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Medical Image Segmentation Network Integrating Full-scale Feature Fusion and RNN with
Attention

SHAN Xinxin, LI Kai and WEN Ying
Shanghai Key Laboratory of Multidimensional Information Processing,School of Communication and Electronic Engineering, East China Normal

University, Shanghai 200241, China

Abstract The encoder-decoder network in deep learning has excellent performance in image feature extraction and hierarchical
feature fusion,and is often used in medical image segmentation. However, the current mainstream encoding and decoding network
segmentation methods still face two problems:1)in encoding and decoding stages,image feature information mined by a single
network may be insufficient;2) encoder-decoder networks using simple skip connections cannot fully exploit the contextual infor-
mation of full-scale features. Therefore,aiming at the shortcomings of the existing methods,an encoder-decoder network integra-
ting full-scale feature fusion and RNN with attention for medical image segmentation is proposed. At first, the convolutional
multi-layer perceptron(MLP) module combined with MLP is introduced in U-Net encoder to further expand the feature receptive
field of the encoder. Secondly, by the full-scale feature fusion module, the skip connection features of each scale are effectively
fused with coarse-grained information and fine-grained information. This operation reduces the semantic difference between the
skip-connection features of each scale and highlights the key feature information of the image. Finally, the decoder refines the
image feature information level by level through the proposed recurrent attention decoding module(RADU) combining recurrent
neural network(RNN) and attention mechanism,which strengthens feature extraction while avoiding information redundancy,and
obtains the final segmentation results. The proposed method is compared with the mainstream algorithms on BrainWeb, MR-
brainS, HVSMR and Choledoch datasets, the image segmentation precision is improved in pixel accuracy and dice similarity coeffi-
cient. Therefore, experimental results show that by introducing the full-scale feature fusion module and the proposed RADU, the

proposed method can achieve excellent segmentation results in image segmentation applications and has good noise robustness and
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Table 1  Ablation experimental results on datasets

%)

. BrainWeb MRBrainS HVSMR Choledoch

- PA DSC PA DSC PA DSC PA DSC

T % % MLP 99.69 99.38 97.41 91.43 93.53 87.86 78.27 75.00
TR EHMARBA  99.70 99.40 97.35 91.19 93.05 87.15 76.28 72.50
% CBAM 99.72 99.43 97.28 90.96 94.00 87.82 77.80 74.91

F GDL 1k @ 99.72 99.42 97.27 90.96 93.63 87.82 75.94 73.20
RAEA 99.74 99.46 97.35 91.22 94.21 88.39 79.34 75.18
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Table 2 Experiment result comparison on BrainWeb, MRBrainS, HVSMR and Choledoch datasets
%)
BrainWeb MRBrainS HVSMR Choledoch
S * IR
PA DSC PA DSC PA DSC PA DSC
FCN CVPR 2015 95.79 91.76 95. 64 86. 18 91.79 82.95 66.35 61.84
U-Net MICCALI 2015 99. 45 98.92 97.05 90. 21 92.79 85.93 65.57 62.10
SegNet TPAMI 2017 97.15 94.55 95.06 84.48 90. 27 80.99 65. 66 61.46
Attn-UNet MIDL 2018 99.71 99. 40 97.09 90. 33 93.72 87. 89 68. 20 64.98
U-Net3+ ICASSP 2020 99. 05 98.12 96.73 89.19 92. 87 85.66 71.09 67.36
CRDN AAAI 2020 99. 67 99. 34 97.18 90. 68 93. 88 88. 00 72.50 66.83
SFNet ECCV 2020 99.48 99.02 97.02 90.07 92.98 85.93 69.02 64. 20
DFM MICCAI 2020 99. 33 98. 62 96. 70 89.17 — — 64.53 59.58
Gu 4 r%jf;i?z%} 98.93 97.71 92. 46 84.74 - - - -
TransUNet CVPR 2021 94. 40 88.97 92.54 76.72 — — 69.57 61.11
MT— UNet ICASSP 2022 99. 05 98.13 96. 83 89. 60 — — 70.63 67.57
TCRNet ICASSP 2022 99.70 99. 40 97.25 90. 86 93.49 86. 66 76.38 72.80
Ours — 99.74 99. 46 97.35 91.22 94.21 88.39 79.34 75.18
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Table 3 Parameters and FLOPs of different models on Choledoch

dataset
S DSC/ % 4 FLOPs v SHE v
U-Net 3+ 67.36 198. 057X 107 26.975>108
CRDN 66.83 1.206 107 1.206 <106
SFNet 64. 20 5.117 X107 1.254 % 108
DFM 59.58 66.219>10° 34. 536108
Ours 75.18 234.570 X107 55. 823X 106
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Fig.5 Image segmentation results with Gaussian noise interference

on BrainWeb dataset
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Fig. 6 Image segmentation results with Offset field interference

on BrainWeb dataset
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Visualization of image segmentation results of various methods on BrainWeb and MRBrainS datasets
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