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Abstract- Brain tumor diagnosis using Magnetic Resonance Imaging (MRI) is a critical task in medical imaging, requiring 

accurate and timely identification of different tumor types. This study proposes an efficient supervised deep neural network-based 

approach for multiclass brain tumor diagnosis, aiming to classify MRI images into four categories: glioma tumor, meningioma 

tumor, pituitary tumor, and no tumor. Traditional diagnostic methods are often time-consuming and dependent on expert 

interpretation, which can lead to variability and potential errors. To address these challenges, the proposed model leverages the 

power of deep learning to automate feature extraction and improve classification performance.The framework incorporates a 

convolutional neural network (CNN) as a feature extractor, enhanced with an attention mechanism to focus on the most relevant 

regions of MRI images. Preprocessing techniques such as resizing, normalization, and data augmentation are applied to improve  

image quality and increase dataset diversity. The model is trained using labeled MRI datasets under a supervised learning 

paradigm, employing categorical cross-entropy loss and the Adam optimizer for efficient convergence. Experimental results 

demonstrate that the proposed approach achieves high accuracy, precision, recall, and F1-score, outperforming conventional 

methods and baseline deep learning models.Overall, the proposed system provides a robust and efficient solution for automated 

multiclass brain tumor diagnosis. It reduces human intervention, enhances diagnostic consistency, and supports early detection of 

brain abnormalities. The integration of advanced deep learning techniques with medical imaging has significant potential to 

improve clinical decision-making and patient outcomes, making this approach valuable for real-world healthcare applications. 
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I. INTRODUCTION 

Brain tumors are among the most critical neurological 

disorders, requiring early and accurate diagnosis to improve 

patient survival rates and treatment outcomes. These tumors 

can be broadly categorized into different types such as 

glioma, meningioma, and pituitary tumors, each with distinct 

characteristics and clinical implications. Magnetic Resonance 

Imaging (MRI) is widely used for brain tumor detection due 

to its ability to provide high-resolution images of soft tissues. 

However, manual analysis of MRI scans is time-consuming 

and highly dependent on the expertise of radiologists, which 

may lead to variability and potential diagnostic errors. 

In recent years, artificial intelligence, particularly deep 

learning, has shown remarkable success in medical image 

analysis. Supervised deep neural networks, especially 

Convolutional Neural Networks (CNNs), have proven highly 

effective in automatically extracting complex features from 

MRI images. Unlike traditional machine learning approaches 

that rely on handcrafted features, deep learning models learn 

hierarchical representations directly from data, enabling more 

accurate and efficient classification. This advancement has 

opened new possibilities for automated brain tumor diagnosis 

and multiclass classification tasks. 

Multiclass brain tumor diagnosis involves classifying MRI 

images into multiple categories such as glioma tumor, 

meningioma tumor, pituitary tumor, and no tumor. This is 

more challenging than binary classification due to the subtle 

differences between tumor types and variations in size, shape, 

and intensity across MRI scans. To address these challenges, 

advanced architectures incorporating attention mechanisms 

and optimized network designs have been introduced. These 

approaches enhance feature learning by focusing on the most 

relevant regions of the image, thereby improving 

classification accuracy and robustness. 

This study proposes an efficient supervised deep neural 

network-based approach for multiclass brain tumor diagnosis 

using MRI images. The proposed framework integrates 

preprocessing techniques, a CNN-based feature extractor, and 

an attention mechanism to achieve high-performance 

classification. By leveraging labeled datasets and supervised 

learning, the model aims to provide accurate, fast, and 

automated diagnosis of brain tumors. The approach not only 
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reduces human effort but also supports clinical decision-

making, contributing to the advancement of intelligent 

healthcare systems. 

II. RELATED WORK 

Recent studies in brain tumor diagnosis have increasingly 

focused on deep learning-based multiclass classification 

using MRI images, as traditional diagnostic approaches are 

often time-consuming and prone to human error. A study 

published in 2024 proposed a convolutional-block-based 

CNN architecture capable of effectively distinguishing 

multiple tumor types from MRI scans, highlighting the 

robustness of deep learning in handling complex tumor 

patterns . Similarly, research in BMC Medical Imaging 

emphasized the need for fully automated systems, 

demonstrating that hybrid CNN models can significantly 

improve early detection and classification accuracy compared 

to manual or biopsy-based methods . 

Several works have explored customized and optimized CNN 

architectures to enhance multiclass brain tumor classification. 

For instance, a Springer study (2024) investigated different 

CNN layer configurations and pre-trained models to 

determine optimal architectures for MRI-based tumor 

diagnosis . In parallel, advanced architectures such as 

residual networks and region-based CNNs have been 

introduced to better capture spatial and contextual features in 

MRI images, improving classification performance in 

complex cases . These approaches demonstrate that deeper 

and more structured networks can extract richer features, 

leading to more accurate predictions. 

Recent advancements (2025–2026) have incorporated 

attention mechanisms, ensemble learning, and explainable AI 

into deep neural networks. A multi-path CNN with channel-

wise attention significantly improved feature representation 

by focusing on relevant tumor regions, addressing the 

challenge of heterogeneous tumor appearance. Additionally, 

ensemble methods combining multiple CNN models have 

been shown to enhance robustness and diagnostic reliability 

by leveraging the strengths of different architectures . 

Furthermore, explainable AI models are being developed to 

provide visual interpretations of predictions, increasing trust 

and usability in clinical environments . 

Overall, the literature indicates a clear trend toward efficient 

supervised deep neural network frameworks that integrate 

preprocessing, feature extraction, attention mechanisms, and 

classification in a unified pipeline. While traditional machine 

learning methods like SVM have been explored, they often 

struggle with complex multiclass scenarios compared to deep 

learning models . These advancements highlight the growing 

importance of intelligent, automated systems for accurate 

multiclass brain tumor diagnosis, forming the foundation for 

the proposed approach. 

III. PROPOSED SYSTEM 

The proposed architecture is designed to classify brain 

tumors into four categories: glioma_tumor, 

meningioma_tumor, no_tumor, and pituitary_tumor. The 

workflow begins with MRI data input, followed by 

preprocessing, deep feature extraction, classification, and 

performance evaluation. The structured and color-coded 

design clearly represents each stage of the pipeline, making 

the overall system easy to understand and suitable for 

research and clinical applications..The overall flow of the 

system is illustrated in Fig. 1. 

Fig.1.Proposed Architecture of Brain Tumor.
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The first stage involves input MRI datasets, which include 

multiple imaging modalities such as T1, T2, FLAIR, and 

T1c. These modalities provide complementary information 

about brain tissues and tumor characteristics. The dataset 

contains labeled images for all four classes, enabling 

supervised learning. Using diverse MRI modalities improves 

the model’s ability to detect subtle differences between tumor 

types, which is essential for accurate multiclass classification. 

In the preprocessing stage, several important operations are 

applied to improve data quality and consistency. Images are 

resized (e.g., 224×224) to match the input requirements of the 

neural network. Noise removal and intensity normalization 

enhance image clarity and standardize pixel distributions. 

Data augmentation techniques such as rotation, flipping, 

zooming, and shifting are used to increase dataset diversity 

and reduce overfitting. The dataset is then split into training, 

validation, and testing sets (typically 70%, 15%, and 15%) to 

ensure reliable evaluation. 

The core component is the proposed supervised deep neural 

network architecture, which includes a CNN-based feature 

extractor followed by an attention mechanism (CBAM). 

Multiple convolutional blocks (with increasing filters such as 

64, 128, 256, and 512) extract hierarchical features from MRI 

images. Batch normalization, ReLU activation, and max 

pooling are applied within each block to improve learning 

efficiency. The CBAM (Convolutional Block Attention 

Module) enhances feature representation by focusing on 

important spatial and channel-wise information. Global 

average pooling reduces dimensionality, and fully connected 

layers with dropout help prevent overfitting before 

classification. 

Finally, the softmax classifier produces multiclass output 

probabilities for the four tumor categories. The model is 

trained using categorical cross-entropy loss and optimized 

with the Adam optimizer. Performance is evaluated using 

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

along with confusion matrix and ROC curves. The 

architecture highlights key advantages, including improved 

feature learning through attention mechanisms, reduced 

overfitting, and high classification accuracy, making it a 

powerful and efficient solution for automated brain tumor 

diagnosis. 

In addition to its strong classification performance, the 

proposed architecture is highly scalable and adaptable for 

real-world deployment in clinical environments. It can be 

integrated with hospital imaging systems to assist radiologists 

in rapid and accurate diagnosis, reducing workload and 

decision time. The modular design allows further 

enhancements, such as incorporating transfer learning, 

ensemble models, or explainable AI techniques for better 

interpretability of predictions. Moreover, the use of 

supervised learning ensures that the model continuously 

improves with more labeled data, making it a reliable and 

evolving tool for advanced brain tumor diagnosis and 

precision healthcare applications. 

 

 

IV. RESULT AND DISCUSSION 

 

 

Fig.2.Brain MRI Dataset. 

 The image displays a structured dataset of brain MRI scans 

categorized into four distinct groups: Glioma Tumor, 

Meningioma Tumor, Pituitary Tumor, and a control group 

labeled "No Tumor." This type of labeled imagery is 

commonly used in medical research and computer science to 

train machine learning models to automatically detect and 

classify different types of brain pathologies. 

 The scans reveal how different tumors appear on an MRI. 

For example, the Glioma images show irregular, invasive-

looking masses within the brain tissue, while the 

Meningioma scans often show well-defined, rounded 

masses pushing against the brain's outer surface. In contrast, 

the Pituitary tumor scans specifically focus on the area at the 

base of the brain, showing growths near the pituitary gland. 

 Visually, the "No Tumor" category serves as a baseline, 

showing healthy brain structures like the symmetrical 

ventricles and clear cerebral tissue. The presence of a tumor 

is typically indicated by areas of high contrast (bright white 

spots) or significant shifts and swelling in the surrounding 

brain anatomy. By comparing these categories, radiologists 

and AI systems can learn the specific visual markers that 

distinguish one tumor type from another. 

 The provided image consists of a four-by-four grid of brain 

MRI slices, with each row representing a different clinical 

state. In the Glioma row, the scans show large, irregular 

white patches that appear to disrupt the normal structure of 

the brain's lobes. The Meningioma images feature very 

bright, well-defined circular masses that seem to push 

against the brain tissue from the outside. The Pituitary tumor 

row focuses on a very specific, small region at the base of 

the brain, appearing as a bright, abnormal spot near the 
midline. 
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Fig.3.Proposed CNN Confusion matrix. 

The image shows a confusion matrix for a Convolutional 

Neural Network (CNN) that has reached 92% accuracy. This 

chart is a standard tool used to evaluate how well an AI 

model classifies data. The vertical axis represents the "True 

Label" (the actual category), while the horizontal axis shows 

the "Predicted Label" (what the AI guessed). Since there are 

four categories (0, 1, 2, and 3), this matrix helps pinpoint 

exactly where the model is succeeding and where it is getting 

confused. 

The bright yellow boxes forming a diagonal line represent the 

model's correct predictions. These values show where the 

predicted label perfectly matches the actual label. For 

example, Class 2 performed the best with 470 correct hits. 

The consistently high numbers in these four squares—

ranging from 455 to 470—indicate that the model is well-

balanced and performs reliably across all different tumor 

types rather than favoring just one. 

The dark purple squares outside the diagonal represent 

misclassifications, or errors. These numbers are quite low, 

mostly hovering between 10 and 15, which is a great sign for 

a medical model. Because these errors are spread out 

relatively evenly, it suggests the model doesn't have a 

specific "blind spot" where it consistently mistakes one 

specific tumor for another. Overall, a 92% success rate 

demonstrates a very high level of precision for automated 

medical diagnosis 

 

Fig.4.Proposed CNN Classification Report 

 

This classification report provides a deep dive into the CNN's 

performance beyond a simple accuracy percentage. It breaks 

down how the model handles each individual category 

(Classes 0, 1, 2, and 3) using specific mathematical lenses. 

The "support" column shows that there are exactly 500 

samples for each class, meaning the test was conducted on a 

perfectly balanced dataset of 2,000 total images. 

The report uses three main metrics to judge the AI's 

"intelligence." Precision tells you how many of the model's 

positive guesses were actually correct, while Recall measures 

how many of the actual tumors the model successfully 

caught. The F1-score then combines these two numbers into a 

single grade. A high F1-score, like the 0.91 to 0.93 seen here, 

indicates that the model is excellent at both being accurate 

and being thorough. 

Overall, the consistency of the numbers is the most 

impressive takeaway. Because the macro average and 

weighted average both land at 0.92, we know the model isn't 

"cheating" by being great at one class while failing another. It 

performs reliably across the board. This level of uniformity is 

crucial in medical settings, as it ensures that one type of 

pathology isn't being overlooked or misdiagnosed more often 

than others. 

 

 

Fig.5. InceptionV3 Confusion matrix. 

This image shows the confusion matrix for the InceptionV3 

model, which achieved an overall accuracy of 88%. Like the 

previous models, this chart uses a grid to compare actual 

categories (True Labels) against what the AI predicted. While 

88% is still a strong score, you can see that the numbers in the 

yellow diagonal squares are slightly lower than the 92% 

model, indicating that this specific architecture had a bit more 

trouble distinguishing between the tumor types. 

The diagonal line shows the correctly identified cases: 440 for 

Class 0, 435 for Class 1, 445 for Class 2, and 440 for Class 3. 

Because each row adds up to 500, we can see that the model is 

consistently missing about 55 to 65 images per category. The 

errors (the purple squares) are very evenly distributed, with 

most showing a value of 20. This means the model doesn't 

have one specific "weakness" but rather a general, slight 

difficulty across all categories. 

In a direct comparison, InceptionV3 is performing slightly 

worse than your "Proposed CNN." While InceptionV3 is a 

very powerful, industry-standard architecture, its lower score 

here suggests that your custom-tuned CNN might be better 
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optimized for the specific textures and shapes found in these 

brain MRI scans. This matrix confirms that while the model is 

stable and balanced, there is more "noise" or confusion in its 

decision-making process compared to your higher-performing 

model. 

 

Fig.6. InceptionV3 Classification Report. 

 

This classification report breaks down the 88% accuracy 

achieved by the InceptionV3 model. It analyzes 2,000 total 

images. Each of the four classes has exactly 500 samples. 

This means the evaluation is statistically balanced and fair. 

The metrics stay consistent between 0.87 and 0.89. Precision 

and recall are nearly identical for every class. The F1-score, 

which balances both, stays steady at 0.88. This indicates the 

model is reliable and avoids major errors. 

The macro and weighted averages match perfectly. This 

shows the model has no bias toward specific categories. It 

performs slightly lower than your 92% CNN model. 

However, it still offers a strong, stable baseline for 

comparison. 

 

 

Fig.7.EfficientNet Confusion matrix. 

 

This image displays the confusion matrix for the EfficientNet 

model. This specific architecture achieved an overall 

accuracy of 85%. The matrix compares the "True Label" 

(actual tumor type) against the "Predicted Label" (what the 

AI identified). It uses a grid to show exactly how many 

images were classified correctly or incorrectly across the four 

categories. 

The bright yellow diagonal squares represent the model's 

successes. Specifically, it correctly identified 420 images for 

Class 0, 425 for Class 1, 430 for Class 2, and 425 for Class 3. 

While these numbers are high, they are lower than the 

previous models you shared. This indicates that while the 

model is functioning well, it is more prone to errors than the 

92% or 88% versions. 

The purple squares show the misclassifications or 

"confusion" points. Most error cells contain between 20 and 

30 mistakes. For example, 30 actual Class 0 images were 

mistakenly labeled as Class 1. Compared to your other 

models, EfficientNet appears to have a slightly harder time 

finding the unique features that distinguish these brain scans. 

 

Fig.8.EfficientNet Classification Report. 

The EfficientNet classification report provides a detailed 

numerical summary of how this specific model performed on 

the brain MRI dataset. With an overall accuracy of 85%, it 

correctly identified 1,700 out of 2,000 total images. The 

"support" column confirms a perfectly balanced test 

environment, where each of the four categories was 

represented by exactly 500 images, ensuring that the final 

score isn't skewed by one particular type of tumor. 

Looking at the individual class metrics, the precision and 

recall values consistently hover between 0.84 and 0.86. This 

narrow range tells us that the model's ability to avoid false 

positives (precision) and its ability to catch all actual cases 

(recall) are very similar. The F1-score, which acts as a 

harmonic mean of those two, stays at a steady 0.85 across all 

classes, indicating that the model is reliable but lacks the 

"sharpness" seen in your higher-performing 92% CNN 

architecture. 

The macro and weighted averages are both exactly 0.85, 

which is a direct result of the equal support for every class. In 

many real-world datasets, one category might have 

significantly fewer samples, causing the weighted average to 

hide poor performance in rare cases. However, here, the 

identical averages prove that the model provides a uniform 

level of predictive power across the entire dataset without 

showing bias toward any single tumor type. 

When placed alongside the other models you've analyzed, 

EfficientNet serves as the baseline for this specific task. 

While EfficientNet is famous for being computationally 

"efficient" and lightweight, it struggled more than 

InceptionV3 (88%) and your proposed CNN (92%) at 

extracting the subtle visual cues in these MRIs. This 

comparison suggests that for medical imaging of this 

complexity, your custom-tuned CNN provides a significant 

clinical advantage over this standard architecture. 
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Fig.9.MobileNet Confusion matrix  

The image illustrates the confusion matrix for the MobileNet 

model, which recorded an overall accuracy of 82%. This 

specific architecture is designed to be lightweight and fast, 

but that efficiency comes with a trade-off in accuracy. By 

comparing the "True Label" against the "Predicted Label," 

this matrix shows that while the model is still functional, it 

struggles significantly more than your previous three models 

when identifying complex brain tumor patterns. 

The diagonal success line shows correct identifications: 410 

for Class 0, 410 for Class 1, 415 for Class 2, and 405 for 

Class 3. While these yellow squares still dominate the chart, 

the numbers have dropped noticeably. MobileNet is correctly 

classifying fewer images per category, which results in its 

lower overall score. Class 2 remains the easiest for the model 

to identify, while Class 3 appears to be the most challenging. 

The purple squares representing errors show much higher 

values here, with many cells reaching 30 or 35 

misclassifications. For instance, 35 actual Class 0 images 

were mistakenly labeled as Class 1. This "noise" is spread 

broadly across the entire matrix, suggesting that the model 

often gets confused between similar textures or shapes. At 

82%, this model makes roughly one mistake for every five 

images it sees, which is a significant drop in reliability for a 

medical diagnostic tool. 

In the context of your broader study, MobileNet represents 

the lowest-performing architecture among the four you've 

tested. While its speed makes it ideal for mobile apps or low-

power devices, it lacks the depth required to match the 92% 

accuracy of your custom CNN. This matrix serves as a clear 

visual argument that for high-stakes medical imaging, more 

complex and specialized model architectures are necessary to 

ensure patient safety and diagnostic precision. 

 

Fig.10.MobileNet Classification Report 

The MobileNet classification report shows an overall 

accuracy of 82% across a total of 2,000 images. Like your 

other tests, the dataset is perfectly balanced with 500 images 

per class. This consistency in the "support" column makes it 

easy to see that MobileNet is the least accurate of the four 

architectures you have evaluated so far. 

The class-by-class data shows that the model's performance is 

relatively flat, with F1-scores ranging only from 0.81 to 0.83. 

Class 2 is the most accurately identified category, while Class 

1 proved to be the most difficult for the model. Because the 

scores are so close to each other, it suggests the model has a 

general limit in its ability to learn these specific medical 

features, rather than a specific failure in one area. 

A closer look at the precision and recall reveals where the 

18% error rate comes from. Class 1 has the lowest precision 

at 0.80, meaning it produced the highest number of false 

positives (guessing a tumor was Class 1 when it wasn't). 

Class 3 had the lowest recall at 0.81, indicating that the 

model missed nearly one out of every five actual cases for 

that category. These gaps are much wider than those found in 

your 92% accuracy CNN. 

In summary, while MobileNet is a popular choice for 

"mobile" or low-power applications due to its speed, this 

report proves it is the weakest performer for this specific 

brain tumor dataset. It lags 10% behind your proposed CNN 

and 6% behind InceptionV3. For a high-stakes task like 

medical diagnosis, these numbers suggest that the 

computational savings of MobileNet may not be worth the 

drop in diagnostic reliability. 

Ultimately, MobileNet’s 82% performance highlights the 

critical "accuracy-efficiency" trade-off inherent in deep 

learning. While it is likely the fastest model to train and 

deploy, the 10% gap between it and the Proposed CNN is a 

significant margin in a medical context where diagnostic 

precision is paramount. This comparison underscores that 

while general-purpose, lightweight architectures are excellent 

for mobile consumer technology, high-stakes fields like 

neuro-oncology require the specialized feature extraction and 

depth found in more robust, custom-designed models to 

ensure patient safety. 
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Table1.Comparison Chat and Evaluation Results 

 

The image presents a comparative performance analysis of 

four deep learning models—MobileNet, EfficientNet, 

InceptionV3, and a Proposed CNN—for multiclass brain 

tumor classification using MRI images. The comparison is 

based on key evaluation metrics including accuracy, 

precision, recall, and F1-score, across four classes: 0 (glioma 

tumor), 1 (meningioma tumor), 2 (no tumor), and 3 (pituitary 

tumor). The visual design uses distinct colors and structured 

panels for each model, making it easy to interpret and 

compare their performance at a glance. 

The MobileNet model shows the lowest performance among 

the four, with an overall accuracy of 82%. Its precision, 

recall, and F1-score values are consistently around 0.81–0.83 

for all classes, indicating stable but moderate classification 

capability. MobileNet is known for its lightweight 

architecture and efficiency, which makes it suitable for 

resource-constrained environments, but this comes at the cost 

of slightly reduced accuracy compared to deeper models. 

The EfficientNet and InceptionV3 models demonstrate 

improved performance, achieving 85% and 88% accuracy, 

respectively. EfficientNet provides a balanced trade-off 

between accuracy and computational efficiency, with metrics 

around 0.84–0.86. InceptionV3 further enhances feature 

extraction through its complex architecture, resulting in 

higher precision and recall values (approximately 0.87–0.89). 

These models show better generalization and are more 

effective in capturing intricate tumor patterns in MRI images. 

The Proposed CNN model outperforms all other models with 

the highest accuracy of 92% and consistently strong 

precision, recall, and F1-scores (~0.92–0.93). The confusion 

matrix and performance overview indicate fewer 

misclassifications and more reliable predictions across all 

tumor classes. This superior performance suggests that the 

proposed architecture is better optimized for multiclass brain 

tumor diagnosis, making it highly suitable for clinical 

applications where accuracy and reliability are critical. 

V. CONCLUSION 

The comparative evaluation of deep learning models for 

multiclass brain tumor diagnosis clearly demonstrates the 

impact of architectural design on classification performance. 

Based on the comparison chart, MobileNet achieved an 

accuracy of 82%, EfficientNet reached 85%, and 

InceptionV3 improved further to 88%, reflecting gradual 

enhancement in feature extraction and model complexity. 

However, the proposed CNN model significantly 

outperformed all baseline models with an accuracy of 92%, 

along with consistently higher precision, recall, and F1-score 

across all tumor classes (glioma, meningioma, no tumor, and 

pituitary). This progression highlights the effectiveness of the 

proposed approach in capturing complex patterns within MRI 

images. The superior performance of the proposed CNN can 

be attributed to its optimized architecture and improved 

feature learning capability, which result in fewer 

misclassifications and better generalization. Unlike 
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lightweight models such as MobileNet, which prioritize 

efficiency, the proposed model balances complexity and 

accuracy, ensuring robust detection of subtle differences 

between tumor types. Compared to EfficientNet and 

InceptionV3, the proposed CNN demonstrates enhanced 

consistency across all evaluation metrics, making it more 

reliable for real-world medical applications where diagnostic 

precision is crucial. In conclusion, the proposed supervised 

deep neural network-based approach provides a powerful and 

efficient solution for multiclass brain tumor diagnosis using 

MRI images. The results from the comparison chart validate 

its superiority over existing models, confirming its potential 

for clinical deployment. By enabling accurate, automated, 

and rapid tumor classification, the proposed system can 

support radiologists in decision-making, reduce diagnostic 

errors, and ultimately contribute to improved patient care and 

outcomes in healthcare systems. 
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