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Abstract— This paper presents a deep learning-based system for brain tumor classification using Magnetic 

Resonance Imaging (MRI) images from a Bangladeshi dataset. Leveraging transfer learning with a 

DenseNet-121 architecture, the system is designed to accurately classify brain tumors into four distinct 

categories: Glioma, Meningioma, Pituitary, and Normal. The methodology involved comprehensive data 

preparation, including image resizing, augmentation, and careful splitting into training, validation, and test 

sets. The model was trained using the Adam optimizer and categorical cross-entropy loss, achieving a high-

test accuracy of 96.52% and robust performance across various metrics, including class-wise precision, recall, 

F1-score, specificity, and micro/macro-averaged ROC-AUC and PR-AUC scores. To enhance transparency 

and trustworthiness, explainability techniques such as Grad-CAM, Grad-CAM++, LayerCAM, and 

ScoreCAM were implemented to visualize the critical regions in MRI scans that influenced the model's 

predictions. These visualizations provided valuable insights into the model's decision-making process, 

confirming its focus on medically relevant features. 

Keywords — Deep Learning, Brain Tumor Classification, Magnetic Resonance Imaging (MRI), Image 

Classification, Medical Imaging, DenseNet-121, Grad-CAM. 

 

I. INTRODUCTION 

Brain tumors are among the most critical and life-threatening neurological disorders, characterized by 

abnormal and uncontrolled cell growth within the brain. Accurate and early diagnosis is essential for effective 

treatment planning and improving patient survival rates. Among various imaging modalities, Magnetic 

Resonance Imaging (MRI) is widely recognized as the most reliable and non-invasive technique for brain 

tumor detection due to its superior soft tissue contrast and high spatial resolution [3]. However, manual 

interpretation of MRI scans is often time-consuming, subjective, and dependent on the expertise of 

radiologists, which may lead to diagnostic variability. 

In recent years, deep learning (DL), particularly Convolutional Neural Networks (CNNs), has revolutionized 

medical image analysis by enabling automatic feature extraction and high-accuracy classification. Numerous 

studies have demonstrated the effectiveness of DL-based systems in brain tumor classification tasks, 

achieving significant improvements over traditional machine learning approaches [1], [2]. These systems are 

capable of classifying tumors into multiple categories such as glioma, meningioma, and pituitary tumors with 

high reliability. 

Transfer learning has further enhanced the applicability of deep learning in medical imaging, especially when 

dealing with limited datasets. By leveraging pre-trained architectures such as DenseNet, ResNet, and 

EfficientNet, models can achieve improved performance while reducing training time and computational cost 
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[4]. Additionally, recent advancements include hybrid and attention-based architecture that improve feature 

representation and robustness in classification tasks [5]. 

Despite these advancements, several challenges persist. One major issue is the lack of region-specific 

datasets, particularly in developing countries like Bangladesh. Models trained on global datasets may not 

generalize well to local populations due to variations in imaging protocols and demographic characteristics. 

Furthermore, the black-box nature of deep learning models raises concerns regarding interpretability and 

clinical trust. To address this, explainable AI (XAI) techniques such as Grad-CAM and its variants have been 

increasingly used to visualize model decisions and highlight clinically relevant regions in MRI scans [6]. 

In this study, we propose a deep learning-based brain tumor classification system using MRI images from a 

Bangladeshi dataset. The proposed framework utilizes transfer learning with a DenseNet-121 architecture to 

classify brain tumors into four categories: glioma, meningioma, pituitary tumor, and normal. Additionally, 

multiple explainability techniques are incorporated to enhance model transparency and reliability. By 

focusing on a region-specific dataset and integrating high-performance classification with interpretability, 

this work aims to contribute to the development of reliable AI-assisted diagnostic tools for brain tumor 

detection in Bangladesh. 

II. Background and Study Motivation 

Brain tumor diagnosis remains a complex and critical task in modern healthcare due to the heterogeneous 

nature of tumors and their varying appearances in Magnetic Resonance Imaging (MRI). Although MRI 

provides high-resolution structural information, accurate interpretation requires significant expertise and is 

often subject to variability among radiologists. This limitation has driven the adoption of automated 

diagnostic systems based on artificial intelligence to enhance accuracy and efficiency. 

Recent advancements in deep learning (DL) have significantly improved the performance of brain tumor 

classification systems. In particular, hybrid architectures combining Convolutional Neural Networks (CNNs) 

with Vision Transformers (ViTs) have demonstrated superior capability in capturing both local and global 

features from MRI images. A meta-ensemble framework proposed in 2025 achieved high robustness and 

classification accuracy by integrating multiple DL models, highlighting the effectiveness of ensemble-based 

approaches [7]. Similarly, optimized hybrid deep learning models incorporating explainable AI mechanisms 

have shown improved generalization and reliability in tumor classification tasks [8]. 

Despite achieving high accuracy, conventional DL models often lack interpretability, which limits their 

acceptance in clinical practice. To address this issue, Explainable Artificial Intelligence (XAI) techniques 

have been integrated into diagnostic frameworks to provide visual explanations of model predictions. 

Methods such as Grad-CAM and Local Interpretable Model-Agnostic Explanations (LIME) have been 

successfully used to highlight tumor-relevant regions in MRI scans, enabling clinicians to better understand 

and trust AI-based decisions [9], [10]. Furthermore, recent studies emphasize that combining interpretability 

with high-performance models significantly enhances clinical applicability and decision support [11]. 

Another critical limitation in existing research is the lack of region-specific datasets. Most DL-based brain 

tumor classification systems are trained on publicly available datasets that primarily represent populations 

from developed countries. These datasets may not capture variations in imaging protocols, genetic factors, 

and demographic characteristics present in regions such as Bangladesh. As a result, models trained on such 

datasets may exhibit reduced generalization when applied in local clinical environments. This highlights the 

necessity of developing AI models trained on indigenous datasets to ensure practical relevance and 

deployment feasibility. 
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The primary motivation of this study is the lack of region-specific brain tumor classification models for 

Bangladesh. Most existing deep learning models are trained on datasets from developed countries, which 

limits their effectiveness when applied to Bangladeshi MRI data due to differences in imaging conditions, 

patient demographics, and tumor characteristics. To address this gap, this study develops a model using a 

locally collected MRI dataset from multiple hospitals, ensuring better real-world applicability. 

Another key motivation is the need for model interpretability. High accuracy alone is insufficient for clinical 

use, as medical professionals require clear explanations of AI decisions. This study integrates explainability 

techniques such as Grad-CAM and LIME to provide visual insights, helping clinicians understand and trust 

the model’s predictions. 

Data scarcity is also a major challenge in developing countries. To overcome this, the study employs transfer 

learning with DenseNet-121, allowing the model to achieve strong performance even with limited annotated 

data. 

 

III. LITERATURE REVIEW 

Recent advancements in smart grid fault detection and medical imaging alike have increasingly leveraged 

deep learning (DL), machine learning (ML), and hybrid signal processing techniques to improve detection 

accuracy, robustness, and real-time applicability. Brain tumor diagnosis remains a complex and critical task 

due to the heterogeneous nature of tumors and their varying appearances in MRI. Recent advancements in 

deep learning have significantly improved the performance of brain tumor classification systems. Despite 

achieving high accuracy, conventional DL models often lack interpretability. Methods such as Grad-CAM 

and LIME have been successfully used to highlight tumor-relevant regions in MRI scans [9], [10]. This 

research develops a highly accurate, deep learning-based diagnostic system using a DenseNet-121 

architecture that classifies Bangladeshi brain MRI scans into four distinct categories (Glioma, Meningioma, 

Pituitary, or Normal) with 96.52% accuracy. It uniquely overcomes the "black box" limitation of traditional 

AI by integrating four Explainable AI techniques (Grad-CAM, Grad-CAM++, LayerCAM, and ScoreCAM) 

to generate visual heatmaps, allowing radiologists to verify that the model's decisions are based on actual 

medical anomalies rather than background noise. 

TABLE 1. Comparative analysis of the proposed framework with recent literature 

Ref. Method or Framework Outcome Limitations 

[12] Multiscale Deep CNN cascaded 

with LSTM 

Accuracy = 89.5% Outputs depend on arbitrary mode 

compositions; Model must run 

across all possible combinations; 

Limited by dataset source 

[13] ResNet-50 architecture with 

added classification head 

Accuracy = 92%  

Precision = 94% 

Limited to binary classification 

(tumor vs. no tumor) Dataset size 

moderate (3847 images) 

Generalization to multi-class 

tumor types not tested 
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[14] Custom 2D CNN with integration 

of handcrafted features (LBP, 

DWT) 

Accuracy = 81.11% (LBP), 

94.11% (DWT), 94% (raw MRI 

with ResNet) 

  Accuracy still lower with LBP 

features; Evaluation limited to 

Br35H dataset 

 Generalization to other 

datasets/modalities (PET, 

SPECT, Biopsy) not tested 

[15] Machine learning classifiers 

(Logistic Regression, others); 

Hybrid ensemble technique; 10-

fold cross-validation 

Accuracy = 89% (small dataset), 

87% (large dataset 

Manual feature extraction 

required (time-consuming, risk of 

poor selection) 

Performance limited 

compared to deep learning; 

Dataset size influenced results 

[16] CFLM (Federated GoogLeNet) 94.4% Accuracy Dataset Bias and Generalization 

Issues 

[17] CNN+region focusedXAI 80% Accuracy Interpretability-first analysis 

[18] Ensemble (VGG16, Dense121, 

IRv2) 

94.8% Accuracy Robust ensemble, Detailed 

saliency analysis. 

 

IV. METHODOLOGY 

A. Dataset Description 

This study employs a publicly available Bangladeshi Brain Cancer MRI Dataset consisting of 1600 raw MRI 

images (400 per class), which are augmented to 6000 images across four categories: glioma, meningioma, 

pituitary tumor, and no tumor. For model training, all images were resized to 224 × 224 × 3 to satisfy the 

input requirements of the DenseNet-121 architecture and to ensure compatibility with pretrained ImageNet 

weights [12]. 

B. Architecture of the Proposed Framework 

The architectural design represents a sophisticated pipeline that transforms raw medical data into a clinical 

diagnosis. It begins by standardizing the input image to a specific resolution. Once resized, the image enters 

the DenseNet-121 core, which acts as a powerful feature extractor. 
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Fig. 1 Proposed Model Architecture 

 

C. Architectural Components and Symbolic Logic 

The structural hierarchy of the network is defined by specific functional blocks: 

• Input: Processes MRI scans as 224x224x3 tensors. 

• Feature Extraction: Utilizes a DenseNet-121 base model. 

• Intermediate Output: Generates Feature Maps. 

• Dimensionality Reduction: Applies GlobalAveragePooling2D. 

• Regularization: Implements a Dropout Layer (0.5). 

• Classification Head: A Dense Layer with 4 units and SoftMax activation. 

• Terminal Output: Produces final diagnosis across 4 Brain Tumor Classes. 

 

 

V. RESULT  

A. System Functionality 

The developed system is an automated pipeline for the classification of brain tumors from MRI scans. It 

handles data ingestion, dynamic 80/10/10 splitting for training, validation, and testing, and real-time image 
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augmentation. The model removes the original top layer of DenseNet-121 and substitutes a custom 

classification head. 

B. Learning Curve Analysis 

The training and validation process of the DenseNet-121 model was meticulously monitored through 

accuracy and loss curves. The Accuracy Curve illustrates the model's performance on both datasets across 

epochs, while the Loss Curve depicts the reduction in prediction error. 

 

 
 

Fig. 2 Model Accuracy and Loss Curves 

 

The training and validation process of the DenseNet-121 model for brain tumor classification shown in figure 

2. The training and validation process of the DenseNet-121 model for brain tumor classification was 

meticulously monitored through accuracy and loss curves. These visualizations provide critical insights into 

the model's learning dynamics, convergence behavior, and generalization capabilities. The training involved 

optimizing the categorical cross-entropy loss function, with accuracy serving as the primary performance 

metric. 

The Accuracy Curve illustrates the model's performance on both the training and validation datasets across 

epochs. A steadily increasing training accuracy indicates effective learning from the provided data. The 

corresponding validation accuracy curve is crucial for assessing generalization; a similar upward trend, 

closely mirroring the training accuracy without significant divergence, suggests that the model is learning 

generalized features rather than memorizing the training data. A notable gap where training accuracy 

continues to rise while validation accuracy plateaus or declines would typically indicate overfitting. 

Conversely, the Loss Curve depicts the reduction in prediction error over successive epochs. The training 

loss, represented by categorical cross-entropy, consistently decreases, reflecting the model's improving 

ability to classify the training images correctly. The validation loss curve is equally important, as it reveals 

how well the model's learned parameters generalize to unseen data. A sustained decrease in both training and 

validation loss, followed by a plateau, points towards success 
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convergence and optimal learning without excessive specialization to the training set. If the validation loss 

begins to increase while training loss continues to fall, it would signify the onset of overfitting, where the 

model starts to perform poorly on new data. 

For the DenseNet-121 model, the observed curves (as plotted in the previous output) demonstrate a robust 

learning trajectory, with both training and validation metrics showing healthy improvement and convergence, 

suggesting that the model has effectively learned to distinguish between the four brain tumor classes. 

 

 

C. One-vs-Rest Precision-Recall Curves Analysis 

Beyond ROC-AUC, Precision-Recall (PR) curves offer an alternative perspective on a classification model's 

performance. For each class, a One-vs-Rest (OvR) approach is employed. The micro-averaged PR curve and 

macro-averaged PR curve are computed to assess overall effectiveness. 

 

 
 

Fig. 3 One-vs-Rest Precision-Recall Curves 

The training and validation process of the DenseNet-121 model for brain tumor classification shown in figure 

3. Beyond ROC-AUC, Precision-Recall (PR) curves offer an alternative perspective on a classification 

model's performance, particularly valuable in situations with imbalanced datasets or when the cost of false 

positives and false negatives is asymmetric. While ROC curves evaluate classifier performance across all 

possible classification thresholds, PR curves focus on the trade-off between precision (the proportion of true 

positive predictions among all positive predictions) and recall (the proportion of true positive predictions 

among all actual positives). For each class in our multi-class brain tumor classification problem, a One-vs-

Rest (OvR) approach is employed to generate its individual PR curve. 

Each class-specific PR curve plots the precision against the recall at various threshold settings, highlighting 

how well the model identifies positive instances for that particular class without erroneously labeling negative 

instances as positive. A curve that stays closer to the top-right corner of the plot (high precision, high recall) 

signifies excellent performance for that class. 

The micro-averaged PR curve and its corresponding micro-averaged PR-AUC score are computed by 

considering all individual true positives, false positives, and false negatives across all classes collectively. 
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This essentially treats the multi-class problem as a single binary classification problem, where a correct 

prediction for any class is counted as a true positive. Micro-averaging is heavily influenced by the 

performance of the more prevalent classes and can be a good indicator of overall predictive performance. 

The macro-averaged PR curve and macro-averaged PR-AUC score are calculated by first computing the PR 

curve and AUC score for each class independently and then taking the unweighted average of these individual 

scores. This approach gives equal weight to each class, regardless of its size, making it particularly insightful 

for understanding performance across rare or minority classes. A high macro-average PR-AUC indicates that 

the model performs well on average across all tumor types, including those that might be less frequent in the 

dataset. 

Interpreting the PR curves in conjunction with the ROC curves provides a comprehensive understanding of 

the DenseNet-121 model's ability to classify brain tumors, especially concerning its effectiveness in precisely 

identifying each specific tumor type while minimizing misclassifications 

 

D. One-vs-Rest ROC Curves Analysis 

Receiver Operating Characteristic (ROC) curves evaluate the model's ability to discriminate between classes. 

Each class-specific OvR ROC curve illustrates the trade-off between True Positive Rate and False Positive 

Rate. 

 

 
Fig. 4 One-vs-Rest ROC Curves 

The training and validation process of the DenseNet-121 model for brain tumor classification shown in figure 

4. Receiver Operating Characteristic (ROC) curves are a fundamental tool for evaluating the performance of 

classification models, particularly when assessing their ability to discriminate between classes. For multi-

class classification problems, the One-vs-Rest (OvR) strategy is commonly 

employed to extend ROC analysis, where each class is evaluated independently against all other classes 

combined. 
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Each class-specific OvR ROC curve illustrates the trade-off between the True Positive Rate (TPR, also 

known as sensitivity or recall) and the False Positive Rate (FPR) for a given class at various classification 

thresholds. The Area Under the ROC Curve (AUC-ROC) provides a single scalar metric that quantifies the 

model's ability to distinguish between positive and negative instances for that class, with values ranging from 

0.5 (random classification) to 1.0 (perfect classification). A higher AUC-ROC indicates better discriminatory 

power. 

To provide an overall assessment of the model's performance across all classes, micro-averaged and macro-

averaged ROC curves and AUC scores are computed: 

The micro-averaged ROC curve is constructed by aggregating the contributions of all classes to compute the 

overall TPR and FPR. This approach treats all individual true positives, false positives, and false negatives 

from each class as a single, large binary classification problem. The micro-averaged AUC-ROC reflects the 

model's performance when all classes are considered together, giving more weight to larger classes. 

The macro-averaged ROC curve is obtained by first calculating the ROC curve and AUC score for each class 

independently and then taking the arithmetic mean of these individual scores. This method gives equal weight 

to each class, regardless of its size or prevalence in the dataset. The macro-averaged AUC-ROC is particularly 

useful for assessing performance across imbalanced datasets, as it prevents the performance of larger classes 

from dominating the overall metric. 

In the context of brain tumor classification, these OvR ROC curves and their corresponding AUC scores 

provide crucial insights into how well the DenseNet-121 model distinguishes each specific tumor type (and 

normal tissue) from all other categories, offering a comprehensive view of its diagnostic capability. 

E. Confusion Matrix Analysis 

The confusion matrix provides a detailed breakdown of classification performance. High True Positives are 

observed on the diagonal, and low False Positives/Negatives highlight that the model rarely confuses one 

tumor type for another. 

 

 
 

Fig. 5 Confusion Matrix 
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The training and validation process of the DenseNet-121 model for brain tumor classification shown in figure 

6. The confusion matrix, as visualized above, provides a detailed breakdown of the classification performance 

of our DenseNet-121 model for this work Each row represents the instances in an actual class, while each 

column represents the instances in a predicted class. This matrix is crucial for understanding not just the 

overall accuracy, but also the specific types of errors the model makes. 

 

From the confusion matrix generated, we can observe the following: 

High True Positives (TP): The diagonal elements of the matrix show a high number of correctly classified 

instances for each brain tumor type (Glioma, Meningioma, Normal, Pituitary). This indicates the model's 

strong ability to correctly identify images belonging to their respective classes. 

Low False Positives (FP) and False Negatives (FN): The off-diagonal elements represent 

misclassifications. The relatively low values in these cells highlight that the model rarely confuses one tumor 

type for another, nor does it frequently mislabel a normal brain as cancerous, or vice-versa. For instance, the 

'Pituitary' class shows particularly low misclassification rates, achieving a high level of precision and recall. 

Class-Specific Performance: While overall performance is excellent, a closer look might reveal subtle 

differences in performance across classes. For example, some minor misclassifications between 'Glioma' and 

'Meningioma' or 'Normal' might be present, which is common in medical image analysis due to subtle visual 

similarities or variations within a class. However, these are minimal in our case, supporting the high F1-

scores seen in the classification report. 

 

F. Classification Performance Evaluation of the Proposed Model 

The model achieved an overall Accuracy of 96.52%. The Macro Average and Weighted Average are identical 

(0.97) due to perfectly balanced test sets (151 images per class). 

TABLE 2. Classification Report of the Proposed Model 

Class Precision Recall F1-score Support 

Glioma 0.95 0.95 0.95 151 

Meningioma 0.96 0.95 0.96 151 

Normal 0.96 0.99 0.97 151 

Pituitary 0.99 0.97 0.98 151 

Macro Avg 0.97 0.97 0.97 604 

 

Table 2 presents the classification report of the proposed deep learning system for brain tumor classification 

using MRI images from Bangladesh. The model is evaluated across four categories—Glioma, Meningioma, 

Normal, and Pituitary—using a balanced test dataset of 151 samples per class, totaling 604 scans. The model 

demonstrates high diagnostic accuracy, achieving a 0.95 F1-score for Glioma, 0.96 for Meningioma, 0.97 for 

Normal, and a peak F1-score of 0.98 for Pituitary tumors. Notably, the system yields its highest precision in 

detecting Pituitary tumors (0.99) and its highest recall in identifying Normal cases (0.99). Overall, the 

proposed architecture achieves a uniform macro average of 0.97 across precision, recall, and F1-score, 

indicating excellent generalization and high reliability across all diagnostic classes. 

 



11 

 

Table 3: Comparative analysis of the proposed framework with recent literature 

 

 

Table 3 provides a comparative analysis of the proposed framework against seven recent state-of-the-art 

methods in literature for brain tumor classification. The performance is benchmarked based on the core 

classification technique used and the achieved accuracy. The compared methods include a multiscale deep 

CNN with LSTM (89.5%), a modified ResNet-50 architecture (92%), a custom 2D CNN with handcrafted 

features like LBP and DWT (81.11%), a hybrid ensemble machine learning classifier with 10-fold cross-

validation (89%), a collaborative federated learning approach using GoogLeNet (94.4%), a region-focused 

explainable AI CNN framework (80%), and an ensemble model combining VGG16, DenseNet-121, and 

Inception-ResNet-v2 (94.8%). Outperforming all existing literature, the proposed model utilizes a standalone 

DenseNet-121 architecture to achieve the highest classification accuracy of 96.52%. This comparison 

highlights the superior efficacy of the proposed framework in accurately identifying brain tumors compared 

to both complex hybrid ensembles and traditional deep learning architectures. 

 

 

 

 

Ref Technique Accuracy 

[19] Multiscale Deep CNN cascaded with LSTM Accuracy = 89.5% 

[20] ResNet-50 architecture with added classification head Accuracy = 92% 

[21] Custom 2D CNN with integration of handcrafted features 

(LBP, DWT 

Accuracy = 81.11%  

[22] Machine learning classifiers (Logistic Regression, 

others); Hybrid ensemble technique; 10-fold cross-

validation 

Accuracy = 89%  

[23] CFLM (Federated GoogLeNet) Accuracy = 94.4% 

[24] CNN+region focusedXAI Accuracy = 80% 

[25] Ensemble (VGG16, Dense121, IRv2) Accuracy = 94.8% 

Proposed  DenseNet-121  Accuracy = 96.52% 
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G. Model Deployment 

To ensure accessibility, the model is integrated into a functional UI providing 100.00% confidence analysis 

while overlaying the critical pathological mass locations. 

 

 

 

Fig. 6 System Interface and Prediction 
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Fig. 7 Multi-Method Explainability Heatmaps 

The architectural integration can be described as a comprehensive, clinical-grade diagnostic pipeline. The 

core of the system relies on a DenseNet-121 convolutional neural network that has been finely tuned using 

transfer learning techniques to process raw brain MRI scans into four distinct diagnostic categories: Pituitary, 

Glioma, Meningioma, and Normal tissue. Transitioning this model from an experimental script into a 

production environment requires a systematic sequence of operations that bridges raw healthcare data with 

automated neural feature extraction. 

The deployment pipeline is architected to handle image ingestion, mathematical preprocessing, parallel 

tensor evaluation, and explainable artificial intelligence (XAI) mapping. During the first phase, incoming 

brain MRI images are programmatically captured via an API gateway, where they undergo rigorous 

normalization. This involves decoding the varying medical file formats, adjusting the contrast profiles, and 

strictly resizing the spatial matrix to 224 by 224 pixels across three RGB channels to comply with the model’s 
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static input requirements. Once processed, the image tensor passes into the neural network backend, which 

must be systematically locked into evaluation mode. This configuration is vital because it freezes the moving 

mean and variance values inside the numerous batch normalization layers, ensuring that the model evaluates 

the new clinical scan based on established training distributions rather than dynamically adapting to 

individual outliers. 

A core novelty of this deployment architecture is the real-time generation of explainable heatmaps to support 

clinical decision-making. As the network computes the categorical probability distribution, the system 

simultaneously runs four separate explainability algorithms: Grad-CAM, Grad-CAM++, LayerCAM, and 

ScoreCAM. These frameworks target the final convolutional layers of the DenseNet structure, analyzing the 

gradients and feature maps to compute the precise spatial regions within the brain tissue that triggered the 

classification score. 

When implemented inside a web application container, such as Docker running a FastAPI backend, the user 

interface receives both the final diagnostic prediction string and a multi-layered visualization array. The 

system overlays the four distinct XAI heatmaps onto the original scan, providing radiologists with a 

transparent, verifiable diagnostic tool where the model's ultimate prediction is accompanied by a visual 

justification of the highlighted tumor site. 

 

VI. CONCLUSION 

This research successfully developed and evaluated a deep learning-based system for brain tumor 

classification utilizing DenseNet-121 with transfer learning on a specialized Bangladeshi MRI dataset. The 

system achieved a commendable test accuracy of 96.52%, supported by robust performance across various 

evaluation metrics, including high precision, recall, F1-score, specificity, and ROC-AUC for all four brain 

tumor classes (Glioma, Meningioma, Pituitary, and Normal). These quantitative results underscore the 

model's strong capability in discriminating between different tumor types. 

Furthermore, the integration of explainability techniques, including Grad-CAM, Grad-CAM++, LayerCAM, 

and ScoreCAM, provided critical insights into the model's decision-making process. The visualizations 

confirmed that the model effectively focuses on medically relevant regions within the MRI scans, thereby 

enhancing the trustworthiness and interpretability of its predictions. This interpretability is vital for clinical 

acceptance and practical application in diagnostic settings. 

The high accuracy and demonstrated interpretability suggest that this system holds significant promise as an 

effective diagnostic aid for brain tumor classification, particularly in contexts like Bangladesh where access 

to specialized diagnostic expertise may be limited. Future work will focus on expanding the dataset with 

greater diversity, exploring advanced model architectures, investigating the integration of multimodal patient 

data, and conducting further clinical validation to translate these findings into real-world medical practice. 

 

VII. Future Work 

Building upon the promising results achieved in this study, several avenues for future research are envisioned 

to further enhance the brain tumor classification system: 

I. Expanded and Diversified Dataset: The current study utilized a specific Bangladeshi MRI dataset. 

Future work will focus on acquiring and integrating larger, more diverse datasets from multiple 
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institutions and geographical regions. This will improve the model's generalization capabilities 

across varied patient demographics, MRI scanner protocols, and imaging characteristics, thereby 

increasing its clinical applicability. 

 

II. Integration of Multimodal Data: The current system relies solely on MRI images. Future research 

will explore the integration of multimodal patient data, such as clinical history, genetic markers, 

laboratory results, and other imaging modalities (e.g., CT, PET scans). A comprehensive 

multimodal approach has the potential to provide a more holistic understanding of the disease, 

leading to more accurate diagnoses and personalized treatment strategies. 

 

III. Temporal Analysis and Disease Progression: Implementing models capable of analyzing 

longitudinal MRI data (time-series of scans) could enable the prediction of tumor growth, treatment 

response, and disease progression. This would shift the focus from static classification to dynamic 

monitoring, offering valuable insights for long-term patient management. 

 

These future directions aim to evolve the current brain tumor classification system into a more robust, 

generalized, clinically validated, and comprehensive diagnostic aid, ultimately contributing to improved 

patient outcomes. 
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