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Abstract:-Brain tumours are very lethal, and radiologists have a difficult time classifying them due to the varied 

characteristics of tumour cells. Recently, computer-aided diagnostic (CAD) systems have shown promise as an 

enabling tool for detecting brain tumours using MRI. The bottom layers of natural photos and medical images 

are distinct, although both are used in modern applications of pre-trained models. This research presents a 

strategy for early identification of brain tumours that involves the extraction and concatenation of many 

characteristics at different levels. These results are credible since VGG-16 is a pretrained deep learning model. 

These two models were used to compare two scenarios for identifying and categorising brain tumours. To begin 

classifying brain tumours, characteristics were first retrieved from various VGG modules using the pretrained 

VGG_16 model. Second, we used PCA, LDA, and ICA to derive features. These merged characteristics were 

then fed into a hybrid classifier to determine the kind of brain tumour. Finally, the presence of brain tumour is 

be identified.The results obtained using matlab tool are compared in terms of various parameters evaluated. 
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1.Introduction 

A mind growth is an uncontrolled multiplication of synapses. The cerebrum cancer could possibly be harmful. 

Cancers of the cerebrum have their starting points there. Essential mind growths are the most widely recognized 

sort of harmful cerebrum cancer. Cerebrum malignant growth is a consequence of metastasis, the spread of 

disease from one more segment of the body.These tumours are known as metastatic brain tumours or secondary 

brain tumours. Recently, computer-aided diagnostic (CAD) systems have shown promise as an enabling tool for 

detecting brain tumours using MRI. The bottom layers of natural photos and medical images are distinct, 

although both are used in modern applications of pre-trained models. This research presents a strategy for early 

identification of brain tumours that involves the extraction and concatenation of many characteristics at different 

levels.Hybrid classification is carried out by using a number of different adaptive methods, and a deep 

convolutional neural network (CNN) is suggested for feature extraction. In this study, the models were trained 

using an open-access dataset made accessible on Kaggle. There are a total of 253 MRI scans in the publicly 

available dataset, of which 140 have been classed as YES and the remaining 113 as NO. In contrast, 90 sample 

photos were utilised in a different dataset for testing ML models. The gathered photos from the first stage were 

then synthesised in the second. The dataset began with the elimination of duplicate photos. Second, all the pitch-

black areas were cropped out of the pictures. Each image's top, bottom, left, and right contours are determined in 

this way by looking for the existence of black areas. These four lines were used to determine the cropping of 

each picture. Therefore, the photos are cropped to exclude the areas beyond these borders. As a result, the 

cropped photos include the relevant parts of all the originals. Based on the results of the neural network model, 

32 characteristics were used to construct a 2-layer stacked classifier. Layer one of the SC model retained three 

foundational ML algorithms—PCA, ICA, and LDA—while layer two of the stacked classier model used a 

Logistic Regression (LR) model. Three separate methods are used to get conclusions for each 

observation/sample in the dataset. The second layer LR model takes the consequences of these calculations as 

info. The second-layer model was then used to get a definitive end. 

2. Objectives 

Detecting brain tumors using machine learning algorithms like Principal Component Analysis (PCA), 

Independent Component Analysis (ICA), and Linear Discriminant Analysis (LDA) is a complex task that 

involves image processing and classification techniques. Gather a dataset of brain MRI images. These images 

should include both tumor and non-tumor cases. The quality and quantity of your dataset will significantly 

impact the performance of your model. Before applying PCA, ICA, and LDA, preprocess the MRI images. 
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Typical preprocessing steps include resizing, normalizing pixel values, and potentially denoising the 

images.PCA (Principal Component Analysis) PCA is a dimensionality reduction technique. You can apply PCA 

to reduce the dimensionality of the MRI images while retaining as much information as possible. This can help 

in feature extraction.ICA (Independent Component Analysis) ICA is another dimensionality reduction technique 

that focuses on finding statistically independent components in the data. It can also be used for feature 

extraction.LDA (Linear Discriminant Analysis)LDA is primarily a classification technique, but it can also be 

used for feature extraction. LDA seeks to maximize the separation between classes, which can be beneficial in 

distinguishing tumor and non-tumorcases.After applying PCA, ICA, and LDA, you might want to select a 

subset of the most relevant features. This can be done using various feature selection methods like mutual 

information or feature ranking techniques.Build a classification model using the extracted features. Common 

choices for classifiers include Support Vector Machines (SVM), Random Forest, or deep learning models like 

Convolutional Neural Networks (CNNs).Evaluate your model's performance using metrics such as accuracy, 

precision, recall, F1-score, and ROC-AUC. Make use of cross-validation to ensure that your model is not 

overfitting the data. 

3. Methods 

Although many illnesses have been defeated by recent scientific and human intelligence breakthroughs, cancer 

continues to kill individuals despite these developments. This illness remains a major threat to humankind. One 

of the most earnest and dangerous sicknesses is disease of the cerebrum.Treatment decisions are based on a 

number of factors, including the tumor's stage of development, its pathological classification, and the results of 

the diagnostic testing. A neurologist employing CAD (computer-aided diagnosis) as a supplementary tool for a 

medical procedure must address the crucial difficulties of analysing, classifying, and identifying brain tumours.  

In conclusion, this study provides a deep learning and machine learning-based method for efficiently detecting 

brain tumours in MRI scans. 

 

Fig1 : Block Diagram of Proposed Model 

Input Data 

In this study, the models were trained using an open-access dataset made accessible on Kaggle. There are a total 

of 253 MRI scans in the publicly available dataset, of which 140 have been classed as YES and the remaining 

113 as NO. In contrast, 90 sample photos were utilised in a different dataset for testing ML models. 

Data Synthesis 

The gathered photos from the first stage were then synthesised in the second. The dataset began with the 

elimination of duplicate photos. Second, all the pitch-black areas were cropped out of the pictures. Each image's 

top, bottom, left, and right contours are determined in this way by looking for the existence of black areas. 

These four lines were used to determine the cropping of each picture. Therefore, the photos are cropped to 

exclude the areas beyond these borders. As a result, the cropped photos include the relevant parts of all the 

originals. 
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Fig 2: Steps involved in synthesis process 

Conventional ML model 

CNN, SVM, RF, DT, NB, and KNN are only few of the algorithms considered here; others are based on current 

efforts in brain tumour classification. Scikit-learn, a Matlab package used in several ML methods, was leveraged 

in the creation of these models.In the sections that follow, we'll take a closer look at how each algorithm works 

in practise. 

Convolutional Neural Networks 

CNN's essential purposes are in the field of picture handling as a result of the secret potential to use the math of 

the photos.In terms of graph analysis, CNN excels above many other methods. It combines the concepts of 

spatial or temporal subsampling with shared weights and local receptive fields. 

Proposed CNN Model 

 For starters, there's the input layer, where the picture characteristics are really sent in. 

 Convolutional layer two, with 32 channels for every layer and a 7x7 part size. In a convolutional layer, a 

channel is applied to the photographs, clearing out pointless parts while defending the critical ones. Anyway, the 

sigmoid was used as the sanctioning capacity in this stage. 

 The third layer is the maximum pooling layer, and its pool size is 44. 

 Dropout layer number four, with a dropout pace of half; this layer dispensed with half of the organization's 

neurons at irregular. 

 Fifth, the straighten layer, is the capability that takes the pooled include guide and transforms it into a solitary 

segment for the completely connected layer to work with. 

 The sixth layer is the dense layer, which is completely coupled and receives as input the characteristics from the 

fifth layer. The activation function for this layer was a sigmoid curve.  

 The seventh layer is the output layer, and it predicts the likelihood that a tumour is present in an MRI scan. If 

the chance of a brain tumour being present in a picture was more than 50%, then the image was classified as 

showing a brain tumour. 
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Figure3 :  Proposed CNN Model 

 

VGG-16 

In their publication "Very Significant Convolutional Associations for Gigantic Extension Picture Affirmation," 

researchers at the University of Oxford, K. Simonyan and A. Zisserman, presented the VGG16 convolutional 

brain network model. The model achieves top-5 test accuracy of 92.7% on ImageNet, a dataset of over 14 

million images annotated with 1000 classes. It was a well-known model that competed in the 2014 ILSVRC. 

Moreover, AlexNet is made by replacing the massive part evaluated channels (11 and 5 in the first and second 

convolutional layer, separately) with a variety of 33 piece estimated directives in a unified fashion. A blueprint 

for the VGG-16 model is shown. 

Hybrid Model Analysis 

In their publication "Very Important Convolutional Associations for Immense Degree Picture Affirmation," 

researchers at the University of Oxford, K. Simonyan and A. Zisserman, presented the VGG16 convolutional 

brain network model. When tested on ImageNet, a collection of over 14 million images annotated with 1000 

classes, the model achieves top-5 accuracy of 92.7%. The model was submitted to ILSVRC-2014 and was 

considered to be of high quality. The further steps in the creation of AlexNet include replacing large portion 

evaluated channels (11 and 5 in the first and second convolutional layer, separately) with a number of 33 piece 

estimated diverts. Model VGG-16's blueprint is described. 

 

 

Figure4 :  VGG-16 Architecture 
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Feature Extraction 

In this project the methods used for  extraction of features are: 

i. Principal Component Analysis (PCA) 

ii.Linear Discriminant Analysis (LDA) 

iii.Independent Component Analysis (ICA) 

i. Principal Component Analysis 

Principal component analysis (PCA), an eigen value decomposition of the data along the directions of maximum 

variation in the data, is utilised in this research to extract features. When there is a huge quantity of data, some 

of which is likely to be irrelevant, PCA may be useful.Principal component basis functions are orthogonal to one 

another.  PCA is often used to classify data and reduce the number of dimensions it has. Exploratory data 

analysis and predictive modelling both benefit from PCA's usage. To secure lower-layered information while 

keeping however much of the information's fluctuation as could reasonably be expected, it is frequently utilized 

for dimensionality decrease by projecting every data of interest onto only the initial not many head parts. 

PCA Process of Extraction 

Identifying the patterns in data followed by compressing the data by reducing the higher dimensions to the lower 

dimensions is the objective of PCA. This is done without causing any effects on the data set. In PCA, the data 

acquired (signal) is of dimensions 8 x 900, each column of which is subtracted using a specific data column. In 

comparison to each other, covariance examines the degree to which the measurements differ from the mean. The 

covariance matrix describes the relationship between the pairs of measurements in the data set considered. The 

covariance is always determined and assessed in relation to the two dimensions. Covariance is calculated by 

Covariance  c x, y  =  
 (Xi − X)(Yi − Y)N

i=1

n − 1
 

The supplied matrix's covariance is calculated using the aforementioned equation. In this scenario, we identify 

principle components for all subjects and utilise them in the subsequent classification procedure, reducing the 

original 14 x 900 matrix to a smaller 14 x 14 matrix. Utilizing PCA the essential parts are found and the 

highlights are removed from the info information and afterward took care of to CNN and Classifiers. 

ii. Linear Discriminant Analysis 

To find a straight mix of qualities that portrays or separates at least two classes of items or events, analysts and 

different scientists frequently go to direct discriminant investigation (LDA), otherwise called typical 

discriminant examination (NDA) or discriminant capability examination. 

 

Fig5 : Classification analysis when LDA is used 

 



Tuijin Jishu/Journal of Propulsion Technology 

ISSN: 1001-4055 

Vol. 44 No. 4 (2023) 

__________________________________________________________________________________ 

3297 

iii. Independent Component Analysis 

Independent component analysis(ICA) is an electronic strategy for disintegrating a multivariate sign into added 

substance subcomponents in the field of sign handling.To do this, it is assumed that the components are 

statistically independent non-Gaussian signals. Independent component analysis disentangles a multivariate 

signal into its component non-Gaussian components. In many cases, the signal that represents sound is the 

numerical sum of signals from several sources at each instant in time t. The issue then becomes whether or not 

these sources can be isolated and their contributions to the overall signal evaluated. Blind ICA separation of a 

mixed-signal yields excellent results when the statistical independence criteria is fulfilled. 

Classifiers Stacked 

The neural network classification model picked 32 characteristics from which a 2-layer stacked classifier was 

constructed. Principal Component Analysis (PCA), Linear Discriminant Analysis (LDA), and Independent 

Component Analysis (ICA) are the three central ML strategies.In the second layer of the stacked classifier 

model,Strategic Relapse (LR) was utilized rather than the first SC model.The collection includes observations 

and samples for which three distinct algorithms provide judgements. The second layer LR model is fed the 

decisions made by these algorithms. The second-layer model was then used to get the ultimateconclusion 

 

 

Figure6: Architecture of proposed stacked classifier 

 

Parameters Evaluated 

• Recall =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 

• F1 Score = ( 2∗TP)/(2∗TP+FP+FN) 

• Precision: 𝑃𝑒 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
 

• TP- True Positive, FP- False Positive 

• TN-True Negative, FN-False Negative 
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4. Results 

 

 

 

 



Tuijin Jishu/Journal of Propulsion Technology 

ISSN: 1001-4055 

Vol. 44 No. 4 (2023) 

__________________________________________________________________________________ 

3299 

 

Fig 7: Accuracy plot Fig 8: Error plot 

Comparison of results 

 
s.no  Existing method      (VGG16 

with SVM ,RF, MLP 

ALGORITHMS) 

Proposed method (VGG16 

with PCA,ICA,LDA 

algorithms) 

  Training Data Testing data Training data Testing data 

1 Accuracy 100 99.46 100 99.77 

2 Recall 100 99.01 100 99.26 

3 Precision 100 99.25 100 100 

4 F1 score 100 99.13 100 99.63 

 

Table:1  comparison of existing and proposed method 

 

5. Discussion 

The need for quick and unprejudiced examination of monstrous volumes of clinical information has prompted 

an ascent in revenue in X-ray based clinical picture handling for examinations of cerebrum growths. Due to the 

high mortality rate associated with brain tumors, early diagnosis is essential for effective treatment. Due to the 

brain's complexity, a manual diagnosis of brain and tumor tissues is labor-intensive and requires an experienced 

operator. Therefore, in this study, we present the VGG-SCNet, a transfer learning-based SC model that can 

accurately detect brain tumours from MRI scans. Following feature extraction using PCA, IDA, and LDA, CNN 

training, and classification with a staked classifier, here. The F1 score accomplished by the recommended 

marked classifier exhibits the viability of the strategy. 
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