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intervention. However, persistent challenges in automated detection
Keywords: approaches stem from pervasive imaging artifacts, variations in image quality,
and diverse tumor appearances. This comprehensive review addresses these

Magnetic Resonance challenges by highlighting key innovations and their clinical relevance across

Imaglng (MRI) various automated approaches, including clustering, soft computing, and deep
Brain Tumour learning techniques for the classification and segmentation of brain tumours
Classification using magnetic resonance imaging (MRI). Furthermore, we synthesize the
Segmentation quantitative results of state-of-the-art models, summarizing performance

measures such as the Dice Score and Sensitivity. Ultimately, this review
outlines the critical future research pathways necessary to effectively address
remaining obstacles and enhance the precision of automated segmentation and
classification
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1. INTRODUCTION

Brain tumour detection and treatment have evolved significantly over the last few decades, shifting
from labour-intensive manual imaging techniques to sophisticated machine-learning-driven approaches [1].
Historically, manual review of magnetic resonance data has been a significant component of brain tumour
analysis [2]. This process is characterized by time-consuming and error-prone operations, as well as
variability across evaluators [3]. The development of computer technologies, automated image processing,
and data analysis has notably improved the precision and effectiveness of tumour identification and
characteristics [4]. Modern methodologies integrate clustering, soft computing, deep learning, and
thresholding techniques to achieve precise tumour seg mentation, classification, severity assessment, and
outcome prediction [5][6]. These advancements provide a comprehensive understanding of tumour
characteristics, allowing for more personalized treatment approaches and improved patient care outcomes
[7]. The central nervous system, an intricate network comprising both the brain and the spinal cord, serves
as the command center of the human body, orchestrating and regulating fundamental motor and sensory
functions [8]. Abnormal and uncontrolled cell growth in the brain can manifest as non-cancerous or
cancerous tumours [9]. If untreated, these can lead to severe health repercussions, including neurological
impairments and even death [10]. Although substantial progress has been made in visual representation and
computational tools and innovations, precise segmentation and classification of brain tumours continue to
pose challenges [11]. Detection and analysis have become complicated because brain tumours exhibit
various attributes, including location, dimensions, and structural forms, as well as diverse imaging patterns
[12]. The brain is divided into three primary components the cerebrum, cerebellum, and brain stemeach
playing a pivotal and distinct role in the brain's functional symphony [13][14]. While the integration of
deep learning has revolutionized brain tumour analysis by increasing precision and reducing manual
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intervention [15], accurately detecting and segmenting brain neoplasms from MRI scans still faces
significant challenges that necessitate intelligent, automated systems [16]. These persistent issues stem from
several sources: Image Preprocessing is complex and time-consuming due to noise and intensity variations
that obscure tumour boundaries in raw MR images [17][18]. Tumour Heterogeneity remains a formidable
barrier, as the variability in tumour shape, size, location, and intensity, combined with fuzzy boundaries,
makes precise delineation difficult for both automated systems and human experts [19][20]. Furthermore,
Manual Interpretation is subjective, labor-intensive, and prone to variation in error between different
experts [21][22]. Finally, Data Scarcity complicates the training of robust Al models, leading to class
imbalance, where non-tumour pixels vastly outnumber tumour pixels [23][24]. These challenges
underscore the critical need for comprehensive reviews that synthesize current solutions and clarify future
research directions in automated, highly accurate brain tumour detection approaches.
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Figure 1. Brain parts and their functions. The diagram illustrates the major anatomical regions of
the human brain and summarizes their primary physiological functions.

Although substantial progress has been made in visual representation and computational tools and
innovations, precise segmentation and classification of brain tumours continue to pose challenges.
Detection and analysis have become complicated because brain tumours exhibit various attributes,
including location, dimensions, and structural forms, as well as diverse imaging patterns. The complex
anatomy of the central nervous system is crucial to understand. This is because the brain is divided into
three primary components. The central nervous system is an intricate and sophisticated marvel, comprising
the cerebrum, cerebellum, and brain stem Figure 3. These integral components come together to form the
command centre of the human body, each playing a pivotal and distinct role in its functional symphony
Figure 2. Each playing distinct functional roles [9][10][21] Table 1.
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Figure 2. White vs. Grey areas.
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Table 1. Key brain tissue components and their functions.

Component Function Description
Grey matter (GM) Regulates of brain activity Consists of neurons and supporting glial cells.
\White matter (WM) Connects different brain re- gions Comprises myelinated axons. The corpus callosum

connects the hemispheres.

Cerebrospinal fluid (CSF) INot explicitly mentioned One of the three major tissue components of the brain.

ebrum

Cerebellum™ Brain stem (Medulla Oblongata)

Brain stem Cerebrum Cerebellum
- Changes in heart rate - Intelligence, learning, judgment - Balance and coordination
- Breathing, blood pressure, - SPeech and memory - Posture
vomiting, swallowing - Sense of hearing, vision, taste
- Digestion and smell

- Skeletal muscle movements
Figure 3. Anatomical regions of the human brain.

Brain tumours are powerfully categorised into two distinct and significant classes Table 3 primary and
secondary, each unveiling a unique and compelling journey of origin and impact. Primary tumours originate
within the brain and include gliomas, meningiomas, and pituitary tumours [25]. Secondary tumours, or brain
metastases, originate from neoplasms in different regions of the body, such as lung cancer, breast cancer, and
melanoma metastases, and are invariably malignant (Section 1.1.1.).

1.1. Brain Tumor Phenotypes, Imaging Modalities and MRI Issues

Brain neoplasms are classified according to their nature, origin, grade, and stage of progression. Benign
neoplasms grow slowly and are less harmful, while malignant neoplasms grow aggressively and pose greater
health threats. Primary neoplasms originate in the brain, whereas secondary neoplasms spread from other
regions of the body, including the breast or lungs [26][27]. The grading system helps describe the neoplasm's
characteristics. Grade I neoplasms generally grow slowly and have a uniform structure, whereas grade IV
neoplasms exhibit rapid growth and spread. Stages of progression begin with confined malignancies at stage 0,
progressing to stage 4, where the disease has spread widely throughout the body. Table 2 classifies brain neoplasms
by nature (benign or malignant), origin (primary or secondary), classification (I-IV), and stage of progression (0-
4).
1.1.1.  Categories of Brain Tumours

. Primary brain tumours: Brain tumours that originate in the brain tissue itself. These can be benign
or cancerous.

—  Gliomas: They are the most common primary brain tumours that originate from glial cells.

—  Meningiomas: Developing from the meninges, they are generally benign and slow-growing.

—  Pituitary tumours: Developing in the pituitary gland can affect hormonal function.

*  Secondary brain tumours: These are invariably malignant and originate from other forms of cancer
that have metastasised to the brain.
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Figure 4. A schematic representation of brain tumor taxonomy: A schematic representation of brain tumor
classification, highlighting the dichotomy between originating within the brain and metastasizing from
extracranial primary sites.

Table 2. Classification of brain tumours based on various criteria [8].

Classification Type Description
Nature Benign Tumours that grow slowly and are less harmful.
Malignant Tumours that are aggressive, life-threatening, and spread rapidly.
Origin Primary Tumour that develops directly in brain tissue
Secondary Tumour that spreads to the brain from other regions of the body, such as the breast or
Grading Grade I Tumour with slow growth and minimal abnormalities, often is less harmful
Grade 11 Tumour with some irregular structure, growing more slowly compared to higher
Grade II1 Tumour that grows faster and exhibits more aggressive behavior than Grade 11
Grade IV Highly invasive and fast-growing tumors that spread rapidly
Stage of Progression Stage 0 Localized tumors that have not invaded nearby tissues.
Stage 1 Early-stage tumors with limited growth and low spread
Stage 2 Tumour spreads more rapidly compared to Stage 1.
Stage 3 Tumour that has spread significantly within the local or regional area.
Stage 4 Advanced tumour that has metastasized to distant organs or areas of the body.
Axial Coronal

Sagittal

Meningioma

Glioma

Pituitary

Figure 5. Brain tumour type MRIL
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Figure 6. Brain tumour MRI example.
1.1.2. Imaging Modality: Magnetic Resonance Imaging (MRI)

Magnetic resonance imaging is highly effective in providing detailed images of soft tissues, making it

excellent for identifying complex tumour structures, as well as associated conditions such as swelling, bleeding,
and minor calcium build-ups. A key advantage of these techniques is that they do not expose patients to harmful
radiation, making them safer than many traditional imaging methods. However, the text also highlights
significant challenges: implementing these advanced methods requires considerable time and resources, posing
a barrier. In addition, the techniques are not suitable for patients with metal implants, underscoring the need to
exercise caution when selecting candidates for this imaging technology. Let us consider how different imaging
methods can help detect brain tumours Table 3.

MRI: the benchmark for soft-tissue imaging. It can depict the architecture of tumours, swelling,
hemorrhaging, and even calcium deposits. A significant advantage? It does not involve radiation.
Despite this, it is costly and time-consuming. Furthermore, it is not suitable for patients with metal
implants [28].

CT scan: This is useful for emergencies and for imaging of the bone and blood. It is fast and widely
available, making it helpful for treating bleeding or trauma. However, it does not show as much detail
in soft tissues. However, it also uses radiation [29].

PET scan: This scan measures how tumours use glucose, which can help detect recurrence and active
tumours. It can also indicate the difference between recurrence and scarring [30]. However, it has low
spatial resolution and is expensive. It is usually combined with CT or magnetic resonance imaging
(MRI).

X-rays: This is the least common method used for brain imaging. It only shows the skull bone and is
fast and inexpensive. However, it cannot image brain tissue; therefore, it is not very useful [31].

Table 3. Comparative analysis of imaging modalities.

Modality Usefulness What It Shows Strengths Limitations
IMRI Excellent gold ® Soft tissues ® Best soft tissue detail ® Expensive
standard ® Tumor structure * No radiation ® Slower
® Edema (swelling) * Multiple types (fMRI, ® Not for patients with
* Bleeding MRS) metal implants
CT scan Good for * Bone and blood ® Fastand widely available ® Lower soft tissue contrast
emergency ® Large tumors * Good for bleeding or trauma ® Jonizing radiation
e ® Calcifications
PET scan Good for ® Glucose uptake ® Detects active tumors * Low spatial resolution
tumor . ® Recurrence detection * Distinguishes  recurrence ® Expensive
metabolism
VS. scan ® Usually combined with
CT/MRI
X-ray Limited, ® Skull bone only ® Fast ® Cannot image brain tissue
rarely used ® Less expensive ® Jonizing radiation
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Magnetic resonance imaging (MRI) plays a crucial role in the diagnosis and treatment planning of brain
tumours. Provides high-resolution images of soft tissues, enabling detailed visualisation of tumours. The key
MRI sequences used to evaluate brain tumours were as follows:

* T1-weighted imaging: Offers a detailed anatomical visualisation; fat appears bright. White matter appears
bright, grey matter appears intermediate, and CSF appears dark.

» T2-weighted imaging: Highlights edema and necrosis; fluids appear bright. The white matter appears dark,
the grey matter appears dark, the CSF appears bright, and the abnormal growth appears bright [8].

» Contrast-enhanced T1-weighted imaging/FLAIR MRI: Delineates tumour margins and highlights areas

of improvement. The white matter appears dark, the grey matter appears dark, the CSF appears dark, and
the abnormal growth appears bright [8].

T1-weighted T2-weighted

Figure 7. Types of brain MRI imaging.

In Figure 8, we compare different MRI sequences and their visualisation characteristics. In T1-weighted
images, white matter appears bright, grey matter appears intermediate, CSF appears dark, and abnormal growth
appears dark. In T2-weighted images, white matter appears dark, grey matter appears dark, CSF appears bright,
and abnormal growth appears bright [18]. In FLAIR sequences, the white matter appears dark, the grey matter
appears dark, the CSF appears dark, and the abnormal growth appears bright [8].
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Figure 8. MRI sequence characteristics. Comparison of different magnetic resonance imaging (MRI)
sequences showing their distinctive tissue contrast properties and clinical applications.

1.1.3. Issues in MRI

The process of detecting brain tumours from MRI scans presents several challenges that necessitate the
development of intelligent, automated systems. Although magnetic resonance imaging is the gold standard for
this task, several issues make accurate and efficient diagnosis difficult.

» Image Preprocessing: Raw magnetic resonance images often contain noise, artefacts, and intensity
variations that can obscure tumour boundaries. Before analysis, these images require extensive

preprocessing, including noise reduction and intensity normalization, which can be complex and time-
consuming.
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* Tumor Heterogeneity: Brain tumours vary widely in shape, size, location, and intensity. The fuzzy and
ill-defined boundaries of many tumours make it difficult for both human experts and automated systems to
accurately delineate them.

* Manual Interpretation: The traditional method of manual tumor segmentation by radiologists is
subjective and can be prone to human error. This process is labour-intensive and time-consuming, and the
results can differ between experts.

« Data Scarcity: Acquiring large, high-quality, and well-annotated medical image datasets for training Al
models is difficult. This leads to data scarcity and class imbalance issues, where there are far more non-
tumour pixels than tumour pixels, which can hinder model performance.

* Model Constraints: Traditional machine learning models often rely on handcrafted features, such as
texture or shape, which may not fully capture the complexity and non-linear patterns of tumours in MRI
images.

» Interoperability: Automated systems need to be robust enough to handle variations from different MRI
machines and scan protocols. Differences in subsequent scans can make it difficult to determine whether a
change in the image is due to a real change in the tumour or simply a technical variation.

» Consequences of Prediction: The consequences of a false diagnosis are severe. A false negative (missed
tumour) could delay life-saving treatment, while a false positive (healthy tissue mistaken for a tumor) could
lead to unnecessary and stressful follow-up procedures for the patient. This highlights the need for models
with extremely high accuracy and low false-negative rates.

The classification of tumours involves categorising them into gliomas, meningiomas, and pituitary
tumours [17]. The use of machine learning and deep learning models, specifically Convolutional Neural
Networks (CNNs), facilitates the identification and classification of tumours by analysing features derived
from medical images [7][9]. Table 4 presents a review of articles on brain tumour analysis, highlighting the
development and evolution of methods and techniques used in this field. The surveys cover various aspects of
brain tumour analysis, including submissions to the BraTS Challenge, healthcare deep learning applications,
MRI segmentation evolution, traditional detection methods, segmentation classification pipelines, MRI image
processing, SOTA segmentation models, and the medical imaging deep learning landscape.

Table 4. Survey papers on brain tumour analysis.

Survey Focus

Key Coverage

Methodological Emphasis

BraTS Challenge Submissions Analysis

2012-2018 model architectures

Multimodal segmentation trends

Healthcare DL Applications

Cross-domain implementations

General deep learning

[20] IMRI Segmentation Evolution Early DL adoption analysis Neuroimaging-specific DL
[21] Segmentation- Classification Pipelines Hybrid system architectures Integrated frameworks
[22] IMR Image Processing Preprocessing-detection chain Clinical workflow analysis
(23] SOTA Segmentation Models Latest DL architectures Advanced network designs
[24] Medical Imaging DL Landscape Foundational techniques General medical DL

Where BraTS = Multimodal Brain Tumor Segmentation Challenge, Chronological analysis of survey
literature showing methodological progression in brain tumor analysis research.

1.2. Research Progress and Challenges

Intelligent computational strategies are imperative due to this paradigm shift, encompassing artificial
intelligence techniques such as machine learning for pattern recognition and deep learning for the extraction
of intricate features [1][7][33][34]. This article offers a comprehensive overview of the latest developments
and advanced methods for analyzing brain neoplasms. It also identifies current challenges. The focus is on
clustering, soft computing, deep learning, and thresholding methods for segmenting and classifying brain
neoplasms [6].

< Trends in brain neoplasm research: A comprehensive analysis of research trends, classifying studies
based on applications such as segmentation of neoplasms, growth prediction, and prediction of treatment
outcome [35].

<«  Challenges in clinical deployment: Thorough investigation into the inherent constraints of deploying
machine learning methodologies in clinical environments reveals crucial challenges, including serious
concerns about data confidentiality, substantial computational resource requirements, and the imperative for
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transparent, easily interpretable outcomes. [36].
=  Prospective pathways: Recommendations for developing more robust, interpretable, and clinically viable

ML models are provided. These models should focus on the diagnosis and prognosis of brain neoplasms.
[37].

2. METHOD

As neuro-oncology evolves, the volume of imaging data from the advanced MRI modality (Section 1.1.2.)
has grown exponentially. Traditional manual analysis methods are no longer sufficient to handle such large
datasets. Machine learning and deep learning have become highly effective methods for handling large
datasets, providing rapid and accurate results. The rapid advancement of neuro-oncological research and
clinical diagnostics has led to the unprecedented accumulation of medical imaging data. Specifically, this
collection of data comes primarily from magnetic resonance imaging (MRI) techniques. Conventional manual
interpretation methods face critical limitations regarding scalability and precision when processing large
datasets. Accurate identification of brain tumours is crucial for diagnosis and the development of treatment
strategies. Historically, manual classification techniques have tended to be sluggish and error-prone; however,
advances in machine learning and deep learning have significantly improved the precision of tumour detection.
Automated analysis of raw imaging data is now possible with advanced algorithms, reducing the need for
human involvement. Recent advances in tumour boundary detection techniques improve precision and improve
diagnostic accuracy, ensuring that patients receive optimal treatment strategies.

2.1. Clustering Approach

MRI clustering Table 5 pixels with similar properties, such as shape, texture, and intensity, using
techniques such as K-means and fuzzy C-means (FCM) Table 6. The central challenge with K-means clustering
is its pronounced sensitivity to initial starting values, which can dramatically influence the outcome and
effectiveness of the clustering process. In contrast, fuzzy C-means clustering [38] emerges as a more flexible
and robust alternative, offering a soft yet robust approach to cluster analysis. K-means algorithms excel in
scenarios where distinct, well-defined boundary segmentation is required, providing precise, unequivocal
results. On the other hand, the fuzzy C-means technique shines in contexts characterised by ambiguous
boundaries, deftly navigating the intricacies of such datasets.

Table 5. Clustering approaches.

Reference | Year | Data Source Techniques Merits Demerits
[39] 1997  [Multispectral [Unsupervised clustering with Showed close Restricted to early
MR images knowledge-based techniques correspondence with ground | datasets: scalability to
(T1- weighted, truth and enabled tumour | modern large datasets not
IPD, T2- volume tracking demonstrated.
weighted) over time.
[40] 2015  Multispectral MR [Hybrid clustering Provide effective tumour Quantitative evaluation not
limages (BraTS)  |technique segmentation by combining fully detailed; possible
clustering strategies. dependency on initialization
parameters.
[41] 2013  MRI brain State-of-the-art Delivered a comprehensive No  experimental
ltumour survey overview of clustering-based validation; findings limited
segmentation segmentation approaches. to qualitative insights.
[42] 2016  Brain MR Rough set based intuitionistic Demonstrated accurate High computational
Images fuzzy clustering segmentation through fuzzy complexity and sensitivity to
clustering integration. noise not addressed.
[43] 2018  [Brain MRI Segmentation and Validated the applicability | Lack of benchmarking against
clustering of clustering techniques in MRI| advanced deep learning
segmentation. methods.
[44] 2022 [Resting state AECA-MF (ambiguous entropy | Captures complex Needs validation on larger
fMRI data clustering multifactor) Multifactor relationships in datasets; sensitivity to noise
fMRI signals
[45] 2023 BraTS 2018 Comparative study of Offered broad analysis of General comparative study
dataset segmentation methods clustering -based segmentation | without specific experimental
approaches. out comes; effectiveness
difficult to assess.
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Table 6. Fuzzy logic approaches.
Reference | Year Data Source Techniques Merits Demerits
[47] 1999  [Multispectral Fuzzy clustering  with domain Effectively detected non Limited performance range;
MR images (T1, lknowledge enhancing tumours and segmentation consistency
T2, PD) provided tumour issues across datasets.
correspondence across
volumes.
[48] 2005  [Non-contrasted |Fuzzy-c-means Successfully localized Focused only on midline
T1/T2-weighted |[clustering + region growing midline tumours with high tumours; generalizability to
IMR images accuracy. all tumour types not
established.
[49] 2018  [BraTS Type-II fuzzy logic Provided robust tumour Computationally intensive;
dati+ ANFIS classification and effective requires large training data for
laset grade recognition. ANFIS.
[50] 2020 Simulated Fuzzy Bayesian segmentation Demonstrated strong Evaluation limited to
BraTS database [with denoising segmentation capability and simulated data; clinical
noise resilience. robustness not validated.
[51] 2020 [MRI images of|Fuzzy information gain + K- Recognizes changes in MRI Performance dependent on
Parkinson’s means clustering regions, good segmentation parameter tuning, limited to
dis- ease Parkinson’s MRI data
[52] 2021 MRI Type-2neutrosophic entropy Showed  superior Complex entropy fusion
data [fusion thresholding segmentation quality model; may be
sets compared to traditional fuzzy | computationally demanding for
(Set L, 11, III) approaches. large datasets.
[44] 2022 [fMRItime series |Neutrosophic- Captured  activation Needs validation on larger
data entropy clustering differences between task/rest | diverse datasets
states
[53] 2024 MR images for|Fuzzy entropy-based Automatedsegmentation of Focused mainly on
multiple sclero- [segmentation algorithm white matter lesions with MS; applicability to broader
sis detection improved robustness for MS | brain tumour segmentation not
detection. addressed.

2.2. Sementation Approaches

Brain tumour analysis is heavily dependent on segmentation, which disaggregates the tumour into smaller
components and makes it easier [21]. This process allows medical professionals to have a better understanding
of the dimensions, structure, and location of the tumour. Although manual segmentation is possible, it is often
labour-intensive and prone to errors due to the complexity of brain scans [54]. However, manual segmentation
is both time-consuming and challenging due to the complexity of brain images and imaging artefacts that can
compromise data quality. To address these issues, a variety of automated brain tumour segmentation
methodologies have been developed, providing radiologists with advanced tools to improve both accuracy and
efficiency Table 7. In contrast, automated segmentation employs computer algorithms to segment the tumour,
delivering a remarkably swift, precision-driven, and highly efficient solution that minimises time expenditure
while maximising accuracy. Among the numerous medical image segmentation methods, U-Net and the fully
convolutional network (FCN) are the most prevalent and effective deep learning techniques. They excel in
analysing complex imaging data with high efficiency and accuracy.

2.3. Deep Learning Approaches

Imagine having a super-smart computer that can look at brain scans and identify brain tumours. This is
what deep learning is all about. It is a type of artificial intelligence that leverages sophisticated algorithms to
analyse images and generate predictions. This model is trained on a large dataset of brain scan images and
learns to recognise the unique characteristics of brain tumours, such as CNN-based [59], U-Net [60], U-Net
variants [61], advanced loss functions [62], to detect and segment brain tumours effectively [16]. These models
are trained in large datasets of brain tumour images and learn to recognise the unique characteristics of brain
tumours, including their morphology, texture, and intensity distribution. As demonstrated in Table 8, deep
learning-based segmentation offers improved accuracy and operational efficiency compared to traditional
manual segmentation methods, making it a valuable tool for radiologists in the diagnosis and treatment of brain
tumours.
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Table 7. Segmentation approaches.

223

Reference | Year | Data Source Techniques Merits Demerits

[55] 2013  Multichannel Spatial accuracy- Improved segmen tation Performance may degrade
MR images weighted HMRF robustness for low resolution | for high resolution or noisy

images. data.

[56] 2015  Multichannel Bayesian model Provided faster processing May be sensitive to
IMRI classification compared to contemporary parameter priors; scalability

approaches. to large datasets not fully
tested.

[57] 2015 |Brain MRI Improved edge detection Enhanced tumor boundary Sensitive to noise and
images algorithm detection using refined edge intensity variations in MRI

detection techniques. images.

[58] 2022 [ BRATS 2018 and|Cascade multiscale Improved segmentation Complex network; higher
private MRI residual attention CNN with accuracy using residual computational cost and
dataset adaptive ROI attention modules and adaptive| longer training time.

ROl selection.

[59] 2023  [BRATS and Deep hybrid representation Achieves high segmentation Computationally
private MRI learning (combining CNN and accuracy and better tumor intensive; requires careful
datasets feature fusion) boundary delineation. parameter tuning.

Table 8. Deep learning approaches.

Reference | Year Data Source Techniques Merits Demerits

[11] 2017 | BraTS AResU-Net Improved local feature Sensitive to hyper
2017/2018 extraction with attention and parameter tuning.
datasets residuals.

[12] 2018 | BraTs dataset | U-Net + VGG16 Strong segmentation High memory usage
2018 capability for different tumour| due to VGG backbone.

regions.

[63] 2019 | 3Dscans MRI | 3D CNN with Euclidean Accurate  tumour Limited testing on

similarity segmentation with volumetric | small datasets.
estimation.

[64] 2019 | BraTs dataset | FCNN with DMDF Fast segmentation with May struggle with irregular|

competitive accuracy. tumour boundaries.

[65] 2019 | - Review of CNN + Highlights predictive Mostly theoretical; lacks

radiomics biomarkers for survival and | direct segmentation
therapy response. results.

[14] 2018 | BraTS BU-Net residual nections Improved segmentation of | Complex architecture;
2017/2018 tumour subregions. training instability possible.
datasets

[66] 2019 | - DNN:ss for segmentation/ Provides detailed overview Review only; no novel

classification of techniques and datasets. method or quantitative
validation.

[67] 2020 3064 public Multiscale deep CNN Effective classification using May not scale wellto 3D
slices multiscale representation. volumetric data.

[68] 2020 Multisequence | GoogLeNet-based Effective for multi-sequence Limited validation on
MRI CNN MRI-based segmentation. clinical multi centre

datasets.

[69] 2020 BraTS dataset | Hybrid U-Net, Seg- Enhanced accuracy through Increased architectural

Net, ResNet hybrid design. complexity.

[70] 2020 TCIA and 2D Mask R-CNN + Effective integration of 2D Requires both 2D and 3D
BraTS datasets | 3DConvNet and 3D models. models; computationally

heavy.

2.4. Classification

Classification involves the meticulous organization of data into distinct groups, meticulously based on
shared attributes, with a potent classifier tasked with expertly determining the precise group for each individual
data point. When it comes to the intricate analysis of medical images, particularly for the detection and analysis
of brain tumours, cutting-edge technologies such as machine learning and deep learning come into play.
Machine learning, while robust, relies on predefined features and structured data, whereas deep learning
transcends these limitations by autonomously extracting essential and significant features from raw data,
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establishing itself as an unquestionably more powerful, efficient, and seamless method, propelling the realm
of medical imaging into a new era Table 9.

Table 9. Classification approaches.

Reference | Year Data Source Techniques Merits Demerits
[71] 2017 | BRATS 2016 Extremely randomized trees Proposed a novel CNN The evaluation dataset size
architecture enabling faster was relatively small.
and more efficient brain tumor
segmentation.

[72] 2020 |Figshare brain Convolutional Achieved high accuracy with Limited dataset diversity

IMRI dataset Neural Network (CNN) for an end-to-end CNN model may affect model
tumor classification without manual feature generalization to unseen data.
extraction.

(73] 2020 [Brain MRI Hybrid image Improved feature visibility and| High computational
dataset enhancement with CNN- classification accuracy cost due to hybrid
(collected and based classification through enhanced ~ image processing and deep
Ipreprocessed) preprocessing. learning stages.

[74] 2021 [BRATS 2018 and| Ensemble of deep CNN Achieved higher classification | Ensemble architecture
private MRI features with traditional ML accuracy by combining increases model complexity
dataset classifiers (SVM, RF, k-NN) multiple deep feature and inference time.

extractors and classical
classifiers.

[75] 2021 [Brain MRI Transfer learning—based active| Reduced annotation cost and Performance depends on
dataset learning framework improved classification the selection strategy and
(collected and performance by integrating pretrained model choice.
lannotated) active learning with transfer

learning.

[21] 2021 ([Various public Comprehensive survey of Provides an extensive Does not propose a
IMRI datasets brain tumor overview of state-of-the-art | new model; mainly
(e.g., BRATS, segmentationand methods and challenges in descriptive without
TCGA) classification algorithms brain tumor analysis. experimental validation.

[76] 2022 |Brain MRI Transfer deep- Achieved robust performance | Computationally expensive
dataset learning model with isolated through customized transfer and sensitive to
(collected and and developed layers learning and optimized feature | hyperparameter tuning.
laugmented) extraction.

(77] 2022 [Basal Transfer learning using Enhanced classification Model generalization
iganglia MRI pretrained CNN models performance on limited may be limited due to

datase medical datasets through domain-specific variations
it (gliomas and knowledge transfer from large-| in MRI data.
lgerminomas) scale models.

(78] 2023 |Brain MRI Hybrid optimization algorithm | Improved segmentation Computationally
datasets (BRATS| combined with deep learning accuracy and tumor intensive; requires careful
land private for segmentation and classification by integrating tuning of hybrid
datasets) classification optimization with deep optimization parameters.

learing.

3. DATA COLLECTION AND DATA PRE-PROCESSING FOR BRAIN MR IMAGE

Healthcare professionals have identified biomedical image processing as a fundamental and changing
discipline in biomedical practice. Medical professionals use various imaging technologies, such as magnetic
resonance imaging (MRI), X-rays, and computed tomography (CT) scans [79]-[81], to detect subtle structural
changes in the patient's anatomy. Medical imaging extracts diagnostic precision from visual data sets through
an error-reduction strategy. Healthcare providers often opt for magnetic resonance imaging as their initial
imaging modality due to its ability to provide a thorough anatomical assessment. It uses a noninvasive method
that eliminates the need for radiation exposure. Medical professionals use computational tools to analyse
magnetic resonance images by applying pre-processing before segmentation to identify tumour areas in the
image stream [82][83]. This process proceeds through optimisation and feature extraction to locate important
clinical data patterns. A review study analysed previous research to provide a complete guide on brain tumour
detection by magnetic resonance imaging, its methodological progress, and its major research developments

[84]-[86].
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This study selected magnetic resonance imaging as the primary method of identifying, evaluating, and

monitoring brain tumours. Magnetic resonance imaging is considered the gold standard in brain imaging
because it can produce high-resolution images of soft tissues without using ionising radiation. This is
particularly crucial in the brain, where accurate imaging of tumours, surrounding edema, bleeding, and
understanding typical anatomical structures are crucial for diagnosis, developing treatment plans, and assessing
prognosis. Compared to other imaging techniques Table 3. Magnetic resonance imaging is the gold standard
for brain tumour detection, as it provides excellent soft-tissue detail without radiation. CT scans are fast and
widely available but have lower soft tissue contrast. PET scans detect active tumours and recurrence but have
low spatial resolution.
Deep neural networks have seen notable improvements in their generalisation capabilities due to data
augmentation, which acts as an inherent form of regularisation. This approach becomes crucial when access to
large, accurate datasets is limited, while creating new labelled data demands significant time and effort. This
issue is prevalent in medical imaging applications, particularly in magnetic resonance imaging, which is
essential for accurately delineating tumour boundaries. This research examines novel data augmentation
techniques [87] that target brain tumour segmentation from MRI scans [88].

3.1. Public Datasets

Publicly accessible MRI datasets, such as the ICancer imaging Archive (TCIA), BraTS, and RSNA, play
an essential role in brain tumour detection research Table 10. These collections provide a variety of magnetic
resonance sequences and labels, helping to create and validate algorithms. Publicly available data sets are
fundamental to evaluate and contrasting the efficacy of novel approaches in brain tumour detection studies.
Some of the most popular and demanding datasets include:

Table 10. An overview of frequently used MRI databases for brain tumors
Datasets Description
TCIA Dataset ® Provides a variety of MRI datasets specifically for brain
tumor studies
® Contains T1-weighted, T2-weighted, and FLAIR scan
sequences

® Ideal for overall tumor examination and segmentation
MICCAI Dataset ® Provides datasets of multimodal MRI scans

® Contains T1, T2, FLAIR, and post-contrast T 1-weighted
images

* Commonly utilized in segmentation benchmarking contests

RSNA Dataset ® Created to facilitate research on brain tumors in children
* Comprises annotated MRI images of diverse tumor types in
the pediatric population

* Aids in creating age-specific diagnostic frameworks

The Brain Tumour Segmentation dataset, initiated in 2012, is the largest collection of multisequence brain
MRI images for tumour segmentation, featuring T1, T1 contrast, T2, and FLAIR images of gliomas and
meningiomas from diverse sources. Annual updates present new challenges; the 2023 edition addresses treatment
disparities in childhood brain tumours and sub-Saharan African gliomas. This dataset is vital for brain tumour
image analysis [32]. BRATS datasets from MICCALI conferences (2012-2024) [32] with various imaging modes
[84] are crucial for tumour analysis. The 2018 MICCAI Challenge highlighted the significance of data
augmentation in supervised learning.

Future research aims to improve the synthesis of synthetic tumour data for deep learning adaptation. Brain
tumours are typically detected with MRI or CT. Pre-processing methods like noise reduction, normalization, and
data augmentation [17] including rotation and flipping—enhance data quality and model robustness [89]. MRI
enhancements include affine transformations, elastic deformations, pixel adjustments, and GAN-based synthetic
data, all of which boost model performance in clinical settings. The Summary of data-augmentation techniques can
be seen in Table 11.
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Table 11. Summary of data-augmentation techniques.

Section Details

Key Techniques Affine Transformation

® Basic geometric changes (flip, rotate, scale)
* Example: Flipping MRI left-to-right

® Pros: Easy

® Cons: Unrealistic if overdone

Elastic Deformations:
® Stretching/bending images
® Example: Tumor growth simulation
® Pros: Realistic shapes

® Cons: Risk of unnatural artifacts

Pixel Adjustments:

® Alter brightness/contrast
® Example: Adjust MRI intensity
® Pros: Mimics scanner variance

® Cons: No shape changes
Synthetic Data (GANs):

® Al-generated fake MRIs
® Example: GAN-generated tumors

® Pros: Generates rare examples

® Cons: Requires expertise

4. PERFORMANCE MEASURES

To ascertain the efficacy of software designed to detect brain tumours on medical images, it is imperative
to perform a thorough evaluation of its performance. In Figure 9, the performance metrics used to evaluate the
classification models are presented. Comprehending evaluation metrics is essential for reliable and effective
real-world applications and diagnostic advances. Herein, we examine pivotal metrics that influence the
progression of brain tumour detection software. In Table 12, we provide a summary of the confusion matrix, a
tabular representation that juxtaposes the actual results with the predictions of a classification model,
illustrating the model's performance and helping to understand its effectiveness. This notation is selected to
maintain consistency with the standard mathematical notation and to prevent confusion with other variables.
The use of Greek letters (a, B, v, ) is a common practice in mathematics and statistics to signify variables or
constants. A detailed breakdown of the various metrics used in the classification process is provided. The alpha
(a) metric denotes true positives (TP), representing the number of cases of tumour that have been accurately
identified. Similarly, the beta (B) metric refers to true negatives (TN), illustrating the correct classification of
non-tumour cases. Conversely, the gamma (y) metric indicates false positives (FP), which represent cases
erroneously identified as tumours. Finally, the delta (§) metric corresponds to false negatives (FN), representing
tumour cases that have been incorrectly classified as non-tumour.

+ye -ye
tve| a |y
ve | (8 | B

Figure 9. Confusion Matrix.

5. CONCLUSION

Accurate recognition and thorough evaluation of brain tumours are crucial for the precise assessment and
strategic planning of effective treatment regimens. Recent breakthroughs in machine learning and deep learning
have dramatically elevated tumour identification precision, enabled automatic processing of raw and complex
imaging data while significantly reduced the need for labour-intensive manual intervention. Techniques such
as advanced thresholding and sophisticated region-based approaches have significantly improved tumour
boundary determination, thereby considerably enhancing diagnostic accuracy. However, while these strides
are transformative, there is a pressing need for further research into automated segmentation techniques to
effectively address persistent challenges related to image quality, tumour appearance variability, and pervasive



Ajay et al. /VUBETA Vol 3 No 2 (2026) pp. 214~232 227

imaging artefacts. There are some other approaches discussed in [90]-[97] that can be applied in the analysis
of brain tumours using MRI.

Table 12. Performance measure parameters and their statistical significance.

Parameter Formula Statistical Significance

Accuracy a+pB+y+6 A higher accuracy indicates the model’s overall correctness. However, it may be
misleading for imbalanced datasets.

Precision a+6 Higher precision indicates fewer false positives, which is useful when false alarms are
costly

Sensitivity a+y A higher recall indicates fewer false negatives, useful when missing actual positives is
critical

Specificity B+6 A higher specificity shows the model’s ability to correctly identify negatives and avoid
false alarms

F1 Score 2 X Precision X Recall A higher F1 score balances precision and recall, especially useful in imbalanced datasets.

Precision + Recall

o rate a+6 The proportion of actual tumors that were correctly identified. A value closer to 1.0 is
better, as it indicates a high sensitivity to tumors.

p rate B+y The proportion of healthy brain images that were correctly identified as such. A value
closer to 1.0 is better, as it indicates the model is not prone to false alarms.

y rate y+B The proportion of healthy brain images incorrectly identified as tumors. The closer to
0.0, the better, as this reduces unnecessary patient stress and follow-up procedures.

0 rate S+a The proportion of actual tumors that were missed by the model. The closer to 0.0, the
better, as this is critical for ensuring no tumors are overlooked.

Dice Score 2a+y+48 The Dice coefficient (equivalent to the F1-score in binary classification).

Jaccard a+y+46 The Jaccard Index (IoU) measures the overlap between predicted and true masks. A

Similarity value closer to 1.0 indicates stronger agreement.

Hausdorff HD95 = 95th percentile | Measures the maximum boundary error (95th percentile) between predicted and true

Distance {d(BPred, Btrue)} segmentation contours. A lower HD95 indicates better spatial alignment and robustness

(HD95) against outliers.

REFERENCES

[1] D. Rastogi, P. Johri, M. Donelli, S. Kadry, A. Khan, G. Espa et al., “Deep Learning-integrated MRI Brain Tumor
Analysis: Feature Extraction, Segmentation, and Survival Prediction using Replicator and Volumetric
Networks,” Scientific Reports, vol. 15, no. 1, 2025. https://doi.org/10.1038/s41598-024-84386-0.

[2]1  A. Delaidelli and A. Moiraghi, “Recent Advances in the Diagnosis and Treatment of Brain Tumors,” Brain
Sciences, vol. 14, no. 3, pp. 224, 2024. https://doi.org/10.3390/brainsci14030224.

[3] R. Sundarasekar and A. Ahilan, “Automatic Brain Tumor Detection and Classification Based on IoT and
Machine Learning Techniques,” Fluctuation and Noise Letters, vol. 21, mno. 03, 2022.
https://doi.org/10.1142/s0219477522500304.

[4] F. Ullah, M. Nadeem, M. Abrar, M. Al-Razgan, T. Alfakih, F. Amin et al., “Brain Tumor Segmentation from
MRI Images Using Handcrafted Convolutional Neural Network,” Diagnostics, vol. 13, no. 16, pp. 2650, 2023.
https://doi.org/10.3390/diagnostics13162650.

[S1  A.Berkley, C. Saueressig, U. Shukla, I. Chowdhury, A. Munoz-Gauna, O. Shehu et al., “Clinical Capability of
Modern Brain Tumor Segmentation Models,” Medical Physics, vol. 50, no. 8, pp. 4943-4959, 2023.
https://doi.org/10.1002/mp.16321.

[6] F.Dorfner,J. Patel, J. Kalpathy-Cramer, E. Gerstner, & C. Bridge, “A Review of Deep Learning for Brain Tumor
Analysis in MRL,” NPJ Precision Oncology, vol. 9, no. 1, 2025. https://doi.org/10.1038/s41698-024-00789-2.

[71  A. Abdusalomov, M. Mukhiddinov, & T. Whangbo, “Brain Tumor Detection Based on Deep Learning
Approaches and Magnetic Resonance Imaging,” Cancers, vol. 15, no. 16, pp. 4172, 2023.
https://doi.org/10.3390/cancers15164172.

[8] R. Kaifi, “A Review of Recent Advances in Brain Tumor Diagnosis Based on Al-Based Classification,”
Diagnostics, vol. 13, no. 18, pp. 3007, 2023. https://doi.org/10.3390/diagnostics13183007.

[9] J. Amin, M. Sharif, A. Haldorai, M. Yasmin, & R. Nayak, “Brain Tumor Detection and Classification using
Machine Learning: A Comprehensive Survey,” Complex & Intelligent Systems, vol. 8, no. 4, pp. 3161-3183,
2021. https://doi.org/10.1007/s40747-021-00563-y.

[10] R. Agravat and M. Raval, “A Survey and Analysis on Automated Glioma Brain Tumor Segmentation and Overall
Patient Survival Prediction,” Archives of Computational Methods in Engineering, vol. 28, no. 5, pp. 4117-4152,
2021. https://doi.org/10.1007/s11831-021-09559-w.

[11] J.Zhang, X. Lv, H. Zhang, & B. Liu, “AResU-Net: Attention Residual U-Net for Brain Tumor Segmentation,”
Symmetry, vol. 12, no. 5, pp. 721, 2020. https://doi.org/10.3390/sym12050721.


https://doi.org/10.1038/s41598-024-84386-0
https://doi.org/10.3390/brainsci14030224
https://doi.org/10.1142/s0219477522500304
https://doi.org/10.3390/diagnostics13162650
https://doi.org/10.1002/mp.16321
https://doi.org/10.1038/s41698-024-00789-2
https://doi.org/10.3390/cancers15164172
https://doi.org/10.3390/diagnostics13183007
https://doi.org/10.1007/s40747-021-00563-y
https://doi.org/10.1007/s11831-021-09559-w
https://doi.org/10.3390/sym12050721

228

[12]

[26]

(27]

(32]

[33]

[34]

Ajay et al. 'VUBETA Vol 3 No 2 (2026) pp. 214~232

B. Srinivas and G. Rao, “Segmentation of Multi-Modal MRI Brain Tumor Sub-Regions Using Deep Learning,”
Journal of Electrical Engineering and Technology, vol. 15, no. 4, pp. 1899-1909, 2020.
https://doi.org/10.1007/s42835-020-00448-z.

N. Farajzadeh, N. Sadeghzadeh, & M. Hashemzadeh, “Brain Tumor Segmentation and Classification on MRI
via Deep Hybrid Representation Learning,” Expert Systems with Applications, vol. 224, pp. 119963, 2023.
https://doi.org/10.1016/j.eswa.2023.119963.

M. Rehman, S. Cho, J. Kim, & K. Chong, “BU-Net: Brain Tumor Segmentation using Modified U-Net
Architecture,” Electronics, vol. 9, no. 12, pp. 2203, 2020. https://doi.org/10.3390/electronics9122203.

A. Esteva, A. Robicquet, B. Ramsundar, V. Kuleshov, M. DePristo, K. Chou et al., “A Guide to Deep Learning
in Healthcare,” Nature Medicine, vol. 25, no. 1, pp. 24-29, 2019. https://doi.org/10.1038/s41591-018-0316-z.
T. Berghout, “The Neural Frontier of Future Medical Imaging: A Review of Deep Learning for Brain Tumor
Detection,” Journal of Imaging, vol. 11, no. 1, pp. 2, 2024. https://doi.org/10.3390/jimaging11010002.

A. Batool and Y. Byun, “Brain Tumor Detection with Integrating Traditional and Computational Intelligence
Approaches Across Diverse Imaging Modalities - Challenges and Future Directions,” Computers in Biology and
Medicine, vol. 175, pp. 108412, 2024. https://doi.org/10.1016/j.compbiomed.2024.108412.

S. Saxena, N. Kumari, & S. Pattnaik, “Brain Tumour Segmentation in FLAIR MRI using Sliding Window
Texture Feature Extraction Followed by Fuzzy C-Means Clustering,” International Journal of Healthcare
Information Systems and Informatics, vol. 16, no. 3, pp. 1-20, 2021. https://doi.org/10.4018/ijhisi.20210701.0al.
M. Ghaffari, A. Sowmya, & R. Oliver, “Automated Brain Tumor Segmentation Using Multimodal Brain Scans:
A Survey Based on Models Submitted to the BraTS 2012-2018 Challenges,” IEEE Reviews in Biomedical
Engineering, vol. 13, pp. 156-168, 2020. https://doi.org/10.1109/rbme.2019.2946868.

Z. Akkus, A. Galimzianova, A. Hoogi, D. Rubin, & B. Erickson, “Deep Learning for Brain MRI Segmentation:
State of the Art and Future Directions,” Journal of Digital Imaging, vol. 30, no. 4, pp. 449-459, 2017.
https://doi.org/10.1007/s10278-017-9983-4.

E. Biratu, F. Schwenker, Y. Ayano, & T. Debelee, “A Survey of Brain Tumor Segmentation and Classification
Algorithms,” Journal of Imaging, vol. 7, no. 9, pp. 179, 2021. https://doi.org/10.3390/jimaging7090179.

P. Chahal, S. Pandey, & S. Goel, “A Survey on Brain Tumor Detection Techniques for MR Images,” Multimedia
Tools and Applications, vol. 79, no. 29-30, pp. 21771-21814, 2020. https://doi.org/10.1007/s11042-020-08898-
3.

T.Magadza and S. Viriri, “Deep Learning for Brain Tumor Segmentation: A Survey of State-of-the-Art,” Journal
of Imaging, vol. 7, no. 2, pp. 19, 2021. https://doi.org/10.3390/jimaging7020019.

G. Litjens, T. Kooi, B. Bejnordi, A. Setio, F. Ciompi, M. Ghafoorian et al., “A Survey on Deep Learning in
Medical Image  Analysis,” Medical Image  Analysis, vol. 42, pp. 60-88, 2017.
https://doi.org/10.1016/j.media.2017.07.005.

M. Ghazvini, V. Dehlaghi, A. Papi, & M. Mansoory, “Diagnosis and Classification of Brain Tumors from MRI
Images Using the SVM Algorithm,” Journal of Clinical Research in Paramedical Sciences, vol. 13, no. 1,2024.
https://doi.org/10.5812/jcrps-148703.

D. Louis, A. Perry, P. Wesseling, D. Brat, I. Cree, D. Figarella-Branger et al., “The 2021 WHO Classification of
Tumors of the Central Nervous System: A Summary” Neuro-Oncology, vol. 23, no. 8, pp. 1231-1251, 2021.
https://doi.org/10.1093/neuonc/noab106.

E. Zacharaki, S. Wang, S. Chawla, D. Yoo, R. Wolf, E. Melhem et al., “Classification of Brain Tumor Type and
Grade using MRI Texture and Shape in a Machine Learning Scheme,” Magnetic Resonance in Medicine, vol.
62, no. 6, pp. 1609-1618, 2009. https://doi.org/10.1002/mrm.22147.

R. Huo, Y. Liu, H. Xu, J. Li, R. Xin, Z. Xing et al., “Associations Between Carotid Atherosclerotic Plaque
Characteristics Determined by Magnetic Resonance Imaging and Improvement of Cognition in Patients
Undergoing Carotid Endarterectomy,” Quantitative Imaging in Medicine and Surgery, vol. 12, no. 5, pp. 2891-
2903, 2022. https://doi.org/10.21037/qims-21-981.

M. Bani-Ahmad, A. England, L. McLaughlin, M. Alshipli, K. Alzyoud, Y. Hadi et al., “Al-Driven Assessment
of Over-Scanning in Chest CT: A Systematic Review and Meta-Analysis,” European Journal of Radiology Open,
vol. 15, pp. 100674, 2025. https://doi.org/10.1016/].€jr0.2025.100674.

M. Chin, M. Ullah, D. Innes, & C. Levin, “Ultra-High Spatial Resolution Clinical Positron Emission Tomography
(PET) Systems,” Applied Sciences, vol. 15, no. 9, pp. 5207, 2025. https://doi.org/10.3390/app15095207.

A. Norman, M. Ingram, R. Skillen, D. Freshwater, K. Iwamoto, & T. Solberg, “X-ray Phototherapy for Canine
Brain  Masses,” Radiation  Oncology  Investigations, vol. 5, mno. 1, pp. 8-14, 1997.
https://doi.org/10.1002/(sici)1520-6823(1997)5:13.0.c0;2-1.

C. Aumente-Maestro, D. Rodriguez, D. Martinez-Rego, & B. Remeseiro, “BTS U-Net: A Data-driven Approach
to Brain Tumor Segmentation through Deep Learning,” Biomedical Signal Processing and Control, vol. 104, pp.
107490, 2025. https://doi.org/10.1016/j.bspc.2025.107490.

M. Mahmud, M. Mamun, & A. Abdelgawad, “A Deep Analysis of Brain Tumor Detection from MR Images
Using Deep Learning Networks,” Algorithms, vol. 16, no. 4, pp. 176, 2023. https://doi.org/10.3390/a16040176.
S. Mathivanan, S. Sonaimuthu, S. Murugesan, H. Rajadurai, B. Shivahare, & M. Shah, “Employing Deep
Learning and Transfer Learning for Accurate Brain Tumor Detection,” Scientific Reports, vol. 14, no. 1, 2024.
https://doi.org/10.1038/s41598-024-57970-7.


https://doi.org/10.1007/s42835-020-00448-z
https://doi.org/10.1016/j.eswa.2023.119963
https://doi.org/10.3390/electronics9122203
https://doi.org/10.1038/s41591-018-0316-z
https://doi.org/10.3390/jimaging11010002
https://doi.org/10.1016/j.compbiomed.2024.108412
https://doi.org/10.4018/ijhisi.20210701.oa1
https://doi.org/10.1109/rbme.2019.2946868
https://doi.org/10.1007/s10278-017-9983-4
https://doi.org/10.3390/jimaging7090179
https://doi.org/10.1007/s11042-020-08898-3
https://doi.org/10.1007/s11042-020-08898-3
https://doi.org/10.3390/jimaging7020019
https://doi.org/10.1016/j.media.2017.07.005
https://doi.org/10.5812/jcrps-148703
https://doi.org/10.1093/neuonc/noab106
https://doi.org/10.1002/mrm.22147
https://doi.org/10.21037/qims-21-981
https://doi.org/10.1016/j.ejro.2025.100674
https://doi.org/10.3390/app15095207
https://doi.org/10.1002/(sici)1520-6823(1997)5:13.0.co;2-1
https://doi.org/10.1016/j.bspc.2025.107490
https://doi.org/10.3390/a16040176
https://doi.org/10.1038/s41598-024-57970-7

[43]

[44]

[45]

[46]

[51]

[52]

Ajay et al. /VUBETA Vol 3 No 2 (2026) pp. 214~232 229

N. Nawabi, B. Saway, R. Jha, M. Pereira, N. Mehta, A. Das et al., “Current Trends in the Allocation of National
Institute of Health Funding of Brain Tumor Research,” Neuro-Oncology Advances, vol. 7, no. 1, 2024.
https://doi.org/10.1093/noajnl/vdae203.

A. Miranda-Filho, A. Znaor, C. Sunguc, M. Zahwe, R. Marcos-Gragera, J. Figueroa et al., “Cancers of the Brain
and Central Nervous System: Global Patterns and Trends in Incidence,” Journal of Neuro-Oncology, vol. 172,
no. 3, pp. 567-578, 2025. https://doi.org/10.1007/s11060-025-04944-y.

A. Dhiman and P. Mittal, “From Black Box Al to XAI in Neuro-Oncology: A Survey on MRI-based Tumor
Detection,” Discover Artificial Intelligence, vol. 5, no. 1, 2025. https://doi.org/10.1007/s44163-025-00247-3.
M. Christ and R. Parvathi, “Fuzzy C-Means Algorithm for Medical Image Segmentation,” 2011 3rd International
Conference on Electronics Computer Technology, pp. 33-36, 2011.
https://doi.org/10.1109/icectech.2011.5941851.

M. Clark, L. Hall, D. Goldgof, R. Velthuizen, F. Murtagh, & M. Silbiger, “Automatic Tumor Segmentation using
Knowledge-based Techniques,” IEEE Transactions on Medical Imaging, vol. 17, no. 2, pp. 187-201, 1998.
https://doi.org/10.1109/42.700731.

E. AbdelMaksoud, M. Elmogy, & R. Al-Awadi, “Brain Tumor Segmentation based on a Hybrid Clustering
Technique,”  Egyptian  Informatics ~ Journal,  vol. 16,  no. 1,  pp. 71-81,  2015.
https://doi.org/10.1016/j.€ij.2015.01.003.

N. Gordillo, E. Montseny, & P. Sobrevilla, “State of the Art Survey on MRI Brain Tumor Segmentation,”
Magnetic Resonance Imaging, vol. 31, no. 8, pp. 1426-1438, 2013. https://doi.org/10.1016/j.mri.2013.05.002.
Y. Dubey, M. Mushrif, & K. Mitra, “Segmentation of Brain MR Images using Rough Set Based Intuitionistic
Fuzzy Clustering,” Journal of Applied Biomedicine, vol. 36, no. 2, pp. 413-426, 2016.
https://doi.org/10.1016/j.bbe.2016.01.001.

G. Mirzaei and H. Adeli, “Segmentation and Clustering in Brain MRI Imaging,” Reviews in the Neurosciences,
vol. 30, no. 1, pp. 31-44, 2018. https://doi.org/10.1515/revneuro-2018-0050.

P. Singh, M. Watorek, A. Ceglarek, M. Fafrowicz, K. Lewandowska, T. Marek et al., “Analysis of fMRI Signals
from Working Memory Tasks and Resting-State of Brain: Neutrosophic-Entropy-Based Clustering Algorithm,”
International Journal of Neural Systems, vol. 32, no. 04, 2022. https://doi.org/10.1142/s0129065722500125.

A. Kumar, “Study and Analysis of Different Segmentation Methods for Brain Tumor MRI Application,”
Multimedia Tools and Applications, vol. 82, no. 5, pp. 7117-7139, 2022. https://doi.org/10.1007/s11042-022-
13636-y.

P. Singh, B. Saini, & Y. Huang, “AECA: An Ambiguous-Entropy Clustering Algorithm for the Analysis of
Resting-State fMRISs of Human Brain and Their Functional Connections,” Modern Physics Letters B, vol. 39,
no. 18, 2024. https://doi.org/10.1142/5021798492550023x.

L. Fletcher-Heath, L. Hall, D. Goldgof, & F. Murtagh, “Automatic Segmentation of Non-Enhancing Brain
Tumors in Magnetic Resonance Images,” Artificial Intelligence in Medicine, vol. 21, no. 1-3, pp. 43-63, 2001.
https://doi.org/10.1016/s0933-3657(00)00073-7.

T. Hsieh, Y. Liu, C. Liao, F. Xiao, I. Chiang, & J. Wong, “Automatic Segmentation of Meningioma from Non-
Contrasted Brain MRI Integrating Fuzzy Clustering and Region Growing,” BMC Medical Informatics and
Decision Making, vol. 11, no. 1, 2011. https://doi.org/10.1186/1472-6947-11-54.

S. Chatterjee and A. Das, “A Novel Systematic Approach to Diagnose Brain Tumor using Integrated Type-II
Fuzzy Logic and ANFIS (Adaptive Neuro-Fuzzy Inference System) Model,” Soft Computing, vol. 24, no. 15, pp.
11731-11754, 2019. https://doi.org/10.1007/s00500-019-04635-7.

C. Narasimha and A. Rao, “An Effective Tumor Detection Approach using Denoised MRI based on Fuzzy
Bayesian Segmentation Approach,” International Journal of Speech Technology, vol. 24, no. 2, pp. 259-280,
2021. https://doi.org/10.1007/s10772-020-09782-z.

Y. Huang, P. Singh, & H. Kuo, “A Hybrid Fuzzy Clustering Approach for the Recognition and Visualization of
MRI Images of Parkinson’s Disease,” I[EEE Access, vol. 8, pp. 25041-25051, 2020.
https://doi.org/10.1109/access.2020.2969806.

P. Singh, “A Type-2 Neutrosophic-Entropy-Fusion based Multiple Thresholding Method for the Brain Tumor
Tissue Structures Segmentation,” Applied Soft Computing, vol. 103, pp. 107119, 2021.
https://doi.org/10.1016/j.as0c.2021.107119.

M. Muchahari, P. Singh, & S. Das, “Automated White Matter Lesions Segmentation of MRIs for Multiple
Sclerosis Detection Using Fuzzy-Entropy Algorithm,” International Journal of Fuzzy Systems, vol. 27, no. 6, pp.
1875-1886, 2024. https://doi.org/10.1007/s40815-024-01878-x.

S. Pereira, A. Pinto, V. Alves, & C. Silva, “Brain Tumor Segmentation Using Convolutional Neural Networks
in MRI Images,” [EEE Transactions on Medical Imaging, vol. 35, no. 5, pp. 1240-1251, 2016.
https://doi.org/10.1109/tmi.2016.2538465.

J. Nie, Z. Xue, T. Liu, G. Young, K. Setayesh, L. Guo et al., “Automated Brain Tumor Segmentation using
Spatial Accuracy-Weighted Hidden Markov Random Field,” Computerized Medical Imaging and Graphics, vol.
33, no. 6, pp. 431-441, 2009. https://doi.org/10.1016/j.compmedimag.2009.04.006.

J. Corso, E. Sharon, S. Dube, S. El-Saden, U. Sinha, & A. Yuille, “Efficient Multilevel Brain Tumor
Segmentation with Integrated Bayesian Model Classification,” IEEE Transactions on Medical Imaging, vol. 27,
no. 5, pp. 629-640, 2008. https://doi.org/10.1109/tmi.2007.912817.


https://doi.org/10.1093/noajnl/vdae203
https://doi.org/10.1007/s11060-025-04944-y
https://doi.org/10.1007/s44163-025-00247-3
https://doi.org/10.1109/icectech.2011.5941851
https://doi.org/10.1109/42.700731
https://doi.org/10.1016/j.eij.2015.01.003
https://doi.org/10.1016/j.mri.2013.05.002
https://doi.org/10.1016/j.bbe.2016.01.001
https://doi.org/10.1515/revneuro-2018-0050
https://doi.org/10.1142/s0129065722500125
https://doi.org/10.1007/s11042-022-13636-y
https://doi.org/10.1007/s11042-022-13636-y
https://doi.org/10.1142/s021798492550023x
https://doi.org/10.1016/s0933-3657(00)00073-7
https://doi.org/10.1186/1472-6947-11-54
https://doi.org/10.1007/s00500-019-04635-7
https://doi.org/10.1007/s10772-020-09782-z
https://doi.org/10.1109/access.2020.2969806
https://doi.org/10.1016/j.asoc.2021.107119
https://doi.org/10.1007/s40815-024-01878-x
https://doi.org/10.1109/tmi.2016.2538465
https://doi.org/10.1016/j.compmedimag.2009.04.006
https://doi.org/10.1109/tmi.2007.912817

230
[57]

[58]

[59]

Ajay et al. 'VUBETA Vol 3 No 2 (2026) pp. 214~232

A. Aslam, E. Khan, & M. Beg, “Improved Edge Detection Algorithm for Brain Tumor Segmentation,” Procedia
Computer Science, vol. 58, pp. 430-437, 2015. https://doi.org/10.1016/j.procs.2015.08.057.

Z. Ullah, M. Usman, M. Jeon, & J. Gwak, “Cascade Multiscale Residual Attention CNNs with Adaptive ROI for
Automatic Brain Tumor Segmentation,” Information Sciences, vol. 608, pp. 1541-1556, 2022.
https://doi.org/10.1016/j.ins.2022.07.044.

R. Jawad and R. Jawad, “Comparison Feed Forward Back Propagation Networks (FFBPNs) with Support Vector
Machine (SVM) for Diagnosis Skin Cancer Based on Images,” Vokasi Unesa Bulletin of Engineering Technology
and Applied Science, vol. 2, no. 2, pp. 127-135, 2025. https://doi.org/10.26740/vubeta.v2i2.36117.

O. Ronneberger, P. Fischer, & T. Brox, “U-Net: Convolutional Networks for Biomedical Image Segmentation,”
Lecture Notes in Computer Science, pp. 234-241, 2015. https://doi.org/10.1007/978-3-319-24574-4 28.

N. Siddique, S. Paheding, C. Elkin, & V. Devabhaktuni, “U-Net and Its Variants for Medical Image
Segmentation: A Review of Theory and Applications,” IEEE Access, vol. 9, pp. 82031-82057, 2021.
https://doi.org/10.1109/access.2021.3086020.

K. Xia, H. Yin, P. Qian, Y. Jiang, & S. Wang, “Liver Semantic Segmentation Algorithm Based on Improved
Deep Adversarial Networks in Combination of Weighted Loss Function on Abdominal CT Images,” [EEE
Access, vol. 7, pp. 96349-96358, 2019. https://doi.org/10.1109/access.2019.2929270.

G. Kumar and P. Sridevi, “Deep Learning Network with Euclidean Similarity Factor for Brain MR Tumor
Segmentation and Volume Estimation,” International Journal of Modeling Simulation and Scientific Computing,
vol. 10, no. 06, pp. 1950039, 2019. https://doi.org/10.1142/s1793962319500399.

W. Deng, Q. Shi, K. Luo, Y. Yang, & N. Ning, “Brain Tumor Segmentation Based on Improved Convolutional
Neural Network in Combination with Non-quantifiable Local Texture Feature,” Journal of Medical Systems, vol.
43, no. 6, 2019. https://doi.org/10.1007/s10916-019-1289-2.

A. Bhandari, J. Koppen, & M. Agzarian, “Convolutional Neural Networks for Brain Tumour Segmentation,”
Insights into Imaging, vol. 11, no. 1, 2020. https://doi.org/10.1186/s13244-020-00869-4.

S. Al-Galal, I. Alshaikhli, & M. Abdulrazzaq, “MRI Brain Tumor Medical Images Analysis using Deep Learning
Techniques: A Systematic Review,” Health and Technology, vol. 11, no. 2, pp. 267-282, 2021.
https://doi.org/10.1007/s12553-020-00514-6.

F. Pernas, M. Martinez-Zarzuela, M. Anton-Rodriguez, & D. Gonzalez-Ortega, “A Deep Learning Approach for
Brain Tumor Classification and Segmentation Using a Multiscale Convolutional Neural Network,” Healthcare,
vol. 9, no. 2, pp. 153, 2021. https://doi.org/10.3390/healthcare9020153.

E. Grovik, D. Yi, M. Iv, E. Tong, D. Rubin, & G. Zaharchuk, “Deep Learning Enables Automatic Detection and
Segmentation of Brain Metastases on Multisequence MRL,” Journal of Magnetic Resonance Imaging, vol. 51,
no. 1, pp. 175-182, 2019. https://doi.org/10.1002/jmri.26766.

D. Daimary, M. Bora, K. Amitab, & D. Kandar, “Brain Tumor Segmentation from MRI Images using Hybrid
Convolutional Neural Networks,” Procedia Computer Science, vol. 167, p. 2419-2428, 2020.
https://doi.org/10.1016/j.procs.2020.03.295.

Y. Zhuge, H. Ning, P. Mathen, J. Cheng, A. Krauze, K. Camphausen et al., “Automated Glioma Grading on
Conventional MRI Images using Deep Convolutional Neural Networks,” Medical Physics, vol. 47, no. 7, pp.
3044-3053, 2020. https://doi.org/10.1002/mp.14168.

M. Havaei, A. Davy, D. Warde-Farley, A. Biard, A. Courville, Y. Bengio et al., “Brain Tumor Segmentation
with  Deep Neural Networks,” Medical Image Analysis, vol. 35, pp. 18-31, 2017.
https://doi.org/10.1016/j.media.2016.05.004.

M. Atanasijevi¢ and M. Barjaktarovi¢, “Classification of Brain Tumors from MRI Images Using a Convolutional
Neural Network,” Applied Sciences, vol. 10, no. 6, pp. 1999, 2020. https://doi.org/10.3390/app10061999.

Z. Ullah, M. Farooq, S. Lee, & D. An, “A Hybrid Image Enhancement based Brain MRI Images Classification
Technique,” Medical Hypotheses, vol. 143, pp. 109922, 2020. https://doi.org/10.1016/j.mehy.2020.109922.

J. Kang, Z. Ullah, & J. Gwak, “MRI-Based Brain Tumor Classification Using Ensemble of Deep Features and
Machine Learning Classifiers,” Sensors, vol. 21, no. 6, pp. 2222, 2021. https://doi.org/10.3390/s21062222.

R. Hao, K. Namdar, L. Liu, & F. Khalvati, “A Transfer Learning—Based Active Learning Framework for Brain
Tumor Classification,” Frontiers in Artificial Intelligence, vol. 4, 2021.
https://doi.org/10.3389/frai.2021.635766.

M. Alanazi, M. Ali, S. Hussain, A. Zafar, M. Mohatram, M. Irfan et al., “Brain Tumor/Mass Classification
Framework Using Magnetic-Resonance-Imaging-Based Isolated and Developed Transfer Deep-Learning
Model,” Sensors, vol. 22, no. 1, pp. 372, 2022. https://doi.org/10.3390/s22010372.

N. Ye, Q. Yang, Z. Chen, C. Teng, P. Liu, X. Liu et al., “Classification of Gliomas and Germinomas of the Basal
Ganglia by Transfer Learning,” Frontiers in Oncology, vol. 12,2022. https://doi.org/10.3389/fonc.2022.844197.
S. Deepa, J. Janet, S. Sumathi, & J. Ananth, “Hybrid Optimization Algorithm Enabled Deep Learning Approach
Brain Tumor Segmentation and Classification Using MR1,” Journal of Digital Imaging, vol. 36, no. 3, pp. 847-
868, 2023. https://doi.org/10.1007/s10278-022-00752-2.

C. Sha, L. Li, F. Mitchell, F. Breuer, R. Park, & P. Lee, “A Rare Case of Primary Pulmonary Meningioma,”
Journal of Clinical Medicine, vol. 14, no. 8, pp. 2688, 2025. https://doi.org/10.3390/jcm14082688.


https://doi.org/10.1016/j.procs.2015.08.057
https://doi.org/10.1016/j.ins.2022.07.044
https://doi.org/10.26740/vubeta.v2i2.36117
https://doi.org/10.1007/978-3-319-24574-4_28
https://doi.org/10.1109/access.2021.3086020
https://doi.org/10.1109/access.2019.2929270
https://doi.org/10.1142/s1793962319500399
https://doi.org/10.1007/s10916-019-1289-2
https://doi.org/10.1186/s13244-020-00869-4
https://doi.org/10.1007/s12553-020-00514-6
https://doi.org/10.3390/healthcare9020153
https://doi.org/10.1002/jmri.26766
https://doi.org/10.1016/j.procs.2020.03.295
https://doi.org/10.1002/mp.14168
https://doi.org/10.1016/j.media.2016.05.004
https://doi.org/10.3390/app10061999
https://doi.org/10.1016/j.mehy.2020.109922
https://doi.org/10.3390/s21062222
https://doi.org/10.3389/frai.2021.635766
https://doi.org/10.3390/s22010372
https://doi.org/10.3389/fonc.2022.844197
https://doi.org/10.1007/s10278-022-00752-2
https://doi.org/10.3390/jcm14082688

[94]

[95]

Ajay et al. /VUBETA Vol 3 No 2 (2026) pp. 214~232 231

M. Martucci, R. Russo, F. Schimpema, G. D’Apolito, M. Panfili, A. Grimaldi et al., “Magnetic Resonance
Imaging of Primary Adult Brain Tumors: State of the Art and Future Perspectives,” Biomedicines, vol. 11, no. 2,
pp- 364, 2023. https://doi.org/10.3390/biomedicines11020364.

M. Law, “Advanced Imaging Techniques in Brain Tumors,” Cancer Imaging, vol. 9, no. Special Issue A, pp. S4-
S9, 2009. https://doi.org/10.1102/1470-7330.2009.9002.

P. Sabeghi, P. Zarand, S. Zargham, B. Golestany, A. Shariat, M. Chang et al., “Advances in Neuro-Oncological
Imaging: An Update on Diagnostic Approach to Brain Tumors,” Cancers, vol. 16, no. 3, pp. 576, 2024.
https://doi.org/10.3390/cancers16030576.

V. Vadmal, G. Junno, C. Badve, W. Huang, K. Waite, & J. Barnholtz-Sloan, “MRI Image Analysis Methods and
Applications: An Algorithmic Perspective using Brain Tumors as an Exemplar,” Neuro-Oncology Advances, vol.
2,no. 1, 2020. https://doi.org/10.1093/noajnl/vdaa049.

Y. Mohammed, S. Garouani, & 1. Jellouli, “A Survey of Methods for Brain Tumor Segmentation-based MRI
Images,” Journal of Computational Design and Engineering, vol. 10, no. 1, pp. 266-293, 2023.
https://doi.org/10.1093/jcde/qwac141.

O. Kouli, A. Hassane, D. Badran, T. Kouli, K. Hossain-Ibrahim, & J. Steele, “Automated Brain Tumor
Identification using Magnetic Resonance Imaging: A Systematic Review and Meta-Analysis,” Neuro-Oncology
Advances, vol. 4, no. 1, 2022. https://doi.org/10.1093/noajnl/vdac081.

J. Villanueva-Meyer, M. Mabray, & S. Cha, “Current Clinical Brain Tumor Imaging,” Neurosurgery, vol. 81,
no. 3, pp. 397-415, 2017. https://doi.org/10.1093/neuros/nyx103.

J. Nalepa, M. Marcinkiewicz, & M. Kawulok, “Data Augmentation for Brain-Tumor Segmentation: A Review,”
Frontiers in Computational Neuroscience, vol. 13, 2019. https://doi.org/10.3389/fncom.2019.00083.

M. Ahamed, M. Hossain, M. Nahiduzzaman, M. Islam, M. Islam, M. Ahsan et al., “A Review on Brain Tumor
Segmentation Based on Deep Learning Methods with Federated Learning Techniques,” Computerized Medical
Imaging and Graphics, vol. 110, pp. 102313, 2023. https://doi.org/10.1016/j.compmedimag.2023.102313.

A. Hildayanti and M. Machrizzandi, “Image Optimization Technique Using Local Binary Pattern and Multilayer
Perceptron Classification To Identify Potassium Deficiency In Cacao Plants Through Leaf Images,” Vokasi
Unesa Bulletin of Engineering Technology and Applied Science, vol. 2, no. 1, pp. 77-87, 2025.
https://doi.org/10.26740/vubeta.v2i1.34587.

P. Singh and Y. Huang, “AKDC: Ambiguous Kernel Distance Clustering Algorithm for COVID-19 CT Scans
Analysis,” IEEE Transactions on Systems Man and Cybernetics Systems, vol. 54, no. 10, pp. 6218-6229, 2024.
https://doi.org/10.1109/tsmc.2024.3418411.

P. Singh and Y. Huang, “An Ambiguous Edge Detection Method for Computed Tomography Scans of
Coronavirus Disease 2019 Cases,” IEEE Transactions on Systems Man and Cybernetics Systems, vol. 54, no. 1,
pp. 352-364, 2024. https://doi.org/10.1109/tsmc.2023.3307393.

P. Singh and S. Bose, “Ambiguous D-Means Fusion Clustering Algorithm Based on Ambiguous Set Theory:
Special Application in Clustering of CT Scan Images of COVID-19,” Knowledge-Based Systems, vol. 231, pp.
107432, 2021. https://doi.org/10.1016/j.knosys.2021.107432.

P. Singh and S. Bose, “A Quantum-Clustering Optimization Method for COVID-19 CT Scan Image
Segmentation,”  Expert  Systems  with  Applications,  vol. 185,  pp. 115637,  2021.
https://doi.org/10.1016/j.eswa.2021.115637.

P. Singh, M. Watorek, A. Ceglarek, M. Fafrowicz, & P. Oswigcimka, “Analysis of fMRI Time Series:
Neutrosophic-Entropy Based Clustering Algorithm,” Journal of Advances in Information Technology, vol. 13,
no. 3, 2022. https://doi.org/10.12720/jait.13.3.224-229.

P. Singh, “A Neutrosophic-Entropy Based Adaptive Thresholding Segmentation Algorithm: A Special
Application in MR Images of Parkinson's Disease,” Artificial Intelligence in Medicine, vol. 104, pp. 101838,
2020. https://doi.org/10.1016/j.artmed.2020.101838.

P. Singh, Y. Huang, & T. Lee, “A Novel Ambiguous Set Theory to Represent Uncertainty and its Application to
Brain MR Image Segmentation,” 2019 IEEE International Conference on Systems, Man and Cybernetics (SMC),
pp- 2460-2465, 2019. https://doi.org/10.1109/smc.2019.8914080.

P. Singh, “A Neutrosophic-Entropy Based Clustering Algorithm (NEBCA) with HSV Color System: A Special
Application in Segmentation of Parkinson’s Disease (PD) MR Images,” Computer Methods and Programs in
Biomedicine, vol. 189, pp. 105317, 2020. https://doi.org/10.1016/j.cmpb.2020.105317.


https://doi.org/10.3390/biomedicines11020364
https://doi.org/10.1102/1470-7330.2009.9002
https://doi.org/10.3390/cancers16030576
https://doi.org/10.1093/noajnl/vdaa049
https://doi.org/10.1093/jcde/qwac141
https://doi.org/10.1093/noajnl/vdac081
https://doi.org/10.1093/neuros/nyx103
https://doi.org/10.3389/fncom.2019.00083
https://doi.org/10.1016/j.compmedimag.2023.102313
https://doi.org/10.26740/vubeta.v2i1.34587
https://doi.org/10.1109/tsmc.2024.3418411
https://doi.org/10.1109/tsmc.2023.3307393
https://doi.org/10.1016/j.knosys.2021.107432
https://doi.org/10.1016/j.eswa.2021.115637
https://doi.org/10.12720/jait.13.3.224-229
https://doi.org/10.1016/j.artmed.2020.101838
https://doi.org/10.1109/smc.2019.8914080
https://doi.org/10.1016/j.cmpb.2020.105317

232

Ajay et al. 'VUBETA Vol 3 No 2 (2026) pp. 214~232

BIOGRAPHIES OF AUTHORS

LIS

Ajay Saini © currently pursuing a Ph.D. degree in the Department of Data Science
and Analytics, Central University of Rajasthan, Ajmer, India. Received the M.Sc.
degree in Computer Science (Artificial Intelligence) from the Central University of
Rajasthan, India, in 2021, and the B.Sc. (Hons) degree in Computer Science from
the University of Delhi, India, in 2019. He has over 3+ years of professional
experience as a Data Scientist, with expertise in machine learning, deep learning, and
Microsoft Azure cloud technologies. He is a Microsoft Certified Data Scientist and
Al Engineer. His research interests include artificial intelligence, machine learning,
deep learning, and computer vision. He can be contacted at email:
ajaysaini738@gmail.com.

Pritpal Singh F: £4 received the Ph.D. degree in computer science and engineer-
ing from Tezpur (Central) University, Tezpur, India, in February 2015. He has been
appointed as a Faculty with the School of Mathematics and Computer Applications,
Thapar University, Patiala, India, in July 2013. He worked as a Postdoctoral
Research Fellow with the Department of Electrical Engineering, National Taipei
University of Technology, New Taipei, Taiwan, and the Adjunct Professor
(Research) with the Insti- tute of Theoretical Physics, Jagiellonian University,
Krakéw, Poland. He is currently an Assistant Professor with the Department of Data
Science and Analytics, Central University of Rajasthan, Ajmer, India. He has
published numerous papers in refereed SCI journals, conference proceedings, book
chapters, and books. His research articles can be found in IEEE Transactions on
Systems, Man and Cybernetics: Systems, In- formation Sciences (Elsevier),
Artificial Intelligence in Medicine (Elsevier), Computer Methods and Programs in
Biomedicine (Elsevier), Knowledge-Based Systems (Else- vier), International
Journal of Approximate Reasoning (Elsevier), Engineering Appli- cations of
Artificial Intelligence (Elsevier), Applied Soft Computing (Elsevier), Jour- nal of
Computational Science (Elsevier), Computers in Industry (Elsevier), Expert Systems
With Applications (Elsevier), among others. His research interests include
ambiguous set theory, optimization algorithms (especially quantum-based optimiza-
tion), time series forecasting, image analysis, fMRI data analysis, machine learning,
and mathematical modeling and simulation. Dr. Singh has been awarded a Postdoc-
toral Research Fellowship from the Ministry of Science and Technology, Taiwan, in
March 2019. He also received the prestigious International Visiting Research
Fellow- ship from the Foundation for Polish Science, Poland, in 2020. Dr. Singh’s
name has been continuously listed among the world’s top 2% of scientists in 2023,
2024 and 2025. He can be contacted at email: drpritpalsingh82@gmail.com.


mailto:ajaysaini738@gmail.com
mailto:drpritpalsingh82@gmail.com.%0d
mailto:drpritpalsingh82@gmail.com.%0d
https://orcid.org/0009-0002-4599-9850
https://scholar.google.com/citations?user=7G4pMGcAAAAJ&hl=enh
mailto:drpritpalsingh82@gmail.com

