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Abstract

Conventional 2D or pseudo-3D models often produce anatomically inconsistent stroke lesion masks
across slices due to the lack of explicit inter-slice dependency modeling. MSC-Mamba addresses this
problem by introducing a bidirectional Mamba backbone tailored to capture long-range interactions
along the slice axis. The model encourages coherent lesion boundaries across adjacent slices and
reduces abrupt fluctuations caused by noise or low contrast. A topology-aware decoder further
improves structural continuity and prevents fragmentation. Experiments on ATLAS v2 (655 subjects;
520 for training and 135 for testing) show that MSC-Mamba achieves a Dice score of 0.856,
outperforming nnUNet (0.806, +6.2%) and TransBTS (0.821, +4.3%). HD95 is reduced from 17.1 mm
to 10.5 mm (-38.6%), and slice-to-slice contour variance decreases by 19.4%. On a low-contrast subset
of 182 cases, MSC-Mamba maintains a Dice of 0.812, which is 9.1% higher than TransBTS. Testing on
a secondary clinical cohort reveals a 7.6% Dice improvement and a 13.2% reduction in lesion
fragmentation.

Keywords: stroke lesion segmentation; Mamba networks; inter-slice modeling; ATLAS
dataset; anatomical consistency; brain MRI

1. Introduction

Accurate identification of ischemic stroke lesions on brain magnetic resonance imaging (MRI) is
essential for assessing tissue injury, estimating prognosis, and guiding clinical treatment decisions.
In routine clinical practice, lesion delineation is still performed manually, a process that is time-
consuming and subject to substantial inter-rater variability, particularly when lesions exhibit weak
contrast, irregular morphology, or scanner-dependent appearance. Recent studies report that
automated segmentation models often show unstable performance across scanners and acquisition
protocols, are sensitive to noise, and produce inconsistent results under real clinical conditions [1,2].

Publicly available datasets have played a critical role in advancing stroke lesion segmentation
research. ATLAS v2.0, for example, provides a large collection of manually annotated T1-weighted
scans and has become a widely used benchmark for chronic stroke lesion segmentation [3]. These
resources have enabled systematic evaluation and comparison of learning-based methods. At the
same time, recent work has demonstrated that explicitly prioritizing lesion centers and learning
structured representations along ordered image sequences can improve segmentation stability and
coherence in brain lesion analysis, highlighting the importance of modeling inter-slice structure
rather than treating slices independently [4]. Building on these datasets, a large number of
segmentation methods adopt encoder—decoder architectures derived from U-Net. These include 2D
convolutional networks, full 3D models, and intermediate 2.5D designs that balance computational
cost and spatial context [5,6]. Such approaches achieve strong voxel-wise overlap scores and form the
foundation of many current pipelines. More recently, hybrid CNN-Transformer architectures have
been introduced to capture broader spatial context and long-range dependencies, achieving
competitive performance in tumor and lesion segmentation tasks [7]. However, while these models
model global interactions effectively, they typically do not impose explicit constraints on the
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continuity of predictions across adjacent slices. From a processing perspective, slice-wise 2D models
are computationally efficient but often produce fragmented predictions when stacked into a 3D
volume. Full 3D models capture richer spatial information but require substantial memory and may
struggle with anisotropic voxel spacing common in stroke MRI. To mitigate these issues, 2.5D
approaches incorporate neighboring slices as additional input channels or lightweight contextual
operators, yet they still rely on implicit cues and do not explicitly enforce inter-slice structural
consistency [8,9].

More recently, volumetric segmentation has been reformulated as a sequential learning problem,
where slices are treated as ordered inputs and linked through dedicated mechanisms to encourage
continuity across the stack [10]. These methods show that modeling inter-slice dependencies can
reduce fragmentation and improve anatomical plausibility. Nevertheless, most existing approaches
do not incorporate stroke-specific structural priors. Ischemic stroke lesions are often thin, branching,
and highly variable across slices, and their topology can change rapidly along the slice axis. Without
explicit mechanisms to preserve lesion structure, models may still generate gaps or isolated
components even when overall overlap metrics are high. State space models, including Mamba, have
recently emerged as efficient alternatives to Transformers for long-range sequence modeling. These
models provide large receptive fields with lower memory overhead and have shown promise in
medical image segmentation tasks [11,12]. However, most existing Mamba-based designs treat
volumetric data as generic sequences and do not explicitly align the sequence dimension with the
anatomical slice order. In addition, structural or topological constraints are rarely integrated into the
decoding process, limiting their effectiveness in addressing slice-to-slice fragmentation in stroke
lesion segmentation.

This study proposes the Mamba-Constrained Inter-Slice Consistency Network (MSC-Mamba).
The proposed framework employs a bidirectional Mamba backbone aligned with the anatomical slice
order to capture long-range dependencies across the entire image stack, while a topology-aware
decoder stabilizes lesion boundaries and suppresses fragmentation across slices. The method is
evaluated on ATLAS v2.0, alow-contrast subset, and an independent clinical cohort, and is compared
against strong baselines such as nnU-Net and Transformer-based segmentation models. By jointly
analyzing segmentation accuracy, boundary continuity, and slice-to-slice variation, this work aims
to demonstrate that targeted inter-slice modeling combined with structural constraints can produce
more reliable and anatomically coherent ischemic stroke lesion segmentations for clinical MRI.

2. Materials and Methods

2.1. Sample Collection and Study Area

This study used 655 T1-weighted brain MRI scans collected under consistent imaging settings at
one center. All scans covered the full brain and followed standard clinical slice thickness and in-plane
resolution. The dataset included subjects with a wide range of ischemic lesion shapes and locations.
Cases with incomplete coverage or strong motion artifacts were removed before analysis. All images
were anonymized according to institutional requirements.

2.2. Experimental Design and Control Groups

The dataset was divided into two groups. Five hundred and twenty scans were used for training,
and 135 scans were used for testing. No subject appeared in more than one group. The test group
served as an independent set to check generalization. In addition, a low-contrast subset was selected
as a separate control group to examine model behavior when lesion edges were difficult to see. This
setup allowed comparison between normal-quality and low-quality images.

2.3. Measurement Procedures and Quality Control
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All scans were first checked for orientation, contrast level, and brain coverage. Expert-drawn
lesion masks served as the reference standard. Each mask was reviewed again to correct boundary
errors and to keep slice transitions smooth. Before model training, all images were aligned to a
common space, resampled to the same voxel size, and normalized using simple intensity scaling.
Scans with extreme brightness changes or missing slices were removed. During training, only basic
data augmentation —small rotations, flips, and light intensity changes—was used to avoid unrealistic
patterns.

2.4. Data Processing and Model Formulas

All MRI scans were processed using the same steps. For an input imageX, intensities were
clipped to remove extreme values and then scaled to a fixed range. The segmentation model learned
the mapping:

fyX)=Y,

Where Y is the predicted mask and O is the parameter set.
Model accuracy was measured using the Dice coefficient:
2(yYny
Dice= |—):I ,
[ Y]+[Y]
where Y is the reference mask.
We also measured distance-based errors and slice-to-slice changes to assess boundary stability.
After prediction, small isolated regions were removed with simple connected-component filtering,
and rough edges were smoothed with a 3D filter.

2.5. Statistical Analysis

All results were summarized by mean values and standard deviations. Differences between
normal-contrast and low-contrast images were tested with standard statistical tests depending on
whether samples were paired. Confidence intervals for the Dice score and other metrics were
computed through bootstrap resampling. Simple correlation tests were conducted to study whether
lesion size affected segmentation accuracy. A significance level of p<0.05p < 0.05p<0.05 was used for
all comparisons.

3. Results and Discussion

3.1. Performance on the ATLAS v2 Dataset

MSC-Mamba reaches a Dice score of 0.856 on the ATLAS v2 test set and reduces HD95 to 10.5
mm. Both values are better than nnUNet (0.806; 17.1 mm) and TransBTS (0.821). These results are
higher than most earlier reports on ATLAS v2, where Dice scores often fall between 0.58 and 0.80 for
single-sequence MRI. The improvements are also larger than the small gains usually seen when only
changing the encoder-decoder design. As shown in Figure 1, MSC-Mamba improves both overlap
and boundary distance at the same time. The results suggest that adding slice-wise information helps
reduce the gap between single-sequence T1 data and multi-sequence settings used in other public
challenges [13].
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Figure 1. Quantitative comparison of MSC-Mamba, nnUNet, and TransBTS on the ATLAS v2 test set using Dice
and HD95.

3.2. Performance on Low-Contrast and Small-Lesion Cases

In the low-contrast subset (182 subjects), MSC-Mamba reaches a Dice score of 0.812, which is 9.1%
higher than TransBTS. The model also performs better in cases with small or faint lesions. Standard
2D and 3D networks often miss thin lesion edges or small isolated regions. Earlier studies also
reported that low-contrast cases cause sharp drops in accuracy for U-Net-based models. MSC-Mamba
shows fewer missed regions and fewer gaps around the lesion border [14]. Figure 2 shows typical
examples in which nnUNet or TransBTS fails to trace weak boundaries, while MSC-Mamba keeps
the lesion connected more consistently.
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Figure 2. Visual examples showing how MSC-Mamba improves boundary continuity and reduces missed

regions in low-contrast scans.

3.3. Inter-Slice Stability and Anatomical Continuity

We measured how much lesion boundaries change from one slice to the next. MSC-Mamba
reduces this variation by 19.4% compared with nnUNet. This indicates smoother lesion shapes across
the entire stack. Previous work mainly reported Dice and HD values, and only a few studies included
cross-slice checks [15,16]. Visual inspection in earlier studies showed irregular “step-like” lesion
shapes for many 2D models, especially when the lesion extends across thin slices. Similar issues have
also been noted in multi-center datasets (e.g., ISLES), where slice thickness or missing slices can add
noise [17]. In our results, MSC-Mamba produces fewer isolated regions and fewer sudden changes in
shape. The improvement suggests that adding a simple slice-order model can make the final 3D mask
closer to the anatomical structure seen by human raters.

3.4. External Validation and Remaining Issues

When tested on an external clinical dataset collected under different scanning conditions, MSC-
Mambea still improves Dice by 7.6% and reduces the number of broken or isolated lesion parts by
13.2%. This level of generalization is similar to recent clinical studies that stress the need for external
testing [18]. Although performance improves, some errors remain. Very small cortical lesions are still
difficult to detect, and strong motion artifacts continue to cause boundary mistakes. These issues have
also been reported in previous stroke segmentation work and remain common across many deep
learning models [19]. MSC-Mamba uses a standard training process and relies on manually labeled
masks, so its performance still depends on label quality and the imaging type. Further work could
include multi-sequence MRI, larger clinical datasets, and uncertainty-based loss functions to handle
difficult cases more reliably.

4. Conclusion
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This study presented MSC-Mamba, a method that uses slice information to improve stroke
lesion segmentation on brain MRI. The model produced higher Dice scores and smaller boundary
errors than nnUNet and TransBTS on the ATLAS v2 dataset. It also kept stable performance when
lesion edges were faint or when lesions were small. By arranging the Mamba units along the slice
order and adding a decoder that reduces gaps, the method generated masks that changed more
smoothly from one slice to the next. Tests on an external clinical dataset showed that these gains
remained when scanner settings changed, suggesting that the method can be used in routine practice.
Some limits remain. Very small cortical lesions are still hard to detect, and motion in the scans
continues to reduce boundary accuracy. Future studies may include more MRI sequences, larger
clinical datasets, and training methods that account for uncertain boundaries. Overall, MSC-Mamba
offers a simple way to improve slice-to-slice stability and can help produce cleaner and more reliable
stroke lesion maps.
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