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Abstract 

 
Context. Diabetic retinopathy is the most common cause of new cases of 
legal blindness in people of working age.  Early diagnosis is the key to 
slowing the progression of the disease, thus preventing blindness. Retinal 
fundus image is an important basis for judging these retinal diseases. With 
the development of technology, computer-aided diagnosis is widely used. 
Objectives. The thesis is to investigate whether there exist specific 
regions that could assist in better prediction of the retinopathy disease, it 
means to find the best region in fundus image that works the best in 
retinopathy classification with the use of computer vision and machine 
learning techniques.  
Methods. An experiment method was used as research methods. With 
image segmentation techniques, the fundus image is divided into regions to 
obtain the optic disc dataset, blood vessel dataset, and other regions (regions 
other than blood vessel and optic disk) dataset. These datasets and original 
fundus image dataset were tested on Random Forest (RF), Support Vector 
Machines (SVM) and Convolutional Neural Network (CNN) models, 
respectively.    
Results. It is found that the results on different models are inconsistent. As 
compared to the original fundus image, the blood vessel region exhibits the best 
performance on SVM model, the other regions perform best on RF model, 
while the original fundus image has higher prediction accuracy on CNN model.  
Conclusions. The other regions dataset has more predictive power than 
original fundus image dataset on RF and SVM models. On CNN model, 
extracting features from the fundus image does not significantly improve 
predictive performance as compared to the entire fundus image. 
Keywords: Retinal Image, Machine Learning, Image Segmentation 
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Chapter1  
Introduction 
 

1.1 Problem Statement 

The human eye is a vital sensory organ which gives us the sense of sight. It plays 
a very important role in our daily life. We use our eyes in almost every activity 
since the eye allows us to see and interpret the objects in the world by processing 
the light they reflect or emit. When light enters the eye, it passes through the 
cornea and the lens and is refracted, focusing an image onto the retina. The retina 
is a complex transparent tissue composed of several layers covering the inside of 
the back two-thirds of the eyeball, in which light stimulation occurs, causing 
visual sensation. The retina is actually an extension of the brain, formed by nerve 
tissue embryos, and connected to the brain through the optic nerve. [1] 

Diabetic retinopathy is the most common cause of new cases of legal blindness in 
people of working age. [2] Although diabetes affects the eye in many ways (for 
example, the high risk of cataracts), diabetic retinopathy is the most common and 
most serious ocular complication. [3] Early diagnosis is the key to slowing the 
progression of the disease, thus preventing blindness. [4] Screening for diabetic 
retinopathy aims to detect early sight-threatening lesions which can then be 
treated with laser photocoagulation. Therefore, regular examination of the eyes is 
necessary. [5] 

Retinal fundus image is an important basis for judging these retinal 
diseases. Diabetic retinopathy displays abnormal features in its onset, such as 
hemorrhage, microaneurysms, hard and soft exudates. [6] However, the number 
of professional doctors who can diagnose this lesion is very limited. Not every 
diabetic patient can receive timely treatment from experts. In order to screen for 
diseases in a large number of people, computer-aided diagnosis is necessary. 
With the development of technology, computer-aided diagnosis is widely used. 

The segmentation from fundus images is an extremely important part for the 
computer-aided screening and diagnosis. Image segmentation means dividing 
different regions of the fundus image that have unique features that are helpful 
for diagnosis. This article investigated which regions have better predictive 
power for diabetic retinopathy. 
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1.2 Objectives 

The objectives of the thesis are to investigate the specific regions that could assist 
in predicting if a retina is malignant or non-malignant, it means to find which 
regions of fundus image work best in retinopathy classification with the use of 
computer vision and machine learning techniques. Examining whether features 
extraction from the specific regions have more predictive power than the entire 
fundus image is also a research objective. 
 
1.3 Research Questions 

RQ1: Which region of fundus image has more predictive power?  

RQ1.1: What is the predictive power of optic disc extraction?  

RQ1.2: What is the predictive power of blood vessel extraction?  

RQ1.3: What is the predictive power of other regions extraction?  

Motivation: There was a noticeable lack of discussion about which features could 
be deemed best for retinopathy classification.  

RQ2: Which of the result of RQ1 and original fundus image has more predictive 
power? 

Motivation: This RQ will verify that whether the extracted features from the 
segmented regions can improve the predictive power as compared to using the 
entire fundus image.  
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Chapter2 

 
 
Background 

 
2.1 Computer Vision 

Computer vision is a science that studies how to make computers "see", on the 
other word, it is a field that deals with how computers can be made to gain high-
level understanding from digitized image provided by a camera. [7] The 
technology has been widely used in retinal image processing. 

 
2.2 Computer Aided Diagnosis  

Computer-aided diagnosis (CAD) is a system that combines image processing, 
pattern recognition, and artificial neural networks to help clinicians diagnose. 
Image segmentation plays a vital role in CAD systems. It is designed to isolate 
suspicious areas from the rest of the image. [8] 

 
2.3 Retinal Imaging 

Fundus imaging is the process of projecting the 3D structure of the retina onto a 
2D plane. Fundus photography is a category of fundus imaging. Optical 
coherence tomography (OCT) is a non-invasive imaging modality that can be 
used to assess the vitreous cavity, retinal layer, retinal pigment epithelium and 
choroid. [9] With existing techniques, obtaining a fundus image is not difficult.  

 
2.4 Image Processing 

Image processing is a collection of computational techniques for analyzing, 
enhancing, compressing, and reconstructing images. It has a wide range of 
applications in a variety of fields, including astronomy, medicine, industrial 
robotics and satellite remote sensing. [10]  

2.4.1     Image Segmentation 

The purpose of image segmentation is to obtain a compact representation from an 
image, a sequence of images or a set of features. Medical images contain a lot of 
information, and usually only one or two structures are of interest. Segmentation 
allows visualization of structures of interest and the removal of unnecessary 
information. Image segmentation methods can be broadly classified into three 
categories: region-based segmentation, edge-based segmentation, and feature 
clustering. [11] 
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2.4.2    Color Space Conversion 

Color space is a specific organization of colors. Color space conversion is the 
process of converting from one color space to another. The RGB color space is a 
model commonly used in life. The RGB model encodes colors using three 
components: red (R), green (G), and blue (B). [12] The HSV color space is 
commonly used in the fields of image processing and computer vision. The HSV 
model defines colors based on three components: hue (H), saturation (S), and 
value (V). It is an approximately uniform perceived color space. Compared to 
RGB, HSV could be a better color space for color texture analysis. [13] 

2.4.3     Feature Extraction 

Feature extraction has important applications in image compression, object 
recognition, and is considered the basis of advanced cognitive functions. [14] 
Image feature extraction is one of the most active and research topics in 
computer vision. Based on various information stored in the pixels, the obtained 
image features can be classified into four types: color, size, shape, and texture. 
[15] 

 
2.5 Machine Learning 

In machine learning, the computer first learns to perform tasks by studying the 
training set, and then performs the same tasks using data that was not previously 
encountered. Supervised learning is a strategy for machine learning. Supervised 
learning includes classification algorithms, the training set contains the correct 
output of the data and the tasks with that data so that the computer can learn how 
to classify the new data. [16] Machine learning has been widely used in data 
mining, computer vision, medical diagnosis and other fields. 

2.5.1   Some Machine Learning Methods 

In recent years, convolutional neural networks (CNNs) are leading the way in 
many computer vision tasks, such as image classification. It demonstrated the 
most advanced classification performance on the ImageNet Large-Scale Visual 
Identity Challenge (ILSVRC). [17] 

There are many popular ImageNet classification deep CNN architectures, and 
AlexNet is considered to be the simplest compared to the recent architecture. The 
network consists of 5 convolutional layers, max-pooling layers, and 3 fully 
connected layers. The VGG network from Oxford University uses three 3x3 
convolution kernels instead of the 7x7 convolution kernel in AlexNet, and two 
3x3 convolution kernels instead of the 5*5 convolution kernel. The main purpose 
of this is to improve the depth of the network and to improve the effect of the 
neural network to a certain extent under the condition of ensuring the same 
perception field. [18] 
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Support vector machine (SVM) and random forest (RF) are two other machine 
learning algorithms. SVMs are typically supervised classifiers based on statistical 
theory and were originally designed for binary classification. SVMs are not 
relatively sensitive to the amount of training samples. [19] The Random Forest 
(RF) classifier is an overall classifier that produces multiple decision trees using 
a randomly selected subset of training samples and variables. [20] They are also 
popularly used in image classification. A large number of research results 
indicate that they are the foremost classifiers at producing high accuracies when 
training samples are small. [21] 

 

2.5.2   Transfer Learning 

Transfer Learning (TL) is an emerging machine learning technology. Traditional 
machine learning techniques attempt to learn each task from scratch, while 
transfer learning techniques attempt to transfer knowledge from some previous 
tasks to target tasks when the latter has fewer high quality training data. [22]  

 

Based on the techniques used in deep migration learning, deep migration learning 
can be divided into four categories: [23] 

• Instances-based deep transfer learning: Use specific weight adjustment 
strategies. By assigning appropriate weights to those selected instances, a 
partial instance is selected from the source domain as a complement to the 
target domain training set. 

• Mapping-based deep transfer learning: Maps instances in the source and target 
domains to a new data space. In this new data space, instances from both 
domains are similar and suitable for joint deep neural networks. 

• Network-based deep transfer learning: Reusing part of the network pre-trained 
in the source domain, including its network structure and connection 
parameters, and migrating it to a portion of the deep neural network used in 
the target domain. 

• Adversarial-based deep transfer learning: Introducing countermeasure 
techniques inspired by the Generated Confrontation Network (GAN) [24] to 
find migratable representations applicable to the source and target domains.
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     Chapter3  
Related Work 

 
 

3.1 Contemporary Research 

There have been many studies of automated methods for automatically analyzing 
retinal fundus images using deep learning and image processing techniques. 
These methods can be divided into several parts: those that are oriented on the 
detection of signs of retinal diseases, and those that are oriented on the 
segmentation of retinal landmarks. [25] Retinal markers include retinal blood 
vessel, optic discs, optic cups, macula, and fovea. Automated detection of these 
markers facilitates medical analysis of retinal fundus images.  

Most studies of retinal fundus image analysis are based on segmentation of blood 
vessel. Matsui et al. were the first to publish a method for retinal image analysis, 
the method is focused on vessel segmentation. [26] There are many effective 
methods for automatically extracting blood vessel from color retinal images, the 
complete review can be referenced at [27]. Tyler Coye et al. proposed a novel 
algorithm for segmenting retinal blood vessel with high precision. This algorithm 
uses PCA to convert RGB to gray instead of using the green channel as usual. 
[28] 

The optic disc (OD) is one of the main anatomical structures in the retinal image. 
It is typically displayed in a normal retinal image as an approximately circular 
and bright yellow object. [29] In the past few decades, many techniques of 
automatic OD location and segmentation have been investigated [30], and many 
researchers have proposed methods for automatically diagnosing diabetic 
retinopathy by segmenting OD. 

Dharitri Deka et al [31] proposed the detection of macular and foveal for disease 
analysis of color fundus images. Macula represents the region of the retina 
responsible for color vision, fovea is the center of the macula. The macula and 
Fovea are one of the important physiological structures of the fundus image 
which are also widely used for the analysis of fundus images.  

 
3.2    Formulating Research Gap 

Most of the relevant studies are based on the segmentation of a region to analyze 
fundus images, but there is a lack of discussion about why the region is focused. 
There is also a lack of experimental comparison of which regions extracted from 
fundus images has more predictive power for retinopathy classification and 
comparison with complete fundus image. This is the motivation of the research 
question, and this paper aims to address this gap. 
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Method 

 
 

4.1 Research Method 

Experiment method was used in the research since the independent variables and 
environment variables can be controlled precisely. In order to avoid accidents, 
multiple experiments are necessary. More than one classifier was used in the 
research. In every experiment, the independent variable is the different region 
extracted from the fundus image. And the predictive power of 3 different regions 
is the dependent variable. 

 
4.2 Experimental Hypothesis 

Based on reading the literature, for RQ1, the null hypothesis (H0) of the 
experiment is that there is no significant difference in the predictive power of the 
three studied regions. The alternative hypothesis (H1) is that there is significant 
difference in the predictive power of the three regions. And for RQ2, the null 
hypothesis(H0) of the experiment is that specific region extraction has the same 
predictive power as the entire fundus image. The alterative hypothesis (H1) is 
that specific region extraction does not have the same predictive power as the 
entire fundus image. 

 
4.3 Variables Selection 

The independent variable is the different region extracted from the fundus 
image. In order to validate the hypothesis, the retinopathy prediction power of 
the three regions and the original fundus image needs to be tested. These three 
regions are optic disc extraction, blood vessel extraction and other regions 
extraction including macular, exudates, etc. The dependent variable is the ability 
to identify retinopathy. 
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(a) Original fundus image and its main anatomical features 

 

 
(b) Blood vessel extraction 

 

 
(c) Optic disc extraction
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(d) Other regions extraction 

 

 
Figure 4.1: Fundus image and extracted features [32] 

 
4.4 Experimental Dataset 

There are many publicly available retinal data sets available, and although High-
Resolution Fundus dataset [33] has high resolution, the size of the data set is too 
small. Another dataset, Indian Diabetic Retinopathy Image Dataset (IDRID) [34] 
was used. It contains 168 healthy fundus images, 348 disease images, 93 of 
which are grade 3 retinopathy and 168 of which are grade 2 retinopathy, 62 of 
which are grade 4 retinal disease and 25 are grade 1 retinal diseases. Considering 
that different levels of diseased fundus images exhibit different anomalous 
characteristics, high grade retinal diseases are more easily identified. And the 
selected classifier can perform well on small data sets. Therefore, stratified 
random sampling was used to obtain the subject of the experiment. As a result, 
50 healthy images, 25 mild retinopathy images, and 25 severe retinopathy images 
were randomly selected as experimental data sets. The experimental data set has 
a total of 100 fundus images.  

 
4.5 Fundus Image Segmentation 

The segmentation of the fundus image is the work performed before the 
experiment. It is a key step for proper analysis. The algorithm for segmenting 
blood vessel is a novel approach introduced in related work, which uses image 
enhancement and iterative threshold methods for vessel segmentation. The optic 
disc can be considered a circle, and since there is a file that records the center 
coordinates of the optic discs of all fundus images in the dataset, the optic disc is 
easily segmented. Extraction of other regions can be considered as extracting the 
opposite regions of the optic disc and blood vessel.  
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4.6 Experimental Model 

CNN, SVM and RF models which are introduced in background are used in 
experiments. They show excellent performance in solving image classification.   

4.6.1 The Implementation of CNN Model 

The implementation of the CNN model used in the experiment was based on 
fine-tuning the pre-trained VGG16 model on the ImageNet dataset. The method 
of sharing parameters is used to train the model. The model consists of 13 
convolutional layers, 2 fully-connected layers, and an output layer using softmax 
as the classification. The size of the convolution kernel is 3x3, the convolution 
step is 1, the pooling kernel is 2x2, and the step is 2. 

The images to input layer is a fixed size of 224x224x3. After convolution and 
pooling, the size of input matrix to the fully connected layer is 7x7x512. The 
fully connected layers and the output layer of the VGG16 network are removed 
and replaced with new fully connected layers and output layer. Since there are 
only two categories (i.e., healthy, diseased) in the fundus image data set, the size 
of new softmax layer is two. The fundus image training set is used to train these 
layers. The cross-entropy function is used as cost function, linear rectification 
function (ReLU) is used as the activation function, and the cost is minimized 
using an Adam optimization algorithm with a learning rate of 0.00001. 

4.6.2 The Implementation of SVM and RF Models 

There are 100 trees in the constructed RF model. In the CNN model, the process 
of convolution and pooling can be considered as the process of feature extraction. 
The SVM classifier and RF classifier do not have the function of automatic 
feature extraction, so it is necessary to extract color features from the HSV color 
model. The selected feature extraction method performed well on the 
experimental data set. 

Feature extraction and use process: 

• Convert RGB format images to HSV format for HSV color space.  

• Extracting mean, min, max, mode intensity, standard deviation and entropy 
features from H, S, and V channels, respectively. The value of 0 needs to be 
filtered during the extraction process. The feature extracted from each channel 
is a 1x6 matrix. 

• Three 1x6 matrices are spliced into a 1x18 matrix. 

• Training SVM and RF models with training set image features and labels. 

• Predict the category of the test set based on the characteristics of the test set 
image. 
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4.7 Experimental Design 

After image segmentation, three sets of data sets were obtained, namely blood 
vessel extraction, optic disc extraction and other regions extraction. These data 
sets were separately tested on the CNN model, the SVM model and the RF 
model.  

Experiments using SVM models and RF models were performed on MATLAB. 
Due to the small number of data sets, each set of experiments was performed 10 
times. Each experiment randomly selected 75% of the data set as the training set, 
and the remaining 25% as the test set. In the experiment, the random number 
generation function was used to control the random number generation, so the 
test set of each set of experiments was segmented by the same fundus image.  

Experiments using the CNN model were done on Python 3.5 based on the 
tensorflow framework. A five-fold cross-validation method was used on each set 
of data sets, which means that the data set was divided into five equal parts, and 
each was tested as a test set so that each sample is verified once. Each 
experiment is trained 200 times, training 200 steps to ensure that the accuracy of 
the test set peaks, the model converges, and there is no over-fitting. 

 
4.8  Performance Metric 

The performance metrics for the experiment were accuracy, recall, and F-score. 
Since each set of data sets was tested multiple times using different training sets 
and test sets, their average accuracy, recall rate and F-score were used as the 
basis for the conclusion. 

The results of the test set are divided into four cases: true positive (TP), false 
positive (FP), true negative (TN) and false negative (FN) according to the 
combination of their real category and model prediction category.  

The following is a detailed explanation: 

• True Positive (TP): Diseased retina correctly identified as sick 

• False Positive(FP): Healthy retina incorrectly identified as sick 

• True Negative(TN): Healthy retina correctly identified as healthy 

• False Negative(FN): Diseased retina incorrectly identified as healthy 

• Accuracy: This is the most intuitive performance metric, which reflects the 
ratio of the number of correct predictions to the number being tested. 

                 
 Accuracy = TP+TN

TP+FP+TN+FN
 (1) 
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• Recall: It is also called true positive rate or sensitivity, which reflects the ratio 
of correctly predicted disease samples to the number of disease samples in the 
test set.  

Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (2) 

 

• Precision: The ratio of correctly predicted disease samples to the total 
predicted disease samples. 

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (3) 

  

• F1 score: The weighted average of Precision and Recall. 
                F1 = 2xTP/(2xTP+FN+FP) 
 

F1 =
2 × 𝑇𝑃

2 × 𝑇𝑃 + 𝐹𝑁 + 𝐹𝑃
 (4) 
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Chapter5  
Results 

 
 

5.1 Result of RF Model 

5.1.1    Result on Blood Vessel Dataset 

 

 Test 1 Test 2 Test 3 Test 4 Test 5 Test 6 Test 7 Test 8 Test 9 Test 10 Mean 
Accuracy 0.75 0.92 0.92 0.83 0.88 0.83 0.88 0.79 0.88 0.83 0.85 
Recall 0.67 0.83 0.92 0.75 0.75 0.75 0.83 0.92 0.75 0.75 0.79 
F1 score 0.73 0.91 0.92 0.82 0.86 0.82 0.87 0.81 0.86 0.82 0.84 

Table 5.1: The performance of blood vessel dataset on RF model 
 

5.1.2    Result on Optic Disk Dataset 

 

 Test 1 Test 2 Test 3 Test 4 Test 5 Test 6 Test 7 Test 8 Test 9 Test 10 Mean 
Accuracy 0.75 0.54 0.79 0.83 0.83 0.70 0.63 0.67 0.75 0.71 0.72 
Recall 0.67 0.58 0.67 0.83 0.75 0.42 0.50 0.50 0.67 0.58 0.62 
F1 score 0.73 0.56 0.76 0.83 0.82 0.59 0.57 0.60 0.73 0.67 0.69 

Table 5.2: The performance of optic disk dataset on RF model 
 

5.1.3    Result on Other Regions Dataset 

 

 Test 1 Test 2 Test 3 Test 4 Test 5 Test 6 Test 7 Test 8 Test 9 Test 10 Mean 
Accuracy 0.96 0.83 0.83 0.92 0.88 0.88 0.83 0.71 0.92 0.88 0.86 
Recall 1.00 0.83 0.67 1.00 0.92 1.00 0.83 0.83 0.92 1.00 0.90 
F1 score 0.96 0.85 0.80 0.92 0.88 0.88 0.83 0.74 0.92 0.89 0.87 

Table 5.3: The performance of other regions datasets on RF model 
 

5.1.4    Result on Original Image Dataset 

 

 Test 1 Test 2 Test 3 Test 4 Test 5 Test 6 Test 7 Test 8 Test 9 Test 10 Mean 
Accuracy 0.96 0.83 0.75 0.92 0.92 0.83 0.71 0.67 0.88 0.88 0.83 
Recall 0.92 0.92 0.67 1.00 1.00 0.92 0.75 0.83 0.83 0.92 0.88 
F1 score 0.96 0.85 0.73 0.92 0.92 0.85 0.72 0.71 0.87 0.88 0.84 

Table 5.4: The performance of original dataset on RF model  
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5.2 Result of SVM Model 

5.2.1    Result on Blood Vessel Dataset 

 

 Test 1 Test 2 Test 3 Test 4 Test 5 Test 6 Test 7 Test 8 Test 9 Test 10 Mean 
Accuracy 0.92 0.92 0.83 0.75 0.83 0.79 0.88 0.75 0.83 0.83 0.83 
Recall 0.83 0.83 0.83 0.75 0.75 0.75 0.92 0.83 0.66 0.75 0.79 
F1 score 0.91 0.91 0.83 0.75 0.82 0.78 0.88 0.77 0.80 0.82 0.83 

Table 5.5: The performance of blood vessel dataset on SVM model 

5.2.2    Result on Optic Disk Dataset 

 

 Test 1 Test 2 Test 3 Test 4 Test 5 Test 6 Test 7 Test 8 Test 9 Test 10 Mean 
Accuracy 0.79 0.71 0.83 0.79 0.83 0.67 0.67 0.75 0.67 0.79 0.75 
Recall 0.67 0.67 0.75 0.83 0.75 0.42 0.50 0.58 0.67 0.68 0.64 
F1 score 0.76 0.70 0.82 0.80 0.82 0.56 0.60 0.70 0.67 0.75 0.72 

Table 5.6: The performance of optic disk dataset on SVM model 

5.2.3    Result on Other Regions Dataset 

 

 Test 1 Test 2 Test 3 Test 4 Test 5 Test 6 Test 7 Test 8 Test 9 Test 10 Mean 
Accuracy 0.92 0.79 0.63 0.79 0.80 0.83 0.63 0.75 0.92 0.88 0.79 
Recall 0.83 0.83 0.50 0.83 0.88 0.92 0.58 0.75 0.92 1.00 0.80 
F1 score 0.91 0.80 0.57 0.80 0.80 0.85 0.60 0.75 0.92 0.89 0.79 

Table 5.7: The performance of other regions datasets on SVM model 

5.2.4    Result on Original Image Dataset 

 

 Test 1 Test 2 Test 3 Test 4 Test 5 Test 6 Test 7 Test 8 Test 9 Test 10 Mean 
Accuracy 0.92 0.79 0.63 0.79 0.79 0.83 0.63 0.75 0.88 0.88 0.79 
Recall 0.83 0.83 0.50 0.83 0.83 0.92 0.58 0.75 0.83 0.92 0.78 
F1 score 0.91 0.80 0.57 0.80 0.80 0.85 0.61 0.75 0.87 0.88 0.78 

Table 5.8: The performance of original dataset on SVM model 

  
5.3 Result of CNN Model 

5.3.1    Result on Blood Vessel Dataset 

 

 Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean 
Accuracy 0.76 0.97 0.90 0.88 0.89 0.88 
Recall 0.74 0.94 0.83 0.84 0.82 0.83 
F1 score 0.75 0.97 0.89 0.87 0.88 0.87 

Table 5.9: The performance of blood vessel dataset on CNN model 
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5.3.2    Result on Optic Disk Dataset 

      
 
 

Table 5.10: The performance of optic disk dataset on CNN model  

5.3.3    Result on Other Regions Dataset 

 

 Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean 
Accuracy 0.62 0.93 0.93 0.78 0.84 0.82 
Recall 0.6 0.88 0.94 0.64 0.81 0.77 
F1 score 0.61 0.92 0.93 0.74 0.83 0.81 

Table 5.11: The performance of other regions dataset on CNN model 
 

5.2.4    Result on Original Image Dataset 

 

 Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean 
Accuracy 0.84 0.97 0.88 0.82 0.92 0.89 
Recall 0.79 0.94 0.9 0.72 0.91 0.85 
F1 score 0.83 0.97 0.88 0.79 0.91 0.88 

Table 5.12: The performance of original dataset on CNN model  

 

 
 

 

 Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean 
Accuracy 0.6 0.87 0.80 0.84 0.76 0.77 
Recall 0.5 0.85 0.81 0.85 0.71 0.74 
F1 score 0.55 0.86 0.81 0.84 0.75 0.76 
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Chapter6  
Analysis and Discussion 

 

 
6.1 Analysis 

Hypothesis testing is the basis for experimental statistical analysis. Its objective 
is to determine whether it can reject a null hypothesis H0. The test can be divided 
into parameter test and non-parameter test. Parameter test is based on a specific 
distribution model. It can make better use of the information provided, and the 
test performance is usually higher than the non-parametric test. T-test is one of 
the most commonly used parameter tests, the test is used to compare the mean of 
two samples. [35] It is based on that the differences (for paired data) or the 
observations in each group (for unpaired data) have an approximately normal 
distribution. [36] 

Paired t-test was used as the test method since the samples were paired. The 
samples are different regions of same fundus images, and the difference between 
the samples has an approximately normal distribution.  

6.1.1 Analysis of RF Model 

As shown in the tables of previous chapter, the optic disc extraction dataset has 
the worst predictive power, with lower accuracy, recall and F1 score. The 
accuracy, recall and the F1 score of the other region extraction dataset are both 
higher than the blood vessel extraction dataset.   

In order to verify whether the null hypothesis was rejected, a pairwise 
comparison between the three data sets is performed to test if the mean difference 
in the pairs is statistically different from zero. The process is to compare whether 
the t-statistic is greater than the critical value. The tα,n−1is a critical value on the 
t distribution with a degree of freedom of n-1. The t-statistic can be obtained with 
the formula: [37] 

 

The value of significant level α is 0.1 and the two-tailed test is used. The value of 
n is the number of experiments, σ and the μ are the standard deviation and mean 
of the difference scores, respectively. From the two-side t-distribution table [38], 
𝑡0.1,9  = 1.833. So, if the value of |t| is greater than 1.83, there is a significant 
difference in the prediction power between the two regions, the null hypothesis is 
rejected. 

 

 

t = 𝜇

𝜎／√n
 (5) 
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 1 2 3 4 5 6 7 8 9 10 𝜇 σ t 
Accuracy 0 0.38 0.13 0.00 0.05 0.13 0.25 0.12 0.13 0.12 0.131 0.108 3.84 
Recall 0 0.25 0.25 -0.08 0 0.33 0.33 0.42 0.08 0.17 0.175 0.160 3.46 
F1 score 0 0.35 0.16 -0.01 0.04 0.23 0.30 0.21 0.13 0.15 0.156 0.115 4.29 

Table 6.1: Difference between blood vessel and optic disc on RF 

 

 
 

Table 6.2: Difference between other regions and optic disc on RF 
 

 

 
Table 6.3: Difference between other regions and blood vessel on RF 

The results of the paired t-test show that the recall rate of other region dataset 
was significantly higher than that of the blood vessel dataset and the optic disc 
dataset. The accuracy and F1 score of other region dataset were also significantly 
higher than the optic disc dataset and it has no significant difference from the 
blood vessel dataset. Therefore, the null hypothesis is rejected, other region 
extraction has more predictive power. 

 
 1 2 3 4 5 6 7 8 9 10 𝜇 σ t 
Accuracy 0 0 0.08 0 -0.04 0.05 0.12 0.04 0.04 0 0.029 0.044 2.08 
Recall 0.08 -0.09 0 0 -0.08 0.08 0.08 0 0.09 0.08 0.024 0.065 1.16 
F1 score 0 -0.02 0.07 0 -0.04 0.03 0.11 0.03 0.05 0.01 0.024 0.042 1.81 

Table 6.4: Difference between other regions and entire fundus image on RF 

It is found that there is no significant difference in the recall and F1 score of other 
regions extraction and the entire fundus image with hypothesis test verification. But 
the accuracy of other regions is significant higher than entire fundus image. So, the 
null hypothesis is rejected, other region extraction has more predictive power than 
original fundus image. 

6.1.2 Analysis of SVM Model  

The accuracy of blood vessel dataset, the optic disc dataset and other regions 
dataset is 0.83, 0.75, and 0.79, respectively. Blood vessel extraction has higher 
accuracy and F1 score than other regions extraction, but the recall is one percent 
lower. The same test method and critical value are used.  

 

 
           

Table 6.5: Difference between blood vessel and optic disc on SVM 

 

 1 2 3 4 5 6 7 8 9 10 𝜇 σ t 
Accuracy 0.21 0.29 0.04 0.09 0.05 0.18 0.2 0.04 0.17 0.17 0.144 0.081 5.62 
Recall 0.33 0.25 0.00 0.17 0.17 0.58 0.33 0.33 0.25 0.42 0.283 0.149 6.01 
F1 score 0.23 0.27 0.04 0.09 0.06 0.29 0.26 0.14 0.19 0.22 0.179 0.086 6.58 

 1 2 3 4 5 6 7 8 9 10 𝜇 σ t 
Accuracy 0.21 -0.09 -0.09 0.09 0.00 0.05 -0.05 -0.08 0.04 0.05 0.013 0.091 0.45 
Recall 0.33 0.00 -0.25 0.25 0.17 0.25 0 -0.09 0.17 0.25 0.108 0.176 1.94 
F1 score 0.23 -0.08 -0.12 0.1 0.02 0.06 -0.04 -0.07 0.06 0.07 0.023 0.099 0.73 

 1 2 3 4 5 6 7 8 9 10 𝜇 σ t 
Accuracy 0.13 0.21 0 -0.04 0 0.12 0.21 0 0.16 0.04 0.083 0.089 2.95 
Recall 0.16 0.16 0.08 -0.08 0 0.33 0.42 0.25 -0.01 0.17 0.148 0.149 3.14 
F1 score 0.15 0.21 0.01 -0.05 0 0.22 0.28 0.07 0.13 0.07 0.109 0.102 3.38 
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Table 6.6: Difference between other regions and optic disc on SVM 
 

 1 2 3 4 5 6 7 8 9 10 𝜇 σ t 
Accuracy 0 0.13 0.2 -0.04 0.03 -0.04 0.25 0 -0.09 -0.05 0.039 0.109 1.13 
Recall 0 0 0.33 -0.08 -0.13 -0.17 0.34 0.08 -0.26 -0.25 -0.014 0.203 -0.22 
F1 score 0 0.11 0.26 -0.05 0.02 -0.07 0.28 0.02 -0.12 -0.07 0.038 0.131 0.92 

Table 6.7: Difference between blood vessel and other regions on SVM 

The results of the hypothesis test show that there was no significant difference in 
the accuracy, recall and F1 score of blood vessel extraction and other region 
extraction. The difference of recall rate between other regions and optic disk is 
significant. The accuracy, recall, and F1 score of the blood dataset were 
significantly different from those of optic disc. So, blood vessel extraction and 
other regions extraction have better predictive power than optic disc extraction, 
the null hypothesis is rejected. 

 

 

 

Table 6.8: Difference between blood vessel and entire fundus image on SVM 
 

 
 

Table 6.9: Difference between other regions and entire fundus image on SVM 

It is found that there is no significant difference in the accuracy, recall and F1 
score of blood vessel and original image. But the recall of other regions is 
significantly higher than the original image. So, the null hypothesis is refused 
since other regions extraction has better predictive power than entire fundus 
image.  

6.1.3 Analysis of CNN Model 

From the two-side t distribution table, 𝑡0.1,4 = 2.132. So, if the value of |t| is greater 
than 2.132, there is a significant difference in the prediction power between the two 
regions, the null hypothesis is rejected. 

 

 

 

 

 1 2 3 4 5 6 7 8 9 10 𝜇 σ t 
Accuracy 0.13 0.08 -0.2 0 -0.03 0.16 -0.04 0 0.25 0.09 0.044 0.119 1.17 
Recall 0.16 0.16 -0.25 0 0.13 0.5 0.08 0.17 0.25 0.42 0.162 0.198 2.59 
F1 score 0.15 0.1 -0.25 0 -0.02 0.29 0 0.05 0.25 0.14 0.071 0.146 1.54 

 1 2 3 4 5 6 7 8 9 10 𝜇 σ t 
Accuracy 0 0.13 0.2 -0.04 0.04 -0.04 0.25 0 -0.05 -0.05 0.044 0.105 1.33 
Recall 0 0 0.33 -0.08 -0.08 -0.17 0.34 0.08 -0.17 -0.17 -0.008 0.182 -0.14 
F1 score 0 0.11 0.26 -0.05 0.02 -0.07 0.27 0.02 -0.12 -0.06 0.043 0.122 1.11 

 1 2 3 4 5 6 7 8 9 10 𝜇 σ t 
Accuracy 0 0 0 0 0.01 0 0 0 0.04 0 0.005 0.012 1.32 
Recall 0 0 0 0 0.05 0 0 0 0.09 0.08 0.022 0.035 1.99 
F1 score 0 0 0 0 0 0 -0.01 0 0.05 0.01 0.005 0.016 0.99 
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Table 6.10: Difference between blood vessel and optic disc on CNN 

 
 

 
 

Table 6.11: Difference between other regions and optic disc on CNN 
 

 

 
 

            Table 6.12: Difference between blood vessel and other regions on CNN 

The results of the t-test show that there are significant differences in the accuracy 
and F1 score of blood vessel extraction and other regional extractions, the former 
has a higher value. The accuracy, recall and F1 score of blood vessels are 
significantly higher than that of the optic disc. Therefore, blood vessel extraction 
has a better power on retinopathy classification. 

 

 

Table 6.13: Difference between blood vessel and entire fundus image on CNN 

Based on the paired t-test, the blood vessel region and the original image have 
same predictive power for retinopathy. The null hypothesis is accepted. 

 

 
6.2 Validity Threats 

6.2.1 Internal Validity 

Only one data set is used, and all images are of the same quality. Although the 
test set and the training set are randomly segmented, the MATLAB controlled 
random number generation function is used to make the random number of each 
set of data sets the same. This ensures that the original images of the test set are 
identical to avoid the threat of validity.  

 1 2 3 4 5 𝜇 σ t 
Accuracy 0.16 0.1 0.1 0.04 0.13 0.106 0.04 5.93 
Recall 0.24 0.09 0.02 -0.01 0.11 0.09 0.087 2.31 
F1 score 0.2 0.11 0.08 0.03 0.13 0.11 0.056 4.39 

 1 2 3 4 5 𝜇 σ t 
Accuracy 0.02 0.06 0.13 -0.06 0.08 0.046 0.064 1.61 
Recall 0.1 0.03 0.13 -0.21 0.1 0.03 0.124 0.54 
F1 score 0.06 0.06 0.12 -0.1 0.08 0.044 0.075 1.31 

 1 2 3 4 5 𝜇 σ t 
Accuracy 0.14 0.04 -0.03 0.1 0.05 0.06 0.058 2.31 
Recall 0.14 0.06 -0.11 0.2 0.01 0.06 0.107 1.25 
F1 score 0.14 0.05 -0.04 0.13 0.05 0.066 0.065 2.27 

 1 2 3 4 5 𝜇 σ t 
Accuracy -0.08 0 0.02 0.06 -0.03 -0.006 0.047 -0.29 
Recall -0.05 0 -0.07 0.12 -0.09 -0.018 0.075 -0.54 
F1 score -0.08 0 0.01 0.08 -0.03 -0.004 0.052 -0.17 
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6.2.2 Construct Validity 

Since the experiments use only one data set, they can pose a threat of 
effectiveness. The designed experiments exemplified the performance of the data 
set on different machine learning classification models to avoid single 
operational bias. Using different performance metrics to analyze experimental 
results avoids single method bias. 

6.2.3 External Validity 

The experimental data set contains various stages of retinopathy, which is 
photographed by a retina specialist and is representative and clinically relevant.  
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Chapter7  
Conclusions and Future Work 

 
 
 

7.1 Conclusion 

This paper uses three machine learning algorithms to analyze which region of the 
fundus image predicts retinal disease best, using accuracy, recall rate, F1 score as 
metrics. Blood vessel extraction optic disc extraction and other regions extraction 
all performed differently on different models. It is found that the blood vessel 
dataset has higher values on the SVM and CNN models than optic disk dataset 
and other regions dataset, while other regions dataset has the highest values on 
the RF classifier. 

 
7.1.1 Answering RQs 

RQ1 

Based on the experimental results, it can be concluded that other regions 
extraction has better predictive power with the use of Random Forest algorithm. 
Blood vessel extraction has the best predictive power with the use of 
Convolutional Neural Network algorithm. They have better predictive power 
than optic disc extraction with the use of the Support Vector Machines algorithm. 

 
RQ2 

The other regions dataset has more predictive power than original fundus image 
dataset on RF and SVM models. On CNN model, extracting features from the 
fundus image does not significantly improve predictive performance as compared 
to the entire fundus image.  

 
 

7.2 Future Work 

In the future, a good way to extend the work presented in this paper is to 
experiment on more datasets. Using other algorithms to extract blood vessel and 
optic disc is also a good attempt. In addition to accuracy, recall, and F1 score, 
more performance metrics can be used for a more comprehensive analysis. 
Further extraction of other regions can be performed, such as the macula and 
fovea. 
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