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Abstract — The growth of abnormal cells in the brain is
termed Brain tumor which is a serious problem because it
leads to cause cancer. The usual methods to detect brain
tumors are Magnetic Resonance Imaging(MRI) scans,
Positron Emission Tomography (PET) scans, Diffusion
Tensor Imaging (DTI) and Computed Tomography (CT)
scans. Brain tumor segmentation from MRI scans is critical
in clinical diagnosis and treatment planning. Accurate
delineation of tumor regions aids in assessing disease
progression and guiding therapeutic interventions. However,
manual segmentation is time-consuming and prone to inter-
observer variability. Hence, there is a growing interest in
developing automated segmentation methods using deep
learning technigques. Our methodology relies solely on CNNs
for brain tumor segmentation. We begin by assembling a
diverse dataset containing MRI images with various tumor
characteristics. The used dataset is split into training and
testing sets. We design a CNN architecture suitable for the
task of tumour Classification, incorporating convolutional,
pooling integrated with Relu and softmax as activation
functions. The CNN is trained on the training set using
stochastic gradient descent with backpropagation to balance
the weight. The trained CNN is evaluated on the validation
set, and hyperparameters are fine-tuned accordingly by using
TensorFlow, NumPy, ipywidgets, sklearn Keras etc, in
“Python” as it is an efficient programming language to
perform fast work. Finally, we assess the performance of the
CNN on the independent training and testing in the first
training the Accuracy is 90.6% with 100 epochs and second
training the accuracy is 99.4% with 400 epochs. this model is
better than the state of the result obtained so far. This CNN-
based model will help doctors detect brain tumours in MRI
images accurately so that the speed of treatment will increase
alot.
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I. INTRODUCTION

The brain, the central hub of the human body's operations,
governs both voluntary and involuntary actions and plays a
pivotal role in decision-making. Unfortunately, the
emergence of brain tumours, characterized by uncontrolled
growth within the brain, poses a significant health threat, with
thousands of children diagnosed each year. Understanding
brain tumor pathology and its stages is crucial for effective
prevention and treatment strategies. Magnetic Resonance
Imaging (MRI) serves as a cornerstone in the diagnosis of
brain tumours, providing detailed insights for radiologists.
This paper employs deep learning techniques, specifically
Convolutional Neural Networks (CNN), for classifying
different types of tumours in brains, offering insights into
disease states through sophisticated analysis. ANN, akin to

the human nervous system, harnesses interconnected digital
neurons to process training data and store experiential
knowledge. With distinct layers of neurons, including input
and output layers, and numerous hidden layers, ANN
acquires knowledge through iterative learning processes,
adjusting weights and biases to optimize model performance.
However, given the intensive processing requirements of
fully connected layers in ANN, particularly concerning
image-based inputs, CNN emerges as a more suitable
alternative with an effective image-processing algorithm.
CNN, utilizing convolutional operations to extract features
from images, reduces image dimensions without sacrificing
crucial information for training. Techniques such as
convolution, max-pooling, dropout, flattening, and
densification are applied to construct CNN models,
demonstrating efficacy in capturing intricate image features.
This paper represents the custom architectures for CNN,
subsequently comparing their performance when applied to
brain tumour MRI datasets. The experimental findings
underscore the advantages of CNN over ANN, particularly in
terms of computational efficiency and accuracy, owing to its
specialized architecture tailored for image processing tasks.
By elucidating the capabilities of deep learning techniques in
brain tumour classification, this study contributes to
advancing diagnostic methodologies and enhancing patient
care in clinical settings in more effective ways.

Il. LITERATURE REVIEW

In this study, a sophisticated Brain Tumour Detection and
Classification System is meticulously crafted, centring on the
potent capabilities of various Neural Networks for MRI
image analysis Of the Brain With the ever-pressing need for
accurate and timely diagnosis of brain tumours, the utilization
of CNNs and ANN promises to revolutionize medical
imaging practices, offering a dynamic approach to detecting
and classifying pathological conditions within the brain.[3]
The research adopts a multifaceted approach, incorporating a
plethora of image processing techniques such as histogram
equalization, segmentation, enhancement, and feature
extraction. These techniques serve as crucial precursors,
refining the raw MRI data to enhance its quality and
relevance for subsequent CNN analysis[5].

At the heart of the system lies the intricately
designed CNN architecture, meticulously engineered to
harness the power of deep learning in extracting intricate
features from MRI images. Leveraging multiple
convolutional layers, the CNN intelligently navigates through
the complex spatial information embedded within the images,
progressively capturing hierarchical features that are
paramount for accurate tumour classification. By emulating
the human visual perception system, CNNs excel in
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discerning patterns and abnormalities within medical images,
thereby facilitating precise and reliable diagnosis.

[1] The research endeavours to optimize the CNN
model through a myriad of techniques aimed at bolstering its
robustness and generalizability. Data augmentation, dropout,
and batch normalization are among the arsenal of strategies
employed to fortify the model against overfitting and enhance
its performance across diverse datasets. Furthermore, the
study meticulously evaluates the efficacy and generalization
capabilities of the CNN model through rigorous experiments,
including 10-fold cross-validation. This meticulous
evaluation process not only validates the reliability of the
proposed system but also underscores its potential as a
versatile and dependable tool in clinical settings.

[4]1The results of the study unveil the remarkable
prowess of the CNN-based approach, boasting an impressive
overall accuracy of 91.3% in detecting various types of brain
tumours. Such exemplary performance underscores the
transformative impact of deep learning technologies in
augmenting medical imaging practices, paving the way for
enhanced patient care and outcomes. Moreover, the
computational efficiency inherent to CNN architectures
ensures the scalability and practicality of the proposed
system, rendering it well-suited for real-world healthcare
applications.

I1l. METHODOLOGY
There are the following steps in the Methodology as shown
inFig 1
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Fig. 1: Methodology adopted for the work

IV. ALGORITHM

The steps followed in applying CNN on the brain tumour

dataset are

— Import all required Python packages in Google Colab

— Mount the drive (mean link the Google Drive for data
access)

— Import the data folder from the google drive

— Form the class by the name of tumour i.e. Normal,
Glioma, Menigoma and pituitary tumour)

—  Set the class labels for images(1 for Brain tumour to n)

—  Convert the images into shape(256X256)

—  Split the images into the train, test and validation set.

— Now Create the sequential model.

—  Compile the model.

—  Train the model with the training data set

—  Test the model using the test images or known data.

— Now Plot the graph comparing the training and
validation accuracy and loss and validation loss.

The CNN sequential model is generated by
implementing different layers as shown in Fig 2. The input

image is reshaped into 150x150. The convolve layer is
applied on the input image with the reLu as an activation
function training which means the output images look like the
input image and the number of filters is 32,32,64,128,256 and
512 for different convolve layers. The max pooling applied
with the 2x2 window size and dropout function is called with
a 20 % dropout. Flatten method is applied to convert the
features into a one-dimensional array. The fully connected
layer is done by calling the dense method with the number of
units 512 and reLu as the activation function. The output layer
has 1 unit to represent the two classes and the sigmoid as an
activation function. The architecture of the CNN model is
shown in Figure 2. The implementation is done using Python
language and is executed on Google

A. Pre-processing

Preprocessing starts with data collection. In this research
work the data is collected from Kaggle which contains around
5000 images of which 70 % are labelled for Training and 30%
for testing or adjusting weight. The images are of different
shapes (eg512X512) and these images are resized to
250%250.5312 images for training Then MRI images undergo
pre-processing to address bias field distortion, which causes
variations in tissue intensity across the image. the labelling of
images is most important and is done in train and test the train
and test contain the four sets of class that is tumour
classification. however, to ensure consistent intensity
distributions of tissue types across different subjects and
acquisitions, an intensity normalization method by Nyul et al.
is employed. This method involves learning intensity
landmarks for each sequence from the training set and then
linearly transforming the original intensities between these
landmarks to match the learned ones. This step aims to
standardize the histogram of each sequence across subjects.
Following intensity normalization, mean intensity value and
standard deviation are computed across all training patches
for each sequence. These values are then used to normalize
patches to have zero mean and unit variance. The same mean
and standard deviation computed in training patches are used
for the normalization of testing patches.[7,13,14]

B. Classification via CNN

Convolutional Neural Networks (CNNs) are utilized for
classification. Convolutional layers convolve the input image
with kernels to obtain feature maps. These layers share
weights among units within the same feature map, reducing
the number of trainable weights compared to fully connected
layers and mitigating overfitting. Additionally, the
convolution operation ensures translation invariance,
allowing the network to detect features independently of their
location. Non-linear activation functions, such as Rectified
Linear Units (ReLU) and leaky ReL U, are applied to enhance
the representational power of the network. Leaky RelLU
introduces a small slope on the negative part of the function
to address the gradient flow issues of ReLU. Max-pooling or
average-pooling is commonly employed to combine spatially
nearby features, reducing computational load and enhancing
invariance to small image changes. Dropout regularization is
used in fully connected layers to prevent overfitting by
randomly removing nodes during training.[9]
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The following concepts are important in the context of CNN:
1) Initialization: It is important to achieve convergence. We
use the Xavier initialization [10]. With this, the activations
and the gradients are maintained at controlled levels,
otherwise, back-propagated gradients could vanish or
explode. 2) Activation Function: It is responsible for non-
linearly transforming the data. Rectifier linear units (ReLU),
defined as[10]
f(z) = max(0, z),

were found to achieve better results than the more
classical sigmoid, or hyperbolic tangent functions, and speed
up training [9], [11]. However, imposing a constant of 0 can
impair the gradient flowing and consequent adjustment of the
weights [12]. We cope with these limitations using a variant
called leaky rectifier linear unit (LReLU) [12] that introduces
a small slope on the negative part of the function. This
function is defined as [12]

C. Convolutional Layers

These layers apply convolutional operations to the input data
using learnable kernels or filters. Each kernel extracts specific
features from the input, and the resulting feature maps capture
hierarchical representations of the input data.

D. Activation Functions

Non-linear activation functions such as Rectified Linear
Units (ReLU) or leaky ReLU and softmax are applied to the
output of convolutional layers to introduce non-linearity into
the network and enable it to learn complex patterns in the
data.

E. Pooling Layers

Pooling layers, such as max-pooling or average-pooling, are
used to down-sample the feature maps, reducing
computational complexity and extracting the most salient
features.

F. Fully Connected Layers

These layers connect every neuron in one layer to every
neuron in the next layer, allowing for high-level feature
learning and classification. Dropout regularization is often
applied to fully connected layers during training to prevent
overfitting by randomly dropping a fraction of neurons.

V. POST-PROCESSING

Post-processing techniques may be applied to further refine
the classification results.in this technique, the prediction of
tumours takes place by using the softmax activation function.
These techniques could include morphological operations for
noise reduction, region-based segmentation for extracting
specific structures or abnormalities, or other domain-specific
methods tailored to the task at hand.

The trained model is saved in an h5 file extension
then it is used in any Python inbuilt libraries to predict the
type of tumour in the feature.

f(z) = max(0,z) + amin(0, z)

Fig. 2: Fully connected layer

A. Experimental Result Analysis

The image data are added to the class. The class labels of the
images are also generated and stored in the variable data train
and test which is also an array. The images are then added
inside the data frame. The dataset is divided into training,
validation and testing datasets for training. Figure 3
represents the accuracy and loss obtained when the CNN
model is applied to the training and validation dataset When
the CNN model is applied to the training data for 100 epochs
training accuracy obtained is 99.73% and a validation
accuracy of 90.33 %. The same when applied to the testing
data gives a 93.22 % accuracy as shown in Fig 4. This
happens due to the loss of data shown in Fig 5 that the
validation loss is far more the loss that happens in training
due to unclear images.

Fig. 3: Accuracy, loss, validation accuracy and validation
loss
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Fig. 4: Testing accuracy vs validation accuracy

Fig. 5: Loss vs validation loss

Fig. 6: Testing accuracy vs loss

Fig. 7: Validation loss vs validation accuracy

During training how much data is lost and during
validation how much data is lost which shows the clear image
that the loss is validation is around 30 % more is shown in Fig
6 and 7

The maximum validation accuracy obtained when
the model is applied to the training dataset for 400 epochs is
94.8 %. The following plot in Figure 4 shows the ratio of the
training accuracy against the validation accuracy and the
training loss and validation loss.

VI. CONCLUSION

CNN is the best technique for analyzing the image dataset.
CNN is used to predict by reducing the size of the image
without losing the information needed for making
predictions. This CNN model generated here produces
99.89% of testing accuracy and this can be increased by
providing more clear image data. The model developed here
is generated based on the Accurate method. In the future
optimization techniques can be applied to decide the number
of layers and filters that can used in a model. As far now for
the used dataset the CNN proves to be the better technique in
predicting the presence of different types of brain tumours.
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