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Abstract: This study explores the application of Convolutional Neural Networks (CNNs)
for brain tumor segmentation, leveraging their ability to automatically extract hierarchical
features from medical images. CNN architectures like U-Net, V-Net, and ResNet have
shown significant promise in brain tumor classification, offering high precision in detecting
tumor boundaries and classifying tumor types. Various benchmark datasets, such as BraTS,
TCIA, Harvard, and Kaggle, provide annotated MRI images to evaluate these models.
Performance metrics including Dice Similarity Coefficient (DSC), Intersection over Union,
and accuracy are employed to assess the models’ effectiveness. The results demonstrate
that CNN-based models, particularly U-Net, perform exceptionally well, with DSC scores
exceeding 0.90 in most cases. However, challenges such as data imbalance, the need for
large datasets, and high computational demands persist. Despite these limitations, CNNs,
when combined with advanced techniques like transfer learning and data augmentation,
offer robust solutions for brain tumor segmentation, showing promise for real-time clinical
deployment. Further advancements are necessary to address generalization issues and
enhance model efficiency, ensuring broader applicability in clinical settings.

Keywords: brain tumor classification; convolution neural network; image segmentation

1. Introduction
Brain tumors present significant medical challenges due to their complex nature

and potential to cause serious complications [1]. Precise and prompt diagnosis is crucial
for optimizing the effectiveness of treatment approaches to enhance patient outcomes.
Medical imaging techniques such as magnetic resonance imaging (MRI), is required for
the identification, diagnosis, and classification of brain malignancies [2]. MRI provides
comprehensive data on the dimensions, position, and structure of the tumor, which is
crucial for making well-informed decisions on medical treatment. However, the manual
analysis of brain tumor images is a time-consuming and error-prone process, leading to
variations in diagnosis and treatment results [3]. The classification of brain tumors presents
significant challenges due to the diverse composition of the tumor, similarities in visual
characteristics among various tumor forms, and the distinction between malignant regions
and normal tissues. In order to address this challenge, it is necessary to develop advanced
technologies that can assist radiologists in precisely classifying and segmenting brain
tumors from medical images [4].
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Convolutional neural networks (CNNs) are very efficient for tasks involving image
segmentation, particularly in the field of medical imaging. Convolutional neural networks
(CNNs) are specifically designed to automatically adapt the feature space layer of the
input image [5]. They are particularly effective in difficult image processing tasks, such
as separating brain tumors. CNNs utilize deep learning to effectively identify complex
patterns and variations in medical images without relying on manually crafted algorithms
or simple categorization algorithms. CNN-based algorithms have demonstrated superior
accuracy in the diagnosis and classification of brain tumors compared to conventional
methods [6]. These attributes arise from their capacity to collect information from extensive
datasets, their ability to adjust to varying tumor shapes, and their aptitude for intricate
and precise differentiations. CNNs enhance the precision of tumor detection and accuracy,
making them a suitable approach for diagnosing brain tumors in the medical field [7].
The primary objective of this review is to provide a comprehensive examination of the
most recent CNN-based algorithm employed in the classification and segmentation of
brain tumors. This includes evaluating their Peak Signal-to-Noise Ratio, Mean Square
Error, time, accuracy, and precision in the clinical identification [8]. The review also aims
to determine the current limitations associated with this approach on MRI images. The
requirement for a comprehensive dataset that has been thoroughly evaluated, as well as the
accuracy of the CNN model, are very important [9] in ensuring dependable and accurate
classification and segmentation of brain tumors, which are crucial for optimal diagnostic
and treatment planning. Furthermore, the research proposes to investigate prospective
methods to enhance the brain tumor classification using CNN algorithms. These algorithms
involve the creation of hybrid approaches and the enhancement of deep learning techniques
to address unpredictability. The current advancement in CNN algorithms has the potential
to fundamentally transform the field of brain tumor diagnosis and identification.

2. Brain Tumor Image Segmentation
Image segmentation is a key technique in medical imaging that involves segmenting

an image into distinct regions or parts to streamline or transform its representation, increase
its significance, and provide analysis [10]. Segmentation plays a crucial role in precisely
defining tumor boundaries, in imaging modalities such as MRI and computed tomography
(CT) scans, especially in the context of brain tumor diagnosis [11]. Precise segmentation is
crucial for multiple reasons: it enables accurate measurement of tumor size, facilitates the
identification of tumor sites, and assists in evaluating the tumor’s effect on neighboring
brain structures [12]. This comprehensive information is essential for making informed
decisions regarding treatment planning, surgical intervention, and radiation therapy [13].

2.1. CNN Based Algorithm

Image segmentation plays a pivotal role in medical imaging, particularly in brain
tumor diagnosis, by accurately defining tumor boundaries in MRI and CT scans [10]. CNNs
have become a dominant approach due to their ability to extract complex features directly
from data [14]. CNNs, like U-Net and V-Net, have been extensively employed for brain
tumor segmentation. U-Net is an encoder-decoder architecture that effectively captures
both global and local context through skip connections, making it suitable for precise tumor
delineation [15,16]. V-Net, designed for 3D data, leverages 3D convolutions to capture spa-
tial context in all three dimensions, making it highly efficient for volumetric segmentation
tasks [17]. While CNNs, particularly U-Net, offer outstanding segmentation accuracy, chal-
lenges such as tumor variability and noisy artifacts can still affect their performance [18].
Moreover, computational demands are high, especially in 3D models, limiting their appli-
cation in clinical settings with time constraints [19,20]. Hybrid methodologies combining
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CNNs with classical algorithms or probabilistic models have been proposed to enhance
reliability and interpretability in clinical environments [21]. The Table 1 highlights various
CNN architectures employed for brain tumor segmentation, comparing their strengths and
limitations based on accuracy, computational efficiency, and generalization capabilities.

Table 1. CNN Architectures for Brain Tumor Segmentation.

Reference Year Segmentation
Algorithm Strength Limitation

[1] 2020 DCU-Net Multi-scale feature extraction. Computationally
intensive resources.

[2] 2021 DFP-ResUNet Fine and coarse capture. Computationally demanding,
struggles with diverse datasets.

[3] 2020 3D FCN Multi-pathway integration. Memory-intensive, struggles
with heterogeneity.

[4] 2022 ResNet High accuracy, scalability,
efficient deployment.

Dataset dependency, modality
generalization challenges.

[5] 2022 UNETR-
SwinBTS Global-local feature capture. Large dataset dependency.

[11] 2024 Swin V-net
Enhanced feature learning,

context-aware,
improved segmentation.

High computational cost,
resource-intensive.

[14] 2024 3D CNN and
U-Net

Enhanced segmentation,
multi-scale integration,

robust classification.

High complexity,
computational demands.

[15] 2024 MedSegDiff-V2
Diffusion models,
transformer-based,
enhanced accuracy.

High computational cost,
generalization challenges.

[22] 2017 AlexNet Efficient, Robust, Generalized. Small data challenge,
limited granularity.

[23] 2023 3D-UNet, V-Net Platform optimization, improved
accuracy, deep learning impact.

Environment limitations,
task-specific,

generalization challenges.

[24] 2024 Batch
Normalization Stability, robustness, efficiency. Overfitting, computational cost.

[25] 2024 RCSF-CNN Efficient, accurate,
feature fusion.

Complexity reduction,
generalization issues.

[26] 2024 U-Net and
VGG-Net

Improved accuracy, hybrid
approach, transfer learning.

Specialized datasets,
computational complexity.

[27] 2024 PrinciResNet16 Multimodal fusion, improved
accuracy, enhanced robustness.

Computational complexity,
generalization challenges.

[28] 2024 VGG-Net
Pre-trained model, improved

accuracy, efficient
feature extraction.

Limited adaptability, high
computational demand.

The analyzed algorithms exhibit a range of strengths and limitations in the segmen-
tation of brain tumors. DCU-Net [1] stands out due to its ability to extract features at
multiple scales, which greatly improves segmentation accuracy, positioning it among the
top-performing models. Nonetheless, the computational requirements render it less prac-
tical for real-time applications, a frequent constraint observed in numerous CNN-based
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algorithms. Moreover, the dependence on extensive datasets presents a common obstacle
for numerous models, constraining their performance on smaller, less varied datasets.

Other powerful algorithms such as SwinVNet [11] and VGG-Net [29–31] provide
effective feature learning, particularly when utilizing pre-trained models and context-aware
mechanisms. These models greatly enhance segmentation accuracy; however, they also
encounter the challenge of high computational demands and resource intensity. Although
these models perform exceptionally well in specific tasks, their reliance on extensive
and varied datasets poses challenges in practical clinical environments where immediate
processing or constrained data availability might be necessary.

A significant constraint observed in many CNN-based algorithms is their difficulties
with generalization and the associated computational expenses. While these models excel
in segmentation and classification, they often face challenges with heterogeneity across
datasets and generalizing across modalities, which limits their adaptability to new or
diverse tumor types. Furthermore, as demonstrated by algorithms such as Batch Nor-
malization and MedSegDiff-V2 [15], although there are enhancements in stability and
accuracy, these improvements are accompanied by the downside of greater processing
time and resource demands, which can impede their scalability for routine application in
clinical settings.

2.2. Benchmark Datasets

Benchmark datasets are crucial for evaluating the effectiveness of image segmenta-
tion algorithms in the context of brain tumor diagnosis. These datasets provide annotated
images that allow researchers to train, test, and compare segmentation models in a standard-
ized manner. Some of the most widely used datasets include BraTS and TCIA, each with dis-
tinct characteristics that contribute to the development of robust segmentation algorithms.

The Brain Tumor Segmentation Challenge (BraTS) dataset is one of the most well-
known and frequently used for brain tumor segmentation research [1,3,24,25,32]. It contains
MRI images of gliomas (a type of brain tumor) and provides annotations for different
tumor sub-regions such as the enhancing tumor, edema, and necrotic core. BraTS includes
various MRI modalities, such as T1, T2, FLAIR, and contrast-enhanced T1 (T1-Gd), which
are essential for accurate tumor delineation. This dataset is used annually in the BraTS
Challenge, where researchers present their segmentation algorithms, and performance is
evaluated using standard metrics like Dice Similarity Coefficient (DSC) and Intersection
over Union (IoU) [19–21,33–39].

The TCIA (The Cancer Imaging Archive) provides a comprehensive repository of
medical images [40], including those for brain tumor segmentation. It includes both MRI
and CT scans, covering a wide variety of tumor types and providing valuable datasets for
general tumor analysis. TCIA’s dataset also includes clinical data, which can be useful for
developing models that not only segment tumors but also make predictions about tumor
progression and patient outcomes.

These benchmark datasets are essential for the evaluation of segmentation algorithms,
allowing for comparison of different methods across common challenges in brain tumor
detection. The standard metrics used to evaluate segmentation performance, such as Dice
Similarity Coefficient (DSC) and Intersection over Union (IoU), provide consistent and
reliable ways to assess the effectiveness of different algorithms on these datasets. Table 2
summarizes key benchmark datasets commonly used in brain tumor research detailing the
tumor class/type, segmentation technique and performance metrics.

The summary highlights that techniques employing CNN architectures like DCU-Net
and U-Net are used for segmenting BraTS datasets while DSC being the predominant
evaluation metric. This focus on tumor subtypes enables precise segmentation crucial for
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clinical applications. Other datasets, such as Harvard and TCIA, typically employ accuracy
as the primary performance metric, reflecting a more generalized approach to tumor type
compared to BraTS dataset.

Table 2. Benchmark Datasets for Brain Tumor Segmentation.

Ref. Dataset Class Segmentation
Technique

Performance Metric

Accuracy IoU Recall Precision DSC F1-Score

[1] BRATS 1 2018 WT, CT, ET DCU-Net - - - - 0.91 -

[2] BraTS 2018
BraTS 2019 WT, CT, ET DFP-ResUNet - - - - 0.91

0.90 -

[3] BraTS 2018
BraTS 2019 WT, CT, ET 3D FCN - - - - 0.90

0.89 -

[4] BraTS 2017–2020 WT, CT, ET ResNet 96.0 0.77 - - 0.91 -

[5]
BraTS 2019
BraTS 2020
BraTS 2021

WT, CT, ET UNETR-SwinBTS - 0.82 - -
0.82
0.82
0.87

-

[11] BraTS 2021 WT, CT, ET Swin V-net - - - - 0.91 -

[14] TCIA MRI
dataset

Tumor,
Normal

3D CNN and
U-Net 98.5 - 96 87.45 0.92 -

[15]

AMOS2022
REFUGE-2
BraTs-2021

ISIC
TNMIX

WT, CT, ET MedSegDiff-V2 -

-
0.89
0.83
0.93
0.82

- -

0.91
0.97
0.91
0.93
0.89

-

[22]

3 MICCAI 2014
Brain
CRC

Normal
Cancer AlexNet 97.5

84.0 - - - - -

[23] BraTS, Harvard 2,
RIDER, ISLES

Glioma,
Normal

3D-UNet,
V-Net 98.7 - - - - -

[24]
BraTS 2019
BraTS 2020
BraTS 2021

Tumor,
Normal

Batch
Normalization

99.55
99.80
99.29

-
98
99

99.15

98
99

99.3
-

-
99

99.78

[25] BraTS 2015 Tumor,
Normal RCSF-CNN 98.99 - - - - -

[26] Cheng et al.

Glioma,
Pituitary,
Menin-
gioma

U-Net and
VGG-Net 98.95 - 98 98.33 - 98.33

[27] Kaggle 2

Medharvard
Tumor,
Normal PrinciResNet16 99 - 95 - - -

[28] BraTS 2018 WT, CT, ET VGG-Net 99.6 - 99 93 99.53 99
1 BraTS: MRI Images; 2 Kaggle and Harvard: CT-Images; 3 MICCAI: Histopathology Images, WT: Whole Tumor,
CT: Core Tumor, ET: Enhanced Tumor.

Overall, the BraTS series remains the gold standard for brain tumor segmentation,
offering comprehensive annotations across multimodal MRI data. High DSC scores confirm
its effectiveness in evaluating segmentation methods. However, datasets like TCIA and
Cheng’s stand out for classification, demonstrating near-perfect accuracy but focusing
on simpler binary tasks. This indicates that segmentation tasks are inherently more chal-
lenging due to the complexity of tumor morphology and heterogeneity. These datasets
collectively support diverse algorithmic evaluations, from segmentation to classification,
with performance metrics tailored to specific applications.
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CNN-based segmentation methods have revolutionized brain tumor detection by pro-
viding reliable, precise, and efficient solutions compared to traditional techniques [13,41,42].
Architectures like U-Net and V-Net [11,43,44] excel due to their ability to capture both
global and local features, with U-Net’s skip connections ensuring spatial information preser-
vation and V-Net’s 3D convolutions enhancing volumetric data analysis. These models are
particularly effective in complex tumor boundary delineation. However, challenges such
as computational intensity and sensitivity to heterogeneous datasets persist, limiting their
feasibility in real-time or resource-constrained environments.

Hybrid methodologies are emerging to address these limitations, combining CNNs
with traditional methods or probabilistic models to improve generalization and inter-
pretability [14,45–47]. While CNNs like U-Net are highly accurate for intricate segmenta-
tion tasks, traditional methods offer simplicity and transparency, making them suitable
for less complex scenarios. The hybrid approach balances these strengths, providing a
promising pathway to improve accuracy, resource efficiency, and clinical applicability
in brain tumor segmentation [6,48]. Further research and optimization are needed to
address existing computational and dataset dependency challenges, ensuring broader
adoption in medical imaging. An illustration of image segmentation techniques from
2013–2024 [2–5,21,22,29,35,37,48–54] can be seen in Figure 1.
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Almost half of the articles published from 2013 to 2024 have employed Convolutional
Neural Networks for image segmentation in brain tumor classification. This is followed by
the thresholding method, which is known for its simplicity of use. Convolutional Neural
Networks are favored for their effectiveness in processing complex medical images. Other
methods are not preferred because of their limitations in effectively addressing the com-
plexities of medical imaging. Based on the trend, it is highly probable that Convolutional
Neural Networks will continue to be at the forefront of this field, possibly through the use
of hybrid methods. Convolutional Neural Networks are extensively employed to classify
brain tumor images, and their performance is assessed using a variety of metrics that offer
insights into various aspects of model efficacy. Accuracy [49–51] is a critical metric that
quantifies the percentage of images correctly classified, serving as a fundamental indicator
of the model’s overall performance. The disparity between predicted and true values is
represented by Loss [2,52], with smaller values indicating improved model performance.
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The Intersection over Union (IoU) metric evaluates the extent of overlap between the pre-
dicted and actual tumor regions, thereby establishing a spatial alignment metric [36,53].
The model’s capacity to accurately identify true positives and reduce false positives is
assessed by Recall and Precision, respectively [51,54]. The Dice coefficient [1,55] provides
an alternative measure of overlap by quantifying the similarity between predicted and
actual tumor regions. Error Rate and Mean Squared Error [32,35] offer a comprehen-
sive understanding of the prediction errors, with lower values indicating more precise
predictions. Time measures the computational efficiency of the model, emphasizing its
practicality in real-world applications. The Hausdorff Distance [2] evaluates the quality of
boundary delineation by measuring the spatial resemblance between predicted and true
tumor boundaries. The model’s accuracy in identifying non-tumor regions is determined
by Specificity, which complements the evaluation of positive tumor identification. The
F1-Score is a comprehensive evaluation of model performance that integrates precision
and recall into a single metric, thereby balancing the trade-off between false positives and
false negatives.

3. Recent Advances and Future Directions
Image segmentation is a crucial task in medical brain tumor analysis. Significant

advancements in the techniques used for brain tumor segmentation were published, espe-
cially with the advent of deep learning methods and improved imaging technologies. These
advances provide basis for future work in research on brain tumor image segmentation.

3.1. Recent Advances

Advancements in CNNs have significantly improved brain tumor segmentation, with
techniques such as transfer learning, which enables fine-tuning of pre-trained models for
medical imaging tasks, thereby reducing dependency on large, labeled datasets. Atten-
tion mechanisms, including self-attention and transformers, enhance segmentation by
focusing on critical image features. 3D CNNs extend traditional 2D methods by capturing
spatial context in volumetric data, essential for MRI analysis [24,49,56]. The U-Net architec-
ture, with its encoder-decoder framework and skip connections, remains a foundational
approach, excelling in precise tumor boundary delineation.

Hybrid methods integrate CNNs with other frameworks to address segmentation
challenges. Hybrid CNNs with graph neural networks (GNNs) incorporate structural
details for better tumor connectivity [57,58]. Generative models like GANs aid in creating
synthetic labeled datasets, boosting robustness, while RNNs capture temporal dependen-
cies [59,60], enabling accurate segmentation in sequential imaging. Data augmentation
now includes advanced synthetic generation methods, addressing dataset limitations and
enhancing generalizability across heterogeneous data, reducing overfitting risks. Fusion
networks in multi-modal imaging integrate complementary data from MRI modalities
(T1, T2, FLAIR), enabling accurate segmentation and providing a holistic view crucial for
precise diagnostics and treatment planning.

3.2. Future Work

Future work in brain tumor segmentation should prioritize addressing data imbal-
ance, a significant challenge caused by the underrepresentation of rare tumor types. Ad-
vanced data augmentation, synthetic dataset creation using GANs) and balanced sampling
techniques can help improve model performance across diverse tumor categories [61].
Enhancing generalization is also critical, as models need to perform consistently across
heterogeneous datasets and imaging modalities [62]. Robust architectures and domain



Eng. Proc. 2025, 84, 66 8 of 11

adaptation strategies should be developed to minimize performance degradation when
applied to unseen or diverse datasets [63].

Additionally, achieving real-time diagnosis is essential for integrating segmentation
algorithms into clinical workflows. This can be facilitated by designing lightweight mod-
els or employing optimization techniques such as pruning and quantization to reduce
computational demands while maintaining accuracy. Finally, embedding segmentation
algorithms into clinical decision support systems can provide actionable insights for treat-
ment planning. Future research must prioritize interpretability and explainability to build
clinician trust and ensure these models deliver meaningful and reliable guidance for effec-
tive patient management.

The recent advances and future trends in brain tumor image segmentation, as illus-
trated in Figure 2, highlight the progression of technologies and methodologies shaping
this field.
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4. Conclusions
In conclusion, advancements in brain tumor segmentation have significantly improved

accuracy and efficiency, particularly through CNN-based methodologies such as U-Net
and V-Net. These models leverage robust architectures and innovative techniques like
transfer learning, attention mechanisms, and multi-modal fusion to address complex tumor
detection challenges. However, limitations such as data imbalance, generalization issues,
and computational demands remain critical obstacles. Future research must focus on
overcoming these challenges by developing balanced datasets, enhancing model adaptabil-
ity, and optimizing real-time performance while integrating interpretability into clinical
decision support systems for widespread practical applications.
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28. Kaba, Ş.; Haci, H.; Isin, A.; Ilhan, A.; Conkbayir, C. The Application of Deep Learning for the Segmentation and Classification of
Coronary Arteries. Diagnostics 2023, 13, 2274. [CrossRef] [PubMed]

29. Kesav, O.H.; Rajini, G.K. Enhancing Brain Tumor Detection and Classification with Reduced Complexity Spatial Fusion Convolu-
tional Neural Networks. Int. J. Intell. Eng. Syst. 2024, 17, 263–277. [CrossRef]

30. Khan, H.A.; Jue, W.; Mushtaq, M.; Mushtaq, M.U. Brain tumor classification in MRI image using convolutional neural network.
Math. Biosci. Eng. 2020, 17, 6203–6216. [CrossRef] [PubMed]

31. Kurian, S.M.; Juliet, S. An automatic and intelligent brain tumor detection using Lee sigma filtered histogram segmentation
model. Soft Comput. 2023, 27, 13305–13319. [CrossRef] [PubMed]

32. Lefkovits, S.; Lefkovits, L.; Szilágyi, L. HGG and LGG Brain Tumor Segmentation in Multi-Modal MRI Using Pretrained
Convolutional Neural Networks of Amazon Sagemaker. Appl. Sci. 2022, 12, 3620. [CrossRef]

33. Li, B.; Liu, F.; Lv, B.; Zhang, Y.; Gou, F.; Wu, J. Cytopathology image analysis method based on high-resolution medical
representation learning in medical decision-making system. Complex Intell. Syst. 2024, 10, 4253–4274. [CrossRef]

34. Mishra, P.K.; Satapathy, S.C.; Rout, M. Segmentation of MRI Brain Tumor Image using Optimization based Deep Convolutional
Neural networks (DCNN). Open Comput. Sci. 2021, 11, 380–390. [CrossRef]

35. Mohammed, Y.M.A.; El Garouani, S.; Jellouli, I. A survey of methods for brain tumor segmentation-based MRI images. J. Comput.
Des. Eng. 2022, 10, 266–293. [CrossRef]

36. Musa, M.N. MRI-Based Brain Tumor Classification using ResNet-50 and Optimized Softmax Regression. J. Infotel 2024, 16, 598–614.
[CrossRef]

37. Nancy, M.; Sathyarajasekaran, K. SwinVNETR: Swin V-net Transformer with non-local block for volumetric MRI Brain Tumor
Segmentation. Automatika 2024, 65, 1350–1363. [CrossRef]

38. Osadebey, M.; Liu, Q.; Fuster-Garcia, E.; Emblem, K.E. Interpreting deep learning models for glioma survival classification using
visualization and textual explanations. BMC Med. Inform. Decis. Mak. 2023, 23, 225. [CrossRef] [PubMed]

39. Padma Usha, M. PrinciResNet Brain Tumor Classification Technique for Multimodal Input-level Fusion Network. Int. J. Comput.
Digit. Syst. 2024, 15, 1075–1089. [CrossRef]

40. Parvin, S.; Nimmy, S.F.; Kamal, S. Convolutional neural network based data interpretable framework for Alzheimer’s treatment
planning. Vis. Comput. Ind. Biomed. Art 2024, 7, 3. [CrossRef] [PubMed]

41. Paul, J.; Jerusalin Carol, J.; Sivarani, T.S. Enhancing Brain Tumor Classification with VGG-19 in Deep Learning Paradigms. SSRG
Int. J. Electron. Commun. Eng. 2024, 11, 41–50. [CrossRef]

https://doi.org/10.1109/TPAMI.2019.2956516
https://doi.org/10.1016/j.media.2023.103046
https://www.ncbi.nlm.nih.gov/pubmed/38052145
https://doi.org/10.1038/s41598-024-54864-6
https://doi.org/10.31436/iiumej.v25i2.2963
https://doi.org/10.1038/s41597-024-03634-0
https://www.ncbi.nlm.nih.gov/pubmed/39019912
https://doi.org/10.3390/brainsci13040650
https://doi.org/10.3390/jimaging10040077
https://www.ncbi.nlm.nih.gov/pubmed/38667975
https://doi.org/10.22059/JITM.2020.78889
https://doi.org/10.3390/engproc2023059144
https://doi.org/10.18280/ria.370603
https://doi.org/10.3390/s24030928
https://doi.org/10.3390/brainsci12060797
https://www.ncbi.nlm.nih.gov/pubmed/35741682
https://doi.org/10.1038/s41597-024-03295-z
https://www.ncbi.nlm.nih.gov/pubmed/38744868
https://doi.org/10.3390/diagnostics13132274
https://www.ncbi.nlm.nih.gov/pubmed/37443668
https://doi.org/10.22266/ijies2024.0229.25
https://doi.org/10.3934/mbe.2020328
https://www.ncbi.nlm.nih.gov/pubmed/33120595
https://doi.org/10.1007/s00500-022-07457-2
https://www.ncbi.nlm.nih.gov/pubmed/36105824
https://doi.org/10.3390/app12073620
https://doi.org/10.1007/s40747-024-01390-7
https://doi.org/10.1515/comp-2020-0166
https://doi.org/10.1093/jcde/qwac141
https://doi.org/10.20895/infotel.v16i3.1175
https://doi.org/10.1080/00051144.2024.2374179
https://doi.org/10.1186/s12911-023-02320-2
https://www.ncbi.nlm.nih.gov/pubmed/37853371
https://doi.org/10.12785/ijcds/150176
https://doi.org/10.1186/s42492-024-00154-x
https://www.ncbi.nlm.nih.gov/pubmed/38296864
https://doi.org/10.14445/23488549/IJECE-V11I4P105


Eng. Proc. 2025, 84, 66 11 of 11

42. Bakas, S.; Vossough, A.; Reza, S.M.S.; Davatzikos, C.; Iftekharuddin, K.M. Longitudinal brain tumor segmentation prediction in
MRI using feature and label fusion Linmin. Biomed. Signal Process. Control 2019, 55, 139–148. [CrossRef]

43. Potadar, M.P.; Holambe, R.S.; Chile, R.H. Design and development of a deep learning model for brain abnormality detection
using MRI. Comput. Methods Biomech. Biomed. Eng. Imaging Vis. 2024, 12, 1–15. [CrossRef]

44. Rajkumar, R.; Shanthi, D.; Manivannan, K. Efficient Guided Grad-CAM Tuned Patch Neural Network for Accurate Anomaly
Detection in Full Images. Inf. Technol. Control. 2024, 53, 355–371. [CrossRef]

45. Rashed, B.M.; Popescu, N. Medical Image-Based Diagnosis Using a Hybrid Adaptive Neuro-Fuzzy Inferences System (ANFIS)
Optimized by GA with a Deep Network Model for Features Extraction. Mathematics 2024, 12, 633. [CrossRef]

46. Reddy, B.S.; Sathish, A. A Hybrid Method for Magnetic Resonance Brain Images Classification and Segmentation Using Soft
Computing Techniques. J. Artif. Intell. Technol. 2023, 3, 134–141. [CrossRef]

47. Sahoo, S.; Mishra, S.; Brahma, B.; Barsocchi, P.; Bhoi, A.K. SSO-CCNN: A Correlation-Based Optimized Deep CNN for Brain
Tumor Classification Using Sampled PGGAN. Int. J. Comput. Intell. Syst. 2024, 17, 1–18. [CrossRef]
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