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Abstract 

Brain tumor detection using magnetic resonance imaging (MRI) is a critical task in the early detection 

and treatment of brain tumors. Manual analysis of brain tumor detection using MRI is a tedious task 

that requires expertise in the field. Therefore, this study proposes a deep learning-based approach for 

brain tumor detection and classification using Convolutional Neural Networks (CNN). The proposed 

approach preprocesses the MRI image using normalization, resizing, and noise reduction. The 

proposed CNN learns discriminative features from the image without any manual intervention in 

feature engineering. The proposed CNN model is trained and tested on a publicly available benchmark 

dataset for MRI images. The performance of the model was assessed using accuracy, precision, recall, 

F1 score, and confusion matrix. Experimental results revealed that the proposed CNN model attained 

a classification accuracy of 94.6%. This shows that the proposed model performs better in brain tumor 

diagnosis compared to traditional machine learning algorithms like Support Vector Machine (SVM) 

and k-Nearest Neighbors (k-NN). 
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INTRODUCTION 

Brain tumors are one of the most critical neurological problems that may result in significant 
morbidity and mortality if not identified in their early stages. Therefore, it becomes essential to identify 

brain tumors in their early stages to plan treatment, surgery, and prognosis [1]. Among the neuroimaging 
modalities available to identify brain tumors, magnetic resonance imaging (MRI) has been found to be 

the most used technique for the diagnosis of brain tumors due to its non-invasive nature, providing 
better soft tissue contrast, and offering detailed information regarding the structures of the brain. 

However, the process of using MRI for diagnosis is still a challenging task and relies on the skills of 

radiologists. Furthermore, the increasing volume of medical image data has increased the workload for 
doctors and has the potential to introduce variability in the diagnosis process [2]. Therefore, computer-

aided diagnosis systems for automatic detection and classification of brain tumors have been proposed. 
Traditional methods for brain tumor detection and 

classification using computer-aided diagnosis 
systems included conventional image processing 

and machine learning techniques in which features 
are extracted, and classification is achieved using 

SVM and k-NN [3, 4]. Although promising results 
have been achieved by these methods, their 

performance has been constrained by the challenges 
associated with handcrafted feature engineering. In 

recent times, deep learning has also been identified 
as a promising paradigm in medical image analysis. 

In this case, Convolutional Neural Networks 
(CNNs) have been identified as a promising 

paradigm in medical image analysis due to their 

potential to learn feature representations directly 
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from raw image data. Based on this promising potential, this study proposes a deep learning-based 

framework for the automatic detection and classification of brain tumors using MRI images. The 
performance of the proposed model has been evaluated using performance metrics. 
 
LITERATURE REVIEW 

Automated approaches for brain tumor detection from MRI images have been extensively researched 
in the literature. Initially, the research was centered on traditional machine learning techniques and the 
application of handcrafted feature engineering techniques [5, 6]. Features – such as texture features like 
the Gray-Level Co-occurrence Matrix (GLCM) and wavelet features – were extracted from the MRI 
images and classified by machine learning classifiers such as Support Vector Machines (SVM), K-
Nearest Neighbors (KNN), and Artificial Neural Networks (ANN). Although the classification results 
were satisfactory, the classification was heavily dependent on the quality of the handcrafted features 
engineered from the MRI images [7–9]. With the advent of high computational power and the 
availability of more medical image datasets, deep learning has become the major trend in brain tumor 
analysis. Especially, Convolutional Neural Networks (CNNs) achieved higher performance in brain 
tumor analysis by learning discriminative features from brain MRI images [10–12]. Several studies 
were conducted using CNN-based methods for normal and tumor brain image classification [13]. To 
enhance the classification accuracy even better, researchers have also employed transfer learning 
methods for brain tumor classification and detection from MRI scans by utilizing pre-trained deep CNN 
architectures such as VGG16, ResNet50, and DenseNet121 [14]. Such transfer learning methods have 
been reported to achieve better convergence and classification accuracy, especially when limited 
medical imaging data are available [15]. Although deep learning models have shown good performance, 
one major challenge is the lack of interpretability, and deep learning models are no exception. Due to 
the “black-box” nature of deep learning models, clinicians may not be able to easily comprehend the 
reasoning behind the classification outcome obtained from the model. For this reason, Explainable 
Artificial Intelligence (XAI) techniques, such as Gradient-weighted Class Activation Mapping (Grad-
CAM), have been incorporated to enable the visualization of key areas in MRI images that are being 
used to make predictions. 
 
DATASET DESCRIPTION AND PREPROCESSING 
Dataset Description 

The efficacy of the developed deep learning model was tested using a publicly available brain tumor 
MRI image dataset. This dataset was collected from an open-source medical image repository. This 
dataset consists of MRI images of different classes: glioma, meningioma, pituitary tumor, and normal 
brain. This dataset contains 7023 brain MRI images of various classes from multiple patients, obtained 
under standard conditions. Images are available in grayscale form, depicting different views of the 
human brain. Each image was labeled by domain experts. This dataset is appropriate for supervised 
classification of brain tumor images. The dataset varies significantly in terms of tumor size, shape, 
location, and intensity, which makes it a realistic dataset. This dataset is challenging for testing the 
robustness of the proposed deep learning model. For efficient training and testing of the dataset, it was 
divided into three sets: training, validation, and testing. Out of all the images, 70% were used for 
training, whereas 15% were used for validation and another 15% for testing (Table 1). 
 
Table 1. Distribution of MRI images across tumor classes in the dataset. 
Tumor class Number of images 

Glioma 1621 

Meningioma 1645 

Pituitary Tumor 1757 

Normal 2000 

Total Images 7023 

 

Preprocessing Steps 

Prior to training the deep learning model, several preprocessing steps were performed on the MRI 

images to enhance the quality of the images and maintain uniformity in the dataset. Preprocessing is a 
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vital step in medical image analysis, as it is common for MRI images to exhibit inhomogeneity, noise, 

and resolution variations during scanning due to different scanning protocols. 

 

Firstly, intensity normalization was conducted to eliminate inter-scan intensity variation. This 

process standardized the intensity distribution of pixels in all MRI images. This process is essential to 

ensure that the deep learning model does not concentrate on any unnecessary intensity variations. 

Secondly, all MRI images were resized to a specific resolution to ensure uniformity in the dimensions 

of the images. This uniformity in image dimensions is essential to allow the Convolutional Neural 

Network (CNN) to process the images in batches. To increase generalization and prevent overfitting, 

data augmentation was used to increase the diversity of the training set. These data augmentation 

techniques include rotation, flipping, and scaling, which increase the diversity of the training set, hence 

enhancing the robustness of the model to changes in the orientation of the tumor. Finally, the 

preprocessed MRI images are converted into a tensor format and used as input to the deep learning 

model for feature extraction and classification. This standard preprocessing procedure was used to 

increase the stability of training, hence enhancing the performance of the model. 

 

PROPOSED METHODOLOGY 

Proposed Framework 

The proposed method intends to automatically detect and classify brain tumors from MRI images by 

employing a deep learning-based approach. The proposed framework for the classification process 

consists of four major steps: MRI data acquisition, preprocessing, feature extraction by employing a 

Convolutional Neural Network (CNN), and classification. The framework is aimed at learning 

discriminative spatial features from MRI images to classify brain tumors accurately (Figures 1 & 2). 

 

 
Figure 1. CNN-based framework for brain tumor detection and classification from MRI images. 

 

Model Architecture 

The fundamental idea of the proposed framework is based on a CNN structure for MRI image 

classification. CNN is a good approach for medical image classification due to its ability to learn local 

spatial hierarchies and represent features in images. The structure of the proposed CNN includes 

multiple convolutional layers with activation and pooling functions following each convolutional layer. 

The convolutional layers of the CNN aim to learn the image features from the MRI images, starting 

from low-level features such as edges and texture in the first layers and progressing to higher-level 

features such as tumor shape and structural features in the deeper layers [16]. The Rectified Linear Unit 

(ReLU) activation functions are used to introduce non-linearity in the model, thus aiding the model in 
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achieving better convergence rates. Max pooling layers are also incorporated into the model to reduce 

the spatial dimensions and hence the complexity of the model. The inclusion of pooling also aids in 

achieving translation invariance, where the tumor can occur at different locations in the images obtained 

from the MRI scans. Once the features are extracted, the feature maps are flattened and passed through 

several fully connected layers, where the features are integrated to arrive at a conclusion for the 

classification. 

 

 
Figure 2. Block diagram of the proposed deep learning-based framework for brain tumor 

detection and classification using MRI images.  

 

Training Strategy 

The CNN model uses supervised learning to train on labeled MRI images. Categorical cross entropy 

loss is used to calculate the error between the predicted labels and the actual labels. Adaptive 

optimization is used to optimize the parameters of the CNN model. Regularization methods – such as 

dropout – are implemented in the fully connected layers to prevent overtraining. The performance of 

the CNN model is checked on a validation set. Early stopping is implemented to prevent overtraining 

once convergence is reached [17]. 

 

Classification Output 

The result of the proposed model is a probability distribution over a set of predefined classes related 

to tumors. The class that has the maximum probability is considered as a predicted label. This 

framework of automated classification can be effectively used to identify the locations of brain tumors 

in MRI images. 

 

Algorithm 1: Brain Tumor Detection and Classification Using Deep Learning 

Input 

• MRI image dataset 𝐷 = {𝐼1, 𝐼2, … , 𝐼𝑛}. 

• Corresponding class labels 𝐿 = {𝑙1, 𝑙2, … , 𝑙𝑛}. 

 

Output 

Trained CNN model 𝑀. 
 

Predicted tumor class for test MRI images. 

1. Load MRI Dataset 𝐷 d and label 𝐿 l. 

2. 𝐷 preprocessing, 𝐷, D ←preprocess(d) // normalization, resizing, noise removal. 

3. Partition 𝐷 D in training, validation and testing sets. 

4. Introduce the CNN Architecture // convolution, pooling, fully connected, softmax layers. 

5. For each epoch do 

Dataset 

Labels Loading 

Images 
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Partitioning 
Augmentation 
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Validation 
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6. Extract features using CNN layers 

7. Calculate Classification Loss  

8. Update network weights using backpropagation 

9. Validate the Model Using the Validation Set  

10. End For 

11. Evaluate the trained model 𝑀 M on test dataset  

12. Compute performance metrics  

13. Output predicted brain tumor class labels (Figure 3). 

 

 
Figure 3. CNN architecture is used for brain tumor detection and classification from MRI images. 

 

Although the MRI images are not visually represented in the manuscript, all experiments were 

performed directly on the digital MRI images using a CNN image processing pipeline. The MRI image 

was converted into a numerical image matrix and represented by a two-dimensional pixel intensity 

array. To achieve consistency among different MRI scans and image acquisition devices, the images 

were resized to a fixed resolution of 256 x 256 pixels and normalized by Z-score standardization. The 

preprocessed MRI images were then used to feed into the CNN model as input tensors of size 256 x 

256 x 1, where the single channel represents the gray scale intensity values. The CNN model was used 

to perform hierarchical feature extraction using a series of convolutional and pooling layers. The initial 

layers of the CNN model extracted low-level features, including edges and textures, while the deeper 

layers learned higher-level features, including tumor shape, boundary, and texture features. The deep 

features extracted from the CNN model were then used to perform a series of fully connected layers to 

produce the final tumor class label [18, 19]. 

 

EXPERIMENTAL SETUP 

Dataset Partitioning 

The data set was split into three disjoint sets: training, validation, and testing. The training set was 

employed for learning the parameters of the model, the validation set was employed for tuning the 

hyperparameters and monitoring the convergence of the model, and the test set was employed for the 

performance evaluation and assessment of the generalization capability of the suggested model [20]. A 

standard data split ratio was employed in the current study, where 70% were employed for training, 

15% for validation, and 15% for testing. Data augmentation was employed for the training set. 

 

Implementation Details and Hyperparameters 

The proposed CNN model has been implemented using a deep learning framework. It has been 

trained using a workstation with GPU acceleration. The proposed CNN model has been trained using a 

supervised learning approach. Categorical cross-entropy has been used as the loss function. Efficient 

weight optimization has been achieved using the Adam optimizer. The hyperparameters have been 

chosen empirically to ensure the stable training of the model. The learning rate has been set to 0.001. 

Mini-batch training has been conducted with a batch size of 32. The model has been trained for 50 

epochs. Early stopping has been conducted to avoid overfitting and to prevent the model from being 

trained unnecessarily [21, 22]. 

 

Dropout regularization has been conducted to avoid overfitting in the proposed CNN model. 
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Evaluation Metrics 

The performance of the proposed framework for brain tumor detection and classification has been 
evaluated using classification metrics that are usually applied in medical image analysis tasks. The 
accuracy of the proposed system has been calculated as the ratio of the total number of instances 
correctly classified to the total number of instances in the dataset. 
  

 Accuracy = 
TP+TN

TP+TN+FP+FN
                                                                                                                       (1) 

 
Precision was found by calculating the ratio of the number of correctly predicted positive instances 

to the total number of instances predicted as positive. 
 

Precision =  
TP

FP + TP
                                                                                                                                 (2) 

                     
Recall (Sensitivity) was computed as the number of correct predicted positive instances divided by 

the total number of actual positive instances. 
 

Recall = 
TP

TP + FN   
                                                                                                                                    (3) 

 
The F1-score was calculated based on the harmonic mean of precision and recall. Moreover, the 

performance of the developed brain tumor detection and classification system was evaluated based on 
a confusion matrix, which gives a graphical representation of the classification results (Table 2). 
 

 F1 = 2 x 
Precision × Recall

Precision + Recall
                                                                                                                       (4) 

 

Table 2. Performance comparison of machine learning and deep learning models for brain  
tumor classification. 
Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

SVM 85.4 83.9 82.5 83.2 

K-NN 88.1 86.7 85.2 85.9 

CNN (Proposed) 94.6 94.1 93.8 93.9 

 
Table 2 shows a performance comparison between conventional machine learning classifiers and the 

developed CNN-based classifier. As seen from Table 2, the developed CNN-based classifier 
outperformed conventional classifiers – such as SVM and k-NN classifiers – in terms of all performance 
metrics. This proves the capability of the CNN model in learning features from brain tumor images 
(Figure 4). 
 

 
Figure 4. Model-wise accuracy comparison for brain tumor detection. 
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Figure 4 shows the model-wise accuracy comparison chart for brain tumor detection using various 

classification models. The results show that the proposed CNN model obtained the highest classification 

accuracy of 94.6 percent compared to traditional machine learning models such as SVM and k-NN. The 

accuracy obtained by the SVM model was 85.4 percent, and the accuracy obtained by the k-NN model 

was 88.1 percent [23, 24]. While the traditional models gave satisfactory results, their performance was 

restricted due to the reliance on traditional handcrafted feature extraction techniques. On the contrary, 

the CNN model learned features directly from the MRI images. This helped the model to learn complex 

features in the brain tumor images. The improved classification accuracy demonstrates the efficacy of 

feature learning using deep learning techniques over traditional machine learning techniques and 

confirms the reliability of the proposed CNN model [25–27]. 

 

Statistical Significance Analysis 

To confirm the improvement in classification performance of the proposed CNN model, a statistical 

significance test was carried out by comparing the classification performance of the proposed CNN 

model with other traditional classification models of machine learning algorithms. This was done based 

on certain classification performance parameters, such as accuracy, precision, recall, and F1-score, 

which were calculated from the test data [28]. 

 

The improvement in classification performance parameters of the proposed CNN model shows that 

the improvement is significant and not due to any other factors or fluctuations in the performance 

parameters of the classification models. This is clear from the classification performance of the 

proposed CNN model and other traditional classification models such as SVM and k-NN [29, 30]. To 

further validate the reliability of the proposed model, several experiments have been conducted. In all 

the experiments, the classification metrics of the proposed CNN model have been found to be higher 

than those of the traditional machine learning classifiers. 

 

RESULTS AND DISCUSSION 

In this section, the experimental results of the suggested deep learning-based approach to brain tumor 

detection and classification will be discussed. The efficiency of the suggested CNN model will be 

evaluated compared to traditional machine learning classifiers. 

 

Experimental Observations 

The CNN model also demonstrated stable convergence during training. This indicated that the choice 

of architecture and parameters for the model was appropriate for the given classification task. The data 

augmentation process also contributed to the robustness of the model by helping the network classify 

the tumor’s spatial changes. Moreover, the validation-based monitoring process helped to prevent 

overfitting and ensured that the model generalized well for unseen MRI images. 

 

Further analysis of the confusion matrix revealed that most classification errors were between 

visually similar tumor classes. This demonstrated the complexity of the classification problem rather 

than any failure in the model. However, the CNN model had high overall performance and thus proved 

to be reliable for brain tumor detection and classification. 

 

DISCUSSION 

From a clinical point of view, the proposed framework holds significant promise as a decision support 

system for radiologists, as it may help reduce clinical work and limit observer variability in the detection 

and classification of brain tumors. The high recall rates obtained by the proposed CNN-based 

framework are also very significant from a clinical point of view, as it reduces the chances of missing 

tumor detection cases. Based on experimental results and analysis, it can be concluded that the proposed 

approach for brain tumor detection and classification outperforms traditional machine learning 

approaches. 
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CONCLUSION 

This paper proposed a framework for the detection and classification of brain tumors by utilizing 
deep learning. The proposed framework was based on an end-to-end CNN model that could directly 

learn hierarchical spatial features from MRI scans. These are highly important for brain tumor 
classification. 

 
The experimental results and comparison with traditional machine learning classifiers, such as SVM 

and k-NN, indicated that the proposed CNN model outperformed the traditional classifiers in terms of 
accuracy, precision, recall, and F1-score. The better performance of the proposed approach could be 

attributed to the ability of deep learning models to automatically learn complex and discriminative 
image features. The robustness and reliability of the proposed framework were also indicated by the 

consistent performance. From the practical point of view, the suggested framework has tremendous 

potential for clinical decision support systems. For instance, the suggested framework may be helpful 
to radiologists in automating brain tumor detection and classification, thereby improving the accuracy 

and speed of diagnosis. For example, the high recall rate obtained in the suggested framework is 
significant from the practical point of view because it reduces false negatives in brain tumor detection. 

 
The findings obtained from the current study validate the effectiveness of CNN-based deep learning 

models for brain tumor detection and classification using MRI images. The suggested framework is 
reliable and efficient in improving accuracy in brain imaging. 

 

Future Scope 

The proposed framework based on deep learning has several extensions that can be made in the future 
to improve its clinical utility and robustness. This includes the use of various MRI modes – such as T1, 

T2, FLAIR, and contrast-enhanced images – to improve the classification performance by considering 
various tumor features. 

 
Moreover, the use of tumor segmentation as a preprocessing step for classification can be explored 

to improve the accuracy of tumor region detection. The proposed framework can be tested on a larger 
dataset to improve its robustness and generalization ability. 
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