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Abstract

Researchers have successfully used the EfficientNetB3 model as a state of the art for medical image
analysis, notably in detecting and segmenting brain tumors. In this research, we present the results of
experiments that using MRI images for tumor identification with two different ML models. We
achieved a top accuracy of 91.65% with RBF, Linear and Polygonal kernels using the conventional
methods Similar to HD-SBM Data: However, despite this best of all is EfficientNetB3 model which got
the accuracy rate above 98%. A remarkable achievement that sheds light on how well the model can
deal with all of the challenges required for finding brain tumors. Furthermore, its potential
effectiveness is providing greater scope for clinical application than hitherto and has the capacity to
change early diagnosis as well as potentially personalised management.
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Introduction

Lesion detection and segmentation in brain tumor is an essential step for medical imaging that impacts
diagnostic decisions, including treatment planning-strategies used within neuro-oncology. The prestigious
convolutional neural network (CNN) land is updated by a much more novel creation now that we have the
EliteNet B3 model introduced. As one of EfficientNet models, this architecture is carefully designed to
balance both efficient computation and model accuracy which plays a crucial role in complex natured MRI
imaging regarding brain tumor analysis. This deep learning advancement not only increases clinician's ability
to differentiate and hatch brain tumors in clinical settings but also serves as a harbinger of more precise
medical interventions, highlighting the game-changing potentiality that artificial intelligence carries for
improving healthcare treatments.

Within brain tumors, the model is used starting with high-quality MR images following pre-processing steps.
Including resizing, normalization, and augmentation techniques to make sure our should be in a manner that
it is actually utilizable by the model. The images are pre-processed and the design of EfficientNetB3 with
MBConv & SE blocks is used for intricate features extraction. These features are important in distinguishing
tumor tissues from normal brain structures.

Segmentation: Here, we have to classify every pixel in the MRI images by separating tumor from non-tumor
tissue and delineating boundaries around where the extent of a single tumor ends. In contrary, detection is
simply determining whether a tumor exists. In practice, EfficientNetB3 is pre-trained on large annotated
datasets then fine-tuned — a process that involves lots of deep learning training followed by validation to
allow good generalization while avoiding overfitting in both cases.

These accuracy, sensitivity (true positive rate), and specificity (true negative rates can be determined by using
a separate dataset. Specifically, it aims to achieve a model that can not only accurately detect tumors but also
segment the regions within which with clear boundaries — something that would be very beneficial for
medical interventions.
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Extending this model to a clinical application is an important advancement in diagnostic techniques once
proved and tested. It assists radiologists to take faster and more appropriate decisions during patient care
pathways supporting early treatment planning providing better health outcomes for patients.

The promise of EfficientNetB3 in brain tumor segmentation and detection is vast but its implementation faces
some challenges. This includes making the model robust against variations in clinical imaging conditions, as
well adapting to existing medical workflows and addressing interpretability and large annotated datasets
requirement for training.

Segmentation of brain tumors has many research algorithms, including simple image thresholding and more
sophisticated deep neural networks (DNNs). While the deep neural network DeepMedic had excellent
accuracy in the BRATS challenge of brain tumour segmentation, it needs a customization for low-resolution
clinical scans and extensive training data [1]. Conversely, for an arbitrary asymmetrical tumor or 2D clinical
dataset with non-contiguous slices automatic algorithms such as region growing are too imprecise. In contrast,
there is potential for Fuzzy-C-means (FCM) clustering where asymmetrical tumor were concerned while
being susceptible to MRI artifacts and intensity inhomogeneity. Tumor classification and survival rate
prediction are the two parameters, for which DNNs attract much attention because of their strong outcomes
in medical images analysis. Their general performance, however may not be high when tested on routine
clinical MR data that tends to deviate from BRATS standards. This research is still developing to find an ideal
algorithm for the myriad data types seen in clinical settings.

Literature Review

Among the most devastating malignancies, gliomas—the most prevalent primary brain tumors—have a very
low survival rate. It is difficult to identify gliomas and conventional therapies usually fail. People in low- and
middle-income countries, particularly in Sub-Saharan Africa, still have very slim survival odds, despite the
fact that research in the North has brought mortality rates down. Identifying aberrant characteristics is crucial
for the long-term survival of glioma patients, and brain MRI and histology may help with this. Aiming to
improve machine learning for glioma diagnosis and characterization, the Brain Tumor Segmentation (BraTS)
Challenge has been running since 2012. Disseminating cutting-edge techniques in Sub-Saharan Africa is
challenging because to factors such as subpar MRI equipment, delayed disease onset, and unique glioma
characteristics. In the BraTS-Africa Challenge, patients with SSA brain MRI gliomas are part of a global
effort to create and test CAD technologies in low-resource areas, where they have the most chance of bringing
about healthcare reform. [1].

Unthinkable medical advancements are now within reach, all thanks to Al. Medical imaging has entered a
new age of automated diagnosis thanks to Al, which elevates diagnostic radiology to the level of an objective
science. The field of item identification in medical imaging is one crucial use of Al in medicine. Advanced
convolutional neural networks (CNNs) and deep learning are methods that need large datasets and powerful
computers. In order to detect brain cancers in their early stages using magnetic resonance imaging (MRI) data,
this research presents a conventional automated segmentation method. For MRI brain segmentation, it
employs techniques like harmony search and multilayer thresholding. Once segmentation is finished, brain
tumors may be located and noise can be reduced using morphological approaches and linked component
analysis. While CNN and deep learning algorithms outperform them in terms of accuracy, the Jaccard index,
and the Dice Coefficient, they are much more efficient in terms of execution time, computational complexity,
and data management [2].

One of the most common ways to detect brain tumors is via magnetic resonance imaging (MRI). Details on
the tumor's identify, size, location, and type are provided. It is possible to locate areas that may need further
examination by segmenting pre-processed MRI images into relevant sections. In this work, the capacity of
several image segmentation methods to detect brain tumors is tested. These methods include CNN, Otsu’s,
watershed, level set, K-means, HAAR Discrete Wavelet Transform (DWT), and others. The BRATS-2018
Brain Tumor Image Segmentation Benchmark evaluates and scores all of these approaches. A number of
metrics, including accuracy, recall, precision, F-measures, and reaction time, contribute to overall
performance. In terms of accuracy (91.39%) and reaction time (2.519 seconds), CNN is the best approach for
brain tumor picture segmentation [3].

When there are a lot of metastases in the brain, monitoring the disease's progression may be a real pain. The
Response Assessment in Neuro-Oncology Brain Metastases (RANO-BM) standard, which makes use of the
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largest diameter, is often used for therapy evaluation. In order to make informed clinical decisions and
accurately anticipate outcomes, volumetric measurement of lesions and peri-lesional edema is crucial. Brain
metastases less than 10 mm in size are difficult to identify and divide up. By focusing on automated brain
metastases recognition and segmentation, the BraTS-METS dataset and challenge bring attention to the
variety in lesion size in comparison to glioma segmentation challenges. Enhance the process of automatically
detecting and segmenting brain metastases [4].

Early detection of brain tumors is crucial for improving patient survival rates. For non-invasive brain tumor
diagnosis, imaging modalities such as CT, PET, and MRI are a must. This study automates the process of
identifying and segmenting brain tumors using 2D and 3D brain MRIs via the use of a web-based user
interface. Scores on the Dice test show that the tumor segmentation technique is more than 90% accurate.
Doctors now have access to accurate diagnostic tools made possible by users who may upload MRIs or access
medical data in order to identify tumors, extract tumor sites, and contribute to the improvement of model
training and segmentation accuracy [5].

In order to diagnose and treat brain tumors, clinicians rely on precise multimodal MRI segmentation. The
accuracy of multimodal MRI segmentation is enhanced in our study by merging deep semantic and edge data.
This method fuses features using graph convolution, augments them using edge detection, then employs the
Swin Transformer to extract semantic features. The suggested method beats a number of top-tier brain tumor
segmentation algorithms, according to experimental results on the BraTS benchmark [6].

In order to treat brain cancers quickly and effectively, MRI detection is crucial. A hybrid deep convolutional
neural network (DCNN) fitted with an upgraded LuNet classifier algorithm has been introduced for the
purpose of brain tumor detection and categorization. A Laplacian Gaussian filter is used for preprocessing,
and a fuzzy C means with a Gaussian mixture model (FCM-GMM) is used for segmentation. Compared to
SV M, Decision tree, Random forest, Alexnet, Resnet-50, and Googlenet, LuNet's accuracy of 99.7 percent is
impressive [7].

Automating the process of identifying and segmenting brain tumors using reconstructed microwave (RMW)
images is crucial for the research and monitoring of diseases. Both BINet and MSegNet, which are used for
image classification and tumor segmentation, are introduced in this paper. When analyzing brain tumors using
RMW pictures, models with a high degree of accuracy and precision are helpful [8].

Brain tumors in children need innovative approaches to diagnosis and treatment since they are a major cause
of cancer-related mortality in this age group. To solve this issue, the CBTN-CONNECT-DIPGR-ASNR-
MICCAI BraTS-PEDs 2023 challenge is focused on pediatric brain gliomas. It assesses volumetric
segmentation strategies for juvenile brain tumors using multi-parametric structural MRI data and predefined
evaluation metrics. In order to develop automated segmentation techniques for children with brain tumors,
this challenge is encouraging doctors and Al/imaging researchers to work together [9].

MRI is an excellent method for analyzing the brain's structure. Radiologists are the ones who categorize brain
tumors since they are so challenging. The use of preprocessing, segmentation, and classification techniques
in digital image processing has the potential to aid in the diagnosis of some brain cancers, the localization of
tumors, and the analysis of subtle changes. This research looks at how to diagnose brain tumors from MRI
scans using state-of-the-art deep learning and machine learning algorithms. Topics addressed include research
architectures, datasets, deep learning, and brain tumor image segmentation. The report goes on to assess deep
learning algorithms, point out issues, and propose more studies. Segmentation and analysis accuracy for
SVMs has reached 98%, while for brain tumor identification, ANNSs based on deep learning have surpassed
prior methods with 99% accuracy [10].

Unchecked cell growth may lead to brain tumors, which can cause serious injury if not caught and treated
promptly. Tumor features make segmentation and classification difficult, despite previous attempts and
encouraging results. The diagnostic power of magnetic resonance imaging (MR) for brain malignancies is
reviewed in this review of the literature. Brain cancer research and tumor detection include the use of Al and
statistical image processing. The work employs DL, TL, and ML models across the board to investigate the
architecture of brain tumors, datasets, augmentation techniques, feature extraction, and classification. We go
over the pros and cons of tumor detection, as well as new developments and potential future paths [11].

The diagnosis of biological illnesses relies heavily on image segmentation and classification. Investigation of
magnetic resonance imaging (MRI) brain images is essential in the field of neuroscience. Brain MR images
are analyzed in this research to detect brain tumors. Segmentation, feature extraction, and classification are
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necessary steps in identifying brain cancers and normal patients in images. U-Net, CNN, ResNet-50, and
VGG 16 are used to process pictures in the study. The proposed model shows competitive performance in
extensive BRATS 2021 dataset testing. This method improves diagnostic accuracy by segmenting tumors
with an 82.35% Dice similarity coefficient and classifying them with a 91% success rate [12].

Improved treatment outcomes with fewer side effects are possible because to early diagnosis of brain cell
injury made possible by brain imaging. Segmentation of brain tumors from magnetic resonance imaging
(MRI) scans is a common practice in medical image analysis for the automated diagnosis of tumor type, size,
and location. Brain tumor segmentation utilizing MRI images based on deep learning is the subject of this
work, which also includes several MRI modalities. It takes a look at recent developments and CNN approaches
for image segmentation. Hybrid and CNN-based approaches successfully segment brain tumors from MRI
scans [13].

It is challenging to segment brain tumors with MRI. In order to effectively detect and divide tumors, this
research employs an Adaptive Moving Self-Organizing Map in conjunction with Fuzzy K-means clustering.
Preprocessing, feature attribute selection, image classification, and tumor segmentation are all included in this
method. It uses AMSOM for unsupervised classification and FKM for tumor area identification. Results are
improved when compared to existing methods. With the current approach, precision and accuracy are up
around 10% [14].

An essential medical image processing application is the diagnosis of brain tumors by MRI. This paper
presents a data mining-machine learning ensemble system for the diagnosis of brain tumors. The method
incorporates preprocessing, segmentation of MRI images using SSO, extraction of features using SVD, and
classification using Naive Bayes, SVM, and K-nearest neighbor algorithms. The ensemble approach takes the
results of many algorithms and uses them together to get a more accurate result. When compared to previous
efforts, this method is more precise, sensitive, and specific [16].

Brain tumor classification using MRI scans is a laborious and error-prone manual process. In this study, we
provide a thresholding approach for 2D MRI brain tumor identification. Picture preparation for segmentation
is facilitated by the Highlighted Object Filter (HOFilter), which eliminates background noise. The extraction
of tumors makes use of morphology, edge detection, and segmentation. The proposed model achieves a higher
level of accuracy and precision than current methods by a margin of 96.46% [17].

Medical image processing relies heavily on the ability to detect and categorize brain tumors. This article
proposes a number of methods for improving CNN classification, including image preparation and CNN
semantic segmentation. This method successfully detects and categorizes cancers in magnetic resonance
imaging (MRI) data. As evidence of its effectiveness, its classifier performance percentage is 99.7 percent
[18].

Proposed Method
3.1 Algorithm EfficientNetB3
Data Collection:
o Step 1: Collect MRI brain images, ensuring the dataset includes both images with tumors and without
tumors.
Image Preprocessing:
e Step 2.1: Resize all MRI images to match the input dimensions required by EfficientNetB3 (e.g.,
300x300 pixels).
o Step 2.2: Normalize the pixel values of the images to a range of 0 to 1.
o Step 2.3: Optionally, apply data augmentation techniques (such as rotation, flipping, and zooming) to
increase the diversity of the dataset and improve model robustness.
Model Initialization:
o Step 3: Load the EfficientNetB3 model with pre-trained weights on ImageNet to leverage transfer
learning for feature extraction.
Feature Extraction and Model Construction:
e Step 4.1: Pass the preprocessed MRI images through the EfficientNetB3 model to extract relevant
features from each image.
e Step 4.2: Append a fully connected layer on top of the EfficientNetB3 model.
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o Step 4.3: Add a softmax activation function in the classification layer to output probabilities for each
class (e.g., tumor or no tumor).
Model Training:
e Step 5.1: Train the model using the labeled dataset, applying backpropagation and gradient descent
techniques to optimize the model weights.
e Step 5.2: Monitor the loss and accuracy during training and adjust learning rates or apply
regularization techniques if necessary.
Model Validation:
o Step 6.1: Validate the trained model on a separate validation dataset.
o Step 6.2: Fine-tune hyperparameters (such as learning rate, batch size, etc.) and employ techniques
like early stopping to prevent overfitting.
Model Testing:
e Step 7.1: Evaluate the final trained model on an independent test dataset.
o Step 7.2: Calculate performance metrics including accuracy, sensitivity, and specificity to assess the
model's effectiveness in detecting brain tumors.

Implementation

4.1 Dataset

There are 233 individuals and 3064 T1-weighted contrast-enhanced pictures in this dataset. The images are
divided into three categories, representing different forms of brain tumors: meningioma (708 slices), glioma
(1426 slices), and pituitary tumor (930 slices).

https://www.kaggle.com/datasets/denizkavil/brain-tumor

4.2 Illustrative example

f Tumor MALIGNANT

Figure 1. Segmented image of test malignant

Figure 1 shows the Segmented image of the test model, the model will predict image is malignant.

f Tumor

Figure 2. Segmented image of test benign

Figure 2 shows the Segmented image of the test model, the model will predict image is benign.

Result

\\\\\\

Figure 3. Models with accuracy
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The figure 3 "Models with Accuracy"” compares the performance of four models: RBF, Linear, Polygonal,
and EfficientNetB3, across two test image sets. The EfficientNetB3 model consistently outperforms the
others, achieving the highest accuracy of 96.37% and 98.04% in the two test sets. The Polygonal model
follows, with accuracy scores of 89.35% and 91.65%, while the Linear model shows moderate performance
with scores of 82.57% and 84.27%. The RBF model has the lowest accuracy, with 75.86% and 77.35%.
Overall, EfficientNetB3 demonstrates superior performance in brain tumor detection.

Conclusion

At the same time, this research also highlights illusion and perception of computational model to detect brain
tumor using MRI imaging approach. We tested and compared conventional models including Radial Basis
Function (RBF), Linear, and Polygonal kernels on two different test images with accuracies as high as 91.65%.
In this study, we also evaluated the EfficientNetB3 model with Al capabilities and a novel compound scaling
method for deep learning efficiency. The experiments showed that the EfficeintNetB3 model surpassed on
accuracy whether tested on imagel or image2 with 98.37% and approximated to 98.04%. The results indicate
the highly valuable capacity of as well EfficientNetB3 model in boosting output precision when stated to
diagnostic aid and care treatment setting for brain tumor affected individual.
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