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1 Fundamentals of Brain Tumor MRI Segmentation

Example of Brain Tumor MRI Segmentation Task

3D MRI Example

Brain Tumor MRI Imaging Process

• Medical image segmentation, especially brain tumor 

MRI segmentation, is a core task in intelligent medical 

diagnosis. Accurate segmentation results can 

significantly improve lesion localization accuracy and 

enhance the efficiency of treatment planning.



1 Fundamentals of Brain Tumor MRI Segmentation

• To reduce computational costs, 3D MRI scans are often 

processed as 2D slices, which include images from the 

coronal, sagittal, and axial planes.

Example of Brain Tumor MRI Segmentation Task 2D MRI Acquisition Process

• Medical image segmentation, especially brain tumor 

MRI segmentation, is a core task in intelligent medical 

diagnosis. Accurate segmentation results can 

significantly improve lesion localization accuracy and 

enhance the efficiency of treatment planning.



2 Related Work

• Conventional methods based on thresholding and region growing 

struggle to meet clinical requirements for accuracy and robustness.

• Traditional Segmentation Algorithms
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• Convolutional neural network architectures represented by U-Net 
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2 Related Work

• Sequence-Based Segmentation Algorithms

• With advances in natural language processing, sequence attention 

models such as Transformer, LSTM, and Mamba have been 

introduced into segmentation tasks. These models capture long-

range dependencies and global contextual relationships, further 

enhancing the performance of brain tumor segmentation.Illustration of Development Trends 

in Brain Tumor MRI Segmentation Methods
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2 Related Work

• Q1: However, existing 2D algorithms suffer 

from low accuracy, while 3D algorithms 

incur high computational costs. What causes 

this gap?

Illustration of Development Trends 
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2 Related Work

• A1: There exist sequential correlations among 

MRI slices! 2D algorithms struggle to capture 

them, while 3D algorithms require extensive 

computation.

Illustration of Development Trends 

in Brain Tumor MRI Segmentation Methods

• Q1: However, existing 2D algorithms suffer 

from low accuracy, while 3D algorithms 

incur high computational costs. What causes 

this gap?
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Slice sequence along a 

specific plane

3D MRI Image

…

2 Brain MRI Slice Sequence Modeling Strategies



…

• There exists spatial correlation among 

MRI slices as a “temporal-like” sequence.

• The position and size of lesions vary 

continuously across slices due to spatial 

continuity.

2 Brain MRI Slice Sequence Modeling Strategies

3D MRI Image

Slice sequence along a 

specific plane



2 M-Net MRI Sequential Segmentation Network

(a) M-Net Architecture (b)(c) M-Net Basic Visual Backbone

*Lu J, Ding H, Zhang S, et al. 

M-Net: MRI Brain Tumor Sequential Segmentation Network via Mesh-Cast[J]. arXiv preprint arXiv:2507.20582, 2025.
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2 M-Net MRI Sequential Segmentation Network

• M-Net alternately captures temporal and modality 

correlations in multi-modal MRI sequences 

through the proposed Mesh-Cast mechanism.

• To improve training efficiency, a Two-Phase 

Shuffling (TPS) strategy is designed, which feeds 

data in a “shuffle-then-order” manner.TPS训练策略
*Lu J, Ding H, Zhang S, et al. 

M-Net: MRI Brain Tumor Sequential Segmentation Network via Mesh-Cast[J]. arXiv preprint arXiv:2507.20582, 2025.
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3 Datasets and Evaluation Metrics

Examples of Brain MRI Slices from BraTS 2019 and BraTS 2023

• Each processed MRI volume has a size of 

155 × 160 × 160, which is then divided into 

155 two-dimensional slices of 160 × 160 

pixels.

• For each case, 15 consecutive slices are 

combined into a sequence, including the 

target slice and its neighboring slices.

• Hausdorff Distance (HD) 

𝐻𝑎𝑢𝑠 𝐴, 𝐵 = max(
𝑆𝐴𝜖𝑆 𝐴

max
𝑑 𝑆𝐴, 𝑆 𝐵 , 𝑆𝐵𝜖𝑆(𝐵)

max(𝑑(𝑆𝐵, 𝑆 𝐴 )))

• Dice Score

𝐷𝑖𝑐𝑒 =
2𝑇𝑃

𝐹𝑃 + 2𝑇𝑃 + 𝐹𝑁

• TP：True Positive   TN：True Negative

• FP：False Positive  FN：False Negative



3 Ablation Study

In horizontal comparisons, all variants of the 

Mesh-Cast module and TPS training strategy 

contribute to significant performance 

improvements.



3 Ablation Study

Examples of Multi-sequential Module (TPS) segmentation results in the ablation 

study. From left to right: Flair modality, input image, Ground Truth (GT), and 

segmentation results of different M-Net configurations.
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Mesh-Cast module and TPS training strategy 

contribute to significant performance 

improvements.
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3 Comparison With Mainstream Algorithms

• Radar charts comparing M-Net with various mainstream models 

on the BraTS 2023 and 2019 datasets demonstrate its nearly 

comprehensive performance superiority.

• Combining qualitative and quantitative analyses, M-Net achieves 

a well-balanced trade-off between accuracy and efficiency, 

validating the effectiveness of sequence-based MRI tumor 

segmentation.



Conclusion 
and Outlook 
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4 Conclusion

M-Net introduces a new sequential perspective 
to brain MRI segmentation tasks.

➢ Addressing the neglect of inter-slice correlations 
in existing brain tumor MRI segmentation 
algorithms.

➢ Proposing the M-Net sequential segmentation 
framework, which treats multi-modal MRI slices 
as ‘temporal-like’ inputs.

➢ Introduces the Mesh-Cast module and TPS 
strategy specifically designed for sequential 
segmentation.

➢ Experiments show that M-Net achieves state-of-
the-art performance on the BraTS 2019 and BraTS
2023 datasets.



4 M-Net in ICCV 2025

• arXiv preprint：

• Lu J, Ding H, Zhang S, et al. M-Net: MRI Brain Tumor 

Sequential Segmentation Network via Mesh-Cast[J]. 

arXiv preprint arXiv:2507.20582, 2025.
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4 Outlook

In horizontal comparisons, all variants of the 

Mesh-Cast module and TPS training strategy 

contribute to significant performance 

improvements.

• Q2: It seems that Shuffle performs better than Ordered 

• — so why do we still use the Ordered setting?

• A2: The frequency characteristics of sequential images 

determine that each approach — Shuffle and 

Ordered — has its own advantages and disadvantages!

Our future work will illustrate the reason. 



Thanks
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