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Abstract.Brain tumors are deadly and early diagnosis is crucial for successful
treatment. Traditionally, radiologists rely on their experience to analyze brain scans,
but this can be time-consuming and error-prone, especially with a growing number
of patients. This paper presents a fast and efficient deep learning-based method for
brain tumor detection in MRI images, aimed at enhancing medical decision-making.
We propose a custom deep Convolutional Neural Network (C-CNN) model,
developed alongside four pre-trained models: VGG16, ResNet50, MobileNet, and
InceptionV3. The models were trained and tested on a comprehensive dataset of
brain tumor images. The custom C-CNN model demonstrated superior performance,
achieving 100% training accuracy, 99.11% validation accuracy, and 99.27% testing
accuracy. These results highlight the model's reliability and potential for accurate,
rapid identification of brain tumors, offering a valuable tool for improving patient
care.

Keywords: Additive manufacturing, Sustainable practices, computer-aided design
(CAD) model, Waste reduction, Manufacturing Eco system.

1.Introduction

Brain tumors pose a serious threat, and catching them early is vital for effective
treatment. While radiologists use their expertise to analyze brain scans, this process
can be slow and prone to mistakes, especially with the increasing patient load.
Accurate identification of brain tumors is essential for effective patient care. Since the
type and location of a tumor greatly impact treatment options and prognosis, early
detection is crucial. Magnetic resonance imaging (MRI) has become the gold standard
for this purpose. Developed in 1969 by Raymond Damadian, MRI scans produce
highly detailed images of the body's interior, including the brain. This superior image
quality compared to X-rays and CT scans makes MRI the most advanced medical
imaging technique available. MRI excels at detecting brain tumors by utilizing
various imaging sequences like T1-weighted, T2-weighted, and FLAIR (Fluid-
attenuated Inversion Recovery) to map tumor-induced changes as illustrated in Figure
1.
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Fig 1: T1, T2 and Flair images

As seen in image, T1 excels at showcasing anatomy, while T2 brings fluid-filled areas
like tumors and cysts to light. FLAIR steps in to further clarify abnormalities by
dampening the usual bright signals from fluids. By combining these techniques, MRI
provides a detailed and multifaceted view of the brain, allowing doctors to make
precise diagnoses and treatment plans. This multi-angled approach goes beyond the
brain, offering valuable insights into other body parts as well.

In response to this, there has been a growing number of brain tumor identification
projects that aim to improve the accuracy and speed of diagnosis. Machine learning
techniques are being used in one such study to categorize brain cancers based on MRI
data. Techniques like decision trees and support vector machines have shown promise
after being trained on vast collections of MRI scans. These algorithms can achieve
impressive accuracy in identifying brain cancer. However, a key challenge lies in the
training data itself. The quality of the data and the specific features chosen for training
can limit the effectiveness of these methods. In other words, the machine learning's
success hinges on having high-quality data and choosing the right characteristics to
analyze.

Convolutional Neural Networks (CNNs) offers another avenue for brain tumor
detection. These networks, which are built from several stages of pooling and
convolution procedures, fully linked layers, and enormous datasets of labelled MRI
images, are trained. The results of these projects have been promising, with some
models achieving an average accuracy of over 90% in identifying different types of
brain tumors

The process of identifying tumors in MRI scans using neural networks involves
several steps. First, the MRI scans are preprocessed and transformed into a format that
can be used as input for the neural network. This typically involves resizing the
images and normalizing the pixel values to a range that is suitable for the network.
The preprocessed pictures are then sent into the neural network, which is made up of
many layers of pooling and convolution processes, followed by layers that are
completely linked. To understand the patterns and characteristics associated with
various types of tumors, the network is trained using a sizable dataset of labeled MRI
images during the training phase. The training process adjusts the weights and biases
of the network until it is able to accurately classify the tumors in the training set. After
training, the network can then be used to make predictions on new, unseen MRI
scans. By sending the preprocessed pictures and through network, which generates a
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probability distribution across the potential tumor kinds, predictions are formed. The
network's forecast is then based on the category with the greatest probability. This
automated, quick, and extremely accurate method for detecting cancers in MRI
images uses neural networks.

This research explores a new approach for classifying brain tumors. It utilizes a
powerful artificial intelligence technique called a convolutional neural network
(CNN). This CNN is trained on a vast collection of labeled MRI images, allowing it
to identify key features within the scans and predict the type of tumor present. The
CNN's architecture incorporates multiple layers that progressively extract these
informative features before making the final classification.

The remainder of the article is structured as follows:  Section II offers a thorough
review of the current state-of-the-art techniques in brain tumor detection. Section III
provides a detailed explanation of the background methodology and the proposed
system. In Section IV, the experimental procedure and the corresponding results are
discussed. Finally, Section V concludes the work, highlighting potential future
research directions.

2.Literature Survey

Analyzing medical images, particularly brain scans, has become a hotbed for research
in recent years. This focus stems from the potential applications in diagnosing and
investigating patients. Machine learning and deep learning techniques are at the
forefront of this battle, offering various strategies to classify brain tumors from MRI
scans.

Several studies have explored these possibilities. One study [1] developed a deep
learning model to extract key features from MRI images. These features were then fed
into traditional machine learning algorithms like Support Vector Machines (SVMs)
and Naive Bayes. Notably, SVMs achieved an impressive 93% accuracy in
classifying brain tumors. Another study [2] compared various machine learning and
deep learning techniques, including SVMs, k-nearest neighbors, and random forests.
Interestingly, classic SVMs again emerged victorious with a 92.4% classification
accuracy. This study also explored a custom five-layer Convolutional Neural Network
(CNN) architecture, achieving an even higher accuracy of 95.2%. Researchers are
also exploring pre-trained deep learning models like VGG19. A study by Khan et al.
[3] used VGGI19 in conjunction with K-means clustering for brain tumor
classification and segmentation in MRI scans. Their method involved preprocessing
the MRI data and achieved an overall precision of 94%.These studies highlight the
significant potential of machine learning and deep learning in analyzing brain scans
for tumor detection and classification.

Several studies have explored methods to improve the accuracy of Al-based brain
tumor detection from MRI scans. One key area is image preprocessing, which
involves preparing the scans for analysis. A study [4] reviewed various preprocessing
techniques like thresholding, filtering, blurring, and equalization. These techniques
can significantly enhance the quality of the data for Al algorithms. Another approach
involves combining different Al techniques. A study [5] used a hybrid approach that
merged a genetic algorithm (GA) with a Convolutional Neural Network (CNN). The
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GA automatically selected the optimal CNN architecture for detecting brain tumors
like glioblastoma.

Researchers are also exploring how to integrate deep learning models with other
functionalities. Majibet al. [6] proposed a method that combines the VGGNet
architecture with a stacked classifier, called VGG-SCnet. This approach involves
identifying the tumor region in the MRI scan during data preparation and then utilizes
a layered classifier for tumor detection. These studies showcase the ongoing efforts to
refine Al-based brain tumor detection by optimizing image preprocessing and
exploring combined Al techniques.

In medical imaging, especially MRI scans of the brain, preprocessing techniques are
essential [7]. These techniques refine the image data, creating a clearer picture of the
body's anatomy and aiding in the detection and location of tumors. One study [8]
proposed a new method that combines information from multiple imaging modes
(multimodal fusion) with Convolutional Neural Networks (CNNs) for 3D brain tumor
detection in MRI scans. This approach outperformed traditional multimodal 3D-
CNNs by effectively capturing the unique characteristics of brain tumors across
different imaging techniques.

Another study [9] compared the effectiveness of various CNN architectures like
VGGNets, GoogleNets, and ResNets for brain tumor classification. Their findings
showed that ResNet-50 achieved the highest accuracy (96.50%) compared to
GoogleNet (93.45%) and VGGNets (89.33%). This suggests that choosing the right
CNN architecture can significantly impact tumor detection accuracy. These studies
highlight the importance of both data preprocessing and selecting the most suitable
deep learning architecture for accurate brain tumor detection in MRI scans.

Accurately identifying the tumor region (ROI) within a brain scan is crucial.
Researchers are exploring deep learning techniques for this task, one approach,
described in [10], utilizes a Contextual Convolutional Neural Network (C-CNN). This
C-CNN extracts two types of features from the image: detailed local features and
broader contextual information. This combination helps the network precisely locate
the tumor region. Another study [11] focuses on segmenting multiple types of image
data (multimodal segmentation). They propose a Binary Channel-based Multimodal
Convolutional Neural Network (BCM-CNN) strategy. This method is further
optimized using a sine-cosine gray fitness algorithm. These studies showcase the
diverse deep learning approaches being developed to pinpoint tumor location and
segment brain scans effectively.

While brain tumor classification with deep learning has shown promise, researchers
are venturing further into tumor segmentation. This involves precisely outlining the
tumor region within the scan. One approach proposed in [12, 13] combines U-Net, a
popular segmentation model, with an ensemble of models using various settings
(hyper parameters). This strategy aims to boost performance and minimize random
errors. Another method, 3D-Dense-UNet [14], tackles the complexities of multi-class
segmentation, where tumors are categorized into different types.
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Figure .2. Block diagram of the proposed Model

However, implementing these methods can be challenging and time-consuming,
and their effectiveness might vary depending on the tumor type. To address this, [15]

proposed a new, streamlined design using a combination of CNN and probabilistic
neural networks for efficient tumor segmentation. Additionally, researchers in [16]
explored cascaded CNNs for multi-class segmentation of three distinct tumor regions.
It is important to note that many deep learning models were initially designed for
classification tasks. Existing segmentation algorithms often require vast amounts of
training data and may struggle with previously unseen tumor types in supervised
learning settings [17]. This highlights the ongoing efforts to refine deep learning
techniques for more robust brain tumor segmentation.

Accurately identifying the tumor region (ROI) within a brain scan is crucial.
Researchers are exploring deep learning techniques for this task. One approach,
described in [18], utilizes a Contextual Convolutional Neural Network (C-CNN). This
C-CNN extracts two types of features from the image: detailed local features and
broader contextual information. This combination helps the network precisely locate
the tumor region. Another study [19] focuses on segmenting multiple types of image
data (multimodal segmentation). They propose a Binary Channel-based Multimodal
Convolutional Neural Network (BCM-CNN) strategy. This method is further
optimized using a sine-cosine gray fitness algorithm. [20-22] These studies showcase
the diverse deep learning approaches being developed to pinpoint tumor location and
segment brain scans effectively.
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Figure 3. Dataset containing raw MRI images

3. Proposed Methodology

The Convolutional Neural Network (CNN) is a widely used deep learning model,
particularly in tasks involving image classification and feature extraction. A typical
CNN architecture consists of two main components: a feature extraction section and a
classification section. The architecture includes five fundamental layers: the input
layer, convolutional layer, pooling layer, fully connected layer, and classification
layer. The CNN extracts and classifies features through a series of trainable layers,
where the convolutional and pooling layers form the feature extraction phase, and the
fully connected and classification layers form the classification phase.

In this study, we propose the development of a fully automated CNN models for
classifying different types of brain tumors using MRI images. The key
hyperparameters of these models are automatically fine-tuned using grid search
optimization. The proposed Custom CNN model, is designed to determine whether an
MRI image contains a tumor or not, aiding in the diagnosis of brain tumors.The
Figure 2 illustrates the block diagram of proposed model.

As shown in Figure 2, the C-CNN model consists of 13 layers: one input layer, two
convolutional layers, two ReLU activation layers, one normalization layer, two max-
pooling layers, two fully connected layers, one dropout layer, one softmax layer, and
one classification layer. The model classifies the image into two categories, with two
neurons in the output layer. The output from the fully connected layer, a two-
dimensional feature vector, is passed to the softmax classifier to determine the
presence or absence of a tumor. Detailed information on the C-CNN model can be
found in Table 2.

This approach leverages a Convolutional Neural Network (CNN) for brain tumor
detection. Imagine a network of interconnected processing units, similar to the human
brain. Information enters the network through the input layer, like raw MRI scan data.
Hidden layers act as the processing centers, applying special functions to transform
the data and uncover hidden patterns. These functions allow the network to learn
complex relationships between the scan details and the presence of a tumor[25].
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Throughout training, the network continuously adjusts internal connections (weights)
and biases to refine its processing. This training happens using optimization
algorithms, like gradient descent, which guide the network towards better accuracy
[23]. A loss function measures how well the network performs, and the training
continues until this error is minimized. Once trained, this powerful tool can be used to
analyze new MRI scans, automatically identifying potential brain tumors[28]. This
technology has the potential to revolutionize various tasks, including image analysis,
medical diagnosis, and even future treatment recommendations. The experimental
setup includes the following stages.

e Dataset:Dataset: This module involves gathering multiple MRI images, with one
selected as the input image for processing. The dataset used in this study comprises
10,000 MRI brain tumor images sourced from the Kaggle repository. These images
are classified into two categories: 5,000 images diagnosed with brain tumors and
5,000 images diagnosed as free of brain tumors. Rotation augmentations are done by
rotating the image right or left on an axis between 1° and 359° by using built-in
library for data augmentation utilities. The model images from the dataset are shown
in Figure 3.
e Pre-processing: The initial step in data preprocessing involved resizing the Brain
MRI Images to ensure uniformity, as the images varied in size. They were resized to
dimensions of 200 by 200 pixels. This size was chosen to strike a balance between
maintaining sufficient resolution for effective brain tumor detection by the model and
ensuring efficient training. Additionally, all images were normalized to meet
ImageNet standards.
e Data Splitting: To train the Al model effectively, we divided the brain scan dataset
into separate groups. Roughly 70% of the data is designated for training, where the Al
model learns to identify tumor patterns. The remaining 30% is split into two parts:
20% for validation and 10% for testing. The validation set helps fine-tune the model
during training, while the testing set provides a final assessment of the model's
accuracy on unseen data. We divided the data set as mentioned in Table 1.

Table 1 Dataset details

Brain Training Validation Testing
Tumor Samples Samples Samples
Yes 3500 1000 500
No 3500 1000 500
Total 7000 2000 1000

o CNN Model Training: To identify brain tumors in MRI scans, we explored two
approaches:

> Building a CNN Model from Scratch: We constructed a Convolutional Neural
Network (CNN) specifically designed for this task. This model is trained on the data
over multiple epochs, allowing it to learn the key features and patterns associated with
the presence of tumors.

> Leveraging Pre-Trained Models: We also experimented with training four pre-
existing deep learning models on our dataset: VGG16, ResNet50, MobileNet, and
InceptionV3. These models were originally developed for various image recognition
tasks, but by fine-tuning them with our brain scan data, we hoped they could be
adapted to detect tumors as well.
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> Classification: Once trained, the CNN model is used to classify images as either
positive (indicating the presence of a tumor) or negative (no tumor detected). If a
tumor is detected, the system returns "yes"; otherwise, it returns "no". These modules
collectively enable the system to efficiently detect and classify brain tumors in MRI
images, providing valuable diagnostic support.

We have considered a two-pronged approach to training our brain tumor detection
system. First, we're constructing a custom Convolutional Neural Network (CNN)
model specifically designed for this task. This allows for fine-tuning the model to
identify the unique characteristics of brain tumors in MRI scans. Secondly, we're
leveraging the power of pre-trained deep learning models. We're training four
established models — VGG16, ResNet50, MobileNet, and InceptionV3 — on our
dataset. These models have proven effective in various image Recognition tasks, and
by retraining them with our data, we can see if they adapt well to brain tumor
detection [29]. This multi-model strategy allows us to compare the effectiveness of
different approaches and potentially identify the most accurate solution for brain
tumor detection in MRI scans [26]. The architectural details of competing models are
discussed below.

(1)VGG: VGGI16, a deep learning architecture originally designed for classifying
everyday objects in images (ImageNet dataset), is being explored for brain tumor
detection. The MRI images are passed through a series of convolutional layers which
use small filters (typically 3x3 pixels) to extract key features from the image data.
Max pooling layers help reduce image size and capture the most important
information within a specific region of the image. After the convolutional layers,
VGG16 uses fully-connected layers to analyze the extracted features and make a final
prediction. Softmax Layer, the final layer converts the processed information into
probabilities, indicating the likelihood of a brain tumor being present.

(ii))ResNet: ResNet, introduced in 2015, revolutionized deep learning by overcoming
the "vanishing gradient”" problem, allowing for the successful training of networks
with hundreds or thousands of layers. A key innovation of ResNet lies in its use of
residual learning [20]. A fundamental component of ResNet is the inclusion of
"shortcut connections" or "skip connections." These connections allow the input from
previous layers to be directly passed to deeper layers within the network.

(iii)MobileNet: MobileNet is a unique type of CNN architecture specifically designed to
be fast and efficient for tasks like image classification on mobile devices or computers
with limited power. This makes it a promising choice for brain tumor detection in
situations where processing power is restricted. By choosing MobileNet, researchers
can explore brain tumor detection in settings where traditional deep learning models
might be too demanding.

a.InceptionV3: Inception v3 is a powerful image recognition model, famous for
achieving over 78% accuracy on the massive ImageNet dataset. This CNN, with its 48
layers, has been trained on millions of images, allowing it to categorize objects like
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keyboards, animals, and everyday items into 1000 distinct classes.
Epoch 1525
- 8s - loss: 4.1231e-04 - acc: 1.0000 - fscore: 1.0000 - val_loss: 0.0641 - val_acc: 0.9757 - val_fscore: 0.9757
Epoch 16/25
- 7s - loss: 3.6619e-04 - acc: 1.0000 - fscore: 1.0000 - val_loss: 0.0634 - val_acc: 0.9771 - val_fscore: 0.9771
Epoch 17/25
-85 - loss: 3.2246e-04 - acc: 1.0000 - fscore: 1.0000 - val_loss: 0.0658 - val_acc: 0.9757 - val_fscore: 0.9757
Epoch 18/25
- 85 - loss: 2.8787e-04 - acc: 1.0000 - fscore: 1.0000 - val_loss: 0.0638 - val_acc: 0.9785 - val_fscore: 0.9785
Epoch 19725
- 7s - loss: 2.5607e-04 - acc: 1.0000 - fscore: 1.0000 - val_loss: 0.0664 - val_acc: 0.9757 - val_fscore: 0.9757
Epoch 2025
- 7s - loss: 2.3318e-04 - acc: 1.0000 - fscore: 1.0000 - val_loss: 0.0666 - val_acc: 0.9757 - val_fscore: 0.9757
Epoch 21725
- 8s - loss: 2.0452e-04 - acc: 1.0000 - fscore: 1.0000 - val_loss: 0.0659 - val_acc: 0.9771 - val_fscore: 0.9771
Epoch 22/25
- 7s - loss: 1.8486e-04 - acc: 1.0000 - fscore: 1.0000 - val_loss: 0.0659 - val_acc: 0.9771 - val_fscore: 0.9771
Epoch 23/25
-7s - loss: 1.6561e-04 - acc: 1.0000 - fscore: 1.0000 - val_loss: 0.0684 - val_acc: 0.9742 - val_fscore: 0.9742
Epoch 24/25
- 7s - loss: 1.4831e-04 - acc: 1.0000 - fscore: 1.0000 - val_loss: 0.0685 - val_acc: 0.9757 - val_fscore: 0.9757
Epoch 25725
- 7s - loss: 1.4831e-04 - acc: 1.0000 - fscare: 1.0000 - val_loss: 0.0552 - val_acc: 0.9828 - val_fscore: 0.9828

Figure 4. Training and validation accuracy of our model

(iv)Through this vast training experience, Inception v3 has learned to identify complex
features across a wide range of images.

(v)Proposed Deep Learning model: We have developed a custom Deep CNN model as
shown in Figure 3.from scratch for our proposed model. The proposed model
architectural details are

The proposed model with 12 convolutional layers, suggesting a deep network capable
of learning intricate features from the input data. Following the convolutional layers,
there's a fully connected hidden layer, which helps in learning higher-level
abstractions from the features extracted by the convolutional layers[27]. The output
layer employs softmax activation, indicating that the model is trained for multi-class
classification tasks. parameters during training. The summary of the model is shown
in Figure 4

4. Results and Discussion

The dataset acquired from the Kaggle repository is used to train our custom model
and baseline models, which is detailed in Section III. The model advances through
pre-sized batches of the training dataset as it goes through the training process[24].
Gradients are computed within each batch, and the weights of the network are
automatically adjusted. An epoch is the completion of one run over the whole training
dataset. Training usually keeps going until the loss settles down to a fixed amount.
The model was designed with a checkpoint system to record the maximum validation
accuracy attained. Figure 5 shows the training and validation accuracy of the
proposed model.

The network's learning curve during the training and validation stages is shown in
Figure 5. The accuracies for both training and validation show an increasing trend
before plateauing. The validation accuracy was 99.28%, whereas the training
accuracy peaked at 100%.



Deep-CNN Based Brain Tumor Classification from MRI Images 1161

Figure 5 depicts the loss curve of the network during both training and validation
phases. Over the course of iterations, there's a steady decline in both validation and
training losses, suggesting the model's efficacy and its capacity for generalization.
Additionally, for comparative assessment, we trained and examined the validation
accuracy and loss curves of four pre-trained deep learning models: VGGI6,
ResNet50, MobileNet, and InceptionV3.

During the testing phase of the five models, the testing dataset is amalgamated into a
singular folder named "Brain-Tumor-test." This dataset encompasses 1000 MRI brain
tumor images in JPG format. It's noteworthy that these images are distinct from those
used in the original training dataset. They are segregated into two categories: brain
tumor and non-brain

0.8

£ 0.

0.21

o 50 100 150 200 250 300 350
Epoch

Figure5 : Epoch vs Loss plot

tumor. The distribution of images across these categories is outlined in Table 2:

Table 2: Distribution of Images in test dataset

Categories Number of testing images Image size
Brain-Tumor 500 200x200
Non-Brain Tumor 500 200x200

The model was tested using one thousand MRI brain pictures after it had been trained
and assessed on the validation set. As shown in Table 2, this dataset included 500
photos showing brain tumors and 500 images showing no brain tumors (normal).
Figure 5 presents the model's predicted results.

The suggested model may accurately predict the malignant tumor, as shown in the
figure.

Additionally, our unique model is trained on a big database that contains 10,000 MRI
brain tumors in order to assess its effectiveness. Kaggle images are sourced from the
repository. The images are divided into two groups: 5,000 brain tumors diagnosed and
5,000 brain tumor-free images. The baseline algorithms were similarly trained and
tested to provide a comparison of the proposed model’s performance. Table 3 shows
the performance of the proposed model and baseline models.
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Table 3: Performance comparison of all models

Metric ResNet50 | MobileNet | VGG16 ;nceptionV Our Model
Training Accuracy 99.29 99.78% 99.94% 99.96% 100%
Validation 98.35 88.98% 99.86% 99.88% 99.11%
Accuracy

Training loss 0.0091 0.0052 0.0045 0.0147 0.0002
Validation loss 0.0478 0.3501 0.0028 0.0020 0.0552
Testing Accuracy 98.76% 88% 99% 99.96% 99.27%

According to Table 3, the best performing models were Inception V3 & VGG16 with
99.27% testing accuracy. The fourth place went to ResNet50 with 99.27%, and the
fifth place went to MobileNet with 99.3%. Our custom model was developed from
scratch and achieved 99.3% accuracy on the validation and 99.3% on the test sets.
These models accurately predicted the MRI brain tumor image. Adam optimization &
data augmentation dropout & others enhanced the accuracy of the model without
reducing training efficiency.

5. Conclusion

In this work, we propose a simple and fast deep learning method that provides a
useful way to identify brain tumors in MRI images. By enabling medical
professionals to make quick, accurate decisions, this approach solves a significant
problem and promotes better patient care. To address the problem of brain tumor
detection, a deep learning custom model C-CNN has been developed. We trained the
dataset on images of brain tumors using four pre-trained deep learning models
(VGG16, ResNet50, MobileNet, and InceptionV3) in addition to a custom-built
model. The suggested model has proven to have exceptional prediction accuracy. It
has attained a 100% training accuracy and a 99.11% validation accuracy. However, it
has attained a testing accuracy 99.27% of the total. As a result, the suggested model
can be effectively used to identify whether a brain tumor is present. Additionally,
leveraging more extensive training dataset incorporating supplementary image
augmentation techniques, and integrating various machine learning methodologies,
such as increasing the use of ensembles, have the potential to boost the accuracy and
resilience of the model. These techniques may result in improved performance for
brain tumor detection in MRI images.



Deep-CNN Based Brain Tumor Classification from MRI Images 1163
References

1.Latif, G.; Brahim, G.B.; Iskandar, D.N.F.A.; Bashar, A.; Alghazo, J. Glioma Tumors’
classification using deep-neural-network-based features with SVM classifier. Diagnostics 2022,
12, 1018.

2.Kumar, G.; Kumar, P.; Kumar, D. Brain tumor detection using convolutional neural network.
In Proceedings of the International Conference on Mobile Networks and Wireless
Communications (ICMNWC), Tumkur, Karnataka, India, 3—4 December 2021; pp. 1-6.
3.Khan, A.R.; Khan, S.; Harouni, M.; Abbasi, R.; Igbal, S.; Mehmood, Z. Brain tumor
segmentation using K-means clustering and deep learning with synthetic data augmentation for
classification. Microsc. Res. Tech. 2021, 84, 1389-1399.

4.Methil, A.S. Brain tumor detection using deep learning and image processing. In Proceedings
of the 2021 International Conference on Artificial Intelligence and Smart Systems (ICAIS),
Tamil Nadu, India, 25-27 March 2021; pp. 100-108.

5.Anaraki, A.K.; Ayati, M.; Kazemi, F. Magnetic resonance imaging-based brain tumor grades
classification and grading via convolutional neural networks and genetic algorithms. Biocybern.
Biomed. Eng. 2019, 39, 63-74.

6.Majib, M.S.; Rahman, M.M.; Sazzad, T.M.S.; Khan, N.I.; Dey, S.K. VGG-SCNet: A VGG
net-based deep learning framework for brain tumor detection on MRI images. IEEE Access
2021, 9, 116942-116952.

7.Siddique, M.A.B et al. Deep convolutional neural networks model-based brain tumor detection
in brain MRI images. In Proceedings of the 4th International Conference on I-SMAC (IoT in
Social, Mobile, Analytics and Cloud) (I-SMAC 2020), SCAD Knowledge City, India, 7-9
October 2020; pp. 909-914.

8.Li, M.; Kuang, L.; Xu, S.; Sha, Z. Brain tumor detection based on multimodal information
fusion and convolutional neural network. IEEE Access 2019, 7, 180134—180146.

9.Sangeetha, R. et al. Automatic detection of brain tumor using deep learning algorithms. In
Proceedings of the 4th International Conference on Electronics, Communication and Aerospace
Technology (ICECA 2020), Coimbatore, India, 5—7 November 2020; pp. 1-4.

10.Lucas, F.; Wenqi, L.; Luis, C.G.P.H.; Jinendra, E.; Neil, K.; Sebastian, O.; Tom, V. Scalable
Multimodal Convolutional Networks for Brain Tumour Segmentation Medical Image
Computing and Computer Assisted Intervention—MICCAI 2017; Springer: Cham,
Switzerland, 2017; Volume 10435.

11.ZainEldin, H.; Gamel, S.A.; El-Kenawy, E.-S.M.; Alharbi, A.H.; Khafaga, D.S.; Ibrahim, A.;
Talaat, F.M. Brain Tumor Detection and Classification Using Deep Learning and Sine-Cosine
Fitness Grey Wolf Optimization. Bioengineering 2023, 10, 18.

12.Feng, X.; Tustison, N.J.; Patel, S.H.; Meyer, C.H. Brain tumor segmentation using an
ensemble of 3d u-nets and overall survival prediction using radiomic features. Front. Comput.
Neurosci. 2020, 14, 25.

13.Wang, G.; Li, W.; Ourselin, S.; Vercauteren, T. Automatic Brain Tumor Segmentation using
Cascaded Anisotropic Convolutional Neural Networks. In Brainlesion: Glioma, Multiple
Sclerosis, Stroke and Traumatic Brain Injuries: Third International Workshop, BrainLes 2017,
Proceedings of the Conjunction with MICCAI 2017, QC, Springer International Publishing:
NY, USA, 2018; pp. 178-190.

14.Yogananda, C.G.B.; Shah, B.R.; Vejdani-Jahromi, M.; Nalawade, S.S.; Murugesan, G.K.; Yu,
F.F.; Pinho, M.C.; Wagner, B.C.; Emblem, K.E.; Bjornerud, A.; et al. A fully automated deep
learning network for brain tumor segmentation. Tomography 2020, 6, 186—193.

15.Madhupriya, G.; Guru, N.M.; Praveen, S.; Nivetha, B. Brain tumor segmentation with deep
learning technique. In Proceedings of the 2019 3rd International Conference on Trends in
Electronics and Informatics (ICOEI), Tirunelveli, India, 23-25 April 2019; pp. 758-763.

16.Liu, J.; Li, M.; Wang, J.; Wu, F.; Liu, T.; Pan, Y. A survey of MRI-based brain tumor
segmentation methods. Tsinghua Sci. Technol. 2014, 19, 578-595



1164 B. Shankar et al.

17.Liang, P.; Li, B.; Bai, L. A multi-modal fusion deep learning model for brain tumor grading.
Front. Neurosci. 2019, 13, 1112.

18.Jie, C.; Luming, Z.; Naijie, G.; Xiaoci, Z.; Minquan, Y.; Rongzhang, Y.; Meng, Q. A mix-
pooling CNN architecture with FCRF for brain tumor segmentation. J. Vis. Commun. Image
Represent. 2019, 58, 316-322.

19.Simonyan, K., and A. Zisserman. “Very Deep Convolutional Networks for Large-Scale Image
Recognition.” 3rd International Conference on Learning Representations (ICLR 2015),
Computational and Biological Learning Society, 2015, pp. 1-14..

20.He, Kaiming, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. "Deep residual learning for image
recognition." In Proceedings of the IEEE conference on computer vision and pattern
recognition, pp. 770-778. 2016.

21.Howard, A.G., Zhu, M., Chen, B., Kalenichenko, D., Wang, W., Weyand, T., Andreetto, M.,
& Adam, H. (2017). MobileNets: Efficient Convolutional Neural Networks for Mobile Vision
Applications. ArXiv, abs/1704.04861.

22.C. Szegedy, et al., "Going deeper with convolutions," in 2015 IEEE Conference on Computer
Vision and Pattern Recognition (CVPR), Boston, MA, USA, 2015 pp. 1-9.

23.A. N. Upadhyaya, M. K, N. R. R. Paul and S. Ravikanth, "Advancing Safety: loT-Based
Multi Sensor System for Real-Time Multiple Hazards Detection and Alarming," 2023 4th
International Conference on Smart Electronics and Communication (ICOSEC), Trichy, India,
2023, pp. 404-410

24.Ch Gangadhar, P Pavithra Roy, R. Dinesh Kumar, Janjhyam Venkata Naga Ramesh, S.
Ravikanth, N. Akhila,Wearable sensor-based fall detection for elderly care using ensemble
machine learning techniques,Measurement :Sensors,Volume 39,2025,101870,ISSN 2665-9174.

25.M. Durga et al., "Analysis of IoT and Artificial Intelligence Smart Transportation System
Application Technology," 2024 International Conference on Advances in Modern Age
Technologies for Health and Engineering Science (AMATHE), Shivamogga, India, 2024, pp.
1-7, doi: 10.1109/AMATHE61652.2024.10582176.

26.Kasat, Kishori and Surekha, Chintolla and Menaka, S.R. and Rejin Paul, N.R. and Ravikanth,
Sivangi, Enhancing Machine Learning-Enhanced Flexible Hydrophone Sensors (November 15,
2024). Proceedings of the 3rd International Conference on Optimization Techniques in the
Field of Engineering (ICOFE-2024).

27.Polineni, Tulasi Naga Subhash and Kumar, Anisetty Suresh and Maguluri, Kiran Kumar and
Koli, Virendra and Valiki, Dilip and Ravikanth, Sivangi, A Scalable and Robust Framework for
Advanced Semi Supervised Learning Supporting Universal Applications (November 15, 2024).
Proceedings of the 3rd International Conference on Optimization Techniques in the Field of
Engineering (ICOFE-2024).

28.Srinivas, M., Reddy, G.R.K., Sangeethapriya, S. et al. Design and Fabrication Development
of Slotted T-Shaped Patch Antenna with Symmetrical CPW Feed for IOT and ITU
Applications. Plasmonics (2024.

29.Reddy, G. & Bhavani, A. & Krishna, Odugu. (2024). Optimized recurrent neural network-
based brain emotion recognition technique. Multimedia Tools and Applications. 84. 4655-4674.



Deep-CNN Based Brain Tumor Classification from MRI Images 1165

Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.


http://creativecommons.org/licenses/by-nc/4.0/

	Deep-CNN Based Brain Tumor Classification from MRI Images



