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ABSTRACT

Brain Tumors are contributing significantly to the global mortality rates. These brain tumors must be detected early and should be classified accurately. Magnetic Resonance Imaging (MRI) is the most commonly used imaging technique. It plays a key role in accurately classifying brain tumors. MRI provides high soft tissue contrast and gives information about tumor location, size and shape. This study proposes an MRI technique for brain tumor classification. In this study, we have developed a customized convolutional neural network (CNN) model for predicting brain tumors. The customized CNN model that classifies the type of tumor. The customized CNN is compared to other existing models to derive our conclusion. The model’s efficiency is evaluated using accuracy, precision, F1 score, and recall.
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Introduction

Cancer is one of the most aggressive and life-threatening diseases, with brain tumors contributing significantly to cancer-related mortality.1 Some of the most frequently diagnosed brain tumors are Meningiomas, Pituitary and Gliomas. Although these tumors are diagnosed, there have been significant challenges involved in their detection, classification, and treatment.2 It is best understood that timely or early detection and its accurate classification are crucial for improving the rate of survival. Moreover, personalized treatment is also necessary for improving the survival rate.

Brain tumor detection relies significantly on medical imaging technologies magnetic resonance imaging (MRI). MRI provides insights into the tumour’s boundaries and internal structures.3–8 It has exceptional soft tissue contrast capability.9

In the traditional diagnostic techniques for brain tumors, the medical images are manually inspected by the radiologists, which is often a time-consuming process and highly prone to human error, and often requires a decision support tool. Furthermore, it is heavily dependent on the expertise of the clinician.10,11 The push for more accurate brain tumor classification has increased the demand for automated and efficient classification models. Convolutional Neural Networks provides high accuracy for feature extraction and classification.12

The MRI dataset is required for brain tumor classification. The customized convolutional neural network (CNN) model is trained on the MRI dataset which predicts the type of brain tumor. We also compare the evaluation metrics with different pre-trained architectures such as VGG16 and ResNet. Our customized CNN model is developed to classify brain tumors into Glioma, Meningioma, Pituitary, or No Tumor categories. Recent advancements in AI and medical imaging have fostered this research. The availability of large-scale brain tumor datasets has made this research possible with high efficiency.13 Traditional Machine-learning models rely on feature extraction. However, deep learning enables automation and efficient feature learning from medical images.14–17


Key Contributions to this Research

The Customized CNN model classifies the type of brain tumors into four categories, namely meningioma, glioma, pituitary, and no tumor.

The customized CNN model’s performance is evaluated using metrics like accuracy, precision, recall, and F1 score. The diagnostic reliability is significantly improved by using the customized CNN model.




Proposed Methodology

The four key stages in brain tumor classification using a customized CNN are data collection, image preprocessing, feature extraction and tumor classification. Each of these stages is described in detail below.


Data Collection

The data is collected from Kaggle, licensed under CC0 Public Domain. We have chosen 7,023 grayscale MRI images. Figure 1 displays a sample of MRI image of brain. In our dataset, 70% is used for training and 10% for testing 20% for validation, Specifically, the number of MRI images used are 4,917 for training, 702 for testing, and 1,404 for validation, respectively. The dataset is categorized into Glioma, Meningioma, Pituitary, or No Tumor. The average original dimensions of these images were 232 × 277. The images are in JPEG format and have varying resolutions. They have been resized and standardised to a spatial dimension of 224 × 224 pixels. The MRI images identify the soft tissue variations and predict the type of brain tumor.


[image: An illustration of sample MRI of brain.]

Fig 1 | Sample MRI image of brain




Image Preprocessing

In image preprocessing, we focus on improving the image quality and maintaining consistency while reducing irregularities. The following preprocessing steps are applied. Image Augmentation techniques used are rotation, width and height shift, shear transformation, which uses a shear range of x to distort the images, zooming, horizontal flipping, resizing to standardise image dimensions for uniformity, and Normalization where the values for pixel intensity are scaled between 0 and 1. We employed augmentation techniques to increase the number of training.



Feature Extraction

The dataset of MRI images is used for brain tumor prediction using the customized CNN model. This model automatically learns hierarchical features for tumor classification. The architecture of the customized CNN is shown in Figure 2. Figure 2 comprises four Conv2D layers with varying filter sizes. We can see that three pooling layers are used after each Conv2D layer, and a single flatten layer is used. The number of dense layers used is three, along with a single dropout layer. Each layer in the customized CNN model is as follows.


[image: An illustration depicts an architecture of customized CNN model.]

Fig 2 | Architecture of customized CNN model


	Convolutional layers – The model has four Conv2D layers with 32, 64, 128, and 256 filters, respectively.


	Pooling Layers – Three pooling layers are used which are applied after each convolution layer (Conv2D).


	Flatten layer – A single flattened vector is created using the feature maps.


	Fully Connected Layers (Dense Layers) – The model consists of three dense layers, each with 512, 256, and 128 neurons. The hidden layers use ReLU activation, while the output layer uses softmax for brain tumor classification.


	Dropout – A single dropout layer is used with a rate of 50% to prevent overfitting.




The customized CNN model is inspired by the VGG16 model. The Conv2D layers and dropout rate were chosen manually by iteratively changing the values. The optimised number of layers consist of four Conv2D layers and a single dropout layer was determined because of better generalisation capability by trial and testing.



Brain Tumor Classification

The Customized CNN performs brain tumor prediction. It classifies the tumor into either of these categories Glioma (G), Meningioma (M), Pituitary (P), or No Tumor (N) and type corresponding tumor type is printed based on the MRI image. The training setup includes a detailed procedure in Figure 3. As seen in Figure 3, the MRI data is loaded it is then preprocessed. The train-test-validation split is performed on the dataset and data generators are obtained from MRI. The customized CNN model is built and trained with softmax activation. It performs brain tumor prediction using the MRI dataset. Its performance is evaluated and multi class prediction is performed which outputs the tumor type. Figure 4 outlines the workflow of brain tumor prediction using the customised CNN model. We use cross-entropy loss as the loss function. Adam optimizer is used for training with a batch size of 32, the learning rate is 0.001. The model is then trained over 50 epochs.


[image: An illustration of a flowchart depicts the single case brain tumor prediction process using customized CNN.]

Fig 3 | Single case brain tumor prediction process using customized CNN



[image: An illustration depicts the bain tumor prediction workflow using customized CNN.]

Fig 4 | Brain tumor prediction workflow using customized CNN





Results and Discussion

The customized CNN model is implemented using Python and TensorFlow. The computational efficiency is improved by utilizing Graphics Processing Unit (GPU) acceleration. In our dataset, 70% is used for training and 10% for testing 20% for validation. A balanced evaluation is performed to improve the model.


Dataset Details

The dataset contains MRI images for brain tumor prediction. The total number of MRI images are 7,023. We have used 4,917 MRI images for training, 702 for testing and 1,404 for validation. The MRI images are categorized as meningioma, pituitary, glioma, and no tumor. The greyscale images are in JPEG format. The average original dimensions are 232 × 277 which have been resized to 224 × 224.



Model Performance and Evaluation

The customized CNN’s performance model is compared to other pre-trained architectures like VGG16 and ResNet. Table 1 details the performance analysis of the Customized CNN, VGG16, and ResNet. The evaluation is done by using key classification metrics such as



Table 1 | Performance analysis of models

	Model
	Accuracy
	Precision
	Recall
	F1 Score




	Customized CNN
	91.2
	94
	93.5
	90


	VGG16
	77
	79
	75.5
	76


	ResNet
	59
	60.2
	58
	57







	Accuracy – measures the classification performance.


	Precision – determines the positively predicted tumors that are correct.


	Recall – The model’s ability to identify tumors correctly assessed.


	F1 score – The balance between precision and recall is represented.




Based on typical training behaviour and the structure of the notebook, the estimated total training and validation time for 20 epochs is approximately 200 seconds which is 3.33 minutes.


Comparative Analysis of Existing and Proposed Methodologies

Lightweight Model – The large hybrid models in the existing Methods are replaced with our Lightweight customized CNN model.





Conclusion

A deep learning-based customized CNN multimodal is presented. The brain tumor classification is performed using MRI dataset by using a customized CNN model. The MRI provides soft tissue contrast. By leveraging the customized CNN for brain tumor prediction, high diagnostic accuracy is obtained to classify brain tumors. Our proposed model has high accuracy and it is suitable for clinical applications. The computation performance is efficient. Reliable classifications are achieved while maintaining low processing time per image. The processing time per image in the customized CNN model is 2 ms. The diagnostic uncertainty is significantly decreased. However, there can be dataset bias as the dataset is sourced from Kaggle and lacks demographic diversity. Deployment in a clinical setting requires high computational resources. Furthermore, the patient’s consent to share their medical data has to be considered with strict adherence to privacy and security regulations. The brain tumor prediction model can be used as a decision support tool rather than replacing the already existing medical methodologies. It is helpful for radiologists in clinical decision-making. The Customized CNN model significantly improves brain tumor classification accuracy.
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