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ABSTRACT 

 
Image processing plays a significant role in neurologists' medical diagnoses in the 

medical field. MRI(magnetic resonance imaging) is certainly the keystone  of brain tumor 

imaging among all kinds of imaging, playing a crucial role in all phases of patient 

management, starting from medical diagnosis, through therapy preparation, to treatment 

reaction and reoccurrence assessment. This extensive study explores the capacity of 

innovative deep-learning strategies for the critical task of categorizing brain tumors from 

magnetic resonance imaging (MRI) scans. The methodology incorporates transfer 

learning, including the acquisition of a curated preprocessing with image grayscaling, 

data augmentation, and normalization to help with optimal model training. The research 

study utilizes a series of traditional machine learning approaches such as Decision Tree 

Classifier, Random Forest, K-Nearest Neighbors, Support Vector Machine(SVM), 

Logistic Regression, and Multi-Layer Perceptron (MLP), with accuracy respectively 

(75.5%, 81%, 76%,61%, 74%, and 61%) and sophisticated neural network architectures, 

with a particular concentration on the basic - CNN, Inception V3, customized - 

DenaseNet121, VGG16, ResNet50 designs, alongside an ingenious customized VGG16-

Resnet50 hybrid model achieved accuracy respectively-(86.5%, 87%, 91%, 96.5%, 96%, 

and 98.5%). In order to recognize the most accurate and reliable method for clinical 

application each model's performance was seriously assessed based on some performance 

metrics, including precision,  recall, F1 score, Cohen's kappa statistic, sensitivity, and 

specificity. In contrast, the deep learning designs displayed remarkable effectiveness on a 

diverse dataset of 40,000 MRI images covering four classes: glioma, meningioma, 

pituitary growth, and no tumor. The proposed hybrid approach demonstrated superior 

performance with a precision of 98.5%, outperforming the conventional machine-

learning classifiers and standalone deep-learning models. This work highlights the 

capacity of hybrid architectures in supporting radiologists with trusted, automatic brain 

tumor detection systems. 

 

. 
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                                                  CHAPTER 1 

INTRODUCTION 

 

1.1 Introduction 
 

Medical imaging analysis and classification are crucial for identifying anomalies in many 

body organs, including blood cancer [1,2], lung cancer [3-5], and brain tumors [6,7]. 

Furthermore, organ defects can cause tumors to proliferate. Usually, brain cells are 

formed by the neurogenesis process and it takes approximately six months for a new 

brain cell to be fully mature. However, when brain cell DNA is disrupted or particular 

genes malfunction due to damage, it causes unregulated growth of defective cells 

resulting in brain abnormalities. [8] Cancer cells found in tumors can spread to other 

body parts. The most common and deadly malignant tumors is one of  the leading cause 

of death for women globally [9]. Also, brain tumors can develop at any age, but in 

children under 15 and adults between 85 to 89 years her, the highest risk is observed [10]. 

Early detection and treatment of any disease or cancer can improve survival rates and 

reduce the need for costly treatment for benign tumors [11]. In terms of early detection, 

brain tumors, which result from aberrant brain cell growth, provide a serious challenge to 

radiologists and neuropathologists. There are different kinds of experimental imaging 

techniques such as CT and MRI used for cancer/tumor diagnosis. However, MRI is safer 

than CT because of not expose living cells to harmful radiation [12]. MRI is especially 

helpful in identifying gliomas since it provides the detailed analysis of the human brain. 

The identification of brain tumors using MRI is a challenging and error-prone manual 

procedure [13]. Unusual nerve cell growth that results in a bulk is a hallmark of brain 

tumors. There are over 130 distinct types of tumors that can grow in the brain and central 

nervous system. Primary brain tumors are cancers that originate in the brain, while 

secondary or metastatic brain tumors can spread from other parts of the body to the brain 

[14]. Primary brain tumors  start inside the brain itself. These tumors can develop from 

brain cells or they can be encased in nerve cells that surround the brain. Primary tumors 

can be both benign(non-cancerous) and malignant(cancerous) and those primary brain 

tumors can have a variety of traits [15]. The most common types of malignant brain 
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tumors are Secondary brain tumors also known as metastatic brain tumors. It is crucial to 

remember that secondary brain tumors are always malignant and represent a major risk to 

health, whereas benign tumors usually do not move from one part of the body to another 

[16]. Cancer web portal statistics show over 308,102 global diagnoses per year with over 

251,329 fatalities from primary brain tumors [17]. Several computer-aided techniques 

have been proposed to improve brain tumor diagnosis precision. Researchers have used 

different methods to classify brain tumor grade. Some unsupervised methods- SVM, K-

means, and Logistic Regression, and some supervised models- Random Forest, Artificial 

Neural Networks, and Naive Bayes. Some researchers also have proposed hybrid 

classification models combining two deep learning models or a deep learning model with 

a machine learning model for brain tumor detection [18-20]. 

 

In this study, various types of methods such as data augmentation techniques and 

transfer learning are used to increase the generalization capacity of our models by using 

datasets effectively. Data preprocessing techniques solved three issues noise 

suppression, resolution of low contrast, and varying contrast in image dataset which 

helps to increase the accuracy of our model. Here, we have used both Machine learning 

models such as Decision Tree Classifier, MLP classifier, Random Forest Classifier, 

KNeighbour classifier, Logistic Regression, and SVM by using the GLCM method for 

feature selection and deep learning models such as CNN, DenseNet121, Inception V3, 

VGG16, ResNet50. We have customized those models as necessary to enhance accuracy 

using different techniques like layers dropout, freeze-unfreeze layers(fine-tuning), early 

stopping callbacks, etc. However, a hybrid model combination of two powerful CNNs 

―VGG16 and Resnet50‖ has been developed by using transfer learning. The powerful 

feature extraction capabilities of both (VGG16 & ResNet50) models pre-trained on 

ImageNet were used here. Besides, using various preprocessing techniques such as 

grayscaling, augmentation, rescaling, normalization, etc, and applying fine-tuning and 

early stopping we achieved a unique approach with high accuracy. The proposed hybrid 

approach can meet the critical challenges in medical imaging and improve classification 

performance on an imbalanced and unknown dataset. Our robust and scalable 
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technology enables early and accurate diagnosis which ensures further medical imaging 

research. 

 

  Key Contributions of this study are as follows: 

 We implemented a hybrid deep learning CNN model VGG16 and ResNet50 to 

improve feature extraction for brain tumor classification. Our data pipeline made 

use of data with caching, prefetching, and regulated augmentation to enhance 

training effectiveness and design generalization. Additionally, we used the 

AdamW optimizer with weight decay and incorporated callbacks such as 

ModelCheckpoint and ReduceLROnPlateau to enhance and support training.  

 Initially, applying Grayscale for preprocessing purposes on merged dataset only 

represents the intensity information of the image. 

 We have used several Data Augmentation techniques to increase the training 

dataset's size and diversity. This helps models generalize better and avoid 

overfitting. 

 We used Normalization scales features consistently, improving training speed, 

model efficiency, and stability. It prevents predisposition from dominant 

functions and guarantees fair comparison in algorithms. Lastly, we used transfer 

learning techniques (Fine-tuning) & regularization strategy for better 

generalization. 

 

 

1.2 Motivation 
 

The motivation for this research study develops from the pushing need to enhance the 

accuracy and effectiveness of brain tumor detection utilizing innovative computational 

techniques. Brain tumors, where as benign or malignant, represent one of the most 

diagnostically complex and lethal conditions in contemporary medicine. To address this 

challenge, the research study introduces a hybrid deep learning technique that integrates 

the power of VGG16 and ResNet50, 2 of the most effective CNN architectures. By 



 

 

©Daffodil International University                                                                                 4  

 

utilizing transfer learning, the proposed approach successfully adjusts pre-trained 

understanding to the specific task of tumor category, considerably improving function 

extraction and category accuracy even on limited datasets. This hybrid technique aims to 

produce a robust, scalable, and scientifically applicable tool that can support radiologists 

in making faster and more accurate medical diagnoses, eventually boosting client care 

and advancing the field of medical image analysis. 

 

 

1.3 Rationale of the Study 
 

The rationale behind this study comes from the important requirement to improve the 

accuracy and reliability of brain tumor classification in medical imaging. Brain growths, 

both secondary and primary, posture substantial obstacles for neuropathologists and 

radiologists, given the intricacy and range of tumor types that exist. Current diagnostic 

strategies, such as MRI, are important for finding brain growths however typically 

involve manual interpretation, which can be time-consuming and error-prone. This 

research aims to address these challenges by leveraging innovative artificial intelligence 

and deep knowing methods, particularly through the advancement of a hybrid model 

combining the function extraction strengths of VGG16 and ResNet50. By using transfer 

learning, data augmentation, and preprocessing techniques such as grayscaling, 

rescaling, and normalization, the research study aims to boost the generalization abilities 

of the model while getting rid of concerns such as noise, low contrast, and varying 

image contrast. The incorporation of fine-tuning and early stopping systems even more 

enhances the design's performance. The objective is to create a more precise, robust, and 

scalable system for brain tumor classification, ultimately enabling early and reliable 

medical diagnosis, enhancing client results, and adding to continuous improvements in 

medical imaging. 
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1.4  Research Questions 
 

 RQ1: How effectively can a hybrid deep learning model (VGG16 + ResNet50) 

classify brain tumors from MRI images compared to individual models? 

 

 RQ2: What is the impact of augmentation and preprocessing techniques 

(grayscaling, normalization) on model efficiency in brain tumor detection? 

 

 RQ3: How effective is a hybrid deep learning model that integrates VGG16 and 

ResNet50 architectures in accurately classifying brain tumors from MRI images 

compared to traditional machine learning and individual deep learning models? 

 

 

1.5 Research Objective 

 Develop a robust, scalable deep-learning framework 

 Optimize an image preprocessing pipeline 

 On a balanced dataset of around 40,000 MRI images covering glioma, 

meningioma, pituitary tumor, and no-tumor classes. 

 Perform well on Unknown & Imbalance dataset. 

 Compare and benchmark the proposed model against: 

- Traditional machine learning classifiers (Decision Tree, Random 

Forest, K-Nearest Neighbors, SVM, Logistic Regression, MLP) 

- Standalone deep architectures (basic CNN, Inception V3, 

DenseNet121, VGG16, ResNet50) 
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1.6 Expected Output 
 

 A hybrid deep learning model that outperforms individual CNN-based models and 

traditional machine learning models in brain tumor classification accuracy. 

 Development of a robust VGG16-ResNet50 hybrid model for accurate 

classification of brain tumors from MRI images. 

 Enhanced level of sensitivity, specificity, and Cohen's Kappa values, lessening 

misclassification dangers. 

 Demonstration of the efficiency of pre-processing and augmentation in improving 

model generalization. 

 It is anticipated that the hybrid model will outshine standalone designs such as 

VGG16 or ResNet50 in respect of classification accuracy, precision, recall, F1 

score, and other evaluation metrics. This enhancement is expected due to the 

synergistic impact of integrating the spatial function extraction strength of 

VGG16 with the recurring learning capability of ResNet50. 

 A validated, scalable, and reproducible structure for automated brain tumor 

detection that might help radiologists in early diagnosis. 

 

1.7  Project Management and Finance 

The research work doesn’t get fund from any individuals or organization.  

 

1.8  Report Layout 

This research paper consists of 5 chapters. The chapter 1 is for introduction, motivation 

and goals behind the research have been discussed in six sections. 

 Chapter 1 – The introduction and report layout of this study (1.1 introduction; 

1.2 Motivation; 1.3 Rational study; 1.4 Research Question; 1.5 Expected 

Outcome; 1.6 Report layout 

 Chapter 2 - The research background into four sections. (2.1 Preliminaries; 2.2 

Related works; 2.3 Scope of the problem; 2.4 Challenges) 
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 Chapter 3 - The details of this research experiment which divided into twelve 

sub-sections. (3.1 Proposed Methodology; 3.2 Data Collection Procedure;  3.2.1 

Dataset Details; 3.3 Data pre-processing; 3.3.1 Data Augmentation and 

Normalization; 3.4 Deep Learning Models; 3.4.1 Proposed Hybrid Model 

(VGG16+ResNet50 3.4.2 Convolution Neural Network CNN; 3.4.3 Custom 

Dense121; 3.4.4 Inception V3, 3.4.5 Custom VGG16, 3.4.6 Custom ResNet50)) 

 Chapter 4 – The result and discussion of that result into four sub section. (4.1 

Expected Outcomes; 4.2 Experiments Result; 4.3 Compare with other platform; 

4.4 Descriptive analysis of our result.) 

 Chapter 5 - Impact on society, Environment and Sustainability of our research 

about ―Brain Tumor Detection‖ (5.1 Impact on Society; 5.2 Impact on 

Environment; 5.3 Ethical Aspects) 

 Chapter 6 – Summary of the study, recommendation and implication study  (6.1 

Summary of the study; 6.2 Conclusion; 6.3 Recommendation;  6.4 Implication for 

further research.) 
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CHAPTER 2 

BACKGROUND 

 

2.1 Preliminaries/Terminologies 

Modern developments in health innovation have actually helped with the construction of 

cutting-edge systems created to recognize and classify ailments impacting brain plants. 

Using image processing strategies to categorize and identify the different types of 

conditions that affect brain cancer has actually been the subject of numerous research 

studies. Achieving accurate classification of brain cancer illness has been facilitated by 

the application of image segmentation and artificial intelligence algorithms, with an 

emphasis on qualities consisting of texture, color, and shape. The aforementioned 

advancements have made substantial strides in the domain of health illness prognosis 

referring to brain plants and have the capacity to essentially change farming 

methodologies utilized in brain growing. 

 

2.2 Related works 

In medical image classification and disease diagnosis, brain tumor detection through MRI 

(magnetic resonance imaging) is a crucial but challenging task in clinical practice 

[21].MRI has become a cornerstone by providing detailed anatomical information for 

precise analysis in this endeavor [22-24]. Manual interpretations of radiographic images 

through traditional diagnostic methods may result in subjective and inconsistent 

evaluations. Over the last 20 years, many approaches have been developed and evolved 

significantly for this crucial task [25-30]. 
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Deep Learning Methods: 

For example, The researchers of [31] presented an advanced deep learning approach for 

automatic microbrain tumor detection using a modified VGG19 model on diverse MMRI 

data. The model achieved a validation accuracy of 98.81%. The author of [32] used deep 

learning and machine learning approaches for MRI brain tumor detection. The features 

are extracted through a Gray-level co-occurrence matrix (GLCM) achieving accuracy 

(97.93%), sensitivity (92%), and specificity (98%) in recognizing aberrant and normal 

tissue from MRI images. The researchers [33] recommended building an automated, 

robust, intelligent, and hybrid system for the diagnosis and classifying of brain tumors. 

The authors proposed deep transfer learning utilizing the pre-trained Inception V3 model 

to refine the diagnostic process using Auto contrast enhancer and Classifier to efficiently 

provide improved contrast MRI images for early diagnosis and classification. The system 

outperforms models like AlexNet, VGG-16/19, DenseNet-201, Googlenet, and ResNet-

50 achieving 98.89% accuracy. In [34] the study proposed an advanced EfficientNet-

based deep learning model that also integrates Grad-CAM for visual explanations for 

multi-grade brain tumor classification, targeting glioma, meningioma, pituitary tumor, 

and non-tumor cases on MRI image data. The model achieved 98.6% accuracy with a 

reduced parameter count. The authors of [35] developed MobileNetv3 achieved the 

highest accuracy of 99.75% compared to other deep transfer learning models—

ResNet152, VGG19, DenseNet169, and MobileNetv3 for brain tumor diagnosis using 

MRI images. 

Machine Learning Methods: 

The researchers of [36] in their study proposed an enhanced Fuzzy C-Means (FCM) 

segmentation algorithm for MRI images and developed an improved Extreme Learning 

Machine (ELM) classifier that achieves 98.56% accuracy, 99.14% precision, and 99.25% 

recall on two different datasets correspondingly. There [37] tested various machine 

models for brain tumor detection using around 2556 images and achieved  97.305% 

accuracy, 97.73% precision, 97.60% specificity, 97.04% sensitivity, and 97.41% 

dependability. The authors of [38] developed computer-aided diagnostic (CAD) systems 
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that offer rapid and accurate analysis of MRI data.. CAD systems aimed at detecting 

brain abnormalities can significantly expedite diagnosis, facilitating timely treatment 

decisions. In [39] this study compares six machine learning classifiers for brain tumor 

detection, with Random Forest accomplishing the highest precision (98.27%) and SVC 

closely following (97.74%). The results highlight the capacity of these models in 

enhancing early medical diagnosis and treatment results.  

Hybrid methods: 

In the reference research paper [40] the authors proposed two deep learning models: a 23-

layer CNN for a larger dataset (3064 MRI images) and a hybrid model combining 

VGG16 and the customer CNN to handle overfitting on a small dataset(152 images). 

Correspondingly,  they achieved 97.8% and 100% classification accuracy. The 

researchers of [41] have developed a hybrid model combination of VGG16-ResNet50 

that achieved exceptional performance including 99.98% accuracy, sensitivity, and F1 

score. The authors of [42] explored deep learning-based multiclass classification of brain 

tumors and introduced a hybrid model EfficientNetB0 with Quantum Genetic Algorithms 

(QCA). The proposed model achieved accuracy - 98.36% and 98.25% on different 

datasets. The suggested approach in [43]  combining a lightweight Parallel Depthwise 

Separable CNN (PDS CNN) with a hybrid Ridge Regression Extreme Learning Machine 

(RRELM) using Contrast-Limited Adaptive Histogram Equalization (CLAHE) is applied 

to enhance image contrast. The hybrid RRELM achieved impressive performance—

99.22% accuracy, 99.35% precision, and 99.30%. The authors tested in [44] a hybrid 

model for brain tumor detection. They proposed a hybrid model that integrates Adaptive 

Bilateral Filtering (ABF) for noise reduction, Otsu-Gannet Segmentation (OGS) for 

precise tumor localization, and feature extraction using GLCM combined with the 

Enhanced Grasshopper Optimization Algorithm (EGOA). Evaluated on multiple datasets, 

the proposed method achieved accuracies of up to 98.86%. The authors of [45] detected 

brain tumors using nine machine learning (ML) models with high-dimensional radiomic 

features derived from advanced and physiological MRI with accuracy (87.5%), AUROC 

(88.6%), and F-score (77.4%). 
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Prior research has developed a variety of approaches and algorithms for brain tumor 

detection and classification with unique drawbacks. Although deep learning techniques 

can directly extract features from input data requiring fixed input image sizes, expensive 

processing needs, and great complexity. It was a challenge in earlier studies to select an 

appropriate deep-learning model with optimal hyperparameters. In this study, we 

carefully selected optimization models with appropriate parameters and minimized pre-

processing steps. 

 

2.3 The Problem's Scope 

The precise category of brain tumors from MRI scans remains a challenging job in the 

medical imaging domain, primarily due to the complicated nature of tumor morphology 

and variability in image quality. Prior research study has checked out both machine 

knowing (ML) and deep learning (DL) approaches for automated brain growth category. 

In addition, numerous deep learning models proposed in earlier works suffered from 

minimal generalizability due to training on small or uniform datasets. Deep learning 

designs such as InceptionV3, DenseNet121, and even versions of VGG often presented a 

compromise in between accuracy and interpretability. Another common concern in 

earlier research studies was the difficulty in picking optimal design architectures and 

hyperparameters, often leading to overfitting on imbalanced datasets. To deal with these 

shortcomings, the present study proposes a hybrid deep knowing design that combines 

VGG16 and ResNet50 architectures using transfer knowing. The model is additional 

supported by a robust information preprocessing pipeline that consists of grayscaling, 

data augmentation (e.g., rotation, turning, contrast modification), and normalization, 

which jointly assist alleviate problems of sound, low contrast, and image irregularity. 

Crucially, the design is trained and verified on a large and well balanced dataset of 

40,000 MRI images covering 4 brain tumor classes: glioma, meningioma, pituitary, and 

no growth. This extensive dataset makes sure better generalization than previous research 

studies.  Prior research has actually explored both maker learning (ML) and deep learning 
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(DL) approaches for automated brain growth classification. To deal with these 

drawbacks, the present study proposes a hybrid deep learning model that combines 

VGG16 and ResNet50 architectures utilizing transfer knowing. Crucially, the design is 

trained and confirmed on a big and well balanced dataset of 40,000 MRI images covering 

four brain tumor classes: glioma, meningioma, pituitary, and no growth. 

 

2.4 Challenges 

The proposed hybrid deep learning model demonstrated high precision in multi-class 

brain growth classification, the study dealt with several significant obstacles. One major 

difficulty was the integration of two deep CNN architectures-- VGG16 and ResNet50-- 

into a single hybrid design. This procedure needed cautious architectural tuning and 

multiple speculative models to ensure reliable feature extraction without redundancy or 

training instability. Another crucial challenge was the extensive computational need. 

Training on a large dataset of 40,000 MRI images needed powerful GPUs and 

considerable memory, which may not be accessible in many scholastic or scientific 

institutions, particularly in resource-constrained settings. As a result, the model may not 

generalize well to hospital-acquired MRI scans, posing risks of domain shift. The absence 

of external recognition even more restricts the assessment of the model's generalization 

throughout different client populations and imaging protocols. These difficulties highlight 

the complexities of developing AI options for medical imaging and highlight the 

requirement for future work concentrated on design optimization, clinical recognition, 

and broader applicability in real-world healthcare environments. 

 

This research study faced important challenges connected to design interpretability and 

data limitations. The deep learning design functions as a "black box," providing   

predictions without visual or explanatory insight, which undermines trust and limits 

clinical adoption. The lack of explainable AI strategies like Grad-CAM or SHAP makes 

it tough for physician to comprehend the rationale behind the design's decisions. 
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Furthermore, the study was confined to MRI-based image category, excluding important 

scientific information such as patient history, pathology, or hereditary details. This lack 

of multimodal combination limits the design's potential for extensive, context-aware 

medical diagnosis. Resolving these technical, practical, and ethical challenges-- through 

improved design transparency, resource optimization, clinical validation, and information 

combination-- is vital for transitioning the model toward real-world medical application. 
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                                                 CHAPTER 3 

RESEARCH METHOLOGY 

 

3.1 Proposed Methodology 

The provided diagram 3.1 outlines a structured methodology for detection and 

classification of brain MRI using image processing and deep learning approaches.  

 

 

    

Fig 3.1: The framework of overall process to perform Brain disease prediction 
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This workflow describes a detailed method to brain growth category utilizing deep 

learning designs. It starts with the collection of 4 MRI image datasets from Kaggle, 

followed by preprocessing steps such as grayscaling to streamline the data. The dataset is 

divided into training and test sets, with extra information enhancement techniques (e.g., 

random rotation, zoom, and contrast) applied to increase dataset diversity and prevent 

overfitting. Several approaches, consisting of CNN, DenseNet121, Inception v3, VGG16, 

and ResNet50, are utilized for feature extraction, with a hybrid design integrating VGG16 

and ResNet50 for improved efficiency. The images are normalized, and the training 

information is more divided into training and recognition sets for much better design 

evaluation. Regularization techniques- dropout, early stopping, and learning rate 

modification, are included to optimize the model's training process. Ultimately, the model 

is evaluated on the test dataset, intending for trustworthy and accurate brain tumor 

category. Eventually, we developed a hybrid deep learning model combining VGG16 and 

ResNet50 to enhance feature extraction for brain tumor classification. Our data pipeline 

made use of tf.data with caching, prefetching, and regulated augmentation to enhance 

training effectiveness and design generalization. Additionally, we used the AdamW 

optimizer with weight decay and incorporated callbacks such as ModelCheckpoint and 

ReduceLROnPlateau to enhance and support training. The result of this meticulous 

procedure is a collection of segmented images where the tumors are noticeably 

significant, assisting in simpler and more accurate identification of pathological areas. An 

in-depth outcome analysis follows, including a comparison with ground truth criteria to 

assess the model's performance on metrics such as accuracy, accuracy, recall, and the 

Dice coefficient. This evaluative step is not only instrumental in examining the efficacy 

of the segmentation design however also serves as a structure for additional improvement 

and research study in the realm of medical image processing. 

 

 

 

 

 



 

 

©Daffodil International University                                                                                 16  

 

3.2 Data Collection Procedure 
 

The information collection procedure for this study was a fundamental action in 

developing a generalizable and robust deep knowing model for brain growth category. To 

achieve precise and extensive results, the researchers sourced MRI images from four 

openly accessible repositories, integrating them into a combined and substantial dataset 

comprising approximately 40,000 images. These images were methodically classified 

into 4 unique classes: glioma, meningioma, pituitary tumor, and no growth, with an equal 

circulation of 10,000 images per class to make sure class balance and prevent bias 

throughout the model training phase. This well balanced dataset is essential for training 

deep learning models effectively, particularly in medical imaging jobs where manipulated 

information can severely impact the performance and dependability of the category 

designs. To facilitate efficient model training and assessment, the dataset was arbitrarily 

split into 2 subsets, with 80% (32,004 images) designated for training and the staying 

20% (7,996 images) scheduled for testing. The randomization and stratified class 

allocation even more enhanced the model's ability to generalize throughout varied image 

samples and minimize overfitting. Prior to design training, all datasets were gone through 

a unified pipeline that incorporated and prepared them for preprocessing, including steps 

like normalization, enhancement, and grayscaling. This extensive preparation made sure 

that each image was standardized in regards to format and quality, which is essential for 

high-performance knowing in convolutional neural networks. The tactical curation and 

preparation of this massive dataset allowed the deep knowing designs, especially the 

proposed VGG16-ResNet50 hybrid, to successfully identify and find out in between 

numerous growth types, attaining a high classification precision. In general, this careful 

and balanced data collection method played a critical function in the success of the 

proposed deep knowing framework, ensuring its dependability, scalability, and practical 

applicability in medical diagnostic environments. 
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3.2.1 Dataset details: 
 

There we worked with around 40,000 MRI image data from four different repositories. 

The dataset comprises four distinct classes: Meningioma, Pituitary, Glioma, and No 

tumor. We have divided the dataset into 80% images for training purposes and the 

remaining 20% for testing with the same amount of image data. Here is a representation 

with the number of images for predefined classes below in Table 3.1: 

 

                            Table 3.1: Dataset information (Class Distribution) 

Types Of Brain Tumors Training (80%) Test(20%) 

Meningioma 8001 1999 

Pituitary 8001 1999 

Glioma 8001 1999 

No tumor 8001 1999 

               Total                 32004                     7996 

                                               

 

 

3.3 Data (Image) Pre-processing: 
 

The data preprocessing stage is fundamental to classifying image data with deep learning 

models to ensure optimal performance during the training and validation phases. In this 

context, we used MRI images for brain tumor detection and classification because these 

images provide detailed information about the brain's soft tissues. The low visual 

quality,  noise, and low contrast of these images make it difficult to identify and localize 

a tumor. However, using the Keras library, we run a set of image transformations using 

the apply filters function before integrating the dataset into the training and testing 
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pipeline. Initially, the datasets are merged through a unified pipeline. (fig: Image 

collection flow)To get intensity information of the image only, we add image grayscale 

preprocessing in the pipeline. It converts RGB images into grayscale and reduces color-

related noise and dimensionality of images. (fig: Grayscaling image). Grayscale images 

contain only shades of gray varying from black(0) to white(255). 

    

 

 

                                 Fig 3.2: Data (image) Collection flow. 

 

In this research study, image grayscaling played a vital function in the information 

preprocessing pipeline for brain tumor classification using MRI scans. Grayscaling was 

applied to convert RGB images into single-channel grayscale format, simplifying the data 

by minimizing it to intensity-based details. This change gets rid of color-related sound 

and decreases computational intricacy, permitting the designs to concentrate on texture 

and structural functions, which are more pertinent for medical imaging jobs such as 

growth detection. By maintaining only shades of gray ranging from black (0) to white 

(255 ), grayscaling boosts contrast and highlights subtle variations in tissue density, 

enhancing the model's ability to discover anomalies like brain tumors.  

 



 

 

©Daffodil International University                                                                                 19  

 

 

    

                        Fig 3.3: Image processing (before grayscaling & after grayscaling) 

 

3.3.1 Data Augmentation & Normalization: 

We applied a data augmentation pipeline using Keras which applies various random 

transformations to minimize the difficulty of improving image contrast, generalization, 

model accuracy, etc, and reduce overfitting. Data augmentation approach including – 

 

 Vertical Flip 

 Rotation 

 Zoom 

 Contrast 

 Brightness variation 

 Translation 
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In this research study, data augmentation and normalization were important 

preprocessing techniques used to enhance the efficiency and generalization of the deep 

learning designs for brain tumor classification. Information enhancement was used to the 

training set to artificially increase the size and diversity of the dataset, which helps avoid 

overfitting and enhances the model's capability to generalize throughout hidden data. 

Various augmentation techniques were utilized using the Keras library, including random 

vertical flipping, rotation, zooming, contrast modification, brightness variation, and 

translation. These changes introduced variability in the training images, imitating real-

world conditions such as various patient orientations and lighting conditions during MRI 

acquisition. 

 

To ensure the model encounters a variety of input versions during training, these 

augmentations are applied before normalization. We also carried out a normalization 

process to control complexity and encourage consistency. Normalization is a vital process 

to reduce the complexity resulting from the great number of pixels given the many 

intensity values. The size of the picture was carefully changed from the natural range of 

0-255 to a normalized range of 0-1. Normalization helps stabilize and accelerate the 

training procedure by ensuring that the input information has a constant distribution, 

decreasing the risk of supremacy by high-intensity pixels and enabling the model to 

assemble more efficiently. Thus, simplifying the following strategies improved overall 

performance. Here only the training dataset is augmented but both training and validation 

datasets are normalized to maintain consistency. 
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                     Fig. 3.4: Images of Brain MRI after Augmentation 
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3.4 Deep Learning Models 

This research developed customized hybrid CNN model named VGG16-ResNet50 for  

brain tumor detection and classification with a transfer learning model. 

 

 

3.4.1.Proposed Hybrid CNN (VGG16 and ResNet50) for Brain Tumor Classification 

 

In this context, a hybrid deep learning model combining two prominent convolutional 

neural network architectures; VGG16 and ResNet50 is developed by using transfer 

learning. Both of those models are pre trained on ImageNet. The model integrates 

features extracted from both networks to enhance classification performance. We 

preprocessed the dataset by rescaling pixel values and augmented the dataset using a 

variety of transformations such as horizontal flipping, rotation, and zooming to enhance 

generalization and resizing the input images into 224×224 pixels. 

 

Then we normalized the augmented dataset and split into training and validation sets in 

an 80:20 ratio. We applied fine-tuning to enhance feature learning by unfreezing the last 

8 layers of VGG16 and the last 20 layers of ResNet50. We created a unified feature 

vector by  globally averaging and concatenating the feature maps taken from both basis 

models and passed through a series of fully connected layers with Leaky ReLU 

activations, batch normalization and L2 regularization. To avoid overfitting issues we’ve 

done ―Layer(L2) Regularization and Dropout‖. The AdamW optimizer with a rate of 

0.0005 and weight decay of 1e-4 was used to construct the model. We employed 

EarlyStopping callbacks and ReduceLROnPlateau to improve training accuracy. 
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                 Fig. 3.6: Proposed Hybrid Model (VGG16+ResNet50) architecture 
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                                  Table. 3.2: Hybrid model summary information 

Architecture Hybrid (VGG16 + ResNet50) 

Batch Size 32 

Number of Epochs 50 

Learning Rate 3e-4 

Weight decay 1e-4 

Optimizer AdamW 

Total parameters 39,682,372 

Trainable parameters 39,627,972 

Non-trainable parameters 54,400 

Model Size 151.38 MB 

 

 

                                

3.4.2. Convolution Neural Network (CNN) 

A Convolution Neural Network (CNN) model was developed to classify brain tumor 

images. The dataset of labeled MRI images was preprocessed by resizing the (250×250) 

and augmented the dataset  using a variety of transformations such as flipping, rotation, 

zoom, contrast adjustment, brightness variation and translation. The dataset was split into 

training (80%) and testing (20%) sets. The CNN architecture included multiple 

convolutional layers with increasing filter sizes (32 to 256), batch normalization, and 

max-pooling. A softmax-activated output layer enabled tumor class prediction. It was 

compiled with the Adam optimizer (learning rate = 0.0005) and trained using sparse 

categorical cross-entropy, balancing model complexity with regularization to optimize 

validation accuracy. 
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Fig. 3.6 CNN architecture 

 

 

3.4.3 Custom DenseNet121 

This vector is passed through a series of totally connected layers comprising 3 thick 

layers with 1024, 512, and 512 systems, respectively, each initialized with He normal 

initialization and regularized with L2 penalties to prevent overfitting. Batch 

normalization is applied after each dense layer to support training, and dropout layers 

with rates of 0.4 and 0.3 are integrated to improve generalization. The final dense layer 

outputs class probabilities using a softmax activation, matching the number of target 

classes in the dataset. 
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Fig. 3.7: Architecture of DenseNet121 

 

3.4.4 Inception V3 

This deep knowing model is constructed on top of the InceptionV3 architecture, pre-

trained on ImageNet, and fine-tuned with additional thick layers for classification. The 

model outputs forecasts through a Dense layer with 4 units (matching the number of 

target classes) and a softmax activation for multi-class category. The model consists of 

24.7 million parameters, with roughly 2.89 million trainable (generally from the included 

thick layers) and the rest frozen in the InceptionV3 foundation. 

 

 

 

                                                 Fig. 3.8: Architecture of Inception V3 
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3.4.5 VGG16 based Transfer Learning:  

In this study, we employed transfer learning techniques using the pre-trained model to 

classify brain tumor images where it exhibits notable performance to discern tumor types. 

A comprehensive augmentation was applied including flipping, rotation, zoom, contrast, 

brightness and translation) to improve generalization and resized input images into 

224×224 pixels. The dataset was split into training (80%), validation (10%), and testing 

(10%) subsets. The VGG16 model, pre-trained on ImageNet, was used as a feature 

extractor with layers before Block 3 froze to retain low-level learned features. A custom 

classification head was added, consisting of dense layers with ReLU activation, batch 

normalization, and dropout for regularization. Normalization and augmentation were 

applied before training. The model was compiled with the Adam optimizer and a low 

learning rate (1e-5) to ensure stable fine-tuning.  

 

 

 

Fig. 3.9: Architecture of VGG16 
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3.4.6 Custom ResNet50 

This work presents a custom convolutional neural network inspired by the ResNet 

architecture to classify brain tumor images. The dataset was preprocessed with image 

augmentation techniques such as random flipping, rotation, zooming, contrast, brightness, 

and translation. Images were then normalized and divided into training and validation 

sets in an 80:20 ratio. The proposed model begins with an initial convolution and max-

pooling layer, followed by multiple residual blocks with increasing filter sizes (64, 128, 

256, 512) to capture hierarchical features. Skip connections were implemented to 

improve gradient flow and reduce degradation in deeper layers. The extracted features 

were aggregated using global average pooling, followed by three fully connected layers 

with dropout for regularization. The output layer employed a softmax activation function 

to perform multi-class classification. 

 

 

 

 

Fig. 3.10: Architecture of ResNet50 
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                                                     CHAPTER 4 

EXPERIMENTAL RESULTS AND DISCUSSION 

 

4.1 Results of all Deep Learning models: 

Here is a table of all the results together of all models used in this study. The table 

compares the performance of several models, consisting of CNN, DenseNet121, 

Inception v3, VGG16, ResNet50, and a proposed hybrid model (VGG16 + ResNet50), in 

categorizing brain growth types. The Hybrid Model achieved the highest accuracy of 

98.5%, mastering precision and recall for all tumor types. VGG16 followed with a high 

accuracy of 96.5%, showing strong lead to glioma and no growth detection. ResNet50 

also carried out well with 96% precision, particularly in spotting no tumor. DenseNet121 

and Inception v3 achieved accuracies of 91% and 87% respectively.In general, the 

Hybrid Model outlines the others, using the most well balanced and accurate results 

throughout all tumor types. 

 

               Table 4.1: Performance comparison of all deep learning models of this study 

Method            Class Precision Recall    F1-

Score 

Cohen’s 

Kappa 

Sensitivity Specificity 

 

  CNN 

glioma_tumor 0.84 0.94 0.89                

 

0.83 

 

 

 

0.94 

 

 

 

0.93 

meningioma_tumor 0.96 0.63 0.76 

no_tumor 0.92 0.98 0.95 

pituitary_tumor 0.79 0.91 0.84 

                   Accuracy                                                               86.5%. 

 

 

DenseN

et 

glioma_tumor 0.82 0.96 0.88  

 

 

0.88 

 

 

 

0.96 

 

 

 

0.92 

meningioma_tumor 0.91 0.82 0.86 

no_tumor 0.98 0.99 0.98 
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121 pituitary_tumor 0.96 0.87 0.91 

                Accuracy                                                                  91% 

 

Incep-

tion v3 

glioma_tumor 0.86 0.88 0.87  

 

 

0.83 

 

 

 

0.88 

 

 

 

0.95 

meningioma_tumor 0.88 0.67 0.76 

no_tumor 0.93 0.98 0.95 

pituitary_tumor 0.82 0.96 0.89 

                   Accuracy                                               87% 

 

 

VGG16 

glioma_tumor 0.97 0.97 0.97  

 

 

0.95 

 

 

 

0.97 

 

 

 

0.99 

meningioma_tumor 0.99 0.95 0.97 

no_tumor 0.95 1.00 0.97 

pituitary_tumor 0.95 0.94 0.94 

                  Accuracy                                             96.5% 

 

 

Resnet 

50 

glioma_tumor 0.97 0.96 0.96  

 

 

0.96 

 

 

 

0.96 

 

 

 

     

0.99 

meningioma_tumor 0.98 0.94 0.96 

no_tumor 0.99 0.99 0.99 

pituitary_tumor 0.95 0.99 0.97 

Accuracy                                             96% 

 

Propose

d  

Hybrid 

Model 

(VGG66

+Resnet

50) 

glioma_tumor 0.98 1.00 0.99  

 

 

0.98 

 

 

 

0.99 

 

 

 

0.99 

meningioma_tumor 0.98 0.99 0.99 

no_tumor 0.98 1.00 0.99 

pituitary_tumor 1.00 0.95 0.97 

                   Accuracy                                                98.5% 
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                               Fig 4.1: Deep Learning Model Performance metrics 

 

 

4.2 Results of all Machine Learning models : 

The efficiency of various machine learning classifiers for brain tumor category was 

assessed utilizing metrics such as accuracy, recall, F1-score, Cohen's Kappa, sensitivity, 

uniqueness, and total precision. Among the models evaluated, the Random Forest 

classifier achieved the highest precision at 81.4%, followed by K-Nearest Neighbors 

(76%), Decision Tree (75.5%), and MLP (73.8%). Logistic Regression and SVM showed 

lower performance, both with a precision of 61%. Random Forest regularly exceeded 

other models throughout all tumor types, showing its efficiency in handling complicated 

classification tasks in medical imaging. 
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        Table. 4.2: Performance comparison of all Machine learning models of this study 

  Method            Class Precision Recall F1-

Score 

Cohen’s 

Kappa 

Sensitivity Specificity 

 

 Decison 

    Tree 

Classifier 

glioma_tumor 0.72 0.72 0.73  

 

 

  0.68 

 

 

 

   0.75 

  

 

 

    0.92 
meningioma_tumor 0.67 0.69 0.68 

no_tumor 0.84 0.85 0.85 

pituitary_tumor 0.78 0.75 0.77 

                      Accuracy                          75.5% 

 

 

Radom 

forest 

classifier 

glioma_tumor 0.80 0.79 0.79  

 

 

   0.75 

 

 

 

    0.81 

  

 

 

     0.93 

meningioma_tumor 0.75 0.73 0.74 

no_tumor 0.90 0.90 0.90 

pituitary_tumor 0.81 0.83 0.82 

Accuracy                                                               81.4% 

 

 

KNN 

glioma_tumor 0.71 0.73 0.73  

 

 

  0.68 

   

       

 

     0.76 

     

 

 

      0.92 

meningioma_tumor 0.67 0.66 0.66 

no_tumor 0.87 0.87 0.87 

pituitary_tumor 0.79 0.77 0.78 

Accuracy                                                  76%                    

 

 

     MLP 

Classifier 

 

glioma_tumor 0.71 0.72 0.72  

 

 

    0.65 

 

 

 

    0.74 

 

 

 

    0.91 

meningioma_tumor 0.64 0.60 0.61 

no_tumor 0.83 0.83 0.83 

pituitary_tumor 0.75 0.81 0.78 

Accuracy                                                      74%                       
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Logistic 

Regressio

n 

 

glioma_tumor 0.56 0.63 0.60  

 

 

   0.47 

 

 

 

   0.61 

 

 

 

  0 .87 

meningioma_tumor 0.51 0.44 0.47 

no_tumor 0.73 0.60 0.66 

pituitary_tumor 0.64 0.75 0.69 

Accuracy                                                                  61% 

 

Support 

Vector                

Machine 

     

(SVM) 

glioma_tumor 0.68 0.55 0.61  

 

 

    0.49 

 

 

 

   0.61 

      

 

 

     0.87 

meningioma_tumor 0.52 0.68 0.53 

no_tumor 0.85 0.52 0.64 

pituitary_tumor 0.71 0.69 0.71 

Accuracy                                                                    61% 

 

 

 

 

 

                               Fig 4.2: Machine Learning Model Performance metrics 
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4.3 Comparative Study of Experimental Results & Analysis: 

Here, Table 4.3 shows accuracy comparison between deep learning and machine learning 

models used in this research study.  

                                    

                                  Table 4.3: Comparative table of DL and ML mode 

    Deep Learning Models Accuracy Machine Learning Models Accuracy 

CNN 86.5% Decision Tree 75.5% 

DenseNet121 91.0% Support Vector Machine 
(SVM) 

61.0% 

Inception V3 87.0% K-Nearest Neighbors (KNN) 76.0% 

VGG16 96.5% Multi-Layer Perceptron 
(MLP) 

74.0% 

ResNet50 96.0% Logistic Regression 61.0% 

Hybrid Model (VGG16 + 
ResNet50) 

98.5% Random Forest 81.4% 

 

                             

The comparative analysis of deep learning and machine learning models for brain tumor 

category exposes a substantial performance benefit for deep learning methods. Among all 

examined designs, the Hybrid Model integrating VGG16 and ResNet50 achieved the 

highest accuracy of 98.5%, surpassing individual deep knowing architectures like 

VGG16 (96.5%) and ResNet50 (96%). Standard deep knowing models such as CNN and 

Inception v3 demonstrated lower accuracy at 86.5% and 87%, respectively. In contrast, 

artificial intelligence designs displayed significantly lower precision, with Random Forest 
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achieving the greatest among them at 81.4%, while Logistic Regression and SVM lagged 

at 61%. 

 Overall, deep learning models, particularly the hybrid architecture, demonstrated 

superior category abilities, making them more suitable for intricate medical image 

analysis tasks like brain tumor detection compared to traditional maker discovering 

algorithms. Here is a comparison of our propose hybrid deep learning model performance 

with other existing hybrid model’s performance: 

 

     Table 4.4: Performance comparison of Proposed model with Other existing models 

Model Architecture Dataset Accuracy Key Features 

ResViT (2024) Residual Vision 
Transformer 

BraTS, 
Figshare, 
Kaggle 

98.53% CNN-ViT hybrid using 
self-supervised 
learning 

FusionNet 
(2024) 

Deep CNN + 
Statistical 
Features 

BraTS 97.53% Deep features + 
radiomics handcrafted 
features 

VGG16–
ResNet50 
Hybrid (2024) 

VGG16 + 
ResNet50 

Not specified 99.98% Transfer learning-
based ensemble, 
similar to yours 

MobileNetV2 + 
SVM (2024) 

MobileNetV2 + 
SVM 

Not specified 98.82% Lightweight CNN + 
SVM, efficient and high 
performing 

GoogleNet + 
SVM (2024) 

GoogleNet + 
SVM 

Kaggle MRI 
dataset 

98.1% Deep feature extraction 
combined with SVM 
classifier 
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BrainNet (2024) Custom CNN Not specified 97.71% Tailored CNN 
outperforming some 
pre-trained models 

Ensemble 
Model (2023) 

CNN + LSTM Multiple 
datasets 

98.82% Deep learning 
ensemble with 
temporal modeling 

Res-BRNet 
(2022) 

Residual and 
Regional CNN 

Kaggle & 
Figshare 

98.22% Modified spatial and 
boundary-focused 
convolution blocks 

Custom CNN 
(2024) 

Lightweight 
CNN 

Brain Tumor 
MRI Dataset 

98.09% Simpler architecture 
aimed at efficiency 

IVX16 (2023) VGG16 + 
InceptionV3 + 
Xception 

Multiple 
Datasets 

96.94% Transfer learning-
based multi-
architecture fusion 

Enhanced CNN 
Model (2023) 

U-Net, 
RefineNet, 
SegNet 

Benchmark 
Dataset 

96.85% Local and contextual 
info for segmentation 
and classification 

EfficientNetB1 
(2022) 

EfficientNetB1 Custom 
Dataset 

89.55% Scalable and 
lightweight model 

CapsNet (2022) Capsule Neural 
Network 

Custom 
Dataset 

90.89% Emphasizes boundary 
learning via capsules 

Proposed 
Hybrid Model 

VGG16 + 
ResNet50 

~40,000 MRI 
images 

98.5% Combines VGG16 & 
ResNet50, mixed 
precision, controlled 
data augmentation 

 

 

 

 



 

 

©Daffodil International University                                                                                 37  

 

4.3 Evolution Methods 

In this study, several assessment metrics were utilized to examine the performance of 

brain tumor classification models. Precision provides an overall measure of accuracy, 

while precision and recall examine how well the model identifies true growth cases and 

prevents incorrect alarms. The F1-score offers a balance in between precision and recall, 

making it suitable for imbalanced datasets. Uniqueness determines the model's ability to 

properly recognize non-tumor cases, and Cohen's Kappa evaluates the agreement in 

between predicted and real classifications beyond possibility. Together, these metrics 

make sure a dependable and comprehensive assessment of the proposed hybrid model's 

efficiency in medical diagnostics. 

After classification of images then forecasted with Transfer Learning model.vThe 

evaluation is utilizes the confusion matrix like, accuracy, accuracy, recall, F1 score, 

Cohen's uniqueness, level of sensitivity, and kappa. Trueffavorable (TP) values hold true 

in truth. Falseppositives (FP) take place when incorrect outcomes are mislabeled. The 

third kind, incorrect unfavorable (FN), takes place when a correct worth is misinterpreted 

as unfavorable. TN and FN are the fifth and 4th options. A real negative (TN) is a 

positive worth misidentified as unfavorable. 4th is true negative (TN). 
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Here, 
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4.4.1 Accuracy and Loss Curve              

Figure 4.2: The image compares training and validation efficiency (accuracy and loss) 

throughout several deep knowing models-- CNN, Custom DenseNet121, Inception v3, 

Custom VGG16, Custom ResNet50, and a Hybrid model (VGG16 + ResNet50)-- used 

for brain tumor category. Amongst them, Custom ResNet50, Custom VGG16  and the 

Hybrid model demonstrate the very best efficiency, showing consistent and high 

precision with minimal loss and strong generalization. Inception v3 and Custom 

DenseNet likewise perform well, displaying steady training and recognition curves. 

Overall, much deeper architectures and hybrid techniques yield more trustworthy and 

precise outcomes for brain tumor detection jobs. 
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                                  Fig 4.2. Accuracy and Loss Curve of all models. 
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4.4.2 Confusion Matrix 

Figure 4.3: The Hybrid model (VGG16 + ResNet50) and Custom ResNet50 show the 

highest precision throughout all growth classes, with very couple of misclassifications, 

particularly for the "no_tumor" and "pituitary_tumor" classes. Customized VGG16 also 

carries out strongly however shows slightly more confusion in between glioma and 

meningioma growths.  

                                         CNN                                                                     DenseNet121                                                                        

  

 

                                Inception V3                                                         VGG16 
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                                    ResNet50                                                       Propose Model 

 

 

Fig 4.3. Confusion Matrix of all models 

 

 

4.4.3 ROC Curve 

Figure 4.4: The ROC curves provided for various models in the brain tumor category 

task show the comparative effectiveness of each architecture. Amongst all, the Hybrid 

model (VGG16 + ResNet50) and Custom ResNet50 exhibit the very best efficiency, with 

ROC AUC worths approaching 1.0 across all classes-- glioma, meningioma, pituitary, 

and no tumor-- suggesting near-perfect level of sensitivity and uniqueness. Customized 

VGG16 also carries out remarkably well, with consistently high curves. On the other 

hand, the fundamental CNN design reveals fairly lower ROC AUC ratings, showing 

weaker class discriminationIn general, the examination underscores that much deeper and 

more intricate models, especially the Hybrid and ResNet-based architectures, use superior 

diagnostic precision in multi-class brain growth classification. 
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                                         CNN                                                        DenseNet121                                                                          

 

                                Inception V3                                                         VGG16 

 

                                    ResNet50                                                       Propose Model 

 

Fig 4.5. ROC curve of all models  
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4.5 Discussion 

Theffindings of this research study highlight the efficiency of deep learning approaches, 

particularly hybrid models, in the category of brain tumors from MRI images. A detailed 

evaluation was performed utilizing both traditional machine learning algorithms-- such as 

Decision#Tree Classifier, Random#Forest, K-NearestaNeighbors, Support Vector 

Machine(SVM), Logistic Regression, and Multi-Layer Perceptron (MLP)-- and deep 

knowing architectures including  basic- CNN, Inception V3, customized - DenseNet121, 

VGG16, ResNet50 approaches and eventually, approposedhhybridmmodelccustomized 

(VGG16+ResNet50) that incorporates both. 

Amongst the conventional machine disc overing models, Random Forest accomplished 

the highest precision of 81.4%, followed carefully by K-Nearest Neighbors (76%) and 

Decision Tree (75.5%). These models had the ability to perform reasonably well however 

revealed restrictions in dealing with complicated feature spaces, specifically when 

separating between comparable growth types such as glioma and meningioma. The lower 

performance of SVM and Logistic Regression (both at 61% accuracy) further suggests 

that these models battle with the high-dimensional nature and variability of MRI image 

information without sophisticated feature extraction mechanisms. 

In contrast, the deep knowing designs displayed substantially exceptional efficiency. 

VGG16 and ResNet50 accomplished accuracies of 96.5% and 96%, respectively, 

showing their strength in discovering deep hierarchical functions from images. The 

proposed hybrid design, integrating VGG16 and ResNet50, went beyond all with a 

precision of 98.5%. This enhancement can be attributed to the blend of complementary 

functions drawn out from both networks-- VGG16's strength in maintaining spatial info 

and ResNet50's capability to deal with much deeper architectures with residual knowing. 

The hybrid model not only demonstrated remarkable accuracy but likewise achieved high 

values in vital assessment metrics such as precision,rrecall,fF1-score, specificity, and 

Cohen's Kappa. The high Cohen's Kappa worths indicate strong arrangement between the 

predicted and real categories beyond opportunity, verifying the model's reliability. The 
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elevated uniqueness and sensitivity worths suggest that the model successfully lowers 

both false positives and false negatives, which is necessary in medical diagnostics where 

misclassification can have major consequences. 

The success of the hybrid deep learning model underscores the importance of leveraging 

numerous architectures to improve generalization and performance. The usage of 

grayscale image preprocessing helped in noise decrease and dimensionality management, 

which likely contributed to boosted design performance. 

These results not just validate the effectiveness of deep learning, especially hybrid 

architectures, for medical image analysis but also suggest their possible for real-world 

clinical integration. Automated systems powered by such designs could assist radiologists 

in early medical diagnosis, decrease manual workload, and ultimately result in much 

better client outcomes. Nevertheless, additional validation with real-time clinical 

information and diverse imaging conditions is required before deployment in healthcare 

settings. 

In contrast, the deep learning models displayed significantly remarkable efficiency. The 

proposed hybrid design, integrating VGG16 and ResNet50, surpassed all with a precision 

of 98.5%. The hybrid model not just showed superior accuracy however likewise attained 

high values in important assessment metrics such as accuracy,rrecall,fF1-score, 

uniqueness, and Cohen's Kappa. 
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                                                                CHAPTER 5 

IMPACT ON SOCIETY, ENVIRONMENT AND SUSTAINABILITY 

 

5.1 Impact on society 

The development of an accurate, automatic system for brain growth detection carries 

extensive implications for society, especially in the areas of healthcare accessibility, early 

medical diagnosis, and clinical effectiveness. Brain tumors, being among the most 

dangerous neurological disorders, require accurate and timely identification for effective 

treatment. However, access to expert radiologists and diagnostic facilities remains limited 

in many parts of the world-- specifically in low-resource and rural regions. The proposed 

hybrid deep knowing design has the possible to bridge this gap by offering a scalable, 

effective, and trusted diagnostic assistance system that can help doctor regardless of their 

geographical area or institutional capacity. From a public health viewpoint, the design 

promotes early detection, which can substantially increase survival rates, lower treatment 

costs, and improve lifestyle for clients. By assisting in quicker and more accurate 

classification of growth types, it likewise facilitates individualized treatment preparation, 

which is a foundation of contemporary accuracy medicine. The execution of AI-based 

diagnostic tools has the prospective to reduce the workload on medical experts, allowing 

radiologists to focus on complex cases and make better-informed choices. This not only 

improves clinical outcomes however likewise enhances overall healthcare system 

performance and minimizes human mistake in regular image interpretation. 

In the long term, such innovations can contribute to worldwide health equity, allowing 

under-resourced centers and hospitals to benefit from the exact same sophisticated 

diagnostic capabilities as top-tier medical institutions. As AI becomes more integrated 

into healthcare delivery, the social perception of medical technology might move towards 

greater trust and approval, provided that ethical factors to consider such as personal 

privacy, accountability, and openness are supported. 

 



 

 

©Daffodil International University                                                                                 46  

 

Ultimately, this research study supports the vision of technology-assisted, patient-

centered care, and leads the way for more innovations in AI-powered healthcare. It shows 

how deep knowing can play a critical role in equalizing access to advanced medical 

diagnostics, saving lives, and transforming the method society approaches critical health 

obstacles. 

 

5.2 Impact on the environment 

While the primary focus of this research study is on enhancing medical diagnostics 

through deep learning, it likewise bears environmental ramifications, particularly in the 

context of computational resource usage and healthcare system performance. Training 

deep neural networks-- especially large hybrid architectures like VGG16 and ResNet50-- 

can be energy-intensive, consuming significant quantities of electrical power and 

computational power. This adds to carbon emissions, particularly if the training is 

performed on infrastructure powered by non-renewable energy sources. As the demand 

for AI in health care grows, so too does the ecological footprint of massive design 

training. For that reason, addressing energy efficiency becomes an essential issue. To 

reduce this, the research study integrates strategies such as early stopping, dropout, and 

L2 regularization to lower unnecessary calculation and overfitting. In future 

implementations, design compression, pruning, and the usage of light-weight 

architectures can even more lower energy consumption. Furthermore, transitioning 

training and deployment to cloud platforms powered by renewable resource sources 

provides a sustainable alternative to conventional on-premise computing. From a more 

comprehensive systems perspective, the adoption of AI-based diagnostic tools can 

indirectly add to environmental sustainability by enhancing health care workflows. 

Precise early detection decreases the requirement for repeated scans and invasive 

treatments, lowering energy and material usage in health centers. Additionally, 

decreasing diagnostic errors can lessen wasteful treatments and associated resource 

intake, contributing to a more effective and sustainable healthcare infrastructure. 
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In summary, while deep knowing models present environmental difficulties due to their 

computational demands, this research encourages energy-aware AI practices and 

highlights the potential for AI to promote sustainable healthcare shipment by improving 

diagnostic precision and reducing systemic ineffectiveness. 

 

5.3 Ethical Aspects 

The combination of deep knowing in medical diagnosis, particularly for brain tumor 

detection, introduces several ethical responsibilities that should be resolved to make sure 

equitable and accountable implementation. Central to these is the security of client 

privacy and information security. This research study makes use of anonymized and 

openly readily available MRI datasets, any future clinical deployment must adhere to 

rigorous regulative structures such as the General Data Protection Regulation (GDPR) 

and Health Insurance Portability and Accountability Act (HIPAA) to protect sensitive 

health info. Another critical ethical concern lies in algorithmic openness and 

accountability. Incorporating explainable AI (XAI) methods in future versions will be 

vital to ensure the design's outputs are interpretable and reasonable. 

In addition, the avoidance of bias is important to promote fairness and medical safety. 

Training information need to be representative of diverse populations to prevent 

variations in efficiency across age, gender, or ethnic groups. Models trained on restricted 

or homogeneous datasets run the risk of producing unequal diagnostic results, thus 

worsening existing health injustices. 

Lastly, ethical AI advancement requires human oversight and obligation for results. 

Automated systems should work as assistive tools rather than replacements for 

professional judgment. Clear standards need to be in location to define the functions of 

AI systems and make sure that health care professionals remain in control of diagnosis 

and treatment choices. 
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In summary, ethical considerations in this research encompass data personal privacy, 

algorithm openness, fairness, and human-centered accountability. Addressing these 

concerns is necessary not just for constructing trustworthy medical AI but also for 

guaranteeing safe, inclusive, and accountable integration into medical practice. 

 

5.4 Sustainability Plan 

 To ensure the long-term success and practical implementation of the proposed hybrid 

deep learning model for brain tumor category, a comprehensive sustainability technique 

has actually been laid out. Technologically, the design needs to be optimized through 

compression and modular style to support efficient operation on varied hardware 

platforms, including mobile and edge gadgets. Clinically, partnership with health care 

organizations is essential for real-world recognition and integration with existing medical 

systems using standard protocols like DICOM and HL7. 

 

Ethical and regulative compliance is a core pillar, requiring rigorous adherence to 

information personal privacy laws such as GDPR and HIPAA, along with continuous 

auditing to identify and correct algorithmic bias. Educational outreach will promote 

sustainability by equipping medical professionals with the understanding to effectively 

utilize and translate the system, while partnerships with academic organizations will 

cultivate continuous innovation. 

 

Environmentally, the model's advancement need to emphasize energy-efficient practices 

to reduce computational overhead, supported by cloud platforms utilizing eco-friendly 

energy. A robust assistance community involving researchers, clinicians, and 

policymakers will guarantee the system evolves in positioning with medical 

advancements, policy modifications, and financing chances-- allowing scalable, ethical, 

and internationally impactful deployment. 
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                                                 CHAPTER 6 

CONCLUSION AND FUTURE WORK 

 

6.1 Summary of the Study 

This study has embarked on an exploration of the application of deep learning techniques 

for detection classification of brain tumors from MRI. This research developed a hybrid 

deep learning approach integrating VGG16 and ResNet50 to categorize brain tumors 

from MRI scans. Leveraging transfer learning, data enhancement, and normalization, the 

design accomplished a remarkable 98.5% accuracy, surpassing private deep learning 

designs and conventional machine learning methods. Speculative results throughout 

numerous examination metrics confirmed the design's reliability and generalization. The 

research study demonstrates the potential of hybrid architectures to improve early brain 

growth diagnosis, enhance client outcomes, and assistance clinical decision-making. 

 The adoption of a VGG16-ResNe50 hybrid model, in particular, showcased how 

integration of powerful feature extraction with precise localization could yield superior 

classification results. 

 

 

6.2 Conclusions 

This research study successfully demonstrates the development of a high-performing 

hybrid deep learning model that combines VGG16 and ResNet50 using transfer learning 

for the classification of brain tumors from MRI images. By integrating the strengths of 

both architectures-- VGG16's ability to record fine-grained spatial functions and 

ResNet50's capability for deep learning through recurring connections-- the hybrid design 

achieves a classification accuracy of 98.5%, outperforming specific CNNs and traditional 

machine learning models. The results plainly indicate that the proposed model stands out 

in comparing different tumor types, such as glioma, meningioma, pituitary growths, and 

typical (no tumor) cases, with exceptional metrics across precision, recall, F1-score, 

Cohen's uniqueness, kappa, and sensitivity. The design's robustness is further enhanced 
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through extensive experimentation involving over 40000 MRI images, and mindful 

preprocessing, augmentation, and fine-tuning strategies, making sure strong 

generalization to hidden information. 

 

Beyond its technical success, the study highlights the capacity of deep learning-based 

solutions in medical practice. The industrialized design provides an automated, efficient, 

and highly accurate diagnostic help, minimizing the diagnostic problem on doctor while 

enhancing early detection and treatment planning for clients. It sets a promising structure 

for future combination into real-world health care systems, paving the method for more 

data-driven and customized medical decision-making. 

 

 

6.3 Limitations 

This study presents a high-performing hybrid deep learning design (VGG16 + ResNet50) 

for brain tumor classification; however, a number of constraints stay. The design lacks 

validation on real-world medical data, relying entirely on curated public datasets, which 

may not show the irregularity seen in health center environments. Its high computational 

requirements restrict deployment in resource-constrained settings. In addition, the model 

works as a black box, offering minimal explainability-- a critical consider medical 

decision-making. Despite utilizing regularization strategies, the extremely high precision 

suggests a possible danger of overfitting. The study also excludes multimodal data 

integration and focuses only on MRI-based brain growth detection, restricting its 

generalizability to wider diagnostic applications. 
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6.4 Implication for Further Study 

The findings of this study open several avenues for future research. There is scope for 

exploring the integration of additional imaging modalities to complement the information 

provided by MRI scans, potentially leading to more comprehensive diagnostic tools. 

Investigating the performance of these models in real-world clinical environments could 

provide insights into their practical utility and areas for enhancement. In addition, 

including explainable AI strategies like Grad-CAM could improve transparency and trust 

among doctor. Research could likewise focus on optimizing the hybrid design for release 

on edge devices, ensuring accessibility in low-resource settings. Research study could 

likewise focus on enhancing the hybrid design for release on edge gadgets, ensuring 

availability in low-resource settings. Further research could also delve into the 

interpretability of these models, ensuring that their decision-making processes align with 

clinical expectations and contribute to explainable AI in healthcare.  
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