
 
 
General rights 
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright 
owners and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights. 
 

 Users may download and print one copy of any publication from the public portal for the purpose of private study or research. 

 You may not further distribute the material or use it for any profit-making activity or commercial gain 

 You may freely distribute the URL identifying the publication in the public portal 
 
If you believe that this document breaches copyright please contact us providing details, and we will remove access to the work immediately 
and investigate your claim. 
  
 

   

 

 

Downloaded from orbit.dtu.dk on: May 23, 2023

Quantification of retinal microvasculature

Engberg, Astrid Margareta Elisabet

Publication date:
2020

Document Version
Publisher's PDF, also known as Version of record

Link back to DTU Orbit

Citation (APA):
Engberg, A. M. E. (2020). Quantification of retinal microvasculature. Technical University of Denmark.

https://orbit.dtu.dk/en/publications/3c58c73e-4f8e-4bb4-bacb-00e1a3207fc9


Astrid Margareta Elisabet Engberg

QUANTIFICATION OF RETINAL

MICROVASCULATURE

PhD Thesis, Januar 2020





Quanti�cation of Retinal Microvasculature

PhD dissertation by:
Astrid Margareta Elisabet Engberg

Main Supervisor:
Vedrana Andersen Dahl, Associate Professor at the Department of Applied Mathematics and

Computer Science of DTU

Co-supervisor:
Anders Bjorholm Dahl, Professor MSO at the Department of Applied Mathematics and Computer

Science of DTU

DTU Compute
Technical University of Denmark

Richard Petersens Plads, Building 324

DK-2800 Kgs. Lyngby

Denmark

Tel: +45 4525 3031

Project period: November 2016 – Januar 2020

Class: Public

Edition: 1st Edition

Remarks: This report is submitted as partial ful�llment of the requirements for

the degree of Doctor of Philosophy in Engineering at the Technical

University of Denmark.

Copyrights: ©Astrid Margareta Elisabet Engberg, 2020





ABSTRACT

Optical coherence tomography angiography (OCTA) is a relatively novel three-dimensional

imaging modality, that provides images of the blood perfusion in the retina. This thesis focuses

on image analysis methods for quantifying microvascular structures in the retina based on OCTA

images. By segmenting the microvasculature into capillaries, vessels, foveal avascular zone, and

background, we can accurately quantify structural features in the retina. The proposed methods

demonstrate the potential of using OCTA to assess the state of patients with eye conditions.

The thesis is composed of an introductory part and four research contributions including a

technical report, two conference papers (Paper I and II), and a journal paper (Paper III). Our

�rst contribution is a quanti�cation algorithm for computing vascular metrics from OCTA data

using a dictionary-based segmentation model (Paper I and the technical report). We validated the

method on healthy subjects and cataract patients and showed that it is possible to distinguish

subjects based on the extracted features.

Next, we investigated how our quanti�cation can be used for detecting vascular changes in

OCTA data. Patients undergoing cataract surgery might develop a postoperative complication

called macular edema, which is a build-up of �uid in the center region of the retina. These

patients might have an abnormal microvasculature preoperatively or might develop vascular

changes within a few weeks after the operation. Therefore, we proposed another approach for

investigating vascular changes in patients with hematological disorders (Paper II). As opposed to

the cataract patients, for whom we are unsure which vascular changes to expect, it has previously

been shown that patients with abnormal blood compositions might cause abnormal blood �ow.

Hence, we have used OCTA images of these patients to investigate the properties of our method.

Before reasons for edema development after cataract surgery can be investigated, the e�ects of

uncomplicated cataract surgery on the vasculature must be analyzed, which we have done in

Paper III. Based on the �ndings in Paper I and II, we have developed a quanti�cation method

to observe potential vascular changes in a larger subset of cataract patients (Paper III). The

importance of good quality data was seen in Paper I, and hence a grading protocol was developed

in Paper III to aid the statistical analyses.

In conclusion, this thesis contributes with a method that allows for precisely quantifying

the retinal microvasculature. Furthermore, it provides studies of patients with hematological

conditions and a longitudinal study of a large group of cataract operated patients. These studies

showed that vascular changes can be detected in hematological patients undergoing treatment,

while only small microvascular changes were detected in cataract operated patients, although a

signi�cant growth of the macular thickness was observed.
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RESUMÉ

Optisk kohærens tomogra� angiogra� (OCTA) er en relativt ny tre-dimensionel billedmodalitet,

der viser blod perfusionen i nethinden. Denne afhandling fokuserer på billedanalysemetoder

for at kvanti�cere mikrovaskulære strukturer i nethinden baseret på OCTA-billeder. Ved at

segmentere mikrovaskulaturen til kapillærer, kar, foveal avaskulær zone samt baggrund, kan vi

præcist kvanti�cere strukturelle egenskaber i nethinden. Den foreslåede method demonstrerer

potentiallet ved at bruge OCTA til at vurdere tilstand af patienter med øjensygdomme. Denne

afhandling består af en introduktionsdel samt �re forskningsbidrag, der inkluderer en teknisk

rapport, to konferencebidrag (Artikel 1 og II) og en tidsskrift artikel (Artikel III).

Vores første bidrag er en kvanti�ceringsalgoritme til at beregne vaskulære mål fra OCTA-data

ved hjælp af en ordbog-baseret segmenteringsmodel (Artikel I samt den tekniske rapport). Vi

validerede metoden på raske individer og grå stær patienter, hvor vi viste, at det er muligt at

skelne personer baseret på de vaskulære mål.

Efterfølgende undersøgte vi, hvordan vores kvanti�cering kan bruges til at detektere vaskulære

ændringer i OCTA-data. Patienter, der opereres for grå stær kan muligvis usvikle en postoperativ

komplikation kaldet makula ødem. Dette er en ophobning a væske i den centrale del af nethinden.

Disse patienter kan muligvis have en unormal mikrovasculatur før operationen eller de kan

udvikle vaskulære ændringer inden for et par uger efter operationen. Vi foreslog derfor en anden

fremgangsmåde til undersøgelse af vaskulære ændringer hos patienter med hæmatologiske lidelser

(Artikel II). I modsætning til grå stær patienter, hvor vi ikke er sikre på, hvilke vaskulære ændringer

der kan forventes, er der tidligere blevet vist, at patienter med unormale blodsammensætninger

kan forårsage unormal blodgennemstrømning. Derfor har vi brugt OCTA-billeder fra disse

patienter til at undersøge egenskaberne ved vores metode. Før årsagerne til udviklingen af ødem

efter grå stær-operation kan undersøges, skal e�ekten af en ukompliceret grå stær-operation

på vaskulaturen analyseres, hvilket vi har gjort i Artikel III. Baseret på fundene i Artikel I og II

har vi udviklet en kvanti�ceringsmetode til at observere potentielle vaskulære ændringer i en

større undergruppe af grå stær-patienter (Artikel III). I Artikel I så vi at det er vigtigt at data er af

høj kvalitet. Derfor introducerede vi en klassi�ceringsprotokol i Artikel III der kan benyttes i de

statistiske analyser.

Som konklusion, bidrager denne afhandling med en metode, der tillader nøjagtigt kvan-

ti�kation af nethindens mikrovaskulatur. Endvidere bidrager den med studier af patienter med

hæmatologiske lidelser samt en undersøgelse af en stor gruppe af grå stær-opererede patien-

ter. Disse studier viste, at vaskulære ændringer kan påvises hos hæmatologiske patienter, der

gennemgår behandling, mens der kun blev påvist små mikrovaskulære ændringer hos grå stær-

opererede patienter, trods at der blev observeret en markant vækst af nethindens tykkelse.
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PREFACE

This thesis is submitted as partial ful�llment of the requirements for the degree of Doctor of
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research conducted from November 2016 to January 2020, and was prepared at the Section of

Image Analysis and Computer Graphics at the Department of Applied Mathematics and Computer

Science at the Technical University of Denmark, Kongens Lyngby, Denmark.

The research presented in this thesis was conducted in close collaboration with Associate

Professor Line Kessel and Senior Researcher Birgit Sander from the Eye-Clinic at Rigshopitalet-

Glostrup, Glostrup, Denmark and University of Copenhagen, Copenhagen, Denmark. The project

was supervised by Associate Professor Vedrana Andersen Dahl and co-supervised by Professor

MSO Anders Bjorholm Dahl from the Department of Applied Mathematics and Computer Science

at the Technical University of Denmark, Kongens Lyngby, Denmark.

The research was partly funded by a EuroTech Alliance scholarship and by DTU Compute.

This thesis includes four di�erent publications, which are available in Contributions A-D.
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Astrid Engberg
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INTRODUCTION 1

Certain ocular
1

disorders a�ect the retinal blood vessels and capillaries. Studying the retinal

vasculature and its morphology can provide insights into these pathological conditions and is

essential for determining the correct diagnosis and prognosis in ophthalmology
2
. A cataract

is a medical condition in which the lens becomes increasingly cloudy. It occurs in 50% of the

Danish population by the age of 75, and 50,000 cataract removal surgeries are performed yearly

(Lægehåndbogen, 2020). It is caused by a change from the normal and regular layers of the lens

�bers to an irregular structure. These changes lead to increased light absorption by the lens as

well as light scattering. Hence, less light can enter the eye and the opacity of the lens increases.

It is treated by surgically removing the whole lens in a so-called phacoemulsi�cation surgery

and then implanting an intraocular lens (Avery et al, 2014). Cataract removal surgery is usually

uncomplicated, but up to 25% of the patients develop a post-operative swelling of the retina called

pseudophakic cystoid macular edema, which can cause reduced visual acuity (Kessel et al, 2014;

Kim et al, 2015). It is still unknown why some patients develop edema, but it is hypothesized to

be connected to the breakdown of the blood ocular barrier resulting in leaky capillaries (Guo et al,

2015). Therefore, it is interesting and relevant to study potential retinal vasculature changes in

patients before and after cataract surgery.

Optical coherence tomography (OCT) is a three-dimensional (3D) imaging modality, that

provides high-resolution structural scans of the retina. In 2014, a functional extension of OCT

called optical coherence tomography angiography (OCTA) became commercially available (Spaide

et al, 2018). OCTA is a non-invasive imaging modality, which shows blood perfusion in the retina

and hence o�ers a way to study the retinal microvasculature. However, extracting information

from OCTA data is challenging due to the complex vascular network and the high noise levels

in the images. Therefore, advanced medical image analysis is needed to accurately identify and

quantify important vascular features.

Medical image analysis can be used to automatically detect vessels, capillaries and avascular

areas. This allows to extract information about the size of the vessel diameters and the location of

the vascular network. A fully automatic method enables reliable and robust estimates of vascular

features – and it is highly time-saving compared to manual segmentation. Additionally, in large

clinical investigations, image analysis methods provide fast ways to obtain population statistics.

Several vascular quanti�cation methods for OCTA data have been suggested, but no standard

method for extracting the relevant information exists.

The main purpose of my PhD project has been to investigate whether it is possible to predict

postoperative edema after cataract surgery. The focus has therefore been on developing di�erent

quanti�cation strategies of the retinal microvasculature in OCTA data.

1
Related to the eye.

2
A branch of medicine which is concerned with the study and treatment of eye disorders.

1



2 Chapter 1. Introduction

1.1 objectives

The overall objectives of this project were to provide a methodology for analyzing OCTA images

and apply the methods to study the retinal vasculature. The three main objectives are listed

below:

• Objective 1: Validate the segmentation and quanti�cation method for vascular structures

in OCTA data (related to Paper I in Contributions B)

• Objective 2: Determine whether vascular changes can be estimated using OCTA in hema-

tologic patients (related to Paper II in Contributions C)

• Objective 3: Investigate if there are vascular changes in patients that have undergone

cataract surgery (related to Paper III in Contributions D)

1.2 thesis overview

The thesis consists of three parts. The �rst part provides background knowledge of the imaging

modality, optical coherence tomography angiography (OCTA), and describes the related work

regarding quanti�cation and image analysis of OCTA images (Chapter 2). The second part of the

thesis presents our research regarding quanti�cation strategies for di�erent diseases followed

by a conclusion of the project (Chapter 3 and 4). The third part of the thesis consists of the PhD

contributions, which includes a technical report, two accepted proceeding papers (Paper I and II),

and a submitted journal manuscript (Paper III).



BACKGROUND 2

"Who would believe that so small a space could contain the images of all the universe?"

– Leonardo da Vinci

The purpose of my PhD project is to investigate if and how certain diseases a�ect the blood

vessels in the eyes. This is pursued by analyzing medical images of the retinal vasculature. For the

reader to have a basic understanding of what is depicted in these images and how these images

are obtained, I will provide a basic understanding of the vasculature of the eye and explain the

principle behind the imaging modality in this chapter. Furthermore, I will go through previous

research and related work.

2.1 anatomy and physiology of the eye

The eyes are an essential part of the visual system. Incoming light creates neuronal responses

that are transmitted through the optic nerve to the brain, where they are interpreted. The most

important anatomical structure for my thesis is the retina. It is a thin tissue layer located at the

back of the eye as seen in Figure 2.1, where light photons are captured by the photoreceptors

and transformed into a neuronal signal. The retina is composed of two parts: the retinal pigment

epithelium and the neuroretina. More than 180 million photoreceptors are located in the outer

part of the neuroretina. The inner part of the neuroretina consists of several sublayers that are

shown in Figure 2.2.

It is important to understand the layers of the neuroretina on a cellular level since we will

look at the vasculature surrounding these cells. All of these layers are illustrated in Figure 2.2.

Starting from the anterior part of the retina, the most important layers related to this project

are: 1) the inner limiting membrane, 2) the nerve �ber layer, 3) the ganglionic layer, 4) the inner

plexiform layer, 5) the inner nuclear layer, 6) the outer plexiform layer, 7) the photoreceptor

layer, and 8) the retinal pigmented epithelium monolayer. Once incident light is detected in

the photoreceptor cells, a neuronal signal is sent through the so-called bipolar cell layer to the

ganglion cells. The ganglion cells collect the neuronal signal into the nerve �bers going to the

optic nerve. Intermediate layers, the so-called outer plexiform layer, and the inner plexiform

layer are network-like layers of neuronal synapses. The photoreceptor cells are located in the

posterior part of the eye. A retinal pigment epithelium layer consisting of cells �lled with melanin

reduces scattering and ensures a higher collection of the incoming light. The photoreceptor cells

are connected to a bipolar cell layer, separated by the outer plexiform layer (Seeley et al, 2003).

3



4 Chapter 2. Background

Figure 2.1: Illustration of di�erent parts of the eye. The eye is surrounded by three di�erent

layers: the outer �brous layer consisting of sclera and cornea, the middle vascular layer consisting

of the choroid, and the inner nervous layer consisting of the retina (Seeley et al, 2003). Incoming

light is focused on the retina by the cornea and the lens. Figure inspired by Seeley et al (2003).

Choroid/choriocapillaris
Bruch’s membrane
Retinal pigmented epithelium

Photoreceptor layer

Outer plexiform layer

Inner nuclear layer/
Bipolar layer

Inner plexiform layer

Ganglionic layer
Nerve fiber layer
Inner limiting membrane

Posterior part

Anterior part

Pigment cell

Cone cell

Rod cell

Bipolar cell

Interplexiform cell

Ganglion cell

Direction of 
action potential

Direction of 
the light

Figure 2.2: The retina is composed of several cell types. The photons of incoming light are

captured by photopigments in the photoreceptor layer leading to a neuronal signal through a

number of cells. The signal is transmitted through the nerve �bers of the ganglion cells to the

optic nerve. The retinal pigment epithelium is separated from the choriocapillaris by the thin

Bruch’s membrane. Figure inspired by Seeley et al (2003).
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Figure 2.3: The retina photographed through the pupil (fundus photography). The fundus image

shows where the macula and the fovea are located. Another area, called the optic disc, can also

be seen, which is where the optic nerve and the central retinal artery and vein enter the eye. No

photoreceptor cells are therefore present at this spot, and it is often called the blind spot.

The central part of the retina is called the macula (Figure 2.3). It is especially interesting since

it is responsible for the central vision. It is therefore commonly imaged in clinical research, and

all of the data presented throughout this thesis are macular scans. The macula is approximately

5.5 mm in diameter, and at the very center of the macula is a region called the fovea (meaning

’small pit’ in Latin), which can be seen in Figure 2.3. The fovea has the best visual acuity. The

reason for this is that it does not contain any vessels, but consists only of photoreceptor cone

cells (Seeley et al, 2003). Since there are no ganglion cells present in the fovea, there is a small

depression in the retina which explains its name.

2.1.1 Retinal vasculature

With the focus of the thesis on images of the retinal vasculature, I will here provide an overview of

the complex retinal blood supply. The oxygen consumption rate of the retina is the highest in the

body (Spaide et al, 2018). This is due to the high energy requirements of the photoreceptors (Arden,

2005). Therefore, it is necessary to have a vasculature which provides su�cient supplies of oxygen

and nutrition. Since the photoreceptor layer is avascular in order to obtain the highest possible

visual resolution, a quite complex vascular structure is needed to meet the high energy demands

without in�uencing the visual system within the eye and without obstructing the incoming light.

Thus, we have two di�erent vascular systems supplying blood to the retina. The inner neuroretina

is supplied by the central retinal artery, while the photoreceptors are supplied both from the

retinal vessels and the choriocapillaris (choroid). Thus, the outer part of the photoreceptor and

the retinal pigment epithelium receive oxygen di�using from the choriocapillaris. I will in all
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three included papers in this thesis look at images showing the vasculature of the inner part of

the neuroretina.

The central retinal artery runs within the optic nerve, where it enters the sclera and the inner

part of the neuroretina. Here, it branches out to form arterioles and three capillary layers which

provide oxygen and nutrition to the inner retinal neurons (Spaide et al, 2018; Sun and Smith,

2018). The blood is collected in venules and veins, which combine into the central retinal vein,

which leaves the eye through the optic nerve. Two vascular layers are important for this thesis:

The super�cial retinal layer (SRL) and the deep retinal layer (DRL). In the ganglionic cell layer, the

super�cial vascular plexus or super�cial retinal layer is present where the arterioles branch into

capillaries, which form into venules. From this plexus, small vessels submerge into the tissue and

form two spider-like networks around the inner nuclear layer: the intermediate and deep capillary

plexus. They reconnect to retinal venules through upward-going draining vessels. Because the

two networks are within close proximity and only consist of capillaries, these two plexuses are

typically grouped and denoted the deep retinal plexus or deep retinal layer (Spaide et al, 2018).

The center of fovea is called the foveal avascular zone (FAZ) and consists only of photoreceptors

and no blood vessels. Therefore, it relies on the surrounding capillaries and di�usion from the

choriocapillaris to provide nutrition.

Certain ocular diseases a�ect the retinal vasculature and the di�erent stages of the diseases

can introduce characteristic vascular features. An example is diabetic retinopathy, which can

cause either blockage of capillaries, leakage or proliferation of new vessels. By imaging the retinal

vasculature, some of these features can be visualized. The vessel networks are though quite

complex, and therefore medical image analysis and quanti�cation methods are needed to identify

and extract relevant information – especially when the measures of the retinal vasculature are to

be used in large clinical investigations.

2.2 optical coherence tomography

Optical coherence tomography (OCT) is a 3D imaging modality which provides high-resolution

structural scans of the retina. It can also be extended to provide angiographic scans of the retinal

vasculature using optical coherence tomography angiography (OCTA). In order to determine how

the visualized vasculature is a�ected by di�erent pathological conditions, the relevant information

needs to be extracted from the images. Later in this thesis, I will present the quanti�cation methods

that we have developed for exactly this purpose. Prior to this, it is important to understand how

the images have been produced as well as the limitations of the technique.

OCT has been used in ophthalmological applications for almost three decades (Serranho

et al, 2012), but has been continuously improved throughout this period. It is a non-invasive,

non-contact, and often used clinical imaging modality that can provide real-time images of the

retina. A 3D representation of the retina can be obtained with an axial resolution of 5-10 µm and

a transverse/lateral resolution of 15-20 µm (Sinha et al, 2017; Spaide et al, 2018).
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2.2.1 Technical principle of OCT

The principle of OCT is very similar to ultrasound imaging, but it uses the propagation and

re�ection of light instead of sound waves. The di�erent retinal layers are hence determined by

their di�erent re�ectivity (Serranho et al, 2012). Interferometry is used, since the depth of the

retina is only 300-400 µm, and the di�erence in time between the layers therefore is too short

to measure (Sinha et al, 2017). Interferometry utilizes that when two light beams have the same

frequency and are in phase, interference occurs, and hence a higher intensity signal is produced.

Perfectly coherent light waves have the same frequency and a constant phase di�erence, but the

light waves cannot be used to achieve depth-related information of a sample. Low-coherence

light, on the other hand, can provide this data.

Low-coherence light means light of several di�erent frequencies, i.e. with broad optical

bandwidth. In OCT, a light source emits a low-coherence light beam, which is split into a reference

beam and a sample beam by a beam splitter, such that they are initially in phase. The sample

beam travels to the eye, while the reference beam travels to a reference mirror. As the sample

beam travels through the eye, scattering events occur when di�erent layers are encountered. The

two back-scattered beams are then combined at a detector. Here, an interference event can occur,

if the two beams have traveled nearly the same optical path length. An interference event is thus

an indicator of a speci�c distance traveled within the sample.

Originally, the backscattered light was detected in time-domain (called time-domain (TD)

OCT). An important development for the OCT technique was to extend the method to the

Fourier domain: either by using a spectrometer to measure the interferometric signal (called

spectral-domain (SD) OCT) or by using a tunable light source that sweeps through equally spaced

frequency values (called swept-source (SS) OCT). This has allowed for a much higher acquisition

rate and hence a larger �eld of view. I will analyze scans acquired by both SD-OCT and SS-OCT

scanners in my included papers. The principles behind the three types of OCT are illustrated in

Figure 2.4. In TD-OCT, the position of the reference mirror changes, in order to determine which

depths provide high interference. This setup produces a relatively low scanning rate because

it is limited by the moving reference mirror. The reference mirror is �xed for SD- and SS-OCT

and the depth information is instead provided by a spectrometer for SD-OCT and a tunable light

source for SS-OCT. The spectrometer measures the intensity spectrum, which can be used to

derive the spatial information. However, the signal and sensitivity decrease with sample depth

and the acquisition time is determined by the readout rate of the spectrometer. In SS-OCT, a

tunable light source is used instead of a broad bandwidth beam, which can sweep through all

frequencies of interest, and therefore only one photodetector is needed, and hence the signal

drop-o� with depth is minimal compared to SD-OCT (Serranho et al, 2012).

The measurement of the backscattered light is called an A-scan or an axial scan (Spaide et al,

2018), as shown in Figure 2.5. By scanning in the lateral direction, sequential A-scans can be

acquired and can then constitute a 2-dimensional B-scan. A 3-dimensional volumetric scan is

obtained by acquiring multiple sequential B-scans. The scanning rate is typically around 400

A-scans/second in TD-OCT (Duker et al, 2013) and 70,000-85,000 A-scans/second in SD-OCT
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(a) Time-domain OCT (b) Spectral-domain OCT

(c) Swept-source OCT

Figure 2.4: Sub�gures illustrating the principle behind di�erent types of optical coherence

tomography (OCT). Light is emitted from a source and is divided by a beam splitter. One beam

travels to a reference mirror, and one travels to the sample (the eye). A detector measures the

back-scattered reference light and sample light. Sub�gure (a) shows time-domain OCT where the

reference mirror is moving. Sub�gure (b) shows spectral-domain OCT, where the reference mirror

is �xed and a spectrometer measures the back-scattered light. Sub�gure (c) shows swept-source

OCT where the reference mirror is �xed and a tunable light source is used. Figures inspired by

Serranho et al (2012).

(Spaide et al, 2018), while SS-OCT acquires 100,000 A-scans/second. Long wavelength-light of 840

nm is used in SD-OCT, while light with a wavelength of 1050 nm is used in SS-OCT to increase

the penetration (Sinha et al, 2017).
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Figure 2.5: An illustration of an A-scan in the axial direction, a B-scan consisting of several

A-scans acquired in the lateral direction, and a 3D volume consisting of several B-scans acquired

in the transverse direction.

2.2.2 Optical coherence tomography angiography

My work is about the retinal vasculature, and recent progression in OCT research has enabled

acquiring a 3D visualization of the retinal blood vessels by using optical coherence tomography

angiography (OCTA). OCTA is based on the same technique as OCT, but speci�cally detects

signal changes related to movement caused by blood �ow. Since the retina is stationary, the

only expected di�erence between two subsequent B-scans in the same location will be due to the

movement of the blood. Therefore, pixel-wise di�erences can be used to detect the vasculature in

repeated OCT B-scans. The technical developments and improvements of the scanning speed for

OCT enabled research in blood �ow. After more than ten years of research, the �rst commercial

system was released by Optovue in 2014 based on SD-OCT, followed by products introduced by

Topcon and Zeiss (Spaide et al, 2018). OCTA has since then been increasingly used in clinical

research. The OCTA images are though highly dependent on implementation decisions and signal

processing in the OCTA machine and the scanning protocol. Currently, there is a lot of research

concerning scanning procedures and software in order to improve OCTA (Spaide et al, 2018).

One advantage of OCTA compared to other retinal angiographic methods (like �uorescein

angiography) is that it can visualize the microvasculature with depth resolution. Although, to

provide a simple overview of the 3D vascular network, the dimensionality of the data is often

reduced. This is done by dividing the volume up into thin anatomical structures, such as retinal

layers. The di�erent retinal layers can be obtained from the structural OCT data, which are

intrinsically co-registered to the OCTA data. The vascular data of these layers can now be

projected to obtain a simple two-dimensional (2D) overview of the vasculature in a similar way

as in traditional angiograms produced by �uorescein angiography. This is called an en face

projection or an en face angiogram. Often, only the en face angiograms are available for export
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Figure 2.6: Showing en face angiograms of the di�erent retinal layers obtained by projecting

the vessel information from the B-scan. The super�cial retinal layer (SRL) is de�ned by Topcon

Medical Systems, Inc. to go from the internal limiting membrane + 2.6 µm to the inner plexiform

layer/inner nuclear layer + 15.6 µm. The deep retinal layer (DRL) is de�ned to go from the inner

plexiform layer/inner nuclear layer + 15.6 µm to the inner plexiform layer/inner nuclear layer +

70.2 µm. The outer retina is de�ned to go from the inner plexiform layer/inner nuclear layer +

70.2 µm to Bruch’s membrane. The choriocapillaris is de�ned to go from Bruch’s Membrane to

Bruch’s membrane + 10.4 µm.

in the commercial scanners. This was the case with both the Topcon and Heidelberg scanners,

that I have worked with, and therefore my research has been limited to these 2D simpli�cations.

An en face projection is usually done by a maximal intensity projection (Spaide et al, 2018), in

order to see the blood �ow in the smallest vessel, although it comes with increased sensitivity to

noise. Alternatively, a mean intensity projection can be used. The en face simpli�cation comes

with several costs. Information about the depth of the vasculature in the given layer is removed

due to the �attening of the data, such that two di�erent blood vessels laying on top of each other

become merged in the en face image (Kashani et al, 2017). The projections are also strongly

a�ected by errors in the segmentation of the retinal layers, which often occur in eyes with certain

pathologies. The layer segmentation also often varies with the di�erent OCT machines (Duker

et al, 2013). Examples of en face OCTA angiograms from di�erent retinal layers can be seen in

Figure 2.6.

It is important to understand how the vasculature is imaged in OCTA. OCTA can visualize

the perfusion in blood vessels where the signal strength indicates the speed of the blood �ow –

although with some restrictions. The interscan time (usually around 4-5 ms) a�ects the sensitivity

to the slowest detectable �ow and the ability to distinguish �ow faster than a certain limit (Chua
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et al, 2019; Spaide et al, 2018). A long interscan time enables detection of slow blood �ow, such

that the red blood cell can move a su�ciently large distance for it to be detected. However, a long

interscan time cannot detect di�erences in faster blood �ow. This limit comes from the fact that

fast �ow produces the same change in an OCT signal as faster �ow. A smaller interscan time will

enable a higher fastest distinguishable �ow, but will also increase the lowest detectable �ow rate

(Spaide et al, 2018). Typically, commercial OCTA systems have a long interscan time enabling

them to detect slow �ow, but hence cannot distinguish di�erences in faster �ows. At the same

time, the blood �ow with very slow �ow rates can still not be detected.

Scanners used in this thesis

This thesis presents work acquired by two di�erent scanners: DRI OCT Triton scanner from

Topcon Medical Systems, Inc. and Spectralis from Heidelberg Engineering, Heidelberg, Germany.

The DRI OCT Triton scanner uses swept-source technology and was used in the studies described

in Paper I and III investigating macular changes from before to after cataract surgery. The 1050

nm wavelength o�ers advantages when penetrating cataracts (Topcon Medical Systems, Inc.,

2020). The scanning rate is 100,000 A-scans/second, and the scanner uses a tracking system for

adjusting for involuntary eye movements and blinking. It uses the OCTARA-algorithm to detect

angiographic movement. OCTARA works by acquiring multiple B-scans in the same location.

From these scans, signal changes corresponding to blood �ow can be extracted (Stanga et al, 2016).

The OCTA images have a lateral resolution of 20 µm and an axial resolution of 8 µm (Topcon

Medical Systems, Inc., 2020).

The Spectralis scanner from Heidelberg Engineering, which we used in Paper II, uses spectral-

domain technology. The axial resolution is 7 µm and the lateral resolution is 14 µm (GmbH, 2018).

An eye-tracking system is applied, and 4-7 B-scans are acquired in each location.

2.2.3 Common artifacts in OCT and OCTA

The capillary network in OCTA images appears �ne and detailed, but the images are also quite

noisy. This makes it di�cult to identify individual capillaries. It is therefore important to know

the most common artifacts which can be present in the images to avoid misinterpretations. High

signal strength is essential for trustworthy images (Yu et al, 2019). Media opacity, cataract, dry

eyes, and incorrect positioning of the eye in the scanner can all in�uence the signal strength.

This will cause a decreased signal to noise ratio compared to normal eyes, and hence the images

will appear to have more noise because there is less signal (Spaide et al, 2018). When the signal

is low – as is the case in smaller vessels – the signal can be misinterpreted as noise. Typically,

OCTA machines have built-in software to remove and reduce noise. In this way, the signal in

small vessels may be wrongly removed, and hence less perfusion is observed on the images than

what is really the case (Kashani et al, 2017; Spaide et al, 2018). A signal strength score is usually

supplied by the OCTA machine, although the computation of these scores is often proprietary

(Spaide et al, 2018).
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As mentioned in the previous section, another serious artifact can be caused by errors in layer

segmentation, which can a�ect the en face OCTA angiograms. The algorithms for layer detection

are usually based on healthy OCT data of good quality and hence may not work optimally in

eyes with pathologies (Spaide et al, 2018). Our three included publications investigate eyes with

cataract and hematological disorders – both of which do not cause changes in the retinal layers,

and hence we have not had many issues with faulty layer segmentation.

Motion artifacts can occur if there are eye movements during the acquisition, and hence make

it challenging to repeat the scans at the same location. These artifacts are seen as distortions, as

doubled scanning of the same area or as misalignment of the vessels. Eyetracking systems can

help overcome the problem by correcting for errors induced by changes in the position of the eye

(Hangai, 2017; Spaide et al, 2018). Artifacts can also arise from movements within the eye which

can similarly a�ect the measured re�ective signal. These movements arise from axial movements

of small particles within the eye or from axial movement of the retina itself due to changes in the

cardiac cycle or pulsatile expansions from the choroid layer (Spaide et al, 2018). These types of

artifacts are di�cult to detect and hence di�cult to compensate for.

Projection artifacts are very common in both structural OCT and OCTA, in which they

typically are more visible than in OCT. They result in elongated blood vessels in the axial

direction as well as a false blood �ow signal being shown in typically avascular areas. They occur

because the light that travels through a vessel with moving blood is scattered and propagated

within the blood, and hence some photons will travel a longer optical path and be depicted at

a lower depth than in reality (Zhang et al, 2015; Kashani et al, 2017). Other artifacts include

vignetting, which occurs when part of the light beam is blocked by the iris and hence causes a

signal loss in a peripheral part of the image (Duker et al, 2013). Blink artifacts are often seen as

black horizontal lines on the image, which are caused by a momentary loss of acquisition data

when the person blinks (Sinha et al, 2017).

2.3 technical background for vessel analysis in octa

The OCTA platform has been increasingly used in clinical research since its commercialization

in 2014 (Spaide et al, 2018). Therefore, multiple methods for analyzing the retinal vessels have

been proposed. In the following section, I will describe relevant literature for analyzing and

quantifying the retinal vasculature based on OCTA images. Part of the research studies below has

also been mentioned in the related work sections of Paper I, II and III. Here, I will give a collected

description, which therefore has some overlap with the papers.

As mentioned in Section 2.1.1, ocular diseases can a�ect the retinal vasculature, and it is

therefore highly relevant to study the blood vessels using OCTA. However, the �rst challenge is

to extract relevant information from the high complexity of the capillary network in the OCTA

images. It is therefore desirable to have quantitative metrics that describe the important aspects of

the retinal vascular system. The medical doctor can hereby easily understand what is important in

the OCTA scan for a certain patient, and the quantitative metrics can be used to produce statistics

about populations of patients having a certain disease. Through discussions with medical doctors
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and reviewing the relevant literature, we came to the conclusion that three things were especially

interesting. Statistics concerning the capillary density, the thickness of the capillaries and vessels,

and information about the shape and size of the foveal avascular zone (FAZ).

2.3.1 Segmentation in OCTA data

A correct segmentation of the vessels is essential for obtaining reliable quantitative assessments of

the vascular features. The majority of research studies have focused on the quantitative vascular

metrics, and only few studies focused on microvascular segmentation from OCTA images. An

extensive amount of research has been made to blood vessel segmentation in fundus images (Fraz

et al, 2012) for which publicly available ground truth data sets exist. Some of these have been

applied to OCTA images (Eladawi et al, 2017), although their performance has not been validated

on OCTA data.

A model-based segmentation method of the blood vessels in OCTA images was proposed

by Eladawi et al (2017). They used a probabilistic model based on a Markov-Gibbs random �eld

model incorporating a regional dynamic histogram equalization step to enhance the contrast.

They evaluated their result by comparing to manually annotated images and other segmentation

methods developed for fundus vessel segmentation. They achieved around 95% in Dice Similarity

Score.

Some data-driven segmentation methods in OCTA have also been proposed recently. Prentašic

et al (2016) used deep learning networks to segment the foveal microvasculature into one class with

80 manually annotated OCTA images. They reached an accuracy of around 80-83%. Convolutional

neural networks have also been used to detect non-perfusion areas in OCTA data (Guo et al, 2018;

Wang et al, 2020). Deng (2018) used Hessian- and deep learning-based methods for segmenting all

vessels in OCTA. A segmentation model was created for detecting larger vessels and capillaries

separately in data from another retinal imaging modality using deep learning (Deng, 2018).

Since all quanti�cation and segmentation methods are challenged by low-quality OCTA

images, Deng et al (2019) proposed another approach for region-segmentation. Here, a deep

learning-based approach is used to obtain probability maps of avascular, hypovascular, and

capillary-dense areas in OCTA data. They combine the method with regional information to aid

di�ering between areas with signal dropout and hypovascular regions. They use 188 OCTA scans

where the regions are manually annotated.

2.3.2 Estimation of the vessel density

Several quanti�cation schemes for relevant vascular metrics with varying complexity and quality

have been proposed during the last �ve years, without any of these becoming a current standard.

Some of the commercial OCTA devices include proprietary software for extracting vessel densities,

such as the AngioVue OCTA system (Optovue, Inc., Fremont, CA, USA), Cirrus (Carl Zeiss Meditec,

Inc., Dublin, CA, USA), and RS-3000 Advance (NIDEK, Gamagori, Japan) (Rabiolo et al, 2018).

However, the two scanners used in this thesis do not provide any quantitative vascular metrics.
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Examples of clinical studies that use the proprietary software from Carl Zeiss Meditec to

obtain estimates for vessel density include Triolo et al (2017) and Lei et al (2017), while Al-Sheikh

et al (2017) did a repeatability study of vessel density measurements on OCTA using software

from NIDEK. The AngioVue software from Optovue is used by Yu et al (2017), Toto et al (2017),

Wang et al (2018), Chua et al (2019), Inal et al (2019), Chen et al (2019), Busch et al (2019), and

Nesper et al (2017). The latter also use global thresholding to identify areas of nonperfusion.

Several alternative approaches to quantifying the vessel density on OCTA en face angiograms

have been proposed in scienti�c literature. Gadde et al (2016) use local fractal analysis, Iafe et al

(2016) used binarization and skeletonization in ImageJ software. Hwang et al (2016) evaluate

capillary nonperfusion in diabetic retinopathy using a global thresholding algorithm for detecting

vessels and avascular areas. Kim et al (2016) perform quanti�cation of several vascular features

by using �ltering and thresholding approaches. Chu et al (2016) proposed a quanti�cation tool

consisting of �ve di�erent metrics, where the segmentation of the vessels is based on �ltering

and global and adaptive thresholding. Durbin et al (2017) used quantitative metrics to investigate

diabetic retinopathy, where the vessel and perfusion density is estimated using a thresholding

algorithm and skeletonization.

Tang et al (2017) conducted a big study on patients with diabetes. They use a non-local

means (NLM) denoising �lter to reduce background noise and enhance the blood vessels, and

a phansalkar adaptive local thresholding for binarization. They compute the vessel density,

fractal dimension, vessel diameter index, and non-perfused areas. Alibhai et al (2018) perform

binarization, �ltering, and skeletonization to compute densities, binarized �ow index, and a radial

analysis.

In paper II and III, we look at vascular changes after surgery and treatment of cataract and

some hematological disorders. Several other studies have also investigated vascular changes in

OCTA with time: Inal et al (2019) investigate hemodynamic changes after strabismus surgery,

Chen et al (2019) look at changes after small incision lenticule extraction, and Hagag et al (2018)

investigate hyperoxia and the resulting vascular changes. In paper II, we look at vascular changes

in hematologic patients, where we expect to see dilated vessels. In regards to this, Dongye et al

(2017) propose a method for detecting dilated capillaries in OCTA based on contrast and saliency

methods, although – as mentioned in their paper – their method might not be suitable if all

vessels in the angiogram are dilated.

Rabiolo et al (2018) compared seven di�erent previously published quanti�cation algorithms

for macular vessel density, where the estimated densities were signi�cantly di�erent for each

algorithm. The algorithms are all based on thresholding except for the proprietary algorithm

(macular density algorithm v0.6.1) developed by Carl Zeiss Meditec, Inc. Based on their �ndings,

they recommend using the same algorithm in follow-up studies. Comparisons to other studies

or anatomical databases should be done with care, since the vessel density estimation depends

on OCTA device, angiography acquisition size, and post-processing algorithm. Shoji et al (2018)

evaluated the reproducibility of di�erent macular vessel density calculations by using di�erent

binarization algorithms in ImageJ software (National Institutes of Health, Bethesda, MD) on

data obtained from two OCTA systems. They recommended that the same scanner and same
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quanti�cation method is used throughout the same study and that cross-study results should be

compared with caution.

2.3.3 Estimation of the foveal avascular zone

Throughout the years, the foveal avascular zone (FAZ) has been estimated in several ways in

OCTA. Iafe et al (2016) and Alibhai et al (2018) outline the FAZ manually, while Busch et al (2019)

and Chen et al (2019) use the proprietary software by Optovue to extract the FAZ. Durbin et al

(2017) and Tang et al (2017) use a region-growing method, while Gadde et al (2016) make use of

connected component labeling. Lu et al (2018) estimate the FAZ based on a generalized gradient

vector or a snake model.
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3.1 research qestions

The aim of the work in my PhD project is to investigate quanti�cation methods with a special

focus on cataracts. A possible complication to cataract surgery is macular edema
1
. It is unknown

why this occurs, but it has been hypothesized that is comes from the breakdown of the blood

ocular barrier (Guo et al, 2015) resulting in leaky capillaries. It is therefore relevant to study

the anatomical structure of the retinal vasculature. The microvasculature depicted in OCTA

consists of a complex network, for which image analysis methods are needed to extract relevant

information. Therefore, we need a method to quantify the vasculature and extract relevant

vascular features. To validate the method, it must be tested on subjects both with and without

vascular changes.

Our three main research questions regarding the OCTA images are closely related to the

objectives described in the introduction. The questions are:

1. Can we di�er healthy subjects based on vascular features? (Addressed in Paper I)

2. Can we identify vascular changes when the blood is abnormal? (Addressed in Paper II)

3. Are there vascular changes present after cataract surgery? (Addressed in Paper III)

First, we need a way to identify the retinal vasculature, and our main focus is the microvascu-

lature, i.e. the capillaries of the retina. The ideal scenario would be to detect both capillaries and

larger vessels as two di�erent classes. Then, we need to translate the segmentation into relevant

quantitative information.

The main contributions of this thesis are given in the technical report and papers in the

Contributions part. To give a comprehensive basis for the results presented in the papers,

this chapter provides some additional details of the methods. Furthermore, it illustrates some

characteristics of the methods when applied to OCTA images. I will �rst present the technical

report, which provides the basis of the methods used in all included papers. Then, I will present

the main �ndings of Paper I, Paper II, and Paper III, respectively, as well as provide additional

information.

3.2 dictionary-based segmentation model (related to the

technical report in contributions a)

A reliable segmentation of the microvasculature o�ers a good foundation for quantifying relevant

vascular features. Since no ground truth data of the microvascular perfusion is available, manual

1
A swelling of the central part of the retina.
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(a) Original OCTA image (b) Manual annotation

Figure 3.1: The manually annotated OCTA image is shown alongside the original image. Larger

vessels are marked in blue, capillaries in red, and background in black.

segmentation remains the best alternative for performance validation and training data. However,

manual tracing of blood vessels is highly time-consuming and demanding, and we have not

been able to �nd a data set of manually annotated OCTA images. Therefore, we proposed a

segmentation method, which only required one single annotated image that is shown in Figure

3.1. The annotation was performed by me after instructions from medical doctors.

We proposed a dictionary-based segmentation method based on the method in Dahl et al

(2018) to segment larger vessels, capillaries, and background in the OCTA images. A technical

report providing a detailed description of the method and its implementation for OCTA images

can be found in Contributions A. The segmentation method has been used in both Paper I, II and

III, and it is therefore essential to our work. Since the local appearance of the capillary and vessel

network is well modeled by small image patches, the dictionary-based segmentation method

works well. The method is supervised, where we provide our manual annotation of larger vessels

and capillaries of one OCTA scan (Figure 3.1). From this image and annotation, we can build

a dictionary, which is used to segment other images. The method was introduced in Dahl and

Larsen (2011), and has further on been extended in Dahl and Dahl (2014); Dahl et al (2014).

There are several advantages to identifying both the larger vessels and the capillaries. It

enables us to remove the in�uence of the larger vessels on the computed capillary density, and

hence we avoid to overestimate the capillary density. Other studies compute the density of

the skeletonized binarized image, in order to remove the in�uence of the vessel size on the

measurements (Kim et al, 2016). There are additional bene�ts of a separate segmentation of

larger vessels. For example, segmented vessels could be used as identi�able markers when doing

multi-modal registration, or they could be used to determine speci�c areas of interest.

Quantitative metrics could be extracted directly from the pixel intensities of the original

OCTA image instead of using a segmentation. One advantage of �rst identifying the vessels and

capillaries is that we can validate the performance of the segmentation and hence ensure that
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we quantify the correct structures. Since the intensities in the OCTA images indicate the rate of

the blood �ow, we loose some information by only looking at the segmentation. However, noise

might be mistaken for slow blood �ow in the intensity image. Therefore, we assume that our

segmentation re�ects the areas occupied by perfused vessels, and hence we extract quantitative

metrics on the perfusion map showing the location of the vessels.

3.3 vascular qantification in healthy subjects (related

to paper i in contributions b)

In order to address the �rst research question, whether we can di�er healthy subjects based on

their vascular features, we developed a quanti�cation algorithm for extracting vascular features

using the dictionary-based segmentation model (Paper I). In the paper, we assumed that each

person has a unique vasculature, and we proposed a way to distinguish subjects from each other

based on the chosen vascular metrics.

We set up an experiment and acquired OCTA data from ten healthy subjects to use in the

study. We were motivated by three di�erent factors when designing the experiment: First, we

needed a data set where we could validate the performance of the algorithm. This was the most

important factor. Second, we wanted to investigate the e�ect of dilating the pupil before scanning.

The reason for this was the image acquisition protocol for the cataract patients, whose data we

later analyzed as part of Paper III. The cataract patients were imaged before the cataract surgery

(at a baseline scan), and three weeks and three months after the surgery. They had dilated pupils

in the baseline scan, but they had undilated pupils in the follow-up scans. Thus, we wished to

determine if the dilation had an e�ect on the quality of the scans for the healthy subjects. Third,

we did not know the sensitivity of OCTA towards �uctuations in heart rate and physical activity.

This means that there might be di�erences in the vasculature if a patient is nervous or physically

exhausted at the acquisition time. We therefore designed an experiment where three OCTA scans

were acquired from each subject. In the �rst scan, they had undilated pupils, and in the second

scan, they had dilated pupils. In the last scan they had dilated pupils and each subject had just

walked briskly 5-7 �ight of stairs. We assumed that the exercise induced a higher heart rate.

To sum up the conclusions in Paper I in Contributions B, we developed a method for quan-

tifying relevant vascular information in OCTA images using a dictionary-based segmentation

model. We were able to validate the algorithm using the acquired data. We showed that there

was no di�erence between the three scanning scenarios for the healthy subjects and we observed

high reproducibility of the quantitative metrics. To show that the method generalizes to eyes

with cataracts, we also applied the method to a small subset of cataract patients before and after

cataract surgery, which was also analyzed in Paper III. Here, we found no di�erence between

the two scans in a statistical factor analysis, but we observed lower reproducibility scores of the

quantitative metrics and an inspection of the data showed high variation in the quality.
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3.3.1 Observations on data quality and its variability

The statistical analysis in Paper I showed that there was no di�erence between scans before and

three weeks after cataract surgery. However, the large di�erences in the repeatability values and

the pairwise comparison of the cataract cohort indicated that the variation within the cataract data

set was relatively large. When observing the data, it was clear that the quality of the scans varied

in both the pre- and postoperative groups. But the quality of the scans was highly important for

what we measured. We therefore needed to take this into consideration in our further studies.

In Paper III, we introduced a grading protocol to describe the quality of the scans in regards to

the level of capillary visibility and the level and severity of artifacts. Each image was categorized

into four di�erent groups based on the visibility and artifact levels. Group 1 refers to scans which

have optimal quality (i.e. with clear visibility and no artifacts), group 2 refers to scans of good

quality, group 3 refers to scans of medium quality, while group 4 refers to scans with poor quality

(i.e. either with less than 70% visible capillaries or with severe artifacts). A detailed description of

the protocol can be found in Paper III. To provide additional information about the cataract data

set used in Paper I, the grading of the ten cataract patients is supplied in this section. Table 3.1

and Figure 3.2 show statistics on how the quality scores are distributed in the two di�erent scans.

It can be seen that there is quite a large variation, both with respect to artifacts, visibility and the

resulting quality group. When inspecting the data, only two scans retain the same visibility and

artifact level in both scan 1 and 2. This strengthens the �ndings in Paper I as it partially explains

the variation of the cataract data set. Hence, the quality of the OCTA scans is an important factor

when measuring vascular features.

Table 3.1: The average consensus grading of the subcategories visibility and artifacts, as well as

the average of the quality group division for the two scans of the cataract patients. The standard

deviation is shown in parenthesis.

Subcategory Scan 1 Scan 2
Visibility 2.40 (1.97) 2.20 (1.03)

Artifacts 1.50 (0.53) 2.10 (0.57)

Quality 2.40 (0.97) 2.60 (0.84)

3.4 vascular changes in hematological disorders (related

to paper ii in contributions c)

After validating our method in Paper I, we proposed an approach for the investigation of local

vascular changes in hematological patients (Paper II). This was motivated by the second research

question of whether we can identify vascular changes when the blood is abnormal (see Section

3.1).

Hematological disorders a�ect the blood cells or the composition of the blood. Examples

include anemia (abnormally low amount of red blood cells), leukemia (high numbers of abnormal

blood cells), or thrombocytopenia (abnormally low amount of blood platelets). As opposed to
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Figure 3.2: Histogram of the artifact and visibility levels, and the resulting quality groups in the two scans for the

cataract patients.

cataract patients, we know that the abnormal blood composition in some hematologic disorders

causes blood �ow changes (Willerslev et al, 2017). This increases the probability that vascular

changes occur, and hence we would be able to test if our method accurately measures relevant

vascular features.

The retina o�ers an exceptional opportunity to study how the small arteries and veins as well

as their interconnecting capillaries are a�ected when the blood is abnormal. An abnormal blood

composition might induce di�erent anatomical changes such as more or less perfusion, increased

or decreased capillary thickness, aggregated blood cells which can potentially cause blockage

of the capillaries or slow blood �ow. All of these changes can happen locally or throughout the

entire macular vasculature. This motivated our development of a method that can detect vascular

changes of OCTA scans acquired at di�erent time points, which enables the user to see potential

local changes in the microvasculature on a local density change map.

Summarizing the conclusions of Paper II in Contributions C, we developed a method for

quantifying local vascular changes. This method consists of a dictionary-based segmentation

model, a registration process to align images from di�erent scanning sessions, and a local density

estimation, in which we remove the e�ect of the larger vessels. We examined three patients with

abnormal blood composition (denoted A, B and C) and �ve healthy subjects. The vascular changes

in the healthy subjects indicated the amount of uncertainty in the method. By comparing the

distribution of the changes for patients and healthy subjects, we showed that we can detect small

vascular changes in patients after medical treatment. In the following subsections I will provide

additional information concerning our method.
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3.4.1 Segmentation

In Paper II, we showed that the dictionary-based model is able to segment OCTA scans obtained

on a di�erent OCTA platform (the Spectralis scanner from Heidelberg Engineering). However,

the segmentation process has only been validated through visual inspection and a numerical

validation is necessary to verify its performance.

3.4.2 Registration process

Figure 3.3 shows OCTA scans of a healthy subject taken at two di�erent time points. The images

have been acquired using the Spectralis scanner, Heidelberg Engineering. The scanner has a

Scan Planning Tool (Rocholz et al, 2018) which aligns images taken at di�erent times. By taking

advantage of the fact that we have control of the post-processing pipeline, we chose to align all

scans in order to obtain a more precise comparison of the local changes. It was not possible to

obtain the raw scanning data, and the en face angiograms seen in Figure 3.3 was the only image

data we could export from the machine. Hence the en face angiogram was cropped out from

the image for analysis. This means that some information about the perfusion measured by the

scanner is lost during the export process.

For the registration process, scale-invariant feature transforms (SIFT) (Lowe, 2004) were used

to identify corresponding points in two di�erent images. These were used to estimate rigid

registration parameters, and afterwards an intensity-based a�ne registration was performed.

The application of SIFT features to the OCTA images was robust and precise with only a few

outliers per image. These were successfully excluded using a random sample consensus (RANSAC)

(Fischler and Bolles, 1981). Examples of the SIFT features can be seen in Figure 3.4. The mean and

standard deviation of the rigid transformation parameters are stated in Table 3.2. These values are

all relatively low indicating that perhaps only a translational transformation would be necessary

on scans acquired by Spectralis, Heidelberg Engineering. The overlay of the transformed images

using both the rigid and a�ne registrations can be seen in Figure 3.5. Only small changes

are seen and the e�ect of applying the a�ne registration is debatable. However, by using our

comprehensive registration approach we ensure that correct areas are compared.

Table 3.2: Table showing the mean and standard deviation (SD), along with minimum and

maximum value for each of the absolute transformation parameters after the rigid registration

for all healthy controls and patients.

Mean (SD) Min Max

Scaling 1.00 (0.0066) 0.99 1.02

Rotation 0.40
◦

(0.38
◦
) 0.015

◦
1.37

◦

Translation in y-direction 22.91 µm (25.80 µm) 1.47 µm 98.73 µm

Translation in x-direction 20.72 µm (22.18 µm) 2.41 µm 81.94 µm
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(a) Scan 1 (b) Scan 2

Figure 3.3: Two OCTA images of a healthy control exported from the Spectralis scanner from

Heidelberg Engineering. It can be seen that the scanner applies an alignment of the acquired

images.

Figure 3.4: Figure showing 15 randomly selected matched features from one of the healthy

controls.

3.4.3 Quantifying local vascular changes

Since the changes in the microvasculature are not necessarily global, we chose to use a local metric

to describe the capillary density. The method additionally o�ers a visual map of the location of

the potential changes. This can be a visual aid when determining if changes are physiological or

possibly due to various artifacts. We estimated the local vessel-removed capillary density (VRCD)

by using the segmentations of the capillaries (Sc) and the background (Sb). The VRCD is de�ned

as the ratio of the number of pixels belonging to the capillary class divided by the number of

pixels belonging to either background or capillaries inside a speci�c area (Ω)

VRCDΩ =
∑
ΩSc∑

Ω (Sc +Sb)
. (3.1)
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Figure 3.5: Rigid and a�ne registration. Yellow shows overlapping parts, while red and green

are the �rst and the second scan, respectively. The blue arrows indicate where small di�erence

can be seen between the rigid and a�ne registration.

In this way, the e�ect of the larger vessels has been removed from the density estimation. The

local capillary density was computed using a circular kernel of 100 pixels or 0.3 mm. Figure 3.6

shows a visual map of the local density for di�erent kernel sizes. The chosen kernel is larger than

the estimated deformations reported in Table 3.2 and hence the e�ect of the registration process

might be a subject for discussion for this speci�c data set. However, by applying a registration

we take potential deformations into account and hence ensure that exactly the same regions are

compared. The precise registration also allows for the possibility of extending the method to

compare the radius of the larger vessels.

We apply the estimated registration parameters to the local density maps computed for each

scan. In this way, we ensure that correct areas are compared when subtracting the two density

maps to obtain the local density change. We apply the method to both the super�cial retinal layer

(SRL) and the deep retinal layer (DRL). These two layers were automatically segmented by the

scanner. Our method is quite dependent on correct layer segmentation since this can greatly

in�uence the signal in the en face angiograms. Therefore, it is useful to examine the changes

in both layers in order to see if there is e.g. a decrease in the SRL and an increase in the DRL.

Figures 3.7 and 3.8 show the local density change for the super�cial and the deep retinal layers for

a subset of healthy controls and patients. In general, higher values of the vascular changes can be

seen for the patients compared to the healthy controls. We do not observe any clear opposite

e�ects in the two layers in any of the cases. Therefore, the layer segmentation seems to have

been correct. Figure 3.9 shows an example of the OCTA scans, the local density change, and their

distribution for the two layers of a healthy subject and for one of the patients. While the density

change distributions of the healthy control are quite narrow, normally distributed and centered

around zero, the distributions for the patient are shifted and seem less normally distributed. The

changes in the healthy subjects indicate the uncertainty in the method. Since the changes for

the patients are larger than the changes caused by acquisition noise and by limitations of the
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(a) Segmentation

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

(b) Local density, radius = 40 pixels

(c) Segmentation

0

0.1

0.2

0.3

0.4

0.5

(d) Local density, radius = 100 pixels

(e) Segmentation

0.1

0.2

0.3

0.4

0.5

(f) Local density, radius = 150 pixels

Figure 3.6: Illustration of the local density estimation. The image dimensions are 1004×1007

pixels. The vessel-removed capillary density is computed inside a kernel shown in black in the

segmentation images on the left. The local density can be seen for di�erent radii of the kernel,

varying from 40, 100 to 150 pixels. In Paper II, we used the kernel illustrated in (c) and (d).

method, it seems that we detect vascular changes in the hematological patients throughout their

treatment. This conclusion supports the main �ndings of Paper II.

3.4.4 Discussion of signal strength

Patients with hematological disorders were scanned as part of a di�erent research study. Nine

of these had more than one OCTA scan, and only three patients could be included in our study
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Figure 3.7: Sub�gures showing the local density changes between the two scans for the four

healthy control (HC) subjects. Top row shows the super�cial retinal layer (SRL), and the bottom

row shows the corresponding deep retinal layer (DRL). Red indicates an increase of the local

density compared to the previous scan, and blue indicates a decrease.

due to our inclusion criteria of only having high-quality scans with limited artifacts and more

than 35 dB in signal strength. The signal strength is computed by the scanner. The score is often

reported and used in clinical studies (Tan et al, 2018), and the signal strength of our included

participants can be seen in Table 3.3. We obtain a homogeneous data set by only having scans

with a signal strength above 35 dB, but the signal strength may still in�uence the vessel densities.

When observing the signal strength values, we see that the largest di�erence between two scans

for the same subject is 5 dB and that the average di�erence is 1.80±1.52 dB. To ensure that we do

not measure di�erences in signal strength that are not caused by the blood �ow, a larger sample

size is needed. However, our results in Paper II show promise for extending the method and it

would be interesting to further investigate vascular e�ects caused by hematological disorders.

Table 3.3: The signal strength in dB for each scan session for the healthy controls (HC) and the

three patients. R and L indicate the right and left eye, respectively.

HC 1 HC 2 HC 3 HC 4 HC 5 Patient A Patient B Patient C

R L R L R L R L R R L L R L

Scan 1 46 46 47 44 38 41 43 42 39 - 40 41 37 37

Scan 2 45 46 44 39 40 40 42 43 42 40 37 39 41 39

Scan 3 - - - - - - - - - 40 - 39 - -
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Figure 3.8: Sub�gures showing the local density change of patient B (left eye (L)) and patient

C (right eye (R)) for scans acquired throughout their medical treatment. Top row shows the

super�cial retinal layer (SRL), and the bottom row shows the corresponding deep retinal layer

(DRL). Red indicates an increase of the local density compared to the previous scan, and blue

indicates a decrease.

3.5 vascular changes after cataract surgery (related to

paper iii in contributions d)

Starting from the the conclusions drawn in Paper I and II, we investigated potential vascular

changes in OCTA data caused by cataract surgery (Paper III) in order to address the third research

question described in Section 3.1. Recently, Zhao et al (2018); Yu et al (2018); Zhou et al (2019)

performed clinical studies on this topic. However, the three studies did not reach the same

conclusions, and the e�ect of changing the media opacities of the lens has been debated (Yu et al,

2019; Tan et al, 2018). Therefore we apply our quanti�cation to a larger subset of cataract patients,

for which we take the quality of the OCTA data into account.

The results of the study can be seen in Paper III in Contributions D. We included 61 patients

who underwent cataract surgery and were examined before surgery, three weeks after and

three months after surgery. We applied the vascular quanti�cation method from Paper I and

the registration process from Paper II to determine potential vascular changes in the cataract

patients. We developed and applied a grading protocol in order to account for the large quality

variation in the OCTA scans, that we earlier observed (Paper I). The information about the image

quality was used when statistically analyzing the vascular metrics by applying weighted repeated

measurement models. In the analyses, low-quality data – and hence uncertain measurements –

have less weight and the intra-subject correlation is taken into account. We applied both linear

and quadratic �ts to the data. We found a signi�cant increase in the macular thickness with time.

Further, we observed some signi�cant changes for the capillary density, which mostly seem to
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Figure 3.9: Sub�gures (a-h) show an example of the super�cial (SRL) and the deep retinal layer

(DRL) of one of the healthy subjects. Sub�gures (i-p) show an example of the super�cial and the

deep layer of patient C (left eye). The local density change maps are shown, where red indicates

that there has been an increase in capillary density compared to the previous scan, and blue

indicates a decrease in the density. The corresponding distributions of the local density change

maps are shown along with the mean (red) and standard deviation (green).

be explained by the concavity and convexity of the measured data over time. We did not detect

any changes in the area and shape of the foveal avascular zone. Lastly, we found a signi�cant

decrease in the larger vessel radius in the superior region.

3.5.1 Registration process

In healthy eyes, the movement of the eye is mainly translational, since the rotation of the eye is

often assumed to be insigni�cant (Spaide et al, 2018). However, the refractive error of the lens (i.e.
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how the light is focused on the retina) can be expected to change after cataract surgery. This is

because the new lens also provides vision correction if needed. This might induce changes in size

and magni�cation of the OCTA scans (Tan et al, 2018), although these changes are assumed to

be small. Therefore, it is relevant to account for potential deformations through a registration

process before comparing vascular metrics in patients before and after cataract surgery.

We observed a much larger e�ect of applying a registration process to the OCTA scans of

cataract patients compared to hematological patients and healthy subjects in Paper II. This can be

seen when comparing the deformation sizes of the scans from Paper II (see Table 3.2, acquired

by the Spectralis scanner, Heidelberg Engineering) and the values reported in Table 3.4 for the

cataract patients (acquired by the DRI OCT Triton scanner, Topcon Medical Systems, Inc.). In

Table 3.4, only scans with none to medium artifacts (i.e. no severe artifacts) were included. The

scaling with the largest absolute change was 0.92 and the maximum absolute rotation of 7.86
◦
.

In Paper III we report the deformation sizes where all patients were included, and only few

di�erences can be seen compared to Table 3.4. One reason for these small di�erences could be

that we, in Paper III, excluded patients for whom the registration process failed. In general we

saw a large e�ect of applying the registration process to our data set.

Table 3.4: Table showing the mean and standard deviation (SD), along with minimum and

maximum value for each of the absolute transformation parameters after the rigid registration

for all scans of all 61 cataract patients (with the 19 scans with severe artifacts excluded).

Mean (SD) Min Max

Scaling 0.98 (0.014) 0.92 1.02

Rotation 1.68
◦

(1.50
◦
) 0.010

◦
7.86

◦

Translation in y-direction 121 µm (105 µm) 2.12 µm 528 µm

Translation in x-direction 126 µm (110 µm) 1.15 µm 525 µm

3.5.2 Estimation of the foveal avascular zone

The foveal avascular zone (FAZ) has the best visual acuity of the entire retina. The shape and

size of the FAZ in the super�cial retinal layer is very individual and typically varies between

0.060 mm
2

to 0.545 mm
2

in healthy subjects (Gómez-Ulla et al, 2019). It has been shown that

the FAZ becomes more irregular in the surrounding vessels in certain diseases like diabetic

retinopathy (Mastropasqua et al, 2017). This area is directly in�uenced during macular edema,

and therefore it is interesting to investigate whether the size and shape of the FAZ can be used as

a predictor to determine if someone is likely to develop edema. To answer this question, it is �rst

necessary to investigate if this area shows changes after cataract surgery.

We developed our own algorithm for FAZ detection using an active contour model also known

as a "snake" (Xu et al, 2000) manually initialized in fovea. A parametric curve representation

C (s) is used as a boundary to separate the avascular area from the surrounding vasculature. The

external and internal energy of a curve determine the optimal segmentation, which corresponds to

the curve achieving the minimal energy. The external energy Eext is determined as the intensities

(I ) compared to the average intensities (min and mout) inside and outside of the curve (Ωin and



30 Chapter 3. Microvascular quanti�cation

Ωout) (Chan and Vese, 2001)

Eext =
∫
Ωin

(I −min)2dω+
∫
Ωout

(I −mout)
2dω . (3.2)

The shape of the curve determines the internal energy Eint where the �rst-order derivative

term describes the elasticity of the curve and the second-order derivative term describes the

rigidity

Eint = 1

2

∫
α

∣∣∣∂C

∂s

∣∣∣2 +β
∣∣∣∂2C

∂s2

∣∣∣2
d s . (3.3)

The weight parameters α and β provide regularization such that bending and stretching may be

discouraged (Xu et al, 2000). To determine the optimal parameters for the snake estimation, we

used the healthy cohort described in Paper I. Here, foveal avascular zones have been annotated

manually by me for ten subjects with dilated pupils. We wished to determine the impact of two

di�erent factors: The values of the parameters and the image that provides the best foundation

for estimating the FAZ. The parameters that we wished to optimize are the step size and the

regularization parameters α and β. We also wanted to investigate if the probability map for the

capillaries give better results than using the original OCTA scan. The Dice Similarity Coe�cient

(DSC) was computed for each scan and for each parameter in order to determine the success of

the FAZ segmentation. The DSC score measures the similarity between two segmentations (A and

B ). When they are equal, the DSC score will be 1, and when they share no labels, the score will

be 0. The DSC score is de�ned as the ratio between the number of elements in the intersection of

the two segmentations over the average of the two segmentations (Dice, 1945; Moccia et al, 2018)

DSC = 2|A∩B |
|A|+ |B | . (3.4)

Step size and number of iterations were chosen such that a convergence was reached for

all ten images. The values in the two di�erent images were scaled to values ranging from 0 to

1. We tested the regularization parameters with α= {10,100,1000} and β= {10,100,1000}. An

example of the evolution of a snake can be seen in Figure 3.10. Figure 3.11 shows the result of

the parameter optimization. Both images provide similar results, although the highest values are

achieved using the probability map. The overlap is high for all values of β when α = 10. The

highest average DSC score of 0.9799 was obtained using the probability map with α= 10, β= 10

and a step size of 10. The original OCTA scans can be seen on Figure 3.12 and the resulting snake

estimations using the optimal parameter values as well as the manual annotations can be seen in

Figure 3.13.

We used the area and the perimeter as quantitative metrics of the FAZ. Here, other metrics

might also have been interesting. For example, the smallest and largest distances from the center

of the FAZ to the surrounding vasculature describes how far oxygen and nutrition have to di�use.

These could be considered in investigations of patients who develop postoperative edema. In

Paper III we did not observe any changes in the area and perimeter of the FAZ after cataract

surgery.
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(a) Iteration 1 (b) Iteration 10 (c) Iteration 20 (d) Iteration 200

Figure 3.10: The evolution of the snake on the probability map for the capillaries for di�erent

iterations.

(a) Original OCTA scan (b) Probability map

Figure 3.11: The average DSC scores for α, β and the step size on both the original OCTA scan

and on the probability map for the capillaries. The highest average DSC score was 0.9799 using

the probability map with α= 10, β= 10 and a step size of 10.

3.5.3 Statistical analyses

We extracted the vessel-removed capillary density (VRCD) in the two retinal layers in �ve

di�erent regions, the superior (VRCD_S), the nasal (VRCD_N), the temporal (VRCD_T), the

inferior (VRCD_I), and the foveal (VRCD_F). We further extracted the radius of the larger vessels

in the super�cial retinal layer (SRL) and the area and perimeter of the FAZ in the SRL. In Figure

3.14 we see the histogram and scatter plots of the radius of the larger vessels. These are relatively

uncorrelated, and we see that the time points are very similar.

Repeated measurements models

One of the statistical analyses that we used is a mixed model with repeated measurements over

time. This is a generalization of the classical regression models. Here, we have �xed terms

describing sets of regression expressions. However, since we have repeated measurements of

each subject at di�erent time points, we cannot assume that the observed random variables

are independent. Therefore, measurements from the same subject at di�erent time points were
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(a) Subject 1 (b) Subject 2 (c) Subject 3 (d) Subject 4

(e) Subject 5 (f) Subject 6 (g) Subject 7 (h) Subject 8

(i) Subject 9 (j) Subject 10

Figure 3.12: The original OCTA scans for all ten healthy subjects used for estimating the foveal

avascular zone (FAZ).

autocorrelated. The �xed term parameters are assumed to be quadratic for measurements at the

retinal layers,

µlayer(t ) =αlayer +βlayert +γlayert 2 , (3.5)

for which we used an autoregressive correlation structure. The variation between the patients is

assumed to be random, since they represent a random selection from a larger population. There is

some cross correlation between the two retinal layers, as can be seen in Figure 3.15. The variables

are fairly correlated, and the correlation between the measurements from the two retinal layers

at the three di�erent time points are 0.6299, 0.4788, 0.4725 for VRCD and 0.7311, 0.7151, 0.7034

for VRCD_F. This means that around 50% of the variation in one of the variables at one layer

may be explained by the same variable at the other layer. However, since the measurements are

not equidistant in time, it is not straightforward to include this in the analyses. We assumed that

the addition of cross correlation to the models would only contribute marginally to the results.
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(a) Subject 1 (b) Subject 2 (c) Subject 3 (d) Subject 4

(e) Subject 5 (f) Subject 6 (g) Subject 7 (h) Subject 8

(i) Subject 9 (j) Subject 10

Figure 3.13: The resulting estimation of the FAZ for all ten subjects in Figure 3.12. The red

curves show the snakes, the green area shows the manual annotations, and the blue areas show

the high capillary probabilities.

Quality of the OCTA data

In Paper I we observed a big variation in the quality of the OCTA data for the cataract cohort. We

also found that our quanti�cation algorithm had less certainty with poor quality data. Therefore,

one of the big challenges in Paper III was to analyze data of varying quality. We solved this by

developing a grading protocol, which categorized the images into groups, where group 1 had

excellent quality, group 2 had good quality, group 3 had medium quality and group 4 had poor

quality. Figure 3.16 shows an example of the grading of the three scans of one patient. Even

though they all belong to quality group 3, the capillary visibility and amount of artifacts di�er

within each. The estimated global capillary density for this subject are 0.41, 0.35 and 0.43 at the

baseline scan, three weeks after surgery and three months after surgery. Hence, scan 2 has less

capillary perfusion, although it is di�cult to determine the reason. Our data set consists of dilated

pupils in the baseline scan and undilated pupils in the follow-up scans. Additionally, we have a

cloudy lens in the baseline scan, and clear lenses in the follow-up scans. All of these factors are
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Figure 3.14: Histograms and scatter plots shown for the radius of the larger vessels in the

superior, inferior, nasal and temporal region (denoted S, I, N, and T, respectively).

(a) VRCD (b) VRCD_F

Figure 3.15: Sub�gures (a) and (b) show scatter plots between the measurements of the VRCD

and the VRCD_F at the super�cial retinal layer (layer 1) and the deep retinal layer (layer 2). The

prediction ellipses for a new observation are shown and the identity line is drawn as a black line.

The color code indicates the time points.

expected to in�uence our results.

The grading was inspired by Yu et al (2018); Munk et al (2017) and was done by two co-authors

(a medical doctor (PhD student) and myself) independently. Afterwards, a consensus grading

was made. Figure 3.17 shows scatter plots of the grading of both visibility levels, artifacts levels

and the resulting quality groupings. It can be seen that there is a general agreement about the

score with a margin of plus/minus one point. Figure 3.18 shows the histograms of the di�erent

categories for each scan. It can be seen that there are less artifacts present in scan 1 compared
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to the follow-up scans. The visibility seems worse for scan 1 compared to the follow-up scans.

However, in general the distribution of the quality scores are relatively similar for all three scans.

Only 10% of the data is of excellent quality, and less than 34% is of good to excellent quality. When

the quality is low, the measurements have a higher degree of uncertainty. We therefore applied

weighted statistical analyses where less weight is put on uncertain measures.

(a) Scan 1, artifacts: 1, visibility: 3 (b) Scan 2, artifacts: 3, visibility: 2 (c) Scan 3, artifacts: 2, visibility: 3

Figure 3.16: The three scans (scan 1: baseline scan, scan 2: 3 weeks after and scan 3: 3 months

after surgery) of one patient. All three scans are in quality group 3, although each of them has

di�erent amount of capillary visibility and amounts of artifacts. It is interesting how the area

above the FAZ in scan 2 is lacking perfusion (indicated by the red arrow).
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Figure 3.17: Grader 1 vs grader 2 in both the visibility and artifacts subcategories, as well as the

resulting quality group. Noise has been added to visualize the points.

Weighted models

We used the assessed image qualities raised to a power −q as an expression of the uncertainty

and the weight, i.e. (quality level)
−q

. The power q was chosen through a sensitivity analysis,

which can be seen in Figure 3.19. Here, we looked at the global vessel-removed capillary density

(VRCD) across time. We see that with a weight order of less than or equal to 3, the low quality
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Figure 3.18: Histograms of the consensus grading, showing the distribution of the visibility

levels, artifacts levels, and the resulting quality grading.

images still have an in�uence on the uncertainty estimates. For larger values of q , the weights

on the images with less quality are so low that those images have no in�uence on the estimated

uncertainty and on other parameter estimates. The estimates for the slope are quite robust using

di�erent weight functions. We therefore concluded that a weight order of q = 3 is suitable for our

statistical analyses. In Figure 3.20 we see the time plot of the macular thickness and we observed

a highly signi�cant increase using both a linear and quadratic �t.

Figure 3.21 shows the time plots for the global VRCD and for the VRCD in the foveal and

temporal region. These speci�c plots are shown, because their coe�cients were signi�cant in one

of the retinal layers using either a linear or a quadratic �t. P-values less than 0.05 are considered

signi�cant and these have been indicated by an asterisk (*). For the quadratic �ts, the p-values for

the coe�cients to (t , t 2) are for the VRCD in the SRL: (0.0461*, 0.0785), for the VRCD in the DRL:

(0.4553, 0.2803), for the VRCD_F in the SRL: (0.0172*, 0.0117*), for the VRCD_F in the DRL (0.0681,

0.0606*), for the VRCD_T in the SRL: (0.0555, 0.1862), and for the VRCD_T in the DRL (0.7838,

0.7680). For the linear �ts, the p-values for the coe�cients to t for the VRCD are 0.2063 and in

the DRL 0.2511. For the VRCD_F, they are 0.9711 in the SRL and 0.8504 in the DRL, i.e. highly

insigni�cant. However, for the VRCD_T the p-values to t are 0.0033* in the SRL and 0.9905 in the

DRL. Hence, we see a signi�cant linear trend for the densities in the temporal region. However,

almost no di�erence can be seen between the quadratic and linear curves.

Figure 3.22 shows the time plot for the area and perimeter of FAZ. Figure 3.23 shows the

larger vessel radius over time. We do not observe any convexity and concavity as seen in the
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(a) Weight order vs p-value (b) Weight order vs parameter value

Figure 3.19: Sensitivity analysis of weights. In Sub�gure (a) we show the relationship between

the weight order (q) and the p-value for the linear term, when �tting the global VRCD at the

super�cial retinal layer in a weighted repeated measurement analysis using a second degree

polynomial. In Sub�gure (b) we show the estimated parameter values for the linear term (the

slopes) against the weight order q .

previous variables, and hence we assume that a linear �t is suitable. The radius in the superior

region is signi�cant, while the radius in the inferior region is almost signi�cant. This means that

we observe a decrease in vessel thickness in the superior region over time.

A high variation can be seen in all time plots – both between the measurements for all patients,

and within the measurements for a speci�c patient. For most of the �tted lines and curves we

see almost �at lines – except for the macular thickness. It is interesting that we found a growth

of the macular thickness, that cannot be explained by either the vessel radius nor the capillary

density. Even though we have taken the quality of the OCTA scans into account, the undilated

pupil in the follow-up scans might still impact our results.

Figure 3.20: Figure showing the time plot of the macular thickness with a �tted second degree

polynomial (black) and a linear �t (red). The p-values for the coe�cients for t and t 2
for the

quadratic �t are both < 0.0001. The p-value for the coe�cient for t for the linear �t is also

< 0.0001. We hence observe a highly signi�cant increase in the macular thickness.
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(a) VRCD in the SRL (b) VRCD in the DRL

(c) VRCD_F in the SRL (d) VRCD_F in the DRL

(e) VRCD_T in the SRL (f) VRCD_T in the DRL

Figure 3.21: Time plots of the vessel-removed capillary density (VRCD). The global VRCD is

seen in the super�cial retinal layer (SRL) in (a) and in the deep retinal layer (DRL) in (b). The

VRCD in the foveal region in the SRL is shown in (c) and in the DRL in (d). The VRCD in the

temporal region in the SRL is shown in (e) and in the DRL in (f). The black curves are �tted

second degree polynomials obtained from the weighted repeated measurements model. The red

or magenta lines for the VRCD_F and the VRCD_T show linear �ts.
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(a) FAZ area (b) FAZ perimeter

Figure 3.22: Time plots of area (a) and perimeter (b) of the foveal avascular zone (FAZ). The

black curves are �tted second degree polynomials. The p-values for the coe�cients to (t , t 2) for

the area are (0.6622, 0.6292) and for the perimeter (0.8057, 0.8460).

(a) Vessel radius in the superior region (b) Vessel radius in the inferior region

(c) Vessel radius in the nasal region (d) Vessel radius in the temporal region

Figure 3.23: Time plots for the vessel radius in the superior (a), inferior (b), nasal (c) and

temporal (d) regions. The black lines show linear �ts. The p-values for the coe�cients to t are

for the superior region: 0.0006 (-), the inferior region: 0.0698 (-), the nasal region: 0.5041 (+), and

the temporal region: 0.2388 (-). The +/- sign in parentheses show whether it is an increase or a

decrease over time.





CONCLUSION 4

Medical image analysis methods have been applied throughout this project to extract relevant

information about the retinal microvasculature in optical coherence tomography angiography

(OCTA) scans. Our dictionary-based segmentation method provided the foundation for obtaining

quantitative vascular metrics such as capillary density and larger vessel radius. A detailed

technical report was made to provide additional information about the segmentation method

used in Paper I, II, and III. We validated the vascular quanti�cation method on healthy subjects in

Paper I where we were able to distinguish subjects based on their unique vascular features. We

showed high repeatability of our method, and hence the �rst objective de�ned in the introduction,

about validating the method, was ful�lled.

The work in this thesis explored and analyzed the retinal microvasculature in both healthy

subject, patients with hematological disorders and patients before and after cataract surgery. In

Paper II and III we investigated vascular changes in OCTA data, for which we extended our method

by applying an initial registration process in order to compare the correct areas across time points.

With respect to the second objective about investigating vascular changes in hematologic patients,

we found that we were able to detect di�erences in patients with abnormal blood composition

throughout treatment based on local capillary density changes in a small data set in Paper II,

which ful�lls objective two.

The last objective, to investigate potential vascular changes in patients before and after

cataract surgery, was achieved in Paper III. When validating the vascular quanti�cation method

proposed in Paper I, we realized how important the quality of the image is when analyzing OCTA

scans. We found that lower-quality scans gave more uncertain measurements. We therefore

introduced a grading protocol in Paper III for categorizing the quality of the data in regards to

capillary visibility and artifacts. This enabled us to make a thorough statistical analysis of OCTA

data with varying quality from patients before and after cataract surgery. We also suggested a

model for segmenting the foveal avascular zone (FAZ), which showed high overlap with manual

annotations. No change was seen in the size and shape of the FAZ after cataract surgery. We

did not observe an increase or decrease in the capillary density after cataract surgery, but we

found a signi�cant increase in the macular thickness and a decrease in the radius of the larger

vessels in the superior region surrounding fovea. However, the data set contained scans with

dilated pupils and undilated pupils, and we could not validate if our method correctly accounts

for these di�erences. The e�ect of the registration process from Paper II was large and hence it

seems bene�cial to correctly align OCTA data in comparison studies.

We have provided a methodological foundation which enables an investigation of whether

the structure of the retinal microvasculature is an important factor for developing edema after

cataract surgery. Based on initial inspection of OCTA scans of patients who develop edema, it is

di�cult to visually see anatomical di�erences from patients undergoing uncomplicated cataract

surgery. However, with a su�cient amount of high quality data, potential vascular features can

41
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be investigated.

In this thesis we contributed with new methods for investigating the retinal microvasculature.

The presented segmentation and quanti�cation methods make it possible to detect relevant

vascular features in en face angiograms from OCTA data. Local changes can be detected in

patients with hematological disorders, and further studies on this topic could potentially provide

insight into the speci�c vascular e�ects of the treatment. Uncomplicated cataract surgery caused

small changes in the retinal microvasculature in our relatively large data set. It would, however,

be interesting to assess the e�ect of undilated and dilated pupils in an elderly, healthy cohort.

High-quality OCTA data gives a detailed image of the retinal microvasculature, however, the

quality is often low. Hence, if possible, care should be taken when acquiring the OCTA data, to

improve the quality. Data quality is also an important factor to account for when analyzing the

OCTA images.
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Abstract. Optical coherence tomography angiography (OCTA) is an
imaging technique that allows for non-invasive investigation of the mi-
crovasculature in the retina. OCTA uses laser light reflectance to mea-
sure moving blood cells. Hereby, it visualizes the blood flow in the retina
and can be used for determining regions with more or less blood flow.
OCTA images contain the capillary network together with larger blood
vessels, and in this paper we propose a method that segments larger
vessels, capillaries and background. The segmentation is obtained using
a dictionary-based machine learning method that requires training data
to learn the parameters of the segmentation model. Here, we give a de-
tailed description of how the method is applied to OCTA images, and
we demonstrate how it robustly labels capillaries and blood vessels and
hereby provides the basis for quantifying retinal blood flow.

1 Introduction

Optical coherence tomography angiography (OCTA) is a relatively novel imaging
method commercially available in 2014 [16]. Compared to alternative retinal
imaging modalities, it is fast and provides high-resolution, depth-resolved images
of the retinal microvasculature without any invasive procedures such as contrast
agents [12]. Despite the rapid acquisition, images can easily be corrupted by
motion artefacts and noise. Noise induced by a low signal-to-noise ratio can
occur due to eye conditions such as cataract [16], where the laser light, that
illuminates the retina as part of the OCTA imaging system, is scattered by the
cataract-affected lens. Furthermore, the image intensity in OCTA images can
vary over the image plane and give rise to bias in the image. These effects must be
accounted for when choosing a method for obtaining an automatic segmentation
of the retinal microvasculature.

OCTA imaging is a 3D acquisition method [12], but the clinical scanners
employed in our studies perform a preprocessing of the data that segments the
volume into so-called en face angiograms of different retinal layers. We focus on
two layers: the superficial retinal layer (SRL) and the deep retinal layer (DRL).
An example is shown in Fig. 1. Here, the larger blood vessels (arterioles and
venules) are seen as thicker bright structures and the capillary network is a finer
network of bright structures between the larger vessels. The dark area in the
middle is the foveal avascular zone (FAZ).
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(a) (b)

Fig. 1. Example of an OCTA image including (a) the superficial retinal layer (SRL)
and (b) the deep retinal layer (DRL).

The problem we address is to segment OCTA images into three classes includ-
ing larger vessels, capillaries, and background. By distinguishing between larger
vessels and capillaries, the two structures can be analyzed separately. This allows
for removing the influence of the size of the larger vessels, when quantifying the
retinal capillaries, and hence not overestimating their density. We will solve this
as a pixel labeling problem, such that we assign each pixel to one of three labels
using a dictionary-based segmentation method.

The majority of clinical studies focus on solely obtaining quantitative metrics
of the microvasculature, and segmentation of the microvasculature from OCTA
images is a problem that has been addressed in only a few studies. Most studies
obtain a segmentation through thresholding and filtering schemes [1,13]. A few
studies utilize manually annotated data to create segmentation models, such as
probabilistic models [8], convolutional neural networks [15], and Hessian- and
deep learning-based methods [6] to segment all vessels. A single study [6] au-
tomatically segments main vessels and capillaries separately in retinal images
using deep learning.

One anatomical difference between larger vessels (arterioles and venules) and
capillaries is their thickness. While the diameter of the capillaries is around 4-9
µm [12] and is determined by the size of the red blood cells, the larger vessels are
thicker than capillaries and they vary more in size. Since the larger vessels and
capillaries are connected, it is not trivial to design a model that separates the
two anatomical structures. It cannot be accomplished by a simple thresholdning
method, which are commonly applied to OCTA data. Instead, we propose to use
the dictionary-based segmentation method from [2,3,4], where the segmentation
model is learned from annotated training data. We have used this method for
segmenting retinal microvasculature from OCTA images in [9,10,11].
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Fig. 2. Illustration of the pipeline for the dictionary segmentation method. It consists
of a training and a segmentation part. The training is based on a training image with
a corresponding label image. Here, the training labels are blue for larger vessels, red
for capillaries, and black for background. Based on patches sampled in the training
image we perform a clustering (T1), which makes up the dictionary. Dictionary label
patches are computed from the clustering of the training image and the label image
(T2). In the segmentation part, we assign the dictionary to an input image (S1) and
then compute pixel-wise probabilities of the labels using the dictionary labels (S2).
Finally, we obtain the segmentation illustrated here. Larger vessels are marked with
cyan, capillaries are magenta, and background is black.

We introduced the fundamentals of the dictionary-based segmentation method
in [2]. It has later been extended for efficient computation of label probabilities
which allowed iteratively updating label probabilities, which we used for com-
puting deformable boundary models in [3,4], where probabilities are computed
in each iteration. Further, we extended the model to allow for interactive seg-
mentation in [5], which allows for computing label probabilities from partially
annotated data.

In this paper we will focus on details related to segmenting microvasculature
from OCTA images. Core elements of the method are described in e.g. [5], but
to give a complete description of the method we will also describe them here.
Furthermore, we use a feature-based representation to characterize local texture
instead of using intensity patches. This has not previously been described, so we
will provide the details here.
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2 Method

The basic principle of the dictionary-based segmentation model was introduced
in [2], which is inspired by sparse coding methods [7]. Sparse coding methods
operate on image patches, and were originally applied to problems like denois-
ing and texture modeling. Our dictionary-based segmentation method is similar
to sparse coding methods because it employs a dictionary of image patches.
However, here we assign each patch to only one dictionary element, which is
different from sparse coding, where an image patch is typically represented by a
small number of dictionary patches.

The idea of our method is that image patches with similar appearance should
have the same label. We exploit this idea by clustering image patches (unsuper-
vised part of training), computing patch label information from user input on the
training image (supervised part of training), and then pasting this information
in a testing image (using the model). An overview of our segmentation pipeline
is shown in Fig. 2.

2.1 Training the model

For training the segmentation model we need training data, consisting of image
data and user-provided labeling. The image data used for training needs to be
representative of the segmentation problem. This is usually one image or a small
set of images. User-provided labeling should provide the desired segmentation
for the images. It is not a requirement that all image data used for training is
labeled by the user, but labeling should cover the variability of the structures to
be segmented.

Extracting patch vectors. We aim to construct a feature descriptor charac-
terizing the local appearance around every image pixel. We start by extracting
an N ×N patch around the pixel. We choose N to be odd such that the patch
can be centered on a pixel, and we rearrange the patch into a vector of length
N2.

Reducing the dimensionality of the patch vectors. We preform principal
component analysis (PCA) to reduce the dimensionality of the patch vectors.
Here, we randomly select K patch vectors of length N2, denoted vk. For this
set of vectors we compute a mean v̄, such that we can compute patch vectors
centered in origo vk − v̄, and arrange those vectors in the rows of a matrix V,
which will have size K ×N2.

Now, we perform eigendecomposition of a matrix

U = VTV , (1)

and keep eigenvectors corresponding to q largest eigenvalues in a N2 × q matrix
S.

For each image pixel i and its patch vector, we can now compute the projec-
tion fi = (vi − v̄)TS, and use it as a feature vector of length q.
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(a) I (b) Ix (c) Iy

(d) Ixy (e) Ixx (f) Iyy

Fig. 3. Subfigures showing the component with the largest variability of the local
features of the raw intensities, I, and the first (Ix, Iy) and second order derivatives
(Ixy, Ixx, Iyy) with a feature patch size of 7× 7 pixels.

Incorporating image derivatives. We strengthen the features employed in
our method by incorporating the values of the first and second derivatives of the
image

Ix =
∂I

∂x
, Iy =

∂I

∂y
, Ixx =

∂2I

∂x2
, Ixy =

∂2I

∂x∂y
, Iyy =

∂2I

∂y2
. (2)

For each of these five images we follow the procedure as described for the intensity
image I, i.e. patch vector extraction and dimensionality reduction using PCA.
This results in five additional feature vectors of length q. When all these are
concatenated, we are left with a 6q feature vector per every image pixel. The
PCA feature vector describes the local appearance of the image around the pixel.
Fig. 3 illustrates the PCA features computed in an OCTA image.

Clustering. The PCA feature vectors are clustered using a k-means hierar-
chical clustering to obtain the dictionary. As a distance measure, we use the
Euclidean distance between PCA feature patches.

Hierarchical clustering is chosen instead of a conventional k-means because
it speeds up the clustering dramatically. This allows for large dictionaries, and
gives a very efficient search structure for assigning new feature vectors to the
dictionary.
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The k-means hierarchical clustering is governed by two parameters, a branch-
ing factor b and a depth t. A set of feature vectors is clustered by first clustering
all vectors to b clusters using conventional k-means, and then clustering each of
these groups into b sub-clusters. This is repeated t times or until there are less
than b feature vectors in a cluster. The result is a tree graph, the k-means tree,
where the nodes represent cluster centers.

For our purposes, clustering is performed on PCA feature vectors correspond-
ing to patches extracted from the training image. We therefore expect that fea-
tures belonging to the same cluster correspond to image patches which have a
similar appearance.

Incorporating user labelings. As mentioned previously, we expect similar
image features to have similar labels. Having computed clusters of the image
features, we need to define a labeling for each cluster. For this we need user
labelings. This step constitutes the supervised part of building the dictionary.

For an image of the size n ×m, user labelings are stored as an n ×m × C
array L, where C is the number of labels. In our case C is three since we are
interested in larger vessels, capillaries and background. Elements of L are binary,
such that each pixel position belongs to only one label, indicated by a value 1
in one layer of L.

We now compute labeling information for each cluster in the dictionary by
combining labeling information of all the members of the cluster. For this we
extract patches of size M ×M × C from L, where M is chosen to be odd such
that patches are centered on a pixel.

For each dictionary cluster, we extract such patches at the same spatial
locations as the image patches belonging to the cluster. This set of patches is then
averaged, and we obtain labeling information for each dictionary cluster. Due to
the averaging of binary values, labeling information associated with dictionary
patches is not binary, but can rather be interpreted as probabilities.

2.2 Using the model

Once we have a dictionary and the dictionary probabilities, we can use our model
to process a new image (a testing image) and obtain pixel-wise probabilities of
belonging to each of C labels.

Dictionary assignment. The first step in processing the testing image is dic-
tionary assignment. For this, we first extract a PCA feature vector from the
patch around the pixel. Then we search the k-means tree to assign the pixel to
the dictionary cluster. Our assignment is done by a simple greedy search through
the k-means tree, and then assigning a feature vector to the nearest node in the
tree. This does not guarantee that the feature vector is assigned to the closest
node in the tree, but will generally ensure that similar patterns are grouped
together. An illustration of the assignment is shown in Fig. 4a.
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(a) Assignment image (b) Probability image for larger vessels

(c) Probability image for capillaries (d) Probability image for background

Fig. 4. Here, we show an assignment image in (a), where the color is the index of
which dictionary element the patch around that pixel is assigned to. We also show the
resulting probability images for the three different classes (b-d).

Computing probability image. From the dictionary assignment, we build a
probability image P of size n×m×C by visiting all image pixels for each label,
obtaining the probability information associated with their dictionary cluster,
and adding it to P in the spacial position corresponding to the pixel. Finally,
we normalize P such that the C label probabilities sum to one.

To capture the local appearance of the image, it can sometimes be advan-
tageous to choose a slightly larger patch for computing the feature vector than
the label patch, meaning that N > M . In that case, the (N −M)/2 boundary
pixels will not be labeled. But in practice, this does not influence our analysis.
However, M and N can be chosen independently such that it makes sense for
the given segmentation problem.

The final step before obtaining the segmentation is to choose the most prob-
able label from the C labels.

3 Experiments

To train the model, we are using one OCTA image (a training image) with cor-
responding labeling, both shown in Fig. 5. The OCTA image has been acquired
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by a swept source DRI OCT Triton, Topcon Medical Systems, Inc. The image
was initially 320× 320 pixels, but was upscaled by a factor of two to a final size
of 640 × 640 pixels. Before using the image to train the dictionary, we applied
an adaptive histogram equalization, which improved the contrast of the image
[14]. For adaptive histogram equalization the image is divided into patches of
size 40 × 40 pixels with a contrast enhancement limit of 0.004 preventing over-
saturation in homogeneous regions.

The three classes for describing the retinal microvasculature include cap-
illaries, larger vessels (arterioles and venules), and background. Larger vessels
are defined as vessels with a radius of at least twice the radius of the capillar-
ies. Image patches for computing the PCA feature use 7 × 7 pixels (N = 7).
To enhance the variability of the patches, the features are extracted from both
the original image, as well as a 90 degree rotation of the image. 50000 random
patches (K = 50000) are used to compute the PCA features where the q = 10
biggest components are used.

Next, label patches of size 13×13 pixels are used for the probability dictionary
(M = 13). The patch size is on the same scale as the capillaries that we wish
to identify, and it has been determined through a parameter study. Figure 3
shows the largest component of each of the six feature groups. Now, each non-
boundary pixel in the image has six 10× 1 vectors, which are concatenated into
a 60-dimensional feature vector.

We then perform k-means clustering of 100000 feature vectors by building
a search tree with five layers and a branching factor of five (with a maximum
of 3905 clusters). We end up with 3905 dictionary elements. The assignment
image A is created, see Fig. 4a, where the color corresponds to the index of the
dictionary element for the image patch around that pixel and the corresponding
probability images are shown in Fig. 4b-d.

To optimize the segmentation, a 3 × 3 weight matrix W is computed such
that the resulting class probabilities of the training image equal the annotated
class labels by

W = min
W
‖L̂− P̂W‖22 , (3)

where L̂ is the label image arranged into an nm×C matrix, where each row con-
tains the pixel-wise label probabilities, and P̂ is the probability image arranged
in the same way. This is solved as linear least squares problem.

The OCTA images, that we have worked with, consist of both the superficial
retinal layer (SRL) and the deep retinal layer (DRL). Only the SRL is used
to create the dictionary, as we wish to have training information containing
larger vessels. Since there are mainly capillaries present in the DRL, the detected
capillaries and the detected larger vessels are combined into one class in this
layer. Fig. 6 shows some examples of the resulting segmentation in both the
superficial and deep retinal layers. It should be noted that these segmentations
are obtained from a model that has been trained using one single annotated
training image. It is very time consuming to annotate the detailed microvascular
structures, and therefore it is advantageous that only one image is needed to
obtain this result.
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(a) Training image (b) Manual labeling

Fig. 5. The dictionary is build from the training image seen in (a) and the correspond-
ing manually labelled image shown in (b). Larger vessels are marked in blue, capillaries
in red, and background in black.

The segmentation model is relatively fast to train and run. Computing the
PCA feature model takes around 4.25 seconds, building the dictionary takes
around 7.01 seconds, and computing the segmentation from an unseen image
using the trained models takes around 5.95 seconds. The most time consuming
part is the manual annotation of the training image.

4 Conclusion

We have presented our dictionary-based segmentation method that allows seg-
mentation of the retinal microvasculature from OCTA images. From a single
annotated image, we obtain a clear separation into the three classes of capillar-
ies, larger vessels, and background. The model is fast to compute, and gives an
accurate separation of the three classes, allowing for quantitative assessment of
the retinal microvasculature.
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(a) SRL (b) SRL output (c) DRL (d) DRL output

(e) SRL (f) SRL output (g) DRL (h) DRL output

(i) SRL (j) SRL output (k) DRL (l) DRL output

(m) SRL (n) SRL output (o) DRL (p) DRL output

(q) SRL (r) SRL output (s) DRL (t) DRL output

Fig. 6. Examples of segmentation output. Subfigures (a)-(d) show the segmentation of
subject 1, (e)-(h) show subject 2, (i)-(l) show subject 3, (m)-(p) show subject 4, and
(q)-(t) show subject 5.
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Abstract. Investigations in how the retinal microvasculature correlates
with ophthalmological conditions necessitate a method for measuring the
microvasculature. Optical coherence tomography angiography (OCTA)
depicts the superficial and the deep layer of the retina, but quantifica-
tion of the microvascular network is still needed. Here, we propose an
automatic quantitative analysis of the retinal microvasculature. We use
a dictionary-based segmentation to detect larger vessels and capillaries in
the retina and we extract features such as densities and vessel radius. The
method is validated on repeated OCTA scans from healthy subjects, and
we observe high intraclass correlation coe�cients and high agreement in
a Bland-Altman analysis. The quantification method is also applied to
pre- and postoperative scans of cataract patients. Here, we observe a
higher variation between the measurements, which can be explained by
the greater variation in scan quality. Statistical tests of both the healthy
subjects and cataract patients show that our method is able to di↵eren-
tiate subjects based on the extracted microvascular features.

Keywords: OCTA · Dictionary-based segmentation · Quantification.

1 Introduction

An important function of the retinal microvasculature is to supply the inner
retinal layers with nutrients and oxygen. Disturbances in the vasculature occur
in many eye diseases. Hence, the state of the retinal microvasculature could
be an important health indicator for certain eye-related conditions. One of the
specific clinical problems motivating our work is assessing the risk for developing
pseudophakic macular edema after cataract surgery. Our future objective is to
investigate the influence of parameters related to the risk of edema development.
We are therefore in need of a method to characterize the retinal microvasculature.

The retinal microvasculature is visible in images captured using the non-
invasive modality, Optical Coherence Tomography Angiography (OCTA). The
visualisation of the microvasculature is often susceptible to noise, potentially
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leading to misinterpretation by the operator. For the same reason, automated,
clinically useful methods for extracting the vasculature from OCTA images are
scarce. Methods based on user-provided annotations of various objects in large
image data sets are often capable of handling a significant noise level. Unfortu-
nately, obtaining su�cient pre-annotated data is time consuming and therefore
costly.

In this paper, we present an approach for quantifying retinal microvasculature
from OCTA images which utilizes a very limited amount of pre-annotated data.
We present an investigation of the method with a focus on reproducibility and
feasibility of extracting microvascular features.

1.1 Related work

Since the first clinical studies on OCTA were published in 2014, several quantifi-
cation schemes for OCTA images have been invented with varying complexity
and quality. Most studies use their own quantification algorithm, where the ves-
sel detections vary from using global thresholding [11], binarization and skele-
tonization [12], to more complex filtering and thresholding approaches [3, 14].
More advanced methods include local fractal dimension [9], and a probabilistic
model utilizing the 3D spatial information from both the superficial and the
deep layer [8]. Some OCTA devices provide proprietary software for extracting
vessel densities, e.g. the AngioVue OCTA system (Optovue, Inc., Fremont, CA,
USA) [16], Cirrus (Carl Zeiss Meditec, Inc., Dublin, CA, USA) [7], and RS-3000
Advance (NIDEK, Gamagori, Japan) [1].

Two groups compare available macular vessel density algorithms [18, 20].
Shoji et al. [20] assess binarization algorithms in ImageJ (National Institutes
of Health, Bethesda, MD, USA) on data obtained from two OCTA systems,
while Rabiolo et al. [18] compare seven previously published quantification al-
gorithms, concluding that the estimated densities are significantly di↵erent for
each algorithm. Both studies therefore recommend using the same quantification
algorithm in longitudinal follow-up, and note that vessel density is dependent on
both the OCTA device, the acquisition size, and the post-processing algorithm,
and hence comparisons to other studies or databases should be done with care.

Due to the lack of a standardized quantification method, we choose to de-
velop an algorithm that in later work can be used for assessing the risk of edema
development. In our detection we di↵er between capillaries and larger vessels.
This is because larger vessels influence the estimate of the capillary density.
Other groups try to overcome this by filtering [2] or computing the skeleton den-
sity [14, 18]. Our approach allows for more precise description of the vasculature.

2 Proposed approach

We propose using a dictionary-based method for segmenting and detecting the
vascular network in the parafoveal region, i.e. the region around fovea. Our
approach is motivated by the assumption that the appearance of the vascular
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network may be described as a combination of a limited number of characteristic
image features.

2.1 Dictionary-based segmentation

The success of the quantification highly relies on its ability to detect capillaries
and larger vessels. We are using a probabilistic pixel classification method for
segmenting the OCTA images [5, 6], where pre-segmented data is used to learn a
dictionary of image patches with corresponding label information. The method
was originally developed for texture segmentation [4].

In short, the dictionary-based method involves two steps: building the dic-
tionary by using pre-annotated data, and processing previously unseen images.
Building the dictionary relies on two processes: defining dictionary clusters which
encode local appearance of OCTA images, and learning the desired segmentation
for the dictionary clusters by incorporating manual annotations. In our case, the
pre-annotated data consists of one training image. For the clustering process, we
extract local features from the training image. We choose to use the following
features: the intensities from a patch around a pixel, and the first and the sec-
ond degree image derivatives computed in a patch around a pixel. To reduce the
dimensionality of the feature vectors, we perform principal component analysis
(PCA) on the set of features from the training image. Once we have extracted the
local features, we perform k-means clustering to obtain cluster centers, which in
our context constitute the dictionary. The assumption behind clustering is that
the variability in the local appearance of retinal images may be explained using
a limited set of clusters. The learning process is performed by extending the dic-
tionary with user-provided labeling. For each cluster in the dictionary, we access
the pixels belonging to this cluster, and average the available pre-annotated in-
formation. The assumption behind learning is that pixels belonging to the same
cluster should have a similar segmentation.

The segmentation of the unseen image is now performed by extracting local
features and assigning them to the dictionary clusters. Then we obtain the de-
sired segmentation information from the dictionary. We refer the reader to [6]
for details.

Choosing the appropriate parameters In our dictionary for retinal mi-
crovasculature, we work with three classes: capillaries, larger vessels (arterioles
and venules), and background. Larger vessels are defined as vessels of twice (or
more) the radius of the capillaries. Similarly to the study by Eladawi et al. [8],
manual annotations are produced and used as ground truth (GT). Two images
acquired as described in section 3.1 were annotated manually by AMEE. One
image is used for creating the dictionary (Fig. 1a-b), and the other is used for
choosing the parameters and for validation (Fig. 1c-e).

The dictionary is built using the features from both the image seen in Fig.
1a and from a 90 degree rotated version. We use 50.000 patches of size 7 ⇥ 7
pixels to build the PCA co-variance matrix. The 10 biggest PCA features are
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(a) Training image (b) GT

(c) Validation image (d) GT (e) Segmentation output

Fig. 1. Subfigures (a) and (b) show the image used for building the dictionary and cor-
responding ground truth annotation. Subfigures (c) and (d) show the validation image
and corresponding manual annotation used for choosing model parameters. Subfigure
(e) shows the segmentation output of the validation image.

kept. Afterwards, we build a k-means tree with 5 layers and a branching factor
of 5 from 100.000 training patches of size 13 ⇥ 13 pixels. Further, we compute
a 3 ⇥ 3 weight matrix such that the resulting class probabilities of the training
image equal the annotated class labels.

We optimize the parameters for the PCA patch size and the cluster patch
size with respect to the validation image and GT image shown on Fig. 1c-d.
Dice scores between the manual segmentation (Fig. 1d) and the resulting seg-
mentation (Fig. 1e) are 0.82 for larger vessels, 0.71 for capillaries, and 0.76 for
background. The corresponding Jaccard scores are 0.70, 0.56, and 0.62.

2.2 Quantitative analysis (values VD, CD, BD, and VR)

We extract di↵erent measures in order to quantify the vascular network in the
superficial retinal layer (SRL) and the deep retinal layer (DRL) of OCTA data.
We divide the parafoveal area into sections using the Early Treatment Diabetic
Retinopathy Study (ETDRS) grid [10], see Fig. 2a. Due to the size of the OCTA
images, the area of interest was limited to the circular radius of 1 mm from
the foveal center. In each section, we analyze the densities of capillaries, larger
vessels and background, and compute the mean radius of the larger vessels.
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(a) ETDRS grid (b) Segmented capillaries

0

42

(c) Vessel radius in µm.

Fig. 2. Illustration of the quantification. Subfigure (a) shows the modified ETDRS grid
where the foveal center is defined as the center of the avascular zone, the radius of the
central area is 0.5 mm, and the parafoveal zone is defined as the annulus with radius
0.5 mm and 1 mm. Letters F, S, I, N and T stand for fovea, superior, inferior, nasal
and temporal, respectively. Subfigure (b) shows detected capillaries used to compute
the capillary density. Subfigure (c) shows the radius of the larger vessels in µm.

The area densities of each class are computed for each section as a unit-less
ratio between the amount of pixels belonging to that specific class and the total
amount of pixels in the section. Fig. 2b shows the binary map of the capillaries
in the five sections. We compute the vessel density (VD), the capillary density
(CD) and the background density (BD) in the SRL. These abbreviations will be
used from now on in this paper. In the DRL, we assume that only capillaries are
present, so here we use the same segmentation model as in the SRL but combine
the classes for capillaries and larger vessels. In the SRL, we compute the vessel
radius of the larger vessels by first median filtering the binary class mask with
a 3 ⇥ 3 neighborhood. We then compute the skeletonization of the output and
compute the signed Euclidean distance field to the pixel center in order to obtain
the distance to the closest boundary. In order to visualize the vessel thickness
(Fig. 2c), the radius is plotted by dilating it with a disk shaped structure.

For every scan, the mentioned metrics in the five areas and in the two lay-
ers are concatenated into a feature vector, which is used in the analysis. The
complete approach was implemented in MATLAB v9.5 (Mathworks, Inc.).

3 Validation of approach

The robustness of the proposed method is validated by applying it to data from
healthy subjects acquired under three di↵erent scenarios but with an expectancy
of no significant changes in the capillary network. We therefore hypothesize
that there will be limited variation in the extracted features for each subject
throughout the di↵erent scans. In order to test the feasibility of the method
for abnormal eyes, we apply the method on OCTA data from cataract patients
before and after surgery. We here hypothesize that there will be more variation
in the extracted features.
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3.1 Data and scanning protocol

All data are acquired using either a swept source DRI OCT Triton or a swept
source DRI OCT-1 Model Triton (plus), both from Topcon Medical Systems, Inc.
The size of the scanning frame is 3 ⇥ 3 mm2 centered on the macular region. The
participants are instructed to fixate on a central object in order for the fovea to
be located in the center. The retinal tissue layers are automatically segmented
by the Topcon Advanced Boundary Algorithm (Topcon Medical Systems, Inc.).
However, if the operator deems it necessary, the retinal layers are adjusted man-
ually in IMAGEnet 6, a browser-based software provided by Topcon Medical
Systems, Inc. The layers are accessed in order to find the foveal center for the
post-processing. Due to displacements from motion artefacts, di↵erent scans of
the same patient are inspected in order to determine the center across scans. En
face angiograms of the superior retinal layer (SRL) and the deep retinal layer
(DRL) are exported in JPG format. The OCTA images have dimension 320⇥320
pixels with a pixel resolution of 9.38 µm. The OCTA images are included if the
image quality provided by the Triton OCT is 50 or more, if there are no blink-
or movement artefacts, and if an area with a radius of 1 mm from the foveal
center is visible.

Healthy data set (scenarios H1, H2, and H3) To develop and validate the
analysis method, we have chosen to acquire a high quality data set containing
OCTA images from 10 healthy subjects at three di↵erent scenarios denoted H1,
H2 and H3. In scenario H1, the pupil is undilated, in scenario H2, the pupil is
medically dilated (using eye drops; Tropicamid (Mydriacyl) 1%), and in scenario
H3, the pupil is dilated and the subject has just walked briskly 5-7 flight of stairs.
Between the first and second scenario, the optical quality of the eye changes
because dilating the pupil allows more light to enter and exit the eye. We can
hence test the e↵ect of the amount of entered light. Between the second and the
third scenario, we can test the robustness of the method with respect to potential
perfusion changes from the exercise. The OCTA recordings are repeated until
the quality-requirements described above are fulfilled. All subjects have normal
visual acuity and no systemic or ocular disease. The visual acuity is measured in
ETDRS letters. When converted into Snellen equivalent, the mean best corrected
visual acuity is 1.25 (range 1.0 to 2.0). Maximal refraction is within +/- 3 D.
We examine one eye from each of the 10 subjects, where 5 are male and 5 are
female, and there are 5 left eyes and 5 right eyes. The mean age is 32.4 years
with a standard deviation of 8.5.

Cataract data set (scenarios C1 and C2) For investigating how the method
performs with lower quality data, OCTA images from cataract patients who
underwent cataract surgery are obtained preoperatively (denoted C1) and three
weeks postoperatively (denoted C2). The pupil is medically dilated using eye
drops (Tropicamid (Mydriacyl) 1% and Phenylephrine (Metaoxedrin) 10%) on
the preoperative images but not on the postoperative ones. OCTA images from
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44 consecutive patient records are reviewed by AMEE and JHE, and 10 of these
are found to comply with the above mentioned quality criteria on both pre- and
postoperative images. Of the 10 included patients, 8 are female and 2 are male,
and there are 5 left eyes and 5 right eyes. The mean age is 70.3 years with a
standard deviation of 5.5.

3.2 Statistical analysis

In order to estimate the reproducibility of the method, we compare the di↵er-
ent scanning scenarios of the healthy subjects. The intraclass correlation co-
e�cient (ICC) is computed along with its 95% confidence intervals. The ICC
describes both the correlation and the agreement of the measurements [17] and
is used in most repeatability studies [14, 18, 20]. We use a single-rating, absolute-
agreement and 2-way mixed-e↵ect model using a MATLAB function provided
by Salarian [19]. ICC values under 0.5 indicate poor reliability, between 0.5 to
0.75 moderate reliability, between 0.75 and 0.9 good reliability, and over 0.9 ex-
cellent reliability [15]. We use Bolt-Altman analysis to evaluate the agreement
between the measurements, where we report the mean di↵erence and the limits
of agreement, which are set to 1.96 standard deviation, as done in [18]. We also
perform a t-test for paired measurements as in [1, 20], where p-values less than
0.05 are considered significant.

We use factor analysis for analyzing the healthy data set and the cataract
data set. Since we only have few observations and variables of high dimensions
(the feature vector for every scan), we apply a principal axis factoring in order
to decrease the number of dimensions. We use the varimax rotation to ease the
interpretation of the factors. The sample means of each factor score are then
compared using a multivariate two-sided analysis of variance (MANOVA) for
the di↵erent groups as well as between all subjects. These statistical analyses
are performed in SAS Studio, 3.8, SAS Institute Inc., Cary, NC, USA, and the
reported p-values are the Wilks’ lambda statistic.

4 Results

Fig. 3a-d show a good quality OCTA scan from a healthy subject and the re-
sulting segmentation and radius information. Similarly, Fig. 3e-h show a reduced
quality OCTA scan from a healthy subject included in the study. The average
of the extracted metrics (used in the feature vector) of the healthy patients can
be seen in Table 1. The ICC and Bolt-Altman analysis for the healthy subjects
and cataract patients are reported in Table 2.

We apply a factor analysis on the healthy subjects containing 30 observa-
tions where each has a 20-dimensional variable. Six factors are selected, which
account for 84.65% of the variation in the data. An arbitrary threshold of ±0.5 is
applied to ease the interpretation of the rotated factor pattern. The linear com-
binations of the resulting variables explaining each factor are shown in Table 3.
When applying the MANOVA to the factor scores, we do not observe an e↵ect
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Table 1. Mean and standard deviation of the features for all healthy subjects in all
three scenarios (F: Fovea, I: Inferior, S: Superior, N: Nasal, T: Temporal, VD: Vessel
density, CD: Capillary density, VR: Vessel radius in µm).

SRL-F SRL-I SRL-S SRL-N SRL-T

VD 0.0025 (0.0031) 0.047 (0.018) 0.053 (0.020) 0.026 (0.015) 0.034 (0.029)
CD 0.26 (0.067) 0.44 (0.069) 0.47 (0.048) 0.45 (0.054) 0.45 (0.069)
VR 5.89 (5.52) 13.66 (1.62) 14.73 (2.01) 13.24 (2.91) 12.70 (2.28)

DRL-F DRL-I DRL-S DRL-N DRL-T

CD 0.21 (0.075) 0.61 (0.062) 0.61 (0.055) 0.57 (0.061) 0.55 (0.067)

(a) SRL

0

52

(b) SRL output (c) DRL (d) DRL output

(e) SRL

0

71

(f) SRL output (g) DRL (h) DRL output

Fig. 3. Examples of segmentation output. Subfigures (a)-(d) illustrate the quantifica-
tion of a good and clear OCTA, and (e)-(h) illustrate the quantification of a blurry
OCTA. Subfigures (b) and (f) show the larger vessel radius in µm.

in-between the three pupil scenarios (p = 0.9513), but there is a highly signifi-
cant di↵erence between the di↵erent subjects (p < 0.0001). We also perform a
factor analysis of the cataract patients in a similar way. Here, we obtain di↵erent
linear combinations describing 7 factors (accounting for 89.15% of the variation
in the data). We do not observe a significant di↵erence between the pre- and
postoperative scans (p = 0.2471), but the di↵erence between the subjects is still
very significant (p < 0.0001).

5 Discussion

The relatively high Dice and Jaccard scores of the validation image in Fig. 1e in-
dicate an adequate segmentation performance of the proposed dictionary model.
A typical misclassification seen in our results is when bigger capillaries and
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Table 2. Comparisons between the di↵erent groups, H1: Healthy with undilated pupil,
H2: Healthy with dilated pupil, H3: Healthy with dilated pupil after exercise, C1:
Cataract patients preoperative, C2: Cataract patients postoperative. Reporting the
MD: mean di↵erence, LoA: limits of agreement, ICC: Intraclass correlation coe�cient,
CI: confidence interval. For the variables VD: Vessel density, CD: Capillary density,
BD: Background density, VR: Vessel radius.

Comparison Agreement Reliability
Pairwise

comparison

Group 1 Group 2 Metric MD LoA ICC (95% CI) P-value

H1 H2 SRL CD -0.0057 -0.11/0.10 0.86 (0.76, 0.92) 0.47
H1 H2 SRL VD -0.0014 -0.020/0.018 0.93 (0.88, 0.96) 0.32
H1 H2 SRL BD 0.0071 -0.11/0.12 0.85 (0.78, 0.92) 0.41
H1 H2 SRL VR -0.68 -6.32/4.97 0.79 (0.65, 0.87) 0.10
H1 H2 DRL CD -0.011 -0.14/0.12 0.92 (0.86, 0.95) 0.23

H2 H3 SRL CD 0.0039 -0.10/0.11 0.86 (0.77, 0.92) 0.67
H2 H3 SRL VD -0.00050 -0.018/0.017 0.94 (0.89, 0.96) 0.69
H2 H3 SRL BD -0.0027 -0.11/0.11 0.88 (0.79, 0.93) 0.74
H2 H3 SRL VR -0.50 -4.36/3.36 0.89 (0.81, 0.94) 0.079
H2 H3 DRL CD 0.0040 -0.12/0.11 0.93 (0.89, 0.96) 0.63

C1 C2 SRL CD 0.049 -0.12/0.22 0.65 (0.36, 0.81) <0.001
C1 C2 SRL VD 0.0026 -0.029/0.035 0.80 (0.67, 0.88) 0.27
C1 C2 SRL BD -0.052 -0.23/0.13 0.68 (0.41, 0.83) <0.001
C1 C2 SRL VR 0.65 -6.90/8.20 0.73 (0.57, 0.84) 0.13
C1 C2 DRL CD -0.018 -0.18/0.14 0.90 (0.82, 0.94) 0.24

smaller vessels are not distinguished. However, this is to be expected, as it is
also di�cult to manually set the border between the two classes. The quality
of the OCTA image in Fig. 3e-h makes it di�cult to distinguish the capillaries
manually, and the algorithm is challenged as well.

5.1 Discussion of healthy subjects

The retinal capillary density is generally reported to be between 30-60%, and
the great variation in di↵erent studies is due to di↵erent OCTA devices and
methods [13]. Our capillary density estimates lie within this range (see Table 1)
and are hence realistic, although cross-study comparisons should be done with
care. The ICC values in Table 2 between H1 and H2 all vary between moderate to
excellent, being highest for SRL VD and lowest for SRL VR. Similar trends can
be seen when comparing H2 and H3, although here all ICC values are higher. We
also see that the mean di↵erences all lie close to zero, although the radius seems
to have a small bias as well as a higher dispersion in the measurements. When
looking at the pairwise comparison, no significant di↵erence is observed between
the di↵erent scanning scenarios. One reason why the vessel radius stands out in
high dispersion could be due to a greater variation in the segmentation at the
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Table 3. Factors for healthy subjects, where SRL: Superficial retinal layer, DRL: Deep
retinal layer, F: Fovea, I: Inferior, S: Superior, N: Nasal, T: Temporal, VD: Vessel
density, CD: Capillary density, BD: Background density, VR: Vessel radius.

Factor 1 Factor 2 Factor 3 Factor 4 Factor 5 Factor 6

SRL-F CD: 0.64 SRL-S VR: -0.72 SRL-F CD: 0.54 SRL-S CD: 0.73 SRL-I CD: 0.85 SRL-N CD: 0.84
SRL-T VD: 0.83 SRL-N VR: 0.66 SRL-N VD: 0.83 SRL-T CD: 0.82 DRL-S CD: -0.53 SRL-I VD: -0.52
SRL-F VD: 0.95 SRL-I VR: -0.68 SRL-N VR: 0.55 SRL-S VD: -0.68 DRL-I CD: 0.83
SRL-T VR: 0.60 DRL-S CD: 0.57 SRL-T VR: 0.61
SRL-F VR: 0.85 DRL-N CD: 0.67 DRL-F CD: 0.66

DRL-T CD: 0.91

border between larger vessels and capillaries, and because of the hard margins
between the ETDRS-sections.

When investigating the estimated factors from the factor analysis seen in
Table 3, one can observe anatomical patterns. E.g. Factor 1 explains the capillary
and vessel densities as well as the radius in the foveal and temporal region in
the superficial layer. The MANOVA-test on the factor scores shows no di↵erence
between the three scenarios (H1, H2 and H3), and hence we can conclude that
neither the dilation nor the exercise has an e↵ect on the extracted metrics. We
did however observe a di↵erence between subjects, which means that each feature
vector is representative of its subject, and hence that the extracted metrics are
subject-specific.

5.2 Discussion for cataract patients

In Table 2, we see more variation in the quantitative metrics for the cataract
patients, and decreased agreement and reliability compared to the healthy sub-
jects. The quality of the cataract OCTA data is generally lower compared to
the healthy subjects. Although it should be noted that all images used in this
study were subjected to high quality requirements (compared to the common
state of cataract patient data) in our selection process. The quality did however
vary in both scenarios (pre- and postoperative). One reason for the great vari-
ation could be the optical deterioration of the lens preoperatively which results
in a more blurry image, whereas the postoperative images were performed on an
undilated pupil. Even though we did not observe a di↵erence between undilated
and dilated pupils for the healthy subjects, this could still have an e↵ect for the
older population. Obtaining an OCTA image with good image quality is chal-
lenging in cataract patients due to several reasons. The cataract itself worsens
the optic quality of the image and patients may have di�culty focusing, which
in turn may lead to small movements of the eye when the image is taken, caus-
ing artefacts. Furthermore, many cataract patients su↵er from dry eyes and/or
blepharitis, which causes irritation and blinking during the acquisition. Finally,
the quality of the procedure is also dependent on the operator in terms of giving
good instructions to the patient and securing a well focused image.
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Finer details, like capillaries, typically su↵er most by the reduced quality in
the cataract patients. This is supported by the significantly di↵erent SRL CD
and SRL BD in the pairwise comparison. We did not observe any significant
di↵erence between the pre- and postoperative scans in the factor analysis, which
can also be explained by the varying data quality in both scenarios – although
a smaller p-value (p = 0.2471) suggests using a larger sample size.

Only a small circular area is used in the quantitative analysis. The method
and the analysis could be improved by extending the area of interest through
technical adjustments such that more information would be included. Ongoing
improvements in OCTA systems to obtain a larger acquisition size would also
facilitate this. Furthermore, additional metrics describing the microvasculature
could be interesting to include. This can easily be added in the analysis pipeline,
since the factor analysis is able to handle more variables than observations, while
still explaining most of the variability in the data. This is only a preliminary
investigation of the approach, and therefore there is still a need to evaluate it in
other pathological conditions and on images captured in di↵erent devices.

6 Conclusion

This paper presents a new method that automatically quantifies the retinal vas-
culature in the superficial and deep layer. This is done through feature-based
segmentation of the larger vessels and capillaries and through extracting metrics
like densities and vessel radius from the segmentation. The method is validated
on three repeated scans on healthy subjects in normal state (undilated pupil),
with dilated pupil, and dilated pupil combined with exercise. The repeated scans
are highly correlated showing that the reproducibility of our method is good. We
do not see a di↵erence between the scanning scenarios, although there is a dif-
ference between each subject demonstrating that the method is sensitive to vari-
ation in the structure of the vasculature. We also show that the method can be
applied to cataract operated patients. This shows great promise for extending the
method in order to investigate if there are features in the microvasculature that
are important for the risk of developing macular edema after cataract surgery.
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ABSTRACT

Abnormal blood compositions can lead to abnormal blood
flow which can influence the macular vasculature. Optical
coherence tomography angiography (OCTA) makes it pos-
sible to study the macular vasculature and potential vascu-
lar abnormalities induced by hematological disorders. Here,
we investigate vascular changes in control subjects and in
hematologic patients before and after treatment. Since these
changes are small, they are difficult to notice in the OCTA
images. To quantify vascular changes, we propose a method
for combined capillary registration, dictionary-based segmen-
tation and local density estimation. Using this method, we in-
vestigate three patients and five controls, and our results show
that we can detect small changes in the vasculature in patients
with large changes in blood composition.

Index Terms— OCTA, Quantification, Microvasculature

1. INTRODUCTION

Chronic myeloid leukemia, essential thrombocytosis and poly-
cythemia vera belong to a category of chronic myeloid malig-
nancies, which are characterized by abnormally high concen-
trations of either leukocytes, thrombocytes or red blood cells.
Visual disturbances and headaches may be present due to the
impaired blood flow [1].

The eye makes it possible to study how the microvascula-
ture is affected. Abnormal blood composition has been shown
to lead to abnormalities of structural optical coherence tomog-
raphy (OCT) patterns inside retinal arteries and veins, and in-
spection of motion-contrast images has shown that hypervis-
cosity can be associated with prominent dilation of the retinal
capillaries [1]. However, the details of what goes on inside
the retinal capillaries cannot be resolved by OCT at present.

Optical coherence tomography angiography (OCTA) is
a relatively new and non-invasive imaging modality used to
capture the retinal microvasculature. In this work, we inves-
tigate whether OCTA scans can be used to quantify vascu-
lar changes in some hematologic disorders. We extract local

capillary densities from OCTA data and compare these den-
sities between two scans of the same person before and after
treatment. We demonstrate the feasibility of our method by
applying it to a small control group and to hematologic pa-
tients, where we know how the blood composition changes
after treatment.

1.1. Related work

One of the main challenges when working with OCTA images
is the complexity of the anatomical structures exhibiting sub-
tle changes in intensities combined with the high acquisition
noise. Several quantification schemes for extracting vascular
features from OCTA images have been proposed. This in-
cludes algorithms based on thresholding [2, 3, 4] and more
advanced methods like local fractal dimension or probabilis-
tic modeling [5, 6], while some OCTA platforms provide their
own quantification software [7, 8, 9].

In this work, we investigate changes induced by treat-
ment. Related to this, Dongye et al. [10] propose an algo-
rithm to detect dilated capillaries in OCTA based on contrast
and saliency methods. However, as mentioned in their paper,
the algorithm is not developed for angiograms where most
vessels are dilated. Hence, it may not be suitable for patients
with hematological disorders, where the whole microvascula-
ture is believed to be affected. Hagag et al. [11] investigate
vascular changes in response to hyperoxia, based on flow in-
dex and vessel density. Other studies also look at temporal
changes in the vessel density [12, 13]. Jeffrey et al. [14] show
that vessel density decreases with signal strength. Therefore,
temporal comparisons should be done with care.

2. PROPOSED APPROACH

We propose an approach to measure microvascular changes in
the parafoveal region, based on a pair of en face angiograms
each consisting of the superficial retinal layer (SRL) and the
deep retinal layer (DRL). First, we use a dictionary-based
model to identify the larger vessels and the capillaries in the

© 2020 IEEE. Personal use of this material is permitted. Permission from IEEE must be obtained for all other uses, in any current or future media, including reprinting/
republishing this material for advertising or promotional purposes, creating new collective works, for resale or redistribution to servers or lists, or reuse of any copyrighted 
component of this work in other works.



scans. Second, we align the scans from different imaging ses-
sions and then locally compare the capillary density.

2.1. Dictionary-based segmentation

To detect larger vessels (arterioles and venules), background
and capillaries we are using a dictionary-based segmentation
approach proposed in [15]. Here, it is assumed that the ap-
pearance of the vascular network can be represented as a com-
bination of characteristic image features. The approach is de-
scribed in detail in [16]. We use the same parameters and dic-
tionary as in [15], although we here apply an initial adaptive
histogram equalization to improve the contrast of the images.
The DRL consists only of capillaries, so we combine the de-
tected capillaries and larger vessels in this layer into one class.
Examples of the data and the output can be seen in Fig. 1.

2.2. Local density

The local capillary density is a unit-less ratio computed in a
circular kernel with a radius of 100 pixels or 0.3 mm. This
kernel is large enough to smooth out motion and acquisition
artefacts, while small enough to still show local areas of in-
terest. The effect of larger vessels is removed by computing
the density as the amount of pixels belonging to the capil-
lary class divided by the amount of pixels belonging to either
background or capillaries in that area. Additionally, the single
score global capillary density is calculated in an annulus with
radius 0.5 mm and 1.3 mm surrounding the foveal center.

2.3. Registration

For a more precise measure of changes in the vascular net-
work, we align the OCTA scans of the same person. We
first apply a landmark-based registration on the SRL from the
two scans. The landmarks are computed as Scale-Invariant
Feature Transform (SIFT) features using the VLFeat library
[17, 18]. The SIFT descriptors between the scans are matched
using Euclidean distance, and outliers are excluded by apply-
ing random sample consensus. Afterwards, an affine regis-
tration is applied using a mean squared difference similarity
metric and a gradient descent optimizer. The estimated trans-
formation is also applied to the DRL.

2.4. Local comparison

We can now compare the local capillary density of two differ-
ent scans of the same eye. Local density change, with values
between -1 and 1, is computed by subtracting two local den-
sity images.

3. EXPERIMENTAL SETUP

Our aim is to establish whether our method detects changes
in the microvasculature. We apply the method to healthy sub-
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Fig. 1. An OCTA scan of size 1004 ⇥ 1007 pixels in the superficial
and deep retinal layer along with the corresponding segmentation of
the capillaries (pink) and larger vessels (blue).

Table 1. The blood values (thrombocytes (TC) and leukocytes (LC)
in 109/L and hemoglobin (HG) in mmol/L) of the patients. The nor-
mal values for HG are 8.3 - 10.5 mmol/L, for TC 145 - 390 ⇥109/L,
and for LC 3.5 - 8.8 ⇥109/L. Green indicates normal values, red
indicates abnormally high values, and blue abnormally low values.

Patient A Patient B Patient C
Scan 1 2 3 1 2 3 1 2
TC 749 502 365 186 341 314 660 279
LC 5.5 6.0 2.3 2.7 4.0 4.2 8.9 2.8
HG 9.0 8.6 8.5 10.8 8.8 9.3 12.8 8.0

jects, to investigate the uncertainty of the approach, and to
patients with hematological disorders before and after cytore-
ductive medical treatment where we expect vascular changes.
Due to the normalization of the blood values after treatment,
we assume that there will be physiological changes present
either in blood flow, the capillary density, or in the thickness
of the capillaries. In this work, we look at the changes in
the local capillary density, which we assume also reflect both
the capillary thickness and the number of perfused capillaries
above the lower limit of detection.

3.1. Data and scanning protocol

The study includes eight participants of which three are di-
agnosed with hematological diseases (patients A, B, and C
with average age of 59.3 ± 7.6) and five are healthy controls
(average age 47.4 ± 19.1). Patient A has essential thrombo-
cytosis, while patients B and C have polycythaemia vera, as



Table 2. Global capillary densities (a unit-less ratio ranging from 0 to 1) of the nine healthy control (HC) eyes and the patients’ eyes before
(scan 1), during and after treatment (scan 2 and 3) in the superficial and deep retinal layers. R is right eye and L is left eye.

HC 1 HC 2 HC 3 HC 4 HC 5 Patient A Patient B Patient C
R L R L R L R L R R L L R L

SRL
Scan 1 0.40 0.39 0.37 0.45 0.36 0.32 0.39 0.37 0.31 - 0.42 0.38 0.28 0.31
Scan 2 0.40 0.38 0.39 0.42 0.36 0.31 0.39 0.39 0.32 0.42 0.41 0.35 0.29 0.32
Scan 3 - - - - - - - - - 0.39 - 0.38 - -

DRL
Scan 1 0.54 0.54 0.58 0.58 0.55 0.55 0.49 0.51 0.44 - 0.53 0.46 0.41 0.40
Scan 2 0.55 0.56 0.58 0.58 0.53 0.55 0.47 0.50 0.45 0.49 0.53 0.47 0.45 0.47
Scan 3 - - - - - - - - - 0.55 - 0.45 - -

can be seen in Table 1. Both eyes were scanned in all patients
aside two; in patient B and in one control, only one eye was
scanned. Patients were examined at least twice: A baseline at
the time of diagnosis (scan 1), and one or two follow-up ex-
amination after treatment (scan 2 and 3). The healthy controls
were examined at two different times of short interval. Ex-
aminations were approved by the Institutional Review Board
and included measurement of best-corrected visual acuity and
dilated pupil OCTA using Spectralis Heidelberg Engineering,
Heidelberg, Germany. For pupil dilation participants received
one drop of tropicamide 1.0%. A macula centered OCTA was
performed giving approximately 3⇥3 mm2 field of view. Be-
cause of the high correlation between vessel density and sig-
nal strength [14] we use only well-focused scans with little
motion artefacts and with a signal strength of more than 35
dB in all scan sessions.

3.2. Statistical analysis

For each local density change map, the distribution of values
is collected, and its mean and standard deviation are com-
puted. The one-sample Kolmogorov-Smirnov test is used to
compare these distributions to a normal distribution with the
same mean and standard deviation. Here, the test statistic K
is the maximum absolute difference between the normal dis-
tribution and the empirical cumulative distribution of the data.

4. RESULTS AND DISCUSSION

Fig. 1 shows the segmentation output of one of the healthy
subjects. For all subjects, the segmentation of the OCTA im-
ages looks correct after visual inspection. This shows that the
dictionary segmentation model is applicable to images from
another OCTA platform, since it has been created for OCTA
images acquired by a swept source-OCT from Topcon Medi-
cal Systems, Inc., while we in this work use data acquired by
Spectralis Heidelberg Engineering.

The blood values of the patients can be seen in Table 1.
The thrombocyte-values in patient A are normalized after the
cytoreductive medical treatment, although the leukocytes are
abnormally low at time of scan 3. All blood values are com-
pletely normal for patient B at scan 2 and 3, and for patient C

at scan 2 the leukocyte-value is abnormally low. The leuko-
cytes are large and have a tendency to stick together, and
hence a higher vascular change is expected for patient C.

The global capillary densities are described in Table 2.
They show few changes for the controls which indicate the
uncertainty of the method. There are also few changes for
the patients in the SRL, although, an increase is observed for
patient A and C in the DRL after treatment.

Fig. 2 shows two examples of the local density change
and their distributions – one for a healthy control and one
for patient C. Once again, the density change for the healthy
control indicates the amount of uncertainty in the results due
to the acquisition noise and the limitations of the method. It is
seen that the local density change between the two scans for
the healthy subject is more normally distributed and centered
around zero. For patient C, there seems to be an increase in
the local capillary density after treatment, and the increase is
larger than the noise shown in the healthy subject. Despite the
overall increase, there is a small local decrease in the capillary
density in patient C, which could be due to an artefact.

Fig. 3 shows the relationship between K, the mean and
the standard deviation (STD) of the distribution of the den-
sity changes. We see that the distributions for the healthy
subjects have low standard deviations as well as relatively
low K-values indicating that they are normally distributed,
which is as expected since they are caused by the acquisition
noise. Their means are also relatively low. When observing
the mean, the values of the DRL and SRL corresponding to
the same patient are sometimes mirrored around zero. This
could be a sign of faulty detection of the boundary between
DRL and SRL. The hematologic patients are characterized
by larger standard deviations and sometimes larger K-values.
Note that all blood values are normal in scan 2 and scan 3
for patient B, and the values of the density change between
these two scans are closer to the controls. Based on the blood
values, we expect the largest vascular changes for patient C,
and these distributions also deviate more from a normal dis-
tribution based on the K-value. We also see a large increase
in the capillary density in the DRL for both eyes based on the
mean. It should be noted that if the blood flows too slowly, it
cannot be detected by the OCTA device. Hence, it could seem
like the blood flows faster or the capillaries are more dilated
in DRL after the medical treatment.
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Fig. 2. Top row: Deep layer of a healthy subject. Bottom row: Deep layer of patient C. Two columns on the left: OCTA scans. Third column:
The local density change, where red indicates an increase in the local signal compared to the previous scan, while blue indicates a decrease.
Rightmost column: The corresponding distributions of the density change with the mean (green) and standard deviation (dashed green).
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Fig. 3. The relationship between test statistics K, the mean and the standard deviation (STD) of the density change for each subject. The
marker shape indicates whether it is the superficial retinal layer (circle) or deep retinal layer (triangle). For patients, the two scans that are
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Although the results of this study indicate that the vascu-
lar changes of the patients are different from the controls, the
sample size is relatively small, and more data would be need-
ed to draw firm conclusions. Additionally, potential structural
changes can be blurred out by the smoothing effect of the lo-
cal density estimation. It would be interesting to study poten-
tial changes in the capillary thickness, although this is chal-
lenging to do with the current resolution of OCTA images.
Optimally, the 3D vasculature should be analysed and quanti-
fied, but raw data from the scanners can be difficult to obtain,
and hence this study has only used en face angiograms.

5. CONCLUSION

Our investigation indicates that OCTA data combined with
an automated segmentation method can be used for measur-
ing changes in capillary densities. The study was carried out
on only three hematologic patients undergoing treatment, but
these had generally larger changes than healthy controls, de-
spite the relatively large uncertainty seen in the control sub-
jects. This shows promise in extending the method, and can
potentially provide insight into vascular effects of hemato-
logic disorders given a larger sample size.
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Quantifying Changes in the Macular Vasculature
after Cataract Surgery

Astrid M. E. Engberg, Jesper H. Erichsen, Anders N. Christensen, Knut Conradsen, Birgit Sander, Line Kessel,
Anders B. Dahl, Vedrana A. Dahl

Abstract—Cataract surgery may lead to changes in the retinal
vasculature, which can be imaged using optical coherence tomog-
raphy angiography. We investigated the effect of cataract surgery
by measuring changes in capillary density, vessel radius, macular
thickness, and area and perimeter of the foveal avascular zone,
respectively. Capillary density and vessel radius were obtained
using our automated dictionary-based segmentation method that
separates the larger blood vessels, capillaries, and background.
Besides measuring the vessel radius, the vessel-segmentation
allowed us to remove the effect of vessels in the capillary density
estimates. Furthermore, we automatically segmented the foveal
avascular zone using a deformable surface model. We investigated
78 patients that we imaged before surgery, 3 weeks after surgery
and 3 months after surgery. 17 patients were removed from
the study due to low image quality leaving 61 patients for
our statistical analysis. We used a repeated measure design for
our statistical analysis, which showed a significant growth in
macular thickness and only small changes in the capillary density.
However, a significant decrease in the vessel radius in the superior
region was observed.

Index Terms—OCTA, Cataract, Quantification

I. INTRODUCTION

Phacoemulsification and implantation of an intraocular lens
(IOL) for treatment of cataract is a common surgical procedure
[1]. Although this surgical procedure is usually uncomplicated,
up to 25% of patients develop a detectable swelling of the
central retina called pseudophakic cystoid macular edema
(PCME) [2]. PCME is one of the most important reasons for
reduced visual acuity after cataract surgery [3], but why some
patients develop edema is still unknown. PCME is thought
to arise as inflammatory mediators are released in response
to the surgical trauma, resulting in a breakdown of the blood
ocular barrier [4]. As a result, retinal capillaries become leaky
and fluid may accumulate in the retina. Therefore, it is highly
relevant to study the vasculature in patients before and after
cataract surgery.

Optical coherence tomography angiography (OCTA) is a
non-invasive imaging technique which enables the study of
the microvasculature in the retina. It has been commercially
available since 2014 [5], and the modality is commonly used
in clinical research. However, analysing OCTA data is not
trivial because of the complex retinal network. Advanced
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image analysis techniques are therefore required to extract
relevant information from the data. No standard quantification
scheme of vascular features based on OCTA exists. Several
methods have though been suggested during the last years,
and some of the commercial systems have their own propri-
etary quantification software. Recent studies based on OCTA
data before and after cataract surgery show vascular changes
[6], [7], however [8] shows that cataract itself significantly
influences the vascular metrics, and questions have been raised
concerning the effect of the change in media opacities in the
previous studies [9], [10].

In this work, we investigate whether we can detect macular
vascular changes based on OCTA scans before and after
uncomplicated cataract surgery. In order to do this, we have
developed our own quantification scheme, where we fully
control the entire pipeline after exporting the OCTA data
from the scanner. There are certain factors which need to
be accounted for in the quantification process: Changes in
the refractive error, the influence of larger vessels on the
metrics for the capillaries, and data with varying quality.
Potential changes in the refractive error due to the operation
are accounted for by ensuring that scans from the same patient
undergo a registration process. The effect of the larger vessels
is removed by computing a vessel-removed capillary density
(VRCD) using a dictionary-based segmentation method. In
order to account for analyzing data with varying quality, we
apply weighted Repeated Measurement Models (RMM) where
uncertain measurements have less weight, and we take the
intra-subject correlation into account.

II. RELATED WORK

During the last five years, many vascular quantification
approaches in OCTA data have been proposed. Some of the
OCTA platforms have their own proprietary vessel estimation
software, like scanners from Optovue, Inc., Fremont, CA,
USA, from Zeiss Meditec, Inc., Dublin, CA, USA and from
Nidek Co. Ltd, Gamagori, Japan [11]. These software pack-
ages are often used in clinical studies (e.g. [6], [7], [12]). Other
studies use their own proposed quantification methods, e.g.
thresholding [13], [14], [15], [16], and local fractal dimension
or probabilistic modelling [17], [18].

Likewise, several OCTA systems also provide proprietary
software for estimating the foveal avascular zone [19]. Several
studies outline FAZ manually [6], [8]. Other studies have
suggested using an iterative region-growing algorithm [20] and
connected component analysis [17]. [21] quantified FAZ based
on a generalized gradient vector flow snake model.
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Recently, vascular changes in OCTA data after cataract
surgery have been studied by three different groups. The
investigation of Zhao et al. [6] involves 32 patients with mild
to moderate cataract (with a mean nuclear opalescence of
1.71 ± 0.47 using the Lens Opacities Classification System
III (LOCSIII)) before, 1 week after, 3 week after, and 3
months after cataract surgery. They observe an increase in
both the retinal thickness and in the parafoveal vessel density.
They also observe a decrease of the foveal avascular zone
(FAZ). They report a high signal strength and high quality
of all OCT images. However, the assumption that cataract
does not influence the baseline scan has been questioned by
both Tan et al. [9] and Jeffrey J. Yu et al. [10]. Jeffrey J.
Yu et al. [10] show the relationship between the measured
vessel density in two commercial OCTA platforms and the
signal strength. Siqing Yu et al. [8] include 13 eyes with
moderate-to-severe cataract (median LOCSIII scale of N4, C3
and P4) before and 1 week after cataract surgery. Here, they
find that cataract significantly influences OCTA images by
using an image grading to evaluate the amount of artifacts and
vessel visibility in the images. They detect an increase in the
measurements of the capillary density but no changes in FAZ.
Zhou et al. [7] investigate short-term changes after cataract
surgery in patients with mild-to-moderate cataract before, 1
week after and 1 month after surgery. They argue that media
opacity influence on their findings is limited because they had
high signal strength and only included patients with mild to
moderate cataract. They examine 51 eyes and investigate both
retinal vessel density, perfusion density, and layer thickness in
macular and peripapillary areas as well as surgical parameters.
As the other studies, they detect an increase in the measured
densities and thickness after surgery. All three studies on
OCTA after cataract surgery [6], [7], [8] use proprietary
software from either Optovue or Zeiss instruments.

We extend our work in [22], where a quantification pipeline
was made, which was validated on both healthy subjects and
cataract patients.

III. PROPOSED APPROACH

We start with a brief overview of our approach, before fo-
cusing on the individual steps. The foundation is a dictionary-
based segmentation to detect capillaries, larger vessels, and
background in OCTA data, as in [22]. For an example of
dictionary-based segmentation we look at the en face an-
giograms from the superficial retinal layer (SRL) and the deep
retinal layer (DRL) in Figure 1. Three scans are acquired
for each subject, and we compute the registration parameters
between the different scans in order to be able to compare
the correct areas and account for possible translation, rotation,
scaling and shear, in the same way as [24]. We also estimate
the area and the perimeter of the foveal avascular zone (FAZ)
by using a deformable model. We quantify the vasculature
using the segmentation by computing the capillary density and
the vessel radius in various regions. We ensure that the correct
areas across scans are compared by applying the estimated
registration. Based on the previous observations in the study by
Yu et al. [8], we choose to apply a grading system to our scans
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Fig. 1: Figure showing the superficial and deep retinal layers of an
original OCTA scan along with our corresponding segmentation output of the
retinal capillaries (pink) and larger vessels (blue) using the dictionary-based
segmentation method.

in order to analyze whether there is a connection between the
image quality and the observed vascular metrics. The entire
approach is developed in MATLAB v9.5 (MathWorks Inc.).

A. Dictionary-based segmentation

On a small scale, the retinal vasculature observed in OCTA
images seems to consist of characteristic image features. This
inspires us to use dictionary learning to determine clusters of
image patches which constitute the dictionary that describes
the appearance of the vasculature and the associated segmen-
tation, as in [22]. We divide our approach into two parts: a
training part and a segmentation part. The pipeline is illustrated
in Figure 2. In the training part, we use one training image
to build the dictionary. By supplying the image patches with
label information for each pixel, the labels of each cluster
can be computed through averaging. In the segmentation part,
a new image can be processed by first assigning each patch
to a dictionary cluster, and then obtaining label information
for each pixel through a probabilistic segmentation by aver-
aging overlapping cluster labels. We choose to segment three
different classes; capillaries, larger vessels and background,
and the resulting segmentation is denoted Sc, Sv and Sb,
respectively. We define larger vessels to have at least twice
the radius of the capillaries. We assume that the deep retinal
layer (DRL) consists only of capillaries and background,
and hence we combine the detected larger vessels with the
detected capillaries. The implementation of the dictionary-
based segmentation for OCTA images is explained in detail
in [23].
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Fig. 2: Illustration of the pipeline for the dictionary-based segmentation model. The training part consists of two parts, T1 and T2. T1: Patches are extracted
from the training image and similar patches are clustered together. T2: The pre-annotated training image is used to compute cluster labels by averaging
cluster-corresponding patches. The segmentation of a new image consists of two part, S1 and S2. S1: Every patch from the input image is assigned to a
cluster. S2: The probabilistic segmentation is computed by averaging overlapping cluster labels. Note that this pipeline uses patches instead of feature vectors
in order to ease the understanding of the process, and we refer to [23] for more details.

B. Registration

To accurately compare the same areas in all three scans, the
registration parameters between the first scan and the second
and third scans are computed, respectively. The registration
process consists of an initial rigid landmark-based registration
followed by an affine registration, as is done in [24]. Both
registrations are computed on the superficial retinal layer
of the two scans. Scale-Invariant Feature Transform (SIFT)
features are used as landmarks, which are computed using
the VLFeat library with a magnification factor of 10 [25],
[26]. The features are matched by computing the Euclidean
distance between the SIFT descriptors of the two different
scans. In order to exclude outliers, a random sample consensus
(RANSAC) [27] method is applied, where five SIFT features
are selected based on 40 iterations. The mean squared error
for each transformation is computed, and the subsample set
resulting in the lowest error, is selected. The rigid and affine
registration are applied in order to account for various rotation,
scaling, shear and translation differences. The imregtform
MATLAB-function with a mean squared difference similarity
metric and a gradient descent optimizer is used. The resulting

registrations are checked for all scans, and – due to the stochas-
tic nature of RANSAC – are repeated if deemed necessary. If
problems persist the patient is excluded from the analysis.

C. Extraction of FAZ

We extract and analyze the shape of the foveal avascular
zone (FAZ), as shown in Figure 3d. A deformable model,
manually initialized around the fovea, is used to separate the
avascular area from the vasculature by applying a parametric
curve representation C(s) to describe the boundary. Here,
the index parameter s = {1, . . . , N} represent the order of
the N points around the curve. This active contour model
is often called a snake [28]. [21] use a similar model. The
optimal segmentation is found when the sum of the external
and the internal energy connected to the curve is minimized.
The external energy Eext is determined by the intensity I at a
specific pixel position compared to the average intensity (min

and mout) in the inside and outside region (Ωin and Ωout),
similar to [29]

Eext =

∫

Ωin

(I −min)2dω +

∫

Ωout

(I −mout)
2dω . (1)
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The internal energy Eint is determined by the shape of the
curve

Eint =
1

2

∫
α
∣∣∣∂C
∂s

∣∣∣
2

+ β
∣∣∣∂

2C

∂s2

∣∣∣
2

ds , (2)

with α and β denoting the elasticity and the rigidity weight
parameters, hence providing regularization to the curve shape
[28]. We apply the model to the weighted probability maps
of the capillaries, which are computed in the dictionary-based
segmentation. The model parameters were estimated based on
ten manual annotations of the healthy cohort described in [22],
where a resulting dice score of 0.94 was obtained. We use
α = 10, β = 10, and N = 300. The foveal avascular zone
is extracted on the en face angiograms from the superficial
retinal layer for all scans. In order to correctly compare
the extracted areas across scans, the estimated registration
parameters described in Section III-B are applied to scan 2
and 3. The area and perimeter computed from the curve are
converted to physical units based on the pixel resolution of
9.38 µm.

D. Quantification

To quantify the vasculature in the parafoveal area, we
extract multiple measures from the OCTA images. Besides
the area and perimeter of the foveal avascular zone (FAZ)
described in the previous section, we extract information about
the capillaries and larger vessels. To obtain local information
about the vasculature, we divide the parafoveal area into
sections using a modification of the Early Treatment Diabetic
Retinopathy Study (ETDRS) grid [30], as is shown in Figure
3a. The foveal region is determined to be the center of the
avascular zone with a circular radius of 0.5 mm (similar
to the original ETDRS grid), but the parafoveal region is
determined to be in the annulus with radius 0.5 mm and 1
mm to compensate for the relatively small scanning area (3
mm × 3 mm) and to maximise the number of eligible patients.
The parafoveal region is divided into four different areas; the
superior, inferior, nasal and temporal sections. We wish to
compare the same areas across different time points. Therefore,
we apply the estimated transformations from Section III-B to
the ETDRS grid of the first scan such that the correct areas
can be compared without introducing interpolation artifacts.
This is visualized in Figure 4.

We use the segmentation of the capillaries and of the
background shown in Figure 3b to compute the microvascular
density. To remove the effect of the larger vessels we compute
the vessel-removed capillary density (VRCD). The VRCD is
defined as a unit-less ratio between the amount of pixels
belonging to the capillary class and the amount of pixels
belonging to either background or capillaries in that area, Ω,

VRCDΩ =

∑
Ω Sc∑

Ω (Sc + Sb)
. (3)

Since there are no larger vessels in the deep retinal layer,
the VRCD just equals the ratio between the amount of pixels
belonging to the capillary class and the total amount of pixels
in the whole area.

The mean radius of the larger vessels in the superficial
retinal layer is computed based on their segmentation, as
is done in [22]. An initial median filtering with a 3 × 3
neighborhood is followed by a skeletonization of the output.
The distance from the skeletonized vessels to the closets
boundary is found by computing the Euclidean distance field.
Figure 3c illustrates the radius of the larger vessels.

IV. METHOD AND DATA

A. Data

We included 78 patients undergoing uncomplicated cataract
surgery with phacoemulsification and implantation of an in-
traocular lens (IOL). Patients went through basic ophthalmic
examinations as well as macular OCT and OCTA before
surgery, 3 weeks and 3 months after surgery. At the preop-
erative visit, cataracts were graded using the Age-Related Eye
Disease Study (AREDS) system for classifying cataracts [31].
We excluded 17 patients due to either one of the scans being
severely de-focused or because the registration process failed
for one of the scans. The remaining 61 patients were 20 males
and 41 females with a mean age of 70.5 ± 7.1 years. The mean
axial length was 23.96 ± 1.29 mm, and their mean nuclear
opacity was 2.11 ± 0.51 and ranging from mild to severe
cataract. The mean visual acuity measured at baseline was
74.07 ± 7.12 ETDRS-letters equivalent to 0.6 Snellen.

B. OCTA acquisition

The OCT and OCTA data were acquired using either a
swept source DRI OCT Triton or a swept source DRI OCT-1
Model Triton (plus), both from Topcon Medical Systems, Inc.
The two scanners are identical in the OCTA part. The OCTA
was acquired with a 3× 3 mm2 field of view centered on the
macula with 320 × 320 pixels with a resolution of 9.38 µm.
The proprietary layer segmentation software provided by the
scanner automatically segmented the retinal tissue layers and
were adjusted manually in case of segmentation errors. The
en face angiograms of the superficial retinal layer (SRL) and
deep retinal layer (DRL) were exported in JPEG format for
each scan, together with the signal strength calculated by the
proprietary software. The foveal center was determined in all
scans, such that it was positioned in the anatomical foveal
center in the first scan and was chosen to lie at the same
location in the follow-up scans. The mean macular thickness
in the original ETDRS-grid was computed by the OCT system.

All OCTA scans have an image quality value above 40 (as in
[32]), have a centering ensuring visibility of all of the modified
ETDRS grid described in Section III-D, and are without very
severe and compromising artifacts. Since we do not know how
the signal strength is computed by the scanner, we choose to
only use it as an exclusion criteria. For describing the quality,
we instead use a grading protocol of each included scan.

C. Grading

Similarly to the study by Yu et al. [8], a grading protocol
is used to determine the quality of the OCTA scans. All
of the scans are divided into 16 different categories based
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(a) ETDRS grid (b) Segmentation
0

61

(c) Vessel radius in µm (d) FAZ

Fig. 3: Illustration of the different quantification metrics. The modified ETDRS grid is seen in subfigure (a) on the original OCTA scan where letters F,
S, I, N and T represent the following regions: fovea, superior, inferior, nasal and temporal, respectively. The segmentation for the capillaries (pink) and the
larger vessels (blue) which is used to compute the vessel-removed capillary density (VRCD) is seen in subfigure (b). The radius of the larger vessels in µm
are illustrated in subfigure (c). The foveal avascular zone is extracted from the probability map for the capillaries and is shown in subfigure (d).

(a) Scan 1 (b) Scan 2 (c) Scan 3

Fig. 4: Illustration of the estimated registration. Subfigure (a) shows the ETDRS grid (green) manually placed in the center. Subfigures (b) and (c) show the
transformed ETDRS grid (green) from scan 1 registered to scan 2 and scan 3 respectively, as well as the original ETDRS grid (red) manually placed in the
center.

on the visibility of the capillaries and degree of artifacts
present in the pictures, see Figure 5 for examples of each
category. The images are only evaluated in the modified
ETDRS grid described in Section III-D of the SRL. The
visibility of the capillaries are divided into four different
categories: Clearly visible, at least 90% visible, at least 70%
visible and less than 70% visible. Artifacts are seen as both
motion artifacts (lines and moved vessels) as well as imaging
artifacts. These are divided into the following categories: No
artifacts present, small artifacts (around 1-4 artifacts with small
displacements), medium artifacts (more than 5 smaller artifacts
or larger displacements), and severe artifacts with either a lot
of medium artifacts or very large displacements of vessels.
These categories are then subdivided into four different groups
indicating the quality of the scans. Group 1 contains scans
of optimal quality, and hence for these images the resulting
segmentation should have a high certainty. Group 4 contains
scans of very low quality, and their segmentation contain a
high amount of uncertainty, and hence the results from this
group is less reliable.

Two authors (AMEE and JHE) graded the pictures in-
dependently based on the described protocol. Afterwards, a
consensus grading was made for the scans with disagreeing
groups.

D. Statistical analysis

The group scores indicate the quality of the scans, and
since the quality indicates the certainty of the measurements,
we wish to have less weight on the scans with bad quality.
We use the third power of the reciprocal group number as
weight in our analyses. The exponent 3 was determined by
a sensitivity analysis. We assume that there is a stochastic
variation between the patients, and we use a repeated measures
design to describe the variability within patients. We use a
weighted repeated measurements model to determine whether
there are changes in the vessel-removed capillary density, the
vessel radius, the macular thickness and the area and perimeter
of FAZ, respectively. The fixed term parameters are assumed to
be quadratic, i.e. of the form µ(t) = α+βt+γt2 or — for mea-
surements at two layers µlayer(t) = αlayer + βlayert+ γlayert

2

for all variables except for the vessel radius, where we assume
a linear relationship. The (auto)correlation between measure-
ments on the same patient at two time points t1 and t2 is
assumed to be of the form ρ|t1−t2| respectively ρ|t1−t2|layer , where
ρ respectively ρlayer are the correlation between measurements
one time unit apart. This corresponds to an autoregressive
correlation structure.

We use all of the quantitative measurements (the vessel-
removed capillary density in all five regions of the modified
ETDRS grid in the two retinal layers, the area and perimeter
of FAZ in the superficial retinal layer (SRL), and the vessel
radius in all five regions in SRL) as a feature to describe
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Fig. 5: Illustration of the grading protocol for categorisation of image quality. Rows show the visibility subcategories from clearly visible to less than 70%
visible. Columns show the artifact subcategories from no artifacts to severe artifacts. The colors indicate which quality group each category is divided into
from excellent quality (green), good quality (blue), medium quality (yellow) to poor quality (red).

the data from each of the three scans. We therefore have few
observations with high-dimensional variables for each patient.
We use a weighted factor analysis, as is done in [22], to reduce
the number of dimensions, where we apply a principal axis
factoring and a varimax rotation of the factors. We use the
same weight as in the previous analysis. We use a multivariate
two-sided analysis of variance (MANOVA) to compare the
sample means of each factor score between the different scans
and between all subjects. The p-values are the Wilks’ lambda
statistics and a p-value less than 0.05 is considered significant.

All statistical analysis is performed using SAS Studio, 3.8,
SAS Institute Inc., Cary, NC, USA.

V. RESULTS

Table I shows the mean and standard deviation for the
consensus grading for each of the three scans for all included
patients. The two graders agreed on 34% of the scans, but only
one scan had a disagreement of more than ± 1 score. Table
II shows the frequencies for the quality scores in each of the
three scans.

Statistics on the transformation parameters from the rigid
landmark-based registration for the second and third scan of
the 61 patients is shown in Table III. The modified ETDRS

grid placed manually in the foveal center in each scan was
compared to the transformed grid used in the quantification.
The dice score between the different regions in the grid was
computed and averaged in order to estimate the effect of the
registration. A dice score close to 1 equals perfect alignment.
The average dice score was 0.91 with a standard deviation of
0.053.

Figures 6, 7 and 8 show the scatter plots and histograms of
the vessel-removed capillary densities, the area and perimeter
of FAZ, and the macular thickness.

Table IV shows the averaged quantitative measurements
in the different regions in all three scans. The result of the
weighted repeated measurement model can also be seen. We
see a highly significant increase of the macular thickness after
surgery (p < 0.0001) with an average increase of 5.75 µm
after 3 months. An increase was also seen in [6], [7]. We
observe that the only significant p-values are for the global
VRCD and for the VRCD in the foveal region in the superficial
retinal layer using the quadratic fit. Although, no change is
observed in the mean values of VRCD across time. We observe
a significant decrease of the vessel radius in the superior region
(p = 0.0006) with an average decrease of 1.22 µm after 3
months. A significant increase is seen in the foveal region (p
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= 0.0080) of 0.70 µm after 3 months. Figure 9 shows the
time plots for VRCD, the macular thickness, the FAZ area
and some of the vessel radius.

As mentioned in Section IV-D, we produce a feature-vector
of 17 dimensions for each scan. We reduce the 17-dimensional
variable of the 61 observations to eight factors in the weighted
factor analysis. This accounts for 88.35% of the variation
in the data. Table V shows the linear combination of the
resulting variables explaining each factor after having applied
a threshold of ±0.4 to help interpret the rotated factor pattern.
We obtain a highly significant difference between the subjects
(p < 0.0001) in the MANOVA of the factor scores, and a
slight difference between the three scans (p = 0.0271).

TABLE I: The average consensus grading of the subcategories
visibility and artifacts, as well as the average of the quality
group division for all scans at the three different time points
of all included patients. The standard deviation is shown in
parenthesis.

Subcategory Baseline 3 weeks 3 months
Visibility 2.69 (1.12) 2.43 (0.99) 2.33 (1.00)
Artifacts 1.90 (0.89) 2.43 (0.85) 2.26 (0.98)
Quality 2.83 (1.08) 2.89 (0.88) 2.87 (0.92)

VI. DISCUSSION

A. Discussion of grading

Because the quality and signal strength of OCTA scans
influences the measured vessel density [8], [10], we have tried
to account for this by introducing a grading of each scan, as
is done in [8]. We use this in our statistical analysis. To obtain
objective scores, two graders performed the grading protocol
independently. At the consensus grading, it was noted that
each grader did not necessarily stick to his or her previous
score and could vary with as much as two categories. This
was mainly the case when it was difficult to determine when

TABLE II: Frequency of the image qualities of all 61 patients
at the three different time points. Group 1 has excellent quality,
group 2 good quality, group 3 medium quality and group 4
poor quality. The frequency for the combined data set is also
shown.

Quality group
1 2 3 4

Baseline 9 14 16 22
3 weeks 3 18 23 17
3 months 6 12 27 16
Combined 18 44 66 55

TABLE III: Table showing the mean and standard deviation
(SD), along with minimum and maximum value for each of the
absolute transformation parameters after the rigid registration
for all three scans of all included patients.

Mean (SD) Min Max
Scaling 0.98 (0.014) 0.92 1.02
Rotation 1.70◦ (1.43◦) 0.010◦ 7.86◦
Translation in y-direction 119 µm (104 µm) 2.10 µm 528 µm
Translation in x-direction 125 µm (107 µm) 1.15 µm 525 µm

artifacts cause decreased visibility of the vessels or vice
versa. We chose a simplified grading system solely based on
visibility and presence of artifacts. A more detailed description
of the artifacts and the visibility would further decrease the
probability for bias. In Table I we see that the mean of the
groups are similar in all three scans, indicating a similar
quality of scans, and that the quality in general is relatively
low. We also observe that the visibility improves after the
operation, but that there are more artifacts in the follow-up
scans.

In Table II we see that less than 10% of the combined scans
are of the best quality, and less than 34% are of the two
best qualities. Direct inspection of the data show that only
8 patients have images solely of qualities 1 or 2. Therefore,
it is not feasible only to analyze data derived from high
quality images. On the other hand, a blind inclusion of data
from low quality images will cause large uncertainties on the
estimates. We therefore apply weighted analyses of the data
where smaller emphasis is put on the uncertain observations.

B. Discussion of registration

Often only translational movement can be expected in
healthy eyes [5]. Changes in the refractive error can be
expected after cataract surgery, which might induce changes
in size and magnification of the OCTA scans [9]. In Table
III we see that the maximum rotation between two scans is
7.89◦ and the biggest absolute scaling is 0.92, which are large
differences. The effect of the whole registration (both the rigid
and affine transformations) is described by the dice score of
0.91 ± 0.053. This value is relatively large, and therefore
we recommend applying an initial registration in longitudinal
studies of cataract patients.

C. Discussion of quantification

By observing the scatter plots of the variables in Figures
6, 7 and 8, we see that the measurements at the different
time points are very similar for the VRCD variables, while
we observe that the measurements for macular thickness are
smaller for the baseline scan. This can also be seen when
looking at the time plots in Figure 9. In Table IV we see a
highly significant increase of 5.75 µm of the central macular
thickness. This is also observed in previous studies [6], [7]. For
the vessel radius, it is mainly the regions surrounding fovea
which are interesting, as there are not that many larger vessels
present in the foveal region. We observe a significant decrease
of 1.22 µm of the larger vessels in the superior region, and
an almost significant decrease in the inferior region. The time
plots of these two variables are therefore shown in Figure 9.
We do not observe any difference in the area or perimeter of
the FAZ, which is also observed in the study by Yu et al.
[8], although Zhao et al. [6] find a highly significant decrease
in the size of FAZ. However, none of the previous studies
write anything about applying a registration process to take
the potential change in refractive error into account.

For the densities, we find that the average values of the
VRCD variables are relatively similar throughout all three
scans (Table IV), which is also seen in most of the reported
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(a) VRCD in SRL (b) VRCD in DRL

Fig. 6: Subfigures (a) and (b) show scatter plots and histograms for the global vessel-removed capillary density (VRCD) and the scores computed in the
modified ETDRS grid (F, S, I, N and T) in in the superficial and deep retinal layer, respectively. The histograms are compared to Gaussian distributions. The
scatter plots underline the fact that the largest correlations are observed between the global VRCD and the ones computed in subregions. The color code
indicates the time points. We also note that the histograms show a slight bimodality for both VRCD and VRCD F in the deep retinal layer.

p-values. However, the VRCD in the foveal region and the
global VRCD have significant coefficients. By comparing the
results of linear and quadratic fits for the VRCD variables, it
seems that it is their convexity and concavity that is significant.
We also observe a slight difference between scans in the factor
analysis, which might also come from the convexity/concavity.
But we do not observe any significant decrease or increase
of the capillary density after cataract surgery. However, the
three previous studies on OCTA data after cataract surgery
all report increased vessel density measurements in parafovea
postoperatively [6], [7], [8]. This must mean that either our
data are different from theirs or we measure different metrics
than they do. They all use the automatically measured capillary
density of the OCT instrument, and since the software is
proprietary we unfortunately cannot compare our metrics. Our
data set consists of patients with mild-to-severe cataract, and
hence it is expected that our baseline scans are worse than
in the studies by Zhao et al. and Zhou et al. [6], [7]. It
is interesting that the macular thickness increases, while the
larger vessels in one region becomes significantly thinner and
almost no change can be seen in the capillary density.

There are several aspects which might impact our results.
All three time points contain scans with varying quality, which
is seen when observing the group scores. Media opacities,
such as dense cataract, cause loss of signal in OCTA scans
[33], and therefore one would expect a decrease in signal
strength in the baseline scan. In the study by Yu et al. [8], they
show that their grading scores connected to visibility are more
affected by the cataract surgery than the motion and image
artifacts. In Table I we also see that our visibility improves
after surgery – but the artifacts increase. One reason for this
could be that pupils were only dilated at the baseline scans –

and not in the follow-up scans. In [22] we show that there is
no difference between dilated and undilated pupils in healthy
and relatively young subjects with the same OCT scanner. This
has however not been tested in an elderly population such as
the population in our study. The undilated pupils could reduce
the amount of light entering the eyes, and this may lower the
signal strength leading to the increase of artifacts, that we see.
The artifacts might arise from errors in the eyetracking of the
scanner leading to an increased amount of motion artifacts,
producing vignetting, and other artifacts.

Another reason for decreased visibility in the 3 month
follow-up scan could be that secondary cataract have devel-
oped in some of the patients after the surgery. This was only
registered if the patient needed treatment, which was the case
for only one patient.

VII. CONCLUSION

Optical coherence tomography angiography (OCTA) cou-
pled with our dictionary-based vascular segmentation and
foveal avascular zone segmentation allows for detailed char-
acterization of the retinal vasculature change over time in pa-
tients operated for cataract. Our investigation was particularly
difficult due to varying image quality. OCTA image quality
is affected by the cataract degree, artifacts and the amount of
light entering the eye. However, due to a statistical analysis
where we account for the image quality and the large group
of 61 patients, we were able to find a significant increase in
macular thickness, a significant decrease in the vessel radius
of the larger vessels, but very little change in capillary density
and no change in the foveal avascular zone. Even though we
include the varying data quality in our statistical analysis, the
effect of the undilated pupils in the follow-up scans might still
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(a) Foveal density vs combined density in SRL (b) Foveal density vs combined density in DRL

Fig. 7: Subfigures (a) and (b) show the enlarged scatter plots from Figure 6 between the global VRCD and the one computed in the foveal region (VRCD F).
The color code indicates the time points. It is remarkable that the measurements at the different time points are so similar for all variables.

Fig. 8: Scatter plots and histograms for macula thickness, FAZ area and
FAZ perimeter. The histograms show a fair resemblance with Gaussian
distributions. However, we observe a slight bimodality for the area of FAZ.
Furthermore, it is seen that the ”Time 0” points for the macular thickness are
smaller than especially the ”Time 3” points. Finally, we observe an almost
functional relationship between the area and perimeter of FAZ.

not have been fully accounted for. From this, we conclude
that the macular thickness measured with OCT increases after
cataract surgery. However, since there is no change in the
capillary density and limited change in the vessel radius, it
remains an open question what causes this increase.
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TABLE IV: Mean and standard deviation (in parenthesis) of the quantitative measures for all patients at the three different
time points in the different regions of the modified ETDRS grid (F: Fovea, I: Inferior, S: Superior, N: Nasal, T: Temporal)
and the global score in the two different layers (SRL: Superficial retinal layer, DRL: Deep retinal layer). The p-values for the
coefficients to t and t2 from the weighted repeated measures model are reported. For the vessel radius we use a linear fit,
while the other variables are fitted with a second degree polynomial. The +/- in parentheses show whether we have an increase
or a decrease over time.

Location Baseline 3 weeks 3 months p-value, t p-value, t2
Vessel-removed capillary density (VRCD)

SRL

F 0.23 (0.064) 0.22 (0.066) 0.23 (0.066) 0.0172* 0.0117*
N 0.42 (0.072) 0.41 (0.063) 0.42 (0.052) 0.6685 0.6641
I 0.42 (0.063) 0.42 (0.059) 0.42 (0.066) 0.5946 0.6915
S 0.41 (0.057) 0.41 (0.063) 0.42 (0.059) 0.9740 0.6715
T 0.41 (0.067) 0.41 (0.061) 0.41 (0.057) 0.0555 0.1862
Global 0.38 (0.045) 0.38 (0.046) 0.38 (0.046) 0.0461* 0.0785

DRL

F 0.11 (0.075) 0.11 (0.075) 0.11 (0.077) 0.0681 0.0606
N 0.41 (0.099) 0.42 (0.081) 0.41 (0.083) 0.2982 0.2369
I 0.45 (0.082) 0.45 (0.096) 0.43 (0.097) 0.7717 0.8005
S 0.46 (0.078) 0.47 (0.066) 0.47 (0.073) 0.7816 0.6627
T 0.38 (0.093) 0.38 (0.097) 0.38 (0.081) 0.7838 0.7680
Global 0.35 (0.057) 0.35 (0.059) 0.34 (0.059) 0.4553 0.2803

Vessel radius (VR) (µm)

SRL

F 11.50 (4.50) 12.02 (5.23) 12.21 (4.42) 0.0080 (+)*
N 15.64 (2.87) 15.00 (2.98) 14.54 (2.99) 0.5041 (+)
I 16.01 (2.58) 15.05 (3.12) 14.90 (2.82) 0.0698 (-)
S 16.50 (2.90) 15.62 (2.91) 15.28 (2.46) 0.0006 (-)*
T 15.54 (2.61) 14.96 (2.84) 14.82 (2.55) 0.2388 (-)

Foveal avascular zone (FAZ)
Area (mm2) 0.27 (0.10) 0.27 (0.11) 0.26 (0.12) 0.6622 0.6202
Perimeter (mm) 1.87 (0.40) 1.89 (0.39) 1.86 (0.48) 0.8057 0.8460
Mean macular thickness (µm)

267.81 (12.28) 273.54 (12.79) 273.56 (12.36) <0.0001* <0.0001*

TABLE V: Factors for the patients, where SRL: Superficial retinal layer, DRL: Deep retinal layer, F: Fovea, I: Inferior, S:
Superior, N: Nasal, T: Temporal, VRCD: Vessel-removed capillary density, VR: Vessel radius, FAZ: Foveal avascular zone, A:
Area, P: Perimeter.

Factor 1 Factor 2 Factor 3 Factor 4 Factor 5 Factor 6 Factor 7 Factor 8

SRL-F VRCD: -0.90 SRL-S VRCD: 0.60 SRL-S VRCD: 0.68 SRL-N VRCD: 0.64 DRL-I VRCD: 0.61 SRL-F VR: 0.55 SRL-T VR: 0.93 SRL-S VR: 0.41
DRL-F VRCD: -0.81 SRL-T VRCD: 0.87 DRL-S VRCD: 0.88 DRL-N VRCD: 0.95 DRL-T VRCD: 0.78 SRL-N VR: 0.92 SRL-I VR: 0.91
SRL-F VR: -0.57 SRL-I VRCD: 0.84 DRL-I VRCD: 0.43
SRL-FAZ A: 0.95 SRL-N VRCD: 0.63
SRL-FAZ P: 0.95
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