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Abstract

Segmenting and detecting Brain Tumours (BTs) stands a substantial task in medi-
cal image examination. A tumour arises from the rapid and uncontrolled prolifera-
tion of cells in the brain. The primary objective of brain tumour separation is to
accurately outline the regions affected by the tumour. Nowadays, Deep Learning
(DL) approaches have revealed notable efficacy in addressing diverse mainframe
vision challenges with image sorting, target recognition, and semantic segmenta-
tion. Numerous deep learning techniques have been employed for BT segmentation
and categorization, demonstrating promising outcomes and integration of explain-
able Als makes an impact on brain tumour analysis. Leveraging the advancements
in modern technologies, this survey presents a complete examination of recently
established atlas and statistical-based deep learning methods for BT separation and
categorization. The survey encompasses an analysis of over 105 standard research
papers, exploring into various technical aspects like different segmentation tech-
niques, different classification techniques, dataset contribution, and the perfor-
mances. Additionally, the survey offers insightful discussions on possible solutions
for future expansion in this field.
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1 Introduction

Brain tumours (BTs) are a major global health problem because of their multifaceted
nature, broad range of types, and mixed malignancy grades. Conventional diagnostic
techniques have frequently been challenged by the complex borders and heterogene-
ous presentations of tumours, leading to the investigation of newer techniques like
DL to improve diagnostic accuracy and efficiency [1-3]. Precise early identification
of malignant BTs is essential to enhance patient survival rates [4, 5], and several
methods have been put forward to accurately segment and classify these tumours.
Utilizing advanced medical imaging modalities and complementary technologies,
BT images are obtained to augment diagnostic systems in clinics [6]. Clinically,
doctors look for solutions not only being technically sound but economical too, with
a focus on quick and true detection. Increasingly, classifying BTs according to estab-
lished clinical procedures so that there is complete understanding and proper plan-
ning of treatment is also given priority [7]. Fig. 1 shows the worldwide figures of
people diagnosed with brain tumours in 2020 [8]. This gives a general overview of
the distribution and prevalence of brain tumour cases by region around the world
during that year.

In this context, DL techniques have become a revolutionary technique in BT
image analysis. Being a branch of machine learning (ML), DL shows outstanding
ability to learn hierarchical representations of data from raw and complicated data
sets [9-12], providing dramatic improvements in segmentation and classification
tasks. Additionality segmentation is a difficult task because of various inherent fac-
tors like high variability in tumour shape, size, and location between patients; low
contrast between tumour and tissues; existence of noise and imaging artifacts; and
class imbalance between tumour and non-tumour regions. These difficulties are fur-
ther compounded by the limited number of annotated datasets, and hence, accurate
and robust segmentation becomes challenging in clinical practice.
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Fig. 1 Global brain tumour statistics for 2020
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In contrast to conventional image processing methods, which tend to fail when
faced with variability of tumours in shape, size, and texture, DL models learn fea-
tures that reflect the inherent heterogeneity of BTs adaptively [13—15]. This results
in more accurate tumour boundary delineation and enables strong classification
according to tumour type, grade, or other pertinent factors [16]. The overarching
aims of using DL for brain tumour analysis are (1) obtaining precise segmentation to
enable improved tumour boundary detection and treatment planning; (2) improving
classification performance to achieve subtype or grade identification; and (3) apply-
ing automation to facilitate clinical workflows with increased consistency and lower
manual intervention [17-20]. Fig. 2 illustrates the taxonomy of ML and DL methods
for brain tumour diagnoses.

Given the critical role of DL in revolutionizing BT diagnosis, this review aims to
systematically examine and analyse recent advances in ML and DL approaches for
BT segmentation and categorization. Specifically, the review highlights the evolu-
tion of traditional ML approaches, the rise of advanced DL models, and the grow-
ing interest in hybrid and explainable AI((XAI) frameworks tailored to brain tumour
analysis. The key objective of this survey is to explain the intricate mechanisms
employed by these DL systems.

This review presents a thorough analysis of over 105 recent studies published
between 2020 and 2024, offering a comprehensive and up-to-date examination
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Fig.2 Taxonomy of ML and DL techniques for brain tumour diagnoses
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of atlas-based, statistical, ML, DL, hybrid, and XAI approaches used for BT seg-
mentation and analysis.

Unlike previous reviews that typically focus on isolated methodologies, this work
provides an integrated perspective by synthesizing conventional image processing
techniques with ML, DL, and XAI approaches. This holistic view enhances the
understanding of how these techniques complement one another in brain tumour
detection and diagnosis.

The review distinguishes itself by critically comparing a wide range of method-
ologies, including underexplored techniques, and offering a balanced assessment
of their relative advantages and limitations. This depth of analysis delivers novel
insights not commonly addressed in prior literature.

Furthermore, this survey highlights real-world clinical implications and proposes
clear future research directions, addressing current deployment challenges. This
forward-looking approach not only consolidates existing knowledge but also
serves as a roadmap for ongoing innovation in brain tumour analysis.

Survey organization The introduction in Sect. 1 is followed by the scope of the sur-
vey and a chronological evaluation of existing research in Sect. 2. Section 3 pro-
vides a comprehensive literature review, covering ML, DL, hybrid approaches, and
XALI This section categorizes the reviewed methods into atlas-based and statistical-
based DL techniques, and also highlights key research gaps in these foundational
approaches. Section 4 discusses the experimental results and major contributions of
the survey. Section 5 discusses the emerging challenges and outlines potential future
scope, while Sect. 6 concludes the survey with final remarks.

2 Evolution Timeline of Brain Tumour Segmentation

Brain tumour segmentation developed from traditional image processing techniques
like thresholding (2011-2013) and watershed segmentation to feature learning on
machine learning methods like K-Means Clustering (2014-2016) and Random For-
est. The revolution with DL came in 2017-2019, bringing CNN models like ResNet
and U-Net, when hand-crafted feature engineering disappeared. Complex models
with attention, transformers, and generative networks (2020-2022) have further
enhanced segmentation accuracy. Latest trends (2023-2025) explore quantum-
assisted DL, federated learning for privacy, and neuromyotonic Al for improving
the precision and interpretability of tumour segmentation in medical analysis. Fig. 3
depicts the evolution of brain tumour segmentation.

2.1 Scope of Survey
In this survey, compiled research findings from over numerous research works,

examining prominent journals like IEEE, Springer, Elsevier, MDPI, and Hindawi,
aim to capture the latest outcomes in border medical imaging research. The main
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Fig. 3 Evolution of brain tumour segmentation

objective of this survey is to offer a complete technical evaluation of DL-based BT
segmentation and classification methods, categorizing them according to atlas-based
and statistical-based features and strategy comparisons. The main goal is to explore
the impact of diverse architectures on the segmentation and classification perfor-
mance of deep neural systems, while also examining how various learning strategies
are enhanced to address key challenges in brain tumor segmentation and detection.
The attention extends complex considerations, with efficient construction strategy,
disparity segmentation, and multi-modality processing.

2.2 Chronological Evaluation

The chronological evaluation of BT recognition approaches based on prevailing
methods is depicted in Fig. 4, organized corresponding to publication ages. BT rec-
ognition has been a major focus of research, and this survey has compiled numerous
research works spanning from 2020 to 2025.

The percentage distribution of contributions in 2020 is noted as 28.5%. In 2021
it is noted as 16%. In 2022 and 2023, 24.5% in each year contributed, and in 2024 it
is noted as 6.4% of research works have been included in this survey. The contribu-
tions from 2020 establish 9.2% of the evaluation. In the years 2021 to 2024, 21.7%
of contributions are analysed in this survey.
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Fig.4 A year-wise contribution 2023
of BT segmentation and clas-
sification
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2022
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Fig. 5 outlines the three stages of the inclusion-exclusion criteria based on the
Prisma process: (1) the total number of research papers considered as input (I/P),
(2) the filtration process applied, and (3) the filtered research papers as output
(O/P).

The stages are as follows:

Initially, 347 research papers are considered. After excluding those with irrele-
vant titles, 194 articles are selected for further review.

From these 194 papers, 27 are excluded based on irrelevant abstracts and conclu-
sions.

Of the remaining 167 articles, 125 are selected, excluding those with inappropri-
ate content.
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Fig.5 Inclusion and exclusion criteria based on the Prisma process
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Finally, after addressing common challenges and reviewing references, 105 arti-
cles are chosen for the final review process.

2.3 Review Questions

o RQ1: How do traditional ML techniques compare to DL approaches in terms of
effectiveness for detection and classification BTs from medical imaging data?

o RQ2: What are the key image processing techniques that enhance feature extrac-
tion and segmentation accuracy for BT analysis using ML and DL techniques?

o RQ3: How does the integration of DL and innovative image processing tech-
niques improve the early diagnosis and prognosis of BTs, particularly in terms
of accuracy, efficiency, and clinical usability?

3 Literature Review on Various Contributions of Brain Tumour
Segmentation and Classification Using Machine Learning
and Deep Learning Algorithms

This section reviews key contributions in BT segmentation and categorization via
ML and DL algorithms. Early ML methods depend on handcrafted features, while
recent DL models like CNNs and U-Nets learn directly from medical images, offer-
ing improved accuracy and robustness. Hybrid and ensemble models have further
enhanced performance. The review summarizes major techniques, datasets, and
results to highlight current progress and research directions in automated brain
tumour analysis. Table 1 depicts the related comparison of ML and DL techniques
for BT analysis.

3.1 Comprehensive Review of ML Approaches in Brain Tumour Segmentation
and Classification

ML approaches have long served as foundational tools for brain tumour analysis,
especially in segmentation and classification tasks. These approaches depend on
extracting informative features from MRI scans and feeding them into classifiers
for decision-making. The increasing volume of medical imaging data has led to a
growing need for scalable and reliable algorithms, prompting early studies to assess
the functionality of diverse ML frameworks in BT diagnosis. Several works, includ-
ing [21, 22, 25, 30], demonstrate the applicability of supervised ML algorithms, yet
underline significant dependencies on feature design, parameter tuning, and human
intervention.

3.1.1 Feature Extraction and Selection Techniques
Feature engineering is pivotal in ML-based tumour classification. Techniques

such as texture descriptors, intensity-based histograms, (e.g., GLCM, LBP),
shape analysis, and statistical measures are commonly used. [26] emphasized
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multi-level fusion of handcrafted features, while [24] employed correlation-based
selection and genetic algorithms to isolate discriminative attributes. These strate-
gies aim to enhance model interpretability and accuracy by eliminating redundant
or noisy features. However, their effectiveness heavily depends on domain exper-
tise and dataset characteristics, making scalability a concern in clinical settings.

3.1.2 Classical ML Algorithms

Various classical algorithms such as Support Vector Machines (SVM), k-Near-
est Neighbors (k-NN), Decision Trees (DT), and Naive Bayes have been widely
employed. [30] directed a relative assessment of these approaches, finding SVM
and RF to offer balanced performance across sensitivity and specificity. [25] rein-
forced these observations using real-time clinical MRI datasets. Meanwhile, [27]
suggested a hybrid system integrating CNN-based features with ML classifiers,
revealing that leveraging deep features significantly enhance classification accu-
racy, despite using classical models downstream.

3.1.3 Ensemble and Meta-Learning Strategies

To overcome individual model limitations, ensemble learning techniques like Bag-
ging, Boosting (e.g., AdaBoost, XGBoost), and stacking have been introduced to
increase robustness and reduce overfitting. [29, 31] incorporated ensemble strate-
gies with RadImageNet-pretrained CNNs and ML classifiers to produce consist-
ent results across multiple tumour classes. Similarly, [28] proposed hybrid frame-
works integrating optimized SVMs with deep networks for multiclass classification,
achieving improved generalization. These methods collectively demonstrate the
potential of ensemble strategies, especially when leveraging both feature-level and
decision-level fusion techniques. Table 2 depicts the challenges addressed by ML.

3.1.4 Limitations and Challenges of ML-Based Approaches

Despite their early success, traditional ML methods exhibit several critical limita-
tions. First, their dependency on handcrafted features makes them less adaptable
to heterogeneous and high-dimensional medical data. Second, they lack end-to-
end learning capability, often requiring separate stages for preprocessing, feature
extraction, and categorization, as noted by [2] and [1]. Furthermore, ML mod-
els struggle with extracting spatial and contextual relationships in MRIs, which
are essential for accurate segmentation. Overfitting due to limited annotated data,
scalability challenges, and sub-optimal performance in multiclass scenarios are
persistent barriers. These constraints have collectively motivated a paradigm shift
toward deep learning-based methods, which offer automated feature learning and
better scalability for complex tumour classification tasks.
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3.2 Comprehensive Review of Traditional DL Approaches in Brain Tumour
Segmentation and Classification

This section provides a comprehensive review of traditional DL approaches for
BT segmentation and categorization, primarily focusing on CNNs, RNNs, and
Transfer Learning (TL) approaches. It highlights how these models utilize spatial
hierarchies and pretrained architectures to process MRI data and improve tumour
detection. Performance across benchmark datasets is discussed, along with the
limitations of traditional methods concerning overfitting, generalization, and
interpretability.

3.2.1 CNN-Based Segmentation Architectures

CNNs have been essential in BT investigation due to their strong capabil-
ity to absorb spatial hierarchies from MRI scans. Early works like [3] and [32]
laid foundational models by integrating CNNs with optimization techniques to
improve classification accuracy. Subsequently, [33—-36] suggested a CNN-based
segmentation framework that utilized dual encoder-decoders and multi-level fea-
ture extraction for improved delineation of tumour regions. Further, [41] intro-
duced a fully automated CNN-based diagnostic system that excelled in tumour
classification using T1-weighted MRI, emphasizing end-to-end feature learning.
[40] advanced the design with an ensemble of ResNet and Broad Learning Sys-
tem (RBEBT) to boost classification accuracy, and [45] demonstrated that com-
bining CNN with SVM classifiers significantly increases interpretability and pre-
cision. Similarly, [38] combined multiple CNN features with k-means clustering
and PCA to enhance class discrimination and reduce dimensionality, reinforcing
the flexibility of CNN pipelines.

3.2.2 RNN and LSTM-Based Temporal Models

While RNNs and LSTMs are more prominent in temporal data applications, their
role in brain tumour analysis has been to explore sequential patterns across slices
or time-point scans. Although not the main focus in many reviewed works, [43]
hinted at using LSTM layers to process 3D volume data slice-by-slice for clas-
sification. In scenarios where tumour growth progression needs to be monitored,
LSTM networks are positioned to model time-dependent changes, although such
applications remain underutilized in the existing studies.

3.2.3 Transfer Learning and Pretrained Models

TL, using models such as VGGNet, ResNet, or Inception trained on ImageNet,
has become essential for overcoming data scarcity in medical imaging. [39]
proposed a two-stage CNN ensemble framework where pretrained CNNs were
fine-tuned on tumour data, enhancing generalizability. Likewise, [40] and [38]
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adopted TL strategies, showing significant performance gains with fewer training
epochs. [47] emphasized that pretrained features from deeper architectures help
capture high-level semantic representations necessary for subtle tumour variation
detection.

3.2.4 Performance Evaluation on Benchmark Datasets

Many studies evaluated their models on benchmark datasets like BraTS2015,
BraTS2017, or institutional MRI databases. [35] and [48] used BraTS datasets to
benchmark their segmentation accuracy using Dice Coefficient (DC), Jaccard Index
(IoU), and Hausdorff Distance. [37] reported enhanced results on local datasets
using LSSVMs and texture fusion techniques. [42] also emphasized multi-class per-
formance evaluation on BraTS through improved thresholding techniques and opti-
mized CNN architectures. Additionally, [32] integrated optimization techniques like
PSO with CNNs, and validated their model’s using metrics like sensitivity, specific-
ity, and precision. Table 3 depicts the challenges addressed by deep learning.

Tables 4 and 5 depict the segmentation outcomes of the DL models in the BRATS
and Kaggle datasets.

3.2.5 Limitations of Traditional DL Models

Despite strong performance, conventional DL approaches suffer from several limita-
tions. Overfitting due to limited medical data is a consistent challenge, as discussed
by [46] and [47]. CNNs often fail to generalize across institutions due to variations
in scanning protocols, intensity normalization, and patient demography. Moreo-
ver, traditional models lack explainability, making clinical integration difficult, as
pointed out by [51] and [54]. Furthermore, these models are data-hungry and often
require extensive preprocessing and annotation, limiting scalability in real-world
clinical settings, as observed in [52] and [56-65].

3.3 Comprehensive Review of Hybrid DL Approaches in Brain Tumour
Segmentation and Classification

This section explores hybrid deep learning strategies that enhance traditional mod-
els by integrating attention mechanisms, optimization algorithms, and multimodal
learning. These approaches aim to improve context modeling, robustness, and accu-
racy in brain tumour analysis. The section reviews CNN-transformer hybrids, atten-
tion-guided frameworks, and the fusion of deep learning with metaheuristics for bet-
ter segmentation and classification performance.

3.3.1 CNN-Transformer Hybrid Architectures
With the rise of Vision Transformers (ViTs), combining CNNs with Transformers

has gained attention for enhancing global context understanding in medical images.
While not all references explicitly apply ViTs, concepts of integrating contextual
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Table 4 Segmentation results of the proposed method in the BRATS datasets
Steps Output of BRATS dataset

Imagel Image2 Image3 Image4

Input Image

Ground Truth

Image

Binary image

Cluster image

Pixel portion

Segmented

output

modeling are evident. For instance, [48] embedded attention mechanisms that
mimic transformer-like contextual encoding in their GammaNet, achieving inten-
sity-invariant segmentation. [37] introduced an ensemble of CNNs that implicitly
modeled inter-patch relationships, a foundational trait of Transformer mechanisms.
These hybrid designs seek to combine the spatial localization power of CNNs with
the long-range dependency modeling of Transformers, although direct CNN-Trans-
former architectures remain a developing frontier in the reviewed works. Table 6
depicts the integration of DL and advanced image processing methods for BT
Analysis.
Fig. 6 Depicts the analysis of dataset usage in brain tumour analysis research.
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Table5 Segmentation results of the proposed method on the Kaggle dataset

Steps Output of Kaggle dataset

Imagel Image2 Image3 Image4

Input Image

Ground Truth

Image

Binary image

Cluster image

Pixel portion

Segmented

output

3.3.2 Integration of Attention Mechanisms and Graph-based Models

Attention mechanisms have been embedded to enhance focus on salient tumour
regions. [38] used a region-aware attention module to dynamically refine features
across different modalities. [52] introduced a hybrid model using Region of Inter-
est (ROI)-based attention combined with DL to isolate tumour boundaries more
precisely. Though graph-based models were not central in many studies, works
like [49] applied fuzzy rule-based segmentation and [42] used watershed-based
thresholding, which reflect early forms of spatial relational modeling that align
with graph-theoretic approaches.
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Dataset Usage in Brain Tumor Analysis Research

[
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(—]
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Usage in Studies (%)
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Fig. 6 Analysis of dataset usage in brain tumour analysis research
3.3.3 Fusion of DL with Optimization or Metaheuristic Techniques

A notable hybrid trend involves combining DL models with optimization/
metaheuristic algorithms to improve model robustness and convergence. [32] incor-
porated Particle Swarm Optimization (PSO) to tune CNN parameters, enhanc-
ing tumour classification precision. [49, 50] fused PSO with Extreme Learning
Machines (ELMs) for fast and efficient segmentation. [51] employed fuzzy cluster-
ing optimized using swarm intelligence, showcasing a synergy between biologically
inspired algorithms and DL. [57] introduced a novel approach integrating ant colony
optimization for parameter tuning, further improving segmentation accuracy and
stability.

3.3.4 Multimodal and Multi-task Learning Frameworks

Multimodal learning, where T1, T2, FLAIR, and Tlc MRI sequences are com-
bined, allows better tumour delineation and classification. [35] and [39] effectively
utilized multi-view or multi-sequence inputs to capture complementary informa-
tion. [43] and [40] implemented multi-task learning, jointly performing segmenta-
tion and classification, which improved cross-task feature generalization. [54] fur-
ther enhanced this by combining spatial and texture-based learning for multi-class
tumour analysis. These frameworks also reduce inference time and model size, mak-
ing them appropriate for distribution in clinical settings with resource constraints.

3.4 Role of Explainable Als in Brain Tumour Detection
XAI has gained substantial consideration in medical image analysis, especially in

BT segmentation and classification systems, due to its ability to enhance transpar-
ency, interpretability, and trustworthiness of DL models. Traditional architectures

@ Springer



Operations Research Forum (2025) 6:57 Page 190f31 57

like CNNs and transformers often operate as “black-box™ systems, making their
decision processes opaque and less reliable for clinical deployment. To address
this limitation, numerous XAI methodologies have been proposed. [93] introduced
local interpretable frameworks that reveal salient image regions influencing model
decisions in emergency stroke triage. [94] leveraged DeepLIFT to attribute clas-
sification outcomes back to specific MRI pixel regions. [95] and [96] emphasized
architectural comparisons and Gradient weighted Class Activation Mapping (Grad-
CAM)-based heatmaps to expose tumour-contributing regions. [97] highlighted
the role of human-in-the-loop strategies, enhancing diagnostic feedback through
visual interpretation mechanisms. [98] applied Layer-wise Relevance Propaga-
tion (LRP) to assign pixel-level relevance, thereby improving transparency. Simi-
larly, [99] incorporated explainable CNNs in prediction pipelines for better clarity.
Transformer-based segmentation models such as SwinVNETR by [100] introduced
non-local attention modules that further supported interpretability. Region-focused
classification systems by [101] and model-agnostic interpretations by [102] contrib-
uted to practical Al transparency in MRI-based tumour detection. [103] proposed
multi-perspective explainability in segmentation frameworks, while [104] and [105]
offered hybrid solutions combining vision transformers, ensemble learning, and TL,
enriched by XAI. Table 7 depicts the comparative analysis of XAl techniques in BT
Analysis.

To further dissect the model’s decision-making processes, different XAl tech-
niques were applied, namely SHAP, LIME, and Grad-CAM, to interpret how inter-
nal representations influence output predictions:

e SHAP values estimate the impact of each feature on a model’s prediction by
approximating Shapley values, a concept derived from cooperative game theory.
Using a Deep Explainer initialized with trained model and background data,
SHAP helps identify key pixel-level influences on test image predictions. These
insights provide a fine-grained understanding of model decisions and enhance
interpretability by visualizing decision boundaries across the neural network.

e LIME is a model-agnostic method that explains local prediction behaviour by
creating perturbed samples of a test image and approximating model output
using an interpretable surrogate. By highlighting influential features in localized
regions, LIME visualizations enhance the clarity of predictions at the instance
level, making the model more transparent and user-trustworthy.

¢ Grad-CAM is widely used in image classification, Grad-CAM produces heat-
maps from the gradients of a target layer, often the final convolutional one, to
indicate spatial regions that contributed most to the prediction. By overlaying
these maps on original input images, it becomes possible to visualize critical
tumour regions influencing classification, thus strengthening the clinical rele-
vance and reliability of the model outputs. Moreover, the sample visualization of
these XAI models is provided in Fig. 7.

These integrated XAI methods offer critical insight into the behaviour of DL

models in brain tumour analysis, ensuring that decisions are not only accurate but
also interpretable and explainable for clinical validation and trust.
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- (d)

Fig. 7 Explainability visualization of a input brain image, b SHAP, ¢ LIME, and d Grad-CAM

@ (b)

3.4.1 Case Study of XAl Usage

The application of XAI in BT detection has become vital for bridging the gap
between complex DL models and clinical usability. A notable case study by [93]
evaluated a DL-based triage system for severe ischemic stroke in emergency
room MRI scenarios, where XAl was employed to interpret and validate model
predictions, demonstrating how visual explanations support timely and trans-
parent clinical decisions. Similarly, [101] proposed a region-based explainabil-
ity model for brain tumour classification, offering case-level insights into model
focus regions, thus enhancing trust and interpretability. In another relevant study,
[99] developed a CNN-based classification framework augmented with XAl tools
like Grad-CAM to provide visual justifications, making the decision-making pro-
cess clearer for radiologists.

Expanding on this direction, [100] introduced SwinVNETR, a hybrid Swin
Transformer-VNet model integrated with non-local blocks and explainability
layers to highlight tumour boundaries more accurately. [105] also proposed an
ensemble-based approach combining vision transformers and TL, all embedded
within an XAl-enabled pipeline to clarify classification outputs and highlight
attention regions. Additional contributions by [103] and [104] focused on seg-
ment-wise and feature-wise interpretation of tumour data using XAI techniques,
emphasizing their role in demystifying model behaviour. These collective find-
ings from real-world and research-based case studies confirm that XAI is not
merely an add-on but a foundational tool for enhancing reliability, interpretabil-
ity, and adoption of DL models in BT diagnostics.

4 Discussion

Based on our comprehensive review, this section critically discusses and evalu-
ates the role of ML and DL, hybrid, and XAI technologies in BT diagnosis and
classification. The analysis is structured to highlight key performance trends,
model comparisons, offering deeper insights into that traditional and hybrid DL
models contribute to advancing automated BT analysis.
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4.1 Performance Summary and Benchmarking

Across the reviewed studies, traditional CNN architectures like VGGNet, ResNet,
and DenseNet demonstrated strong baseline accuracy for BT classification and seg-
mentation, particularly on benchmark datasets like BraTS, TCGA, and Figshare.
TL and pretrained models further improved performance in scenarios with limited
labelled data, achieving over 90% accuracy in several comparative studies [70-75].
Hybrid models integrating transformers [68, 76] and attention modules [77-81]
have surpassed conventional frameworks, offering improved Dice coefficients and
F1-scores on volumetric MRI datasets. Optimized CNNs, including those enhanced
via metaheuristics [82—85], consistently outperformed baseline models, particu-
larly in terms of sensitivity and tumour boundary delineation. However, variabil-
ity in preprocessing, dataset heterogeneity, and training setups often made direct
comparisons challenging, highlighting the need for standardized evaluation proto-
cols. Various brain tumour detection models’ accuracy rates are presented in Fig. 8.
In Fig. 8a, atlas-based accuracy is outlined, Notably, the analysis reveals that the
research conducted by PSO-ELM (2022) [44] attains the superior accuracy of 99%,
followed by WFKM (2023) [48], RVM-SVM (2023) [49], Hybrid DAE (2020) [37],
and DBCWMF (2020). [38] have achieved an accuracy rate of 96%, outperforming
alternative models by using BraTS dataset.

In Fig. 8b, statistical-based accuracy as outlined. Notably, the analysis reveals
that the research conducted by CNN (2022) [66] attains the highest accuracy rate at
99.74%, followed by SGC-ARANet (2023) [71] with the second-highest accuracy
at 99.4%, surpassing other models. Additionally, research efforts by LWCAR-Net
(2022) [67], CNN (2022) [64], and HieDNN (2023) [69] have reached an accuracy
of 98% by using TCGA dataset, which outperform other techniques.

4.2 Comparative Analysis of Model Architectures

Traditional CNNs exhibit efficient local feature extraction, yet they struggle with
capturing long-range dependencies, which hybrid architectures like CNN-Trans-
former models overcome through global attention mechanisms. While RNN and
LSTM-based models are more suitable for sequential or temporal data, their usage

Accuracy(%)
Accuracy(%)

0 ANN  RCF  MGFB DLSDNet CNN LWCAR- HieDNN  SGC-  Improved
Hybrid  DBCWMF MWS ~ CEFCM- PSO-ELM GHFC ~ WFKM RVM-SVM Net ARANet  Res-
DAE PBVMT UNet

Methods Methods

(a) (b)

Fig. 8 Accuracy analysis on a BraTS dataset and b TCGA dataset
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in static MRI-based brain tumour analysis remains limited. Graph-based and atten-
tion-integrated models improve structural awareness and relational reasoning, espe-
cially in complex tumour morphologies [86—89]. Metaheuristic-enhanced models
and multimodal networks that fuse radiomic and clinical features offer robustness
and adaptability but increase computational overhead. The trade-off among model
complexity and interpretability stays a main reflection when selecting architec-
tures for real-world applications. Fig. 9 depicts the analysis of accuracy of different
approaches in BT detection by using BraTS dataset.

4.3 Interpretability and Explainability Challenges

Despite performance advancements, most deep learning models function as black
boxes, limiting trust in clinical settings. XAl efforts, such as Grad-CAM [99],
SHAP [102], and region-based interpretation frameworks [101], offer case-specific
insights, but their scalability and reliability are still under investigation. Studies like
[103] and [104] highlight the pressure among model difficulty and interpretability,
where higher precision often comes at the cost of reduced transparency. The lack of
standardized interpretability metrics and inconsistent visualization strategies poses a
significant challenge for regulatory validation and clinician acceptance.

4.4 Practical Deployment Considerations

Deploying DL-based brain tumour diagnostic systems in clinical environments
demands attention to model generalizability, latency, robustness to noise/artifacts,
and compliance with medical imaging standards. Lightweight architectures or edge-
compatible CNNs [90-92] offer speed advantages but compromise accuracy. Inte-
gration with hospital PACS, real-time inference capabilities, and compliance with

i 013‘ccuracy of Different Models in Brain Tumor Detection

Accuracy (%)
g ¥

=]
n

=]
[—}

SVM Random CNN ResNet VGG16 UNet

Forest
ML/DL Models

Fig. 9 Analysis of accuracy of various models in BT detection using BraTS dataset
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HIPAA/GDPR regulations are essential for deployment. Additionally, continual
learning frameworks and federated learning paradigms are emerging to address
domain shifts and data privacy challenges, though they are not yet widely adopted in
the reviewed literature.

4.5 Mechanistic Insights and Design Trade-Offs

There is a growing shift toward designing approaches that not only perform well
but also offer perceptions into biological plausibility. For instance, attention mecha-
nisms in CNN-transformer hybrids mimic clinical focus regions, while graph-based
networks implicitly model spatial tumour relationships. However, increased model
complexity from multimodal inputs, metaheuristic tuning, or transformer-based
backbones leads to greater computational demands and training instability. Balanc-
ing interpretability, scalability, and performance remains a key trade-off. Future
designs must strive to integrate domain knowledge, lightweight implementation, and
transparent decision pathways to ensure effective clinical translation.

5 Open Issues and Research Challenges

This section highlights the existing challenges and unresolved issues in applying ML
and DL technologies for BT diagnosis and classification in line with WHO guide-
lines. Despite significant advancements in ML-based medical imaging, multiple
limitations hinder their practical and clinical utility. These challenges come from
technical issues, clinical limitations, and ethical concerns, all of which need to be
solved to improve diagnosis accuracy and make the system useful in real-world
healthcare settings.

5.1 Limitations of Current Survey

Although several ML models show promising results in controlled research environ-
ments, this review identifies three key limitations: limited dataset diversity, overfit-
ting on small sample sizes, and minimal clinical validation. Most current studies
depend on heavily on benchmark datasets (e.g., BraTS), which did not represent the
variability in real-world clinical data, thereby reducing generalizability.

5.2 Real-World Challenges in Clinical Integration

Bridging the gap between high-performing machine learning models in controlled
laboratory environments and their practical deployment in real-world clinical set-
tings stays a multifaceted challenge. One major barrier lies in the limited general-
izability of these models across heterogeneous, multi-center datasets, which often
vary in imaging protocols and patient demographics. In addition, real-time process-
ing remains difficult due to high computational anxieties and the lack of advanced
infrastructure in many healthcare institutions. Regulatory compliance poses another

@ Springer



Operations Research Forum (2025) 6:57 Page250f31 57

significant hurdle, with complex and region-specific approval processes that delay
integration into clinical workflows. Beyond technical and regulatory aspects, the
successful adoption of Al systems hinges on clinician trust and acceptance. Many
healthcare professionals are hesitant to rely on “black-box” models, especially
when diagnostic decisions lack transparency or explainability. Concerns regard-
ing accountability, workflow disruption, and job displacement further contribute to
resistance. Therefore, future development must prioritize lightweight, interpretable,
and clinically aligned models, supported by ongoing medical training and clearly
defined regulatory pathways, to ensure both effectiveness and acceptance in real-
world medical practice.

5.3 XAl Limitations and Interpretability Gap

A major concern is the interpretability gap of high-performing DL models. While
models attain high performance, their “black-box” nature restricts their acceptance
among clinicians. The lack of clear explanations for decision-making outcomes
raises concerns about accountability and clinical trust in Al systems.

5.4 Key Research Gaps in Brain Tumour Analysis

This section emphasizes upcoming information challenges and pending issues in BT
diagnosis and classification using DL. As shown in Fig. 10, some key challenges are
discussed in detail.

Inadequate model
robustness against
noise, artifacts, and
low-quality inputs

Lack of
multimodal
data fusion Open »
from clinical, s Mmm.lal
genomic, and emphasis on
histopatholog rare tumor
ical sources subtypes and
pediatric cases
Absence of
longitudinal
learning

frameworks for
disease progression
analysis

Fig. 10 Open issues in BT analysis
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5.5 Future Research Directions

To address these gaps and push the frontier of ML-driven brain tumour analysis, the
following future research directions are proposed:

¢ Federated Learning and Privacy-Aware Architectures: Encourage the use of
privacy-preserving learning frameworks like federated or blockchain-enhanced
ML for collaborative training without compromising patient confidentiality.

e C(linically-Validated XAI Systems: Develop clinically interpretable AI models
that provide saliency maps, attention mechanisms, or case-based reasoning for
transparent decision-making.

e Multimodal and Longitudinal Integration: Incorporate multi-source data
(e.g., MRI, genomics, clinical reports) and longitudinal patient records to build
holistic and temporally aware diagnostic models.

e Data Augmentation and Synthesis: Utilize generative approaches (e.g., GANS,
diffusion models) to synthesize diverse tumour types, improving model training
on rare classes and underrepresented demographics.

e Edge-Al for Real-Time Deployment: Design lightweight, energy-efficient ML
models that are to be deployed in resource-constrained environments, enabling
real-time diagnosis and intraoperative support.

¢ Standardization for Clinical Readiness: Establish guidelines for dataset cura-
tion, annotation standards, and clinical validation protocols to ensure reproduc-
ibility and trust in Al-assisted diagnostic tools.

¢ Cross-Institutional Collaboration Platforms: Facilitate cross-institutional
research by developing secure, scalable platforms that support the sharing of
anonymized and annotated data across regions and disciplines.

6 Summary

Developing accurate and reliable BT segmentation and classification systems using
ML, DL, hybrid, and XAI techniques remains a complex and evolving challenge.
This survey provides a comprehensive review of various atlas-based, statistical, and
DL-driven approaches for BT diagnosis, with a clear emphasis on the datasets used,
design motivations, and reported accuracies. The methods are systematically cate-
gorized and analysed based on their technical advantages, limitations, and practical
applicability. Automated segmentation approaches, especially those based on DL,
exhibit powerful feature learning abilities, which make them well-suited for han-
dling intricate medical imaging tasks. Furthermore, the review highlights critical
factors such as interpretability, computational efficiency, and real-world deployment
considerations. Through a critical comparison of current methodologies, this sur-
vey offers meaningful insights to support the creation of reliable, interpretable, and
efficient diagnostic systems. These systems extend beyond brain tumour detection
to aid in diagnosing a range of neurological conditions such as Parkinson’s disease,
Alzheimer’s, dementia, and stroke using multimodal MRI data.
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