
International Journal of Electrical, Electronics and Computer Systems 

© 2024 The Authors. Published by MRI INDIA.   

This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/). 

 
 

Deep Learning and Optimization Approaches in Brain MRI Image 
Classification for Cancer Detection Using Transformer and Group 
Parallel Axial Attention with Quantum Self-Attention: A Review 
 

Leocadia Xuemin 
Senior Lecturer, Department of Computer Science and Engineering, Basra Institute of Business Technology, 
Iraq 
Email: leocadia.xuemin@bibt-iq.org 
 

Peer Review Information  
  

Submission: 05 Jan 2024 

Revision: 13 Jan 2024 

Acceptance: 27 Jan 2024 

 
Keywords  
  

Brain Tumor Classification, 
MRI Imaging, Transformer 
Networks, Axial Attention, 
Quantum Self-Attention, Deep 
Learning 
 

Abstract 

Brain tumor detection using magnetic resonance imaging (MRI) is a 
critical task in medical diagnostics, requiring high precision and 
reliability. Recent advancements in deep learning have significantly 
improved the accuracy of brain tumor classification, particularly through 
the use of transformer-based architectures and attention mechanisms. 
This review explores state-of-the-art deep learning and optimization 
approaches for brain MRI image classification, focusing on transformer 
models, group parallel axial attention, and quantum self-attention 
mechanisms. Transformers enable global feature extraction by modeling 
long-range dependencies, while axial attention reduces computational 
complexity by decomposing attention into spatial dimensions. Group 
parallel axial attention further enhances performance by processing 
multiple attention groups simultaneously, improving feature 
representation. Additionally, quantum self-attention introduces novel 
optimization capabilities by leveraging quantum-inspired principles for 
enhanced learning efficiency. The review covers recent literature from 
2020 to 2023, highlighting improvements in classification accuracy, 
robustness, and computational efficiency. Benchmark datasets such as 
BraTS are widely used for evaluation. Despite significant progress, 
challenges such as data scarcity, model interpretability, and 
computational overhead persist. This study provides a comprehensive 
analysis of current methods, comparative insights, and future research 
directions for developing reliable and efficient brain tumor classification 
systems. 
 

 
Introduction  
Brain tumors are among the most critical and life-
threatening neurological disorders, significantly 
impacting patient survival and quality of life. 
Early and accurate detection is essential for 
effective treatment planning and improved 
prognosis. Magnetic Resonance Imaging (MRI) is 
widely used for brain tumor diagnosis due to its 
excellent soft tissue contrast and ability to 
provide detailed anatomical information. 

However, manual analysis of MRI scans is time-
consuming, subjective, and often affected by 
inter-observer variability. These challenges 
highlight the need for automated and reliable 
diagnostic systems that can assist clinicians in 
making faster and more consistent decisions. 
Deep learning has emerged as a powerful 
approach for medical image analysis, particularly 
in tumor detection and classification. 
Convolutional Neural Networks (CNNs) such as 
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VGGNet, ResNet, and DenseNet have shown 
strong performance by extracting hierarchical 
spatial features from MRI images. While these 
models effectively capture local patterns, they are 
limited in modeling long-range dependencies, 
which are essential for understanding complex 
tumor structures. To address this limitation, 
transformer-based architectures have been 
introduced, utilizing self-attention mechanisms 
to capture global contextual relationships across 
the entire image, leading to improved feature 
representation and classification accuracy. 
Despite their advantages, transformers are 
computationally intensive, especially for high-
resolution medical images. To overcome this, 
axial attention mechanisms have been proposed, 
which decompose attention operations along 
spatial dimensions to reduce computational 
complexity while preserving global context. 
Further improvements include group parallel 
axial attention, which enhances scalability and 
efficiency by enabling parallel processing and 
capturing diverse feature representations. 
Additionally, quantum-inspired self-attention 
mechanisms are emerging as a novel approach to 
improve learning efficiency, convergence speed, 
and optimization performance. 
Recent research highlights the effectiveness of 
hybrid models that combine CNNs, transformers, 
and advanced attention mechanisms. These 
models leverage the strengths of both local 
feature extraction and global context modeling, 
resulting in improved classification performance. 
However, challenges such as limited annotated 
datasets, class imbalance, high computational 
requirements, and lack of interpretability 
remain. Future work should focus on lightweight 
architectures, explainable AI, and multi-modal 
data integration to enable robust and clinically 
applicable brain tumor classification systems. 
 
Conceptual Flow Diagram 
 

 
 

Literature Review  
The period from 2020 to 2023 has witnessed a 
substantial transformation in brain MRI image 
classification for tumor detection, driven by 
advancements in deep learning architectures, 
optimization strategies, and attention 
mechanisms. The literature reflects a clear 
progression from conventional convolutional 
neural networks (CNNs) to hybrid transformer-
based frameworks, with emerging integration of 
quantum-inspired learning techniques. 
 
1. CNN-Based Foundations and Limitations  
In the early phase of this period, CNN-based 
architectures such as ResNet, DenseNet, VGGNet, 
and Inception networks dominated brain tumor 
classification tasks. These models demonstrated 
strong performance due to their hierarchical 
feature extraction capabilities, enabling them to 
learn low-level features such as edges and 
textures and high-level features such as tumor 
shapes. 
Studies in 2020 reported classification 
accuracies exceeding 94–97% using deep CNN 
architectures trained on MRI datasets such as 
BraTS. DenseNet, in particular, gained popularity 
due to its dense connectivity, which improved 
feature propagation and reduced vanishing 
gradient issues. Similarly, ResNet architectures 
addressed degradation problems in deep 
networks through residual learning. 
Despite their success, CNN-based models exhibit 
inherent limitations: 

• Local receptive fields restrict the ability 
to capture long-range dependencies 

• Difficulty in modeling global spatial 
relationships 

• Sensitivity to variations in tumor size, 
shape, and location 

• Limited interpretability in complex 
medical scenarios 

These limitations motivated researchers to 
explore attention mechanisms and transformer-
based models. 
 
2. Attention-Augmented CNN Models  
To overcome the limitations of conventional 
CNNs, attention mechanisms were introduced to 
enhance feature representation. Attention 
modules allow models to focus on the most 
relevant regions in an image, which is 
particularly important in medical imaging where 
tumor regions occupy a small portion of the 
image. 
Two major types of attention mechanisms were 
widely adopted: 
Channel Attention 
Channel attention mechanisms assign weights to 
different feature channels, enabling the model to 



International Journal of Electrical, Electronics and Computer Systems 

95 

prioritize informative features. For example, 
CBAM (Convolutional Block Attention Module) 
integrates both channel and spatial attention, 
improving classification accuracy. 
Spatial Attention 
Spatial attention focuses on identifying 
important regions within the image. This is 
particularly useful for highlighting tumor regions 
while suppressing irrelevant background 
information. 
Attention-augmented CNNs demonstrated 
improved performance compared to standard 
CNNs, achieving higher accuracy and better 
localization of tumor regions. However, these 
models still relied on convolution operations and 
were limited in capturing long-range 
dependencies. 
 
3. Emergence of Transformer-Based 
Architectures  
The introduction of transformer models marked 
a significant paradigm shift in medical image 
analysis. Originally developed for natural 
language processing, transformers were adapted 
for computer vision tasks through Vision 
Transformers (ViT). 
Key Advantages of Transformers: 

• Ability to model global dependencies 
• Dynamic attention across all image 

regions 
• Improved feature representation for 

complex structures 
In brain MRI classification, transformers 
demonstrated superior performance by 
capturing relationships between distant regions 
in the image. This is particularly important for 
detecting tumors that span multiple areas or 
exhibit irregular patterns. 
Hybrid CNN-Transformer Models 
To leverage the strengths of both CNNs and 
transformers, hybrid architectures were 
developed. These models typically use CNNs for 
local feature extraction and transformers for 
global context modeling. Studies reported 
improved classification accuracy and robustness 
using these hybrid approaches. 
Limitations of Transformers 
Despite their advantages, transformer models 
face several challenges: 

• High computational complexity 
• Large memory requirements 
• Dependence on large-scale datasets 

These limitations led to the development of more 
efficient attention mechanisms. 
 
4. Axial Attention for Computational 
Efficiency  
Axial attention was introduced as an efficient 
alternative to standard self-attention 

mechanisms. Instead of computing attention 
across all pixels simultaneously, axial attention 
decomposes the operation into two sequential 
steps: 

• Attention along the height dimension 
• Attention along the width dimension 

This decomposition significantly reduces 
computational complexity from quadratic to 
linear with respect to image size, making it more 
suitable for high-resolution MRI images. 
Advantages of Axial Attention: 

• Reduced memory consumption 
• Faster computation 
• Retention of global context 

Axial attention has been successfully applied in 
medical imaging tasks, demonstrating 
comparable performance to full self-attention 
while being more efficient. 
 
5. Group Parallel Axial Attention  
Building upon axial attention, group parallel axial 
attention introduces further optimization by 
dividing attention operations into multiple 
groups. Each group processes a subset of features 
independently, enabling parallel computation. 
Key Features: 

• Parallel processing improves 
computational speed 

• Feature diversity through multiple 
attention groups 

• Reduced memory usage compared to 
standard transformers 

This approach is particularly beneficial for large 
MRI datasets, where high-resolution images 
require efficient processing. Group parallel axial 
attention has shown improved scalability and 
performance in recent studies. 
 
6. Quantum Self-Attention and Optimization  
Quantum-inspired deep learning represents a 
novel direction in medical image analysis. 
Quantum self-attention mechanisms integrate 
principles from quantum computing, such as: 

• Superposition: Representing multiple 
states simultaneously 

• Entanglement: Modeling complex 
relationships between features 

These concepts enable more efficient 
representation of high-dimensional data and 
improved optimization during training. 
Potential Benefits: 

• Faster convergence during training 
• Improved feature representation 
• Enhanced optimization capabilities 

Although still in the experimental stage, quantum 
self-attention models have shown promising 
results in improving classification accuracy and 
reducing training time. However, practical 
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implementation remains a challenge due to 
hardware limitations and algorithmic complexity. 
 
7. Optimization Techniques in Deep Learning 
Models 
Optimization plays a crucial role in improving 
model performance and efficiency. Several 
optimization techniques have been explored in 
the literature: 
Data Augmentation 
Techniques such as rotation, scaling, and flipping 
are used to increase dataset diversity and 
improve model generalization. 
Transfer Learning 
Pre-trained models are fine-tuned on medical 
datasets, reducing training time and improving 
performance. 
Regularization Techniques 
Methods such as dropout and batch 
normalization prevent overfitting and improve 
model stability. 
Loss Functions 
Custom loss functions, such as focal loss and Dice 
loss, are used to address class imbalance and 
improve classification performance. 
 
8. Benchmark Datasets and Evaluation 
Metrics 
The Brain Tumor Segmentation (BraTS) dataset 
is the most widely used benchmark for evaluating 
brain tumor classification models. It includes 
multi-modal MRI scans with expert annotations. 
Common Evaluation Metrics: 

Accuracy, Precision, Recall, F1-score, Area Under 
Curve (AUC) 
Recent studies report classification accuracies 
exceeding 98% using hybrid transformer-based 
models. 
 
9. Key Challenges Identified in Literature 
Despite significant advancements, several 
challenges remain: 
1. Data Scarcity and Imbalance 
Limited availability of annotated medical data 
affects model performance. 
2. Computational Complexity 
Transformer-based models require high 
computational resources. 
3. Model Interpretability 
Deep learning models lack transparency, limiting 
clinical trust. 
4. Generalization Issues 
Models trained on specific datasets may not 
perform well on unseen data. 
 
10. Research Trends and Future Directions 
The literature indicates several emerging trends: 
Transition from CNN → Transformer → Hybrid 
models, Adoption of efficient attention 
mechanisms (axial, group attention), Exploration 
of quantum-inspired optimization techniques, 
Increasing focus on explainable AI (XAI) 
Future research is expected to focus on 
developing lightweight, interpretable, and 
scalable models for real-world clinical 
deployment. 

 
Comparative Table and Analysis  

Ye
ar 

Method Architec
ture 
Type 

Core 
Techniqu
e 

Dataset 
(Typical
) 

Metrics 
Used 

Perform
ance 
Level 

Key 
Advantag
es 

Key 
Limitation
s 

20
20 

CNN 
(ResNet, 
VGG, 
DenseNe
t) 

Deep 
CNN 

Hierarchic
al 
convoluti
on-based 
feature 
extraction 

BraTS / 
MRI 
datasets 

Accurac
y, 
Precisio
n 

High 
(~94–
97%) 

Strong 
local 
feature 
learning, 
stable 
baseline 
performa
nce 

Cannot 
capture 
global 
dependenc
ies, limited 
contextual 
understan
ding 

20
21 

Attentio
n CNN 
(CBAM, 
Spatial 
Attentio
n) 

CNN + 
Attention 

Channel + 
spatial 
attention 
for region 
focusing 

MRI 
datasets 

Accurac
y, Recall 

Improved 
(~95–
97%+) 

Focuses 
on tumor 
regions, 
reduces 
backgrou
nd noise 

Still 
constraine
d by 
convolutio
n 
operations 

20
22 

Vision 
Transfor
mer 
(ViT) 

Transfor
mer 

Patch-
based 
self-
attention 
for global 
feature 
extraction 

BraTS 
dataset 

Accurac
y, F1-
score 

Very High 
(~98%+) 

Captures 
long-
range 
dependen
cies, 
strong 

High 
computati
onal cost, 
requires 
large 
datasets 
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global 
modeling 

20
22 

Axial 
Attentio
n 

Transfor
mer 
Optimiza
tion 

Decompos
ed 
attention 
(height & 
width) 

MRI 
datasets 

Accurac
y, 
Efficienc
y 

High 
(~98%) 

Reduces 
complexit
y while 
preservin
g global 
context 

Slight loss 
of full 
attention 
interaction
s 

20
23 

Hybrid 
CNN + 
Transfor
mer 

Hybrid 
Architect
ure 

CNN 
(local) + 
Transfor
mer 
(global) 
fusion 

BraTS / 
Multi-
modal 
MRI 

Accurac
y, AUC 

Excellent 
(>98–
99%) 

Best 
balance of 
local and 
global 
features, 
robust 
performa
nce 

Complex 
architectur
e, higher 
training 
cost 

20
23 

Group 
Parallel 
Axial 
Attentio
n 

Advance
d 
Attention 
Model 

Parallel 
attention 
across 
feature 
groups 

MRI 
datasets 

Accurac
y, 
Efficienc
y 

Very High 
(~99%) 

Improved 
scalability, 
parallel 
computati
on, 
efficient 
learning 

Implement
ation 
complexity 

20
23 

Quantu
m Self-
Attentio
n 

Quantum 
+ DL 
Hybrid 

Quantum-
inspired 
feature 
represent
ation 

Experim
ental 
datasets 

Accurac
y, 
Converg
ence 

Emerging 
(~99% 
potential
) 

Faster 
convergen
ce, 
enhanced 
feature 
space 
represent
ation 

Experimen
tal, limited 
real-world 
deploymen
t 

 
 
Comparative Analysis  
The comparative evaluation highlights a clear 
evolution of brain MRI classification methods 
from conventional convolution-based models to 
advanced attention-driven architectures. Around 
2020, CNN-based models such as ResNet, VGG, 
and DenseNet dominated due to their strong 
ability to extract hierarchical spatial features. 
These models effectively captured tumor 
textures, edges, and intensity variations, 
achieving accuracy in the range of 94–97%. 
However, CNNs are limited by fixed receptive 
fields, restricting their ability to capture long-
range dependencies and global contextual 
information, which are essential for 
understanding complex tumor structures. To 
improve performance, attention-augmented 
CNNs were introduced, incorporating spatial and 
channel attention mechanisms to focus on 
important regions, slightly improving accuracy 
beyond 95%, though still constrained by 
convolutional operations. 
A major shift occurred with the introduction of 
transformer-based models, particularly Vision 
Transformers, which utilize self-attention to 
capture global relationships across the entire 

image. These models significantly improved 
classification accuracy, exceeding 98%, but 
introduced high computational complexity. To 
address this, axial attention mechanisms were 
proposed, decomposing attention into separate 
spatial dimensions, thereby reducing 
computational cost while maintaining 
performance. Further improvements came with 
Group Parallel Axial Attention, enabling parallel 
processing across feature groups and achieving 
accuracy close to 99% with better scalability and 
efficiency. 
Hybrid CNN–Transformer architectures emerged 
as the most effective approach by combining local 
feature extraction with global context modeling, 
achieving performance above 98–99%. 
Additionally, quantum self-attention represents a 
promising future direction, offering faster 
convergence and enhanced feature 
representation, though still experimental. 
Overall, the progression reflects a shift toward 
more accurate, efficient, and intelligent models, 
while challenges such as computational cost, data 
limitations, and interpretability remain 
important areas for future research. 
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Discussion  
Deep learning has significantly improved brain 
tumor classification, with transformer-based 
architectures emerging as state-of-the-art 
solutions. These models provide superior 
performance by capturing complex spatial 
relationships within MRI images. Axial attention 
mechanisms address the computational 
challenges associated with transformers, 
enabling more efficient processing. Group 
parallel axial attention further improves 
scalability and performance. 
Quantum self-attention represents an innovative 
approach to model optimization, offering 
potential improvements in learning efficiency 
and accuracy. However, practical implementation 
remains a challenge due to the complexity of 
quantum-inspired models. Despite these 
advancements, challenges such as data scarcity, 
computational cost, and model interpretability 
remain. Future research should focus on 
developing lightweight models, improving 
dataset diversity, and enhancing explainability. 
 
Conclusion  
This review highlights the significant 
advancements in brain MRI classification using 
deep learning techniques. Transformer-based 
architectures, particularly those incorporating 
axial attention and hybrid models, have 
demonstrated superior performance compared 
to traditional CNNs. The integration of quantum 
self-attention introduces new possibilities for 
optimization and efficiency. However, further 
research is needed to address challenges related 
to computational complexity and practical 
implementation. Future work should focus on 
developing scalable, interpretable, and clinically 
deployable models. The combination of deep 
learning and advanced attention mechanisms 
holds great promise for improving brain tumor 
diagnosis and patient outcomes. 
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