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A brain tumor is regarded as one of the deadliest types of cancer due to its intricate nature.This is why 
it is important that patients get the best possible diagnosis and treatment options. With the help of 
machine vision, neurologists can now perform a more accurate and faster diagnosis. There are currently 
no suitable methods that can be used to perform brain segmentation using image processing recently 
neural network model is used that it can perform better than other methods. Unfortunately, due to 
the complexity of the model, performing accurate brain segmentation in real images is not feasible. 
The main objective is to develop a novel method that can be used to analyze brain tumors using a 
component analysis. The proposed model consists of a deep neural network and an image processing 
framework. It is divided into various phases, such as the mapping stage, the data augmentation stage, 
and the tumor discovery stage. The data augmentation stage involves training a CNN to identify 
the regions of the image that are overlapping with the tumor space marker. The DCNN’s predicted 
performance is compared with the test result. The third stage is focused on training a deep neural 
system and a SVM. This model was able to achieve a 99% accuracy rate and a sensitivity of 0.973%. It is 
primarily utilized for identifying brain tumors.
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Brain tumors are regarded as major health threats, and they can result in significant and life-threatening 
outcomes if left untreated. In order to improve the prognosis of patients with brain tumors, it is important that 
they are detected early1. The various types of brain tumors can make diagnosis challenging. This highlights the 
need for accurate classification to guarantee the best possible outcome. A brain tumor can be categorized into 
two types: benign and malignant2.

Magnetic resonance imaging is a type of imaging that uses the combination of electrical and sound waves 
to visualize the brain. It is useful in diagnosing various brain tumors. Unlike other imaging techniques, which 
use radiation, MRI does not use radiation. Its accuracy and reliability are very important factors that make it an 
ideal tool for medical imaging. The size and shape of the tumor can prevent an individual from identifying it3. 
With the help of MRI, doctors can visualize the various parts of the brain using four slices. These images allow 
them to identify the tumor. In addition to the size and shape of the tumor, the images also reveal the other details 
about the brain’s tissues4.

A segmentation technique is utilized in the analysis of medical images to separate the parts that need to be 
viewed properly5. It involves identifying the characteristics and features of the tumor that are most likely to affect 
the treatment of the patient.

	1.	� The intensity distribution around the tumour is not uniform.
	2.	� A great deal of ambient noise;
	3.	� A complex shape;
	4.	� Fuzzy boundaries; and
	5.	� A lack of contrast between adjacent brain tissues
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Due to the complexity of the MR images, it is very time consuming and challenging for experts to analyze and 
visualize them6. With the help of automatic segmentation techniques, it can be done in less time and improve the 
accuracy of the diagnosis7. The biggest challenge that the experts face when it comes to analyzing and visualizing 
the data collected by Magnetic Resonance Imaging is the complexity of the images8. One of the most common 
factors that affects the classification process is the number of planes used. This means that the images must be 
pre-processed before they are loaded into the neural network9. Through the use of deep learning methods, such 
as CNN, you can perform pre-processing and feature engineering tasks without additional time10.

The goal of this study is to analyze the performance of a small architecture when compared to a complex 
one when it comes to classifying three tumor types using a CNN database. We also wanted to demonstrate that 
using a simpler network can reduce the training and implementation time needed for the system. Due to the 
limited number of resources available, it is typically difficult to use a CNN system in clinical settings. This paper 
presents a new architecture that can be used to classify three different brain tumor types. It can be used in mobile 
platforms and in everyday clinical diagnostics.

This paper aims to create a framework that will allow physicians to perform an independent assessment 
of brain images in order to detect tumors. It uses a combination of methods to improve its accuracy and 
performance. The system is made more accurate and performs better with the help of data augmentation and 
training procedures. Deep learning frameworks are very useful for improving the performance of systems. The 
paper combines the techniques used in deep learning and image processing to reduce the complexity of the 
collected texture features. After training and testing the system, it is equipped with CNN-SVM, which is a robust 
and accurate classification tool.

Literature review
Sajid et al.11—This author presented a hybrid model that takes advantage of the deep neural networks’ capabilities 
to perform segmentation. The proposed model was able to perform better than the existing techniques in 
several performance parameters. It utilizes a patch-based method to classify individual patches. It then trains 
on the output classes according to the distribution of labels. The paper also presented a two-phase training 
procedure that ensures that the learning is based on accurate representations of labels. The proposed model 
was also equipped with various data processing techniques, such as the N4ITK field correction. It can perform 
segmentation tasks such as identifying the various patches. Its performance can be improved by implementing 
training examples.

Almadhoun et al.12—developed a deep learning model that detected brain tumors used standard scans. 
The goal was to improve the accuracy of these scans by develped a method to perform quick and accurate 
decisions. In 2018, the World Health Organization reported that the death rate for brain cancer in Asia was 
higher than in other regions. The researchers have used a dataset of 10,000 images to develop the model, which 
was implemented using deep learning techniques. To test the model, they have used various models such as 
ResNet, Inception, and VGG16. Through the study, the researchers were able to demonstrate that the model was 
able to achieve an accuracy of 98.28 percent when compared to the previous model. They also noted that the 
training model’s accuracy was increasing, which means that it could be used to identify brain tumor.

Methil et al.13—The goal of this paper was to developed a method that can improved the performance of 
CNN’s image processing techniques when it comes to identified non-cancer and tumor images. Through various 
tasks, such as data augmentation and illumination, the paper was able to bring the tumor into focus. In order 
to improve the system’s performance, a transfer learning procedure was performed. The project started with 
the ResNet101v2 image processing model. Through further training, the system was able to achieve a 99.74% 
accuracy and a training recall of almost 99 percent. However, this method can potentially lead to errors since it 
relies on certain information about the tumor image. When creating an image, the size of the input should be set 
correctly so that it fits into the CNN model. If the input is not set correctly, it will not be able to fit into the image. 
In the future, the paper will perform various techniques to improve the system’s capabilities.

Alqazzaz et al.14—The paper presents a method that combines the use of brain tumor segmentation and 
MR images. This method improves the accuracy of the segmentation and the computational cost. This method 
mainly generated ROI images that only contain tumor tissues. Due to the limited capabilities of machine-
learning models, we decided to use the features from the SegNet framework and the GLCM framework to create 
a unique feature set. The classification of the images used the combined features was performed by taking into 
account the sub-regions of the images. The results of the experiments revealed that the FLAIR method was more 
accurate than the SOTA methods when it comes to generating ROI images. The proposed SegNet-GLM_DT 
method outperforms the FLAIR and SOTA methods when it comes to performing whole tumor segmentation. 
However, its accuracy is not good enough to compete with the other methods. In 2017, our method was able to 
classify the whole tumor using the BRATS dataset. The complexity of the structures involved in the segmentation 
process is one of the main factors that prevents it from performing well in the enhanced and necrotics regions. 
Through the proposed method, the paper was able to improve the accuracy of this process. However, it is not 
enough to perform well in these regions.

Haq et al.15—The goal of this study was to classify the various types of brain tumors using the HBTC 
framework, we first performed the TACS scheme, which is a combination of methods such as image noise 
reduction, hybrid K-S-L, and histogram equalization. After extracting the textures from the tumors using 
different extraction techniques, a dataset was generated. The framework used a hybrid approach to improve the 
performance of its feature. The study analyzed the various models used in the classification of brain tumors, such 
as the J48, MB, and RT. It found that the MLP model was the most accurate one.

Srinivas et al.16—The study utilized a novel transformer design to improve the detection and classification of 
brain tumors. Through a combination of the firefly algorithm and an efficient image transformer, the model was 
able to achieve a 99.7% accuracy on Kaggle benchmarks. The goal of the FA was to optimize the hyperparameters 
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of the DeiT model. This resulted in improved performance and decreased training loss. Although the results of 
the study are encouraging, further studies are needed to confirm its accuracy and explore the computational 
efficiency of the model.

Ahmed et al.17—The goal of this study was to design a Vision Transformer structure that can be used to classify 
different types of brain tumors. The ViT model was created by training it on its own and using advanced AI 
techniques to visualize its features. It performed well in a validated test, achieving a 91.61% accuracy rate, which 
was higher than the 83.37% of a comparable model. The ViT model was trained using various AI techniques to 
visualize its features. It performed well in a validated test, achieving a 91.61% accuracy rate, which was higher 
than the 83.37% of a comparable model.While demonstrating strong performance, the study’s limitations 
include the use of a single dataset, potentially limiting generalizability. Further validation on diverse datasets 
with varying image quality and tumor subtypes is necessary. Additionally, the computational demands of ViT 
models may pose challenges for real-time clinical application. Future research could explore model optimization 
strategies to address this limitation.

Gade et al.18—This study proposed an Optimized Lite Swin Transformer model for brain MRI analysis, 
addressing the limitations of CNNs in capturing global features. OLiST combined features extracted from 
both a Lite Swin Transformer and a CNN, leveraging the strengths of each. A Barnacles Mating Optimizer 
further enhanced performance by tuning hyperparameters. Evaluated on an open-source brain tumor dataset 
from Kaggle, OLiST demonstrated improved classification results and reduced processing time compared to 
established transfer learning methods. However, the study’s limitations include reliance on a single dataset, 
potentially affecting generalizability. Further validation on diverse datasets with varying image modalities and 
pathologies is warranted. Additionally, the computational cost of transformer-based models, even optimized 
versions, may pose challenges for real-time clinical applications.

Proposed framework for detecting brain tumour using CNN-SVM
The goal of this study is to develop a method that can automatically categorize brain tumors into various 
pathological categories. This method would be useful in identifying and treating brain tumors that are difficult 
to classify. There are numerous techniques that are currently being used to perform this procedure. The first 
step in the classification process of a brain tumor is to identify its characteristics. This step involves performing 
a feature extraction and segmentation process. The former aims to improve the accuracy of the method by 
adding more informative features. In previous studies, various methods such as wavelet transform, first-order 
statistics, and Gabor filters have been used to describe brain tumors. Intensity-based features and textures can 
help visualize the characteristics of brain tumors, but they are not as robust as other techniques when it comes 
to image classification and retrieval.

A deep neural network known as CNN uses a combination of the layers of its network to filter the inputs for 
various applications. Its goal is to provide a representation of both the temporal and spatial features of an image. 
To achieve this, a weight sharing method is implemented. Figure 1 shows the General CNN Architecture. CNN 
is composed of three building blocks. One of these is a convolutional layer, which learns the spatial and temporal 
details of an image. The other two are subsampling layers and a fully connected layer. These allow it to classify 
an image into different classes.

The paper presents the concept of support vector machine, which is a type of classification that is used in an 
ANN framework. According to the studies, it can perform better than the Softmax function. One of the main 
disadvantages of this method is that it only classifies binary values. As SVM aims to find the optimal hyper plane 
for a given dataset, it is not always feasible to consider a multinomial case. With the use of this method, the case 
becomes a one versus-all, with the positive class representing the highest score, while the negative class is the 
lowest score.

Dataset description
In medical imaging, the data generated by brain CE-MRI are only limited by the slice gap, and this makes it 
difficult to build a 3D model. This paper proposes a method that takes into account the two-dimensional slices 

Fig. 1.  General CNN architecture.
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of the data. From 2005 to 2010, the data was collected from two hospitals in China: General Hospital of Tianjin 
University and Nanfang Hospital19. The images are equipped with a resolution of 512 × 1024 pixels and a slice 
that is 6 mm thick. The data was split into a pair of datasets. The training dataset trained the model while the 
testing dataset performed the feature extraction.

Brain tumour detection using DCNN-SVM
A novel framework is built on a DCNN and a SVM algorithm to perform generative model analysis on large 
datasets. The main objective of this method is to reduce the number of data elements needed to perform a 
successful NN model. In order to achieve this, the framework uses an unsupervised method known as ICI. 
Figure  2 shows the Proposed DCNN-SVM Architecture. The framework’s main objective is to retrieve the 
independent observations that are linearly dependent on another variable. It then takes into account the 
correlation among the data and then decorrelates the results by minimizing or maximizing the C-value.

The yield of feature maps is computed by the DCNN-SVM layer’s learned convolution kernal. The derivatives 
of this layer are then used to frame the feature maps. The down sampling layer takes advantage of LBP-ICA to 
classify two-dimensional features. The output layer is composed of a support vector machine. When choosing a 
nonlinear function, the activation function chooses one that fits the model’s nonlinearity. The derivability and 
monotonicity of the activation function are taken into account.

Data augmentation
The inherent variability in brain MRIs can hinder the generalization capacity of deep convolutional neural 
networks designed for differential diagnosis. To mitigate overfitting stemming from this variability, this study 
employed several data augmentation techniques. Following pre-processing and augmentation of the original 
dataset, a total of 25,000 MR brain images were generated, comprising both normal and abnormal samples. The 
augmented dataset, derived from the TUCMD database, includes 7,000 normal and 9,000 abnormal MR brain 
images. The training process involved the use of a fivefold crossvalidation strategy, wherein each fold produced 
around 1,800 abnormal and 1,400 normal images. The goal of this method is to enhance the generalizability and 
robustness of the deep CNN model by allowing it to interact with various variations in the dataset.

Deep feature extraction using local binary pattern
The goal is to develop a deep learning framework that can retrieve the details of brain scans. Unfortunately, 
implementing deep CNN on a large scale would be impossible due to the amount of data involved and training 
tools that would be required. Instead, a framework is built using a LBP. It then trains its model on an augmented 
dataset in order to extract the most relevant details.

Texture feature extraction
The LBP values and the C measure were calculated from the various voxels in the data set, which were selected 
for their respective MR and ROI image types. Three different combinations of samples and the neighborhood 
radius were used to arrive at the values. The various features of the LBP and C values were then analyzed to 
determine their distributions. These features were then classified and selected to produce 8 features for each of 
the three image types.

	
Entropy = −

n∑
i=1

n∑
j=1

p(i, j) log(p(i, j))� (1)

Fig. 2.  Proposed DCNN-SVM architecture.
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Dissimilarity =

n∑
i,j=1

P (i, j) ∗ |(i − j)|� (2)

	
Inverse =

n∑
i,j=1

P (i, j)
(i − j)2 � (3)

	
Energy =

n∑
i=1

n∑
j=1

P (i, j)2� (4)

	
Homogeneity =

∑
i,j

1
1 + (i − j)2 g(i, j)� (5)

	
IDM =

n∑
i=1

n∑
j=1

1
1 + (i − j)2 p(i.j)� (6)

The LBP feature, which is used in various applications, including image analysis, provides a high-performance 
representation of texture. It combines the power of statistical and computational methods to create a unique 
and precise representation of texture. An image contrast measure is also added to the feature to enhance its 
discriminative power. The LBP feature takes into consideration the various properties of textures, such as their 
rotation and gray scale. It first defines the texture T in the image’s local region, which is composed of the gray 
levels and the joint distribution of the image.

	 T = t(gc, g0, ..., gp−1),� (7)

The gray value of a local neighborhood’s center pixel is known as the gc value. When the coordinates of gc are 
0, 0, and 1, respectively, the value of the neighbor set is given by the circle of radius R, which is composed of 
symmetrically symmetric pixels. The value of the neighbors whose coordinates are not exactly in the center of 
the pixels is computed by interpolating.

The value of the center pixel is taken from the GP’s gray values. This allows us to achieve a gray-scale 
invariance.

	 T = t(gc, g0 − gc, g1 − gc, ..., gp−1 − gc).� (8)

By expecting that distinctions between and are free of, T can be acquired.

	 T ≈ t(gc)t(g0 − gc, g1 − gc, . . . , gp−1 − gc).� (9)

The distribution of an image is described in terms of its overall image luminance. It is not related to the local 
image texture.

	 T ≈ t(gc0 − gc, gc1 − gc, . . . , gcp−1 − gc).� (10)

conveys a lot of the original textural characteristics.
Invariance can be achieved by considering the signs of a difference instead of the exact values.

	 T ≈ t(s(g0 − gc), s(g1 − gc), . . . , s(gp−1 − gc)).� (11)

where

	
s (x) =

{
1, x ≥ 0
0, x < 0.

� (12)

Each sign is assigned a binomial factor 2p, which is used to transform it into a unique spatial structure. This 
number is known as the Local Image Texture Prediction.

	
LBPP,R =

P −1∑
P =0

s(gp − gc)2p.� (13)

The LBPri P is a unique identifier for the rotation invariant binary patterns. It can be used to identify each 
pattern in a set of unique sequences.

	 LBP ri
P,R = min{ROR(LBPP R, i)|i = 0, 1, . . . , P − 1},� (14)

ROR(x, i) repeatedly performs a circular bitwise right shift on the P-bit number.
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The texture attributes are influenced by the presence of particular types of binary patterns. Circular 
frameworks with minimal spatial transitions are commonly used as templates for various materials. The 
uniformity of the resulting patterns is attributed to the number of transitions in their spatial structure. Uniform 
uniformity refers to the number of transitions in a given local binary pattern. If the U value of 000000002 and 1 
is 0 and 2, respectively, then these patterns are considered uniform. Likewise, if the U value of 111111112 and 2 
is at least 2, then these patterns are also considered uniform.

	

LBP riu2
P,R =




P −1∑
p=0

s(gp − gc), if U(LBPP,R) ≤ 2,

P + 1, otherwise,

� (15)

where

	

U(LBPP,R) = |s(gp−1 − gc) − s(g0 − gc)|

+
p−1∑
p=1

|s(gp − gc) − s(gp−1 − gc)|� (16)

The representation of a neighbor in Fig. 3 is as one if its pixel value is equal or higher than zero or if its value 
is lower than zero. In an anti-clockwise direction, every neighbor is multiplied by 2 and summed as shown 
in (b). The left (Fig. 3a) and right (Fig. 3b) figures represent the varying radius and samples sizes in a given 
neighborhood.

The riu2 superscript shows how rotation invariant patterns can be distinguished from non-uniform patterns 
by having a U value of 2. The “uniform” patterns can be found in a set of P pixels with a circular symmetry, while 
the non-uniform ones are grouped together under a labeled label.

Fig. 3.  (a) LBP thresholding. (b) Change of radius based on neighbourhood.
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Contrast
The LBPriP, and LBPriu2P, operators are good at identifying spatial patterns, they discard contrast when it 
comes to measuring the local image texture. If the invariance requirement is not met, a rotation invariant 
measure of the local variance can be used.

	
V ARP,R = 1

P

P −1∑
p=0

(gp − µ)2, where µ = 1
P

P −1∑
p=0

gp,� (17)

Which is unaffected by gray-scale shifts.
The values of C and LBP are used to create an image that is represented by a histogram. They are typically 

represented as the same type of data set’s histogram for every instance. There are a variety of ways to interpret 
these values, such as by creating new features.

Independent component analysis (ICA) for feature reduction
The high feature vector can increase the computation time and memory requirements, which can lead to 
misclassification and complicated implementations. A method known as Principal Component Analysis is used 
to reduce the feature vector dimension. The mean square optimal projection of a given data is achieved by 
using second order statistics. However, this method is not ideal for capturing the invariant features that are not 
considered by the PCA. In this paper, the proposed method uses an independent component analysis to reduce 
the feature vector. The use of an independent component analysis method known as the ICA improves the 
efficiency of the second order statistics in capturing the invariant features in the hyper spectral image data sets. 
It also helps in the classification of brain tumors.

One of the more popular higher-order methods is the Incoherent Calibrator (ICA). It shows linear projections 
but not necessarily linearly. Its uncorrelatedness is stronger than that of other methods. The random variables x 
and xp are said to be independent of each other.

	 cov(xi, xj) = E{(xi − µi)(xj − µj)} = E(xixj) − E(xi)E(xj) = 0� (18)

In order to achieve the goal of independent property, the main requirement of the function is factorization of its 
multivariate probability density.

	 f (x1, . . . xp) = f1 (x1) . . . fp (xp)� (19)

The independence property is not related to the vice versa. However, if the function f(x1,…xp) is multivariate 
normal, then the two are equivalent. An integral function of the k-dimensional random vector x follow is used 
to evaluate the components of the p-dimensional matrix.

	 A (x1, . . . xp)T A(p×k) (S1, . . . Sk)T � (20)

The components of a k-dimensional vector s model are as independent as possible. To ensure that the model is 
not only accurate, but also can be easily identified, a non-Gaussian component has to be included. This method 
takes into account 13 features such as Mean, Standard-Deviation, Entropy, Variance, Skewness, IDM, Contrast, 
Energy, Homogeneity, and Kurtosis.

Fully connected layer (classification)
In this study, by modifying the last three layers of CNN’s architecture, we were able to fine-tune the models for our 
target domain. A new layer was added to the FC architecture. This replaces the original layer. The classification 
and Softmax layers were also replaced. We used a classification framework known as SVM to classify the deep 
CNN features. It is part of the supervised learning category. The popularity of this framework has been attributed 
to its promising results. It is used in various machine learning studies. It is very efficient when it comes to dealing 
with high dimensional spaces.

Classification of the brain using MRI typically involves extracting and engineering features manually. 
These techniques have limitations when it comes to capturing the intricate details and minor variances that 
can be observed in brain imaging. CNNs, which are commonly used for classification of brain images, have 
demonstrated promising results. These are especially useful in addressing issues related to computer vision. Due 
to the recent advances in deep learning and CNNs’ use in addressing vision problems, this technology has gained 
widespread popularity.

Besides CNNs, Support Vector Machines are also becoming popular in helping solve complex classification 
problems. These are capable of handling large feature spaces and performing well in multi-class classification 
tasks. Support vector machines are designed to find a suitable hyperplane that can handle various classes 
in a feature space. By merging the capabilities of CNNs and SVMs, a brain MRI classification solution can 
be achieved with remarkable accuracy and resilience. The two approaches will allow us to fully utilize their 
respective advantages.

A neural network is composed of a loss function that is used to calculate the errors of its network. It is then 
used to update the weights of its network. This method is carried out using a support vector machine, which is 
designed to provide deep learning with a learning framework. The SVM algorithm is a powerful classification 
tool that takes into account the data space’s original dimensions and transforms it into a new dimension.
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f(xi) =

N∑
n=1

anynK(xn, xi) + b� (21)

The paper presents three datasets: xn, yn, and Lagrange Multiplier. The first two are collections of binary 
representations of abnormal and normal features. The third one has four classes, including glioma and 
meningioma.

The SVM algorithm is a widely used framework that can be used to implement various types of kernel 
functions, such as the RBF, the linear, and the sigmoid. The two key hyper-points of the algorithm are the C and 
gamma. The former is used to measure the influence of the support vector, while the latter is used to analyze the 
soft margin cost. The gamma hyper-parameter is a part of the algorithm that determines the amount of curvature 
that needs to be added to a decision boundary. The values of the C and gamma are set to, and they are chosen 
with the highest accuracy.

	 Linear = k(xn, xi) = (xn, xi)� (22)

	 Sigmoid = k(xn, xi) = tanh(γ(xn, xi) + C � (23)

	 RBF = k(xn, xi) = exp(−γ||xn, xi||2 + C)� (24)

This enables a efficient classification of the types of tumour.

Result and discussion
Dataset description
The data was collected from two hospitals in China: the General Hospital of Tianjing Medical University and the 
Nanfang Hospital in Guangzhou. The images were taken from over 200 patients. The thickness of the slices was 
6 mm, and the gap between them was 1 mm. Three radiologists manually identified the border of the tumors.

The four major tumor regions are shown in Fig. 4. They are: ED, NCR, ET, and NET. The goal of this study 
was to refine the tumor core so that it can be easier to observe.

Data augmentation
The training set contains around 2084 images. For the proposed CNN’s training phase, we use 200 iterations 
to produce various training examples. Each iteration is augmented only once. Also, each epoch is produced 
with original images from the mini batch. For 200 iterations, the training images are able to produce a total of 
2084 × 2084.

A series of geometric transformations are performed on the training set to improve the efficiency of data 
augmentation. The first step is to transform each image by performing horizontal flip and vertical filliping. Then, 
rotation with a range of 0 to 60 degrees is done. Objects that are not placed in the center of the image may be off-
centered in various ways. This is why it is important to perform random horizontal and vertical shifting to detect 
these objects. Besides horizontal and vertical filliping, it is also known as height shifting and width shifting. The 
range of both shifting and vertical filliping is set at 0.20. To zoom in on the image randomly, the range of both 

Fig. 4.  Tumor area division of glioma.
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shifting and vertical filliping is applied. Then, a shear mapping procedure is performed to displace the image 
vertically or horizontally with the range of (x,y, or + 0.2). Figure 5 shows the Data augmented MRI image.

Classification performance
While Deep Convolutional Neural Networks excel at feature representation, their deep architectures and 
reliance on supervised learning can lead to overfitting, particularly in medical contexts where training data is 
often limited. The large number of parameters within a differential DCNN exacerbates this tendency towards 
overfitting when the available data is insufficient.

The architecture of the differential deep CNN mirrors the original CNN, maintaining identical configurations 
for convolutional and pooling layers. This architecture comprises five convolutional layers with 48, 20, 20, 8, and 
4 feature maps, respectively. The first two convolutional layers employ 2 × 2 feature maps, while the remaining 
three utilize 3 × 3 feature maps. Each convolutional layer is followed by a pooling layer.

A convolutional neural network architecture was developed using TensorFlow and Keras within the Spyder 
3.7 environment. Training and testing were conducted on a proprietary dataset, TUCMD, to evaluate and 
analyze various performance factors of the differential deep CNN model.

The differential D-CNN employs a single-depth expansion of convolutional layers through convolution of 
original feature maps with pre-defined filters, avoiding an increase in the number of layers. This approach allows 
the differential feature maps to capture multi-directional variations, enhancing the model’s ability to identify 
the base template image and improve classification accuracy. Consequently, the use of a differential deep-CNN 
architecture leads to improved classification performance.

The goal of this paper is to create a robust and efficient tool that can be used to classify the input of MRI 
brain images into three categories: meningioma, glioma, and pituitary tumors. Table 1 summarizes the proposed 
performance metrics for the classifier. The basis for its evaluation lies in the unique attributes of the acquired data 
set. The classification of the brain tumors presented in Fig. 6 is as follows: meningioma, pituitary, and glioma.

Performance evaluation with minimum amount of data
The performance of the three proposed models is shown in terms of segmentation in 26 patients. The models 
were utilized to train and segment brain tumors. The study’s findings were shown in Figs. 7 and 8.

Figure  9 shows the floating error of the index values is generally around 0.18. This section displays the 
sensitivity, specificity, and DSC values. The DSC value is typically around 0.89.

Figure 9 shows the sensitivity, specificity, and DSC values of three different techniques: CNN, DCNN-SVM, 
and SVM. The suggested technique can outperform the two existing methods when utilized independently.

After training, the model can confidently predict the results of the test set, which will be used to analyze the 
glioma segmentation results. Figure 9 shows the various evaluation index pairs of the models in the test set. The 
proposed model outperforms CNN and SVM in tumor segmentation. The proposed model performed better 
than SVM when it comes to analyzing the results of the test set. It also improved its sensitivity, specificity, and 
DSC levels when compared to CNN.

The Fig. 10 shows the performance of the proposed framework against the existing techniques. It shows that 
the proposed framework has greater accuracy. Several studies have explored brain tumor classification using 
various techniques and datasets. Cheng et al.20 achieved 91.28% accuracy with SVM and KNN on a dataset 

Fig. 5.  Data augmented MRI image.
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of T1-weighted contrast-enhanced MRI scans. Paul et al.21 and Afshar et al.22 used CNNs on similar datasets, 
achieving 91.43% and 90.89% accuracy, respectively. Anaraki et al.23 improved upon this with a genetically 
optimized CNN, reaching 94.20%. Bahadure et al.24 used a different approach (BWT + SVM) on T2-weighted 
images, achieving 95% accuracy on a smaller dataset. Ansari et al.25 achieved the highest accuracy among the 
prior works (98.91%) using a combination of DWT, PCA, GLCM, and SVM on a smaller T1-weighted CE-MRI 
dataset. Sultan et al.20 also employed a CNN on the larger dataset, achieving 96.13% accuracy. The proposed 
DCNN-SVM system in this study achieved the highest overall accuracy of 98.96% on the same large dataset as 
Cheng et al., Anaraki et al., and Sultan et al., suggesting a significant improvement over existing methods.

This Fig. 11 presents an evaluation of the performance of various ML models on a classification task, which 
is presumably related to medical imaging research. The CNN-SVM hybrid model has the highest accuracy, 
beating other approaches. Specifically, it surpasses CNN-SVM-kNN (97%)19, two different GAN-based 
approaches (96.25% and 96%)26, MANet (97.71%)27, BW-VGG19 (98%)28, and FT-ViT (98.13%)29. This suggests 
that the combination of CNNs for feature extraction and SVMs for classification, as employed in the proposed 
methodology, offers a more effective approach compared to the alternative methods listed. The superior 
performance of the proposed CNN-SVM model may be attributed to the synergistic combination of CNNs’ 

Fig. 6.  Brain tumor classification: meningioma, glioma and pituitary tumor.

 

Set of images Image_test1 Image_test2 Image_test3

Computation cost (secs) 10.678 10.566 11.456

Error ratio 0.012 0.003 0.021

Sensitivity 0.971 0.975 0.968

Specificity 0.976 0.979 0.972

Positive predictive value 0.21 0.12 0.24

Negative predictive value 0.16 0.24 0.32

Tumour type Glioma meningioma Pituitary tumor

Table 1.  Output performance measurement of the proposed classifier.
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ability to learn hierarchical features and SVMs’ strength in handling high-dimensional data. However, the 
specific task and dataset used for evaluation are not provided, making it difficult to draw definitive conclusions 
about the generalizability of these results.

Conclusion
Through the next phase of the study, the researchers will develop a method that can be used to detect brain 
tumors using an independent analysis. This method would allow them to improve the accuracy of their diagnosis. 
They will also develop a deep classifier that can improve the accuracy of their diagnosis. The proposed model is 
composed of a series of components, such as a deep learning network (DCNN) and a standard variable matrix 
(SVM). The first phase of the study involves training a DCNN to map the different regions of the tumor using the 
LBP and ICA. The predicted labels are then taken into the SVM classifier. In phase three, the proposed model is 
trained using a series of connections between deep learning networks. This method allows it to achieve a 99.6% 
accuracy rate and a sensitivity of 0.973%. It is also more accurate against the different types of brain tumors and 
the tests are conducted in nondestructive manner.

Fig. 8.  DCNN-SVM segmentation results for 26 patients.

 

Fig. 7.  SVM segmentation results for 26 patients.
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Fig. 10.  Performance comparison of existing and proposed techniques.

 

Fig. 9.  Comparison of DSC, specificity, and sensitivity.
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Data availability
All data generated or analyzed during this study are included in this published article [and its supplementary 
information files].
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