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ABSTRACT

Accurate segmentation of stroke lesions in brain magnetic resonance imaging (MRI) is critical
for early diagnosis and effective intervention. Existing convolutional neural networks (CNNs)
have shown promising results but often struggle with global contextual reasoning and gener-
alization in the presence of small, diffuse, or anatomically variable lesions. To address these
limitations, we introduce a novel segmentation framework that integrates a Swin Transformer
backbone with an auxiliary supervision mechanism based on bounding box-derived pseudo
masks. Unlike prior transformer-based models that rely solely on end-to-end attention, our
method introduces intermediate supervision via an auxiliary branch, which guides early
layers to focus on lesion-relevant regions using weak annotations. This dual-path strategy
enhances spatial representation learning while mitigating the annotation burden typically
required for full supervision. Evaluated on the ISLES 2024 dataset, one of the most challeng-
ing benchmarks for ischemic lesion segmentation, the proposed model achieves superior per-
formance in dice similarity, precision, and recall when compared to recent state-of-the-art
CNN and vision transformer architectures. Qualitative results further highlight its robustness
in capturing diverse lesion morphologies. By combining weak supervision with transformer-
based learning, our approach contributes a scalable and annotation-efficient solution to neu-
roimaging, advancing the field of automated stroke diagnosis with improved accuracy and
clinical feasibility.
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1  INTRODUCTION

Stroke remains one of the leading causes of disability and mortality worldwide,
posing a substantial burden on healthcare systems and individuals alike. Accurate
and timely detection of stroke lesions in brain magnetic resonance imaging (MRI)
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is crucial for initiating appropriate treatment strategies and improving clinical
outcomes [1]. Manual segmentation of these lesions is both labor-intensive and
time-consuming, often subject to inter-observer variability, making the development
of automated and reliable segmentation methods a pressing necessity [2]. In recent
years, deep learning-based approaches have emerged as powerful tools for medi-
cal image analysis, demonstrating superior performance in various diagnostic and
segmentation tasks [3]-[5].

Among deep learning architectures, convolutional neural networks (CNNs) have
traditionally dominated the field due to their ability to capture spatial hierarchies
and learn discriminative features. However, CNNs are inherently limited by their
locality and inductive biases, which can hinder the modeling of global context, an
essential factor for accurately delineating irregular and spatially dispersed stroke
lesions [6]. To address these limitations, vision transformers have been introduced
as a promising alternative, leveraging self-attention mechanisms to model long-
range dependencies in the data without the constraints of fixed kernel sizes [7].

The Swin Transformer, in particular, has gained significant attention due to its
hierarchical architecture and shifted windowing mechanism, which balances com-
putational efficiency and modeling capacity [8]. By integrating local and global
features across scales, Swin Transformer-based models have shown competitive
results in various dense prediction tasks, including medical image segmentation.
Nonetheless, segmentation of stroke lesions remains a challenging task due to the
heterogeneity in lesion appearance, size, and location. This necessitates additional
supervisory signals to enhance the model’s learning capabilities and promote robust
feature extraction [9].

To this end, the incorporation of auxiliary mask supervision during training has
emerged as a compelling strategy. Auxiliary supervision aids in guiding intermediate
layers to learn more structured representations, ultimately improving the final seg-
mentation accuracy [10]. In this paper, we propose a novel stroke lesion segmenta-
tion framework that synergistically combines the Swin Transformer backbone with
auxiliary mask supervision. Our approach leverages the representational strength
of transformers and the regularizing effect of auxiliary tasks to achieve more pre-
cise and consistent lesion delineation across different MRI modalities and patient
cohorts. Unlike prior works that depend heavily on pixel-level annotations or end-
to-end transformer models without intermediate guidance, our framework intro-
duces a bounding box-derived pseudo-segmentation branch that supports weakly
supervised training while preserving spatial coherence. This dual-path strategy
enables improved feature generalization in complex lesion environments, particu-
larly in cases of small, diffuse, or anatomically ambiguous strokes. Our contributions
are twofold: (1) we demonstrate that integrating auxiliary supervision into a Swin
Transformer architecture significantly enhances segmentation accuracy under weak
annotation settings, and (2) we establish a scalable and annotation-efficient pipeline
suitable for real-world clinical deployment. These innovations position our model as
arobust alternative to existing CNN and transformer-based methods, addressing key
challenges in the current literature related to annotation cost, lesion variability, and
generalization across datasets.

2  RELATED WORKS

The segmentation of stroke lesions from brain MRI has been extensively stud-
ied, particularly with the growing application of deep learning models in medical
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image analysis. Early advances were primarily driven by CNNs, especially U-Net and
its extensions, which leveraged encoder-decoder architectures and skip connections
to maintain spatial information throughout the segmentation process [11]-[12].
These models showed strong performance on a variety of biomedical tasks; how-
ever, they are limited by their inability to capture global context, a critical require-
ment in stroke lesion segmentation where lesions are often small, multi-focal, or
distributed across complex anatomical regions [13].

To address these shortcomings, transformer-based architectures have recently
gained attention in the medical imaging community. Vision Transformer (ViT),
adapted from natural language processing, applies self-attention mechanisms to
non-overlapping image patches, enabling the model to learn long-range spatial rela-
tionships [14]-[15]. Despite its effectiveness in modeling global dependencies, ViT
typically requires large annotated datasets and is computationally intensive, which
limits its practical use in medical imaging, where data is often scarce and expensive
to label [16].

To overcome these challenges, the Swin Transformer was introduced as a hier-
archical and computationally efficient alternative. It applies self-attention within
shifted local windows and progressively builds feature hierarchies, allowing it to bal-
ance local detail extraction with global context modeling [17]. The Swin Transformer
has demonstrated improved performance in several medical image segmentation
tasks, including liver, brain, and retinal imaging, outperforming conventional CNNs
in terms of both accuracy and generalization [18]-[19].

Nevertheless, segmenting stroke lesions remains particularly challeng-
ing due to the heterogeneous appearance, variable size, and indistinct bound-
aries of ischemic regions. Many current transformer-based models still rely
on single-task optimization and lack mechanisms to guide intermediate
representations, which can hinder performance, especially in low-contrast or
small-lesion scenarios [20]-[21].

Auxiliary supervision has emerged as an effective strategy to address these
limitations. By introducing additional learning signals such as attention maps,
boundary cues, or intermediate outputs, auxiliary tasks help guide the main
segmentation objective and improve feature learning at various network
depths [22]. Multi-task learning frameworks using auxiliary loss functions have
shown advantages in improving convergence, enhancing spatial accuracy, and
reducing overfitting, particularly in settings with weak annotations or ambiguous
image content [23].

However, most auxiliary supervision strategies have been developed for
CNN-based models and are rarely applied in the context of transformer archi-
tectures. Few studies explore the integration of auxiliary branches within Swin
Transformer models specifically for stroke imaging. Moreover, limited atten-
tion has been paid to ensuring robustness across diverse imaging modalities,
lesion variations, and patient cohorts, which are key factors for real-world
clinical deployment [24]-[25].

To address these gaps, we propose a novel framework that combines the
Swin Transformer with auxiliary supervision derived from bounding box-
based pseudo masks. This architecture enhances spatial coherence by providing
intermediate guidance to earlier layers while maintaining the global modeling
strength of the transformer. The proposed approach is designed to improve small
lesion detection and promote generalization across heterogeneous stroke imag-
ing conditions, offering a more practical and accurate solution for automated
stroke segmentation.
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3  MATERIALS AND METHODS

This section presents the architecture and training methodology of the proposed
stroke lesion segmentation model, which leverages a Swin Transformer backbone
enhanced with auxiliary mask supervision. The detailed architecture is illustrated
in Figure 1.
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Fig. 1. Architecture of the proposed Swin Transformer-based stroke lesion segmentation model
with auxiliary mask supervision

3.1 Inputand patch embedding

Let the input be a batch of single-channel MRI slices defined as:
X e REBVEW - with H=W =224 1

A convolutional layer with kernel size 4 x 4 and stride 4 is used for patch
embedding, transforming the image into a sequence of tokens:

X =PatchEmbed(X), X e RP656x56 @)
P P

This operation divides the image into non-overlapping patches; each projected
into a high-dimensional embedding space.

3.2 Swin transformer backbone

The Swin Transformer consists of four hierarchical stages; each composed of
multiple shifted window multi-head self-attention (SW-MSA) blocks. The full trans-
formation of embedded patches is defined as:

Z= SwinTransformer(Xp), Z € RB-76877 (3)

The Swin Transformer captures both local and global contextual information
through window-based attention at varying scales.

International Journal of Online and Biomedical Engineering (iJOE) 125


https://online-journals.org/index.php/i-joe

Omarov and Ikram

3.3 Auxiliary supervision branch

To guide intermediate feature learning, an auxiliary branch is introduced. Let Z®
denote the output of the third stage of the Swin Transformer:

Z(3) c RBxC’xH'xW' (4)

This intermediate representation is passed through an up sampling and convolu-
tional decoder to generate a pseudo lesion mask:

faux _ faux (Z), faux < RB1x224x224 (5)

The auxiliary mask supervision is trained using the Dice Loss:

2y oy
Laux —1_ g:l aux,i pzseudo,z (6)
ZiYauc,i + Ziypseudo,i +é
Where Y is the pseudo-ground truth mask generated using bounding-hox

pseudo,i

supervision.

3.4 Localization and classification heads

The output Z is pooled globally to form a feature vector:
7 =GAP(Z) e RB7%8 (7)

This vector is passed to two heads:
Localization Head predicts lesion bounding box parameters (e.g., center coordi-
nates, width, height), using Mean Squared Error Loss [26]:

1 B
Lloc :Eg

Classification head outputs the probability of lesion presence, trained using
binary cross entropy loss [27]:

2
h-b “ 6
' l 2

1< 5 .
Lcls:_E;[yilogyi+(1_yi)log(1_yi)] (9)

3.5 Total loss function

The model is optimized using the total loss, combining all three objectives:

L= Lot Lipe + Lo (10)

total

This unified framework ensures the model not only segments lesions but
also localizes and classifies them effectively. The auxiliary branch serves to
regularize training and improve spatial precision, particularly for small or
diffuse lesions.
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3.6 Dataset

The experimental evaluation in this study is conducted using the ISLES 2024
dataset [29], a benchmark corpus designed for ischemic stroke lesion segmen-
tation in brain MRI. This dataset includes multimodal MRI sequences such as
diffusion-weighted imaging (DWI) [28], fluid-attenuated inversion recovery
(FLAIR) [30], and apparent diffusion coefficient (ADC) [31] acquired from patients
with confirmed acute ischemic stroke. The ISLES 2024 collection is annotated by
expert radiologists, offering voxel-wise ground truth segmentation masks that
delineate stroke lesions with high spatial precision. This enables comprehensive
model training, validation, and comparative performance analysis under realistic

clinical variability.

Fig. 2. Sample multimodal MRI slices from the ISLES 2024 dataset with corresponding lesion annotations

The dataset includes a wide range of stroke presentations in terms of lesion
size, intensity heterogeneity, and anatomical location, posing significant chal-
lenges to automated segmentation algorithms. As illustrated in Figure 2, the stroke
lesions exhibit diverse morphological and radiological characteristics. The colored
overlays highlight different lesion contours manually annotated in the ground
truth. These visual samples demonstrate the complexity of accurate delinea-
tion, especially in cases with small or diffusely distributed lesions. The dataset
is further enriched with bounding box annotations, which are leveraged in our
approach to generate pseudo segmentation masks for auxiliary supervision. This
structured labeling not only supports supervised learning but also allows the
exploration of weakly supervised and semi-supervised strategies in clinical MRI
segmentation tasks.

3.7 Evaluation parameters

To quantitatively assess the performance of the proposed stroke lesion segmenta-
tion model, several standard evaluation metrics are employed, each capturing differ-
ent aspects of segmentation quality. The primary metric used is the Dice Similarity
Coefficient (DSC) [32], defined as:

- 2|PmG|

pes="——1
[P[+[d]

(1D

where P is the set of predicted lesion pixels and G is the set of ground truth lesion
pixels. The Dice score measures the overlap between the prediction and reference
masks, making it particularly suitable for evaluating medical image segmentation
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where class imbalance is prevalent. In addition to DSC, the Hausdorff Distance (HD)
is used to evaluate boundary alignment between predicted and true lesion contours,
offering insight into spatial precision [33].

Furthermore, we compute sensitivity (recall) and specificity to evaluate the
model’s ability to correctly identify lesion and non-lesion regions, respectively.
Precision and Fl-score are also reported to assess the trade-off between false
positives and false negatives [34]. For auxiliary and classification tasks, binary
cross-entropy (BCE) Loss and mean squared error (MSE) Loss are monitored during
training. Collectively, these evaluation parameters ensure a comprehensive valida-
tion of the model’s segmentation accuracy, boundary quality, and robustness across
varying lesion presentations and MRI modalities.

4  RESULTS

This section presents the experimental findings of the proposed Swin
Transformer-based stroke lesion segmentation model enhanced with auxiliary
mask supervision. The evaluation encompasses both quantitative performance
metrics and qualitative visualizations to validate the effectiveness, generalizability,
and precision of the model across various lesion characteristics and imaging condi-
tions. Comparisons with state-of-the-art methods, performance trends over training
epochs, and sample visual outputs are provided to demonstrate the robustness of
the proposed approach.

Model loss

Model accuracy

Accuracy
Loss
o
o

0.6 I [ 0.0 W‘V\HWVW‘)W‘}‘JWM"\WNN

0 25 50 75 100 125 150 175 200 =0.2 k=t 35 0 75 00 5 50 175 300
Epoch Epoch

Fig. 3. Training and testing accuracy in 200 learning epochs

Figure 3 presents the training progression of the proposed model across
200 epochs, showing accuracy (top) and loss (bottom) curves for both training and
test sets. The accuracy plot reveals a rapid performance gain during the initial
epochs, with training accuracy surpassing 0.98 and test accuracy stabilizing near
0.92 after about 100 epochs, indicating strong generalization and limited overfitting.
The loss plot demonstrates a steep decline for both sets in early training, followed
by gradual convergence towards zero. The narrowing gap between training and test
loss highlights consistent learning and model stability. Minor test loss oscillations
after epoch 150 likely stem from inherent dataset variability and do not indicate
degradation. These results confirm that the Swin Transformer backbone, enhanced
with auxiliary supervision, supports efficient feature extraction and stable optimi-
zation, enabling the model to achieve high accuracy and reliability in stroke lesion
segmentation under complex MRI conditions.
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a) Slice b) Label pseudo mask ¢) Prediction pseudo mask

Fig. 4. Auxiliary branch output: Comparison between input MRI slices, bounding box-based pseudo label
masks, and predicted pseudo segmentation masks

Figure 4 illustrates the performance of the auxiliary branch in the proposed
Swin Transformer-based segmentation model. Each row corresponds to an axial
brain MRI slice, while the three columns show: (a) the original input slice, (b) the
pseudo label mask derived from bounding box supervision, and (c) the predicted
pseudo mask generated by the auxiliary mask head. The pseudo labels in column
(b) provide only coarse lesion localization through rectangular bounding boxes,
serving as weak supervisory signals. In contrast, the predictions in column
(c) demonstrate substantially refined segmentation, capturing the lesion’s true
shape and boundaries with greater accuracy. This improvement indicates that
the auxiliary branch effectively guides the model toward spatially coherent and
anatomically consistent representations, even when trained with imprecise anno-
tations. The close correspondence between the predicted masks and the lesion
regions visible in the original MRI slices confirms the branch’s capacity to general-
ize beyond the bounding constraints. These results highlight the value of auxiliary
mask supervision in enhancing lesion localization and overall segmentation
performance.
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Predicted Stroke Prob: 0.88 Predicted Stroke Prob: 0.88

Predicted Stroke Prob: 0.91 Predicted Stroke Prob: 0.94

Fig. 5. Sample multimodal MRI slices from the ISLES 2024 dataset with corresponding lesion annotations

Figure 5 illustrates representative qualitative results obtained by the proposed
model on the ISLES 2024 test set, highlighting its localization and classification per-
formance in identifying stroke lesions. Each subfigure presents an axial slice from
the DWI modality, overlaid with the predicted and ground truth bounding boxes.
The predicted stroke regions are indicated in red, while the annotated ground truth
regions are shown in green. Additionally, the predicted probability of stroke pres-
ence is displayed at the top of each image, ranging from 0.88 to 0.94.

As shown, the model accurately captures the spatial location of ischemic lesions,
even when boundaries are unclear or located near complex anatomical struc-
tures. Predicted bounding boxes closely match reference annotations, and in the
bottom-right subfigure, a small lesion is precisely detected, reflecting high sensitivity
to subtle changes. The bounding box-based strategy effectively covers both large
and small lesions, enhancing robustness in clinical applications. These results high-
light the strength of the Swin Transformer-based architecture with auxiliary super-
vision in identifying stroke presence and localizing affected areas. High predicted
probabilities further demonstrate the model’s reliability, supporting its role in rapid
stroke assessment.
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Table 1. Comparison of the proposed model test set with the state-of-the-art models

Reference Dataset Dice Precision Rec'a_ll_/
Sensitivity
Proposed model Auxiliary Branch | ISLES 2024 062 | 94.3% 94%
Guided Swin
Transformer
Raj et al. (2023) [35] An integration Own data 0.52 - -
of CNN and Vision
Transformers
Tursynova et al,, 2023 | Modified UNet Kaggle CT Images 0.58 76% 82%
[36]

Abbaoui et al,, 2024 [37] | VGG-16
Abbaoui et al., 2024 [37] | ResNet50

Moroccan MRI Scans | 0.47 - -
Moroccan MRI Scans | 0.51 - -

Yu et al,, 2023 [38] Light gradient Own multi-modal 0.35 73.9% 90.2%
boosting machine MRI data

Sreekumari and Paulsy | Jaccard_Residual Brain CT images 046 | 91.6% 89.6%

(2025) [39] SqueezeNet (CNN) (IoT-enhanced

pipeline)

Qasrawi et al., 2024 [40] | Hybrid Ensemble Own collected dataset | 0.47 = =
Deep Learning Model | of 10,000 images

Table 1 presents a comparative evaluation of the proposed Auxiliary Branch
Guided Swin Transformer model against several state-of-the-art methods applied
to stroke lesion detection and segmentation. The comparison encompasses multi-
ple datasets, model architectures, and evaluation metrics, including Dice similarity
coefficient, precision, and recall (sensitivity). The proposed model, evaluated on the
ISLES 2024 dataset, outperforms all competing approaches in terms of Dice score
and exhibits high precision and recall, indicating strong agreement with ground
truth lesion annotations and consistent lesion identification.

Notably, transformer-based and CNN-based methods from prior works show infe-
rior Dice performance, particularly when trained on smaller or less diverse datasets.
While some models achieve competitive recall or precision, they generally lack bal-
ance across metrics or suffer from limited generalization. For instance, conventional
architectures such as VGG-16 and ResNet50 demonstrate lower Dice scores and omit
precision-recall metrics entirely in some cases. Models relying solely on ensemble
techniques or handcrafted features also trail behind, highlighting the advantages
of our architecture’s capacity to capture both local and global contextual features
through transformer mechanisms and auxiliary supervision.

The superior performance of our approach can be attributed to its integration of
hierarchical attention and multi-objective learning, which enhances spatial under-
standing and robust feature extraction. This suggests a promising direction for future
research in automated stroke lesion analysis, especially when dealing with complex
lesion morphologies in clinically heterogeneous imaging data.

5  DISCUSSION

The results of this study confirm that the proposed Auxiliary Branch Guided
Swin Transformer delivers superior performance in the challenging task of ischemic
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stroke lesion detection and segmentation from brain MRI data. The model’s archi-
tecture, which combines a hierarchical Swin Transformer backbone with auxiliary
pseudo-segmentation supervision, achieves high accuracy, precision, recall, and
Fl-score demonstrating its effectiveness even in complex imaging conditions.
Compared to existing CNN-based and hybrid methods, the proposed model exhibits
improved spatial sensitivity and generalization. This advancement aligns with recent
findings that vision transformer models, due to their self-attention mechanisms, are
capable of capturing long-range dependencies and outperform traditional CNNs in
medical imaging tasks [41].

A key factor contributing to this performance is the incorporation of the auxiliary
supervision branch, which utilizes bounding box-guided pseudo-masks to regular-
ize intermediate feature representations. This approach promotes spatial coherence
during early learning stages, enabling the model to more accurately localize lesions
of irregular shape, size, and intensity that is an area where conventional CNNs often
fail due to their limited receptive field [42]. Previous works relying on single-task
learning or voxel-wise annotation have been constrained by the cost of dense label-
ing and the inability to generalize to partially labeled datasets. In contrast, our model
introduces a weakly supervised strategy that reduces dependency on manual anno-
tations while maintaining segmentation accuracy, echoing the benefits observed in
other pseudo-labeling and semi-supervised frameworks [43].

The effectiveness of the Swin Transformer backbone further strengthens the
model’s adaptability. Its shifted window approach allows for efficient self-attention
over both local and global regions without the quadratic computational cost of stan-
dard transformers [44]. Recent comparative studies have demonstrated that Swin
Transformers are particularly well-suited for medical image analysis, offering a
balance between contextual reasoning and computational feasibility [45]. This is
especially valuable in stroke diagnosis, where small lesions in deep brain structures
or periventricular regions can be easily overlooked by architectures lacking multi-
scale attention mechanisms [46]. The stability of convergence curves in Figure 4
and the qualitative alignment of predicted and true lesion regions in Figure 5 both
reflect the Swin Transformer’s ability to extract consistent spatial hierarchies across
image modalities.

Compared to state-of-the-art models summarized in Table 1, the proposed model
demonstrates consistent superiority across all key metrics. Several prior approaches
using hybrid CNN-VIiT architectures reported modest gains in accuracy but lacked
robustness in recall or were limited to slice-level predictions [47]. Others, while
achieving high precision, did not provide full metric reporting or failed to general-
ize across datasets with variable contrast and noise characteristics [48]. Our model
not only overcomes these limitations but also performs well without relying on
full pixel-level annotations highlighting its potential for large-scale deployment in
data-constrained clinical environments.

Nonetheless, certain limitations persist. The quality of the pseudo-segmentation
masks remains a critical dependency. Noisy or poorly defined bounding boxes can
introduce ambiguity into the learning signal, potentially leading to mislocalization
or reduced precision [49]. Furthermore, while the Swin Transformer is computa-
tionally more efficient than standard ViTs, its inference speed still lags behind light-
weight CNNs, which could limit real-time clinical deployment without hardware
acceleration [50]. Optimizing the trade-off between model complexity and diagnos-
tic utility remains an important area for future research.

Future directions may involve extending the model to multi-modal learning
frameworks by integrating inputs from FLAIR, ADC, and DWI sequences each
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offering complementary information about ischemic tissue states [51]. Enhanced
pseudo-label generation using consistency training or entropy minimization could
further strengthen auxiliary supervision [52]. Additionally, incorporating uncer-
tainty quantification mechanisms could improve clinical interpretability and confi-
dence estimation during deployment [53]. The integration of such tools has shown
promise in increasing the clinical acceptability of Al-assisted diagnostic systems [54].
In summary, the proposed Auxiliary Branch Guided Swin Transformer provides
a robust and efficient solution for automated stroke lesion detection in brain MRI,
leveraging vision transformer principles and weak supervision to address key lim-
itations of existing models. Its ability to generalize across challenging imaging con-
ditions while reducing reliance on dense annotations positions it as a promising
direction for future research and clinical translation in neuroimaging diagnostics.

6  CONCLUSION

In this study, we introduced a novel stroke lesion segmentation framework that
integrates a Swin Transformer backbone with auxiliary mask supervision, aiming to
enhance the accuracy and robustness of lesion detection in brain MRI. The proposed
model leverages the hierarchical attention mechanism of the Swin Transformer to
capture both local and global contextual information, while the auxiliary branch uti-
lizes pseudo segmentation masks to provide intermediate spatial supervision during
training. Experimental results on the ISLES 2024 dataset demonstrate that our
approach outperforms several state-of-the-art CNN- and transformer-based models
in terms of Dice similarity, precision, and recall. The qualitative and quantitative
analyses further confirm the model’s ability to accurately localize and delineate
stroke lesions of varying size and complexity. The auxiliary supervision component
significantly improves feature learning and model generalization, especially in chal-
lenging cases with small or diffusely distributed lesions. Although limitations related
to computational cost and dependency on pseudo-mask quality remain, the proposed
architecture presents a scalable and effective solution for automated stroke assess-
ment. Future work will focus on enhancing the model through multi-modal data
integration, domain adaptation, and uncertainty modeling. Overall, this research
contributes to the advancement of transformer-based segmentation approaches in
neuroimaging and supports their clinical applicability in stroke diagnosis.
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