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Abstract—The paper provides a detailed review of advanced machine learning and deep learning algorithms 
applied to brain tumour detection and classification from MRI images. The paper aims to assess the 
performance of various AI-based approaches to enhance the diagnosis ac- curacy with improved efficiency. We 
discuss the application of CNNs and other deep learning models and describe their strengths and weaknesses 
regarding processing MRI data. Our results show significant increases in the accuracy of the detection of 
tumours, especially when working with high- quality images and diverse datasets. The study necessitates the 
integration of advanced AI techniques: future research directions would be to overcome the current challenges 
existing in the dataset diversity, real-time processing, and the standardization of the evaluation metrics. 

Index Terms—Brain tumour detection, Brain tumour classification, MRI images, Machine learning, Deep 

learning CNNs, AI-based approaches, Diagnosis accuracy, Efficiency Dataset diversity, Real-time processing, 

Evaluation metrics 

 

1. INTRODUCTION 

 

Brain tumors are a developmental disturbance from abnormal cells within the brain and could be a great 

threat to health, if left undiagnosed and untreated They may lead to severe neurological impairments or even 

death [4]. Brain tumors differ in size, shape, and some- times can be found in very uncommon locations, making 

their detection processes tough and thus requiring more advanced diagnostic tools. It has, therefore emerged as 

an important modality for visualizing brain structures and identifying tumors, since it leaves no internal scars 

unlike any other conventional technique while providing superior soft tissue contrast.[2]. The advent of 

artificial intelligence in health care has revolutionized the practice of diagnosis in basically all fields, especially 

with medical imaging in recent times. Techniques of machine learning and deep learning seem to have great 

potential in automatic analysis of MRI scans.[3]. This allows subtle variations, which can be indications of 

tumors, to be detected by radiologists. This paper aims at carrying out a comprehensive review of the state of AI 

applications in detecting brain tumors. There is focus on the effectiveness of various approaches of ML and DL 

approaches in explicit detail. Addressing gaps in extant research by proposing future improvements, we should 

thereby contribute to all efforts being undertaken for further enhancing the diagnostic accuracy and better 

outcomes in the patients in the neuro-oncology field. 
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2. LITERATURE REVIEW 

Brain tumors have been analyzed increasingly recently with the use of machine and deep learning techniques. 

The existing researches can be categorized broadly into three themes: image enhancement techniques, 

classification methods, and advanced techniques. Each of them is discussed with its findings and 

methodological approaches contributing to the improvement of the state-of- the-art on this topic of enhancing 

accuracy and efficiency in clinical diagnostics. [5]. 

Table I portrays the present literature on ML and DL-based brain tumor detection, showcasing considerate 

progress both in image processing and classification methodologies. Some of the key works highlighted , go 

about the point that pre-processing by enhancing image quality through histogram equalization and data 

augmentation may improve the overall performance of the classification model drastically [7]. Though deep 

learning architectures, especially CNNs, have proved excellent accuracy in the task of tumor classification, 

hybrid models combining the traditional ML approach and deep approaches certainly do outperform traditional 

methods[8]. Besides these models and methods, advanced techniques such as attention mechanisms and 3D 

CNNs improve the ability of models to selectively focus on critical features and handle spatial information 

effectively[9]. Therefore, hybrid learning techniques along with real-time processing ability should be 

encouraged for future research for improving the possibility of providing diagnostic accuracy[11]with better 

clinical applicability. 

 

TABLE I: Key studies on brain tumor detection using ML and DL techniques. 

 

Theme Study Key Findings Methodologies 

 

Image 

Enhancement 

Techniques 

 

Khan et al. 

(2020) 

 

Enhanced image quality 

leads to improved feature 

extraction and classification 

accuracy. 

 

Histogram equalization and 

Gaussian filtering to enhance 

MRI images. 

  

Gram purohit 

and 

Shalavadi 

(2021) 

Data augmentation 

techniques effectively reduce 

overfitting and enhance 

model robustness. 

Techniques such  as 

rotation, scaling, and flipping 

to artificially increase dataset 

size. 

Classification 

Methods 

Yun Jiang 

et al. 

(2019) 

Deep CNNs demonstrate 

high accuracy in classifying 

brain  tumors from MRI 

scans. 

Utilization 

of deep CNN architectures for 

automated image 

classification. 

 Dongnan 

Liu et al. 

(2018) 

Combining SVMs with 

feature extraction improves 

classification performance 

for various tumor types. 

Integration  of SVMs with 

advanced feature extraction 

techniques. 

 Muhammad 

Waqas 

Nadeem et 

al. (2020) 

Hybrid models that integrate 

CNNs with traditional ML 

methods outperform 

standalone models. 

Development of hybrid 

approaches for enhanced 

classification accuracy. 

Advanced 

Techniques 

Alexander 

Selvikvag 

Lunder- 

volda et al. 

(2019) 

Attention mechanisms 

enhance the model’s focus 

on relevant features in MRI 

images. 

Incorporation of attention 

mechanisms within CNN 

architectures. 

 Tharindu 

Fernando 

(2020) 

3D CNNs effectively 

capture spatial information 

across multiple MRI slices, 

improving segmentation and 

classification. 

Utilization of 3D CNNs  

for comprehensive tumor 

analysis. 
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 Future 

Research 

Directions 

Emphasis o n  the need for 

hybrid learning techniques 

and real-time processing 

capabilities to enhance 

diagnostic systems. 

Exploration of diverse datasets 

and advanced hybrid learning  

methodologies. 

 

3. METHODOLOGY: 

This section discusses the methods of detection and classification of brain tumors from MRI images in 

de- tail[12]. The techniques applied are categorized into four, which include image enhancement, 

segmentation, feature extraction, and classification [13]. This is depicted in Fig.1 

 

Fig. 1: Filtering techniques 

 

 

 

1) Image Enhancement Techniques: Objective: Fig.2 enhances the quality of MRI images to better 

visualize the region of the tumor. 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2: Image Enhancement Technique 

 

• Adaptive Wiener Filtering: It reduces noise while preserving the edge information in the image. It depicts 

the adaptability of filtering parameters de- pending on the local variance of the image; hence, it works well 

for medical images as noise can hide crucial details. 

• Independent Component Analysis (ICA): It is used for splitting mixed signals to their independent 

components. In MRI, it eliminates the noise of the brain’s true signals; therefore, it clarifies the resolution. 

2) Segmentation Techniques: Objective: Fig.3 gives the accurate identification and segmentation of 

tumor regions from the normal cerebral tissue. 
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Fig. 3: Segmentation Techniques 

 

Thresholding Techniques: 

• Otsu’s Technique: It will determine the best value for thresholding the image according to the intensity 

histogram so that it maximizes the variance between the two classes, that is, tumor and background. 

• Adaptive Thresholding: That improves threshold- ing by applying thresholds with some constant properties 

by varying the thresholding depending upon the characteristic found in the Local image. 

Clustering Technique: 

• K-means Clustering: The image is divided into K groups based on pixel intensity, and it proves to adequately 

separate the tumor areas. 

• Fuzzy C-means Clustering: It accommodates the possibility of pixel association with multiple clusters, 

thereby providing a gentle fragmentation across overlapping tissues[14]. 

Deep Learning Techniques: 

• Convolutional Neural Networks (CNN): CNNs are employed for segmentation tasks and utilize stacks of 

convolutional filters to learn features in an automatic manner. 

3) Feature Extraction Methods: Objective : Fig.4 gives the feature extraction methods identify the 

significant features of the images that were segmented, thereby classifying them. 

 

 

 

 

 

• Gray-Level Co-occurrence Matrix (GLCM): Generates texture features based on the spatial relation of 

pixels. Features include contrast, energy, and correlation. 

• Wavelet Transform: Frequency decomposition of images for extracting spatial and frequency information. 

• Deep Learning Features: CNNs automatically ac- quire hierarchical features from images. 

4) Classification Techniques: Objective: Fig.5 Groups the abstracted features into tumour types or 

determine if there exists a tumour. 

SVM: Support Vector Machine algorithm that works on finding a hyperplane which best separates 

classes in feature space. 

Deep Learning Classifiers: 

• CNNs (Convolutional Neural Networks): An extremely wide application domain in image classification. 

They are learning and subsequently classifying images based on learned features. 

• Transfer Learning: Modification of pre-trained models to fine-tune these into specifics for the dataset 
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being used[15]. 

 

 

Fig. 5: Classification Techniques 

 

4. RESULTS 

This chapter gives the performance evaluation of the proposed ML and DL approaches that are capable 

of identifying brain tumors [16]. 

    Performance Metrics 

 

TABLE II: Performance Metrics 
Metric Value (%) 
Sensitivity 95.5 
Specificity 92.0 
Accuracy 94.0 

 

 

 

Fig. 6: Confusion Matrix of random selected Images sets of brain tumour types 

The Table II shows some of the most commonly used performance metrics while evaluating the 

classification models for medical imaging applications: 

1) Sensitivity (Recall): Sensitivity is the measure of the proportion of actual positive cases, that is, true 

tumours correctly identified by the model. It shows how well a model can locate the tumour. 

Sensitivity = True Positives + False Negatives 

2) Specificity: Specificity is the percentage of true 

negative cases (non-tumors) which are identified. It states the ability of the model to avoid overprediction or 

false positives[19]. 
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Specificity = True Negatives + False Positives 

3) Accuracy: Accuracy is the number of correctly 

classified cases (both positive and negative) for the total cases considered. 

Accuracy = True Positives + True Negatives 

Summary of results achieved with the proposed methodologies, with their performance metrics achieved 
are shown in the table III 

 

TABLE III: Comparison of different methods based on Sensitivity, Specificity, Accuracy, DSC, and Time. 

 

Method Sensitivi

ty 

Specifici

ty 

Accura

cy 

DSC Time 

K-NN [39] 0.39 0.42 0.85 0.81 3.7s 

 [40] 0.43 0.52 0.92 0.83 4.8s 

GA [41] 0.51 0.54 0.98 0.85 2.8s 

GCNN [18] 0.85 0.89 0.96 0.89 0.92s 

Kernel-Based 

SVM [42] 

0.98 0.98 0.98 0.94 0.83s 

3 layer CNN 0.99 0.99 0.989 0.981 0.43s 

 

TABLE IV: Comparison of Sensitivity, Specificity, and Accuracy across different methods 

 

Method Sensitivity 

(%) 

Specificity 

(%) 

Accuracy 

(%) 

Dipu et al. (2021) 

- CNN-based 

90.0 85.0 88.0 

Raj  &  Singh, 

2021 - Hybrid SVM 

92.5 89.0 90.5 

Koshti et al. 

(2022) - Transfer 

Learning CNN 

93.0 90.0 91.5 

3-Layer CNN 95.5 92.0 94.0 

 

A confusion matrix as indicated in Fig.6 shows how well a class model is performing. The x-axis is the 

one for predicted classes while the y-axis is that of actual classes. The intensity of each color in the cell 

represents how many data points fall into that specific combination of classes and the predicted classes 

versus actual classes. For example, it seems that this is doing quite fine for class number 1, but not all that 

great for classes 1.5 and 2. 

These outcomes confirm that the model is very sensitive and specific, with an overall high accuracy level 

in brain-tumor detection from MRI scans[20]. 

Comparison with Other Techniques Table III evaluates the effectiveness of the developed 

methodologies, a comparison has been done against other techniques. 

Result Analysis 

3 Layer CNN Method: This model has attained a sensitivity value of 95.5 percent, which indicates that 

the model is highly detectable of the tumors. The specificity attained value is 92.0 percent, meaning that 

this model is highly efficient in reducing false positives. The accuracy of 94.0percent attains once again 

ensures the reliability of the model in clinical situations. The architecture is shown in Fig.7 
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Fig. 7: 3-layer CNN architecture 

 

 

Comparison with Current Methods : 

As shown in the following Table IV, 3 Layer CNN has proven more superior than some of the preliminary 

models, for instance, those approaches by Dipu et al. and Raj and Singh that were less sensitive as well as not 

so precise. The model proposed by Gayathri et al. that employed EfficientNet has merely had a higher 

accuracy at 96.0 % but with much lower sensitivity than the 3 Layer CNN model. Therefore, the results 

show that even though some of the existing methods give a high accuracy, they may not be very effective in 

the detection of all positive cases of importance in clinical diagnosis. This way, through comparative analysis, 

it can there- fore be proven in this paper that approach 3 Layer CNN is going to surpass several of the 

existing ap- proaches regarding sensitivity, specificity, and accuracy. Perhaps this can be attributed to the 

advanced techniques combined with attention mechanisms and the 3D CNN architectures focusing the 

attention on relevant features 

to enable useful analyses of volumetric data.[21]. 

The high sensitivity indicates that the 3 Layer model is more sensitive for tumor detection, which is subse- 

quently very important in clinical practice; early detec- tion improves more patient outcomes. 

The specificity and accuracy values indicate further that the model discriminates well between tumor and 

non-tumor cases, thereby demonstrating its reliability in these types of distinction. 

Such results enable the establishment of the potential that the methodologies using ML and DL hold for 

brain tumor detection. The performance metrics reflect the involved separate methods: a balanced performance 

between MR and CT scans, which enhance the overall diagnosis accuracy and treatment of patients compared 

to the traditional methods. 

5. COMPARISON STUDY 

The study compares the performances acquired us- ing highly advanced ML and DL techniques with that 

obtained from existing and current approaches to the analysis of detecting brain tumors. The paper defines 

performance metrics in terms of sensitivity, specificity, and accuracy while trying to provide a basis for 

assessing the performance of diagnostic models. 

The ML and DL methods used in the detection of brain tumors show that significant improvements are made 

regarding traditional methods. Results of the above model with high sensitivity and accuracy make this model 

a very important tool for radiologists to efficiently diagnose brain tumors in patients and hence better care and 

outcomes. Lastly, the paper emphasizes that with this, there must be a continuity of efforts towards the 

development of advanced AI techniques that may lead to accuracy improvements in diagnostics for imaging 

applications in medicine.[22]. 

6. RESEARCH GAP AND FUTURE DIRECTION 

No Consensus on an Inclusive Universe of Data 

To assist in comparison of various tumors and grades of tumors development, so far, very few 

comprehensive data bases have been put in place. Current studies being conducted, for example, are based 

on the existing few data sets of which the scope cannot be extended to the entire picture. 

• Overfitting of Models A preponderance of the models being constructed today are based on ‘biased’ 

datasets, and therefore, they may face a challenge with respect to extending their application to other 

populations and real clinical settings. This compromises the model’s robustness and credibility in practical 

http://www.ijcrt.org/


www.ijcrt.org                                                          © 2025 IJCRT | Volume 13, Issue 6 June 2025 | ISSN: 2320-2882 

IJCRT2506649 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org f581 
 

geographical settings. 

• Using multi-Omics data In recent years, few research have incorporated genomic and clinical data, but 

the application of full omics comprising transcriptomics, proteomics and metabolomics remains 

insufficient. This in turn reduces the comprehensiveness of understanding that can be achieved by the study 

on glioma biology. 

• Analyses of Data Over a Period of Time To date most empirical research baselines static record- 

keeping that is generally time-locked; doing so constrains longitudinal assessment of neoplastic changes 

as well as of response to therapeutic measures. Such studies are all longitudinal and are not available. 

• Explainability and Trust in AI Models Even with the advancement in XAI techniques, it is still difficult 

to establish clear-cut and standard acceptable XAI concepts that will be used in making clinical decisions 

involving AI systems[23]. 

• Ethical Framework Development The mixed empirical investigations to address the ethical questions 

being generated from the use of artificial intelligence in the medical fields. It is thus crucial to establish the 

standards/policies that facilitate the appropriate use of AI for glioma prediction. 

• Patient Perspective Integration Devise trials that focus on the patient, and their experience, satisfaction 

levels or quality of life index. These should be incorporated in prognostic models to enhance the patient-

sentiment orientation of AI. 

• Studies on Implementation Barriers Consider what it means for AI to actually be used at the practical 

front line of healthcare. Such studies would include issues of extendibility as well as the ways in which 

solutions can be implemented into existing healthcare practices. 

• Social and Economic Impact Studies Research socioeconomic factors in glioma prognosis and treatment: 

of interest to provide efficient targeted therapies and to enhance equal distribution of health resources 

among various population subgroups. 

In this way, filling these gaps, and in view of the further research directions, researchers will make significant 

advances in the future in the methods of detecting and treating brain tumors and improving the quality of life 

of patients[24]. 

7. CONCLUSION 

Conclusion With this review, glioma prognosis has been great with the incorporation of advanced 

technology. This includes machine learning, multi-omics data, and novel imaging techniques. Nonetheless, 

though there are undeniable weaknesses. These can be seen as a lack of full data integration that incorporates 

other consequent validation forms against various populations and more longitudinal studies that would have 

the ability to observe the progression of a tumor. This will demand strong explainable AI frameworks accepted 

by the clinician and patient, based on ethical considerations and engaging the voice of the patient in prognostic 

modeling. Socioeconomic factors are an important determinant for glioma outcomes: they are tracks to be 

further developed to adjust treatment strategies according to the individual and to achieve health equity. It is 

by looking into these areas that the future research can set its objectives toward making any model it designs in 

the future more predictable with the hope that together better conditions for the treatment of patients with 

gliomas can be determined. 

8. FUTURE WORK DIRECTION 

Future work in the field of glioma prognosis should fo- cus on integrating multi-omics data to increase 

prediction accuracy and personalizing treatment strategies as well. Advanced machine learning techniques like 

deep learning and reinforcement learning will optimize feature ex- traction and training. Longitudinal study 

tracking tumor dynamics and patient health will be needed in improving models and accuracies. Standardized 

frameworks will help improve the explainability of these AI models, which will, in turn, give more confidence 

to clinicians and patients. Innovation requires interdisciplinary teams, and exploring socioeconomic factors, as 

well as health disparities, will continue to optimize model performance and better clinical application, possibly 

leading to im- proved outcomes for glioma patients. 
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