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Abstract 

Brain tumour diagnosis is a critical and challenging task in medical 
imaging, requiring accurate classification and precise segmentation for 
effective treatment planning. Traditional diagnostic approaches rely on 
manual interpretation of MRI scans, which is time-consuming and prone 
to variability. The advancement of deep learning has enabled the 
development of automated systems that improve diagnostic accuracy 
and efficiency. This systematic review focuses on Deep ConVGNet, an 
advanced hybrid framework designed for brain tumour classification 
and segmentation. The architecture integrates a VGG-inspired 
convolutional network with dual-depth feature extraction, enabling 
effective capture of both fine-grained and high-level spatial features. 
This enhances classification performance across tumour types such as 
glioma, meningioma, and pituitary tumours. For segmentation, the 
framework incorporates a Masked-Attention Mask Transformer that 
performs precise pixel-wise tumour delineation by focusing attention on 
relevant regions, improving accuracy while reducing computational 
complexity. The model is evaluated on benchmark datasets such as 
BraTS and Kaggle Brain MRI, achieving high performance in terms of 
Dice Similarity Coefficient and classification accuracy. Optimization 
techniques including data augmentation, mixed precision training, and 
advanced learning schedules further enhance robustness.This review 
highlights the effectiveness of hybrid CNN-transformer models and 
outlines future directions for developing reliable, scalable, and clinically 
applicable brain tumour analysis systems. 
 

 
Introduction 
The increasing prevalence of brain tumours has 
made early and accurate diagnosis one of the 
foremost priorities in modern healthcare. Brain 
tumours are abnormal growths of cells within 
the brain that may be benign or malignant, with 
malignant tumours posing significant risks to 
neurological function and patient survival. 
Gliomas, meningiomas, pituitary tumours, and 
metastatic brain lesions represent the most 
commonly encountered categories in clinical 

practice. Among these, glioblastoma remains 
one of the most aggressive forms, requiring 
rapid diagnosis and timely treatment. Magnetic 
Resonance Imaging (MRI) has become the 
primary imaging modality for detecting brain 
abnormalities because it provides excellent soft-
tissue contrast without exposing patients to 
ionizing radiation. However, the growing 
volume of MRI examinations and the complexity 
of tumour characteristics have increased the 
need for intelligent computer-aided diagnostic 
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systems capable of supporting clinicians in 
accurate and efficient decision-making. 
Deep learning has revolutionized medical image 
analysis by enabling automatic extraction of 
discriminative features directly from imaging 
data. Convolutional Neural Networks (CNNs) 
have consistently demonstrated superior 
performance in image classification tasks 
compared with conventional machine learning 
techniques that rely on handcrafted features. 
Architectures such as AlexNet, VGGNet, ResNet, 

DenseNet, and EfficientNet have significantly 
improved the classification of various diseases 
from medical images. In brain tumour analysis, 
these models assist in identifying tumour types, 
grading disease severity, and reducing 
diagnostic variability among clinicians. Their 
ability to learn hierarchical image 
representations has made deep learning an 
indispensable component of modern computer-
aided diagnosis. 

 
Figure 1. Deep ConVGNet-Based Brain Tumour Analysis Framework 

 
Recent research has focused on developing 
specialized deep learning frameworks that 
improve feature extraction while maintaining 
computational efficiency. Deep ConVGNet 
represents one such architecture, combining 
enhanced convolutional feature learning with 
optimized network design to improve brain 
tumour classification performance. By 
extracting multi-scale and high-level semantic 
features from MRI scans, the framework 
achieves improved discrimination between 
healthy tissue and different tumour categories. 
Its efficient architecture also reduces 
computational complexity, making it suitable for 
large-scale medical imaging applications and 
practical clinical deployment. 
In parallel, image segmentation has experienced 
remarkable progress through transformer-
based architectures. Unlike conventional CNNs 
that primarily capture local spatial features, 
Vision Transformers utilize self-attention 
mechanisms to model long-range relationships 
within medical images. Masked-attention Mask 
Transformer-based segmentation further 
enhances this capability by concentrating 
attention on relevant tumour regions while 
suppressing unnecessary background 
information. This approach enables more 
precise delineation of tumour boundaries, 
oedema, and necrotic regions, providing 

valuable support for treatment planning, 
surgical guidance, radiotherapy, and disease 
monitoring. 
This systematic review presents a 
comprehensive analysis of recent advances in 
Deep ConVGNet for brain tumour classification 
and Masked-attention Mask Transformer-based 
segmentation. The review summarizes major 
architectures, datasets, optimization strategies, 
evaluation metrics, and experimental findings 
reported in recent literature. It further discusses 
current challenges, including data scarcity, 
model generalization, computational complexity, 
and clinical interpretability, while highlighting 
emerging research directions such as 
explainable artificial intelligence, federated 
learning, multimodal MRI fusion, and 
lightweight transformer architectures for next-
generation intelligent brain tumour diagnosis 
systems. 
 
Literature Review 
The evolution of deep learning-based brain 
tumour analysis has been characterized by rapid 
methodological innovation, with each successive 
generation of architectures building upon and 
extending the capabilities of its predecessors. 
The following review synthesizes the 
contributions of over twenty-five landmark 
studies spanning the recent period, organized 
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thematically around classification architectures, 
segmentation frameworks, attention 
mechanisms, transformer-based approaches, 
and optimization strategies. 
Pereira et al. (2016) presented one of the early 
influential works applying convolutional neural 
networks to brain tumour segmentation using 
MRI data. Their architecture employed small 
3×3 convolutional kernels arranged in deep 
stacks to learn discriminative features from 
multi-sequence MRI inputs, with separate 
networks trained for high-grade and low-grade 
glioma segmentation. Evaluated on the BRATS 
2013 challenge dataset, their method achieved 
competitive Dice scores and established a 
methodological template for subsequent deep 
learning-based segmentation work. The study 
demonstrated that depth, rather than kernel 
size, was the primary driver of representational 
capacity in this domain. 
Havaei et al. (2017) proposed a deep neural 
network architecture specifically designed for 
brain tumour segmentation that incorporated a 
two-phase training strategy to handle class 
imbalance. Their architecture combined local 
and global pathway processing streams to 
capture both fine-grained local texture features 
and broader contextual information from MRI 
slices. The model was evaluated on the BRATS 
2013 dataset and demonstrated significantly 
faster inference compared to prior conditional 
random field-based approaches while achieving 
superior segmentation accuracy. Their work 
highlighted the practical importance of 
addressing class imbalance in medical 
segmentation tasks. 
Kamnitsas et al. (2017) introduced DeepMedic, a 
3D multi-scale CNN architecture for brain lesion 
segmentation that processed MRI volumes at 
two different spatial resolutions simultaneously. 
The dual-pathway architecture enabled the 
network to integrate local fine-grained features 
with larger contextual information, which was 
particularly beneficial for accurately delineating 
tumour boundaries. DeepMedic was evaluated 
on multiple datasets including BRATS 2015 and 
demonstrated state-of-the-art performance, 
establishing the importance of multi-scale 
processing in volumetric medical image analysis. 
Zhao et al. (2018) proposed a fully convolutional 
network incorporating conditional random 
fields as a post-processing refinement step for 
brain tumour segmentation. Their method 
leveraged the CRF's ability to enforce spatial 
consistency in the predicted segmentation maps, 
addressing the tendency of convolutional 
networks to produce fragmented or spatially 
inconsistent predictions. Evaluated on BRATS 
2015, the combined CNN-CRF approach yielded 

improved Dice scores compared to standalone 
CNN methods, particularly for the challenging 
enhancing tumour subregion. 
Bakas et al. (2018) made a fundamental 
contribution to the field through the release and 
detailed characterization of the comprehensive 
BRATS 2018 benchmark dataset, which 
provided multi-institutional, multi-sequence 
MRI scans of glioma patients with expert 
annotations for three tumour subregions: whole 
tumour, tumour core, and enhancing tumour. 
This dataset became the de facto standard 
evaluation benchmark for brain tumour 
segmentation research and enabled meaningful 
cross-study comparisons of algorithmic 
performance. 
Isensee et al. (2019) presented nnU-Net, a self-
configuring framework for medical image 
segmentation that automatically adapts its 
architecture, preprocessing, and training 
strategy to the characteristics of any given 
dataset. Applied to brain tumour segmentation, 
nnU-Net consistently achieved top-ranked 
performance on BRATS benchmarks without 
requiring manual architectural engineering. The 
framework demonstrated that systematic 
optimization of training pipelines and data 
preprocessing could yield performance 
improvements comparable to those achieved by 
novel architectural innovations. 
Chen et al. (2019) proposed TransUNet, which 
integrated a Vision Transformer encoder with a 
U-Net decoder to leverage the global context 
modelling capability of transformers while 
preserving the spatial precision afforded by 
convolutional skip connections. Applied to 
medical image segmentation tasks, TransUNet 
demonstrated that transformer-based encoders 
could substantially improve over purely 
convolutional encoders, particularly for tasks 
requiring an understanding of long-range spatial 
relationships. The model was evaluated on 
multiple medical segmentation benchmarks and 
established a new paradigm for hybrid 
transformer-convolutional architectures. 
Myronenko (2019) introduced a novel 
asymmetric encoder-decoder architecture for 
brain tumour segmentation that incorporated a 
variational autoencoder branch to regularize the 
encoder representations. This auxiliary 
regularization strategy was particularly effective 
for the limited-data regime characteristic of 
medical imaging, enabling the network to learn 
more generalizable features from the relatively 
small BRATS training sets. The architecture 
achieved first place in the BRATS 2018 
segmentation challenge, demonstrating the 
power of auxiliary training objectives. 
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Wang et al. (2020) proposed a Transformer-
based network for medical image segmentation 
that employed multi-scale attention 
mechanisms to aggregate features across spatial 
scales within the encoder hierarchy. Their 
approach demonstrated that multi-scale 
attention could effectively complement the 
hierarchical feature extraction of convolutional 
encoders, particularly for segmenting objects of 
variable size and shape such as brain tumours. 
The method was benchmarked on BRATS 2019 
and showed improvements over prior 
convolutional-only approaches. 
Swin Transformer, introduced by Liu et al. 
(2021), established a hierarchical vision 
transformer with shifted window attention that 
dramatically reduced the computational 
complexity of self-attention from quadratic to 
linear in image resolution. The Swin 
Transformer backbone was rapidly adopted 
across medical imaging tasks, with Swin-UNet 
proposed by Cao et al. (2021) demonstrating a 
pure transformer-based U-shaped architecture 
for medical segmentation that achieved state-of-
the-art results on multiple benchmarks. The 
efficiency and scalability of shifted window 
attention made transformer-based architectures 
practically accessible for high-resolution 
medical image analysis. 
Cheng et al. (2021) proposed Mask2Former, the 
Masked-attention Mask Transformer 
architecture that forms the segmentation 
backbone of the framework under review. 
Mask2Former introduced a universal 
segmentation architecture capable of addressing 
semantic, instance, and panoptic segmentation 
within a unified framework. The key innovation 
was the masked attention operator, which 
constrained cross-attention to predicted 
foreground regions, reducing noise from 
irrelevant background regions and substantially 
improving both efficiency and accuracy. 
Evaluated on COCO, Cityscapes, and ADE20K 
benchmarks, Mask2Former established new 
state-of-the-art results across all three 
segmentation tasks. 
Hatamizadeh et al. (2021) introduced UNETR, a 
transformer-based architecture for 3D medical 
image segmentation that employed a pure ViT 
encoder connected to a convolutional decoder. 
By treating volumetric MRI data as sequences of 
non-overlapping patches, UNETR enabled global 
context modelling across the entire volume from 
the very first layer, a capability unavailable to 
convolutional encoders. Evaluated on BRATS 
2021 and BTCV datasets, UNETR demonstrated 
competitive performance and established 
transformers as viable encoders for 3D 
volumetric segmentation. 

Ghassemi et al. (2020) investigated the 
combination of generative adversarial networks 
with convolutional classifiers for brain tumour 
detection, employing synthetic data 
augmentation through GAN-generated MRI 
images to address the training data scarcity 
problem. Their experiments demonstrated that 
GAN-augmented training sets yielded 
significantly improved classification accuracy 
compared to models trained on real data alone, 
highlighting the potential of generative 
approaches for overcoming data limitations in 
medical AI. 
Sajid et al. (2019) proposed a two-stage deep 
learning pipeline for brain tumour classification 
that employed a pre-trained VGG-16 network 
for feature extraction followed by a support 
vector machine classifier for final class 
prediction. Evaluated on the Figshare brain MRI 
dataset, their hybrid CNN-SVM approach 
achieved classification accuracies exceeding 
94%, demonstrating the effectiveness of 
combining deep feature extraction with classical 
machine learning classifiers. 
Abiwinanda et al. (2019) applied a custom 
convolutional neural network for brain tumour 
classification using the CE-MRI dataset, 
achieving an overall classification accuracy of 
84.19% for three tumour types. While the 
absolute performance was modest compared to 
later approaches, this work contributed to 
establishing benchmark baselines for the multi-
class brain tumour classification problem and 
demonstrated the feasibility of training CNNs 
from scratch on relatively small medical 
datasets. 
Sultan et al. (2019) proposed a deep learning 
approach using two CNN architectures trained 
on the Kaggle brain MRI dataset, incorporating 
transfer learning from ImageNet-pretrained 
weights. Their comparative study of multiple 
pretrained architectures including VGG, ResNet, 
and Inception identified VGG-based models as 
consistently strong performers for brain MRI 
classification, providing empirical justification 
for the VGG backbone choice in frameworks 
such as 2.Deep ConVGNet. 
Deepak and Ameer (2019) proposed a brain 
tumour classification method based on deep 
features extracted from a pre-trained 
GoogLeNet architecture and classified using a 
support vector machine. The method was 
evaluated on the CE-MRI brain tumour dataset 
and achieved an accuracy of 97.1%, 
demonstrating that features from deep 
networks trained on natural images encode 
highly discriminative representations applicable 
to medical image classification when coupled 
with powerful classifiers. 
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Khan et al. (2020) investigated the application 
of EfficientNet variants for brain tumour 
classification, leveraging the compound scaling 
strategy of EfficientNet to systematically trade 
off between network depth, width, and input 
resolution. Their experiments on the Kaggle 
Brain MRI dataset demonstrated that 
EfficientNet-B3 and B4 variants achieved 
classification accuracies exceeding 97%, with 
significantly lower parameter counts than 
comparable VGG or ResNet architectures, 
highlighting the importance of architectural 
efficiency for clinical deployment. 
Naser and Deen (2020) presented a comparative 
study of multiple deep learning architectures for 
brain tumour classification and grading, 
evaluating ResNet-50, Inception V3, and 
DenseNet-121 on MRI datasets collected from 
The Cancer Imaging Archive (TCIA). Their 
findings demonstrated that DenseNet-121 
consistently outperformed alternative 
architectures due to its feature reuse properties, 
which enabled more efficient gradient flow 
during training and better generalization with 
limited labelled data. 
Swati et al. (2019) proposed a transfer learning 
approach for brain tumour classification based 
on fine-tuning a block-wise VGG-19 architecture. 
By gradually unfreezing convolutional blocks 
during fine-tuning rather than fine-tuning all 
layers simultaneously, they achieved improved 
convergence and generalization on small 
medical MRI datasets. Evaluated on the CE-MRI 
dataset, their block-wise fine-tuning strategy 
yielded an accuracy of 94.82%, establishing a 
principled methodology for adapting pretrained 
networks to medical imaging domains. 
Talo et al. (2019) applied ResNet architectures 
combined with transfer learning for multi-class 
brain tumour classification. Their study 
specifically investigated the impact of data 
augmentation strategies including random 
rotation, flipping, and zooming on final 
classification performance. Results on the 
BRATS dataset demonstrated that 
comprehensive data augmentation was a critical 
factor in achieving robust generalization, 
particularly given the limited size of available 
annotated medical datasets. 
Pashaei et al. (2018) proposed a compact and 
efficient CNN architecture for brain tumour 
classification that incorporated depthwise 
separable convolutions to reduce computational 
complexity while maintaining representational 
capacity. Evaluated on the CE-MRI dataset, their 
lightweight architecture achieved competitive 
accuracy with a fraction of the parameters 
required by standard VGG-style networks, 
demonstrating the potential for computationally 

efficient models in resource-constrained clinical 
environments. 
Zhang et al. (2021) introduced a multi-scale 
attention fusion network for brain tumour 
segmentation that combined convolutional 
feature maps from multiple scales with a 
channel-wise attention module to emphasize 
diagnostically relevant feature channels. The 
architecture was evaluated on BRATS 2020 and 
demonstrated improvements in both whole 
tumour and tumour core Dice scores compared 
to standard U-Net baselines, confirming the 
benefit of explicit attention mechanisms for 
guiding feature selection in segmentation 
networks. 
Zhou et al. (2020) proposed a context-aware 
transformer for brain tumour segmentation that 
integrated local convolutional feature extraction 
with global transformer-based context 
aggregation within a unified encoder. Their 
context-aware design explicitly modelled the 
relationship between tumour regions and 
surrounding healthy tissue, producing more 
anatomically consistent segmentation 
predictions. The method was evaluated on 
BRATS 2019 and achieved competitive results 
while maintaining reasonable computational 
requirements. 
Tandel et al. (2020) conducted a comprehensive 
review and experimental comparison of 
multiple deep learning models for brain tumour 
MRI classification, systematically evaluating the 
effects of preprocessing techniques, 
augmentation strategies, and transfer learning 
approaches on final performance metrics. Their 
work provided practical guidelines for 
practitioners implementing deep learning-based 
brain tumour classification systems in clinical 
workflows. 
Ahmad et al. (2022) proposed a hybrid deep 
learning framework combining CNN feature 
extraction with a bidirectional long short-term 
memory (BiLSTM) network for brain tumour 
classification, exploiting the temporal modelling 
capability of LSTMs to capture sequential 
relationships between MRI slices in a volumetric 
scan. Their approach achieved significant 
improvements on multi-class brain tumour 
classification tasks, particularly for 
distinguishing between morphologically similar 
tumour types. 
Liang et al. (2022) investigated the application 
of self-supervised pre-training strategies for 
brain tumour segmentation, demonstrating that 
models pre-trained on large unlabelled MRI 
datasets through contrastive learning 
approaches achieved superior segmentation 
performance compared to ImageNet pre-trained 
counterparts when fine-tuned on labelled 
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BRATS data. This work highlighted the potential 
of self-supervised learning to address data 
scarcity challenges in medical AI. 
Raza et al. (2023) proposed an enhanced brain 
tumour detection framework integrating 
YOLOv5 for rapid tumour localization with a 
VGG-based classifier for fine-grained tumour 
type identification. The two-stage detect-then-
classify pipeline demonstrated high throughput 
and accuracy on a combined dataset of over 
10,000 MRI images, highlighting the scalability 
of deep learning pipelines for high-volume 
clinical screening applications. 

Jiang et al. (2023) presented a federated 
learning framework for brain tumour 
segmentation that enabled collaborative model 
training across multiple hospital institutions 
without sharing patient data, addressing the 
privacy constraints that have historically limited 
the development of large-scale medical AI 
training datasets. Their federated approach 
achieved segmentation performance 
comparable to centralized training, 
demonstrating the practical viability of privacy-
preserving distributed learning for clinical AI 
deployment. 

 
Comparative Table and Analysis 
Table 1: Advanced Deep Learning, Transformer, and Hybrid Models for Brain Tumor Analysis 

Study Year Optimization 
Technique / 
Method 

Component / 
Model Used 

Platform 
or 
System 

Dataset 
Used 

Key 
Contribution 

Pereira et al. 2016 Small kernel 
CNN 

3×3 Conv 
stacks 

GPU 
(NVIDIA) 

BRATS 
2013 

Early CNN for 
glioma 
segmentation 

Havaei et al. 2017 Two-phase 
training, 
imbalance 
handling 

Dual-pathway 
CNN 

GPU 
cluster 

BRATS 
2013 

Fast inference 
with imbalance 
correction 

Kamnitsas et 
al. 

2017 Multi-scale 3D 
CNN 

DeepMedic NVIDIA 
Titan GPU 

BRATS 
2015 

3D volumetric 
segmentation 

Zhao et al. 2018 CNN + CRF 
refinement 

FCN + CRF GPU BRATS 
2015 

Improved 
spatial 
consistency 

Bakas et al. 2018 Dataset curation Benchmark 
framework 

N/A BRATS 
2018 

Standardized 
tumor dataset 

Isensee et al. 2019 Auto-configured 
training 

nnU-Net GPU 
(V100) 

BRATS 
2018 

Self-configuring 
segmentation 

Chen et al. 2019 CNN-
Transformer 
hybrid 

TransUNet GPU Medical 
datasets 

Transformer 
encoder 
integration 

Myronenko 2019 VAE 
regularization 

Encoder-
decoder + VAE 

NVIDIA 
DGX 

BRATS 
2018 

Regularized 
segmentation 
learning 

Wang et al. 2020 Multi-scale 
attention 

Transformer + 
CNN 

GPU BRATS 
2019 

Multi-scale 
feature 
aggregation 

Ghassemi et 
al. 

2020 GAN 
augmentation 

GAN + CNN GPU Custom 
MRI 

Synthetic data 
generation 

Sajid et al. 2019 Transfer 
learning + SVM 

VGG-16 + SVM GPU Figshare 
MRI 

Hybrid 
classification 

Abiwinanda 
et al. 

2019 Custom CNN Lightweight 
CNN 

CPU/GPU CE-MRI Baseline 
classifier 

Sultan et al. 2019 Transfer 
learning 
comparison 

VGG, ResNet, 
Inception 

GPU Kaggle MRI Pretrained 
model 
comparison 

Deepak and 
Ameer 

2019 Feature 
extraction + 
SVM 

GoogLeNet + 
SVM 

GPU CE-MRI 97.1% accuracy 

Khan et al. 2020 Compound 
scaling 

EfficientNet GPU Kaggle MRI Efficient 
architecture 
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Naser and 
Deen 

2020 Dense 
connections 

DenseNet-121 GPU TCIA MRI Feature reuse 

Swati et al. 2019 Block-wise fine-
tuning 

VGG-19 GPU CE-MRI Structured 
transfer 
learning 

Talo et al. 2019 Data 
augmentation 

ResNet GPU BRATS Augmentation 
impact 

Pashaei et al. 2018 Depthwise 
separable conv 

Compact CNN CPU/GPU CE-MRI Lightweight 
model 

Zhang et al. 2021 Multi-scale 
attention 

CNN + channel 
attention 

GPU 
(V100) 

BRATS 
2020 

Attention-based 
segmentation 

Zhou et al. 2020 Context-aware 
transformer 

CNN + 
Transformer 

GPU BRATS 
2019 

Hybrid 
segmentation 

Cao et al. 2021 Shifted window 
attention 

Swin-UNet GPU 
(A100) 

Synapse, 
ACDC 

Transformer 
segmentation 

Hatamizadeh 
et al. 

2021 Transformer 
encoder-
decoder 

UNETR GPU 
(A100) 

BRATS 
2021 

3D transformer 
segmentation 

Cheng et al. 2021 Masked 
attention 

Mask2Former GPU 
cluster 

COCO, 
Cityscapes 

Universal 
segmentation 

Ahmad et al. 2022 CNN + BiLSTM Hybrid CNN-
BiLSTM 

GPU Custom 
MRI 

Sequential slice 
modeling 

Liang et al. 2022 Self-supervised 
learning 

Contrastive 
CNN 

GPU 
cluster 

BRATS + 
unlabeled 
MRI 

Pretraining with 
unlabeled data 

Raza et al. 2023 Two-stage 
pipeline 

YOLOv5 + VGG GPU 10K MRI 
dataset 

Detection + 
classification 
pipeline 

Jiang et al. 2023 Federated 
learning 

CNN-
Transformer 

Multi-GPU Multi-site 
BRATS 

Privacy-
preserving 
training 

 
Comparative Analysis 
A systematic analysis of the reviewed literature 
reveals several prominent trends that 
collectively describe the trajectory of progress 
in deep learning-based brain tumour 
classification and segmentation. The most 
consistently observable trend is the progressive 
shift from shallow, task-specific convolutional 
architectures toward deep, multi-scale, and 
increasingly transformer-augmented 
frameworks. Early works such as those of 
Pereira et al. (2016) and Havaei et al. (2017) 
demonstrated the viability of deep CNNs for 
brain tumour segmentation but operated within 
the constraints of relatively shallow 
architectures and slice-based processing. The 
introduction of 3D processing pipelines such as 
DeepMedic (Kamnitsas et al., 2017) marked a 
significant advancement by enabling volumetric 
analysis, while the nnU-Net framework (Isensee 
et al., 2019) demonstrated that systematic 
hyperparameter and preprocessing 
optimization could yield performance gains 
comparable to architectural novelty. 
The period from 2019 to 2021 was 
characterized by a decisive shift toward 

transformer-augmented architectures. 
TransUNet (Chen et al., 2019), Swin-UNet (Cao 
et al., 2021), and UNETR (Hatamizadeh et al., 
2021) each represented successive refinements 
of the hybrid transformer-convolutional 
paradigm, progressively reducing the inductive 
biases of purely convolutional approaches while 
retaining the computational efficiency and 
spatial precision afforded by convolutional skip 
connections. The introduction of Mask2Former 
(Cheng et al., 2021) was particularly significant 
in that it addressed the architectural limitation 
of prior attention mechanisms by constraining 
cross-attention to predicted foreground regions, 
enabling focused and computationally efficient 
attention computation that aligns naturally with 
the characteristics of medical image 
segmentation tasks. 
In the domain of brain tumour classification 
specifically, the comparative table reveals a 
clear progression from lightweight custom CNNs 
operating on small datasets toward large 
pretrained architectures fine-tuned with 
principled transfer learning strategies. VGG-
based architectures have demonstrated 
consistently strong performance across multiple 
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independent evaluations, validating their use as 
backbones in frameworks such as 2.Deep 
ConVGNet. EfficientNet variants (Khan et al., 
2020) represent a compelling alternative for 
deployment scenarios where parameter 
efficiency is a primary constraint. 
Dataset diversity has evolved substantially 
across the reviewed literature. Early works 
evaluated on relatively small and homogeneous 
datasets such as CE-MRI and BRATS 2013, while 
more recent studies have adopted the 
substantially larger and more challenging 
BRATS 2018 to 2021 datasets that include 
multi-institutional, multi-sequence data. This 
shift toward more heterogeneous evaluation 
benchmarks has increased the difficulty of 
achieving high performance, making the results 
of more recent high-performing methods such 
as the 2.Deep ConVGNet framework especially 
noteworthy. 
The integration of federated learning (Jiang et al., 
2023) and self-supervised pre-training (Liang et 
al., 2022) represents emerging trends that 
address two of the most fundamental 
constraints in medical AI: data privacy and 
annotation scarcity. These developments 
suggest that the next generation of brain tumour 
AI systems will be characterized not only by 
architectural advances but also by innovations 
in training methodology and data governance 
frameworks. 
 
Discussion 
The reviewed literature demonstrates that deep 
learning has significantly improved the accuracy 
and reliability of brain tumour classification and 
segmentation from MRI images. Modern 
architectures combine convolutional networks 
with transformer-based models to extract both 
local and global image features, leading to more 
precise diagnosis. Deep ConVGNet enhances 
feature representation through efficient multi-
level convolutional learning, while the Masked-
attention Mask Transformer improves 
segmentation by focusing attention on tumour 
regions instead of the entire image. This 
combination provides better classification 
performance, accurate tumour boundary 
detection, and reduced computational 
complexity compared to conventional CNN-
based approaches, making it suitable for 
intelligent clinical decision-support systems. 
Despite these advancements, several challenges 
continue to limit real-world deployment. The 
availability of large, well-annotated MRI 
datasets remains limited because manual 
tumour labeling requires experienced 
radiologists and considerable time. Differences 
in MRI scanners, imaging protocols, and patient 

populations also reduce model generalization 
across healthcare institutions. Furthermore, 
transformer-based segmentation models 
generally demand substantial computational 
resources, making deployment difficult in 
hospitals with limited hardware infrastructure. 
Lightweight architectures, transfer learning, 
domain adaptation, and efficient attention 
mechanisms are therefore becoming 
increasingly important for developing practical 
and scalable diagnostic systems. 
Another major consideration is the 
interpretability and reliability of deep learning 
models in clinical environments. Healthcare 
professionals require transparent predictions 
supported by visual explanations to increase 
confidence in automated diagnosis. Explainable 
AI techniques, federated learning, and 
multimodal MRI fusion have emerged as 
promising directions for improving robustness 
while preserving patient privacy. Future 
research should emphasize lightweight hybrid 
architectures, cross-institutional validation, 
standardized benchmark datasets, and real-time 
deployment strategies to develop clinically 
reliable brain tumour classification and 
segmentation systems that are accurate, 
efficient, and widely applicable. 
 
Conclusion 
This systematic review has examined recent 
advances in deep learning techniques for brain 
tumour classification and segmentation, with 
particular emphasis on the Deep ConVGNet 
framework and Masked-attention Mask 
Transformer architecture. The reviewed studies 
demonstrate that integrating convolutional 
feature extraction with transformer-based 
attention mechanisms significantly improves 
tumour detection, classification accuracy, and 
segmentation precision from MRI images. Deep 
ConVGNet effectively captures multi-scale 
spatial features for robust classification, while 
the Masked-attention Mask Transformer 
enhances segmentation by focusing 
computational attention on clinically relevant 
tumour regions. Together, these complementary 
architectures provide an efficient and accurate 
framework for intelligent brain tumour analysis. 
Despite substantial progress, several challenges 
remain before widespread clinical adoption can 
be achieved. Limited annotated datasets, 
variability in MRI acquisition protocols, 
computational complexity, and concerns 
regarding model interpretability continue to 
affect generalization and reliability across 
healthcare institutions. Emerging techniques 
such as federated learning, explainable artificial 
intelligence, self-supervised learning, 



International Journal on Advanced Computer Engineering and Communication Technology 

86 

multimodal MRI fusion, and lightweight 
transformer architectures offer promising 
solutions to these limitations. Future research 
should focus on developing computationally 
efficient, privacy-preserving, and clinically 
interpretable models validated across diverse 
patient populations. Such advancements will 
accelerate the deployment of reliable AI-assisted 
diagnostic systems, ultimately improving early 
detection, treatment planning, and patient 
outcomes in neuro-oncology. 
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