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ABSTRACT

Brain tumors are among the most life-threatening conditions, requiring precise and early
diagnosis for effective treatment. Using 2064 photos, the accuracy of AlexNet, ResNet,
VGC-16, and suggested model was compared. The test accuracy of the suggested CNN
model was 89%, and validation correctness was 82%. A comparative study was performed
after expanding the overall number of images to 5562. Prototype's test precision was
92.21% and the accuracy of validation was 89.77% on increasing the count of photos.
Future iterations of the techniques can employ DTC classifier, Radial basis, and Soft-max
to increase their precision.
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1. INTRODUCTION

The most versatile imaging technology for simulating regions of interest in the brain, such as
malignancies, is MRI since it normalises tissue contrast. Vital organs of the body is the brains,
that has billions of cells[1]. A collection of cells produced by uncontrolled cell division is called
a tumour. There are two distinct types of tumours: high-grade and lowgrade. Low grade
tumours are those that are not malignant. Like low grade tumours, high grade tumours are also
classified as malignant. A benign tumour is not an uncancerous tumour. The diagnosis and
treatment of tumours are the main applications for this information.

Images from an MRI provide more information on a particular medical imaging than CT or
ultrasound images do. An MRI scan can be used to identify anomalies in the brain's tissue and
provides precise data on the anatomy of the nervous system. Researchers have created
innovative automated techniques for recognizing and classifying brain tumors using MRI data,
long before the diagnosis could be transmitted and digitalized. Neural networks and support
vector machines have been the means by which they have been successfully implemented in
recent years. On the other hand, convolution models have gained popularity recently in the field
of cognitive technology because they are capable of accurately describing intricate interactions
without requiring the massive number of nodes that surface layouts demand. As a result, they
swiftly rose to prominence in hitherto unexplored fields of medical informatics, such as medical
picture analysis. The field of automated tumour segmentation is still expanding. Radiologists
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will likely be able to give their patients more tailored medicine thanks to the emerging science
of convolution neural networks [2].

Algorithms for medical image evaluation and classification have received a lot of interest
recently. This study offers a method for detecting cancer using brain MRI data that combines
CNN and the feature extraction algorithm. The CNN is quite helpful when selecting an auto
feature in medical photos. Regression trees and decision classification are used to evaluate the
effectiveness of CNNs. The CNN's accuracy will be evaluated using the Soft max, RBF, and DT
classifiers. Obtaining high quality images straight from an MRI scan can lead to a more
comprehensive dataset and a notably improved accuracy. Additionally, this makes this tool a
priceless asset for any hospital that treats tumours.

2. LITERATURE SURVEY

To distinguish between the parts of the nervous system with and without tumours, the fuzzy C-
Means segmentation is used.

Furthermore, a multilayer DWT (discrete wavelets transform) is utilized to extract wavelet
features [3]. An assessment employing DNNs had a 96.97% accuracy rate. However,
performance is quite poor and the level of complexity is extremely high. An updated model for
the course of cancer is offered in analyse the child's cancer progression step by step. Mixing the
continuous and unique ways induces spreading of cancer [4]. The suggested strategy, relying on
categorizing registration, offers a high likelihood of tacitly sectioning brain images with tumours.
The division of brain tissue is the method's main application. But computing it takes a
while.Using updated AdaBoost classification methods and novel multi-fractal (MultiFD) feature
extraction approaches, the brain tumour is located and segmented. The hardness of brain
malignant cells is extracted using the MultiFD method for feature extraction. Whether a tumour
or healthy tissue is present in the section of the brain that is being shown is assessed using the
most trendy AdaBoost classification techniques.

Exists high complexity. The path characteristic is extracted utilizing this technique[5]. Therefore,

explicit regularisation is not necessary for LIPC. The accuracy is subpar. In order to segment a
planted tumour, a brand-new Cellulose Automata method is shown in 5, and it is contrasted with
a graph snip segmentation approach. Calculations are made for interest volumes. A
heterogeneous brain cancer segmentation scheme, commonly referred to as novel brain tumour
segmentation, is introduced in.

Furthermore combining various segmentation algorithms to outperform the current approach in
terms of performance But there is a lot of complication [6]. All the methodologies' validity and
accuracy are examined. Hybrid feature selection can also be used to simplify the decision
Utilizing fuzzy clustering control theory, brain tumours are segmented and classified. The Fuzz
Interruption System is a novel technique that is mostly used to segment the brain [7]. A fuzzy
controller algorithm makes use of supervised classification. Despite having poor accuracy,
performance is strong. Fuzzy Means (FCM) segmentation is used to isolate the tumour from the
remaining brain picture. Gabor features are then used to separate the aberrant brain cells. Finally,
using the fuzzy K Nearest Neighbour classifier, the anomaly of something like the brain MRI
picture is found. A lot of intricacy exists. However, the accuracy is subpar. In this research, we
want to create a CNN architecture that performs more accurately than current and conventional
models. Because the outcome is so critical for the treatment of patients, the resilience and
efficiency of the prediction models are particularly important in medical diagnosis. A image
quality is clustered to compress its representation into a recognizable vision and make it simpler
to evaluate [8].
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The main objectives of this research include, build a model which gives great precision compared
with standard models. Compare the accuracies with the standard models. Use various CNN layers
and experiment with it to enhance the precision. Build a model which is different from the
standard model. Use two different datasets, having different number of images in order to
compare which dataset gives higher accuracy. For the given image, predict the class. The
scientists used two types of architectures to build the convolutional layers: twopathway and
cascaded. A 7x7 kernel, referred to as the local path, plus a 13x13 kernel make up this particular
architecture. This is done to ensure that the visual data in the vicinity of the pixel and its larger
"contextual,” or the precise location of the patch in the brain, both have an impact just on
prediction of the label for the that pixel.

3. METHODOLOGY

The architecture and operation of neural networks are used to model the human mind. The neural
network is mostly used in methods for classification, pattern matching, information extraction,
estimation, data grouping, and optimization. There are three primary categories depending upon
how the neuron is connected. The three types of neural networks are recurrent, nutrient, and
feedback networks.

Processing of medical pictures is currently a growing and significant field. It uses a wide range of
imaging techniques.

A few of these are computed tomography scans, electromagnetic resonance imaging, and X-rays
(MRI). An abnormal development of brain tissue that obstructs normal brain function is known
as a brain tumour. Extraction of meaningful and reliable data from visuals with the lowest level
of error possible is the main goal of medical image analysis

The brain tumours can be separated from the MRI pictures once processed. These malignancies
can be distinguished by utilizing variety of image segmentation approaches. Four categories can
be utilized to categorise the procedure of using image data to diagnose brain malignancies:
feature extraction, picture classification, segmentation techniques, and data preprocessing.
Additionally, the study's methodology's correctness is assessed in relation to several different
approaches.

Classifiers like Radial basis function Classifiers like Radial basis function This system contrasts
the newly constructed CNN model's accuracy compared to the traditional models.

Apart from precision, we employ various datasets with various numbers of photographs here.
The new CNN model is used as the model while the other conventional models are used as
comparison models in the comparison of accuracy results.  Here, the common models VGG-16,
ResNet, and Alex Net are employed. A different dataset with a greater number of photos than that
used for the prior comparison is utilized for a similar comparison. Training, testing, and
validation data were isolated out from the total dataset. Seventy percent of the total amount of
data was used for training. 15 percent of the data were verified. Tests will be conducted on 15%
of the data. Figure 1 depicts schematic diagram.
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Fig. 1. Schematic diagram

This system contrasts the newly constructed CNN model's accuracy with that of the
conventional models. Making the model more precise than the others currently in use is the
primary objective of this strategy. Apart from precision, we employ various datasets with
various numbers of photographs here. Finally, the comparison of accuracies is done,
considering the new CNN model as the base model and the other standard models as
comparison models. The standard models used here are VGG-16, ResNet and AlexNet.

4. RESULTS AND DISCUSSION
The entire dataset were partitioned into training, testing, and validation data. The complete

amount of information was utilized to train 70% data. 15% of the data were validated. 15%
of the data will be utilized for tests.
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Fig. 2. Input visuals
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Figure 2 depicts input visuals. Table 1 depicts precision prior to data enhancement. Figure 3
depicts test accuracies. Figure 4 depicts validation accuracies. Table 2 depicts precision details
and Figure 4 depicts comparison of accuracies after data enhancement.

Table 1. Accuracies prior to data enhancement

Model Test Accuracy 'Validation
accuracy
Proposed CNN 89% 82%
model

Test Accuracy of Different Models

AlexNet
Proposed CNN

22.53%
29.05%

22.32%

26.11% ResNet

VGG-16

Fig. 3. Testing accuracies
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Fig. 4. Validation accuracies
Table 2 depicts precision after enhancing the input data.

Table 2. Precision details

Model Test accuracy Validation
Accuracy
Proposed 92.21% 89.77%
CNN model
VGG-16 80% 88%
ResNet 82.58% 73.25%
AlexNet 78.02% 81.79%
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Fig. 4. Comparison of accuracies after data enhancement

Figure 5 depicts validation accuracy differentiation after data enhancement.
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Fig. 5. Validation accuracy differentiation

The same comparison is carried out using several datasets with more photos. There are 326 MRI
Brain images in the 2 folders yes and no of this dataset. The folder contains 150 176 brain MRI
pictures with tumours are included in the folder, although there are also photos of the brain
without tumours.

This time, augmenting was done for a larger number of samples that were generated. After
augmentation, there were 5562 total photos, with 3792 in the "yes" folder and 1770 in the "no"
folder. Comparison of accuracies between various models for the dataset having 3231 images.
ResNet model was trained for 10 epochs. The validation accuracy is 73.25% the test accuracy
i572.58%. Alex Net model was trained was 3, 3, 3 and 4 epochs.

5. CONCLUSION

By gathering 2064 visuals, precision of VGC-16, ResNet, AlexNet, and suggested model was
found. Test accuracy for the proposed CNN model was 89%, and validation accuracy was 82%.
The comparative assessment again after raising the total amount of images to 5562 was done.
Prototype had test accuracy of 92.21% and validation accuracy of 89.77% on larger set of
images. To enhance the techniques' precision, Softmax, Radial basis, and DTC classifier can be
utilized in succession.

100



Computer Science & Engineering: An International Journal (CSENJ), Vol 15, No 1, February 2025

REFERENCES

[1] L. Guo, L. Zhao, Y. Wu, Y. Li, G. Xu, and Q. Yan, “Tumor detection in MR images using one-class
immune feature weighted SVMs,” IEEE Transactions on Magnetics,vol.47, no. 10,pp.3849—
3852,2011.

[2] N. Gordillo, E. Montseny, and P. Sobrevilla, “State of the art survey on MRI braintumor
segmentation,” Magnetic Resonance Imaging, vol. 31, no. 8, pp. 1426-1438,2013.

[3] Demirhan, A, Toru, M., & Giler, 1. (2014). Segmentation of tumor and edema along with healthy
tissues of brain using wavelets and neural networks. IEEE journal of biomedical and health
informatics, 19(4), 14511458.

[4] S. Madhukumar and N. Santhiyakumari, “Evaluation of kMeans and fuzzy C-means segmentation
on MR images of brain,” Egyptian Journal of Radiology and Nuclear Medicine, vol.
46,n0.2,pp.475-479,2015.

[51 Y. Kong, Y. Deng, and Q. Dai, “Discriminative clustering and feature selection
forbrainMRIsegmentation,”IEEESignalProcessingLetters,vol.22,n0.5,pp.57 3-577,2015.

[6] M. T. El-Melegy and H. M. Mokhtar, “Tumor segmentation in brain MRI using a fuzzy approach
with class center priors,” EURASIP Journal on Image and Video Processing, vol. 2014,article
no.21,2014.

[71  G. Coatrieux, H. Huang, H. Shu, L. Luo, and C. Roux, “A watermarking based medical image
integrity control system and an 12 International Journal of Biomedical Imaging image moment
signature  for  tampering  characterization,” IEEE  Journal of Biomedical and
HealthInformatics,vol.17,no. 6,pp. 1057-1067,2013.

[8] Damodharan, S., & Raghavan, D. (2015). Combining tissue segmentation and neural network for
brain tumor detection. Int. Arab J. Inf. Technol., 12(1), 42-52.

101



	2. Literature survey
	3. Methodology
	4. Results and Discussion
	5. Conclusion

