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Abstract

Glaucoma is a severe eye disease that is asymptomatic in the initial stages and can lead to
blindness, due to its degenerative characteristic. There isn’t any available cure for it, and it
is the second most common cause of blindness in the world. Most of the people affected by

it only discovers the disease when it is already too late.

Regular visits to the ophthalmologist are the best way to prevent or contain it, with a
precise diagnosis performed with professional equipment. From another perspective, for
some individuals or populations, this task can be difficult to accomplish, due to several
restrictions, such as low incoming resources, geographical adversities, and travelling
restrictions (distance, lack of means of transportation, etc.). Also, logistically, due to its
dimensions, relocating the professional equipment can be expensive, thus becoming not

viable to bring them to remote areas.

In the market, low-cost products like the D-Eye lens offer an alternative to meet this
need. The D-Eye lens can be attached to a smartphone to capture fundus images, but it
presents a major drawback in terms of lower-quality imaging when compared to professional

equipment.

This work presents and evaluates methods for eye reading with D-Eye recordings. This
involves exposing the retina in two steps: object detection and summarization via object
mosaicing. Deep learning methods, such as the YOLO family architecture, were used for
retina registration as an object detector. The summarization methods presented and inferred
in this work mosaiced the best retina images together to produce a more detailed resultant

image.

After selecting the best workflow from these methods, a final inference was performed
and visually evaluated, the results were not rich enough to serve as a pre-screening medical
assessment, determining that improvements in the actual algorithm and technology are

needed to retrieve better imaging.

Keywords: Glaucoma, Deep Learning, Mosaicing.
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Detection and Mosaicing through Deep Learning Models for Low-Quality Retinal Images

1. Introduction

Human eyes play a key role in daily life, allowing humans to see and perceive things all
around their reach. Alongside the other senses, humans can feel and comprehend all kinds
of phenomena in the world. Eyesight shares a great deal in most basic daily activities (such
as reading or writing for example), or in other cases, activities that demand more focus

(perceiving art, aiming, etc.).

Being such an essential part of the human body, maintaining the eye in good health is
extremely important, and the best way to keep track of its health is to have regular visits to
the ophthalmologist. One of the most common eye checkups performed is the retinal fundus
capture, which consists of the exposition of the back of the eye, where the macula and fovea
are two of the principal areas where happens actual formation of an image from the light

incidence [1].

With the recent advances in video summarization and machine learning, with a simple
video recording taken from a smartphone using an amplifying lens, it is possible to convert
it to a single image with the desired features to point out what could be an indication of
glaucoma. The summarization process of condensing or extracting the key information and
content from a video, representing the video's essential aspects in a concise and manageable
form. It aims to provide a shorter version or overview of the original video, enabling users
to quickly grasp the main points, events, or highlights without having to watch the entire
video. This process doesn’t intend to substitute the diagnosis process in a professional fundus
machine with specialist assistance. However, it allows a quick summarization based on the
captured video to perform a pre-screening that may alert the individuals to seek professional

assistance.

1.1. Objectives

This work intends to develop a methodology capable of performing a retina
summarization from a single video recording, expanding the video frames into a whole new
image with detailed information that cannot be perceived during a recording. This unique
image will serve as a pre-screening for a medical professional to evaluate the status of the

retina and assess the diagnosis of glaucoma incidence. The steps to do so are:
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Detect retina with available methods for a video recording [2];

Apply summarization techniques that use retinal images obtained from the

recording and retrieve a full image of the exposed retina.

1.2. Dissertation Structure

This dissertation is divided into seven chapters. Chapter one provides an overview of the
work, including the area of intervention, motivations, and problems to be addressed. It also

briefly presents the main goals and contributions of the dissertation.

Chapter two delves into the biological background, specifically eye anatomy, glaucoma

disease, and retinal imaging in general and briefly.

The third chapter covers technical concepts and the current state-of-the-art, including an

overview of machine learning, object detection, and summarization techniques.

Chapter four describes the methodology used to obtain the results presented in the
dissertation. It includes the pipeline for preparing data, inputting them to a detection network
method, and feeding the final summarization method with only images with the object of

interest.

Chapter five presents the results of the several explored subjects. This chapter analyzes
the results from the proposed method and the object detection networks and provides visual

results of summarization methods.

The sixth chapter six discusses the achievements of the dissertation and outlines future

directions for further improvements and developments.

The last chapter depicts the publications produced because of this dissertation.
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2. Initial Concepts and Background

2.1. The human eye

Human eyes take an important role in daily life, making it possible for humans to see
and perceive things all around their reach. Alongside the other senses, humans can feel and
comprehend all kinds of phenomena in the world. Eyesight shares a great deal in most basic
daily activities, such as reading and watching television, or in some other cases, activities
that demand more focus, such as perceiving art, aiming, and some athletic-related sports,

such as boxing.

To better understand how the human eye works, this chapter intends to show its
functionality alongside its anatomy and how glaucoma affects a person's eyesight. Figure 1
presents a simplified schematic of the eye and its anatomy. The first part of the eye that
receives the reflected light is the cornea, which focuses the light through the pupil and

regulates the amount of light that will reach the retina fundus.

Superior fornix
or conjunctiva  Skin

Anterior
chamber
angle
Iris
Comea

Cortex

Pupil

Optic nerve Lens nucleus

Anterior
Central retinal chamber

artery and vein -
Ciliary zonules

Lamina
cribrosa of sclera

Optic disk

Ciliary process

Figure 1: Detailed Human Eye — obtained from [3].

To create an image, the eye receives the light reflection and sends the information to the
brain through the optic nerve to convert it to an actual image [4]. The retina converts light

into electrical impulses, but it doesn’t have the same sensibility in all its extension. As a



Detection and Mosaicing through Deep Learning Models for Low-Quality Retinal Images

result, only a small area is responsible for transmitting the information about where the eye

is focusing. This area is called the macula.

Figure 2: Fundus image with Macula, Fovea, and Optic Disk highlighted — obtained
from [5].

The Figure 2 represents a photography from a public dataset that shows a fundus image
with a clear perception of the main areas of the retina. The larger area the receives light
reflections creates the peripherical vision, a blurry image not fully perceived by the optic
nerve. The macula and fovea are two essential structures in the retina of the eye responsible
for our central vision and the ability to see fine details. The macula has a center that contains
a great density of light receptors responsible for converting electrical impulses to the optic
nerve. This area is known as fovea, where the higher concentration of receptor cones are
located, making it extremely important to maintain it healthy to guarantee no significant
impairment [4]. Both the macula and fovea can be affected by several eye conditions,
including macular degeneration [6], diabetic retinopathy [7], and glaucoma [8]. These
conditions can cause vision loss or distortion and may require medical treatment to prevent

further damage to the retina.

2.2. Glaucoma Disease

While vital for most activities and quintessential sense for humans, the human eye must
be treated similarly to any other organ in the body. Having precautions and constant care is

essential to maintain it working properly, like preventing damage from direct sunlight
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absorption. However, some other issues may not be simple as protecting the eyes from the

sun.

This study focuses on glaucoma as a disease that can damage the optical disc in a painless
way, is not noticeable within its early stages, and is usually only detected with visual testing
of the eye fundus [9]. Some factors that can intensify the degeneration caused by the disease
are related to genetic disposition, myopia, diabetes, and hypertension. It is the second
leading blindness cause in the world. The most common variation of glaucoma is the open-
angle, responsible for around three-quarters of the blindness from glaucoma-related [9].

Figure 3 shows the difference between normal vision and open-angle glaucoma affected.

Figure 3: Comparison of a healthy eyesight (A) and glaucoma-affected one (B). —
obtained from [10].

As a non-curable disease, it is vital to seek medical assistance as soon as any signal of
vision impairment is present. It can be prevented or delayed in early treatment. As of today,
there is a campaign running by the World Health Organization called The World Report on
Vision that seeks to create awareness and increase investment in making efforts to mitigate
global blindness, the main goal is to set feasible challenges to make eye care become more
knowledgeable for those who suffers more from the disease, usually on the low-income

countries and people with difficult access to medical care [9].

2.3. Visual Image Analysis

Although some processes rely on precise equipment and can make an accurate medical
analysis of the fundus of the retina, in this study it is intended to use data from the alternative
methods, such as the newly devices that can be coupled on the mobile phones and enhance
the cameras to be able to record the fundus of the retina. Some of them are iExaminer, D-

Eye, Peek Retina, or iNview [11].
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The D-Eye lens, illustrated in Figure 4, was used to gather data to achieve the objective
of this study, being low-cost and portable, it is an ideal device to perform fundus capture,
with the backlash of losing precision on the record and losing detailed information depending
on the resolution definitions of the used camera [2]. Although, new cellphone devices may

be more suitable for this task than the one in Figure 4.

Figure 4: D-Eye device coupled with a cellphone — obtained from [2].

In today state of the art, it is already possible to extract the area of interest, that is, the
fundus retinal image, due to an implementation realized in a previous work, and with that
data it is intended to enhance the previous algorithm with an implementation using an image
stitching technic to perform a glaucoma image detection based on machine learning,
specifically deep learning emphasis using pictures from public and private databases, that

will be later explained in next topic in this work.
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Figure 5: D-Eye capture application — obtained from [12].

Figure 5 shows an image from the retinal fundus after a record capture. Although,
compared with a professional image capture with clinical equipment, it is notorious the
difference between them. This is one of the points of applying a technic capable of stitching
the frames of a recorded video to obtain the full spectrum of the retina, trying to mitigate

quality and information loss.
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3. State of the Art and Fundamentals

The advent of Video Summarization came from the need to gather important content
from a significant amount of data, extracting the desired information from previously set
keyframes that match the objective. With that in mind, selecting the keyframes and the
features allied with the method to retrieve this information is crucial. Over the past years,
many methods and techniques have been introduced, and some of them will be shared later
in this document, many of them being derived from machine learning, more specifically,

deep learning.

This chapter will present some topics relevant to this work's objectives, focusing on
matters that might help with the objective. The reviewed studies with the selected inclusion
criteria were searched in Science Direct and IEEE Xplore databases. The following research
terms were used to research this systematic review: “video summarization”, “glaucoma
detection” and “object detection”. There was a total of 42 reviewed studies, and after more
criterion selection, 18 studies were selected in the final analysis. The research was performed

from 10 April 2022 to 15 January 2023.

As presented in Figure 6, were identified 42 studies from the selected sources, without
duplicated papers. Two additional records were added to the results, gathered from different
queries to the databases. After analyzing each research article’s metadata, namely the title,
abstract, and keywords, 6 studies were excluded from the analysis because they were
medically specific and did not directly relate to evaluating the video summarization or
glaucoma detection. The full text of the remaining 38 articles was assessed considering the
inclusion criteria, and consequently, 20 articles were excluded. Finally, the remaining 18

papers were examined and included in qualitative and quantitative syntheses.
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Figure 6: Flow diagram of the selection of the papers.

3.1. Machine learning fundamentals

In classical programming, the common way to build a functional algorithm is through
programming that respects an order of a set of rules. In this case, the output is an expected
result. With the machine learning approach, the flow of programming changes in the sense
of how the algorithm works, inputting data and results (labeled data) to make the computer
perform its comprehension, forming its own rules. It is then possible to change the input data

and produce assets for those rules to test new data [13], as presented in Figure 7.
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Rules = (Classical
Programming ——* Answers
Data —»
Data —»
Machine leaming [—» Rules
Answers —M

Figure 7: Classical x Machine Learning programming comparison — obtained from
[13].

It is important to state that with the actual computational power and data available, some

more complex technics can be implemented, like Neural Networks (NNs) and deep learning

[14].

Neural Networks consist of methods of function activation, and the name derivates from
how cerebral neurons work, making a chain reaction from synapses around the brain when
an input triggers the initial neuron [14]. In machine learning, NNs are composed of input,
output, and hidden layers, with each layer being connected to the subsequential one. Each
one has a weight associated with it, which is essential to estimate the output and finally
obtain a loss score between the prediction and the true target to adjust the weights of the
layers based on this loss. This discrepancy, referred to as the distance score, can be calculated
by comparing the predictions made by the neural network with the true targets. Once the
distance score is obtained, the weights are then adjusted using an optimization algorithm
such as Gradient Descent, which uses a backpropagation algorithm based on the loss score.
In essence, learning entails determining the appropriate values for the layer weights [13].

Figure 8 briefly depicts the explanation.
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Figure 8 Neural Network workflow — obtained from [13].

The deep learning concept would be a neural network but with lots of layers, creating a
sensation of depth from the input to the output. Due to this architecture, it is possible to use
a pre-trained model in a small image dataset, if it was previously trained on a large dataset
(this process is named as Fine-tuning). It is possible, for example, to use a trained model to
perceive small objects in a video and then reuse it on another dataset to identify some key

features from the last model [13].

Some examples of deep learning methods are Convolutional Neural Networks (CNNs),
very useful for gesture recognition [15], speech recognition [16], and, as will be presented
in this document, video summarization [17]-[32]. Some of the reviewed works use advanced
deep learning methods [33]-[35], and apply 3D-CNN techniques, which are ideal when

treating high volumetric data.

In the convolutional layer, a filter is moved across the input image to identify patterns
and key features, such as horizontal or vertical lines, for object classification. The network
initially focuses on small details and features in the first convolutional layers, which are then
amplified for more complex objects in subsequent layers. Essentially, the deeper the

network, the greater its capability to detect complex objects [14].

Typically, an activation function is included after each convolutional layer. Without this
layer, the network would only be capable of performing linear classification, since

convolutional layers involve multiplication operations. Due to their linearity, the
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combination of multiple linear functions results in another linear function. Activation

functions add non-linear capabilities to the network [17].

3.2. Video Summarization

With the new machine learning methods and the huge amount of data gathered from
these past years, some works show promising results. This section presents the current state

of the art from the most recent studies of Video Summarization.

Some of the known technics for video summarization rely on a set of tasks that the
machine needs to perform to summarize relevant parts from video frames, considering the
key features that have been selected to be present in the final set of image [31]. Figure 9

shows the basic structure of how a video summarization algorithm works.

‘ Step 2 : Video
Segment Selection

MIDWWNY WA

Step 1: Video Temporal
Segmentation

o

Step 3: Video Summary
Generation £

Output Vidh
utput Video L
Summary

Figure 9: Video summarization algorithm structure — obtained from [36].

The input video is usually segmented frame by frame. Then, based on what features the
algorithm was trained to summarize, it will select the best shots or frames as output,

depending on the chosen method or criteria.

Long Short-Term Memory (LSTM) is a modern Recurrent Neural Network (RNN)
useful to capture temporal dependencies between frames. Still, it has the issue of only being
capable of handling short video segments within a range from 30 to 80 frames. To overcome

this, the method proposed by Lin et al. [15] employs a three-dimension Convolutional Neural
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Network (CNN) to extract features allied with a Deep Hierarchical LSTM Network with an
attention mechanism for Video Summarization (DHAVS) framework. This method was
applied in SumMe [31], and TVSum [32] datasets and compared it with recent results from
other works with similar approaches. The F-Score obtained from DHAVS in SunMe was

45.2% and in the TVSum was around 60%.

In contrast to what was presented in [15], Zhao et al. [16] claims that RNNbased methods
neglect global dependencies and multi-hop relationships between frames. To overcome that
situation, a Hierarchical Multimodal Transformer (HMT) method is proposed to summarize
lengthy videos by hierarchically separating the layers of dependency between shots, thus
reducing memory and computational consumption. The metrics were also like the previously
mentioned work and the datasets, where this method achieved an F-Score of 44.1% on

SunMe and 60.1% on TVSum.

An attention mechanism is proposed to work with a dual-path attentive network by Liang
et al. [33] to overcome the systematical stiffness of the recurrent neural networks. It was
stated that their method improves the processing time and reduces the computational power.
At the same time, it is possible to train the model in parallel, thus being scalable in more
extensive datasets. The results for F-Score from training and testing in SumMe and TV Sum,

with 51.7% and 61.5%, respectively, were higher than what was presented in [15] and [16].

Feng et al. [19] proposed a video summarization technique that uses two different feature
extraction that converts frame-level features into shot-level features based on CNN, named
Video Summarization with netVLAD and CapsNet (VCVS). Their method improved
computational and hardware work while using a feature fusion algorithm with capsule neural
(CapsNet) networks to enhance the video features. The F-score presented is 49.5% on

SumMe and 61.22% on TVSum.

Some video summarization methods [20]-[22], can only extract the content of static
images from those videos. Huang et al.[23] comes with a method to do both video and motion
summarization, relying on transitions effects detection (TED) for automatic shots
segmentation, using CapsNet, and a self-attention method to summarize the results. The

scores for this method were 46.6% on SumMe and 58% on TVSum.

A multiscale hierarchical attention approach is proposed by [24] for pattern recognition

using intra-block and inter-block attention methods, exploring short and long-range temporal
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representations of a video. This method was developed because the attention mechanism is
easier to implement than RNN. The achieved results are 51.1% on SumMe and 61.0% on

TVSum.

Chai et al.[25] propose a graph-based structural analysis in a three-step method that can
detect the differences in continuous frames and establish the correct video summarization.
For the tests, they used VSUMM and Youtube datasets [26], in which, compared to similar

analyzed works, they achieved an F-score of 67.5% and 56.7%, respectively.

Another interesting approach, presented by Hussain et al.[34]. A survey on multi-view
video summarization (MVS) claims that this technique is not addressed regularly as other
mainstream summarization methods. Gathering the video records from simultaneous
cameras and with different angles, the paper reviews the recent and most significant works

that englobe MVS.

A self-attention binary neural tree (SABTNet) method is proposed by Fu et al.[35] to
perform video summarization, subdividing the video and then extracting it to shot-level
features, altogether with a self-attention imbued. This work is the first to introduce such an
approach. Similarly, to the previously presented, the method was tested on SumMe and

TVSum datasets, with F-scores of 50.7% and 61.0%, respectively.

The work from Harakannanavar et al.[17] an approach based on ResNet-18, a CNN with
eighteen layers, was used with kernel temporal segmentation (KTS) for the videos to create
a temporally consistent summary. This method was benchmarked with the usual datasets,

SumMe and TVSum, obtaining 45.06% and 56.13% on F-scores, respectively.

An interesting method is proposed in [18], a CNN with a Global Diverse Attention
(SUM-GDA) mechanism. It implies that the GDA provides relations within pair-frames and
those pairs with all others in the video, stating that it overcomes the long-range issue from
RNN models. They performed tests with supervised, unsupervised, and semi-supervised
scenarios, with the usual datasets with the addition of VTW dataset [37]. As expected, the
F-scores obtained from the tests were higher in the supervised training, in which was

obtained 52.8% on SumMe, 61% on TVSum, and 47.9% on VTW.

Table 1 presents a resumed overview of the previously mentioned methods.
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Table 1: State-of-the-art scores comparison

F-Score (%)
Method Remarkables
SumMe TVSum

3D-CNN with '
DHAVS [15] 45.2 60 Employs LSTM for long videos
HMT [16] 44.1 60.1 Reduces computational consumption by

separating dependency between shots

It improves computational consumption,

Dual-Path Attentive 51.7 61.5 improves process time, and model can be

Network [33] trained in parallel
VEVS “Ellt 191]Cap sNet 49.5 61.22  Improves computational and hardware work
TED with CapsNet Summarization can be done in video and
46.6 58 : .
[23] motion, not only static images
Multiscale .
e 5L o G detand g s depndencies
Attention [24] p
SABTNet [35] 50.7 61 Shot-level segmentation and feature
extraction
ResNet-l[f;iwth KTS 45.06  56.13 Temporal consistent summarization
SUM-GDA [18] 578 61 Provides pair-frames relations within all

video

It is relevant to imply that all those works are the most recent in terms of video
summarization, making them a starting point as testing approaches to glaucoma detection,
as for the next reviewed papers, they are more oriented to methods that have direct impact

on this matter.

3.3. Glaucoma Detection

A multimodal model to automatically detect glaucoma was proposed by [38] to combine
deep neural networks focused on macular optical coherence tomography (OCT) and color
fundus photography (CFP). Their dataset consisted of the UK Biobank dataset [39] with
1193 healthy and 1283 healthy and glaucomatous frames, respectively. The OCT-developed
model was based on Densenet with MRSA initialization. For the CFP model, transfer
learning with the Inception Resnet V4 model, pre-trained on ImageNet data was used. Then
a gradient-boosted decision tree was introduced with XGBoost to create four separate

baseline models (BM1 to BM4), enhancing specific features they wanted to highlight. After

15



Detection and Mosaicing through Deep Learning Models for Low-Quality Retinal Images

testing the model, the authors stated that mixing demographic and clinical features boosted

the accuracy of diagnosis, obtaining around 97% of precision in correct results.

Trying to solve the issues of overfitting and extensive sets of data for training, Nayak et
al.[40] proposed a method with a feature extraction called evolutionary convolutional
network (ECNet) to perform automated glaucoma detection. They also applied an
evolutionary algorithm named real-coded genetic algorithm (RCGA), which maximizes the
inter-class distance and minimizes the intra-class variability to optimize the weight of the
layers. Then it is applied a set of classifiers, such as K-nearest neighbor (KNN), extreme
learning machine (ELM), backpropagation neural network (BNN), support vector machine
(SVM), and kernel ELM (K-ELM), to enhance the model. They used a dataset from Kasturba
Medical College, Manipal, India, using a Zeiss FF 450 fundus camera, containing 1426
retinal fundus images, 589 healthy, and 837 with glaucoma.

Normal

Glaucoma

Figure 10: Optic disc and optic cup comparison — obtained from [2].

In Figure 10, the green circle's segmentation shows the CDR discrepancy in size between
those pictures. As for the results, the classifier that scored the best was SVM, with 97,2% of

obtaining the correct diagnosis.
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Lietal.[41] proposed an attention-based CNN for glaucoma detection (AG-CNN), using
large-scale attention-based glaucoma (LAG) database. These large-scale fundus images have
5824 positive and negative glaucoma images obtained from Beijing Tongren Hospital. When
this work was proposed, no other work incorporated human attention in medical recognition.
These attention maps were obtained through a simulated eye-tracking experiment and

incorporated into the LAG dataset. The method had an F-Score of 95.1%.

An artificial intelligence technique method presented by Venugopal et al.[42] relies on
Phase Quantized Polar Transformed Cellular Automaton (PQPT-CA) for training on fundus
images for glaucoma detection in early stages, using the ACRIMA database [43], with 705
fundus images within glaucoma and normal ones. This approach was chosen because of the
recent results in image processing, slightly changing the existing architecture of the
automaton to fit the proposed method, they could use it to extract the features boosting the

accuracy by around 24%, being 21% faster, and reducing the false positive results in 54%.

As for Zulfira et al.[44], they proposed a method that uses the classical parameter cup-
to-disc ratio (CDR) allied with peripapillary atrophy (PPA) to enhance the precision of
classification. They use an active contour snake (ACS) to segment the desired areas to
calculate the CDR and Otsu’s segmentation and threshold technique to acquire the PPA, and
then the features are extracted with a grey-level co-occurrence matrix (GLCM). Dynamic
ensemble selection (DES) is applied to classify glaucoma to make the final discrimination.
The model was evaluated with three different databases where the ground truth was provided
by ophthalmologists. Applying this method to RIM-ONE dataset [45] it was obtained an

accuracy score of 96%.

Proposing the usage of 3D spectral-domain OCT, claiming that are potential information
in these scans to help in glaucoma detection, Garcia et al.[46] brings a new perspective by
presenting a method that uses the spatial dependencies of the features extracted from a B-
scan of an OCT. Their database was composed of 176 healthy and 144 ill eyes. The method
employed included a slide-level feature extractor and a volume-based predictive model.
They also used an LSTM network to combine the recurrent dependencies that will be further
mixed into the latent space to provide a holistic feature vector generated by the proposed
method of the sequential-weighting module (SWM). The best results were achieved using

RAGNet-VGG16 architecture with an accuracy of 92%.
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Gupta et al.[47] comes with a robust network to detect glaucoma in retinal fundus images
based on CDR. They used two main modules, CLAHE, to improve the retinal images and
the second to find the CDR after the image segmentation based on EfficientNet and U-net.
They performed the tests in DRISHTI-GS and RIM-ONE datasets. The result for this method
using the Dice coefficient for similarity was 96%, and the pixel accuracy for the optic disc

and cup was 96.54% and 96.89%, respectively.

Table 2 presents a resumed overview of the previously mentioned methods.

Table 2: State-of-the-art scores comparison

Method Dataset / N. of Images Accuracy
OCT & CFP & Systemic & Ocular Model
UK Biobank / 2476 0.97
[38]
Kasturba Medical College /
RCGA with SVM [40] 0.972
1426
Full AG-CNN [41] LAG /5824 0.951
DES-MI [44] RIM-ONE / 250 0.96
RAGNet-VGG16with SWM [46] Private Dataset / 905 0.92
CLAHE with EfficientNet + U-net [47] RIM-ONE / 766 0.966

3.4. Object detection

During this study, a tool that has proven to be important in object detection, specifically
YOLO (You Only Look Once) [48]. In a similar work, this tool had already been used, and
it showed to be capable of performing retina identification with a reasonable margin of
precision [49]. Now with new versions of this detector, the objective is to compare them and

find which is more efficient for the proposed goal.

YOLO is an object detection algorithm that uses a convolutional neural network (CNN)
to detect objects in images and videos [48]. The algorithm is designed for real-time object
detection and is known for its high speed and accuracy. Figure 11 illustrates how it works
by dividing an image into a grid of cells, and each cell is responsible for predicting the
bounding boxes of objects within its region. For each cell, the algorithm predicts the
coordinates of the bounding box, the object class, and the confidence score of the prediction.

The center coordinates represent the bounding box coordinates (x, y) and the width and
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height of the box (w, h). The confidence score represents the probability that the prediction

is correct and is used to filter out false positive detections.

1. Resize image.
2. Run convolutional network.
3. Non-max suppression.

Figure 11: Yolo detection schematic — obtained from [48].

The YOLO algorithm is optimal when trained on a large dataset of images, and it learns
to predict the object class, bounding box coordinates, and confidence scores for each box. In
the inference step, the algorithm applies a non-maximum suppression (NMS) algorithm to
filter out overlapping bounding boxes and keep only the most confident detections. The
NMS algorithm compares the confidence scores of the bounding boxes and removes the

boxes with lower scores if they overlap with boxes with higher scores.

The system divides an image into a grid with SxS size; if a recognizable object is within
one of the grid cells, that cell identifies that object. The model predicts B bounding boxes
and corresponding confidence scores for each grid cell. The confidence scores indicate the
model's confidence in the existence of an object within the box and the predicted box's
accuracy. This confidence is formally defined as the product of the probability of an object
being present and the intersection over union (IOU) between the predicted box and the
ground truth. The confidence score should be set to zero if there is no object in the cell. On
the other hand, if an object is present, the confidence score should equal the IoU between

the predicted box and the ground truth.

Also, for each grid cell, the model also predicts C conditional class probabilities, which
represent a specific class's probability given an object's presence. These probabilities are
only calculated for cells that contain an object. It's worth noting that only one set of class
probabilities is predicted per grid cell, regardless of the number of boxes B. During the
testing phase, the class probabilities and the confidence scores for each box are multiplied

together described in the Equation (1 :
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Pr(Cl |Object) * Pr(Object) * IoU fruth = Pr(Cl ) * ToU frut
; * * = ) %
r ass; jec r jec (0] r ass; (0]

This way, it gives the confidence scores for a specific class for each box. It fits both the

(1)

probability and the precision of the predicted box for that object. Figure 12 shows how the

model runs as described before.

S x S grid on input ;!FE. Final detections

XSA
el

Class probability map

Figure 12: Model of object prediction based on grid segmentation — obtained from
[48].

There are different versions of YOLO, such as YOLOv4 [50], YOLOVS [51], and more
recently, YOLOVS [52]. Each version improves the model's performance by introducing new
architectures and techniques, such as anchor-free approaches, new data augmentation

techniques, and efficient feature extractions.

3.5. Summary from the state-of-the-art

After a brief introduction of state-of-the-art and some fundamentals, it is noticeable that
in the past years, new methods and algorithms have been implemented to bring solutions to
recurring problems. More than ever, machine learning is taking a massive part in those
approaches. When talking about specific objectives, like glaucoma detection, it is known

that the algorithm must adapt to extract the correct and desired key features.
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Some of the works showed that RNNs and LSTM are not the best methods to treat long
video summarization due to limitations on data length, being more useful on short-length
videos, within the 30-80 frames range, like speech recognition videos. CNNs have presented
some of the best results within long-length video summarization, thus being useful in some
areas like medical, face recognition, security, and summarization of large data in general.
Most of the reviewed articles were dependent on CNN methods due to their excellent
performance. Still, it is important to note that being a powerful tool will also require

equivalent computational power.

Overall, the key to achieving satisfactory results in video summarization depends on a
good comprehension of the features needed to be summarized and choosing the method or
combinations of methods that best suit the desired outcome. Also, selecting an ideal classifier
can help achieve better results. In glaucoma detection, a great field of study can still be

developed.

It is also important to state that the reviewed papers used public or private databases from
high-quality images or videos. One of the main ideas of this work is the pursuit of the best
method that can provide a reliable summary with low computational consumption due to the
usage of smartphones with lower-quality image acquisition. This work aims for early
detection with a fast and trustworthy algorithm. Instead of the conventional methods
proposed in past works, a new algorithm capable of using a low-quality smartphone video
of fundus recording and converting the resulting video to a single image with relevant
features to finally bring a significant diagnostic, and of course, with a professional medical

validation for those results.

As for object detection, the YOLOs proved to be a powerful resource that brings
efficiency with low processing, indicating that it should deliver a good result in low-quality
imaging. Of course, only one will be selected to perform a full test on the result after a brief

comparison between the YOLO models.

Based on the information gathered, the plan will conduct a detection using a combination
of the previously mentioned methods, aided by a private dataset obtained from the D-Eye
device and the ACRIMA dataset for training and testing. Finally, a summary of the results

will be performed.

21



Detection and Mosaicing through Deep Learning Models for Low-Quality Retinal Images

4. Methodology

This chapter will present the methodology implemented to achieve the main objectives
of this dissertation: retina detection through object detection methods and retina mosaicing
of from the previously detected retinas, where the object detection and mosaicing methods
are put together to perform a retina reading within a video input. Figure 13 presents how the

workflow is intended to run.

Data Training and Validation Inference
! i
| | ]
[ Manual YOLO Data | Retina
. Labeling Format ' Detection
\ !

" ed Retina
osaiced Image Mosaicing

Figure 13: Methodology workflow.

The first step is to prepare the dataset, the D-Eye and ACRIMA datasets, for training and
validation. To perform that, it is required to normalize the data information to the selected
object detection data format, in this case, YOLO format, which will be explained in detail
further in this chapter. Since there are many versions and evolutions of the YOLO algorithm
[50], [51], [53]-[55], a brief evaluation will be performed to compare the one that fits best
with the objective. Then a final step will perform the and mosaicing of the selected images
previously filtered by the YOLO method and evaluate the result based on a known metric

for detection and visualization inference for the mosaicing method.

4.1. Evaluation

A commonly used metric is applied to assess how well an object detection algorithm is
performing - the Intersection over Union (IoU) [56]. This metric uses sets A and B, where
A represents the pixels proposed by the algorithm as belonging to an object, and B represents

the true object pixels. The precision is calculated using the following Equation (2):
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AnB
IOU(A,B) = m;

For this metric, it is commonly known that a threshold bigger than 0.5 means there was

IoU(A, B) € [0,1] (2)

a success in object detection. Likewise, above this threshold means that it was a failure.
Although IoU is a useful metric to measure object localization accuracy, it may not always
be the most appropriate metric, especially in scenarios where multiple objects must be
detected. In such cases, average precision provides a more comprehensive evaluation of the
detection performance, considering both precision and recall. Given a specific number of
classes, for each class of objects ¢ in the configuration data, it is possible to calculate the

average precision (AP) [57], following this Equation (3):

TP(c)

AP() = 7p 5+ FP(O)

)

Where TP(c) is the number of true positives and FP(c) is the number of false positives
for a single class, where true positives are the cases where the model correctly predicts a
positive example as positive. In contrast, false positives occur when the model incorrectly
predicts a negative example as positive. An average precision close to 1 means the best result

possible, and likewise, a value close to 0 means poor efficiency.

The mean average precision is a popular metric between object detection methods,
therefore, it will be used in this work as the main metric for evaluating the YOLO’s
performance. Hence, the mean average precision (mAP) for n number of classes is

represented by [57] in Equation (4):

Nclass

mAP = Z AP, 4)
Neiass =1

Where the n.;, is the number of classes, and AP; is the average precision for the i-th
class. To use mAP for evaluating object detection algorithms, we first calculate the AP for
each class and then take the average over all classes. Typically, we use a pre-defined
threshold for intersection over union (IoU) between the predicted and ground truth bounding
boxes to determine true positives and false positives. In practice, the mAP metric is often
used to compare different object detection models, where a higher mAP value indicates
better performance. It can also be used to track the performance of a single model over time

or during training.
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Another important metric that will help evaluate the methods and models is the Recall,
similar to AP but with only one change; it shows the precision on sensitivity for false
negatives (FN). In the context of machine learning and statistics, it measures a model's ability
to identify all positive examples in a dataset correctly. It is also known as sensitivity or hit

rate. It is described as the following Equation (5):

TP
- 5
Recall TP+ FN ®)]
Altogether with the AP, they form the F1 score [58], or the F1 curve, which measures
the model's accuracy that considers both the precision and recall of the model's predictions.

The F1 score is the harmonic mean of precision and Recall and ranges from 0 to 1, with

higher values indicating better performance. The following Equation (6) describes it:

F1s _ AP * Recall )
€OT€ = AP + Recall

The comprehension in the F1 score is to determine a metric for two ratios in a balanced
way; the higher both are, the higher the F1 score is. Since the objective is to achieve the
precision of a single class “retina” and the absence of it, the F1 score fits to evaluate this
work. To summarize the concept from the evaluation methods, Figure 14 presents the

hierarchy of the metrics from the input data following the final F1 score.

F1-Score
/ T
e Recall { Specific

(/Sensitivity) . it
oo il b
False Positives l | True Positives False Negatives || True Negatives

Positive Negative : /| Positive Negative :

Predictions || Predictions |, !|Labels/ltems || Labels/ltems |

Classifier Predictions Labeled Training Data

Figure 14: Hierarchy of the Metrics — obtained from [58].
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4.2. Datasets

This dissertation used two retinal datasets, the D-Eye dataset, which is private, and the

publicly available ACRIMA dataset [43].

The D-Eye dataset consists of 48 low-resolution video captures of the close up eye with
exposed retina, each with a resolution of 1080x1920 pixels. 125 images were extracted from
a single video in this dataset for training and validation purposes. The ACRIMA dataset
comprises 705 images with a resolution of 577x577 pixels, including 396 glaucomatous and
309 normal images. 258 images were randomly selected from this dataset to be trained, along

with the 125 images from the D-Eye dataset. Table 3 presents how this selection was divided.

Table 3: Dataset division for training and validation

Resolution (pixels) Train Validation

D-Eye 1080x1920 100 images 25 images
ACRIMA [43] 577x577 201 images 57 images
Total 301 images 79 images

With the final images selected, it must be prepared to start training in the object detection

section, the YOLO labeling format, which will be explained in the next section.

4.3.YOLO Network

In this section, will be presented a selection of YOLO network models that are going to
be evaluated in terms of precision and performance. The best YOLO model will be chosen

to infer the video inputs for the following steps in this work.

To perform this is important to note that the several architectures of the YOLOs are
similar for various available versions. Therefore, for the training and validation, a custom

dataset annotation must be implemented and be able to fit all investigated versions.

The dataset annotation must be divided into image and label folders, and inside them
must have two other folders separating the train data and validation data. For each image

file, a label .zx¢ file must exist with the corresponding filename, containing the class of the
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object to be detected and the bounding box area with the 4 points of interest. The annotation

must follow this example format in Table 4:

Table 4: Example of YOLO label annotation format.

Class ID X Y \\Y% H
0 0.296198 0.502646 0.282187 0.172840
Where:

e (lass ID is the label index of the object;

e X is the ratio between the center x coordinate of the bounding box and the width
of the image;

e Y is the ratio between the center y coordinate of the bounding box and the height
of the image;

e W is the ratio between the width of the bounding box and the width of the used
image;

e H is the ratio between the bounding box's height and the used image's height.

Another file is required to perform the training in the YOLO framework, namely the

configuration file in .yam/ format. This file contains the required information needed to run

the training and validation. Figure 15 shows how it should be for custom data.

Figure 15: Custom data yaml file.

With the dataset prepared and the configurations done, it was time to perform training
and validation within the object detection methods YOLOvS5, YOLOv6, YOLOv7, and
YOLOVS. These were chosen based on a previous research contribution of this investigation

group [49], and now with these new versions are expected to have better results.
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For each version of YOLO, were performed six different tests, having as variable
parameters the learning rate and epochs. Other parameters were kept due to the time limit
operation of the machine used, which was a virtual machine from Google Colab [59]. The
momentum parameter was set to 0.937 for all tests, the image size normalized to 640 pixels,
and the batch size selected was 32 due to speed and processing limitations. All tests were
performed on a Tesla T4 with 12 GB RAM, using Python version 3.8.10, PyTorch 1.13.1,
and Cuda version 116, provided by Google Colab.

4.3.1. YOLOVS Training
Starting with the YOLOVS [55], initially released in May 2020, developed by Ultralitcs,
they claim this version is a huge improvement from what YOLOv3/YOLOv4 were capable
of, switching from the framework Darknet to PyTorch, and being able to train with a huge

amount of data and converging faster in terms of learning.

The YOLOVS architecture consists of three key elements: the backbone, the neck, and
the output. The input component is responsible for data pre-processing, which includes
techniques such as mosaic data augmentation and adaptive image filling. To ensure
adaptability to various datasets, YOLOVS also features an adaptive anchor frame calculation
system at the input stage, allowing the model to automatically adjust the initial anchor frame

size for different datasets [60].

The backbone component of YOLOVS is a convolutional neural network designed to
aggregate and create image features at varying levels of granularity. It primarily employs the
cross-stage partial network (CSP) [50] and spatial pyramid pooling (SPP) [61] techniques to
extract feature maps of varying sizes from the input image through multiple convolution and
pooling operations. The Bottleneck CSP architecture is utilized to minimize computational
demands and enhance inference speed, while the SPP structure enables feature extraction at
different scales, generating three-scale feature maps that help to boost detection accuracy.

Figure 16 shows how are the structures from these architectures.
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Figure 16: Structure from CSP(a) and SPP(b) — obtained from [62].

The neck component is a series of layers that integrate and merge image features and
transmit them to the prediction stage. This component employs both the feature pyramid
network (FPN) [63] and pyramid attention network (PAN) [64] structures. The FPN structure
brings strong semantic features from higher-level feature maps down to lower-level maps.
In contrast, the PAN structure carries strong localization features from lower-level maps up
to higher-level maps. These two structures complement each other to enhance the features
extracted from different network layers during the backbone fusion process, improving
detection capabilities. Finally, the head output component is used to predict targets of

varying sizes on the feature maps, representing the final detection stage.

Table 5 shows how the conducted training with the selected variable parameters worked

for YOLOVS5 for retina detection.
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Table 5: YOLOVS training accuracy on retina detection.

Batch Learning Epochs mAP(0.5) mAP(0.5:0.95)
Rate (%) (%)
Train 1 32 0.001 10 6.37 2.29
Train 2 32 0.001 50 98.48 70.58
Train 3 32 0.001 100 98.51 80.67
Train 4 32 0.01 10 96.29 68.82
Train 5 32 0.01 50 98.67 91.2
Train 6 32 0.01 100 99.13 92.2

As shown in Table 5, the mAP (0.5), which describes the average precision for a
threshold bigger than 0.5, is achieved with high confidence for all training sets except for
the first test, which has a lower learning rate and a lower epoch value. For the mAP
(0.5:0.95), which is defined as a metric for different thresholds ranging from 0.5 to 0.95 in
scales of 0.05, the higher scores are presented in both trainings with the higher learning rate
tested and up to at least 50 epochs. The increment in the latter test, named Train 6, was only
1% against Train 5, showing that 100 epochs is sufficient to the proposed work. The mAP
is the main evaluation metric in the training phase (the higher the score, the higher the

probability for the trained model to detect the retina in a new set of samples).

For the inference test, it was selected a random video from the D-Eye private dataset,
and the results matched well the training data results, as depicted in Figure 17. The test data

input had a total of 439 consecutive frames of retina being detected.
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Figure 17: Example of retina detection, with 95% mAP, with Train 6 model.

The YOLOVS also provides the F1 confidence curve, which illustrates the precision and
Recall trade-off in a binary classification task as the confidence threshold for predicting class
labels varies. In addition, it provides a visual representation, as shown in Figure 18, of the
effect of changing the confidence threshold on balance between precision and recall and

helps identify the optimal point to achieve a desired balance between the two.

The F1 curve from Figure 18 shows that the model from Train 6, when near a perfect
confidence score, it shows a great number of false positives or false negatives, which cause
the F1 score to diminish. Thus, it shows that the model is not confident enough to precisely
affirm that an object is a retina or not above 90%, which makes sense compared to the Table

5 results.
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Figure 18: F1 Confidence curve from Train 6.

The graph in Figure 18 shows 2 curves representing the same object. The difference is
that the YOLO method uses different equations to describe a single class, in this case, the
only class is the presence of retina. By default, the model retrieves the curves to describe all
classes. In our custom dataset, the “all classes” is quite similar to the retina class and mean

to represent the same result.

4.3.2. YOLOV6 Training

As a successor to YOLOVS, the YOLOvV6 [53] 1s a single-stage object detector developed
by Meituan Inc. and actually came after YOLOvV7 by a short time after its release. It is
important to notice that these versions are not official releases as the original author stopped
updating within the launch of YOLOvV3 because of personal beliefs. The authors of the
YOLOv6 model decided to develop a tool that helps solve problems in industrial
applications. They introduced improvements from the previous model, upgrading the
network design and adding some features that potentially will help overcome the previous
versions in terms of speed and computational power. Figure 19 shows the architecture from

the YOLOv6.
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Figure 19: YOLOV6 Architecture — obtained from [53].

They chose the RepVGG [66] for the backbone as this architecture is more powerful and
as fast as the mainstream architectures for small networks. As for large networks, they use a
more efficient version of CSP, the CSPStackRep block. The neck is like the previous YOLO
versions, using the PAN topology, but they performed an enhancement with RepBlocks to
have a Rep-PAN architecture. In the end, the output is composed of a decoupled head
structure with a simpler design. These changes were made for a better computational

response.

YOLOV6 uses a more streamlined anchor-free detection approach. In contrast to anchor-
based detectors, which require cluster analysis before training to identify the optimal anchor
set, the latter can increase the complexity of the detector and lead to additional delays in
edge applications where numerous detection results need to be transferred between hardware
steps. Nevertheless, anchor-free detection is popular due to its robust generalization ability
and simpler decoding logic. In addition, a recent analysis revealed that the speed of the
anchor-free detector has a significant enhancement compared to the extra delay associated

with the complexity of the anchor-based detector.

To enhance the detection accuracy by obtaining better positive samples, YOLOvV6
incorporates the SImMOTA [65] algorithm for the dynamic allocation of such samples.
However, in contrast to the YOLOV5 shape-matching-based label assignment strategy and
cross-grid matching technique, which increase the number of positive samples and enable
fast network convergence, this approach is static and doesn't adapt to the evolving network

training process.

Also similar to YOLOVS architecture, YOLOV6 utilizes the SIoU [66] bounding box
regression loss function to facilitate the network's learning process. Typically, training the

target detection network involves the specification of at least two loss functions, namely
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classification loss and bounding box regression loss. The choice of loss function significantly

affects the detection accuracy and training efficiency.

Despite this method being very promising, it did not show satisfactory results in retinal
detection training. The model developed by Meituan Inc. also did not provide full results
from the training, validation, or testing, lacking some key information that the previously
tested model provided. Figure 20 shows that the model struggled to run an inference test

with the provided dataset.

Figure 20: Example of failure on retina detection with Train 6 of YOLOV6.

Nonetheless, as the same tests were performed in all models, the F1 confidence curve
from the best training result of YOLOv6 shows that the model architecture did not fit the
retina dataset. Therefore, a more complete dataset may be required for the model to deliver

better results than the ones shown in Figure 21.
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Figure 21: F1 confidence curve for the best training in YOLOv6

4.3.3. YOLOV7 Training
YOLOvV7 was released in July 2022 [54] by the same authors of YOLOv4, and authors
claim that this version surpasses all known object detectors in accuracy and speed, with much
less computational power, and can be trained in small datasets without any pre-trained
weights. Figure 22 presents a comprehension of the YOLOV7 in a set of images trained in

the COCO dataset [67].
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Figure 22: YOLOvV7 instance segmentation with trained COCO dataset [54].

The architecture is also similar to older versions of YOLO, with some improvements,
starting with the backbone block, Extended ELAN, or E-ELAN, an improved version of the
ELAN (Efficient Layer Aggregation Network) [68] main architecture. ELAN is a neural
network architecture that uses a unique module known as the "layer aggregation unit" to
combine feature maps generated by various convolutional layers. The layer aggregation unit
utilizes an attention mechanism to assign weights to each feature map, which are then
combined to form a single feature map that can be utilized for further processing. The main
idea of the extended version is to be able to improve the learning ability without making any

changes in the gradient path.

It also introduced a model scaling for concatenation-based models, whose purpose is to
adjust the model's attributes and re-scale it to meet the needs of different inference speeds.
Generally, scaling a model involves adjusting hyperparameters such as the number of layers
or neurons in each branch, activation functions, learning rate, and regularization strength.
The objective is to achieve a balance between the model's capacity to learn complex patterns
in the data and its efficiency in terms of speed and resource utilization while still attaining
desirable performance on the specific task at hand. That’s the difference of this architecture

from the most notorious approaches with concatenation-based architectures, where different
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scaling factors can’t be analyzed one by one, trying to scaling-up model depth will make a
notable difference between the input and output of this specific layer, making it less efficient,

for example. Figure 23 represents how model scaling works for concatenation-based models.
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Figure 23: Model scaling differences in (a) to (b) and the proposed method on (c) —
obtained from [54].

Another characteristic of the YOLOv7 architecture is the implementation of a
planned re-parametrized convolution. The authors performed a series of tests to evaluate the
performance of RepConv [69] and some other architectures, and as a result, they found out
that the identity connection in RepConv destroys the residual in ResNet [70] and the
concatenation in DenseNet [71], providing a diversity of gradients for feature maps. Thus,
they opt for RepConvN, which does not have an identity connection, to develop the
architecture for planned re-parameterized convolution. Then, replacing a convolutional layer
with residual or concatenation with re-parameterized convolution should not include an

identity connection.

Based on Deep Supervision [72], a commonly used technique in training deep neural
networks, YOLOvV7 employs multiple heads instead of being limited to one. The head
responsible for generating the final output is called the lead head, while the auxiliary head is

used for training purposes in the intermediate layers. To improve the training of the deep
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network, a label assigner mechanism has been introduced that employs the network
prediction results and ground truth to assign soft labels. Unlike traditional label assignment
methods that generate hard labels based on given rules from the ground truth, reliable soft
labels are generated using calculation and optimization methods that consider the quality and

distribution of prediction output in conjunction with the ground truth.

After this brief explanation of the architecture of YOLOV7, Table 6 shows the training

tests performed for mean average precision.

Table 6: YOLOV7 training accuracy on retina detection.

Batch Learning Epochs mAP(0.5) mAP(0.5:0.95)
Rate (%) (%)
Train 1 32 0.001 10 0.65 0.092
Train 2 32 0.001 50 3.98 0.88
Train 3 32 0.001 100 52.22 10.38
Train 4 32 0.01 10 1.85 0.24
Train 5 32 0.01 50 27.59 10.84
Train 6 32 0.01 100 95.58 56.74

As it 1s possible to observe in Table 6, the YOLOvV7 model has struggled to deliver high
accuracy for short epoch values and a lower learning rate. The best result was in the last
training set with a 56.74 at mAP(0.5:0.95). The poor results compared to YOLOvS5 may be
the same reason for the low score on YOLOvV6, which may be because of the low samples

of dataset input.

Examining further, an interesting phenomenon occurs in Train 3. After hitting the high
score for mean average precision in the 64™ epoch, the score dropped under 0,2 at mAP(0.5),
as depicted in Figure 24. In retrospect, Figure 25 presents the scores from the Train 6 set,
which differs from Train 3 only in the learning rate, but in its final epochs, it was possible
to see that the precision was still following an improvement tendency. This may have
occurred because the model with a lower training rate possibly started to converge due to

high variance in the training process of this model.
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Figure 24: Mean average precision for Train 3 on YOLOV7.
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Figure 25: Mean average precision for Train 6 on YOLOV7.
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4.3.4. YOLOVS Training

The final object detection model to be trained is the YOLOVS which is technically the
real successor to YOLOvVS. They were both built by Ultralitics, with the newer version
released in January 2023, of course, more powerful and faster for both detection and

segmentation tasks than its predecessor.

YOLOVS offers substantial developer-convenience features. Unlike other models where
tasks are separated into multiple Python files that need to be executed, YOLOvVS provides a
Command-Line Interface (CLI) that simplifies the process of training a model, with a Python
package included that provides a more user-friendly coding experience compared to previous
versions of the model. As of today, no paper was released for this version, but there is an

extent content on its repository on GitHub'. Figure 26 shows how is the architecture of this
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Figure 26: YOLOvVS8 model architecture — obtained from [55].

! https://github.com/ultralytics/ultralytics
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A recent publication from Roboflow [52] website, a cloud-based platform that supplies
tools for annotation, image management, and augmented computer vision datasets, presented
an accuracy test named RF100, used to evaluate the model in a custom dataset. It used a 100-
sample dataset from their repository, subdivided into seven categories, and compared the
YOLOV8 results with YOLOvVS5 and YOLOvV7, running each model for 100 epochs
measuring the mAP(0.5). Figure 27 presents a plot bar graphic with the scores from these

categories.
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Figure 27: MAP (0.5) comparison between the YOLO model for each category [52].

In these terms, it is possible to see that YOLOVS has superior mAP within all the
categories, and even YOLOVS has achieved high scores against YOLOV7 in five categories.
Following the same training steps from the previous YOLO models, Table 7 presents the

results for the training and validation for the mean average precision for YOLOVS.
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Table 7: YOLOVS training accuracy on retina detection.

Batch Learning Epochs mAP(0.5) mAP(0.5:0.95)
Rate (%) (%)
Train 1 32 0.001 10 98.36 85.78
Train 2 32 0.001 50 98.5 90.23
Train 3 32 0.001 100 98.5 91.15
Train 4 32 0.01 10 98.5 91.04
Train 5 32 0.01 50 98.52 90.05
Train 6 32 0.01 100 98.89 92.26

In this case, YOLOVS8 performed far better than any other model, even in Train 1, which
has a short number of training epochs, with high average precision in this training above the
best result delivered in YOLOv7 model, but not being able to surpass the best result from
YOLOVS. Oddly enough, this model is more powerful than others even with lower epochs
for training, and even on a lower learning rate, indicating that YOLOvV8 may have the good

architecture, achieving high precision scores on small datasets retina images.

4.4. Mosaic methods

For the next step in this work, some tools will be presented and evaluated to perform the
mosaicing of videos obtained from recordings made by D-Eye. Then, after collecting raw
retina images, those tools will process these to extract as much information as possible,
enhancing the details of the various retina frames available and delivering a single image as
the result. The challenge will be to use some of these methods to obtain an adequate result
to perform glaucoma detection, either by medical analysis or by a glaucoma automatic

detection method.

4.4.1. Deep Image Stitching
To perform stitching of images from arbitrary views using deep learning, a method was
proposed [73] to estimate a global homography between two images and then coarsely stitch
those images based on this homography, and finally, a revision network to refine the stitched

image. Figure 28 represents the pipeline of this proposed method.
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Figure 28: Pipeline from Deep Image Stitching — obtained from [73].

For the homography estimation phase, they prepared a pre-trained homography
estimation network to free the CNNs from costly tasks. The steps for homography
calculation involve feature extraction, feature matching, and homography solving by a direct
linear transformation (DLT) [74] algorithm. The global homography estimation provides
alignment information that can be used in the next stage of stitching the structure. Applying
the homography can change the alignment of image pairs with a large parallax to image pairs
with a small parallax. This process simplifies the problem of stitching images with a large
parallax into stitching images with a small parallax, which makes the image stitching task

with CNNs much easier.

The stitching phase was divided into two parts, structure stitching, and content revision.
For the structure stitching it was used an improved Spatial Transformer Layer (STL) [75],
proposing a Structure Stitching Layer (SLL), which will obtain the structure information
about the stitched images. In addition, SLL will serve as a translator that can be used in the

content revision network.

The content revision is implemented to eliminate the residues from the overlapping
regions while maintaining low distortion in the other areas. To achieve this, an encoder-
decoder network was applied to the stitching result, whereas the first module extract features
resulting in 8 convolutional layers, with the number of filters per layer set to 64, 64, 128,
128, 256, 512, and 512. To reduce the computational work, a 2x2 max-pooling layer was
applied, reducing the dimensions of the feature maps after the 2", 4™, and 6" convolutional

layers. The decoder works similarly to the encoder, reorganizing the feature basis into a more
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complex feature representation while matching the desired stitching result. Figure 29

presents the architecture structure for the stitching and content revision phases.
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Figure 29: Stitching and content revision architecture — obtained from [73].

For the case of this work, a single video was converted to a total of 500 frames, and with

the extracted retina crop from those, they were input in the Deep Stitching algorithm.

In the inference phase, 80 frames never seen before were inputted from the trained model.
Figure 30 shows the results from the stitching method from 8 images that resulted in 4 pairs

from different regions of the retina.

Figure 30: Example of 8 images paired with Deep Image Stitching.
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It is possible to see that in this method, the stitching performed poorly compared to what
was expected. Regarding usability, it suffers from detail gains, where the features obtained
by the trained model fail to perceive the whole image features. Therefore, some adjustments

may be needed for better performance stitching with the actual dataset.

4.4.2. Super Retina
In this method developed by Liu et al. [76], they proposed an approach based on training
keypoint detectors and descriptors in a semi-supervised manner. They also proposed a
Progressive Keypoint Expansion (KPE) to enhance keypoint labels for each epoch iteration

and re-purposed and adapted a triplet loss as a keypoint-based description loss.

Figure 31 shows how their model performs compared to other models with the
corresponding points for each pair of images, and with different cases for pairs such as large
overlap pairs, small overlap, retinopathy incidence, and non-matching pairs. The green and
red dots are considered valid or invalid matches respectively. The less bright green dots for

the negative pair mean better accuracy since the pair isn’t from the same image.
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Figure 31: Retinal image matching comparison — obtained from [76].
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For the network structure, they adopted the SuperPoint network [77], using an encoder
to extract a down-sized feature F' from a given image /, feeding the feature map in parallel
into two decoders, one for keypoint detection and another to keypoint description, which
was named Det-Decoder and Des-Decoder respectively. The function of the Det-Decoder is
to produce a full probabilistic map P which indicates the probability of a pixel being a
keypoint. The Des-Decoder produces a # x w x d tensor D, which denotes a d-dimensional

descriptor. Figure 32 shows the architecture of the proposed network.
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Figure 32: Super Retina network architecture — obtained from [76].

The authors also have a pre-trained model from retina matching available from their
GitHub repository?, which was helpful to perform some tests in common datasets. They also
have the algorithm implementation to stitch pair images and see the results from their
method. Figure 33 shows an example of image matching keypoints with a pair of images
from the FIRE dataset [5] in their pre-trained model. Figure 34 shows the final image from
their stitching.

Match Result, #goodMatch: 205

Figure 33: Matching keypoints from a pair of images.

2 https://github.com/ruc-aimc-lab/SuperRetina
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aligned query refer merged result

Figure 34: The final stitched image.

The methodology achieved a great number of matching points to enhance the feature
correspondence, having 205 matches in the pair, resulting in a good stitched image.
However, it was tested on high-resolution imaging. It is important to state that the stitched

images are evaluated only in visual perception, a metric for evaluation may be implemented.

4.4.3. Multi-image Stitching
Multi-image stitching proposed by Hu et at. [78] shows a similar approach to the
objective of this work. They intend to capture fundus retinal images from a device coupled
to a smartphone and give a full image from these captures, except that the device used in this
method can capture better images in terms of resolution. The proposed method seems
promising to apply to D-Eye database and perceive if this method can be applied to lower-

quality datasets. Figure 35 shows the workflow from this method.
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Figure 35: Retinal image stitching workflow — obtained from [78].

For starters, they choose UR-SIFT, an extended version of the scale-invariant feature
transform (SIFT) [79], for feature detection since it is capable of better overall performance

for the distribution of feature points.

SIFT uses scale-space to find scale-invariant features, the space-scale images are
calculated by convolving an input image with a Gaussian kernel. After a Difference of
Gaussian (DoG) pyramid is applied to detect regions that differ in color, to apply local
extrema detection. The DoG image is calculated by subtracting the scale-space image from
another scale-space with a different Gaussian kernel, as depicted in Figure 36, which

illustrates this process.
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Figure 36: DoG feature extraction — obtained from [78].
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The authors used Euclidian distance between the key point descriptors through a brute-
force matching algorithm allied with the K-nearest neighbor (KNN) algorithm for the feature
correspondence. In addition, they performed a ratio test for the matched keypoints to remove
the bad matches, using the Euclidian distance between the closest neighbor to the second
closest neighbor. The match will be discarded if the ratio for the neighbor distances is greater

than a defined ratio threshold.

The next step is refining the matches with a random sample consensus (RANSAC) [81],
removing outliers from discerning low-quality matches that correspond to a minimum
quality threshold. Then, an warping image process is applied to match the images into a
single one. Initially, the image with the highest sum of keypoint matches is selected to
represent the anchor for all others. They will have to perform a transformation in their

matrices to correctly match the points for the anchor image plane via homography.

The last step is to blend all warped images with the anchor image, after the previously
mentioned process, resulting in a cleaner and seamless image. Two techniques are applied
for the blending process: circular gradient masking [80] and Laplacian blending [81]. These
two techniques are used together to smooth the final image, making it more natural by
softening hard edges and blending them seamlessly with the surroundings. Figure 37 shows

the result from a five-image input and the final result from the stitched image.
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Figure 37: Final image stitched — obtained from [78].

Their proposed method makes it possible to realize that complete retina exposure is
possible. However, their imaging samples were of high resolution and rich in detail. For the
low-quality imaging that the D-Eye provides, some changes in the algorithm may be needed

to perform a similar workflow and have a result close to Figure 37.

4.4.4. Unsupervised Deep Image Stitching (UDIS)
This method uses a framework to comprises an unsupervised coarse alignment stage and
an unsupervised image reconstruction stage [82]. The pipeline in Figure 38 presents the main

workflow of this framework.
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Unsupervised Image
Reconstruction

Image

Target
Image

Figure 38: Pipeline from the Unsupervised Deep Image Stitching - obtained from
[82].

To optimize the network, the initial phase consists of coarsely aligned input images using
a single homography allied with an ablation-based loss. At the same time, a stitching-domain
transformer layer is proposed to warp the images with less space occupation. Figure 39 and

Figure 40 show how these methods behave.

Ablated

region

Reference image Target image Ablated reference image Warped target image

Figure 39: Ablation-based strategy for homography — obtained from [82].

As shown in Figure 39, the target image can not relate to the reference image because of
the no correlation between the two images. Therefore, an ablation process is applied to

overcome this, allowing the images to perform homography estimation.
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Figure 40: Stitching-domain transformer layer applied — obtained from [82].

Figure 40 shows that the spatial transformer layer has many black pixels for the two
images on the left, wasting space in the process. To overcome this issue, they defined a
stitching domain as the smallest bounding space of the stitched image, represented as the

images on the right, saving space while preserving the quality of the images.

In the second phase, is presented a specific approach to reconstruct the stitched images
from features to pixels, which eliminates artifacts through unsupervised image
reconstruction. This network consists of a low-resolution deformation branch and a high-
resolution refined branch, which respectively learn the rules of image stitching deformation

and enhance the resolution. Figure 41 represents the method architecture.
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Figure 41: Unsupervised Deep Stitching architecture — obtained from [82].

The final stitched images from their method are compared with other methods for input
images represented in Figure 42. The results show that they achieved success in their method
by preserving the quality of the stitched images with a little loss on the spatial black pixel

residue.
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Input Homography

robust ELA UDIS

¥

Figure 42: Image stitching comparison — obtained from [82].

From the comparison example given in Figure 42, visually speaking, UDIS has
performed better than the other conventional methods. With this, the next chapter will sum
up all these methods and evaluate which delivers better performance in summarizing retina

images.
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5. Results

This chapter presents the inference results from the methodologies presented in
Chapter 4. The results from the retina detection will elect the best YOLO method to perform
all the necessary detections, and the cropped retina images from them will fed the
beforementioned summarization methods. As for the mosaicing, they will be evaluated from

the visual results, aiming for the details and gains from the final images.

5.1. Retina Detection

After analyzing the training and evaluation results, it has been determined that YOLOv8
performs better than other models in most cases, achieving high accuracy in detecting retinas
while utilizing low computational power. As a result, it has been chosen to be integrated into
the workflow. Table 8 displays the current best result from each model for the mean average
precision. Although YOLOVS had a similar result to YOLOVS, the latter has a significantly
better user interface, more parameters for tuning, performing better in the inference and
having a faster training process. However, YOLOvV6 did not perform as well as expected,

and a larger dataset may be necessary to realize its potential.

Table 8: YOLOs mean average precision overall results.

Model  mAP(0.5) mAP(0.5:0.95)

YOLOvVS 99.13 92.2
YOLOv6 - -

YOLOV7 95.58 56.74
YOLOVS 98.89 92.26

The next step involves conducting new inferences using the same trained model on
videos from the private D-Eye dataset to evaluate the model further. Then, using the cropped
retina images from the detections, they will feed the summarization method to generate a
full retina image. Figure 43 presents the results from the inference of retina detection in four
videos from the private dataset. The videos were randomly selected and labeled as Samples

1 to 4.
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Among the selected samples, Sample 1 had issues with its detection. This could be
attributed to high luminosity during recording and the relatively large distance between the
D-Eye lens and the eye, resulting in some frames being too bright and potentially interfering
with the detection process. Figure 44 shows a frame with bad detection from the model.
However, while the detection was unsuccessful, the cropped images from the correctly

detected frames can still be used.

retina 0.92

retina 0.89

retina 0.90

retina 0.70

(a) Sample 1 (b) Sample 2 (c) Sample 3 (a) Sample 4

Figure 43: YOLOVS detection inference

Figure 44: Wrong detection from the YOLOv8 model in Sample 1.
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After the inference in the samples, a total of 2666 cropped images were acquired and are
ready to feed the summarization methods. Figure 45 presents how the images are after being

cropped.

(a) Sample 1 (b) Sample 2 (c) Sample 3 (a) Sample 4

Figure 45: Retina cropped images.

5.2. Retina Summarization

All previous methods were tested with the best YOLOVS crops for summarization. To
select these crops, a new inference was made in the Sample 3 video, and the chosen ones

were evaluated with mAP(0.5:0.95) with a score of at least 0.95. After this process, only 8

crops, 1 to 8, came out as a result and were normalized to 512 pixels, as shown in Figure 46.

L]

Figure 46: 8 final crops for summarization inference.
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Applying the 8 crops together with Deep Image Stitching method [73], the results
obtained from this inference are shown in Figure 47, and the method didn’t perform well

enough to fit the objective of this work.

Figure 47: 4 stitches from the Deep Stitching method.

The method seems to find the keypoints only in the center of the images. As a result, the
stitching always is performed around the center of the reference image, and this is happening
because the refinement network probably is cutting part of the image to ensure that only the
matched keypoints are present on the coarsely stitched images, hence, becoming inviable the

usage of the final images for a better overview of the retina.

From Super Retina [76], pairs of crops must be inputted once per time. For this result the
crops 1 and 8 were selected for being the most far apart from each other. The inference
started promising, showing a good amount of keypoints being recorded. Figure 48 shows
that this pair had 27 good matches between them, being a reasonable amount for the quality
of the images. The final stitched image, Figure 49, could show details from the two images
but still not enough to fully expand the retina. For now, it is the best result from the methods

approached in this work.
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Match Result, #goodMatch: 27

Figure 48: Keypoint registration on Super Retina.

aligned query refer merged result

Figure 49: Final stitched image from pair.

The method presented in Multi-image Stitching [78] was the closest in similarity with
this work, only diverging in the dataset. Unfortunately, its inference also didn’t perform well
in the D-Eye dataset since the algorithm could never find its homography due to low
keypoint matches. Thus, the homography could not be computed. Figure 50 presents good

stitching the method performs with a pair of images.

57



Detection and Mosaicing through Deep Learning Models for Low-Quality Retinal Images

Figure 50: A good example of pair images stitching — obtained from [78].

The last inferred method was UDIS [82]. However, after inputting the crops into the
unsupervised network, it also failed to deliver any significant result, giving pairs of densely

blurred images, as shown in Figure 51, with no apparent gain of imaging detail from them.

- -
\ '

-
"

-
Y

Figure 51: UDIS method for stitching pairs of images

From what was tested and evaluated, Super Retina is presented as the best method to

perform stitching with the available D-Eye dataset. A more challenging display of pairs were
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fed to the network to continue to evaluate the method even further. Two visually distant

images were manually selected to perform stitching, as shown in Figure 52.

)

Figure 52: Selected pair of images.

As shown in Figure 53, only 4 keypoint matches were found. As a result, the homography
wasn’t performed well enough to stitch and provide an overview image, as presented in

Figure 54.

Match Result, #goodMatch: 4

Figure 53: Keypoint match between selected images.
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aligned query refer merged result

Figure 54: Stitching results from bad homography.
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6. Conclusion and Future Work

This chapter will present the final thoughts and an overview of this work. The main idea
is to summarize all researched, developed, and tested to simplify medical work on retina

detection for glaucoma inference on a mobile device.

After conducting extensive research on image detection and video summarization for
retina detection, some points were analyzed, and changes were applied to better fit the

purpose of this work.

Initially, video summarization techniques use extensive neural networks that require
significant computational power to execute, making it unfeasible for a mobile device to
perform this type of activity. Thus, the summarization had to be executed in two stages:
image acquisition through frame-by-frame retina detection, followed by an image stitching

process presented in the methodology chapter.

The YOLO network [48] proved to be an extremely powerful tool for performing image
detection, being able to train and change the conditions of the weights for the trained models
in a simplistic way. From the various YOLOs available, the most recent release from
Ultralitics, YOLOvV8 [52], presented an impressive capability for training with such low
dataset input and little computational power demand, making the best network to work in

future projects.

Another important point was the difficulty in merging the images obtained from
detection into a large final image capable of summarizing the entire video recording. This
was largely due to the low resolution of the area of interest provided by the D-Eye dataset.
Albeit some methods applied to perform this merge achieved interesting results, such as
Super Retina [76], which can be adjusted with network training focused on the D-Eye
dataset, and improved to be used in conjunction with other methods, such as Multi-image
Stitching [78], which requires less computational power, making it possible to perform a

sequential workflow for summarization on a mobile device.

Another way to evaluate the results is to ask for professional assistance regarding the

final obtained images. This will help to optimize the methods to be chosen.
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For what was proposed in this work, it is believed that a progress was made in terms of
what the actual technology can perform with such low-resolution imaging. As stated before,
adjustments are needed to acquire more significant results. For this to happen, some points

may be in the discussion, such as:

e Develop a Deep Network, especially for D-Eye dataset;

e Enhance the actual available networks models to fit the D-Eye dataset;

e Enhance the quality of the captured videos;

e Train new models in the actual state of the art to perform better on the dataset;

e Develop a metric to estimate the success and quality of the merged images from
the methods;

e Exploring other merging techniques for retinal image stitching.
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7. Publications

From work developed and presented in this dissertation were also produced the following

results:

Correia, T., Cunha, A., Coelho, P. (2023). A Review on the Video Summarization and
Glaucoma Detection. In: Cunha, A., M. Garcia, N., Marx Goémez, J., Pereira, S. (eds)
Wireless Mobile Communication and Healthcare. MobiHealth 2022. Lecture Notes of the
Institute for Computer Sciences, Social Informatics and Telecommunications Engineering,

vol 484. Springer, Cham. https://doi.org/10.1007/978-3-031-32029-3 14
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