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Abstract— Brain tumors are a major public health concern, and proper classification and early
detection are critical for successful treatment. The field of medical image analysis has made
impressive strides in recent years, thanks in large part to deep learning's capabilities. Brain
tumors, whether benign or malignant, can affect people of all ages, necessitating close
monitoring and prompt treatment. Two fundamental aspects that have a significant impact on
treatment strategies, patient care, and medical research are detection and classification. The
goal of this work is to use transfer learning and deep neural networks to create a robust and
accurate system for classifying and detecting brain tumors in MRI images. The work’s goal is
divided into several key steps. First, a well-labeled dataset of MRI images is collected and
preprocessed, containing both tumor and normal brain scans. To ensure data consistency, these
preprocessing steps include resizing, noise reduction, and normalization. The base architecture
for transfer learning is EfficientNet, a pre-trained Convolutional Neural Network (CNN). The
pre-trained model is loaded, and its classification layers are replaced with new layers designed
specifically for the classification task. The transfer learning process is supplemented by fine-
tuning, which involves optimizing model parameters for increased classification accuracy.
Using the testing dataset, the trained model is evaluated, and various performance metrics are
calculated to provide a comprehensive assessment of its accuracy and reliability. Additionally,
attention maps are generated to gain insights into the model's decision-making process by
visualizing the regions of MRI images that are most informative for classification.

Index Terms— Brain Tumor, Brain Tumor Detection, Convolutional Neural Network (CNN),
Transfer Learning, Attention Map, Deep Learning, Classification, MRI Images

I INTRODUCTION

Imagine a scenario where advanced technologies and medical expertise come together to transform
the way we diagnose and treat brain-related illnesses.

First, let’s define a brain tumor. A brain tumor is an abnormal growth or proliferation of brain cells.
This type of pregnancy can be benign or malignant. It can affect people of all ages, from children to
old age, and is often associated with serious medical problems.

1.1 The Importance of Detection and Classification:

Early detection of brain tumors is crucial for several reasons. When tumors are identified at an early
stage, treatment becomes more effective. Patients have a higher chance of survival, and their overall
quality of life can be significantly improved. However, brain tumors come in various forms and can
behave very differently from one another. This is where classification becomes vital.

Classifying brain tumors means identifying and categorizing them into specific types. These types are
not just labels; they provide important information for doctors and medical teams. It helps them
decide on the most appropriate and effective treatments, whether that involves surgery, radiation
therapy, chemotherapy, or a combination of these. Different tumor types may respond differently to
various treatments.

1.2 The Role of Advanced Technologies:

Nowadays, this is where modern technology, especially artificial intelligence and medical imaging,
comes into play. This advanced technology has revolutionized the diagnosis and classification of
brain tumors. In the past, these roles relied heavily on the expertise and experience of physicians. But
with the advent of powerful computers and sophisticated systems, we can automate and optimize
these processes.
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Medical imaging techniques such as (MRI) and (CT) scans can produce detailed images of the brain.
These images are important for the detection and diagnosis of brain tumors. The challenge is that the
brain is an incredibly complex and complex organ.

This is where artificial intelligence, especially deep learning models, called Convolutional Neural
Networks (CNNs) have shown incredible promise. They are trained to "learn” from big medical
pictures. During this training, they are proficient in recognizing the subtle tumors in these images and
their characteristics. The ability to detect and accurately classify brain tumors is a game changer.

11 OBJECTIVES

1. Early Detection and Improved Treatment Outcomes:

Goal: Create a strong model that can identify brain cancers from MRI scans in the early stages, with
the intention of improving patient outcomes by starting treatments and interventions on time.

2. Accurate Classification for Customized Treatment Plans:

Goal: Establish a precise classification system that separates brain cancers from non-tumor cases and
classifies brain tumors into distinct categories (glioma, meningioma, pituitary tumors). This attempts
to provide tailored treatment regimens in line with the distinct features of every tumor.

3. Automated Analysis to Reduce Variability:

Goal: Automate medical imaging analysis to provide consistency and reliability in tumor diagnosis
across various medical practitioners or facilities and to reduce subjectivity in diagnoses.

4. Data-Driven Insights for All-Inclusive Patient Care: Goal: Conduct data-driven research to
enable a comprehensive knowledge of tumors by integrating MRI imaging data with genomic
information and patients' clinical histories. This method seeks to offer insightful information about
prognosis and treatment options.

5. Accessibility and Strengthening Patient-Centric Care: Goal: Expand access to professional
diagnosis by using the created model in isolated or underprivileged regions. Furthermore, give
patients easily comprehensible information obtained from MRI scans so they can actively participate
in making decisions about their care.

6. Ethical Technology Deployment and Healthcare Cost-Efficiency:

Goal: Make sure technology is used ethically by giving data privacy, model predictions that are fair,
and deployment procedures that are transparent top priority. Aim for concurrent cost savings in
healthcare by making effective use of the resources made available by the system that has been built.

111 SIGNIFICANCE

A brain tumor classifier holds great significance as it has the potential to transform the field of brain
tumor diagnosis and treatment. These methods have the capacity to reduce the amount of time spent
on human intervention during the diagnostic process, which can save money for healthcare
systems.Brain tumor characteristics and classification can be better understood by medical students,
residents, and clinicians with the use of a classifier as an educational tool.

A Dbrain tumor classifier may help with early tumor identification, allowing for prompt treatment and
possibly leading to better patient outcomes.Radiologists and other medical professionals can free up
time by automating the tumor classification process, allowing them to concentrate on more difficult
tasks.

IV DRAWBACKS IN EXISTING SYSTEM

1. Limited Accuracy: Because traditional methods rely on pre-established rules and manually
created features, they frequently fail to achieve high accuracy. These techniques might misclassify
brain tumor images if they are unable to identify complex patterns in the images.

2. Manual Feature Engineering: In conventional systems, the design and extraction of features
from medical images is done by experts by hand. Time-consuming and subjective in nature, this
method might not capture the intricacy of brain tumor images.
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3. Inadequate Generalization: A large number of current systems have poor new data
generalization. When applied to diverse patient populations or variations in image quality, they may
become unduly specific to the dataset they were trained on, rendering them less trustworthy.

4. Time-consuming: Conventional methods of medical image analysis can be time-consuming,
especially for radiologists and other medical professionals. Planning a diagnosis and course of
treatment is hampered as a result.

5. Limited Scalability: The amount of medical image data is increasing, and some current systems
find it difficult to manage. Scalability becomes a crucial concern as medical imaging demand rises.

6. Lack of Real-time Support: Time-sensitive decisions require real-time support, which traditional
systems might not provide. In emergency situations, patient outcomes may suffer from delayed
results.

7. Limited Interpretability: It can be challenging to comprehend the reasoning behind a specific
decision made by machine learning models because of their "black-box" design. Interpretability is
crucial for decision-making and building trust in medical applications.

8. Data Security and Privacy: It is critical for the healthcare industry to guarantee patient data
security and privacy. It's possible that current systems don't always offer reliable ways to keep private
medical data safe from hacks or unwanted access.

V METHODOLOGY

5.1 Data Collection and Preprocessing:

The preprocessing of MRI (Magnetic Resonance Imaging) images in a brain tumor classifier is a
crucial step that involves several operations to prepare the images for analysis by a Convolutional
Neural Network (CNN) or any other machine learning model. Proper preprocessing helps enhance
the model's accuracy and robustness.

For data handling, we have used libraries such as NumPy, Pandas, and OpenCV. Open the designated
folders (glioma tumor, no tumor, meningioma tumor, pituitary tumor) and load the images. Resize
photos to 150 by 150 pixels, as this will ensure that the input to the model is consistent. Divide and
shuffle the data into sets for testing and training. Labels should undergo one-hot encoding for
categorical classification.

Fig 5.1 Proposed Flow

Preprocessing -
Training Images. (resize, normalize, Transfer Learning Image Classification
augment)

5.1.1Image Resizing and Normalization -
1.MRI images can have different resolutions and pixels. For consistency, images are resized to a
consistent, typically rectangular size resolution (e.g. 256x256 pixels or 512x512 pixels).
2.Pixel values are usually normalized to fall within a certain range (e.g. 0 to 1) to ensure that the
neural network converges quickly during training. This normalization can be done by scaling the
pixel values.
5.1.2Noise Reduction and Smoothing -
1.MRI images can be noisy for a variety of reasons. Noise reduction techniques such as Gaussian
smoothing or median filtering can be used to reduce unwanted artifacts and improve overall image
quality.
2. Data Enhancement:

UGC CARE Group-1, 199



Industrial Engineering Journal
ISSN: 0970-2555

Volume : 53, Issue 2, No. 2, February : 2024

a. Data enhancement is the process of generating additional training data by transforming images.
Rotation, scaling, flipping, and introducing slight variations in brightness or contrast are all common
augmentations.

b. Augmentation increases the diversity of the training dataset while decreasing overfitting.
3.Windowing:

a. MRI images may have different contrasts (e.g., T1-weighted, T2-weighted, FLAIR), and it can be
beneficial to use different windowing settings to highlight specific features.

b.By applying windowing, you can emphasize the relevant contrast and de-emphasize irrelevant
details.

4.Normalization by Modality:

a. In multi-modal MRI (e.g., T1, T2, and FLAIR), it's essential to normalize and preprocess each
modality separately. This ensures that the neural network learns relevant features from each modality
effectively.

5.Registration:

a. In some cases, multiple MRI scans of the same patient or from different time points need to be
registered (aligned) to ensure that they correspond to the same anatomical location. Registration is a
complex process that ensures proper spatial alignment.

6. Label Generation:

a. For supervised learning, labels indicating the presence or absence of a brain tumor, as well as the
tumor type, are generated and associated with each MRI image. This label generation is typically
done by medical experts.

7.Partitioning the Data into Training, Validation, and Test sets:

a. The preprocessed data are divided into training, validation, and test sets. The training set is used to
train the model, the validation set is used to fine-tune the hyperparameters and check the training
progress, and the test set is used to evaluate the performance of the model.

8. Storage and Organization:

a. The Pre-processed images and scripts are well organized and stored, often compatible with deep
learning algorithms such as TensorFlow or PyTorch.

5.3 CNN For Brain Tumor Classifier:

CNNs are particularly well suited for image classification tasks due to their ability to learn relevant
features from input data such as CNN for brain tumor classification by analyzing MRI images and
other medical images to determine whether a patient has a brain of tumors and as such. Here is a
step-by-step explanation of how CNN works to classify brain tumors:

1. Data Collection:Multiple brain MRI images must be used to train and evaluate a CNN. This
dataset should include appropriate brain imaging and brain imaging of various tumors such as
gliomas, meningiomas and pituitary tumors

2. Data Preprocessing: The collected MRI images are preprocessed before being sent to the CNN.
This preprocessing includes size differences, normalization of pixel values, and data enhancement to
increase the diversity of the dataset and reduce overfitting.

3. Design of the Architecture:CNN architecture aims to extract useful features from MRI images. A
typical CNN scheme consists of several layers, e.g:

a. Convolutional Layers: These layers apply a set of Convolutional filters to an image to detect
features such as edges, textures, and shapes. Each filter scans the image to create the feature maps.

b. Layer Pooling: Layer pooling reduces the spatial dimensions of feature maps while retaining
important information. This step usually uses maximum pooling and average pooling methods.

c. Fully Connected Layers (Dense Layers:Completely aggregated layers (dense layers These layers
flatten and fill the output of the previous layer into one or more dense layers. These layers are
actually classified based on features known from layers the previous one.

4. Training:CNN is trained with labeled MRI images. The model changes its parameters during
training to reduce the loss function using optimization techniques such as stochastic gradient descent
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(SGD) or ADAM. To update the weights and biases, this process involves forward and backward
propagation through the network.

5. Validation and Testing: The performance of the model is tested on a separate validation dataset to
ensure that it learns well and does not overfit. MRI images not viewed during training or validation
are analyzed in a separate order.

Model assessment using the testing set:

Computing and deciphering performance parameters such as loss and accuracy.

Produced a confusion matrix and classification report for an in-depth examination of the model's
performance.

6. Transfer Learning:CNN models that have already been trained, such as VGG, ResNet, and
Inception, can be fine-tuned for specific tasks. This method is called as transfer learning, and it can
minimize the amount of data and training time drastically required.

7. Post-processing: Once the model is trained and validated, the predicted outputs are often post-
processed to make a final decision, such as deciding the tumor's type based on the class probabilities.
Using uploaded MRI images, describe the function (img_pred) that is supplied for the real-time
prediction demonstration: Transform and prepare the uploaded picture.

5.4 Attention Maps:

1. Overview:

The goal is to use brain tumor images to visualize and analyze activations in the intermediate layers
of the ResNet50 model, which has been pre-trained on ImageNet.

TensorFlow, Matplotlib (plt), OpenCV (cv2), and NumPy (np) are the import libraries.

2. Preparing Data:

Load images from the 'glioma_tumor’ testing dataset using OpenCV.

Preprocessing: To make the photos compatible with ResNet50, resize them to 224 x 224 pixels.

4. Heatmap Generation:

Using the acquired activations and original photos, apply_heatmap can be used to create heatmaps. In
order to see key areas that cause activations, color-encoded heatmaps are superimposed over the
source photos using this technique.

6. Analysis and Conclusion:

Interpretation Examine the heatmaps that are produced to determine which characteristics or trends
cause activations in the various ResNet50 layers.

VIRESULTS

The results of a brain tumor detection and classification work are multifaceted and include accuracy,
efficiency, improved diagnosis, ethical considerations, and the potential for real-world clinical
implementation. Automating the process can significantly speed up the analysis of medical images,
providing quicker results for patients and medical professionals.

Fig 6.1 Attention Mapping Fig 6.2 Evaluation Metrics
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actually good. The recall was 0.96, indicating that 96% of the positive images were correctly
identified. The F1-score was 0.95, which is a good result. The positive label has 93 percent support,
indicating that there were 93 positive images in the data set.
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The precision of the negative score is 0.98, indicating that 98% of the images marked as negative by
the camera are in fact negative. The recall is 100%, which means that all bad images are marked
equally. The F1-score was 0.99, which is a good result. Support for the negative label is 51,
indicating that there were 51 negative images in the data set.

Finally, the results show the camera accuracy, macro average, and weighted average. The accuracy
was 0.95, which means that 95% of the images were recognized correctly. Macro average is the
accuracy, recall, and F1 scores for positive and negative characters. Weighted averages are the
precision, recall, and F1 scores for each positive and negative score, weighted by score support.

Fig 7.1 Epochs vs Training/Validation Loss

Epochs vs. Training and Validation Accuracy/Loss
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We chose 12 epochs because accuracy and loss increase as the model is trained further. The training
accuracy of a model is how well it performs on the data on which it was trained. Validation accuracy
is how well the model performs on unobserved data.
VIICONCLUSION
In the realm of medical science and technology, the development of a brain tumor detector and
classifier stands as a monumental achievement. This innovative approach to the diagnosis and
classification of brain-related illnesses is transforming healthcare and improving patient outcomes.
This study takes a novel approach to brain tumor categorization and detection by utilizing cutting-
edge deep learning algorithms. We hope to construct a comprehensive tool that assists medical
practitioners in making correct and fast decisions in the detection and treatment of brain tumors by
integrating transfer learning with the efficient and strong EfficientNet architecture.

Fig 7.1 Heatmap of Confusion Matrix Fig 8.1 3D Model for Brain Tumor

Heatmap of the Confusion Matrix
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The heatmap represents the performance of a tumor classification model. The darker a cell's color in
the heatmap, the better the model predicted that type of tumor for that specific image. Lighter cells,
on the other hand, indicate less accurate predictions.When the values for "no tumor" are compared to
the values for the other tumor types, it is clear that the model is less accurate at identifying "no
tumor" images.
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