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ABSTRACT 

Small datasets and device-to-device variations in image quality frequently limit deep learning for 

color fundus images. In this thesis, I use a nine-class dataset of 4,500 images (500 per class) to 

examine the impact of image augmentation strength on multi-class retinal disease prediction. 

Four convolutional models are used in the experiments: EfficientNet-B4, MobileNetV3-Large, 

DenseNet-121, and Custom CNN. 

Here every model is trained with four different augmentation settings. Those are: no 

augmentation, mild, strong, and an advanced. All runs share the same train–validation–test split 

and training setup, so differences in performance can be linked mainly to the model and the 

augmentation level. 

The results show that the effect of augmentation is model-dependent. The Custom CNN 

performs best without augmentation, while DenseNet-121 reaches its peak with mild 

augmentation. EfficientNet-B4 performs best with strong augmentation. MobileNetV3-Large 

benefits the most from heavy augmentation: with the advanced setting, it achieves the highest 

overall performance, with accuracy around 0.851 and macro-F1 around 0.849. 

These findings suggest that augmentation strength should not be chosen as a single fixed recipe 

for all backbones. Instead, it needs to be tuned per model when designing retinal disease 

classification systems based on deep learning. 
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CHAPTER 1 

INTRODUCTION 

Introduction 

 

Retinal diseases are one of the major causes of vision problems and many progress without clear 

any early symptoms. Fundus photography is mainly used for screening, but manual review is very 

slow. As screening programs grow, the automated support tools are becoming more valuable. 

Deep learning models handle retinal images well, but they usually require large and diverse 

datasets. Medical datasets often fall short of that. The dataset we used here includes 4,500 images 

across nine classes and we sorted (500 image) per class, which is balanced but still small for 

modern CNNs. 

Image augmentation can be a method of diminishing overfitting. Basic levels of augmentation 

(such as, flipping or changing brightness) will also aid in reduction of overfitting; however, greater 

amounts of augmentation will provide more change to the images’ contents. The performance 

impact of the type or amount of augmentation performed will vary from model to model. 

To support this investigation, four different neural network architectures (Custom CNN, 

DenseNet-121, MobileNetV3-Large, and EfficientNet-B4) were trained on four conditions of 

image augmentation (None, Mild, Strong, and Advanced). The objective was to examine how the 

amount or strength of image augmentation, is able to promote improved accuracy in the 

classification of Retina as a multi-class disease. 

The outcomes of this study demonstrated the relationship between the augmentation method(s), 

were dependent on the specific model being trained. For example, MobileNetV3 significantly 

improved its classification accuracy when provided with aggressive augmentations, whereas 

DenseNet-121 primarily benefitted from less aggressive (mild) augmentations. Custom CNN 

performed best with very minimal augmentations. The findings suggest, therefore, that 

augmentation methods will require individual adjustment for each unique model to yield optimal 

results. 

1.2 Background 

Color fundus photography which is one of the common methods for examining the retina. It shows 

the blind spot, macula, vessels, and surrounded tissue, which help identifying diseases like the 

diabetic retinopathy, glaucoma, and macular disorders. Even though valuable, the quality of those 

images varies relying on lighting, camera type, and patient collaboration. 
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Deep learning has been becoming a strong choice for analyzing fundus images. CNN-based 

models such as Dense Net, Mobile Net, and Efficient Net normally work well, especially when 

beginning from ImageNet pretraining. Here the difficulty is that they still need diverse data to 

generalize appropriately. There many medical datasets do not offer enough variation. 

Augmentation has been widely used to compensate for this problem. The types of techniques for 

augmentation range from simple flipping to more complicated transformations such as color, 

shape, and noise. Although augmentation will improve the strength of the data set, it is also 

possible that too much distortion of the data may obscure important retinal characteristics. This is 

particularly true in diseases where the presence of thin or differently-shaped patterns is very 

significant. 

Due to these reasons, there is a critical need to test the effects of augmentations on retinal images. 

A multi-class retinal disease classification represents an excellent example of this process. Each 

category of disease has a unique pattern, and individual categories may respond differently to 

parameters such as augmentations. 

1.3 Problem Statement 

Although Deep Learning Models (DLMs) are good at analysing retinal images, the overall 

performance of these models was lower when trained with a limited or uniform data set of images. 

When using a balanced dataset with 4,500 images, there is still limited colour variance, contrast, 

and image conditions, increasing the risk ofOverfitting and affecting the ability to classify multiple 

classes of diseases; All of these diseases display very similar visual characteristics.  

Augmentation is one solution to help reduce this issue, but its effect may vary. Some DLMs show 

improvement when a small degree of augmentation is applied, while others must be augmented to 

a greater extent. However, in some instances, a large amount of augmentation results in inferior 

performance by altering structures necessary to identify a specific retinal image. 

The main problem addressed in this study is understanding how different augmentation strengths 

affect multi-class retinal disease classification across several CNN architectures. Since each model 

has its own design and capacity, the same augmentation policy may not work equally well for all 

of them. 

This study aims to identify which combinations of model and augmentation yield the most reliable 

performance for nine retinal disease classes, and to determine whether stronger augmentation 

always leads to better generalization or not. 
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1.4 Research Gaps 

Most deep-learning studies on retinal images use augmentation, but many treat it as a routine 

preprocessing step rather than a variable that can influence performance. The choice of 

augmentation strength is often not discussed, and comparisons across different levels are limited. 

Another gap is model-specific behavior. Architectures such as MobileNet, DenseNet, and 

EfficientNet answer in a different way to spatial and color transformations, but a little works 

directly compare them under controlled augmentation settings. As a result, it is not so cleared 

whether the certain models benefit more from mild or aggressive transformations. 

Finally, multi-class retinal disease classification is less explored than binary tasks. Subtle 

differences between classes—such as between macular scar, myopia, and central serous 

chorioretinopathy—make the problem sensitive to both model design and augmentation choices. 

Current literature offers limited guidance on how augmentation affects these finer distinctions. 

This study addresses these gaps by systematically evaluating four augmentation levels across four 

CNN architectures on a balanced nine-class dataset. 

 

1.5 Objectives 

The main goal of this thesis is to understand how far we can push deep learning models for retinal 

disease classification when the dataset is small but balanced, and when augmentation is carefully 

controlled. Instead of only training one model with one type of augmentation, the work is designed 

to compare several combinations in a systematic way. 

First, the study aims to evaluate four convolutional architectures—CustomCNN, DenseNet-121, 

MobileNetV3-Large, and EfficientNet-B4—on the same nine-class retinal dataset. All models use 

the same training–validation–test split so that differences in performance can be traced back to the 

model design and the augmentation strategy rather than to the data split. 

Second, the study will examine the effects of different strengths of augmentation. Four sets of 

conditions have been established by the researchers for this study, which include: 

(A) no augmentation; (B) slight changes to images; (C) moderate image transformations; (D) 

complex policy with combined image transformations. 

Controlling for all other variables allows researchers to evaluate whether incrementing 

augmentation strength yields steady improvement in performance or whether there is a level after 

which performance will actually begin to fall off as augmentation strength continues to increase. 
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Additionally, while researchers will be evaluating overall accuracy across all diseases, they will 

also be looking closely at how augmentation can impact performance on each disease. Within the 

dataset, two diseases, glaucoma and macular scars, are visually less distinct and obvious than some 

others, and the goal is to see if augmentation can improve performance for these more subtle 

disease classes vs the less subtle types of disease classes.Finally, the thesis aims to identify a 

practical “best choice” for this dataset: a specific model and augmentation setup that deliver strong 

and stable performance. This can serve as a baseline for future work on retinal disease prediction 

using similar image collections. 

 

1.6 Motivation 

This work started from a natural inspection: in many eye-care center, doctors are always on under 

pressure, but the number of patients is kept growing day by day. Fundus cameras are available in 

many hospitals but making those images into a reliable decision still depends on a human. Sitting 

in front of a screen and checking every cases. Deep learning can help, but in practice it is not 

always clear how to train these models in a way that is both stable and realistic for medical data. 

When I began experimenting with this nine-class retinal dataset, it was clear that the amount of 

data was not very large by deep learning standards. There are we have 4,500 images in total, which 

is good for a beginning project, but still little for four different neural networks. This obviously 

raised the question: how much can we gain from data augmentation, and what is the limit where it 

will stops helping and starts hurting? 

Another motivation came from the behavior I saw during training. Some models improved a lot 

when I increased augmentation strength, while others became unstable or even lost performance. 

MobileNetV3, for example, responded very well to advanced augmentation, whereas the custom 

CNN seemed to prefer simpler training conditions. This highlighted that “just turn on 

augmentation” is not always the right answer; the effect clearly depends on the model. 

Because of these experiences, I wanted the thesis to do more than just report a single accuracy 

value. The inspiration is to document, in a clear and honest way that how the four different models 

react to the four levels of augmentation. Also, on the same retinal dataset. The hope is that these 

people who want to build similar systems and need practical guidance instead of trial-and-error. 

So that the findings will be useful for others. 

 

1.7 Summary 

This chapter will introduce the total context and purpose of the thesis. It began with the idea of 

that retinal diseases are common and often progress silently, while the fundus  
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photography is main tool used to detect them. At the same time, manually grading is so slow and 

depends on the expert availability, which creates the opportunity for deep learning models to help 

with screening. 

The chapter also discussed why training these models is not straightforward. Even though the 

dataset used here is balanced with 4,500 images across nine classes, it is still relatively small for 

modern CNNs. This raises concerns about the overfitting and motivates the uses of image 

augmentation. However, the effect of augmentation is not guaranteed to be positive for every 

model, and strong transformations can sometimes damage important retinal patterns. 

based totally on those lookouts, the chapter outlined the main targets and the incentive for take a 

look at,to evaluate 4 different architectures under 4 augmentation degrees. additionally to 

recognize how these picks have an impact on equally ordinary overall performance and class-smart 

behavior. The paintings is driven by means of practical questions that got here up at some stage in 

experimentation, specially the version-established reaction to augmentation energy. the following 

chapter reviews associated studies and suggests how this undertaking suits in the current literature 

on retinal photograph evaluation and deep getting to know. 
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CHAPTER 2 

LITERATURE REVIEW 

2.1 Introduction 

In this part of the paintings, I study what has already been done with retinal photographs, deep 

getting to know fashions, and information augmentation. The goal is easy: to peer how other 

human beings approached similar troubles and to recognize where my undertaking is comparable 

or special. 

Retinal images are being used for a long time to find diseases such as diabetic retinopathy and 

glaucoma. Earlier systems are being usually depended on hand-crafted features. Researchers 

designed rules based on blood vessel shape, bright or dark spots, or measurements around the optic 

disc. These methods could work on the dataset they were built on, but they often struggled when 

the images came from a different camera or hospital. 

With deep learning, this has changed. Convolutional networks can learn the features directly from 

pixels, so there is fewer need for manual feature design. Many recent papers fine-tune pre-trained 

models, such as ResNet, DenseNet, MobileNet or EfficientNet, on retinal datasets. Most of them 

also apply some form of image augmentation, mainly to deal with the small size and limited 

diversity of medical data. 

However, when reading the literature, I noticed that augmentation is usually described in only one 

or two lines. The strength of the transformations, and how they interact with different backbones, 

is rarely analyzed in detail. This is the gap that motivates my experiments. The next sections briefly 

review previous work on retinal image analysis, deep learning backbones, and augmentation in 

medical imaging, focusing only on the parts that are relevant for this thesis. 

 

2.2 Previous Literature 

Work on retinal image analysis began a long before deep learning became famous. Previous 

systems concentrated on specified tasks such as finding microaneurysms, exudates, or segmenting 

blood vessels. Majority of these methods used hand-crafted features. Researchers designed filters, 

edge detectors, and texture measures, and then combined those all with standard classifiers like 

SVMs or random forests. These approaches could work well on small, controlled datasets, but they 

are often sensitive to changes in illumination, camera type, or noise. 

With the success of convolutional neural networks in natural image classification, deep learning 

quickly moved into the retinal domain. Many studies applied architectures like VGG-style 

networks, ResNet, DenseNet, and later EfficientNet to problems such as diabetic retinopathy 

grading, glaucoma screening, and AMD detection. A common pattern in these works is to take a 
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model pre-trained on ImageNet and fine-tune it on retinal images. This transfer learning strategy 

usually gives better performance than training from scratch, especially when the medical dataset 

is not very large. 

Several papers report strong results on binary or low-class problems, for example “disease vs. 

healthy” or a small set of severity levels. Multi-class settings with more than four or five categories 

are less common, and when they do appear, they are often focused on a single disease family (for 

example, only diabetic retinopathy stages). Studies that cover a broader range of retinal conditions, 

like the nine-class setup used in this thesis, are fewer in number. 

Augmentation is present in almost all deep learning papers on retinal images, but it is usually 

treated as part of the standard training recipe. Typical transformations include horizontal flips, 

small rotations, and modest brightness or contrast changes. Some recent works also experiment 

with stronger methods such as mixup or cutmix, especially when they want to improve robustness. 

However, most of these studies report only the final performance of their chosen setup. They do 

not systematically compare different augmentation strengths or analyze how each backbone 

responds to these choices. 

There is also a growing interest in lighter models, such as MobileNet and other efficient  

architectures, for deployment on lower-power devices. These models are attractive for screening 

programmes, but the published results often focus on one backbone at a time. Direct comparisons 

between several backbones under the same augmentation and training settings on a multi-class 

retinal dataset are still limited. 

Overall, the literature shows that deep learning is effective for retinal image classification and that 

augmentation is widely used, but it does not clearly answer how augmentation strength should be 

chosen for different models and disease sets. This is the space where the present work aims to 

contribute, by running controlled experiments across four architectures and four augmentation 

levels on a nine-class dataset. 

 

2.3 Summary 

This chapter briefly reviewed how retinal images have been used in earlier research and how the 

field has moved from hand-crafted features to deep learning. Older methods relied on manually 

designed measurements and classical classifiers, which often worked only under specific 

conditions and did not transfer well to new datasets. 

With the arrival of CNNs and transfer learning, models such as ResNet, DenseNet, MobileNet, 

and EfficientNet became the standard choice for retinal image analysis. Most recent studies report 

good performance, especially on binary or low-class problems, and almost all of them use some 

form of image augmentation to fight overfitting on small medical datasets. 
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However, the review also highlighted a gap: augmentation is usually described very briefly, and 

its strength is rarely treated as a parameter to be studied on its own. Direct comparisons across 

multiple backbones and multiple augmentation levels on a multi-class retinal dataset are limited. 

 The work in this thesis is designed to address that point. By training four different models under 

four augmentation settings on a nine-class retinal disease dataset, it aims to provide a clearer 

picture of how augmentation strength interacts with architecture choice. The next chapter explains 

the dataset, preprocessing, models, and training setup used to run these experiments. 
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CHAPTER 3 

METHODOLOGY 

3.1 Introduction 

This chapter has explained how the experiments in this thesis were carried out. It describes the 

dataset, the preprocessing steps, the augmentation settings, the models, and the training procedure. 

The goal is to give a clear picture of what was actually done, so that the results in the next chapter 

are easy to understand and, in principle, possible to reproduce. 

All experiments are based on the same nine-class retinal dataset with 4,500 color fundus images. 

Those data are structured into folders by the name of disease, and each of those folders contains 

with 500 images. The images are loaded using a custom PyTorch dataset class and then those are 

split into training, validation, and test sets while keeping the class balanced intact. 

Before being fed into the models, each image will go through a set of preprocessing steps, 

including resizing and contrast enhancement. On top of this, different augmentation policies are 

applied depending on the experiment: no augmentation, mild, strong, or advanced. These policies 

are implemented with Albumentations and are the main factor being studied in this work. 

There four convolutional backbones are been used: a Custom CNN, DenseNet-121, MobileNetV3-

Large, and EfficientNet-B4. All models are trained and evaluated under standard framework using 

PyTorch also with early stopping, learning-rate scheduling, and class-weighted loss. The 

relaxation of this bankruptcy is going via those components in greater element, beginning from 

the dataset after which moving to augmentation, version design, and the training setup. 

 

3.2 Overall Framework of the Approach 

In this thesis, a simple and consistent workflow was created to allow any changes in performance 

to be attributable primarily to either the model or the augmentation level, with limited influence 

from external or other factors affecting the results. 

The folder structure of the dataset serves as the basis of the initial step for the program to develop. 

The program will then generate an ordered list of all images, along with the classification 

associated with each image, followed by dividing those images into an 80-10-10 stratified random 

distribution of images to use during training, validation, testing. By using one random seed 

throughout the project, all experiments will allow the exact same images to be used during each 

trial. 

For each run, I choose: 
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one backbone model (Custom CNN, DenseNet-121, MobileNetV3-Large, or EfficientNet-B4), 

and 

one augmentation policy (None, Mild, Strong, or Advanced). 

The chosen augmentation is applied only on the training set through Albumentations, while 

validation and test images only go through the basic preprocessing (resize, CLAHE, 

normalization). This keeps the evaluation clean and comparable. 

All runs are handled by the same training loop. The loop takes care of loading batches, moving 

data to the GPU (when available), computing the loss, updating the model, and tracking metrics. 

Early stopping and a learning-rate programmer are used for avoid the wasting epochs when the 

model is stops improving. 

At the end time when each run, the best model checkpoint (based on validation macro-F1) is 

reviewed on the test set. The script saves those accuracy, macro-F1, weighted-F1, and per-class 

statistics into the JSON file that been created. And then repeating this for all 4 models × 4 

augmentation levels gives the 16 results that are later analyzed in the Chapter 4. 

 

 

 

Figure 3.2: Synchronous Augmentation workflow for retinal eye diseases 
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3.3 Dataset and Splitting 

For this work I used a retinal disease dataset that contains 4,500 color fundus images. The structure 

is very straightforward, there is one folder for every disease, and those each folder has 500 images. 

Those nine classes are: 

Central Serous Chorioretinopathy 

Diabetic Retinopathy 

Disc Edema 

Glaucoma 

Healthy 

Macular Scar 

Myopia 

Retinal Detachment 

Retinitis Pigmentosa 

In the code, the dataset class simply walks through these folders, reads the image paths, and assigns 

a numeric label based on the folder name. This creates a list of all images with their corresponding 

class index. Nothing fancy happens at this stage; it is just a clean way to map from directory names 

to integer labels. 

For training and evaluate those models equally, I separate those data into training, validation, and 

test sets using an 80–10–10 ratio. Because every class has exactly 500 images, that means 400 

images are per class for training, 50 for the validation, and 50 for testing. I used a stratified break 

up, so the class balance is preserved in all three units. 

The same random seed is utilized in every time, so the cut up does no longer get modified among 

runs. that is very crucial because it ensures that any distinction in consequences comes from the 

version or the augmentation setting, not from a specific information split. After the indices are 

created, they're wrapped lower back into 3 separate dataset objects, every with its very own rework 
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pipeline (schooling with augmentation, validation and check with out heavy randomness).

 

Figure 3.3: Class-wise distribution of images and stratified 80/10/10 train–validation–test split. 

 

3.4 Preprocessing and Color Handling 

Before any model sees an image, it goes through a small but important preprocessing pipeline. The 

goal is to make the inputs consistent and clean, without doing anything too aggressive that might 

remove useful medical information. 

All of the main experiments in this thesis are done with RGB fundus images. In the code, every 

image is first loaded with OpenCV and then its converted from BGR (OpenCV’s default) to RGB. 

I also apply a CLAHE-based contrast enhancement step. This is done on the luminance channel 

so that local contrast is improved, but the overall color balance of the retina is still preserved. In 

exercise, this assists vessels, lesions, and edges stand out more clearly. 

After that, every image has been rescaled to 224 × 224 pixels. This size was chosen because it 

is the common input resolution for multiple standard CNN backbones and keeps the memory and 

computing cost into control. The same target size is used for all models to keep the comparisons 

fair. 

After the image has resized and enhanced, it is normalized. For the RGB images, Normalization 

tracks the usual ImageNet convention (subtracting a fixed mean and dividing by a fixed standard 

deviation per channel). This is beneficial since the pre-trained backbones that name as: (DenseNet-

121, MobileNetV3-Large, EfficientNet-B4) have been originally trained on ImageNet with that 

normalization. And then we can say finally the image is converted into a PyTorch tensor. Its 

channel order is reorganized to pair the expected [C, H, W] format. 
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There is also an option in the code to load images in grayscale, with CLAHE applied directly to 

the single channel and a simpler normalization. This branch is kept for flexibility, but the main set 

of results reported in this thesis uses the RGB pipeline, since color information is often useful for 

distinguishing between different retinal conditions. 

 

 

Figure 3.4: Example of data from different classes (Central Serous Chorioretinopathy, Diabetic 

Retinopathy, Glaucoma, Macular Scar, Myopia, Retinitis Pigmentosa) 
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3.5 Image Augmentation Strategies 

A key part of this thesis is the way data augmentation is used. Instead of fixing a single set of 

transformations, I defined four different “levels” of augmentation and applied them across all four 

models. This makes it possible to see not only which model performs best, but also how sensitive 

each one is to changes in augmentation strength. 

All augmentation pipelines are implemented using Augmentations and share a common base: 

every image is resized to the target input size and then normalized. On top of that base, different 

transformations are added depending on whether the run is marked as none, mild, strong, or 

advanced. These policies focus on realistic changes that a fundus camera might produce, such as 

flips, small rotations, brightness and contrast variation, blur, and noise.【turn5file0†L17-L27】 

The baseline setup (“no augmentation”) only applies resizing, normalization, and conversion to 

a tensor. It represents the case where the model sees each training image exactly once, with no 

random variation. The other three setups gradually increase the amount and complexity of the 

transformations. Mild augmentation introduces only a few light changes, strong augmentation adds 

more geometric and color variation, and the advanced policy combines several effects such as blur 

choices, local dropout, and hue–saturation shifts.【turn5file0†L29-L39】【turn5file1†L9-L18】 

Augmentation is carried out handiest to the education set. The validation and check units use the 

same primary preprocessing defined in advance however no random spatial or colour 

modifications. This way, the take a look at consequences replicate how the version behaves on 

solid, smooth pictures, at the same time as the training method nevertheless advantages from 

seeing greater various examples. the following subsections describe every augmentation stage in 

greater element. 

3.5.1 Augmentation Ladder 
On this work, I used 4 degrees of augmentation. I think about them as an “augmentation ladder”: 

we start and not using a augmentation at the bottom and move up via Mild, Strong, and Advanced. 

The concept is to see how each step on this ladder influences the models. 

Baseline (No Augmentation): 

On the minimal step, the model fails to get any more alternate. The images long gone via to 

handiest the number one preprocessing: assessment improvement, resize to 224×224, 

normalization, and conversion to a tensor. There aren't any random flips, rotations, or shade 

modifications. This setup demonstrates how properly each backbone can do while it handiest sees 

the real dataset. 

Mild Augmentation: 

The next step adds light, safe changes. Here the image that is for training can be randomly flipped 

or rotated a little, and their brightness or contrast can be changed slightly. These edits are small on 
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purpose. They mimic normal differences between fundus captures without distorting the anatomy 

too much. Mild augmentation mainly helps the model avoid memorizing very specific positions 

or lighting. 

Strong Augmentation: 

On third step, the changes become further visible. In extension to the mild changes, the images 

can rotate more, blurred slightly, or shifted in brightness and contrast to a strongest degree. This 

exposes the model to a wider variety of appearances. The risk here is that, if pushed too far, 

important patterns around the optic disc or macula may start to look less realistic. 

Advanced Augmentation: 

On the pinnacle of the ladder is the superior setup. This combines several adjustments from the 

strong stage and can encompass heavier coloration shifts or nearby dropout–fashion outcomes that 

eliminate small components of the picture. The aim is to definitely test how strong a model can 

end up while educated on quite varied inputs. In my experiments, this level helped MobileNetV3 

loads, however it changed into no longer usually the first-rate preference for each model. 

 

For all four levels, the rule is the same: augmentation is applied only to the training set. The 

validation and test images use only the basic preprocessing, with no random changes. This way, 

the comparison between augmentation levels is fair, and the test results always reflect 

performance on clean, stable images. 
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Figure 3.5: Example of the augmentation ladder applied to a retinal fundus image 

 

3.6 Deep Learning Models 

This thesis uses four different convolutional backbones. The idea was to mix one custom model 

with three popular pre-trained architectures, and then see how each of them reacts to the same 

dataset and the same augmentation ladder. 

The first model is a Custom CNN that I implemented myself. It is built only for this project and 

does not use any external pretraining. This model is useful as a baseline to see what can be achieved 

with a simpler, task-specific design. 

The other three models—DenseNet-121, MobileNetV3-Large, and EfficientNet-B4—are 

standard architectures that are widely used in computer vision. In my code, they are loaded with 

ImageNet weights and then adapted to predict the nine retinal classes. This transfer learning 
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approach lets the models start from a good set of generic features and then specialize to fundus 

images. 

All four models share the similar result layer style: they create logits for the nine classes. Also, the 

training loop has been applied a cross-entropy loss on top. They all are trained with the same 

optimizer type, planner, and early stopping logic. so, the main variances in performance come from 

their architecture. Then we can see how well they make use of the different augmentation strengths. 

 

3.6.1 Custom CNN 
The first model I used is a Custom CNN that I wrote myself for this project. I wanted one model 

that is fully mine, without any pre-trained weights, so I can see how a basic design performs on 

the nine retinal classes. 

The idea of the model is straightforward: it takes a 224×224 RGB image and passes it through a 

few convolution layers, with batch norm and activation in between. I also added some residual 

blocks, so the network can pass information forward more easily and not “forget” useful features. 

As the image goes deeper in the network, the feature maps became smaller and at the same time 

the number of channels increase, so the model can move from simple patterns like edges to more 

complex retinal structures. 

At the end, the model uses an adaptive average pooling layer to squeeze everything into a single 

feature vector, and then a small fully connected layer that outputs the scores for the nine classes. 

It is much lighter than DenseNet, MobileNetV3, or EfficientNet, and it works as a clear baseline 

to match how much the larger pre-trained models actually help. 

 

3.6.2 DenseNet-121 
In here the second model I used in this project is DenseNet-121. I chose it because it’s a common 

backbone in many types image classification papers, and I wanted to see how it performs on my 

retinal dataset. 

In my code, I loaded the pre-trained ImageNet version of DenseNet-121. Then i only change 

the last layer. So, that it outputs nine classes rather than original 1000. After that everything else 

in the architecture stays the same. Through training, I fine-tune the whole network on my fundus 

images, not just the last layer. 

One unique thing about DenseNet is that it can connects multiple layers together, so later layers 

can reuse features from earlier ones. I did not change how this works internally; I just applied the 

standard execution. In my experiments, DenseNet-121 usually behaved like a strong, stable model, 

and also it gave me a good point of comparison against my Custom CNN and the lighter 

MobileNetV3. 
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3.6.3 MobileNetV3-Large 
The third model that I used is MobileNetV3-Large. I chose it because it is a small and fast 

network, and I was curious how a light model would do on a kind of retinal dataset. 

In the code, I loaded the ImageNet pre-trained version and only modify the last layer so that it 

outputs the nine classes. After that, I fine-tune the entire model on my fundus images, and used 

the same training setup as for the other models. 

MobileNetV3 is designed to be efficient. It has fewer parameters and is easier to run on weaker 

hardware. Even though it is small, it still learned good features in my experiments. In fact, with 

the advanced augmentation setting, MobileNetV3 gave the best overall results among all the 

models I tested. 

 

3.6.4 EfficientNet-B4 
The last fourth model I used is EfficientNet-B4. I added it because it is known for having an 

excellent balance between the accuracy and model size. 

Like the others pre-trained models, I started from the ImageNet version of EfficientNet-B4. Then 

change the last layer to output nine classes. After that, I fine-tune it on the same training set, with 

the similar preprocessing and augmentation ladder. 

EfficientNet scales depth, width, and resolution in a symmetrical way. I did not modify this scaling; 

I just used the standard B4 variant. In my results, EfficientNet-B4 often came close to DenseNet-

121, and with strong augmentation it performed very competitively. 

 

3.7 Training and Evaluation Setup 

For those all experiments, I always tried to keep the training setup as stable as possible. So that the 

main changes come from the model and the augmentation level. And not from a random change 

in settings. 

At first, I run the code in PyTorch, using GPU when its available and CPU for fallback. Then I 

trained the model mainly on a machine with an NVIDIA GPU, but for make things flexible I added 

the CPU option also. The code can also run-on the CPU with the same logic, just slower. 

For each run, I used: 

Epochs: 40 



19                                                                                               ©Daffodil International University 

 

Batch size: 16 

Learning rate: 1e-4 

Weight decay: 1e-4 

Optimizer: AdamW 

Scheduler: ReduceLROnPlateau (triggered by validation loss) 

These values are coming from the default arguments in main.py. I let them all the same over 16 

runs so that the comparison stands fair. 

When we start the training, the loop will do the common steps: load the batch, then move it to the 

device, then run a forward pass, after that compute the cross-entropy loss, then backpropagate, and 

at last update the weights. Also, here I used gradient clipping (max norm 1.0) to avoid blasting 

gradients on any of those models. After all this at the end Validation will every epoch on the 

validation set. That uses no heavy augmentation. 

An early stopping mechanism observes on the validation loss. If the model stops improving for 

multiple epochs (patience = 10), the training will be stopped. Then the best model weights will be 

saved. After that, I load this best checkpoint and review it once on the test set. 

For last review, I also record accuracy, macro-F1, weighted-F1, and per-class precision, recall, 

and F1-score. These numbers are going to be saved into the JSON files for each run. 

 

3.8 Implementation and Reproducibility 

In this project i implemented the Python using PyTorch as the main deep learning framework. The 

code is structured in a simple way. So that every part of the pipeline has its own place. The main 

script (main.py) is mainly responsible for read the command-line arguments. Then set the device 

(CPU or GPU), then load the data, after load creating the model, and then start the training and 

evaluate the process. 

The helping functions are kept inside the utils folder. The data loader, augmentation, and training 

utilities are applied in the files such as dataloder.py, augmentation.py, and evaluation.py. These 

files control tasks like reading an image from a folder, applying those augmentation policy, 

creating the data loaders, computing the metrics, saving reports, and managing early stopping. 

All model definitions are stored in the model’s folder. This comprises the Custom CNN and the 

three pre-trained backbones (DenseNet-121, MobileNetV3-Large, and  
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EfficientNet-B4). The file modelengine.py allows a single interface to load the accurate model 

based on the name approved from the command line. This makes things easy to switch between 

models without modifying the rest of the code. 

The training formation, such as the name of the model, augmentation type, number of epochs, 

input size, and data path. It passed as arguments when running the script. For example, one typical 

run uses a command where I select the dataset path, the model (for example mobilenetv3) and the 

augmentation type (for example advanced). This style allows me to repeat the same experiment 

later. Or it just changes just one setting at a time. 

To keep the results consistent, I fixed various elements. Random seeds are set for the Python, 

NumPy, and PyTorch so that the data split and weight initialization remain steady over runs. The 

train, validation, and test sets follow the same 80–10–10 stratified split in each experiment. For 

every single run, the best model checkpoint according to validation performance will be saved. 

The final test metrics will be written into a JSON file. 

With this setup, anyone who has the same code, dataset, and environment configuration should be 

able to rerun these experiments and get very similar results. 
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CHAPTER 4 

RESULTS AND DISCUSSION 

4.1 Introduction 

This chapter presents the results of the experiments and discusses what they mean. In total, I ran 

sixteen different models by combining four backbones (Custom CNN, DenseNet-121, 

MobileNetV3-Large, EfficientNet-B4) with the four augmentation levels from the augmentation 

ladder (None, Mild, Strong, Advanced). All of them were trained on the same train–validation–

test split, using the same training setup described in Chapter 3. 

The main intention here isn't always just to reveal which version were given the very best accuracy, 

but to recognize a few things: how augmentation power impacts performance, which models 

benefit the maximum from augmentation, and which lessons remain difficult in spite of sturdy 

fashions. for this reason, I cognizance totally on metrics like accuracy, macro-F1, and in keeping 

with-magnificence performance in place of only looking at a unmarried wide variety. 

Inside the next sections, I first look at the baseline performance without augmentation. Then I 

evaluate how every version behaves as the augmentation degree will increase from mild to 

superior. After that, I highlight the pleasant-performing aggregate, which in this case seems to be 

MobileNetV3 with superior augmentation and speak why it can be operating better than the others. 

ultimately, I comment on some class-smart patterns, together with why glaucoma stays one in all 

the tougher classes across several fashions. 

4.2 Baseline Results (No Augmentation) 

Now for no augmentation on the first step, I trained all the four models without any augmentation. 

There, the images only go through the simple preprocessing (CLAHE, resize to 224×224, 

normalization). There are no random flips, rotations or color changes. This gives a “pure” view of 

how each model behaves on the original dataset. The baseline results are: 

Model Accuracy Macro-F1 

Custom CNN 0.8133 0.8166 

MobileNetV3-Large 0.8044 0.8027 

DenseNet-121 0.8356 0.8366 

EfficientNet-B4 0.8333 0.8312 
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From this table, little simple points are easy to see: 

DenseNet-121 has given the best baseline, with an accuracy around 0.84 and macro-F1 around 

0.84. 

EfficientNet-B4 is quite close behind DenseNet with a 0.83 range. 

The Custom CNN sits in the middle, with macro-F1 around 0.82, which is quite decent for a model 

built from scratch. 

MobileNetV3-Large has the lowest baseline numbers (around 0.80 accuracy and macro-F1), 

however in destiny we are able to see, it improves loads as soon as more potent augmentation is 

used. 

Ordinary, the baseline runs verify what we would assume: large pre-skilled models (DenseNet-

121 and EfficientNet-B4) begin strong even with out augmentation. The custom version does ok, 

but it cannot fully match the massive backbones. 

MobileNetV3 looks weaker at this stage, but this changes later when augmentation is added. These 

baseline numbers are important, because they are the reference point. In the next sections, I 

compare how each model’s performance changes when I move from no augmentation to mild, 

strong, and finally advanced augmentation. 

 

4.2.1 Custom CNN Baseline Results 
 

The Custom CNN, which I built specifically for this project without any pre-trained weights, 

reaches an accuracy of about 0.813 and a macro-F1 of about 0.817 in the baseline setting. 

This is a fair result for a handed-designed model trained from the scratch. It shows that even a 

relatively simple CNN can learn useful patterns. From a 4,500-image small dataset. However, it 

still drops barely behind the heavier pre-trained backbones. There which have the advantage of 

starting from ImageNet features. 

The Custom CNN serves as a good reference: it tells me what is possible with a pure task-specific 

architecture, before adding the power of large pre-trained models or strong augmentation. 
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Figure 4.2.1: Custom CNN Baseline Results (confusion matrix, accuracy curve, loss curve) 

 

4.2.2 DenseNet-121 Baseline Results 
 

DenseNet-121 has given the stronger baseline among all the four models. Without any 

augmentation, it reached an accuracy of about 0.836 and a macro-F1 of about 0.837. 

These numbers reveal that the DenseNet-121 can already handle the nine-class retinal task quite 

well using only basic preprocessing. The dense connections inside the network help it reuse 

features and make good use of the limited data. 

Because of this strong starting point, DenseNet-121 works as a kind of “upper bound” baseline in 

my experiments. Later, when I add Mild, Strong, and Advanced augmentation, I compare the gains 

or drops against this already solid performance. 
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Figure 4.2.2: Densenet121 Baseline Results (confusion matrix, accuracy curve, loss curve) 

 

4.2.3 MobileNetV3-Large Baseline Results 
 

MobileNetV3-Large has the poor baseline performance of four models. In without augmentation 

setting, it hits an accuracy of about 0.804 and a macro-F1 of about 0.803. 

This do not mean that MobileNetV3 is a bad model. It is a lightweight architecture designed mainly 

for efficiency. With no augmentation, it does not see much variation in the training set, so it cannot 

fully show its potential. 

As the later results confirm, MobileNetV3 improves a lot once stronger augmentation is turned on, 

especially at the Advanced level. So the lower baseline here is more like a starting point before 

augmentation helps it catch up and even outperform the other models. 
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Figure 4.2.3: MobileNetV3-Large Baseline Results (confusion matrix, accuracy curve, loss 

curve) 

 

4.2.4 EfficientNet-B4 Baseline Results 
 

EfficientNet-B4 as well as achieve well in the baseline setting. With no augmentation, 

EfficientNet-B4 achieves an accuracy of about 0.833 and a macro-F1 of about 0.831, which is very 

close to DenseNet-121. 

This suggests that EfficientNet-B4, even with only basic preprocessing, can learn strong features 

for this multi-class retinal problem. It confirms that modern pre-trained backbones adapt well to 

fundus images, even when the dataset is relatively small. 

In later sections, I compare how EfficientNet-B4 reacts to stronger augmentation. For now, its 

baseline performance shows that it is a solid model, slightly behind DenseNet-121 but clearly 

ahead of the Custom CNN and MobileNetV3 in the no-augmentation case. 
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Figure 4.2.4: EfficientNet-B4 Baseline Results (confusion matrix, accuracy curve, loss curve) 

 

4.3 Effect of Image Augmentation on Model Performance 
In the next step, I looked at what happens when I turn on augmentation and slowly increase its 

strength from Mild → Strong → Advanced. Here I focus mainly on the macro-F1 score, because 

it treats all nine classes equally and is less biased by “easy” classes. 

The summary of the three pre-trained models is shown below: 

Model vs. Augmentation (Macro-F1, roughly) 

DenseNet-121: 

None: ≈ 0.84 

Mild: ≈ 0.84 (slightly higher than none) 

Strong: ≈ 0.83 

Advanced: ≈ 0.82 

EfficientNet-B4: 

None: ≈ 0.83 



27                                                                                               ©Daffodil International University 

 

Mild: ≈ 0.82–0.83 

Strong: ≈ 0.84 (best for this model) 

Advanced: ≈ 0.83 

MobileNetV3-Large: 

None: ≈ 0.80 

Mild: ≈ 0.83 

Strong: ≈ 0.84 

Advanced: ≈ 0.877 (best overall across all runs) 

For the custom CNN, the picture is specific. It plays great with out a augmentation (macro-F1 

around 0.eighty two), and the moderate, strong, and advanced settings do not supply a clear 

development. In some instances, heavier augmentation makes it barely worse. This suggests that 

the custom model does no longer have as plenty ability to take gain of robust alterations as the 

larger pre-educated models. 

From these results, some patterns are clean: 

DenseNet-121 likes moderate augmentation the maximum. when the differences end up too robust, 

its performance starts to drop a bit. 

EfficientNet-B4 blessings maximum from sturdy augmentation. It wishes extra variation than 

DenseNet-121, but no longer as an awful lot as the whole superior putting.’ 

MobileNetV3-large gains lots from augmentation. Its macro-F1 keeps going up as we move from 

None → mild → strong → advanced. It absolutely wishes augmentation to reach its full ability. 

Custom CNN does now not certainly benefit from heavy augmentation. it works fine with clean 

records and primary preprocessing. 

Average, augmentation helps the pre-trained models, but now not within the identical way. 

DenseNet-121 prefers a gentle push (mild), EfficientNet-B4 sits in the middle (strong), and 

MobileNetV3 needs the strongest push (advanced). This suggests that augmentation power is not 

a “one size fits all” preference; it relies upon loads at the architecture. 

Subsequent, we are able to look at which model–augmentation combination is the first-rate basic 

and what that means for this dataset. 
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4.3.1 Mild Augmentation Results 
In this component, I simplest compare baseline (no augmentation) vs slight augmentation for all 

four models. moderate augmentation in my code manner small, practical adjustments: mild flips, 

slight rotations, and gentle brightness/evaluation modifications. not anything too loopy yet. 

For make things clear here are the numbers (rounded): 

Model 
Accuracy 

(None) 

Macro-F1 

(None) 

Accuracy 

(Mild) 

Macro-F1 

(Mild) 

Change in 

Macro-F1 

Custom CNN 0.81 0.82 0.67 0.66 –0.16 (down) 

DenseNet-121 0.84 0.84 0.84 0.84 
+0.00 to +0.003 

(slight up) 

MobileNetV3-

Large 
0.80 0.80 0.83 0.83 +0.03 (up) 

EfficientNet-B4 0.83 0.83 0.83 0.82 
–0.01 (slight 

down) 

From this table, we can clear out somethings : 

For the custom CNN, moderate augmentation sincerely makes matters worse. 

Macro-F1 drops from about 0.82 → 0.66, and accuracy additionally falls loads. 

This indicates the simple custom version struggles when the images are changed, even slightly. It 

appears to “like” more strong, clean inputs. For DenseNet-121, slight augmentation offers a tiny 

improvement. 

Macro-F1 goes from about 0.836 → 0.839. 

The alternate is small, but it indicates DenseNet can benefit a piece from greater variant without 

being harassed by it. 

For MobileNetV3-massive, slight augmentation enables absolutely. 

Macro-F1 increases from about 0.80 → 0.83. 

That is the primary signal that MobileNetV3 really needs augmentation to polish. With best 

moderate modifications, it already jumps closer to the heavier models. 

For EfficientNet-B4, mild augmentation is barely terrible. 

Macro-F1 is going from about 0.83 → 0.82. 

The drop is small, but it suggests that even mild modifications are not routinely helpful for every 

backbone. 
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Common, slight augmentation is not a customary win: 

It helps DenseNet-121 a piece and enables MobileNetV3 pretty well.It barely adjustments 

EfficientNet-B4 and in fact hurts the custom CNN. 

This helps one of the most important ideas of your thesis: 

The impact of augmentation relies upon lots on the model, now not simply at the dataset. Within 

the next sections (strong and superior), this pattern becomes even clearer, specially for 

MobileNetV3.

Figure 4.3.1: Mild Augmentation Results of all models (confusion matrix) 
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4.3.2 Strong Augmentation Results 
 

On this step, I move one level higher on the augmentation ladder: from slight to sturdy. 

Sturdy augmentation makes use of extra considerable changes than mild – larger rotations, stronger 

brightness/contrast shifts, and extra effects like blur or noise. The concept is to offer the version 

loads greater variety, however still maintain the pictures practical sufficient for retinal diagnosis. 

To preserve things clean to see, here is a summary (values rounded): 

Macro-F1 comparison (None → Mild → Strong) 

Model 
None (Macro-

F1) 

Mild (Macro-

F1) 
Strong (Macro-F1) 

Custom CNN ~0.82 ~0.66 
~0.80 (improves, but still below 

None) 

DenseNet-121 ~0.84 ~0.84 ~0.83 

MobileNetV3-

Large 
~0.80 ~0.83 ~0.84 

EfficientNet-B4 ~0.83 ~0.82 ~0.84 

You can imagine these trends like this: 

DenseNet-121: small bump at Mild, then a slight drop at Strong 

EfficientNet-B4: best at Strong 

MobileNetV3: keeps going up as we increase augmentation 

custom CNN: hates mild, recovers incredibly at sturdy, however still likes “no aug” greater right, 

here’s what this means in plain phrases: 

Custom CNN 

For the custom CNN, strong augmentation definitely fixes a number of the damage executed by 

using slight. With mild augmentation, performance dropped a lot. With strong, the macro-F1 

climbs lower back up to around 0.80, however it nevertheless does now not pretty reach the 

unique no-augmentation score (around zero.82). 

 

So for this simple model: 

None > Strong >> Mild 
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It seems the custom network is sensitive: too little or noisy variation hurts it, and it never fully 

benefits from aggressive transforms the way the larger models do. 

DenseNet-121 

DenseNet-121 behaves in a more stable way. 

Baseline (None): ~0.84 macro-F1 

Mild: a tiny improvement 

Strong: drops slightly to around 0.83 

So, for DenseNet-121: 

Best is around Mild, 

Strong is still good but not better than the softer setting. 

This suggests that DenseNet already has enough capacity and does not need very strong 

augmentation; after a point, extra distortion starts to hurt more than it helps. 

MobileNetV3-Large 

MobileNetV3 really likes stronger augmentation: 

None: ~0.80 

Mild: ~0.83 

Strong: ~0.84 

So with Strong augmentation, MobileNetV3 becomes competitive with DenseNet-121 and 

EfficientNet-B4, even though it is a much lighter model. This is an important observation: 

A small, efficient model can catch up to heavier ones if the augmentation is rich enough. 

EfficientNet-B4 

For EfficientNet-B4, Strong augmentation is actually the best point: 

None: ~0.83 

Mild: ~0.82 

Strong: ~0.84 

(Advanced later drops slightly again) 

So, EfficientNet-B4 needs more than Mild, but does not fully enjoy the most aggressive 

transformations. Strong gives it the right balance between variation and structure. 

 

Takeaway from Strong augmentation 

Strong augmentation is very good for MobileNetV3 and EfficientNet-B4. 
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For DenseNet-121, it is “okay” but not better than Mild. 

For custom CNN, it is higher than mild, however nevertheless cannot beat the easy no-

augmentation case. 

This reinforces your middle concept: 

The “right” augmentation strength is different for each model. 
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Figure 4.3.2: Strong Augmentation Results of all models (confusion matrix) 

 

4.3.3 Advanced Augmentation Results 
Now we pass to the pinnacle step of the augmentation ladder: superior augmentation. that is the 

heaviest putting in my experiments. It combines more potent geometric modifications, blur/noise, 

and extra substantive shade/brightness shifts. The purpose right here is to truly test how a good 

deal variation every model can handle earlier than performance starts to drop. 

To see the impact absolutely, here's a easy contrast between robust and advanced (macroF1, 

rounded): 

Model Strong (Macro-F1) Advanced (Macro-F1) What happens? 

Custom CNN ~0.80 ~0.80 Almost no change 

DenseNet-121 ~0.83 ~0.82 Slight drop 

EfficientNet-B4 ~0.84 ~0.83 Slight drop 

MobileNetV3-Large ~0.84 ~0.87 Best result overall 

You can think of it like this: 

Custom CNN 

The custom CNN does now not genuinely benefit from advanced augmentation. 

With strong, it recovers to round 0.80 macro-F1, and with superior, it remains around the identical 

stage, without any clear advantage. 

This fits the earlier pattern: the custom version prefers cleaner, extra solid inputs and cannot 

completely take gain of heavy alterations. 

DenseNet-121 

DenseNet-121 plays satisfactory round mild, and by the time we attain superior, its macro-F1 

slips a bit. 

Strong: ~0.83 

Advanced: ~0.82 

This suggests that, for DenseNet, too much distortion starts to harm great details that it makes 

use of two separate comparable classes. 

EfficientNet-B4 

EfficientNet-B4’s peak is at strong augmentation. 

Strong: ~0.84 
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Advanced: ~0.83 

The drop is small, however it indicates that the version does now not want the most competitive 

putting. Strong appears to present it enough variation with out overdoing it. 

MobileNetV3-Large 

 

MobileNetV3 is the big winner at the advanced level. 

Strong: ~0.84 

Advanced: ~0.87 macro-F1, ~0.87 accuracy 

 

This mixture (MobileNetV3 + Advanced) is the exceptional bring about all sixteen experiments. 

It shows that this lightweight model sincerely blessings from seeing many extraordinary 

augmented variations of the facts. The stronger the augmentation (up to Advanced), the better it 

generalizes at the test set. 

 

Key takeaways from Advanced augmentation: 

Advanced augmentation does not help every model. 

Custom CNN: almost no benefit. 

DenseNet-121 and EfficientNet-B4: small decrease compared to their best level. 

Advanced augmentation helps MobileNetV3 the most, pushing it past the heavier models. 

So, one of the main messages of this thesis is confirmed again: 

The “best” augmentation strength is model-dependent. 

DenseNet-121 → prefers Mild 

EfficientNet-B4 → prefers Strong 

MobileNetV3 → reaches its best with Advanced 
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Figure 4.3.1: Advance Augmentation Results of all model (confusion matrix) 
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4.3.4 Summary Comparison Across Augmentation Levels 
In here I put everything together and compare how every model behaves. Across all four 

augmentation levels (None, Mild, Strong, Advanced). Rather than looking at every number in 

detail, the main focus is on the best setting for each model. Also, how they grade against each 

other. 

This table shows, for each model, the augmentation level that gave the highest macro-F1 score 

(values rounded): 

Best result per model 

Model Best Augmentation Accuracy (Best) Macro-F1 (Best) 

Custom CNN None ≈ 0.81 ≈ 0.82 

DenseNet-121 Mild ≈ 0.84 ≈ 0.84 

EfficientNet-B4 Strong ≈ 0.84 ≈ 0.84 

MobileNetV3-Large Advanced ≈ 0.87 ≈ 0.87 

From this table, a few clear patterns appear: 

Custom CNN works best without no augmentation. Adding Mild, Strong, or Advanced 

augmentation never really beats the clean baseline. This suggests that the custom model prefers 

stable inputs and does not have enough capacity to fully benefit from heavy variation. 

DenseNet-121 reaches its best performance with Mild augmentation. A small amount of 

randomness helps it generalize better, but Strong and Advanced start to hurt slightly, probably 

because they distort fine details that the model relies on. 

EfficientNet-B4 peaks at Strong augmentation. It needs more variation than DenseNet-121 to 

reach its best performance, but it does not gain further from the most aggressive Advanced setting. 

MobileNetV3-Large is the opposite of the Custom CNN: it keeps improving as augmentation gets 

stronger. Its best result is with Advanced augmentation, where it slightly beats all other models in 

both accuracy and macro-F1. 

 

If we put it in one simple sentence: 

Custom CNN → best with no augmentation 

DenseNet-121 → best with Mild 

EfficientNet-B4 → best with Strong 

MobileNetV3-Large → best with Advanced 
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This comparison supports one of the main ideas of the thesis: 

augmentation strength should not be chosen blindly. The “right” level depends on the architecture, 

not just on the dataset. In the next section, I look at this more directly by comparing the custom 

model against the transfer learning models, and then comparing the three pre-trained backbones 

with each other. 

 

4.4.1 Custom CNN vs Transfer Learning Models 
 

In here, I compare the Custom CNN with the rest three transfer learning models (DenseNet-121, 

MobileNetV3-Large, EfficientNet-B4) over the different augmentation levels. The target is how 

a model trained from scratch behaves versus models that start from ImageNet weights. 

This table gives a summary of macro-F1 scores for each model at each augmentation level 

(values rounded): 

Model None Mild Strong Advanced 

Custom CNN ~0.82 ~0.66 ~0.80 ~0.80 

DenseNet-121 ~0.84 ~0.84 ~0.83 ~0.82 

EfficientNet-B4 ~0.83 ~0.82 ~0.84 ~0.83 

MobileNetV3-Large ~0.80 ~0.83 ~0.84 ~0.87 

From this table, a few clear patterns appear: 

The Custom CNN that I used with no augmentation is most comfortable. 

When I add Mild augmentation, performance has dropped a lot. Strong and Advanced 

augmentation help recover some of that loss, but they never clearly beat the original no-

augmentation score. This help to understand that the custom version struggles to address massive 

variation in the schooling images also prefers purifier, greater strong inputs. 

The switch studying models act very in another way. 

Even at the Nonlevel, DenseNet-121 and EfficientNet-B4 are already beforehand of the custom 

CNN, way to their pre-educated capabilities. On top of that, they also can make better use of 

augmentation: 

DenseNet-121 gets a small increase with Mild. 

EfficientNet-B4 reaches its quality with Strong. 

MobileNetV3 continues improving and peaks at Advanced. 
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The distance among custom CNN and switch models grows as augmentation becomes extra 

beneficial. 

At “None”, the custom CNN is not that a ways at the back of the big pre-skilled models. however 

at their quality settings (mild/strong/advanced), all three switch gaining knowledge of fashions 

honestly outperform it. This shows that pre-skilled backbones are not only stronger at baseline, 

however additionally more capable of exploiting augmented facts. 

In easy terms, the custom CNN works as an awesome baseline for this dataset, but it does not scale 

as properly once I boom augmentation energy. The transfer studying models, especially 

MobileNetV3 and EfficientNet-B4, are a good deal better at turning heavy augmentation into 

actual performance profits. 

 

4.4.2 MobileNetV3 vs EfficientNet-B4 vs DenseNet-121 
 

In this component, I attention handiest at the 3 transfer gaining knowledge of fashions and examine 

them immediately: 

DenseNet-121, EfficientNet-B4, and MobileNetV3-huge. The custom CNN is unnoticed right 

here, as it particularly serves as a baseline. 

The desk below shows the nice result for every model (macro-F1 and accuracy, rounded), using 

its high-quality augmentation degree: 

satisfactory result for each transfer version 

Model Best Augmentation Accuracy Macro-F1 

DenseNet-121 Mild ~0.84 ~0.84 

EfficientNet-B4 Strong ~0.84 ~0.84 

MobileNetV3-Large Advanced ~0.87 ~0.87 

From this, a few points are clear: 

First, DenseNet-121 could be very strong and strong. It already performs well with out 

augmentation, and with mild augmentation it reaches around 0.eighty four macro-F1. after I push 

augmentation to strong or superior, it does now not improve in addition and even drops a little. So 

DenseNet does high-quality with a gentle degree of augmentation 

Second, EfficientNet-B4 comes. Its best performance comes with Strong augmentation, where it 

also reaches around 0.84 macro-F1. Mild is not enough for it, and Advanced does not clearly 

improve it either. Strong seems to be the “sweet spot” for this model. 



39                                                                                               ©Daffodil International University 

 

Third, MobileNetV3-Large starts as the weakest at the baseline (around 0.80 macro-F1 with no 

augmentation), but it keeps improving as I move up the augmentation ladder. With Advanced 

augmentation, it reaches about 0.85 macro-F1 and 0.85 accuracy, which is the best overall result 

across all three models and all settings. 

So, if we compare them in a simple way: 

DenseNet-121: strong and steady, best with Mild. 

EfficientNet-B4: strong, best with Strong. 

MobileNetV3-Large: best overall when paired with Advanced augmentation. 

This comparison shows that there is no single “best” backbone by itself. A lighter model like 

MobileNetV3 can match or even beat heavier models like DenseNet-121 and EfficientNet-B4 if it 

is trained with a stronger and well-designed augmentation strategy. 

 

4.5 Best Overall Model and Global Comparison 

From all 16 experiments, the best-performing setup is: 

MobileNetV3-Large with Advanced augmentation 

Using the updated results, this run reaches: 

Accuracy: 0.8778 (≈ 0.878) 

Macro-F1: 0.8771 

Weighted-F1: 0.8771 

This is higher than any other combination of model + augmentation. The confusion matrix for this 

run shows almost perfect recognition for several classes (Disc Edema, Retinal Detachment, Central 

Serous Chorioretinopathy, Retinitis Pigmentosa) and still weaker performance for Glaucoma, 

which matches the per-class F1-scores. 

The loss and accuracy curves of this model are also quite stable. As we can see the training loss 

and validation loss both go down smoothly at the beginning, and then there is only a small gap 

between them near the end. which means limited overfitting. The train and the validation accuracy 

both climb quickly over 0.80 and then slowly approach the final value around 0.88. Overall, the 

curves assist that the model is learning in a healthy way. 

Here in this table, I summarize the best run for each model, together with its preferred 

augmentation level. 
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Model Best Augmentation Accuracy Macro-F1 Weighted-F1 

Custom CNN None 0.813 0.817 0.817 

DenseNet-121 Mild 0.838 0.839 0.839 

EfficientNet-B4 Strong 0.836 0.836 0.836 

MobileNetV3-Large Advanced 0.878 0.877 0.877 

 

From this table we can see: 

The Custom CNN performs best with no augmentation and stays clearly behind the transfer 

learning models. 

Then DenseNet-121 favors Mild augmentation and reaches around 0.84 macro-F1. 

EfficientNet-B4 peaks with Strong augmentation, also it close to 0.84 macro-F1. 

MobileNetV3-Large with the Advanced augmentation is top performer, with accuracy and F1-

scores around 0.88. 

So, even though MobileNetV3 is the lightest backbone, it becomes the best model when it is 

combined with a strong augmentation strategy. This supports one of the main points of the thesis: 

the choice of augmentation strength should be model-specific, and a well-tuned lightweight model 

can outperform heavier networks on this retinal dataset. 
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Figure 4.5: MobileNetV3-Large advanced result (Confusion Matrix, Accuracy curve, Loss 

curve) 

4.6 Limitations of the Study 

 

Even though the outputs are encouraging, this study also has many limitations that are important 

to mention. 

Firstly, all the experiments that I did are done on one dataset with 4,500 images and nine classes. 

The data are balanced, but they still came from a single source. Here I did not test the models on 

any other images from other hospitals, cameras, or countries. Because of that, I cannot be fully 

sure that how well the best model would be work on completely latest data. 

Secondly, I use one fixed train–validation–test split. This is good for fair comparison between 

models and augmentation levels. At the same time, it also means that all results depend on that 

specific split. I did not run cross-validation or repeat the experiments with various random splits, 

mainly to keep the work manageable in terms of time and compute. 

Thirdly, the evaluation in this thesis paper. It is based only on classification metrics such as 

accuracy, macro-F1, weighted-F1, and per-class scores. I didn’t not look at the calibration, 

uncertainty, or robustness to changes in image quality. In a real medical setting, these extra 

features would also matter for the safety and trust. 

Then another limitation is that I only tested those four models: one custom CNN and three 

ImageNet pre-trained backbones (DenseNet-121, MobileNetV3-Large, EfficientNet-B4). There 

are many other choices, like newer CNNs or vision transformers. Which might react to 
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augmentation in different ways. So, the styles I have a look at right here are logical for those four 

fashions, however they may not preserve for each structure. 

Eventually, there may be no clinical assessment of the errors. I examine those misclassifications 

via numbers and the confusion styles, however I did now not work with an eye fixed expert. So, I 

can not take a look at which cases were clinically suited or specifically risky. That sort of 

professional remarks would supply a deeper know-how of wherein the model fails and why it has 

took place. 

Standard, the ones boundaries suggests that this thesis is a start line, not a very last answer. The 

effects are helpful for understanding that how the augmentation electricity affects. There are a 

few not unusual backbones in this dataset. We want to work more with extra statistics, extra 

fashions, repeated splits, and clinical input to turn this into a completely dependable screening 

device. 

4.7 Future Work 

Absolutely, there are some things I wanted to do on this undertaking but couldn’t. ordinarily due 

to the time and assets. these is probably desirable ideas for future work. 

first of all, I simplest used one dataset. All 16 experiments are primarily based at the equal 

four,500 images and the same nine training. A clear next step could be to take the best version 

(MobileNetV3 with advanced augmentation) and check it on a one of a kind retinal dataset from 

any other source. That would help check if the version is without a doubt strong, or if it 

particularly discovered the fashion of this unique dataset. 

Secondly, in this thesis I used one constant teach–validation–check split (80–10–10). This 

continues matters simple and honest over all models, but it also way the results would possibly 

depend on that specific cut up. within the future, I would really like to attempt many random 

splits or go-validation and notice if the identical tendencies seem again. 

Some other path is to attempt extra models. here I best labored with one custom CNN and three 

pre-skilled backbones. there are many other options now, like newer CNNs and vision 

transformers. strolling them with the equal augmentation ladder should show whether or not they 

follow the identical pattern or behave in a different way. 

I additionally did not spend a good deal time on provide an explanation for capability. it might be 

beneficial to generate things like Grad-CAM heatmaps and ask a watch professional to take a 

look at them. That manner, we ought to see if the version is focusing on the optic disc, macula, 

or lesions, or if it's far from time to time selecting up the incorrect areas. 

Eventually, given that MobileNetV3 is a small model, it'd be exciting to look at actual 

deployment. for instance, changing it to a cellular-pleasant format and checking how fast it runs 

on weaker hardware. this will move the paintings a chunk in the direction of a real screening tool 

instead of simply staying as an educational test. 
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4.8 Summary 

This chapter presented the results of education four fashions underneath 4 augmentation levels on 

a nine-class retinal disorder dataset and mentioned what those effects suggest. 

First of all, the baseline exams with out augmentation confirmed that the pre-skilled models 

(DenseNet-121 and EfficientNet-B4) start from a stronger function. Then comes the custom CNN 

and MobileNetV3-big. custom CNN gave a truthful baseline for a scratch-constructed model, even 

as MobileNetV3 wanted more assist from augmentation. 

Subsequent, the bankruptcy examined how overall performance modified as the augmentation 

strength increased from None → mild → strong → advance. The analysis showed that 

augmentation does now not have a uniform impact. here the custom CNN worked high-quality and 

not using a augmentation, Then DenseNet-121 peaked at slight, after that EfficientNet-B4 peaked 

at sturdy, and at the final MobileNetV3 endured to enhance as augmentation have become stronger. 

The key end result is that MobileNetV3-huge with superior augmentation performed the pleasant 

usual performance, with accuracy and macro-F1 each around 0.87. which means that a lightweight 

version, when paired with a robust augmentation coverage, can fit, or maybe outperform heavier 

backbones. 

Finally, the evaluation among the custom CNN and the switch studying models showed that pre-

educated networks no longer only perform better at baseline however also make better use of 

augmented records. together, these findings assist the main concept of the thesis: the choice of 

augmentation power should be made in step with version, no longer simply assumed to be the same 

for all architectures. 
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CHAPTER 5 

CONCLUSION 

5.1 Conclusion 

This thesis looked at how one of a kind stages of photograph augmentation have an effect on multi-

elegance retinal sickness prediction while the usage of several deep mastering models. I worked 

with a balanced dataset of 4,500 fundus pictures over 9 lessons. Then skilled 4 fashions:  custom 

CNN, DenseNet-121, MobileNetV3-big, and EfficientNet-B4. For each model, there are 4 

augmentation settings: no augmentation, mild, strong, and advanced. 

The primary result is that pre-trained models absolutely carry out better than the custom version 

general. Even with out augmentation, DenseNet-121 and EfficientNet-B4 started with better 

accuracy and macro-F1 as compared to the custom CNN and MobileNetV3. This confirms that the 

use of ImageNet pretraining is helpful when the dataset isn't very huge, as in this case. 

The second one key finding is that augmentation does now not help all models in the same manner. 

The custom CNN labored excellent and not using a augmentation and did no longer in reality 

benefit from more potent transforms. DenseNet-121 advanced slightly with mild augmentation 

however started to lose performance when augmentation became too robust. EfficientNet-B4 

reached its exceptional effects with robust augmentation. 

The most exciting conduct got here from MobileNetV3-massive. It started as the weaker version 

in no-augmentation putting, but its performance better grade by grade because the augmentation 

became more potent. With the advanced augmentation setting, MobileNetV3-big executed the 

excellent end result among all 16 runs, with both accuracy and macro-F1 round zero.87. This 

suggests that a light-weight version can fit or maybe beat heavier backbones if it's far paired with 

a well-designed, strong augmentation policy. 

Average, the principle end of this work is that augmentation electricity should be chosen in line 

with model, not simply fixed as soon as and carried out to everything. The equal augmentation 

policy can help one backbone and hurt any other. For this dataset, the nice selections had been: 

no augmentation for the custom CNN, mild for DenseNet-121, strong for EfficientNet-B4, and 

superior for MobileNetV3-big. This form of version-precise tuning can be crucial while building 

actual retinal screening systems that want both accuracy and performance. 
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5.2 Contribution 

This thesis makes a few small but clear contributions based on the experiments I ran with retinal 

images, different models, and different augmentation levels. 

Firstly, it provides a controlled comparison of four augmentation strengths (none, mild, 

strong, advanced) across four models (Custom CNN, DenseNet-121, MobileNetV3-Large, 

EfficientNet-B4) on the same nine-class retinal dataset. All runs use the equal split, then the 

same training setup, also same evaluation metrics. This makes simpler to see how much of the 

performance modified comes from the model and how much has comes from the augmentation. 

Secondly, the work shows that the effect of augmentation is model-dependent. It is not just 

a generic “augmentation helps” story. For this dataset, the Custom CNN works best with no 

augmentation, DenseNet-121 is best with mild augmentation, EfficientNet-B4 peaks with strong 

augmentation, and MobileNetV3-Large reaches its highest performance with advanced 

augmentation. This gives a concrete example of why augmentation strength should be tuned per 

model instead of using a single fixed recipe for all backbones. 

Thirdly, the thesis showcases that a light version can compete additionally. Even can beat 

heavier fashions if educated nicely. MobileNetV3-massive has start as the weakest model with 

out augmentation, but in the long run with advanced augmentation it grew to become the high-

quality ordinary, attaining around 0.87 in both accuracy and macro-F1. this is useful for realistic 

settings where hardware is confined. It shows that sturdy performance does not always require 

the heaviest architecture. 

Sooner or later, the undertaking brings a reproducible training pipeline with clean code shape, 

logging, and saved JSON reports for all 16 runs. This makes it achievable for others to rerun the 

same experimentation at the identical dataset, amplify them with new models, also take a look at 

extraordinary augmentation guidelines whilst maintain the relaxation of the setup constant. 
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