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[ Abstract ] Objective: To improve the accuracy and robustness of brain-tumor segmentation by leveraging multimodal magnetic
resonance imaging (MRI) and an inclusion-exclusion fusion principle within a novel multimodal inclusion-exclusion fusion network
(MIEF-Net). Methods: MRI images of brain glioma patients from Liaoning Provincial Cancer Hospital (Dalian University of
Technology Affiliated Cancer Hospital) between January 2021 and December 2023, along with MRI images from the BraTS2020
(Brain Tumor Segmentation Challenge 2020) public dataset were collected for whole-tumor (WT), enhancing-tumor (ET) and tumor-
core (TC) segmentation. Each cohort was randomly split 80% and 20 % for training and testing. All models—including the proposed
MIEF-Net and competing methods—were implemented in PyTorch and MindSpore using publicly released code. Pyramid vision
transformer v2 (PVTv2) pretrained on ImageNet-1k served as the backbone. Dice, HD95, sensitivity, accuracy, precision, recall and
intersection over union (IoU) were employed for evaluation; extensive comparative experiments were conducted. Results: This
study selected 150 in-hospital patients with brain gliomas and 427 multi-modal MRI images from the BraTS2020 public dataset
to construct a MIEF-Net model. It improved the RSF algorithm and proposed the MIEF-Net model. On the BraTS2020 dataset,
MIEF-Net achieved a Dice score of 0.933, sensitivity of 0.943, HD95 of 0.935, and IoU of 0.895. These metrics significantly
outperformed the comparison methods. Visual assessment revealed sharper and more accurate tumor boundaries. The inclusion—
exclusion strategy effectively integrated multimodal data, exploring both shared and modality-specific features. A cross-modal
collaborative integrator (CCI) further enhanced feature compatibility and informative correlation. On the clinical dataset, DWI
combined with other modalities yielded the best performance, whereas on BraTS2020 provided sufficient inclusion-exclusion
capacity. Cascaded multimodal feature mapping enabled comprehensive information exploitation, leading to higher accuracy and
robustness in delineating diverse brain tissues and lesions, and to clearer 3D reconstructions. Ablation studies confirmed that multi-
scale region-scalable fitting (MRSF), modal fusion enhancer (MFE) and CCI together efficiently mine rich patterns under the
inclusion-exclusion principle. Conclusion: The proposed MIEF-Net markedly outperforms traditional single-modality approaches in
alleviating the global-local feature imbalance inherent to segmentation. Visual comparison experiments further demonstrate that the
3D reconstructions generated by MIEF-Net deliver more accurate and distinctly delineated tumor boundaries.

[ Key words ] Brain tumor; Magnetic resonance imaging; Multimodal; Brain tumor segmentation; Medical image analysis
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Fig.8 Comparison results of MIEF-Net and other novel methods on the BraTS dataset
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Fig.10 Impact of different therapies on inclusive—exclusive fusion in the clinical and BraTS2020 datasets
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Tab.1 Ablation study of the inclusive—exclusive principle on the clinical dataset

Jrik R btk PR RS IoU
TIWIETIWIH+CE 0.822 0.813 0.812 0.829
TIWLET2WI 0.877 0.871 0.867 0.881
TIWLKDWI 0.831 0.839 0.835 0.847
TIWI+CE K T2WI 0.894 0.876 0.877 0.873
TIWI+CERDWI 0.892 0.881 0.855 0.887
T2WIKDWI 0.851 0.864 0.867 0.884
TIWI. TIWI+CE&T2WI 0.834 0.843 0.831 0.833
TIWI, TIWI+CE&DWI 0.891 0.895 0.893 0.891
TIWI, T2WLKDWI 0.899 0.892 0.883 0.871
TIWI+CE, T2WIHDWI 0.901 0.906 0.908 0.903
TIWI, TIWIH+CE, T2WI&DWI 0.911 0.916 0.927 0.908

F2 HETBraTS20208iE &£ S & -HEF RN H LK
Tab.2 Ablation study of the inclusive—exclusive principle on the BraTS2020 dataset

e KR A IoU

Jrid

WT TC ET ‘F¥{i WT TC ET V¥E WI TC ET F¥{E WT TC ET ‘Pl
TIWILX
TIWLCE 0.841 0.813 0.813 0.830  0.837 0.832 0.835 0.835 0.825 0.832 0.811 0.823 0.827 0.801 0.873 0.834

TIWLET2WI ~ 0.847 0.846 0.846 0.860 0.841 0.853 0.831 0.842 0.846 0.859 0.831 0.845 0.846 0.852 0.861 0.853
TIWILXFLAIR 0.851 0.857 0.857 0.854 0.838 0.832 0.829 0.833  0.806 0.812 0.897 0.838 0.865 0.878 0.901 0.881

T%;V\:;;CE& 0.939 0.902 0.902 0.925 0933 0944 0.901 0926 0917 0.925 0919 0921 0901 0.906 0.826 0.891
T;,EVAI:—]SE& 0.943 0905 0.905 0.933 0953 0945 0916 0938 0931 0929 0.932 0931 0923 0912 0.857 0.897
T2WIXFLAIR 0925 0.924 0.924 0927 0.946 0948 0.931 0.942 0.927 0.929 0915 0.924 0.918 0.906 0.891 0.905
TIWI,

TIWIHCEX  0.853 0.865 0.865 0.862 0.841 0.861 0.853 0.852 0.831 0.825 0.821 0.826 0.867 0.875 0.896 0.879
T2WI

TIWI,
TIWIHCEX  0.939 0.946 0.946 0.945 0943 0.948 0.938 0.943  0.934 0.929 0.935 0933 0.921 0911 0918 0917
FLAIR

T)lj(\giAféWI 0.941 0943 0943 0.944 0.943 0.947 0918 0.936 0.928 0.927 0949 0935 0918 0.905 0917 0913
TIWIFCE, 0.944 0906 0.906 0.934 0.951 0.955 0.927 0.944 0.926 0.932 0921 0926 0.923 0918 0.868 0.903

T2WI+FLAIR : : : : : : - - . . . . . . .
TIWI,

TIWI+CE. 0.949 0.953 0.953 0.955 0956 0.957 0.942 0.952 0.941 0.939 0929 0936 0.926 0919 0.939 0.928
T2WIXFLAIR

R3 FEERERBARER
Tab.3 Ablation study results of different modules

RS e VEpIES pEAEE S ToU
S281 (PVTV2) 0.868 0.859 0.857 0.873
S:H2 (PVTV2+MRSF ) 0.872 0.875 0.876 0.881
52853 ( PVTV2+MFE ) 0.891 0.882 0.897 0.879
52854 ( PVTv2+CCl) 0.893 0.879 0.901 0.882
LS ( PVTV2+MRSF+MFE ) 0.905 0.921 0.906 0.886
326 ( PVTv2+MRSF+CCI ) 0.912 0.919 0911 0.889
52857 ( PVTv2+MFE+CCI ) 0.921 0.931 0.917 0.892

S8 ( PVTv2+MRSF+MFE+CCI ) 0.935 0.944 0.925 0.899
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