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An optimized Deep Wavelet Autoencoder System for Detecting Tumors in Brain
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ABSTRACT

	
[bookmark: _GoBack]Over the past few years, brain imaging techniques have occupied the prime position in brain anatomy knowledge and medical diagnostics planning, particularly in brain tumor analysis. This research suggests a high-level architecture for MRI image processing and brain tumor identification that uses a Deep Neural Network (DNN) for classification and segmentation. The multi-resolution analysis of wavelet transforms and the dimensionality reduction ability of autoencoders are combined in a novel Deep Wavelet Autoencoder (DWAE) to improve feature extraction and classification performance. Preprocessing methods are used to outline brain regions, and the DNN-DWAE model demonstrates improved accuracy compared to existing methods, with immense potential to enhance automated tumor detection and MRI image processing. The system diagnoses MRI scans as normal or tumorous with 96 % accuracy.
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1. INTRODUCTION 

In the Early identification of brain tumors is mostly important for patient diagnosis and treatment, which minimizes death rates. Magnetic Resonance Imaging (MRI) is the optimal method for brain scanning since it is non-invasive, gives sharp images, and reflects detailed information regarding the anatomy. However, separating brain images to identify tumors accurately is still very difficult to process medical images. The difficulty of brain anatomy, different tumor shapes, and noise in MRI images make precise separation difficult. Deep learning methods have emerged as popular techniques for automatic brain tumor detection in the last few years. Deep autoencoders are extensively applied as they can extract important features from medical images. Deep Wavelet Autoencoders (DWAEs) use a combination of wavelet transformations and deep learning to improve feature extraction, segmentation accuracy, and minimize the need for computing resources. Wavelet transformations are good at extracting features at different scales, which is essential for investigating complex structures like brain tumors. The current technique uses Deep Wavelet Autoencoders to separate and detect brain tumors automatically from pixel brightness, anatomical information, and knowledge from medical image datasets. The automated classification process not only enhances diagnostic accuracy but also minimizes the need for human expertise, which makes it valuable in clinical practice. It also meets the increasing demand for efficient, dependable, and scalable tools for the detection of brain tumors in medical research and healthcare. By applying wavelet integration for feature extraction and training with deep learning, this technique will enhance the precision of tumor segmentation, facilitate early detection, and assist in more effective treatment planning. This technique may have a profound impact on patient care and medical image diagnosis

2. material and methods 

 2.1 Ease of use

Brain imaging techniques are the backbone of medical diagnosis and neuroscience research, especially in the identification and examination of brain tumors. Brain imaging techniques offer precise visualization of brain anatomy, thereby enabling early detection of abnormalities that could indicate the existence of a growth. Nevertheless, the complexity of brain anatomy and the diversity of tumor characteristics complicate accurate detection and classification. In addressing these, this project introduces an advanced system for brain tumor detection and MRI image analysis by integrating Deep Neural Networks (DNNs) with Deep Wavelet Autoencoders. MRI images are preprocessed before classification to improve quality and extract the most informative brain regions. The process includes noise reduction, contrast enhancement and skull-stripping procedures aimed at eliminating non-brain tissues, thereby ensuring that the system concentrates only on essential parts. The preprocessing operation is vital in minimizing errors and enhancing the accuracy of tumor detection. Deep Wavelet Autoencoder (DWAE) is fundamental in feature extraction through the integration of autoencoders, which reduce the complexity of data, and wavelet transformations, which preserve detailed complexity and enable detection. The integrated system enhances pattern detection while reducing redundant information, leading to improved classification performance. Following MRI image processing, a Deep Neural Network (DNN) is used for segmentation and classification. The DNN is particularly trained to detect tumorous from normal brain scans using the optimized features obtained from DWAE. Through extensive training on medical imaging data, the model attains a high classification accuracy of 96, outperforming traditional tumor detection methods. This enhanced accuracy ensures accurate identification of brain tumors, thereby reducing the likelihood of misdiagnosis and false negatives. The combination of DWAE and DNN provides superior benefits in brain tumor detection. By maximizing accuracy through deep learning and complex feature extraction, the system minimizes the amount of human effort involved in diagnosis, thereby allowing medical professionals to focus more effectively on patient treatment. The use of automated classification ensures quicker analysis, making it highly effective in clinical scenarios where rapid diagnosis is critical. Furthermore, early detection of brain tumors significantly improves the outcome of treatment by allowing timely medical intervention. The accuracy and efficiency of the system allow for informed clinical decision-making, ultimately benefiting both healthcare providers and patients. This project provides a new method for brain tumor detection using deep learning and wavelet-based feature ex traction. The combination of DNN and DWAE maximizes tumor segmentation and classification accuracy, making it a highly effective solution for automated medical diagnosis. With its ability to maximize early detection and simplify clinical workflows, this approach has tremendous potential to transform MRI based brain tumor analysis and support improved healthcare solutions.
2.2 problem Statement
Brain tumor identification in MRI scans is a stimulating task because of complexity of brain structures, diversity of tumors, and noisy images that result in incorrect diagnoses and delayed treatment. Conventional approaches rely primarily on manual verification, which is time-consuming and prone to errors. Most existing automated approaches are not able to detect features accurately and classify tumors. This project introduces a Deep Neural Network (DNN) with a Deep Wavelet Autoencoder (DWAE) to enhance feature extraction and classification accuracy. The proposed system identifies tumors automatically with high accuracy of 96.
 2.3 PROPOSED METHODOLOGY
The proposed architecture for detecting tumors in brain MRI scans using Deep Wavelet Autoencoders (DWAEs) consists of four layers: input, wavelet transform, feature extraction, and classification. The input layer processes pre-processed MRI images, which undergo a discrete wavelet transform (DWT) to capture essential features. The feature extraction layer uses convolutional operations, while the classification layer employs a fully connected neural network to categorize images into tumor and non-tumor classes. The training process includes a loss function for evaluation and incorporates regularization and dropout to prevent overfitting. The final output provides a probability score for tumor presence, enhancing diagnostic capabilities
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Figure 1 : System Architecture



3. results and discussion


The suggested brain tumor detection model based on Deep Wavelet Autoencoders (DWAEs) was successfully deployed on the Python platform in a Windows 10 operating system. The dataset included MRI images from medical imaging databases, such as the Cancer Imaging Archive (TCIA) and GitHub, with ground truth labels created through careful annotation by medical experts
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 			Figure 2 : wavelet transformed MRI images
	
The brain MRI images are transformed by wavelet trans formation as mentioned in the fig 8 Wavelet transformation is a mathematical process by which brain MRI images can be processed and analyzed by breaking them down into different frequency components. Wavelet transformation is useful in the capture of spatial and frequency information, therefore appropriate for feature detection like tumors or abnormalities in the images. With wavelet transformation, important information can be emphasized while removing noise, thereby improving the quality of the images. Wavelet transformation is applied in medical imaging because it can assist in feature extraction and analysis with better efficiency, thereby facilitating proper diagnosis and treatment planning. The wavelet transformed images are next given as an input for classification The next classification gives output as pituitary glioma meningioma and no tumor The example some Predicted out puts are
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Figure 3: Predicted outputs

In brain tumor analysis classification with a deep wavelet autoencoder, a confusion matrix is a helpful tool to verify the accuracy with which the model classifies various types of tumor. These are gliomas, meningioma, pituitary tumors, and non-tumor cases. The confusion matrix indicates how many tumors were correctly identified, how many non-tumor cases were correctly identified, and where the model erred. By examining this matrix, scientists can compute significant performance measures such as precision, precision, and recall for each type of tumor. This helps them to observe the strengths and weaknesses of the model. This information is significant in improving the model and ensuring that it can correctly identify and classify brain tumors. 
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Figure 4 : confusion matrix
The model loss for proposed model Comparative analysis precision is very important in detecting brain tumors with deep wavelet autoencoders because it defines the validity of tumor detection. High accuracy means that the model is able to detect tumors correctly and has very few false positives, which is very important in hospitals to prevent unnecessary treatments and stress for patients. 

[image: ]
                                                                Figure 5 :Model loss

Performance analyses of different types of tumor data sets.The performance analysis of an distinguish MRI images as having a tumor or not. Key measures such as precision, recall, and F1-score are commonly used to examine how well the model works, and what it does best and where it can be better to identify tumors.
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Figure 6. Distribution of data
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Figure 7: Measuring performance


4. Conclusion
This deep wavelet autoencoder with a deep neural network (DNN) to identify brain tumors holds significant potential to enhance the degree to which and the accuracy with which tumors can be identified. By training the model with a di verse dataset of four types of tumor classification pituitary tumors, glioma, meningioma, and no-tumor cases the model separated the classes well. The results indicate that the deep wavelet autoencoder not only assists in attaining better features from MRI images but also enhances the overall performance of the DNN classification. With good accuracy and highperformance measures. This approach is a valuable tool for aiding radiologists in diagnosing brain tumors, leading to improved patient care and more informed clinical decision-making Future studies could try to enhance the model further, expand the dataset, and discover real-time applications in clinical practice to further advance its effectiveness in medical imaging.
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