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Brain Tumor Detection and Classification Using Deep Learning and Sine-Cosine Fitness Grey Wolf Optimization






ABSTRACT
· Diagnosing a brain tumor takes a long time and relies heavily on the radiologist’s abilities and experience. The amount of data that must be handled has increased dramatically as the number of patients has increased, making old procedures both costly and ineffective. Many researchers investigated a variety of algorithms for detecting and classifying brain tumors that were both accurate and fast. 
· Deep Learning (DL) approaches have recently been popular in developing automated systems capable of accurately diagnosing or segmenting brain tumors in less time. DL enables a pre-trained Convolutional Neural Network (CNN) model for medical images, specifically for classifying brain cancers.
·  The proposed Brain Tumor Classification Model based on CNN (BCM-CNN) is a CNN hyperparameters optimization using an adaptive dynamic sine-cosine fitness grey wolf optimizer (ADSCFGWO) algorithm. 
· There is an optimization of hyperparameters followed by a training model built with Inception-ResnetV2. The model employs commonly used pre-trained models (Inception-ResnetV2) to improve brain tumor diagnosis, and its output is a binary 0 or 1 (0: Normal, 1: Tumor). 
· There are primarily two types of hyperparameters: (i) hyperparameters that determine the underlying network structure; (ii) a hyperparameter that is responsible for training the network. The ADSCFGWO algorithm draws from both the sine cosine and grey wolf algorithms in an adaptable framework that uses both algorithms’ strengths. 
· The experimental results show that the BCM-CNN as a classifier achieved the best results due to the enhancement of the CNN’s performance by the CNN optimization’s hyperparameters. The BCM-CNN has achieved 99.98% accuracy with the BRaTS 2021 Task 1 dataset.






















CHAPTER-1
INTRODUCTION
· An abnormal lump of tissue that develops in the brain or central nervous system (CNS) is called a brain tumors. Benign (not cancerous) or malignant (cancerous) brain tumors are also possible. The majority of benign brain tumor grow slowly and do not metastasize (spread to other regions of the body).
·  On the other hand, malignant brain tumors have a rapid rate of growth and can disseminate to other regions of the body or the brain. Primary brain tumors and secondary brain tumors are the two basic categories of brain tumors. Primary brain tumors originate in the actual brain. Brain metastases, commonly referred to as secondary brain tumors, originate in other places of the body before spreading to the brain. Depending on
· functionalrepresentations of 3D brain tumor volumes in order to diagnose HG and LG gliomas.[2] Deep convolutional neural network-based support vector machine technique (DCNN-F-SVM) was proposed by Wu Wentao et al. The suggested brain tumor segmentation model includes three crucial procedures. 
· The first step is to train a deep convolutional neuralnetwork to understand a mapping from image space to tumor marker space. The test image and the deep convolutional neural network training prediction label are combined in thesecond step, and the input is fed into the support vector machine classifier. In order to traina deep classifier, the third stage entails cascading a deep convolutional neural network and an ensemble support vector machine. Run each model on customized datasets to segmentbrain tumors. When it comes to classifying data into groups, it performs better thanensemble SVM classifiers and deep convolutional neural networks





CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· a method that detects if there is a tumor or not and then classifies the tumor type. The proposed method was tested on 150 T1-weighted MRI brain imaging for identifying brain tumors. The supervised approach was utilized for the classification process, and the principal component analysis was employed for feature extraction. 
· They also assessed the tumor’s area and volume to determine the tumor’s levels. The findings of the experiments demonstrate that KSVM is 97 percent accurate in classifying brain tumors.
.
 
2.1.1 DRAWBACKS OF EXISTING SYSTEM ARE 
· Acquiring large and diverse datasets of medical images with annotated tumors can be challenging. Limited data can lead to models that are not sufficiently generalized.
· Class imbalance between tumor and non-tumor cases can affect model performance, requiring techniques like data augmentation or sampling strategies.
· Deep learning models, especially complex architectures like CNNs, can be difficult to interpret. Understanding how and why a model makes a particular prediction (e.g., identifying tumor regions) is crucial for medical acceptance and trust.
· Lack of interpretability can hinder clinical adoption as healthcare professionals may be reluctant to trust "black-box" models without understanding their decision-making process.
·  



2.2. PROPOSED SYSTEM
· This section proposes a Brain Tumor Classification Model (BCM-CNN) based on an advanced model using a Convolutional Neural Network. The overall architecture of the proposed model . The BCM-CNN is used to diagnose a brain tumor.
·  It consists of a hyperparameters optimization, followed by an Inception-ResnetV2 training model. The model’s output is a binary 0 or 1 (0: Normal, 1: Tumor) and uses common pre-trained models (Inception-ResnetV2) to enhance the brain tumor diagnosis process.
· 

2.2.1. ADVANTAGES OF PROPOSED SYSTEM

· The data augmentation technique is used in this study to artificially generate fresh training data from the current data. As a sort of data augmentation, picture augmentation produces altered representations of the training dataset’s images. 
· The input dataset is subjected to several image transformations, such as horizontal and vertical shift, horizontal and vertical flip, random rotation, and random zoom. The shift augmentation maintains the same image dimensions while shifting all of the MRI image’s pixels in either a horizontal or vertical direction. 
· 



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 XP.
· Platform		: DOT NET TECHNOLOGY
· Front End		: ASP.Net 3.5
· Back End		: SQL SERVER 2005










2.5 MODULE DESCRIPTION
· Input Layer
· Convolutional Layers
· Activation Function
·  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.
· 
Activation Function: 
· After the convolution operation, an activation function (typically ReLU - RectifiedLinear Unit) is applied element-wise to introduce non-linearity into the model. This allows the network to model complex relationships in the data. 
. 

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 3









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. 
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CHAPTER 5
CONCLUSION 
CONCLUSION

· A large number of researchers looked at a wide variety of algorithms with the goal of accurately detecting and classifying brain cancers in a quick and efficient manner. Deep learning (DL) makes it possible to use a Convolutional Neural Network (CNN) model that has already been pre-trained for the analysis of medical pictures, in particular for the categorization of brain tumors.
·  The fundamental objective of this research is to develop an improved model with the intention of making brain tumor diagnosis more accurate. A Convolutional Neural Network (CNN) that is based on a Brain Tumor Classification Model (BCM-CNN) was proposed in this paper. The optimization of the CNN’s hyperparameters was based on an adaptive dynamic sine-cosine fitness grey wolf optimizer (ADSCFGWO) algorithm
· . The BCM-CNN was used as a classifier in the experiments, and the results reveal that it produced the best results due to the enhancement of the performance of the CNN after the optimization was performed. The BCM-CNN was given the BRaTS 2021 Task 1 dataset, and it performed with an accuracy of 99.99%. 
· The main limitation of the proposed algorithm is that it takes a long time to process due to the extra optimization steps. It may not be applicable as the size of the trained data is limited, so we intend to solve this issue in future work by generalizing more data. We also intend to make a prediction in future work, not just classification.
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