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ABSTRACT: 

Classifying brain diseases, particularly brain tumours, is a complex and sensitive task that demands high accuracy due to its critical impact on patient outcomes. 

Magnetic Resonance Imaging (MRI) plays a vital role in the non-invasive visualization of brain structures, making it essential for early detection and diagnosis. 

This project proposes a deep learning-based approach for detecting multiple types of brain tumors using the EfficientNetB3 model, a variant of the EfficientNet 

architecture optimized through transfer learning. The system begins with dataset preprocessing, including image normalization, augmentation, and thresholding to 

improve quality and quantity of data. By utilizing a pre-trained EfficientNetB3 model, the approach significantly enhances feature extraction, enabling the model 

to identify complex patterns and subtle abnormalities in MRI scans with higher accuracy. The proposed framework addresses the limitations of traditional manual 

analysis and conventional image processing techniques, which are often error-prone and time-consuming.The results demonstrate superior accuracy compared to 

traditional CNNs, making the solution suitable for real-time applications and resource-constrained environments.  This project contributes to early diagnosis and 

effective treatment planning, ensuring faster, more reliable detection of brain tumors and ultimately improving patient care. 

 

Keywords: EfficientNet ,DNN, Support Vector Machine, CNN, NLP, VGG19,ReLU,K-Nearest Neighbour ,Secured Brain Tumor Classification  

Network 

INTRODUCTION 

Brain tumor detection is a critical area in the field of medical imaging due to the life-threatening nature of tumors and the necessity for early diagnosis. 

Traditional diagnostic methods rely heavily on manual interpretation of MRI scans by radiologists, which can be time-consuming, prone to errors, and 

subject to variability based on the experience of the medical professional. These limitations often delay accurate diagnosis and treatment, especially in 

cases where the tumors are small or located in complex brain regions. Additionally, the growing volume of medical imaging data puts further pressure 

on healthcare systems, highlighting the urgent need for automated and efficient diagnostic tools. The proposed system leverages the power of deep 

learning and transfer learning to automate the detection of brain tumors from MRI scans. At the core of this system lies the EfficientNetB3 model, a 

pre-trained Convolutional Neural Network architecture derived from EfficientNet, known for its ability to balance model accuracy and computational 

efficiency. The methodology involves data preprocessing steps such as augmentation, normalization, and resizing to enhance model robustness and 

generalization. By fine-tuning the pre-trained EfficientNetB3 on a brain MRI dataset, the system can extract high-level features and classify images into 

tumor and non-tumor categories with impressive accuracy.Ultimately, this project aims to support early diagnosis, aid healthcare professionals, and 

improve overall patient outcomes by integrating intelligent, scalable diagnostic technology into medical workflows. 

LITERATURE SURVEY 

2.1.    BRAIN TUMOR CLASSIFICATION USING HYBRID SINGLE IMAGE SUPER-RESOLUTION TECHNIQUE WITH 

RESNEXT101_32X8D AND VGG19 PRE-TRAINED MODELS 

Mohsen Saeed et al. (2023) conduct a comparative study of various deep learning models used for brain tumor detection, with the goal of identifying 

the most effective approaches. This paper introduces a hybrid single image super-resolution (SR) approach for brain tumor classification, combining 

super-resolution techniques with deep learning models like ResNext101_32x8d and VGG19. The hybrid approach enhances image resolution while 

preserving critical tumor features, making it easier for the models to classify and detect abnormalities. The study shows that super-resolution enhances 

the performance of pre-trained networks by providing higher-quality input data for tumor classification tasks. ResNext101_32x8d and VGG19, both 

popular in computer vision tasks, are fine-tuned with a hybrid approach to increase accuracy while minimizing computational complexity. The results 
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suggest that integrating image enhancement techniques with pre-trained models can improve tumor detection and classification, especially when 

dealing with low-resolution MRI scans. The method is evaluated on several public datasets, demonstrating improved performance over conventional 

deep learning models and providing a novel approach to handling image quality issues in medical diagnostics. 

2.2. BRAIN TUMOR DETECTION AND CLASSIFICATION USING INTELLIGENCE TECHNIQUES: AN OVERVIEW 

Solanki Shubhangi et al. (2023) conduct a comparative study of various deep learning models used for brain tumor detection, with the goal of 

identifying the most effective approachesThis overview paper explores various intelligent techniques applied to brain tumor detection and 

classification, highlighting the advancements in machine learning and deep learning models. The authors review multiple methods, including support 

vector machines (SVMs), random forests (RF), k-nearest neighbors (KNN), and convolutional neural networks (CNNs), assessing their strengths and 

limitations. Special emphasis is given to ensemble learning and hybrid models, which combine multiple techniques to improve classification accuracy 

and robustness. The study also investigates the impact of feature extraction methods, such as texture, shape, and edge features, on model performance. 

By synthesizing findings from various research papers, the article provides a comprehensive view of the challenges in brain tumor diagnosis and 

proposes future directions in developing more accurate and efficient models. The paper highlights the potential of AI and deep learning models to 

enable automated, non-invasive tumor detection, leading to faster and more reliable clinical decision-making. 

SYSTEM STUDY  

3.1. EXISTING SYSTEM 

The existing systems for brain tumor detection primarily rely on the manual examination of MRI (Magnetic Resonance Imaging) scans by experienced 

radiologists. While MRI provides high-resolution images of brain structures and is a standard non-invasive tool for diagnosis, the interpretation of these 

scans is highly subjective and time-intensive. Radiologists must analyze various slices of brain images to identify abnormalities, which becomes 

increasingly challenging in cases of small, low-contrast, or irregularly shaped tumors. This manual process is not only prone to human error but also 

delays diagnosis and treatment, particularly in settings where the ratio of patients to radiologists is high. To address these limitations, some semi-

automated methods have been employed using classical image processing techniques. These include thresholding, edge detection, and region growing 

algorithms, which attempt to isolate tumor regions based on intensity values or structural patterns. However, these methods often fail to perform well 

on complex MRI images with varied contrast levels or in situations involving tumors with fuzzy boundaries. Additionally, they lack adaptability and 

robustness, making them unreliable across different datasets or imaging conditions. As a result, these systems are often incapable of consistently 

identifying tumors in diverse or difficult cases, limiting their usefulness in clinical practice. More recently, Convolutional Neural Networks (CNNs) 

have been introduced for brain tumor detection, offering improved accuracy by automatically learning hierarchical features from input images. While 

CNNs outperform traditional methods, their application comes with significant challenges. They typically require large amounts of labeled data for 

training, which is difficult to obtain in the medical domain due to privacy concerns and the need for expert annotation. Furthermore, many CNN-based 

models are computationally expensive and not suitable for real-time or resource-limited environments. As such, despite the progress made, existing 

systems still face barriers in terms of scalability, generalization, and practical deployment in healthcare settings. 

 

 
 

Figure 3.1.1: Existing system 

 

3.2. PROPOSED SYSTEM  

The proposed system introduces an automated brain tumor detection framework powered by deep learning and transfer learning, specifically 

utilizing the EfficientNetB3 model, a streamlined variant of EfficientNet. This approach leverages a pre-trained model that has already learned rich 
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feature representations from large-scale datasets like ImageNet, and then fine-tunes it using domain-specific brain MRI data. This significantly reduces 

the requirement for a massive labeled medical dataset, which is often a bottleneck in healthcare AI applications. The core idea is to transfer general 

visual knowledge into the medical imaging domain, allowing the model to quickly adapt and achieve high classification accuracy for tumor vs. non-

tumor brain scans. To enhance the model's performance and generalizability, the system incorporates several data preprocessing techniques including 

image normalization, augmentation, and resizing. These steps prepare the raw MRI scans by standardizing their pixel values, increasing dataset 

diversity artificially (e.g., through rotations and flips), and ensuring consistent input dimensions. The EfficientNetB3 model itself employs compound 

scaling to uniformly adjust its depth, width, and resolution, enabling the capture of fine-grained features across various tumor types and sizes. This 

uniform scaling ensures that the model remains computationally efficient without compromising accuracy—making it suitable for both hospital-grade 

hardware and resource-constrained environments. The entire system is organized into key functional modules: Image Acquisition, Preprocessing, 

Model Training, Classification, and Diagnosis Details Generation. Once the MRI images are acquired, they go through preprocessing and are then fed 

into the trained EfficientNetB3 model. The model performs classification and outputs whether a tumor is present, assisting healthcare professionals 

with fast, reliable, and consistent diagnostic information. This approach significantly reduces the dependency on manual analysis, minimizes human 

error, and ensures earlier detection, ultimately leading to better treatment outcomes. Furthermore, the framework's scalability and adaptability make it 

an excellent candidate for deployment in clinical settings and remote healthcare centers 

 

 

Figure 3.2.1: Proposed system 

METHODOLOGY 

4.1 DATA PREPROCESSING 

To ensure consistent input for the neural network, MRI images are resized to 200x200 pixels. This standardization is followed by normalization, which 

scales pixel values to a fixed range (typically 0 to 1), enabling faster convergence during training. Data augmentation techniques such as flipping, 

rotation, and zooming are applied to artificially increase dataset size and diversity, thereby reducing overfitting and improving the model's 

generalization capability. 

4.2 MODEL ARCHITECTURE 

The EfficientNetB3 model is employed due to its compound scaling method that uniformly scales network depth, width, and resolution. Initially trained 

on the ImageNet dataset, the model is adapted using transfer learning. In this project, the pre-trained layers are frozen to retain low-level features, and 

new dense layers are added, including a Flatten layer followed by fully connected Dense layers with ReLU activation, ending in a Softmax layer for 

multi-class classification (glioma, meningioma, pituitary, and no tumor). 

4.3 TRAINING AND EVALUATION 

The dataset is divided into an 80:20 ratio for training and testing. The model is compiled using the Adam optimizer, chosen for its adaptive learning rate 

capabilities, and categorical cross-entropy as the loss function for multi-class classification. The model is trained for five epochs, and during each 

epoch, validation accuracy and loss are recorded to monitor performance. Post-training, the model's performance is evaluated using a confusion matrix, 

classification report (precision, recall, F1-score), and graphical representation of accuracy and loss curves. 

4.4 DEPLOYMENT 

A Flask-based web application acts as the user interface. It allows users to upload MRI images, view classification predictions, and see suggested 

treatments. Uploaded images are denoised using OpenCV's Non-local Means Denoising method to improve clarity before classification. Results are 

displayed in real-time along with a heatmap of the confusion matrix for transparency. The web interface also logs prediction history and alerts users of 

critical diagnoses.. 
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MODULES IMPLEMENTATION 

5.1 LIST OF MODULES  

• Image Acquisition 

• Preprocessing 

• Model Training 

• Classification 

• Diagnosis Details 

5.2 MODULES DESCRIPTION  

5.2.1 IMAGE ACQUISITION 

 

The image acquisition module is responsible for gathering MRI scan images from various sources. These images are critical for training the deep 

learning model to detect brain tumors. The module ensures that high-quality MRI scans are collected, both with and without tumors, to create a diverse 

dataset. Data is typically acquired from hospitals, research centers, or public medical image repositories. The images are standardized to ensure 

consistency in size, resolution, and format. The module also handles the organization of images into the appropriate training and testing datasets. Proper 

handling of data ensures that the model learns to identify tumors accurately. Furthermore, any necessary image annotation is completed in this phase, 

marking regions where tumors are present. This foundational module plays a crucial role in the overall success of the detection system. 

 

5.2.2 PREPROCESSING 

 

The preprocessing module focuses on enhancing the quality of the acquired MRI images to make them suitable for deep learning. Techniques such as 

data augmentation, normalization, and image resizing are applied to the raw MRI scans to improve their variability and robustness. Data augmentation 

artificially increases the size of the dataset by creating modified versions of images, helping the model generalize better to unseen data. Normalization 

ensures that pixel values are within a consistent range, which aids in faster convergence during model training. Resizing images to a standard size 

ensures uniformity in input data, which is essential for effective model learning. This module also removes any noise or artifacts in the MRI scans that 

could interfere with accurate tumor detection. Preprocessing plays a crucial role in preparing the data to be fed into the deep learning model for optimal 

performance. Ultimately, it ensures that the dataset is both diverse and of high quality, setting the foundation for robust model training. 

 

5.2.3 MODEL TRAINING 

 

In the model training module, the pre-processed MRI images are used to train the EfficientNetB3 deep learning model. This step involves feeding the 

images into the model, allowing it to learn and extract features related to brain tumors. Transfer learning is utilized to leverage the knowledge of a pre-

trained model, adapting it to the specific task of brain tumor detection. The model is fine-tuned on the MRI dataset, adjusting its weights to recognize 

complex patterns in the images that are indicative of tumor presence. The training process includes splitting the dataset into training and validation sets 

to evaluate performance and prevent overfitting. During this phase, hyperparameters such as learning rate, batch size, and epochs are optimized for 

better model accuracy. The model is iteratively trained and validated, improving its ability to detect and classify brain tumors. Once training is 

complete, the model’s accuracy is evaluated on unseen data to ensure generalization. This module is central to developing a robust, high-performing 

tumor detection system. 

 

5.2.4 CLASSIFICATION 

 

The classification module is responsible for categorizing MRI scans as either containing a tumor or being tumor-free. It uses the trained EfficientNetB3 

model to analyze the features extracted during the training phase. The model processes the test dataset, applying the learned weights and biases to 

classify the images accurately. During this phase, the system outputs a prediction label for each MRI scan, determining whether a tumor is present or 

not. This module also incorporates additional post-processing techniques such as thresholding to enhance classification accuracy. For cases where the 

model’s confidence in a prediction is low, further validation steps are initiated. The classification step plays a pivotal role in ensuring that the model 

produces reliable and consistent results, which are crucial for clinical decision-making. This module is also where the model’s performance is 

continuously monitored, with adjustments made to improve accuracy as needed. The final output is a precise and definitive diagnosis that can be used 

by medical professionals for further treatment planning. 

 

5.2.5 DIAGNOSIS DETAILS 

 

The diagnosis details module provides the final output of the brain tumor detection process, offering detailed insights and recommendations based on 

the classification results. Once the MRI scans are classified, this module generates a comprehensive report summarizing the findings, including the 

likelihood of a tumor and its type (benign or malignant). The system also flags any areas in the MRI scan that are suspicious, providing medical 

professionals with visual cues for further investigation. Additionally, the module may include recommendations for further diagnostic procedures, such 

as biopsy or surgery, based on the severity of the detected tumor.. 
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SYSTEM ARCHITECTURE 

The architecture of the proposed brain tumor detection system consists of several key components that work together to process and analyze MRI scan 

images. The system begins with image acquisition, where MRI scan images are collected, followed by preprocessing, which includes techniques like 

data augmentation and pixel normalization to improve the quality of the dataset. The pre-processed images are then fed into the EfficientNetB3 model, 

a pre-trained deep learning model that uses transfer learning for accurate tumor detection. The model extracts important features from the images and 

classifies them as tumor or non-tumor. Finally, the system generates diagnosis details, providing the detected tumor’s location, size, and type. 

 

 
Figure 4.1: System Architecture 

 

EXPIREMENTAL RESULTS 

 

 
 

Figure 6.1: Home Page 
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                Figure 6.2: Prediction Page 

 

 

 
 

        Figure 6.3: Image Selection Interface 

 

 

 
Figure 6.4: Image Upload Interface 
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          Figure 6.4: Noise Removal 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 6.5: Tumor Identification 

CONCLUSION AND FUTURE ENHANCEMENTS 

CONCLUSION  

In conclusion, the proposed system for brain tumor detection using the EfficientNetB3 model and transfer learning has demonstrated substantial 

improvements in accuracy and efficiency over traditional methods and existing automated systems. The integration of data preprocessing techniques 

such as image augmentation and pixel normalization has enhanced the quality and variability of the dataset, enabling the model to detect tumors with 

high precision. The transfer learning approach has proven to be effective in reducing the need for large, domain-specific datasets, making the system 

more accessible and scalable for clinical use. With an impressive accuracy rate and the ability to generalize well across diverse datasets, the system 

offers a promising tool for early diagnosis and treatment planning in medical environments. The results highlight the system's potential to significantly 

reduce the burden on medical professionals by automating the tumor detection process, thereby improving diagnosis speed and accuracy. By 

minimizing human error and reducing the reliance on manual analysis, the system enhances the overall efficiency of brain tumor detection, providing a 

reliable solution for healthcare professionals. Moreover, the system's adaptability to different types of MRI scans makes it a versatile and valuable 

addition to the medical imaging field. In the future, further refinement and expansion of the model can lead to even higher accuracy, and the system 

could be extended to other medical imaging applications for broader diagnostic use. 

FUTURE ENHANCEMENTS  

• Integration with 3D Imaging Data: Incorporating 3D MRI scans to improve tumor detection accuracy and enhance spatial localization. 

• Real-Time Detection: Developing a real-time detection system for immediate analysis during MRI scans, reducing wait times. 

• Tumor Type Classification: Expanding the system to classify different types of brain tumors (e.g., gliomas, meningiomas) for more 

detailed diagnoses. 

• Multimodal Data Fusion: Integrating additional data sources like CT scans or PET scans to improve diagnostic accuracy through 
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multimodal analysis. 

• Cloud-Based Deployment: Implementing the system on a cloud platform to enable remote access and scalability for broader healthcare 

usage. 

• Patient Data Integration: Adding functionality to integrate patient history and clinical data for a more comprehensive diagnostic tool. 

• Improved Augmentation Techniques: Experimenting with advanced data augmentation techniques such as GANs to generate synthetic 

MRI images for further model training. 

• Automated Treatment Recommendation: Developing an automated treatment recommendation system based on tumor characteristics, 

aiding medical professionals in planning treatment strategies. 
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