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Fig. 1 Results after data pre-processing
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Fig. 2 The proposed MRI image segmentation model
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Table 2 Statistical results of evaluation indicators
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Fig. 5 Segmentation results for a typical case
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Table 3  Comparison of experimental results

A MIoU HD Dice
U2-Net!30! 0.611 4.158 0.709
U-Net! 7] 0.557 4.210 0.717
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Fig. 6 Segmentation results via traditional machine learning methods and the proposed approach
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Table 4 Results of ablation experiments
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Segmentation of multifidus muscle MRI images via improved U2-Net

WANG Zimin' ZHOU Yue' GUAN Tinggiang' GUO Xin' HU Wei® WANG Maofa'
1 School of Computer Science and Information Security , Guilin University of Electronic Technology , Guilin 541004, China
2 Liuzhou People’s Hospital , Liuzhou 545006, China

Abstract To address the low segmentation accuracy of multifidus muscle lesion sites in MRI images of patients
with lumbar disc herniation , this paper proposes a new model to improve the U2-Net network with the goal that the
encoding and decoding subnetworks are interconnected by a series of nested jump paths.To reduce the semantic
missing of feature maps in the encoding and decoding subnetworks, the jump connections in the middle of RSU-7,
RSU-6,RSU-5,and RSU-4 in the U2-Net model are redesigned , while the RSU-4F part remains unchanged.In addi-
tion , the channel attention module is added to enable the net to focus on channels of higher contribution to task , thus
extract high quality multifractal muscle features.The experiments on the multifidus muscle MRI image dataset show
that the improved U2-Net outperforms U-Net,U2-Net and U-Net++ network in indicators of Dice,HD and MIoU.It
can be concluded that the proposed approach has good performance on MRI image segmentation of multifidus mus-
cle,which can assist doctors to make diagnosis.

Key words magnetic resonance imaging ( MRI) ; deep learning; medical image segmentation ; multifidus muscle ;

attention mechanism ;thick link ; U2-Net



