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Abstract 

The majority of malignant brain tumours are gliomas, a kind of 

central nervous system (CNS) tumour. This paper proposes 

segmentation based Gliomas analysis from nervous system using 

U- VGG-19 Net CNN architecture. Here by segmenting the tumor 

by neural network based technique, the HGGs will be detected at 

the earliest. We compared the models' averaged accuracy, 

precision, recall, and F1-score values, which were 98%, 96%, and 

86.2% respectively. The classification of gliomas into LGG and 

HGG using the proposed custom model has demonstrated 

effectiveness and robustness in the results. 
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1. Introduction: 

The tumour cells are created when cells in the brain and its surrounding areas develop suddenly. 

Based on location as well as physical characteristics of tumour regions in the brain, these aberrant 

tumour regions are divided into Glioma and Glioblastoma [1]. Based on the tissue damage in these 

areas, the glial cells in this area are divided into benign and malignant glial cells. One primary brain 

tumour type that causes sudden death in patients is glioma [2]. Additionally, it falls under the Grade I 

category, which spreads and develops more quickly. The subsequent brain tumour glioblastoma may 

not result in an instantaneous demise [3]. As a result, we set out to perform an organised assessment of 

the literature and an analysis of machine learning (ML) in order to build classifiers that could 

categorise GBM MRI images using the suggested U-net++ based segmentation with VGG-19 Net 

CNN model. 

Remainder of this essay is structured as follows: A review of the machine learning literature is 

presented in Section 2. The resources and techniques we used to create the U-net++ based 
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segmentation using VGG-19 Net CNN model are described in Section 3. The experimental findings 

for the models are shown in Section 4. Finally, Section 5 reviews findings and summarises 

conclusions. 

2. Related works: 

This section includes a short list of notable contributions to the segmentation and classification of 

brain tumours. Techniques for segmenting brain tumours were proposed in [4]. A hybrid feature 

selection of ensemble classification is employed for brain tumour identification in the study in [5]. 

The tumour regions from flare pictures are segmented using the fuzzy c- means segmentation method 

proposed in [6]. A combination of two separate algorithms—totally connected conditional random 

fields and fully connected convolution neural networks—used to segment the tumour region was 

suggested by the author in [7,8]. To improve upon the already used segmentation techniques, [9,10] 

introduced a multimodal brain tumour segmentation technique. 

3. System Model: 

The brain MRI scans used in this study were taken from "Kaggle," an open-access dataset for glioma 

investigation. Many researchers have used the brain MRI images in this dataset for their work 

detecting brain tumours because they fall within the no-copyright category. The strategies for 

detecting and segmenting glioma brain tumours are suggested in this research utilising machine 

learning techniques. Segmentation is carried out using U-VGG-19 Net_ CNN. The proposed 

architecture is shown in figure.1 

 

Figure-1 Proposed U-VGG-19 Net_ CNN Architecture 

3.1  Proposed U-VGG-19 Net_ CNN: 

U-Net++ based segmentation: 

The U-Net++, employs the operator of the deconvolution rather than the operator of up-sampling 

within the decoding pathway and administers zero paddings to maintain the output image resolution 

similar to that of the input images. Hence, the border region’s cropping operator is not needed by the 

network. In the encoding pathway, each block possesses two convolutional layers having a stride of 1, 

3x3 filter, and Rectified Linear Unit (ReLU) actuation that enhances the quantity of characteristic 

maps from 1 till 1024. To down-sample, max-pooling having stride of 2x2 is employed towards the 

edge of each block excluding the final one.  Hence, the feature maps’ size reduces from 240×240 to 

15×15. Each block in the decoding pathway commences with a deconvolutional layer of similar size 

filter within the decoding pathway and 2x2 stride that dualizes the feature maps’ size at two-way 

directions but reduces the feature map numbers by two. Hence, the feature maps’ size enhances from 

15×15 to 240×240. The dense later, which is very common in CNNs for classification issues, is absent 

throughout the entire network. The remaining information is identical for neural network training. 
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Figure-2 VGG-19 Net CNN model 

VGG-19 CNN is used as a segmentation model. Compared to traditional convolutional neural 

networks, it has a deeper network. It alternates between numerous convolutional layers and non-linear 

activation layers rather than employing a single convolutional layer. 

𝜒𝑝𝑗
(𝑛)

= 𝑓 (𝜏𝑗
𝑛 down (𝜒𝑗

(𝑛−1)
) + 𝑏𝑗

(𝑛)
)                                   (1) 

4. Performance analysis: 

Nearly all of the PLCO study data accessible for glioma cancer incidence and death analysis acquired 

from Kaggle are included in the Glioma dataset, which is a complete dataset. Each of the roughly 

155,000 participants in the PLCO experiment has a record in the dataset. The suggested VGG-19 Net 

CNN model is entirely implemented in Python using a PC running Ubuntu with 4GB of RAM and an 

Intel i3 processor. 

Confusion matrix for cancer detection utilizing proposed method is given by figure-5. Here actual 

class as well as predicted class have been calculated with the confusion matrix based on 

normalization. 

 

Figure-3 Confusion matrix 

 

Parameters KNN [8] DNN [9]  FCNN [11] U-VGG-19 

Net_ CNN 

Accuracy (%) 90 93.8 97 98 

Precision(%) 86 91 94 96 

Recall(%) 83.4 85.1 87.5 89.8 

F1-Score(%) 78.3 79.9 80.9 86.2 

The graphs for above comparison table is how below. Here the parameters analysed are accuracy, 

precision, recall, F1- score. By this analysis it is evident that the proposed technique shows enhanced 

output in detecting the Gliomas. 
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Figure-4 Comparative analysis of Accuracy 

 

Figure-5 Comparative analysis of Precision 

 

Figure-6 Comparative analysis of recall 
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Figure-7 Comparative analysis of F-1 Score 

The accuracy, precision, recall, and F-1 score generated for complete input image where the proposed 

method is compared with known neural networks are displayed in the aforementioned figure 6-9. The 

number of epochs is shown on the X-axis, and the accuracy, precision, recall, and F-1 score are shown 

on Y-axis. Accuracy, precision, recall, and F1-score of U-VGG-19 Net_ CNN were 98%, 96%, 

89.8%, and 86.2%, respectively. Plot for accuracy, precision, recall and F-1 score has been taken with 

each parameter versus epochs. Segmentation of datasets has been achieved by these parameters after 

294 iterations using the proposed model for tumor detection. These results show the ability of the 

proposed model for Gliomas segmentation.  

5. Conclusion: 

In terms of accuracy, precision, recall, and F1-score, suggested U-VGG-19 Net_ CNN outperformed 

the current models by a margin of 98%, 96%, 89.8%, and 86.2%. The experimental findings showed 

that the suggested model was simple and efficient in terms of precision and computing complexity. 

When compared to other traditional Glioma brain tumour detection approaches, it is abundantly 

obvious that the suggested machine learning strategy for glioma brain tumour identification and 

segmentation yields superior results. By applying this approach to various datasets, this study can be 

expanded further. The research findings can help in the creation of clinical decision support systems. 
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