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Abstract - Brain tumor detection from MRI scans plays a crucial role in early diagnosis and treatment planning. Existing 

solutions rely on traditional image processing techniques, often limited by their inability to handle complex patterns and 

variations in medical images. Moreover, these methods may lack the scalability and adaptability required for real-world 

clinical applications. To address these limitations, this study proposes a deep learning-based approach for brain tumor 

detection. Three prominent architectures, Convolutional Neural Networks (CNN), MobileNet, and Xception are evaluated 

on a dataset comprising 7770 MRI images. Preprocessing techniques including normalization, resizing, augmentation, and 

segmentation are employed to enhance data quality and model performance. The models are trained using the Adam 

optimizer with categorical cross-entropy loss. Evaluation results reveal Xception as the most effective model, achieving 

an accuracy of 98%. Future work will focus on further optimizing model parameters, exploring advanced data 

augmentation methods, and integrating clinical data to enhance diagnostic accuracy and model generalization. This study 

contributes to advancing the field of medical image analysis, with implications for improving patient outcomes in 

neuroimaging. 

 
Index Terms - Brain Tumor, Deep learning, MRI scans, Xception model , Mobilenet , CNN model , Global max pooling, softmax 

pooling 
 
  

I. INTRODUCTION 

Brain tumors represent a significant health challenge due to their complex nature and potentially devastating impact on 

patients. They are abnormal growths of cells within the brain or central spinal canal, leading to a range of neurological 

complications[1]. Brain tumors can be broadly classified into primary tumors, originating in the brain, and secondary or 

metastatic tumors, which spread from other parts of the body[2] [3]. Primary tumors include gliomas, meningiomas, and 

pituitary adenomas, while secondary tumors often result from cancers of the breast, lung, and melanoma. The impact of 

brain tumors on human health is profound. Depending on their location and size, brain tumors can impair critical 

functions such as movement, speech, vision, and cognitive abilities. Symptoms often include headaches, seizures, and 

changes in personality or behavior, significantly affecting the quality of life. Early detection and accurate diagnosis are 

crucial for effective treatment and improved prognosis. 
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Traditional methodologies for detecting brain tumors include neurological exams, imaging techniques like Magnetic 

Resonance Imaging (MRI) and Computed Tomography (CT) scans, and biopsy procedures. MRI scans, in particular, 

arewidely used due to their high-resolution images and ability to distinguish between different types of brain tissue. 

However, these methods are not without limitations. They rely heavily on the expertise of radiologists, can be time-

consuming, and sometimes fail to detect tumors at an early stage. In recent years, advancements in artificial 

intelligence (AI), particularly deep learning (DL) and machine learning (ML) have shown promise in enhancing brain 

tumor detection. Deep learning, a subset of machine learning, utilizes neural networks with multiple layers to model 

complex patterns in data. When applied to medical imaging, deep learning algorithms can automatically identify and 

classify brain tumors with high accuracy, often surpassing traditional methods [4][5][6][7][8]. 

 

Despite these advancements, several challenges remain. Deep learning models require large datasets for training, which 

can be difficult to obtain due to privacy concerns and the rarity of some tumor types. Additionally, these models often 

function as "black boxes,"providing little insight into their decision-making process, which can hinder clinical adoption. 

Furthermore, variability in MRI imaging protocols across different institutions can affect the performance and 

generalizability of deep learning models. 

 

This paper is organized as follows: Section II delves into existing detection methodologies, discussing various techniques 

and their effectiveness in identifying deepfakes. Section III presents the dataset. Section IV details the proposed detection 

framework, outlining the underlying algorithms and implementation specifics. Section V provides an evaluation of the 

framework, comparing its performance against other state-of-the-art methods. Finally, Section VI concludes the paper 

with a summary of the contributions and a discussion on the broader impact of deepfake detection technologies. 

 

II. LITERATURE SURVEY 
 

 

In 2022 Chattopadhyay el at [9] includes the dataset size of 369 multi-modality MRI scans, with 293 from glioblastoma 

and 76 from lower grade glioma patients. The dataset, named BRATS, is sourced from clinical scans and synthetic 

databases for brain tumor segmentation benchmarking. Methodologies include CNN for image detection, tumour cut 

methods, and semi-automatic approaches converting segmentation problems into classification. Models used include a 

9-layer Convolutional Neural Network tailored for the detection of brain tumors in MRI images. Results and conclusions 

primarily focus on the effectiveness of the 9-layer CNN in detecting tumors, as well as the challenges and complexity of 

automatic segmentation 

 

In 2023 Dishar el at [10] focused on brain tumor detection using the BT-large-1c dataset, comprising 3000 MRI images 

split evenly between normal and abnormal cases. Methodologies employed include preprocessing, transfer learning, and 

the construction of a combined neural network model using Keras. The models utilized are Xception and NASNetMobile, 

which are merged to enhance accuracy and mitigate overfitting. Notably, the study reports achieving a remarkable 

accuracy rate of 100% based on the classification report. However, specific details regarding the publication year are not 

provided. 

 

In 2023 Mohsen el at [11] used a dataset comprised 1,800 MRI images categorized into glioma tumor and pituitary tumor 

classes, sourced from Kaggle. Methodologies applied involve a hybrid single image super-resolution technique, 

hyper-parameter tuning, and data augmentation.Remarkable testing accuracies of 99.98% for VGG19 and 100% for 

ResNext101 32×8darereported, along with corresponding F1-scores of 99.89%and100%respectively. However, 

limitations of the study are not discussed in the provided snippet. 

 

In 2021 Deshpande el at [12] used dataset comprises images labeled as Tumor and Non-tumor,sourced from RIDER. 

Methodologies employ a novel DCT-based fusion technique coupled with CNN and super-resolution procedures to 

enhance brain tumor classification. Pre-trained CNN models like ResNet-50 are utilized, achieving an accuracy of 98.14% 

for tumor classification. The conclusion highlights the successful enhancement of brain tumor classification using the 

DCT-CNN-ResNet50 architecture. However, the study acknowledges limitations, particularly the lack of real-time 

scenario testing beyond standard datasets. 

 

Deep learning models, such as CNN, MobileNet, Xception, VGG19, and ResNext101, have shown high accuracies for 
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brain tumor detection using MRI scans. However, the studies reviewed face limitations, including small, non-diverse 

datasets, potential overfitting, and a lack of real-world validation. Addressing these issues through larger, diverse datasets 

and robust validation is essential for improving the clinical applicability of these models. Future research should focus on 

enhancing dataset diversity, implementing comprehensive validation frameworks, and preventing overfitting to ensure the 

robustness and generalizability of deep learning in neuroimaging. 

 

III. Dataset 

 
The dataset used in this study comprises MRI scans of three types of brain tumors: glioma, meningioma, and pituitary 

tumors, along with images showing no tumor Fig. 1. This dataset includes a total of 7770 images, providing a robust 

foundation for training and evaluating deep learning models. The data is divided into an 80:20 ratio, resulting in 5960 

images allocated for training and 1260 images reserved for testing. This division ensures a comprehensive evaluation of 

the model's performance on unseen data. 

 

 

 

Fig. 1 Types Of Brain Tumors: Gliomas, Meningiomas, Pituitary, No Tumor 

 

To facilitate effective classification, the images are categorized into four distinct classes: no tumor, glioma, meningioma, 

and pituitary tumors. This classification allows the models to learn and distinguish between different types of brain 

tumors accurately. Following the initial classification, the dataset is balanced to address any potential class imbalance, 

ensuring that each class is represented equally in the training process. This balancing step is crucial for preventing the 

models from becoming biased towards more prevalent classes, thereby enhancing their overall accuracy and reliability. 

Fig. 2, Fig. 3 provide visual representations of the dataset distribution and the balancing process, respectively. 

 

 

Fig. 2 Training Data Classification 
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Fig. 3 Training Data Balance 

 

IV. Methodology 

 

In this study, Convolutional Neural Networks (CNN), MobileNet, and Xception Deep Learning architectures are utilized 

for brain tumor detection using MRI scans. 

 

Preprocessing is crucial to enhance input data quality and improve model performance. The steps include normalization to 

ensure consistent intensity values, resizing all images to 224x224 pixels Fig. 4, and applying data augmentation 

techniques like rotation, flipping, zooming, and shifting to increase dataset diversity and prevent overfitting. This expands 

the original set of 7770 images to 10,100 images. Additionally, segmentation masks are used to isolate tumor regions, 

ensuring models focus on relevant areas of the MRI scans. 

 

 

Fig. 4 Pixels conversion of data 

 

CNNs are effective for image classification due to their ability to learn spatial hierarchies of features. The CNN 

architecture in this study includes several convolutional layers with ReLU activation functions to capture spatial features, 

max-pooling layers to reduce spatial dimensions and computational load, fully connected layers to integrate features, and 

dropout layers to prevent overfitting by randomly setting a fraction of input units to zero during training. The model ends 

with a softmax output layer for classification. The CNN is trained using the Adam optimizer with a learning rate of 0.001 

and categorical cross-entropy loss. Early stopping is implemented to monitor validation loss and prevent overfitting. 

 

MobileNet is designed for mobile and embedded applications, utilizing depthwise separable convolutions to reduce 

parameters and computational cost. The MobileNet architecture includes depthwise convolutions followed by pointwise 

convolutions, batch normalization, and ReLU activation functions. A global average pooling layer precedes a fully 

connected softmax output layer. MobileNet is trained using the Adam optimizer with a learning rate of 0.001 and 

categorical cross-entropy loss. Data augmentation and dropout regularization techniques are employed to enhance 

generalization and prevent overfitting. 
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Fig. 5 MobileNet Model Architecture 

 

Xception, an advanced architecture improving upon the Inception model, replaces standard Inception modules with 

depthwise separable convolutions for more efficient computation. The Xception model consists of entry flow, middle 

flow, and exit flow modules, each composed of depthwise separable convolutions and residual connections. Batch 

normalization and ReLU activation functions are used throughout the network. The model also includes a global average 

pooling layer followed by a fully connected softmax output layer. Xception is trained using the Adam optimizer with a 

learning rate of 0.001 and categorical cross-entropy loss. Data augmentation and regularization techniques are utilized to 

prevent overfitting and improve model performance. 

 

V. Implementation & evaluation 

 
Convolutional Neural Network (CNN), MobileNet, and Xception are implemented and evaluated using accuracy. The 

types of brain tumours were successfully detected by three models Fig. 6. The CNN model demonstrated robust 

performance, achieving an accuracy of 97%. MobileNet, optimized for efficiency, yielded a respectable accuracy of 90%. 

However, the Xception model had an accuracy of 98%. Xception showcased superior performance with a reduced 

response time compared to the other models. 

 

Furthermore, a detailed assessment was conducted for the Xception model. The evaluation encompassed a confusion 

matrix, providing nuanced insights into the model's classification performance across distinct tumor types Fig 7. 

Additionally, training accuracy and loss graphs were meticulously examined, as depicted in Fig. 8 respectively. These 

visual representations offer a comprehensive depiction of the model's learning dynamics and convergence patterns. 

Overall, the Xception model demonstrated exceptional accuracy and efficiency, positioning it as a promising solution for 

real-world applications in brain tumor detection from MRI scans. 

 

 

Fig. 6 Detection Types Of Brain Tumors 
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Fig 7 Confusion Matrix Of Xception Model 

 

 

Fig. 8 Training Accuracy And Loss Of Xception model 

 

The Xception model demonstrated the best performance with an accuracy of 98%, indicating its superior ability to capture 

and classify brain tumor features from MRI images. The CNN model also performed well with 97% accuracy, while 

MobileNet achieved a lower accuracy of 90%, reflecting its trade-off between efficiency and precision. 

 

In conclusion, while all three models showed promising results, the Xception model is recommended for brain tumor 

detection tasks due to its higher accuracy and robust performance. Further research could explore optimization techniques 

and hybrid models to improve the accuracy and efficiency of brain tumor detection systems. 

 

VI. CONCLUSIONS 
 

 

This study demonstrates the significant potential of deep learning models in accurately detecting brain tumors from MRI 

scans. Through rigorous experimentation, we found that Xception outperformed other models, achieving an impressive 

accuracy of 98%. This underscores the importance of selecting the right architecture for medical image analysis tasks. 

 

Moving forward, further research could delve into optimizing model hyperparameters, exploring novel data augmentation 

techniques, and incorporating additional clinical data to improve model performance and generalization. Additionally, 

efforts should be directed towards ensuring the robustness and interpretability of these Deep Learning models for 

real-world clinical deployment. 

 

By advancing the state-of-the-art in brain tumor detection, this work contributes to the broader goal of enhancing 

diagnostic accuracy and patient outcomes in neuroimaging. Continued collaboration between researchers, clinicians, and 

industry stakeholders will be crucial in translating these advancements into meaningful clinical applications. 
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