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Abstract – Multiple sequences of MRI play a pivotal role in brain tumor diagnosis, treatment planning, and decision prediction. 
Due to inherent spatial heterogeneity among patients, accurate segmentation continuous to be a complex challenge. While 
convolutional neural networks (CNNs) like U-Net and Transformer-based models such as ViT and Swin UNETR have shown 
strong performance in capturing local and global context in computer vision tasks, their feature representations can further 
be enhanced. In our work, we explore the effectiveness of an auxiliary lightweight attention mechanisms in improving the 
segmentation capability of Swin UNETR. Two proposed integrations are investigated: Swin UNETR enhanced with Squeeze-
and-Excitation (SE) blocks, and Swin UNETR enhanced with the Convolutional Block Attention Module (CBAM). Evaluation 
results on the BraTS2020 dataset reveal that both auxilliary attention mechanism improve segmentation accuracy over the 
baseline model to a certain extent. The CBAM-enhanced model achieves superior performance across all metrics, with a Dice 
score of 0.8641, IoU of 0.7884, Recall of 0.9124, Hausdorff Distance of 3.2596, and ASSD of 0.2859, accompanied by 
increased model complexity. The results achieved conclude that optimal attention design and placement will remain an open 
research question. Future work will focus on developing adaptive and computationally efficient attention focussed strategies 
as well as assessing the generalizability across multi-center datasets, to provide a foundation for Federated Learning and 
clinical deployment. 
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1. Introduction  
Following the creation of the Multimodal Brain Tumor 
Image Segmentation Benchmark (BraTS) challenge, 
researchers made the automated segmentation of brain 
tumors from MRI, a prominent area of study [1]. This 
initiative has provided an access to the largest year-
wise repositories having multi-institutional, clinically 
acquired, pre-operative multimodal MRI scans of 
glioblastoma (GBM/HGG) and lower-grade glioma 
(LGG), thereby facilitating accurate pathological 
assessment, longitudinal diagnosis and treatment 
planning. Gliomas are the most common type of brain 
tumors and exhibit a wide spectrum of malignancy 
ranging from low grade astrocytomas and 
oligodendrogliomas to aggressive Grade IV 
glioblastomas (GBMs), which is the most lethal forms 
[1]. Algorithmic based semantic segmentation 
techniques works on pixels to delineate the tumor 
regions, which remains challenging due to tumor size, 
shape and location heterogeneity. To overcome these 
challenges, Deep learning based approaches have 
achieved state-of-the-art performance in segmentation 
[2] contributing to earlier identification of malignant 
growths and improving the clinical workflows. U-Net 
based Convolutional neural networks (CNNs) in 
encoder – decoder architecture with skip connections 
have produced promising outcome in medical image 
analysis. It effectively captures contextual features 
while preserving spatial details. U-Net and its variants 

have been widely adopted for accurately segmenting 
complex structures such as stroke lesions [3]. 
Numerous studies have explored augmenting the 
conventional U-Net framework with advanced 
mechanisms to further enhance its performance, [4] 
introduced a hybrid transformer-based architecture, 
UTNet, which incorporates self-attention with relative 
position encoding into both the encoder and decoder of 
the UNet framework. It captures the global 
relationships between features across different scales 
more effectively. [5] proposed cross attention module 
with deep supervision which demonstrated the model 
to selectively focus on salient regions while reinforcing 
hierarchical learning. To promote hierarchical multi-
scale learning,[6] introduced HiFormer, which 
integrates a Swin Transformer module with a CNN-
based encoder and employs a multilevel fusion 
approach for impactful global and local level feature 
integration. [7] utilized brain parcellation to focus on 
infarct risk regions, improving segmentation precision 
without relying on explicit attention modules within 
multi-sequence MRI scans and ensemble learning. 
 

1.1 Research Gap 
Transformers have levelled up many research domains 
by handling long-range dependencies, but their role in 
healthcare domain still need some core analytical 
evidences which can help in analysis of image 
segmentation task. In medical image segmentation 
task, transformer often divide image into patches and 
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apply self-attention in encoder stage, but often lose 
some important details when moving from encoder to 
decoder stage. The real challenge lies in figuring out 
which type of attention (spatial, channel, or cross-
modality) works best, and where in the segmentation 
pipeline it should be placed. On top of that, many 
transformer designs are heavy and resource-intensive, 
making them difficult to use in real-world clinical 
settings. 

1.2 Aim & Objectives 
The aim of this study is to design a lightweight yet 
powerful segmentation framework for brain tumors 
using multi-sequence MRI data. The specific objectives 
include: 
• Developing a hybrid architecture exploring long 
term dependencies in Swin Transformers through 
different Attention mechanisms. 
• Enhancing segmentation accuracy of whole 
tumor (WT) regions with different attention mechanism. 
• Investigate the effect of integrating lightweight 
attention mechanism on computational efficiency in 
terms of memory usage. 
 
1.3 Our Contribution 

A systematic analysis of how attention mechanisms 
in transformer based models influence segmentation 
performance remains limited. To address this gap, this 
study focusses on the following: 

Integrate Squeeze and Excitation (SE) and 
Convolutional Block Attention Module (CBAM) into the 
Swin UNETR framework to perform brain tumor 
segmentation from multi-sequence MRI. 

Mathematical analysis of SE and CBAM attention 
mechanisms to understand their effect on segmentation 
metrics, robustness, and computational efficiency. 

A comprehensive analysis of Qualitative and 
Quantitative results obtained during the training of Swin 
UNETR model with different attention on BraTS 2020 
dataset.  

The paper is structured as follows: Section 2 presents 
the review of segmentation methods from CNN to 
transformer based models. Section 3 discusses the 
proposed model, architecture and mathematical analysis. 
Section 4 presents implementation details, experimental 
results and .graphical analysis. Section 5 concludes the 
paper and outlines future research directions. 

2. Literature Review 
 Most of the existing researchers have mainly focused on 
depth, width and cardinality of network to improve 
model performance. However, [8] explored the different 
categories of attention networks, including channel 
attention, hybrid attention, and transformer attention. 
These methods emphasize on developing clinically 

viable solutions by addressing challenges of 
interpretability, efficiency and multimodal integration. 
Furthermore, [9] introduced a Multi-scale Attention U-
Net with an EfficientB4 encoder, which enhanced multi-
resolution feature learning and shown strong 
performance across segmentation metrics in brain tumor 
dataset. Multi-Scale 3D CNN [10] has improved brain 
lesion segmentation through voxel wise prediction and 
multi-modal feature extraction. In parallel, nnU-Net [11] 
established itself as a benchmark framework by 
automatically adapting to different medical imaging 
tasks. It has been consistently achieving state-of-the-art 
performance on datasets like BraTS and ISLES. Medical 
images have complex spatial representation because 
critical features may be located far apart. Despite 
working with multiple modalities across different 
datasets, CNN-based models struggle to capture long 
range dependencies. Transformer based architectures 
have emerged as a powerful alternative to CNNs for 
medical image segmentation. Inspired by their success in 
natural language processing [12], [13] transformers use 
self-attention mechanisms to model long range 
dependencies and capture global contextual information. 
This is valuable for capturing for heterogenous spatial 
distribution of brain tumors. [14] adapted Vision 
Transformers (ViTs) for 3D medical imaging by 
dividing volumetric scans into patches and embedding 
them into transformer backbones for representation 
learning. Vit has been used for Multi-Class Brain tumor 
diagnosis also [15]. Recent studies have examined the 
interpretability of vision transformer models in medical 
imaging using explainable AI. [16] shows that attention-
based saliency maps provide more informative 
explanations than Grad-CAM. Similarly, Swin-UNet 
[17] which integrates shifted window attention into a U-
shaped architecture, enabling efficient learning of both 
local and global features. Building on these foundations, 
several hybrid architectures have been developed to 
combine the strengths of CNNs and transformers. 
TransUNet [18] incorporated transformer blocks based 
on ViT structure, into a U-Net encoder–decoder, 
capturing global representations while maintaining 
spatial precision through skip connections but was a 2D 
network which processes volumetric CT data in a slice 
by slice manner. Further evaluated on MICCAI2015 
Multi-Atlas Abdomen Labeling BTCV (CT) dataset. 
Similar to the TransUNet, 3D network is TransBTS [19] 
which is trained from scratch on BraTS2019 dataset and 
validated on BraTS 2020 dataset and unlike the 
TransUNet which uses the pretrained weights of ViT 
trained on large image datasets, evaluated Dice scores on 
two different resolutions. Further TransBTS is used as 
backbone in BiTr-UNet [20] which integrates CNNs for 
local feature extraction with TransBTS for capturing 
long range dependencies, achieving Dice scores above 
0.93 on the BraTS 2021 dataset. TransFuse [21] 
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proposed a parallel design that fuses CNN and 
transformer features via a BiFusion module. To enhance 
the model generalization, [22] proposed the Medical 
Transformer using a gated axial attention mechanisms, 
which augmented the self-attention module with an 
additional control gate to refine dependency modeling. 
Furthermore, the authors designed a Local–Global 
(LoGo) training strategy to get joint details of whole 
images for global features and patches for local details, 
thereby enhancing model generalization under data 
constrained conditions. [23] proposed a hybrid model 
composed of an improved ResNet (iResNet) with a 
Vision Transformer (ViT) for brain tumor classification 
with an impressive 99.2 % accuracy. The iResNet 
component extracts local spatial features, while the ViT 
effectively captures the long range global dependencies 
within MRI scans. Likewise, for improving 
classification accuracy [24] used modified VGG-16 with 
multihead self-attention. In the 3D domain, [25] 
presented UNETR, a transformer-based encoder with 
CNN decoders, and [26] proposed nnFormer, which 
extended Swin Transformers into a hierarchical 
framework for volumetric segmentation. Above models 
have consistently achieved state-of-the-art results in 

BraTS challenges, usually with the higher computational 
cost. To complement these advances, multi-level feature 
fusion modules with attention mechanisms have been 

employed to integrate local and global features to 
enhance performance. The attention mechanisms like 
Squeeze-and-Excitation (SE) [27] and Convolutional 
Block Attention Module (CBAM) [28] have been 
increasingly combined into deep learning architectures 
to refine feature representation. TransConver [29] 
introduced a parallel CNN–Transformer U-shaped 
network that used cross-attention fusion to achieve Dice 
scores above 83%. However, the scarcity of annotated 
medical imaging data still leaves the challenge of model 
generalization unresolved. As a result, researchers have  
adopted data augmentation and federated learning 
strategies [30], [31]. Studies such as [5]and [8] further 
highlighted the importance of attention in improving 
tumor boundary delineation.  
 

3. Proposed Architecture 
3.1 Main Architecture 
 

The proposed architecture is developed upon Swin 
UNETR [32], a hybrid model that incorporates Swin 
Transformers into a U-shaped encoder–decoder 
framework. Unlike the conventional design, where a 
single encoder process concatenated multi-modal inputs, 
our method introduces distinct Swin UNETR encoders 
for each MRI sequence (T1, T1ce, T2, and FLAIR) from 
the BraTS 2020 dataset [1], [33], [34], [35], [36]. The 
MRI sequence specific Swin UNETR based encoders 
extract hierarchical features through shifted window 
attention to capture the unique and complementary 
characteristics of each MRI contrast. Figure 1. Illustrates 
the Swin UNETR architecture for a single MRI modality 
(FLAIR), highlighting the patch partitioning, hierarchical 
swin transformer blocks, skip connections, and 
symmetric decoder. In our proposed design, we extend 
this setup to four parallel modality specific encoders, 
whose outputs are fused and passed into shared decoder, 
thereby exploiting the rich diversity of multi-sequence 
MRI data. If each modality encoder produces feature 
maps𝐹்ଵ𝐹்ଵ஼ா𝐹்ଶ𝐹ி௅஺ூோ , each can concatenate and 
fused as eq1: 

𝐹௙௨௦௜௢௡ = 𝑓(𝐹்ଵ𝐹்ଵ஼ா𝐹்ଶ𝐹ி௅஺ூோ)         (1) 

 

Following feature extraction, the fused output 
forming a unified representation that is fed into a shared 
decoder as shown in Figure 2. The decoder employs 
UnetrUpBlocks and integrates skip connections from 
each encoder, preserving both spatial resolution and 
contextual depth at multiple scales. This multi-encoder, 
single-decoder configuration is designed to exploit 
multiple sequence of MRI data efficiently while ensuring 
decoding process simple and efficient. 

  
 

Figure 1: Single Modality (FLAIR) Swin UNETR architecture 
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Medical imaging segmentation is challenging, especially in 
regions with low contrast or ambiguous boundaries. 
Attention mechanism enables the model to focus on relevant 
information only. In next section, we have described the 
attention mechanisms used in this study. 

Figure 2: Multi-encoder Swin UNETR architecture and piepline 

3.2. Squeeze and Attention Module 

The Squeeze-and-Excitation (SE) block, depicted in Figure 
3, serves as a lightweight attention mechanism that 
recalibrates channel-wise feature representations. Unlike 
self-attention, which incurs quadratic complexity with 
respect to number of image patches, SE block is 
computationally efficient. It has two fully connected layers 
and a single pointwise multiplication operation. Primarily 
introduced in [27]to improve CNN architectures feature 
representation.SE block adaptively models 
interdependencies between channels using a squeeze 
operation based on global average pooling. It then applies an 
excitation operation that generates channel wise weights 
through a bottleneck of fully connected layers. 

 

 
 
 
 
 
 

 
Figure 3: Squeeze and Excitation Attention Module flow 
process 

These weights are then applied to the original feature 
maps via channel wise scaling. It effectively indicate 
informative features while suppressing irrelevant ones. SE 
blocks have been successfully applied across diverse 
domains. For example, recent work in Facial Expression 
Recognition (FER) integrated SE modules into vision 
transformer to overcome the challenge of limited training 
data in small scale FER datasets. By recalibrating channel 
responses, the model achieved state-of-the-art performance 
on benchmarks dataset [32]. These findings further support 
the effectiveness of SE in improving feature discrimination 

and generalization across tasks. Accordingly, it is adopted 
in proposed medical image segmentation framework. 
Mathematically, Let the input feature map, X, be denoted 
as 𝑋 ∈ ℝு×ௐ×஼  , where H, W and C represent height, 
width and number of channels respectively. 

1. Squeeze (Global Context Encoding): The squeeze 
step summarizes global spatial information into a 
compact channel descriptor using eq 2. It is done 
by applying global average pooling across each 
channel. This helps the model to captures the 
global distribution of activations and contribution 
of each channel: 

𝑧௖ =  
1

𝐻𝑋𝑊
෍ ෍ 𝑋௖(𝑖, 𝑗),

ௐ

௝ୀଵ

ு

௜ୀଵ

∀𝑐 ∈ [1, 𝐶]       (2) 
Here, z∈ ℝ௖ encodes global statistics for each 

channel. In essence, the squeeze operation states 
the importance of channel when considering the 
entire feature map. 

2. Excitation (Adaptive Calibration): The excitation 
step s, learns the relationships between channels 
using eq 3. Using two fully connected layers with 
a bottleneck structure, it generates channel wise 
attention weights that selectively emphasize 
informative channels: 

𝑠 = 𝜎൫𝑊ଶ𝛿(𝑊ଵ𝑧)൯                  (3) 

Where 𝑊ଵ ∈ ℝ
೎

ೝ
× ௖, 𝑊ଶ ∈ ℝ

೎

ೝ
× ௖, r is the reduction 

ratio for parameter efficiency, 𝛿(. )is ReLU, and 
𝜎(. ) is the sigmoid function. This step essentially 
learns which channel should be suppressed. 

3. Recalibration (Channel Reweighting): Finally, the 
learned weights s, which attained from excitation 
step, are applied to the original feature maps X via 
channel wise multiplication: 

𝑋ᇱ = 𝑠 ⊙ 𝑋                (4) 
Where ⊙ denotes element-wise 

multiplication along channels. This operation 
recalibrates the feature maps so that the network 
focuses more on informative signals (e.g., tumor-
related patterns) while diminishing background 
noise and achieved the output feature map 𝑋ᇱ. 

In our architecture, the SE block is incorporated after the 
shared decoder to recalibrate the reconstructed feature 
maps from multi-sequence MRI inputs. This helps the 
network to highlight tumor region features before the 
mask generation. Ultimately it will improve 
segmentation discriminability with minimal 
computational overhead. 

3.3 Convolutional Block Attention Module 
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The Convolutional Block Attention Module (CBAM), 
introduced in [28], is an attention mechanism. Unlike the 
Squeeze and Excitation (SE) attention block, which focuses 
only on channel interdependencies, CBAM adaptively 
highlights informative channels and spatial regions. It 
sequentially applies channel attention and spatial attention 
to refine feature representations. It enables the network to 
suppress irrelevant background information and 
concentrate on relevant features like tumor region. 
Mathematically, let the input feature, X, be: 
X∈R^(H×W×C) where H and W are the spatial 
dimensions, and C is the number of channels. CBAM 
refines this input in two sequential stages: channel attention 
and spatial attention. 

Figure 4: Convolution Block Attention Module flow process 

 
1. Channel Attention: The goal of channel attention is to  

determine which channels in X are most informative. 
Two types of pooling operations global average 
pooling and global max pooling are used to generate 
descriptors across spatial dimensions: 
a. Global Average Pooling: 

𝑧௖
௔௩௚

=  
1

𝐻 × 𝑊
෍ ෍ 𝑋௖(𝑖, 𝑗), 𝑐

ௐ

௝ୀଵ

ு

௜ୀଵ

= 1, … . 𝐶    (5) 

b. Global Max Pooling: 

𝑧௖
௠௔௫ =  max

௜ୀଵ,..ு;௝ୀଵ…,ௐ
𝑋௖(𝑖, 𝑗), 𝑐 = 1, … . 𝐶      (6) 

Here 𝑧௔௩௚𝑧௠௔௫ ∈ ℝ஼  are 1D descriptors 
summarizing each channel. These descriptors are 
passed through a shared multilayer perceptron 
(MLP), and the results are combined: 

𝑀௖(𝑋) =  𝜎 ቀ𝑊ଶ൫𝛿(𝑊ଵ𝑧௔௩௚)൯

+  𝑊ଶ൫𝛿(𝑊ଵ𝑧௠௔௫)൯ቁ (7) 

where 𝑊ଵ, 𝑊ଶ are weight matrices of the MLP, 
𝛿(. ) is ReLU, and 𝜎(. )𝑖𝑠 𝑠𝑖𝑔𝑚𝑜𝑖𝑑.The channel 
attention map 𝑀௖(𝑋)𝜖 ℝ௖ is then applied to 
rescale the input: 

𝑋ᇱ =  𝑀௖(𝑋) ⊙ 𝑋                                (8)   
Where ⊙ denotes element wise multiplication 
along channels. 

2. Spatial Attention: While channel attention selects what 
to emphasize, spatial attention determines where 

critical features are located. To achieve this, CBAM 
applies pooling operations along the channel axis: 
a. Channel-Wise Average Pooling: 

𝑧௦௣
௔௩௚(𝑖, 𝑗) =  

1

𝐶
෍ 𝑋௖

ᇱ

஼

௖ୀଵ

(𝑖, 𝑗), (𝑖, 𝑗)

∈ [1, 𝐻] × [1, 𝑊]         (9) 
b. Channel-Wise Max Pooling:  

𝑧௦௣
௠௔௫(𝑖, 𝑗) =  max

௖ୀଵ,…,஼
𝑋௖

ᇱ (𝑖, 𝑗), (𝑖, 𝑗)

∈ [1, 𝐻] × [1, 𝑊]  (10) 
Here, 𝑧௦௣

௔௩௚
, 𝑧௦௣

௠௔௫ ∈ ℝு×ௐ .These maps 
are concatenated and passed through a 
convolutional filter with a 7x7 kernel to 
generate the spatial attention map: 

𝑀௦(𝑋ᇱ) =  𝜎 ቀ 𝑓଻×଻൫ൣ𝑧௦௣
௔௩௚

; 𝑧௦௣
௠௔௫൧൯ቁ     (11) 

Finally, the spatial attention map is applied 
to refine the channel-attended feature map: 

𝑋ᇱᇱ =  𝑀௦(𝑋ᇱ) ⊙ 𝑋ᇱ             (12) 
3. Final Output: The final output of CBAM is 𝑋ᇱᇱ which 

has been adaptively refined through both channel 
attention (eq 5-8) and spatial attention (eq 9-12). This 
sequential attention mechanisms ensures that the 
model learns to focus simultaneously on the most 
informative channels and the most relevant spatial 
regions. 

The proposed architecture applies the CBAM module after 
the shared decoder for enhancing the reconstructed feature 
maps from the input of different sequences of MRI. It 
strengthens both spatial precision and contextual sensitivity 
before mask generation. Prior studies have demonstrated 
similar benefits in medical image analysis for instance, 
CBAM-Unet++ effectively suppressed background noise 
to improve tumor focus, while an improved U-Net with 
CBAM achieved a Dice score of 0.9292 and accuracy of 
0.8911 in cardiac MRI segmentation [33]. More recently, 
[34] integrated CBAM with Pyramid Pooling Module in 
advance U-Net model and shown 30–40% improvements 
in Dice, IoU, MAE, and BFscore over traditional U-shaped 
networks, further validating CBAM’s ability to boost 
segmentation performance with limited computational 
cost.  

 
4. Experiment, Results and Discussions 
4.1 Dataset 

We conducted the experiment on the BraTS dataset 2020 
[1], [33], [34], [35], [36] which is benchmark for brain 
tumor segmentation. It is consists of 369 subjects having 
four MRI modalities: T1-weighted(T1), T1-weighted with 
contrast enhancement (T1ce), T2-weighted (T2), Fluid-
Attenuated Inversion Recovery (FLAIR). Each scan has 
155 slices of size 128 x 128 pixels. There are 24,422 slices 
were used for training and 6,105 slices for testing 
following an 80:20 split. 
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4.2 Training Setup and Algorithm 

The models were trained in MONAI framework using 
PyTorch on google colab T4 GPU. Each network was 
trained for 30 epochs using the AdamW optimizer. The 
initial learning rate kept as 5 x 10-5 and a weight decay as 1 
× 10−5 to check the impact on generalization. The cosine 
annealing learning rate scheduler was employed with a 
minimum learning rate of 1×10−6. The MRI slices were 
resized to a consistent resolution of 128 × 128. The network 
accepted four input channels (T1, T1ce, T2, and FLAIR 
sequences) and produced a single output channel for binary 
segmentation of whole tumor versus non-tumor regions.  

Algorithm: Steps for brain tumor segmentation using 
Swin UNETR with Attention. 

Input: Let input X represents multi-sequence MRI 
scans 𝑋்ଵ, 𝑋்ଵ஼ா , 𝑋்ଶ, 𝑋ி௅஺ூோ , ground truth masks Y. 

Output: Segmented Mask and trained model with 
metric 𝜃 

1) Initial model metric 𝜃, dice loss and dice 
score, optimizer (AdamW), and learning rate 
scheduler. 

2) For each epoch e = 1...E: 

a) Shuffle training dataset and divide into mini 
batches. 

b) For each mini batch (X, Y): 

i. It passed through modality specific Swin 
UNETR encoders for feature learning. 

ii. Feature maps will be fused at the bottleneck and 
pass through the shared SWIN UNETR decoder. 

iii. Apply attention module (SE or CBAM) after 
decoder. 

iv. Generate segmentation output 𝑌෠ . 

v. Compute Training loss epoch: 

𝐿஽௜௖௘ =  1 −  
2 ∑ 𝑦పෝ𝑦௜

ே
௜ୀଵ

∑ 𝑦పෝே
௜ୀଵ + ∑ 𝑦௜

ே
௜ୀଵ

 

vi. Backpropagate gradients ∇ఏ𝐿஽௜௖௘ 

vii. Update parameters using AdamW optimizer. 

c) Validation Step: For each validation sample 
(𝑋௩,𝑌௩), compute predicted mask 𝑌௩

෡  and calculate 
Dice Similarity Coefficient (DSC) epoch wise: 

𝐷𝑆𝐶 =
2 ∑ 𝑦పෝ𝑦௜

ே
௜ୀଵ

∑ 𝑦పෝே
௜ୀଵ + ∑ 𝑦௜

ே
௜ୀଵ

 

d) Record average validation DSC, Precision, 
Recall, and F1-score for epoch e. 

e) Update learning rate via cosine annealing 
scheduler. 

3) Return optimized model metrics 𝜃∗ 

4.3 Results 
Table.1 summarizes the performance of the baseline 

Swin Transformer based U-Net along with two variants 
Swin Transformer based U-Net with squeeze-and-
Excitation (SE) and Swin transformer-based U-Net with 
Convolutional Block Attention module on the BraTS2020 
dataset. Models are evaluated using Dice Score(DSC) 
measures overlap between predicted and ground truth 
mask, Intersection of Union (IoU) ratio of intersection to 
union of predicted and true regions, Precision measures the 
proportion of correctly predicted tumor pixels among all 
predicted tumor pixels, Recall measures proportion of  

Table 1. Comparative results of two SE and CBAM with baseline 
Swin UNETR 
 
correctly predicted tumor pixels among all actual tumor 
pixels, Hausdorff Distance (HD) measures the maximum 
boundary deviation between predicted and ground truth, 
Average Symmetric Surface Distance (ASSD) computes 
the average boundary distance symmetrically [35]. 
 
4.4 Discussion 

Quantitative results from Table 1 clearly establish that the 
CBAM enhanced Swin UNETR variant gives superior 
segmentation performance across all key metrics DSC, IoU, 
Precision and Recall when compared to both the baseline 
model and SE enhanced Swin UNETR. The heatmap of SE 
enhanced Swin UNETR in Figure 5 shows strong negative 
correlations between loss and key metrics, like Precision 
(−0.90), Dice (−0.86), and IoU (−0.84).  This means 
segmentation quality improves as loss decreases. 

    Model 
 
Metric 

Swin UNetr Swin UNetr 
+ SE 

Swin 
UNetr + 
CBAM 

DSC 0.8600 0.8538 0.8641 
IoU 0.7836 0.7735 0.7884 
Precision 0.8380 0.8358 0.8360 
Recall 0.9022 0.8920 0.9124 
HD 0.3581 3.8181 3.2596 
ASSD 0.3039 0.3711 0.2859 
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Figure 1: Metrics Correlation Heatmap using Swin UNETR +SE 
 
The perfect inter-metric correlations (1.00) among Dice, 
IoU, and Precision indicates consistent region delineation 
and boundary precision. Although Recall shows weaker 
correlation with loss (−0.57), but its strong alignment with 
Dice and IoU reflects reliable overall segmentation fidelity. 
In contrast, the CBAM-enhanced variant heatmap in Figure 
6 demonstrates extremely strong negative correlations 
between loss and all metrics (−0.98 to −0.99), indicating 
high sensitivity to optimization. 

 
Figure 6: Metrics Correlation Heatmap using Swin UNETR 
+CBAM 

 

While Dice, IoU, Precision, and Recall are highly correlated 
(≥ 0.94), the model exhibits sharper drop in performance as 
loss increases. Figure 7 and Figure 8 present scatter plots  

showing a clear inverse relationship between loss and 
segmentation metrics for both models. However, the SE 
variant displays more stable and clustered performance, 
likely due to its smoother channel-wise recalibration. 

 
Figure 7: Loss vs Metrics calculated using Swin UNETR +SE 

 

Conversely, the CBAM variant, while more expressive 
through dual-stage attention, shows higher variability and 
sharper metric degradation especially in Precision and 
Recall. This highlights its sensitivity to hyperparameter 
tuning and data noise. 

 
Figure 8: Loss vs Metrics calculated using Swin UNETR + CBAM 
 
The area plot in Figure 9 for the CBAM variant over 30 
epochs reveals rapid early improvements, particularly in 
Dice and Recall. However, performance plateaus after 
epoch 20. 
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Figure 9: Area plot of metrics calculated using Swin UNETR 
+CBAM 

Figure 10: Radar Chart using Swin UNETR +CBAM 
The radar chart in Figure 10 shows consistent model 
performance by depicting symmetric and balanced 
polygon across all metrics . The visual results in Figure 
11 and the boundary metrics (HD and ASSD) in Table 1 
indicate improved boundary delineation. The predicted 
segmentation mask closely aligns with the ground truth, 
which further validates CBAM enhanced Swin UNETR 
effectiveness in capturing spatial details. 
Figure 11: Visualization results of only FLAIR modality using Swin 
UNETR +CBAM 

 

5. Conclusion and Future Scope 
This paper presented a comparison of different attention 
mechanisms integrated into Swin Transformer based UNet 
architectures for brain tumor segmentation. While 
Transformer based architectures are efficient at modelling 
long range dependencies, incorporating attention modules 
increases the parameter count and model complexity. The 
experimental results indicate that the effectiveness of 
attention mechanisms is not consistently guaranteed and 

are highly sensitive to architectural design choices, 
particularly the integration point within the network. 
Sometimes, baseline models get better results. This shows 
that attention mechanisms work similarly to convolutional 
operations without extracting any extra features. The 
attention mechanism need not always make the model 
better, may increases the complexities. The attention 
mechanism should be integrated in a way that balance 
between model dice score and cost to bare the model. 
Future work may investigate the integration of multiple 
lightweight attention mechanisms in the different 
components of architecture. This can strengthen the 
segmentation precision while preserving computational 
efficiency, interpretability and generalizability for real 
world clinical deployment. 
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