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Segmentation of neural structure in electron microscopy image based on Group-Depth U-Net

LI Yuhui, LIANG Chuangxue, LI Jun

School of Physics and Telecommunication Engineering, South China Normal University, Guangzhou 510006, China

Abstract: Aiming at the problems of electron microscopy (EM) imaging, such as boundary damage, fuzzy inhomogeneity and
difficulty of localization due to the complex contour texture of neural structure itself, a deep convolutional neural network model,
Group-Depth U-Net, is proposed to realize automatic segmentation of neural structure in EM image. In the proposed model, a deeper
U-Net architecture is used as the backbone network to obtain more abundant image feature information. Meanwhile, group
convolutional network structure is adopted to make the model more efficient and prevent over-fitting, thus improving the accuracy
and efficiency of segmentation. The experiments on the open data set show that the proposed model achieves a higher segmentation
accuracy than U-Net.
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Tab.2 Comparison of results of segmentation by different models (a)

il Warping Error l Rand Error | Pixel Error |
Marijn F'28 0.000 5 0.470 0 0.062 0
L-FCN[! - 0.059 7
IDSIA™? 0.000 4 0.048 0 0.060 0
U-Net 0.000 3 0.038 2 0.061 1
G-D U-Net 0.001 7 0.029 4 0.042 0
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Tab.3 Comparison of results of segmentation by different models (b)

o yrand 1 yinfo

U-Net 0.943 2 0.956 2
Contextual U-Net!3! 0.936 6 0.973 7
G-D U-Net 09514 0.979 6
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Tab.4 Comparison of results of segmentation by different models (c)

il Dice? HD! Recall] Sensitivity T Conformity 1
U-Net 09544 88 0.948 9 0.945 5 0.904 4
G-D U-Net 0.958 5 85 0.9573 0.958 5 09121
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Tab.5 Comparison of results of segmentation by different deep models

IR DiceT HD | Recall? Sensitivity I Conformity T
G-DU-Netl 09441 89 09447 0.943 4 0.8815
G-D U-Net2 0.9475 87  0.9500 0.945 0 0.889 1
G-D U-Net 09585 85 0.9573 0.958 5 09121
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Tab.6 Effect of group convolution on segmentation performance

b sitl DiceT HD| Recall T Sensitivity T Conformity T
G-D U-Net3 09525 88 0.944 9 0.950 3 0.900 2
G-D U-Net4 0.9492 89 0.943 2 0.948 9 0.892 9
G-DU-Net 09585 85  0.9573 0.9585 09121
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Fig.4 Effect of different loss functions on segmentation performance
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Tab.7 Effect of different loss functions on segmentation performance

R Dice?T HD/| Recall! Sensitivity il Conformity i
G-D U-Net5 09467 86 0.933 8 0.947 6 0.8873
G-D U-Net6 09499 88 0.939 8 0.940 3 0.894 4
G-D U-Net 09585 85 0.9573 0.958 5 09121
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