentation network based on generative adversarial network (GAN) with ResUNet is proposed
in this paper. Firstly,the ResUNet network is used as the generative network,and the LeakyRel.U acti-
vation function is used to enable the activation of negative-valued features,followed by the discriminative
loss value of the discriminative network to guide the generative network to learn better. The experimen-
tal results show that the network in this paper achieves 82%,83% , 95% and 90%,90% ,97% of the e-
valuation indexes of MioU, Dice and Acc on the breast cancer cell nucleus dataset and DSB dataset, re-
spectively, which is 2. 5%, 3.3%,0.7% and 0. 7%,1.5%, 0.8% improvement over the ResUNet
network, respectively. At the same time, the segmentation results of six commonly used segmentation
network, such as SegNet and FCNS8s,are improved, and the results proved that the improved network
has better segmentation accuracy,which can provide an important basis for pathological diagnosis work.
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Tab.1 Parameter setting of each layer of generator
Input size Filter size Stride Output size
Input 256 X 256X 3 — — —
ResBlock(1) 256 X256 X 3 [3x3],[3x37],[3x3] 1,1,1 256 X256 X 64
ResBlock(2) 256X 256 X 64 [3%x3],[3x3],[3%X3] 1,1,2 128X 128X 128
ResBlock(3) 128X 128X 128 [3%3 1,[3%3],[3%x3] 1,1,2 64X 64X 256
ResBlock(4) 64 X 64 X 256 [3X3],[3%x37],[3%x3] 1,1,2 32X 32X512
ResBlock(5) 32X 32X512 [3%x3],[3%X3],[3%x3] 1,1,2 16X 16X 1024
Upsampling 16X 16X 1024 [2X2] 2 32X 32X 1024
ResBlock(6) 32X 32X1024 [3x37,[3%3 ],[3%X3] 1.1.1 32X 32X512
Upsampling 32X 32X512 [2X2] 2 64X 64X 512
ResBlock(7) 64X 64X512 [3%x3],[3%X3],[3%x3] 1,1,1 64 X 64X 256
Upsampling 64X 64X 256 [2X2] 2 128X 128X 256
ResBlock(8) 128X 128X 256 [3x3],[3x3],[3x3] 1,1,1 128 X128 X128
Upsampling 128X 128X 128 [2X2] 2 256 X 256 X 128
ResBlock(9) 256 X 256 X 128 [3x3],[3%X3],[3%x3] 1,1,1 256X 256X 64
Output 256 X 256 X 64 [1X1] 1 256 X256 X 1
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Fig. 6 Change of accuracy during each model training
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Fig. 9 Change of loss during each model training
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Tab.2 Segmentation results on breast cancer dataset

Model MioU/ % Dice/ % Acc/ % Precision/ % Recall/ %
SegNet 67.37 59.98 92.28 50. 60 76.09
FCNS8s 72.91 68. 49 93.97 64.12 75.18
VggUNet 74. 88 71.98 93.59 74. 38 72.72
UNet 75. 30 72.59 93. 81 74.56 73.57
DenseUNet 80.59 79.23 95.27 82.02 79. 82
ResUNet 80. 37 79.74 95. 14 81. 26 79.06
GAN_ResUNetl 82.44 82.30 95.63 84.65 80. 36
GAN_ResUNet2 82.88 83.12 95. 84 85.02 80. 96
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Tab.3 Segmentation results on DSB dataset

Model MioU/ % Dice/ % Ace/ % Precision/ % Recall/ %
SegNet 84. 32 85.01 95. 46 85. 07 88.13
FCNS8s 88.07 87.12 96. 98 87.12 88.97
VggUNet 88.95 87.85 97.76 86. 87 89. 89
UNet 88.47 87.87 97. 28 87.39 89.07
DenseUNet 89. 76 89.01 96. 98 90. 19 90. 26
ResUNet 89. 86 89. 29 97.18 90. 09 90. 15
GAN_ResUNetl 90. 35 90. 64 97.59 91. 36 90. 83
GAN_ResUNet2 90. 65 90. 84 97.99 91.76 91.03
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