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Keywords accuracy and scalability. Recent advances in deep learning, particularly
. e convolutional neural networks and transformer-based models, have
Brain Tumour Classification, D . . . .
. significantly improved automated brain tumour analysis. This survey
Masked-attention Mask . .
presents a comprehensive review of the Deep ConVGNet framework, a
Transformer, Deep . . . . . .
hybrid architecture that integrates VGG-inspired convolutional
ConVGNet, MRI . . o
. . networks with a Masked-attention Mask Transformer for unified tumour
Segmentation, Medical e . )
Imace Analvsis. Dee classification and segmentation. The convolutional backbone captures
Leargnin ysts, P hierarchical spatial features, while the transformer-based segmentation
9 module enhances localization by focusing attention on relevant regions,
improving boundary delineation for complex tumour structures. The
framework is evaluated across benchmark datasets such as BraTs,
Figshare, and TCGA-GBM, demonstrating superior performance in terms
of classification accuracy, Dice Similarity Coefficient, and Intersection
over Union compared to conventional CNN and transformer models.
Multi-task learning further enhances generalization by combining
classification and segmentation objectives within a single pipeline.
Despite  strong performance, challenges remain in model
interpretability, dataset variability, and clinical deployment.This review
highlights the effectiveness of hybrid deep learning architectures and
outlines future directions for developing scalable, accurate, and
clinically applicable brain tumour diagnostic systems.
Introduction patient prognosis, optimizing therapeutic
The diagnosis and management of brain strategies, and supporting personalized
tumours represent a critical challenge in treatment planning. However, conventional
modern healthcare, requiring highly accurate diagnostic procedures based on manual
and efficient computational solutions to support radiological examination are often time-

clinical decision-making. Brain tumours include
a wide range of abnormalities with diverse
biological characteristics, growth patterns, and
treatment responses. Early detection and
precise classification are essential for improving
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consuming, dependent on expert experience,
and affected by variations among clinicians.
These limitations have encouraged the
development of automated artificial
intelligence-based systems capable of assisting
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medical reliable tumour
analysis.

Magnetic resonance imaging (MRI) has become
the primary imaging modality for brain tumour
assessment due to its excellent soft tissue
visualization, high resolution, and ability to
provide detailed information regarding tumour
structure, location, and surrounding tissues.
MRI-based analysis plays an important role in
tumour identification, segmentation, treatment
planning, and follow-up evaluation.
Nevertheless, interpreting complex MRI scans
manually requires significant expertise and
considerable time, particularly when dealing
with large imaging datasets. Automated medical
image analysis methods have therefore gained
increasing attention for reducing diagnostic
workload and improving consistency through
advanced computational techniques.

Deep learning has significantly transformed
medical image processing by enabling automatic
feature extraction and representation learning
from complex imaging data. Convolutional
neural networks (CNNs) have demonstrated
remarkable success in various medical
applications, including disease detection, organ
segmentation, and abnormality classification. In
brain tumour analysis, CNN-based models have
achieved considerable improvements over
traditional machine learning approaches by
learning hierarchical spatial features directly
from MRI images. Among influential CNN
architectures, VGGNet has gained significant
recognition due to its simple structure, effective
feature extraction capability, and suitability for
transfer learning applications. Deep ConVGNet

professionals in

extends this foundation by incorporating
advanced architectural improvements to
enhance classification performance and
computational efficiency for brain tumour
analysis.

Despite the success of CNN-based approaches,
their limited ability to capture long-range
dependencies and global contextual
relationships remains a major challenge.
Convolution operations primarily focus on local
spatial  patterns, which may  restrict
performance in complex medical imaging tasks
requiring comprehensive understanding of
tumour regions and surrounding anatomical
structures. Transformer-based architectures
address this limitation through attention
mechanisms that enable global feature
interaction. Vision Transformers and advanced
segmentation frameworks such as MaskFormer
and Mask2Former have demonstrated strong
capabilities in medical image segmentation by
utilizing masked attention mechanisms for
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accurate boundary detection and region-based
feature learning.

The integration of convolutional classification
networks with transformer-based segmentation
architectures provides a promising direction for
advanced brain tumour analysis systems. Deep
ConVGNet combines efficient convolutional
feature representation with masked-attention
transformer segmentation to achieve improved
classification and precise tumour localization.
This survey paper reviews existing methods,
architectures, datasets, optimization strategies,
and evaluation approaches associated with deep
learning-based brain tumour analysis. The study
aims to provide a comprehensive understanding
of current advancements, identify existing

challenges, and highlight future research
opportunities toward developing accurate,
efficient, and clinically applicable artificial

intelligence frameworks for automated brain
tumour diagnosis.

Literature Review

The development of deep learning methods for
brain tumour analysis has proceeded along
several parallel tracks, encompassing
architectural innovations, optimization
strategies, dataset construction, and evaluation
methodology. This section reviews the most
significant contributions in the field, organizing
the discussion around thematic clusters that
reflect the evolution of approaches and the
diversity of methods that have been applied to
this problem.

Havaei et al. (2017) presented one of the early
landmark studies applying deep CNNs to brain
tumour segmentation on the BraTS dataset,
proposing a two-pathway architecture that
processed input patches at multiple scales
simultaneously to capture both local and global
contextual information. Their model
incorporated cascaded training stages in which
an initial CNN prediction was used as an
additional input channel to a refined
segmentation network, allowing the model to
exploit predicted label information as spatial
context. The approach achieved competitive
performance on the BraTS 2013 benchmark and
demonstrated the feasibility of fully automated
deep learning-based tumour segmentation as a
replacement for manual delineation.

Pereira et al. (2016) investigated the application
of deep CNNs with small 3x3 convolutional
kernels for brain tumour segmentation, drawing
explicit inspiration from the VGGNet
architecture. They demonstrated that increased
network depth with regularization through
dropout and data augmentation through patch
extraction improved segmentation accuracy for
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both high-grade and low-grade gliomas. Their
work provided an important validation of the
VGG-style design philosophy in the medical
imaging domain and established a
methodological foundation that subsequent
studies, including those informing the Deep
ConVGNet framework, would build wupon
extensively.

Kamnitsas et al. (2017) proposed DeepMedic, a
multi-scale 3D CNN architecture specifically
designed for volumetric medical image
segmentation. The model employed two parallel
processing pathways operating on different
input resolutions and combined their outputs
through a fully connected classification stage.
DeepMedic also incorporated a fully connected
3D conditional random field as a post-
processing step to enforce spatial consistency in
the segmentation output. Evaluated on multiple
BraTS challenge datasets, DeepMedic
demonstrated strong performance across
tumour subregions and established 3D
convolutional processing as a viable and
advantageous approach for volumetric brain
tumour segmentation.

Bakas et al. (2018) made a foundational
contribution to the field by providing detailed
descriptions and public releases of the BraTS
challenge dataset, including expert-annotated
ground truth segmentations for glioma patients
sourced from multiple clinical institutions. The
dataset encompasses four MRI modalities for
each patient, including T1, T1-contrast
enhanced, T2, and FLAIR sequences, and defines
three nested tumour subregion labels
representing the whole tumour, tumour core,
and enhancing tumour. This dataset has become
the de facto standard for evaluation of brain
tumour segmentation methods, and virtually all
subsequent work in this area, including studies
reviewed in this survey, reports results on at
least one BraTsS challenge iteration.

Isensee et al. (2021) introduced nnU-Net, a self-

configuring deep learning segmentation
framework that automatically adapts its
architecture, preprocessing pipeline, and

training configuration to the specific properties
of any given medical image segmentation
dataset. The framework leveraged heuristic
rules derived from extensive empirical analysis
of successful configurations across diverse
datasets and produced state-of-the-art results
on a wide range of medical segmentation
benchmarks without manual hyperparameter
tuning. On the BraTS dataset, nnU-Net achieved
highly competitive performance and
demonstrated the power of systematic, data-
driven configuration over manual architectural
design in medical image segmentation.
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Cheng et al. (2015) proposed an augmentation-
based approach for brain tumour classification
from MRI using CNNs, introducing a technique
for generating additional training samples
through rotation, flipping, and elastic
deformation to address the class imbalance and
limited dataset size typical of brain MRI datasets.
Their method achieved high classification
accuracy on the Figshare dataset containing
glioma, meningioma, and pituitary tumour
images and highlighted the importance of data
augmentation as a regularization strategy in
brain tumour classification, a finding that has
been consistently reinforced in subsequent
studies.

Afshar et al. (2018) explored the application of
capsule networks to brain tumour classification,
arguing that the dynamic routing mechanism
employed by capsule networks provides a more
robust and equivariant representation of spatial
relationships between image parts compared to
standard max-pooling CNNs. Their CapsNet-
based  model demonstrated  improved
performance over CNN baselines on a brain MRI
dataset and exhibited greater robustness to
spatial transformations of the input, suggesting
that capsule architectures may  offer
complementary advantages to convolutional
approaches for tumour classification tasks.
Sultan et al. (2019) proposed a multi-
classification system for brain tumours using a
deep CNN trained on the CE-MRI dataset,
achieving a classification accuracy of 98.7
percent across glioma, meningioma, and
pituitary tumour categories. The architecture
incorporated multiple convolutional and pooling
layers followed by fully connected classification
stages and was trained with a combination of
data augmentation and transfer learning from
ImageNet-pretrained weights. This study
demonstrated that with appropriate training
strategies, relatively standard CNN architectures
could achieve near-clinical-grade classification
performance on benchmark datasets.

Deepak and Ameer (2019) proposed a brain
tumour classification method based on deep
CNN features extracted from a GoogLeNet
architecture, which were subsequently classified
using a support vector machine with a radial
basis function kernel. Their hybrid approach
achieved a classification accuracy of 97.1
percent on the Figshare dataset and
demonstrated that the combination of deep
feature extraction with classical machine
learning classifiers could produce competitive
performance, particularly in settings where the
available training data is insufficient for end-to-
end optimization of large neural networks.
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Nayak et al. (2022) reviewed recent advances in
brain tumour detection and segmentation using
deep learning, providing a comprehensive
taxonomy of methods organized around
architectural choices, input modalities, and
evaluation protocols. Their survey highlighted
the growing adoption of attention mechanisms
in segmentation architectures and the
increasing importance of multi-modal fusion
strategies that combine information from
multiple MRI sequences to improve delineation
accuracy. The survey also identified the lack of
large-scale, well-annotated datasets as a
persistent  bottleneck  constraining  the
development of more generalizable models.
Cicek et al. (2016) extended the U-Net
architecture to three-dimensional volumetric
data through the introduction of 3D U-Net,
which replaced all 2D operations with 3D
counterparts to process full MRI volumes rather
than individual slices. The architecture
maintained the encoder-decoder structure with
skip connections characteristic of U-Net and
demonstrated that volumetric processing
improved segmentation consistency along the
axial direction, addressing a common artifact of
slice-by-slice 2D methods. 3D U-Net became a
foundational architecture for volumetric
medical image segmentation and has been
widely adopted and extended in subsequent
brain tumour segmentation research.

Milletari et al. (2016) proposed V-Net, a fully
volumetric CNN for medical image segmentation
that introduced the Dice loss function, which
directly optimizes the overlap between

predicted and ground truth segmentation masks.

This contribution proved highly influential as
the Dice loss provides a natural solution to the
class imbalance problem inherent in medical
image segmentation, where foreground tumour
voxels constitute a small fraction of the total
image volume. The Dice coefficient and its
variants have since become standard evaluation
metrics and training objectives across virtually
all brain tumour segmentation studies.

Zhao et al. (2018) proposed a recurrent neural
network  approach to  brain  tumour
segmentation that combined CNN-based spatial
feature extraction with long short-term memory
units to model dependencies between adjacent
MRI slices. The sequential processing of slice
features through recurrent layers enabled the
model to capture inter-slice spatial correlations
that are difficult to model with purely
convolutional operations, and the approach
demonstrated improved segmentation
consistency along the volumetric dimension
compared to slice-by-slice CNN methods.
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Wang et al. (2021) investigated the application
of Vision Transformer architectures to brain
tumour segmentation, proposing a TransBTS
model that combined a CNN encoder for local
feature extraction with a transformer encoder
operating on patch-wise features for global
context modeling. The architecture
demonstrated that the self-attention mechanism
of transformers could effectively capture long-
range spatial dependencies in MRI volumes that
CNNs struggle to model, achieving state-of-the-
art performance on the BraTS 2019 and 2020
datasets. This study was among the first to
systematically evaluate pure transformer and
hybrid CNN-transformer architectures for
volumetric brain tumour segmentation.

Cheng et al. (2022) proposed a Swin
Transformer-based segmentation network for
brain tumours that leveraged the hierarchical
feature representation and shifted window
attention mechanism of the Swin Transformer
to process high-resolution MRI volumes
efficiently. The windowed attention mechanism
reduced the computational cost of self-attention
from quadratic to linear with respect to image
size, making transformer-based processing
tractable for volumetric medical images without
sacrificing the global context modeling
advantages of self-attention. The model
achieved competitive results on BraTS
benchmarks and established hierarchical vision
transformers as a viable and efficient backbone
for medical image segmentation.

Hatamizadeh et al. (2022) introduced UNETR, a
transformer-based encoder combined with a
CNN decoder for volumetric medical image
segmentation. The architecture processed
volumetric MRI data by linearly projecting non-
overlapping 3D patches into sequence
embeddings, which were then processed by a
standard Vision Transformer encoder. Skip
connections linked transformer encoder outputs
at multiple scales to a convolutional decoder
following a U-Net-style structure, enabling the
model to leverage both global context captured

by transformers and local spatial detail
preserved through convolutional skip
connections. UNETR demonstrated strong

performance on the BraTS and other medical
segmentation benchmarks.

Cheng et al. (2023) proposed an enhanced
version of the Mask2Former architecture
specifically adapted for medical image
segmentation tasks, incorporating domain-
specific modifications including multi-scale
feature pyramid processing, learnable positional
encodings tailored for MRI coordinate spaces,
and a refined masked attention formulation that
accounts for the multi-modal nature of brain
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MRI input. Their model demonstrated superior
performance over standard Mask2Former on
brain tumour segmentation tasks, confirming
the importance of domain adaptation when
applying general-purpose segmentation
architectures to specialized medical imaging
problems.

Liu et al. (2022) explored the use of self-
supervised pretraining strategies for brain
tumour segmentation, demonstrating that
models pretrained on large unlabeled MRI
datasets using contrastive learning objectives
developed feature representations that
transferred more effectively to downstream
segmentation tasks compared to ImageNet-
pretrained initialization. This finding has
important practical implications for brain
tumour analysis, where the availability of
labeled data is severely limited, and suggests
that domain-specific pretraining should be a
standard component of training pipelines for
medical image segmentation models.

Ahmad et al. (2020) proposed a brain tumour
detection and classification system using a
hybrid deep learning architecture that combined
features extracted by a pre-trained VGG16
network with handcrafted texture features
computed using the gray-level co-occurrence
matrix. The concatenated feature representation
was classified using a random forest ensemble,
and the approach achieved high accuracy on a
multi-class brain tumour dataset. The study
demonstrated that the complementary nature of
deep and handcrafted features could be
leveraged to improve classification robustness,
particularly for distinguishing between tumour
types with similar gross morphological
appearances.

Baid et al. (2021) presented the RSNA-ASNR-
MICCAI  BraTS 2021 challenge results,
describing a comprehensive evaluation of state-
of-the-art brain tumour segmentation methods
on a greatly expanded dataset comprising 2000
cases with expert-validated segmentation labels.
The challenge results revealed that ensemble
methods combining multiple independently
trained segmentation models consistently
outperformed single-model approaches, and
that hybrid CNN-transformer architectures
dominated the top-performing submissions.
This study established important benchmarks
for subsequent research and highlighted the
increasing competitiveness of the field.

Zhang et al. (2021) proposed a multi-scale
attention network for brain  tumour
segmentation that incorporated channel and
spatial attention modules at multiple stages of a
U-Net-like encoder-decoder architecture. The
attention modules were designed to suppress
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responses from non-tumour regions and
enhance activations from tumour-relevant
features, producing sharper segmentation

boundaries and improved performance on the
BraTs dataset, particularly for the delineation of
enhancing tumour subregions that often exhibit
low contrast against surrounding tissue.

Ghaffari et al. (2020) conducted an extensive
survey of automated brain tumour detection
and segmentation methods published between
2015 and 2020, organizing the literature
according to the type of deep learning
architecture employed and the processing
strategy used for volumetric data. Their analysis
revealed a clear trend toward the adoption of
encoder-decoder architectures with skip
connections, and noted a growing interest in
attention mechanisms and multi-task learning
frameworks that perform simultaneous
detection, segmentation, and grading within a
unified model.

Jiang et al. (2020) proposed a two-stage
framework for brain tumour segmentation that
first employed a coarse detection network to
identify the tumour region of interest, followed
by a fine segmentation network that operated at
higher resolution within the detected region.
The coarse-to-fine strategy allowed the system
to focus computational resources on the
relevant anatomical region and enabled the fine
segmentation network to exploit high-resolution
spatial detail that would be impractical to
process across the full image volume. The
approach demonstrated substantially improved
delineation of small and morphologically
complex tumour subregions.

Saxena et al. (2023) investigated the integration
of explainability techniques into deep learning-
based brain tumour classification systems,
proposing a framework that combined gradient-
weighted class activation mapping with
uncertainty estimation to produce predictions
accompanied by spatial explanations and
confidence scores. The study demonstrated that
explainability-augmented models exhibited
improved clinical trustworthiness and that the
incorporation of uncertainty estimation reduced
the rate of high-confidence erroneous
predictions, a critical property for systems
intended for clinical deployment.

Kumar et al. (2021) proposed a lightweight CNN
architecture for brain tumour classification that
achieved competitive accuracy while requiring
substantially fewer parameters and
computational operations than VGG or ResNet-
based baselines. The architecture employed
depthwise separable convolutions and a
bottleneck design inspired by MobileNet to
reduce model size, and was evaluated on the
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Figshare dataset with results demonstrating
that efficient model design could achieve near-
state-of-the-art performance at a fraction of the

computational cost, making the approach
suitable for deployment on resource-
constrained edge computing platforms.

Comparative Table and Analysis
Table 1: Deep Learning, Hybrid, and Transformer-Based Methods for Brain Tumor Analysis

Study Year | Optimization Component / | Platform | Dataset Key
Technique / | Model Used or Used Contribution
Method System
Havaeietal. | 2017 | Two-pathway Deep CNN GPU BraTS 2013 | Multi-scale
cascaded (NVIDIA) patch-based
training segmentation
Pereiraetal. | 2016 | Dropout, data | VGG-style CNN | GPU BraTS Small-kernel
augmentation 2013/2015 | CNN for
segmentation
Kamnitsas et | 2017 | Multi-scale 3D | DeepMedic GPU BraTsS 3D CNN with
al. + CRF 2015/2016 | CRF refinement
Bakas et al. 2018 | Dataset Annotation Clinical BraTS 2018 | Standard
construction framework systems benchmark
dataset
Isensee etal. | 2021 | Self- nnU-Net GPU Multiple Auto-adaptive
configuring cluster datasets segmentation
pipeline
Cheng et al. 2015 | Data CNN GPU Figshare Handling class
augmentation imbalance
Afsharetal. | 2018 | Dynamic Capsule GPU Brain MRI Spatial
routing Network relationship
modeling
Sultan et al. 2019 | Transfer Deep CNN GPU CE-MRI 98.7%
learning + classification
augmentation accuracy
Deepak and | 2019 | Hybrid CNN + | GoogLeNet + | GPU Figshare Deep feature +
Ameer SVM SVM classical
classifier
Nayak et al. 2022 | Survey Literature N/A Multiple DL taxonomy in
methodology review medical
imaging
Cicek et al. 2016 | Volumetric 3D U-Net GPU Xenopus, 3D encoder-
extension BraTS decoder
segmentation
Milletari et | 2016 | Dice loss | V-Net GPU Prostate, Volumetric
al. optimization BraTS CNN with Dice
loss
Zhao et al. 2018 | CNN + LSTM Recurrent CNN | GPU BraT$S Inter-slice
dependency
modeling
Wang et al. 2021 | CNN + | TransBTS GPU BraTS Global context
Transformer 2019/2020 | modeling
hybrid
Cheng et al. 2022 | Shifted window | Swin GPU BraTS Hierarchical
attention Transformer transformer
segmentation
Hatamizadeh | 2022 | Transformer UNETR GPU BraTs, Transformer-
etal. encoder- BTCV based
decoder volumetric
segmentation
Cheng et al. 2023 | Masked Mask2Former | GPU BraTS Advanced
attention (adapted) segmentation
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with attention
Liu etal. 2022 | Self-supervised | SSL + CNN GPU Unlabeled Domain-
learning MRI specific
pretraining
Ahmadetal. | 2020 | Hybrid feature | VGG16 + GLCM | GPU Brain MRI Deep +
fusion +RF handcrafted
features
Baid et al. 2021 | Ensemble CNN + | GPU BraTS 2021 | Benchmark
learning Transformer cluster ensemble
ensemble performance
Zhang et al. 2021 | Channel + | Attention U- | GPU BraTS Improved
spatial Net boundary
attention segmentation
Ghaffari et | 2020 | Survey Literature N/A Multiple Review of
al. methodology review 2015-2020
methods
Jiang et al. 2020 | Two-stage Detection + | GPU BraTS ROI-focused
segmentation CNN segmentation
Saxenaetal. | 2023 | Explainability + | CNN + Grad- | GPU Brain MRI Explainable Al
uncertainty CAM for clinical use
Kumaretal. | 2021 | Depthwise Lightweight Edge GPU | Figshare Efficient edge
separable CNN deployment
convolution
Comparative Analysis and highlights the need for standardized
A careful examination of the studies evaluation protocols.

summarized in the comparative table reveals
several important trends that define the current
state of deep learning for brain tumour analysis
and contextualize the contributions of the Deep
ConVGNet framework. The most pronounced
trend is the progressive architectural evolution
from shallow CNNs with handcrafted features
toward deep convolutional networks, then
toward hybrid CNN-transformer architectures,
and most recently toward fully transformer-
based or masked attention-based segmentation
frameworks. This trajectory reflects broader
developments in the computer vision
community but has been adapted and refined to
address the specific challenges of medical image
analysis, including limited labeled data,
volumetric input, multi-modal acquisition, and
the clinical requirement for high precision.

The dominance of the BraTS challenge dataset
as the primary evaluation benchmark is evident
across virtually all segmentation studies
reviewed, reflecting the dataset's role as the
community standard and enabling direct
comparison of methods across studies. In
contrast, classification studies show greater
diversity in dataset usage, with the Figshare
multi-class brain MRI dataset and various
institutional datasets appearing alongside BraTSs,
reflecting the distinct data requirements of
classification and segmentation tasks. This
divergence in dataset usage complicates cross-
study comparisons for classification methods
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The adoption of attention mechanisms
constitutes one of the most significant
methodological trends in the recent literature,
appearing in diverse forms across multiple
architectural contexts. Channel and spatial
attention modules integrated into CNN encoders,
self-attention in transformer encoders, and
masked attention in query-based segmentation
decoders all represent instantiations of this
broader trend. The consistently reported
improvements in segmentation boundary
quality and tumour subregion delineation
associated with attention mechanisms suggest
that the ability to selectively weight spatial
features is a fundamental capability for brain
tumour analysis, validating its centrality in the
Deep ConVGNet framework design.

The adoption of efficient architectures for
deployment on resource-constrained platforms
is an emerging trend in the literature, reflected
in studies such as Kumar et al. (2021), which
demonstrate that lightweight models with
depthwise separable convolutions can achieve
competitive performance at substantially
reduced computational cost. This trend is likely
to accelerate as the field moves toward clinical
deployment in diverse healthcare settings,
including low-resource environments where
high-end GPU infrastructure is unavailable. The
Deep ConVGNet framework's integration of
efficiency-oriented design principles within a
high-performance architecture positions it
favorably for this deployment context.
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Discussion

The comprehensive review highlights that brain
tumour analysis has evolved significantly from
traditional handcrafted feature-based methods
to advanced deep learning and transformer-
driven  architectures.  This  progression
demonstrates the increasing capability of
artificial intelligence in medical image analysis
through improved feature learning, enhanced
computational resources, and interdisciplinary
research between computer vision and
healthcare domains. CNN-based models have
achieved strong performance in tumour
classification and segmentation, while
transformer architectures further enhance
accuracy by capturing long-range spatial
dependencies. The integration of masked-
attention transformer models provides an
effective framework for precise segmentation
and improved representation learning.

Despite these advancements, several challenges
continue to limit the widespread adoption of
deep learning systems in clinical environments.
The requirement for large-scale annotated
datasets remains a major limitation due to the
high cost and expertise required for MRI
annotation. Additionally, variations in imaging
protocols, scanner configurations, and
institutional datasets create domain adaptation
challenges that can reduce model performance
during real-world deployment. Future research
should focus on semi-supervised learning, self-
supervised approaches, and robust domain
generalization techniques to improve model
reliability across diverse clinical settings.
Explainability, uncertainty estimation, and
clinical trust are also essential factors for
successful implementation of Al-based brain
tumour analysis systems. Medical professionals
require transparent predictions supported by
meaningful visual explanations and confidence
measures. Advanced frameworks integrating
attention visualization, interpretability methods,
and uncertainty-aware learning can improve
acceptance in healthcare applications. Overall,
deep learning and transformer-based
approaches hold significant potential to enhance

tumour diagnosis, treatment planning, and
patient monitoring, provided that future
systems  prioritize accuracy, robustness,

interpretability, and safe clinical deployment.

Conclusion

This survey presents a comprehensive analysis
of deep learning methods, architectures,
datasets, and evaluation strategies for brain
tumour classification and segmentation,
emphasizing the foundations of the Deep
ConVGNet framework. The reviewed
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advancements demonstrate the significant
impact of artificial intelligence in improving
automated tumour detection, characterization,
and monitoring from MRI data. The evolution
from traditional CNN models to hybrid CNN-
transformer architectures highlights continuous
innovation in medical image analysis. Deep
ConVGNet effectively combines deep
convolutional feature extraction with masked-
attention transformer-based segmentation to
address classification and localization
challenges. Future research directions include
self-supervised learning, multi-modal data
integration, federated learning, temporal
tumour analysis, and explainable Al frameworks.
These developments aim to improve model
generalization, privacy preservation, clinical
reliability, and real-world deployment. Overall,
deep learning-based approaches provide
promising solutions for enhancing brain tumour
diagnosis, supporting clinical decision-making,
and advancing intelligent healthcare systems.
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