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Abstract 

Precise and timely recognition of brain tumor is crucial for treatment planning to prolong the life 

span of the patient. Over the past decades many research efforts have been focused on 

classification and detection of brain tumors. However, it is a daunting research problem due to 

the tumor being different in shape, size, and location. Magnetic Resonance Imaging (MRI) is a 

commonly prescribed diagnostic test for diagnosing brain tumors. This study investigates the use 

of EfficientNetV2S, a pre-trained model, to diagnose brain tumors. Furthermore, the placement 

and order of adding layers in the top final classifier was also studied. Data augmentation was 

incorporated to expand the dataset size. Finally fine-tuning was applied on the best performing 

model in the previous experiment to improve the performance and accuracy of the model. The 

tumors were categorized into four classes: glioma, meningioma, pituitary, and no-tumor. The 

final classification layer included a dense layer along with the SoftMax activation function. It was 

concluded that the highest performing model was the fine-tuned EfficientNetV2S model with no 

pooling layer and batch normalization layer added after the dense layer. The proposed model was 

able to score 99.98% in training f1-score, while scoring 99.47% in testing f1-score. It was also 

concluded that the placement and order in which layers are in the final classifier has an impact on 

the model performance. 

Keywords: brain tumor classification, EfficientNetV2S, MRI, BraTS, transfer learning, fine-

tuning  
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Chapter 1: Introduction 

1.1 Overview 
Brain Tumor is amongst the deadliest diseases known to mankind. Brain tumors 

are caused by the intense proliferation and multiplication of abnormal brain cells. 

As the number of abnormal cells increase, the pressure within the patient’s brain 

also increases. This increase in pressure can be life-threatening (Brain Tumors, 

2024). 

There are two primary classifications of brain tumors, viz, benign (non-

cancerous), and malignant (cancerous). Benign brain tumors grow gradually 

without invading other parts of the body. However, malignant brain tumors are 

generally invasive as they proliferate rapidly and destroy the surrounding tissues 

in the patient’s brain (Brain Tumors, 2024). In Figure 1.1.1, the scan on the left 

depicts a benign tumor, while the scan on the right depicts a malignant tumor. 

Because of the aggressive nature of the disease, early recognition of brain tumor 

is a critical problem in the medical field. 

 

Figure 1.1.1: Benign and malignant brain tumor as seen in MRI 

Brain tumors can further be categorized into primary and secondary tumors. 

Primary tumors can either develop within the patient’s spinal cord or the brain 
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(Drevelegas, 2010). Based on the tumor’s potential of multiplying and its 

aggressiveness, primary tumors can be classified into high-grade (malignant) and 

low-grade tumors (benign). However, secondary tumors, also referred to as 

metastatic brain tumors, develop in various other body parts but are eventually 

spread in the patient’s brain. Secondary tumors are generally more common than 

primary tumors. 

Glioma tumor is a primary tumor that develops in the brain’s glial cells or the 

spinal cord. Glial cells are responsible for the regular working of the nervous 

system as they nourish the neurons in the brain. Glioma tumor can be further 

classified into different types depending on the origin of the tumor cell. This is the 

most aggressive kind of brain tumor because the disease has a life expectancy of 

12 – 15 months for the most malignant form of glioma (Goodenberger & Jenkins, 

2012). 

Meningioma is a slow-growing tumor that develops in brain’s protective 

membranes called meninges. Meninges is responsible for covering and protecting 

the brain and the spinal cord. Meningioma is generally considered a benign tumor, 

but it can take the form of a malignant tumor in rare cases (Osborn, Louis, 

Poussaint, Linscott, & Salzman, 2022). Meningioma is frequently diagnosed in 

patients over the age of 60 and the cause of this kind of tumor is currently 

unknown. 

Pituitary tumor originates within the pituitary gland. The tumors found in the 

pituitary gland are normally benign tumors and can be further categorized based 

their production of hormones and their size. Smaller pituitary tumors generally do 

not trigger any symptoms; however, larger pituitary tumors may exert pressure on 

the brain’s adjacent structure (Osborn, Louis, Poussaint, Linscott, & Salzman, 

2022). 
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A number of biomedical imaging techniques are utilized in diagnosing brain 

tumors. Some of these techniques include Computed Tomography (CT), 

Magnetic Resonance Imaging (MRI), Positron Emission Tomography (PET), 

Single Photon Emission Computed Tomography (SPECT), etc. (Drevelegas, 

2010). With the advancement in technology, these imaging techniques can provide 

precise information about the size, along with the location, and grade of the tumor, 

if present. MRI is the most commonly prescribed diagnostic test by medical 

professionals due to its non-invasive nature. It makes use of radio waves combined 

with powerful magnetic fields to generate precise images of the brain core (Litjens, 

2017). 

This study focuses on utilizing MRI scans for the detection and classification of 

three types of brain tumors: glioma (malignant), meningioma (benign), pituitary 

(benign), along with a no-tumor class to depict a healthy MRI scan. Figure 1.1.2 

shows MRI scans for meningioma, glioma, and pituitary tumors on different 

planes as are used by radiologists. 

 

Figure 1.1.2: Meningioma, glioma, and pituitary tumors in different visual rotations of MRI 
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1.2 Research Problem 
Early and precise prognosis of brain tumor is vital for medical experts to create 

treatment and recovery plans for their patients. Early diagnosis is key in preventing 

the prognosis of brain tumors. However, currently, manual radiological analysis 

and assessment are used for diagnosing patients which introduces significant delay 

in the commencement of treatment (Anaya Isaza, Mera Jiménez, Verdugo Alejo, 

& Sarasti, 2023). While there exist many methods for brain tumor diagnosis via 

assistance of machine learning along with deep learning, there is always the need 

to enhance the diagnostic accuracy and develop more precise, efficient, and 

trustworthy solutions for brain tumor classification (Turner & Nancy, 2022). 

Various pre-trained deep learning models have been studied in this problem 

domain. This research revolves around studying the use of deep transfer learning 

in the domain of brain tumor recognition with an aim to further enhance its 

diagnostic accuracy. A pre-trained model is used to detect and classify brain tumor 

in MRI scans. Moreover, data augmentation is applied to increase the size of the 

datasets used in the study. Finally, the effect of pooling layers, batch normalization 

layers and finetuning is studied too. 

1.3 Research Questions 
This study targets to answer and study the undermentioned questions: 

1. What is the optimal architecture for utilizing pre-trained deep 

learning models for brain tumor classification? This question addresses 

the architecture of the model’s final classifier. It aims to study the effect, 

placement, and absence of different layers in the final classifier and its 

impact on the accuracy of the model. In other words, the performance of 

the model with and without pooling layers is evaluated. Also, the 

performance of the model with batch normalization before and after the 

dense layer is evaluated. 
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2. How does combining transfer learning along with data augmentation 

and fine-tuning impact the efficiency and accuracy of the pre-trained 

model? Data augmentation helps in expanding the size of the dataset. This 

question aims at studying the effect data augmentation and fine-tuning can 

have on the transfer learning model. 

3. Can fine-tuned pre-trained model that is trained on one dataset be 

applied on different datasets? The generalization capability of the fine-

tuned model is explored in this question. This includes testing the final 

model on one dataset, while it was trained on a different dataset. 

1.4 Research Objectives 
The primary focus of this thesis is to study existing work done in the field of brain 

tumor detection and strive to refine the performance and results of the existing 

work done. All the key objectives are as follows: 

1. Investigate the work of other researchers in the domain. 

2. Implement data augmentation to increase the size of the MRI dataset. 

3. Use pre-trained model for classifying brain tumor in biomedical images. 

4. Investigate performance of pooling and batch normalization layers. 

5. Investigate the use of transfer learning and fine-tuning to improve the 

diagnostic accuracy. 

1.5 Research Significance 
The World Health Organization (WHO) published in their world cancer report that 

brain cancer usually results in critical complications for patients and causes 

increased morbidity (Sultan, Salem, & Al-Atabany, 2019). In the United 

Kingdom, the cancer research corporation published that 5250 deaths occur 

annually due to brain and other intercranial tumors (Bakas, et al., 2021). 

Significant advancements have been made in deep learning and biomedical 
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imaging techniques. An automated solution for classifying brain tumor using 

computer-aided technology can significantly reduce the time it takes for medical 

experts to diagnose deadly diseases. In this research, the potential of deep transfer 

learning to classify MRI scans with brain tumors is studied. 

1.6 Research Contribution 
This study focuses on utilizing MRI scans for detecting and classifying three kinds 

of tumors of the brain: glioma (malignant), meningioma (benign), pituitary 

(benign), and no-tumor to help medical professionals enhance the speed and 

diagnostic accuracy in brain tumor detection. The study also focuses on 

investigating the performance of pre-trained EfficientNetV2S model to diagnose 

brain tumors with different pooling layers in the top final classifier. The objective 

is to explore how the performance of the pre-trained EfficientNetV2S model can 

be enhanced by using pooling layers, batch normalization layers, and fine-tuning. 

1.7 Thesis Outline 
This thesis is organized into multiple chapters as follows: 

• Chapter 1 comprises of an introduction to the study. It also includes details 

on the research significance along with the research problem, questions, 

and objectives tackled in this study. 

• Chapter 2 comprises of the literature review that examines and reviews 

the recent work done in the domain of brain tumor classification using deep 

transfer learning and highlights the research gaps in the previous studies. 

• Chapter 3 sheds light on the implementation carried out along with the 

methodology applied to solve the research problem. Experimental setup is 

discussed along with the data collection, pre-processing, training, and 

validation. 
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• Chapter 4 presents the results and findings along with the evaluation of 

the proposed model’s performance and workflows. Furthermore, analysis 

is done on how different factors affect the model’s performance. 

• Chapter 5 concludes the study, summarizes the findings, highlights the 

contributions, stipulates the limitations, and recommends further research 

advancements in the domain. 
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Chapter 2: Literature Review 

2.1 Introduction 
Firstly, in recent years, deep transfer learning techniques has garnered attention in 

classifying biomedical images. The most studied biomedical imaging modality is 

MRI. MRI which is commonly used in diagnosing various diseases. Numerous 

approaches and methods have been proposed for brain tumor classification using 

MRI scans. With advancements in computer vision, researchers have been 

experimenting with the use of pre-trained models in classifying brain tumors. This 

literature review explores the comprehensive research on classification of brain 

tumor using deep transfer learning approaches. By integrating and investigating a 

diverse list of studies, the aim of this literature review is to map the progression of 

methodologies, the efficiency of different deep learning models, and the 

fundamental aspects aiding to accurate and successful brain tumor classification. 

2.2 Related Work 
(Alla & Athota, 2022) investigated the use of transfer learning and fine-tuning in 

detecting tumor in MRI images. One public dataset was acquired from Kaggle 

with 3000 images. All images were resized and converted to vectors and 

grayscale. Data augmentation techniques were incorporated to expand the 

experimental dataset. Every image was augmented 16 times by flipping, rotating, 

and zooming the original image. Three CNN models, viz, VGG-16, VGG-19, and 

Inception-V3 were experimented. VGG-19 achieved the highest prediction 

accuracy (97%) followed by VGG-16 (96%) and Inception-V3 (89%). This study 

revealed that experiments performed with fine-tuning achieve higher accuracy 

when compared to experiments conducted with transfer learning alone. 

(Tenghongsakul, Kanjanasurat, Archevapanich, Purahong, & Lasakul, 2023) 

presented the comparison of four pre-trained models, viz, InceptionResNet-V2, 
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MobileNet-V2, ResNet50, and VGG-16. The study aimed at identifying the most 

suitable CNN model for detecting brain tumor in MRI images. A public dataset 

was acquired from Kaggle with 253 images. All images were resized, augmented, 

and normalized. Contrast Limited Adaptive Histogram Equalization (CLAHE) 

was experimented for improving the image quality and contrast. Researchers 

compared three optimizers in the study, namely, Adam, SDG, and RMSProp. The 

experiment was run for 30 epochs and VGG-16 using CLAHE and RMSprop 

obtained 100% in all metrics, viz, F1-score, recall, precision, and accuracy. 

(Shelatkar, Urvashi, Shorfuzzaman, Alsufyani, & Lakshmanna, 2022) used Brats 

2021 dataset to identify and classify brain tumors using different variants of 

YOLOv5 (You Only Look Once) model. Transfer learning and finetuning were 

investigated using the pre-trained weights via the cocoa model. The researchers 

were able to achieve a precision of 88%. However, the research did not implement 

any form of data augmentation or cross validation to address the issues of model 

overfitting due to the smaller size of the dataset used. 

(Modiya & Vahora, 2022) proposed the use of the classifiers EfficientnetB7 and 

VGG-16 to investigate the usage of transfer learning in detection of brain tumors 

along with the significance of PCA (Principal Component Analysis). A public 

dataset was acquired from Kaggle with 3000 images. All images were resized and 

augmented to increase the dataset size. Furthermore, application of PCA for 

dimensionality reduction was investigated. For the results, EfficientnetB7 coupled 

with PCA performed better with a prediction accuracy of 80%. Without PCA, the 

classifier resulted in an accuracy of 63%. 

(Talukder, et al., 2022) aimed to explore the usage of transfer learning along with 

finetuning to detect and classify different types of brain tumors. The study 

experimented on 3,064 brain MRI images available on Figshare MRI. For data 

preprocessing, all images were resized, sharpened, scaled, and labeled. All images 
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were augmented to expand the dataset and to avoid overfitting. The approach 

employed various pre-trained models, including InceptionResNetV2, Xception, 

DenseNet201, and ResNet50V2. For fine-tuning, Global Average Pooling2D, 

Batch Normalization, and Dense layer were added to the suggested model. It was 

discovered that ResNet50V2 outperformed the other classifiers by achieving an 

accuracy of 99.68%. 

(Kumar, Prasad, & Metan, 2022) presented ResNet 152 Transfer Learning model 

for detection and classification brain tumors. The study used 280 MRI images 

from the Brats dataset. Otsu Binarization method was used for preprocessing the 

input images. Feature extraction was applied using Gray-Level Co-Occurrence 

Matrix methods. All of the batch normalization layer present in the model was 

discarded. Input images were classified into two classes: benign and malignant. 

Furthermore, the parameters of Hyb-DCNN-ResNet 152 TL were fine-tuned with 

the use of Covid-19 optimization. Their proposed architecture was able to achieve 

an accuracy of 97.28%. 

(Srinivas, et al., 2021) presented a comparative study of three pre-trained CNN 

model, viz, Inception-V3, VGG-16, and ResNet-50 to predict tumor in 256 brain 

MRI images. Image preprocessing and augmentation were applied to avoid 

overfitting problems. All the convolution layers were frozen for the experiments. 

The results demonstrated that VGG-16 performed the best with an accuracy of 

88.26%. 

In another study, researchers utilized the EfficientNetV2 model for the brain tumor 

classification problem (Wastika, Amda, Sihono, & Prasetio, 2023). The dataset 

utilized consisted of brain tumor MRI scans grouped into no-tumor, glioma, 

pituitary, and meningioma. The architecture’s final layer was updated to adapt to 

the new classes. Adam optimizer along with categorical cross entropy loss 

function were incorporated in the setup. The experiments were run on the B0, B1, 
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B2, and B3 variants of EfficientNetV2 model. Researchers used the Crystal Clean 

dataset and were able to record accuracies greater than 99% for all the investigated 

models. 

Pre-trained ResNet50 network was studied by (Anaya Isaza & Jiméne, 2022) for 

brain tumor detection problem. In their research, the implemented data 

augmentation to expand the dataset used in the experiment since it originally 

contained 110 images only. Principal component analysis (PCA) was also 

implemented for dimensionality reduction. K-fold validation was implemented 

using a total of 10 folds. For the hyperparameters, they opted for binary cross-

entropy loss function, Adadelta optimizer along with a batch size of 10 and 

training epochs of 50. The experiment resulted in an f1-score of 92.4%. 

(Chattopadhyay & Maitra, 2022) agreed that manually assessing a huge number 

of MRI scans by medical experts can be prone to human error, and therefore, 

proposed a 9-layer CNN architecture. The 2020 BraTS dataset was used to run the 

experiments. The research included comparing the performance of the final layer 

activation functions and optimizers. The comparison was made between SVM, 

sigmoid, and softmax activation functions and between Adamax and RMSProp 

optimizers. With just 11 epochs, researchers were able to produce an output 

accuracy of 97.94% using softmax activation function and RMSProp optimizer. 

However, the research did not implement any form of data augmentation or cross 

validation to address the issues of model overfitting due to the smaller size of the 

dataset used. The researchers did mention that some of the images were deleted 

from the dataset to curb the model from overfitting. 

(Islam, et al., 2023) studied the performance of four deep transfer learning models 

in brain tumor diagnosis. The architectures included: InceptionV3, DenseNet121, 

VGG19, and MobileNet. To validate the models, researchers used the SARTAJ 

dataset along with Figshare and Br35H datasets. Image augmentation was applied 
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to balance out all the classes. According to their results, MobileNet outperformed 

the other architectures with an accuracy of 99.39%. 

(Dhakshnamurthy, Govindan, Sreerangan, Nagarajan, & Thomas, 2024) 

experimented with AlexNet, VGG16, and ResNet-50 in brain tumor diagnosis. 

The dataset used in this study was sourced from Kaggle. The name of the dataset 

was not specifically mentioned; however, it contained a total of 3264 MRI scans 

which was further sliced up into training and testing sets. VGG-16 was the highest 

performing classifier with an accuracy of 97.66% and an f1 score of 97.62%. The 

researchers further studied the performance of a hybrid model amalgamating 

VGG-16 and ResNet50 models which eventually outperformed all the other 

classifiers used in the study with an accuracy and f1 score of 99.98%. 

(Incir & Bozkurt, 2024) applied six different deep learning algorithms to 

experiment with the brain tumor classification problem. These included 

EfficientNetV2-M, ResNet50, MobileNet, VGG16, DenseNet121, and 

InceptionV3. A publicly available dataset on Kaggle was utilized in this study. 

They applied random rotation technique to augment the dataset for the study. Their 

result showed that EfficientNetV2-M outperformed all other classifiers with an 

accuracy of 98.01%. 

2.3 Gaps in Previous Research 
This literature review was targeted at addressing the underrepresented areas and 

gaps in the brain tumor classification domain. The review consisted of an 

extensive search of studies done within the domain in the recent past. 

The review highlighted the importance of having additional advancements within 

the domain to aid medical professionals in diagnosing brain tumor. More and more 

studies were targeted at improving the performance and increasing the efficiency 

of pre-trained models in brain tumor classification. 
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However, various gaps and limitations were identified while exploring the existing 

literature. One such predominant gap was the comparative study of the layers in 

the final classifier of all the pre-trained models. These could include pooling layers 

and batch normalization layer. There were some studies that discussed and 

compared the effects and performance of the different hyperparameters of the 

models. However, almost none of the literature investigated the effects of pooling 

layers and batch normalization layer in the final classifier of the pre-trained 

models. 

The results of all the studied literature are summarized in Table 2.3.1. 

Table 2.3.1: Literature review summary 

Literature Dataset Model Accuracy Gaps 

(Alla & Athota, 2022) Br35H 

InceptionResNet-V2 96% 

 
MobileNet-V2 97% 

ResNet50 89% 

VGG-16 89% 

(Tenghongsakul, 
Kanjanasurat, 

Archevapanich, 
Purahong, & Lasakul, 

2023) 

Br35H 

CLAHE + VGG-16 100% 
No mention of the 
final layers used / 
their organization 

ResNet50 97% 

Inception-V3 98.08% 

MobileNet-V2 99.90% 

(Shelatkar, Urvashi, 
Shorfuzzaman, 
Alsufyani, & 

Lakshmanna, 2022) 

Brain MRI 
Images for 

Brain Tumor 
Detection 

YOLOv5 88% Small dataset, no 
augmentation 

(Modiya & Vahora, 
2022) 

Figshare brain 
tumor dataset 

EfficientNetB7 + 
PCA 80% Learning curves 

not included, 
result analysis is 

difficult 

EfficientNetB7 63% 
VGG-16 + PCA 69% 

VGG-16 56% 

(Talukder, et al., 2022) 

Brain 
magnetic 
resonance 

imaging tumor 
dataset 

InceptionResNetV2 99.36% 

 
Xception 98.40% 

DenseNet201 98.72% 

ResNet50V2 99.68% 
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Literature Dataset Model Accuracy Gaps 

(Kumar, Prasad, & 
Metan, 2022) BraTS 2018 ResNet152 97.28% 

small dataset, no 
augmentation, 

may suffer from 
overfitting 

(Srinivas, et al., 2021) Kaggle 

Inception-V3 78% 

 VGG-16 88.26% 

ResNet-50 78% 

(Wastika, Amda, 
Sihono, & Prasetio, 

2023) 

Figshare brain 
tumor dataset 

EfficientNetV2B0 99.43% 

 
EfficientNetV2B1 99.37% 

EfficientNetV2B2 99.17% 

EfficientNetV2B3 99.22% 

(Anaya Isaza & Jiméne, 
2022) TCGA-LGG ResNet50 92.34%  

(Chattopadhyay & 
Maitra, 2022) BraTS 2018 CNN 99.74% 

small dataset, no 
augmentation, 

may suffer from 
overfitting 

(Islam, et al., 2023) Brain Tumor 
MRI Dataset 

VGG19 96.72% 

 
InceptionV3 97.10% 

DenseNet121 98.32% 

MobileNet 99.39% 

(Dhakshnamurthy, 
Govindan, Sreerangan, 
Nagarajan, & Thomas, 

2024) 

Kaggle 

AlexNet 95.60% Missing dataset 
name and 

reference, final 
classifier layers 
not mentioned 

VGG16 97.66% 

ResNet50 96.90% 

VGG16 + ResNet50 99.98% 

(Incir & Bozkurt, 2024) 
Brain Tumor 
Classification 

(MRI) 

EfficientNetV2-M 98.01% 
Final classifier 
layers used not 
mentioned, only 

one data 
augmentation 
technique was 

applied 

ResNet50 96.82% 

MobileNet 97.22% 

VGG16 97.35% 

DenseNet121 97.88% 

InceptionV3 97.75% 
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Chapter 3: Methodology 

3.1 Introduction 
This chapter provides details on the proposed methodologies implemented in this 

study. The key objective of this study is to enhance the diagnostic accuracy of 

detecting and classifying brain tumor in MRI using deep transfer learning. The 

chapter is broken into different sections that detail every phase of the experiment 

in chronological order. 

Firstly, to conduct the experiment in this research, an experimental setup was 

created. Amazon Web Services (AWS) SageMaker Studio account was setup to 

run the experiments. SageMaker Studio is a fully integrated development 

environment for machine learning. Using the Sagemaker Studio, a JupyterLab 

instance of ml.g4dn.xlarge was run to accommodate the usage of GPU for model 

training. The ml.g4dn.xlarge instance provides 16 GiB instance memory, 1 

NVIDIA T4 GPU, and 16GB GPU memory. To run experiments in computer 

vision, it is crucial to use GPU for lightning performance. 

3.2 Dataset 
In this study, two datasets were used. To train the model, Brain Tumor 

Segmentation (BraTS) dataset (Bakas, et al., 2021). BraTS dataset is a publicly 

available dataset comprising of 2D MRI scans of three types of brain tumors: 

glioma, meningioma, pituitary, along with a class for the no tumor (healthy scan) 

category. However, this dataset originally consists of images in the format of 

dicom/nii files. This format is used to store medical images. Due to the large size 

of the files in .dicom/.nii format, a JPG version of the dataset was sourced from 

Kaggle instead (Rao, 2021). These images in the dataset are available in three 

different plane views: sagittal, axial, and coronal. All the MRI scans are partitioned 

into their respective class folders which are then further fragmented into training 
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and testing folders. The training set consists of 5,712 MRI scans whereas the 

testing set consists of 1,311 organized as depicted in Table 3.2.1. This dataset was 

used as the finetuned dataset. 

The second dataset used in this study for testing purposes was also sourced from 

Kaggle (Bhuvaji, Kadam, Bhumkar, Dedge, & Kanchan, 2020). It is called Brain 

Tumor Classification (MRI) and is publicly available for research purposes. All 

images are categorized in their respective class folders. The dataset is also 

organized into two distinct collections, viz, testing and training set. About 25% of 

samples from the training set were used as validation set. Overall, in total, the 

training set consists of 2,870 scans, whereas the testing set consists of 394 MRI 

scans. The organization of this dataset is depicted in Table 3.2.1. 

Table 3.2.1: Dataset organization 

Class 
BraTS Brain Tumor Classification (MRI) 

Train Test Train Test 

Glioma 1321 300 826 100 

Meningioma 1339 306 822 115 

Pituitary 1595 405 395 74 

No tumor 1457 300 827 105 

3.3 Data Preprocessing 
The initial step in this experiment involves preprocessing of the data. 

Preprocessing data helps enhance the quality of the dataset used in the 

investigation. The first preprocessing technique used in this study is image 

resizing. All images in the dataset were resized to 224 x 224 size as this was the 

most used size in all the other studies. Moreover, this high resolution could help 

capture more features when compared to an input with smaller resolution. This 

was done to firstly optimize the memory while running the experiment and 

secondly to match the input requirements of the pre-trained model intended to be 
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investigated in this research. Some samples for every class in the dataset are shown 

in Figure 3.3.1. 

 
Figure 3.3.1: MRI scans from the two datasets 

3.4 Data Augmentation 
A machine learning approach which aims to expand the dataset size by applying 

specified translations and various transformations to the original data is referred to 

as data augmentation. With a larger dataset, the generalization abilities of the 

model can be improved substantially. 

Since the dataset used in this study is small in size, applying data augmentation 

techniques will help expand the dataset size. It also helps reduce the chances of 

model overfitting. The data augmentation techniques applied in this study includes 

horizontal flip, vertical flip, 20% rotation and 0.2% zoom. All of these techniques 

were applied by creating pipelines of data using ImageDataGenerator available 

under the Keras library. ImageDataGenerator creates augmented images on the fly 

thereby greatly reducing memory utilization. The original and augmented versions 

generated by ImageDataGenerator for two dataset samples are shown in Figure 

3.4.1. Moreover, the workflow used by ImageDataGenerator for augmentation is 

described in Figure 3.4.2. Firstly, a batch of images is selected from the dataset. 
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This is followed by image augmentation which is randomly applied to the batch 

of images. After this, the augmented image batch is sent for training. 

 
Figure 3.4.1: Original vs. augmented MRI generated by ImageDataGenerator 

 
Figure 3.4.2: ImageDataGenerator workflow 

3.5 Model with Transfer Learning 
EfficientNetV2 is an improvement and extension of the previous EfficientNet 

(Tan & Le, EfficientNet: Rethinking Model Scaling for Convolutional Neural 

Networks, 2020) models. EfficientNetV2 was presented by two Google 
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researchers in a research paper (Tan & Le, EfficientNetV2: Smaller Models and 

Faster Training, 2021). This architecture introduced notable improvements over 

the parent models. The compound scaling method was introduced to optimize the 

coefficients of the network’s resolution, depth, and width. This greatly enhances 

the performance of the model without any impact on the size of the network. 

Moreover, EfficientNetV2 makes use of the Swish activation function in the place 

of ReLU which provides improved gradient flow and non-linearity in the model. 

EfficientNetV2 comes in multiple variants. This study primarily focuses on 

experimenting with EfficientNetV2S model. Other variants include 

EfficientNetV2M and EfficientNetV2L. The key difference between these 

variants is the size of the network along with different input sizes. lists 

EfficientNetV2S’s architecture chosen for the study. The minimum size of the 

acceptable input for EfficientNetV2S architecture is 128 x 128, whereas the 

maximum size is 300 x 300. Figure 3.5.1 demonstrates the architecture layers of 

the EfficientNetV2-S model. 

 
Figure 3.5.1: EfficientNetV2-S Architecture 
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3.5.1 MBConv 

MBConv (Mobile Inverted Bottleneck Convolution) is the building block of all 

the EfficientNet models. It is made of three primary components: expansion, 

depth-wise convolution, and pointwise convolution. 

• Expansion Convolution: An expansion factor is used in proliferating the 

input channels in this component. The bottleneck layer width is determined 

and controlled by this expansion factor. As the expansion factor increases, 

the capacity and computational cost of the model also increases. 

• Depthwise Convolution: Convolution is performed on the input tensor 

with every filter operating on only a single input channel. This component 

minimizes the computational cost by avoiding convolution of the complete 

tensor at once. 

• Pointwise Convolution: Once depthwise convolution is complete, 

pointwise convolution is applied. It uses a 1x1 filter to combine all the 

output of the depthwise convolution into a compact number of output 

channels. This component helps in minimizing the dimensionality. 

In traditional use of MBConv, expansion factor is applied after the depthwise 

convolution. However, in an inverted MBConv expansion factor is applied before 

the depthwise convolution. The explained architecture of MBConv helps in 

lowering the computational cost due to the reduced count of parameters in the 

convolution stages which in turn balances the accuracy and efficiency of the 

model (Kavitha, Dhinakaran, Prabaharan, & Manigandan, 2024). 

3.5.2 SE Operation 

SE (Squeeze and Excitation) operation is used to improve the representational 

capability of CNNs. The SE operation was introduced in Squeeze and Excitation 
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network (SENet) models. It captures the channel-wise dependencies and readjusts 

the feature maps generated by the previous layers. A visual representation of this 

operation is provided in 3.5 The SE operation follows two steps: 

• Squeeze: This step aggregates channel-wise information thereby reducing 

the spatial dimension. As shown in Figure 3.5.2, (where B = batch, H = 

height, W = weight, C = channels), global average pooling is applied across 

the spatial dimensions to achieve dimensionality reduction.  

• Excitation: This step involves a fully connected CNN which is fed as input 

the squeezed feature maps from the preceding step. The result in this step 

is channel wise weights. Finally, these resulting weights are applied to the 

original feature map for recalculations. Figure 3.5.2 depicts the excitation 

operation with two fully connected layers, a layer with ReLU activation 

function, and a last layer with sigmoid activation function. 

 
Figure 3.5.2: SE operation (Tan & Le, EfficientNet: Rethinking Model Scaling for 

Convolutional Neural Networks, 2020) 



 22 

3.5.3 Fused MBConv 

FusedMBConv (Fused Mobile Inverted Bottleneck Convolution) is a variation of 

MBConv and is used for further optimization of the model’s computational 

efficiency. This operator fuses multiple operations together thereby enhancing the 

computational efficiency of the MBConv operator (Kavitha, Dhinakaran, 

Prabaharan, & Manigandan, 2024). This further leads to a reduction in redundant 

operations and decrease in the frequency of memory access. The fused operations 

include depthwise convolution, expansion factor, pointwise convolution, and SE 

operation all combined in a single unit. As shown in Figure 3.5.3, the depthwise 

convolution in MBConv layer is merged with the final convolution layer in Fused-

MBConv. 

 
Figure 3.5.3: MBConv vs. FusedMBConv (Tan & Le, EfficientNetV2: Smaller Models and 

Faster Training, 2021) 
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3.6 Hyperparameter Selection 
Hyper-parameters are crucial settings of the model that have a great effect on 

robustness, performance, generalization ability, and efficiency. Some of the most 

vital hyper-parameters of any CNN are activation function, count of hidden layers, 

dropout layer, and number of neurons (Koutsoukas, Monaghan, Li, & Huan, 

2017). Other general hyper-parameters include batch size, learning rate, optimizer, 

epochs, loss function, etc. The hyper-parameters selected for this study are listed 

in Table 3.6.1. 

Table 3.6.1: Selected hyperparameters 

Hyperparameter Value Reasoning 

Epochs: 50 (early stopping after 30) Best value based on trial & error 

Optimizer: Adam Best value based on trial & error 

Batch size: 128 Best value based on trial & error 

Learning rate: 1e-4 Best value based on trial & error 

Loss function: Categorical Cross entropy Used for multiclass classification 

Activation function: SoftMax Used for multiclass classification 

3.7 Pooling Layers 
In order to lower the dimensions of a newly generated feature map, pooling layers 

are applied. Two types of pooling layers are widely used, namely, max, and global 

average pooling. The most widely used pooling layer is the max pooling layer as 

it extracts the max value among each region. Global average pooling, however, 

computes the average value at each pooling region. 

3.7.1 Max Pooling Layer 

A technique frequently used for down sampling the spatial dimensions of the 

feature maps. A kernel slides across the feature map with a certain stride value. For 

every stride, the maximum value in the feature map’s region is extracted and the 

left-over values are discarded. This techniques aids in retaining the most 
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significant and prominent features from the feature maps. An example working of 

the max pooling layer is represented in Figure 3.7.1. 

 

Figure 3.7.1: Max pooling layer representation 

3.7.2 Global Average Pooling Layer 
The spatial dimension of all the feature maps used can be significantly reduced by 

applying the Global Average Pooling 2D layer. The dimensions are reduced to a 

fixed size and value which is calculated by averaging the dimensions of the feature 

map. This allows to extract the paramount information and at the same time 

lowering the total number of parameters. Considering dimensions W x H X K, 

where W = width, H = height, and D = dimensions, and M as the feature map, 

then the formula for global average pooling 2D can be derived as shown in (3.1). 

 𝐺𝐴𝑃(𝑀) = 	
1

𝐻 ∗ 𝑊
--𝑀(𝑖, 𝑗)

!

"#$

%

&#$

 (3.1) 

3.8 Batch Normalization Layer 
Batch normalization layer regularizes the activations of the layer before. Multiple 

batches are created during training. Batch normalization minuses the mean of 

every batch and divides it by the standard deviation of each of the batches to ensure 

that variance of the activations is always unit along with a zero mean. Introducing 

batch normalization layer increases the speed of training a network, prevents 

overfitting, and improves generalization.  
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3.9 Dense Layer 
The dense layer is considered a fully connected layer in CNNs and is used in the 

final layers. In the dense layer, every previous neuron is interconnected to every 

neuron in the current layer with an associated weight. Furthermore, an activation 

function is attached to the network for non-linearity. Some commonly used 

activation functions consist of Softmax, ReLU, Tanh, Sigmoid, and Swish. 

Finally, the output layer of the CNN produces the final output providing the 

outcome of the task. Dense layer can be formulated as in the (3.2) where x = input 

layer, W = weight, b = bias, and z = output: 

 z = W. x + b (3.2) 

3.10 Dense Layer with Softmax Activation – Output Layer 
As discussed earlier, a fully connected layer with each neuron connected to every 

other neuron in the network is known as the dense layer. Moreover, the softmax 

activation function transforms the previous layer’s output into a probability 

distribution over the different classes. The class with the highest probability is 

generally considered the result or predication made by the model. 

3.11 Activation Function 
Activation function is another important building block of a CNN. Its function is 

to regulate the activation of a neuron within a layer. Some of the common 

activation functions consists of: Sigmoid, Tanh, Rectified Linear Unit (ReLU), 

Parametric ReLU, Leaky ReLU, Swish etc.  

Certain tasks and data require the use of specific activation functions. For instance, 

softmax activation function is used for multiclass classification tasks and swish 

activation function is considered a smooth function that provides improved 

gradient flow whilst training (Ramachandran, Zoph, & Le, 2017). Swish 
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activation function is used in EfficientNetV2S which can be computed as in (3.3) 

where x is the input and s(x) is sigmoid function of x. 

 𝑆𝑤𝑖𝑠ℎ	(𝑥) 	= 	𝑥	. 𝜎(𝑥) (3.3) 

3.12 Convolution 
Convolution layers are the building blocks of CNNs. This layer performs the 

convolution operation on the input provided by the prior layer. During this 

operation, an odd-sized filter is applied to the input to generate a single output. The 

filter is then slid over by the set stride and padding values. The combined result of 

all the convolution operations generates a feature map that depicts the learned 

learning from the input, usually edges and curves. 

3.13 Model Training 
With the hyper-parameters selected, the model is run on the training dataset. The 

workflow of the entire proposed model is visually represented in Figure 3.13.1. 

The model trains on a k-fold cross validation model for where the value of k is 3 

(chosen based on trial and error). 

 
Figure 3.13.1: Visual diagram for the proposed model workflow (Incir & Bozkurt, 2024) 
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3.14 Model Optimization with Finetuning 
After transfer learning is applied, fine-tuning could be utilized to investigate if 

further improvements can be made to the efficiency and robustness of the pre-

trained model. This can be achieved by unfreezing several layers of the pre-trained 

model and retraining the network. Due to addition of new layers for training, the 

count of trainable parameters enlarges which improves the overall performance of 

the model. However, this can also raise the risk and chances of over-fitting. 

3.15 Proposed Architecture and Experiments 
EfficientNetV2S will serve as the base model for running the experiments. In this 

study, six experiments will be performed: 

1. The first experiment will run with no pooling layer attached. 

2. The second experiment will be conducted with a global average pooling 

layer attached. 

3. The third experiment will be run by attaching the max pooling layer 

attached. 

4. The fourth experiment will attach with the batch normalization layer 

before the dense layers. 

5. The fifth experiment will run with the batch normalization layer after the 

dense layers. 

6. Finally, the last experiment will fine-tune the best model from all the 

previous experiments to investigate if further improvements can be made 

to the performance of the model. 

The proposed architecture for the top classifier for EfficientNetV2S includes: 

• Pooling layer (according to the experiment) 
• One flatten layer 
• Two dense layers with varying units each 
• One batch normalization layer (according to the experiment) 
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Chapter 4: Result 

4.1 Introduction 
This chapter discusses the results achieved by running the experiments detailed in 

Chapter 3. Various evaluation techniques were applied to assess the proficiency 

and correctness of the final CNN. 

4.2 Metrics Used 
To analyze the effectiveness and robustness of the proposed architecture, five 

metrics of evaluation were chosen, viz, precision, recall, f1-score, categorical 

accuracy, and AUC. Each of these selected metrics are discussed as follows: 

• Precision: calculates the fraction of accurately predicted cases amongst all 

the positively predicted cases. Therefore, for precision metric, the focus lies 

on the accuracy of all the positive predictions made by the classifier. 

Precision can be calculated as in (4.1) where TP refers to the number of true 

positives and FP refers to the number of false positives. 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛	 = 	
𝑇𝑃

𝑇𝑃	 + 	𝐹𝑃
 (4.1) 

• Recal1: computes the proportion of all the positively predicted occurrences 

to the overall number of accurate positive cases. A computed result of one 

represents the optimal recall, whereas the result zero signifies the bad recall. 

Recall can be calculated as in (4.2), where TP stands for the number of true 

positives, whereas FN stands for the number of false negatives. 

 𝑅𝑒𝑐𝑎𝑙𝑙	 = 	
𝑇𝑃

𝑇𝑃	 + 	𝐹𝑁
 (4.2) 
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• F1-Score: combines the results of precision and recall yielding a balanced 

estimation of the algorithm’s performance. F1-score can be calculated 

using (4.3) where precision and recall are defined in the points above. 

 𝐹1	𝑆𝑐𝑜𝑟𝑒	 = 2	 ∗ 	
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛	 ∗ 	𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛	 + 	𝑅𝑒𝑐𝑎𝑙𝑙

 (4.3) 

• Categorical Accuracy: used for multiclass classification tasks. This metric 

computes the number of rightly classified occurrences amongst all the 

samples available in the dataset. Categorical accuracy can be calculated 

using (4.4), where TP stands for the number of true positives, TN stands for 

the number of true negatives, FP stands for the number of false positives, 

and FN stands for the number of false negatives. 

 𝐶𝑎𝑡𝑒𝑔𝑜𝑟𝑖𝑐𝑎𝑙	𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦	 = 	
𝑇𝑃	 + 	𝑇𝑁

𝑇𝑃	 + 	𝑇𝑁	 + 	𝐹𝑃	 + 	𝐹𝑁
 (4.4) 

• AUC: computes the area under the ROC (Receiver Operating 

Characteristic) curve which is generated by plotting the false positive rate 

(FPR) against the true positive rate (TPR) at different thresholds for 

classification. 
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4.3 Model Evaluation 

4.3.1 Experiment 1: No Pooling Layer 

The model architecture utilized in this experiment is listed in Figure 4.3.1. Table 

4.3.1 summarizes the results obtained by the model for the different metrics. It can 

be noted that training the model with no pooling layer garners a training loss of 

0.0143. On the other hand, the testing losses for DS1 and DS2 are 0.1584 and 

0.1020 respectively. The low values of both train and test loss suggest that the 

model is able to effectively predict the actual targets. Furthermore, it can be seen 

that the model was able to score 0.9979 in training f1-score, whereas the testing 

f1-scores for DS1 and DS2 were 0.9617 and 0.9609 respectively. It can be noted 

that the difference between the testing f1-scores for DS1 and DS2 is negligible 

even though DS2 is an unseen dataset. This concludes that the model has 

generalized well. 

 
Figure 4.3.1: Experiment 1 architecture - no pooling layer 

Table 4.3.1: Experiment 1 metrics - no pooling layer experiment 

3-fold Loss Categorical Accuracy Precision Recall F1-Score AUC 

Train 0.0143 0.9979 0.9979 0.9979 0.9979 1.0000 

Val 0.0695 0.9785 0.9788 0.9783 0.9785 0.9984 

Test DS1 0.1584 0.9610 0.9625 0.9610 0.9617 0.9825 

Test DS2 0.1020 0.9697 0.9622 0.9697 0.9609 0.9846 
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The learning curve, shown in Figure 4.3.2, depicts an elbow curve which shows a 

gradual decrease in the training and validation loss before saturation. On the other 

hand, a gradual increase is visible in training and validation accuracy as well. The 

graph and metrics suggest the model to have a good fit. 

 
Figure 4.3.2: Experiment 1 - Loss Accuracy Curve - No Pooling 

The confusion matrix for test datasets DS1 and DS2 are shown in Figure 4.3.3 and 

Figure 4.3.4 respectively. It can be noted that, for DS1, the best predicted class is 

pituitary, followed by glioma, no tumor, and meningioma. Similarly, for DS2, the 

best predicted class is pituitary, followed by, no tumor, glioma, and meningioma.  
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Figure 4.3.3: Experiment 1 - Confusion Matrix - No Pooling (Test DS1) 

 
Figure 4.3.4: Experiment 1 - Confusion Matrix - No Pooling (Test DS2) 
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4.3.2 Experiment 2: Global Average Pooling Layer 

The model architecture utilized in this experiment is listed in Figure 4.3.5. Table 

4.3.2 summarizes the results obtained by the model for the different metrics. It can 

be noted that training the model with global average pooling layer garners a 

training loss of 0.2035. On the other hand, the testing losses for DS1 and DS2 are 

0.2714 and 0.2992 respectively. These loss values are slightly higher when 

compared to the loss registered for Experiment 1. One reason for this could be the 

decrease in the number of trainable parameters in this experiment. Furthermore, it 

can be seen that the model was able to score 0.9291 in training f1-score, whereas 

the testing f1-scores for DS1 and DS2 were 0.9003 and 0.9032 respectively. It can 

be noted that the difference between the testing f1-scores for DS1 and DS2 is 

negligible even though DS2 is an unseen dataset. This concludes that the model 

has generalized well. However, these values are still lower in comparison to the 

results achieved by Experiment 1. 

 
Figure 4.3.5: Experiment 2 architecture - global average pooling layer 

Table 4.3.2: Experiment 2 metrics - global average pooling layer experiment 

3-fold Loss Categorical Accuracy Precision Recall F1-Score AUC 

Train 0.2035 0.9286 0.9399 0.9185 0.9291 0.9936 

Val 0.2415 0.9093 0.9193 0.8994 0.9092 0.9895 

Test DS1 0.2714 0.8978 0.9123 0.8886 0.9003 0.9863 

Test DS2 0.2992 0.9061 0.9186 0.8883 0.9032 0.9856 
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The learning curve, shown in Figure 4.3.6, depicts an elbow curve which shows a 

gradual decrease in the training and validation, however, no saturation is visible. 

On the other hand, a gradual increase is visible in training and validation accuracy 

as well. The graph and metrics suggest the model to have a good fit. 

 
Figure 4.3.6: Experiment 2 - Loss accuracy curve - Global Average Pooling 

The confusion matrix for test datasets DS1 and DS2 are shown in Figure 4.3.7 and 

Figure 4.3.8 respectively. It can be noted that, for DS1, the best predicted class is 

pituitary, following the no-tumor class, glioma, and meningioma. Similarly, for 

DS2, the best predicted class is pituitary, followed by, meningioma, no tumor, and 

glioma. 
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Figure 4.3.7: Experiment 2 - Confusion Matrix - Global Average Pooling  (Test DS1) 

 
Figure 4.3.8: Experiment 2 - Confusion Matrix - Global Average Pooling  (Test DS2) 
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4.3.3 Experiment 3: Max Pooling Layer 

The model architecture utilized in this experiment is listed in Figure 4.3.9. Table 

4.3.3 summarizes the results obtained by the model for the different metrics using 

max pooling layer. It can be noted that training the model with max pooling layer 

garners a training loss of 0.2634. On the other hand, the testing losses for DS1 and 

DS2 are 0.3309 and 0.5121 respectively. These loss values are significantly higher 

when compared to the loss registered for both Experiment 1 and 2. One reason for 

this could be the decrease in the number of trainable parameters in this experiment 

along with only the sharpest features being selected due to the max pooling layer. 

Furthermore, the model was able to score 0.9108 in training f1-score, whereas the 

testing f1-scores for DS1 and DS2 were 0.8796 and 0.8246 respectively. It can be 

noted that the difference between the training and testing f1-scores is significant 

which indicates that the model has not learned well from the training data. 

 
Figure 4.3.9: Experiment 3 architecture - max pooling layer 

Table 4.3.3: Experiment 3 metrics - max pooling layer experiment 

3-fold Loss Categorical Accuracy Precision Recall F1-Score AUC 

Train 0.2634 0.9055 0.9169 0.9048 0.9108 0.9874 

Val 0.3488 0.8682 0.8829 0.8533 0.8682 0.9775 

Test DS1 0.3309 0.8810 0.8942 0.8654 0.8796 0.9799 

Test DS2 0.5121 0.8096 0.8514 0.7995 0.8246 0.9553 
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The learning curve, shown in Figure 4.3.10, depicts an elbow curve which 

indicates gradual learning but also shows some irregularities in validation loss. 

There is also an increasing difference between the training and validation loss 

which suggests that the model has not learned well on the training data. 

 
Figure 4.3.10: Experiment 3 - Loss accuracy curve - Max Pooling 

The confusion matrix for test datasets DS1 and DS2 are shown in Figure 4.3.11 

and Figure 4.3.12 respectively. It can be noted that, for DS1, the best predicted 

class is pituitary, following the no-tumor class, meningioma, and glioma. 

Similarly, for DS2, the best predicted class is pituitary, followed by no tumor, 

meningioma, and glioma. On the contrary, the worst predicted class for both DS1 

and DS2 is glioma. 
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Figure 4.3.11: Experiment 3 - Confusion Matrix - Max Pooling  (Test DS1) 

 

Figure 4.3.12: Experiment 3 - Confusion Matrix - Max Pooling  (Test DS2) 
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4.3.4 Experiment 4: Batch Normalization before Dense Layer 

The best model amongst experiments 1, 2, and 3 was selected for further 

experiments. In our case, experiment 1 (with no pooling) performed the best 

providing excellent evaluation metrics as discussed in Table 4.3.1. The model 

architecture utilized in this experiment is listed in Figure 4.3.13. Batch 

normalization layer is added to this experiment’s model before the dense layer. 

Table 4.3.4 summarizes the results obtained by the model for the different metrics. 

It can be noted that the model garners a training loss of 0.0615 while, the testing 

losses for DS1 and DS2 are 0.1523 and 0.3037 respectively. Furthermore, the 

model was able to score 0.9804 in training f1-score, whereas the testing f1-scores 

for DS1 and DS2 were 0.9664 and 0.9645 respectively. It can be noted that there 

is a slight difference between the training and testing f1-scores which indicates 

that the model might not have learned well from the training data. 

 
Figure 4.3.13: Experiment 4 architecture - batch normalization before dense layer 

Table 4.3.4: Experiment 4 metrics - batch normalization before dense layer 

3-fold Loss Categorical Accuracy Precision Recall F1-Score AUC 

Train 0.0615 0.9804 0.9805 0.9804 0.9804 0.9986 

Val 0.1715 0.9639 0.9646 0.9635 0.9642 0.9928 

Test DS1 0.1523 0.9655 0.9663 0.9652 0.9664 0.9927 

Test DS2 0.3037 0.9645 0.9645 0.9645 0.9645 0.9868 
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The learning curve, shown in Figure 4.3.14, depicts an elbow curve which 

indicates gradual learning but also shows significant irregularities in validation 

loss. There is also a constant difference between the training and validation loss 

which suggests that the model has not learned well on the training data. 

 
Figure 4.3.14: Experiment 4 - Loss accuracy curve - batch normalization before dense layer 

The confusion matrix for test datasets DS1 and DS2 are shown in Figure 4.3.15 

and Figure 4.3.16 respectively. It can be noted that, for DS1, the best predicted 

class is pituitary, followed by no-tumor class, meningioma, and glioma. Similarly, 

for DS2, the best predicted class is pituitary, followed by no tumor, meningioma, 

and glioma. On the contrary, the worst predicted class for both DS1 and DS2 is 

glioma. 
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Figure 4.3.15: Experiment 4 - Confusion Matrix - batch normalization before dense layer  

(Test DS1) 

 
Figure 4.3.16: Experiment 4 - Confusion Matrix - batch normalization before dense layer  

(Test DS2) 
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4.3.5 Experiment 5: Batch Normalization after Dense Layer 

The model architecture utilized in this experiment is listed in Figure 4.3.17. Table 

4.3.5 summarizes the results obtained by the model for the different metrics. Batch 

normalization layer is added to this experiment’s model after the dense layer. It 

can be noted the model garners a training loss of 0.0364. On the other hand, the 

testing losses for DS1 and DS2 are 0.1254 and 0.0983 respectively. Furthermore, 

the model was able to score 0.9836 in training f1-score, whereas the testing f1-

scores for DS1 and DS2 were 0.9692 and 0.9798 respectively. This model 

performs better when compared to the results of experiment 4 where batch 

normalization layer was added before the dense layer. 

 
Figure 4.3.17: Experiment 5 architecture - batch normalization after dense layer 

Table 4.3.5: Experiment 5 metrics - batch normalization after dense layer 

3-fold Loss Categorical Accuracy Precision Recall F1-Score AUC 

Train 0.0364 0.9894 0.9903 0.9887 0.9836 0.9997 

Val 0.0961 0.9702 0.9705 0.9702 0.9702 0.9945 

Test DS1 0.1254 0.9687 0.9687 0.9687 0.9692 0.9922 

Test DS2 0.0983 0.9797 0.9797 0.9797 0.9798 0.9945 

The learning curve, shown in Figure 4.3.18, depicts an elbow curve which 

indicates gradual learning but also shows some irregularities in validation loss. 

There is also a constant difference between the training and validation loss which 
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suggests that the model has not learned well on the training data. However, this 

curve depicts smoother validation loss when compared to that of experiment 5 

where batch normalization layer was added before the dense layer. 

 
Figure 4.3.18: Experiment 5 - Loss accuracy curve - batch normalization after dense layer 

The confusion matrix for test datasets DS1 and DS2 are shown in Figure 4.3.19 

and Figure 4.3.20 respectively. It can be noted that, for DS1, the best predicted 

class is pituitary, followed by no-tumor class, glioma, and meningioma. Similarly, 

for DS2, the best predicted class is pituitary, followed by no tumor, meningioma, 

and glioma. 
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Figure 4.3.19: Experiment 5 - Confusion Matrix - batch normalization after dense layer (Test 

DS1) 

 

Figure 4.3.20: Experiment 5 - Confusion Matrix - batch normalization after dense layer (Test 
DS2) 
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4.3.6 Experiment 6: Finetuning the best classifier 

The best model amongst all 5 experiments was selected for finetuning. In our case, 

experiment 5 (with no pooling and batch normalization after the dense layer) 

providing the best evaluation metrics as discussed in Table 4.3.5. The model 

architecture utilized in this experiment is listed in Figure 4.3.21. The last 36 layers 

of EfficientNetV2S were enabled for training after an extensive trial and error. 

Table 4.3.6 summarizes the results obtained by the model for the different metrics. 

It can be noted that the model garners a training loss of 0.0128 while, the testing 

losses for DS1 and DS2 are 0.0148 and 0.0232 respectively. Furthermore, the 

model was able to score 0.9962 in training f1-score, whereas the testing f1-scores 

for DS1 and DS2 were 0.9998 and 0.9947 respectively. It can be noted that the 

testing f1-scores recorded in this experiment are the highest values recorded 

among all the other experiments, signifying that this model performed the best out 

of all the other experimented models. 

 
Figure 4.3.21: Experiment 6 architecture - finetuning 

Table 4.3.6: Experiment 6 metrics - finetuning 

3-fold Loss Categorical Accuracy Precision Recall F1-Score AUC 

Train 0.0128 0.9982 0.9980 0.9942 0.9962 1.0000 

Val 0.0294 0.9903 0.9905 0.9901 0.9903 0.9996 

Test DS1 0.0148 0.9998 0.9998 0.9998 0.9998 1.0000 

Test DS2 0.0232 0.9947 0.9947 0.9947 0.9947 0.9998 
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The learning curve, shown in Figure 4.3.22, depicts an elbow curve which 

indicates gradual learning. There is almost no constant difference between the 

training and validation loss which suggests that the model has learned well on the 

training data and is able to predict the actual targets for every test. 

 
Figure 4.3.22: Experiment 6 – Loss accuracy curve - finetuning 

The confusion matrix for test datasets DS1 and DS2 are shown in Figure 4.3.23 

and Figure 4.3.24 respectively. It can be noted that, for DS1, the best predicted 

class is pituitary, followed by meningioma, no-tumor class, and glioma. Similarly, 

for DS2, the best predicted class is glioma, followed by pituitary, no tumor, and 

meningioma. 
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Figure 4.3.23: Experiment 6 - Confusion Matrix - finetuning (Test DS1) 

 
Figure 4.3.24: Experiment 6 - Confusion Matrix - finetuning (Test DS2) 
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4.4 Discussion 
Through the results showcased in the previous section, it was concluded that the 

finest model was the fine-tuned model with no pooling layers and batch 

normalization layer added after the dense layer in the final classifier. It was noted 

that among no pooling layer, global average pooling layer, and max pooling layer, 

the best performing model was the one with no pooling layers added with f1-

scores of 96.17% and 96.09% for the two test datasets. On the other hand, max 

pooling layer yielded the worst results with f1-scores of 87.96% and 82.46% for 

the two test datasets. Furthermore, the effect of placing batch normalization layer 

before and after the final dense layers was studied. It was determined that the 

model performed significantly better when the batch normalization layer was 

placed after the final dense layer garnering the f1-scores of 96.92% and 97.98% 

for the two test datasets. Finally, a fine-tuned model was proposed with no pooling 

layer and a batch normalization layer added after the final dense layer which 

resulted in f1-scores of 99.98% and 99.47% for the two test datasets, which is the 

highest results out of all the other experiments conducted. The proposed model 

was able to score 99.98% in training f1-score, which scoring 99.47% in testing f1-

score. Finally, it can be derived that the placement and order in which layers are 

placed in the final classifier has an impact on the overall model performance.  
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Chapter 5: Conclusion, Limitations, and Future 

Work 

5.1 Introduction 
Investigating the application of pre-trained models for the brain tumor detection 

and classification task was the aim of this study. A pre-trained EfficientNetV2S 

model was investigated in this study. The layer placement and the order in which 

layers are added was also studied. This was done to explore if the model 

performance will experience any impact. It was found that the model without any 

pooling layer attached at the base model’s end resulted in higher accuracy. 

Appending batch normalization layer after the dense layer showcased an increase 

in the accuracy when compared with batch normalization before the dense layer. 

Finally, the highest testing results were obtained from fine-tuning the model with 

no pooling layer and a batch normalization layer after the last dense layer in the 

final classifier. 

5.2 Study Limitations 
There are several limitations when working with brain tumor classification 

problem: 

• Limited availability of data: Limited data is available in the field of brain 

tumor recognition. Most of the available datasets are built upon the existing 

.dicom/.nii dataset used for brain tumor segmentation problem. Most 

researchers have transformed the original dataset to work with PNG / JPG 

images instead of the original MRI scans. Therefore, it is difficult to test the 

models on new data. 

• Imbalance in classes: Almost all the datasets used suffered from an 

imbalance resulting in poor classification of the smaller classes. This could 
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potentially lead to bias and result in lower accuracy when predicting the 

underrepresented classes. 

• Computational constraints: The experiments conducted using deep 

learning models require powerful GPUs and hardware that can be 

computationally expensive. In another study, the access to enhanced 

computational power could yield better results or improved analysis. 

• Privacy and ethics: Patient’s security and data privacy needs to be 

maintained and therefore additional meta data cannot be acquired which 

can further help in identifying trends in the different patient demographics. 

5.3 Conclusion 
In conclusion, brain tumor classification is a significant area of study within the 

medicine. This study investigated the performance of EfficientNetV2S with 

different layers in the top final classifier. The aim of this study was to investigate 

if performance of the model can be enhanced by using, data augmentation, pooling 

layers, batch normalization layers, and finally by fine-tuning the most optimal 

performing model from the previous experiments. The most optimal model 

architecture for brain tumor classification in this study was the finetuned 

EfficientNetV2S with no pooling layer and batch normalization layer added after 

the dense layer. Not adding any pooling layer to the architecture provides better 

results when compared to addition of global average or max pooling layers. This 

could be because the key features (i.e., tumor) in brain tumor detection may not 

be the sharpest or the most dominant features. Therefore, these key features maybe 

discarded when pooling layers are added since pooling layer only select the 

average or the sharpest features in the filter. Batch normalization layer added after 

the dense layer improves the performance of the model better than when added 

before the dense layer. This further suggests that the order in which layers are 

placed in the final classifier have an impact on the performance of the model. 
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Finetuning improved the performance of our model. Furthermore, the model was 

also tested on an unseen dataset that achieved almost similar results as the 

finetuned dataset, thereby confirming the generalization capability of the model 

and overruling any chances of overfitting. 

5.4 Future Work 
This study investigated EfficientNetV2S for brain tumor classification and 

showcased great results. Many other research avenues could be investigated to 

further improve the robustness and performance of the model. Following are the 

key areas proposed for future work within the domain: 

• Data Generation: Currently, the datasets available are either small in size 

or face class imbalance issues. Research can be done of generating medical 

images with the help of Generative Adversarial Networks (GANs). This 

could help increase the size of medical datasets used for training and will 

eventually improve model generalization. 

• Different Imaging Modalities: This study focused on the use of MRI 

scans for brain tumor detection. However, integration of different medical 

imaging modalities, such as, X-Ray, CT scan, or PET scan could be 

studied. This could help in building more diverse models. 

• Ensemble Learning: Ensemble learning techniques could be explored in 

the future as stacking different models combines the strength and generates 

a more powerful model which could help enhance the precision and 

efficiency of the diagnosis. 
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 ثحبلا صخلم

 طیطختل ةیمھلأا غلاب ارمأ خملا مرو ىلع بسانملا تقولا يفو قیقدلا فرعتلا دعی

 دوھجلا نم دیدعلا تزكر ،ةیضاملا   دوقعلا ىدم ىلعف .ضیرملا رمع ةلاطلإ جلاعلا

 يغامدلا مرولا ةلكشمف ،كلذ عمو .اھنع فشكلاو غامدلا ماروأ فینصت ىلع ةیثحبلا

 .عقوملاو مجحلاو لكشلا يف مرولا فلاتخا ببسب ةقاشلا ةیثحبلا لكاشملا نم ربتعت

 يصیخشت رابتخا (MRI) يسیطانغملا نینرلا مادختساب ریوصتلاب صیخشتلا ربتعی

 قیمعلا ملعتلا جھن مادختسا يف ةساردلا هذھ ثحبت .غامدلا ماروأ صیخشتل عئاش

 صیخشتل ، اقبسم بردم جذومن وھو ،EfficientNetV2S جذومن مادختسابو

 يف تاقبطلا ةفاضإ بیترتو عضوم ةسارد تمت ،كلذ ىلع ةولاع .غامدلا ماروأ

 .تانایبلا ةعومجم مجح عیسوتل تانایبلا ةدایز جمد متو يولعلا يئاھنلا فنصملا

 ةقدو ءادأ نیسحتل تاءادأ لضفلأا جذومنلا ىلع قیقدلا طبضلا قیبطت مت ،اریخأ

 ةدغلاو ، يیئاحسلا مرولاو ،يقبدلا مرولا :تائف عبرأ ىلإ مارولأا فینصت مت .جذومنلا

 ىلإ ابنج ةفیثك ةقبط ةیئاھنلا فینصتلا ةقبط تنمضت .مرو دوجو مدعو ، ةیماخنلا

 ءادأ ىلعلأا جذومنلا نأ ىلإ ةساؤدلا تصلخو .SoftMax طیشنت ةفیظو عم بنج

 ةقبطو عیمجت ةقبط ةفاضإ مدع عم ةقدب طوبضملا EfficientNetV2S جذومن وھ

 يف ٪99.98 لیجست نم حرتقملا جذومنلا نكمت .ةفیثكلا ةقبطلا دعب ةعفد عیبطت

 نأ ىلإ اضیأ صلخو  . f1-score رابتخا يف ٪99.47 لجس امنیب ،f1 بیردت

 .جذومنلا ءادأ ىلع ریثأت امھل يئاھنلا فنصملا يف اھبیترتو تاقبطلا عضوم
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