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Research on 2D MR brain tumor image segmentation algorithm
based on multimodal fusion

LI Nan, ZHANG Hongli”
(College of Electrical Engineering, Xinjiang University, Urumgqi. Xinjiang 830004, China)

Abstract ;: Aiming at the differences in tumor status presented by different modalities of MR brain tumor
images and the limitations of feature extraction by convolutional neural networks (CNNs),a method of
brain tumor image segmentation based on multimodal fusion is proposed. The segmentation model is
based on the U-net network, which innovate a multimodal image fusion approach to enhance the feature
extraction capability,while a channel cross transformer (CCT) module is introduced instead of the jump
connection structure in the U-net to further the deep and shallow feature disparity and spatial dependen-
cy.fusing the multi-scale features effectively and enhancing the tumor segmentation capability. The re-
sults of multi-objective segmentation are verified on the BraTS dataset. Quantitative analysis and com-
parison of frontier network segmentation results shows that the proposed method has good segmentation
performance. The Dice coefficients of three tumor regions are 80% ,74% and 71% respectively.
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Tab.1 Multimodal image fusion parameter table

Coding Input size Output size
Convl 224 X224 X1 224 X224 X32

Max pooling layer 1 224X 224X32  112X112X32
(after merging) 224 X224 X 64 112X112X64
Conv?2 112X112X32  112X112X64
112X112X64 112X112X128

Max pooling layer 2 112X 112X64 56 X56 X 64
112X 112X192 56 X56X192

Conv3 56 X56 X 64 ::)6><56><128

56 X56 X192 56 X56 X384

Max pooling layer 3 56 X56 X128 28 X 28 X128
56 X56 X512 28X 28X512

Convi 28X 28X 128 28X 28X 256
28 X 28 X512 28X 28X1024
Max pooling layer 4 28X 28X1280  14X14X1280

Middle bridge 14 X14X2560
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Tab.2 Ablation experiments
Method DSC S PPV Jaccard
Label/ % TC WT ET TC WT ET TC WT ET TC WT ET

U-net+ Parallel
fusion method

U-net+ New fusion
method

68.96 75.35

60.3 77.29

74 63.1 68.51 81.25 71.72 58.98 63.12 48.97

69.93 76.97 60.72 78.24 73.12 64.02 69.74 83.96 73.62 61.54 66.89 52.41

MTU-net+ Parallel

fusion method

MTU-net+ New

fusion method

72.90 78.16 70.24 78.11 77.62 71.28 76.83 82.39 84.44 66.37 65.78 59.31

74.43 80.02 71.25 80.23 76.18 71.81 78.66 86.89 85.74 69.54 67.13 61.42
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Tab.3 Experimental data
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MTU-net 74.43 80.02 71.25
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g U-net 77.29 74 63.1
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