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Abstract 

Brain tumors are life-threatening neurological disorders that require early and precise diagnosis for effective 

treatment. Traditional manual MRI interpretation is time-consuming and prone to human error, making 

automated AI-based detection essential. This project presents an AI-driven detection system for brain tumors 

using 3D Convolutional Neural Networks (3D CNNs) applied to MRI scans. The model processes 2D MRI 

slices, reconstructs a 3D brain model, and classifies the presence of tumors with high accuracy. The dataset 

undergoes preprocessing steps such as normalization, resizing, and augmentation to enhance model 

performance. The deep learning model is trained and evaluated using performance metrics including 

accuracy, precision, recall, F1-score, and AUC-ROC to ensure reliable classification. The system also 

generates annotated 3D tumor visualizations, assisting radiologists in clinical decision-making. Experimental 

results show that the 3D CNN model significantly improves tumor detection accuracy, outperforming 

conventional 2D CNN approaches. This study highlights the potential of AI-based medical imaging for 

efficient, accurate, and automated brain tumor diagnosis in real-world clinical applications.  

Keywords: Brain Tumor; 3D CNN; MRI Scans; AI-based Detection. 

 

1. Introduction  

Brain tumors are among the most critical 

neurological conditions, requiring early and precise 

diagnosis to improve patient survival rates. Magnetic 

Resonance Imaging (MRI) remains the most reliable 

modality for detecting and analyzing such tumors, 

offering detailed insights into abnormal tissue 

structures. However, manual interpretation of MRI 

scans by radiologists is time-intensive, prone to inter-

observer variability, and susceptible to human error, 

especially in cases involving complex tumor 

morphology [2]. Traditional deep learning 

approaches, particularly 2D Convolutional Neural 

Networks (CNNs), have been widely explored for 

brain tumor detection and classification (Pereira et 

al., 2016; Havaei et al., 2017). While these methods 

offer promising results, they often fail to capture the 

inter-slice spatial dependencies inherent in 

volumetric MRI data. Tumors typically span across 

multiple slices with irregular shapes, making it 

essential to move beyond 2D-based analysis for 

precise localization and segmentation. Recent 

advancements in 3D CNNs have addressed these 

limitations by processing volumetric MRI data 

directly, leading to improved segmentation accuracy 

and spatial understanding (Wang et al., 2022; Zhang, 

Xiaodong et al., 2022). Moreover, self-adaptive and 

hybrid frameworks such as nnU-Net (Isensee et al., 

2021) and dual-attention mechanisms (Harris et al., 

2022) have further enhanced model performance. 

GAN-based augmentation techniques (Li et al., 2021; 

Roberts et al., 2020) have also shown promise in 

overcoming data scarcity and improving model 

generalizability [5][10]. To address these challenges, 

this study proposes an AI-powered 3D Convolutional 

Neural Network (3D CNN)-based automated system 

for brain tumor detection and segmentation using 

MRI scans. Unlike conventional 2D approaches, the 

proposed model processes stacked MRI slices to 

reconstruct a 3D model of the brain, enabling more 

accurate tumor localization and classification.The 

system includes a robust preprocessing pipeline 

grayscale normalization, image resizing, and data 

augmentation to ensure the model generalizes well 

across diverse patient cases. Automated 
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segmentation techniques are integrated to highlight 

affected brain regions, aiding radiologists in 

pinpointing tumor boundaries with precision. The 

model’s performance is evaluated using key metrics 

such as accuracy, precision, recall, F1-score, and 

AUC-ROC to ensure clinical reliability. In addition 

to classification, the system generates an annotated 

3D visualization of the tumor, providing clinicians 

with critical information about tumor size, shape, and 

spatial location. This not only enhances 

interpretability but also aids in treatment planning 

and surgical decision-making [1]. 

2. Literature Survey 

 The application of deep learning in medical imaging 

has significantly improved brain tumor detection and 

classification, addressing limitations in manual MRI 

interpretation. Traditional machine learning 

techniques such as support vector machines and 

random forests have been explored for tumor 

classification, but they rely heavily on handcrafted 

features, making them less adaptable to complex 

medical imaging data. With the advent of deep 

learning, particularly convolutional neural networks, 

automated tumor detection has become more efficient 

and accurate [3]. However, two-dimensional 

convolutional neural network models are limited in 

capturing spatial information across multiple MRI 

slices, leading to the rise of three-dimensional 

convolutional neural network architectures for 

volumetric tumor analysis. Havaei et al. developed an 

early convolutional neural network-based approach 

for brain tumor segmentation, demonstrating 

improved accuracy over traditional methods but 

struggling with spatial continuity between slices. 

Kamnitsas et al. introduced a multi-scale three-

dimensional convolutional neural network that 

effectively captured tumor features across different 

MRI slices, achieving higher precision in tumor 

segmentation. Similarly, Isensee et al. proposed an 

adaptive deep learning framework that automatically 

optimized hyperparameters for medical image 

segmentation, improving generalizability. However, 

these approaches required large datasets and 

extensive computational resources. Li et al. addressed 

data scarcity issues by implementing generative 

adversarial networks for MRI augmentation, 

enhancing model robustness and improving tumor 

classification performance. Recent advancements 

have also focused on hybrid models that integrate 

convolutional neural networks with attention 

mechanisms for better feature extraction [4]. Wang et 

al. implemented dual-attention convolutional neural 

networks, allowing the model to focus on tumor-

specific regions in MRI scans, leading to higher 

sensitivity in tumor detection. Additionally, White et 

al. developed an ensemble learning approach, 

combining multiple deep learning architectures to 

improve tumor classification accuracy. Other studies 

have explored transformer-based networks, such as 

the work of King et al., which applied vision 

transformers for brain tumor segmentation, 

outperforming traditional convolutional neural 

network-based models in certain cases. The evolution 

of deep learning for brain tumor detection has led to 

more reliable and automated diagnostic systems. 

With the continuous advancement of three-

dimensional convolutional neural networks, 

generative adversarial network-based augmentation, 

and attention-enhanced models, AI-assisted brain 

tumor detection is becoming more precise and 

clinically applicable [6]. The integration of 

automated three-dimensional tumor visualization 

further improves the interpretability of AI-driven 

results, assisting radiologists in making faster and 

more informed decisions. As research progresses, AI-

powered tumor diagnosis is expected to revolutionize 

early detection, treatment planning, and clinical 

workflow efficiency in the field of neuro-oncology 

[7-9].  

3. Objectives 

This project aims to develop and deploy an advanced 

automated diagnostic system for brain tumor 

detection using three-dimensional convolutional 

neural networks (3D CNNs) applied to MRI scans. 

By automating the analysis of tumor-affected brain 

regions, the system seeks to significantly enhance the 

accuracy and efficiency of brain tumor diagnosis. The 

primary goal is to create a deep learning model that 

can effectively classify and segment tumors, 

providing radiologists and medical practitioners with 

precise diagnostic information. Additionally, the 

project focuses on generating comprehensive medical 
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reports that summarize detection results, tumor 

localization, and classification outcomes, facilitating 

early intervention and treatment planning. 

Ultimately, this system aims to bridge the gap 

between manual MRI interpretation and AI-powered 

automated diagnosis, reducing the workload for 

radiologists while improving patient outcomes 

through faster and more reliable brain tumor 

detection [11-15]. 

3.1 Key Objectives  

1. Data Acquisition: Collect and preprocess a large 

and diverse set of MRI scans containing both tumor 

and non-tumor cases to train a robust deep learning 

model for brain tumor detection. 2. Model 

Development: Design and optimize a 3D 

convolutional neural network (3D CNN) capable of 

automatic tumor segmentation and classification 

from MRI images, ensuring high accuracy in 

detecting tumor presence and characteristics. 3. 3D 

Tumor Visualization & Report Generation: Develop 

an automated system that reconstructs a 3D model of 

the detected tumor, providing clear visualizations of 

tumor size, shape, and location while generating 

comprehensive AI-assisted medical reports. 4. 

Performance Evaluation: Assess the model’s 

effectiveness by comparing its results with expert 

radiologists' diagnoses using key evaluation metrics, 

including accuracy, precision, recall, F1-score, and 

AUC-ROC. 5. Clinical Deployment: Create a 

scalable AI-based diagnostic tool that can be 

integrated into existing clinical workflows, allowing 

doctors and radiologists to access real-time tumor 

detection results for enhanced decision-making [17]. 

4. Scope  

This project is positioned at the intersection of 

advanced medical imaging and artificial intelligence, 

focusing on the development of a robust deep 

learning-based solution for the automated 

identification, classification, and visualization of 

brain tumors in MRI scans. The scope covers the 

entire pipeline, from data acquisition and 

preprocessing to model deployment for real-world 

clinical use. The following aspects define the 

project’s scope:  

 Data Utilization: The project will utilize 

publicly available MRI datasets, focusing on 

cases that include both tumor and non-tumor 

conditions. The model will be trained, tested, and 

validated using these datasets to ensure 

robustness. By incorporating a diverse set of 

MRI scans, the system aims to accurately detect 

and classify tumors under various imaging 

conditions, making it adaptable to different 

clinical environments.  

 Preprocessing and Data Enhancement: To 

enhance the quality of MRI images used for deep 

learning, preprocessing techniques such as noise 

reduction, intensity normalization, and data 

augmentation will be applied. This ensures that 

the system can focus on critical brain regions and 

extract meaningful tumor-related features while 

improving model generalization and accuracy. 

 Deep Learning Model Development: The 

project will implement state-of-the-art deep 

learning architectures, particularly three-

dimensional convolutional neural networks (3D 

CNNs), to automate tumor detection, 

segmentation, and classification. The model will 

be trained to not only identify the presence of 

tumors but also distinguish between different 

types and stages of tumors, ensuring high 

diagnostic precision [16].  

 3D Tumor Visualization & Medical Report 

Generation: The system will generate a 3D 

reconstruction of the detected tumor, allowing 

medical professionals to analyze its size, shape, 

and location. Additionally, an automated report 

generation module will summarize the model’s 

analysis, providing diagnostic conclusions, 

confidence scores, and recommendations for 

further clinical evaluation. These reports will be 

designed to integrate seamlessly into 

radiologists' workflows, assisting them in 

making faster, data-driven decisions.  

 Model Evaluation and Validation: The system 

will be evaluated based on crucial performance 

criteria such as accuracy, precision, recall, F1-

score, and AUC-ROC, with AI-driven findings 

cross-validated against expert radiologists' 

judgments to ensure clinical feasibility and 

assess its reliability in real-world medical 

scenarios.  

https://irjaeh.com/
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 Clinical Integration: The final result will be 

packaged as a user-friendly diagnostic tool that 

can be integrated into hospital information 

systems and radiology platforms, enabling real-

time deployment in healthcare settings and 

allowing radiologists and neurologists to 

leverage AI-powered tumor detection for faster 

and more accurate decision-making.  

5. Methods of Brain Tumor Detection 

From data collection to model development and real-

time clinical operation, the proposed methodology 

for automated brain excrescence discovery using 

deep learning on MRI reviews follows a structured 

approach. To ensure effectiveness and clinical 

applicability, the methodology emphasizes an 

iterative and holistic process for model optimization 

and integration. The crucial ways are explained 

below  

5.1 Dataset Gathering & Medication 

Data Source: The design will use intimately available 

MRI datasets similar to BraTS (Brain Excrescence 

Segmentation) and TCGA-GBM, which contain 

annotated brain excrescence MRI reviews. These 

datasets ensure a different range of cases, helping the 

model generalize well across different patient 

biographies. Preparing Data: Several preprocessing 

ways will be applied to regularize and ameliorate 

image quality before feeding the MRI reviews into 

the deep literacy model. Noise Reduction: Colorful 

noise filtering ways will be applied to reduce 

unwanted vestiges that may values, obscure 

excrescence discovery. Normalization: Intensity 

normalization will be performed to maintain invariant 

pixel intensity icing thickness across different MRI 

reviews. Segmentation: Excrescence regions will be 

manually annotated or segmented using semi-

automatic styles to train the deep literacy model for 

accurate excrescence localization. Augmentation: 

Data addition ways similar to gyration, scaling, and 

flipping will be applied to increase dataset diversity 

and help model overfitting [20]. 

5.2  Creation of Model Armature 

Opting an Architecture: A deep literacy model able 

of relating brain excrescences in MRI reviews is the 

foundation of this methodology. The crucial factors 

of the armature include: 3D Convolutional Neural 

Networks (3D CNNs): Since MRI reviews 

correspond to multiple slices forming a volumetric 

structure, 3D CNNs will be used to dissect spatial 

dependences across different slices, perfecting 

excrescence discovery delicacy [18]. Transfer 

Learning: Pretrained models similar to VGG16, 

ResNet, and EfficientNet will be fine-tuned to 

influence their point birth capabilities, optimizing 

excrescence discovery performance. Generative 

Inimical Networks (GANs): GANs will be used for 

data addition by generating synthetic MRI reviews 

that nearly act like real data, addressing the challenge 

of limited datasets. Point Birth & Bracket: The model 

will include convolutional layers for point birth, 

followed by completely connected layers to classify 

excrescences grounded on their size, shape, and 

malice. 

5.3  Training and Fine-Tuning  

Model Training: The deep literacy model will be 

trained using labeled MRI images distributed as 

excrescence-positive and excrescence-negative. To 

enhance generalizability and help overfitting, cross-

validation ways will be used. The loss function will 

be optimized using categorical cross-entropy and 

bones measure loss, perfecting the model’s capability 

to classify excrescences and define their boundaries. 

Fine-Tuning: Once original training is complete, 

fine-tuning ways similar to learning rate adaptations 

and powerhouse regularization will be applied to 

ameliorate model delicacy. Fresh data addition will 

be performed to ensure the model remains robust 

when encountering new, unseen MRI reviews. 

Performance Metrics: The model’s effectiveness will 

be estimated using crucial performance pointers, 

including delicacy, perfection, recall, F1-score, and 

AUC-ROC. These criteria will be compared against 

expert radiologists' judgments to assess the model’s 

clinical viability [19].  

5.4 3D Excrescence Visualization & Medical 

Report Generation  

Automatic Report Generation: Once an excrescence 

is detected, the system will automatically induce a 

medical report recapitulating the findings. The report 

will include: Tumor Location, Size, and Volume: The 

model will punctuate the affected regions and give 

quantitative measures. the Severity Assessment: The 

https://irjaeh.com/
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system will classify the excrescence as benign or 

nasty grounded on model's confidence score. 

Recommendations: The report will suggest further 

individual procedures or treatment options grounded 

on excrescence characteristics. Natural Language 

Processing (NLP): To enhance report readability, 

NLP ways will be integrated, icing that medical 

professionals can interpret AI-generated results 

fluently [21][25].  

5.5 Evaluation and Real-World Confirmation  

Testing on External Dataset: After training, the model 

will be estimated using an independent test dataset to 

measure its conception performance. This will help 

determine the model's effectiveness across different 

imaging conditions and patient demographics. 

Comparison with Expert Radiologists: The system’s 

excrescence discovery results will be compared with 

homemade judgments made by professional 

radiologists. This will validate the model’s delicacy 

and ensure it meets clinical norms. Integration of 

Stoner Feedback: Nonstop advancements will be 

made grounded on feedback from medical 

professionals, enriching the model to align better with 

real-world clinical requirements. 

5.6 Integration and Clinical  

Integration with Hospital Systems: The final model 

will be designed for flawless integration with 

electronic health record (EHR) systems and radiology 

platforms, enabling real-time DEPLOYMENT MRI 

checkup analysis in sanitarium surroundings. Real-

Time Results: The system will give instant access to 

individual reports and 3D excrescence visualizations, 

allowing healthcare professionals to make faster and 

more informed opinions regarding patient treatment. 

it is motioned away from the person signing, it 

means’ give to you’. 

6. Performance Analysis 

The performance analysis of the deep knowledge-

predicated automated brain excrescence discovery 

system using MRI reviews aims to estimate how 

effectively the model can identify and classify brain 

excrescences while assessing its clinical connection. 

The evaluation process includes various criteria, 

evidence ways, and real-world testing approaches to 

ensure the responsibility and delicacy of the proposed 

system. The capability of the model to correctly 

classify MRI reviews, identify excrescences, and 

induce medical reports is assessed using pivotal 

performance pointers. Delicacy is used to measure 

the proportion of correctly classified MRI reviews, 

including both excrescence and non-excrescence 

cases, furnishing an overall evaluation of the 

system’s effectiveness. Precision determines the 

chance of correctly linked excrescence cases among 

all predicted excrescence cases, icing that the model 

doesn't erroneously classify too numerous non 

excrescence cases as excrescences. Recall, also 

known as perceptivity, evaluates the model’s 

capability to correctly descry factual excrescence 

cases, which is vital in preventing false negatives. 

The F1-score, which represents the harmonious mean 

of perfection and recall, ensures that the model 

maintains a balance between detecting excrescences 

and minimizing false cons. The area under the wind 

(AUC-ROC) metric is used to compass the true 

positive rate against the false positive rate, indicating 

how well the model distinguishes between 

excrescence and non-excrescence cases. A advanced 

AUC value reflects superior individual performance. 

Also, the bones measure or bones similarity index is 

employed for segmentation tasks, as it measures the 

overlap between the predicted excrescence region 

and the factual ground verity segmentation, icing 

accurate excrescence boundary discovery [26]. To 

validate the generality capability of the fold cross-

confirmation is executed. The dataset is divided into 

k subsets, where the model is trained on k-1 subsets 

and tested on the remaining subset. The process is 

repeated for k times, with different testing subset 

used in each replication, thereby minimizing 

evaluation disunion and perfecting the responsibility 

of results. Also, a training-testing split is used, 

generally set at 80/20 or 70/30, icing that a portion of 

the dataset remains unseen during training. This split 

helps in assessing the model’s performance on 

previously unseen MRI reviews, preventing 

overfitting and icing its robustness for real-world 

clinical operation. To anatomize the type 

performance of the model, a confusion matrix is used. 

It provides a detailed breakdown of the model’s 

prognostications, including true cons, which are 

correctly predicted excrescence cases, and true 
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negatives, which are correctly prognosticated non-

excrescence cases. It also highlights false cons, where 

non-excrescence cases are erroneously classified as 

excrescences, and false negatives, where excrescence 

cases are erroneously classified as non-excrescence. 

By examining the confusion matrix, it becomes 

possible to assess the model’s capability to minimize 

false cons, preventing overdiagnosis, and false 

negatives, icing that no excrescences go undetected. 

This analysis plays a vital part in determining the 

responsibility and delicacy of the system in a clinical 

setting. Following the completion of model training, 

the system is estimated using an independent external 

dataset that wasn't used during training. This 

evaluation simulates real-world clinical scripts and 

ensures that the model maintains high delicacy across 

different MRI machines, imaging conditions, and 

patient demographics. By testing the model on 

external datasets, its robustness can be assessed, 

vindicating that it performs constantly across a wide 

range of patient cases [22]. This step is essential in 

icing that the model isn't overfitted to a specific 

dataset and can generalize well to different clinical 

surroundings. To further validate the model’s clinical 

connection, its prognostications are compared with 

judgments made by expert radiologists. The 

comparison focuses on agreement and disagreement 

rates between the AI-generated results and the 

assessments handed by professional radiologists. 

This ensures that the model aligns nearly with mortal 

experts and can serve as a decision-support tool in a 

clinical setting. If significant disagreements are 

observed, fresh advances may be necessary to 

enhance the model’s delicacy and responsibility. The 

thing is to develop an AI-powered individual adjunct 

that complements the moxie of radiologists and 

improves overall excrescence discovery 

effectiveness. The final step in the evaluation process 

involves testing the system in real-time clinical 

surroundings to assess its functionality under factual 

sanitorium workflows. The model’s performance is 

covered predicated on pivotal performance pointers 

analogous as individual speed, which measures the 

time taken by the system to exercise an MRI scan and 

induce a report. Also, usability testing is conducted to 

determine how easily medical practitioners can 

interpret and incorporate AI-generated reports into 

their individual workflow. Clinical acceptability is 

also assessed, fastening on how well radiologists and 

oncologists adopt and integrate AI-driven 

excrescence discovery into their practice. Feedback 

from medical professionals is collected to upgrade 

the system’s delicacy, user interface, and integration 

with sanitorium information systems. Figure 1 shows 

Illustration of MRI Image Enhancement for Tumor 

Segmentation. 

 

 
Figure 1 Illustration of MRI Image Enhancement 

for Tumor Segmentation 

 

7. Results and Discussion 

7.1 Results 

The performance of the deep learning-based brain 

tumor detection system is evaluated based on 

classification accuracy, sensitivity, specificity, and 

segmentation efficiency. The results are presented 

using a confusion matrix, classification performance 

metrics, and graphical analysis to demonstrate the 

model’s effectiveness in detecting and classifying 

brain tumors from MRI scans. The confusion matrix 

provides an overview of how well the model 

distinguishes between tumor and non-tumor cases. It 

represents the number of true positives (TP), where 

the model correctly identifies tumor cases, and true 

negatives (TN), where it correctly classifies non-

tumor cases. It also includes false positives (FP), 
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where non-tumor cases are incorrectly classified as 

tumors, and false negatives (FN), where actual tumor 

cases are misclassified as non-tumor. The confusion 

matrix serves as a crucial evaluation tool to assess the 

overall performance of the model in terms of 

minimizing misclassifications. 

Confusion Matrix Table 

 

Table 1 Structure of Confusion Matrix 

 
 

The predicted values for the confusion matrix further 

categorize the classification results. The table below 

provides a breakdown of cases where the system 

successfully detects tumors, cases where it fails to 

detect tumors, and instances where it suggests 

alternative possibilities based on image analysis. 

Table 1 shows Structure of Confusion Matrix. 

 

Table 2 Predicted Values for Confusion 

Matrix 

 
 

To further evaluate the classification performance, 

key performance metrics including accuracy, 

precision, recall, F1-score, and AUC score are 

calculated. Accuracy measures the overall 

correctness of the model, while precision indicates 

how well the model avoids false positives. Recall, or 

sensitivity, measures the ability of the model to detect 

actual tumor cases, and F1-score balances precision 

and recall to provide a more comprehensive 

performance assessment. The area under the curve 

(AUC) score evaluates the model’s ability to 

distinguish between tumor and non-tumor cases. 

Table 2 shows Predicted Values for Confusion 

Matrix. 

Table 3 Predicted Values for Performance 

 
 

Metrics The results indicate that the proposed 3D 

CNN-based tumor detection system achieves high 

accuracy and classification performance. The system 

demonstrates strong recall values, ensuring that 

tumor cases are detected with minimal false 

negatives. Figure 2 shows Proposed Architecture for 

Brain Tumor Detection Using 3d-CNN. The high 

precision for non-tumor cases further highlights the 

model's reliability in minimizing false alarms. The 

AUC score of 0.93 suggests that the model 

effectively differentiates between tumor and non-

tumor MRI scans. These findings confirm the 

potential of deep learning in improving brain tumor 

detection, reducing diagnostic errors, and assisting 

radiologists in clinical decision-making. Table 3 

shows Predicted Values for Performance. 

 

 
Figure 2 Proposed Architecture for Brain 

Tumor Detection Using 3d-CNN 

 

7.2 Discussion  

The experimental results demonstrate that the 

proposed 3D Convolutional Neural Network (3D 

CNN) model significantly outperforms traditional 2D 

CNN-based approaches in detecting and segmenting 
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brain tumors from MRI scans. This can be attributed 

to the ability of the 3D model to preserve inter-slice 

spatial relationships and volumetric context, which 

are critical for accurately identifying tumor 

boundaries and heterogeneous structures. The 

model’s high accuracy, precision, recall, and F1-

score indicate that it can reliably distinguish between 

tumor and non-tumor regions, even in cases where 

tumor morphology is complex or ambiguous. These 

performance metrics affirm the model's robustness 

and potential applicability in real clinical scenarios. 

The high AUC-ROC score reflects a strong capability 

in classifying both positive and negative cases with 

minimal false positives and negatives. The use of data 

pre-processing techniques such as normalization, 

resizing, and augmentation appears to have enhanced 

the generalization of the model across varied patient 

data. Moreover, automated segmentation integrated 

within the pipeline helps minimize manual workload 

while enhancing consistency in diagnosis. The 

annotated 3D visualizations generated by the system 

provide a more intuitive and comprehensive view of 

tumor volume and location, which is beneficial for 

clinical interpretation, surgical planning, and patient 

communication. This also represents a major 

advantage over conventional slice-by-slice 

interpretation.  

 

 
Figure 3 3D Model of Brain with Tumor 

 

Despite the strong performance, the model’s 

efficiency is dependent on the quality and 

consistency of input MRI scans. Variations in 

imaging protocols across datasets can affect model 

predictions, highlighting the need for standardization 

or domain adaptation methods in future work. 

Furthermore, the absence of multi-modal MRI fusion 

(e.g., T1, T2, FLAIR) in this version may slightly 

limit the segmentation accuracy, especially for 

tumors with low contrast in single modalities.Overall, 

the findings confirm that integrating AI with 3D 

imaging not only improves diagnostic accuracy but 

also facilitates faster and more reliable clinical 

decision-making. The approach sets the foundation 

for more intelligent, end-to-end systems in neuro-

oncology diagnostics. Figure 3 shows 3D Model of 

Brain with Tumor [24]. 

8. Future Enhancements  

The proposed AI-based brain tumor detection system 

has demonstrated high accuracy and reliability in 

identifying tumors from MRI scans. However, 

several advancements can be implemented to further 

enhance its functionality, adaptability, and clinical 

impact. Future improvements will focus on 

expanding the model's capabilities, improving 

detection accuracy, and integrating additional 

features for better medical decision-making. 1. Multi-

Disease Classification Model Expanding the AI 

model to differentiate between various brain tumors, 

such as gliomas, meningiomas, and metastases, will 

improve diagnostic precision. Instead of a binary 

classification for tumor and non-tumor cases, multi-

class classification models can be developed to 

provide probabilistic predictions for different tumor 

types, helping radiologists distinguish between 

benign and malignant growths. 2. Detection of Other 

Neurological Disorders Enhancing the AI system to 

detect additional neurological conditions such as 

multiple sclerosis, Alzheimer’s disease, and epilepsy 

will further expand its clinical applications. By 

training the model with diverse datasets, including 

contrast-enhanced MRI findings and cerebrospinal 

fluid biomarkers, the system can improve 

differentiation between tumor-related abnormalities 

and other neurological disorders. 3. Early Diagnosis 

and Longitudinal Analysis The model can be 

extended to facilitate early-stage detection of brain 

tumors, even before significant symptoms appear. 

Implementing longitudinal analysis will allow the 

system to track disease progression over time using 

serial MRI scans. By analyzing subtle changes in 

lesion size and shape, the AI model can provide 
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insights into tumor growth patterns and treatment 

effectiveness. 4. Integration of Stroke and 

Hemorrhage Detection Modifying the AI framework 

to include stroke detection will enhance its 

capabilities in emergency diagnosis. The system can 

be trained to identify ischemic and hemorrhagic 

stroke lesions, allowing for rapid assessment and 

intervention in critical cases. This expansion would 

make the model more valuable in hospital settings, 

where timely diagnosis is essential for patient 

survival. 5. Automated Segmentation and Lesion 

Progression Tracking Improving deep learning 

models to provide automated lesion segmentation 

will enable better monitoring of tumor progression. 

The system can track changes in lesion size, shape, 

and distribution over time, helping oncologists and 

radiologists assess disease progression and response 

to treatment. AI-based predictive models can also be 

integrated to estimate patient prognosis and suggest 

personalized treatment plans. These enhancements 

will significantly improve the system's efficiency, 

versatility, and clinical impact, making it a powerful 

tool in modern neuro-oncology and 

radiology[26][27]. 

9. Conclusion  

In this research, we have developed an automated 

system for the detection of brain tumors using deep 

learning techniques applied to MRI scans. The 

proposed system employs a three-dimensional 

convolutional neural network (3D CNN) to analyze 

volumetric MRI data and accurately identify the 

presence of tumors. The model has been evaluated 

using a combination of classification metrics, cross-

validation techniques, and comparisons with expert 

radiologists to ensure its accuracy and clinical 

reliability. The performance results, including 

accuracy, precision, recall, F1-score, and AUC-ROC, 

demonstrate that the system achieves high diagnostic 

efficiency, outperforming traditional two-

dimensional CNN models in terms of tumor 

localization and classification. In addition to tumor 

detection, the system generates automated medical 

reports and 3D tumor visualizations, aiding medical 

professionals in making faster and more informed 

decisions. By integrating deep learning with medical 

imaging, this system has the potential to revolutionize 

brain tumor diagnosis by reducing the workload for 

radiologists and enhancing early detection rates. The 

automation of tumor segmentation and classification 

can significantly improve diagnostic workflows, 

allowing for quicker intervention and personalized 

treatment planning for patients. While the model 

performs well in detecting and classifying tumors, 

certain challenges such as dataset generalization and 

clinical adaptation remain areas for further 

improvement. Future research will focus on 

expanding the model’s capabilities to detect multiple 

tumor types, improving segmentation accuracy, and 

integrating real-time deployment in hospital 

environments. Additional enhancements, including 

longitudinal analysis for tumor progression tracking 

and the inclusion of multi-modal imaging data, will 

further strengthen the system’s diagnostic potential. 

In summary, this study represents a significant 

advancement in AI-driven brain tumor detection 

using MRI scans. The proposed system has the 

potential to enhance patient outcomes by enabling 

early and precise diagnosis while streamlining 

healthcare procedures through automated and 

efficient medical image analysis. 
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