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Abstract. In the field of medical science, classifying brain tumours is
vital. In order to get an effective and proper treatment for the disease,
accurate and finding type of the brain tumour is much essential in the case
of brain tumour treatment. In addition to providing treatment for tumours
as early as possible, it also helps in saving a life by allowing medication to
be administered in due course. DL has developed into a fantastic tool for
medical professionals and researchers to act quickly and decisively with
tumour patients. In this paper, we suggest Sustainable development of
flexible approach aimed at multi-model organization of brain tumours
using the popular deep learning architecture ResNet-50. By leveraging the
flexibility of ResNet-50, we aim to achieve improved accuracy and
robustness in classifying brain tumours across a diverse range of datasets.
Our approach integrates multiple ResNet-50 models, each specialized in
identifying specific tumour types, enabling a comprehensive classification
framework. Experimental findings show that our strategy is successful and
more accurate than other approaches. In this paper we provide an interface
that can be used to classify and label the tumours. We used Keras and
Tensorflow to create a cutting-edge Convolutional Neural Network (CNN)
architecture to categorise 3 kinds of growth or tumours namely -
Meningioma, Gliomaand Pituitary using ResNetS0 algorithm. It is
estimated that this model has a maximum mean accuracy score of 98.88%.

1. Introduction

A tumour is a growth of abnormally swollen and enlarged tissues in the body. Cancerous
tumours in the brain can feed on healthy cells nearby and keep growing, making them fatal.
A collection of brain cells organised atypically makes up a brain tumour. Such growths
increase the likelihood that the brain tissue may shrink, significantly harming the neural
network and impairing brain function. Like every sickness, there are two types of brain
growths: harmful or non-harmful (harmless and threatening growths). Meningioma,
Glioma, and Pituitary cancers are the three kinds of mind cancers that often occur in light of
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the impacted location [2]. The degree of harm caused by each of these cancer types varies.
In contrast to pituitary cancer, which develops on the pituitary gland, meningioma forms on
the membrane that surrounds the brain and spinal cord. The glia tissues and the spinal cord
are involved in the growth of gliomas in the cerebrum. Oncologists typically use clinical
imaging methods, such as MRI, processed tomography (CT) scans and attractive
reverberation imaging (X-ray), to do the fundamental assessment of brain tumours [3]. The
mental architecture may be seen in such fine detail using these three methods, and any
alterations can be seen. Although, a cell removal from the suspected soft tissue (growth)
remains essential used for a exact analysis by the subject matter professional if the
specialist suspects a cerebrum cancer and they essential further data about its type. The
much advancement in brain tissue imaging over the years have enhanced picture contrast
and goal, allowing radiologists in the direction of notice even the smallest slashes and
obtaining higher analysis accuracy [8].

This is leading to Using deep learning networks to enhance brain tumour classification by
connecting (fusing) the pictures obtained utilising several imaging modalities. Deep
Learning and imaging modalities can be used to create computer-aided diagnostic (CAD)
systems. These tools can help physicians increase the accuracy of early cancer
identification. Recently, a variety of DL techniques, including as convolutional neural
networks (CNN) and support vector machines (SVM), have been utilised to categorise and
diagnose brain tumours [9-11]. In the playing field of disease analysis using medical
imageries, mainly CT and MRI imageries, CNN represents the latest advancement in the
field of Deep learning. CNN has lately gained popularity for classifying and grading
medical imaging since it doesn't require feature extraction or pre-processing before training.
In common, CNNs are frequently used toward process raw imageries and are intended to do
away with the need for data pre-processing techniques. CNN is composed of several layers,
arranged as follows: The Input layer, the Convolution layer, the pooling layer,the fully
connected layer and the output layer[17].

In the analysis of MRI images, CNNs have grown in popularity as a type of Deep Neural
Network due to their ability to recognize and categorize specific features in images. Their
uses include NL processing, computer vision, medical picture analysis, and image
categorization. CNN's high level of accuracy makes it useful for image identification. There
are several applications for image recognition in medical image analysis. Convolution in
mathematics is the process of reproducing two functions to create a third function that
explains how the form of one function is altered by the other. This mathematical process is
referred to as "convolution" in CNN. Two pictures that may be denoted as matrices are
reproduced to generate an output in order to extract features from a picture.

In this study, cropped tumour lesions and uncropped brain pictures were used in two
scenarios to score the brain tumour. The model images are MRI scans of a brain tumour
that have been T1-weighted with contrast. These photos are used to feed a brand-new CNN
architecture, which is then trained to determine the load of systems. According to the
findings, both cropped and uncropped images had good levels of accuracy, sensitivity, and
specificity. The following points might be used to describe the contributions of this
research work: Create the transfer learning model using the models class of torch vision.
The CNN model we'll employ using transfer learning is RESNETS50 By setting the
parameters for each layer to true, you can train all of the pre trained weights. To build the
top layer, create a unique output sequence layer and join it to the model's function. These
tools can assistance physicians rise the precision of early tumour identification.
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1.1 Rationale

The intention behind developing this project was to improving accuracy in BT
classification. Here in this part of the paper gives an explanation of how tumours are
classified and how algorithms are used for the classification process. As CNN requires no
pre-processing or feature extraction before training process, it has recently become widely
used for medical imaging classification and grading.

1.2 Goal

The goal of the paper is to exact cerebrum growth type technique using DL. In this paper
we provide an interface that can be used to classify and label the tumors. We implemented
cutting-edge Convolutional Neural Network (CNN) architecture using Keras and
Tensorflow to classify the growth of three kinds of tumours namely - Glioma,
Meningioma, and Pituitaryusing ResNet50 algorithm.

2 . Methodology
2.1 Research Objective

The objective of this research is to increase the precision of BT categorisation. This portion
of the paper gives a thorough overview of cancer classification and classification
techniques. The total procedure of our proposed system of BTC is represented in Fig.1
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Figure 1.The suggested approach used for brain tumour classification's architecture flow

2.2 Dataset

The dataset we have collected is from figshare, and consists of both synthetic and real
tumour data. Data consisting of original patient information used for study purposes were
included in this dataset. The dataset is composed of tumour images, and the model
combines these images are together. my proposed model will classify the given MRI
images into 3 types of tumours namely Meningioma, glioma and pituitary tumours. As part
of the proposed system, we train our algorithm with the data set, then test and validate it
based on the data. This model delivers 70% of the training data, 15% for testing, and 15%
for validation.
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2.3 Data Pre-processing

The Data Pre-processing involves Noise Removal Techniques (NRTs), the most basic step
in segmentation. Noise has already been filtered out of the dataset taken. Accordingly, we
Pre-process our dataset's images using our own NRT. A 512x512 range is used for

normalizing the images.

2.4 Feature Reduction

For the purpose of extracting features, a large number of features will be calculated. We
will see a reduction in performance will suffer as the number of features increases in order
to exclude the less essential characteristics from the dataset. The most relevant elements of

the dataset are identified through analysis.

2.5 Image Segmentation

The method of separating or dividing a picture hooked on sections is known as image
segmentation. With Cardoso (2015), regenerative models were developed for picture
synthesis; As a consequence, in post-processing of organisations with delicate divisions,
accurate segmentation of uncommon items is achieved. One other single strategy that
Erihov (2015) proposed examined cerebrum lop-sidedness in cases of neurotic disorders. It

is a salience-based strategy.

2.6 ResNet50

ResNet-34, a rendition of the first ResNet configuration, included 34 weighted layers. By
using the possibility of easy route associations, It provided an excellent result aimed at
increasing the number of convolutional layers in a CNN without suffering the evaporating
slope problem [11]. An easy route interface transforms a customary organization into a

leftover organization by "skirting" a few layers.

The VGG brain organizations (VGG-16 and VGG-19) filled

in as the establishment for

the ordinary organization; each convolutional network has a 33 channel [15]. A ResNet,
then again, is more straightforward and contains less channels than a VGGNet. In contrast
with a VGG-19 Organization's 19.6 billion Tumbles, a 34-layer ResNet can perform at 3.6
billion Lemon, while a more modest 18-layer ResNet can achieve 1.8 billion Failures (for

additional data, see the ResNet concentrate by He et al.
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Figure 2. ResNet50 Architecture
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2.7 Classification

For classification, the ResNet50 algorithm is utilised. This tool accepts MRI scan images as
input and uses the various functionalities to identify the cancer in the image. The photos are
separated into three groups based on the tumour’s location. The classes namely are glioma,
Meningioma and pituitary.

We used the ResNet50 model architecture and weights to train a model to solve a binary
problem in this paper. We employed the ResNet50 model architecture and weights in this
paper. In this scenario, accuracy is specified as a statistic used to explain the model's
performance defined as

A _ Number of correctly predicted imagesn(n — 1)x? %100
cedracy = Total number of tested images

This problem's data set consists of MRI images for Brain Tumour Detection. This dataset
is divided into three categories: Meningioma is encoded with 1,Glioma is encoded with
2,Pituitary is encoded with 3.Importing certain libraries gets the environment ready for
model implementation. First, the photos must be imported into the data folder. The
information will then be divided into three categories: training dataset, testing dataset, and
validation data. Then, during implementation, we employed a number of auxiliary
functions. We're going to create a confusion matrix by printing it and drawing it. Train, test,
and validate folders have been created, and images will be saved in the appropriate folder.
The images in the train folder, for example, are adjusted to match the CNN model.

Base models such as ResNet50 have now been fully implemented. The approach of
Sequential Classification is utilised. The categorization process is used to turn
heterogeneous data into homogeneous data in a sequential manner. In this paper, 30 epochs
were used in order to achieve higher accuracy than previous models. The term epoch refers
to the num of passes through the complete dataset that ML model has completed. The
situation has been experiential that as the number of epochs increases, so does the
precision. We achieved the highest accuracy at the 30th epoch.

3 . Results

Results are generated by applying the ResNet50 algorithm to the collected MRI images.
The ResNet50 algorithm attained a precision of approximately 98.88%. Additionally,
graphs were drawn to display the accuracy and data loss. The data loss obtained at 98.88%
accuracy is 1.12% It is evident that the precision attained is great at the 30th epoch. Here, it
is demonstrated that epochs were arranged on the horizontal axis though accuracy was
arranged on the vertical axis. It is evident that the precision reached at the 30th epoch is
remarkable.
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Figure 3. Accuracy and Loss per Epoches

Epoch 21 Batch 2144
Accuracy: 99.52 % Loss: 0.0013 Duration:
Validation Accuracy 97.59 Validation Loss:

Epoch 22 Batch 2144
Accuracy: 99.85 % Loss: 0.0014 Duration:
Validation Accuracy 98.27 Validation Loss

Epoch 23 Batch 2144
Accuracy: 99.39 % Loss: 0.0474 Duration:
validation Accuracy 97.81 Validation Loss:

Epoch 24 Batch 2144
Accuracy: 99.81 % Loss: 0.2521 Duration
validation Accuracy 98.19 vValidation Loss:

Epoch 25 Batch 2144
Accuracy: 99.65 % Loss: 0.0075 Duration:
vValidation Accuracy 98.71 Validation Loss:

Epoch 26 Batch 2144
Accuracy: 99.85 %
validation Accuracy

Loss: 0.0745 Duration:
98.33 Validation Loss:

Epoch 27 Batch 2144

Accuracy: 100.05 % Loss: 0.0002 Duration:
vValidation Accuracy 98.79 Validation Loss:
Epoch 28 Batch 2144

Accuracy: 100.01 % Loss: 0.0014 Duration:
validation Accuracy 98.66 Validation Loss:
Epoch 29 Batch 2144

Accuracy: 99.86 % Loss: 0.0452 Duration

validation Accuracy 97.94 vValidation Loss:

Epoch 30 Batch 2144
Accuracy: 100.08 % Loss: 0.0005 Duration:
Validation Accuracy 98.88 Validation Loss:
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Figure 4. Iterative Epoch
When it comes to model loss, epochs are depicted on the horizontal axis while loss is
represented on the vertical axis. The graph makes it obvious that only at the 30th epoch is

there very little model loss.



E3S Web of Conferences 430, 01071 (2023) https://doi.org/10.1051/e3sconf/202343001071
ICMPC 2023

4 . Conclusion

Brain tumour classification is Sustainable development in the domain of medical science. In
this paper, we concentrated on improving the accuracy and providing a better user
experience. We used transfer learning using ResNet-50 to train the model is successful in
its purpose as we can see from the classification of images, shown in Fig.3 As shown in
Fig. 4, as the numeral of epochs upturns, so does the precision. We achieved the highest
accuracy at the 30th epoch. This paper classifies among three important tumour classes
(glioma, meningioma, pituitary). The model ends up with the accuracy of 98.89%. We also
intend to include more universal and robust applications for classifying bigger image
databases.

5. Future Scope

There is scope for further tuning and evaluating the performance of the model on
incorporating more generalized and robust applications to classify larger image databases,
can further explore the potential of other deep learning architectures and techniques to
improve brain tumours classification.
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