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Detection and classification of brain tumor using hybrid deep learning models




ABSTRACT
· Accurately classifying brain tumor types is critical for timely diagnosis and potentially saving lives. Magnetic Resonance Imaging (MRI) is a widely used non-invasive method for obtaining high-contrast grayscale brain images, primarily for tumor diagnosis.
·  The application of Convolutional Neural Networks (CNNs) in deep learning has revolutionized diagnostic systems, leading to significant advancements in medical imaging interpretation.
·  In this study, we employ a transfer learning-based fine-tuning approach using EfficientNets to classify brain tumors into three categories: glioma, meningioma, and pituitary tumors. We utilize the publicly accessible CE-MRI Figshare dataset to fine-tune five pre-trained models from the EfficientNets family, ranging from EfficientNetB0 to EfficientNetB4. 
· Our approach involves a two-step process to refine the pre-trained EfficientNet model. First, we initialize the model with weights from the ImageNet dataset. Then, we add additional layers, including top layers and a fully connected layer, to enable tumor classification. 
· We conduct various tests to assess the robustness of our fine-tuned EfficientNets in comparison to other pre-trained models. Additionally, we analyze the impact of data augmentation on the model's test accuracy. 
· To gain insights into the model's decision-making, we employ Grad-CAM visualization to examine the attention maps generated by the most optimal model, effectively highlighting tumor locations within brain images. Our results reveal that using EfficientNetB2 as the underlying framework yields significant performance improvements. Specifically, the overall test accuracy, precision, recall, and F1-score were found to be 99.06%, 98.73%, 99.13%, and 98.79%, respectively.









CHAPTER-1
INTRODUCTION
· there is a promising avenue to explore the use of transformer-based architectures for brain tumor type classification. Departing from traditional deep CNN methods, this shift has the potential to offer a new perspective. The focus would be on extracting more comprehensive and information-rich feature maps, which could enhance the model's ability for pattern recognition. Moreover, the notion of partially simplifying network complexity introduces a dynamic element to this ongoing endeavour. This concept underscores the ever-evolving nature of research and opens the door to innovative advancements in brain tumor classification.
· Cancer is a medical condition characterized by the abnormal and uncontrolled growth of cells throughout the body. There are over 200 different types of cancer, such as lymphoma, blood cancer, breast cancer, skin cancer, and lung cancer. 
· According to the World Health Organization (WHO), in 2018, approximately 9.6 million people worldwide lost their lives due to cancer1. Brain tumors are a prevalent and severe ailment, leading to reduced life expectancy in individuals of all age groups and genders. 
· They are marked by the presence of an abnormal mass of brain cells, often arising from the sudden and irregular growth of brain tissues. The impact of brain tumors on an individual's life expectancy can be significant, dependent on factors like tumor type, size, location, and the availability of effective treatments.
·  Effectively combating cancer hinges on being well-informed about risk factors and early detection methods2. Embracing a healthy lifestyle, undergoing regular medical check-ups, and following recommended screening guidelines can play a crucial role in reducing the cancer burden and improving overall health outcomes. cern.
· It's always advisable to consult healthcare professionals for personalized information and guidance on cancer prevention and management3. Abnormal cells in the body don't remain stable in number; they multiply rapidly and spread, leading to the formation of tumors. A brain tumor can be categorized as either benign (noncancerous) or malignant (cancerous)4. 
· When malignant tumors spread swiftly to other brain tissues, the patient's condition can deteriorate. The brain naturally replaces aging or damaged healthy cells with new ones. However, if old and damaged cells persist without timely removal, a tumor can develop, posing a serious con
· 


CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· The author presents a classification method that utilizes a pre-trained GoogLeNet to extract features from brain MRI scans, taking advantage of deep transfer learning. These extracted features are then combined with well-established classifier models. 
· The MRI dataset is sourced from Figshare, and the experiment employs a five-fold cross-validation procedure at the patient level. The proposed approach significantly outperforms existing methods, achieving a mean classification accuracy of 98%. 
· The evaluation includes various metrics such as area under the curve (AUC), precision, recall, F-score, and specificity. Additionally, the article addresses the challenge of limited training samples by demonstrating effective system evaluation with fewer samples.
 
2.1.1 DRAWBACKS OF EXISTING SYSTEM ARE 
· The results emphasize the effectiveness of transfer learning in scenarios with limited available medical imagery, and the paper's analytical discussion explores misclassification cases
· The framework introduced by the author utilizes several pre-trained deep convolutional neural networks to extract intricate features from brain MR images. These extracted features are evaluated by diverse machine learning classifiers
· To make predictions, the author selects the top three deep features with the best performance across multiple machine learning classifiers and combines them into a feature ensemble. 



2.2. PROPOSED SYSTEM
· The proposed work applied a well-established deep learning architecture, the Convolutional Neural Network (CNN), to classify 3064 T1 weighted contrast-enhanced MR images of the brain into three distinct categories: gliomas, meningiomas, and pituitary tumors. 
· The results of the proposed CNN classifier are impressive, achieving a high accuracy of 98.93% and a sensitivity of 98.18% for cropped lesions, an outstanding 99% accuracy and a sensitivity of 98.52% for uncropped lesions, and a commendable 97.62% accuracy and a sensitivity of 97.40% for segmented lesion images.
·  In this study, researchers assessed the performance of three distinct convolutional neural network architectures, namely AlexNet, GoogLeNet, and VGGNet, for the classification of brain tumors, including glioma, pituitary tumors, and meningioma. They used the MRI brain tumor dataset available on Figshare and explored various transfer learning approaches, including both fine-tuning and freeze methods. 

2.2.1. ADVANTAGES OF PROPOSED SYSTEM

· To improve the dataset's size, mitigate the risk of overfitting, and enhance the generalization of results, they applied data augmentation techniques to the MRI slices. 
· The results were particularly impressive when using the fine-tuned VGG16 architecture, achieving classification and detection accuracy levels of up to 98.69%.
·  The author introduced a multi-grade brain tumor classification system based on convolutional neural networks (CNNs). Initially, they employed a deep learning approach to identify tumor locations within an MR image.


2.3 FEASIBILITY STUDY
The feasibility Analysis is an analytical program through project manager determines the project success ratio and through feasibility study project manager able to see either project. The key considerations involved in the feasibility analysis are:
· Economic Feasibility
· Technical Feasibility
· Operational Feasibility
· Environmental Feasibility
2.3.1 ECONOMICAL FEASIBILITY
Hence this project is economically feasible there is no need to involve any cost for this project. 
2.3.2 TECHNICAL FEASIBILITY
Software Technologies used are PHP and MySql. In the educational institutions, it is possible to update the system in future. No special hardware is required for the purpose of using this system. Hence it is declared that this project is technically feasible.
2.3.3 OPERATIONAL FEASIBILITY
As the admin work mainly to maintain the Patient and Doctor .Doctor will predict patient cancer disease. Hence it is easy to operate with training. Therefore it is operationally feasible for implementation.




2.3.4 ENVIRONMENTAL FEASIBILITY
This project environment is correct as a admin has developed this system and no expenditure is involved under any head and this process is part of admin document management, this project environment is accessible.   


2.4 SYSTEM REQUIREMENTS
· System	:  Pentium IV 2.4 GHz.
· Hard Disk	: 40 GB.
· Monitor	: 15 inch VGA Color.
· Mouse	: Logitech Mouse.
· Ram		: 512 MB
· Keyboard	: Standard Keyboard

2.4.1 HARDWARE REQUIREMENTS
             The Hardware of the computer consists of physical component such as Input Devices, Storage Devices, Processing & Control units and Output Devices.  Computer includes external storage unit to store data in programs.
           The Hardware Configuration involved in this project
· System	:  Pentium IV 2.4 GHz.
· Hard Disk	: 40 GB.
· Monitor	: 15 inch VGA Color.
· Mouse 		: Logitech Mouse.
· Ram		: 512 MB
· Keyboard	: Standard Keyboard

2.4.2 SOFTWARE REQUIREMENTS 
 	Software is a group of programs that computers need to do a particular task.  It is an essential requirement of Computer System. The Software used to develop the project is
· Operating System	: Windows 10.
· Platform		: Python











2.5 MODULE DESCRIPTION
· Input Layer
· Convolutional Layers
· Multi-layer CNN
·  Pooling Layers
· Output Layer


Input Layer
· The input to a CNN is typically a 3D array of pixel values, where the dimensionscorrespond to the width, height, and colour channels of an image (e.g., red, green,and blue channels for a colour image).
· 

Convolutional Layers:

· Convolution Operation: The core operation of a CNN is convolution. It involves sliding a small filter (also known as a kernel) over the input image and computingthe dot product between the filter and the local region of the image. This operationhelps detect local patterns or features, like edges and textures. 
· Multiple Filters: CNNs use multiple filters in each convolutional layer, and each filter captures different features. As the network progresses through layers, these filters can learn more complex and abstract features.

Multi-layer CNN
· First, we need to determine the architecture of our model. The input form of our data is 400 × 400 and has 3 channels. Since we have a total of 4 different classes, the number of output classes is set to 4. Our model has a structure that includes convolutional and pooling layers. First, there is a 3 × 3 convolutional layer with 32 filters. This is followed by a 2 × 2 max pooling layer. This reduces the size by emphasizing lower-level features. To deepen our model, this structure is repeated twice, adding convolutional layers with 64 and 128 filters, respectively, and maximum pooling layers of size 2 × 2.
· The resulting feature map is transformed into a flat vector with a flattening layer. A hidden (dense) layer of 128 neurons is then added. This layer deepens the learned features and increases generalization. Finally, the output layer has 4 neurons and calculates the probabilities between classes with the softmax activation function. To train our model, we need to determine the optimal function and metrics. In this paper, we use the Rectified Adam optimization algorithm. This algorithm dynamically adjusts the learning rate and helps to use gradients more efficiently. Also, categorical cross-entropy is used as the loss function during training, as it is widely used in multiclass classification task.

Pooling Layers:
· Pooling Operation: Pooling layers reduce the spatial dimensions of the feature maps while retaining the most important information. A common pooling operation is max-pooling, which selects the maximum value from a local region of the feature map. 
· Pooling helps make the network invariant to small translations or variations in theinput and reduces the number of parameters, making the network

Output Layer:
· The output layer of the CNN depends on the specific task. For image classification,it usually consists of as many neurons as there are classes in the dataset, with a SoftMax activation function to produce class probabilities. 
· For other tasks like object detection, the output layer may involve multiple neurons, each associated with a different aspect of the detected objects (e.g., class, location, size).







CHAPTER 4
TESTING AND IMPLEMENTATION

0. TESTING
 Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one.

 4.1.1Unit Testing
	Unit testing comprises the set of tests performed by an individual programmer prior to integration of the unit into a larger system. The module interface is tested to ensure that information properly flows into and out of the program unit. The local data structure is examined to ensure that data stored temporarily maintains its integrity during all steps in an algorithm’s execution. Boundary conditions are tested to ensure that the module operates properly at boundaries established to limit or restrict processing. All independent paths through the control structure are tested. All error-handling paths are tested.

4.1.2 Block Box Testing
Black-box testing is a method of software testing that examines the functionality of an application without peering into its internal structures or workings. This method of test can be applied virtually to every level of software testing: unit, integration, system and acceptance. It is sometimes referred to as specification-based testing.




4.2 SYSTEM IMPLEMENTATION
Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one. 

MODEL DIAGRAM
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CHAPTER 5
CONCLUSION 
CONCLUSION

· This study utilizes transfer learning with five variations of pre-trained EfficientNets (EfficientNetB0 through EfficientNetB4) to perform multi-class classification of brain tumors using MR images of three tumor types: glioma, meningioma, and pituitary tumor. The pre-trained ImageNet weights are loaded into the foundational model, and the architecture of EfficientNet B0–B4 is adjusted by adding several top layers, including a convolutional base, a dropout layer, and a fully connected layer. 
· For the multi-class classification of brain tumor types, a classifier is constructed on top of the pre-trained EfficientNets' convolutional base. The model is trained using the CE-MRI Figshare brain tumor dataset, with fine-tuning of the hyperparameters for EfficientNet B0–B4. The proposed fine-tuned EfficientNets are rigorously tested in multiple trials to evaluate their performance against other pre-trained models. 
· The introduction of new data significantly improves the generalizability of the refined version of EfficientNetB2. Additionally, attention maps of features for the suggested fine-tuned EfficientNetB2 are visualized using Grad-CAM, effectively highlighting the areas of brain cell tumors. 
· The scalability of the proposed approach is demonstrated through cross-dataset validation with an external cohort. The method involving the fine-tuning of pre-trained EfficientNetB2 as a backbone achieves impressive overall test accuracy, precision, recall, and F1-score metrics of 99.06%, 98.73%, 99.13%, and 98.79%, respectively. These results surpass several state-of-the-art methods that address similar classification challenges.
·  
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