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Abstract:
Nowadays, brain tumor detection has turned up as a general causality in the realm of health
care. Brain tumors can occur as abnormalities in  tissue where cells suddenly proliferate, meaning they grow uncontrollably. The research focuses on early detection and prevention of brain tumors using machine learning and data mining, specifically convolutional neural networks (CNN). The proposed method involves automatic segmentation using small-kernel CNNs. The process includes data collection, prioritization, median filtering, segmentation, feature extraction, and CNN-based classification and recognition. This study aims to extract important patterns and relationships from data using data mining techniques. The overall aim is to provide a good and clear way to detect and classify brain tumors in the early stages of the disease.
Keywords:. Conventional Neural Networks (CNN), Deep Learning (DL), Medical Imaging (MI),Brain tumor detection, Neurology and healthcare application.
Introduction
Brain tumor detection using machine learning is a cutting-edge application that amalgamates
medical imaging, computational algorithms, and artificial intelligence to enhance the accuracyand efficiency of diagnosing brain tumors. This innovative approach primarily relies on theanalysis of medical images, such as magnetic resonance imaging (MRI) and computed
tomography (CT) scans, to identify and characterize abnormalities in brain tissue.
The workflow typically initiates with the preprocessing of medical images, involving taskslike normalization and noise reduction to ensure data quality. Subsequently, relevant featuresare extracted from these images, encapsulating distinctive characteristics that aid indifferentiating between normal and tumor-affected brain structures. These features serve asinput data for machine learning models.
Machine learning models, particularly supervised learning algorithms, are trained on sizable
datasets comprising annotated examples of both healthy and tumor-affected brain images.During the training process, the models learn complex patterns and relationships inherent inthe data, enabling them to make informed decisions when presented with new, unseen images.
Commonly employed algorithms include convolutional neural networks (CNNs) due to their
[bookmark: _GoBack]proficiency in image recognition tasks.The advantages of employing machine learning in brain tumor detection are manifold. Firstly,it facilitates enhanced accuracy by leveraging the computational capabilities of algorithms todiscern subtle patterns that may be challenging for human observers. Secondly, the process isexpedited, offering quicker diagnoses and potentially expediting treatment decisions. Earlydetection is pivotal in improving patient outcomes, underscoring the significance of thistechnology in the medical domain.
Despite its potential, the implementation of machine learning for brain tumor detection poses
challenges. Limited availability of labeled data, interpretability of complex models, and ethicalconsiderations surrounding patient privacy and bias in algorithms are among the pertinentissues that necessitate careful consideration.
Continued research in this field aims to address these challenges, refining existing models andexploring novel techniques. The overarching goal is to integrate machine learning seamlesslyinto clinical workflows, ultimately empowering healthcare professionals with advanced toolsfor more accurate and timely diagnosis, thereby significantly affecting patient care inneurology.

Related Work
In the realm of brain tumor diagnosis, pivotal studies have significantly shaped the evolution of methodologies. Sharma et al. (2014) employed traditional machine learning algorithms to underscore diagnostic goals and achieve accurate classification, with a specific emphasis on medical image extraction [1]. Ker et al. (2017) delved into the transformative impact of deep learning in medical imaging, particularly the application of Convolutional Neural Networks (CNN) in analytics, computer diagnostics, and disease detection [2]. A comprehensive study by Amin et al. (2021) explored various machine-learning approaches for brain tumors, aiming to provide a holistic understanding of developments in the field [3].
Herman et al. (2019) demonstrated the application of a machine learning-based brain imaging system, encompassing preprocessing, extraction, and classification, highlighting the relevance of segmentation techniques in improving accuracy [4]. Logeswari and Karnan (2010) emphasized the importance of segmentation in brain tumor diagnosis using software-based techniques [5]. Boral et al. (2015) conducted a comprehensive review of image processing techniques for brain diagnosis, summarizing various methods and state-of-the-art insights, with a focus on trends and the success of segmentation techniques using deep learning [6].
Amin et al. (2020) proposed a specific method for brain diagnosis using MRI, potentially incorporating technologies such as deep learning for brain damage classification [8]. Collectively, these studies contribute to the diverse landscape of brain tumor detection methodologies, spanning traditional machine learning, deep learning, and distinctive approaches tailored to enhanced detection and classification.

METHODOLOGY

Data Acquisition and Preprocessing:
· Dataset Collection: The first step involves collecting a large and diverse dataset of brain MRI images.This dataset should encompass various tumor types, stages, and imaging techniques to ensure the modelcan generalize well to unseen data.
· Data Labeling: Each image in the dataset needs to be accurately labeled, specifying the presence orabsence of a tumor and its type (if present). This labeling process should be rigorous and ensurebalanced representation of both tumor and non-tumor cases.
· Data Preprocessing: The raw MRI images are then preprocessed to prepare them for the deep learning model. This typically involves normalization, rescaling, and data augmentation techniques as shown in Fig.1.
Normalization helps standardize the intensity values across different images, while rescaling ensures allimages have the same dimensions. Data augmentation artificially increases the dataset size by generatingvariations of the existing images, such as rotations, flips, and elastic deformations. This helps the modellearn to identify tumors regardless of their orientation or slight variations in appearance.
The flowchart below depicts CNN model withlayerslike Flatten, Dense and Dropout used with Adam optimizer with splitting of Dataset into two categories and hence showing different types of results:
[image: ]

Fig.1. Flowchart of CNN model 

Model Architecture and Training:
· Model Selection: This research proposes using a pre-trained convolutional neural network (CNN) architecture as a starting point. CNN is pre-trained on big data images and learns how to extract powerful sources. These features can be optimized for  specific tasks of brain diagnosis and classification. 
· Fine-tuning and customization: The pre-trained CNN is then fine-tuned on the brain tumor dataset. This involves adjusting the weights of the network to tailor its clearance abilities to the specific properties of tumor cells. Additionally, layers such as convolutional, pooling, and full layers as mentioned in the flowchart, are added to the model to improve the model's ability to detect and classify tumors. 
· Training and optimization: The model is then first trained on the training data. This involves feeding images from the network and adjusting their weights based on the difference between predicted and actual tumor classification. During this process, hyperparameters such as learning rate, batch size, and number of training epochs are optimized to find the combination that provides the best performance.

Evaluation and Refinement:
Performance evaluation: Evaluate the performance of your training model  using a variety of metrics such as accuracy, precision, recall, and F1 score. These metrics measure the model's ability to identify tumors and distinguish them from non-tumors. Validation and testing: Check the validity of the model and the generality of the test data. Validation profiles are used to fine-tune  hyperparameters during training, while testing profiles are used to provide an unbiased estimate of the model's performance on unseen profiles. Post-processing and improvement: After evaluation, the model will be further improved. This may include procedures such as post-processing to eliminate defects or error analysis to identify and fix weaknesses in the operating system.
Overall, the methodology outlined in the research follows a standard deep learning approach formedical image classification. By carefully collecting and pre-processing data, selecting and fine-tuningan appropriate CNN architecture, and employing rigorous training and evaluation procedures, theresearchers aim to develop a robust and accurate model for brain tumor detection and classification.

Conclusion:
The proposed CNN model for brain tumor diagnosis represents a state-of-the-art approach that incorporates advanced  learning techniques, especially convolutional neural networks (CNN), to modify the diagnosis. The model's emphasis on precision, earlydetection, and automation showcases a commitment to improving patient outcomes throughtimely interventions. Leveraging a diverse dataset, the model is designed for robustness acrossvaried imaging conditions and patient demographics, addressing the complexities ofreal-world medical imaging scenarios. The incorporation of multi-class classification addssophistication, allowing detailed tumor type identification for personalized treatment planning.
In conclusion, the CNN model presented in this report is not merely a technological
innovation; it represents a comprehensive commitment to advancing patient care in the realm
of brain tumor diagnostics. With its holistic approach, including accuracy, early detection,
automation, and collaboration, the model is well-positioned to significantly contribute to the
ongoing quest for improved brain tumor detection and, ultimately, enhanced patient outcomes.
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