
How to Use Poor-Quality Retinal Images to Make Diagnoses of Diabetic 

Retinopathy: Improving Access to Care with Noisy Images 

 

 

 

by Samuel B. Rotberg 

 

 

 

B.S. in Biomedical Engineering, May 2023, The George Washington University 

 

 

 

A Thesis submitted to 

 

The Faculty of 

The School of Engineering and Applied Science 

of The George Washington University 

in partial fulfillment of the requirements 

for the degree of Master of Science in Biomedical Engineering 

 

 

 

May 19, 2024 

 

Thesis directed by 

 

Murray H. Loew 

Professor of Biomedical Engineering 



 ii 

Abstract of Thesis 

 

 

How to Use Poor-Quality Retinal Images to Make Diagnoses of Diabetic 

Retinopathy: Improving Access to Care with Noisy Images 

 

 

Diabetic retinopathy is characterized by progressive damage to the blood vessels 

supporting the retina and early access to retinal imaging and appropriate treatment can 

quickly change an individual’s outcome by significantly reducing the risk of vision loss. 

According to the Center for Disease Control and Prevention, diabetic retinopathy is the 

leading cause of blindness in American adults. As of a 2021 report, an estimated 9.6 

million people in the United States of America were living with diabetic retinopathy. Of 

this population, 1.84 million were living with an elevated risk of permanent vision-loss. 

Despite these figures, diabetic retinopathy is not solely a domestic issue, and current 

cases exceed 103 million globally. However, many patients do not seek regular eye 

exams at ophthalmic clinics. To make this diagnostic technology more accessible, 

portable retinal imaging devices have been developed, but are often large, expensive, and 

require dilation of the patient's eyes. This research seeks to develop the software 

component of an alternative approach: a smartphone-compatible retinal imaging 

attachment that doesn’t require dilation of the patient's eyes and uses post-processing of 

the resulting poor-quality image to make diagnoses. A transfer-learning approach using 

pre-trained neural networks will be taken to analyze the poor-quality image and make a 

diagnosis for the clinician. In addition to diagnosing diabetic retinopathy, the trained 

algorithm will also be able to discern other disease states in the presence of varying 
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amounts of simulated noise. Overall, this technology seeks to increase access to retinal 

imaging and diagnosis for early clinician intervention.  
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Chapter 1: Introduction 

 

 

1.1: Prevalence 

According to the Center for Disease Control and Prevention (CDC), Diabetic 

Retinopathy (DR) is the leading cause of blindness in American adults. As of a 2021 

report, an estimated 9.6 million people in the United States of America (USA) were 

living with DR. Of this population, 1.84 million were living with an elevated risk of 

permanent vision-loss [1]. However, DR is not solely an issue in the USA. In 2020, 

global cases of DR exceeded 103 million and are only expected to rapidly increase. As a 

common complication of diabetes mellitus (DM), DR is expected to pass 160 million 

cases by 2045 as global DM cases are projected to exceed 700 million [2]. Even in the 

USA with over 18,000 clinically trained ophthalmologists, it is estimated that around 

50% of patients are not getting their eyes examined and delayed treatment is rarely 

effective [3]. In other countries where the ratio of one clinically trained ophthalmologist 

per million of the population is lower than that of the USA, the incidence of DR is higher 

[4]. Despite these staggering numbers, DR is only one of several retinal diseases that 

could be nearly eradicated with early access to retinal imaging and treatment.  

 

1.2: Relevant Anatomy of the Retina and Disease State 

Located in the posterior portion of the eye, the retina is a very thin layer of 

photoreceptor cells and glial cells that capture incoming light in the form of photons from 

the exterior environment. The retina plays an integral role in converting the seen world 
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and transmitting those signals via pathways to the brain for interpretation. Figure 1 

highlights the anatomy of the eye, and, in particular, the retina is shown in the poster 

portion of the eye under part “I” [5]. 

 

 

Figure 1: Anatomy of the Eye and Retina [5] 

As a vascularized tissue, the retina has a network of blood vessels integral for 

oxygenation. Although there are numerous conditions that affect other parts of the eye, 

many retinal diseases are predicated on the degradation of the vascular network 

supporting the light-sensitive tissue. For example, as DR is a common complication of 

DM, the elevated blood-sugar levels cause the vascular network of the retina to not 

function properly and eventually lead to vision loss. Thus, identifying the presence of DR 

is vital as prolonged time significantly reduces the ability to repair the vascular network.  
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Typically categorized into either an advanced proliferative stage or a non-

proliferative stage, individuals with DR are associated with either a high or low risk 

factor for vision loss respectively. Individuals with a high risk of vision loss receive 

aggressive treatment but relative success is decreased with prolonged time. Beyond these 

two categories, DR is commonly graded as either mild, moderate, severe, or proliferative, 

where mild, moderate, and severe fall under the non-proliferative stage of DR and 

proliferative falls under the highest risk category as a very advanced stage of the disease. 

Mild DR is characterized by microaneurysms in the retina, whereas moderate DR is 

characterized by the blockage of some blood vessels supporting the retina. Mild to 

moderate DR is subjective to the clinician as both stages have similar attributes but may 

differ depending on the patient’s condition. Severe DR is the most advanced stage of 

non-proliferative DR where the retina is deprived of blood flow and intra-retinal 

microvascular anomalies (IRMA) may be present. Patients may experience symptoms of 

blurry or wavy central vision, or even immediate loss of all central vision, but typically, 

symptoms associated with DM is a strong indicator [6-7]. As the risk associated with 

vision loss rapidly increases over time, access to retinal imaging in any capacity could 

provide a metric to a patient’s relative risk to seek advanced treatment. Although DR is 

discussed in detail here due to its significant prevalence worldwide, other retinal diseases 

are included in the analysis as well. All of the included disease states leave a unique 

identifiable lesion on the retina making this application relevant in determining the 

different disease states even with low-quality retinal images.  

 

1.3: Identified Need, Prompt for Work and Overarching Goal 
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At ophthalmic clinics, clinicians seek to mitigate all possible sources of error to 

guarantee a high-quality retinal image is obtained for proper diagnosis. Clinicians do this 

by dilating the patient’s eyes and using advanced technology in their practice making this 

the gold-standard for the industry. However, not all patients are able to visit ophthalmic 

clinics and portable retinal imaging devices have been developed. However, these 

portable retinal imaging devices often require dilation of the patient’s eyes to compensate 

for use of the smartphone device. Furthermore, the ability to dilate the patients’ eyes is 

not always available, especially if an individual with no prior training were to use this 

technology. Thus, this research seeks to develop the software component of an alternative 

approach: a smartphone compatible retinal imaging attachment that doesn’t require 

dilation of the patient's eyes and diagnoses the relatively resulting poor-quality image 

using post-processing. Through this, it will be determined if a computer-aided detection 

(CAD) system has the ability to compensate for the lack of controls in not requiring 

patient’s eyes to be dilated, as well as being completely free of geographical restrictions. 

A benchmark for CAD of DR will be compared against a set of retinal images with 

simulated noise.  
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Chapter 2: Literature Review 

 

 

2.1: Relevant Literature 

Research into applications of computer vision (CV), machine learning (ML) and 

artificial intelligence (AI) in the retinal imaging field are vast. Several approaches have 

been centered around CAD of retinal diseases, especially DR, for many years. Use of 

deep learning (DL), convolutional neural networks (CNN), and transfer learning (TL) 

have also been explored with retinal images [8-19]. References 8 through 19 highlight 

various applications of this research that were considered when developing this project. 

Most notably, refence 8 also uses the APTOS 2019 Blindness Detection dataset for their 

research and further explores the use of different network architectures like ResNet, 

AlexNet, VGG-16, and Inception-V3 [20]. MATLAB code for sorting the images into 

respective categories was utilized from this research as well [21-22]. References 13 and 

14 explore the work of restoring retinal images using blind deconvolution (BD) and 

generative adversarial network (GAN) respectively.  

 

2.2: Current Technology 

Applications of CV, ML, and AI in retinal imaging are currently on the market and 

approved by the Food and Drug Administration (FDA). RetmarkerDR is a clinically 

approved algorithm that determines if images have DR or not. Once determined if DR is 

present, RetmarkerDR will require a clinician to view the retinal image to make a 

determination on severity. RetmarkerDR has the ability to track patients of a duration of 

months if clinicians have the desire to re-image patients at a later date and monitor 



 6 

progression [23]. Another clinically approved device currently on the market is IDx-Dr 

[24]. IDx-Dr was developed to provide a 4-class output for retinal images. Retinal images 

are classified as either negative, referable DR, vision-threating DR, or low-image quality 

requiring a new image be taken diagnosis. IDx-Dr is able to grade DR images in the 

presence of some noise since it captures multiple over-lapping images and takes the best 

quality image for diagnosis. Furthermore, the EyeArt system by Eyenuk is an approved 

device that utilizes a smartphone attachment for retinal imaging and can determine the 

difference between vision threatening DR and mild DR [25]. More recently, RETFound 

is an approved self-supervised model trained on over 1.6 million images that can 

determine other health metrics solely from retinal images [26]. As highlighted above, 

multiple regulatory bodies including the FDA have already accepted the use of AI in the 

retinal imaging diagnosis space. However, no product currently on the market is centered 

around leveraging poor-quality retinal images.  

 

2.3: Overarching Goal Expanded 

As highlighted above, previous research has been conducted in the use of CAD for 

retinal diseases. CAD systems have even been proposed for grading DR images to gain 

insight into the relative risk associated with a patient's condition. Thus, this research 

seeks to expand on that work by including additional disease states and simulating poor-

quality images to provide space for the development of future technology. A previous 

capstone project at the George Washington University was focused on developing a 

smartphone attachment for retinal imaging. Given that this technology is not entirely new 

and other medical device companies currently distribute smartphone compatible 
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attachments for retinal imaging, the capstone group sought to reduce the overall size of 

the device, recognizing that an algorithm that diagnosis poor-quality images would be 

needed as the images wouldn’t be in a state that is readable by a clinician. Thus, this 

project is focusing on adding noise to retinal images that mimics that of a smartphone and 

setting a benchmark for future development in this space. As of right now, no device 

companies or research teams are focusing on acquiring poor-quality images, but the use 

of post-processing could bridge the gap between a large amount of undesirable data 

collected every year and reducing the overall risk of vision loss for the greater 

population.   
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Chapter 3: Methods 

 

 

3.1: Data 

Two publicly available databases were utilized for this research project.  

 

3.1.1: APTOS 2019 Blindness Detection Dataset 

The first dataset used is the APTOS 2019 Blindness Detection dataset publicly 

available by Kaggle and consists of 3662 training images and 1928 test images [20]. All 

images were downloaded directly from the Kaggle website into two folders, training and 

testing respectively. In addition to these two image folders, two spreadsheets were 

provided with a list of unique image identification (ID) codes that directly correspond to 

the image name in a .png format. In addition to these ID codes, a corresponding grade for 

DR was given on a scale from 0 to 4, where 0 is no presence of DR, 1 is mild presence of 

DR, 2 is moderate presence of DR, 3 is severe presence of DR, and 4 is proliferative 

presence of DR. However, as the test spreadsheet did not include the corresponding 

grading of DR respective to each image ID code, the test image portion of the dataset was 

not used for this analysis and as of publication, Kaggle has not yet released the grading of 

these test images. Thus, only the training dataset with 3662 images was utilized for this 

analysis. All images were subject to varying amounts of noise, compression artifacts, and 

exposure prior to the addition of other noise factors explored below.  
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3.1.2: IEEE Multi-Label Retinal Disease Dataset 

The second dataset used is the IEEE Multi-Label Retinal Disease (MuReD) 

dataset publicly available by IEEEDataPort and consists of 2208 images with 20 disease 

labels [27]. All images were downloaded directly from the IEEEDataPort website into 

one folder containing the images in either a .tif or .png format. In addition to these 

images two spreadsheets were provided with a list of unique image ID codes that directly 

correspond to the image name. For this research, solely the training spreadsheet were 

used consisting of 1764 unique images. On the training spreadsheet, each unique ID code 

had a value of either “1” or “0” to denote if the disease was present or not respectively. 

Multiple images had more than one diagnosis and were not class exclusive. Similar to the 

APTOS 2019 Blindness Detection dataset, the MuReD dataset had varying amounts of 

noise, compression artifacts, and exposure prior to manipulation.  

 

3.2: Experimental Design 

As this research project uses two different datasets, figures 2 and 3 represent an 

overview of the different components explored in the experimental design section. Each 

of these components will be further discussed in the respective sections below.  
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Figure 2: Experimental Design for APTOS 2019 Blindness Detection Dataset 

 

 

Figure 3: Experimental Design for IEEE Multi-Label Retinal Disease Dataset 

 

3.2.1: Transfer Learning 

Transfer learning is the process of taking a pretrained CNN and applying it to a 

new task [28-29]. Transfer learning is beneficial since it leverages the parameters of 

pretrained CNNs rather than selecting them randomly in order to develop a model. 

Through this, transfer learning is beneficial for relatively smaller datasets such as those 

used in this research. Thus, a transfer learning approach was taken and a SqueezeNet was 
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selected for its parameters [30]. The SqueezeNet was modified by removing and 

replacing the final convolutional layer and changing the parameters to reflect a numbered 

class output depending upon the application. Similarly, the final classification layer was 

also removed and replaced to reflect the same parameters as the previously modified 

convolutional layer. Figures 4 and 5 highlight a default SqueezeNet and the modified 

SqueezeNet respectively. 

 

 
 

Figure 4: Default SqueezeNet 

 
Figure 5: Modified SqueezeNet 
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3.2.2: Two-Class Determination 

Upon completion of downloading all data from the APTOS 2019 Blindness 

Detection dataset onto a local desktop, a MATLAB script was written with the assistance 

of the previously mentioned research to duplicate and sort the images into one of two 

folders. All images with ID codes that were scored with a 0, where no presence of DR is 

detected, were sorted into the “No” folder, whereas all images given a score of “1” or 

higher, where either mild, moderate, severe, or proliferative DR was detected, were 

sorted into the “Yes” folder. Table 1 highlights the distribution of images from the 

APTOS 2019 Blindness Detection dataset into the two classes. Upon completion of 

sorting the images into the appropriate folders, the modified SqueezeNet was selected 

and data was divided into training, validation, and testing to reflect a 70%, 10%, 20% 

distribution. All data was randomized once divided. Images were subject to a random 

rotation between -180 and 180 degrees. Images were also subject to a random rescaling 

of either 1x or 2x, and a random reflection upon the x- or y-axis. All images were 

rescaled to 227x227x3 to fit the size of the pretrained CNN. Training data was partitioned 

into five groups and k-fold cross-validation was performed. Accuracy values for each 

iteration were recorded and the mean accuracy of all five iterations was calculated. Upon 

completion of training the network, the test images that remained separate but were 

subject to the same augmentation parameters were classified and evaluation metrics were 

determined. All parameters in MATLAB were cleared prior to conducting the next 

portion. 

 



 13 

 

 

 

Table 1: Two-Class Determination for Presence of DR 

 

3.2.3: Five-Class Grade Determination 

Next, the previous MATLAB script was modified to duplicate and sort the images 

into one of five folders. All images with ID codes that were scored with a 0, where no 

presence of DR is detected, were sorted into the “NoDR” folder, and the process was 

repeated for all scores given 1 for “Mild”, 2 for “Moderate”, 3 for “Severe”, and 4 for 

“Proliferative” respectively. Table 2 highlights the distribution of images from the 

APTOS 2019 Blindness Detection dataset into the five classes. All images were subject 

to the same augmentation parameters and the data was divided into training, validation, 

and testing to reflect the same 70%, 10%, 20% distribution. Furthermore, the same 

modified SqueezeNet was also used, but the only parameter changed was to reflect a five-

class output rather than a two-class output. Training data was partitioned into five groups 

and k-fold cross-validation was performed. Accuracy values for each iteration were 

recorded and the mean accuracy of all five iterations was calculated. Upon completion of 

training the network, the test images that remained separate but were subject to the same 

augmentation parameters were classified and evaluation metrics were determined. All 

parameters in MATLAB were cleared prior to conducting the next portion. Figure 6 

highlights an image from each category of the APTOS 2019 Blindness Detection dataset 

with no added noise.  

 

Class: Number of Images: 

No Presence of DR 1805 

Yes Presence of DR 1857 

Total 3662 
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Table 2: Image Distribution for Five-Class Determination on Grade of DR 

 

 
Figure 6: Graded DR Images from APTOS 2019 Blindness Detection Dataset 

(Left to Right: No DR, Mild, Moderate, Severe, Proliferative) 

 

3.2.4: Five-Class Determination with an Equal Number of Samples 

Next, the previously grouped images were selected randomly such that an equal 

number of samples from each folder would be utilized in the next portion of the research 

to evaluate the class imbalance in the data. Table 3 highlights the distribution of images 

from the APTOS 2019 Blindness Detection dataset into the five classes with an equal 

number of samples. All images were subject to the same augmentation parameters and 

the data was divided into training, validation, and testing to reflect the same 70%, 10%, 

20% distribution as above. Furthermore, the same modified SqueezeNet was also used. 

Training data was partitioned into five groups and k-fold cross-validation was performed. 

Accuracy values for each iteration were recorded and the mean accuracy of all five 

iterations was calculated. Upon completion of training the network, the test images that 

remained separate but were subject to the same augmentation parameters were classified 

Class: Number of Images: 

No Presence of DR 1805 

Mild Presence of DR 370 

Moderate Presence of DR 999 

Severe Presence of DR 193 

Proliferative Presence of DR 295 

Total 3662 
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and evaluation metrics were determined. All parameters in MATLAB were cleared prior 

to conducting the next portion.  

 

 

 

 

 

 

 

Table 3: Image Distribution of Five-Class Determination with Equal Samples 

 

3.2.5: Four-Class Determination for Grading DR 

Next, the previous 5-class portioned data was utilized, but the “NoDR” category 

was removed to observe the performance on images with DR. Table 4 highlights the 

distribution of images from the APTOS 2019 Blindness Detection dataset into the four 

classes that have any amount of DR present. All images were subject to the same 

augmentation parameters and the data was divided into training, validation, and testing to 

reflect the same 70%, 10%, 20% distribution. Furthermore, the same modified 

SqueezeNet was used, but the only parameter changed was to reflect a four-class output 

rather than a five-class output. Training data was partitioned into five groups and k-fold 

cross-validation was performed. Accuracy values for each iteration were recorded and the 

mean accuracy of all five iterations was calculated. Upon completion of training the 

network, the test images that remained separate but were subject to the same 

augmentation parameters were classified and evaluation metrics were determined. All 

parameters in MATLAB were cleared prior to conducting the next portion.  

 

Class: Number of Images: 

No Presence of DR 193 

Mild Presence of DR 193 

Moderate Presence of DR 193 

Severe Presence of DR 193 

Proliferative Presence of DR 193 

Total 965 
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Table 4: Image Distribution of Four-Class Determination with DR 

 

3.2.6: Five-Class Grade Determination with Gaussian White Noise 

Next, the previous MATLAB script was modified to duplicate the original images 

and sort them into one of five folders. All images with ID codes that were scored with a 

0, where no presence of DR is detected, were sorted into the “NoDR” folder, and the 

process was repeated for all scores given 1 for “Mild”, 2 for “Moderate”, 3 for “Severe”, 

and 4 for “Proliferative” respectively, but with the addition of Gaussian white noise. An 

even distribution of each class was given a different amount of gaussian white noise 

while 20% of each class had no added noise. Gaussian white noise with a mean (M) of 0, 

0.1, 0.2, 0.3, and 0.4 were given to each class. All images were subject to the same 

augmentation parameters and the data was divided into training, validation, and testing to 

reflect a 70%, 10%, 20% distribution as above. Using the same modified SqueezeNet 

with a five-class output, training data was partitioned into five groups and k-fold cross-

validation was performed. Accuracy values for each iteration were recorded and the mean 

accuracy of all five iterations was calculated. Upon completion of training the network, 

the test images that remained separate but were subject to the same augmentation 

parameters were classified and evaluation metrics were determined. All parameters in 

MATLAB were cleared prior to conducting the next portion. Figure 7 highlights an 

Class: Number of Images: 

Mild Presence of DR 370 

Moderate Presence of DR 999 

Severe Presence of DR 193 

Proliferative Presence of DR 295 

Total 1857 



 17 

image from the APTOS 2019 Blindness Detection dataset categorized as proliferative DR 

with varying amounts of Gaussian white noise.  

 

 
Figure 7: Graded Proliferative DR Image with Gaussian White Noise 

(Left to Right: Gaussian White Noise with M = 0.0, M = 0.1, M = 0.2, M = 0.3, M = 0.4) 

 

3.2.7: Five-Class Grade Determination with Blurring Noise 

Next, the previous MATLAB script was modified to duplicate the original images 

and sort them into one of five folders. All images with ID codes that were scored with a 

0, where no presence of DR is detected, were sorted into the “NoDR” folder, and the 

process was repeated for all scores given 1 for “Mild”, 2 for “Moderate”, 3 for “Severe”, 

and 4 for “Proliferative” respectively, but with the addition of blurring noise. An even 

distribution of each class was given a different amount of blurring noise while 20% of 

each class had no added noise. Blurring noise with a value (V) of 0, 10, 20, 30, and 40 

were given to each class. All images were subject to the same augmentation parameters 

and the data was divided into training, validation, and testing to reflect a 70%, 10%, 20% 

distribution as above. Using the same modified SqueezeNet with a five-class output, 

training data was partitioned into five groups and k-fold cross-validation was performed. 

Accuracy values for each iteration were recorded and the mean accuracy of all five 

iterations was calculated. Upon completion of training the network, the test images that 

remained separate but were subject to the same augmentation parameters were classified 

and evaluation metrics were determined. All parameters in MATLAB were cleared prior 
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to conducting the next portion. Figure 8 highlights an image from the APTOS 2019 

Blindness Detection dataset categorized as proliferative DR with varying amounts of 

blurring.  

 

 
Figure 8: Graded Proliferative DR Image with Blurring 

(Left to Right: Blurring Noise with V = 0, V = 10, V = 20, V = 30, V = 40) 

 

3.2.8: Five-Class Grade Determination with Optical Transfer Function Noise 

Next, the previous MATLAB script was modified to duplicate the original images 

and sort them into one of five folders. All images with ID codes that were scored with a 

0, where no presence of DR is detected, were sorted into the “NoDR” folder, and the 

process was repeated for all scores given 1 for “Mild”, 2 for “Moderate”, 3 for “Severe”, 

and 4 for “Proliferative” respectively, but with the addition of noise mimicking the point-

spread function (PSF) using the Optical Transfer Function (OTF). From the research 

conducted by [31], a mobile app to measure the modulation transfer function (MTF) of 

the iPhone 11 and iPhone 11 Pro using ISO 12233 was developed. Performance of the 

developed app was compared against a known metric of the iPhone 11 and iPhone 11 

Pro. As the newest mobile device listed in this research, these two were selected and both 

the calculated MTF and the known MTF were used. To add noise to the images, the 

inverse Fast Fourier Transform (iFFT) was computed using the calculated and know 

MTF to resemble a PSF at the origin of the image. 20% of the data had an MTF value of 

0.1717, 20% of the data had an MTF value of 0.1749, 20% of the data had an MTF value 
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of 0.1417, 20% of the data had an MTF value of 0.1312, and 20% was left without any 

added noise. All images were subject to the same augmentation parameters and the data 

was divided into training, validation, and testing to reflect a 70%, 10%, 20% distribution 

as above. Using the same modified SqueezeNet with a five-class output, training data was 

partitioned into five groups and k-fold cross-validation was performed. Accuracy values 

for each iteration were recorded and the mean accuracy of all five iterations was 

calculated. Upon completion of training the network, the test images that remained 

separate but were subject to the same augmentation parameters were classified and 

evaluation metrics were determined. All parameters in MATLAB were cleared prior to 

conducting the next portion. Figure 9 highlights an image from the APTOS 2019 

Blindness Detection dataset categorized as proliferative DR with varying amounts of PSF 

noise.  

 

 
Figure 9: Graded Proliferative DR Image with OTF Simulated Noise 

(Left to Right: OTF Noise with 0, 0.1717, 0.1749, 0.1417, 0.1312) 

 

3.2.9: Five-Class Grade Determination with Combined Noise 

Next, the previous MATLAB script was modified to duplicate the original images 

and sort them into one of five folders. All images with ID codes that were scored with a 

0, where no presence of DR is detected, were sorted into the “NoDR” folder, and the 

process was repeated for all scores given 1 for “Mild”, 2 for “Moderate”, 3 for “Severe”, 

and 4 for “Proliferative” respectively, but with the addition of all of the noise previously. 
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20% of the data had Gaussian white noise with a mean of 0.1, blurring noise with a value 

of 10, and an MTF value of 0.1717 (A). 20% of the data had Gaussian white noise with a 

mean of 0.2, blurring noise with a value of 20, and an MTF value of 0.1749 (B). 20% of 

the data had Gaussian white noise with a mean of 0.3, blurring noise with a value of 30, 

and an MTF value of 0.1417 (C). 20% of the data had Gaussian white noise with a mean 

of 0.4, blurring noise with a value of 40, and an MTF value of 0.1312 (D). 20% of the 

data was left without any added noise. All images were subject to the same augmentation 

parameters and the data was divided into training, validation, and testing to reflect a 70%, 

10%, 20% distribution as above. Using the same modified SqueezeNet with a five-class 

output, training data was partitioned into five groups and k-fold cross-validation was 

performed. Accuracy values for each iteration were recorded and the mean accuracy of 

all five iterations was calculated. Upon completion of training the network, the test 

images that remained separate but were subject to the same augmentation parameters 

were classified and evaluation metrics were determined. All parameters in MATLAB 

were cleared prior to conducting the next portion. Figure 10 highlights an image from the 

APTOS 2019 Blindness Detection dataset categorized as proliferative DR with varying 

amounts of combined noise. 

 

 
Figure 10: Graded Proliferative DR Image with Combined Noise 

(Left to Right: No Added Noise, A, B, C, D) 
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3.2.10: 20-Class Determination  

Upon completion of downloading all data from the IEEE MuReD dataset onto a 

local desktop, a MATLAB script was written with the assistance of the previously 

mentioned research to duplicate and sort the images into one of 20 folders. All images 

with ID codes that were scored with a “1” were sorted into the respective disease folder. 

All images with more than one categorization were scored into the higher class, and any 

images that were given a “1” in the “other” category were sorted into that folder. Table 5 

highlights the distribution of images from the IEEE MuReD dataset into the 20 classes 

with this sorting parameter. Upon completion of sorting the images into the appropriate 

folders, the same transfer learning approach was taken using the modified SqueezeNet. 

However, the five-class output was altered to reflect a 20-class output. All images were 

subject to the same augmentation parameters and the data was divided into training, 

validation, and testing to reflect a 70%, 10%, 20% distribution as above. Training data 

was partitioned into five groups and k-fold cross-validation was performed. Accuracy 

values for each iteration were recorded and the mean accuracy of all five iterations was 

calculated. Upon completion of training the network, the test images that remained 

separate but were subject to the same augmentation parameters were classified and 

evaluation metrics were determined. All parameters in MATLAB were cleared prior to 

conducting the next portion. 

 

Class: Number of Images: 

Normal (No Disease Present) 394 

Age-Related Macular Degeneration (ARMD) 61 

Artificial Silicon Retina (ASR) 23 

Branch Retinal Vein Occlusion (BRVO) 58 

Choroidal Neovascularization (CNV) 35 

Chorioretinitis (CRS) 23 
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Table 5: Image Distribution of 20-Class Determination 

 

3.2.11: Nine-Class Determination  

Next, using the original unsorted data that remained on the local desktop, the 

previous MATLAB script was modified to sort the images into one of nine folders. All 

images with ID codes that were scored with a “1” were sorted into the respective disease 

folder. However, any image where the disease state was removed due to size of the class, 

it was combined with the “other” category. In addition to this, a “mixed” category was 

made to evaluate retinal images with multiple disease states present. Table 6 highlights 

the distribution of images from the IEEE MuReD dataset into the nine classes with this 

sorting parameter. Upon completion of sorting the images into the appropriate folders, the 

same transfer learning approach was taken using the modified SqueezeNet. However, the 

20-class output was altered to reflect a nine-class output. All images were subject to the 

same augmentation parameters and the data was divided into training, validation, and 

testing to reflect a 70%, 10%, 20% distribution as above. Training data was partitioned 

into five groups and k-fold cross-validation was performed. Accuracy values for each 

Central Retinal Vein Occlusion (CRVO) 37 

Central Serous Retinopathy (CSR) 28 

Drusen (DN) 103 

Diabetic Retinopathy (DR) 288 

Hypertensive Retinopathy (HTR) 20 

Laser Scars (LS) 33 

Media Haze (MH) 72 

Myopia (MYA) 66 

Optic Disc Cupping (ODC) 122 

Optic Disc Edema (ODE) 41 

Optic Disc Pallor (ODP) 32 

Retinitis (RN) 44 

Tessellation (TSLN) 75 

Other (Disease Present) 209 

Total 1764 
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iteration were recorded and the mean accuracy of all five iterations was calculated. Upon 

completion of training the network, the test images that remained separate but were 

subject to the same augmentation parameters were classified and evaluation metrics were 

determined. All parameters in MATLAB were cleared prior to conducting the next 

portion.  

 

 

 

 

 

 

 

 

 

Table 6: Image Distribution of Nine-Class Determination 

 

3.2.12: Seven-Class Determination 

Next, using the original unsorted data that remained on the local desktop, the 

previous MATLAB script was modified to sort the images into one of seven folders. All 

images with ID codes that were scored with a “1” were sorted into the respective disease 

folder. However, any image where the disease state was removed due to the size of the 

class, it was combined with the “other” category unless it had a “mixed” disease state. 

Table 7 highlights the distribution of images from the IEEE MuReD dataset into the 

seven classes with this sorting parameter. Upon completion of sorting the images into the 

appropriate folders, the same transfer learning approach was taken using the modified 

SqueezeNet. However, the nine-class output was altered to reflect a seven-class output. 

Class: Number of Images: 

Normal (No Disease Present) 394 

DR 288 

DN 78 

MH 65 

ODC 92 

TSLN 17 

ARMD 40 

Other (Disease Present) 435 

Mixed (Disease Present) 355 

Total 1764 
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All images were subject to the same augmentation parameters and the data was divided 

into training, validation, and testing to reflect a 70%, 10%, 20% distribution as above. 

Training data was partitioned into five groups and k-fold cross-validation was performed. 

Accuracy values for each iteration were recorded and the mean accuracy of all five 

iterations was calculated. Upon completion of training the network, the test images that 

remained separate but were subject to the same augmentation parameters were classified 

and evaluation metrics were determined. All parameters in MATLAB were cleared prior 

to conducting the next portion. 

 

 

 

 

 

 

 

 

Table 7: Image Distribution of Seven-Class Determination 

 

3.2.13: Seven-Class Determination with Combined Noise 

Next, using the sorted data from the seven-class determination, a MATLAB script 

was written to add the previously listed noise into each image with the same distribution. 

20% of the data had Gaussian white noise with a mean of 0.1, blurring noise with a value 

of 10, and an MTF value of 0.1717 (A). 20% of the data had Gaussian white noise with a 

mean of 0.2, blurring noise with a value of 20, and an MTF value of 0.1749 (B). 20% of 

the data had Gaussian white noise with a mean of 0.3, blurring noise with a value of 30, 

Class: Number of Images: 

Normal (No Disease Present) 394 

DR 288 

DN 78 

MH 65 

ODC 92 

Other (Disease Present) 492 

Mixed (Disease Present) 355 

Total 1764 



 25 

and an MTF value of 0.1417 (C). 20% of the data had Gaussian white noise with a mean 

of 0.4, blurring noise with a value of 40, and an MTF value of 0.1312 (D). 20% of the 

data was left without any added noise. Using the same modified SqueezeNet with a 

seven-class output, all images were subject to the same augmentation parameters and the 

data was divided into training, validation, and testing to reflect a 70%, 10%, 20% 

distribution as above. Training data was partitioned into five groups and k-fold cross-

validation was performed. Accuracy values for each iteration were recorded and the mean 

accuracy of all fiver iterations was calculated. Upon completion of training the network, 

the test images that remained separate but were subject to the same augmentation 

parameters were classified and evaluation metrics were determined. All parameters in 

MATLAB were cleared prior to conducting the next portion. Figure 11 highlights a 

“normal” classified image from the IEEE MuReD dataset with combined noise. 

 

 
Figure 11: Graded Normal Image with Combined Noise 

(Left to Right: No Added Noise, A, B, C, D) 

 

3.2.14: Five-Class Determination with Combined Noise 

Finally, the “mixed” and “other” categories were removed from the previous 

seven-class determination, all with the same amount of added noise. Table 8 highlights 

the distribution of images from the IEEE MuReD dataset into the 5 classes. Using the 

same SqueezeNet above with a five-class output, all images were subject to the same 
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augmentation parameters and the data was divided into training, validation, and testing to 

reflect a 70%, 10%, 20% distribution as above. Training data was partitioned into five 

groups and k-fold cross-validation was performed. Accuracy values for each iteration 

were recorded and the mean accuracy of all five iterations was calculated. Upon 

completion of training the network, the test images that remained separate but were 

subject to the same augmentation parameters were classified and evaluation metrics were 

determined. All parameters in MATLAB were cleared prior to conducting the next 

portion.  

 

 
 

 

 

 

 

Table 8: Five-Class Determination with Combined Noise  

Class: Number of Images: 

Normal (No Disease Present) 394 

DR 288 

DN 78 

MH 65 

ODC 92 

Total: 917 
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Chapter 4: Discussion and Results 

 

4.1: Evaluation Metrics 

Performance was evaluated using a receiver operating characteristic (ROC) curve. 

Performance is defined as the area under the ROC curve (AUC), as a value between 0.00 

and 1.00, where false-positive rates are graphed on the x-axis against true-positive rates 

on the y-axis. With respect to this research, false-positive rates are the number of 

incorrectly labeled retinal images whereas true-positive rates are the number of correctly 

labeled retinal images. As two datasets are utilized, correct labeling is defined as no DR, 

mild DR, moderate DR, severe DR, or proliferative DR for the APTOS 2019 Blindness 

Detection dataset. On the other hand, for the MuReD dataset, correct labeling is defined 

as identifying if a retinal disease is present or not according to the specified application. 

Performance values closer to 1.00 identify a completely perfect classifier, values closer to 

0.50 identify a random classifier, and values less than 0.50 identify a poor classifier. In 

addition to these evaluation metrics, a confusion matrix (CM) was also used to identify 

the performance of the output class, a known true positive, against the target class, a false 

positive identification. Sensitivity is defined as the model’s ability to identify positive 

instances. Equation 1 highlights the equation for calculating sensitivity. Accuracy was 

not used during this analysis due to the class imbalance in both datasets.  

 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
TP

TP + FN
 

Equation 1: Sensitivity 

 

4.2: Discussion and Results 
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4.2.1: Two-Class and Five-Class Determination without Noise 

First, the two-class determination highlighted a nearly perfect classifier for either 

“Yes” or “No” DR. Although this is a great starting benchmark for this research project, 

other groups have obtained similar results. As a matter of fact, given that it is such a good 

classifier, this has been used in clinical practice for good reason. Moving to the five-class 

determination without the addition of noise, the model was very strong, but did not meet 

the benchmarks obtained by other groups. Although this performance metric is 

considered a good classifier, not meeting this benchmark could possibly be attributed to a 

class imbalance in the data. Figures 12 highlights the ROC for the two-class, the five-

class grade, the five-class grade with an equal number of samples, and the four-class 

fetermination with DR images. Table 9 highlights the AUC values for each of these 

models with the corresponding color in Figure 12. Figures 13 and 14 highlights the CM 

for the two-class determination and the five-class determination respectively.   



 29 

 
 

Figure 12: ROC for Two-Class, Five-Class Grade, Five-Grade with an Equal Number of 

Samples, and Four-Class Determination with DR Images 

 

Determination: AUC: Color: 

Two-Class 0.9965 Blue 

Five-Class Grade 0.8910 Green 

Four-Class Grade with DR 0.6656 Red 

Five-Class with Equal Number of Samples 0.6257 Cyan 

Table 9: AUC for ROC Curve 
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Figure 13: CM for Two-Class Determination 
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Figure 14: CM for Five-Class Determination 

 

4.2.2: Four-Class Grade and Five-Class Equal Determination  

Next, to evaluate the class imbalance, a five-class determination was performed 

with an equal number of samples in each class. When this did not meet the performance 

benchmark for the five-class determination without an equal number of samples, it was 

clear that not enough samples were present to effectively train the model and this 

limitation was due to the size and distribution of the dataset. Similarly, when evaluating 

the four-class determination with images that were graded with DR, the relatively low 
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sensitivity further showed that the difference between “Mild” and “Moderate”, as well as 

“Severe” and “Proliferative” grading of DR does have some influence from the clinician, 

whom may be privy to additional metrics of the patient’s current health condition. 

Figures 15 and 16 highlights the CM for the five-class determination with an equal 

number of samples and the four-class determination for DR images respectively. 

 

 
Figure 15: CM for Five-Class Determination with Equal Samples 
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Figure 16: CM for Four-Class Determination of Samples with DR 

 

4.2.3: Five-Class Determination with Individual and Combined Noise 

Next, a five-class determination with varying amounts of noise was performed. 

Overall, none of the individually tested noisy images stood-out against the others. 

Although the performance was lower than that of the five-class determination without 

noise, it was not significant. However, when the combined noise was added, accuracy 

dropped significantly. Indeed, this metric may also be attributed to a class imbalance, but 

rather suggests a bottom threshold for performance. Images that have quality worse than 
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that of this category might not be able to be discerned while other noisy images, even if 

not discernable to a clinician, may be discernable with greater accuracy to an algorithm. 

Thus, this points towards a minimum needed image quality for future device 

performance. Figure 17 highlights the ROC for the five-class grade, the five-class grade 

with Gaussian white noise, the five-class grade with Blurring Noise, the five-class grade 

with OTF noise, and the five-class grade with combined noise determination. Table 10 

highlights the AUC values for each of these models with the corresponding color in 

Figure 17. Figures 18, 19, and 20 highlights the CM for the five-class determination with 

Gaussian white noise, blurring noise, and OTF simulated noise respectively. Figure 21 

highlights the CM for the five-class determination with combined noise.  

 
Figure 17: ROC for Five-Class Grade, Five-Class Grade with Gaussian White Noise, 

Five-Class Grade with Blurring Noise, Five-Class Grade with OTF Noise, and Five-Class 

Grade with Combined Noise Determination 
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Determination: AUC: Color: 

Five-Class Grade 0.8910 Blue 

Five-Class Grade with Gaussian White Noise 0.8652 Green 

Five-Class Grade with Blurring Noise 0.8694 Red 

Five-Class Grade with OTF Noise 0.8750 Cyan 

Five-Class Grade with Combined Noise 0.8139 Magenta 

Table 10: AUC for ROC Curve 

 

 
Figure 18: CM for Five-Class Determination with Gaussian White Noise 
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Figure 19: CM for Five-Class Determination with Blurring Noise 
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Figure 20: CM for Five-Class Determination with OTF Noise 
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Figure 21: CM for Five-Class Determination with Combined Noise 

 

4.2.4: 20-Class and Nine-Class Determination without Noise 

Next, the twenty-class determination was performed. Due to the extreme class 

imbalance, performance of the model was less than the previously established 

benchmarks. Often, due to the drastic class imbalance, some of the classes would not 

have enough samples in order to maintain the 70%, 10%, 20% distribution for training, 

validation, and testing. Thus, when performing the nine-class determination, performance 

of the model improved, but was still limited due to this class imbalance. Furthermore, 

some of the data was not exclusive to a specific disease-state despite being labeled in that 

capacity causing the model to correctly identify a disease-state, even though it may be 
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associated with a different definition of truth. Figure 22 highlights the ROC for the 20-

Class, the nine-Class, the seven-Class without noise, the seven-Class with combined 

noise, and the five-class with combined noise determination. Table 11 highlights the 

AUC values for each of these models with the corresponding color in Figure 22. Figure 

23 highlights the CM for the 20-class determination, while Figure 24 highlights the CM 

for the nine-class determination.  

 
 

Figure 22: ROC for 20-Class, Nine-Class, Seven-Class without Noise, Seven-Class with 

Combined Noise, and Five-Class with Combined Noise Determination 

 

Determination: AUC: Color: 

20-Class 0.6641 Magenta 

Nine-Class 0.7190 Cyan 

Seven-Class without Noise 0.8468 Red 

Seven-Class with Combined Noise 0.7448 Green 

Five-Class with Combined Noise 0.8024 Blue 

 

Table 11: AUC for ROC Curve 
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Figure 23: CM for 20-Class Determination 
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Figure 24: CM for Nine-Class Determination 

 

4.2.5: Seven-Class Determination with and without Noise 

With that, the seven-class determination was introduced to adjust the class 

imbalance. Performance was similar to that of the five-class determination suggesting 

that even with reduced amounts of data, benchmarks for similar performance can be 

achieved. When the combined noise was added to this, a similar reduction in performance 

was obtained similar to that of the five-class determination. With that, it is clear that in an 

ideal setting, high-quality retinal images are desirable, but for future proposed devices 
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that seek to employ this technology, ensuring that the obtain image quality better than 

that of the lower threshold. However, it is clear that with a much larger dataset to train a 

model, this lower bound threshold must be further evaluated. Figure 25 highlights the 

seven-class determination without any added noise, whereas figure 26 highlights the 

seven-class determination with combined noise. 

 

 
Figure 25: CM for Seven-Class Determination without Noise 
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Figure 26: CM for Seven-Class Determination with Combined Noise 

 

4.2.6: Five-Class Determination with Noise 

Finally, the five-class determination with combined noise was performed. Due to 

the lack of consistency in the “mixed” and “other” categories, they were eliminated in 

order to observe the performance of the model. When doing this, the performance 

resembled that of the five-class determination for grading DR in the presence of 

combined noise, even with a reduced number of data samples. From this, it is clear that a 

lower bound for image quality is obtained for the future proposed device, as well as the 
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ability to add additional disease-states.  Figure 27 highlights the CM for the five-class 

determination with combined noise.  

 

 
Figure 27: CM for Five-Class Determination with Combined Noise 
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Chapter 5: Limitations and Future Recommendations 

 

5.1: Limitations and Future Improvements 

Despite attempting to mitigate all possible sources of error, limitations and future 

improvements have been identified for the research conducted above. One limitation and 

future improvement of the research would be in the form of an improved dataset. As 

highlighted above, the APTOS 2019 Blindness Detection dataset graded the DR images 

on a scale of mild, moderate, severe, or proliferative. However, the MuReD dataset solely 

defined DR as either present or not. To improve the ability to diagnose the severity of 

these conditions, having an advanced dataset would be necessary. Similarly, the APTOS 

2019 Blindness Detection dataset solely focused on DR and it is possible that other 

disease conditions were present in the retinal images that could be correctly diagnosed, 

but associated with a wrong definition of truth. Thus, these two datasets could not be 

used in tandem and were evaluated separately making the overall class size of each 

disease state extremely limited. Additionally, multiple images from the MuReD dataset 

had more than one disease state identified. To ensure that none of the training data 

interfered with the testing data, images with multiple classifications were grouped into 

the final disease state called “other” on the spreadsheet. To further evaluate this, a 

separate folder was created called “mixed”, but it lacked consistency in the combination 

of diseases within each of the images making its performance suboptimal and in demand 

for future improvements. Another limitation and future improvement of the research 

would be to use a different network architecture that improves upon the parameters 

specified above and is not affected by limitations in computing power. Previously 

mentioned research has found common established networks to perform better for related 
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tasks of grading retinal images [8]. Additional research into this space could improve on 

the ability to reconstruct and diagnose poor-quality images, especially retinal images that 

are compatible with the previously designed project that sought to compromise image 

quality for ease of use. Another limitation and future improvement of the research would 

be in the addition of noise. As highlighted above, the idea and prompt for this work was 

created out of a previous project that is still in development. Once that project is 

completed, the addition of noise that is similar to that obtained by the device would 

drastically improve the performance and be more objectively usable and trusted by 

clinicians.  

 

5.2: Conclusion 

In conclusion, this research set forth to establish a benchmark for evaluating noise in 

retinal images. Although performance and training parameters can be significantly 

improved, overall, the goal was to shed light on an area of research that isn’t explored 

much. Through future work, hopefully, the research conducted above can lead to the 

development of future medical devices that combat retinal diseases globally.   
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