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Introduction: Brain stroke is one of the leading causes of death and disability
worldwide, and accurate lesion segmentation from MRI is critical for clinical
diagnosis and treatment planning. However, existing methods struggle with the
high variability of stroke lesions in size and morphology. In particular, they fail
to detect small lesions due to the limited receptive fields of CNNs and the
computational inefficiency of Transformer-based approaches. To address these
challenges, we propose LBMNet, a novel CNN–Mamba network that integrates
multi-scale convolutional encoding with Mamba-based decoding.
Methods: Owing to the high heterogeneity of stroke lesions, the encoder design
employs a top-down LSC module to capture cross-scale representations. The
decoder designs the BSC-Mamba (Bidirectional Spatial Context Mamba) model,
integrating bidirectional state space modeling with adaptive spatial convolutions
to enhance local feature information while modeling global dependencies with
linear complexity. Furthermore, asymmetric adaptive gated feature fusion (BAGF)
bridges the semantic gap by selectively merging encoder and decoder features,
suppressing redundant information whilst highlighting critical lesion details.
Results: Extensive experiments on two benchmark datasets demonstrate state-
of-the-art performance, achieving Dice coefficients of 67.57% on ATLAS v2.0 and
82.03% on ISLES 2022. Compared with existing CNN, Transformer, and hybrid
models, LBMNet shows significant improvements in small lesion segmentation.
This study presents a robust and efficient framework with strong clinical
potential for accurate stroke lesion segmentation across diverse lesion sizes
and morphologies.

KEYWORDS

brain stroke segmentation, deep learning, hybrid architecture, Mamba, medical imaging,
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1 Introduction

Stroke is a leading global cause of disability and mortality (1, 2). According to the
World Stroke Organization, it has become the third leading cause of death globally,
with stroke-related fatalities projected to rise by nearly 50% between 2020 and 2050.
Etiologically, stroke is categorized into ischemic and hemorrhagic types, with ischemic
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stroke being predominant, accounting for approximately 80% of
all cases. In clinical practice, rapid and precise lesion segmentation
is crucial for treatment planning, formulating rehabilitation
strategies, and assessing prognosis (3). However, stroke lesions
on medical images often exhibit pronounced heterogeneity,
posing formidable challenges for manual segmentation. Manual
annotation depends heavily on the operator’s expertise, introduces
subjectivity, and is both time-consuming and inconsistent (4).
Consequently, developing efficient and accurate automated
segmentation techniques has become an urgent priority in
this domain.

Despite the rapid progress of deep learning in medical image
segmentation (5), automatic segmentation of stroke lesions remains
challenging. Stroke lesions vary extensively in morphology: they
can manifest as small ischemic regions with a volume under
10 cm3—highly susceptible to omission—or as large, irregular
hemorrhagic lesions with indistinct boundaries that are difficult
to delineate. As illustrated in Figure 1, stroke lesions exhibit
substantial variability in size, morphology, and anatomical location,
ranging from small focal lesions to large irregular regions, which
poses significant challenges for accurate segmentation.

Due to the limited receptive fields, the CNN methods cannot
capture global context information well. For example, U-Net
(6) and its variants can obtain high Dice for medium-to-large
lesions, but often miss small lesions due to their limitation of
fine-grained features capture. On the other hand, the transformer-
based architectures, motivated by the self-attention, can capture
global context information well. However, these methods require

FIGURE 1

Representative examples of stroke lesions with diverse sizes, shapes, and anatomical locations. Red regions indicate lesions (ATLAS v2.0).

large-scale annotated datasets, which are hard to obtain. While
labeled samples are abundant in stroke imaging, lesion boundaries
are often ambiguous, which would lead transformers to overfit
and consequently perform poorly in boundary delineation (7).
Recently, CNN-Transformer hybrids such as TransUNet (8),
Swin-UNETR (9) alleviate the above issues to a certain degree;
however, they adopt naive skip connections through simply
concatenating features, which would bring redundant information,
feature conflicts, and degrade robustness under multi-scale
lesion conditions.

These limitations indicate that current methods are unable to
effectively capture global context information and simultaneously
localize the boundaries of small and irregular stroke lesions
accurately. CNNs are good at local feature extraction, while
Transformers are good at global modeling. Still, these two
approaches, used individually or even in a trivial combination, are
unable to adaptively integrate the heterogeneous characteristics of
stroke lesions.

To address these challenges, we propose LBMNet—a
three-dimensional stroke lesion segmentation hybrid network
tailored for highly heterogeneous lesion-scale scenarios. During
the encoding phase, LBMNet employs an LSC module that
captures global contextual information through dual large-kernel
convolutions, while progressively refining local details via small-
kernel cascading processing. This effectively characterizes lesion
features ranging from minute to extensively distributed. During
decoding, the BSC-Mamba module builds upon the Mamba
state space modeling framework (10) to construct local spatial
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augmentations. Combined with bidirectional state space scanning,
this approach efficiently models long-range dependencies while
preserving spatial continuity. These multi-level features are further
coordinated through the BAGF (Bidirectional Adaptive Gate
Fusion) module in the skip connection. By dynamically integrating
complementary information from the encoder and decoder via
attention mechanisms, the model achieves precise segmentation of
minute and morphologically complex stroke lesions.

To address these challenges, we propose a multi-scale CNN–
Mamba fusion network (LBMNet) tailored for stroke lesion
segmentation. Unlike Transformers with quadratic computational
complexity (O(n2)), our model leverages Mamba’s state-space
mechanism (10) to achieve this goal efficiently. The main
contributions are as follows:

1. To address the extreme scale variation of stroke lesions-
ranging from minute localized foci to extensive diffuse
areas-we designed a “coarse-to-fine” LSC module. Unlike
standard convolutional neural networks constrained by fixed
receptive fields, this architecture employs dual-branch large-
kernel convolutions to concurrently capture global semantic
information, followed by cascaded small-kernel convolutions
to refine local structural details. This dynamic adaptation
mechanism ensures precise feature capture across the entire
lesion size spectrum, effectively mitigating omissions caused by
lesion heterogeneity.

2. To address the inevitable information loss during global
context modeling and sequence flattening, we propose
BSC-Mamba. As standard state-space models necessitate
flattening 3D volumes into 1D sequences, this process
disrupts the voxel-level neighborhood structure essential for
defining irregular boundaries. BSC-Mamba’s design effectively
compensates for this information loss by integrating Adaptive
Spatial Convolution (ASC) to pre-enhance local structural
representations. Through bidirectional state space processing,
it simultaneously captures global long-range dependencies
with linear complexity while preserving voxel integrity for
precise segmentation.

3. We have implemented Adaptive Gated Feature Fusion (BAGF).
To overcome semantic gaps and feature conflicts arising
from highly heterogeneous lesions, conventional methods
employ direct concatenation for jump connections, which
frequently introduces noise due to mismatched encoder
and decoder representations. BAGF employs an asymmetric
attention strategy: spatial attention in the encoder and channel
attention in the decoder enable autonomous feature selection
and dynamic fusion. This design ensures only lesion-relevant
information is transmitted, effectively suppressing redundant
and superfluous feature information.

Extensive experiments conducted on two benchmark
datasets, ATLAS v2.0 and ISLES 2022, demonstrate that
LBMNet substantially outperforms existing CNN-based methods,
Transformer-based methods, and hybrid architectures across
multiple evaluation metrics. LBMNet achieves a Dice score of
67.57% on ATLAS v2.0 and 82.03% on ISLES 2022. Compared
with state-of-the-art baselines, the proposed model exhibits
superior segmentation performance, particularly in detecting
small lesions.

2 Related work

2.1 CNN-based methods

2.1.1 U-Net and its variants in general medical
segmentation

Convolutional neural networks are considered the most
appropriate models for medical image segmentation. U-Net
successfully segments medical images using an encoder-decoder
design and skip-connection architecture. R2U-Net (11) enhances
feature representation by utilizing recurrent convolution and
residual modules; Attention U-Net (12). Unlapping irrelevant
features of skip connections in an attention gating mode. The
3D U-Net proposed by Çiçek et al. directly works for volumetric
data by fully leveraging the spatial continuity of 3D scans.
However, convolutional neural networks cannot capture the long-
term dependency involved in segmenting morphologically complex
lesions. Due to the large size variations of the lesions, small
lesions do not segment well, and large lesions only partially
perform segmentation, which is considered a major problem in
segmentation failure.

2.1.2 Multi-scale convolutional strategies
To adapt to the scale variations of visual targets, inception

networks (13), Res2Net (14), and HRNet (15) employ parallel
or multi-branch convolutions for feature extraction from
2D classification and detection tasks. While these methods
demonstrate excellent performance, they exhibit limitations in
stroke lesion segmentation, failing to capture fine-grained lesion
features due to a lack of voxel consistency. In our LSC module
complete preservation of semantic information through a dual
mechanism of global modeling (large-kernel convolutions) and
local refinement (small-kernel convolutions).

2.1.3 CNN approach for stroke detection
There are also some works reported in studies suggesting CNN

architectures for stroke lesion segmentation. For instance, Dolz
et al. (16) presented a dense multi-path CNN that passes features of
different scales in parallel. It is able to capture rich 2D features but
cannot make good use of the highly 3D spatial context. Another
method, ML-Net, is strong in terms of distance-based metrics
(HD95) but not stable in the Dice score, especially for small lesions.
Unlike FRPNet (17), which employs a feature refinement pyramid
to enhance the segmentation accuracy, these methods are based on
fixed-scale kernels and thus are limited to dealing with the high
heterogeneity of stroke lesion sizes. These methods still lack the
adaptability to cover the wide range of lesion sizes. It is still a
challenging task to accurately segment both small lesions and large
diffuse lesions (18).

2.2 Transformer-based methods

Transformers, based on self-attention, give powerful global
context modeling for medical segmentation. TransUNet (8)
combined Transformers with CNNs to achieve a better result
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in segmentation boundaries. Swin-UNETR (9) also improved
feature encoding by using a hierarchical Swin Transformer,
which gave excellent results for multi-organ segmentation, which
requires very large labeled datasets. In stroke imaging, where
annotated samples are scarce and lesion boundaries are often
ambiguous, Transformers may underfit and fail to segment
boundaries (7) accurately. Their quadratic complexity (O(n2)) also
limits scalability in the high-resolution 3D data. In the stroke
segmentation problems, they lead to fine boundary segmentation
and instability in small-lesion segmentation issues. While hybrid
CNN-Transformer models partly solve the problems, their simple
concatenation of skip connections can result in feature redundancy
and cross-scale instability.

2.3 State space models and the Mamba
architecture

As the sequence modeling ability is being adopted, the State
Space Model (SSM) has received a lot of attention recently. Mamba
(10) models global dependency linearly (O(n)); therefore, this
eliminates the quadratic bottleneck of Transformers. Recently,
researchers have applied Mamba to medical image segmentation.
Earlier works VMamba (19) and VM-U-Net (20) successfully
adapted the Mamba block for vision tasks. Recently UMamba (21),
SegMamba (22) and HCMUNet (23) were proposed for medical
image analysis. The common approach in these approaches is
to serialize the 2D/3D patches of the image to 1D sequences as
the input of Mamba blocks. This “flattening” process may also
destroy the 3D spatial connection of voxels and lose fine-grained
information used to draw boundaries.

In this work, we propose our method, the BSC-Mamba decoder,
which introduces a local convolutional enhancement prior to the
state space modeling and preserves local features as much as
possible, accompanied by a bidirectional scanning strategy. While
previous applications of Mamba focus on improving efficiency, our
method aims at balancing global context and local spatial details to
provide more robust performance for various lesion shapes.

3 Methods

We present LBMNet and its architecture shown in Figure 2.
The network architecture includes three main components:
Encoder, Adaptive Feature Fusion (BAGF) module, and Decoder.
For feature extraction in the encoding process, multiple LSC Block
layers are stacked in the encoder. The medical image is (C, D, H,
W), where C, D, H, and W are the number of channels, depth,
height, and width, respectively. The input image goes through a
STEM convolution layer for initial feature extraction, which keeps
spatial structure while enhances channel expressiveness for multi-
level feature extraction. The image will be fed into an encoder
consisting of 4 stages, and these stages are alternatively stacked
with LSC Blocks. When the network goes deeper, the features are
gradually squeezed: spatially downsampling while channels become
deeper. Since the information will be lost when downsampling the
feature maps, BAGF modules on skip connections will connect the
features of the encoder generated layer by layer with the features

of the decoder output and transfer them to the corresponding
lower decoder stage. The decoder adopts a progressive upsampling-
based architecture, and BSC-Mamba modules are used to combine
local and global information to recover spatial resolution. The final
segmentation output will be obtained by a 3D convolution layer
that maps the features of fused layers.

3.1 Encoder based on multi-scale dynamic
receptive fields

Stroke lesions exhibit a high degree of heterogeneity at
different scales. Fine-grained features need to be extracted for
accurate boundary segmentation in small lesions (<10 cm3),
while the global context needs to be captured using larger
receptive fields in relatively larger lesions (>50 cm3). However,
standard convolutional neural networks employing fixed-size
kernels suffer from inherent limitations: they either fail to detect
minute lesions due to excessive stride sizes or are unable to
fully capture comprehensive information from large lesions. To
address this scale-sensitivity issue, to capture such scale-dependent
heterogeneity, as shown in Figure 3, we design the “Large-to-Small
Convolution” module in the encoder in a similar way to a large
kernel in RepLKNet (24) and ConvNeXt (25). The most distinctive
contribution of the LSC module is that it explicitly introduces
a “coarse-to-fine” hierarchical refinement process, while previous
models solely depend on a single large-kernel branch.

LSC initially extracts extensive multi-scale contextual
information using parallel large-kernel branches, followed by
immediate feature refinement through a dedicated small-kernel
path. Specifically, the input feature map x is first processed through
two parallel large-kernel depthwise separable convolutions (with
kernel sizes 53 and 73):

F(l) =
∑

s∈{5,7}
DWConv3Ds

(
Conv1×1×1(x)

)
(1)

Subsequently, small-kernel convolutions are introduced for
local refinement:

y = Conv3×3×3

(
F(l)

)
(2)

Finally, feature stability is ensured through residual paths and
batch normalization:

Y = x + BN
(
Conv1×1×1(y)

)
(3)

The LSC module combines dual large cores with refined
small cores, specifically addressing lesion-scale heterogeneity. It
provides a powerful mechanism for extracting robust, multi-
scale features tailored to the specific distribution characteristics of
stroke lesions.

3.2 Global–local state space module

Segmentation of stroke lesions is typically applied on large-
scale, irregularly shaped 3D data, thus requiring models with
a global receptive field to model long-range dependencies.
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FIGURE 2

LBMNet consists of a multi-scale convolutional encoder (LSC), a locally enhanced bidirectional Mamba decoder (BSC-Mamba), and an adaptive
feature fusion module (BAGF).

FIGURE 3

LSC adopts dual large kernels with 3 × 3 refinement for hierarchical “large-to-small” feature extraction.

Transformer models are feasible to model long-range
dependencies, while the self-attention cost is (O(n2)). For
typical 3D medical images, this leads to prohibitive computational

cost and memory consumption. Therefore, we use the Mamba
architecture to model global context with linear complexity
(O(n)) and greatly reduce the computational overhead of global
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context modeling. Thus, it is extremely scalable in modern
medical imaging. On the other hand, training Mamba directly on
images is not desirable. Mamba takes data as one-dimensional
sequences, which implies that 3D feature maps need to be
“unrolled.” However, this “unrolling” process inevitably degrades
spatial information at the voxel level, preventing the standard
Mamba architecture from effectively delineating the irregular
boundaries characteristic of stroke lesions. To address this, we
propose the Bidirectional Spatial Context Mamba (BSC-Mamba)
decoder, which incorporates Adaptive Spatial Convolution
(ASC) prior to bidirectional global scanning. This enhances
local features while efficiently modeling global information. The
BSC-Mamba module comprises two main stages, as shown in
Figure 4.

3.2.1 Adaptive spatial convolution (ASC) for local
enhancement

Before sequence flattening, the input feature map x is processed
by the ASC module. This module is designed to enhance local
spatial information that may be lost during the serialization process.
Initially, a depth-separable 3 × 3 × 3 convolution is applied to
capture direct neighborhood relationships. Then, the SE attention
mechanism adapts the channel feature information based on the
local spatial context, effectively “preprocessing” the features before
passing them to the global Mamba stage. This approach ensures
the encoding and preservation of fine details, such as the edges of
minute lesions.

xse = fSE-Attn(Conv3×3×3(x)) ⊗ DWConv3×3×3(x) (4)

Subsequently, a gated convolutional unit and a large
kernel (7 × 7 × 7) depthwise convolution further
expand the local receptive field, thereby creating a

robust feature representation with local perceptual
capabilities y.

y = x + Conv7×7×7(Conv1×1×1(xse) ⊗ φ(Conv1×1×1(xse))) (5)

3.2.2 Bidirectional state space modeling for
global context

After local enhancement by ASC, the 3D feature map y
is flattened into a one-dimensional sequence yseq. Standard
unidirectional Mamba scans are limited in that they can only
capture context from preceding elements. This approach is
inadequate for spatial data, where the spatial context is isotropic.
The features of a lesion at a given voxel depend on its global context,
which must be considered to capture the full spatial relationship.
Therefore, we adopted a bidirectional scanning mechanism to
process the sequence in both forward and backward directions:

yfwd = Mamba(yseq) (6)

ybwd = reverse
(
Mamba

(
reverse(yseq)

))
(7)

Forward scanning captures dependencies from the “beginning”
to the “end” of the flattened sequence, while backward scanning
tracks dependencies from the “end” to the “beginning.” By
concatenating yfwd and ybwd, we ensure that the feature
representation at each position is informed by the complete global
context from both directions along the scan axis. This bidirectional
approach is essential for accurately modeling complex structures,
such as stroke lesions.

Finally, the concatenated features are projected back to the
original channel dimension, reshaped into 3D volumetric data, and
subsequently linked through residual connections to preserve the
integrity of the information.

output = reshape(Wf [yfwd; ybwd]) + x (8)

FIGURE 4

BSC-Mamba module combines bidirectional state space modeling with local space context enhancement.
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3.3 Bidirectional feature fusion

As demonstrated by the U-Net, these skip connections help
reintroduce high-resolution information into the decoding path.
However, a significant “semantic gap” persists between encoder
and decoder features. While encoder features from deeper layers
provide highly semantic information, their weak spatial resolution
makes it challenging to precisely localize minute lesions and
delineate their boundaries accurately. Conversely, the decoder’s
highly spatially resolved information is semantically weaker and
more susceptible to noise.

This leads to poor segmentation results and may even cause
over-segmentation. If the two types of feature information are
directly concatenated, conflicts and redundant information will
arise, resulting in segmentation errors.

Therefore, we propose the adaptive fusion (BAGF)
module shown in Figure 5, which efficiently utilizes effective
information from both the encoder and decoder. Encoder
features contain multi-scale contextual information but
lack spatial information; decoder features contain spatial
information but may contain noise. To address this, we apply
a spatial attention mechanism in the encoder path to suppress
irrelevant contextual regions while enhancing effective spatial
information. Simultaneously, a channel attention mechanism
is employed in the decoder path to highlight lesion-relevant
feature channels while suppressing noisy ones. Finally, these two
optimized feature streams are selectively fused to achieve the
desired integration.

First, the input encoder features (E) and decoder features (D)

are aligned along a common channel dimension and subsequently
augmented. The encoder features undergo further refinement
through a lightweight residual block, enhancing local feature
representations. These refined features are denoted as E′ and D′,
respectively. Next, an asymmetric attention mechanism is applied.
The spatially attention-enhanced encoder features Fenc and the

channel attention-enhanced decoder features Fdec are generated
as follows:

Fenc = SA(E′), Fdec = CA(D′) (9)

Among these, SA represents spatial attention, and CA is
channel attention. Then, these two enhanced feature maps are fused
through a gating mechanism. This mechanism adaptively calculates
weight coefficients α and β to balance the feature information from
both paths.

[α, β] = Softmax(Gate([Fenc, Fdec])) (10)

Ffused = α · Fenc + β · Fdec (11)

Finally, the fused feature map passes through the final
convolutional layer to generate the output O, which is then fed into
the next decoder stage.

O = Conv1×1×1(Ffused) (12)

The BAGF module significantly enhances the model’s ability
to segment complex lesions by effectively integrating multi-
level features. This module improves segmentation accuracy
by effectively emphasizing lesion regions while suppressing
irrelevant information.

3.4 Loss function

In medical image segmentation, the significant foreground-
background class imbalance is addressed by a hybrid loss
function that combines Dice loss and weighted cross-entropy

FIGURE 5

The BAGF module applies channel and spatial attention to encoder–decoder features and adaptively fuses them.
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(CE) loss. This hybrid approach is widely used in current
segmentation tasks.

L(y, ŷ) = α

[
−Ei∈�

C∑
c=1

yi,c log(ŷi,c)

]

+ β

(
1 − 2

∑
i∈� yiŷi + ε∑

i∈� yi +
∑

i∈� ŷi + ε

)
(13)

Here, ŷ represents the predicted probability distribution, and y
denotes the true label. α and β are the weighting coefficients for
cross-entropy and Dice loss, respectively. ε is the smoothing factor
for numerical stability, � is the pixel set, and C is the total number
of categories.

3.5 Evaluation metrics

To quantitatively evaluate the segmentation performance of
LBMNet and compare it with other methods, we employed several
standard metrics widely used in medical image segmentation,
including the Dice coefficient, Intersection over Union (IoU),
Recall, F2 score, and the 95th percentile Hausdorff Distance
(HD95). All metrics were computed based on true positives
(TP), false positives (FP), and false negatives (FN). The Dice
coefficient measures the overlap between the predicted and
ground truth regions, the IoU (or Jaccard index) evaluates
the ratio of intersection to union, Recall quantifies the
proportion of correctly identified positive voxels, and the
F2 score emphasizes Recall, while HD95 measures the 95th
percentile bidirectional Hausdorff distance between the predicted
contour (P) and the ground truth (G). Their definitions are
as follows:

Dice = 2 × TP
2 × TP + FP + FN

(14)

IoU = TP
TP + FP + FN

(15)

Recall = TP
TP + FN

(16)

F2 = (1 + 22) × Precision × Recall
(22 × Precision) + Recall

(17)

HD95(P, G) = max
(

K95th

(
min
g∈∂G

‖p − g‖2

)
p∈∂P

,

K95th

(
min
p∈∂P

‖g − p‖2

)
g∈∂G

)
(18)

4 Results and discussion

4.1 Datasets

This is shown through experiments on two publicly available
stroke lesion segmentation datasets: ATLAS v2.0 and ISLES 2022.
ATLAS v2.0 is a dataset of single-modality T1-weighted (T1W) MR
images from chronic-phase stroke patients, extending the previous
public dataset of the same name (26). The dataset consists of
1,271 cases, comprising 655 publicly available training cases, 300

public test cases with annotations covered up (hidden annotations),
and 316 new test cases that are unpublished. The training dataset
released by the organizers was split into training, validation, and
test sets with 8:1:1 ratio.

ISLES 2022 is a dataset of ischemic stroke lesions in acute and
sub-acute stages using multimodal MRI imaging, including FLAIR,
DWI, and ADC images. Although the DWI and ADC images
were registered to each other, the FLAIR images were not. Since
the DWI and ADC images are most effective at representing the
ischemic stroke lesions, we used these two images and discarded
the FLAIR image. We used 250 cases from ISLES 2022 dataset
(27). To guarantee a rigorous and fair comparison with state-of-
the-art baselines, and to strictly align with the widely accepted
evaluation protocol of the nnUNet (28) framework, we maintained
a consistent data partitioning strategy. Consequently, the dataset
was randomly split into training, validation, and test sets with a
fixed ratio of 8:1:1.

4.2 Implementation details

All the experiments in this study are conducted with PyTorch in
NVIDIA GeForce RTX 3090. We employ Python 3.10 and CUDA
11.8 to integrate LBMNet into nnUNet (28). We use PyTorch’s
Auto Mixed Precision (AMP) to perform mixed precision training
(FP16). AMP can decrease the GPU memory consumption while
keeping good numerical stability.

We adopt the standardized preprocessing pipeline of the
nnUNet framework, which has been validated in numerous
medical imaging challenges. The preprocessing pipeline includes
the following steps:

• Resampling: all volumetric data were resampled to the
median voxel spacing of 1.0 × 1.0 × 1.0 mm3. The
images were processed using cubic spline interpolation, while
segmentation masks utilized nearest-neighbor interpolation to
maintain the integrity of the labels.

• Intensity normalization: for each MRI modality, we apply
z-score normalization based on foreground voxels (non-
zero regions).

• Trim: trim the volume to a non-zero bounding box while
preserving a 5-voxel margin.

Reasons for adopting nnUNet preprocessing: this
protocol ensures alignment with cutting-edge medical image
segmentation techniques, enabling equitable comparisons with
baseline models.

During training, the initial learning rate was set to 0.001,
the weight decay coefficient to 3 × 10−5, and the optimizer
selected was SGD with a momentum parameter of 0.99. Deep
supervision was enabled. The model was trained for 300
epochs with a batch size of 2. The loss function employed
a hybrid Dice-cross-entropy loss. Mamba utilized a state
dimension (dstate) of 16 and an expansion factor of 2. To
ensure fair comparison, all baseline methods employed the
same configuration.
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TABLE 1 Comparison of different models on the ATLAS v2.0 dataset.

Methods Dice
(%)

IoU (%) F2 (%) Recall
(%)

HD95
(px)

3Dunet 50.06 41.39 51.12 57.07 39.57

U-Net++ 45.85 34.07 50.86 42.62 40.88

SwinUNet 51.10 40.00 57.23 62.47 34.52

TransUNet 50.01 46.14 55.47 58.29 42.86

UNETR 56.23 44.11 57.43 58.33 45.44

STU-Net 59.92 44.65 62.39 64.00 38.30

FRPNet 60.16 47.06 64.35 67.74 36.20

Umamba 63.31 49.64 68.31 68.25 29.06

LBMNet 67.57 52.03 72.39 69.38 22.32

4.3 Analysis of experimental results

4.3.1 Quantitative and qualitative analysis
In order to assess LBMNet’s performance, we trained the model

on the ATLAS v2.0 dataset and compared LBMNet’s results with
a conventional CNN-based network [U-Net (6), 3DUnet (29), U-
Net++ (30)], a Transformer-based network UNETR, TransUNet,
SwinUNet, and recently proposed hybrid models [STU-Net (31),
FRPNet, UMamba]. As shown in Table 1, LBMNet receives a
Dice score of 67.57% as compared to the baseline U-Net (Dice
= 48.34%), which improves by 17.51%. In comparison with the
previous state-of-the-art UMamba (Dice = 63.31%), LBMNet
improves by 4.26%.

This impressive performance boost is due to our proposed
architectural design. First, the performance gap with respect
to CNN models shows the effectiveness of our LSC encoder.
By dynamically modeling features from various receptive fields,
the LSC module effectively alleviates the limitation of great
variation of lesion-size existing in fixed-kernels CNN models.
Second, compared with the Transformer-based models (note they
are strong at modeling global context but are likely to ignore
fine-grained information), LBMNet shows the effectiveness of
our method. Specifically, the cooperation between BSC-Mamba
decoder and BAGF skip-connection module is strong. BSC-
Mamba decoder is able to model effective global dependencies
and local spatial contexts efficiently, while BAGF module can filter
and aggregate most informative features from both encoder and
decoder adaptively. Thus, the information loss in pure Transformer
model is alleviated. The global-connected segmentation result of
BSC-Mamba decoder can help to refine the local segmentation
results to accurately segment the lesion boundary.

In addition, as can be seen from the four metrics, LBMNet
shows the best performance. As shown in Figure 6, the IoU of
52.03% is the largest, which means the segmentation result is closer
to the ground truth. What is more interesting is that the F2-score
of LBMNet achieves 72.39% and the Recall rate of LBMNet is
69.38%. In a medical application, high recall indicates that the
model is unlikely to lead to false negative, which means the model is
unlikely to miss the actual lesion area and further misdiagnose the
disease. Because the lesion area to segment is very complex, having

a globally connected segmentation result helps to minimize the false
negatives in local segmentation.

In addition, in Figure 6, we give the qualitative results and the
results are visually convincing for the quantitative results above.
Specifically, it is obvious that compared with pure CNN-based
model, U-Net++, due to the limitation of receptive field, the global
continuity of large lesions cannot be well captured, which leads
to the undersegmentation. While, TransUNet, although it is better
at modeling global information of lesions, tends to smooth the
global connection or even omit the detailed boundary information,
which leads to unsatisfactory segmentation. Globally connected
segmentation result of U-Net++ and local detailed segmentation
result of TransUNet are used to refine the final segmentation result
of LBMNet.

4.3.2 Diagnostic analysis of different and sizes of
lesions

To evaluate the model’s adaptability to lesion size, we
specifically categorized the ATLAS v2.0 test set into three groups
based on lesion volume: small lesions (<10 cm3), medium lesions
(10–50 cm3), and large lesions (>50 cm3). Due to the limited
sample size of the ISLES 2022 dataset, we did not conduct lesion
size stratification experiments on it. The detailed results for ATLAS
v2.0 are provided in Table 2.

In the segmentation of small lesions, we obtain satisfactory
model performance, and the Dice coefficient and recall are 58.47
and 66.52%, respectively. The above results demonstrate that
LBMNet can still discover and retain most of the lesion areas
for minute targets. The hierarchical strategy of LSC module
“coarse-grained capture and then fine-grained refinement” is
very important to avoid losing the local details, which are
usually ignored by ordinary convolutional layers. As expected, the
evaluation metrics increase gradually with the increase of lesion
volume. For the medium-sized lesions, the Dice score achieves
70.06%. And for the large lesions, the Dice score can also reach an
excellent 74.18%. The above consistent and robust performance for
all the lesion sizes further demonstrates the strength of our model
on handling such large scale variation for stroke lesions.

The effectiveness of LBMNet is also verified in the comparison
shown in Figure 7. Specifically, for the case of small lesions (<10
cm3). In addition to Umamba, our LBMNet also achieves state-of-
the-art performance. It is of great importance that missing small
lesions are highly risky, and the effectiveness of our model in
maintaining details is remarkable due to its multi-scale feature
extraction. For medium-sized lesions, our model still has an
advantage over the models, while some models also get similar
performance for this range. For large lesions, our model has its
own advantage, which shows the ability of our model to integrate
global context with local details and keep the segmentation part
intact. To rigorously validate the model’s robustness on small
lesions (<10 cm3), we conducted a comparative analysis against
state-of-the-art methods (Table 3). Consequently, we utilized Recall
(Sensitivity) and Hausdorff Distance (HD95) as more clinically
relevant metrics to experimentally validate the performance on the
small lesion subset. As shown in Table 3, while baseline models like
SwinUNet struggle with a low Recall of 47.55%, LBMNet achieves
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FIGURE 6

ATLAS v2.0 dataset visualization qualitative analysis.

TABLE 2 Performance evaluation of the model on the ATLAS v2.0 test set
for different lesion sizes.

Size (cm3) Proportion
(%)

Dice (%) IoU (%) Recall
(%)

<10 61.8 58.47 48.31 66.52

10–50 20.6 70.06 53.94 69.74

>50 17.6 74.18 59.51 74.02

a superior Recall of 66.52%. This indicates a significantly lower rate
of missed diagnoses, which is critical for early stroke screening.
Furthermore, our HD95 is reduced to 24.12 px (compared to
<29 px for UMamba), demonstrating that LBMNet preserves
the topological structure of small lesions more accurately than
competitors, even when the Dice metric fluctuates.

To further assess the accuracy of volume segmentation, we
conducted a Bland–Altman analysis to evaluate segmentation
errors across lesions of various sizes, as illustrated in Figure 8.
The Bland–Altman analysis revealed a mean bias of –5.22%,
indicating a slight systematic underestimation of lesion volume.
The 95% confidence interval ranged from –68.11 to 57.68%, with
larger relative deviations mainly observed in small lesions. This
bias was most pronounced in small lesions (Figure 8a), where
boundary ambiguity likely contributed to larger relative volume
discrepancies. However, even within this challenging subgroup,
the majority of data points remained within the confidence
interval. As the lesion size increased to medium (Figure 8b) and
large (Figure 8c), the variability in segmentation error notably
decreased, with data points clustering tightly around the mean
bias line. This progressively improved consistency underscores
the model’s reliability for clinically relevant lesions. Overall,
the Bland–Altman analysis confirms that LBMNet provides

robust and accurate volume assessments across the full range of
lesion sizes.

4.4 Experimental analysis on the ISLES
2022 dataset

In order to thoroughly evaluate the generalization ability and
robustness of LBMNet, we extend the analysis to the ISLES 2022
dataset. Unlike ATLAS v2.0, the ISLES 2022 dataset provides MRI
images containing stroke lesions in both acute and sub-acute phase.
The stroke lesions are show greater signal heterogeneity and have
less distinct boundaries, which challenges the model.

As shown in Table 4, LBMNet achieves a Dice coefficient of
82.03% and F2 score of 85.50%. Not only does its performance
outperform other prominent CNNs (U-Net++ 68.10%), or
even Transformer-based networks (UNETR 76.92%), but it also
exhibits remarkable consistency across datasets with different
characteristics. In addition, the HD95 decreases dramatically to
21.15 pixels, outperforming most competing models. Such an
impressive improvement on boundary delineation accuracy further
verifies the effectiveness of our proposed BAGF module, which can
retain some spatial details via selecting salient features from both
encoder and decoder adaptively and accurately segment the lesions
with blurry boundaries.

As shown in Figure 9, qualitative analysis also reveals the
benefits of LBMNet in the case of segmentation of small lesions.
It can be seen from the figures that our model delineates the
small lesion from the data. Severe under-segmentation by UMamba
and SwinUNet, as well as under-segmentation by U-Net++, is
evident in these visualizations. The strong global context provided
by the BSC-Mamba decoder (bidirectional state space modeling)
allows the model to segment small but highly intricate lesions.
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FIGURE 7

The figure compares Dice scores of LBMNet and other models across lesion volumes.

TABLE 3 Performance comparison on the small lesion subset (<10 cm3) of ATLAS v2.0.

Methods Dice (%) IoU (%) F2 (%) Recall (%) HD95 (px)

3D U-Net 39.15 27.65 43.10 45.20 42.18

U-Net++ 41.50 30.15 45.80 48.25 39.50

SwinUNet 40.82 28.56 44.20 47.55 40.15

TransUNet 42.15 29.85 46.50 49.12 38.92

UNETR 38.45 26.90 42.10 45.30 43.20

STU-Net 47.92 35.88 52.85 54.20 33.56

FRPNet 49.65 37.12 54.10 56.33 31.20

Umamba 51.28 39.85 56.42 58.14 29.45

LBMNet (Ours) 58.47 48.31 63.85 66.52 24.12

Furthermore, the convolution strategy of the LSC encoder makes
the model sensitive to small targets. In conclusion, extensive
evaluations on the ISLES 2022 dataset confirm that LBMNet is
not solely fine-tuned for a particular data distribution, but instead
exhibits strong generalization ability and robustness.

4.5 Robustness analysis via repeated
random splits

While the fixed 8:1:1 split ensures fair comparison with
benchmarks, the relatively small size of the test set (especially for
ISLES 2022) may raise concerns regarding statistical reliability.
To further validate the stability and generalization capability of

LBMNet, we conducted an additional robustness analysis using 5
independent runs of repeated random splits. In this experiment,
which is independent of the main benchmark comparison, the
dataset was randomly shuffled and re-split into 8:1:1 for each run
with different random seeds.

As presented in Table 5, the average performance across these
five random splits remains highly consistent with our reported
main results. Specifically, for the ISLES 2022 dataset, LBMNet
achieved an average Dice score of 81.75% ± 1.45%, which is very
close to the 82.03% reported in the fixed split. The low standard
deviation (±1.45%) indicates that the model’s performance is stable
and not dependent on a specific data partition. Similarly, for
ATLAS v2.0, the mean Dice score of 67.42% ± 1.24% confirms the
robustness of our method against data variations.
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FIGURE 8

Bland–Altman plots for different lesion volumes: (a) small lesions, (b) medium lesions, and (c) large lesions.

TABLE 4 Comparison of different models on the ISLES 2022 dataset.

Methods Dice (%) IoU (%) F2 (%) Recall (%) HD95 (px)

U-Net 56.34 45.47 59.47 60.80 36.35

3Dunet 58.06 48.39 59.12 67.07 39.57

U-Net++ 62.85 50.07 67.86 59.62 35.88

SwinUNet 68.10 57.00 74.23 79.47 35.52

TransUNet 67.01 63.14 72.47 75.29 36.86

UNETR 73.23 61.11 74.43 75.33 33.44

STU-Net 76.92 61.65 79.39 81.00 27.31

FRPNet 77.16 64.03 79.33 79.74 29.20

Umamba 74.31 57.64 80.31 78.25 26.06

LBMNet 82.03 61.50 85.50 84.30 21.15

4.6 Ablation study

4.6.1 Components ablation
To further analyze the effectiveness of each proposed

component, we conducted a series of ablation experiments on
the ATLAS v2.0 dataset. These experiments were performed in
independent runs and were primarily used to analyze the relative
performance contributions of each component. We use 3D U-Net
as a baseline model and successively add our approach, namely
multi-scale LSC encoder, BSC-Mamba decoder, and adaptive
BAGF skip-connection module, to evaluate the improvement in
both quantitative and qualitative results shown in Table 6 and
Figure 10, respectively.

Our baseline model, the standard 3D U-Net, obtains Dice =
50.06% and IoU = 41.39%. As shown in Figure 10, the model can
roughly locate the lesions, but it clearly undersegments them and
fails to capture the complicated boundaries of the lesions. These
results demonstrate the limitations of traditional convolutional
networks in modeling the variety of sizes and irregular shapes of
stroke lesions.

To alleviate the limitations of the baseline in multi-scale
feature extraction, we replaced the conventional encoder with
our proposed LSC encoder (Model 2). The single modification

leads to a remarkable improvement in the Dice score (+10.03
percentage points, 60.09%). As shown in Figure 10, the qualitative
results also support this improvement, where the model outlines
a more complete region of the primary lesion area. These
results demonstrate the effectiveness of the LSC module in
learning features from various receptive fields, which are
crucial for modeling both core and peripheral areas of lesions.
However, the model is still unable to detect the lesions in the
opposite hemisphere.

To validate the effectiveness of global context modeling, we
swapped out the baseline decoder for BSC-Mamba (Model 3). With
this setup, we obtained Dice score of 63.11%. From Figure 10, we
can see that Model 3 was able to model bilateral lesions, which
demonstrated the power of BSC-Mamba to model long-range
dependencies and utilize distant spatial information. Meanwhile,
the model lost its fine-grained local information and thus led to
slight under-segmentation in boundary regions.

After independently validating the effectiveness of the encoder
and decoder, we concatenate the encoder and decoder to build
Model 4. This new model takes advantage of LSC’s ability to extract
multi-scale local features and BSC-Mamba’s ability to integrate
global–local information. The Dice coefficient achieves 65.03%.
Visualization results show that the lesion region is more completely
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FIGURE 9

ISLES 2022 dataset visualization qualitative analysis.

TABLE 5 Robustness analysis results under five repeated random splits.

Dataset Dice (%) IoU (%) Recall
(%)

HD95 (px)

ATLAS v2.0 67.42 ± 1.24 51.88 ± 1.15 69.15 ± 2.10 22.95 ± 3.40

ISLES 2022 81.75 ± 1.45 61.30 ± 1.60 84.10 ± 1.90 21.90 ± 3.80

TABLE 6 Performance comparison of different components.

Method LSC
encoder

Mamba
decode

BAGF Dice
(%)

IoU
(%)

Model 1 × × × 50.06 41.39

Model 2 � × × 60.09 47.01

Model 3 × � × 63.11 51.38

Model 4 � � × 65.03 53.23

Model 5 � � � 67.57 54.97

captured by Model 4, and the contour is sharper and clearer.
However, directly fusing features may cause over-segmentation at
blurred boundaries, which means that conflicting or redundant
features are probably forwarded via skip connections.

To address the suboptimal feature fusion issue, we further
developed the BAGF module to obtain the complete LBMNet
(Model 5). Specifically, BAGF module adaptively chooses and
fuses salient features from encoder and decoder pathways while
suppressing noise and redundant information. With the further
improvement of feature fusion, the final model achieves the
best segmentation performance as shown in (Model 5: Dice =
67.57%, IoU = 54.97%). As shown in Figure 10, the segmentation
masks generated by Model 5 are most accurate. That is, the
boundaries of segmentation masks are clear and there is neither

over-segmentation nor under-segmentation. The above results
also demonstrate that the BAGF module plays a key role in
integrating multi-scale and global representations to obtain robust
and accurate segmentation results.

4.6.2 LSC module ablation
To analyze the influence of our particular design choices in

the LSC module, we perform an ablation study in Table 7. The
baseline model in Table 7 is different from Model 1 in Figure 9.
Specifically, the baseline is the complete LBMNet model (Model 5),
where we replace its LSC module with a typical 3D residual block
with only 33 convolutions. With this controlled setup, the only part
of the network that varies from the baseline is the LSC module,
meaning that if the LSC design choices lead to any improvement,
this excludes the possibility that other components of the decoder
or skip connections might be causing it.

Replacing the baseline 33 convolutional kernel with a single
large kernel (Models A and B) resulted in substantial performance
improvements, with gains of +3.94% for 53 and +6.72% for 73.
These findings confirm the importance of large receptive fields
in effectively capturing stroke lesions. However, increasing the
kernel size from 73 to 93 (Model C) provided only a marginal gain
of +0.19% in Dice score, accompanied by higher computational
costs. More importantly, a single large kernel struggles to balance
global context with local details. In contrast, the dual-branch
design, which combines 53 and 73 convolutional kernels (Model
D), significantly outperformed any single-kernel configuration,
achieving a Dice score of 66.17%. This highlights the superiority
of explicitly modeling features across multiple scales, rather than
relying on a single large convolutional kernel. Our final LSC module
design, which incorporates a 33 refinement path after the dual-
branch output (Ours), achieves the highest Dice score of 67.57%.
The +1.4% improvement over Model D strongly supports our

Frontiers in Medicine 13 frontiersin.org

https://doi.org/10.3389/fmed.2026.1759114
https://www.frontiersin.org/journals/medicine
https://www.frontiersin.org


Kuang et al. 10.3389/fmed.2026.1759114

FIGURE 10

Qualitative comparison of various models in melting research on the ATLAS v2.0 dataset.

TABLE 7 Experimental results of LSC ablation.

Method Configuration Kernel Dice (%) IoU (%)

Baseline Res-block Single 33 58.21 44.39

Model A Kernel only Single 53 62.15 50.90

Model B Kernel only Single 73 64.93 52.78

Model C Kernel only Single 93 64.52 52.41

Model D Dual-branch
refinement

No 33 66.17 54.39

Ours LSC module 53+73+33 67.57 54.97

TABLE 8 Ablation study results of the BSC-Mamba module on stroke
segmentation tasks.

Method SSM ASC Dice (%) IoU (%)

Baseline × × 64.01 52.76

Only-ASC × � 65.15 53.28

Only-SSM � × 66.13 53.86

Ours � � 67.57 54.97

core “coarse-to-fine” hypothesis: capturing broad context with
large kernels, followed by refinement with small kernels, is the
optimal strategy.

4.6.3 BSC-Mamba module ablation
To rigorously validate the design of our BSC-Mamba module,

we conducted two sets of targeted ablation experiments.
First, our goal is to analyze the independent and synergistic

advantages of two parts in BSC-Mamba: the ASC module in
local enhancement and the bidirectional state-space model in
global modeling. We designed four variants on top of a standard
convolutional decoder baseline. The baseline (Baseline) uses
LBMNet with a basic 3D convolutional decoder (Table 8) shows
the necessity of these two parts. With only the ASC module
(1.14 Dice gain), the network can still greatly improve local
feature representations and thus proves the advantage of its
design to preserve local information. With only Bi-directional
Mamba (2.22 Dice gain), the network demonstrates the necessity
of global context modeling. But the performance of Bi-directional
Mamba is limited due to the information loss from sequence
flattening. The whole BSC-Mamba that applies ASC in local
preprocessing and Bi-SSM in global modeling obtains the best
performance.

Next, we evaluated the necessity of the proposed bidirectional
scanning strategy by comparing it with alternative scanning
methods, as illustrated in the Table 9. Transitioning from
unidirectional to bidirectional scanning (our approach) produced
a substantial performance improvement, with the Dice score
increasing by 1.9%. This result highlights the critical role
of reverse contextual information in accurately segmenting
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non-causal objects. Further extending the approach to quad-
directional scanning yielded negligible additional gains in Dice
score while introducing higher computational overhead. These
findings strongly support the effectiveness of the bidirectional
scanning strategy, which captures nearly all essential global
information without the unnecessary computational burden of
multi-axis scanning.

4.6.4 BAGF module ablation
Test the performance of our proposed BAGF module and

its components, we conducted an ablation study as follows: we
started with a key baseline model in which we replaced the BAGF
module with a concatenation operation following the design of the
standard U-Net. Then, we successively added each of our proposed
components to this baseline: Enc-Res: residual depthwise separable
convolutional blocks added to the encoder path to improve feature
representation; Enc-SA: spatial attention operation added to the
encoder path; and Dec-CA: channel attention operation added
to the decoder path. As illustrated in Figure 11, introducing the
Enc-Res component alone improves the Dice score by 1.18%,
demonstrating that strengthening local feature representations
in the encoder path prior to feature fusion is advantageous.
Incorporating the Enc-SA component results in an even greater
gain, enhancing the Dice score by 2.02%, which confirms the
effectiveness of selectively emphasizing spatially relevant regions
within the encoder’s coarse feature maps. Applying the Dec-CA
component independently also produces a notable improvement,
raising the IoU by 1.22%. This outcome highlights its capacity to
refine decoder features by emphasizing lesion-relevant channels
while suppressing noise-induced oversegmentation. The complete

TABLE 9 Ablation study results of the BSC-Mamba module on stroke
segmentation tasks.

Strategy Description Dice (%) IoU (%)

One-way Mamba Forward (D) 65.67 53.76

Two-way Mamba Bidirectional (D) 67.57 54.97

Four-way Mamba Bidirectional (D + H) 65.31 53.36

BAGF model achieves the best overall performance, with Dice
score of 67.57% and an IoU of 54.97%. These results exceed the
additive contributions of individual components, suggesting strong
synergistic interactions among them. Collectively, these findings
demonstrate that optimizing feature information within the skip-
connection framework is essential for achieving accurate stroke
lesion segmentation.

4.7 Discussion

We show that multi-scale convolutional encoding combined
with Mamba-based decoding supported by adaptive feature fusion
can substantially improve stroke lesion segmentation performance
for small lesions (<10 cm3) which have been highlighted as
particularly challenging for recent ATLAS v2.0 benchmarks and
systematic reviews (32–34). These lesions account for 61.8%
of the ATLAS v2.0 test set and are often missed by other
methods (35). Our model achieves a Dice score of 58.47%. This
performance is attributed to the proposed architecture addressing
some of the limitations in scale awareness and local detail
preservation in current stroke models (36, 37) and improving
semantic consistency under sequence-based decoders. We take
LSC to the top-down hierarchical convolution by exploiting large
convolution kernels to get global semantics, but then refining local
structures with small kernels to avoid loss of fine-grained features
of classical CNNs after downsampling. Dual-branch large-kernel
performance gets 1.4%–5.4% performance gain with a single-kernel
approach, and shows that multi-scale context is important for
small lesions. Compared to Transformers’ quadratic complexity
and risk of overfitting on small-scale medical datasets, Mamba’s
linear complexity and selective state space mechanism are better
suited for 3D medical data. However, directly applying it to
3D sequences disrupts local spatial relationships. Therefore, we
incorporated an ASC module into BSC-Mamba to compensate for
local structural information and adopted bidirectional scanning
to integrate spatial dependencies from all directions. Experiments
demonstrate that bidirectional scanning improves performance
by 1.9% over unidirectional scanning, while further expanding
scanning directions yields negligible gains, indicating that essential
global relationships have been effectively captured. We achieve

FIGURE 11

Experimental results of BAGF module ablation.

Frontiers in Medicine 15 frontiersin.org

https://doi.org/10.3389/fmed.2026.1759114
https://www.frontiersin.org/journals/medicine
https://www.frontiersin.org


Kuang et al. 10.3389/fmed.2026.1759114

Dice scores of 67.57 and 82.03% on ATLAS v2.0 and ISLES
2022, respectively, validating this mechanism’s effectiveness in
medical imaging.

In order to reduce semantic differences between encoder
and decoder features, we propose BAGF. It employs spatial
attention to suppress background interference at the encoding
stage and channel attention to highlight lesion-related features at
the decoding stage, achieving adaptive fusion through a gating
mechanism. This strategy achieves a 2.5% improvement over
simple concatenation while significantly reducing boundary noise
and segmentation errors—particularly crucial in stroke imaging
where signal similarities often exist between different pathological
tissues. Clinically, small lesions, though inconspicuous, hold
significant prognostic value and are closely associated with
cerebrovascular disease burden and future stroke risk (11, 38). The
model’s 66.52% recall rate for small lesions reduces the risk of
missed diagnoses, facilitating early intervention. It demonstrates
good generalization across different imaging modalities and
disease stages. However, greater imaging variability exists in
real-world clinical settings, necessitating prospective validation.
Regarding the loss function, our experiments demonstrate that
the standard hybrid loss (Dice + Weighted Cross-Entropy)
is effective for this task. The Weighted Cross-Entropy term
effectively addresses the class imbalance of small lesions, which
is supported by the high Recall and low HD95 scores achieved
on the small lesion subset (<10 cm3). These results indicate
that our current optimization strategy is sufficient. However, we
acknowledge that boundary delineation remains a challenge, and
future work may incorporate boundary-sensitive loss functions
to further refine edge precision. While the data are manually
annotated for fully supervised learning, scalability becomes
limited, which semi-supervised methods may overcome (39, 40).
The model’s concept of “multiscale local modeling + efficient
global modeling” also works in cross-task transferability, and
the experiment indicates its potential for multi-organ and tumor
segmentation (41).

5 Conclusion

In this work, we introduce LBMNet, a hybrid CNN–Mamba
architecture developed to improve the segmentation of stroke
lesions across a wide range of sizes and morphologies. By
combining multi-scale convolutional encoding with efficient
global sequence modeling and an adaptive fusion strategy,
the model integrates fine structural details with broader
contextual information while maintaining linear computational
complexity. Specifically, LBMNet achieves a parameter count
of 66.42 M and 54.80 G FLOPs, demonstrating a favorable
balance between complexity and accuracy that fully meets
the practical demands of automated lesion quantification
and treatment planning—highlighting its strong deployment
potential in clinical workstations. Future work will explore
lightweight variants to further facilitate widespread adoption on
resource-constrained devices.

Across two widely used benchmarks, ATLAS v2.0 and ISLES
2022, LBMNet consistently and significantly outperforms state-
of-the-art CNN-based methods, Transformer-based methods, and
hybrid architectures. The model achieves Dice scores of 67.57 and
82.03%, respectively, and shows marked improvements in detecting
small lesions-a critical challenge in stroke neuroimaging. Ablation
analyses further support the functional roles of the LSC encoder,
the BSC-Mamba decoder, and the BAGF module, each contributing
to more effective multi-scale representation, global–local feature
integration, and encoder–decoder alignment. Although the results
are promising, several challenges remain. Boundary delineation can
still be difficult in cases where lesion margins are poorly defined
(42, 43), and the reliance on fully annotated datasets limits broader
clinical deployment. Moreover, while initial findings suggest that
LBMNet may generalize beyond stroke imaging, further evaluation
on additional neuroimaging tasks is needed.

Future development will focus on incorporating boundary-
aware loss functions to enhance edge precision (44), exploring
semi-supervised or weakly supervised learning to reduce
annotation requirements, extending the framework to other brain
segmentation tasks, and performing prospective clinical validation
to assess performance under real-world imaging variability.
Collectively, these results suggest that LBMNet provides an
effective and efficient algorithm to achieve automated stroke lesion
segmentation and demonstrates the merits of hybrid architectures
that combine convolutional modeling with state-space mechanisms
to advance neuroimaging analysis.
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