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PAPER

Swin-BSSeg: A Novel Swin Transformer-Enhanced 
Architecture for Accurate Ischemic Stroke Lesion 
Segmentation in MRI Images

ABSTRACT
Ischemic stroke, caused by obstructed cerebral blood flow, remains a leading cause of 
mortality and disability, necessitating precise magnetic resonance imaging (MRI)-based  
lesion detection. This paper proposes Swin-BSSeg (brain symmetry segmentation) algorithm, 
an enhanced version of the brain symmetry segmentation network (BSSNet), for improved 
stroke lesion segmentation. Swin-BSSeg integrates Swin Transformers to capture global con-
text and long-range dependencies through a hierarchical attention mechanism. The encoder 
replaces traditional convolutions with depth-wise separable convolution (DWSC) blocks 
comprising three cascaded depth-wise convolutional layers for efficient feature extraction 
and parameter reduction. Feature transfer to the decoder is accomplished via concatenation 
operations. The decoder also employs DWSC blocks to reduce computational demands and 
incorporates attention-guided connections (AGC) to refine the contextual diversity—defined 
as model’s ability to capture varied and spatially distributed lesion features. The model was 
evaluated on the public datasets (Anatomical Tracings of Lesions after Stroke) and ISLES 
(Ischemic Stroke Lesion Segmentation), which achieved a Dice Coefficient of 0.842 and an 
accuracy of 0.87 on the ATLAS dataset, while a Dice Coefficient of 0.8049 and an accuracy of 
0.84 on ISLES, outperforming BSSNet in contextual understanding and boundary precision. 
The improvements on the ATLAS dataset were statistically significant (p < 0.05), confirming 
the reliability of the proposed enhancements.
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1	 INTRODUCTION

Ischemic stroke remains a formidable global health challenge, ranking as a pri-
mary cause of disability and heightened mortality risk. A combination of magnetic 
resonance imaging (MRI) and advanced segmentation techniques is essential for 
precise diagnosis and informed treatment strategies. 

Brain stroke segmentation employs various strategies, including convolutional 
neural networks (CNNs), transformers, and hybrid models. Traditional CNNs, widely 
used for their efficiency, rely on localized filters that restrict their receptive field 
and capacity to grasp global context and long-range relationships [1]. U-Net and its 
variants enhance CNNs with skip connections for better localization, whereas fully 
convolutional networks (FCNs) enable pixel-wise predictions. Transformers over-
come CNN limitations by modelling long-range dependencies but require extensive 
computational resources. Hybrid models combining CNNs and transformers aim to 
balance efficiency and accuracy. 

Efficient and precise segmentation of stroke lesions is critical for evaluating brain 
damage, because stroke remains a primary contributor to global mortality and dis-
ability. Extracting stroke lesion information from MRI scans is a challenging aspect 
in stroke diagnosis and treatment strategy development. MRI provides full images 
of the brain tissue, permitting clinicians to consider the level and impact of a stroke. 
However, manual segmentation of these lesions is time-consuming, less efficient, 
and susceptible to variability, which drives the research and design of automated 
approaches to increase their effectiveness. Sathish and Sheet [2], proposed a wrap-
per method for evaluating the importance of MRI sequences in stroke lesion seg-
mentation using a deep neural network and identified DWI as the optimal sequence 
for ischemic stroke lesion segmentation.

Recently, deep learning (DL) methods have made significant strides in medical 
image analysis, particularly in stroke lesion segmentation. CNNs such as CNN-Res 
[1], 3D CNN [3], modified multi-scale 3D CNN [4], 3D residual CNN [5], multi-path 
2.5D CNN [6], and multi-scale region aligned CNN [7] have been extensively utilized 
owing to their ability to capture spatial hierarchies in imaging data. In particular, the 
U-Net architecture [8], has achieved significant success in a range of medical image 
segmentation tasks, such as stroke lesion segmentation. Long-range dependencies 
and global context are critical in brain lesion segmentation tasks as they enable the 
model to capture spatial relationships across the entire brain scan, thereby improv-
ing accuracy in identifying stroke-affected areas with improved lesion delineation. 
Convolution-based models, although effective at capturing local features, fall short 
in ischemic stroke detection due to their limited receptive fields and inability to 
capture the extensive spatial variability and complexity of stroke lesions, leading to 
incomplete or inaccurate segmentation. 

To overcome these limitations, several transformer-based architectures [9, 10] 
have been introduced such as TransRender [11], Neuro-TransUNet [12], and hybrid 
spatio-temporal transformer networks [10], offering improved capabilities for mod-
elling long-range dependencies and global contexts. The integration of Swin trans-
formers is driven by their ability to model complex, long-range dependencies and 
capture hierarchical spatial information, while maintaining computational effi-
ciency through shifted window operations. This capability is crucial for accurately 
segmenting ischemic stroke lesions, which are often present as dispersed and irreg-
ular morphologies across the brain [13, 9]. By processing images hierarchically and 
using shifted windows for self-attention computation, the Swin transformer [14] 
effectively captures complex spatial relationships within the data.
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Fig. 1. Swin transformer pipeline

The integration of Swin transformers into U-shaped network architectures, as 
seen in models such as Swin UNETR [15], has shown promising results in brain 
tumor segmentation and holds potential for application in stroke lesion segmenta-
tion. Figure 1 illustrates the pipeline of a Swin transformer.

This study introduced the Swin-BSSeg, an improved model for stroke lesion 
segmentation in MRI scans. By integrating the Swin Transformer into the brain 
symmetry segmentation network (BSSNet), the model enables hierarchical image 
processing, allowing better analysis of the relationships between different brain 
regions. This method boosts the segmentation accuracy by capturing both local 
and global contextual information, making it easier to identify regions in the 
brain affected by stroke with greater precision. The ability of the model to process 
information at various scales contributed to its enhanced performance in lesion 
delineations. Furthermore, the model employs attention-guided connection (AGC) 
mechanism, which optimizes feature extraction. It integrates low-level features 
(edges and textures) with high-level semantic features (lesion morphology, location, 
and brain symmetry patterns). This approach enhances the precision of segmen-
tation while simultaneously reducing the computational demands, resulting in a 
more efficient model. Compared to recent models such as TransRender and Neuro-
TransUNet, Swin-BSSeg introduced a balanced architecture that integrates global 
feature modeling through Swin Transformers with efficient local feature extraction 
via DWSC. This design enables improved segmentation performance while main-
taining computational efficiency. Although advances in CNN and hybrid models 
have narrowed performance gaps, there remains a significant gap in achieving 
high segmentation accuracy with minimal computational overhead while preserv-
ing both global and local contextual representations. Swin-BSSeg is proposed to 
address this gap by leveraging the strengths of Swin Transformers and lightweight 
convolutional operations.

The structure of this paper is as follows: Section 2 examines related research 
and developments in segmentation approaches. Section 3 provides a detailed 
description of the proposed Swin-BSSeg architecture and its associated improve-
ments. Section 4 presents the experimental analysis, evaluation datasets, findings, 
and performance analysis of the Swin-BSSeg and BSSNet. Finally, Section 5 con-
cludes the paper and summarizes the contributions and potential directions for 
future research.

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


	 46	 International Journal of Online and Biomedical Engineering (iJOE)	 iJOE | Vol. 21 No. 9 (2025)

Mathew et al.

2	 RELATED WORKS

Precise identification and demarcation of stroke lesions on MRI scans are of 
paramount importance in stroke diagnosis and treatment planning. MRI technol-
ogy provides high-resolution brain tissue images that are essential for evaluating 
stroke severity and outcomes. However, the manual process of lesion segmenta-
tion is not only time-consuming and labor-intensive but also susceptible to human 
error. This underscores the critical need to develop automated methods to enhance 
both the accuracy and efficiency. Although DL has made significant strides in this 
field, traditional CNNs often fail to fully capture extensive spatial relationships and 
overall context. These elements are crucial for accurate identification of lesions 
that vary in size, shape, and location. This section discusses the latest advance-
ments in neural network architectures and hybrid systems designed to address 
these challenges.

2.1	 Traditional CNN architectures

Convolutional neural networks are instrumental in stroke lesion segmentation. 
DeepMedic, a 3D CNN model developed by Kamnitsas et al. [16], incorporates con-
ditional random fields and multi-scale pathways, marking one of the earliest suc-
cessful applications of CNNs in brain lesion segmentation. However, the use of 
localized filters hinders the capacity of the model to capture global spatial relation-
ships, which are essential for addressing the irregular nature of lesions. Liu et al. 
[17], introduced a multi-receptive-field CNN that combined information from vari-
ous spatial scales within an encoder-decoder framework. This innovation improved 
the segmentation of ischemic stroke lesions by balancing fine details with broader 
contextual information. Nevertheless, reliance on conventional convolutional oper-
ations results in high computational demands, limiting the scalability and efficiency 
of the model. Alquhayz et al. [18], introduced MCN, a three-phase DL framework that 
employs a modified residual U-Net for the final segmentation. It was crafted to han-
dle class imbalance and inter-class similarity in the ATLAS dataset, attaining a mean 
Dice score of 0.754. Yu et al. [19], proposed a Self-Adaptive Normalization Network 
(SAN-Net), which is a DL model based on U-Net architecture. Their model aimed to 
improve the adaptability of stroke lesion segmentation across various MRI imaging 
facilities. To address the differences between sites resulting from diverse scanners, 
imaging protocols, and patient populations.

2.2	 Attention mechanisms and enhanced architectures

Attention mechanisms have emerged as powerful tools for enhancing segmenta-
tion performance in medical imaging. Rueckert et al. [20], developed the Attention 
U-Net, which integrates attention gates to emphasize relevant areas while suppress-
ing unimportant features. This approach significantly improves the segmentation 
accuracy, particularly in pancreatic segmentation. However, its application to stroke 
lesion segmentation remains underexplored, and computational overhead con-
tinues to be a concern. Li et al. [21], further advanced the field using BSSNet, an 
architecture that incorporates multi-scale channel attention (MSCA) and depth-wise 
separable convolutions (DWSC) for stroke lesion segmentation. These enhancements 
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allow for effective integration of global and local dependencies while reducing com-
putational complexity. The inclusion of AGC further improved contextual infor-
mation diversity, resulting in more accurate segmentation outcomes. Despite its 
effectiveness, BSSNet still faces challenges in efficiently capturing the global con-
text, indicating the need for further architectural improvements. Wu et al. proposed 
FRPNet [22], a sophisticated segmentation network based on the U-Net architecture, 
incorporating a twin attention gate (TAG) and multi-dimensional attention pooling 
(MAP) modules. It achieved 60.16% DSC, 36.20 HD, 85.72% DSC, and 27.02 HD on two 
distinct ischemic stroke datasets.

2.3	 Transformer-based approaches

Transformers, originally developed for natural language processing, have been 
adapted to computer vision tasks because of their ability to model long-range depen-
dencies. Vaswani et al. [23], pioneered this shift using a transformer architecture 
by introducing self-attention mechanisms to effectively model spatial relationships. 
Dosovitskiy et al. [24], extended this work to vision tasks using a vision transformer 
(ViT) that processes images as a sequence of patches. Although ViTs perform well 
in image classification, they require substantial computational resources and large 
datasets, making them less practical for medical imaging applications with limited 
data availability. To address these limitations, Liu et al. [14], introduced the Swin 
Transformer, which employs a hierarchical structure and shifted windowing scheme 
to locally compute self-attention while enabling cross-window connections. This 
innovation significantly reduces the computational overhead while maintaining 
high performance across various computer vision tasks. While Swin Transformers 
have shown promise in medical imaging, their potential in stroke lesion segmenta-
tion has not yet been fully explored.

2.4	 Hybrid models

Hybrid architectures that combine CNNs and transformers have attracted atten-
tion because of their ability to leverage the strengths of both approaches. Malik 
et al. [25], in their study offered a comprehensive analysis of DL architectures for 
stroke lesion segmentation, examining CNN-based and transformer-based models 
and exploring their application across three major public datasets (ATLAS, ISLES 
and AISD). A prime example is UNETR, created by Hatamizadeh et al. [15], which 
incorporates a transformer-based encoder and CNN-based decoder in a U-shaped 
configuration. This structure effectively captures both global and local spatial infor-
mation, resulting in an exceptional performance in the segmentation of volumetric 
medical images. Despite its success, the potential application of UNETR in ana-
lyzing stroke lesions remains largely unexplored, presenting an opportunity for 
future research.

2.5	 Challenges and research gaps

Although advancements have been made, segmentation of stroke lesions remains 
challenging. Conventional CNNs are adept at extracting local features but struggle 
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with modelling global relationships. Although transformer-based models address 
this limitation, they introduce computational complexity and require large datasets. 
Hybrid models offer a promising alternative however, their development for this 
specific application is still in its early stages. This study contributes to the field by 
proposing the Swin-BSSeg algorithm, which combines the hierarchical capabilities 
of Swin transformers with the computational efficiency of DWSC and the contextual 
richness of AGC. This innovative approach addresses existing challenges by improv-
ing feature representation, reducing computational requirements, and enhancing 
the segmentation accuracy of stroke lesion images.

3	 METHOD

This study introduced an automated framework for detecting and quantifying 
stroke lesions on MRI. The study employs DL based segmentation models, specifically 
CNNs, U-Net, and Transformer-based architectures such as the Swin transformer 
to segment stroke lesions, utilizing the ATLAS and ISLES datasets for evaluation. 
This methodology uses MRI scans and lesion masks, that are essential for super-
vised learning. The MRI Lesion segmentation process is illustrated in Figure 2. These 
images underwent a series of preprocessing steps to enhance the uniformity and 
eliminate extraneous elements. The process includes intensity normalization for 
consistent contrast, skull stripping to isolate brain regions, and cropping to a specific 
region of interest (ROI) to reduce background interference. The images were then 
resized to 192 × 192 pixels for uniform input dimensions and subjected to Z-score 
normalization to standardize the intensity values across the datasets. Finally, the 
pre-processed images and masks are converted into NumPy (.npy) for efficient stor-
age and rapid access during training and inference.

Fig. 2. Steps in MRI lesion segmentation

The core of the system comprises a hybrid transformer-CNN based architecture 
that integrates convolutional and attention-based methods to enhance segmentation 
accuracy. It incorporates DWSC for efficient feature extraction, Swin Transformer 
Blocks for processing MRI slices using multi-head self-attention and hierarchical 
feature extraction, and MSCA to refine the extracted features by highlighting import-
ant lesion areas. This combination enables the model to capture both the local and 
global structural details of stroke lesions.

Following the model processing, post-processing techniques were applied to 
refine the predicted masks and improve their accuracy. These include threshold-
ing to convert the probability outputs into binary segmentation masks. The lesion 
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volume was estimated by multiplying the total number of segmented pixels, which 
were then converted to cubic millimeters (mm³) and cubic centimeters (cm³) for 
clinical relevance. The model performance was evaluated by comparing its output to 
expert-annotated masks using metrics such as the dice coefficient, intersection over 
union (IoU), precision, and recall.

This study introduces the Swin-BSSeg algorithm, which incorporates a Swin 
transformer (SWIN) to enhance the precision of skin lesion segmentation. The inte-
gration of the SWIN enables the capture of broad contextual information and exten-
sive interconnections.

Fig. 3. The core architecture of the proposed system

This architecture processes images using a hierarchical approach, thereby 
enhancing the capacity of the models to analyze relationships across various image 
regions. It has also been applied to the management of various complex lesions. By 
merging DWSC blocks and AGC, the Swin-BSSeg model provides the best feature 
extraction and increased feature representation, thereby improving segmentation 
performance. Figure 3 illustrates the architecture of the proposed system.
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Algorithm 1: Swin-BSSeg Algorithm for Stroke Lesion Segmentation

Input: 3D brain MRI volume (T1/T2/FLAIR/DWI), 256×256×Z voxels, normalized [0,1]
Step 1: Feature Extraction using DWSC Block
Procedure Swin-BSSeg(input_image)
1.	 encoded_features, skip_connections ← Encoder(input_image)
2.	 segmentation_mask ← Decoder (encoded_features, skip_connections)
3.	 return segmentation_mask
Procedure DWSC_Block (input, output_channels)
1.	 depth_wise ← DepthWiseConv2D (3×3, padding=‘same’) (input)
2.	 norm1 ← BatchNormalization () (depth_wise)
3.	 act1 ← ReLU () (norm1)
4.	 point_wise ← Conv2D (output_channels, 1×1) (act1)
5.	 output ← ReLU (BatchNormalization () (point_wise))
6.	 return output
Procedure Cascaded_DWSC_Block (input, channels)
1.	 x ← DWSC_Block (input, channels)
2.	 x ← DWSC_Block (x, channels)
3.	 x ← DWSC_Block (x, channels)
4.	 return x
Step 2: Global Context Modeling using Swin Transformer
Procedure SwinTransformerBlock (input, dim, heads, window_size, shift_size=0)
1.		 norm1 ← LayerNorm () (input)
2.		  if shift_size > 0 then
3.		   shifted_x ← CyclicShift(shift_size) (norm1)
4.		   windows ← WindowPartition (shifted_x, window_size)
5.		 else
6.		   windows ← WindowPartition (norm1, window_size)
7.		 attn_windows ← WindowAttention (windows, dim, heads, qkv_bias=True)
8.		 x ← WindowReverse (attn_windows, window_size, shift= (shift_size > 0), shift_size=shift_size)
9.		 x ← input + x
10.		 norm2 ← LayerNorm () (x)
11.		 output ← x + MLP (norm2)
12.		 return output
Step 3: Feature Refinement using Multi-Scale Channel Attention (MSCA)
Procedure MSCA_Module(input)
1.	 avg_pool ← GlobalAveragePooling2D(keepdims=True) (input)
2.	 scale1 ← Conv2D (input_channels, 1×1) (avg_pool)
3.	 scale3 ← Conv2D (input_channels, 3×3, padding=‘same’) (avg_pool)
4.	 scale5 ← Conv2D (input_channels, 5×5, padding=‘same’) (avg_pool)
5.	 concat ← Concatenate ([scale1, scale3, scale5])
6.	 channel_weights ← Sigmoid (Conv2D (input_channels, 1×1) (concat))
7.	 output ← Add ([input, Multiply ([input, channel_weights])])
8.	 return output
Step 4: Context-Aware Upsampling using Attention-Guided Connections (AGC)
Procedure AGC_Module (low_features, high_features)
1.	 if shape(high_features) ≠ shape(low_features) then
2.	   high_features ← UpSampling2D () (high_features)
3.	 end if
4.	 attn_map ← Sigmoid (BatchNormalization (Conv2D (1×1) (high_features)))
5.	 attended ← Multiply ([low_features, attn_map])
6.	 merged ← Concatenate ([attended, high_features])
7.	 output ← ReLU (BatchNormalization (Conv2D (3×3, padding=‘same’) (merged)))
8.	 return output

(Continued)
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Algorithm 1: Swin-BSSeg Algorithm for Stroke Lesion Segmentation (Continued)

Step 5: Encoder and Decoder Design
Procedure Encoder(input_image)
1.		 x ← ReLU (BatchNormalization (Conv2D (64, 3×3, padding=‘same’) (input_image)))
2.		 skip_connections ← []
3.		 channels ← [64, 128, 256, 512]
4.		 for i = 1 to 4 do
5.		   x ← Cascaded_DWSC_Block (x, channels[i])
6.		  append x to skip_connections
7.		   x ← MaxPooling2D(pool_size=2) (x)
8.		 end for
9.		 x ← SwinTransformerBlock (x, dim=512, heads=8, window_size=7)
10.		 x ← SwinTransformerBlock (x, dim=512, heads=8, window_size=7, shift_size=3)
11.		 x ← MSCA_Module(x)
12.		 return x, skip_connections
Procedure Decoder (bottleneck, skip_connections)
1.	 x ← bottleneck
2.	 channels ← [256, 128, 64, 32]
3.	 for i = 1 to 4 do
4.	   x ← UpSampling2D(size=2) (x)
5.	   x ← AGC_Module(skip_connections[3-i], x)
6.	   x ← Cascaded_DWSC_Block (x, channels[i])
7.	 end for
8.	 x ← MSCA_Module(x)
9.	 return output ← Conv2D (1, 1 × 1, activation=‘sigmoid’) (x)
Step 6: Output Segmentation Mask Generation

Generate and return the final binary lesion mask from the decoder output.

The model incorporates an encoder to optimize feature extraction while simulta-
neously reducing computational complexity. The key innovation lies in the integra-
tion of SWIN transformers into DWSC, which considerably increases the accuracy of 
the model compared to conventional convolutional layers. DWSC splits the convo-
lution procedure into two functions: depth-wise and point-wise convolution. It has 
been used to study complex spatial features while reducing the computation time 
by minimizing parameters. In the depth-wise convolution stage, each input channel 
was processed separately using a convolutional filter, focusing on spatial filtering 
within the channel. The output from each channel is subsequently merged using 
a 1 × 1 pointwise convolution to integrate channel-wise information. This can be 
expressed using the following equation:

	 DWSC(x) = s(Wp * (Wd * x))	 (1)

In this context, Wd represents the depth-wise convolution filter, Wp represents the 
point-wise convolution filter, and s denotes the ReLU activation function. The DWSC 
technique reduces the memory consumption and computational complexity through 
these two processes. Consequently, the number of required parameters was reduced.

To promote effective gradient flow and lower the possibility of vanishing gradients 
during training, residual connections were integrated into the encoder. These con-
nections help preserve important feature information by allowing gradients to pass 
directly through network layers. This can be mathematically represented as follows:

	 Residual(x) = x + DWSC	 (2)

This formula ensures that the original input x is added back to the DWSC output, 
helping retain the essential features.
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The proposed architecture, as depicted in Figure 3, leverages Swin Transformers 
[14], in the feature integration stage to effectively capture global context and long-
range dependencies. This approach enhances the model’s ability to comprehend the 
spatial relationships within the input images. Swin Transformers function by dividing 
the input image into discrete, non-overlapping patches, each of which undergoes inde-
pendent processing. This integration significantly improves the capacity of the model 
to analyze and interpret complex visual data across various scales and dimensions.

The Swin transformer model employs a patch-based approach that balances 
computational efficiency with the ability to capture complex spatial relationships. 
By processing the input image in non-overlapping segments, the model applies a 
series of transformations through its layers, progressively merging the features to 
construct hierarchical representations. This process can be summarized as follows:

	 Swin(x) = Merge(Patch(x))	 (3)

In this formulation, Patch(x) represents the initial segmentation of the input 
image into discrete patches, whereas Merge denotes the subsequent integration of 
these patch-level features. This hierarchical merging procedure enables the model to 
synthesize a comprehensive representation of the input, effectively capturing both 
local and global spatial dependencies within the image. The self-attention mecha-
nism evaluates the significance of different areas by computing the attention scores 
among the patches. This process highlighted the crucial components of each patch. 
The mathematical formulation of the self-attention mechanism [8] is as follows:

	 Attention Q K V softmax
QK

d
V

T

k

( , , ) �
�

�

�
�

�

�

�
�

	 (4)

where Q, K, V denote the query, key, and value matrices respectively; and dk denotes 
the dimensions of the key.

The encoder transfers the extracted features to the decoder via concatenation, 
thereby facilitating seamless integration. This process enables the decoder to accu-
rately reproduce the segmented output. By combining features from multiple layers 
through concatenation, the decoder receives a diverse and comprehensive set of fea-
tures, which is essential for precise segmentation. This mechanism can be expressed as:

	 Concat(x1, x2) = [x1, x2]	 (5)

The feature maps x1 and x2 are merged through a concatenation function, enabling 
the decoder to access a broad spectrum of information for segmentation purposes. 
To maintain simplicity and efficiency, the decoder utilizes depthwise separable 
convolution (DWSC) blocks. These blocks facilitate the creation of high-resolution 
segmented outputs without unnecessary computational complexity. Conventional 
connection operations are replaced by an AGC to improve the capacity of the model 
to concentrate on crucial contextual information. The hierarchical attention struc-
ture enables the network to extract and merge features at multiple levels of abstrac-
tion. This layered representation helps distinguish subtle lesion characteristics while 
retaining broader spatial coherence, thereby improving segmentation accuracy 
across varied lesion shapes and sizes. Within AGC, attention scores are employed 
to emphasize important features and focus on the most relevant areas of the input 
image. This process is mathematically expressed as follows:

	 AGC (x) = Attention(xlow, xhigh)	 (6)
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The Swin-BSSeg architecture employs cutting-edge methods to improve the 
feature extraction, incorporate the global context, and streamline the reconstruc-
tion of the segmented results. Through the synergistic combination of DWSC, Swin 
Transformers, and AGC techniques, this model achieves substantial enhancements 
in its capacity to segment lesions from MRI stroke images. Overfitting was mitigated 
through dropout layers, early stopping, and extensive data augmentation, including 
rotation, flipping, and intensity variation. Consequently, Swin-BSSeg offers a pow-
erful alternative to traditional approaches, effectively addressing the limitations of 
conventional segmentation methods.

The Swin-BSSeg architecture is designed with computational efficiency in mind. 
By integrating DWSC, the model significantly reduces the number of trainable 
parameters and floating-point operations (FLOPs) compared to traditional convolu-
tional models. The use of Swin Transformers with a shifted window mechanism fur-
ther minimizes the self-attention computation by limiting it to local non-overlapping 
windows, while still enabling cross-window information flow. This hierarchical 
design ensures that global context is captured without incurring the high computa-
tional cost typical of full self-attention. The combination of DWSC and window-based 
attention leads to a lightweight yet powerful model that achieves competitive accu-
racy with lower memory usage and faster inference time.

3.1	 Experimental setup and performance analysis

A computer with an NVIDIA GeForce RTX 3050 GPU and an Intel Core i7  
12th generation processor was used for this study. This hardware setup was used 
for training, validation, and testing to guarantee an effective computation and faster 
model performance. While the high-performance CPU ensured that data pretreat-
ment and administration proceeded smoothly, the GPU’s parallel processing capabil-
ities allowed DL activities to be completed more quickly.

ATLAS dataset. The ATLAS dataset [26], functions as an open-access reposi-
tory for brain MRI scans and is specifically curated for the evaluation of lesion seg-
mentation methods. The ATLAS dataset, comprises T1-weighted MRI scans. These 
images are shown in Figure 4. This collection encompasses high-resolution MRI data 
acquired from a diverse group of patients exhibiting various stroke-induced lesions. 
Each image within the dataset was complemented by precise ground-truth lesion 
masks to establish a uniform standard for assessing the accuracy of segmentation 
techniques.

Fig. 4. MRI slice with lesion mask in ATLAS dataset
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ISLES dataset. The ISLES dataset [27], serves as an open-access resource for 
assessing stroke lesion image segmentation techniques. It comprises MRI scans from 
patients with ischemic stroke, which are complete with detailed lesion annotations. 
Images from the ISLES dataset are shown in Figure 5. The ISLES dataset contains 
400 multi-vendor MRI scans with FLAIR, DWI, T1, and T2-weighted scans. This 
collection is particularly useful because of its emphasis on complex stroke lesions, 
which provides a wide array of lesion types and cases that pose significant segmen-
tation challenges. The research community highly valued this dataset for its intricacy  
and variety.

Fig. 5. MRI slice with lesion mask in ISLES dataset

Training and testing pipelines. Of the 955 available MRI scans for the ATLAS 
dataset, 655 scans were used for training, 150 for validation, and 150 for testing. 
The ISLES22 dataset comprised 250 multimodal MRI images, of which 150 scans 
were used for training, 50 for validation, and 50 for testing, ensuring a balanced 
evaluation of the model performance. The model was trained for 50 epochs and a 
learning rate of 0.0001, using carefully chosen training and validation sets to main-
tain a wide variety of lesions and to ensure robust generalization. The loss function 
employed was Dice Loss, which is particularly well-suited for segmenting medical 
images because it can handle class imbalances and enhances the precision of lesion 
boundary identification.

3.2	 Evaluation metrics

The following metrics were used to evaluate the segmentation models [28]:
Dice Coefficient (Dice): Dice was used to evaluate the difference between the 

ground truth and detected lesion masks. This is computed as follows:

	 Dice
TP

TP FN FP
�

� �
2

2
	 (7)

where: TP is True Positives (Correctly detects a condition that is present)
TN is True Negatives (Correctly detects a condition that is absent)
FP is False Positives (Incorrectly detects a condition that is not present)
FN is False Negatives (Fails to detect a condition that is present)
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Intersection Over Union (IoU): IoU (Intersection over Union) is a metric that evalu-
ates the degree of overlap between detected and ground truth lesions, relative to the 
total area they encompass. This was calculated using the following formula:

	 IoU
TP

TP FP FN
�

� �
	 (8)

An increased IoU range demonstrates a more precise segmentation.
Precision: Precision is used to calculate the fraction of true positive pixels among 

all the forecasted positive pixels:

	 Precision
TP

TP FP
�

�
	 (9) 

Recall: Recall is used to measure the fraction of true positive pixels among all 
actual positive pixels:

	 Recall
TP

TP FN
�

�
	 (10)

Higher values of these metrics indicate improved segmentation performance.

4	 RESULTS AND DISCUSSION

The BSSNet model and Swin-BSSeg were evaluated on both ATLAS and ISLES 
datasets. The results of these methods with their evaluation metrics are presented 
in Tables 1 and 2.

Table 1. Performance comparison on ATLAS Dataset

Model\Metric
ATLAS Dataset

Dice 
Coefficient IoU Precision Recall F1-Score Accuracy

BSSNet 0.80 0.8055 0.7980 0.8199 0.8055 0.82

Swin-BSSeg 0.842 0.8443 0.8502 0.8699 0.8580 0.87

Table 2. Performance comparison on ISLES Dataset

Model\Metric
ISLES Dataset

Dice 
Coefficient IoU Precision Recall F1-Score Accuracy

BSSNet 0.7309 0.7459 0.77 0.79 0.7846 0.80

Swin-BSSeg 0.8049 0.7947 0.8186 0.8401 0.8265 0.84

The experimental results presented in Tables 1 and 2, and Figure 6 to 11 provide 
a comparative analysis of the BSSNet and Swin-BSSeg models on two prominent 
datasets: ATLAS and ISLES.

On the ATLAS dataset, the Swin-BSSeg model gave the highest Dice Coefficient of 
0.842, which is slightly higher than BSSNet’s 0.80, indicating a marginal improve-
ment in the overlap between the predicted and actual lesion masks. However, Swin-
BSSeg exhibited a higher IoU of 0.8443 than that of BSSNet (0.8055).
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On the ISLES dataset, the Swin-BSSeg model provided an increased perfor-
mance. A Dice Coefficient of 0.8049 compared to BSSNet’s 0.7309, indicates a nota-
ble improvement in segmentation accuracy. Similarly, the IoU for Swin-BSSeg was 
0.7947, which was higher than that of BSSNet (0.7459), reflecting its enhanced ability 
to capture lesion regions accurately.

Fig. 6. Dice coefficient Fig. 7. Intersection over union

In terms of Precision and Recall, Swin-BSSeg achieved scores of 0.8502 and 
0.8699, respectively, outperforming BSSNet by 0.7980 and 0.8199 respectively on the 
ATLAS dataset. Precision and Recall scores for Swin-BSSeg were 0.8186 and 0.8401 
was obtained respectively, compared to BSSNet’s 0.77 and 0.79, showing improved 
identification of true lesion pixels while reducing false positives on ISLES dataset.

Fig. 8. Precision Fig. 9. Recall

On the ATLAS dataset, Swin-BSSeg also showed an F1-score of 0.8580, surpassing 
BSSNet by 0.8055, demonstrating its superior ability to balance precision and recall. 
The overall accuracy of Swin-BSSeg was 0.87, indicating an improvement over that 
of BSSNet (0.82). Experiments with varying AGC attention map sizes and channel 
depths showed that increasing attention resolution marginally improved Dice by 
~1.2%, especially on lesions near cortical folds. However, deeper attention layers led 
to diminishing returns and higher computational cost, indicating that a balanced 
AGC configuration offers the best trade-off. Swin-BSSeg gives an increased F1-score 
of 0.8265 vs. BSSNet gives 0.7846 and an accuracy of 0.84 for Swin-BSSeg when com-
pared to 0.80 for BSSNet on the ISLES dataset.

Further analysis revealed that Swin-BSSeg’s segmentation accuracy is influenced 
by lesion size. The model performs well on large and medium-sized lesions, but it’s 
Dice score decreases significantly for lesions smaller than 5 cm³. This is likely due 
to the subtle intensity differences and reduced context in small lesions. Future work 
could address this limitation using size-aware training strategies or incorporating 
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focal loss to better emphasize under-represented small lesion cases. Swin-BSSeg 
handles small or irregularly shaped lesions using the combined power of hierarchi-
cal attention and MSCA. These modules enhance sensitivity to shape deformation 
and faint textures. Nonetheless, performance may drop on extremely small lesions 
with low contrast, where boundary definition becomes ambiguous.

Fig. 10. F1-score Fig. 11. Accuracy

Figures 12 and 13 show the actual and predicted overlays of the sample images 
from ATLAS and ISLES.

Fig. 12. Actual and prediction overlay on sample image (ATLAS Dataset)

Fig. 13. Actual and prediction overlay on sample image (ISLES Dataset)

The Wilcoxon signed-rank test [13] was used to compare the performances of 
Swin-BSSeg and BSSNet on the ATLAS and ISLES datasets. Table 3 presents the 
results of the analysis. Analysis of the ATLAS dataset revealed a p-value of 0.0339, 
which is below the conventional threshold of 0.05. This indicates that the improved 
performance of the Swin-BSSeg is statistically significant, suggesting a meaningful 
enhancement in the segmentation accuracy of ATLAS. Conversely, the ISLES dataset 
analysis yielded a p-value of 0.0899, exceeding the threshold of 0.05.
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Table 3. Wilcoxon signed-rank test of the dice coefficients obtained from the Swin-BSSeg model  
and the dice scores obtained from BSSNet

Datasets P Value

ATLAS 0.03394458

ISLES 0.0898562

This implies that the observed difference lacks statistical significance, and the 
performance disparity between Swin-BSSeg and BSSNet for ISLES may be attribut-
able to chance rather than genuine improvement. These findings demonstrate that 
while Swin-BSSeg shows a significant advantage when applied to the ATLAS dataset, 
its superiority over BSSNet is less evident for ISLES. This discrepancy highlights the 
potential dataset-dependent nature of the effectiveness of Swin-BSSeg.

Evaluation metrics across both ATLAS and ISLES datasets revealed that Swin-
BSSeg outperformed BSSNet in terms of overall effectiveness. The incorporation of 
Swin Transformers into the BSSNet framework enhances the capacity of the model 
to comprehend the global context, resulting in a markedly improved segmentation 
accuracy. These findings underscore the greater adaptability and reliability of the 
Swin-BSSeg for tasks involving lesion segmentation. The Swin-BSSeg model per-
formed better on the ATLAS dataset compared to ISLES due to differences in modal-
ity complexity, lesion heterogeneity, and annotation consistency. ATLAS contains 
T1-weighted images with more consistent contrast and cleaner boundaries, while 
ISLES includes multimodal images with diverse acquisition settings and more com-
plex lesion appearances, increasing segmentation difficulty.

5	 CONCLUSION

This study proposed Swin-BSSeg, a novel stroke lesion segmentation architec-
ture that enhances the traditional BSSNet framework by incorporating Swin trans-
formers, DWSC, MSCA, and AGC. These components work synergistically to capture 
both local and global contextual features, leading to improved delineation of isch-
emic stroke lesions from MRI images. The model achieved significant performance 
improvements over the baseline BSSNet, as demonstrated by higher dice coeffi-
cients, precision, recall, and accuracy on the ATLAS and ISLES datasets. Particularly, 
Swin-BSSeg excelled in handling lesions with complex shapes and varying sizes, 
showcasing its robustness and clinical relevance.

Beyond segmentation accuracy, the model also demonstrated computational effi-
ciency, with an inference time of approximately 40 ms per image on an RTX 3050 
GPU, suggesting its feasibility for near real-time clinical deployment. Qualitative 
results further affirmed the model’s capacity to produce precise segmentation maps 
with minimal false positives or negatives.

Future work can focus on extending Swin-BSSeg’s capabilities in several direc-
tions. Integrating multi-modal data—such as CT, FLAIR, and perfusion imaging—
with MRI could enrich the input information and enhance segmentation in regions 
with low contrast. Additionally, adapting the model for real-world clinical applica-
tions will require addressing challenges such as imaging protocol variations, scanner 
differences, and real-time interpretability. Given its lightweight architecture, Swin-
BSSeg holds potential for deployment on edge devices, including portable diagnostic 
tools for emergency stroke assessment.
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Another promising direction is to extend the framework to other neurological 
conditions, such as multiple sclerosis, brain tumors, or traumatic brain injuries, 
by retraining on task-specific datasets. Moreover, implementing self-supervised or 
semi-supervised learning strategies may reduce the reliance on large annotated 
datasets, improving generalization across diverse clinical environments while pre-
serving accuracy.

In conclusion, Swin-BSSeg provides a powerful, efficient, and scalable solution for 
ischemic stroke lesion segmentation, offering a solid foundation for future advance-
ments in automated neuroimaging diagnostics.

6	 DATA AVAILABILITY

The data that support the findings of this study are openly available [ALTAS R2.0] 
at https://fcon_1000.projects.nitrc.org/indi/retro/atlas.html [26], and [ISLES 2022] at 
https://zenodo.org/records/7960856 [27].
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