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ABSTRACT

Brain tumor segmentation and classification are essential components of computer-aided diagnosis systems in
neuro-oncology, supporting early detection, treatment planning, and outcome assessment. However, the
complexity of tumor morphology and variability in imaging protocols make automated analysis challenging.
In recent years, deep learning has appeared as a dominant approach for addressing these challenges, proving
superior performance over traditional machine learning methods. This review provides a comprehensive
overview of deep learning techniques for brain tumor segmentation and classification using medical imaging
data. It covers key imaging modalities, preprocessing strategies, and highlights the role of U-Net-based
encoder-decoder architectures as the foundation of modern segmentation models. Existing methods are
systematically categorized based on architectural design, including CNN-based encoder-decoder models,
attention-based approaches, multi-scale and cascaded networks, and transformer-based frameworks. The
review further analyzes commonly used datasets and evaluation strategies and summarizes the strengths and
limitations of current approaches. Finally, it outlines major research challenges and future directions, including
model generalization, interpretability, computational efficiency, and clinical applicability.

KEYWORDS: Brain tumor segmentation, Encoder-decoder network, Deep learning, Transformer Multi scale
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1. INTRODUCTION

Neurons make up a network of cells that provide
the human body with information processing and
enable responses to internal and external stimulation.
The nervous system consists of an array of
interconnected neurons and consists of two divisions,
the central nervous system (CNS), and the peripheral
nervous system (PNS) [1]. The CNS consists of the
brain and spinal cord and is protected by the skull
and vertebral column. The brain is the main control
center of the body and coordinates all cognitive
functions, interprets sensory information, and
controls voluntary and involuntary motor functions
[2].

Brain tumours are abnormal cell growth within the
tissues of the brain caused by uncontrolled division
of the cells [3]. Brain tumours can be classified as
either binine or malignan. Binine tumours are made
up of non-cancerous cells that normally grow slowly
and remain within one area of the brain [4]. Malignan
tumours, on the other hand, grow much faster, have
a much higher likelihood of recurring after treatment,
and may invade into other portions of the brain.
Furthermore, brain tumours can be categorised as
either primary or secondary based on their source of
origin. Primary tumours originate from scar tissue in
the brain and are normally localised [5]. Secondary
tumours, on the other hand, originate from other
cancers in the body and are spread to the brain via
blood circulation [6].

Brain Tumours are regarded as a significant health
concern for patients who have been diagnosed with
this type of cancer because of the high mortality rate
and the complex treatments involved and ultimately,
the impact of brain tumours on quality of life [5].
According to GLOBOCAN 2020, brain tumours
represent approximately 1.9% (19th most common
cancer) of total cancers; in addition, brain tumours
account for approximately 2.5% (12th most common
cause of cancer death) of total cancer deaths,
indicating that brain tumours are extremely
aggressive and have a poor prognosis overall [7].
Therefore, early detection and accurate diagnosis of
brain tumours are important to improve treatment
success rates and reduce mortality rates.

Clinicians primarily use non-invasive imaging
techniques, with MRI providing the best soft tissue
contrast which enables accurate delineation of the
tumour itself as well as surrounding edema [8].
Nevertheless, the manual interpretation of MRI scans
involves a process that is extremely time-consuming,
labour-intensive and can suffer from variability
between observers (inter-observer), impacting on the
accuracy of the diagnosis. Due to the rapid

proliferation of medical imaging data and therefore
huge burden on clinicians, the development of
automated diagnostic systems will provide the
foundation for accurate, reliable, and timely delivery
of results regardless of the clinical situation [9].

CAD systems are utilized to assist the clinician in
tumor detection, identification and classification.
CAD systems allow for the combination of new
imaging technologies and the use of advanced
machine learning techniques to provide a greater
degree of accuracy in diagnosis while also reducing
the workload and subjectivity of the physician.

Recent advances with deep learning methods,
particularly CNNs and encoder-decoder
architectures, have shown significant advances in the
automation, accuracy and efficiency of brain tumor
analysis. This article reviews encoder-decoder
architectures with an emphasis on the advancements
of U-Net based models that provide a significant
advancement of the ability to segment and classify
brain tumours using images obtained from imaging
modalities.

1.1. The contributions listed here are:

e This article is a complete review of the many
different encoder-decoder models currently
available to brain tumor segmenting and
categorizing including the U-Net, V-Net,
Attention U-Net, and U-Net++.

e A new taxonomy of encoder-decoder
architectures will be presented based on design
principles.

e Present a comparative analysis of commonly
used datasets e.g., BRATS, TCIA and evaluation
metrics.

e Identifies key challenges, including data scarcity,
domain adaptation, and model interpretability.

e Discusses emerging trends including hybrid
CNN-Transformer networks, lightweight 3D
models, and self-supervised learning.

This article will be organized as follows, A brief
introduction into the motivation and clinical
background of performing brain tumor imaging and
categorization will be presented in Section 1,
discussion of foundational concepts will be provided
in Section 2, including the various types of imaging
modality, preprocessing methods, and the U-Net
architecture. Existing work will be categorized in
Section 3 based on the taxonomy of encoder-decoder
architecture, Section 4 will provide information about
datasets used, evaluation metrics, and performance
comparisons, Section 5 will provide discussion
regarding current issues and future research
opportunities, while Section 6 will provide a
conclusion.
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2. BACKGROUND

The section delivers a fundamental understanding
of how deep-learning algorithms can be used for
segmentation and classification of tumours within an
image of a patient's brain with respect to their
radiological appearances. The most common imaging
modalities that are used within the area of neuro-
oncology may have some form of preprocessing
applied to them prior to using them for classification
and a simple U-Net architecture serve as the
foundation for many encoder-decoder-based
segmentation frameworks that exist today.

2.1 Imaging Modalities for Brain Tumor Analysis

Brain tumours are diagnosed, characterized, and
treated using medical images. Each imaging modality
offers its own unique complementary anatomy and
function, thereby enhancing automated
segmentation and classification.

2.1.1 Magnetic Resonance Imaging (MRI)

Magnetic Resonance Imaging (MRI) is a common
imaging technique used to evaluate brain tumours
due to its superior contrast between soft tissues,
ability to obtain images in multiple planes, and non-
invasive nature [10]. Multiple imaging sequences can
be obtained using MRI including T1-weighted
images for anatomic structure, contrast-enhanced
(T1c) images to define areas of tumor activity, T2-
weighted images to visualize area of fluid
accumulation, and fluid-attenuated inversion
recovery (FLAIR) images to visualize edema around
the tumor [11]. Multiple deep learning models
combine these sequences into a multi-channel input
to increase feature representation and performance of

any segmentation method. In addition, MRI is
subjected to multiple factors including intensity
inhomogeneity, variability between MRI scanners,
and noise which creates domain shifts in the data
across datasets [12,13].

2.1.2 Computed Tomography (CT)

Computed Tomography (CT) wuses X-ray
attenuation to produce cross-sectional images of the
brain and is typically used for emergency and trauma
cases because of its fast acquisition and readiness for
use and is useful for detecting the presence of
hemorrhage, calcifications, and bone aberrations that
may be associated with brain tumours [14].

However, due to lower contrast of soft tissues with
CT than with MRI, exact identification of tumor
borders is more difficult using CT sequences. As a
result, deep-learning techniques that use CT for brain
tumor segmentation and classification tend to be
used less and are also typically less effective
compared to similar CT imaging approaches [15,16].

2.1.3 Positron Emission Tomography (PET)

Positron Emission Tomography is a functional
imaging modality that measures metabolic activity in
brain tissues through radiotracer uptake. It is useful
for tumor grading and distinguishing recurrence
from treatment effects such as radiation necrosis [17].
PET is often fused with MRI in deep learning studies
to combine metabolic and anatomical information,
improving tumor analysis [18,19]. However, PET has
low spatial resolution, excessive cost, and radiation
exposure. Given below Table 1 summarizes the
advantages, limitations, and roles of commonly used
imaging modalities.

Table 1: Comparison of Imaging Modalities for Brain Tumor Analysis

Modality Advantages Limitations Mitigation strategies Role
MRI High soft-tissue contrast, multi- | Intensity inhomogeneity, noise Denoising, intensity Primary modality
sequence normalization
CT Fast, widely available Poor soft-tissue contrast Enhancement, artifact reduction Auxiliary imaging
PET Functional and metabolic insight Low resolution, radiation Reconstruction, smoothing, fusion Grading

2.2 Preprocessing Techniques

Preprocessing removes noise, artifacts, and
irrelevant  structures from medical images.
It improves data consistency and enhances model
performance. Table 2 summarizes the aims and
impacts of commonly used preprocessing techniques
in brain tumor analysis.

2.2.1 Skull Stripping

Removing tissues outside of the brain i.e., skull,
scalp, eye from a brain image through the process of
skull stripping is done to remove any irrelevant
background information [20]. Automated techniques

can isolate brain tissue areas to improve the accuracy
of segmentation and model performance. Consistent
brain boundaries among modalities are crucial for
multimodal MRI analysis [21].

2.2.2 Intensity Normalization

Voxel intensity variations that arise due to the
difference in scanners and acquisition protocols can
be mitigated through intensity normalization. This is
conducted by using normalizing methods, such as z-
score normalization, histogram matching, and
percentile  scaling, to standardize intensity
distributions. This will help deep learning models in
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concentrating on tumor-related characteristics,
thereby  enhancing  model  strength  and
generalizability across the various datasets [22].

2.2.3 Noise Removal

There are many distinct types of noise and artifacts
in medical imaging that negatively affect the quality
of the medical image. Noise reduction or denoising
techniques, like median filtering, anisotropic
diffusion, and wavelet-based denoising methods, can
be used to remove or reduce the impact of noise and
preserve the structural detail of the image leading to

more accurate detection of tumor boundaries and
fewer false positives when the image is segmented
[23].

2.2.4 Data Augmentation

Data augmentation increases dataset size and
diversity using transformations such as rotation,
flipping, scaling, intensity changes, and elastic
deformation. It reduces overfitting and helps address
limited and imbalanced medical imaging datasets
[24].

Table 2: Role of Preprocessing Techniques in Brain Tumor Analysis

Technique

Objective

Impact

Skull stripping

Remove non-brain tissue

Reduces background bias

Intensity normalization

Standardize intensities

Improves generalization

Noise removal

Suppress artifacts

Enhances boundary detection

Data augmentation

Increase data diversity

Reduces overfitting

2.3 Basic U-Net Architecture / Overview and
Motivation of U-Net

The architecture we call U-Net is a type of deep
learning model designed to perform segmentation of
medical images. Its main goal is to provide correct
localisation of pixels at the level of detail and support
the use of context-semantics when doing so. U-Net

nput

image je-je
Tile

T 1

performs efficiently with a small amount of labelled
data making it the de facto model for research into the
segmentation of brain tumours [25]. The U-Net
architecture includes many different types of
components, as illustrated in Fig 1. It is important to
understand these primary components before trying
to understand more complex segmentation methods.

I ! output
|-
egpTventabon
119 map

Figure 1: Illustration of the U-Net architecture (32 x 32 pixels at the lowest resolution). Blue boxes
correspond to multi-channel feature maps, with channel numbers shown above and spatial dimensions
indicated at the lower left. White boxes represent copied feature maps, while arrows denote different
operations

2.3.1 Encoder (Contracting Path)

An input image tile enters the U-Net framework
and is processed through what is traditionally
referred to as an encoder the contracting path,
generating hierarchical feature representations at
multiple levels of depth. The encoder levels consist of
two successive layers of 3 x 3 convolution operations
followed by ReLU activations. This allows
increasingly discriminative feature levels to be
generated through the convolutional operations [26].

With every convolution, we apply a 2 x 2 max-

pooling operation with a stride of 2, thus lowering the
output spatial resolution of the convolution, while
also increasing the size of the overall receptive field
of that convolution’s output. At each stage of
encoding, we repeat encoding at multiple locations in
the encoder, continually reducing the spatial
dimensions of each output feature while
simultaneously increasing the number of channels
per layer. The encoder will accumulate both local
features and global context because of this
hierarchical process, which are both important
components for segmenting images [27].
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2.3.2 Bottleneck

The U-Net's final layer is the bottleneck, the
bottom-most layer, is the most compressed spatially
and has the most feature channels. This layer applies
repeated convolution layers all using ReLU
activations to each feature map to encode global
context and create a highly abstract, compact
representation, which is the key connection between
the encoder and decoder.

2.3.3 Decoder (Expanding Path)

The decoding part is also used to restore the spatial
resolution, and to make the segmentation predictions
more accurate. Accomplish this, the decoder creates
an upsampled feature map at every level of the
encoder's feature maps using a 2x2 transposed
convolution that reduces the number of channels in
the upsampled feature map by half. After this
upsampling, each of the decoder's upsampled feature
maps is concatenated with the corresponding
encoder's feature map through skip connections [28].

Next, two distinct consecutively applied 3x3
convolutional layers using the ReLU activation
function are wused to sharpen the fused
representations of the encoder and decoder features.
This entire process is repeated until the original
resolution of the input image is restored. Then a
single layer 1x1 convolution is used to convert the
decoder's feature maps into the number of classes that

will be used to represent the output segmentation
[29].

2.3.4 Skip Connections and Feature Fusion

Skip connections connect corresponding encoding
and decoding layer channels together which will
combine early low-level spatial features with later
high-level semantic information about them through
this process. The use of skip connections will reduce
the loss of information by downsampling, resulting in
a large improvement in segmentation precision [30].
The fusion of features via skip connections is
especially advantageous when dealing with the
segmentation of small tumours and difficult to define
boundaries present in brain tumours [31].

2.3.5 U-Net as the Structural Foundation for
Advanced Encoder-Decoder Variants

Numerous advanced segmentation models that
build on U-Net's architecture. Examples are Attention
U-Net, U-Net++, Residual U-Net, and a hybrid CNN-
Transformer model. Each of these variants maintains
the original encoder-decoder structure of U-Net, but
they also add attention mechanisms, dense
connections, residual learning, and global context
modeling to the segmentation model to improve
performance [32]. Because of this versatility and
ability to support future improvements, U-Net is
considered a significant research framework for
developing deep learning-based classification
techniques for brain tumour pathology. Given below
Table 3 summarizes the evolution of U-Net-based
encoder-decoder architectures and their key
enhancements.

Table 3: Evolution of U-Net-Based Encoder-Decoder Architectures

Variant Key Enhancement Purpose
U-Net Encoder-decoder with skip connections Baseline segmentation
Attention U-Net Attention gates Focus on tumor regions
U-Net++ Dense skip connections Improved feature fusion
Hybrid CNN-Transformer Global context modeling Long-range dependency learning

Fig 2. summarizes the deep learning pipeline discussed in Section 2 and motivates the architectural taxonomy

in Section 3.
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Figure 2: Deep Learning Pipeline for Brain Tumor Analysis

3. LITERATURE REVIEW

This section reviews deep learning-based
approaches for brain tumor analysis, focusing on

segmentation methods and their role in supporting
tumor classification. To provide a structured
overview of the reviewed studies, Fig 3 presents
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proposed taxonomy of deep learning-based
approaches for brain tumor analysis. The literature is
broadly categorized into deep learning brain tumor

segmentation and deep learning-based brain tumor
classification —approaches, which are further
organized based on architectural design principles.

Deep Leaming based approaches for Brain Tumor Analysis
> CNN-Based Encoder-Decoder Archi
: (Two-Headed UNet EfficientNet , IRDNU-Net , BTS-ODSCNN-DU-Net ) |
I | |
I [
! 1
' '
1 . ) 1 Attention-Based Models
"_. Deep Learning Based Brain Tumor Segmentation Y — (EHB7-UNet , Attantion Res-UNet , ARGA-UNet )
X { approaches :
I 1
1 |
| ! Multi-Scale and Cascaded Networks
: — (Wavelet CNN , Multiscaie CNN + CRF , 3D Dense CNN )
1 1
' '
' '
: ! : Transformer-Based Segmentation Models
I (SwinBTS , AugTransU-Net , Swin-Une3D )
1 Deep Leamning Based Brain Tumor Classification
approaches
CNN-Based Encoder-Decoder Archi es Attention-Based Models Muiti scale and Cascaded networks Transformer based model

(VGG16 + CNN) , ALCResNet +1BCO)

{ResNetS0-CBAM , MBTC-Net |

(HMAC-Net, Res-BRNet) (ViT Ensembie , TECNN )

Figure 3: Proposed Taxonomy of deep learning-based approaches for brain tumor analysis

3.1 Deep Learning Based Brain Tumor
Segmentation approaches

Deep learning-based segmentation methods aim to
generate pixel-level or voxel-level tumor masks that
accurately delineate tumor regions and substructures
in brain MRI scans [33]. The information provided by
segmentation, segregating different anatomical
structures, or segments, to diagnose and treat patients
is critical for clinical decision-making in all three
areas. In addition, segmentation outputs are
frequently required as input to downstream tasks
such as identifying tumor types, determining their
grade, predicting likelihood of the tumor progressing
[34,35].

Please refer to Figure 3. Segmentation approaches
based on deep learning can be divided into four
primary categories CNN-based encoder-decoder
networks, attention-based models, multi scale and
transformer-based

cascade networks, and

architectures.

3.1.1 CNN-Based Encoder-Decoder Architectures

Brain tumor segmentation is a common application
of the encoder-decoder CNN architecture, which is
highly localizing, has good computational efficiency,
and is well-suited for working with limited amounts

of annotated data [36]. Several research groups have

improved the segmentation performance of
segmentation algorithms based on CNN encoder-
decoder architectures without adding too much
complexity to the models through various means,
including the improvement of convolutional blocks,
optimization of decoding strategies, and the
development of new architectural innovations [37-
39].

In this context [40] optimized Dense U-Net
structure depth-wise separable convolutions for
better segmentation quality and lower computation
cost [41] presented IRDNU-Net inception and
residual structures in a densely nested encoder-
better

representation with fewer parameters. Localising

decoder manner that achieves feature
using ROIs together with U-Net-based segmentation
was shown [42], to provide reduced background
interference and greater accuracy in defining tumour
boundaries.

A new segmentation framework based on the
residual Net architecture to improve the flow of
information in the model with connection of previous
features with each new cycle of the model this should
provide a solution for vanishing gradients [43]. It also

added to the segmented versions of networks by
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developing a series of encoder-decoder networks
with  hybrid dilated
techniques for identifying edge-aware features more
robustly [44]. Lastly [45] added a feature pyramid
network to their U-NET models, which solved for
fusing features at multiple resolutions to provide

convolutional layering

more robust performance regardless of the overall
size of the respective tumours. Selected CNN-based
segmentation models are discussed in Table 4 with
respect to the main contributions, limitations, and
metrics used to evaluate their performance.

Table 4: CNN-Based Encoder-Decoder Architectures for Brain Tumor Segmentation

Reference Method name Contribution Limitations Evaluation Metric
36 Two-Headed Parallel segmentation and classification | Increased model complexity DICE 94.03,
UNetEfficientNet using EfficientNet backbone integrated and higher computational Jaccard 91.20
with U-Net cost
37 PG-DBCWMEF + HV Region | Hybrid preprocessing, segmentation, and Relies heavily on Higher PSNR and
+ CTSIFT feature extraction pipeline handcrafted preprocessing improved
techniques accuracy
38 GooglLeNet CNN GoogleNet with attention modules for Primarily focused on overall accuracy
improved feature extraction classification rather than 97.62
precise segmentation
39 Dual-Module Detection MRI enhancement followed by neural Multi-stage pipeline DSC 0.981,
Framework network segmentation and SVM increases processing time sensitivity 0.99
classification
40 BTS-ODSCNN-DU-Net Depth-wise separable CNN integrated Optimization algorithms Higher dice index
with Dense U-Net and optimization increase training complexity and accuracy
algorithm
41 IRDNU-Net Combines inception modules, residual Deep architecture increases Dice similarity
connections, and dense skip pathways training time index 0.888
42 ROI-Aided Localization and | Two-stage architecture using 2D U-Net for Two-stage framework Dice similarity
Segmentation U-Net localization and 3D U-Net for increases computational index 0.876
segmentation overhead
43 Improved ResNet Enhanced residual network with Performance dependson | DICE Score 0.864 ,
Segmentation Model improved shortcut connections large training datasets Sensitivity 0.736
44 Improved U-Net with Serial encoder-decoder structure with Increased model complexity MiloU 86.8%
Hybrid Dilated Convolution hybrid dilated convolution modules and memory usage
45 Improved FPN-U-Net Integrates Feature Pyramid Network with | Limited evaluation onlarge | DICE rating 92%
U-Net for multi-scale feature extraction multi-institution datasets

3.1.2 Attention-Based Models

Attention-based models allow the segmentation of
brain tumours with greater accuracy by directing the
network's attention onto areas where a tumor is and
directing its attention away from non-tumor related
areas. This is important to accurately identify small
tumours as well as tumours of different shapes and
sizes on MRI scans [46]. A lightweight 3D UKAN
model based on patch embedding and tokenization
established
efficiency

[47], which enhances segmentation
[48] BT-Net, a
framework for tumor classification, segmentation,

present multi-task
and localization.

A cascaded CNN with a distance-wise attention
mechanism to further improve feature learning for
tumor-centric tasks [49,50] created MBANet, which is
a 3D CNN using multi-branch shuffle attention to
learn the spatial and channel relationship of a given

input. The study in [51] introduced Attention Res-
UNet with attention gates and guided decoding to
enhance feature representation.

[52],
pyramid module with attention to capture multi-scale

Furthermore integrated a joint spatial
contextual information for improved glioblastoma
subregion segmentation, while [53] proposed an
improved U-Net combining residual grouped
convolutions and convolutional block attention
modules. In addition [54], proposed M-Net, an
ensemble-based architecture for segmentation and
[55]

hybrid Res2Net-U-Net model integrating multi-scale

classification, whereas introduced a
feature extraction with channel-spatial attention for
Table 5

summarizes attention-based models for brain tumor

improved  segmentation accuracy.
segmentation, highlighting their performance and

key limitations.
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Table 5: Attention-Based Deep Learning Models for Brain Tumor Segmentation
Reference Method name Contribution Limitations Evaluation metric
46 EffB7-UNet Hybrid architecture integrating EfficientNetB7 Limited evaluation on Dice coefficient
(BrainView encoder with U-Net decoder for tumor multi-institution MRI 92.734 %
framework) segmentation and DeepBrainNet for classification datasets
with cloud-based deployment
47 3D UKAN Lightweight 3D architecture using patch Performance may Dice coefficient:
embedding and tokenization to improve degrade for extremely 92%, Jaccard
segmentation efficiency small tumor regions index: 86%
48 BT-Net Multi-task framework performing tumor increased DICE similarity
classification, segmentation, and localization computational score 0.86
simultaneously complexity
49 Cascaded CNN Cascaded architecture with attention mechanism Cascaded design Whole tumor dice
with Distance- to enhance tumor-focused feature learning increases training time score 0.9203
Wise Attention
50 MBANet Multi-branch shuffle attention integrating spatial Requires high GPU DICE of ET
and channel attention memory 80.18%
51 Attention Res- Attention gates combined with residual learning Increased model Mean IoU 0.838
UNet and guided decoder supervision complexity
52 Attention Spatial Joint spatial pyramid module with attention for Sensitive to DICE of ET and
Pyramid multi-scale contextual feature extraction hyperparameter tuning WT is 79.90 %,
Network 89.63 %
53 ARGA-UNet Improved U-Net using Residual Grouped Evaluated on FLAIR DICE score 97.581
Convolution (RGCM), CBAM attention, and MRI sequence dataset
bilinear interpolation upsampling
54 M-Net Ensemble-based encoder-decoder architecture for High computational Accuracy 99%
segmentation and classification cost
55 Res2Net-U-Net Hybrid architecture integrating multi-scale Increased architectural | DICE WT 0.9630,
with Attention feature extraction and channel-spatial attention complexity DICE ET 0.9513

3.1.3 Multi-Scale and Cascaded Networks

Multi-scale and cascaded architectures improve
brain tumor segmentation by capturing hierarchical
contextual features at different spatial resolutions
and refining segmentation outputs [56]. A multiscale
cascaded multitask network that performs
simultaneous tumor segmentation and classification
using  hierarchical feature aggregation was
introduced [57]. In [58], a multiscale CNN combined
with Conditional Random Fields to improve
segmentation accuracy and reduce false positives in
MRI images.

A proposed AG-MS3D-CNN [59], a multiscale
attention-guided 3D CNN for robust tumor
segmentation, while [60] introduced the MM-MSCA-
AF framework that integrates multi-modal MRI with
multi-scale contextual aggregation and attention
fusion. Studies [61-63] further improved
segmentation performance by integrating multi-scale
feature interaction, densely connected CNN
architectures, and cascaded residual multi-scale
convolution frameworks within U-Net-based models.
Table 6 summarizes multi-scale and cascaded
segmentation models, highlighting their performance
and limitations.

Table 6: Multi-Scale and Cascaded Segmentation Models

Reference | Method name Contribution Limitations Evaluation metrics
56 Wavelet CNN Multi-resolution wavelet feature Preprocessing 98.8% detection accuracy
extraction dependency
57 MCMTN Multiscale cascaded multitask network | High model complexity | DCS 96.2 and mean IoU 95.88
58 Multiscale CNN CREF refinement for segmentation Additional post- Sensitivity 99.86 %
+ CRF processing

59 AG-MS3D-CNN Multiscale attention-guided 3D CNN High computational cost High dice score

60 MM-MSCA-AF Multimodal multi-scale contextual Requires multimodal DICE score 0.8158
aggregation MRI

61 MVSI-Net Multi-view attention with multi-scale Model complexity DSC whole tumor 0.876

features
62 3D Dense CNN Dense connectivity with multi-scale Memory intensive DSC WT is 0.95
receptive fields

63 MambaBTS Cascaded residual multi-scale Complex training Dice score 0.856 for WT

convolution

3.1.4 Transformer-Based Segmentation Models

In recent years, transformer architectures have
been used to segment brain tumours because they are

able to recognise long-range connections and global
context in Magnetic Resonance Imaging (MRI) data
[64]. In [65], a combination of Swin Transformers with
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an encoder-decoder architecture, termed SwinBTS,
was proposed for multimodal MRI segmentation.
Similarly, in [66], an architecture termed AugTransU-
Net was proposed, incorporating augmented
transformer modules and paired attention
mechanisms to enhance feature interaction and
improve segmentation accuracy in MRI images.
There have been many studies that investigated the
combination of transformers with hybrid structure to
enhance segmentation accuracy [67]. Dual Vision
Transformer-DSUNET was developed by Zakariah et
al.,, who developed a dual transformer module and

integrated feature fusing for precise segmentation of
tumours  [68]. TransResUNet, a  transformer-
enhanced residual U-Net, was proposed in [69] to
enhance contextual feature learning. In [70], the 3D
Medical Axial Transformer (MAT), a lightweight
transformer utilizing axial attention, was developed
for efficient 3D segmentation. Finally, in [71], MWG-
UNet++, a hybrid transformer-based U-Net
integrated with generative adversarial networks
(GANs), was proposed to enhance segmentation
performance. Table 7 summarizes transformer-based
segmentation models, highlighting their performance
and limitations.

Table 7: Transformer-Based Brain Tumor Segmentation Models

Reference Method name Contribution Limitations Evaluation metric
64 Swin-Unet3D Hybrid CNN-Transformer High computational cost | Dice coefficient of 0.840
architecture on ET, 0.87 on TC
65 SwinBTS Swin transformer for multimodal MRI Memory intensive Average dice score 81.5
segmentation
66 AugTransU-Net Augmented transformer U-Net Complex architecture Dice value of 89.7 for
architecture WT, 78.2 for ET
67 CKD-TransBTS Cross-attention multimodal High computational cost High dice score
transformer
68 Dual Vision Transformer feature fusion model Large parameters count Cumulative dice score
Transformer-DSUNET 91.29%
69 TransResUNet Transformer-enhanced residual U- Training complexity Accuracy 98%
Net
70 MAT Lightweight axial transformer Limited validation Improve performance
71 MWG-UNet++ Transformer U-Net with GAN GAN training Average evaluation
augmentation complexity metric is 0.89
Overall, existing deep learning segmentation  was proposed to enhance multi-class tumor

models employ hierarchical feature extraction,
attention mechanisms, multi-scale learning, and
global self-attention to improve tumor localization
and contextual understanding. However, many
architectures introduce increased computational
complexity and may require large, annotated datasets
for robust training.

3.2 Deep Learning Based Brain Tumor
Classification Methods

Brain tumor classification aims to assign clinically
meaningful labels, such as tumor type or grade, from
MRI images. Classification can be performed either
on whole images or on tumor-localized regions
obtained through segmentation. The following
subsections review classification approaches using
the same architectural taxonomy adopted for
segmentation models.

3.2.1 CNN-Based Encoder-Decoder Architectures

CNN-based architectures are widely used for brain
tumor classification due to their ability to
automatically learn discriminative spatial features
from MRI images. In [72], a dual CNN framework
combining VGG16 with a custom CNN architecture

classification, while [73] introduced a dense CNN
architecture integrating transfer learning models for
improved performance. Hybrid CNN-based models
such as M-C&M-BL [74] and NeXtBrain [75] further
enhance classification by combining CNN-based
feature extraction with advanced deep learning
modules. Additionally, in [76], an IBCO-optimized
ALCResNet framework was developed, integrating
GAN-based augmentation, DeepLabV3
segmentation, and CNN-based classification to
improve tumor classification and grading accuracy.

3.2.2 Attention-Based Models

Attention-based models enhance brain tumor
classification by enabling networks to focus on
tumor-relevant regions while suppressing irrelevant
background information. In [77], an attention-guided
multipath CNN was proposed to emphasize critical
tumor features and enhance classification accuracy in
MRI images. Similarly, in [78], a convolutional block
attention module was integrated with ResNet50 to
improve feature representation and classification
performance. New techniques which improve
classification accuracy and interpretability in
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diagnosis of brain tumor now use more advanced
forms of attention, such as the Ensemble Attention
Framework described by [79], The Multi-Head
Attention Model MBTC-Net described by [80], and
the Hybrid CNN-Transformer Attention Architecture
described by [81].

3.2.3 Multi-Scale and Cascaded Networks

The author [82] developed a Multi-Scale CNN
(MSCNN) approach that uses several different
convolution kernels to allow for better classification
of multi-class brain tumor scans and lower overall
computing costs. Similarly, [83]introduced a
hierarchical multi-scale feature fusion network
(HMAC-Net) that combines global and local features
using attention-based feature fusion to improve
classification performance. In addition,[84] proposed
MAProtoNet, which integrates multi-scale modules
with attention mechanisms to generate interpretable
tumor classification maps. Recent studies
[85,86] further improved classification accuracy
through multi-path CNN architectures and deep

residual regional CNN frameworks that capture
heterogeneous tumor patterns in MRI images.

3.2.4 Transformer-Based classification Models

Transformer-based models improve brain tumor
classification by capturing long-range dependencies
and global contextual information in MRI images. In
[87], an ensemble of Vision Transformer (ViT) models
was employed for multi-class tumor classification,
achieving high accuracy on MRI datasets. Similarly,
studies [88-91] proposed hybrid CNN-transformer,
fine-tuned ViT, data-efficient transformer, and cross-
transformer architectures to enhance classification
performance in brain tumor diagnosis. These models
demonstrate strong potential for improving
automated medical image analysis by effectively
capturing both local and global tumor features. Table
8 summarizes deep learning-based brain tumor
classification models across different architectural
categories, highlighting their performance and
limitations.

Table 8: Deep learning-based brain tumor classification methods

Reference | Architecture Method name Contribution Limitations Evaluation metric
type
72 Dual CNN Combines VGG16 with a custom Higher Training accuracy
(VGG16 + CNN) CNN architecture to improve multi- computational 100 % and testing
class brain tumor classification. complexity due to accuracy 99 %
dual networks.
73 Modified Dense integrates DenseNet and VGG16 Transfer learning Average precision
CNN transfer learning to enhance models increase 0.96, average f1
classification performance. training time. score 0.950
74 M-C&M-BL Hybrid model combining multiple Hybrid architecture | Accuracy 99.93%,
CNN layers with BiLSTM to improve increases model f1 score 99.31%
feature representation for tumor complexity.
classification.
75 NeXtBrain CNN-based architecture with Requires significant Accuracy 99.78%
CNN Based improved convolution blocks for computational
Encoder enhanced tumor classification resources.
decoder accuracy.
76 ALCResNet + optimized ResNet for automated Multi-stage pipeline Improved
IBCO tumor classification and grading. increases system Accuracy
complexity.
77 Attention-Guided Multipath CNN with attention Limited dataset Accuracy 98.61%
CNN mechanism to highlight tumor- diversity
relevant features
78 ResNet50-CBAM ResNet50 integrated with Increased model Accuracy 99.43 %,
convolutional block attention parameters AUC99.25%
module
79 Ensemble Co-attention mechanism using High computational Accuracy on fig
Attention Model MobileNetV3 and EfficientNetB7 for complexity share dataset
improved tumor classification 98.94%
80 MBTC-Net EfficientNetV2B0 with multi-head Requires Accuracy 97.54%
Attention attention for multimodal brain tumor multimodal data on 15 classes
based model classification
81 DenseTransformer | DenseNet201 with self-attention and | Hybrid architecture Accuracy 99.41%
transformer modules for tumor complexity
classification
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82 MSCNN Multi-scale CNN using multiple Sensitive to image Accuracy 91.2 %,
convolution kernels for MRI tumor noise f1 score 91%
classification
83 HMAC-Net Hierarchical multi-scale feature High model Accuracy 0.921,
Multi scale fusion with attention mechanisms complexity precision 0.960
84 and MAProtoNet Multi-scale attentive prototypical Computational Improved BAC
Cascaded network for interpretable tumor overhead score
networks classification
85 Multi-Path CNN Multi-path CNN with diverse Kernel selection Accuracy 92.25 %
convolution kernels for feature sensitivity with all features
extraction
86 Res-BRNet Deep residual and regional CNN Requires large F1-score 0.9841
capturing local and global tumor training data
features
87 ViT Ensemble Ensemble of Vision Transformer Requires large Overall testing
models for multi-class tumor training data accuracy 98.7%
classification
88 TECNN Hybrid CNN-Transformer model High computational
combining local and global feature complexity Accuracy on
learning Figshare 96.75 %
89 FTVT Fine-tuned Vision Transformer Requires large Accuracy 98.70%
models for multi-class MRI tumor dataset for training
classification
90 Transformer LCDEIT Linear-complexity data-efficient Model architecture Accuracy 98.11 %
based model transformer for MRI tumor complexity and f1 score 97.86
classification % on figshare
91 Cross- Transformer-based framework for Complex training More than 97%
Transformer tumor classification and detection pipeline accuracy

4. PERFORMANCE REVIEW

Performance in brain tumor segmentation and
classification depends on the datasets used,
evaluation metrics, and variations in experimental
protocols such as preprocessing and train-test splits.
Consequently, fair comparison of reported results
requires careful interpretation and consistent
benchmarking across studies. In addition to model
architecture, factors such as dataset composition,
annotation quality, class imbalance, and modality
availability also influence model performance.

4.1 Publicly Available Brain Tumor Datasets
Public datasets are essential for reproducible

benchmarking in brain tumor analysis. Segmenting

studies often use multiple modalities of MRI data

while usually, classifications are made using curated
sets of MRI data. Within the segmentation domain,
the BraTS dataset family remains one of the most
frequently used benchmarks to segment using
standardised multi-modal MRIs with expert
annotated tumours, and many datasets available
from the TCIA or TCGA ecosystems are also often
used for brain tumour studies including, TCGA-LGG,
or sets to classify brain tumours available from sites
such as Figshare or BRISC. Recent benchmark
datasets of the BraTS-GOAT 2024 have provided an
opportunity for additional robustness evaluations
across multiple different clinical imaging situations.
Table 9 presents commonly used benchmark datasets
for brain tumor segmentation and classification,
along with their modalities and characteristics.

Table 9: Benchmark Datasets Used in Brain Tumor Segmentation and Classification

Dataset / Source Task Modalities Notes for benchmarking
BraTS family Segmentation T1, T1c, T2, FLAIR MRI Standardized benchmark; widely compared across models
BraTS-GOAT 2024 [92] Segmentation Multi-modal MRI Introduced updated evaluation and robustness checks

TCGA-LGG (via TCIA)

Segmentation /

Multi-modal MRI +

Frequently used for segmentation-assisted classification

[93] Classification Clinical pipelines
BRISC [94] Segmentation / Single-modal MRI Annotated masks; balanced dataset
Classification (T1c)

4.2 Comparative Analysis and Discussion

Due to variations in datasets, imaging modalities,
preprocessing methods, and evaluation metrics,

direct comparison of deep learning approaches for
brain tumor segmentation and classification is
challenging, and reported performance often
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depends more on data and evaluation strategy than
architecture alone [1] [52] [72] [75]. Among existing
methods, CNN-based encoder-decoder models,
particularly U-Net and its variants, remain the most
reliable baselines due to their strong localization
capability, computational efficiency, and robustness
with limited data, often achieving improved results
with enhanced architectures and optimized designs

[13] [18] [44] [47].

Table 10 consists of several representative design
categories for architectural paradigms deployed in
brain tumor segmentation and classification, as well
as their respective strengths, weaknesses, and
common use scenarios, with a view towards
providing a structured overview of these paradigms.

Table 10: Comparative Analysis of Deep Learning Architectures for Brain Tumor Segmentation and

Classification
Architecture Representative Primary Strengths Key Limitations Typical Use Case
Category Models from
literature

CNN Encoder- U-Net, V-Net, U- Efficient training, strong localization, Limited global Baseline segmentation,

Decoder Net++, ResUNet works with limited data context modeling clinical pipelines
Attention- Attention U-Net, Focus on tumor regions, improved Increased model Small or heterogeneous

Based ResUNet+, attention- boundary precision complexity, tumours

CNNs

tuning sensitivity

based models

Multi-Scale & Multi-scale CNNs, Captures global + local context, Error Tumor subregion
Cascaded cascaded U-Net improved subregion segmentation propagation, analysis, grading
pipelines longer inference
Transformer- Hybrid CNN- Long-range dependency modeling, Data-hungry, high | Large datasets, research-
Based Transformer, ViT- global context compute cost focused systems

Segmentation is greatly enhanced with the use of
attention mechanisms as they enable the focus to be
on important features while minimizing noise, which
is especially beneficial for small and complicated
tumours. The Dice scores associated with the use of
attention models based on the U-Net architecture
have shown to be improved, and the number of false
positive predictions is also reduced while still having
higher complexity and sensitivity to tuning [13], [15],
[70]. Additionally, Multi-scale, and cascaded
architectures  have  enhanced  segmentation
performance through the ability to capture features at
multiple scales, and through the ability to perform
additional refinements, which allows for a more in-
depth hierarchy-level analysis of tumours; however,
these architectures are characterized by greater
computational overheads and more opportunities for
the propagation of errors [39], [45], [58], [95].
Segmentation-based classification techniques also
improve accuracy in diagnostics by incorporating the

spatial location of the tumour, these methods often
outperform direct methods using images at the level
of classification emphasizing the requirement of
successful segmentation for clinical applications [39],
[55], [60], [86]. Transformer-based techniques and
hybrid CNN - Transformer technologies demonstrate
improved global context modelling and greater
robustness in complicated conditions, yet they
demand an extensive amount of database material,
high computational requirements, and can be
adversely impacted by domain displacement [7], [22],
[65], [72].

The following information was compiled from
various comparative study results and survey results
to generate Table 11, which compares and
summarizes segmentation quality, classification
accuracy, generalizability, and clinical applicability
across different architectural paradigms.

Table 11: Performance Trend Summary Across Architectural Paradigms

Design Paradigm Segmentation Performance Trend Classification Impact | Generalization | Clinical Readiness
CNN Encoder-Decoder Stable, strong baseline Moderate-High Good High
Attention-Based Improved boundary accuracy High Moderate Medium
Multi-Scale or Cascaded Strong for complex tumours High Moderate Medium
Transformer-Based Potentially high Promising Uncertain Low-Medium

In comparing these paradigms, we can see that the
performance improvements due to architectural
innovation can be large. There is no single best
performing paradigm across all datasets and clinical

scenarios. The architectures that are currently most
validated or deemed to have inconsistent
performance include the CNN encoder-decoder
architectures, while the attention multi-scale and
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transformer-based architectures have provided
increased performance for specific improvements in
complex scenarios but are still ongoing areas of
research.

5. CONCLUSION

In this review, we provide a comprehensive review
of deep learning methods that can be used for brain
tumor  segmentation/classification based on
architectural design principles, imaging modalities
and preprocessing methods. We find that encoder-
decoder CNN architectures, such as U-Net and its
variants, continue to be the most effective and most
used due to their ability to localize accurately, their
computational efficiency, and how well they can
work with a limited number of labelled training
examples. Attention mechanisms and multi-scale or
cascading models can also help to improve the
accuracy of brain tumor segmentation by allowing
the model to focus on tumor-relevant regions and
capture their hierarchical context. Although
transformer-based and hybrid CNN-transformer
models show potential in accurately modelling global
dependencies, they can require more computation
and data than other methods. This article is intended
to raise awareness when comparing model
performance in different studies because of different

segmentation assisted classification methods in
general provide better interpretability and diagnostic
accuracy than direct classification methods. As such,
it is important for future progress to include better
data availability, better generalizability to different
clinical situations, better interpretability and more
robust models for aiding with clinical decisions in the
real world.
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