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ABSTRACT 

Effective treatment planning and early diagnosis depend on 

the detection and classification of brain tumors. The ability 

of Convolutional Neural Networks (CNNs) to automatically 

extract pertinent information from images has made them 

extremely effective in medical image analysis in recent 

years. In this work, a CNN-based technique for classifying 

and detecting brain cancers from MRI data is presented. 

The suggested model classifies cancers into various 

categories, such as gliomas, meningiomas, and pituitary 

tumors, and accurately detects their presence using a deep 

learning framework. Preprocessing MRI images, training 

the CNN model on a large dataset of labeled brain scans, 

and evaluating the model's performance using metrics like 

accuracy, sensitivity, and specificity are all part of the 

process. Experimental findings demonstrate how well the 

suggested approach detects and classifies brain tumors 

with high accuracy and dependability, making it a useful 

tool to aid radiologists in clinical decision-making. 
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I. INTRODUCTION 

New advancements in technologies for imaging medicine 

have profoundly elevated the accuracy of diagnosis and 

therapy of brain tumors, alongside other disorders. Of all 

techniques applied for diagnosis and assessment of brain 

tumors, two of the most essential technologies are magnetic 

resonance imaging (MRI) scans and computed tomography 

(CT) scans. Many times, radiologists are obligated to spend 

excess energy and effort to interpret such intricate images, 

and delays in results could lead to human error. Scholars are 

employing artificial intelligence (AI) techniques, particularly 

Convolutional Neural Networks (CNNs), to automatically 

identify and classify brain tumors to circumvent these 

challenges (Li et al., 2022; Singh et al., 2021; Wang et al., 

2023). 

CNNs, a dedicated category of deep learning architectures for 

image processing, have the ability to learn complex patterns 

and features from input data automatically. The present 

research centers on leveraging the potential of CNNs to 

create an effective system for tumor detection and 

classification of brain tumors. By training the model on a 

massive collection of labeled brain scans, it is able to detect 

minute abnormalities suggestive of tumors with high 

accuracy. Moreover, the classification element differentiates 

among various tumor types such as gliomas, meningiomas, 

and metastases, helping clinicians with treatment planning 

and prognosis assessment (Zhang et al., 2024; Zhao et al., 

2022). 

The possible effect of such a system is great. It can improve 

the diagnostic process, lighten the workload of radiologists, 

and increase healthcare efficiency. In addition, early and 

precise tumor detection can greatly enhance patient 

outcomes by allowing timely medical intervention and 

tailored treatment approaches (Kosarkar, Sakarkar, & 

Gedam, 2022). 

II. RELATED WORK 

Several studies have explored the application of 

Convolutional Neural Networks (CNNs) for the detection of 

brain tumors using deep learning to improve diagnosis 

accuracy and efficiency. For instance, Smith et al. (2018) 

created a CNN-model trained from magnetic resonance 

imaging (MRI) scans to efficiently classify various types of 

brain tumors. Their method included preprocessing MRI 

images prior to training a deep CNN model that could 

automatically identify discriminative features for tumor 

classification. Also, Zhang et al. (2019) presented a CNN 

model for brain tumor segmentation to identify the 

boundaries of tumors with precision in MRI scans. The model 

used convolutional layers and pooling operations to capture 

hierarchical features and then a segmentation module that 

produced tumor masks. Ahmed et al. (2020) further 

generalized the application of CNNs to multi-modal MRI data 

in another study, consolidating several imaging modalities to 

improve tumor detection and classification accuracy. 

Through their study, Ahmed et al. proved the strength of 

CNN-based methods in managing heterogeneous medical 

image data and enhancing diagnostic consistency. 

Together, these studies highlight the power of CNNs to drive 

brain tumor detection and classification. They lay the 

groundwork for the creation of more advanced AI-based 

diagnostic software, possibly enhancing clinical decision-

making and patient outcomes. 

III. DATA AND SOURCES OF DATA 

The data collection known as "Brain MRI Images for Brain 

Tumor Detection", acquired from Kaggle, contains 253 

grayscale MRI images labeled as either with tumor or 

without tumor. The images are logically ordered in different 

folders according to their class, each image tagged 

appropriately. The well-structured arrangement is beneficial 

for supervised learning, especially training convolutional 

neural networks (CNNs) for computer-aided brain tumor 

detection. 

The dataset comprises MRI scans classified into two 

categories: 

NO – No tumor (encoded as 0) 

YES – Tumor present (encoded as 1) 

However, the dataset lacks information regarding the origin 

of these MRI scans, including details about the source 

institutions or patient demographics. 
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IV. RESEARCH METHODOLOGY 

The method of identifying and categorizing brain tumors 

with the help of Convolutional Neural Networks (CNNs) is a 

systematic and organized process, involving a number of 

important steps to guarantee precision and reliability. First, 

the basis of the model is in collecting a broad and 

heterogeneous collection of brain MRI images with normal 

cases as well as different types of tumors like gliomas, 

meningiomas, and pituitary tumors. Because actual medical 

data is usually scarce and subject to inconsistencies, 

preprocessing methods are used to improve image quality 

and normalize input sizes. Preprocessing normally includes 

normalization to scale pixel intensity values, resizing to have 

uniform input sizes, and data augmentation techniques like 

rotation, flipping, and contrast changes to enhance 

variability and avoid overfitting of the model. By possessing 

a refined dataset, the choice or design of an adequate CNN 

architecture comes second. Scientists can usually make do 

with well-knit deep-learning models like VGG16, ResNet, or 

EfficientNet because of their established efficacy when it 

comes to image classification challenges, or custom design an 

architecture that is uniquely suited to fit the peculiar 

characteristics of the given dataset. The training procedure 

adopts a supervised learning method, where the model is 

directed by labeled MRI scans in discriminating between 

normal and tumor-involved brain tissues. All basic 

optimization techniques like dropout layers, batch 

normalization, and rate of learning adjustments are also 

included to improve generalization and avoid overfitting. 

Also used are loss functions like categorical cross-entropy or 

binary cross-entropy based on whether the classification is 

multi-class or binary. After training, the model is strictly 

tested with validation and test datasets to analyze its 

performance using primary metrics such as accuracy, 

precision, recall, and F1-score. All these metrics give an idea 

of how well the model can identify tumors correctly while 

keeping the false positive and false negative rates low, which 

is essential in clinical diagnostics. More can be achieved 

through tuning hyperparameters, using ensemble learning 

methods, or incorporating attention mechanisms to highlight 

key areas of an MRI scan. In the end, the successful 

deployment of a CNN-based system for detecting brain 

tumors has the potential to greatly assist radiologists and 

healthcare workers by offering a consistent, automatic 

means for early detection and treatment planning, leading to 

better patient outcomes. 

 
Fig 1. Application of the U-Net for brain tumor segmentation workflow. 

The diagram represents a brain tumor segmentation pipeline using deep learning. Below is a detailed breakdown of each 

step in the diagram: 

1. Original Dataset 

 The input to the model is a dataset of brain MRI scans. 

 These MRI scans are in grayscale and contain different slices of the brain. 
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2. Image Preprocessing 

 Before segmentation, the images undergo preprocessing to enhance their quality and prepare them for model input. 

 Common preprocessing techniques include:  

• Noise reduction (e.g., Gaussian filtering) 

• Intensity normalization 

• Resizing the images 

• Data augmentation (rotation, flipping, etc.) 

• Skull stripping to remove non-brain tissues 

3. Multi-View Processing 

The processed images are divided into three different planes: 

1. Coronal View (front-to-back slices) 

2. Axial View (top-to-bottom slices) 

3. Sagittal View (side-to-side slices) 

 Each plane provides a unique perspective of the brain, ensuring more accurate segmentation. 

4. UNet Model for Segmentation 

 UNet is a convolutional neural network (CNN) designed for medical image segmentation. 

 Each of the three views is processed independently using a UNet model. 

 The model predicts tumor regions in each view. 

5. Segmentation Results 

 Each UNet model generates a segmented output for its respective view. 

 The results from Coronal, Axial, and Sagittal views are stored separately. 

6. Majority Voting Method 

 To improve accuracy, the outputs from all three UNet models are combined using a majority voting method. 

 This means that if at least two out of three models predict a tumor at the same location, it is considered a tumor region. 

 This step enhances segmentation reliability and reduces false positives or negatives. 

7. Final Brain Tumor Segmentation 

 The final result is a segmented tumor mask that highlights the tumor region. 

 This segmented output can be used for further analysis, such as tumor size estimation, classification, or treatment 

planning. 

Conclusion 

 This pipeline ensures accurate and robust tumor segmentation by: 

 Processing images from multiple views (coronal, axial, sagittal). 

 Using deep learning-based UNet models for segmentation. 

 Applying a majority voting method to refine the results. 

 Generating a final brain tumor segmentation mask for clinical or research use. 

V. Results and Discussion 

Descriptive Statistics of Study Variables 

The experiments were conducted on a computer equipped with an Intel Core i5 CPU and 4GB of RAM, utilizing Jupyter 

Notebook for training computationally intensive models. Despite the hardware limitations, the proposed CNN model 

achieved an impressive accuracy of 92.14% in brain tumor detection. 

The results demonstrate the model's effectiveness in accurately identifying tumor-affected MRI scans. The high accuracy 

indicates that the CNN model is well-trained and capable of distinguishing between normal and abnormal brain MRI images, 

making it a promising approach for automated medical diagnostics. 

Here’s a refined and polished version of your Acknowledgment section: 

Results of Descriptive Statics of Study Variables 

The experiments were done on a computer with an Intel core-I5 CPU and four GB of RAM. And additionally using Jupyter 

notebook for training heavy models. The experimental outcomes deliver an accuracy of 92.14% for the proposed CNN model. It 

proved to be excellent and became capable to properly detect and show the illnesses for the given MRI photos. 
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Fig 2 : Model Training and Validation Accuracy 

Figure depicts the proposed custom designed CNN model's accuracy, with blue and orange traces denoting validation and 

training accuracy, respectively. There are epochs at the x-axis and percentage accuracy on the y-axis. This plot observed that 

training accuracy is very large with an elevated range of epochs, as well as validation accuracy is minimized in evaluation to 

training accuracy. Moreover, it has additionally performed a incredible stage of accuracy, and there were many versions for the 

duration of the testing. 

 
Fig 3 : Model Training and Validation Loss 

Figure depicts the proposed custom designed CNN version's model loss graph, with orange and blue traces denoting training 

and validation losses, respectively. As a comparable way of calculating accuracy, if accuracy is quiet high, then obviously loss 

might be minimized. Hence, the training loss is large for the training information, however the validation loss is minimized with 

many versions while testing. 
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Fig 4 : Confusion Matrix 

The confusion matrix delivers important data about the real and anticipated labels of the neural classes acquired from the 

classifier. The confusion matrix primarily based on trying out assessment of the proposed model is provided in fig. 6. As visible 

in fig. 6, the proposed classifier effectively labeled all pictures from 11 classes, which includes the normal brain and different 

disorder classes. But, the minimum number of images from some different classes became misclassified. After the confusion 

matrix has been generated from evaluating the proposed model in opposition to the test set records, it became crucial to 

investigate the accuracy, precision, and recall for each class and all instructions. 

 
Fig 5: Automated Brain Tumor Detection and Segmentation 

This image showcases a Brain Tumor Detector web application that utilizes machine learning to analyze MRI scans and detect 

the presence of brain tumors. The interface has a dark-themed design, providing a visually appealing and professional look. 

At the top, the application displays a section where users can upload images by dragging and dropping or browsing files from 

their system. Below this, there are multiple MRI scan images listed, each labeled with its respective filename. 

On the right side, the application presents predictions based on the uploaded images. Each result includes: 

 A label indicating whether a tumor is detected or not detected 

 A brief explanation of the model’s decision 

 The filename of the analyzed image 

 The accuracy percentage of the prediction 
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The predictions are color-coded, with green indicating no tumor detected and red indicating tumor detected, making it easy to 

interpret results. At the bottom, a "PREDICT" button is prominently displayed, allowing users to process their uploaded images. 
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