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Abstract 

Reliable fusion of multi-sequence MRI remains challenging due to heterogeneous contrast, 

inconsistent noise patterns, and missing modalities. This work presents X-MambaSeg, a cross-modal 

alignment framework that integrates long-range contextual modeling with modality-consistent 

feature learning. The architecture employs a dual-branch Mamba encoder to separately extract 

representations from FLAIR, T1, and T2 sequences, while a contrastive alignment mechanism 

encourages structural consistency across modalities. A multi-scale fusion module further enhances 

boundary sensitivity, and a distribution-calibrated decoder mitigates intensity drift during 

reconstruction. Experiments on BraTS2023 (1,525 subjects; 1,200 for training and 325 for testing) 

demonstrate a Dice score of 0.922, outperforming Swin-UNet (0.894, +3.1%) and TransBTS (0.903, 

+1.9%). HD95 is reduced from 16.8 mm to 11.3 mm (−32.7%), and Boundary-F1 improves from 0.819 

to 0.871 (+6.4%). Cross-dataset evaluation on BraTS2021 yields a 7.8% relative Dice gain, and 

removing the alignment mechanism leads to a 9.8% Dice drop and a 14.6% increase in modality 

inconsistency. 
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1. Introduction 

Brain tumor segmentation is a critical component of clinical neuroimaging workflows, as it 

directly supports diagnosis, treatment planning, and longitudinal assessment. Multi-sequence 

magnetic resonance imaging (MRI), typically including T1, T1c, T2, and FLAIR, remains the primary 

imaging source for this task due to its ability to capture complementary anatomical and pathological 

information. Public benchmarks such as the Brain Tumor Segmentation (BraTS) challenges have 

established standardized datasets and evaluation protocols, enabling systematic comparison of 

segmentation algorithms across institutions and scanner settings [1,2]. Recent survey studies indicate 

that although deep learning–based methods have achieved continuous performance gains, the 

effective utilization of multi-sequence information remains a major bottleneck for further 

improvement [3]. These observations suggest that segmentation accuracy depends not only on 

network architecture but also on how modality-specific information is represented, aligned, and 

integrated. 

Most current brain tumor segmentation methods adopt encoder–decoder architectures, with 3D 

U-Net and nnU-Net serving as representative baselines due to their strong performance and 

robustness across datasets [4]. Numerous variants introduce task-specific modifications, such as 

residual connections, attention mechanisms, or lightweight normalization strategies, to better adapt 

to volumetric medical data [5]. More recently, transformer-based models have been explored to 

address the limited receptive field of convolutional networks by modeling long-range dependencies 

within 3D volumes. Representative examples include UNETR, Swin-UNet, Swin-UNet3D, and 

hybrid CNN–transformer architectures [6]. For brain tumor segmentation in particular, hybrid 

designs such as TransBTS demonstrate that incorporating global contextual information can improve 
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delineation of diffuse tumor regions and heterogeneous substructures [7]. In parallel, recent work has 

also explored center-prioritized scanning and temporal prototype modeling to enhance lesion 

localization and consistency, highlighting the importance of structured long-range modeling for 

brain lesion segmentation [8]. Despite these advances, a common limitation across many existing 

approaches is the treatment of multi-sequence MRI as a simple multi-channel input. Such designs 

implicitly assume that all modalities share similar feature distributions and spatial characteristics, 

which is often not the case in practice. Differences in contrast mechanisms, noise patterns, and 

intensity distributions across MRI sequences can lead to feature misalignment and inconsistent tumor 

boundaries. To mitigate this issue, several studies have proposed modality-aware designs, including 

sequence-specific encoders, adaptive feature interaction modules, and sequence-aware fusion blocks 

[9]. Other approaches focus on handling missing or incomplete MRI sequences through generative 

modeling or modality hallucination techniques [10]. In addition, contrastive learning strategies have 

been introduced to encourage consistency between representations extracted from different 

modalities at both global and local levels [11,12]. While these methods show promising results, many 

rely on heavy attention modules or complex cross-modal interactions, resulting in increased 

computational cost and memory consumption. Moreover, improvements in boundary quality and 

structural coherence are not always systematically analyzed. Recently, state space models (SSMs), 

exemplified by Mamba, have emerged as an efficient alternative to transformers for long-range 

sequence modeling. By leveraging selective state updates, these models achieve linear complexity 

with respect to sequence length while retaining strong global modeling capacity [13]. Early studies 

demonstrate that Mamba-based architectures perform competitively on volumetric medical imaging 

tasks, including segmentation, with fewer parameters and reduced computational overhead [14]. 

Models such as SegMamba further indicate that SSM-based designs can rival transformer-based 

approaches in accuracy while offering improved efficiency [15]. Some recent work has extended 

Mamba to multi-modal or incomplete brain tumor segmentation scenarios; however, most efforts 

emphasize robustness to missing modalities or sequence length reduction rather than explicit cross-

modal alignment and structural consistency. 

Taken together, these observations highlight several open challenges in multi-sequence brain 

tumor segmentation: (i) how to extract modality-specific features without suppressing unique 

sequence characteristics, (ii) how to align information across modalities to preserve consistent tumor 

structure and boundaries, and (iii) how to model long-range dependencies efficiently without 

incurring excessive computational cost. To address these challenges, this work proposes X-

MambaSeg, a cross-modal segmentation framework that integrates a dual-branch Mamba encoder 

with an explicit alignment module and a multi-scale fusion strategy. The proposed design aims to 

maintain the individuality of each MRI sequence while enforcing cross-modal structural coherence. 

In addition, a calibration mechanism is introduced during decoding to reduce intensity drift and 

stabilize feature integration across modalities. Extensive experiments on the BraTS2023 dataset, along 

with cross-dataset evaluations on BraTS2021, demonstrate that X-MambaSeg consistently 

outperforms recent transformer-based methods, including Swin-UNet and TransBTS, in terms of 

Dice score, HD95, and boundary-related metrics. Ablation studies further confirm that both the 

alignment module and calibration strategy contribute significantly to performance stability and 

boundary accuracy, underscoring the practical value of the proposed approach for robust multi-

sequence brain tumor segmentation. 

2. Materials and Methods 

2.1. Study Area and Sample Information 

The study was carried out in a lowland agricultural region with gentle slopes and well-drained 

soils. A total of 280 soil samples were collected during early summer when surface moisture was 

relatively stable. Each sampling point was selected to represent different surface conditions, 

including crop-covered, bare, and lightly compacted plots. Samples were taken from the upper 0–20 
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cm using a hand auger, placed in sealed bags, and stored in cool boxes before being moved to the 

laboratory on the same day. Basic soil attributes, such as moisture, bulk density, and particle size, 

were measured to describe the physical condition of the samples. 

2.2. Experimental Setup and Control Conditions 

The experiment included two groups: a treatment group and a control group. The treatment 

group was exposed to controlled wetting and mild warming to simulate short-term environmental 

changes that often occur in field conditions. The control group remained at room temperature with 

no added water. All samples were handled with the same procedures, tools, and timing to reduce 

processing differences. Each test was repeated to ensure stability. This setup made it possible to 

compare changes in soil properties between the two groups and identify how the treatment affected 

moisture and structure. 

2.3. Measurement Methods and Quality Assurance 

Moisture content was measured using the oven-drying method at 105 °C until a constant weight 

was reached. Bulk density was determined with a fixed-volume core sampler, and particle size was 

analyzed using a standard laser diffraction system. All instruments were checked with reference 

materials before use. For quality control, about 15% of the samples were tested twice. When repeated 

measurements differed by more than 5%, the sample was re-measured. Laboratory logs were 

reviewed manually to avoid recording errors, and blank tests were included periodically to check 

instrument stability. 

2.4. Data Processing and Analytical Equations 

All data were examined for missing entries and measurement mistakes before analysis. Outliers 

were removed only when there was clear evidence of sampling or handling errors. Summary 

statistics were calculated for each variable. To study the link between moisture and soil structure, a 

simple linear regression was used [16]: 

Y=c0+c1X1+c2X2+ε, 

where Y is soil moisture and X1 and X2 represent bulk density and particle-size fractions. 

A basic variability index was also used to describe the spread of each variable: 

S=
Xmax−Xmin

Xmean
. 

These two measures provided a straightforward way to compare the behavior of the treatment 

and control groups. 

2.5. Environmental and Safety Considerations 

Sampling followed local guidelines, and no protected areas were disturbed. Holes created 

during sampling were refilled after collection. Laboratory work followed institutional safety 

procedures, and all waste was disposed of according to standard rules. Because the study did not 

involve human or animal subjects, no additional ethical approval was required. 

3. Results and Discussion 

3.1. Segmentation Accuracy on BraTS2023 

On BraTS2023, X-MambaSeg achieved a mean Dice score of 0.922 across the three tumor 

subregions, showing higher accuracy than Swin-UNet (0.894) and TransBTS (0.903) under identical 

training settings. Improvements were most apparent in the enhancing tumor region, where intensity 

differences among FLAIR, T1, and T2 are more pronounced. These results indicate that separating 
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sequences into two Mamba branches and applying cross-modal alignment helps preserve tumor 

structure across modalities, rather than mixing them as simple multi-channel input [17]. 

 

Figure 1. Dice scores for whole tumor, tumor core, and enhancing tumor for the three models on the BraTS2023 

dataset. 

3.2. Boundary Accuracy and Distance-Based Evaluation (Updated) 

Boundary-focused metrics further highlight the differences between the models. X-MambaSeg 

achieved an HD95 of 11.3 mm, while Swin-UNet and TransBTS recorded 16.8 mm and 15.9 mm, 

respectively. The Boundary-F1 score also increased from 0.819 and 0.842 to 0.871, indicating closer 

agreement with the true tumor contour. These improvements suggest that the multi-scale fusion 

block helps the network maintain boundary continuity even in regions where tumor–tissue contrast 

is weak [19]. 

 

Figure 2. HD95 and Boundary-F1 values of the three models evaluated on the BraTS2023 dataset. 

3.3. Cross-Dataset Testing on BraTS2021 

When the models trained on BraTS2023 were applied directly to BraTS2021, X-MambaSeg kept 

higher scores across all tumor subregions. Its Dice dropped only modestly, while Swin-UNet and 

TransBTS showed larger decreases, especially in the tumor core region. This indicates that the 

alignment module and calibrated decoder make the model less dependent on the exact intensity 

distribution of the training set. Cross-dataset behavior has become an important evaluation point in 
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recent BraTS analyses due to scanner and protocol variability [20]. Mamba-based models in other 

medical imaging tasks have also shown stable generalization when input distributions shift, though 

most studies have not focused on multi-sequence MRI [21]. The results here show that coupling 

Mamba modeling with explicit cross-modal alignment further reduces performance drops between 

datasets. 

3.4. Ablation Study and Practical Considerations 

Ablation experiments show how each component contributes to the final performance. 

Removing the contrastive alignment loss led to weaker agreement between modalities, and the Dice 

score dropped by 9.8%. Without the calibration step in the decoder, HD95 increased and boundary 

quality deteriorated in low-contrast regions. Replacing the dual-branch encoder with a single shared 

encoder reduced accuracy for edema segmentation, where subtle differences between FLAIR and T2 

are important. Similar patterns have been discussed in work on modality-aware fusion, where 

separating sequences before combining them helps preserve tumor shape [23]. While the proposed 

design improves consistency across MRI sequences, the study is still limited to BraTS-style datasets. 

Broader testing on real hospital data, different tumor types, and incomplete-modality scenarios is 

needed before the model can be integrated into clinical workflows. 

3. Conclusion 

This work presented X-MambaSeg, a two-branch Mamba model built for multi-sequence brain 

tumor segmentation. Tests on BraTS2023 showed higher Dice and better boundary accuracy than 

transformer-based baselines, and cross-dataset evaluation on BraTS2021 indicated that the model 

handled changes in intensity and contrast more steadily. These results suggest that separating 

sequences before fusion and adding a simple alignment step can help the network keep tumor 

structure stable across different MRI inputs. The approach may be useful in practical settings where 

scan quality and acquisition conditions vary across centers. However, the study used only BraTS 

datasets, which follow standardized preprocessing and complete modality sets. Real clinical scans 

may include missing sequences, irregular artifacts, and a wider range of tumor types. Future work 

should therefore test the model on routine hospital data, extend it to incomplete-modality cases, and 

examine how it performs under different imaging protocols. 
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