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1
Introduction



1.1. The eyes

Retinal images are gaining more and more attention. The Google AI team
recently stepped into the medical application field, and their first target application
area is using their deep learning networks to detect diabetic retinopathy in fundus
images [75]. This is not only because blindness is a crucial issue for the population,
but also retinal imaging is simple, fast and non-invasive: it yields a large volume
of data. This thesis is about blindness prevention for the large population who
has developed type 2 diabetes. As part of the RetinaCheck project 1, we have
developed a suite of automated image analysis algorithms on retinal fundus images
to detect early sign of diabetes.

1.1 The eyes
The eyes are the most important organs of the human visual system. They provide
vision, the ability to receive light signal from the surrounding environment and
convert it into electro-chemical impulses in neurons, and transmit these signals to
the brain through complex neural pathways [173]. The loss of vision, or blindness,
causes a lot of difficulties, such as loss of mobility and even mental issues [194].
Blind patients can not work, need a nursemaid to take care of their daily life
and bring a high burden to society [22]. Unlike other disabilities like the loss of
mobility, which can be treated by replacing e.g. the broken limb with an artificial
limb, loss of vision can hardly be treated, as modern technology is not advanced
enough to manufacture artificial eyes. Operations on the eyes are also with high
risk, as the eyes are very fragile organs full with neurons, can easily get infected
during the operation, and it requires a very experienced surgeon to perform the
operation [69].

1.2 Diabetes and diabetic retinopathy
The retina is the innermost layer of the eyes covering the eye ball, and inner-
vated by millions of photoreceptors (rod and cod cells). Damages on the retina
might directly lead to blindness. One of the most common eye diseases is diabetic
retinopathy, which is a complication of diabetes and the leading cause of vision-loss
worldwide [199]. Diabetes is a chronic disease that occurs when the pancreas could
not produce enough insulin, which is an essential hormone for tissues and organs to

1http://www.retinacheck.org/

1
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1.2. Diabetes and diabetic retinopathy

use glucose as an energy source. The failure of insulin utilization (type 1 diabetes)
or taking overdose glucose (type 2) leads to the increase of blood sugar concen-
tration, which eventually makes diabetes become a multi-organ disease [15, 16].
One of the most common complications is diabetic retinopathy, where retinopa-
thy is the general name for any damage to the retina of the eyes causing vision
impairment and loss. Diabetic retinopathy (DR) can be categorized into a non-
proliferative stage (NPDR) and a proliferative stage (PDR) [55]. The former one
refers to the early stage, where early pathology symptoms can be observed, and
the latter one refers to the irreversible damage, where the pathology spreads out
to the whole retina and small tiny vessels grow irregularly. Severe PDR is also the
main cause of newly formed blindness in the working population, leading to high
societal costs. Severe DR can lead to blurry vision and eventually blindness, when
medication and operation can hardly assist. While DR can be easily prevented in
its early stage by returning the blood glucose level back to the standard.

The world diabetes population is reaching epidemic proportions worldwide [181].
In the past, diabetes was mainly inherited or due to genetic mutation. Diabetes
has generally become more genetically-independent over the past few decades. Es-
pecially in developing countries, the diabetic population grows dramatically due
to the fast changes in lifestyle and the under developing healthcare social systems.

The diagnosis of diabetes relies on two common tests: the fasting blood sugar
test and the oral glucose tolerance test [17]. For the fasting blood sugar test, a
blood sample of the subject is taken after an overnight fast. Then the fasting
blood sugar level is an indicator for a health, prediabetes and diabetes. For the
oral glucose tolerance test, the subject also needs to fast overnight, and the fasting
blood sugar level is measured. Afterwards, the subject is given a sugary liquid,
and blood sugar levels are tested periodically for two hours yielding a glucose
concentration curve against the time (see Figure 1.1).

The oral glucose tolerance test is one of the golden standards for early diabetes
diagnosis, but it receives many difficulties when dealing with a very large diabetic
population. For this test, the subject needs to fast overnight and the test should
be performed by an expert clinician which takes at least one hour examination
time.

Therefore the traditional medical examinations is not a suitable strategy for
a large diabetes screening setup, as it is neither fast (one hour per subject) nor
cheap (payment to expert clinicians).

The extremely large diabetic population brings difficulties to the early disease

1
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1.3. Eye examination and retinal imaging

Figure 1.1 – The glucose digestion curve obtained via an oral glucose tolerance test. The
green curve indicates the glucose digestion trend of a healthy subject. The yellow curve
is slightly above the green one indicating the prediabetes stage. The red curve, with
a higher fasting glucose level and an increase in glucose level over time, indicates the
presence of diabetes. The test lasts at least for one hour.

detection, because modern healthcare system does not have enough capacity to
deal with such great amount of data.

1.3 Eye examination and retinal imaging

To do efficient early eye disease detection, the computer application on optical
eye imaging has proved to be effective [7]. Diabetes is a vascular disease altering
the health condition of the blood vessels, and the vasculature on the retina can
be observed directly and non-invasively with high resolution imaging modalities.
Moreover, digital imaging acquisition takes much less time than testing the blood
sample in the clinic, and the acquired images can be analyzed fully automatically
by computer-based algorithms with few human observers involved. Color fundus
images are used in the eye clinic to diagnose diabetic retinopathy [55], which is
divided into various severities including, for non-proliferative DR, (1) mild, (2)
moderate, (3) severe and (4) very severe NPDR based on the amount/area of
micro-aneurysms (a tiny area of blood protruding from the vessels), hemorrhage
(leakage of blood) and hard exudate (a mass fluid seeped out of the vessels), and

1
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1.3. Eye examination and retinal imaging

for proliferative DR, (1) neovascularization (the growth of tiny vessel), (2) early
PDR, (3) PDR with high-risk criteria and (4) PDR with advanced eye disease, ac-
cording the the early treament diabetic retinopathy study (ETDRS) grading system
proposed by Alghadyan et al. [12].

Clinical examinations of the retina healthy status are mostly achieved via
optical imaging of the retina, named fundus imaging, where in medical terminology
fundus means the bottom or base of an organ. Modern retinal imaging techniques
include:

• Color fundus camera: it consists of an intricate microscope attached to
a white flash enabled camera, which functions similarly to a conventional
digital camera. Color fundus images consist of three color channel, the red,
green and blue channels, where the green channel gives the best contrast
between vasculature and background tissue, and the red channel gives the
best discrimination between artery and vein (see Figure 1.2a).

• Scanning laser ophthalmoscopy (SLO): it utilizes a horizontally and verti-
cally scanning laser to scan a specific region of the retina and create raster
images. Since a laser with specific wavelength (531 nm and infrared) is
used, the SLO images give the best contrast between the vasculature and
the background tissue. The field of view of the SLO images is mostly small
(see Figure 1.2b).

• Optical coherence tomography (OCT): it uses coherent light to capture
micrometer-resolution image of the retina. OCT retinal images include
both two-dimensional and three-dimensional images. The two dimensional
ones are similar to the SLO images and the three dimensional ones show
the cross-sections of the retinal tissue layers by using long wavelength light
which penetrates deeper into the retinal tissue (see Figure 1.2c).

• Adaptive Optics Scanning Laser Ophthalmoscopy (AOSLO): it uses the
technique of adaptive optics (AO) to improve the imaging quality of a SLO
system. The adaptive optics technique is widely used in astronomical tele-
scopes, which corrects the effects of atmospheric distortion via a deformable
mirror. For retinal SLO photography, optical aberrations due to the tissues
of the anterior eye (specifically the cornea and lens), resulting in a decrease
of image quality. Thus the AO mechanism is utilized in the SLO optical
system to improve its imaging quality (see Figure 1.2c).

1

9



1.3. Eye examination and retinal imaging

• Portable mobile fundus camera: a mobile retinal camera can be attached to
the camera lens of a smartphone, providing retinal photography anywhere
and anytime. This technique currently can only perform small field-of-view
of retina at relatively low quality (see Figure 1.2e).

• Ultra-wide field retinal imaging: it provides high-resolution retinal imaging
which captures more than 80% of the retina in less than a second. This
technique is based on the combination of red and green lasers projected
through an optical scanning system. These lasers sweep through a virtual
scanning point inside the eye. The laser light returns through the system and
splits into its original red/green components forming the widefield retinal
image (see Figure 1.2f).

1.3.1 Retinal vascular biomarkers

According to the study by the National Institutes of Health (NIH) [92], about 40%
to 45% of diabetic patient have some stages of diabetic retinopathy in America.
Pathology patterns like aneurysms and hemorrhage on the retina are indicators of
DR but not diabetes. In addition, in mild PDR, micro-aneurysms are very tiny
red dots and can hardly be observed even in a high resolution image, which makes
the diagnosis of early DR difficult.

Unlike the pathology patterns, which provide limited information about the
disease progression, the vasculature, a major component of the retina, reveals
rich geometrical information and provides important clinical biomarkers to assist
early detection of vascular disease [181]. For instance, vessel caliber/width [91],
tortuosity [27, 77] and fractal dimension [13, 86] changes of the retinal arteries and
veins have been shown to be important indicators for the assessment of diabetic
disease.

1.3.2 Retina CAD systems

There have been a number of computer-aided retinal vasculature analysis tools
proposed in literature, which have been widely utilized in clinical studies. Eye-van
(IVAN) software is one of the most popular tools for semi-automatic vessel width
measurement. It was developed by the University of Wisconsin, the USA more
than 20 years ago. It has been used in measuring the caliber-based biomarkers
and is still being used in recent studies [53, 66, 174]. The Singapore “Eye” Vessel

1
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1.3. Eye examination and retinal imaging

(a) RGB image (b) SLO image (c) OCT-3D

(d) AOSLO (e) Mobile camera (f) Widefield camera

Figure 1.2 – Modern retinal imaging techniques: (a) Color fundus image; (b) SLO im-
age (c) OCT-3D image for the cross-section of the retinal tissue, where retinal pigment
epithelium (RPE) detachment can be observed. (d) AOSLO image, where the region
outside the blue square is SLO and the region inside the blue square is AOSLO. AOSLO
captures a much more clear vasculature than SLO, while its field-of-view is much smaller.
(e) The mobile camera manufactured by the company D-EYE, Padova, Italy providing
portable retinal imaging device, while its field-of-view is very small. (f) Ultra-widefield
camera covers 80% of the retina. Images were provided by the company, Optos, Scotland,
United Kingdom.

Assessment (SIVA) system was developed by the Singapore Eye Research Institute
(SERI) and is used much more often than the IVAN software [113, 122, 132, 132].
It can automatically compute a spectrum of retinal vascular parameters includ-
ing vascular caliber, tortuosity, branching angle, fractal dimension and junction
exponent to quantify the retinal vasculature [200]. The Vessel Assessment and
Measurement Platform for Images of the REtina (VAMPIRE) system was devel-
oped by the VAMPIRE team from the University of Dundee, UK [158]. It is able to
assess vessel width, vessel branching coefficients, and tortuosity on retinal images.

1
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1.3. Eye examination and retinal imaging

The System for the Integration of Retinal Images Understanding Services (Sirius)
is developed by Ortegaa et al. from the University of A Coruña [156]. It is a web-
based system for retinal image analysis, which includes three main components:
the web client for user interaction, the web application server that processes all
client requests and the service module that performs the image processing tasks.
At last, the RetinaCAD system developed by Dashtbozorg et al. is a fully au-
tomatic application for the assessment of vascular changes including both width
and bifurcation properties [50]. It integrates state-of-the-art vessel segmentation,
optic disc localization and graph-based artery/vein classification, yielding robust
measurements on the vasculature.

1.3.3 The RetinaCheck project

The RetinaCheck project is a Sino-Dutch collaborative project (2013-2018) to
screen for diabetic retinopathy (DR) in Northeast China2. The project partners are
Eindhoven University of Technology (TU/e) and i-Optics Inc. in the Netherlands,
and Northeastern University and He Eye Care Systems in Shenyang, China. The
project is funded by the Netherlands Organization for Scientific Research (NWO)
and the European Foundation for the Study of Diabetes (EFSD) in collaboration
with the Chinese Diabetes Society/Lilly, and the partners.

TU/e has a sister Biomedical and Information Engineering (BMIE) Depart-
ment at Northeastern University, which was established in 2005 on initiative of
the companies Philips Healthcare and Neusoft Medical Systems, who needed new
engineers for their new joint venture in medical imaging equipment for the Chinese
market. In 2012 BMIE was approached by prof. He, the president and CEO of He
Eye Care Systems, who asked support to set up a large-scale screening program
for DR as part of a blindness prevention program. TU/e and NEU took up the
challenge, and it was decided to first develop a suite of automated software algo-
rithms, first for DR only, later for more eye-related diseases, like glaucoma and
age-related macula degeneration (AMD), the “one-stop-shop” idea. TU/e spe-
cialized in brain-inspired computing, with a solid background in multi-scale and
multi-orientation differential geometry. Since 2017 the focus has shifted to deep
learning methods, in particular exploiting deep convolutional neural networks.

2http://www.retinacheck.org/
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1.3.4 Retinal image analysis and quantitative vascular analysis

The RetinaCheck project aims to develop a complete pipeline of software algo-
rithms for quantitative fundus image analysis and early eye disease detection, to
prevent blindness in a large population. It consists of four phases: development
of retinal image processing algorithms, software validation, integration of all vali-
dated modules and clinical study.

In the algorithm design phase, a set of retinal image analysis techniques is
developed. Due to the close relationship between the RetinaCheck group from
the TU/e Biomedical Engineering department and the Lie-Analysis group from
Mathematics department, some of the techniques are designed based on new math-
ematic modeling concepts inspired by recent findings in biology, in particular multi-
orientation analysis.

In the software validation phase, the developed algorithms are evaluated on
clinical datasets with human observers involved. To validate the quantitative
results of the software with clinical metadata, two clinical collaborations were
started: with the ophthalmology group of the Maastricht Study at Maastricht
University Medical Center, the Netherlands 3, the world’s largest phenotyping
study for diabetes with 5000 normal and 5000 diabetic participants (see section 5.3
for more detail), and with the Diabetes Department of Shengjing Hospital (China
Medical University) in Shenyang 4, where fundus images and diabetic metadata
of thousands of Chinese diabetes patients were acquired [215] (see section 5.2 for
more detail).

In the integration phase, the validated algorithms are chained forming an
image processing pipeline, e.g. from importing the images, assessing its quality,
to segmenting and quantifying the vasculature and outputting a full spectrum of
biomarkers for disease detection, forming an “one-stop-shop” system.

In the final stage the software will be utilized on an eye screening program of
a large population, such as in in China for blindness prevention.

1.4 Contribution of this thesis
This thesis is about blindness prevention in a large population of type 2 diabetes.
As part of the RetinaCheck project, I have developed a suite of automated image

3https://www.demaastrichtstudie.nl
4http://sj-hospital.org/english/
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Figure 1.3 – The RetinaCheck project consists of four phases (the dashed blocks): retinal
image processing algorithm development, validation study, clinical study and one-stop-
shop system development.

analysis algorithms for vascular quantitative analysis on retinal fundus images, to
detect early signs of type 2 diabetes. The main contributions of this thesis are
summarized as followed:

• We developed an image quality assessment approach to examine if the im-
ported image has good enough quality for processing. The approach consists
of three steps. First of all, it extracts natural statistics features from the
image. Then it determines if distortions are presented in the image using
a supervised classifier. When distortions are detected, a second classifier
is utilized to determine the type of distortion, e.g. over/under exposure,
blinking, dust and dirt and etc..

• We developed an innovative super-elliptical filter (SEF) for elliptical convex
shapes detection in retinal images (i.e. the optic disc and the fovea). Further
more, in order to improve the performance, we pair two SEFs together, where
the filters are located with a certain distance to the other, to detect the optic
disc and the fovea simultaneously.

• We developed three approaches for retinal artery/vein (A/V) classification.
First of all, we introduce a new image pre-processing technique to enhance
the intensity difference between arterial vessels and venous vessels. Then,
we developed an approach that extracts an enormous amount of features

1
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for vessel centerline pixels, and apply a genetic-search based feature selec-
tion technique to obtain the optimal feature subset for A/V classification
on various types of retinal images. At last, we developed a graph convolu-
tion neural network technique for artery/vein classification, which yields the
best performance compared to the previous two techniques. It first model
the vasculature as a graph, where each vertex represent a short vessel seg-
ment and the edge connecting two vertices indicate the strength of their
connection. We cropped an image patch centered at the centerline pixels
of each vessel segment and used a regular convolution neural network to
extract non-handcrafted feature for artery/vein classification. At last, we
utilized a graph convolution network, which adapts convolution network on
graph representation to extract graph based non-handcrafted features for
artery/vein classification.

• We validated the reliability and stability of the vascular biomarker fractal
dimension (FD) measurement, which is widely investigated in clinical stud-
ies. We studied three common FD measurement approaches: box dimension,
information dimension and correlation dimension. We examine the stability
of the three measurements with respect to (1) different vessel annotations
obtained from human observers, (2) automatic segmentation methods, (3)
various regions-of-interest, (4) accuracy of vessel segmentation methods, and
(5) different imaging modalities. The results demonstrate that the relative
errors for the FD measurements are significant and FD varies considerably
according to the image quality, modality and the technique used for mea-
suring it. Automated and semi- automated methods for the measurement
of FD are not stable enough, which might make FD a deceptive biomarker
in quantitative clinical applications.

• We developed a fully automatic technique for the assessment of retinal vessel
caliber in fundus images. It exploits a multi-scale active contour approach
on each of the vessel centerlines. The method is implemented using parallel
CUDA programming such that it computes the vessel caliber for all vessels
within a second. The developed method is validated by comparing with the
well-known semi-automated IVAN software and the Vampire width annota-
tion tool. Experimental results show that our approach is able to provide
fast and fully automatic caliber measurements with similar caliber measure-
ment and comparable system error as the IVAN software.

1

15



1.4. Contribution of this thesis

• We developed a two step registration method for the registration of retinal
images acquired by different fundus cameras. In the first step, descriptor
matching on the mean phase images is used to globally register the im-
ages . Afterwards, we used deformable registration which is based on the
modality independent neighborhood descriptor (MIND) method to locally
refine the registration result. The developed method is extensively evalu-
ated on color fundus images and Scanning Laser Ophthalmoscope (SLO)
images. Both qualitative and quantitative tests demonstrate improved reg-
istration using the developed method compared to the state-of-the-art. The
developed method produces significantly and substantially larger mean Dice
coefficients compared to other methods. The developed retinal image reg-
istration technique is used to register multi-modality images for algorithm
validation. diseases.

• We developed a user-friendly software named retinal health information and
notification system (acronym RHINO), which chains all automatic retinal
image processing algorithms developed by the RetinaCheck group into a
processing pipeline. The fully automated modules include vessel enhance-
ment and segmentation, artery/vein classification, optic disc, fovea, and ves-
sel junction detection, and bifurcation/crossing discrimination. Pipelining
these modules allow the assessment of several quantitative vascular biomark-
ers: width, curvature, bifurcation geometry features and fractal dimension.
Beside the automatic processing modules, the software provides several an-
notation tools for human observers to manually mark/modify the artery
and vein label of the vessels, mark optic disc and fovea, and delineate vessel
centerlines. This function is crucial in the second phase of the RetinaCheck
project, where we validate and improve the developed algorithms.

• We investigated the association of a spectrum of vascular biomarkers and
diabetes progression using the RHINO software. The first study is based on
the data (including both retinal images and clinical record) of hospitalized
patients with Type 2 Diabetes in Shengjing hospital, China, in terms of the
vascular curvature changes. The statistical results shows that the curvature
is a highly interested biomarker for diabetes detection, as it is significantly
associated to multiple risk factors of diabetes. The second study is based
on a subset data of the Maastricht Study, the Netherlands in terms of vessel
caliber based biomarkers. It involves both the caliber values obtained by
validated method and manually reviewed artery and vein labels, thus the
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caliber based biomarkers are reliable. The results of linear regression anal-
ysis show that in both arterial widths and venous widths are increased in
patients with both prediabetes and diabetes, where diabetic caliber values
are much greater than prediabetic caliber values. The final study inves-
tigate a full spectrum of vascular biomarkers on the same subset data of
Maastricht Study. The result shows that the obtained vascular quantitative
biomarkers are effective for diagnosing diabetes, and the RHINO software
has the potential to be used for computer-aided diagnosis, particularly for
the large-scale screening programs.

1.5 Overview
Together with this chapter, the research works reported in this PhD thesis is
organized in the following chapters.

In chapter 2, we introduce multiple retinal image analysis and processing al-
gorithms. At first, we describe a retinal image quality assessment system for
detecting the presence of distortions and recognizing the type of distortions. With
a retinal image in good quality, we segment the blood vessels, detect and segment
the optic disc and fovea, and classify the blood vessels into artery and vein classes.
At last, we introduce the bifurcation detection technique which detect bifurcations
and crossovers using the orientation information revealed in the orientation scores.

In chapter3, we introduce multiple vascular biomarkers that have been widely
studied. They includes vessel caliber, vessel curvature, fractal dimension and bi-
furcation geometry property. Moreover, we developed a user-friendly software,
named RHINO, which chains all the processing modules developed by the Reti-
naCheck group into a processing pipeline, which is used for validation and clinical
study.

In chapter 4, we perform algorithm validation studies as we must ensure the
biomarkers extracted by the developed algorithms are reliable enough to draw
any conclusions. First, we collected a multi-modal image database for validation
purpose. And, we developed a multi-modal retinal image registration technique
for this database such that the images of the same subject captured by different
fundus cameras are matched with each other, which ease followed validation tasks.

First, we noticed conflict findings regarding to the fractal dimension in litera-
ture, so we began with validating the stability of fractal measurements by adding
multiple interferences that might effect the fractal measurements. Beside the vali-
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dation on fractal measurement, we compared our developed fully automatic vessel
width measurement tool with the IVAN software, which has been widely used in
clinical studies, and the VAMPIRE annotation tool, which allows observers to
manually measure vessel width.

In chapter 5, we applied our developed curvature measurement and vessel
width measurement tools on the clinical data from our partners: the Shengjing
hospital and the Maastricht Study.We statistically analyzed the association of the
extracted biomarkers with the presence of prediabetes and diabetes.

Finally, in chapter 6 and 7, we summarize this thesis, and discuss the future
of retinal image analysis and the utilization of deep learning in this field.

1
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Image processing and methodology



Abstract
In this chapter, we introduce the digital image analysis techniques used for retinal
image processing pipeline. First of all, we check the quality of the image by
a supervised technique classifying the image as good quality or bad quality. If
the image has low bad quality, the distortion type, e.g. over/under exposure,
eye blinking and lashes presented, is further determined by another supervised
classifier. The bad quality images will be rejected from further processing and in
real acquisition the photographer must retake a new picture. For the good quality
image, we correct the luminosity variation to obtain a illumination-homogeneous
image. After that landmarks including the vasculature, the optic disc and the fovea
are detected and segmented. The vessel bifurcations and crossovers are detected
for the study of biomarkers and the types of the vessels, being artery or vein, are
determined.

Based on:
F. Huang, B. Dashtbozorg, and B. M. ter Haar Romeny. Artery/vein classification
using reflection features in retina fundus images. Machine Vision and Applications,
29(1):23–34, 2018.

B. Dashtbozorg, J. Zhang, F. Huang, and B. M. ter Haar Romeny. Automatic optic
disc and fovea detection in retinal images using super-elliptical convergence index
filters. In Image Analysis and Recognition, Lecture Notes in Computer Science,
9730:697–706, 2016.

F. Huang, B. Dashtbozorg, T. Tan, and B. M. ter Haar Romeny. Retinal artery/vein
classification using genetic-search feature selection. Computer Methods and Pro-
grams in Biomedicine, 161:197–207, 2018.

F. Huang, B. Dashtbozorg, T. Tan, and B. M. ter Haar Romeny. Retinal artery/vein
classification using a graph convolutional neural network, 2018. In preparation.
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2.1. Retinal image quality assessment

2.1 Retinal image quality assessment

Before applying computer-aided analysis on a large volume eye screening program,
an important concern is the quality of the acquired images. On good quality im-
ages, the landmarks like the vasculature, optic disc, fovea and abnormalities like
aneurysms, exudates can be clearly observed, while it is not possible on poor qual-
ity images. Images with poor quality should be rejected from the entire study since
the results are not reliable and may lead to wrong conclusions. Many reasons could
cause image quality degradation (see Figure 2.1). For example, the acquisitions
were done by an operator without enough medical and photography expertise may
results in images that are not centered at the optic disc or the fovea, or out of
focus and over/under-exposure. In addition, eye blinking, eye motion and eyelash
sheltering are commonly encountered artifacts.

Computer-aided image quality assessment techniques have been well developed
in the literature. One of the first ever approaches to assess the image quality of
retina images was done by Lee et al. [110] via the intensity histogram of good
quality images. Firstly, the histograms of 20 good quality images are integrated
into one, which is considered as the standard. Afterwards it is used as a template
and convolved with the histogram of an unseen image. The convolved signal
finally produces a quality score. Lalonde et al. [107] also proposed an approach
based on image histogram similar to Lee et al.. Lalonde et al. not only built a
standard histogram of intensity, but also studied the histogram of edge magnitudes,
as clear and sharp borders are presented on good quality images. Afterwards, a
similar template matching approach was exploited, yielding two quality scores. An
unseen image is classified as “good” if both scores are above the threshold values.
Moorthy et al. [141] proposed the Distortion Identification-based Image Verity and
Integrity Evaluation (DIIVINE) approach that first identifies the distortion area
presented in the image. Afterwards, it performs a quality assessment method for
the detected distortions.

In this section, we develop a supervised retinal image quality assessment sys-
tem. We extract a set of nature statistic features from retinal images, containing
both good quality and distorted images, to train an operator. Then a such qual-
ity assessment operator can be used in a real-time large screening setup giving
feedbacks to the operator during acquisition.
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(a) good quality (b) under-exposure (c) over-exposure (d) eye blinking

(e) light variation (f) light reflection (g) lashes presented (h) dust and dirt

Figure 2.1 – Commonly encountered poor quality images.

2.1.1 Methodology

The proposed retinal image quality assessment pipeline contains two steps: (1)
to determine the overall quality and (2) to determine the type of distortions (e.g.
over/under-exposure, blinking and etc.). First a set of features is extracted using
the blind/referenceless image spatial quality evaluator (BRISQUE) approach [140],
which is based on the natural scene statistics (NSS) of images. A NSS-based
approach assumes that the natural images (i.e. distortion-free) possess certain
statistical properties which are altered when distortions present. Thus the strategy
is to learn a model of NSS-based features for a set of good quality images, and
then use the trained model to measure the similarity of an unseen image to the
good ones.

(1) Statistical feature extraction

The BRISQUE approach studies the statistical properties of the image intensity
histogram and assumes that the poor quality images have a different statistical
representation compared to the good ones. First this method normalizes the con-
trast of the image via:

f̂(x, y) = f(x, y)− µ(x, y)
σ(x, y) + c

, (2.1)

where f(x, y) is the original retinal image, µ(x, y) and σ(x, y) are the local mean
(i.e. local luminosity) and local standard deviation (i.e. local contrast) of f(x, y),
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c is some small constant to prevent the denominator to be 0 and f̂(x, y) is the
normalized contrast image. Afterwards, the changes in statistics are examined on
f̂(x, y) by fitting a generalized Gaussian distribution (GGD) and an asymmetric
generalized Gaussian distribution (AGGD) to its histogram. The GGD with zero
mean is given by:

f(x;α, σ2) = α

2βΓ(1/α) exp(−( |x|β )α)
, (2.2)

β = σ

√
Γ(1/α)
Γ(3/α) , (2.3)

where the value of α is typically around 2 and Γ(a) =
∫∞

0 ta−1e−tdt is the gamma
function. The GGD model has 2 parameters: the shape α and the variation σ2.

The AGGD is used as another histogram model in order to account for the
skewness of the distribution and is given by:

f(x; v, σ2
l , σ

2
r) =

{
v

(βl+βr)Γ( 1
2 ) exp(−(−xβl )v) x < 0

v
(βl+βr)Γ( 1

2 ) exp(−(−xβr )v) x >= 0
(2.4)

βl = σl

√
Γ(1/v)
Γ(3/v) (2.5)

βr = σr

√
Γ(1/v)
Γ(3/v) (2.6)

where the value of v is typically around 2. The AGGDmodel gives four parameters:
the shape v, mean η, left variance σl and right variance σr, where the η is computed
as:

η = (βr − βl)
Γ( 2

v )
Γ 1
v

. (2.7)

The GGD statistical model is fitted to the distribution of the normalized image
Î(i, j) and the AGGD model is fitted to the distribution along four orientations-
horizontal (H), vertical (V), main diagonal (D1) and secondary diagonal (D2),
which are given by:

H(x, y) = f̂(x, y)f̂(x, y + 1), (2.8)

V (x, y) = Î(x, y)Î(x+ 1, y), (2.9)

D1(x, y) = Î(x, y)Î(x+ 1, y + 1), (2.10)
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D2(x, y) = Î(x, y)Î(x+ 1, y + 1). (2.11)

In the end, in total 18 statistical features (2 + 4× 4) are extracted from the image
for image quality classification.

(2) Image quality assessment

The overview of the implemented image quality assessment pipeline is shown in
Figure 2.2. First of all, the images will be normalized in terms of contrast. Then
NSS-based features are extracted, as described in section 2.1.1. The trained level 1
classifier gives a quality score for the image being “good quality” or “bad quality”.
If the score is above a threshold value (set as 0.5 in this study), the image is con-
sidered as good, otherwise as bad. When a bad quality is determined, the image is
graded by the trained level 2 classifier, which classifies the image into various dis-
tortion categories including over/under exposure, blinking, dust and dirt and etc..
Based on numerous experiments, six classifiers are selected to be the level 1 and
level 2 classifier, including Linear SVM, Quadratic SVM, Medium Gaussian SVM,
Bagged Trees and Subspace Discriminant and Quadratic Discriminant. At last,
the Medium Gaussian SVM is selected for the level 1 classifier and the Subspace
Discriminant is selected for the level 2 classifier.

Figure 2.2 – Pipeline of the automatic retinal image quality assessment algorithm.

2.1.2 Results
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(3) The quality datasets

An image dataset of 800 images was obtained from an ongoing DR screening
program taking place in Shenyang, China with 50% of the images were manually
graded as ’good quality’ and the rest graded as ’bad quality’ by an expert from
the Shengjing Hospital, Shenyang. The bad quality images are further manually
categorized into eight distortion classes: (a) over exposure; (b) under exposure;
(c) reflection; (d) haze and blur; (e) blinking; (f) scratches, finger prints and
other; (g) uneven illumination and (f) dust and dirt. The size of the images is
1944×2592 pixels with 45◦ Field of View (FOV) and 1728×2304 pixels with 45◦

FOV. Figure 2.1 shows some sample images from the dataset described.

(4) Supervised learning

To evaluate the proposed pipeline, a 5-fold cross validation technique is applied on
the collected dataset. This partitions the dataset into 5 subsets of equal size sub-
samples and evaluate the performance of the pipeline on each subset respectively.
Each time, one of the 5 subsets is used as the test set while the other 4 subsets
are used as a training set. To be specific, each subset contains the same amount
of good quality and bad quality images. The good quality images are randomly
selected from the whole set, and the bad quality set contains equal size of images
from every distorted category. Then the average accuracy across all 5 trials is
computed for the evaluation. We performed numerous experiments using more
than 20 classifiers that are commonly used in machine learning. Finally, seven
classifiers with the best performance are chosen and their classification accuracy
and the area under the curve (AUC) are reported.

Table 2.1 shows the performance of the seven classifiers on the collected for the
level 1 classification, where the average accuracy of all is above 90% and the AUC
is above 0.95. The Medium Gaussian SVM classifier gives the best performance
as shown in Table 2.1. Table 2.2 demonstrates the performance of three classifiers
for the level 2 classification, where the average accuracy is above 70% and the
Subspace Discriminant classifier has the best performance.

2.1.3 Discussion

We presented an automated system for retinal image quality assessment, which is
based on the natural scene statistics of retinal images. It contains two classification
steps, which firstly classify an image into good or bad quality classes, and then in

2

25



2.1. Retinal image quality assessment

Table 2.1 – Results of the choice for the level 1 classifier above a threshold of 90% accuracy
on the collected dataset.

Classifier name Accuracy (%) AUC

Linear SVM 93.6 0.97
Quadratic SVM 92.8 0.97

Medium Gaussian SVM 94.4 0.97
Fine KNN 93.6 0.94

Bagged Trees 93.6 0.97
Subspace Discriminant 93.6 0.97
Quadratic Discriminant 92.8 0.94

Table 2.2 – Results of the choice for the level 2 classifier above a threshold of 70%
accuracy.

Classifier name Accuracy (%) AUC

Quadratic SVM 73.0 0.93
Cubic SVM 72.0 0.95

Quadratic Discriminant 84.0 0.95

case of bad quality, it will be further classified into one of the distortion types. The
final choice of classifier is the medium Gaussian SVM for level 1 and the Subspace
Discriminant for level 2.

In Table 2.1 three out of seven best classifiers are SVM-based, and in Table 2.2
two out of three are SVM-based. It shows that SVMs work well in this image
quality assessment task which suggests that they could be a prior examined when
a novel dataset is collected.

In Table 2.1 the classification accuracy of the classifiers is generally above 95%,
while in Table 2.2 the best performance is only 84.0%. It suggests that classifying
the distortion type is much more difficult than only detecting its presence. How-
ever, in practice, the detection is much more important than determining their
types, because as soon as distortions are detected, a notification can be sent to
the photographer to repeat the acquisition.
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(a) (b) (c) (d)

Figure 2.3 – Retinal images taken from the INSPIRE-AVR dataset. These images suf-
fer from large intra- and inter-luminosity variation which is caused by the non-uniform
illumination during acquisition. (a) The original retinal images; (b) the luminosity nor-
malized images by [62].

2.2 Image preprocessing and enhancement

Retinal images often suffer from local luminosity and contrast variation (see Fig-
ure 2.3), which is mainly due to non-uniform illumination and the irregular retinal
surface. It seriously interferes a proper image analysis if the raw image is used.
In order to overcome this illumination variation, many approaches have been pro-
posed in the literature for image preprocessing [62, 94, 143, 184]. In this section,
we introduce a new image enhancement approach to improve retinal artery/vein
classification which is motivated by the two normalization proposed by Foracchia et
al. [62] and Jobson et al. [94].

2.2.1 Luminosity normalization

The intensity of a retinal image f(x, y) can be modeled by an illumination-reflection
model:

f(x, y) = r(x, y) l(x, y) , (2.12)

where r(x, y) is the reflection property of a material with regard to the absorbed
light wavelength, and l(x, y) is the general luminosity around a local area, which
causes the inhomogeneous pixel intensity. The arteries and veins show discrim-
ination in terms of r(x, y), so we need to eliminate the l(x, y) from the above
model and compare the reflection property directly for an optimal A/V separa-
tion. The normalization method proposed by Foracchia et al. [62] is described by
the following formula:
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N1(x, y) = f(x, y)
1
n2

∑n2

i f(xi, yi)
. (2.13)

In the above equation, the numerator is the pixel intensity at position (x, y).
The denominator is the mean filter applied to the n× n neighbors around (x, y).
Since l(x, y) is the image luminosity caused by the remote light source, we assume
l(x, y) within a certain region has little change, so the above equation can be
simplified through:

N1(x, y) = r(x, y) l(x, y)
1
n2

∑n2

i r(xi, yi) l(xi, yi)
≈ r(x, y)

1
n2

∑n2

i r(xi, yi)
. (2.14)

This method divides the local pixel intensity by the average intensity within
its neighborhood to cancel the luminosity factor. The result N1 (x, y) is then the
direct relation between local reflection and the average reflection inside its n × n
neighbors.

2.2.2 Retinex normalization

Another method that eliminates the term l(x, y) is motivated by the Single-Scale
Retinex (SSR) method proposed by Jobson et al. [94]. The SSR approach separates
the two components by a logarithm transformation which is described by the
following equation:

R(x, y) = log I(x, y)− log [G(x, y, σ) ∗ I(x, y)] , (2.15)

where I(x, y) is the original image intensity at position (x, y), G(x, y, σ) is the
Gaussian surrounding of (x, y) with scale σ and ∗ denotes the convolution opera-
tion. In our work we first compute the logarithm on the original image, then apply
a mean filter instead of a Gaussian filter to it. The subtraction of the two results
yields the luminosity invariant image:

logN2 (x, y) = log f (x, y)− 1
n2

n2∑
i

log f (xi, yi) . (2.16)

The summation represents a mean filter applied to the neighborhood around
a pixel. The luminosity is almost the same in its neighborhood. So the above
equation is simplified as:

2

28



2.2. Image preprocessing and enhancement

logN2(x, y) = log r(x, y) + log l(x, y)−
( 1
n2

n2∑
i

log r(xi, yi) + 1
n2

n2∑
i

log l(xi, yi)
)

≈ log r(x, y)− 1
n2

n2∑
i

log r(xi, yi)

= log r(x, y)− 1
n2 log

n2∏
i

r(xi, yi) .

(2.17)

Finally, we take the exponential of both sides and obtain the final form:

N2(x, y) = r(x, y)
n2
√∏n2

i r(xi, yi)
(2.18)

This method uses the logarithmic transformation to subtract the local lumi-
nosity component by its surrounding. The result N2 (x, y) indicates the ratio of
reflection properties between the local pixel (x, y) and the root of the multiplica-
tion inside its n× n neighbor.

2.2.3 The reflection property

In this section, we propose the enhancement approach for retinal artery/vein clas-
sification, which is based on the above two techniques. Note that the most dis-
criminative feature for artery/vein classification is Noptimal = r(x, y), where the
reflection property of vessel is measured alone. The two normalization strategies
((2.14) and (2.18)) eliminate the luminosity term l(x, y), but at the same time
two denominators which compute the arithmetic and geometric average for back-
ground tissue and vessel reflection are added respectively and rescale the term
r(x, y) (a non-linear transformation). This results in histogram shifting on the
pixel intensity of artery and vein. In order to avoid the undesired transformation,
and improving the discrimination between arteries and veins, we propose a set
of new features which are computed based on the described two normalization
methods.

We consider an n× n window placed on an image patch which includes both
vessel and background tissue. Inside the window, the reflection property r(xi, yi)
has two clusters: the background tissue rb(x, y) and vessel tissue rv(x, y). By
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replacing (2.14) and (2.18) with the rb(x, y) and rv(x, y), N1(x, y) and N2(x, y)
become:

N1(x, y) = r(x, y)
1
n2 (
∑nb
i rb(xi, yi) +

∑nv
j rv(xj , yj))

, (2.19)

N2(x, y) = r(x, y)
n2
√∏nb

i rb(xi, yi)
∏nv
j rv(xj , yj)

, (2.20)

where nb and nv are the number of background pixels and vessel pixels in the
n× n window, r(x, y) is at the center of the window. For these two equations, we
raise both sides to the power of -1, which flips the fraction upside down, and move
r(x, y) into the summation and multiplication respectively:

n2N1(x, y)−1 =
nb∑
j

rb(xi, yi)
r(x, y) +

nv∑
j

rv(xj , yj)
r(x, y) , (2.21)

N2(x, y)−n
2

=
nb∏
i

rb(xi, yi)
r(x, y)

nv∏
j

rv(xj , yj)
r(x, y) . (2.22)

In the sliding window, we assume that rb(x, y) for all background pixels is ap-
proximately equal, thus the ratio rb(x,y)

r(x,y) of each background pixel is approximately
equal to a constant value rb. And the same of each vessel pixel: rv(x,y)

r(x,y) is approx-
imately equal to a constant value rv. Now (2.21) and (2.22) can be rewritten
as: {

N1(x, y)−1 ≈ 1
n2 (nbrb + nvrv)

N2(x, y)−1 ≈ (rbnbrvnv )
1
n2

(2.23)

Let a constant value a (0 < a < 1) represent the ratio between the number
of background pixels and the total number of pixels contained in the window(
a = nb

n2

)
. The above two equations become:{

N1(x, y)−1 ≈ (a rb + (1− a) rv)
N2(x, y)−1 ≈ rba rv1−a (2.24)

Since a can be estimated from a vessel binary segmentation of the image, the
above two equations contain two unknown variables. From them we can solve two
solutions, where one is larger than one and the other is approximately equal to
one. If the center r(x, y) is a vessel pixel, rb is the solution that is larger than
one (|rb| > 1), because the background reflection rb(x, y) is usually higher than
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the vascular reflection r(x, y). Similarly, rv is the solution which is close to one
(|rv| ≈ 1) because rv(x, y) is approximately equal to r(x, y).

Artery

Vein

Artery

Vein

Artery

Vein

Raw-Artery 
Raw-Vein

0.2

0.4

0.6

0.8

Background Background

N1-Artery 
N1-Vein0.2

0.4

0.6

0.8

In
te

ns
ity

Vessel

0.2

0.4

0.6

0.8

In
te

ns
ity

In
te

ns
ity

r
_
b
-1-Vein

(a) Raw red

(b) N1(x,y)

(c) br
-1(x,y) Vessel profile

_

r
_
b
-1-Artery

Figure 2.4 – A small patch of a retinal image with high luminosity variation and its
corresponding patches on N1(x, y) and rb

−1. The vessel intensity profiles on the artery
and vein are shown on the right side. The intensity values are normalize between 0 and
1.

rb is the approximate of rb(x,y)
r(x,y) and rv is the approximate of rv(x,y)

r(x,y) for each
pixel in the patch. But in our A/V classification, we use rb−1 and rv−1 as features
instead of using rb and rv in order to keep them linear with respect to r(x, y).
Besides using rb−1 and rv

−1, rb
rv

and rv
rb

are also computed, where rb
rv

= rb(x,y)
rv(x,y)

and rv
rb

= rv(x,y)
rb(x,y) are the ratios between the background reflection and the vessel

reflection, with the local term r(x, y) eliminated. In Figure 2.4(a) we show a small
patch taken from a retinal image with high luminosity variation. For this patch,
we obtain the N1 and rb

−1 as well as the corresponding intensity profiles for an
artery and a vein as shown in Figure 2.4(b) and Figure 2.4(c). As we can see in
the profile plots, the discrimination between the artery and the vein is better in
the rb−1 channel. Specifically, at the central reflection part, rb−1 gives a better
separation on the two vessels, while the intensity profiles of the raw red and the
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(a) (b)

(c) (d)

Figure 2.5 – The histograms of 45 images in the NIDEK dataset in terms of (a) red, (b)
rb
−1, (c) rv

−1 and (d) rb
rv

where the arteries and veins are separated.

normalized red are almost overlapping.

2.2.4 Experimental Results

To validate our proposed reflection property features, we use retinal images from
three datasets. The INSPIRE-AVR [151] (referred as INSPIRE) contains 40 optic
disc-centered images with resolution 2392×2048. A/V labels for the vessel center-
lines are provided by Dashtbozorg et al. [45]. The second dataset consists of 45
optic disc-centered images with size of 3744×3744, acquired in the Ophthalmol-
ogy Department of the Academic Hospital Maastricht (AZM) in the Netherlands.
These images were captured by a NIDEK AFC-230 non-mydriatic auto fundus
camera (referred as NIDEK) and the A/V labels of the vessel centerlines were
provided by an expert using the “NeuronJ" software [133]. The third dataset is
the VICAVR dataset [185] (referred as VICAVR) containing 58 images. From this
dataset, 4 images with different resolution compared to the dataset description are
discarded, and the remaining 54 images with size 768 × 576 are used. The pixel
coordinates with A/V labeled are provided by three different experts, while we
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used the ones from expert 1 as reference.
For the INSPIRE dataset, half of the images are used for training and the rest

are used for testing. For the NIDEK dataset, 25 images are used for training and 20
images are used for testing. For the VICAVR dataset, since the amount of ground
truth is much less than the previous two datasets, we apply a 5-fold cross-validation
to examine the features. For every vessel pixel, we extract the raw RGB, HSB and
Lab color intensities. Then for each color intensity, we compute the normalized
intensity using the method proposed in [62] and our reflection features including
rb
−1, rv−1, rbrv and rv

rb
. For every pixel in total 54 (9×6) features (see Table 2.3) are

extracted. These features are validated by calculating the accuracy of a supervised
Linear Discriminate Analysis (LDA) classifier as it is a simple technique with good
performance on pixel-wise artery/vein classification [45, 152]:

Accuracy = TP + TN

TP + TN + FP + FN
, (2.25)

where we let the artery class as the positive one and vein class as the negative one,
and TP, TN, FP and FN represent the true positive, true negative, false positive
and false negative respectively, given by the confusion matrix of the classifier. The
decision boundary of the classifier is set to 0.5 in all experiments. Due to the
variation among different images, we apply the following normalization to correct
the bias shifting for the feature values:

f̃v = fv − µ(fv)
σ(fv)

, (2.26)

where fv, µ(fv) and σ(fv) are the original feature obtained from one image and
the corresponding mean value and standard deviation, thus f̃v is the normalized
feature with zero mean and unit standard deviation.

In Table 2.3, we compare the pixel-wise classification accuracy of the original
Ir and the normalized In intensity of the RGB, HSB and Lab channels with our
proposed reflection features on the INSPIRE, NIDEK and VICAVR datasets. Ta-
ble 2.4 shows the pixel-wise accuracy of using the normalized intensity combined
with the four reflection features for each color channel. Moreover, we measure the
performance of the segment-wise classification with the LDA classifier using the
combined feature sets. First for each pixel (x, y), the probability value of being
an artery Pa(x, y) is obtained using the pixel-wise classification. Afterwards, the
type of each vessel segment is determined by calculating the average of probability
values Pa of the pixels belonging to the same segment. If Pa is higher than 0.5, the
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vessel segment is labeled as an artery, otherwise it is labeled as a vein. Finally, the
A/V label of each segment is used to update the label of pixels. The last column
of Table 2.4 shows the accuracy of using the combination of normalized intensities
and the four reflection features. In Table 2.5, we compare the performance ob-
tained using both the normalized and the reflection features with the most recent
works on retinal artery/vein classification. We discuss the comparison in the next
section.

2.2.5 Discussion

The validation on three datasets shows that using an individual raw color intensity
can hardly classify the pixels as artery or vein, since the accuracies are mostly
around 50%. It implies that the intensities, with the effect of luminosity variation,
have no discrimination between arteries and veins. When the luminosity factor
is eliminated from the reflection-illumination model and the nonlinear histogram
transformation is avoided, the accuracy increases. On the INSPIRE dataset, rb−1

and rb
rv

features of both red and brightness channels improve the classification
accuracy by about 20%. Moreover, these two features computed on the L channel
improve the accuracy by 14%. On the other hand, we can notice that the accuracy
of rv−1 computed over all the channels is still less than 60%. These results are
anticipated because the feature takes the ratio between the vascular pixel and the
local pixel inside the sliding window, so if the center of the window is placed on a
vessel, rv−1 is always approximately equal to 1 giving no discrimination between
arteries and veins.

Additionally, similar results are found in the NIDEK dataset. As we can see
in Table 2.3, the raw intensities can hardly discriminate arteries from veins, while
the proposed features still help improving the performance. The accuracy of using
rb
−1 of both red and brightness increase to 74.5%, and rb

rv
increases to 72.1%. The

results of L and b channels increase to 73.2% and 70.8% for rb−1, and 72.1% and
69.7% for rb

rv
. Figure 2.5 shows the histogram of raw red intensity, corresponding

rb
−1, rv−1 and rb

rv
for all pixels of the 45 NIDEK images. As we can see from the

plots, compared with the raw red intensity, the reflection features, rb−1 and rb
rv
,

provide better separations on pixels of arteries and veins.
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Figure 2.6 – Comparison of A/V pixel-wise classifications by using different feature subsets. 1st

row: small patches taken from the test images of the NIDEK dataset; 2nd row: the A/V labels
that are used as reference; 3rd row: pixel-wise classifications using 9 raw intensities; 4th row:
pixel-wise classifications using 9 normalized intensities using the normalization method by [62];
5th row: pixel-wise classifications of using the combination of reflection features rb

−1 computed
based on each color channels; last row: pixel-wise classifications using total 45 features including
all the normalized intensities and the reflection features.
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(a) Raw patch (b) Ir (c) In (d) Reflection
features

(e) In and
reflection features

(f) Ground truth (g) Ir (h) In (i) Reflection
features

(j) In and reflec-
tion features

Figure 2.7 – Comparison of A/V pixel-wise and segment-wise classifications of using differ-
ent feature subsets. (a): the original patch. (f): the A/V labeling. (b)-(e): the pixel-wise
classification of using raw intensities, normalized intensities, proposed reflection features and the
combination of normalized intensities and reflection features. (g)-(j): the corresponding segment-
wise classification, where the label of each segment is determined be averaging the label of pixels
of it. Yellow color represents a wrongly classified vessel segment.
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Figure 2.8 – ROC curves of the LDA classifier using raw, normalized and the reflection features
for (a) INSPIRE-AVR, (b) NIDEK and (c) VICAVR datasets.
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What is more, in Figure 2.6, we show four patches taken from different NIDEK
images with their corresponding A/V labeling, the pixel-wise classification of using
9 raw intensities (3rd row), 9 normalized intensities (4th row), 9 rb−1 features (5th

row) and the combination of the normalized and reflection features (6th row). As
we can see from the results, the classification of using raw intensities is highly
affected by the shadow of the images. The normalized intensities avoid the effect
of illumination variation, while this involves undesired histogram shifting. This
effect is significant when training a classifier with a large volume of training set.
Our proposed reflection features not only eliminate the luminosity effect, but also
avoid the histogram shifting. Thus a more robust classifier is trained, as we can
see from the 5th and 6th rows in Figure 2.6.

Beside the comparison with pixel-wise classification, Figure 2.7 shows the
segment-wise classification of using the raw intensities, the normalized intensities,
the reflection features and the combination of normalized and reflection features.
As we can see from the patches, a better pixel-wise classification yields a better
segment-wise classification. It means that a contextual-based A/V classification
approach can still be improved by using a better initial pixel-wise classification.

In the VICAVR dataset, the reflection features also outperform the raw and
normalized intensities. Specifically, the accuracy of rb−1 computed on the green
and hue channel reach 82.9% and 80.6%. The rb

rv
computed on these two intensities

has 84.9% and 82.5% accuracy respectively. The accuracy of these two reflection
features computed on L and b channels are relatively low, but still better than the
corresponding raw and normalized values.

Table 2.4 gives the accuracy of the LDA classifier using the combination of
the normalized intensities with the 4 reflection features for every color channel
separately. Beside the ones that are not discriminative at all, the combination
of features generally yields higher accuracy than using the individual ones. The
last column shows the performance of joining all normalized intensities with the
reflection features of all channels. As we can see, the A/V classification gets further
improved among all datasets, where we achieve 79.3%, 77.3% and 87.6% accuracy
with using only local intensities as features.

Moreover, we apply the segment-wise classification for all datasets, which can
be considered as using simple contextual information to improve the result of pixel-
wise classification. As we can see in the last column of Table 2.4, we obtained the
best A/V separation accuracy. In the INSPIRE and NIDEK datasets, it achieves
the accuracy of 85.1% and 86.9% respectively when all the features are used. For

2

39



2.2. Image preprocessing and enhancement

Ro Go Bo
Hueo

Sato
Brio

Lo

ao

bo

Rn

Gn

Bn

Huen

Satn

Brin

Ln

an

bn

R
rB

G
rB

B
rB

Hue
rB

Sat
rB

Bri
rBL

rBa
rBb

rB
R
rv

G
rv

B
rv

Hue
rv

Sat
rv

Bri
rv

L
rv

a
rv

b
rv

R
rB /rv

G
rB /rv

B
rB /rv

Hue
rB /rv

Sat
rB /rv

Bri
rB /rv

L
rB /rv

a
rB /rv

b
rB /rv

R
rv /rB

G
rv /rB

B
rv /rB

Hue
rv /rB

Sat
rv /rB

Bri
rv /rB

L
rv /rB

a
rv /rB

b
rv /rB

0.

20.

40.

60.

80.

100.

Figure 2.9 – Polar plot for a 100-rounds greedy forward feature selection result on the 54
features using the INSPIRE dataset. Different colors represent different categories of the
features including the original intensities, the normalized intensities and the 4 proposed
reflection features.

the VICAVR, the accuracy increases from 87.6% to 90.6%.
The results in Table 2.4 suggest that using the combination of the proposed

reflection features and the traditional normalized intensities yields a better clas-
sification than using each of them alone. To investigate the relevant contribution
of the features to the final classification, we conduct a 100-rounds greedy forward
feature selection on the 54 features using the INSPIRE dataset. At each round,
the centerline pixels of the 40 images are randomly assigned to 10 groups, then a
10-fold cross-validation is used to validate the improvement of adding each feature
to the feature subset. The number of times that each feature being selected is
counted, and illustrated in Fig. 2.9. As we can see from the polar plot, 13 fea-
tures get selected more than 75 times out of 100, which includes 1 raw intensity,
4 normalized intensity and 8 reflection features: rb−1 on the red, green, blue and
a channels, rb

rv
on the brightness channel and rv

rb
on the green, brightness and a

channels. The feature selection result implies that these 8 proposed reflection fea-
tures have robust predictive power on artery/vein discrimination in combination
with other traditional features. It benefits future studies as fewer features need to
be extracted with no degradation in performance.

In Figure 2.8, we plot the ROC curves for the three datasets. In this figure,
the blue curves represent the feature subset of all raw intensities. The red curves
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are all normalized intensities. The green curves are all reflection features and the
purple curves indicate the combination of normalized intensities and the reflection
features. As we compare the ROC curves with respect to different datasets, the
reflection features outperform the conventional normalized intensities, which reach
the AUC of 0.87, 0.84 and 0.95 for the INSPIRE, NIDEK and VICAVR datasets
respectively. We also observe that joining the normalized features with the reflec-
tion features gives small improvements, where the AUC increment for the purple
curves compared to the green curves are less than 0.01.

In Table 2.5, we show a comparison between using the proposed features and
the most recent methods on the classification performance of vessel centerline pix-
els. On the INSPIRE dataset, after applying the voting procedure as described in
section 3, we achieved an accuracy of 85.1%, and an AUC of 0.87. The AUC value
is higher than the value of 0.84 obtained by Niemeijer et al. [152], where the same
segment-wise classification procedure was used. Our achieved accuracy of 85.1%
is slightly higher than the result (84.9%) reported by Dashtbozorg et al. [45], but
lower than the result (90.9%) reported by Estrada et al. [58]. Note that both
techniques are based on graph analysis, which exploit branching and crossing pat-
terns to build the whole vascular network for the final pixel classification. On the
VICAVR dataset, we obtain an accuracy of 90.6%, which is better than the values
achieved by Vazquez et al. (88.80%) [186] and Dashtbozorg et al. (89.80%) [45] on
the same dataset. The table implies that the combination of the proposed features
and the graph based techniques may lead to an even better performance.

However, the proposed reflection features have several limitations compared
to the conventional luminosity normalization methods. First of all, the procedure
for solving (2.24) takes longer time than the traditional methods, especially for
images with high resolution, where more centerline pixels are taken into account.
Our method needs to find the solution pixel by pixel, while the traditional ones are
convolution based. Therefore, it is not ready yet for automatic A/V classification
large-scale studies. This limitation can be solved by introducing parallel computing
and using a precomputed look up table for (2.24) in future applications. Secondly,
in recent works, features like the vessel intensity profile, and intensity distribution
within a certain neighborhood [45, 152, 211] are used, while in this paper, we only
examine and compare the local values of pixel. It is interesting for future work
to look at the reflection properties along one vessel segment or within a small
neighborhood.
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2.2.6 Conclusion

In this section, we described how to cancel the effect of luminosity variation for
better retinal arteries and veins separation. To solve this problem, we proposed
four new features that avoid the affect of image lightness inhomogeneity. Moreover,
the features compute the relation between the lightness reflection of vessel pixels
and background pixels, thus the tissue lightness reflection properties of arteries
and veins can be better discriminated. We tested our features on three datasets.
The results show that the features outperform the traditional illumination nor-
malization methods, which have been widely used in the recently proposed A/V
classification approaches. Furthermore, the accuracy of using the introduced fea-
tures with a segment-wise classification are comparable with recent works, which
rely on using the full vascular tree to improve the artery/vein separation. There-
fore, we believe that our proposed features combined with advanced graph-based
methods will achieve superior performance on retinal artery/vein classification.

2.3 Orientation analysis and the Orientation Scores
One commonly used strategy for image analysis is to firstly decompose the image
in terms of multi-color, multi-scale and multi-orientation, resulting in a higher di-
mensional data, process the decomposed signals respectively, and then transform
back to the original dimension. The multi-orientation representation allows us to
represent several orientations in the same pixel. For example in Figure 2.10, to
analyze the three discrete elongated structures, we might disentangle the image
into three layers of various orientations, such that the segments of different orien-
tations are separated. At each layer, the segments are processed individually and
reconnected, then they are transformed to form a lines-completed result.

In retinal image analysis, multi-orientation analysis is essential for the analysis
of the vasculature. For instance, the blood vessels are the only clear curvilinear
structure with various orientations, vessel bifurcation points are characterized as
the location connected with three vessels with various orientation pointing outward
and crossovers are the ones connected with four vessels pointing outward, and the
vessel curvature is defined as the local change in vessel orientation.

In this section, the concept of orientation scores for image multi-orientation
analysis proposed by Duits et al. [54] is introduced. This technique has been
utilized frequently in retinal image analysis for the examination of vasculature,
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Figure 2.10 – An application of using orientation information for image analysis and
pattern recognition.

including vessel segmentation, junction detection and curvature measurement [4,
27, 213].

(1) Brain-inspired algorithm: the Orientation Scores

In 1962, the Nobel price winners, Hubel and Wiesel [90], discovered that the re-
ceptive fields in cat’s striate cortex is structured like pinwheels, each of which has
equi-orientation lines radiating from a central singularity, resulting in a strong lo-
cal orientation-selective property for each pinwheel. In addition, their studies on
the horizontal pathways in the striate cortex show that the neurons with aligned
receptive field sites excite each other on the cortex between different pinwheels,
in an elongated area and over long distances, creating long-range contextual con-
nections [11]. Therefore, the visual system not only constructs the score of local
orientations, but also accounts for long-range context and alignment by excitation
and inhibition.

In computer vision and image analysis, such pinwheel structures can be mod-
eled by a set of rotated convolutional filters. And the idea of orientation scores
Uf (x, θ), a domain of spatial position x and orientation θ (R2 o S1) is created
by convolving the image f(x) with each of the filters ψθ via:

Uf (x, θ) = (Rθ(ψ) ? f)(x) =
∫
R2
ψ(R−1

θ (y − x))f(y)dy, (2.27)
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where Rθ is the 2D counter-clockwise rotation operator over angle θ, the overline
denotes complex conjugation, and ? denotes convolution (see Figure 2.11). At each
layer θ of Uf (x, θ), an image processing operation can be applied such that the
signals with the various orientation are processed respectively (e.g. the completion
process in Figure 2.10). Afterwards, an inverse transformation is available to
convert Uf (x, θ) back to f(x) by approaches like max intensity projection.

Figure 2.11 – The orientation scores is constructed by convolving the image with a set
of rotated filters.

Within the domain of orientation scores, a rotating frame of reference {eξ, eη, eθ}
is defined as eξ = (cos θ, sin θ, 0), eη = (− sin θ, cos θ, 0) and eθ = (0, 0, 1). As a
result, eξ points in the spatial direction aligned with the kernel used at layer θ.

(2) Cake wavelet

It is essential to use a proper set of wavelets ψθ for the construction of orientation
scores as the transformation and the inverse-transformation requests no informa-
tion loss. It satisfies several properties. First of all, it is anisotropic, which means
it is able to extract orientation information. Secondly, at each wavelet with a
specific orientation, it should uniformly cover all the frequencies in the Fourier
domain such that patterns with different frequencies are extracted simultaneously
as long as they have the same orientation. Finally, the integration of the wavelet
must be unit to ensure no data-evidence is lost during transformation.

To this end, we consider the cake wavelets proposed by Duits et al. [54]. The
cake wavelets are defined with a specific purpose such that it uniformly covers the
Fourier domain up to a radius of the Nyquist frequency ρn (see Fig. 3). This
allows for a stable inverse transformation from the orientation score back to the
image domain with no data loss. The representations of cake wavelets, in both
spatial form and frequency form, are illustrated in Figure 2.12. In detail, the cake
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(a) (b) (c) (d)

Figure 2.12 – (a) The real part of a cake wavelet for oriented ridges detection; (b) the
imaginary part of a cake wavelet for oriented edges detection; (c) the fourier representa-
tion of a cake wavelet; (d) The integration of a full set of cake wavelets is 1, which ensure
a stable forward and backward transformation.

wavelet is formulated via:

ψ(x) = (F−1
[
ω 7→ ψ̃(ρ cosφ, ρ sinφ)

]
)(x)GS(x) (2.28)

with GS an isotropic Gaussian window, (ρ, φ)T denote polar coordinates in the
Fourier domain, i.e., ω = (ρ cosφ, ρ sinφ)T . The Fourier wavelet ψ̃(ω) = A(φ)B(ρ),
as shown in Figure 2.12c, has an angular component A(φ) resembling a ‘piece of
cake’ (Figure 2.12d), and a Gaussian weighted radial component B(ρ):

A(φ) =
{

Bk(φmod(2π)−π/2
1
sθ

) ifρ > 0
1
Nθ

ifρ = 0
(2.29)

B(ρ) = exp−( ρt )2
∑N

i=0
(ρ/t)2i
i! (2.30)

where Bk(x) denotes the kth order B-spline, Nθ is the number of samples in the
orientation direction and sθ = 2π/Nθ is the angular step size. The function B(ρ)
is a Gaussian multiplied with the Taylor series of its inverse up to order N to
enforce faster decay. The parameter t is given by t2 = 2ρ̂/(1 + 2N) with the
inflection point ρ̂ that determines the bending point of B(ρ).

(3) Conclusion

The construction of orientation scores, where an inversed transformation is avail-
able, is a powerful tool for retinal image analysis, to be more specific, the vascular
analysis. In Figure 2.13, we show a simple example for blood vessel enhancement
using orientation scores. Firstly, we convolve the original retinal image with the
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2.4. Vessel segmentation

Figure 2.13 – A regular pipeline of retinal image analysis via orientation scores. (a) Raw
image; (b) The image is lifted to various orientation layers; (c) A 3-D representation of
the Orientation Score; (d) A vessel enhanced image is obtained.

cake wavelets of various orientations respectively, resulting in multiple filtered im-
ages, each of which represents the response to an rotated cake wavelet. Afterwards,
a three-dimensional data volume is created. To enhance the vessels in a non-linear
way, we square each of the orientation θ-layer, because vessels are curvilinear struc-
ture thus they have higher response than the background. Finally, we project the
orientation score back to the image domain by maximum intensity projection to
obtain a vessel enhancement map. In the following section, we will introduce more
applications utilizing the concept of orientation scores, including vessel segmenta-
tion, curvature measurement and bifurcation and crossovers detection.

2.4 Vessel segmentation

The segmentation of the vasculature in retinal images is one of the most crucial
step for retinal image analysis. It provides important biomarkers from geometric
properties to assist vascular analysis and the study of disease progression. The
quantitative analysis of retinal vessels requires accurate extraction of the blood
vessels. However, manual annotations and analysis of the vascular tree by human
experts are time consuming and labor intensive due to the vascular complexity.
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Therefore, the automatic segmentation of retinal vessels is necessary for quanti-
tative analysis. This is a challenging task due to the variations of vessel width,
strong central arterial reflex, crossings, highly curved vessel parts, as well as closely
parallel and tiny vessels. Hence, a robust and fast vessel segmentation approach
to handle difficult cases is particularly needed.

Many computer-based algorithms have been proposed for retinal vessel seg-
mentation. They can be generally divided into two main categories: supervised
methods and unsupervised methods. Supervised techniques usually give better
performance than unsupervised methods, since they learn the vessel structure
from given golden-standard data. They are based on the feature vectors extracted
from the training samples as input and the manually labeled ground truths as out-
put. Niemeijer et al. [148] introduced a feature vector by combing the responses
of multi-scale Gaussian matched filters and its derivatives, as well as the green
intensity for each pixel, based on which he trained a k-Nearest Neighbor (kNN)
classifier for the prediction of novel images. Soares et al. [175] extracted a feature
vector of pixel intensity and Gabor filter responses at multiple orientations and
scales, and trained a Bayesian classifier. One of the best supervised approaches is
proposed by Fraz et al. [65] which is an ensemble classification system of boosted
and bagged decision trees.

A major requirement of supervised segmentation techniques is the availability
of good quality ground-truth data which is not easy to obtain. Thus, although
unsupervised techniques usually give worse result, they are still the techniques
commonly proposed/used in literature. Unsupervised methods do not require prior
knowledge and labeled ground truths. They include tracking-based, model-based
and filter-based techniques. Tracking-based methods [26, 207] start from seed
points and iteratively expand the connected vessel models to obtain the vascular
tree. Model-based approaches extract vessels by applying a well-designed vessel
profile model [108] or an active contour model [10].

At last, the filter-based approaches are based on maximizing filter responses
to the gray-level profiles of the vessel cross-sections. Mendonça et al. [136] pro-
posed differential filters in combination with morphological operators to detect
vessel centerlines. The method proposed by Azzopardi et al. [21] considers the
combination of shifted filter responses, named COSFIRE technique, to detect bar-
shaped structures in retinal images. This method is rotation invariant, where the
orientation selectivity is determined from given vessel-like structures.

In section 2.3, we mention a vessel enhancement approach which lifts a 2-D
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(a) (b)

Figure 2.14 – The principle curvatures
−→
λ1 and

−→
λ2 for (a) a flat structure where

−→
λ1 ≈

−→
λ2

and (b) a tubular structure where
−→
λ1 ≈

−→
λ2.

retinal image f(x, y) to a 3-D orientation score Uf (x, y, θ), squares the Uf (x, y, θ)
and applies maximum intensity projection to obtain an enhanced vessel map. The
result is shown in Figure 2.13 and this strategy yields reasonable performance
while may fail in a more complicated situation. One of the well-known approaches
for blood vessel enhancement is the vesselness filtering technique proposed by
Frangi et al. [63]. It utilizes the second order Gaussian derivative to character-
ize and discriminate flat structures and tubular structures. Generally speaking,
curvature measures the changes of intensity gradients, and the principle curva-
tures are the vector of maximal curvature

−→
λ1 and the minimal curvature

−→
λ2.
−→
λ1

is mostly perpendicular to
−→
λ2, i.e.

−→
λ1 ·
−→
λ2 = 0. For a flat structure |

−→
λ1| u |

−→
λ2|,

while for a tubular structure |
−→
λ1| � |

−→
λ2|. Therefore, the ratio R = |λ2|

|λ1| , R ∈ [0, 1]
is a promising geometrical structures measurement (see Figure 2.14). The prin-
ciple curvatures can be calculated via the eigen-analysis of the Hessian matrix[
Lxx Lxy

Lyx Lyy

]
of local pixels, where Lxx, Lxy, Lyx and Lyy are the second order

Gaussian derivative, with Lxy = Lyx for real images.
However, the vesselness approach fails on vessel junctions, which are not simple

tubular structures so the principle curvature becomes not stable anymore. To
address this issue, it is wise to exploit the vesselness filters in the orientation
scores, where complicate junction structures (e.g. bifurcations and crossovers) are
disentangled into different θ-layers. Thus applying the vesselness filters at each
θ-layer separately can enhance vascular structures and avoid failure on junctions
simultaneously.

In this section, we will introduce the robust retinal vessel segemntation tech-
nique via a locally adaptive derivative frame in orientation scores proposed by
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Zhang et al. [213].

Left-Invariant Operations on Orientation Scores

The calculation of the derivative in a 2-D image is straightforward: {∂x, ∂y} ={
∂
∂x ,

∂
∂y

}
, while it is a bit different in orientation scores. The orientation score

is a coupled space of position and orientations, which can be identified with the
roto-translation group SE(2) of planar translations and rotations (i.e. R2 o S1 ≡
SE(2)). Therefore, it is wrong to take the derivatives in orientation scores using
the {∂x, ∂y, ∂θ} frame, but one needs left-invariant differential (LID) operators:

{∂ξ, ∂η, ∂θ} = {cos θ ∂x + sin θ ∂y,− sin θ ∂x + cos θ ∂y, ∂θ} , (2.31)

where the ∂ξ is the spatial derivative to the orientation of θ and ∂η is the tangent
orthogonal to the ∂ξ. In addition in digital image analysis, obtaining derivatives
directly by simply taking the difference is ill-posed, because it is very sensitive
to noise. Therefore, a regularization to the orientation scores is essential. It can
be done via the convolutions with Gaussian kernels Gσs,σo(x, θ) = Gσs(x)Gσo(θ)
with a d-dimensional Gaussian given by:

Gσ(x) = (2πσ2)−d/2 exp−
||x||2

2σ2 , (2.32)

and σs > 0 and σo > 0 are used to define the spatial scale of the Gaussian kernel.
Based on the LID frame {∂ξ, ∂η, ∂θ} on each orientation θ, the multi-scale

rotating LID filters for blood vessel enhancement in orientation scores are defined,
which are based on the second-order operator:

Φσs,σoη = −∂2
ηGσs,σo ? Uf . (2.33)

By applying the LID filter directly on orientation scores Uf , the responses on
vessel structures are heightened in each θ-layer. Since elongated structures are
disentangled into different orientation planes separately in the Uf , the proposed
rotating LID filter is capable of enhancing the vessels with bifurcations/crossovers
preserved.

Moreover, to keep the filter responses dimensionless and truly scale-invariant,
a normalization factor µ = σo/σs is added to (2.33). The angular blurring σo

is set as a small constant over all spatial scales σs such that the extrema filter
responses can be still consistent. Moreover, the conversion factor µ with physical
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unit 1/length is also used here to balance the orientation and spatial direction that
have different units. The final LID vesselness filter is given by:

Φσs,σoη,norm(Uf ) = µ−2Φσs,σoη (Uf ) = −µ−2∂2
ηGσs,σo ? Uf , . (2.34)

At last, Φσs,σoη,norm(Uf ) is transformed back to a 2-D image via maximum intensity
projection:

Υ(f)(x) = max
θi∈ π

No
{1,...,No}

{∑
σs∈S

Φσs,σoη,norm(Uf )(x, θi)
}
, (2.35)

where No and S represent the number of orientations and the spatial scalings
respectively, θi = i πNo and the maximum filter response is calculated over all
orientations per position.

Discussion

In this section, we introduce the left-invariant derivative vesselness filter technique
proposed by Zhang et al. [213]. Their experimental results of using LID vesselness
filter outperform than most of the state-of-the-art vessel segmentation techniques.
While the accuracy is not the only metric to evaluate LID vesselness filter. Because
the highlight of this technique the ability on solving difficult cases like tiny vessels,
crossing and closely parallel vessels and results in more stable vessel segmentation
(as shown in Figure 2.15).

Note that in the paper [213], Zhang et al. proposed an improved version of the
LID vesselness filter, named locally adaptive derivative (LAD) vesselness filter. As
explained by the authors, the LID frames are aligned with the orientation scores
created by cake wavelets ψθ(x) of discrete orientations. Therefore, the data in
the scores is not always perfectly aligned with the kernels leading to an unstable
enhancement, especially when a small amount of ψθ(x) are used. To address
this issue, the authors estimate the local orientation by means of second-order
exponential curve fitting, and re-align the LID frames accordingly. The LAD
consumes 5 times longer time than LID (20 seconds against 4 seconds), while the
accuracy is only improved by less than 0.1%. Therefore, for a large volume of data
analysis, we choose the LID vesselness filters for vessel segmentation.

Recent applications of vessel segmentation using deep neural networks give a
great improvement in terms of segmentation accuracy (up to > 0.97), compared
to the accuracy of the LID filtering (0.95) [124]. The deep neural network is a
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supervised approach, so it has the same issue as most supervised techniques that
obtaining a good labeled dataset is difficult.

(a) Original patch (b) LID filter (c) Azzopardi et al. (d) Soare et al.

Figure 2.15 – Comparisons of vessel segmentation results on difficult cases like parallel
closed vessels, crossing and highly curved tiny vessel. Figures taken from [213].

2.5 Optic disc, macula and fovea detection

2.5.1 Introduction

The detection of the optic disc (OD) in retinal images is a prerequisite step toward
the automatic measurement of signs associated with several retinal diseases. The
shape and appearance of the OD are useful for glaucoma detection and analysis
of white lesions related to diabetic retinopathy (DR). The OD is also a point of
reference for retinal measurements, such as the distance between the fovea and
the OD, which can be used for the estimation of macula location. In addition,
the OD location is required to determine protocolized regions of interest for the
assessment of signs related to vascular changes, such as fractal dimension, central
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retinal artery/vein equivalent and central artery-to-vein diameter ratio [102].
On the other hand, the macula is a key region in the screening for DR and

other retinal pathologies such as macular edema (ME) and age-related macular
degeneration (AMD). Since the macula is essential for sharp central vision, the
locations of lesions, such as microaneurysms, hemorrhages and drusen with respect
to the center of macula (fovea) are important for disease classification and grading.
Hence, accurate automatic detection of the OD and fovea is a crucial step for
automatic computer-aided diagnosis.

In the literature, two types of criteria have been widely used for the OD
detection. Conventional approaches are based on the analysis of pixel inten-
sity features since the OD is usually the brightest region in a retinal fundus
image [46, 68, 126, 131]. Alternatively, methods are developed that exploit the
features related to the vasculature and nerve fiber pattern [24, 208], since the OD
is the entry and exit point of the nerves and blood vessels. There are also OD
detection techniques that combine the information from the vascular tree with the
intensity features [20, 134].

Most fovea detection methods are operated in two stages. In the first stage,
the OD center is detected and a region of interest is defined using the known
average distance between the fovea and the OD location. In the second stage, the
fovea location is obtained by exploiting the visual appearance of the fovea in that
region.

Yu et al. [209] used the vascular arches to find a region of interest where the
fovea location is obtained by selecting the lowest response of a template matching.
In the method proposed by Giachetti et al. [68], the center of symmetry of bright
and dark regions is localized based on a radial symmetry transform of vessel-
inpainted images. Then the final OD and fovea locations are obtained by using
a vascular density estimator. Gegundez et al. [67] introduced a method for fovea
detection by defining a region of interest with respect to the OD location and
the vascular tree. After vessels removal and image smoothing, the fovea center
is obtained using multi-thresholding and feature extraction techniques. In the
method introduced by Kao et al. [98], firstly the OD is localized by a template
matching technique with adaptive Gaussian templates. Then by searching the non-
vascular region, the line connecting the OD center and the fovea is determined,
and finally the fovea is detected by matching the fovea template around the center
of this line. The recent method presented by Aquino [19] uses both visual and
anatomical features for the fovea detection. Then a specific type of morphological
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processing is employed to improve the localization of the fovea.
There are two major contributions in this section. First, we propose a new

convergence index filter, called super-elliptical filter (SEF), suitable for the detec-
tion of any semi-elliptical convex shape. Second, we introduce a setup of paired
SEF filters (PSEF) which is used for the simultaneous detection of optic disc and
fovea in fundus images.

The rest of this section is organized as follows. In section 2.5.2, the conver-
gence index filters as well as the proposed super-elliptical filter are introduced.
Section 2.5.3 presents our approach for the OD and fovea detection. Experimental
results are shown in Section 2.5.4. Finally, Section 2.5.5 summarizes the conclu-
sion.

2.5.2 Super-Elliptical Convergence Index Filter

The convergence index (CI) filters are suitable for the detection of convex shapes
and objects with a limited range of sizes regardless of their contrast with respect to
the background. The CI filters evaluate the convergence degree of gradient vectors
within a local area (support region) towards a pixel of interest [103].

Given an input image I(x, y), for each pixel with spatial coordinates (x, y),
the convergence index (CI) is defined by

CI(x, y) = 1
M

∑
(θi,m)∈G

cos (ϕ (x, y, θi,m)) , (2.36)

where M is the number of points in the filter support region G, and ϕ (x, y, θi,m)
is the orientation angle of the gradient vector at the polar coordinate (θi,m) with
respect to the line, with direction i, that connects (θi,m) to (x, y). The angular
difference ϕ, is given by

ϕ(x, y, θi,m) = θi − α(x, y, θi,m),

α (x, y, θi,m) = tan−1

(
∂
∂xI(x+m× sin(θi), y +m× cos(θi))
∂
∂y I(x+m× sin(θi), y +m× cos(θi))

)
,

(2.37)

where α is the image gradient orientation within the convergence filter support
region. As shown in Figure 2.16a, the support region polar coordinates are denoted
by the radial coordinate m, the distance from point of interest (x, y) in pixel,
and angular coordinate θi which is sampled with N equally spaced radial lines
(θi = 2π

N (i−1), i ∈ {1, ..., N}). The set of radial lines are emerging from the point
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where the filter is being applied to, and equally distributed over a circular region
centred at the point of interest (x, y).

(a) (b) (c)

Figure 2.16 – (a) Schematics of the convergence index filter; (b) Adaptive ring filter and
(c) sliding band filter, where the support region lines are depicted with dashed lines and
the support region is specified in blue.

Several CI filters have been proposed according to the way how the support
region G [103] is defined. Among different CI filters, the adaptive ring filter
(ARF) [190] and the sliding band filter (SBF) [157] are more suitable for the
OD detection, since they can be parameterized to use a narrow band and ignore
the gradients information at the center of the OD, reducing the vascular interfer-
ence. The ARF shown in Figure 2.16b has a ring-shaped region of support and its
radius changes adaptively. The response of the ARF is obtained via:

ARF (x, y) = max
0≤r≤Rmax

1
N × d

N∑
i=1

r+d∑
m=r

cos (ϕ(x, y, θi,m)) , (2.38)

where N is the number of support region lines as described previously, d corre-
sponds to the diameter of the ring, and Rmax represents the outer limit of the
band.

The SBF support region shown in Figure 2.16c is a band of fixed width with
varying radius in each direction, where the maximization of the convergence index
at each point is obtained by:

SBF (x, y) = 1
N

N∑
i=1

[
max

Rmin≤r≤Rmax

r+d∑
m=r

cos (ϕ(x, y, θi,m))
]
, (2.39)

where Rmin and Rmax represent the inner and outer sliding band limits, respec-
tively. The SBF has a more generic formulation compared to the ARF, which
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makes it more desirable for OD segmentation [46].
Since the shape of an OD sometimes differs from an expected rounded convex

region, the ARF may fail in the detection of OD. On the other hand, the SBF is
too generic and its result can easily be affected by the presence of vessels near the
OD boundary.

In general the OD appears as a super-elliptical shape [161]. If a 2-fold sym-
metrical semi-rounded convex shape is elongated diametrically, its equi-contours
become super-ellipses. We refer to such an object as a super-elliptical convex
region.

For the detection of such a shape we introduce a new convergence index filter,
called super-elliptical filter (SEF), see Figure 2.17a. The super-elliptical band in
this filter allows the model to characterize a larger variety of shapes whilst at the
same time reducing the irregularity in shape and the interference of vessels by its
2-fold symmetry constraints.

The super-elliptical convergence index filter is defined by

SEF (x, y) = 1
N

max
1≤j≤N/4

[
max

Rmin≤r≤Rmax

1
2d

r+d∑
m=r

(
cos(ϕ(j,m)) + cos(ϕ(j+N

2 ,m))
)

+ max
Rmin≤r≤Rmax

1
2d

r+d∑
m=r

(
cos(ϕ(j+N

4 ,m)) + cos(ϕ(j+ 3N
4 ,m))

)

+
N/4−1∑
i=1

max
Rmin≤r≤Rmax

1
4d

r+d∑
m=r

(
cos(ϕ(j+i,m)) + cos(ϕ(j−i+N

2 ,m))

+ cos(ϕ(j+i+N
2 ,m)) + cos(ϕ(j−i+N,m))

)]
,

(2.40)
whereN is the number of support region radial lines and d corresponds to the width
of the band, which can move between Rmin and Rmax. To simplify the equation,
we used ϕ(i,m) instead of ϕ(x, y, θi,m) which represents the angle between the
gradient vector at point (i,m) and the direction that is currently being analyzed.
Figure 2.17a shows the SEF filter design schematics. In order to consider the
possible orientations of the super-elliptical filter, the parameter j is introduced as
illustrated in Figure 2.17b.

The maximum response of the SEF filter indicates the location of interest, the
OD center in our case, and the corresponding band support points represent the
shape of the detected object.
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(a) (b)
Figure 2.17 – (a) Schematics of the proposed super elliptical convergence index filter; (b)
Possible super-ellipse orientations, where j represents the index of ellipse axis angle.

Figure 2.18a-2.18d show different sample phantom images with background
intensity of zero, where different gray-tone circular and elliptical objects are su-
perimposed. The contrast between each shape’s boundaries and the background
is weakened by adding noise followed by Gaussian blurring. The location of maxi-
mum responses of ARF, SBF and the proposed SEF filters, and the corresponding
support points are shown in Figure 2.18. As we can see in this figure, the SEF
filter gives the most accurate location and the best shape representation compared
to the ARF and SBF filters.

2.5.3 Optic Disc and Fovea Detection

Here a setup for the simultaneous detection of OD and fovea, called paired SEF
(PSEF), is introduced. This design contains two individual SEF filters which
are located within a specific distance of each other. The distance between the
SEF filters is constrained in accordance to the vertical and horizontal distances
between the OD and the fovea, as illustrated in Figure 2.19a. According to the
study of [193], the average diameter of the human optic disc is 1.85 mm. The
horizontal and vertical distances from the fovea center to the optic disc center are
4.90 mm and 0.58 mm, which are about 5.3 and 0.58 times of the average of the
OD radius (ODr), respectively. The schematic of the paired SEF filters is shown
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(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k) (l)

(m) (n) (o) (p)

Figure 2.18 – (a-d) Phantom images; Maximum filter response (blue or green star) and
corresponding band support points (red dots) of (e-h) ARF, (i-l) SBF and (m-p) SEF
filters (N = 32, d = 6 px, Rmin = 50 and Rmax = 90 px).

in Figure 2.19b. The average of the OD radius in pixels can be estimated by

ODr = 0.03
(

DFOV

tan (φFOV /2)

)
, (2.41)

where DFOV approximates the retinal diameter value in pixels and φFOV repre-
sents the camera field of view in degrees.

The response of the PSEF for pixel (x, y) can be formulated as
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(a) (b)

Figure 2.19 – (a) Schematics of dimensions and positions of OD and fovea; (b) PSEF
setup.

PSEF (x, y) =


SEFOD(x, y) + max

x−5.5×ODr≤p≤x−5×ODr
y−ODr≤q≤y+0.5×ODr

SEFFC(p, q) if x > M
2

SEFOD(x, y) + max
x+5.0×ODr≤p≤x+5.5×ODr
y−ODr≤q≤y+0.5×ODr

SEFFC(p, q) if x < M
2

(2.42)
where p, q ∈ N, the SEFOD(x, y) and the SEFFC(p, q) are the pair of filters for
the detection of OD and fovea centralis and M represents the width of the input
image. If x >M/2, the fovea is on the left side of the OD; otherwise the fovea is on
the right side. For the SEFOD(x, y) filter, the inner and outer limits of the support
region are set as 0.8ODr and 1.2ODr while these limits for the SEFFC(p, q) filter
are set as 0.5ODr and 1ODr. The number of radial lines, N , is set to an optimal
value of 32 for both filters and the band widths of 0.1ODr and 0.2ODr are used for
the SEFOD(x, y) and the SEFFC(p, q), respectively. Note that the SEFFC filter
is applied on the inverted green channel since the fovea usually appears darker
than the background in retinal fundus images.

For the OD and fovea detection, the normalization technique proposed by
Foracchia et al. [62] is employed to obtain an image with uniform distribution for
both illumination and contrast. The normalized image is shown in Figure 2.20b.
Figure 2.20c gives the filtered image by applying the PSEF filter defined in (2.42).
Finally, the location of OD is obtained by finding the coordinate of the maximum
filter response and the corresponding point (p, q) represents the location of fovea
as shown in Figure 2.20d.
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(a) (b) (c) (d)

Figure 2.20 – (a) Original color fundus image with manually annotated OD (black star)
and fovea (white star); (b) Normalized green channel; (c) PSEF response; (d) Maximum
response of PSEF indicating the OD location (red star) and the corresponding detected
fovea (green star).

2.5.4 Results

The proposed method is validated on the images of the MESSIDOR dataset [1],
since it is the only dataset with publicly available ground truth for both the OD
and the fovea centers. This dataset includes 1200 retinal fundus color images
acquired from a Topcon non-mydriatic retinograph with 45◦ field of view. The
images have resolutions of 1440 × 960, 2240 × 1488, or 2304 × 1536 pixels. The
manually delimited OD boundaries for all 1200 images and the annotations of
fovea centers for 1136 images are provided by the University of Huelva which are
publicly available [2].

For the evaluation of the OD localization technique, a detected position is
considered correct if it is inside the manually annotated OD boundary. Table 2.6
summarizes the results for the OD detection, where the PSEF approach provides
similar or better performance than most of the state-of-the-art methods. Our re-
sults are comparable to those obtained by the OD detection methods presented
by Marin et al. [131], Mendonça et al. [134] and Lu et al. [126]. These methods
as well as our approach fail to detect the OD in only 3 cases out of 1200 images,
while the method proposed by Dashtbozorg et al. [46] fails in only 2 images. Nev-
ertheless, our proposed approach does not require any previous segmentation for
the initialization of OD location and the time requirement for the OD and fovea
detection on one image is about 2.4 seconds.

For the evaluation of the fovea detection, an obtained fovea location is consid-
ered correct if the Euclidean distance to the location of the manually annotated
fovea is less than the OD radius (ODr). For further evaluation, three additional
distances are also included as criteria. These distances are 0.25ODr, 0.5ODr and
2ODr which are also used by Gegundez-Arias et al. [67] and Aquino [19]. We
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Table 2.6 – Success rate of the proposed approach for OD detection on all 1200 images
of the MESSIDOR dataset compared with other methods.

Methods Success rates Number of fails

PSEF (proposed) 99.75% 3
Marin et al. [131] (2015) 99.75% 3
Dashtbozorg et al. [46] (2015) 99.83% 2
Bekkers et al. [24] (2014) 99.50% 6
Giachetti et al. [68] (2013) 99.67% 4
Mendonça et al. [134] (2013) 99.75% 3
Aquino et al. [20] (2012) 98.83% 14
Yu et al. [208] (2012) 99.08% 11
Lu et al. [126] (2011) 99.75% 3

Table 2.7 – Success rate of the proposed approach for fovea detection on the MESSIDOR
dataset compared with other methods.

Methods Number
Success rates

of images 0.25ODr 0.5ODr 1ODr 2ODr

PSEF (proposed) 1200 66.50% 93.75% 98.87% 99.58%
Kao et al. [98] (2014) 1200 - - 97.80% -
Gegundez-Arias et al. [67] (2013) 1200 93.92% 96.08% 96.92% 97.83%
Yu et al. [209] (2011) 1200 - 95.00% - -
Niemeijer et al. [67, 147] (2009) 1200 93.50% 96.83% 97.92% -

PSEF (proposed) 1136 69.19% 95.86% 99.65% 99.91%
Aquino [19] (2014) 1136 83.01% 91.28% 98.24% 99.56%
Giachetti et al. [68] (2013) 1136 - - 99.1% -
Gegundez-Arias et al. [19, 67] (2013) 1136 76.23% 93.84% 98.24% 99.30%
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analyze the performance of our fovea detection results on 1136 images to com-
pare with the results reported in [19, 67, 68], and we also repeat the experiment
for the whole set to compare with other methods where all the 1200 images have
been used [98, 147, 209]. As shown in Table 2.7, the PSEF approach achieves a
success rate of 98.87% for the distance less than 1ODr which is higher than ones
reported by Kao et al. [98], Niemeijer et al. [147], and Gegundez-Arias et al. [67]
for all 1200 images. For the set of 1136 images, we obtain a success rate of 99.65%
which is relevantly higher than those achieved by Aquino [19], Giachetti et al. [68],
and Gegundez-Arias et al. [67]. The results presented in Table 2.7 demonstrate
that better performance is achieved by the proposed approach for fovea detection
compared to other methods.

2.5.5 Conclusion

In this section, we have presented an automatic OD and fovea detection technique
using a proposed super-elliptical filter (SEF). This filter is suitable for the detection
of semi-elliptical convex regions. Compared with the SBF, the SEF is less irregular
and it is more tolerant to the presence of vessels and other interfering structures.
Furthermore, the PSEF setup is proposed for the simultaneous detection of OD
and fovea. The PSEF is constructed by considering a pair of SEF filters located
within a specific spatial constraint, which is based on the average distance of
OD and fovea in the human eye. Compared with other techniques, the proposed
method does not require retinal blood vessel extraction and it is robust to imaging
artifacts and different types of retinal lesions.

The results on the MESSIDOR dataset show a similar performance compared
to other recently published OD localization approaches and the presented method
outperforms the state-of-the-art methods approaches for fovea detection.

2.6 Retinal artery/vein classification using genetic-
search feature selection

2.6.1 Introduction

Many systemic diseases including diabetes and hypertension cause blood vessels to
change (becoming tortuous, narrowing etc.) and even leakage may occur, leading
to serious complications like blurry vision and hand/feet tingling and pain [3]. A
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retinal image provides direct access to vascular abnormalities and enables further
quantitative analysis on the retinal vasculature. The study on retinal arteries
and veins has received much attention in the field of quantitative retinal image
analysis, since many artery-vein related biomarkers have been found significantly
associated with the progress of diseases. In diabetic retinopathy (DR), the nar-
rowing on arterioles and the widening on venules are observed, which result in
a lower arteriolar-to-venular diameter ratio (AVR) of DR patients [74, 146, 180].
In hypertension, decrease on generalized arteriolar diameter is associated to the
increased blood pressure level [144]. Additional measurements such as tortuosity
(generalized vascular curvature) [27, 38], vessel branching angle [35, 188] and junc-
tion exponents [34, 35] have received more and more interest. It is important to
note that these clinical relevant features behave differently on arteries and veins
respectively under pathological conditions. For instance, the arterial vessel wall is
more elastic and thinner than the venous wall, thus abnormal arteries are usually
more tortuous than veins [77]. Therefore, quantitative biomarkers extracted from
arteries and veins separately might reveal more information for diseases progress
rather than examining them together.

Due to the fact that high resolution fundus imaging is mostly low cost and
fast, retinal screening programs usually produce huge amounts of data for anal-
ysis. It is then unrealistic to let human observers manually label the arteries
and veins. Therefore, developing a fully automatic artery/vein (A/V) classifi-
cation system is a prerequisite for automated large-scale retinal image analy-
sis. Several automatic A/V classification systems have been proposed in litera-
ture [45, 83, 95, 152, 185]. In summary, most of these methods consist of 4 main
modules: (1) image pre-processing, (2) pixel-wise A/V probability assignment,
(3) vessel topological structure construction and (4) A/V label determination (see
Figure 2.21). In the pre-processing step, images are enhanced by image processing
techniques such as luminosity normalization and histogram equalization which cor-
rect for the illumination and background inhomogeneity. Afterwards, the retinal
vessels are segmented yielding a vessel binary map. In the pixel-wise A/V clas-
sification module, intensity-based features are extracted for all vessel centerline
pixels. Using these features, a supervised or unsupervised machine learning tech-
nique is exploited to assign a probability (between 0 and 1) to these pixels. After
that, a topological structure of the vascular network is built in order to extract the
connectivity relation between each individual segment. It improves the result of
pixel-wise classification, because arteries only cross veins but not themselves and
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vessels connected to each other must be of the same type. Finally, the A/V label
of each vessel segment, or even a full vessel tree is determined by using both the
local and contextual information.

Figure 2.21 – The general pipeline for an automatic A/V classification program, where
(a): image preprocessing, (b): pixel-wise A/V classification, (c): vessel topological struc-
ture construction and (d): A/V label assignment.

In the last few years, publications on A/V classification mainly focus on con-
structing the topological structure of vessels using graph theory. Joshi et al. used
Dijkstra’s graph search algorithm to connect vessel segments as subtrees and clus-
tered them into arterial and venous classes [95]. Dashtbozorg et al. applied graph
analysis on individual vessel segments and determined the type of vessels by com-
bining the graph label and the pixel-wise A/V label [45]. Hu et al. constructed the
vascular structure by a graph-based and a meta-heuristic algorithm [83]. Estrada
et al. incorporated domain-specific features with a topology framework to con-
struct a global likelihood model for A/V classification [58].

Exploiting vessel contextual information for A/V classification is novel, while
good pixel-wise classification is also a crucial entry step. Because even if the graph
analysis was perfect, an incorrect local A/V probability might still result in wrong
A/V label estimation and further affect the corrected labeling of the whole vessel
tree. The recent frameworks proposed in literature still use the information ex-
tracted by a small amount of features for supervised/un-supervised classification.
Joshi et al. extracted only 4 features, Dashtbozorg et al. used 19 features (after
feature selection), Niemeijer et al. [152] and Hu et al. [83] used 31 features, Mir-
sharif et al. [139] used 8 features (after feature selection) and Xu et al. [204] used
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21 features for pixel-wise classification. Additionally, the category of features used
in these works is limited, where only the local intensity values on multiple color
channels (e.g. RGB, HSB and CIExyz) are used.

In this paper, we show that a more complicated feature set is more efficient in
the discrimination of artery and vein. We developed a novel framework for pixel-
wise A/V classification, which extracts features of different categories for vessel
centerline pixels. An advanced feature selection technique, named genetic-search
feature selection, is applied to obtain the optimal subset of features for classifica-
tion. This framework was validated on five retinal image databases, including two
public datasets and three clinical datasets.

2.6.2 Method

Arteries carry oxyhemoglobin which transports oxygen molecules from respiratory
organs (e.g. lungs) to the rest of body (e.g. tissue), while veins carry deoxygenated
hemoglobin without the bound oxygen. Oxyhemoglobin is visually brighter and de-
oxygenated hemoglobin is darker. Therefore, on retinal images arteries are mostly
brighter than veins, which makes the pixel intensities of vessels become very im-
portant features for discrimination. In the proposed method, we examined many
intensity based features such as red, green, blue, hue, saturation, brightness etc.
for every vessel centerline pixel. While if we simply feed the color intensities (such
as RGB or HSB) of a pixel to a machine learning classifier, the classification re-
sults are usually disappointing. It turns out that our brain must take into account
more information than considering only the local intensities to determine the ves-
sel type. In addition, the fundus cameras installed in the eye clinics are different
from each other in the sense of field-of-view, image resolution, imaging flashlight
and the embedded post-processing techniques. A well-trained system might work
perfectly on the images from one dataset, but it may fail on the ones from others.

In this paper, we developed a framework to address this issue, which extracts
a large amount of features for each vessel pixel, followed by a feature selection
algorithm. The methodology starts by enhancing the contrast and correcting the
luminosity variation of the imported image. Afterwards, we apply the LID ves-
selness filter based segmentation technique to obtain the vessel binary map as
well as the centerlines. For each centerline pixel we extract in total 455 features
containing the categories of local intensity, contextual intensity, global intensity
and spatial information. Then we use a genetic-search based feature selection
technique to search for the subset of features giving the best performance using
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a supervised classifier. Using the selected features, the classifier assigns an A/V
probability to each pixel (pixel-wise classification). Finally, the label of each ves-
sel segment is determined by averaging the A/V probability values assigned to its
pixels (segment-wise classification).

(1) Image preparation

The imported images are preprocessed before the feature extraction step including
a) image luminosity normalization, b) vessel segmentation and centerline extrac-
tion, c) vessel width measurement and d) optic-disc center detection.

(1.1) Image luminosity normalization
Retinal images often suffer from local illumination and background variation. It
is mainly due to the non-uniform illumination and the irregular surface of the
retina. This problem seriously affects intensity-based A/V separation, because
at the central region and the peripheral region of the image, blood vessels might
have quite different appearances, where arteries might even be darker than veins.
Therefore, we apply two illumination normalization approaches to the images and
make it locally homogeneous. Therefore, we preprocessed the raw images by the
luminosity normalization technique N1(x, y) introduced in section 2.2.1.

(1.2) Vessel segmentation and centerline extraction
The blood vessels in the images were segmented by the LID vesselness filter tech-
nique introduced in section 2.4. In the region around the optic disc, arteries and
veins are often closed and parallel to each other, thus they can be easily segmented
as one merged vessel instead of two. In addition, arteries only cross with veins on
retinal images. So the LID filter is a preferred technique as it preserves the vessel
junction points well would benefit further analysis and provide extra information
for the classification. To give a brief introduction, it applies multi-scale and ro-
tating filters in a position and orientation domain named ’orientation scores’. An
orientation score is a 3-D space with 3 axis: the spatial coordinate x, y and the
orientation θ, in which vessels with different orientations lay in different planes.
The benefit of this construction is that difficult cases like parallel closed vessels
are discriminated by the utilization of spatial location and orientation, and vessel
crossings are solved because they are disentangled. Rotating derivatives are taken
in the directions that are perpendicular to the vessel structures at their corre-
sponding orientation planes, which is similar to the vesselness filtering technique

2

65



2.6. Retinal artery/vein classification using genetic-search feature selection

by Frangi et al. [63]. The multi-scale nature of the Gaussian derivative filters
ensure that disentangled vessels with various sizes are equally enhanced. After-
wards the 3D structure is projected on the spatial plane by taking the maximum
filter response over all orientations yielding a 2D enhanced vessel map. A proper
threshold value is applied on the enhanced image to obtain a binary vascular map.

The vessels within the optic disc region are eliminated by the OD mask, gen-
erated by the approach introduced in section 2.5. An iterative thinning algo-
rithm [76] is used to obtain the centerline of vasculature. Junction points like
vessel branchings and crossings are also removed in a manner that pixels con-
nected to each other represent an individual vessel segment.

(1.3) Vessel width estimation
The caliber of vessels is measured in order to characterize them as small, medium
or large vessels. It does not need to be accurate, thus we estimate the width
values by a simple distance transform applied on the vessel segmentation map. It
calculates the Euclidean distance d of every foreground pixel (blood vessel) to the
nearest background pixel (not blood vessel), such that the value 2× d− 1 of every
centerline pixel represents the width of the vessel. In some cases, the extracted
centerline pixel might not exactly be located at the same position as we found
on the distance map. Therefore, we apply a maximum filtering process on the
distance map, such that even if the extracted centerline deviates a little bit from
the real one, we can still obtain the vessel caliber values. In this study, we estimate
the centerline deviation as 2 pixels, therefore we apply a 5 × 5 maximum filter.

(1.4) Optic-disc center detection
Detection and parameterization of the optic disc enables the creation of a binary
mask which is used to remove the vessels within the optic disc (OD) region as a
preprocessing step. In addition, the centralis position is a very important reference
for determining the region-of-interest (ROI) for processing. The diameter of the
OD is also a reference to estimate the image pixel-size (µm/pixel). In this work, we
use the automatic OD detection technique introduced in section 2.5. To summa-
rize, it uses a new convergence index operator named super-elliptical filter (SEF)
to detect semi-elliptical convex shapes in the image. It performs well in localizing
both the OD and the fovea. Furthermore, in order to prevent artifacts, such as the
OD or the fovea is not clear in the image and the interference of other elliptical
shapes like hemorrhages and large junction of vessels, a setup called paired SEF
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(PSEF) is introduced. It simultaneously localizes the OD and the fovea with two
individual SEF filters which are located at a specified distance to each other. The
PSEF filter is applied on the normalized green channel image which gives the best
contrast. The locations of the OD and the fovea are determined by finding the
position giving the maximum paired filter response.

(2) Features extraction

For each centerline pixel we extract in total 455 features, which reveal informa-
tion about the spatial location, local intensity, neighborhood intensity and global
intensity (as summarized in Table 2.8). In the following section, we introduce the
feature categories that are considered for A/V classification.

(2.1) Polar coordinates
First, according to the work by Zamperini et al. [211], spatial location has strong
discriminative power in A/V classification. Therefore, we extract the polar coor-
dinate for each centerline pixel with respect to the OD center. In addition, we
measure the distance from every pixel to the image center. It is motivated by the
fact that most fundus cameras focus the imaging light on the center of the image,
resulting in that the central region is mostly clearer than the peripheral region
giving more reliable information than the latter. Therefore, the spatial location
might act as weighting factor to the other intensity-based features and be helpful
for improving the classification performance. For instance, Figure 2.22 shows an
artery and a vein originated from the optic disc (top left) toward the peripheral
region (bottom right). In the illumination-normalized red channel, the difference
between the artery (red circle) and the vein (blue circle) is obvious when close to
the OD, while the discrimination becomes much more difficult at the peripheral
part, even for the same two vessels.

(2.2) Local intensities
For each centerline pixel, we exploit 11 intensity-based features which are com-
monly used in literature [45, 149]. They include luminosity normalized red (R),
green (G), blue (B), hue (H), saturation (Sat.), brightness (Bri.) and the mean
squared of red and green (RG), which is computed by

√
1
2 (R2 +G2). The multi-

scale retinex (MSR) values are computed on the R, G and RG channel. Finally,
the image illumination term, G(x, y, σ)∗I(x, y) with a sufficiently large σ, in (2.15)
is computed on RG channel as the 11th local intensity feature.
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Table 2.8 – The complete set of features extracted for each centerline pixel.

Category Description Index

Local intensities The pixel intensity of normalized R, G, B,
H, Sat., Bri., RG, MSR-R, MSR-G, MSR-
RG, Ill.

F1 - F11

Vessel width The vessel width estimated at each pixel. F12
Spatial coordinate Euclidean distance to OD and image

center, angle with respect to OD.
F13 - F15

Circular zone A The mean, std, min, med and max of the
11 local intensities within a circular region
with radius 0.5*vessel width.

F16 - F70

Circular zone B The mean, std, min, med and max of the
11 local intensities within a circular region
with radius 1.0*vessel width.

F71 - F125

Circular zone C The mean, std, min, med, max of the 11
local intensities within a circular region
with radius 2.0*vessel width.

F126 - F180

Centerlines The mean, std, min, med and max of the
11 local intensities along every center-
line.

F181 - F235

Vessel segments The mean, std, min, med and max of the
11 local intensities within every vessel
segment.

F236 - F290

All centerlines The mean, std, min, med and max of the
11 local intensities of all centerline pix-
els.

F291 - F345

All vessel segments The mean, std, min, med and max of the
11 local intensities of all vessel segment
pixels.

F346 - F400

Whole field-of view The mean, std, min, med and max of the
11 local intensities of all pixels inside
the field-of-view.

F401 - F455

(2.3) Circular neighbor intensities
After the local intensity features, for all centerline pixels, we extend our feature
vector by considering their neighborhood. Similar to the study by Zamperini
et al. [211], for each color channel, three circular regions are considered around

2

68



2.6. Retinal artery/vein classification using genetic-search feature selection

Figure 2.22 – The discrimination between an artery and a vein is obvious when they are
close to the center of the image (right figure: top left), while it becomes difficult at the
peripheral part (right figure: bottom right), where the red circles indicate the arteries
and the blue circles indicate the veins.

each centerline pixel with radius 0.5, 1 and 2 times of the vessel width, named
zone A, zone B and zone C respectively (as shown in Figure 2.23). In every zone,
the mean, standard deviation (std), median (med), minimum (min) and maximum
(max) values are computed. Zone A measures the vessel central reflex (if it exists),
zone B expands the measurement to the vessel segment and zone C looks at both
the vessel and background pixels. Moreover, we compute the five measurements
on the pixel intensities along each centerline, in order to keep the classification
consistent for every vessel segment. Finally, the automatic vessel segmentation
method might not produce perfect segmentation on all vessels, which means the
centerlines we obtain are not all exactly at the center of vessels. Therefore, our
contextual features consist of the five measurements calculated on the pixels within
the whole vessel segment for each vessel.

(2.4) Global intensities
In order to avoid the effect of color differences between images, we introduce a set
of global features to our feature vector, which represent the characteristics of the
whole image. The mean, standard deviation, median, minimum and maximum
are calculated on the pixels of all vessel centerlines. With the same motivation
discussed above, we also calculate the five measurements on all vessel segments,
and within the whole field of view.
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Figure 2.23 – Three circular regions centered at each centerline pixel with radius 0.5, 1
and 2 times of the vessel width are drawn, named zone A, zone B and zone C respectively.
The mean, std, med, min and max of the intensity values within each region are used as
features.

(3) Genetic-search feature selection technique

After the feature extraction step, a novel framework based on evolutionary com-
putation is used to find the subset of features giving the highest pixel-wise A/V
classification accuracy. The proposed feature vector contains 455 features, which
results in an extremely high dimensional space for feature selection. Traditional
feature selection procedures such as the greedy forward/backward selection and
the best-first selection can easily stop at any local minimum. Therefore, we exploit
an advanced evolutionary algorithm which is inspired by the natural selection pro-
cess in biology [56]. In nature selection, the fitness of individuals, which represents
the chance they survive in the environment, is determined by a unique combina-
tion of phenotypic traits. Phenotypic traits are encoded by a genetic sequence in
chromosomes, and thus they are inheritable. They are propagated from the elder
to the next generation via reproduction. After several generations, favorable traits
gather together yielding a population with great fitness.

When this concept is exploited for feature selection, the phenotypic traits are
the extracted features, and the genetic sequence is a binary vector where the
elements 1 or 0 indicate if a feature is used or not. The fitness of each gene is
the performance of the classification using the indicating subset of the features.
For every generation, we select the parents and obtain their offspring by mating
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and mutation (as shown in Figure 2.24). After expanding the population pool,
the fitness of every individual is computed and the survivors are selected. By
simulating the evolution, we gradually converge to the global optimum in the
feature space, and finally end up with the subset of features giving the desired
accuracy.

Figure 2.24 – Offspring are obtained via two steps: mating and mutation.

The evolution is initialized by setting the randomized sequence Ci = {c1, c2, ..., cn}
in the population pool where cn ∈ {0, 1} and n is the length of the sequence (the
number of feature in use). The initial sequences have different levels which are
determined by a level function l(Ci) =

∑n
j=1 cj . Since Ci is a binary vector, level

l(Ci) represents the number of features in use for each sequence.
At each generation, individuals are paired with each other in the population

pool yielding parents (Ci, Cj). Then two variation operators, mating and muta-
tion, are performed on (Ci, Cj) to obtain their offspring. Firstly, we apply mating
to expand the pool, which randomly select elements of the two individuals and
exchange them. The number of exchanged parts is a percentage, pmate ∈ (0, 1),
of the length of Ci. In addition, during selecting the recombination parts, we use
a parameter ppres ∈ (0, 1) to determine the amount of 1s and 0s to be selected.
Therefore, we exchange the information of using and not using certain features
during mating. After obtaining the offspring, we compute the fitness, which is the
performance of a simple classifier, such as accuracy, sensitivity or specificity, on
a given dataset, of every individual. Genes given higher fitness directly survive
(by using a predefined criterion), and the remains move forward to the next step
where mutations happen. By mutating, we randomly select several elements of the
remaining individuals, then switch their values. A predefined value pmute ∈ (0,
1) determines the number of elements to be mutated. Afterwards, the fitness of
mutated genes are recalculated and the survivors are chosen. Finally, two groups
of survivors are combined and fed to the next generation. The evolution progress
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stops after a certain number of generations, or when the average fitness in the pool
reaches a threshold value. The framework is summarized in Algorithm 1.

Algorithm 1 Genetic-search feature selection
1: Initilize population pool with random candidates
2: Evaluate the fitness of each candidate
3: repeat
4: procedure Mating
5: Select parents from the pool
6: Recombine each parent to get their offspring
7: Evaluate the fitness of resulted offspring
8: for all offspring do
9: if the fitness satisfies the survival criteria then

10: Add the individual to the population pool
11: else
12: procedure Mutation
13: Mutate the individual
14: Evaluate the mutated offspring
15: if the fitness satisfies the survival criteria then
16: Add the individual to the pool
17: else
18: Eliminate the individual
19: until termination condition is satisfied.

2.6.3 Experimental results

(1) Materials

The proposed framework is validated on the images of five databases including the
DRIVE, INSPIRE-AVR, Nidek, Canon and Topcon datasets:
DRIVE dataset is a public dataset provided by Staal et al. [178]. The images are
fovea-centered and were acquired by a Canon CR5 non-mydriatic 3CCD camera
with a 45 degree field of view (FOV) at resolution of 768×584 pixels. The dataset
is originally split into a training set and a testing set, each of which contains 20
images. The ground truth of vessel segmentations and A/V labels of the DRIVE
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images, provided by Hu et al. named RITE dataset [82], are used for validation.
INSPIRE-AVR dataset (referred as INSPIRE) is a public dataset provided by
Niemeijer et al. [151]. It contains 40 OD-centered images at resolution 2392× 2048,
where the vessel centerlines and the vessel types are labeled by Dashtbozorg et
al. [47].
NIDEK dataset consists of 200 retinal images, where 100 are fovea-centered and
100 are OD-centered images, with size of 3744 × 3744 acquired in the Ophthal-
mology Department of the Academic Hospital Maastricht (AZM), as part of the
Maastricht Study [169] in the Netherlands. These images were captured using
a NIDEK AFC-230 non-mydriatic auto fundus camera. The blood vessels are
segmented by the automatic vessel segmentation introduced in section 2.4 and
the vessel types were labeled by experts using the manual annotation tool in the
“RHINO” software developed by Dashtbozorg et al. [48].
Canon dataset and Topcon dataset both contain 60 fovea-centered and 60 OD-
centered retinal images. The images were captured by a Canon Cr-1 Mark II and
a Topcon NW300 on 12 healthy subjects, and each subject received 5 acquisitions.
The images of Canon camera have size of 3456 × 2304 pixels and the images of
Topcon camera have size of 2048 × 1536 pixels. Similar to the NIDEK dataset,
the automatic vessel segmentation is used for vessel extraction, the A/V labels are
obtained using the manual annotation tool in the “RHINO” software.

(2) Experiment settings

The A/V features are extracted directly for vessel centerline pixels on the orig-
inal size images. The feature extraction process is implemented through CUDA
parallel programming. Half of the images from each dataset are used for feature
selection and classifier training and the rest is for testing. In the training phase,
the training images are firstly processed by image normalization and vessel seg-
mentation. Vessel centerlines including large, medium and tiny size vessels are
extracted, and the features are obtained as discussed above. Afterwards, the op-
timal feature subset is found via the genetic-search feature selection technique.
The fitness of each gene is computed as the average accuracy of a Linear Dis-
criminate Analysis (LDA) classifier using a 10-fold cross-validation on the training
data. Since we are dealing with a large set of data, we set the stop criteria for all
datasets to be 10 generations, and the individuals of 100 features are priors to sur-
vive at each generation. When the evolution is terminated, the individual giving
the highest fitness is selected and a final LDA classifier is trained using all training

2

73



2.6. Retinal artery/vein classification using genetic-search feature selection

Figure 2.25 – The proposed framework is validated on 5 databases using the pipeline as
shown.

data with the optimal features. For the test phase, the same preprocessing steps
are applied to the test images. The trained classifier assigns a probability value
(between 0 (vein) and 1 (artery)) to each centerline pixel, and a threshold value
of 0.5 is used for the A/V label decision. The performance of classification on the
centerline pixels, named pixel-wise classification, is evaluated by computing the
sensitivity (arteries classified correctly), the specificity (veins classified correctly)
and the accuracy (the average of sensitivity and specificity):

Sensitivity = TP

TP + FN
, (2.43)

Specificity = TN

TN + FP
, (2.44)

Accuracy = TP + TN

TP + TN + FP + FN
, (2.45)

where TP, TN, FP and FN represent the true positive, true negative, false pos-
itive and false negative respectively. In addition, we apply a voting procedure
to the A/V probabilities, named segment-wise classification, where the label of
each segment is determined as the majority vote of pixels belong to that segment.
Then the pixel labels are corrected based on the segment label, and the same
performance measurements are calculated (see Figure 2.25).

(3) Results

For each dataset, we apply a 10-fold cross validation on the test images. The
results are summarized in Table 2.9. In this table, we categorize the datasets
into fovea-centered images and OD-centered images, where the DRIVE dataset
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contains only fovea-centered images, the INSPIRE dataset contains only OD cen-
tered and the rest contain both types. The results are shown in terms of accuracy
(Acc.), sensitivity (Sens.), specificity (Spec.) and area-under-the-curve (AUC). In
Table 2.10, we compare the performance of our framework with the most recent
works on A/V classification using the two publicly available datasets: the DRIVE
and the INSPIRE. In Table 2.11, we compare our results on the INSPIRE dataset
with the results of greedy-forward feature selection, principal component analysis
(PCA) and without using any feature selection techniques.

Figure 2.26 and Figure 2.27 illustrate the sample of A/V classification results
for each dataset using the proposed framework. At each row, we show the original
retinal image, the A/V ground truth for the vessel centerline, pixel-wise classi-
fication and segment-wise classification results. The vessels with red and blue
color represent the correctly classified arteries and veins, while the yellow color
represents the wrongly classified vessels.

Table 2.9 – The performance of the proposed framework on the DRIVE, INSPIRE,
NIDEK, Canon and Topcon datasets.

Dataset Resolution
Fovea-centered images

Num. Acc. Sens. Spec. AUC

DRIVE 565×584 20 72.0% 70.9% 73.8% 0.78
INSPIRE - - - - - -
NIDEK 3744×3744 50 81.1% 81.3% 81.6% 0.89
Canon 3456×2304 30 76.8% 77.8% 75.3% 0.84
Topcon 2048×1536 30 82.5% 83.5% 81.8% 0.90

Dataset Resolution
Optic disc-centered images

Num. Acc. Sens. Spec. AUC

DRIVE - - - - - -
INSPIRE 2392×2048 20 90.2% 89.6% 91.3% 0.95
NIDEK 3744×3744 50 83.6% 83.2% 84.9% 0.91
Canon 3456×2304 30 78.3% 79.4% 76.1% 0.85
Topcon 2048×1536 30 86.9% 87.6% 86.2% 0.93

2.6.4 Discussion

In this paper, we present a framework for automatic pixel-wise artery/vein clas-
sification on retinal color images [84]. We have validated the framework on vari-
ous datasets including publicly available datasets: the DRIVE and the INSPIRE
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Figure 2.26 – A/V classification results on the DRIVE, INSPIRE and NIDEK datasets.
The figures include: 1st column: the original images; 2nd column: the A/V label of
the vessel centerlines; 3rd column: the pixel-wise classification and 4th column: the
segment-wise classification. Red: correctly classified arteries; blue: correctly classified
veins; yellow: wrongly classified vessels.
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Figure 2.27 – A/V classification results on the Canon and Topcon datasets. The figures
include: 1st column: the original images; 2nd column: the A/V label of the vessel
centerlines; 3rd column: the pixel-wise classification and 4th column: the segment-wise
classification. Red: correctly classified arteries; blue: correctly classified veins; yellow:
wrongly classified vessels.
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Table 2.10 – Result of the proposed framework compared with the most recent A/V classi-
fication on the DRIVE and INSPIRE dataset. Bold values indicate the best performance
in each column.

Method
Num.† DRIVE
features Accu. Sens. Spec. AUC

Proposed framework 100 72.0% 70.9% 73.8% 0.78
Hu et al. [83] 31 88.0% - - -
Estrada et al. [58] - 91.7% 91.7% 91.7% -
Dashtbozorg et al. [45] 30 87.4% 90.0% 84.0% -
Niemeijer et al. [152] 27 - 80.0% 80.0% 0.88

Method
Num.† INSPIRE
features Accu. Sens. Spec. AUC

Proposed framework 100 92.0% 89.6% 91.3% 0.95
Hu et al. [83] 31 - - - -
Estrada et al. [58] - 90.9% 91.5% 90.2% -
Dashtbozorg et al. [45] 30 84.9% - - -
Niemeijer et al. [152] 27 - - - 0.84
† Num. feature: the number of features used for the classification.

Table 2.11 – The comparison between genetic search approach, greedy forward approach,
greedy backward approaches, PCA and without feature selection using the INSPIRE
dataset. Bold values indicate the best performance in each column.

Dataset Method Acc. Sens. Spec. AUC

INSPIRE

Genetic-search 92.0% 89.6% 91.3% 0.95

Greedy-forward 83.0% 81.7% 85.7% 0.87

PCA 85.6% 85.4% 86.0% 0.86

No feature selection 85.5% 85.4% 86.5% 0.89

dataset, and three clinical datasets: the NIDEK, the Canon and the Topcon
datasets. We divided the dataset into fovea-centered (FOV) and optic disc-centered
(OD) groups, where the two types of images are validated separately. Moreover,
each group is equally divided into a training set and a testing set. The framework
extracts 455 features for each vessel centerline pixel including information over
multi-scales scopes (from local pixel intensity to global luminosity). On the train-
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ing images, we use a genetic-search based feature selection technique to look for
the subset of features giving the highest performance. Afterwards, a LDA classifier
is trained with the optimal subset of features and validated on the testing sets.

As we can see from Table 2.9, the proposed framework achieved an average
pixel-wise accuracy of 83% on high resolution retinal images (more than 3 megapix-
els) including the INSPIRE, NIDEK, Topcon and Canon dataset. However, on the
DRIVE dataset where the images have the resolution of only 0.45 Megapixels, we
obtain a lower performance compared to other works in A/V classification (as
shown in Table 2.10). This is because when images have low resolution, our fea-
ture vector provides limited information for the classification of centerline pixels.
For instance, features F16-F180 measure the intensity within three circular regions
centered at the centerline pixels, with the radii of 0.5, 1.0 and 1.5 of the corre-
sponding vessel width. On the low resolution images like the DRIVE dataset,
the average width of trunk vessels is around 7 pixels, which results in the circular
regions have almost the same size (radii of 2, 3.5 and 5 pixels). Therefore, the men-
tioned features (F16-F180) do not contribute significantly for the discrimination
of arteries and veins in low resolution images.

In Table 2.10, we compare our results with recent works on the DRIVE and
INSPIRE datasets. Our pixel-wise approach achieve an average accuracy of 92.0%,
sensitivity of 89.6% and specificity of 91.3%, which performs slightly better than
the techniques proposed by Estrada et al. [58] and outperforms the framework pro-
posed by Dashtbozorg et al. [45], where a complicated graph analysis is exploited.
Additionally, our AUC value (0.95) is much better than the value (0.84) obtained
by Niemeijer et al. [152]. In Table 2.11, the performance of genetic-search feature
selection is compared with greedy-forward feature selection, principal component
analysis and without feature selection on the INSPIRE dataset. As we can see,
the subset of features selected by genetic-search algorithm provides better results
than the other three regular strategies. Note that the performance of the greedy-
forward feature selection is even worse than using the full feature set, which is
similar to the findings reported by Niemeijer et al. [152].

In Figure 2.26 and Figure 2.27 we show the examples of pixel-wise and segment-
wise classification results for each dataset. First of all, the results demonstrate the
good performance of our framework on large and small vessels near the optic disc.
These vessels are important in biomarker measurements such as central-retinal-
arteriole-equivalent (CRAE), central-retinal-venous-equivalent (CRVE) and arterial-
to-venous diameter ratio (AVR). However, the classification of vessels near the OD
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is a challenging task, since some of them have limited contextual information for
doing graph-based analysis. Secondly, the performance of pixel-wise and segment-
wise classification are very similar. In general, the voting procedure for deciding
vessel segment labels improves the pixel-wise accuracy a lot, because it consid-
ers the average probability of all vessel segment pixels instead of using only one
pixel. However, our feature vector has already examined information along the
vessel centerlines (F181-F235, F291-F345) during the feature extraction. There-
fore, in our framework the voting procedure is not really necessary as it does not
significantly improve the performance of classification, which could speed up the
processing.

From the selected features for classifying the vessels in the FOV- and OD-
centered images, we note that the contribution of features for both image types
is different. The pie charts (inner and outer) shown in Figure 2.28a compare the
predictive power of multiple feature categories in terms of the FOV- and OD-
centered images. Firstly, the best 100 feature subsets giving the highest accuracy
on the training data are chosen, and the number of times that each feature is being
selected in feature selection process is counted. Features which are selected more
than 60 times are considered as the most important ones. The percentage values
shown on the pie charts indicate the proportion the feature categories account for
in the important-features set. Comparing the two charts, the category of circular
zone C, centerlines, vessel segments, all centerlines and whole field-of-view are
almost identical. The category of circular zone A and B accounts for 16% and
13% for the OD images, while both of them are only 11% for the FOV images.
This is because the former contains vessels of mainly large and medium size, while
the latter contains vessels of many different sizes. It implies that when classifying
large vessels, the information extracted locally (by the small and medium regions)
are more discriminative in comparison with the case when many small vessels are
involved. In turn, when using only local intensities is not enough to classify small
vessels, global information becomes predictive. We can see in the charts that the
category of all vessel segments for the OD images is 7%, while it increases to
13% for the FOV images. Additionally, spatial coordinate becomes an important
category in the FOV images, while its count is less than 60 for the OD images.

We can also compare the characteristics of images acquired by different cam-
eras through the selected feature sets. In Figure 2.28b, we show the importance
of different feature categories for the A/V classification on the INSPIRE, NIDEK,
Canon and Topcon datasets using only the OD-centered images. Similarly, the
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(a) Fovea-centered against
OD-centered images

(b) INSPIRE, NIDEK, Canon and
Topcon datasets

Figure 2.28 – A comparison of the importance of different feature categories for the A/V
classification on the (a) fovea-centered and OD-centered images. (b) INSPIRE, NIDEK,
Canon and Topcon datasets.

number of times each feature is being selected by the best 100 subsets is counted.
The percentage values shown on the vertical-axis indicate the proportion the fea-
tures account for in the important-features set. As we can see from the charts,
some of the features perform variously on the four datasets. For example, the
red-related and brightness-related features for the INSPIRE dataset have a pro-
portion of 14% and 10%, which are much higher than the corresponding values
of the other 3 datasets. It implies that these two intensity categories are more
descriptive for the images of the INSPIRE than NIDEK, Canon and Topcon. For
the NIDEK camera, the green-related and saturation-related features account for
18% and 14%, while these two intensities have lower percentage values on the other
datasets. For the Canon dataset, the brightness related features only account for
2%, which is the lowest value among the corresponding values for all cameras.
The retinex-green-related features become the least descriptive category on the
Topcon images with only 3% proportion. These findings imply that our proposed
framework is able to capture the special characteristics of the images, and perform
a robust automatic pixel-wise artery/vein classification for the images by different
fundus cameras.

Additionally, from Figure 2.28b, we can learn the features which are the most
descriptive ones among all the datasets. The green-related and hue-related features
mostly account for more than 10% among all the datasets. The saturation-related
features are also descriptive, where they account for 8% on INSPIRE, Canon and
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Topcon datasets and the percentage increases to 14% for the NIDEK. Moreover,
the retinex-related features give discriminative information for the A/V classifica-
tion on the 4 datasets. Most of them account for more than 8% on all the datasets,
except for the values of the retinex-green on the Topcon and the retinex-red on
the INSPIRE only (3%). It suggests that these intensity features could provide
simplified pixel-wise classification on images of multiple cameras with less features
extracted and performance preserved.

The box plots in Figure 2.29 show the influence of individual levels (i.e. the
number of features selected by the selection techniques) on the classification per-
formance using the INSPIRE dataset. Each plot shows the distribution of accuracy
obtained by individuals with level ranging from 20 to 200 with step size 20. As we
can see, the performance of classification increases when more features are selected.
The best performance 92.2% is found in the population pool of level 120, i.e. 120
features are selected. After that, the performance begins to drop. This reveals that
fixing the individuals’ level during the genetic search procedure helped improving
the searching efficiency if the best individual levels are known/estimated. In this
study, as we can see from the figure, the third quantile of level 100 gives better
performance that the others, which means better individuals are more likely to be
found in the pool of 100. Therefore we fix the individual level at 100 in all the
experiments.

2.6.5 Conclusion

In conclusion, we propose a framework for retinal artery/vein pixel-wise classifica-
tion. It improves the accuracy by extracting a large set of features for each pixel.
Afterwards, a genetic-search feature selection technique is used to select the opti-
mal subset of features for classification. Our experimental result on public datasets
shows that its performance on pixel-wise classification is already comparable with
recent works using graph-analysis. The improved pixel-wise classification gives a
higher entry to the graph-analysis step to achieve even better classification. More-
over, it suggests that our framework is capable of blood vessel classification on
images by different fundus cameras, as we use a large set of features which covers
the characteristics of multiple cameras.
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Figure 2.29 – Box plots of the individual fitnesses on the INSPIRE dataset obtained using
various numbers of selected features (x-axis: number of feature, y-axis: fitness (accuracy)
of individuals).

2.7 Retinal artery/vein classification using a graph
convolutional neural network

2.7.1 Introduction

In the past, two types of automated methods have been often proposed to tackle
this classification problem. One is based on graph construction. Dashtbozorg et
al. [45] applied an automatically classical graph-based approach. Joshi et al. [96]
used Dijkstra graph search algorithm to connect vessel segments as subtrees and
clustered them into arterial and venous classes. Hu et al. [83] constructed the
vascular structure by a graph-based and a meta-heuristic algorithm. Estrada et
al. incorporated domain-specific features with a topology framework to construct a
global likelihood model for A/V classification. The other type of methods is based
on pixel-wise classification. Joshi et al., Niemeijer et al., Hu et al., Mirsharif et al.,
Xu et al. and our proposed method which extracts a large number of features (few
to hundreds) characterising artery and vein and performed classification. Usually
feature selection are applied before the classification to boost the performance.
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Recently, deep learning has become a very popular approach for solving recog-
nition problems across many fields. A deep convolutional neural network (CNN)
intends to detect and recognize objects automatically without using handcrafted
features. The learning of features is from error back-propagation using a large
amount of data. In various object recognition tasks (i.e. imagenet competition), it
already out-performed conventional machine learning techniques and even perform
equal or beyonds human observers. In the field of retinal image analysis, CNN has
been used for blood vessel segmentation [99], artery/vein classification [191] and
DR prediction [75, 160].

Applying CNN for A/V classification is challenging. The differences between
artery and vein are very minor in texture patterns from retinal images. The
central reflection on the main branch might be the strongest indicator. Thus,
a neural network with very deep architecture does not necessarily improve the
classification performance. Beside this, large arteries/veins that directly originate
from the optic disc (OD) have obvious difference in appearance, while small and
even some medium size of artery/vein which at the lower branching levels look
almost the same. Therefore, it is almost impossible to completely reply on a very
convolutional network to discriminate artery from vein when only small patches of
vessel segments are provided. Figure 2.30 shows that two vessels are crossing with
each other and one of them is artery and the other one is vein. However they have
almost the same appearance and even a very experienced ophthalmologists can
not make discrimination. Nevertheless, when we look into a larger field-of-view
and trace back to their parent branch, we immediately identify the difference.
This example suggests the importance of applying the knowledge of graph and
raises the interest of combining graph structure and conventional CNN architecture
to achieve a better and more robust performance. In this paper, to our best
knowledge, we are the first to propose a scheme of combining conventional CNN
architecture and graph convolutional network.

2.7.2 Methodology

(1) Overview

A graph representation of a retinal vascular tree consists four elements: vertices,
vertex weights, edges and edge weight. It can be constructed based on a retinal
image and the corresponding vessel binary map where the foreground is blood
vessels and background is retinal tissue. The vessel segmentation can be obtained
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Figure 2.30 – These example image patches show that using only the intensity-based
features is not possible to discriminate artery and vein. In such case, crossing is an
important pattern as arteries can only cross with veins.

by the manual annotation of human observers or automatic segmentation tech-
niques [21, 124, 213]. After extracting a vascular map, the vessel centerlines are
obtained using morphological thinning. The junction areas where branching and
crossing points appeared are removed from the skeletonized map, thus the blood
vessels are disconnected from each other and processed individually. Afterwards,
a graph is constructed based on these separated vessel segments to integrate both
the structural and local intensity features of the vasculature. Every vertex in
the graph represents a vessel segment and is characterized by a feature vector
for artery/vein classification. Every edge between any two vertices indicates the
strength of connection between two vessels. At last, the graph is provided as an in-
put to a graph convolutional network (GCNet) which assigns artery or vein labels
to all its vertices.

(2) Graph construction

(2.1) Vertex and edge construction
After removing overlapped area of vessels, the entire vascular tree is modeled
as a graph G = (V, E) with the vertex set V = {v1, ..., vi} and the edge set E =
{e1→2, ..., ei→j}. Each vertex vi in the graph represents a vessel centerline segment
and each edge ei→j represent the connection from vi and vj , where the right arrow
‘→’ represents a directed edge. The weight of each edge wi→j ∈ (0, 1) indicates
the strength of connection from vessel vi and vj . Directed edges are used because
of the intuition that larger vessels are more descriptive in A/V classification than
smaller vessel,s and they are more reliable (e.g. less sensitive to local illumination
variation). So the larger ones could have weak connection to the smaller ones
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(a) Raw image (b) Vessel
binary map

(c) Vessel
centerlines

(d) Vessel
centerlines

(e) Graph
represtation

Figure 2.31 – The overview of constructing a graph representation of retinal vasculature
from the image. For a retinal image (a), we correct the local luminosity variation on the
green channel (b), which gives the best contrast on vessels. Blood vessels are extracted
from the image (c). Afterwards, vessel centerlines are obtained using morphological
thinning (d). At last, a graph (e) is constructed where each vertex represents each vessel
segment and the edge represents the connection between two vessels.

while the smaller ones should have strong connection to the larger ones giving
wi→j 6= wj→i. wi→j is calculated when both vi and vj are connected to the
same overlapped area, otherwise it will be set to zero such that there is no direct
connection between the two segments.

(2.2) Edge weight measurement
(a) Overview
The edge weight wi→j on edge ei→j indicates the connection strength from vessel
vi to vj . The higher the wi→j is, the more information vi will gain from vj during
classification. It is determined by three factors: (1) the continuity from vessel vi
and vj ; (2) the vessel width difference between vi and vj and (3) the distance-to-
OD difference between vi and vj .

(b) Continuity
The vessel connectivity analysis aims to estimate if two separated segments, being
broken by crossings or bifurcations, are belong to the same vessel. It measures the
changes of spatial position and orientation when moving one segment to the other.
Consider vessel segment vi = (xi, θi) and vj = (xj , θj) where xi is the spatial
position and θi is the orientation of vessel (between 0 and 2π), and d(vi, vj) is a
distance metric that quantifies the difference between vi and vj . The smaller the
d(vi, vj) is, the more likely that vi and vj are connected with each other because
of the continuity. Conventional methods compute the L2-norm ||vi − vj ||, which
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is d(vi, vj) = 2
√

(xi − xj)2 + (θi − θj)2. However, L2-norm does not consider the
smoothness of the missing path that joints vi and vj so it can not distinguish
difficult cases like the one shown in Figure 2.32. In Figure 2.32, the red arrow
v1 = (x1, θ1) and green arrow v2 = (x2, θ2) have equal spatial and angular distance
to the origin v0 = (x0, θ0) (black arrow). So ||v1 − v0|| = ||v2 − v0||. But the
geodesic minimal paths between v1 and v2 and v0 have different arc length, where
intuitively the green path is slightly shorter than the red path. Therefore, in this
sense v2 is more likely to be connected to v0 than v1.

Figure 2.32 – The red arrow and the green arrow have the same Euclidean distance and
angle difference with respect to (x0, θ0), while intuitively the green arrow is closer than
the red arrow, as its traveling path is more smooth. Figures taken from [25].

In order to address this issue, we compute the “distance” between vi and vj
based on a Sub-Riemannian manifold using the metric proposed by Bekkers et
al. [25]. Sub-Riemannian manifold is a constrained generalization of Riemannian
manifold. In a Riemannian manifold a vector is allowed to move arbitrarily, while
in a Sub-Riemannian manifold it can only move along curves tangent, like a car can
only move forward, backward and turning. Therefore, the geodesic path from one
vector to the other in a Sub-Riemannian manifold reveals the shortest traveling
path in between with smoothness preserved, i.e. minimal curvature changes.

A fast and easy approximation of the distance between two vectors ~vi =
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(xi, yi, θi) and ~vj = (xj , yj , θj) in the sub-Riemannian space is calculated via:

d0(~vi, ~vj) ≈ |Log(~vi−1 · ~vj)|ξ,ζ . (2.46)

The inverse of a vector ~vi−1 is defined as (−R−1
θ x,R−1

θ ), where Rθ is a ro-
tation operator which rotates a vector with θ angle yieldings ~vi−1 = (−x cos θ −
y sin θ,−y cos θ + x sin θ,−θ). The product of ~vi and ~vj is defined as

~vi · ~vj = (xi, Rθi) · (xj , Rθj ) = (Rθixj + xi, Rθi+θj ). (2.47)

The Log(g) is a logarithmic mapping of the product g which has coordinate (x, y, θ)
in the sub-Riemannian space and is calculated by

Log(g) = (c1, c2, c3), (2.48)

where

c1 =
{

1
2θ(y + x cot θ2 ) if θ 6= 0

x if θ = 0
(2.49)

c2 =
{

1
2θ(−x+ y cot θ2 ) if θ 6= 0

y if θ = 0
(2.50)

c3 = θ. (2.51)

||·||ξ,ζ calculates the norm of the logarithmic mapping via 4
√

((ξc1)2 + c 2
3 )2 + ζ(ξc2)2

where ξ is a scale factor and ζ is a constant value. As suggested by Bekkers et al.,
ξ = 0.01 and ζ = 64 are used in this study.

In this study, the continuity from vessel vi to vj is determined by actual dis-
tance between two corresponding vectors in the sub-Riemannian space. First, we
determine their sub-Riemannian coordinates ~vi = (xi, yi, θi) and ~vi = (xj , yj , θj).
(xi, yi) and (xj , yj) are the spatial coordinate of vessel end-point, θi and θj are
the outward direction for vessel vi and is the inward direction for vj . After-
wards, Eq. (2.46) approximates the sub-Riemannian distance d0(~vi, ~vj), and the
edge weight wi→j is obtained by 1/(1 + d 2

0 ) which rescales the sub-Riemannian
distance between 0 and 1.

(c) Vessel width
Beside vessel continuity, the vessel width difference between vi and vj is calculated.
It is motivated by the fact that larger vessels have better appearance on the image
for A/V classification than smaller vessels, thus they are more descriptive and
informative.
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The width of each vessel segment is measured by the method introduced in
section 3.3 [87], which is based on the Geodesic Active Contour technique [31].
Generally speaking, an enclosed contour is initialized by shifting the vessel center-
line to the left and to the right. The shifting distance is determined by the distance
transformed map of the vessel binary segmentation giving a rough estimation on
vessel size. Afterwards, the initialized contour evolves iteratively to fit the left and
right vessel wall using the PDE of geodesic active contour:

∂x(t))
∂t

= α g(I)(c+ κ)−→n + β (Og(I) · −→n )−→n + γ Ox(t) · Og(I), (2.52)

g(I) = 1
1 + OI2 , (2.53)

where I(x, y) is the image and OI is the first-order Gaussian derivative of I, κ
and −→n are the Euclidean curvature and the unit normal vector of x(t). g(I) is
the speed function given OI and c, α, β and γ are weighting parameters. The
contour evolution is terminated when a stop criterion (e.g. after a certain number
of iterations) is satisfied, which results in a smooth segmentation for the vessel
boundaries. Every contour point on one side of the vessel is paired with a cor-
responding nearest point on a B-spline interpolated curve of the other side. The
Euclidean distance between each pair is computed and the vessel width is de-
termined as the average of the obtained distance, after the removal of outliers.
At last, the width difference is rescaled between 0 and 1 via a sigmoid function
1/(1 + e−x).

(d) Distance to optic disc
Beside the width difference, the difference of the distance to the optic disc center
between two segments is another reliance measurement. It is motivated by the fact
that the vessels closer to the optic disc are more reliable. The distance to OD of
each vessel segment is calculated as the Euclidean distance between the medium
vessel centerline point to the center of OD. Afterwards, the distance difference is
converted to reliance by 1/(1 + ea·diff−c)) where again a and c are the rescale
factor and the bias respectively.

(e) Summary
Ideally, the neighbor segments vj that have higher connectivity, larger vessel width
and closer to OD-center should have greater influence on the decision of segment
vj , while the weights of these three measurements need to be determined. In
this study, we construct three graphs with the identical graph structure based
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on vascular structure, while the edge weights are the connectivity, width differ-
ence, and distance difference respectively. These three graphs are imported to the
network (before the graph convolution module), which learns the optimal linear
combination of the three measurement via back-propagation.

(2) Graph convolutional network

The spatial convolution on a 2D image can be considered as a filtering process on
a regular graph, which has 2D square lattice with regular connectivity between
neighboring pixels. The filter moves regularly along the grid and assigns the filter
response to each of the centered pixel. However, it is not obvious that how the
concept of spatial convolution can be generalized for irregular graph, where each
graph vertex has very different local connectivity patterns, i.e. vertex degrees.
This issue is addressed from a spectral view, because the convolution in spatial
domain is equivalent to a simple multiplication in Fourier domain without consid-
ering the spatial movement of convolution filter. Defferrand et al. [52] proposed a
fast localized spectral filtering method for the convolution on irregular-graphs. Let
G = (V, E , A) denotes a graph, where V is a set of vertex, E is a set of edges and
A is a weighted adjacency matrix encoding the connection between every two ver-
tices. Firstly, the normalized Laplacian L of G is computed, which is an essential
operator in spectral graph analysis [40]:

L = IN −D−
1
2AD−

1
2 . (2.54)

IN is the identity matrix, D is the diagonal degree matrix with Dii =
∑
j Aij .

Since L is a real, symmetric and positive matrix, it has a complete set of eigenvec-
tors U = {ui} with corresponding ordered eigenvalues Λ = {λi}. The eigenvectors
and eigenvalues can be identified as the Fourier basis and the frequencies of G
in spectral domain. As a result, the Laplacian L is diagonalized by the Fourier
basis U and L = UΛUT . This defines the Fourier transform of a graph signal x
via x̂ = UTx and the inverse Fourier transform via x = U x̂. The graph Fourier
transform enables the convolution operation on an irregular graph by a spatial
filter gθ:

gθ ? x = gθ′(L)x = gθ′(UΛUT )x = (Ugθ′(Λ)UT )x, (2.55)

where gθ′(Λ) denotes the filter parameterized by θ′, a vector of Fourier coefficients,
in the Fourier domain and operates directly on Λ. gθ′(Λ) is computational expen-
sive and can be simplified by a well-approximation via the Chebyshev polynomials
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Tk(x) up to kth order:

gθ′(Λ) ≈
K∑
k=0

θkTk(Λ̃), (2.56)

Tk(x) = 2xTk−1(x)− Tk−2(x), (2.57)

T0(x) = 1 and T1(x) = x, (2.58)

with a rescaled Λ̃ = 2
λmax

Λ − IN and λmax is the largest eigenvalue. In practice,
k determines the filter size in spatial domain named kth-order neighborhood as
the filter at each convolution are taking into account neighbors that at most k
steps away from a vertex. The computation complexity of Eq. (2.56) is O(|E|)
(the number of edges) making it very expensive for a large and complex graph.
To simplify the computation with less complexity preserving a large convolution
receptive field, Kipf et al. [101] proposed a layer-wise linear model which stacks
multiple convolution layer with k = 1 together such that a large receptive field can
be achieved with the lowest computation cost. At each layer, the graph convolution
with k = 1 is given by

gθ ? x = θ0x+ θ1(L− IN )x = θ0x− θ1D
− 1

2AD−
1
2x, (2.59)

with θ0 and θ1 be the filter parameters. Furthermore, the model restricts that
θ = θ0 = −θ1 and approximates that λmax ≈ 2 giving:

gθ ? x ≈ θ(IN +D−
1
2AD−

1
2 )x. (2.60)

Consider a graph signal X ∈ RN×C which contains N vertices, each vertex is rep-
resented by a C-dimensional feature vector and a graph G encoding the connection
between every two vertices. The graph convolution on X with 1th-neighborhood
is generalized by

Z = f(X,G) = D̃−
1
2 ÃD̃−

1
2XΘ, (2.61)

where Ã = A + IN , D̃ii =
∑
j Ãij , Θ ∈ RC×F is a matrix of the parameters

of F filters and Z is the convolved signal. Eq. (2.61) defines the basis of a graph
convolution network. For kth-neighborhood convolution, it simply stacks Eq. (2.61)
by k times as f(...k...f(X,G),G).

(3) The proposed framework

(3.1) Intensity-based feature extraction
The vertices in a graph can be characterized by a list of feature for classifica-
tion. Conventional features, or so-called handcrafted features, are mostly intensity
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based, such as the intensity values of centerline pixels on the original and a Gaus-
sian blurred red, green and blue channels [45, 150] from RGB images. Normally
a set of features are extracted from the image and a feature selection technique is
applied to obtain the optimal feature set for the best classification performance on
centerline pixels. Recently, deep learning techniques have achieved breakthroughs
in computer vision including image analysis field, yielding the concept of non-
handcrafted feature [105, 109]. Non-handcrafted features are extracted by a set
of convolutional filters which are learned from the data via a hierarchical neural
network structures. In this paper, we explore the capacity of both handcrafted
features and non-handcrafted features for graph vertices characterization.

(3.2) Non-handcrafted feature
The network for non-handcrafted feature extraction follows the basic structure of
the AlexNet [105]. Our network chains two convolutional blocks, a fully connected
block, a decision block and a loss layer. The convolutional block consists of one
convolutional layer, one batch normalization layer and one rectified linear unit.
A fully connected block consists two fully connected layers. And the decision
block computes the logistic sigmoid of the input. For the loss layer we use the
cross-entropy loss layer weighted by the arc-length of each vessel segment (i.e. the
amount of centerline pixels). The details of the network configuration are shown
in Table 2.12. After training the network, the output of the second fully-connected
layer is used as the non-handcraft feature for the GCNet.

Table 2.12 – The detail configurations of the AlexNet being used to extract non-
handcrafted feature for graph vertices characterization.

Index Layer Number of filters Filter size Stride Zero-padding Output size

0 Input node - - - - 3 × 32 × 32
1 Convolutional 40 11 × 11 1 0 40 × 22 × 22
2 Batch normalization - - - - 40 × 22 × 22
3 ReLU - - - - 40 × 11 × 11
4 Convolutional 20 5 × 5 1 0 20 × 18 × 18
5 Batch normalization - - - - 20 × 18 × 18
6 ReLU - - - - 20 × 18 × 18
7 Max pooling - 2 × 2 2 - 20 × 9 × 9
8 Fully-connected 100 - - - 100
9 ReLU - - - - 100
10 Fully-connected 50 - - - 50
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(3.3) Handcrafted feature
For the handcrafted features, we used the feature list we introduced in section 2.6,
in which we investigate in total 455 features for classification including the cate-
gories of pixel-intensity based, vessel width, distance to OD. We extract the fea-
tures for each vascular pixel, and then for each vessel segment, we averaged their
features to obtain the feature list for the segments to characterize each vertex in
the graph.

(4) Graph convolutional network construction

Consider a vasculature containing ns vessel segments, the relation between any
two vessels are encoded by a graph G and the vertex features are encoded by
X ∈ Rns×nf . Figure 2.33 shows the architecture of the proposed GCNet. The
structure of GCNet blocks is shown in Figure 2.34 as defined by Eq. (2.59) and
Eq. (2.61). The convolution filters defined by Eq. (2.59) have two variables Θ0 and
Θ1, while the filters defined by Eq. (2.61) have only one variables Θ restricting Θ =
Θ0 = −Θ1. The former one provides more flexible choices of filters while longer
training time, and the latter one severely restricts the convolution filters available
while shorter training time. The block f(X,Θ0) computes X · Θ0 and the block
f(X,G,Θ) computes D̃− 1

2 ÃD̃−
1
2 ·X ·Θ. In this paper, we examine both of them

in order to investigate which architecture gives better classification performance
on retinal artery/vein classification. The chain of 3 GCNet blocks computes the
3-hoops graph convolution. The fully-connected layer has two channels (i.e. artery
and vein) and the loss layer computes the cross entropy weighted by the arc-length
of each vessel segment.

Figure 2.33 – The architecture of proposed network for retinal artery/vein classification.

2.7.3 Experimental results
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(a) GCNet block built based on
Eq.(2.59)

(b) GCNet block built based on
Eq.(2.61)

Figure 2.34 – The structures of GCNet blocks that are used in the proposed network.
The blocks are built based on (a) Eq. (2.59) and (b) Eq. (2.61).

(1) Material

(1.1) Datasets
We evaluated the proposed GCNet approach using the retinal image database
provided by the Maastricht Study (introduced in section 5.3.2). To summarize,
the dataset includes 850 randomly selected optic disc centered images of various
subjects. Since the technique is still under developing, we did a simple evaluation.
We mimic a real application, where the network was trained with a small amount
of images and tested on a huge amount of images. To this end, 100 images were
selected for training (including 80 training images and 20 validation images) and
the rest 750 were used for evaluation. All retinal images were acquired using a
non-mydriatic auto color fundus camera (Model AFC-230, Nidek) with the image
size of 3744 × 3744 and the field of view of 45◦. The vessel binary map of the
images are obtained using the automatic vessel segmentation technique introduced
in section 2.4 [213], optic disc are segmented using the automatic technique intro-
duced in section 2.5 [49] and the types of the vessels are manually annotated by
several experts with ophthalmology background in the Maastricht University Eye
Clinic using the software “RHINO” [48].

(1.2) Image preprocessing and data augmentation
The original retinal image is preprocessed by correcting the luminosity and contrast
variation on each color channel respectively. We apply the normalization technique
proposed by Foracchia et al. [62] which is commonly used in literature [45, 57, 139].
After that, the normalized images are augmented to increase the variability of
training samples. The configurations of data augmentation for AlexNet training
are different with the one for GCNet training.

For AlexNet training, a 32×32 patch is cropped from the normalized color
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(a) (b)

Figure 2.35 – Data augmentation to increase the amount of training set. (a) Image
patches are cropped from the luminosity-normalized image centered at vessel centerlines,
(b)Each patch are then rotated to different angle to create various training data.

image, centered at every vessel centerline pixel. To reduce the repetition of the
cropped patches, a subset of centerline points is randomly selected for every seg-
ment. The size of the patch is determined based on the image resolution, where
the largest vessels that are closed to the optic disc should approximately occupy
one-third of the patch. After that, each patch is rotated into 12 different angles
(from 0 to 2π with step-size π

6 ) with respect to the its image center. This augmen-
tation introduces patches of vessels in different orientations to the training set,
thus the influence of vessel orientation on the network training efficiency is less,
because the neural network would attempt to differentiate arteries from veins via
pixel intensity instead of their morphological shape.

While for GCNet training, the augmentation is slightly different. We rotate
the full retinal images into the same 12 angles with respect to the image center
before cropping patches from the original. Therefore, the morphological shape of
vessels in the cropped patches are still corresponding to the constructed graph
structure.

Other commonly used augmentation schemes, such as gamma transform and
translation, are not necessary because the features are always extracted on the
luminosity-normalized channels and the patches are cropped centered at the cen-
terline pixels.

(2) Experimental results

In Table 2.13, we compared the segment-wise performance of different configura-
tions: (1) handcrafted features only, (2) AlexNet only, (3) handcrafted features
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Table 2.13 – The performance of different network architectures validated on the testing
dataset.

Network architecture
Number of Segment-wise performance
images Accu. Sens. Spec. AUC

Handcrafted feature 750 82.9% 83.1% 83.2% 0.91
AlexNet 750 85.52% 87.82% 82.96% 0.93
Handcrafted feature + GCNet 750 86.45% 88.18% 84.54% 0.94
AlexNet + GCNet 750 87.81% 89.29% 86.18% 0.95

importing to GCNet and (4) the non-handcrafted features obtained via AlexNet
importing GCNet. Since GCNet classifies vessel segments instead of vessel pixels,
here we only calculate the segment-wise performance of each configuration.

As we can see from the table, in the case of without using the graph represen-
tation, the performance of AlexNet is better than using traditional handcrafted
features, with accuracy 85.5% against 82.9% and AUC 0.93 against 0.90. Note
that we are evaluating on 750 images with in total about 100,000 vessels, so a
2.5% improvement represents about 2000 labels are correctly classified.

After introducing graph representation into the classification and applying
graph convolution on the vascular graph, the performances of using handcrafted
and non-handcrafted features got further improved. For handcrafted features, the
accuracy increases from 82.9% to 86.45%, and the AUC increases from 0.90 to 0.94.
For the non-handcrafted features obtained by AlexNet, the accuracy increases from
85.52% to 87.81%, and AUC increases from 0.93 to 0.95.

To give a further demonstration on the performance of different configurations,
we show the ROC curve in Figure 2.36a, where the configuration of AlexNet +
GCNet gives the best ROC curve (closer to the left top). Moreover, in Figure 2.36b,
we show the performance histograms, with x-axis the accuracy and y-axis the
amount of images, of various configurations. As we can see, AlexNet + GCNet is
also giving the best overall performance.

2.7.4 Discussion

Although the technique of GCNet introduced in this section is still under develop-
ment, we have seen a great potential of improving the classification performance
using local handcrafted/non-handcrafted features. A few parts are under inves-
tigating to obtain better classification performance. First of all, the weight of
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Figure 2.36 – (a) The ROC curves of various network architectures. (b) Performance
histogram of 750 test images using network architectures.

edges indicating the strength of connection between two vessels. In this study,
we tried vessels connectivity, vessel width and distance to the OD, while there
are more properties could be involved. Secondly, we used a simple AlexNet net-
work architecture to extract non-handcrafted features, while in literature more
and more complicated network have been proposed such as the U-Net architec-
ture proposed by Ronneberger et al. [166], which might produce more descriptive
non-handcrafted features.
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3
Vascular biomarkers extraction



Abstract
Changes in vessels’ structure might reflect changes in blood flow and blood pres-
sure in vessels. In this chapter, we will introduce multiple vascular biomarkers
for quantitative blood vessel analysis. They include the fractal dimension, vessel
width, vessel curvature and bifurcation-based features.

The fractal dimension quantifies the complexity of the whole vascular net-
work, which might reveal the growth of tiny vessels in the peripheral region of
the retina. We estimate the fractal dimension of a vascular network by using the
box-, information- and correlation-dimension as well as the lacunarity on the full
vascular network.

The vessel width is measured via a geodesic active contour approach, which
iteratively fit an enclosed contour, initialized by the vessel centerline, to the vessel
boundary to find its width.

Vessel tortuosity (curvature) is one of the main biomarkers of the retinal vas-
culature associated to systematic diseases. The local curvature map is obtained
by one over the radius of the osculating circle at each individual point of vessel
centerlines. Several statistical descriptors such as average, median and standard
deviation of the entire distribution of curvature values are calculated within the
defined ROIs of a single image. On the other hand, we utilize a newly proposed
curvature measurement technique named exponential curvature in SE(2), which
does not rely on segmenting the blood vessels anymore.

Based on:
F. Huang, B. Dashtbozorg, J. Zhang, E. J. Bekkers, S. Abbasi-Sureshjani, T. T. J.
M. Berendschot, and B. M. ter Haar Romeny. Reliability of using retinal vascular
fractal dimension as a biomarker in the diabetic retinopathy detection. Journal of
Ophthalmology, ID6259047, 2016.

F. Huang, B. Dashtbozorg, J. Zhang, A. Yeung, T. T. J. M. Berendschot, and
B. M. ter Haar Romeny. Validation study on retinal vessel caliber measurement
technique. In European Congress on Computational Methods in Applied Sciences
and Engineering, 818–826, 2017.

F. Huang, B. Dashtbozorg, K.S. Yeung, J. Zhang, T. T. Berendschot, and B. M. ter
Haar Romeny. A comparative study towards the establishment of an automatic
retinal vessel width measurement technique. In Fetal, Infant and Ophthalmic
Medical Image Analysis, 227–234, 2017.
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3.1. Region-of-interest determination

3.1 Region-of-interest determination
In order to standardize the biomarkers extracted from different retinal images, all
measured features are calculated using the blood vessels within specified regions
of interest (ROI) around either the fovea center or optic disc (OD) center (Fig.
1(k)). For the fovea centered images, the regions are defined by circular disks
centered at the fovea location with the radii of 3, 5 and 6 times the OD radius
(ODr), while for the OD centered images, the regions are specified as the standard
ring areas within 3, 5 or 6 rOD from the OD center. The ODr is measured using
the approach introduced in section 2.5, which estimates the pixel-size of the image
via:

pixelsize = 1800µm
ODr

, (3.1)

where 1800 µm is the average of the horizontal and vertical diameter of the optic
disc (see Figure 2.19a).

3.2 Fractal dimension

3.2.1 Introduction

One of the biomarkers that could describe changes in microvasculature due to
disease progression is the fractal dimension (FD). The theory of FD was first
introduced by Mandelbrot in 1983 [130]. He proposed a set of mathematical def-
initions for a “self-similar” object and used a non-integer number to describe the
dimension of this typically highly irregular shape. In 1989, the fractal was first
introduced into ophthalmology by Family et al. [60]. After that, there has been a
growing interest in studying the association between the fractal dimension of the
retinal vasculature and the disease severity and progression [13, 28, 39, 72, 205].

In this section, we introduce the pipeline and methodologies, which are used to
compute the fractal dimension from a fundus image. The pipeline involves 6 steps
(see Figure 3.1). First of all, we import the raw color images from each dataset,
and rescale them to the same pixel size (about 22 µm/pixel) as the images in the
DRIVE dataset. As a result of the acquisition process, very often the retinal images
are non-uniformly illuminated and exhibit local luminosity and contrast variability.
In order to overcome this problem, each image is preprocessed using the method
proposed by Foracchia et al. [62], which normalizes both luminosity and contrast
based on an illumination model of the observed image. Luminosity and contrast
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Figure 3.1 – The pipeline for calculating the fractal dimension from a color fundus image.

variability in the background are estimated and then used for normalizing the
whole image.

After the image local normalization, we apply the blood vessel enhancement
technique introduced in section 2.4 on color retinal images [213] and one particular
segmentation method on the SLO images to obtain the vessel probability maps
(soft segmentation) [5]. Afterwards, a threshold value is applied to the obtained
vessel probability maps in order to construct binary segmentations (hard segmen-
tations). At the same time, we automatically determine the region of interest for
FD calculation by the optic disc detection technique introduced in section 2.5.
Finally, the fractal dimension is calculated on the binary vessel segmented im-
ages within a circular ROI using three classic FD measurements. In the following
section, each step of the pipeline is introduced in detail.

3.2.2 Fractal dimension measurements

The fractal dimension is a measurement which quantifies the highly irregular shape
of fractals or fractal objects. An important property of the fractal objects is its
self-similarity over different scales or magnifications. This means that at different
scales a same pattern with different sizes can be observed, such as trees, snowflakes
and river systems. This self-similar property can be described by the formula:

N(r) = r−D, (3.2)
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where N(r) is a measurement applied on the complicated pattern of the object at a
scale r, D is the fractal dimension that implies how many new similar patterns are
observed as the resolution magnification (scale) decreases or increases. In order to
solve for D we rewrite (3.2) into:

D = − logN(r)
log r . (3.3)

According to the definition, a fractal object is self-similar, therefore the comparison
of two measurements in various scales should yield the same results. This implies
that the fractal can also be calculated by comparing the measurements between
any two scales:

D ≈ − logN(rn)− logN(rn−1)
log rn − log rn−1

. (3.4)

Based on the above relation between measurements in different scales, a box-
counting method is introduced to do a simple, fast estimation of the fractal di-
mension D. In this method, the full space is firstly covered by squared boxes with
side-length rn. And then measurements are done in the boxes that are overlap-
ping with the objects. This step will be repeated multiple times with different
box side-lengths. Finally, the size of the box and the corresponding measurement
are plotted in a log-log plot. The estimated fractal dimension is the slope of the
regression line that fit to these data points.

In this thesis, we are mainly interested in three fractal methods that are widely
used in the literature: the box dimension DB , information dimension DI and
correlation dimension DC , which measure different properties (different N(r)) of
the self-similar pattern of the object respectively.

(1) Box dimension (DB)

is the most simple and popular method for estimating the FD of fractal objects
proposed by [120]. It is the direct implementation of the Hausdorff dimension in
mathematics [59]. The box dimension is defined as the real number DB , such that
the number N(r) of balls with radius r that is needed to cover an object grows
with (1/r)DB as r→ 0. In other words, DB is calculated via:

DB = lim
r→0

logN(r)
log 1/r . (3.5)

So in the image domain, the measurement N(r) in Eq. 3.5 is the number of
boxes with side-length r that overlap with the vessel segmentation. When dealing
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with discrete problems, taking the limit r → 0 is not possible. Instead, as suggested
by [120], DB can be computed as the slope of N(r) plotted against r in a log-log
plot.

(2) Information dimension (DI)

is inspired from information theory. In information theory, entropy is the measure
of the uncertainty of a random event. The less likely a random event might happen,
the more informative it is, thus the larger entropy it has. Conversely, if an event
happens very often, it provides less information, implying lower entropy. The
information dimension [79, 163] is defined as:

DI = lim
δ→0

∑N
i=1 pi log pi
log 1/δ , (3.6)

where N is the number of boxes with size δ overlapped with the object, the numer-
ator

∑N
i=1 pi log pi is the first order Shannon entropy, pi=ni/M is the probability

for finding a part of the object in the ith box, M is the total mass of it and ni is
the part of the object in the box. The limit of Eq. (3.6) is estimated as the slope
of the regression line of the logarithmic points.

(3) Correlation dimension (DC)

estimates the FD via the relationship between two pixels inside a region. A cor-
relation integral is defined via the Heaviside step function for counting the pair of
points in a region with size rk, and can be approximately expressed in terms of
the probability density:

Ck = 1
N2

N∑
i=1
j=1
i 6=j

Θ(rk − ‖xi − xj‖) ≈
Nk∑
j=1

p2
jk , (3.7)

where Θ(x) is the Heaviside step function, xi is the ith pixel belonging to an
object, pjk = njk/M is the probability density of the object with mass M in the
jth box with size rk. The correlation dimension DC is defined via the relationship
between Ck and rk as DC = limrk→0

log Ck
log rk .
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3.3 Vessel width measurement

Many clinical studies have shown that the changes in retinal vessel caliber are as-
sociated with the progress of a variety of systemic diseases. In diabetic retinopathy
(DR), the narrowing on arterioles and the widening on venules are observed, which
result in a lower arteriolar-to-venular diameter ratio (AVR) [146, 180]. Moreover,
a decrease in generalized arteriolar diameter is associated with a higher risk of
developing hypertension [144], and an increase on venular diameter is associated
with renal failure, systemic inflammation and stroke [180].

Most works on assessing the change of vascular caliber on fundus images still
rely on a semi-automatic tool: Eye-van (IVAN), which was developed at the Uni-
versity of Wisconsin, USA [53, 66, 174]. However, it takes approximate 7-10 min-
utes to obtain the precise width measurement of vessels, which includes the time of
automatic vessel detection and classification, manual cropping, adding vessel seg-
ments and correcting their labels. Using IVAN in large-scale screening programs
is therefore too much time consuming, exhausting and prone to human error. De-
veloping a fully automatic system for large-scale vessel caliber assessment is still
an open challenge, and tackled in this section.

3.3.1 Geodesic active contour and vessel width

The proposed method for automatic vessel caliber measurement uses the centerline
of a segmented blood vessel for initializing a deformable enclosed contour [85, 87].
Then the contour is evolved iteratively and fitted to the boundaries of the vessel.
Finally, the vessel caliber is measured by computing the distance from one detected
vessel edge to the other one. The stages are summarized in Figure 3.2.

The geodesic active contour model proposed in [31] for solving a global opti-
mization problem is exploited to locate the left and right edges for each vessel seg-
ment. First of all, an enclosed and deformable contour x(t) = (x(t), y(t))(t ∈ (0, 1))
is initialized using the extracted centerline pixels. Afterwards, the surface is iter-
atively deformed to minimize the energy function:

E(x) =
∫ 1

0
Eint(x(t)) + Eext(x(t)) + Econ(x(t))dt (3.8)

where Eint (internal energy) is resulted by the force of the interaction between
adjacent control points, which preserves the smoothness of the surface. While
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(a) (b) (c) (d) (e) (f)

Figure 3.2 – The stages of the proposed automatic width measurement technique: (a)
centerline detection; (b) contour initialization; (c) active contour segmentation; (d) ob-
taining the left and right edges; (e) Euclidean distance calculation and (f) vessel caliber
estimation.

Eext (external energy) is resulted by the image gradient which pulls the contour
toward vessel boundary, and Econ (constraint energy) is resulted by a constraint
for the external force. Therefore, at each iteration, the control points follow the
contour evolution equation:

∂x(t))
∂t

= αg(I)(c+ κ)−→n + β(Og(I) · −→n )−→n + γOx(t) · Og(I), (3.9)

g(I) = 1
1 + OI2 , (3.10)

where I(x, y) is the image and OI is the first-order Gaussian derivative of I, κ and
−→n are the Euclidean curvature and the unit normal vector of x(t). g(I) is the speed
function given OI and c, α, β and γ are weighting parameters. Contour evolution
is terminated when a stop criterion (e.g. after a certain number of iterations) is
satisfied, resulting in a smooth vessel edges detection.

Vessel caliber is then estimated using the evolved contour. The contour is split
into left and right edges by removing the control points at the two ends of the vessel
segments. For each control point on one side of the vessel, a corresponding nearest
point is found on a B-spline interpolated curve of two nearest points on the other
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side. The Euclidean distance between each two points is computed and converted
to micrometer µm using the pixel size of each image. We estimate the pixel size
by taking the ratio between the general optic disc diameter (1800 µm) and the
diameter in pixels measured by the method described in [49]. In order to prevent
outliers, the measured distances with extreme values are eliminated and the vessel
width is calculated as the average of the remaining measurements.

3.3.2 CRAE, CRVE and AVR measurement

The results of vessel width measurement are used for estimating the cen-
tral retinal arterial equivalent (CRAE) and the central retinal venous equivalent
(CRVE) (see Figure 3.3). The central artery and central vein are the vessels hidden
behind the optic disc, where the retinal arteries and veins in the image originated
from. The caliber of the central artery and vein, and the ratio between them,
have been shown to have significant association to cardiovascular disease progres-
sion [201]. The two blood vessels can not be observed in the retinal image, but
can be estimated through two revised formulas for artery and vein respectively.
Firstly, the optic disc center and diameter are obtained using the super-elliptical
convergence filters proposed in [49]. Then, the vessels within the standard area of
0.5 to 1.0 disc diameter around the disc center are selected and the width values
are fed to the Knudtson’s revised formulas [102]:

CRAE = 0.88× (w2
1 + w2

2) 1
2 (3.11)

CRV E = 0.95× (w2
1 + w2

2) 1
2 (3.12)

Finally, the AVR value is defined as the ratio between the CRAE and CRVE.

3.4 Vessel curvature measurement - regular tech-
nique

3.4.1 Introduction

Vascular tortuosity is a remarkable risk biomarker to identify a pathological vascu-
lar disease, e.g. diabetes, hypertension and other cardiovascular diseases. Normal
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(a) (b)
Figure 3.3 – The vessels within the standard region are selected for calculating the CRAE
and CRVE values: (a) the widths of selected vessel are measured by the proposed method
and indicated per segment in µm; (b) The six largest arteries and veins are then selected
for the calculation of CRAE, CRVE and AVR values.

blood vessels are straight forward bring blood to the tissues, while the abnormal
vessels have weaker wall caused by diseases, so are sensitive to the change of blood
pressure. Increased of blood pressure (in hypertension) and weaker vessel walls
result in the increase of curvature [7]. Figure 3.4 shows a comparison of a healthy
retina (left) and a proliferative diabetic retina (right). The vessels on the healthy
retina are mostly straight while on the diabetic retina, due to the hyperglycemia
condition, highly curved vasculature is presented. In a recent clinical study, it
was shown that patients with diabetes had more tortuous retinal vasculature than
healthy subjects. An increasing arterial tortuosity was reported to be associated
with middle and later stages of diabetes [38]. This implies that vessels may start
being tortuous at the beginning of the disease, but it may go unnoticed due to a
lack of sensitive quantitative measures for tortuosity. Therefore, quantifying reti-
nal vasculature tortuosity can benefit the diagnosis of diabetes, also in the early
stage.

There have been a large number of techniques proposed in the literature to
determine the curvature of a discrete curve. But only a few of them satisfy the
condition of determining blood vessel curvature (or tortuosity) in a clinical setting.
Retinal vessel tortuosity does not have a formal definition, but a consensus was
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(a) Health retina (b) Diabetic retina

Figure 3.4 – (a) A retinal image for a healthy subject, where the blood vessels are mainly
straight. (b) A retinal image for a diabetic patient, where the blood vessels are typically
curved.

concluded from practical experiences by ophthalmologists. A proposed method
is clinically meaningful when several conditions hold. First of all, the technique
should be invariant to curve translation and rotation. The retinal vascular network
has a radial structure due to the fact that all the vessels originate from the optic
disk and extend to the peripheral region. Vessels are assigned to different locations
and angles. The measurement must give the same value even if the image taken
from a vessel was moved or rotated. Secondly, the method should give a higher
value for curves with greater oscillating frequency. The oscillating frequency of
a curve indicates how often it passes through the underlying chord line, which
is also called the number of twists. In the clinic, if two vessels have the same
chord length, an ophthalmologist would grade a higher tortuosity value to the one
with the larger number of twists. At last, the method should take the maximum
deviation of the curve from a straight line into account. Again if there are two
vessels with same chord length, a vessel is determined to be more tortuous if it
has higher amplitude, which is the maximum distance from arc to chord line.

Several tortuosity measurements had been evaluated by Grisan et al. [73], in-
cluding the arclength-chordlength ratio, curvature-based metrics, mean-direction-
angle change, absolute-direction-angle change and inflection-count metric. After
examining these methods on phantom curves and retina vessels, the authors sug-
gested that the curvature based metrics performs the best in his evaluation. Thus
the curvature-based technique becomes a regular approach for quantitative ves-
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sel tortuosity measurement. For a more detailed description of the remaining
approaches, please refer to the original papers.

3.4.2 Mathematical definition of tortuosity

Curvature-based metric is defined as the integration of curvature along a curve. In
mathematics, the curvature is the second order derivative along the arc, which is
the (infinitesimal) gradient change per increment in path length. A curve can be
viewed as the travel path taken by a moving point (x, y). At each time t, the point
is located at (x(t), y(t)). So the curve (the path of (x(t), y(t))) can be formulated
as a function of time C(t) = (x(t), y(t)). Then the curvature of the curve C at
time t is calculated as:

κ(t) = x′(t)y′′(t)− x′′(t)y′(t)
(x′(t)2 + y′(t)2) . (3.13)

Eq. 3.13 is derived by taking the derivative of the tangential angle φ to the arc-
length s. The formula can be better understood by considering a osculating circle,
which is parameterized by x = r cos t and y = r sin t, passing the point (x(t), y(t))
on curve C. Then (3.13) can be simplified into:

κ(t) = x′(t)y′′(t)− x′′(t)y′(t)
(x′(t)2 + y′(t)2) = r2

r3 = 1
r(t) , (3.14)

where r(t) is the radius of the osculating circle passing point (x(t), y(t)) on C.
Eq.3.14 shows that the curvature at point p on curve is equivalent to the inverse
of radius for the osculating circle that touches p. The curvature-based metric τC
is calculated by integrating κ(t) in the interval [t0, t1]:

τC =
∫ t1

t0

κ(t)dt. (3.15)

And the squared curvature metric is:

τSC =
∫ t1

t0

κ(t)2dt. (3.16)

3.4.3 Single vessel tortuosity

The curvature-based metric introduced in last section measures the tortuosity of
continuous differentiable functions. However, the vasculature in retinal images
is discretized as pixels. In order to perform the best tortuosity measurement on
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discrete vessel center-points, it is necessary to convert it into a continuous curve.
One of several possible methods is to construct a B-splines interpolation function
for the discrete samples. A B-Spline curve is defined as:

C(u) =
∫ m

i

Bi,k(u)Pi, (3.17)

where m is the number of data points Dk, Bi,k(u) is the B-spline basis function
at degree k and 0 ≤ u ≤ 1 is the ith control point at the curve. However, the
continuous curve reconstructed by the above equation is sensitive to outliers points,
because it uses the data points as control points. In other words, it forces the
reconstructed curve to pass through every data point Dk = C(tk). In this case, the
reconstructed curve is oscillating instead of smooth. To overcome this issue, May et
al. proposed a modified B-spline function in which the curve is not restricted to fit
every sample point but only the start and end point, D0 = C(t0) andDm = C(tm).
The curve does not pass data point Dk but a point near it, D(k) 6= C(tk). A cost
function is derived as:

f(P0, · · · , Ph) =
h−1∑
k

|Qk −
h−1∑
i

Bi,k(u)Pi|2, (3.18)

where Qk = Dk−B0,k(u)P0−Bh,k(u)Ph, and P0, · · · , Ph are the control points of
the B-spline curve. Minimizing (3.18) yields the optimal set of control points for
blood vessel reconstructions. Putting the control points into (3.17) yields a smooth
curve function for the discrete data points. An illustration of the B-splines curve
is shown in Figure 3.5, where the red points are the discrete data points, the green
curve is the B-Spline curve and the blue points are the optimal control points.
Subsequently, the local curvature values τC and τSC of the reconstructed vessel
are quantified analytically using (3.14)

3.4.4 Global tortuosity measurement

The previous section introduced the tortuosity measurement for a single vessel.
However, in order to compare the overall tortuosity difference for two retinal pho-
tographs, it is necessary to derive a global value representing the tortuosity of the
whole vascular network instead of a single or a few vessels. Several tortuosity tech-
niques were proposed to measure the whole vessel tree. Onkaew et al. [155] used
the sum of tortuosity values of all vessel segments, but the number of compared
vessels must be the same for both images to yield an accurate outcome. Sasongko
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Figure 3.5 – A smooth B-spline curve created by the modified B-spline interpolation
method. The red points are the initial discrete data points (i.e. the coordinates of vessel
centerline pixels), blue points are the optimal control points and the green curve shows
the B-Spline curve.

et al. [167] took six largest arteries and veins, twelve vessels in total, from both
vascular trees to compare the tortuosity in between. They thus neglected the
sensitivity of small vessels to transmural pressure changes. Hart et al. [78] used
the mean of curvature of all vessel segments to represent global tortuosity. This
method overcomes the issues of the former two methods so the number of vessels
of two vascular trees does not need to be the same, and all vessels are taken into
account.

In practice, we compute the mean, standard deviation, minimum, median and
maximum of tortuosity of all vessels, arteries only and veins only, within different
regions-of-interest.

3.5 Vessel curvature measurement - exponential
curvature in Orientation Scores [27]

3.5.1 Introduction

The tortuosity measurement introduced in previous section is the regular vessel
tortuosity pipeline, which includes blood vessel segmentation, morphological thin-
ning to obtain centerlines, splitting the vessels into segments by removing junction
points and tortuosity measurement [37, 78, 97, 195]. In such pipelines, errors might
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be introduced in each processing step, which propagate and accumulate to influ-
ence the final result of tortuosity, which makes the measurement unstable and
unreliable. Alternatively, Bekkers et al. [27] proposed a reduced pipeline, named
the exponential curvature , which does not rely on explicit segmentation of the
blood vessels, but instead it computes the tortuosity directly from the retinal im-
age. It computes the curvature of a curve in the Orientation Scores space, since the
orientation of objects are well defined in the Orientation Scores, and the curvature
is defined as the change in orientation.

The exponential curvature of a curve γ2D is measured based on the theory of
the best exponential curve fits in the Orientation Scores (introduced in section 2.3).
To remind, a 2D image is lifted to a 3D space of spatial position and orientation
Uf (x, θ). Thus, the blood vessels of various orientation are disentangled and lay
on the corresponding θ-layers. Uf (x, θ) is a roto-translation group SE(2), which
means the group product of two tangents defined in Uf (x, θ), g and g′, can not
be calculated directly (e.g. the inner product), but must firstly rotate g′ to be
aligned with g, i.e., g · g′ = (x, θ) · (x′, θ′) = (x+Rθx

′, θ + θ′) [64].

3.5.2 Exponential curve in SE(2)

By the orientation scores transformation, a planar curve γ2D(t) = (x(t), y(t))
can be lifted to the space of orientation scores and expressed as γSE(2)(t) =
(x(t), y(t), θ(t)). Its tangent vector is expressed as ˙γ2D(t) = (ẋ(t), ẏ(t)) and the
curvature is the integration of ˙γ2D(t) over t : κ2D =

∫
| ˙γ2D(t)|dt. Note that

tangent vectors are usually expressed, or spanned, by a global basis {ex, ey},
with ex = (1, 0) and ey = (0, 1). In SE(2), the global basis is adapted to
the local orientation with a rotating frame of reference {eξ(g), eη(g), eθ(g)} =
{cos θex + sin θex,− sin θey + cos θey, eθ}.

An exponential curve is the curve defined in SE(2), whose tangent vector
components, c = (cξ, cη, cθ), expressed by the rotated frame {eξ, eη, eθ} is γ̇c =
cξeξ(γc(t)) + cηeη(γc(t)) + cθeθ(γc(t)). The reason for introducing the concept of
exponential curve in orientation scores is that the data in the score is not always
perfectly aligned with the cake wavelets used for the transformation, thus using
the original discrete data to estimate the direction of oriented structure might lead
to unexpected errors. In the 2D plane, a straight line is used to estimate local
orientation, and in SE(2) the “straight” line is the exponential curve as defined
with respect to the curved geometry of SE(2). The exponential curve fitted to
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g(x, θ) with tangent c is given γgc = g · exp(t(
∑3
i=1 c

iAi)) with {A1, A2, A3} =
{eξ(0, 0), eη(0, 0), eθ(0, 0)}, where the bold 0 is the spatial coordinate and the
other 0 is the orientation coordinate, and A1, A2, A3 are the basis for the Lie
algebra. Then the local curvature on an exponential curve with tangent vector
c = (cξ, cη, cθ) is [27]:

κSE(2) = cθsign(cξ)√
|cξ|2 + |cη|2

. (3.19)

3.5.3 Fitting the best exponential curve in the Orientation Scores

After the introduction of exponential curve and exponential curvature, we will
introduce the strategy of fitting the exponential curve for blood vessel data. In
medical image analysis, a common approach to determine the local tangent vector
is to compute the direction of the minimal principal curvature, obtained via eigen-
analysis of the Hessian matrix (as discussed in section 2.4 [63]). Similarly, in
Orientation Scores data, the Hessian matrix is:

HUf = Mµ−2

 ∂2
ξUf ∂ξ∂ηUf ∂θ∂ξUf

∂ξ∂ηUf ∂2
ηUf ∂θ∂ηUf

∂ξ∂θUf ∂η∂θUf ∂2
θUf

Mµ−2 , (3.20)

with {∂ξ, ∂η, ∂θ} being the rotated frame as introduced in section 2.4, Mµ−2 =
diag(µ, µ, 1) and µ is an intrinsic parameter to balance the spatial and orienta-
tion distances and make HUf dimensionless. In addition, since the eigen-analysis
requires a symmetric Hessian matrix, while HUf is not, we symmetrize it via
HµUf = Mµ(HUf )TMµ2(HUf )Mµ. Based on HµUf , we compute the eigen-
vectors Mµc∗ which provides the solution to the optimization problem for finding
the best exponential fitting at local oriented structures:

c∗(g) = arg min
c∈R3,||c||=1

{∥∥∥ d
dt (OU(γgc (t)))

∣∣
t=0

∥∥∥2

µ

}
, (3.21)

where OU = M−2
µ (∂ξU, ∂ηU, ∂θU) is the left-invariant gradient operator, and

||c||2µ = µ2|cξ|2 + µ2|cη|2 + |cθ|2 computes the dimensionless arc-length of the
exponential curve c.

3.5.4 Global tortuosity measurement via the exponential curvature

After deriving the local exponential curvature, we must derive a global value rep-
resenting the tortuosity of the whole vascular network instead of single vessels. For
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each tangent component c∗(g) of the best exponential curve fit at location g, we
compute the curvature value κSE(2)(g) (Eq. 3.19). In addition, c∗(g) computes the
curvature value at every location, while we are interested in the curvature of blood
vessels, we consider the vessel enhanced scores Φσs,σoη,norm(Uf ) (see section 2.35) to
emphasize the curvature values at blood vessel structures and suppress the values
at image background. Thus the global tortuosity and its standard deviation of a
retinal vasculature is computed as:

µ|κ| = 1
Φtotal

∫ ∞
−∞

∫ π

0
|κ(x, θ)|Φσs,σoη,norm(Uf (x, θ))dxdθ (3.22)

σ|κ| =

√
1

Φtotal

∫ ∞
−∞

∫ π

0
(|κ(x, θ)| − µ|κ|)2Φσs,σoη,norm(Uf (x, θ))dxdθ, (3.23)

where Φtotal =
∫∞
−∞

∫ π
0 Φσs,σoη,norm(Uf (x, θ)dxdθ is the integration of Φσs,σoη,norm for nor-

malization purpose. The feature, µ|κ| and σ|κ| measure the weighted average and
standard deviation of the absolute exponential curvatures.

3.6 Bifurcation angle
The motivation of analyzing vessel bifurcations is that the branching pattern is
governed by optimality principles. The vascular circulation system is not a to-
tally random network but has developed under some optimum physical principles.
Due to the natural selection in biological evolution, the circulation network must
have achieved an optimum arrangement such that every vessel is developed with
the least possible biological work, e.g. the minimum friction between blood flow
and vessel wall, the optimal heart rate to achieve proper blood supply, shortest
transport distances etc. For over a century, physiologists have been investigating
the optimal conditions that should be held during mammalian circulation system
development [34, 142, 172]. Murray et al. [142] stated that the cube of the radius
of a parent vessel should equal to the sum of the cubes of the radii of its daughter
vessels. This statement was deduced from an optimal situation in which the bal-
ance between physical energy, physiological energy and the blood flow in vessels is
achieved with the least energy cost. Using this law, we can identify the sick retinal
vasculature from the healthy vasculature, where the optimal condition is not hold
anymore.

In this section, we introduce several biomarkers extracted from vessel branches,
including blood vessel diameters and bifurcation angles, using the approach pro-
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posed by Al-Diri et al. [9].

3.6.1 Murray‘s law

In 1927, Murray proposed that in a healthy circulation network, blood flow in
every vessel segment is achieved with the least possible biological work. Two power
(energy per second) terms are taken into account in the flow cost measurement: the
power Pf to overcome viscous drag in a fluid as described by Poiseuille‘s law (the
resistance R to a flow in a rigid tube is inversely proportional to the fourth power
of the tube radius, and proportional to the tube length R ∝ L/r4), and the power
Pm to maintain the volume of the blood and vessel tissue involved in achieving the
flow. These two power terms are related to the vessel radius in an opposite way.
The larger the radius is, the smaller resistance the fluid would have, thus costing
less power Pf . However, a larger radius will lead to an increased power cost Pm
to maintain the volume of the blood and vessel wall tissue. Therefore the vessel
radius must be an optimal value that minimizes the total power cost: Pt = Pt+Pt.

According to Poiseuille’s law, in an elongate tube the resistance to fluid flow
in a rigid tube is inversely proportional to the fourth power of the radius:

R = 8ηl
πr4 , (3.24)

where η is the viscosity of the fluid, l is the length of the tube and r is the radius
of the lumen. Therefore, the flow rate f of fluid is proportional to the pressure
difference p:

p = R · f, (3.25)

Thus the power required to maintain a flow is:

Pf = p · f = af2lr−4, (3.26)

where a = 8η/π. (3.26) states that less power is needed in a larger tube. However
physiologically, a larger vessel consumes more power to maintain the caliber of the
lumen, which is proportional to the lumen volume:

Pm = m · volume = mπr2l = br2l, (3.27)

where Pm is the metabolic energy use per second (power), and m is a metabolic
coefficient and b = mπ. For a vessel with unit length the total power required is:

Pt = Pf + Pm = af2r−4 + br2. (3.28)
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Pt is minimized if dPt
dr = 0 and d2Pt

dr2 > 0:

dPt
dr = −4af2r−5 + 2br = 0, (3.29)

d2Pt
dr2 = −4af2r−5 + 2br > 0. (3.30)

Since the coefficients a, b, f and r are always positive, condition 3.30 is always
satisfied, which means dPt

dr = 0 must refer to a local minimum. The minimum for
Pt exists when:

− 4af2r−5 + 2br = 0f2 = b

2ar
6f = kr3, (3.31)

where k = (b/2a) 1
2 . (3.31) indicates that if the viscosity and vessel tissue (cor-

responding to coefficient a and b) is constant along the tube, the least energy is
consumed if the blood flow is proportional to the third power of the radius. This
leads to the definition of junction exponents:

r3
0 = r3

1 + r3
2, (3.32)

and a more general form:

rx0 = rx1 + rx2 , (3.33)

where r0 is the radius of parent vessel lumen, i.e. d = 2r (diameter), and r1 and
r2 are of the two daughter vessel lumina.

3.6.2 Bifurcation biomarkers

The bifurcations of a vasculature are detected using the orientation-score based
technique proposed by Abbasi et al. [4]. This method utilizes the orientation score
of a 2-D image, in which a pixel has multiple orientation values indicating its di-
rection. By analyzing the orientation profile of each pixel, one can recognize a
vessel structure (2 maximals ), bifurcation (3 maximals) and crossover (4 maxi-
mals). After obtaining the location of bifurcation, we extract the bifurcation-based
biomarkers proposed by Al-Diri et al. [9] based on (3.33) and are formulated as
follows: where d0 is the diameter of a parent vessel, d1 and d2 are the diameters
of its two daughter vessels, θ, θ1 and θ2 are the bifurcation angles as shown in
Figure 3.6.
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(1) Area ratio: β = (d2
1+d2

2)
d2

0

(2) Bifurcation index: λ = d2
d1

(3) Diameter ratios: λ1 = d1
d2

andλ2 = d2
d0

(4) Bifurcation angles: cos θ1 = λ−4
1 +1−λ4

2λ−2
1

cos θ2 = λ−4
1 +λ4−1
2λ−2λ−2

1
andθ = θ1 + θ2

Figure 3.6 – The bifurcation biomarkers are calculated based on the vessel diameters (di)
and bifurcation angles (θ, θ1, θ2).

3.7 Retinal health information and notification sys-
tem (RHINO)

3.7.1 Introduction

The assessment of the characteristics of the retinal vascular network provides im-
portant information for an early diagnosis and prognosis of many systemic and
vascular diseases. Current digital image processing techniques proposed in liter-
ature still can not ensure a 100% accuracy on segmentation, classification and
biomarkers extraction, each of which might introduce errors into the full pipeline.
Therefore, manual analysis is still a necessary step for reviewing the automatic
results and improving the automatic system.

In this section, we describe an efficient retinal health information and notifica-
tion system (acronym RHINO) developed by Dashtbozorg et al. [48]. It chains all
the introduced image analysis techniques into a processing pipeline (see Figure 3.7
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how different modules interact with each other) and provides a friendly user in-
terface for human observers to review the automatic results and the extracted
vascular biomarkers. In addition, it allows the user to manually correct the au-
tomatic results, such as the artery/vein labels, the position and the boundary of
the optic disc and the fovea, vessel centerlines, to ensure a reliable analysis for a
clinical research and application.

3.7.2 User interface and annotation tools

The graphical user interface is developed in Matlab R2016b using the App De-
signer. The main interface and the generated reports are shown in Figure 3.8.
The software firstly checks the quality of each image, and determines it as an op-
tic disc centered image or a fovea centered image based on the location of optic
disc. Afterwards, the left panel shows a selected category of vascular biomarker
measurement and the right panel illustrates the corresponding biomarker maps
Figure 3.9.

When errors are found, such as a miss-detected the optic disc center, vessel
segmentation, or artery/vein labels, the user can activate the manual correction
tool by switching the annotation button to “on”, enter the manual correction
module (see Figure 3.10) and correct the inaccurate part and save the manual
results. To add a vessel centerline to the binary segmentation, the human observer
clicks a start point and an end point on a vessel segment, then a shortest path
is generated forming a new vessel centerline. At last, an active contour will grow
and fit to the boundary of the vessel (see Figure 3.10a). To change the A/V label
of a vessel, the human observer left clicks on a vessel and its label will be switched
between “artery”, “vein” and “not a vessel” (see Figure 3.10b). To modify the
center of the optic disc, the observer clicks on the image to determine the new
position. And to determine a new optic disc boundary, the observer clicks 6/10
points on the boundary, then a circular shape is fitted to the clicked points (see
Figure 3.10c). After manual corrections, the updated results are immediately
saved and shown in the main display panel.

3.7.3 Conclusion

Only a few broad-range retinal image analysis systems for retinal vascular study
have been developed previously. They are often semi-automated and restricted
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in the area of analysis, e.g. vessel segmentation, vessel width measurement,
artery/vein labeling. The RHINO software presented in this section is based on
the retinal image analysis techniques developed by the RetinaCheck group [181].
It provides quantitative biomarkers for accurate assessment of retinal vasculature
geometry and manual correction on the automated results, which makes it use-
ful for both research, general clinical applications, and screening. The software
is aimed to be part of daily clinical practice, in both central hospitals and local
clinics, as a stand-alone product or as an additional tool in ophthalmology devices.

3

121



3.7. Retinal health information and notification system (RHINO)
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Figure 3.7 – The infrastructure for retinal image analysis; (a) original fundus image,
(b) normalized image, (c) OD and fovea locations, (d) orientation scores, (e) curvature
map, (f) vessel probability map, (g) junctions, (h) vessel binary map, (i) bifurcations
and cross ings, (j) Artery/vein classes, (k) regions of interest, (l) vessel caliber map, (m)
microaneurysm detection, (n-q) assessment of biomarkers including global tortuosity,
bifurcation features, width and fractal dimension.
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(a)

(b) (c) (d)

Figure 3.8 – (a) The main user-interface of RHINO and the generated reports, (b) vessel
width biomarkers, (c) bifurcation biomarkers, (d) fractal dimension biomarkers.
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(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 3.9 – RHINO displays: (a) Original fundus image, (b) normalized image, (c)
vessel probability map, (d) artery/vein labels, (e) optic disc and fovea locations and
regions of interest, (f) bifurcations and crossings, (g) vessel caliber map, (h) curvature
map. Caption bars indicate the displayed ranges.

(a) (b) (c)

Figure 3.10 – Three RHINO annotation modules: (a) artery/vein manual labeling, (b)
optic disc and fovea delineation, (c) vessel centerline annotation
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Vascular biomarkers validation



Abstract
We have introduced the techniques for retinal image analysis and vascular biomarker
extractions. Before applying these techniques on a large-screening program, it is
essential to validate these methods, in terms of the intra-variability and inter-
variability. The intra-variability is the robustness of the software performing on
one subject. That is, if multiple images were taken from one subject, could the
software return the same extracted biomarkers? If a vascular change, such as an
increase in curvature, is observed, is it due to the pathology or the error of the
software? On the other hand, the inter-variability is the robustness of the software
performing on the same subject using different fundus cameras. There are many
kinds of fundus cameras implemented in eye clinics, such as RGB cameras and
SLO cameras produced by different manufacturers. And the question is, if differ-
ent cameras were used in the acquisition, could the software still provide reliable
measurements?

In this section, we perform a validation study on both fractal dimension and
vessel caliber measurement. First, we collected a validation dataset of the im-
ages captured by 5 different fundus cameras on 12 healthy subjects, for validation
study. Based on this dataset, we developed a multi-modal retinal image registra-
tion technique to ease the validation task. For the fractal dimension, we validate
the robustness of the 3 fractal measurement techniques introduced in section 3.2.
For the vessel caliber measurement approach introduced in section 3.3, we validate
the intra-variability and inter-variability of it using the validation dataset after the
images are registered.
Based on:
Z. Li, F. Huang, J. Zhang, B. Dashtbozorg, S. Abbasi-Sureshjani, Y. Sun, X.
Long, Q. Yu, B. ter Haar Romeny, and T. Tan. Multi-modal and multivendor
retina image registration. Biomedical Optics Express, 9(2):410–422, 2018.

F. Huang, B. Dashtbozorg, J. Zhang, E. J. Bekkers, S. Abbasi-Sureshjani, T. T. J.
M. Berendschot, and B. M. ter Haar Romeny. Reliability of using retinal vascular
fractal dimension as a biomarker in the diabetic retinopathy detection. Journal of
Ophthalmology, ID6259047:1-17, 2016.

F. Huang, B. Dashtbozorg, J. Zhang, A. Yeung, T. T. J. M. Berendschot, and
B. M. ter Haar Romeny. Validation study on retinal vessel caliber measurement
technique. In European Congress on Computational Methods in Applied Sciences
and Engineering, pages 818–826, 2017.
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retinal vessel width measurement technique. In Fetal, Infant and Ophthalmic
Medical Image Analysis, pages 227–234, 2017.
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4.1 The dataset for algorithm validation study

4.1.1 The 5 camera dataset

The dataset contains a total of 600 retinal images acquired by 5 fundus cameras
including (1) Canon Cr-1 Mark II (Canon); (2) Topcon NW300 (Topcon); (3)
Nidek AFC-230 (Nidek); (4) EasyScan (i-Optics) and (5) Spectralis HRA OCT
(Heidelberg). The camera specifications are shown in Table 4.1. The first three are
the color fundus cameras and the last two are the Scanning Laser Ophthalmoscopy
(SLO) cameras. The acquisition by each camera was done on the right eye of 12
healthy subjects with 5-times successive acquisitions on both the center of the fovea
and optic disc (OD), which produces 120 images (half of them fovea-centered and
half of them OD centered) for each camera. The images are varied with each other
slightly in terms of luminosity difference, translation and rotation. In addition,
the exact region of the retina captured by each image is different. For example,
for some of the fovea-centered images, the optic disc might not be completely
captured. Since the Spectralis images have the smallest field-of-view (30◦), they
are considered as the fixed image for registration. The images of other four cameras
(the moving images) are registered to the corresponding Spectralis images (the
same subject with fovea/OD-centered). To be more specific, for one subject, the
i-th acquired images using other cameras are only registered to the i-th acquired
Spectralis image. Since the images were taken independently, it is equivalent to
randomly pair these images yielding 600 (120×5) image pairs.

4.1.2 Public dataset

(1) DRIVE database

The DRIVE dataset [178] contains 40 fovea-centered color retinal images, which
were captured on 33 non-diabetic retinopathy subjects and 7 with mild early di-
abetic retinopathy. The images were acquired by a Canon CR5 non-mydriatic
3CCD camera (Canon, Japan) with a FOV of 45◦. The 40 images were randomly
divided into a training set and a testing set of equal size. In the testing set, the im-
ages were manually annotated by 2 different well-trained ophthalmologists. These
20 test images were used for the fractal stability and robustness study.
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Table 4.1 – The details of the fundus cameras that are used for image acquisition. The
examples shown in the last column are cropped from the original one to show the same
region on one retina, where the luminosity and contrast variation among different cameras
can be observed.

Camera
Resolution Type Field-of-view

Number of
Example

name image

Canon CR-1 Mark II 3456×2304 Color 45◦ 120

Topcon NW300 2048×1536 Color 45◦ 120

Nidek AFC-230 3744×3744 Color 45◦ 120

EasyScan 1024×1024 SLO 45◦ 120

Spectralis HRA OCT 1536×1536 SLO 30◦ 120

(2) MESSIDOR database

The MESSIDOR public dataset [51] includes 1200 eye color fundus images with
diabetic retinopathy grades (R0, R1, R2 and R3). The grades are provieded based
on the number of microaneurysms and hemorrhages and the presence of neovas-
cularization. The images were taken in 3 opthalmologic departments in France by
using the Topcon TRC NW6 (Topcon, Japan) with field-of-view (FOV) of 45◦.
The images have three different sizes: 1440×960, 2240×1488 and 2304×1536. In
this paper, we use this dataset for investigating the intra-group FD differences.
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4.2 Multi-modal and multi-vendor retinal image
registration

4.2.1 Introduction

Retinal images reveal biological information about the retina, which are exam-
ined by ophthalmologists to diagnose and monitor the progression of a variety
of diseases, including diabetic retinopathy, age-related macular degeneration, and
glaucoma [14, 121, 197]. Retinal images are often acquired by different imaging
modalities in order to have multiple representations for the eye [129]. For example,
color fundus photography and Scanning Laser Ophthalmoscopy (SLO) [189] are
two commonly used techniques for retinal image acquisition in ophthalmology [7],
where the first one uses the imaging light of red, green and blue wavebands and
the latter one uses single wavelength laser light (531 nm laser and infrared) (see
Figure 4.1 (a) and (b)). Therefore, the retinal blood vessels on SLO images have
higher contrast of blood vessels to the background than the ones on color fundus
images, while the color images have a larger field-of-view and better discrimina-
tion between artery and vein [71]. In a screening setting, ophthalmologists or
computer-aided diagnosis system may also evaluate exams from different screen-
ing rounds. In the clinical review of disease progression, longitudinal retinal image
registration is crucial which establishes a pixel-to-pixel correspondence among the
images of different modalities. It provides extra assistance for observers to find
the early and subtle signs of abnormalities on one type of images and confirm their
findings in the same area of other images.

To make temporal analysis possible or to investigate the same findings from
different retinal images, an image registration technique is necessary. However
multi-modal retinal image registration is still a challenge due to the modality-
varied resolution, contrast and luminosity between different modality images (i.e.
color and SLO retinal images). In the last few years, registration approaches
proposed in the literature for retinal images can be summarized into two categories:
area-based methods and feature-based methods. An area-based method aims to
extract intensity-based features from the overlapped area of two images, then
optimizes some similarity measurements such as cross correlation [41, 104], mutual
information [111, 165, 206] and/or the combination of both of them [18] to obtain
the best alignment. A feature-based approach tries to extract descriptive features
for finding the correspondence between the images. Commonly-used descriptors
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include the position of retinal landmarks like vascular bifurcation points [179],
the optic disc center [203] and the fovea center [112]. Moreover, high-level feature
descriptors such as scale invariant feature transformation (SIFT) [125], speeded-up
robust features (SURF) [23], histograms of oriented gradients (HOG) [44] and local
binary patterns (LBP) [154] are proposed for registration. An objective function is
used based on the correspondence between the extracted feature descriptors to find
the best transformation parameters. Recently, it was proposed to detect landmarks
(corner points) as a preprocessing step [138]. Afterwards, HOG was calculated
from the neighborhood of each corner point. During the registration, random
sample consensus (RANSAC) was used to remove the incorrect correspondences
to achieve the best affine transformation between images.

There are several limitations when using the previous techniques for the regis-
tration of color images and SLO images. First of all, the representation of retinal
landmarks on both types of image is different. The optic disc is bright on color
images but dark on SLO images. On color images, the central reflection of blood
vessels is visible on arteries rather than on veins, while on SLO images it can be
clearly seen on both types of vessels. Therefore, area-based methods which rely on
measuring the similarity between two images are difficult because the similarity
metric is not easy to define. In addition, tiny blood vessels on SLO images are
depicted more clearly than those on RGB images and thus the vascular structures
on both images might have a quite large overall differences. Thus feature-based
methods which use vascular bifurcation points [36, 214] and vessel edge maps [127]
are not ideally applicable.

In this section, we propose a new framework for multi-modal retinal image
registration (specifically of color and SLO images), which addresses the issues of
aligning images of different modalities. The methodology consists of two main
steps: 1) descriptor matching and 2) deformable image registration [118]. Descrip-
tor matching is used on mean phase images to estimate the global transformation
(e.g affine) between images. The descriptor is densely calculated on mean phase
images so that the matching step is invariant to contrast differences. The modal-
ity independent neighborhood descriptor (MIND)-based deformable registration
method proposed by Heinrich et al. [81] is then followed to refine the registration
result locally as the deformable registration could achieve better estimation of the
transformation than the affine registration.
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Figure 4.1 – The retina of the same subject acquired by (a) color fundus camera (Canon
CR-1 Mark II) and (b) Scanning Laser Ophthalmoscopy (Spectralis HRA OCT). Retinal
landmarks such as blood vessel and the optic disc have different representations on both
modalities. (c) and (d) are mean phase images derived from (a) and (b), respectively.

4.2.2 Method

(1) Descriptor matching

(1.1) Modality-invariant feature descriptors

The transformation parameters for image registration are derived by matching
the feature descriptors extracted from the images. In order to address the effect
of contrast and illumination difference between color and SLO images, we extract
descriptors from mean phase images, which are independent on pixel intensity [61].
Firstly, an image f(x) is converted to a phase image ϕ(x) [61] via the following
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transformation:

ϕ(x) = atan( |fR(x)|
fe(x) ), (4.1)

where fR(x) is the Riesz transform proposed by Felsberg et al. [61] of f(x) that rep-
resents the odd component of f(x), and fe(x) is the even component of f(x) [42].
In the proposed framework, fR(x) and fe(x) are measured by a set of log-Gabor
filters [196], which have zero DC component with tunable bandwidth in the Fourier
domain so that the filter responses are independent of image intensity. In addition,
instead of calculating local phase at a certain empirical scale, we use log-Gabor
filters with multiple scales σ to derive ϕσ(x) [42]. Then we compute the average of
the local phase images, named mean phase image ϕ̄(x), for the feature descriptors
extraction. ϕ̄(x) averages phases over all scales, and serves as an identifier. For
example, a step corresponds to ϕ = 0 and a peak to ϕ = π

2 . Essentially, it provides
contrast-invariant measurements for descriptor extraction (see Figure 4.1 (c) and
(d)).

On the mean phase images, we densely compute the histogram of oriented
gradients (HOG-MP) as the feature descriptors for image matching [44]. A square
block of size MN×MN around each selected pixel is drawn for gradient calcula-
tion. The distance between each selected point is 5 pixels in all dimensions. Every
block contains M×M cells which have the size of N×N. For the pixels in each
cell, the histogram of the gradient in twelve directions (from 0◦ to 360◦ with step
size 30◦) is obtained to extract the local structural information inside the block,
which yields 12×N×N feature descriptors for each selected point. We choose
M=11 and N= 3 in our experiments. Miri et al. [138] applied the HOG calcula-
tion on detected interest points from the original intensity images. However, the
HOG-based descriptor matching step may suffer from the large contrast differences
between multi-modal images. The detection accuracy of the interest points may
also influence the matching results.

(1.2) Matching method
We first resize the moving images into the same size of the fixed image (see Fig-
ure 4.2(a) and (c)). One can see that the size of the same vessel and disc from
different images are not the same. Since the HOG-MP is densely calculated, we
use the approximate nearest neighbor search method [170] to efficiently match de-
scriptors. Similar to [29], this method is used twice (searching from the fixed image
to the moving image and vice versa) to exclude outliers. Only the correspondences
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Figure 4.2 – Descriptor matching result between a color image (moving image) and an
SLO image (fixed image, e.g. acquired by a Spectralis HRA OCT camera). (a) and (c)
show matching pairs based on HOG and HOG-MP with the RANSAC process; (b) and
(d) are the matching result using an affine transformation based on HOG and HOG-MP
respectively.

that exists in the two matching results is kept. We used their implementation and
parameter settings for the approximate nearest neighbor search method1. Then
random sample consensus is applied to further remove the incorrect correspon-
dences. An affine transformation is estimated and updated during the RANSAC
process [138]. The final affine transformation is then applied to the fundus images.

The descriptor matching results based on HOG-MP and HOG are compared
in Figure 4.2. It can be observed that the HOG-MP based matching shows good
correspondence between color and SLO images, especially around the positions
with structures (e.g. vessel bifurcation and crossing points), as expected.

(2) Deformable image registration

An affine transformation, as a first-order transformation, is not flexible enough to
model the deformation between color images and SLO images. A second order
quadratic transformation was proposed to improve the deformation modeling [30,
33, 70]. However, local deformations caused by the eye movements and breathing

1https://people.eecs.berkeley.edu/katef/LDOF.html
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Figure 4.3 – Five types of eye images need to be registered. The images of the Spectralis
fundus camera are the fixed image with size of 1536×1536 pixels; images from Canon,
Topcon, EasyScan and Nidek are the moving images (registered to Spectralis) with the
size of 3456×2403, 2408×1536, 1024×1024 and 3744×3744 pixels, respectively. The
images are shown in relative pixel size.

during acquisition can not be modeled by the quadratic transformation effectively.
Therefore, a more sophisticated model is required in this scenario.

A deformable transformation or spatially varying deformation model is able to
model the local deformation and therefore used in many medical image registration
tasks (see the recent review paper [176]). The deformable transformation W is
defined as follows:

W (x) = x + u(x) (4.2)

where each position x in the image is assigned a displacement u.
Besides the transformation model, a proper similarity metric and optimization

scheme are essential parts in the image registration pipeline [176]. We adopt the
pipeline from [81], in which the similarity metrics is defined based on the modality
independent neighborhood descriptor (MIND) as follows:

E(u) =
∑
Ω

|MINDf(x)−MINDm(x + u(x))|2 (4.3)

where Ω defines the registration region (the entire image in our case). The opti-
mization (minimization in our case) of similarity metrics for the high-dimensional
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deformable transformation W is ill-posed, and regularization is generally neces-
sary. Same as [81], we add a local regularization term to define the objective
function:

E(u) =
∑
Ω

|MINDf(x)−MINDm(x + u(x))|2 + α ‖∇u‖ (4.4)

This objective function is then optimized by the Gaussian-Newton method.
The MIND-based method is reported to be invariant to contrast differences and
suitable for multi-model registration problems [81]. We empirically set weighting
parameters α = 0.2 (same as [119]) for all following experiments.

4.2.3 Experimental results

(1) Material

The proposed method is validated on the multi-modal and multi-vendor images
as introduced in section 4.1. For processing, we removed the black region of the
Canon and Topcon images (see Figure 4.3) to make them into squared images as
the fixed images are (see the red dashed lines). It is an automatic process and
we used the image center as the square center. After that, all moving images
are resized to the same size of the fixed image. These images are then used for
descriptor matching and deformable registration. The cubic B-spline interpolation
is used during the resize process. Because of the high contrast of the blood vessels,
only the green channel of the fundus images is used for the registration where the
same idea was adopted by [138]. The flowchart of our method adopted in the
experiments can be seen in Figure 4.4.

(2) Registration between color fundus images and SLO images

(2.1) Qualitative comparison
We compared our proposed method method-p with the method proposed by Miri et
al. [138] method-1. In [138], all images are brought into the same resolution before
the registration. A circular Hough transformation is first used to localize the optic
discs. It results in the center and radius of the optic disc in the moving (cf , rf ) and
the fixed (co, ro) images. The moving images are then scaled to the fixed images
by the ratio of R = ro/rf . However, this method is not applicable if the optic disc
is not at the center of the image (see Figure 4.2(a)). Alternatively, we calculated
the rescale ratio R based on the affine transformation matrix A that we derived
from the descriptor matching step of method-p:
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Figure 4.4 – Flowchart of our method.

R =
√

(A−1
1 ,1 )2 + (A−1

2 ,1 )2 (4.5)

where A1 ,1 and A2 ,1 are the elements of the matrix A.
We followed the implementation from [138] for the method-1 (except for the

disc localization). Their method was optimized for registering fundus images
(Nidex and Topcon) to SD-OCT images. We used their parameter settings for
our registration tasks. We also tried different parameter settings of method-1 for
our dataset but did not find any significant improvement. For comparison we also
evaluated the registration performance only based on our intermediate step, the
descriptor matching (method-2 ).

The registrations between Spectralis and the other four types of images are
shown in Figure 4.5, Figure 4.6, Figure 4.7, and Figure 4.8. One can clearly see
the misalignment (pointed by the yellow arrows) by using method-1 and method-
2. It proves that only using descriptor matching with an affine transformation is
not enough. The results show that using a deformable transformation successfully
registered these images without any noticeable misalignment.

(2.2) Quantitative comparison
In retina imaging, many systemic diseases including diabetes and hypertension are
reflected by blood vessels changes such as being tortuous, narrowing and showing
leakage. Blood vessels are key landmarks for inspection. To objectively evaluate
the registration, we measure the matching effect between blood vessels from pairs
of images.
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4.2. Multi-modal and multi-vendor retinal image registration

Figure 4.5 – Registration results between a SLO and a Canon image. (a)-(c) are from
method-1, method-2 and method-p; (d)-(f) are sub-regions from the red box of (a)-(c).
The yellow arrows point out the misalignment.

Figure 4.6 – Registration results between SLO and EasyScan image. (a)-(c) are from
method-1, method-2 and method-p; (d)-(f) are sub-regions from the red box of (a)-(c).
The yellow arrows point out the misalignment.
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Figure 4.7 – Registration results between SLO and Nidek image. (a)-(c) are from method-
1, method-2 and method-p; (d)-(f) are sub-regions from the red box of (a)-(c). The yellow
arrows point out the misalignment.

Figure 4.8 – Registration results between SLO and Topcon image. (a)-(c) are from
method-1, method-2 and method-p; (d)-(f) are sub-regions from the red box of (a)-(c).
The yellow arrows point out the misalignment.
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Table 4.2 – Dice coefficient from three different registration methods

Method Canon Easyscan Topcon Nidek All together

method-1 0.68±0.08 0.53±0.19 0.65±0.16 0.53±0.17 0.60±0.17
method-2 0.66±0.06 0.65 ±0.09 0.65±0.09 0.59±0.09 0.62±0.09
method-p 0.78±0.05 0.73 ±0.09 0.72±0.06 0.73±0.11 0.74±0.08

To obtain the blood vessel segmentation, we applied the method proposed by
Zhang et al. [213] introduced in section 2.4. To summarize, this technique employs
a set of multi-scale Gaussian derivative filters rotated to different orientations
in so-called “orientation scores”. An orientation score is a 3-D space with axes:
the spatial coordinates x, y and the orientation θ, in which vessels with different
orientations lay in different planes. The benefit of this construction is that difficult
cases like vessel crossings are now solved because they are disentangled. The multi-
scale nature of the Gaussian derivative filters ensures that disentangled vessels with
various sizes are equally enhanced. Afterwards, the 3D structure is projected onto
the spatial plane by taking the maximum filter response over all orientations per
position. After we obtain this 2D enhanced vessel map, a proper threshold value
is applied on the enhanced image to obtain a binary vascular map. Subsequently,
vessels within the optic disc region are eliminated by the optic-disc mask. An
iterative thinning algorithm is used to obtain the centerline of the vasculature.
Junction points like vessel branchings and crossings are also removed, thus pixels
connected to each other represent an individual vessel segment. In this study, we
used the vessel segmentation tool which was trained on a different retinal image
dataset with blood vessels manually annotated. To apply it to our 5 camera image
database, we rescaled all images to the same pixel size as the training data using
the size of optic disc as the reference.

To evaluate the performance of the registration methods, we calculate the Dice
coefficient:

DSC = 2|X ∩ Y |
|X|+ |Y | , (4.6)

where X and Y are the vessel binary maps of fixed and moving images after
registration, |.| represents the number of vascular pixels and |X∩Y | is the number
of overlapping pixels between X and Y .

Table 4.2 summarizes the Dice coefficient measures from three different meth-
ods on registering four manufacturer datasets to the Spectralis dataset. Our
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4.2. Multi-modal and multi-vendor retinal image registration

Figure 4.9 – The box-plot of the Dice coefficients of our proposed method (method-p)
and the state-of-art method (method-1).

proposed method-p significantly outperforms the compared methods with higher
means and smaller standard-deviations (std) in all four datasets.

One can also see that method-p outperforms method-1 on all cameras in terms
of the means and stds. The smaller std indicates that our proposed method is
more robust than method-1. Figure 4.9 shows a box-plot of Dice coefficients of
method-p and method-1 on images from different cameras.

We also computed failure rates for different methods. As visually the large
vessels on cases with a Dice less than 0.5 barely match, therefore we regard such
a registration as a failure. The failure rates for method-1, method-2, and method-
p are 19.5%, 10.6% and 1% respectively. Our method takes about 40s for each
registration using a PC with Windows 10 64-bit OS, 32 GB RAM, and Intel(R)
Core(R) CPU 4.20 GHz. For evaluation, the vessel segmentation takes about 30s
per image.

4.2.4 Summary, discussion and conclusion

In this paper, a robust and effective two-step framework is proposed to register
multi-modal retinal images. The method of descriptor matching was used to reg-
ister images globally in the first step. After that, a deformable registration was
applied to locally refine the registration result in the second step.

In the descriptor matching process, in order to avoid the intensity difference
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between different modalities, we first transferred the intensity images into mean
phase images. Mean phase images are invariant to the intensity difference and of-
ten used to represent structure information of images. Since blood vessels share the
same structure across different modalities, we densely calculate the HOG measure
on mean phase (so called HOG-MP) image rather than only on interesting points
of intensity image [138]. Points detection errors are eliminated by our matching
process. Furthermore, our registration framework does not need the vessel seg-
mentation compared to [117, 153]. The vessel segmentation errors can also be
eliminated.

We applied an affine transformation under the RANSAC framework in the
descriptor matching step. However, the affine transformation is not flexible enough
to model the high-order deformation between images. We used the deformation
registration method based on MIND to improve the registration accuracy. MIND
is also a descriptor that is invariant to modalities. It is based on the idea of
self-similarity [171]. Compared to HOG-MP, the MIND descriptor however is not
unique enough to satisfy the descriptor matching requirement. That is why we did
not use MIND in the first step. On the other hand, the HOG-MP is not applicable
in the deformation registration step due to the high computational costs.

The vessel segmentation that is used in this study is one of state-of-the-art
techniques proposed in literature, which was validated on public datasets includ-
ing DRIVE, STARE and CHASE DB1 giving an average of 95% accuracy. The
vessel maps produced by the segmentation technique might not be similar enough,
but the DICE coefficient is still able to quantify the quality of registration, as
it measures the overlapping of two vessel trees instead of a single vessel. The
evaluation is objective and does not require human interaction.

Our method is robust on healthy subjects. For images obtained from patholog-
ical subjects, we would expect our method would perform similarly since findings
such as hemorrhage will show up on all images. However, in the future, we will
investigate the performance on images with a large time interval where findings
look differently across images.

We compared our method with the state-of-art methods on registering multi-
model fundus images. Both qualitative and quantitative evaluations showed that
our proposed method outperforms other methods. Our multi-modal images are
at either fovea or optic-disc center, we have not found any significant differences
from the registration performance for both type of images. Our method generally
works well if the corresponding structures (e.g. vessels) can be seen in both fixed
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and moving images. The evaluation is based on blood vessel segmentation across
modalities. The inaccurate segmentation may influence the comparison of the
Dice measures. In future work, more evaluations should be introduced. We may
invite a specialist to manually select the corresponding points to set up the “golden
standard” as [32] did. Furthermore, a subjective comparison may be needed [8] to
evaluate the registration for the purpose of clinical application.

4.3 Fractal dimension variability

In many clinical studies, the fractal dimension has shown its potential in charac-
terizing the growth of neurons, tissues, and vessels. Firstly, the fractal describes
growing progression of the neuron cells by quantifying their complex dendrites. For
instance, Ristanovic et al. [164] and Milosevic et al. [137] studied the morphology
of the branching patterns in the cortical neuronal dendrites by fractal dimension
and Reichenbach et al. [162] used it as a discriminator for different mammalian
astroglial cell types. In the case of tissue image analysis, Gang et al. [114] applied
the fractal calculation on medical tissue images in order to detect the texture
of pathological tissues. In addition, fractal dimension was used as a feature for
parenchymal lung disease detection [183]. Finally, as is the focus of this paper, the
fractal dimensions have been applied widely on human retinal images for disease
detection.

However, we found conflicting findings in different clinical studies. Some lit-
erature reports a higher FD in images of a patient group with a late stage of pro-
liferative diabetic retinopathy compared to a healthy control group [13, 39, 187].
Broe et al. [28] did a fractal analysis on optic-disc centered images of 180 patients
who had type 1 diabetes in a 16 years follow-up study. They compared the fractal
dimension of the patients with their values that were recorded 16 years ago, and
found that the fractal dimension was generally decreased. Similarly, Grauslund
et al. [72] compared the box dimension of 94 type 1 diabetes patients without
proliferative retinopathy to 79 patients with proliferative retinopathy (PR). They
found that the PR group had lower dimension than the group without PR. How-
ever, Yau et al. [205] found higher fractal dimensions in the diabetic group with
498 patients than that in the normal group with 743 healthy subjects. Moreover,
the cross-sectional study conducted by Cheung et al. [39] showed that the longer
the diabetic duration of one patient was, the higher his retinal fractal dimension
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was.

Of course, all the above-mentioned studies had different setups. Not only the
number of patients, but also the cameras used in data acquisition in each study
were different. Therefore, the images’ resolution, illumination and quality varied
across studies. Moreover, the computer software which semi-automatically does
the optic disc detection, vessel segmentation, vessel skeletonization and the fractal
computation were also different from each other. Finally, the region of interest
for FD calculation was not similar for all studies. These different experimental
settings, therefore, may be the reasons of conflict findings in each study.

In that case, it is worth to investigate the reliability of the FD measurement,
since the measurement itself might not be stable enough to provide reliable results.
Previously, few works analyzed the stability and the reliability of FD measure-
ments. Wainwright et al. [187] studied the robustness of the FD measurement in
terms of variation of brightness, focus, contrast and image format, and concluded
that FD is highly sensitive to all these factors. MacGillivray et al. [128] reported
that the segmentation threshold value significantly affected the FD. Mendonca et
al. [135] found that the FD was highly dependent on both vessel segmentation and
FD calculation methods.

In our previous study [88], we have examined the stability of multiple fractal
measurements in different cases. In this chapter, we extend the previous work
into 6 cases, in which we calculated the variation of the fractal dimension. (1) We
calculated the FD values in groups of subjects with various diabetic retinopathy
grades, where the inter-group and intra-group variations are compared. (2) We
calculated the fractal dimension on the manual vessel segmentation annotated by
different human observers. (3) We investigated the stability of FD using differ-
ent vessel segmentation methods. (4) We explored the changes of FD in various
regions of interest. (5) We tuned the segmentation threshold values to examine
the influence of segmentation accuracy on the fractal measurements and (6) we
compared the fractal dimensions that are calculated on the images acquired by
different cameras.

4.3.1 Materials

In this study we use the public retinal image datasets: DRIVE and MESSIDOR,
and the validation dataset of the five cameras for the stability studies.
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4.3.2 Methodology

(1) Automatic vessel segmentation methods

The fractal dimension is usually calculated on a vessel binary map, where pixel
intensity of 1 is considered as vessel and 0 as background. Generally manual vessel
annotations provided by the human observers have better quality than automatic
vessel segmentation techniques. Additionally, for large volume clinical studies an
automatic vessel segmentation program is needed for the vessel detection. In our
study, we investigated three vessel segmentation methods for extracting the vessels
from RGB retinal images: Frangi’s vesselness method, Soares’ method and Zhang’s
method, and the BIMSO method for SLO images.

(1.1) Frangi vesselness is a multi-scale vessel enhancement method pro-
posed by Frangi et al. [63], which uses the second order derivatives to enhance
elongated structures in the image. An important property for an elongated struc-
ture is a large change of gradient (principal curvature) in one direction, but little
gradient change in the direction perpendicular to the former. Therefore, the pixels
of a vessel have λ1 > λ2, where λ1 and λ2 are the magnitude of the local principle
curvatures that can be calculated via the eigenvalues of the 2D Gaussian Hessian.
Thus, the vessels can be enhanced by a normal probability distribution function:

exp(−R
2
A

2α2 )(1− exp(− S2

2β2 )), (4.7)

where λ1 and λ2 are the eigenvalues of the 2D Gaussian Hessian, RA = λ2/λ1 is
an anisotropy (elongatedness) term, S = λ1 + λ2 is a structure term, α and β are
constant values that determine the sharpness of the filter. The vessel probability
map generated by this method is shown in Figure 4.10b.

(1.2) Soares’s segmentation is a supervised method for vessel enhance-
ment proposed by Soares et al. [175]. First it extracts 5 features including the
pixel intensity (the green channel) and 4 Gabor filter responses from the im-
ages. By using a bank of Gabor filters with multi-scales, multi-frequencies and
multi-orientations, vessels with different sizes and orientations are enhanced and
differentiated from the image background.

Afterwards a supervised Gaussian Mixture Model (GMM) classification method
is used to classify the pixels into vessel or background using the obtained features.

4

145



4.3. Fractal dimension variability

(a) (b) (c) (d)

Figure 4.10 – (a) An original image from the DRIVE database; (b)-(d) the vessel proba-
bility maps generated by the method of Frangi [63], Soares [175] and Zhang [212].

The output is a probability map indicating the likelihood for a pixel being a vessel
(shown in Figure 4.10c).

(1.3) Zhang’s method is introduced in section 2.4. It is based on describing
the image as a function on an extended space of positions and orientations [212].
In this method, the image is lifted to the 3D space of positions and orientations via
a wavelet-type transform. In the 3D domain, vessels are disentangled at crossings
due to their difference in orientation. In the new space, left invariant Gaussian
derivatives are used (exploiting a rotating coordinate system) in order to enhance
the blood vessels. The method results in crossing-preserving enhancement of blood
vessels (shown in Figure 4.10d).

(2) Region of Interest (ROI)

In this subtask, the fractal dimensions are calculated in different circular regions
with various radii around the fovea and optic disc (OD) centers, which are detected
by the approach introduced in section 2.5. For fovea centered images, the regions
of interest are centered at the fovea centralis with radii of 4, 5 and 6 times the optic
disc radius (ODr). These radii were set in accordance to the diameter of human
optic discs and the average fovea-to-disc distance. According to the study of [192],
the average diameter of the human optic disc is 1.83 mm and the distance from the
fovea center to the optic disc center is 4.93 mm, which is about 5 times the ODr.
Therefore, the circular ROI with radius 4 × ODr covers the retina but excludes
the optic disc, the 5 × ODr ROI covers half of the optic disc and the 6 × ODr

ROI covers the full optic disc. Throughout the studies, the ROI is determined
automatically by a pipeline described in the following paragraphs.
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4.3.3 Stability analysis and results

We present our stability analysis of the fractal methods in terms of the choice of
manual annotations, different segmentation methods, various regions of interest,
the accuracy of the segmentation method, and different imaging modalities. To
study the variation of FDs, we use the relative error (RE) with respect to the binary
images annotated by human observers as the reference. The RE is obtained using
|(Dx −Dr)| /Dr, where Dx is the obtained FD in different studies and Dr is the
reference FD. To test whether or not measurement methods are correlated we use
the Pearson correlation coefficient test.

Study 1 : Inter-group and intra-group fractal dimension variation

In order to show the significance of these relative errors in different experiments,
the obtained FD values are compared with the coefficient of variation, also known
as relative standard deviations (RSD) of all subjects in the DRIVE dataset, which
are 2.3%, 2.1% and 2.0% for DB , DI and DC , respectively.

We also obtained the inter-group and intra-group fractal dimension (DB) vari-
ations for the different groups of diabetic retinopathy in the MESSIDOR dataset.
For all images with different DR grades, the box dimension is calculated once on
the full image and once inside the region of interest around the fovea (5× ODr).
The averages and relative standard deviations of FD values for each separate DR
group are shown in Table 4.3. As we can see in this table and Figure 4.11, the
differences between the mean of FD values for different DR groups are small com-
pared to the RSD of each DR group. The average of the RSD in the different
groups is higher than 2.5%.

The results of multiple one-way ANOVA tests are shown in Table 4.4. With
this test we study whether a pair of sub-groups has different distributions. In
the case of using the full FOV as ROI, there are no significant mean differences
between any two groups, except in group pairs R0-R2 and R2-R3. For the circle
ROI around the fovea, the mean difference is significant between the R0 and R2
and between the R1 and R2 groups.

Study 2 : Variation between different manual annotations

We compared the FD values that were calculated on the ground truth images
annotated by two experts within the circular ROI with 5×ODr. Here we used the
FDs of observer 1 as reference as this is also considered as ground truth in [178].
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(a) (b)

Figure 4.11 – Box plots of the fractal dimensions (DB) of different DR groups for (a)
ROI: full FOV and (b) ROI: 5×ODR.

Table 4.3 – The mean and standard deviation of FD values (DB) for different DR grades.

DR grade
Number ROI: Full FOV ROI: 5 ×ODR

of images Mean SD∗ RSD† Mean SD RSD

R0 546 1.3864 0.0324 2.34% 1.3285 0.0316 2.38%
R1 153 1.3852 0.0345 2.49% 1.3317 0.0304 2.28%
R2 247 1.3781 0.0364 2.64% 1.3215 0.0384 2.91%
R3 254 1.3869 0.0384 2.77% 1.3276 0.0375 2.82%

Total 1200 1.3846 0.0350 2.52% 1.3273 0.0343 2.59%
∗ SD: Standard Deviation.
† RSD: Relative Standard Deviation.

Table 4.4 – Comparison between FD values in different DR groups (ANOVA test).

DR grade
Mean Std.

p-value†
95% Confidence Interval

Difference Error Lower Bound Upper Bound

ROI: Full FOV
R0

R1 .00123 .00319 .981 -.0070 .0094
R2 .00834∗ .00267 .010 .0015 .0152
R3 -.00046 .00265 .998 -.0073 .0063

R1
R2 .00711 .00358 .195 -.0021 .0163
R3 -.00169 .00356 .965 -.0109 .0075

R2 R3 -.00879∗ .00311 .025 -.0168 -.0008

ROI: 5× ODR

R0

R1 -.00324 .00313 .730 -.0113 .0048
R2 .00696∗ .00263 .040 .0002 .0137
R3 .00086 .00260 .987 -.0058 .0076

R1
R2 .01020∗ .00352 .020 .0011 .0193
R3 .00410 .00350 .646 -.0049 .0131

R2 R3 -.00610 .00306 .191 -.0140 .0018

∗ The mean difference is significant at the 0.05 level.
† One-way ANOVA test with null hypothesis that the means of distributions are equal.
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Figure 4.12 – The Box dimension values using the manual segmentation by two observers
for all patients.

The result is shown in the 1st row of Table 4.5. The main difference between
the two manual annotations is the presence of the tiny vessels. We found that
miss-detecting the tiny vessels does affect the fractal dimension. The maximal
differences of 7.11%, 6.70% and 6.23%, and mean relative errors of 1.97%, 1.88%
and 1.77% are obtained for DB , DI and DC , respectively, which are noticeable
compared to the calculated RSDs.

It means that even if the FDs are calculated on vessel maps annotated by
human observers, the methods cannot produce stable values for diagnosis, which
makes it unreliable. In addition, Figure 4.12 plots the DB of 20 images of the two
observers. The curves illustrate that the variations of FD for two observers in some
subjects are too large which might cause a wrong discrimination among subjects
for clinical applications. For example, we see the DB of patient 5 is greater than
patient 4 for observer 2 while the two patients have similar values obtained from
the other observer.

Table 4.5 – The comparison of FD between two human observers and different vessel
segmentation methods.

Method
Box dimension(DB) Information dimension (DI ) Correlation dimension(DC)

Max∗ MRE† p-value‡ Max MRE p-value Max MRE p-value

Observer 2 7.1% 2.0% 0.0585 6.7% 1.9% 0.0851 6.2% 1.8% 0.0974
Frangi [63] 9.3% 4.3% 0.8035 9.4% 4.3% 0.8802 9.4% 4.3% 0.6990
Soares [175] 8.7% 2.9% 0.4926 8.7% 3.0% 0.7339 8.9% 3.0% 0.8657
Zhang [212] 7.4% 3.9% 0.4950 7.4% 3.8% 0.8506 7.3% 3.8% 0.691

∗ Max: Maximum Relative Error with respect to Observer 1.
† MRE: Mean of Relative Error with respect to with respect to Observer 1.
‡ Pearson correlation test with null hypothesis that the correlation coefficient is zero.
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Figure 4.13 – The Box dimension values using different segmentation methods for all
patients.

Study 3 : Variation between different vessel segmentation methods

In this study, we investigate the variation of fractal dimensions when using auto-
matic vessel segmentation methods instead of human annotations. The methods
by Frangi [63], Soares [175] and Zhang [212] were used as described previously.
Each method produces a vessel probability map from the raw fundus image from
which we obtain a binary map by setting an optimal threshold. The optimal
threshold for each method is set to the value which maximizes the vessel segmen-
tation accuracy for the whole dataset. For measuring the errors, we used the FDs
of observer 1 as reference. The 2nd to 4th rows of Table 4.5 show the REs when
using the binary images created by the segmentation methods instead of human
observers.

The maximum errors of the box dimension for the three segmentation tech-
niques are 9.32%, 8.70% and 7.37%, respectively. The average errors are 4.29%,
2.88% and 3.97% which are significant compared to the RSD values. These val-
ues suggest that using an automatic segmentation would induce a large error in
fractal calculation. In addition, the very high p-values imply the weak associ-
ation between the automatic methods and the manual methods. The variation
among different segmentation methods is also large according to curves shown
in Figure 4.13 which shows the mean and standard deviation of DB among the
3 methods. This suggests that the fractal measurement is very sensitive to the
choice of vessel segmentation method.

Study 4 : Different regions of interest.

We calculate the FD in various circular regions around the fovea center of the
DRIVE ground truth images annotated by observer 1. As mentioned previously,
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Figure 4.14 – The DB of 20 subjects varied with the change of the ROI.

the ROI radii are considered as 4 × ODr (ROI1), 5 × ODr (ROI2) and 6 × ODr

(ROI3), and ROI3 is used as reference for the relative error calculation. The rela-
tive errors of changing the ROI are shown in Table 4.6. When FDs are calculated
in ROI1, the maximum error of the box dimension is 3.8%, and the average error is
2.4%. If we use ROI2, the relative errors were smaller, with a maximum 1.0% and
average 0.4% error. Figure 4.14 shows the plot of the DB calculated in the ROI1
(red), ROI2 (green) and ROI3 (blue), and also the mean and deviation of them
(purple). According to the table and figure, changing the ROI causes a variation
in fractal calculation, especially the FDs of ROI1 are significantly lower than the
ROI2 and ROI3. But from another point of view, we see that the p-values are
less than 0.01, which means the FDs calculated in different ROIs are significantly
associated.

Table 4.6 – The comparison of DB values using different regions of interest.

Method Radius Max MRE p-value∗

ROI1 4 ×ODr 3.8% 2.4% < 0.01
ROI2 5 ×ODr 1.0% 0.4% < 0.01
ROI3 6 ×ODr Reference
∗ Pearson correlation test with null hypothesis that the population
correlation coefficient is zero with respect to ROI3.

Study 5 : Vessel segmentation method quality

We studied the relation between the FD error and the quality of vessel segmen-
tation methods. The FD is usually calculated on a vessel binary map, which is
converted from the vessel probability map with a threshold value. The choice for
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threshold value changes the accuracy of vessel segmentation, and the accuracy of
the segmentation method turns out to affect the fractal measurement significantly.
The comparison is based on Zhang’s segmentation method in a fixed region of in-
terest (ROI2). Several threshold values t with range from 0.15 to 0.35 and step
size 0.01 are applied to the vessel probability map for all test images in the DRIVE
database to obtain the vessel binary segmentations. Since there is a large differ-
ence between number of vessel pixels and non-vessel pixels in retinal images, we
used the Matthews correlation coefficient (MCC) instead of accuracy to evaluate
the quality of binary images. The MCC is a balanced measure which can be used
even if the classes are of very different sizes.

MCC = TP × TN − FP × FN√
(TP + FP )(TP + FN)(TN + FP )(TN + FN)

, (4.8)

where TP, TN, FP and FN are the true positive, true negative, false positive
and false negative parts of the segmentation with respect to the annotations by
observer 1. For each result of the binary segmentation, the fractal dimension is
measured and compared to the values of the reference ones.

The mean relative errors for the 20 images with respect to the reference ones
are shown in Table 4.7 for 3 sample thresholds t = 0.15, 0.21 and 0.34. As we
can see in this table, using both 0.15 and 0.34 as threshold results in similar MCC
values for the vessel segmentation, while one is the over-segmented (higher FD)
and the other one is the under-segmented (lower FD). A threshold equal to 0.21
gives the highest MCC 78% as an average among 20 images. Note that no post-
processing was applied after the thresholding, so the segmentation accuracy in our
studies might be lower than the proposed accuracy in the literature. From the table
we see that if the threshold is set properly (t = 0.21), the relative error is small.
While if t is under- or over-estimated, the relative error dramatically increases.
Moreover, Figure 4.15 shows the plot of the mean MCC of vessel segmentation
against the mean error of FD of 20 images. We can see that a segmentation with
higher accuracy produces a more reliable FD. These results suggest that poor
segmentation with improper selection of the threshold value leads to a large error
in fractal dimension calculation.

Study 6 : Different cameras and different image modalities

We investigated the variation of fractal dimension which are calculated on the
images captured by different cameras described previously. The optic disc centered
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Table 4.7 – FD variation against vessel segmentation accuracy.

Threshold
t = 0.15 t = 0.21 t = 0.34

Average of
63.74% 77.95% 63%

vessel segmentation accuracy
Average of

14.44% 10.42% 25%
FD variation

Figure 4.15 – The mean relative error of fractal dimension against the quality of vessel
segmentation based on MCC.

images of the 12 volunteers are used in this examination (see Figure 4.16). The
circular region of interest centered at the OD center with radius 4×ODr is used
in all images. The vessel segmentation results of the RGB images captured by
regular cameras are generated by Zhang’s [212] method and those of the EasyScan
SLO camera are generated by the BIMSO method [6].

First we compare the variation among different cameras, where the box di-
mensions of 12 subjects are shown in Figure 4.17 with different colors per camera.
As we can see from this figure, the fractal dimension is very sensitive to image
properties like resolution, amount of noise, quality and imaging modality, which
depend on the type of camera. For example, the mean relative differences between
3nethra (red dashed line) and Nidek (purple dashed line) is 2.31% with respect
to the average of two cameras. Moreover, using different imaging modalities also
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causes a significant variation. The SLO images acquired by the EasyScan (green
dashed line) in general have lower FDs than the other color RGB cameras ex-
cept for the 3nethra. In addition, the average relative variation between the SLO
images and RGB images (by Canon camera) is 1.95%.

Finally, we investigate the repeatability of different cameras by comparing the
FD of different acquisitions of one subject. The repeatability is measured as the
standard deviation of the fractals calculated on 5 acquisitions of the same subject
divided by the average of them. As we can see from Table 4.8, the 5 cameras give
an average of 1.11% variation on the same subject in different acquisition times.
With Canon and Nidek camera, this error is small (0.69% and 0.96% respectively),
which shows better stability compared to other cameras.

Table 4.8 – The mean relative error of FD for repeated acquisitions in different cameras.

Camera
Image Image

FOV
Max Mean

modality Size RSD RSD

3nethra RGB 2048 × 1536 40◦ 2.60% 1.25%
Canon RGB 3456 × 2304 45◦ 1.64% 0.69%
Topcon RGB 2048 × 1536 45◦ 3.86% 1.41%
Nidek RGB 3744 × 3744 45◦ 2.20% 0.94%

EasyScan SLO 1024 × 1024 45◦ 3.68% 1.25%
Average - - - 2.80% 1.11%

4.3.4 Discussion

In previous studies, fractal dimension has been considered as a potential biomarker
for disease detection. However, conflicting findings were found in different litera-
ture. Therefore, we examined the reliability of three classic fractal measurements
for their use in clinical study applications. We divided our experiments into six
studies, which we will discuss in the remainder of this section.

In our first and second studies we investigated inter- and intra-group variabil-
ity of FD methods using the MESSIDOR dataset. Also, we studied intra-observer
variation using ground truth segmentation from the DRIVE dataset. The experi-
mental results show that even with ground truth vessel maps, the fractal dimen-
sions are not reliable. The RSD of DB of all patients in the DRIVE dataset is
2.3%. Moreover, the variation of FD between different human observers produces
errors of 1.97%, 1.88% and 1.77% on average on DB , DI and DC . This significant
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(a) Original images (b) Vessel
probability map

(c) Binary
segmentation

(d) ROI

Figure 4.16 – The retina of one subject captured by different cameras and the corre-
sponding vessel segmentation, 1st row: 3nethra, 2nd row: Canon, 3rd row: Nidek, 4th
row: Topcon and 5th row: EasyScan.
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Figure 4.17 – The DB calculated on the images captured by 5 different fundus cameras.

Figure 4.18 – The vessel annotations of 2 human observers. The major difference is the
missing of small vessels, as indicated by the red circles; (a) Observer 1 (DB = 1.468), (b)
Observer 2 (DB = 1.450).

variation makes the FD less informative and less reliable in discriminating DR pa-
tients in different severity levels from the healthy ones. No significant differences
in FD were found between different DR groups of the MESSIDOR dataset. From
Figure 4.18, we see that the main difference between the vessel annotations of
two observers is the presence or absence of small vessels. Therefore, the influence
of small vessels to the fractal measurements cannot be neglected and should be
considered seriously.

In the third study we investigated the influence of automatic segmentation
method on FD computations. We examined the FD on the vessel maps produced
by three different vessel segmentation methods on the same imaging modality
(RGB fundus images). The results show that the FDs calculated with various
segmentations have significant differences compared to the values calculated using
the annotations by observer 1. In addition, the statistical tests show that the FDs
were not associated with those computed from ground truth images. Therefore,
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the FD computed by automatic computer software might not be reliable, as was
the case in the studies from [13, 28, 39, 72, 205].

In the forth study we investigated the variation of FD calculated within differ-
ent regions of interest centered at the fovea centralis. This study is motivated by
the fact that in clinical retinal photography the actual captured area on the retina
is not always the same because of eye motion. The result shows that FDs calcu-
lated in 3 different ROIs are associated with each other, with p-values less than
0.01. However, as we can see from Figure 4.14, a smaller ROI produces a lower
FD in general, because fewer vessels are taken into account. Therefore, this study
implies that a fixed region of interest is necessary in order to obtain comparable
FD values.

In the fifth study, we investigated the influence of the accuracy of vessel seg-
mentation methods on the fractal measurements. Most vessel segmentation meth-
ods need a threshold value to convert the vessel probability map into a vessel
binary map. This threshold value also affects the accuracy of the segmentation.
In this study we computed the FD on vessel binary segmentations using differ-
ent thresholds (MCC ranged from 61% to 78%). As expected, the computed FD
values become closer to the ones obtained from manual segmentations when seg-
mentation accuracies increase (with respect to manual segmentation). Moreover,
the variation decreases faster when the segmentation accuracy is higher than 75%.
Therefore, a proper thresholding technique is required to obtain a stable FD mea-
surement.

Finally, in the sixth study, we compared the FD calculated on images acquired
by different fundus cameras. The result shows that the variations of FD are sig-
nificant when different cameras are used. These five cameras use different flashing
systems resulting in different contrast and tissue reflections. Finally, the image
sizes and resolutions are different, so the details of retina captured by these cam-
eras are also not identical. Moreover, some cameras were easier to operate (e.g.
via auto-focus), resulting in more consistent image quality. The comparison result
shows that, in general, the FD of the same subject using different cameras has sig-
nificant differences. The differences in terms of image properties cause significant
variations as we see from the results.

Beside the variation between cameras, we also investigated the repeatability
of the FD measurement on the same subject using the same camera. The slight
differences among multiple acquisitions on the same patient with the same camera
are caused by variations in image quality, e.g. caused by eye motions (blurry
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image), weak flashing/illumination or incorrect focusing. The results show that
the 5 cameras generally produce 1.11% variation between multiple photographs.

4.3.5 Conclusion

Our experiments suggest that the classic fractal dimensions must be calculated
under very strict conditions, and tiny changes on the images and vessel segmen-
tation can cause significant variations: The vessel segmentation method must be
very carefully chosen, the region of interest in all images must be equally set for
the FD calculation, and an optimal threshold value for creating a high accuracy
binary vessel segmentation map is required. In future studies, FD’s high sensitiv-
ity to the segmentation methods and thresholding techniques will be addressed by
measuring FD directly from the vessel probability maps.

4.4 Vessel width variability

4.4.1 Introduction

In section 3.3, we propose an automatic and precise quantitative width measure-
ment for retinal blood vessels. And in this section, we validate this technique by
comparing the results with the IVAN software and the Vampire width annota-
tion tool, where the former one is semi-automatic measurement and the latter is
a manual measurement [85, 87]. And compare the intra-camera variability and
inter-camera variability using the dataset introduced in section 4.1.

4.4.2 Methodology

The techniques required for vessel caliber measurements are blood vessel seg-
mentation (section 2.4), optic disc detection and segmentation (section 2.5), and
artery/vein classification (section 2.7). Generally speaking, based on the output
of these approaches, the automatic vessel caliber measurement extracts the cen-
terlines of all segmented vessels by morphological thinning. A region-of-interest
is determined by the measured ODr. Then a deformable enclosed contour is ini-
tialized on each centerline. The contour is evolved iteratively and fitted to the
boundaries of the vessel (see section 3.3). The vessel caliber is measured by com-
puting the distance from one detected vessel edge to the other one. And finally,

4

158



4.4. Vessel width variability

the vessel caliber based biomarkers, e.g. CRAE, CRVE and AVR, are computed.

4.4.3 Experimental result - Comparison with semi-automatic and fully
manual tools

(1) Vessel width measurement tools

(1.1) IVAN tool
The Eye-Van (IVAN) software developed by the University of Wisconsin, USA, is a
program for assessing the blood vessels caliber on fundus images (see Figure 4.19a).
First of all, it automatically locates the center of the optic disc and determines
a standard area of 0.5 to 1.0 disc diameter around it. The vessels within the
region-of-interest (ROI) are detected and their calibers are measured as the average
distance between the vessel left and right edges. In addition, the detected vessels
are classified as artery and vein for the measurement of CRAE and CRVE. After
the automatic processing, a manual correction is performed by the user. It includes
adjusting the position of the optic disc center, adding the miss-detected vessels,
correcting the vessel labels and eliminating the wrongly detected vessel edges.
When the manual correction is done, the tool computes the values of CRAE,
CRVE and AVR using the Paired, the Parr-Hubbard [89], and the Knudtson’s
revised formulas [102].

(1.2) Vampire tool
The Vascular Assessment and Measurement Platform for Images of the REtina
(Vampire tool) [158] developed by the University of Dundee, Scotland is used for
the manual measurement of vessel width (see Figure 4.19b). The instructions of
the program require clicking the vessels around the optic disc region to measure
and determine their vessel type simultaneously. Then for each vessel, the left
and right edges need to be clicked and the Euclidean distance between them is
considered as the width of the vessel. Finally, the values of the CRAE, CRVE and
AVR are computed using the Knudtson’s revised formulas [102].

(2) Results

The system error indicates the robustness of a tool on measuring biomarkers for
the same vasculature acquired in multiple acquisitions. In this study, we use
the images of the Canon camera from the 6-camera dataset (section 4.1). The
variability is quantified by taking the average of the relative errors (mean/standard

4

159



4.4. Vessel width variability

(a) IVAN - display panel (b) Vampire - display panel

Figure 4.19 – The user interfaces for the IVAN and the Vampire tools. (a) The IVAN
software measures vessel calibers by automatic processing and manual modification. (b)
The Vampire annotation tool is used for measuring vessel calibers manually.

deviation) among 5 acquisitions on the 12 subjects. The results are shown in
Table 4.9. Comparing the error of three tools, as expected the Vampire annotation
tool produces the largest variation among the three tools, which is two times larger
than the other two tools. The calibers obtained by manual vessel annotation are
clearly prone to human error.

Then we examined the correlation of the measurements obtained by our pro-
posed method and the IVAN tool. Figure 4.20 shows the scatter plots for the
CRAE, CRVE and AVR respectively by the two tools. pcc represents the Pear-
son’s correlation coefficient and p is the corresponding p-value. Considering the
confidence interval 95% (p = 0.05), the results of CRAE, CRVE and AVR obtained
by two tools are significantly correlated. It implies that the proposed automatic
tool produces similar caliber values compared to IVAN.

The Bland Altman plots in Figure 4.21 compare the proposed method and the
Vampire annotation tool using the IVAN software as the reference. The CRAE
values measured by our method have better agreement with the values obtained
from the IVAN, where it has a lower bias than the Vampire. In the case of measur-
ing CRVE, the performance of both tools is similar, with almost zero bias, though
the error of the Vampire is lower than our method. For measuring AVR, which
is an important clinical relevant biomarker in large-scale setting, our fully auto-
matic method produces more accurate results than the human annotation tool,
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with lower bias and variation.

Table 4.9 – The relative error of the CRAE, CRVE and AVR values obtained by the
proposed method, IVAN and Vampire tools using the Canon dataset.

Software
Relative error

CRAE CRVE AVR Average

Our method 2.84% 2.40% 3.20% 2.81%
IVAN 2.32% 1.91% 2.65% 2.29%

Vampire 4.09% 3.63% 5.73% 4.48%

(a) (b) (c)

Figure 4.20 – Scatter plots for comparing the (a) CRAE, (b) CRVE and (c) AVR obtained
by our method and the IVAN tool on the retinal images acquired using the Canon camera.
The dashed line shows the linear regression line for the data points.

(a) (b) (c)

Figure 4.21 – The Bland-Altman plots for comparing the (a) CRAE, (b) CRVE and (c)
AVR values obtained by our method and the Vampire tool with the IVAN.
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4.4.4 Experimental result - validation in terms of intra-camera vari-
ability

In this section, we validate the proposed method on the 5 images of the same sub-
ject, same camera, named intra-camera validation (see Figure 4.22 and Figure 4.23
as examples), by calculating the relative error of the measured CRAE, CRVE and
AVR values. The values obtained by IVAN (the results used in section 4.4.3) are
considered as the reference ones. The average relative errors for each camera are
shown in Table 4.10.

(a) Caliber measured on large size vessel acquired in 5 acquisitions.

(b) Caliber measured on small size vessel acquired in 5 acquisitions.

(c) Caliber measured on medium size vessel acquired in 5 acquisitions.

Figure 4.22 – Width measurement results with an intra-camera variability study on ves-
sels with various sizes using the Canon CR-1 Mask II camera. We obtain the estimated
width for (a) large vessel: 112.81±2.03 µm with a relative error of 1.7%, (b) small vessel:
61.37±3.02 µm with a relative error of 4.9%, (c) medium vessel: 96.34±2.06 µm with a
relative error of 2.1%.

As we can see from the table, the intra-camera variability of proposed method
is comparable with the semi-automatic software. The average error on the Canon
images is 2.29% using IVAN software, while our method has an average error of
3.5%, which is slightly higher than the one obtained by IVAN. However, on the
images of EasyScan, our method produces 7.02% error, which is much higher than
the other cameras. It is because that the images of EasyScan are of low resolution
(10 µm/pixel), which means missing 1 pixel during width measurement making
10 µm variation at the end. This implies that vessel width measurement on the
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(a) 3nethra classic (b) Canon CR-1 Mask II (c) Topcon NW300

(d) Nidek AFC-230 (e) EasyScan (f) Spectralis HRA OCT

Figure 4.23 – The vessel width measured with different imaging modalities. On the high
resolution cameras (b) Canon CR-1 mask II, (d) Nidek AFC-230 and (f) Spectralis HRA
OCT, we obtain values with low relative error of 2.8%. The vessel width is overestimated
on the low resolution cameras (a) 3nethra classic, (b) Topcon NW300 and (e) EasyScan.

images of a low resolution camera has high risk, thus these images are not suitable
for quantitative analysis.
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4.4.5 Conclusion

In conclusion, we proposed an automatic technique for the vessel caliber measure-
ment on retinal photographs as introduced in section 3.3, which is designed for
large-scale retinal screening programs. Therefore, it is essential to validate the
robustness of the technique before using it in clinical study.

First of all, we compare our tool with the semi-automatic tool - IVAN and the
manual vessel annotation tool - Vampire. We compare this method in terms of its
intra-camera variability to the results of IVAN and Vampire. The experimental
result shows that it is able to provide automatic caliber measurements with a
comparable system error and similar CRAE, CRVE measurements to IVAN, which
has been widely used in clinical analysis.

In addition, we validate the technique on a dataset where the images were
acquired on multiple subjects with different fundus cameras. The experimental
results show that our method gives consistent width measurements for retinal
images in different acquisition setups using various cameras.

The assessment of vascular caliber using the proposed method takes around 8
minutes on one image from the described dataset. In detail, the vessel segmenta-
tion, artery/vein classification and vessel caliber measurement steps respectively
take 2 minutes, 4 minutes and 2 minutes on a single core CPU. Since the full
processing is automatic, the calculation time reduced to less than half minute per
image when we process the images in a parallel programming on an NVIDIA GPU.

In conclusion, the caliber measurement technique introduced in section 3.3 is
able to provide relatively reliable fully quantitative retinal vessel caliber analysis,
compared with the IVAN software, in large-scale screening programs.
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5
Clinical Study



Abstract
In this chapter, we applied our developed curvature measurement and vessel width
measurement tools on the clinical data from our partners: the Shengjing hospi-
tal and the Maastricht Study. We statistically analyzed the association of the
extracted biomarkers with the presence of prediabetes and diabetes.

Based on:
S. Zhu, M. van Triest, M. Tong, T. Lamers, P. Han, W. Qian and B.M. ter Haar
Romeny. Retinal vascular tortuosity in hospitalized patients with type 2 diabetes
and diabetic retinopathy in China. Journal of Biomedical Science and Engineer-
ing, 9:143–154, 2016.

W. Li, M. Schram, T. Berendschot, J. Schouten, A. Kroon, C. van der Kallen,
R. Henry, A. Kostera, P. Dagnelie, N. Schaper, F. Huang, B. ter Haar Romeny, C.
Stehouwer , A. Houben. Prediabetes and diabetes are associated with wider retinal
arterioles and venules: the Maastricht study. Diabetologia, Oct 2018, supplement
1, (volume and page to be determined).
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5.1 Introduction

Diabetes mellitus (DM) is a chronic disease in which the high blood sugar concen-
tration is presented causing multiple complications in various organs. The world
diabetic population is reaching epidemic proportions, especially in Asia due to
fast lifestyle changes and genetic factors. People with all types of diabetes (type 1,
type 2, and gestational) are at risk for diabetic retinopathy (DR). Risk increases
the longer a person has diabetes. In the late stage of diabetes, medical treatment
is no longer effective to cure the disease, while patients can still recover from the
early diabetes. Many studies ([182, 202]) show that prevention of type 2 diabetes
mellitus (T2DM) would eliminate a large proportion of the risk for visual loss
from DR. Examination of retinas on patients diagnosed with T2DM is therefore
performed in order to check if the disease has not yet lead to DR (damage to the
retina due to T2DM). Thus, early detection is the key to prevention of these forms
of vision loss. However, the fact is that many cases still go unnoticed and are not
treated in time, especially in rural areas where few medical experts are present.

Many ocular and systemic diseases including T2DM and DR can cause ge-
ometrical or pathological changes in the retina. The retina is one of the only
places in the human body where the vascular system can be directly observed.
Clinical examination of the retina can be achieved via different techniques, among
which the retinal imaging through fundus photography provides a non-invasive
way to ophthalmologists for investigating different eye-related and systemic dis-
eases ([7]) including diabetic retinopathy, age-related macular degeneration, and
glaucoma ([14, 123, 197]). The advantage of retinal imaging is that it provides di-
rect access to the vascular abnormalities and enables further quantitative analysis
of the retinal vasculature.

As a major component of the retina, retinal blood vessels include rich geomet-
rical information and can provide important clinical biomarkers to assist ophthal-
mologists. Vessel caliber/width [91], tortuosity [27, 77] and fractal dimension [13]
changes of the retinal arteries and veins have been shown to be important indica-
tors for the assessment of diabetic disease. However, in the literature there is no
general consensus about retinal vasculature changes. For example, in Cheung et
al. ([37]) a positive, and in Sasongko et al. [167] a negative association of vessel
tortuosity with progression towards diabetes is found. Sasongko et al. suggested
that this inconsistency could be due to the duration of diabetes of the patients
involved: it might be that an increase in tortuosity only occurs after long exposure
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(over 10 years) to diabetes.
Due to the importance of the retinal vasculature, different computer-assisted

platforms were developed for the assessment of vascular changes, like the Eye-
Van (IVAN) [151], the Singapore I Vessel Assessment (SIVA) [145] and the Reti-
naCAD [47] . These softwares use different retinal vessel analysis methods for the
computer-aided diagnosis. Currently, there is an increasing need for early CAD
systems for automatic screening programs in different eye-related disease condi-
tions. Thus, advanced retinal vessel analysis techniques need to be developed to
set up more complete, reliable and quantitative CAD infrastructures.

We investigate the correlation between the set of geometric biomarkers with
the clinical metadata and type 2 diabetes status. In section 5.2, we study the
vascular curvature changes in hospitalized diabetic patients in China. Then in
section 5.3, we investigate the vascular changes in prediabetes and diabetes pa-
tients. At last, we applied the RHINO software on the retinal image dataset
collected by the Maastricht Study [169] to study the association of a spectrum of
vascular biomarkers and the diabetes status.

5.2 The Shengjing Study - The analysis of retinal
vascular tortuosity in hospitalized patients with
Type 2 Diabetes and Diabetic Retinopathy in
China

5.2.1 Introduction

Shengjing Hospital of China Medical University is a large, modern and digitalized
hospital. It has three campus, where the Nanhu Campus is the major one located
in Sanhao Street, ShenYang, Liaoning Province, China. In 2014, the RetinaCheck
group set up a collaboration with the Endocrinology department in the Shengjing
hospital, which receives approximate 10-30 diabetic patients every day, named the
Shengjing Study. The aim of Shengjing study is to apply the retinal image analysis
techniques on the fundus images acquired in the clinical department, to study and
validate the association between vascular changes and the progression of diabetes.

Previous studies reveal that the relation between vessel tortuosity and having
diabetes is less consistent. Sasongko et al. [167] found that the retinal vascular
tortuosity is positively associated with having diabetes, i.e. higher tortuosity is
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statistically correlated to a longer duration of diabetes. While Cheung et al. [37] re-
ported a negative relationship in his study. This conflict may due to the population
difference including the race, age, duration of diabetes and glycated hemoglobin
levels. While both of them found that retinal vascular tortuosity is associated with
multiple risk factors including the age, BMI and glycated hemoglobin level, which
suggests that changes in retinal vascular tortuosity may be an early pathology in-
dicator before the clinical manifestation of diabetic microvascular complications.

However in literature, the influence of diabetic risk factors on vessel tortuosity
are not investigated in Chinese hospitalized type 2 diabetic patients yet. There-
fore in this section, we aim to investigate the associations between retinal vascular
tortuosity, using the fully automatic and quantitative method introduced in sec-
tion 3.5 in retinal fundus photographs acquired in the Endocrinology department
of the Shengjing hospital, and a range of risk factors for diabetes and diabetic
retinopathy.

5.2.2 Materials

In this study, we selected in total 504 hospitalized type 2 diabetic patients, each of
which has good quality retinal photographs acquired in the clinic, in four months
(from January 2015 to May 2015). Written informed consent from each patient was
obtained. For the chosen patients, their demographic information such as name,
date of birth, gender was obtained from the patients Chinese identity (ID) card via
a self-designed reader system. The approximate date of diagnosis of diabetes was
asked by interview and recorded in the same database as the ID card information.
Diabetes duration was determined as the period from diagnosis of diabetes to the
date the retinal photographs were taken.

There were 270 males (57.6%) and 199 females (42.4%) with mean age of 51.4
± 12.8 years and diabetic duration of 6.97 ± 6.57 years. 10.3% of the patients
had cerebral vascular disease (CVD); 39.7% of patients were diagnosed with high
blood pressure; 35.3% of patients were smokers; and 18.3% were alcohol drinkers.
Furthermore, the fasting glucose was 9.32 ± 3.45 mmol/L; and 34.3% of patients
were with urine microalbuminuria >1.9 mg/dL; 27.8% of patients had a urine
albumin/creatinine ratio >30.

The previous history of hypertension, thrombosis, cardiovascular disease, smok-
ing history and drink history were accessible from the record of the hospital infor-
mation system (HIS). Clinical metadata such as fasting blood glucose level, serum
cholesterol, triglycerides, High-Density Lipoprotein (HDL), Low-Density Lipopro-
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tein (LDL), creatinine, glycated hemoglobin, and urine microalbumin, acquired
during the hospitalization, were also retrieved from the HIS. If one medical exam-
ination was performed multiple times, the results from the first test were used in
the statistical analysis.

The patients systolic blood pressure (SBP), diastolic blood pressure (DBP),
and brachial ankle pulse wave velocity (baPWV) were measured with a non-
invasive vascular screening device (model BP-203RPEIII, Omron Healthcare Eu-
rope B.V., Hoofddorp, the Netherlands). Body mass index (BMI) was calculated
by dividing the body weight (kg) by the square of height (m2) from the record
information before this examination. The blood pressure measured from the right
arm of the patients was used for the analysis.

Retinal photographs were taken from both eyes by following a standardized
protocol, e.g. nonmydriatic and fovea-centered, using an innovative and portable
laser-scanning ophthalmoscopy (SLO) camera (EasyScan, by i-Optics Inc., the
Hague, the Netherlands). After the images were taken, we manually graded the
quality of images regarding to the criterion that the vasculature could be clearly
observed. The image of the right eye of each patient was used for analysis, but if
the right eye image was not in good quality, the left one was used.

5.2.3 Methods

(1) Diabetic retinopathy grading

The grade of diabetic retinopathy was assessed from the retinal photographs by the
ophthalmologist according to the Early Treatment of Diabetic Retinopathy Study
(ETDRS) adaptation of the modified Airlie House classification [197]. Retinopathy
was defined as at least 1 micro-aneurysm or hemorrhage in either the left or the
right eye. In the current study, only the classification with or without retinopathy
of diabetic patients was evaluated.

(2) Tortuosity measurement

Retinal vascular tortuosity is measured using the exponential curvature metric
introduced in section 3.5. In this study, two tortuosity features were calculated:
the average and the standard deviation of the absolute curvature values weighted
by the vessel-enhanced map. Due to the difficulty in classifying artery/vein on
SLO images, which are acquired by a laser with single frequency (534 nm and
infrared) for the best vessel/background contrast, the tortuosity was calculated
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for both arteries and veins.

(3) Statistical analysis

A descriptive analysis for patients metadata was performed, and expressed as
mean ± std for continuous variables, and number (percentage) for categorical
variables. Since not all the meta-data were known for all the patients, the total
number of patients is bigger than the number of patients per characteristic. We
used Student’s t-test for continuous and normally distributed variables, the Mann-
Whitney U-test for continuous and skewed variables, and the Chi-square test for
categorical variables to assess differences in means or proportions between type 2
diabetic patients with and without DR.

In the linear regression analysis, the average and the standard deviation of
the tortuosity were regarded as dependent variables. Both of these variables were
checked for normality using the Kolmogorov-Smirnov test. First, univariable re-
gression analysis was performed with a general linear regression model. Further-
more, we constructed three models for the multivariable regression analysis: in
model 1, the variables age, duration of diabetes, HBP, HDL, and LDL were added;
model 2 additionally included the urine albumin/creatinine ratio, blood creatinine
and DR; model 3 included all variables in model 2 after excluding subjects with
DR.

All statistical analyses were carried out using IBM SPSS Statistics Version
22. The significance level for the above mentioned statistical analysis was set as
α = 0.05, and a p-value of < 0.05 (two-tailed) was considered as statistically sig-
nificant. The term “p-value" is used to refer to a probability of making a mistake
when rejecting a null hypothesis. The null hypothesis for the t-test is that the
biomarkers are not associated with the diabetes status. Thus, a p < 0.05 sug-
gests there is enough evidence supporting to accept the hypothesis, i.e. that the
biomarkers are associated with the diabetes status, has more than 95% probability
of being correct. In other words, we can draw the conclusion: the biomarkers are
significantly associated with the diabetes label.

5.2.4 Statistical results

The details of the statistical study can be found in the paper of Zhu et al. [215].
In summary, Zhu et al. found that the DR patients generally had older age, longer
duration of diabetes, higher baPWV, higher SBP, higher DBP, and were more
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likely to have higher retinal vascular tortuosity values (both mean and standard
deviation metric). On the other hand, no significant difference was found between
the two groups in terms of the glycated hemoglobin, BMI, cholesterol, fasting
glucose, urine albumin/creatinine ratio, triglyceride, LDL, HDL, thrombosis, high
blood pressure, smoking, and drinking (see Table 1 in [215]).

From a statistical point of view older age, longer diabetes duration, higher
baPWV, and diagnosed with high blood pressure, thrombosis and the presence of
DR were significantly associated with higher mean and standard deviation tortu-
osity (all P-values < 0.05). Moreover, they found that higher urine microalbumin-
uria and urine albumin/creatinine ratio significantly correlated with both higher
tortuosity measures (all p-values < 0.05). For the multivariable-adjusted linear
regression analysis, in model 1, patients with older age, or longer duration of dia-
betes had significantly higher tortuosity values both in the mean and the standard
deviation of tortuosity (all p-values < 0.05), after the adjustment for LDL, HDL,
and diagnosed high blood pressure.

In model 2, we added the factors related kidney failure and DR to the variables
based on the model 1. We found that higher tortuosity values were still significantly
associated with older age, longer duration, higher urine albumin/creatinine ratio
(all P-values < 0.05), while LDL was found negatively correlated with tortuosity.
These associations remained even after excluding the factor of DR in model 3.

5.2.5 Discussion

According to the findings introduced in the last section, we can conclude that, on
Chinese hospitalized type 2 diabetic patients, higher vascular tortuosity is inde-
pendently associated with older age, longer diabetic duration, and higher urine
albumin/creatinine ratio, after adjusting for the influence of DR (using model3).
This finding suggests that the vascular tortuosity is a highly interesting biomarker
for diabetes detection, as it is significantly associated to multiple risk factors of
diabetes. In addition, it is further supported by the finding using model 3, where
we removed the factor of DR, which means: before DR appears on the retina of
diabetic patients the tortuosity has already changed.
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5.3 The Maastricht study

5.3.1 Introduction

The Maastricht Study is an observational phenotype study that focuses on Type 2
Diabetes Mellitus and its classic complications (cardiovascular disease, nephropa-
thy, neuropathy and retinopathy). It comprises subjects living in the southern
part of the Netherlands and aims to include more than 10,000 participants. The
study uses advanced state-of-the-art imaging techniques and extensive biobanking
to take a full examination of each subject, which lasts within a time window of
about 3 months and provides complete medical records including 24-hour/7days
blood pressure, cardio respiratory fitness, urine analysis, kidney function and etc.,
and diabetic risk factors including the fasting glucose depletion rate, BMI, smok-
ing duration and etc. and fundus photography [169]. Written informed consent
was obtained from all participants, and the study was conducted in accordance
with the criteria of the Helsinki II Declaration.

The official collaboration between the RetinaCheck group, the Ophthalmology
department Maastricht University and the Maastricht Study began from 2013.
The joint project aims to develop a fully automatic retinal image analysis system
for processing the acquired images in the Maastricht Study, to extract classical
vascular biomarkers. The extracted biomarkers are studied together with the
medical records of the patients in order to have a better understanding on the
alteration mechanism of hyperglycemia on the circulation system.

All the retinal images were acquired using a non-mydriatic auto fundus camera
(Model AFC-230, Nidek) with a field of view of 45◦ (the same one was used for
the acquisition of 5 camera dataset introduced in section 4.1). The images were
acquired on both eyes of each patient, categorized fovea centered and optic disc
centered. The diabetes status for each patient was diagnosed into different stages:
(1) normal glucose metabolism (NGM); (2) pre-diabetes including both impaired
fasting glucose and glucose tolerance (PreDM); (3) type 2 diabetes (T2DM), which
is based on the result of a fasting glucose examination and an oral glucose tolerance
test (OGTT).

5.3.2 The association between retinal arterioles and venules calibers
and diabetes status
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(1) Introduction

Many clinical studies have shown that the change of retinal vessel caliber is asso-
ciated with the progress of a variety of systemic diseases. In diabetic retinopathy
(DR), narrowing on arterioles and the widening on venules is observed, which re-
sults in a lower arteriolar-to-venular diameter ratio (AVR) in DR patients [146,
180]. Moreover, a decrease on generalized arteriolar diameter is associated with a
higher risk for developing hypertension [144], and an increase on venular diameter
is associated to renal failure, system ic inflammation and stroke [180]. However,
many vessel caliber studies in literature report findings based on non-Caucasian
ethnicities. In this section, we present a retinal vessel caliber analysis using a
subset of retinal images from the Maastricht Study, that is, to investigate the as-
sociation of glucose metabolism status with retinal arteriolar and venular calibers
in a predominantly Caucasian population [115, 116].

(2) Materials

We selected a subset of the retinal images from the Maastricht Study. It con-
tains optic disc-centered images of 2339 subjects on either the left or right eye
(randomly determined). The images are of good quality, where the vasculature
and landmarks are clear enough for image processing and no distortions described
in section 2.1 presented. The study population contains 50.1% men and 49.9%
women aged 59.7±8.2 years and 98.5% of the population is Caucasian. It involves
1363 healthy subjects (NGM), 366 prediabetes subjects (preDM) and 610 type 2
diabetes subjects (T2DM). Medical records for each subject, including the age,
gender, cardiovascular risk factors including waist circumference, smoking status,
systolic-BP, lipid profile and the use of lipid-modifying and blood-pressure-lowering
medication. The eGFR, albuminuria, and prior CVD were also derived for adjust-
ment analysis.

(3) Methods

(3.1) CRAE, CRVE and AVR measurement
The vessel width is calculated using the RHINO software (introduced in sec-
tion 3.7). In summary, the software firstly segments the blood vessels, detects
the position of optic disc and determines the optic disc radius ODr. Then the
pixel-size is estimated using 1800/ODr (µm/pixel). Based on the centerlines of
the segmented vessels, their calibers are measured. Afterwards, the type of the ves-
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sels (artery/vein) is determined using the approach introduced in section 2.7 and
manually reviewed by human observers using the annotation module of RHINO.
At last, within the standard area of 0.5 to 1.0 optic disc diameter around the
disc center, the six largest arteries and veins are selected and their caliber values
are fed to the Knudtson’s revised formulas to obtain the CRAE, CRVE and AVR
values.

(3.2) Multivariate linear regression analysis
To investigate the association between the caliber biomarkers and the diabetes
status, we used the multivariate regression analysis, which fits a linear model to
the diabetes status:

Y = βpreDM · xpreDM + βT2DM · xT2DM +
n∑

βi=0
βi · xi, (5.1)

where Y is the CRAE/CRVE value, xpreDM and xT2DM are the binary labels for
the presence of preDM and T2DM (0: no; 1: yes) respectively, and xi are the
risk factors. βi is the slope of the regression line corresponding to the variable
xi. The variables (preDM,T2DM) indicate the diabetes status for each subject,
where for NGM: (0, 0); preDM: (1, 0) and T2DM: (0, 1). For normal subjects,
the CRAE/CRVE values are determined by the risk factor xi. For prediabetes or
diabetes subjects, the slope, βpreDM or βT2DM , indicates if the impaired glucose
metabolism leads to an increase (positive slope) or decrease (negative slope) in
vessel caliber, taking the values of NGM as reference.

To investigate the effect of multiple risk factors, we separate the study into
three models. In model 1, the age and gender were taken into account. In model 2,
the cardiovascular risk factors, including the waist circumference, smoking status,
systolic-BP, lipid profile and the use of lipid-modifying and/or blood-pressure-
lowering medication, are additionally added to model 1. In model 3, all risk
factors, introduced in section 5.3.2, were taken into account.

(4) Results

The results of the multivariate regression analysis are shown in Figure 5.1 in terms
of a box plot. In this figure, the horizontal axis represents the diabetes status and
different models, and the vertical axis represents the difference in vessel caliber
regarding to NGM, i.e. βpreDM and βT2DM . Note that the unit of the vertical axis
is µm, but it is not the actual width value but the difference with the normal ones.
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To give a better demonstration for the comparison, we add a small bar for the
NGM while its value is zero. The plots show that, after adjusting for the effects of
risk factors, both prediabetes patients and diabetes patients have generally larger
CRAE and CRVE versus healthy (normal glucose metabolism). As we can see
from the box plot, the arterioles are seriously effected by the hyperglycemia.

In prediabetes patients, with all risk factors adjusted (model 3), the difference
in CRAE values is slightly less than 1.0, and in type 2 diabetes patients, the
difference is above 3.0. It reveals that the prediabetes stage does not effect the
arterioles too much, while the influence dramatically grows when the patients step
into the diabetes stage. In addition, the box plots of model 1, 2 and 3 are similar
to each other, suggesting that cardio-risk factors do not effect arterioles very much.

For the venules, after all the risk factors were adjusted, the difference between
prediabetes and diabetes subjects is about 3.0 and 4.0, respectively. It shows that
the influence of hyperglycemia on the venules is less than on arterioles, because
as the hyperglycemia duration being longer, the increment of vein caliber is very
small. In addition, we can see that after adjusting for a set of risk factors (i.e.
model 2 and 3), the differences are slightly decreased, which means these risk
factors might effect the venous vessels. At last, for prediabetes patients, the vein
calibers have already shown a great difference compared to NGM, which suggests
that the influence of impaired glucose metabolism on venules might begin in the
very early stage and might be a powerful biomarker for early diabetes detection.

(5) Conclusion

This study on investigating the association between diabetes status and vascular
caliber suggests that prediabetes and diabetes are independently associated with
both wider retinal arterioles and venules, in a predominantly Caucasian popula-
tion. These findings support the concept that the microvascular dysfunction is an
early phenomenon in disturbed glucose metabolism.
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(a) (b)

Figure 5.1 – The box plots of multivariable adjusted difference analysis on retinal mi-
crovascular diameters between prediabetes and T2DM patients against NGM subjects.
Model 1: adjusted by age and gender; model 2: additionally adjusted by the cardio-
vascular risk factors; model 3: additionally adjusted by eGFR, albuminuria and prior
CVD.
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This thesis describes a computer-based fully automatic software for quanti-
tative analysis of vascular biomarkers and early retinal disease detection. Cere-
brovascular and cardiovascular diseases are the main cause of many diseases and
are also among the leading causes of death in developed countries. When affect-
ing the retina, these diseases are the main cause of blindness. Prevention is the
key to reduce their impact in public health. The retinal vasculature is the only
part of the human circulation system that can be observed easily, directly and
non-invasively via optical imaging of the eyes. Clinical research has demonstrated
that physiological and pathological alterations in the retinal vascular network are
significantly associated with a variety of worldwide major diseases such as diabetes
and atherosclerosis [7, 198]. Therefore, before traditional pathological symptoms,
like micro-aneurysms, exudates and hemorrhages appear and can be observed, the
retinal blood vessels have already been altered by early disease effects, alarming
the presence of eye diseases.

The vascular alterations can be quantitatively measured in terms of biomark-
ers, like the vessel width, vessel curvature, fractal dimension and bifurcation geom-
etry. These quantitative values are then statistically studied to investigate their
association with a set of disease risk factors and to find the potential of using them
for early detection. This thesis aims to prove that the changes in retinal blood
vessels could indeed be worthwhile early indicators for the presence of diseases.
A positive outcome of this hypothesis is a prerequisite for large clinical popula-
tion studies, where computer-based digital image analysis methods are required
as they save labor time and costs. This thesis proposes multiple image processing
techniques including image quality assessment, optic disc detection and segmenta-
tion, artery/vein classification, fractal dimension and vessel width measurement,
and integrating these modules with the other algorithms developed by the other
members in the RetinaCheck group, including vessel segmentation, bifurcation ex-
traction, vessel curvature measurement and bifurcation geometry measurement.
In addition, this thesis performs essential validation studies on the fractal mea-
surements and vessel width measurements to investigate their consistency when
interferences are introduced, as is common in non-ideal image acquisition. Finally,
this thesis performs two clinical studies of using the developed software to discover
relevant vascular biomarkers for early eye disease detection.

We proposed an image quality assessment approach to examine if the imported
image has good enough quality for processing. The approach consists of two
classification steps. It firstly determines if errors or artifacts are presented in the
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image using a supervised classifier. When errors are detected, a second classifier is
utilized to determine the type of errors, e.g. over/under exposure, blinking, dust
and dirt. The performance on a typical non-ideal dataset shows that the proposed
method is able to detect the presence of errors (with 95% accuracy), while has lower
accuracy (84%) in determining the exact type of errors. Since it is a supervised
method and the feature extraction step is rather simple, in real application the
proposed image quality assessment can be set as a complementary part to the
image acquisition step. When an erroneous image is taken, a notification can
immediately be sent to the operator and notify him of redoing the acquisition.
Therefore, even we obtain a lower performance at the second step, it does not
effect the a real application, while an improved second classification step is still
valuable. For example, when one wants to select the best fundus camera from
multiple brands and models sold on the market, he can perform a validation study
using the pipeline including the second classier to determine how often different
errors appear when repeatedly acquiring images.

We proposed an innovative super-elliptical filter (SEF) for elliptical convex
shapes detection in retinal images (i.e. the optic disc and the fovea). Further
more, in order to improve the performance, we pair two SEFs together, where the
filters are located with a certain distance to each other to detect the optic disc
and the fovea simultaneously. The evaluation is performed on 1200 images of the
MESSIDOR dataset containing both normal and pathological cases of diabetic
retinopathy and macular edema. The proposed approach achieves success rates
of 99.75% and 98.87% for the optic disc and fovea detection respectively and out-
performs or equals all known similar methods. The location and parameterization
of the optic disc and fovea are important steps in the processing pipeline. The
locations of optic disc and fovea can be used to determine several properties of
the image such as whether it was captured on the left or right eye, and whether
the image is fovea-centered or optic disc-centered. Additionally, the location and
the diameter of the optic disc are used to determine the region-of-interest for the
biomarkers analysis and the diameter is an important factor to estimate the pixel-
size of the image (most of the healthy subjects have an optic disc diameter of
around 1800 µm).

The retinal vasculature can be categorized into arteries and veins. The retinal
arteries and veins behave differently under pathological conditions, and their geo-
metrical changes are respectively considered as signs of several diseases. As such,
it is important to define and study biomarkers separately for arteries and veins.
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In this thesis, we have spent much effort to develop a robust and well-performing
artery/vein classification system. At the beginning, we propose a preprocessing
technique for enhancing the intensity difference between arteries and veins, as we
found that traditional preprocessing methods are not suitable for artery/vein clas-
sification. Therefore, we proposed a new enhancement method which gives better
performance than the traditional ones. Afterwards, we tried a spectrum of 455
features for artery/vein classification. We believed not all the features are useful
for artery/vein classification, so we applied a genetic-based feature selection tech-
nique to select the optimal subset of features for the classification. We evaluated
this method on both public datasets and multi-modalities datasets, and the perfor-
mance of pixel-wise classification is already comparable with the state-of-the-art
techniques proposed in literature, which exploited complicated graph analysis for
the classification. At last, due to the impressive performance of deep convolu-
tional neural network in pattern recognition, we investigated the capacity of using
deep learning in artery/vein classification. We adapt the concept of convolution
onto the graph representation yielding the graph convolutional network, since the
vasculature can be modeled as a graph representation and many state-of-the-art
techniques in literature are graph-based. We evaluated this graph convolutional
network with the dataset provided by our Maastricht clinical partner and we ob-
tained an average of 90% accuracy, which is comparable to the state-of-the-art
performance and has the potential to be used in clinical studies.

We integrated most of the image analysis techniques into a preprocessing
pipeline and we developed a user-friendly software named Retinal Health Infor-
mation and Notification system (RHINO). The fully automated modules include
vessel enhancement and segmentation, artery/vein classification, optic disc, fovea
and vessel junction detection, and bifurcation/crossing discrimination. Pipelining
these modules allow the assessment of several quantitative vascular biomarkers:
width, curvature, bifurcation geometry features and fractal dimension. Beside the
automatic processing modules, the software provides several annotation tools for
human observers to manually mark/modify the artery and vein label of the vessels,
mark optic disc and fovea, and delineate vessel centerlines. This function is crucial
in the second phase of the RetinaCheck project, where we validate and optimize
the proposed algorithms.

The validation phase aims to investigate the stability and reliability of the
developed algorithms. To this end, we set up a dedicated validation dataset which
contains retinal images of the same 12 subjects acquired by 5 different fundus
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cameras, with different modalities (RGB and SLO). Before using this dataset for
validation, we developed a multi-modal retinal registration technique to register
the images of various cameras together. On the registered images, the validations
of segmentation, width measurement and curvature measurement etc. are simpli-
fied as each vessel segment on one image is one-to-one corresponding to the same
segment on the other image.

Fractal dimension is a major category of vascular biomarkers that has been
studied for many years. However conflict findings are reported in literature. This
might be because the fractal is not a reliable measurement, prone to many fac-
tors such that it is not possible to provide a stable measurement. Therefore, we
investigate the stability of three traditional fractal dimension measurements by
adding interferences to the measurements. The experiments suggest that the clas-
sic fractal dimensions must be calculated under very strict conditions, and tiny
changes on the images and vessel segmentation can cause significant variations.
Thus measuring a reliable fractal dimension of the retinal vasculature is still an
open challenge.

Vessel width is another major category of biomarker that has been shown in
clinical studies to be significantly associated to disease progression and disease risk
factors. In this thesis we proposed a vessel width measurement which is based on a
multi-scale active contour approach on each of the vessel centerlines. The method
is implemented using parallel CUDA programming such that it computes the vessel
caliber for all vessels within a second. We also did a validation study, in which we
compare our tool with the well-known semi-automated IVAN software [151] and the
Vampire width annotation tool [158]. Experimental results show that our approach
is able to provide much faster and now fully automatic caliber measurements with
similar caliber measurement and comparable system error as the IVAN software.
It also shows that human-annotated caliber values are not reliable as the system
error is much greater than the caliber measured by computer algorithms.

To examine the potential of the RHINO software being utilized in clinical
studies, we developed a spectrum of vascular biomarkers and investigated their
association to diabetes progression. The first study is based on the data (including
both retinal images and clinical records) of hospitalized patients with Type 2
Diabetes in Shengjing Hospital, China, in terms of the vascular curvature changes.
The statistical results show that the curvature is a highly interesting biomarker
for diabetes detection, as it is significantly associated to multiple risk factors of
diabetes. The second study is based on a subset of the data of the Maastricht
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Study, the Netherlands in terms of vessel caliber-based biomarkers. It involves
both the caliber values obtained by validated methods and manually reviewed
artery and vein labels, thus the caliber based biomarkers are reliable. The results
of linear regression analysis show that both arterial widths and venous widths are
increased in patients with both prediabetes and diabetes, where diabetic caliber
values are much greater than prediabetic caliber values.
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In this thesis, we developed several essential retinal image processing mod-
ules and integrated them forming a complete computer-based processing pipeline
to extract well-known biomarkers for retinal disease detection. This pipeline in-
cludes the modules of image quality assessment, vessel segmentation, optic disc
detection and segmentation, artery/vein classification and the extraction of well-
known vascular biomarkers. We also focused on the validation of these biomarkers
to examine their effectiveness for early detection, since not all of these biomark-
ers are descriptive to disease progression and some of them might not be stable
enough to provide reliable information. For instance, we carefully examined the
fractal dimension measurement and found out that the fractal dimension is not a
stable and reliable measurement. We also examined the vessel width measurement
and compare with commonly used semi-automatic and fully manual software. We
found that our measurement is stable enough to provide reliable measurements.
Therefore, we were impressed by the results shown in section 5.3.2, where the
central retinal arterial equivalent (CRAE) and the central retinal venous equiva-
lent (CRVE) are both increased in prediabetic and type 2 diabetic patients with
respect to normal subjects.

When all the modules are carefully examined, the developed pipeline is able
to extract descriptive and reliable biomarkers and bring much benefit to a modern
healthcare system for early warning of systemic diseases and to prevent blindness.
For instance, the biomarkers computed by our software, in combination with tradi-
tional physical examination results like heart rate and blood pressure, can provide
useful assistance to eye doctors, endocrinologists and even local family doctors,
who have few expertise in systemic diseases, for the diagnosis. And in terms of a
large eCloud health screening program, the pipeline is able to provide simple and
cost-effective measurement on subject’s health status, e.g. as the body mass index
is a simple estimation of underweight or overweight by dividing the mass (kg) by
the squared of the height (meter2). And similarly, the extracted vascular biomark-
ers are also simple and fully automatic measurements for subjects to estimate the
risk of having cardiovascular and systemic diseases.

The recent fast growth of deep learning applications also brings new promises
for retinal image analysis. The development of deep learning is moving very fast,
and it is clear that many traditional theories and paradigms will be replaced. Our
step-by-step pipeline is rather time consuming and somewhat prone to systematic
errors created in every module. The deep learning is able to learn non-handcrafted
biomarkers from a huge amount of data and use them for discrimination tasks, in-
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stead of traditional handcrafted biomarkers. A deep convolutional neural network
utilizes effective convolution kernels which are directly shaped by the training
data [80, 93, 106, 177]. It utilizes successive layers including the convolutional
layer for feature extraction, rectifying and the max-pooling layers for reducing the
data and a fully connected layer for classification and decision [168]. To train a
convolutional network, error back-propagation is used to update the parameters of
the convolutional layers and the fully connected layers according to the decrease
of a loss function. The successive layers forms a deep network architecture, which
allows the extraction of contextual features from the data.

Deep learning has already shown impressive performance in diabetic retinopa-
thy detection [75, 160]. In 2015, we began to start our deep learning project by
participating in the diabetic retinopathy detection competition, which was orga-
nized by Kaggle 1, an online platform for predictive modeling and analytics compe-
titions. At the time we were new to deep learning but still achieved the 17th rank
out of 661 participants showing the great potential of deep convolutional networks
in eye disease detection. For early disease detection with no pathology symptoms
present, the capability of deep learning still needs more investigation. Poplin et
al. [159] used deep learning to discover new knowledge from retinal images. They
attempted to train a network, using data from 284,335 patients, and validating on
two independent datasets of 12,026 and 999 patients, to predict multiple cardio-
vascular risk factors such as subject age, gender, smoking status, HbA1c, systolic
blood pressure and major adverse cardiac events. These risk factors were thought
to be present or quantifiable in retinal images, either related to the vasculature, the
optic disc or nonspecific image features. They found that the retinal vasculature
reveals information about the age, smoking status and systolic blood pressure, the
optic disc reveals information about the gender and non specific features reveals
information about the diastolic blood pressure and body mass index (BMI).

Based on the recent developments in deep learning-based techniques, we be-
lieve that the combination of a quantitative traditional processing pipeline and
deep learning is the future of retinal image analysis. Traditional processing mod-
ules, such as vessel segmentation, provide enormous amounts of training data for
deep learning training, as manual annotation done by human observers is not effi-
cient enough. In addition, a soft segmentation map can be used as an extra input
to a neural network to focus the learning on the vasculature only. Regular process-
ing pipelines are typically computationally time consuming. One future research

1https://www.kaggle.com/c/diabetic-retinopathy-detection
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topic could be using deep learning to learn the output of traditional biomarkers
using only the retinal image, e.g. learn to detect increases of local vascular tor-
tuosity. A successfully-trained network can then, on deployment, obtain a full
spectrum of biomarkers directly from the original images in less than a second,
since it is convolution-based, avoiding complicated processing steps.

Moreover, deep learning has already shown great capacity in dealing with nat-
ural language [43], facial expression [210], and speech emotions recognition [100].
In not too far future, an artificial doctor will very likely be developed that can
not only incorporate lots of metadata and image data, but also like a real doctor
can observe the body language of patients, like their facial expression and speech
emotions, and taking these information into account to make the diagnosis. Such
a digital doctor requires little salary, learns fast, is never tired, is continuously
improving when more data is being collected and would be very likely to replace
a large part of the daily work flow of classical doctors.

7

190



Bibliography

[1] MESSIDOR: Methods for Evaluating Segmentation and Indexing techniques
Dedicated to Retinal Ophthalmology. http://messidor.crihan.fr, 2004.

[2] University of Huelva, Spain: Expert system for early automated
detection of DR by analysis of digital retinal images project.
http://www.uhu.es/retinopathy/muestras2.php, 2012.

[3] American Diabetes Association, 2015. http://www.diabetes.org/diabetes-
basics/symptoms/.

[4] S. Abbasi-Sureshjani, I. Smit-Ockeloen, E. J. Bekkers, B. Dashtbozorg, and
B. M. ter Haar Romeny. Automatic detection of vascular bifurcations and
crossings in retinal images using orientation scores. In IEEE 13th Inter-
national Symposium on Biomedical Imaging (ISBI), pages 189–192. IEEE,
2016.

[5] S. Abbasi-Sureshjani, I. Smit-Ockeloen, J. Zhang, and B. T. H. Romeny.
Biologically-inspired supervised vasculature segmentation in SLO retinal
fundus images. In International Conference Image Analysis and Recogni-
tion, pages 325–334. Springer, 2015.

[6] S. Abbasi-Sureshjani, I. Smit-Ockeloen, J. Zhang, and B. ter Haar Romeny.
Biologically-inspired supervised vasculature segmentation in SLO retinal
fundus images. In International Conference Image Analysis and Recogni-
tion ICIAR 2016, volume 9164 of LNCS, pages 325–334. Springer, 2015.

[7] M. D. Abràmoff, M. K. Garvin, and M. Sonka. Retinal imaging and image
analysis. IEEE Reviews in Biomedical Engineering, 3:169–208, 2010.

[8] K. Adal, P. van Etten, J. Martinez, K. Rouwen, L. J. van Vliet, and K. A.
Vermeer. Automated detection and classification of longitudinal retinal
changes due to micro-aneurysms for diabetic retinopathy screening. Inves-
tigative Ophthalmology & Visual Science, 57(12):3403–3403, 2016.



Bibliography

[9] B. Al-Diri and A. Hunter. Automated measurements of retinal bifurcations.
In World Congress on Medical Physics and Biomedical Engineering, Septem-
ber 7-12, 2009, Munich, Germany, pages 205–208. Springer, 2009.

[10] B. Al-Diri, A. Hunter, and D. Steel. An active contour model for segment-
ing and measuring retinal vessels. IEEE Transactions on Medical imaging,
28(9):1488–1497, 2009.

[11] D. M. Alexander and C. van Leeuwen. Mapping of contextual modulation in
the population response of primary visual cortex. Cognitive Neurodynamics,
4(1):1–24, 2010.

[12] A. A. Alghadyan. Diabetic retinopathy–an update. Journal of Ophthalmol-
ogy, 25(2):99–111, 2011.

[13] B. Aliahmad, D. K. Kumar, M. G. Sarossy, and R. Jain. Relationship be-
tween diabetes and grayscale fractal dimensions of retinal vasculature in the
Indian population. BMC Ophthalmology, 14(1):152–157, 2014.

[14] N. Amerasinghe, T. Aung, N. Cheung, C. W. Fong, J. J. Wang, P. Mitchell,
S.-M. Saw, and T. Y. Wong. Evidence of retinal vascular narrowing in
glaucomatous eyes in an asian population. Investigative Ophthalmology &
Visual Science, 49(12):5397–5402, 2008.

[15] American Diabetes Association. Diabetes, volume 15. Publisher: American
Diabetes Association, 1966.

[16] American Diabetes Association. Type 2 diabetes. McGraw-Hill / Contem-
porary, 1997.

[17] American Diabetes Association. 2. Classification and diagnosis of diabetes.
Diabetes Care, 38(Supplement 1):S8–S16, 2015.

[18] A. Andronache, M. von Siebenthal, G. Székely, and P. Cattin. Non-rigid
registration of multi-modal images using both mutual information and cross-
correlation. Medical Image Analysis, 12(1):3–15, 2008.

[19] A. Aquino. Establishing the macular grading grid by means of fovea centre
detection using anatomical-based and visual-based features. Computers in
Biology and Medicine, 55:61–73, 2014.

192



Bibliography

[20] A. Aquino, M. E. Gegundez, and D. Marin. Automated optic disc detection
in retinal images of patients with diabetic retinopathy and risk of macular
edema. International Journal of Biological and Life Sciences, 8(2):87–92,
2012.

[21] G. Azzopardi, N. Strisciuglio, M. Vento, and N. Petkov. Trainable COSFIRE
filters for vessel delineation with application to retinal images. Medical Image
Analysis, 19(1):46–57, 2015.

[22] R. Baltussen, M. Sylla, and S. P. Mariotti. Cost-effectiveness analysis of
cataract surgery: a global and regional analysis. Bulletin of the World Health
Organization, 82(5):338–345, 2004.

[23] H. Bay, A. Ess, T. Tuytelaars, and L. Van Gool. Speeded-up robust features
(SURF). Computer Vision and Image Understanding, 110(3):346–359, 2008.

[24] E. Bekkers, R. Duits, and B. M. ter Haar Romeny. Optic nerve head detec-
tion via group correlations in multi-orientation transforms. Lecture Notes in
Computer Science, 8815:293–302, 2014.

[25] E. J. Bekkers, D. Chen, and J. M. Portegies. Nilpotent approximations of
sub-Riemannian distances for fast perceptual grouping of blood vessels in
2D and 3D. arXiv preprint arXiv:1707.02811, 2017.

[26] E. J. Bekkers, R. Duits, T. T. J. M. Berendschot, and B. M. ter
Haar Romeny. A multi-orientation analysis approach to retinal vessel track-
ing. Journal of Mathematical Imaging and Vision, pages 1–28, 2014.

[27] E. J. Bekkers, J. Zhang, R. Duits, and B. M. ter Haar Romeny. Curvature-
based biomarkers for diabetic retinopathy via exponential curve fits in SE(2).
In Proceedings of the Ophthalmic Medical Image Analysis Second Interna-
tional Workshop, OMIA 2015, held in conjunction with MICCAI 2015, Mu-
nich, Germany, October 9, 2015, pages 113–120. Iowa Research Online,
2015.

[28] R. Broe, M. L. Rasmussen, U. Frydkjaer-Olsen, B. S. Olsen, H. B.
Mortensen, T. Peto, and J. Grauslund. Retinal vascular fractals predict long-
term microvascular complications in type 1 diabetes mellitus: the danish
cohort of pediatric diabetes 1987 (DCPD1987). Diabetologia, 57(10):2215–
2221, 2014.

193



Bibliography

[29] T. Brox and J. Malik. Large displacement optical flow: descriptor matching
in variational motion estimation. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 33(3):500–513, 2011.

[30] A. Can, C. V. Stewart, B. Roysam, and H. L. Tanenbaum. A feature-
based technique for joint, linear estimation of high-order image-to-mosaic
transformations: mosaicing the curved human retina. IEEE Transactions
on Pattern Analysis and Machine Intelligence, 24(3):412–419, 2002.

[31] V. Caselles, R. Kimmel, and G. Sapiro. Geodesic active contours. Interna-
tional Journal of Computer Vision, 22(1):61–79, 1997.

[32] R. Castillo, E. Castillo, D. Fuentes, M. Ahmad, A. M. Wood, M. S. Ludwig,
and T. Guerrero. A reference dataset for deformable image registration
spatial accuracy evaluation using the copdgene study archive. Physics in
Medicine & Biology, 58(9):2861, 2013.

[33] P. C. Cattin, H. Bay, L. Van Gool, and G. Székely. Retina mosaicing using
local features. In International Conference on Medical Image Computing
and Computer-Assisted Intervention, pages 185–192. Springer, 2006.

[34] N. Chapman, G. Dell’Omo, M. S. Sartini, N. Witt, A. Hughes, S. Thom,
and R. Pedrinelli. Peripheral vascular disease is associated with abnormal
arteriolar diameter relationships at bifurcations in the human retina. Clinical
Science, 103(2):111–116, 2002.

[35] N. Chapman, A. Mohamudally, A. Cerutti, A. Stanton, A. A. Sayer,
C. Cooper, D. Barker, A. Rauf, J. Evans, R. Wormald, et al. Retinal vascu-
lar network architecture in low-birth-weight men. Journal of Hypertension,
15(12):1449–1454, 1997.

[36] L. Chen, Y. Xiang, Y. Chen, and X. Zhang. Retinal image registration
using bifurcation structures. In Image Processing (ICIP), 2011 18th IEEE
International Conference on, pages 2169–2172. IEEE, 2011.

[37] C. Y. Cheung, E. Lamoureux, M. K. Ikram, M. B. Sasongko, J. Ding,
Y. Zheng, P. Mitchell, J. J. Wang, and T. Y. Wong. Retinal vascular ge-
ometry in asian persons with diabetes and retinopathy. Journal of Diabetes
Science and Technology, 6(3):595–605, 2012.

194



Bibliography

[38] C. Y. L. Cheung, Y. Zheng, W. Hsu, M. L. Lee, Q. P. Lau, P. Mitchell,
J. J. Wang, R. Klein, and T. Y. Wong. Retinal vascular tortuosity, blood
pressure, and cardiovascular risk factors. Ophthalmology, 118(5):812–818,
2011.

[39] N. Cheung, K. C. Donaghue, G. Liew, S. L. Rogers, J. J. Wang, S.-W. Lim,
A. J. Jenkins, W. Hsu, M. L. Lee, and T. Y. Wong. Quantitative assessment
of early diabetic retinopathy using fractal analysis. Diabetes Care, 32(1):106–
110, 2009.

[40] F. R. K. Chung. Spectral graph theory. Number 92. American Mathematical
Soc., 1997.

[41] A. V. Cideciyan. Registration of ocular fundus images: an algorithm using
cross-correlation of triple invariant image descriptors. IEEE Engineering in
Medicine and Biology Magazine, 14(1):52–58, 1995.

[42] A. Cifor, L. Risser, D. Chung, E. M. Anderson, and J. A. Schnabel. Hybrid
feature-based diffeomorphic registration for tumor tracking in 2-D liver ul-
trasound images. IEEE Transactions on Medical Imaging, 32(9):1647–1656,
2013.

[43] R. Collobert and J. Weston. A unified architecture for natural language
processing: Deep neural networks with multitask learning. In Proceedings
of the 25th International Conference on Machine Learning, pages 160–167.
ACM, 2008.

[44] N. Dalal and B. Triggs. Histograms of oriented gradients for human detec-
tion. In Computer Vision and Pattern Recognition, 2005. CVPR 2005. IEEE
Computer Society Conference on, volume 1, pages 886–893. IEEE, 2005.

[45] B. Dashtbozorg, A. M. Mendonça, and A. Campilho. An automatic graph-
based approach for artery/vein classification in retinal images. IEEE Trans-
actions onImage Processing, 23(3):1073–1083, 2014.

[46] B. Dashtbozorg, A. M. Mendonça, and A. Campilho. Optic disc segmen-
tation using the sliding band filter. Computers in Biology and Medicine,
56(0):1 – 12, 2015.

195



Bibliography

[47] B. Dashtbozorg, A. M. Mendonça, S. Penas, and A. Campilho. RetinaCAD,
a system for the assessment of retinal vascular changes. In Engineering
in Medicine and Biology Society (EMBS), 2014 36th Annual International
Conference of the IEEE, pages 6328–6331. IEEE, 2014.

[48] B. Dashtbozorg, J. Zhang, S. Abbasi, F. Huang, and B. M. ter Haar Romeny.
Retinal health information and notification system (RHINO). In SPIE Med-
ical Imaging, pages 1013437 (1–6). International Society for Optics and Pho-
tonics, 2017.

[49] B. Dashtbozorg, J. Zhang, F. Huang, and B. M. ter Haar Romeny. Auto-
matic optic disc and fovea detection in retinal images using super-elliptical
convergence index filters. In Image Analysis and Recognition, Lecture Notes
in Computer Science, volume 9730, pages 697–706. Springer, 2016.

[50] B. Dashtzbozorg, A. M. Mendonça, S. Penas, and A. Campilho. Computer-
aided diagnosis system for the assessment of retinal vascular changes. In
Proceedings of the Ophthalmic Medical Image Analysis First International
Workshop, OMIA 2014, Held in Conjunction with MICCAI 2014., pages
9–16. Iowa Research Online, 2014.

[51] E. Decenciere, X. Zhang, G. Cazuguel, B. Laÿ, B. Cochener, C. Trone,
P. Gain, J.-R. Ordónez-Varela, P. Massin, A. Erginay, et al. Feedback on
a publicly distributed image database: the MESSIDOR database. Image
Analysis and Stereology, pages 231–234, 2014.

[52] M. Defferrard, X. Bresson, and P. Vandergheynst. Convolutional neural
networks on graphs with fast localized spectral filtering. In Advances in
Neural Information Processing Systems, pages 3844–3852, 2016.

[53] D. Drobnjak, I. C. Munch, C. Glümer, K. Faerch, L. Kessel, M. Larsen,
and N. C. B. B. Veiby. Retinal vessel diameters and their relationship with
cardiovascular risk and all-cause mortality in the Inter99 eye study: A 15-
year follow-up. Journal of Ophthalmology, Article ID 6138659:1–8, 2016.

[54] R. Duits, M. Felsberg, G. Granlund, and B. M. ter Haar Romeny. Image
analysis and reconstruction using a wavelet transform constructed from a re-
ducible representation of the euclidean motion group. International Journal
of Computer Vision, 72(1):79–102, 2007.

196



Bibliography

[55] Early Treatment Diabetic Retinopathy Study Research Group et al. Fundus
photographic risk factors for progression of diabetic retinopathy: ETDRS
report number 12. Ophthalmology, 98(5):823–833, 1991.

[56] A. E. Eiben, J. E. Smith, et al. Introduction to evolutionary computing,
volume 53. Springer, 2003.

[57] K. Eppenhof, E. Bekkers, T. T. J. M. Berendschot, J. P. W. Pluim, and
B. M. ter Haar Romeny. Retinal artery/vein classification via graph cut
optimization. In Proceedings of the Ophthalmic Medical Image Analysis Sec-
ond International Workshop, OMIA 2015, held in conjunction with MICCAI
2015, Iowa Research Online, Munich, Germany, pages 121–128. Iowa Re-
search Online, 2015.

[58] R. Estrada, M. J. Allingham, P. S. Mettu, S. W. Cousins, C. Tomasi, and
S. Farsiu. Retinal artery-vein classification via topology estimation. IEEE
Transactions on Medical Imaging, 34(12):2518–2534, 2015.

[59] K. Falconer. Fractal geometry: mathematical foundations and applications.
John Wiley & Sons, 2004.

[60] F. Family, B. R. Masters, and D. E. Platt. Fractal pattern formation in hu-
man retinal vessels. Physica D: Nonlinear Phenomena, 38(1):98–103, 1989.

[61] M. Felsberg and G. Sommer. The monogenic signal. IEEE Transactions on
Signal Processing, 49(12):3136–3144, 2001.

[62] M. Foracchia, E. Grisan, and A. Ruggeri. Luminosity and contrast normal-
ization in retinal images. Medical Image Analysis, 9(3):179–190, 2005.

[63] A. F. Frangi, W. J. Niessen, K. L. Vincken, and M. A. Viergever. Multiscale
vessel enhancement filtering. In Medical Image Computing and Computer-
Assisted Intervention — MICCAI’98: First International Conference Cam-
bridge, MA, USA, October 11–13, 1998 Proceedings, volume 1496, pages
130–137. Springer, 1998.

[64] E. Franken and R. Duits. Crossing-preserving coherence-enhancing diffusion
on invertible orientation scores. International Journal of Computer Vision,
85(3):253, 2009.

197



Bibliography

[65] M. M. Fraz, P. Remagnino, A. Hoppe, B. Uyyanonvara, A. R. Rudnicka,
C. G. Owen, and S. A. Barman. An ensemble classification-based approach
applied to retinal blood vessel segmentation. IEEE Transactions on Biomed-
ical Engineering, 59(9):2538–2548, 2012.

[66] U. Frydkjaer-Olsen, R. Soegaard Hansen, R. Simó, J. Cunha-Vaz, T. Peto,
J. Grauslund, et al. Correlation between retinal vessel calibre and neurode-
generation in patients with type 2 diabetes mellitus in the European con-
sortium for the early treatment of diabetic retinopathy (EUROCONDOR).
Ophthalmic Research, 56(1):10–16, 2016.

[67] M. E. Gegundez-Arias, D. Marin, J. M. Bravo, and A. Suero. Locating
the fovea center position in digital fundus images using thresholding and
feature extraction techniques. Computerized Medical Imaging and Graphics,
37(5):386–393, 2013.

[68] A. Giachetti, L. Ballerini, E. Trucco, and P. J. Wilson. The use of radial
symmetry to localize retinal landmarks. Computerized Medical Imaging and
Graphics, 37(5):369–376, 2013.

[69] P. Gogate and M.Wood. Recognizing ‘high-risk’ eyes before cataract surgery.
Community Eye Health, 21(65):12, 2008.

[70] M. Golabbakhsh and H. Rabbani. Vessel-based registration of fundus and
optical coherence tomography projection images of retina using a quadratic
registration model. IET Image Processing, 7(8):768–776, 2013.

[71] B. I. Gramatikov. Modern technologies for retinal scanning and imaging: an
introduction for the biomedical engineer. Biomedical Engineering Online,
13(1):52, 2014.

[72] J. Grauslund, A. Green, R. Kawasaki, L. Hodgson, A. K. Sjølie, and T. Y.
Wong. Retinal vascular fractals and microvascular and macrovascular com-
plications in type 1 diabetes. Ophthalmology, 117(7):1400–1405, 2010.

[73] E. Grisan, M. Foracchia, and A. Ruggeri. A novel method for the automatic
grading of retinal vessel tortuosity. IEEE Transactions on Medical Imaging,
27(3):310–319, 2008.

198



Bibliography

[74] K. Guan, C. Hudson, T. Wong, M. Kisilevsky, R. K. Nrusimhadevara, W. C.
Lam, M. Mandelcorn, R. G. Devenyi, and J. G. Flanagan. Retinal hemody-
namics in early diabetic macular edema. Diabetes, 55(3):813–818, 2006.

[75] V. Gulshan, L. Peng, M. Coram, M. Stumpe, D. Wu, A. Narayanaswamy,
S. Venugopalan, K. Widner, T. Madams, J. Cuadros, et al. Development and
validation of a deep learning algorithm for detection of diabetic retinopathy
in retinal fundus photographs. JAMA, 316(22):2402–2410, 2016.

[76] Z. Guo and R. W. Hall. Parallel thinning with two-subiteration algorithms.
Communications of the ACM, 32(3):359–373, 1989.

[77] H. C. Han. Twisted blood vessels: symptoms, etiology and biomechanical
mechanisms. Journal of Vascular Research, 49(3):185–197, 2012.

[78] W. E. Hart, M. Goldbaum, B. Côté, P. Kube, and M. R. Nelson. Measure-
ment and classification of retinal vascular tortuosity. International Journal
of Medical Informatics, 53(2-3):239–252, 1999.

[79] D. Harte. Multifractals: theory and applications. CRC Press, 2001.

[80] K. He, X. Zhang, S. Ren, and J. Sun. Identity mappings in deep residual
networks. In European Conference on Computer Vision, pages 630–645,
2016.

[81] M. P. Heinrich, M. Jenkinson, M. Bhushan, T. Matin, F. V. Gleeson,
M. Brady, and J. A. Schnabel. Mind: Modality independent neighbourhood
descriptor for multi-modal deformable registration. Medical Image Analysis,
16(7):1423–1435, 2012.

[82] Q. Hu, M. D. Abràmoff, and M. K. Garvin. Automated separation of bi-
nary overlapping trees in low-contrast color retinal images. In Medical Im-
age Computing and Computer-Assisted Intervention – MICCAI 2013: 16th
International Conference, Nagoya, Japan, September 22-26, 2013, Proceed-
ings, Part II, volume 8150, pages 436–443. Springer, 2013.

[83] Q. Hu, M. D. Abràmoff, and M. K. Garvin. Automated construction of
arterial and venous trees in retinal images. Journal of Medical Imaging,
2(4):1–6, 2015.

199



Bibliography

[84] F. Huang, B. Dashtbozorg, T. Tan, and B. M. ter Haar Romeny. Retinal
artery/vein classification using genetic-search feature selection. Computer
Methods and Programs in Biomedicine, 161:197–207, 2018.

[85] F. Huang, B. Dashtbozorg, A. K. S. Yeung, J. Zhang, T. T. Berendschot, and
B. M. ter Haar Romeny. A comparative study towards the establishment of
an automatic retinal vessel width measurement technique. In Fetal, Infant
and Ophthalmic Medical Image Analysis, pages 227–234. Springer, 2017.

[86] F. Huang, B. Dashtbozorg, J. Zhang, E. J. Bekkers, S. Abbasi-Sureshjani,
T. T. J. M. Berendschot, and B. M. ter Haar Romeny. Reliability of using
retinal vascular fractal dimension as a biomarker in the diabetic retinopathy
detection. Journal of Ophthalmology, ID6259047, 2016.

[87] F. Huang, B. Dashtbozorg, J. Zhang, A. Yeung, T. T. J. M. Berendschot,
and B. M. ter Haar Romeny. Validation study on retinal vessel caliber
measurement technique. In European Congress on Computational Methods
in Applied Sciences and Engineering, pages 818–826. Springer, 2017.

[88] F. Huang, J. Zhang, E. J. Bekkers, B. Dashtbozorg, and B. M. ter
Haar Romeny. Stability analysis of fractal dimension in retinal vascula-
ture. In X. Chen, M. K. Garvin, J. Liu, E. Trucco, and Y. Xu, editors,
Proceedings of the Ophthalmic Medical Image Analysis Second International
Workshop, OMIA 2015 Held in Conjunction with MICCAI 2015, LNCS,
pages 1–8. Springer, 2015.

[89] L. D. Hubbard, R. J. Brothers, W. N. King, L. X. Clegg, R. Klein, L. S.
Cooper, A. R. Sharrett, M. D. Davis, and J. Cai. Methods for evaluation of
retinal microvascular abnormalities associated with hypertension/sclerosis in
the atherosclerosis risk in communities study. Ophthalmology, 106(12):2269–
2280, 1999.

[90] D. H. Hubel and T. N. Wiesel. Receptive fields, binocular interaction and
functional architecture in the cat’s visual cortex. The Journal of Physiology,
160(1):106–154, 1962.

[91] M. K. Ikram, F. J. de Jong, M. J. Bos, J. R. Vingerling, A. Hofman, P. J.
Koudstaal, P. T. V. M. de Jong, and M. M. B. Breteler. Retinal vessel
diameters and risk of stroke the Rotterdam study. Neurology, 66(9):1339–
1343, 2006.

200



Bibliography

[92] N. E. Institute. Facts about diabetic eye disease. National Institutes of
Health (NIH).

[93] S. Ioffe and C. Szegedy. Batch normalization: Accelerating deep network
training by reducing internal covariate shift. In International Conference on
Machine Learning, pages 448–456, 2015.

[94] D. J. Jobson, Z.-U. Rahman, and G. A. Woodell. A multiscale retinex for
bridging the gap between color images and the human observation of scenes.
IEEE Transactions on Image Processing, 6(7):965–976, 1997.

[95] V. S. Joshi, J. M. Reinhardt, M. K. Garvin, and M. D. Abràmoff. Automated
method for identification and artery-venous classification of vessel trees in
retinal vessel networks. PloS ONE, 9(2):1–12, 2014.

[96] V. S. Joshi, J. M. Reinhardt, M. K. Garvin, and M. D. Abràmoff. Automated
method for identification and artery-venous classification of vessel trees in
retinal vessel networks. PloS one, 9(2):e88061, 2014.

[97] A. A. Kalitzeos, G. Y. Lip, and R. Heitmar. Retinal vessel tortuosity mea-
sures and their applications. Experimental Eye Research, 106:40–46, 2013.

[98] E.-F. Kao, P.-C. Lin, M.-C. Chou, T.-S. Jaw, and G.-C. Liu. Automated
detection of fovea in fundus images based on vessel-free zone and adap-
tive Gaussian template. Computer Methods and Programs in Biomedicine,
117(2):92–103, 2014.

[99] Y. Kassim, V. Prasath, O. Glinskii, V. Glinsky, V. Huxley, and K. Palaniap-
pan. Microvasculature segmentation of arterioles using deep cnn. In 2017
IEEE International Conference on Image Processing (ICIP), pages 580–584.
IEEE, 2017.

[100] Y. Kim, H. Lee, and E. M. Provost. Deep learning for robust feature gen-
eration in audiovisual emotion recognition. In Acoustics, Speech and Signal
Processing (ICASSP), 2013 IEEE International Conference on, pages 3687–
3691. IEEE, 2013.

[101] T. N. Kipf and M. Welling. Semi-supervised classification with graph con-
volutional networks. arXiv preprint arXiv:1609.02907, 2016.

201



Bibliography

[102] M. D. Knudtson, K. E. Lee, L. D. Hubbard, T. Y. Wong, R. Klein, and
B. E. K. Klein. Revised formulas for summarizing retinal vessel diameters.
Current Eye Research, 27(3):143–149, 2003.

[103] H. Kobatake and S. Hashimoto. Convergence index filter for vector fields.
IEEE Transactions on Image Processing, 8(8):1029–1038, 1999.

[104] R. Kolar, L. Kubecka, and J. Jan. Registration and fusion of the autoflu-
orescent and infrared retinal images. International Journal of Biomedical
Imaging, 2008, 2008.

[105] A. Krizhevsky, I. Sutskever, and G. E. Hinton. ImageNet classification with
deep convolutional neural networks. In Advances in Neural Information
Processing Systems, pages 1097–1105, 2012.

[106] A. Krizhevsky, I. Sutskever, and G. E. Hinton. Imagenet classification with
deep convolutional neural networks. In Advances in Neural Information
Processing Systems, pages 1097–1105, 2012.

[107] M. Lalonde, L. Gagnon, and M.-C. Boucher. Automatic visual quality assess-
ment in optical fundus images. In Proceedings of Vision Interface, volume 32,
pages 259–264. Ottawa, 2001.

[108] B. S. Lam, Y. Gao, and A. W.-C. Liew. General retinal vessel segmentation
using regularization-based multiconcavity modeling. IEEE Transactions on
Medical Imaging, 29(7):1369–1381, 2010.

[109] Y. LeCun, L. Bottou, Y. Bengio, and P. Haffner. Gradient-based learning
applied to document recognition. Proceedings of the IEEE, 86(11):2278–
2324, 1998.

[110] S. C. Lee and Y. Wang. Automatic retinal image quality assessment and
enhancement. In Medical Imaging 1999: Image Processing, volume 3661,
pages 1581–1591. International Society for Optics and Photonics, 1999.

[111] P. A. Legg, P. L. Rosin, D. Marshall, and J. E. Morgan. Improving accuracy
and efficiency of mutual information for multi-modal retinal image registra-
tion using adaptive probability density estimation. Computerized Medical
Imaging and Graphics, 37(7-8):597–606, 2013.

202



Bibliography

[112] H. Li and O. Chutatape. Automated feature extraction in color retinal
images by a model based approach. IEEE Transactions on biomedical engi-
neering, 51(2):246–254, 2004.

[113] L. J. Li, K. H. Tan, I. M. Aris, R. E. K. Man, A. T. L. Gan, Y. S. Chong,
S. M. Saw, P. Gluckman, T. Y. Wong, and E. Lamoureux. Retinal vascula-
ture and 5-year metabolic syndrome among women with gestational diabetes
mellitus. Metabolism, 2017.

[114] T.-G. Li, S. Wang, and N. Zhao. Fractal research of pathological tissue
images. Computerized Medical Imaging and Graphics, 31(8):665–671, 2007.

[115] W. Li, M. Schram, T. Berendschot, J. Schouten, A. Kroon, C. van der
Kallen, R. Henry, A. Kostera, P. Dagnelie, N. Schaper, F. Huang, B. ter
Haar Romeny, C. Stehouwer, and A. Houben. Prediabetes and diabetes are
associated with wider retinal arterioles and venule: The Maastricht Study. In
54th Annual Meeting of the European Association for the Study of Diabetes,
pages 1–2, October 2018.

[116] W. Li, M. Schram, T. Berendschot, J. Schouten, A. Kroon, C. van der
Kallen, R. Henry, A. Kostera, P. Dagnelie, N. Schaper, F. Huang, B. ter
Haar Romeny, C. Stehouwer, and A. Houben. Prediabetes and diabetes are
associated with wider retinal arterioles and venule: The Maastricht Study.
Diabetologia, 1:1–2, 2018. In press.

[117] Y. Li, G. Gregori, R. W. Knighton, B. J. Lujan, and P. J. Rosenfeld. Regis-
tration of oct fundus images with color fundus photographs based on blood
vessel ridges. Optics Express, 19(1):7–16, 2011.

[118] Z. Li, F. Huang, J. Zhang, B. Dashtbozorg, S. Abbasi-Sureshjani, Y. Sun,
X. Long, Q. Yu, B. ter Haar Romeny, and T. Tan. Multi-modal and multi-
vendor retina image registration. Biomedical Optics Express, 9(2):410–422,
2018.

[119] Z. Li, D. Mahapatra, J. A. W. Tielbeek, J. Stoker, L. J. van Vliet, and F. M.
Vos. Image registration based on autocorrelation of local structure. IEEE
Transactions on Medical Imaging, 35(1):63–75, 2016.

[120] L. S. Liebovitch and T. Toth. A fast algorithm to determine fractal dimen-
sions by box counting. Physics Letters A, 141(8):386–390, 1989.

203



Bibliography

[121] J. I. Lim. Age-related macular degeneration. CRC Press, 2007.

[122] L. S. Lim, M. L. Chee, C. Y. Cheung, and T. Y. Wong. Retinal vessel geom-
etry and the incidence and progression of diabetic retinopathy. Investigative
Ophthalmology & Visual Science, 58(6):BIO200–BIO205, 2017.

[123] L. S. Lim, P. Mitchell, J. M. Seddon, F. G. Holz, and T. Y. Wong. Age-
related macular degeneration. The Lancet, 379(9827):1728–1738, 2012.

[124] P. Liskowski and K. Krawiec. Segmenting retinal blood vessels with deep
neural networks. IEEE Transactions on Medical Imaging, 35(11):2369–2380,
2016.

[125] D. G. Lowe. Distinctive image features from scale-invariant keypoints. In-
ternational journal of computer vision, 60(2):91–110, 2004.

[126] S. Lu. Accurate and efficient optic disc detection and segmentation by a cir-
cular transformation. IEEE Transactions on Medical Imaging, 30(12):2126–
2133, 2011.

[127] J. Ma, J. Jiang, J. Chen, C. Liu, and C. Li. Multimodal retinal image
registration using edge map and feature guided Gaussian mixture model.
In Visual Communications and Image Processing (VCIP), 2016, pages 1–4.
IEEE, 2016.

[128] T. J. MacGillivray and N. Patton. A reliability study of fractal analysis
of the skeletonised vascular network using the" box-counting" technique. In
Engineering in Medicine and Biology Society, 2006. EMBS’06. 28th Annual
International Conference of the IEEE, pages 4445–4448. IEEE, 2006.

[129] T. J. MacGillivray, E. Trucco, J. R. Cameron, B. Dhillon, J. Houston, and
E. J. R. Van Beek. Retinal imaging as a source of biomarkers for diagnosis,
characterization and prognosis of chronic illness or long-term conditions. The
British Journal of Radiology, 87(1040):20130832, 2014.

[130] B. B. Mandelbrot. The fractal geometry of nature, volume 173. Macmillan,
1983.

[131] D. Marin, M. E. Gegundez-Arias, A. Suero, and J. M. Bravo. Obtaining
optic disc center and pixel region by automatic thresholding methods on

204



Bibliography

morphologically processed fundus images. Computer Methods and Programs
in Biomedicine, 118(2):173–185, 2015.

[132] A. McGowan, G. Silvestri, E. Moore, V. Silvestri, C. C. Patterson, A. P.
Maxwell, and G. J. McKay. Evaluation of the retinal vasculature in hyper-
tension and chronic kidney disease in an elderly population of Irish nuns.
PloS one, 10(9):e0136434, 2015.

[133] E. Meijering, M. Jacob, J. C. F. Sarria, P. l. Steiner, H. Hirling, and
M. Unser. Design and validation of a tool for neurite tracing and analy-
sis in fluorescence microscopy images. Cytometry Part A, 58(2):167–176,
2004.

[134] A. M. Mendonça, A. Sousa, L. Mendonça, and A. Campilho. Automatic lo-
calization of the optic disc by combining vascular and intensity information.
Computerized Medical Imaging and Graphics, 37(5):409–417, 2013.

[135] M. B. M. Mendonça, C. A. A. Garcia, R. A. Nogueira, M. A. F. Gomes,
M. M. Valença, and F. Oréfice. Fractal analysis of retinal vascular tree:
segmentation and estimation methods. Arquivos Brasileiros de Oftalmologia,
70(3):413–422, 2007.

[136] A. M. Mendonça and A. Campilho. Segmentation of retinal blood vessels
by combining the detection of centerlines and morphological reconstruction.
Medical Imaging, IEEE Transactions on, 25(9):1200–1213, 2006.

[137] N. T. Miloevic, G. N. Elston, B. Krstonoic, and N. Rajkovic. Box-count
analysis of two dimensional images: methodology, analysis and classification.
In 19th International Conference onControl Systems and Computer Science
(CSCS), pages 306–312. IEEE, 2013.

[138] M. S. Miri, M. D. Abràmoff, Y. H. Kwon, and M. K. Garvin. Multimodal
registration of SD-OCT volumes and fundus photographs using histograms
of oriented gradients. Biomedical Optics Express, 7(12):5252–5267, 2016.

[139] Q. Mirsharif, F. Tajeripour, and H. Pourreza. Automated characterization of
blood vessels as arteries and veins in retinal images. Computerized Medical
Imaging and Graphics, 37(7):607–617, 2013.

205



Bibliography

[140] A. Mittal, A. K. Moorthy, and A. C. Bovik. No-reference image quality
assessment in the spatial domain. IEEE Transactions on Image Processing,
21(12):4695–4708, 2012.

[141] A. K. Moorthy and A. C. Bovik. Blind image quality assessment: From
natural scene statistics to perceptual quality. IEEE Transactions on Image
Processing, 20(12):3350–3364, 2011.

[142] C. D. Murray. The physiological principle of minimum work I. The vascular
system and the cost of blood volume. Proceedings of the National Academy
of Sciences, 12(3):207–214, 1926.

[143] W. A. Mustafa, H. Yazid, and S. B. Yaacob. Illumination correction of
retinal images using superimpose low pass and Gaussian filtering. In 2nd
International Conference on Biomedical Engineering, pages 1–4, 2015.

[144] A. S. Neubauer, M. Luedtke, C. Haritoglou, S. Priglinger, and A. Kampik.
Retinal vessel analysis reproducibility in assessing cardiovascular disease.
Optometry and Vision Science, 85(4):E247–E254, 2008.

[145] E. Y. K. Ng, U. R. Acharya, J. S. Suri, and A. Campilho. Image Analysis
and Modeling in Ophthalmology. CRC Press, 2014.

[146] T. T. Nguyen and T. Y. Wong. Retinal vascular changes and diabetic
retinopathy. Current Diabetes Reports, 9(4):277–283, 2009.

[147] M. Niemeijer, M. D. Abràmoff, and B. van Ginneken. Fast detection of the
optic disc and fovea in color fundus photographs. Medical Image Analysis,
13(6):859–870, 2009.

[148] M. Niemeijer, J. Staal, B. van Ginneken, M. Loog, and M. D. Abràmoff.
Comparative study of retinal vessel segmentation methods on a new publicly
available database. In Medical Imaging 2004, pages 648–656. International
Society for Optics and Photonics, 2004.

[149] M. Niemeijer, B. van Ginneken, and M. D. Abràmoff. Automatic classifica-
tion of retinal vessels into arteries and veins. In Proc. SPIE Medical Imaging,
pages 72601F–72601F. International Society for Optics and Photonics, 2009.

206



Bibliography

[150] M. Niemeijer, B. van Ginneken, and M. D. Abràmoff. Automatic determi-
nation of the artery vein ratio in retinal images. In SPIE Medical Imaging,
pages 76240I–76240I. International Society for Optics and Photonics, 2010.

[151] M. Niemeijer, X. Xu, A. Dumitrescu, P. Gupta, B. van Gin-
neken, J. Folk, and M. D. Abràmoff. INSPIRE-AVR: Iowa nor-
mative set for processing images of the retina-artery vein ratio.
http://webeye.ophth.uiowa.edu/component/k2/item/270, 2011.

[152] M. Niemeijer, X. Xu, A. V. Dumitrescu, P. Gupta, B. van Ginneken, J. C.
Folk, and M. D. Abràmoff. Automated measurement of the arteriolar-to-
venular width ratio in digital color fundus photographs. IEEE Transactions
on Medical Imaging, 30(11):1941–1950, 2011.

[153] S. Niu, Q. Chen, H. Shen, L. de Sisternes, and D. L. Rubin. Registration of
sd-oct en-face images with color fundus photographs based on local patch
matching. 2014.

[154] T. Ojala, M. Pietikainen, and T. Maenpaa. Multiresolution gray-scale and
rotation invariant texture classification with local binary patterns. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 24(7):971–987,
2002.

[155] D. Onkaew, R. Turior, B. Uyyanonvara, N. Akinori, and C. Sinthanayothin.
Automatic retinal vessel tortuosity measurement using curvature of im-
proved chain code. In Electrical, Control and Computer Engineering (IN-
ECCE), 2011 International Conference on, pages 183–186. IEEE, 2011.

[156] M. Ortega, N. Barreira, J. Novo, M. G. Penedo, A. Pose-Reino, and
F. Gómez-Ulla. SIRIUS: a web-based system for retinal image analysis.
International Journal of Medical Informatics, 79(10):722–732, 2010.

[157] C. S. Pereira, H. Fernandes, A. M. Mendonça, and A. Campilho. Detection
of lung nodule candidates in chest radiographs. In Pattern Recognition and
Image Analysis, pages 170–177. Springer, 2007.

[158] A. Perez-Rovira, T. MacGillivray, E. Trucco, K. S. Chin, K. Zutis, C. Lu-
pascu, D. Tegolo, A. Giachetti, P. J. Wilson, A. Doney, et al. VAMPIRE:

207



Bibliography

vessel assessment and measurement platform for images of the retina. In En-
gineering in Medicine and Biology Society EMBS, 2011 annual international
conference of the IEEE, pages 3391–3394. IEEE, 2011.

[159] R. Poplin, A. V. Varadarajan, K. Blumer, Y. Liu, M. V. McConnell, G. S.
Corrado, L. Peng, and D. R. Webster. Prediction of cardiovascular risk fac-
tors from retinal fundus photographs via deep learning. Nature Biomedical
Engineering, 2(3):158, 2018.

[160] G. Quellec, K. Charrière, Y. Boudi, B. Cochener, and M. Lamard. Deep
image mining for diabetic retinopathy screening. Medical Image Analysis,
39:178–193, 2017.

[161] H. A. Quigley, A. E. Brown, J. D. Morrison, and S. M. Drance. The size and
shape of the optic disc in normal human eyes. Archives of Ophthalmology,
108(1):51–57, 1990.

[162] A. Reichenbach, A. Siegel, D. Senitz, and T. G. Smith. A comparative fractal
analysis of various mammalian astroglial cell types. Neuroimage, 1(1):69–77,
1992.

[163] A. Rényi. On the dimension and entropy of probability distributions. Acta
Mathematica Academiae Scientiarum Hungarica, 10(1-2):193–215, 1959.

[164] D. Ristanović, B. D. Stefanović, and N. Puškaš. Fractal analysis of dendrite
morphology using modified box-counting method. Neuroscience Research,
84:64–67, 2014.

[165] N. Ritter, R. Owens, J. Cooper, R. H. Eikelboom, and P. P. Van Saarloos.
Registration of stereo and temporal images of the retina. IEEE Transactions
on Medical Imaging, 18(5):404–418, 1999.

[166] O. Ronneberger, P. Fischer, and T. Brox. U-net: Convolutional networks
for biomedical image segmentation. In International Conference on Medi-
cal Image Computing and Computer-Assisted Intervention, pages 234–241.
Springer, 2015.

[167] M. B. Sasongko, T. Y. Wong, T. T. Nguyen, C. Y. Cheung, J. E. Shaw,
and J. J. Wang. Retinal vascular tortuosity in persons with diabetes and
diabetic retinopathy. Diabetologia, 54(9):2409–2416, 2011.

208



Bibliography

[168] J. Schmidhuber. Deep learning in neural networks: An overview. Neural
Networks, 61:85–117, 2015.

[169] M. T. Schram, S. J. S. Sep, C. J. van der Kallen, P. C. Dagnelie, A. Koster,
N. Schaper, R. M. A. Henry, and C. D. A. Stehouwer. The Maastricht
Study: an extensive phenotyping study on determinants of type 2 diabetes,
its complications and its comorbidities. European Journal of Epidemiology,
29(6):439–451, 2014.

[170] G. Shakhnarovich, T. Darrell, and P. Indyk. Nearest-neighbor methods in
learning and vision: theory and practice (neural information processing).
The MIT press, 2006.

[171] E. Shechtman and M. Irani. Matching local self-similarities across images
and videos. In IEEE Conference on Computer Vision and Pattern Recogni-
tion, 2007. CVPR’07, pages 1–8. IEEE, 2007.

[172] T. F. Sherman. On connecting large vessels to small. The meaning of Mur-
ray’s law. The Journal of General Physiology, 78(4):431–453, 1981.

[173] D. Shier, J. Butler, and R. Lewis. Human anatomy and physiology. McGraw-
Hill Boston, MA, USA, 2001.

[174] Y. U. Shin, S. E. Lee, H. Cho, M. H. Kang, and M. Seong. Analysis of
peri-papillary retinal vessel diameter in unilateral normal-tension glaucoma.
Journal of Ophthalmology, 2017, 2017.

[175] J. V. Soares, J. J. G. Leandro, R. M. Cesar, H. F. Jelinek, and M. J. Cree.
Retinal vessel segmentation using the 2-D Gabor wavelet and supervised
classification. Medical Imaging, IEEE Transactions on, 25(9):1214–1222,
2006.

[176] A. Sotiras, C. Davatzikos, and N. Paragios. Deformable medical image regis-
tration: A survey. IEEE Transactions on Medical Imaging, 32(7):1153–1190,
2013.

[177] N. Srivastava, G. E. Hinton, A. Krizhevsky, I. Sutskever, and R. Salakhut-
dinov. Dropout: a simple way to prevent neural networks from overfitting.
Journal of Machine Learning Research, 15(1):1929–1958, 2014.

209



Bibliography

[178] J. Staal, M. D. Abràmoff, M. Niemeijer, M. A. Viergever, and B. van Gin-
neken. Ridge-based vessel segmentation in color images of the retina. Medical
Imaging, IEEE Transactions on, 23(4):501–509, 2004.

[179] C. V. Stewart, C.-L. Tsai, and B. Roysam. The dual-bootstrap iterative
closest point algorithm with application to retinal image registration. IEEE
Transactions on Medical Imaging, 22(11):1379–1394, 2003.

[180] C. Sun, J. J. Wang, D. A. Mackey, and T. Y. Wong. Retinal vascular caliber:
systemic, environmental, and genetic associations. Survey of Ophthalmology,
54(1):74–95, 2009.

[181] B. M. ter Haar Romeny, E. J. Bekkers, J. Zhang, S. Abbasi-Sureshjani,
F. Huang, R. Duits, B. Dashtbozorg, T. T. J. M. Berendschot, I. Smit-
Ockeloen, K. A. J. Eppenhof, J. Feng, J. Hannink, J. Schouten, M. Tong,
H. Wu, H. W. van Triest, S. Zhu, D. Chen, W. He, L. Xu, P. Han, and
Y. Kang. Brain-inspired algorithms for retinal image analysis. Machine
Vision and Applications, 27(8):1117–1135, 2016.

[182] J. Tuomilehto, J. Lindström, J. G. Eriksson, T. T. Valle, H. Hämäläinen,
P. Ilanne-Parikka, S. Keinänen-Kiukaanniemi, M. Laakso, A. Louheranta,
M. Rastas, et al. Prevention of type 2 diabetes mellitus by changes in lifestyle
among subjects with impaired glucose tolerance. New England Journal of
Medicine, 344(18):1343–1350, 2001.

[183] R. Uppaluri, E. A. Hoffman, M. Sonka, P. G. Hartley, G. W. Hunninghake,
and G. McLennan. Computer recognition of regional lung disease patterns.
American Journal of Respiratory and Critical Care Medicine, 160(2):648–
654, 1999.

[184] E. S. Varnousfaderani, S. Yousefi, A. Belghith, and M. H. Goldbaum. Lumi-
nosity and contrast normalization in color retinal images based on standard
reference image. In SPIE Medical Imaging, pages 1–6, 2016.

[185] S. G. Vázquez, B. Cancela, N. Barreira, M. G. Penedo, M. Rodríguez-Blanco,
M. P. Seijo, G. C. de Tuero, M. A. Barceló, and M. Saez. Improving retinal
artery and vein classification by means of a minimal path approach. Machine
Vision and Applications, 24(5):919–930, 2013.

210



Bibliography

[186] S. G. Vazquez, B. Cancela, N. Barreira, M. G. Penedo, and M. Saez. On the
automatic computation of the arterio-venous ratio in retinal images: Using
minimal paths for the artery/vein classification. In 2010 International Con-
ference on Digital Image Computing: Techniques and Applications (DICTA),
pages 599–604. IEEE, 2010.

[187] A. Wainwright, G. Liew, G. Burlutsky, E. Rochtchina, Y. P. Zhang, W. Hsu,
J. M. Lee, T. Y. Wong, P. Mitchell, and J. J. Wang. Effect of image quality,
color, and format on the measurement of retinal vascular fractal dimension.
Investigative Ophthalmology & Visual Science, 51(11):5525–5529, 2010.

[188] B. Wasan, A. Cerutti, S. Ford, and R. Marsh. Vascular network changes in
the retina with age and hypertension. Journal of Hypertension, 13(12):1724–
1728, 1995.

[189] R. H. Webb, G. W. Hughes, and F. C. Delori. Confocal scanning laser
ophthalmoscope. Applied Optics, 26(8):1492–1499, 1987.

[190] J. Wei, Y. Hagihara, and H. Kobatake. Detection of cancerous tumors on
chest X-ray images - Candidate detection filter and its evaluation. In IEEE
International Conference on Image Processing, volume 3, pages 397–401,
1999.

[191] R. Welikala, P. Foster, P. Whincup, A. Rudnicka, C. Owen, D. Strachan,
S. Barman, et al. Automated arteriole and venule classification using deep
learning for retinal images from the uk biobank cohort. Computers in Biology
and Medicine, 90:23–32, 2017.

[192] T. Williams and J. Wilkinson. Position of the fovea centralis with respect
to the optic nerve head. Optometry & Vision Science, 69(5):369–377, 1992.

[193] T. D. Williams and J. M. Wilkinson. Position of the fovea centralis with
respect to the optic nerve head. Optometry & Vision Science, 69(5):369–377,
1992.

[194] C. Willings. Non-verbal communication. Teaching Visually Impaired.

[195] C. M. Wilson, K. D. Cocker, M. J. Moseley, C. Paterson, S. T. Clay, W. E.
Schulenburg, M. D. Mills, A. L. Ells, K. H. Parker, G. E. Quinn, et al. Com-
puterized analysis of retinal vessel width and tortuosity in premature infants.
Investigative Ophthalmology & Visual Science, 49(8):3577–3585, 2008.

211



Bibliography

[196] A. Wong, D. A. Clausi, and P. Fieguth. Cpol: Complex phase order likeli-
hood as a similarity measure for MR-CT registration. Medical Image Anal-
ysis, 14(1):50–57, 2010.

[197] T. Y. Wong, N. Cheung, W. T. Tay, J. J. Wang, T. Aung, S. M. Saw, S. C.
Lim, E. S. Tai, and P. Mitchell. Prevalence and risk factors for diabetic
retinopathy: the Singapore Malay Eye Study. Ophthalmology, 115(11):1869–
1875, 2008.

[198] T. Y. Wong, F. A. Islam, R. Klein, B. E. Klein, M. F. Cotch, C. Castro,
A. R. Sharrett, and E. Shahar. Retinal vascular caliber, cardiovascular
risk factors, and inflammation: the multi-ethnic study of atherosclerosis
(MESA). Investigative Ophthalmology & Visual Science, 47(6):2341–2350,
2006.

[199] T. Y. Wong, R. Klein, F. M. A. Islam, M. F. Cotch, A. R. Folsom, B. E. K.
Klein, A. R. Sharrett, and S. Shea. Diabetic retinopathy in a multi-ethnic co-
hort in the United States. American Journal of Ophthalmology, 141(3):446–
455, 2006.

[200] T. Y. Wong, R. Klein, A. R. Sharrett, B. B. Duncan, D. J. Couper, B. E. K.
Klein, L. D. Hubbard, and F. J. Nieto. Retinal arteriolar diameter and risk
for hypertension. Annals of Internal Medicine, 140(4):248–255, 2004.

[201] T. Y. Wong, A. Shankar, R. Klein, B. E. Klein, and L. D. Hubbard. Prospec-
tive cohort study of retinal vessel diameters and risk of hypertension. Britisch
Medical Journal, 329(7457):79, 2004.

[202] World-Health-Organization. Prevention of blindness from diabetes mellitus:
report of a WHO consultation in Geneva, Switzerland, 9-11 November 2005.
World Health Organization, 2006.

[203] J. Xu, O. Chutatape, E. Sung, C. Zheng, and P. C. T. Kuan. Optic disk
feature extraction via modified deformable model technique for glaucoma
analysis. Pattern recognition, 40(7):2063–2076, 2007.

[204] X. Xu, W. Ding, M. D. Abràmoff, and R. Cao. An improved arteriovenous
classification method for the early diagnostics of various diseases in retinal
image. Computer Methods and Programs in Biomedicine, 141:3–9, 2017.

212



Bibliography

[205] J. W. Y. Yau, R. Kawasaki, F. M. A. Islam, J. Shaw, P. Zimmet, J. J. Wang,
and T. Y. Wong. Retinal fractal dimension is increased in persons with
diabetes but not impaired glucose metabolism: the Australian Diabetes,
Obesity and Lifestyle (AusDiab) study. Diabetologia, 53(9):2042–2045, 2010.

[206] Z. Yi and S. Soatto. Nonrigid registration combining global and local statis-
tics. In Computer Vision and Pattern Recognition, 2009. CVPR 2009. IEEE
Conference on, pages 2200–2207. IEEE, 2009.

[207] Y. Yin, M. Adel, and S. Bourennane. Retinal vessel segmentation using a
probabilistic tracking method. Pattern Recognition, 45(4):1235–1244, 2012.

[208] H. Yu, E. S. Barriga, C. Agurto, S. Echegaray, M. S. Pattichis, W. Bauman,
and P. Soliz. Fast localization and segmentation of optic disk in retinal
images using directional matched filtering and level sets. IEEE Transactions
on Information Technology in Biomedicine, 16(4):644–657, 2012.

[209] H. Yu, S. Barriga, C. Agurto, S. Echegaray, M. Pattichis, G. Zamora,
W. Bauman, and P. Soliz. Fast localization of optic disc and fovea in retinal
images for eye disease screening. In SPIE Medical Imaging, pages 796317–
796317. International Society for Optics and Photonics, 2011.

[210] Z. Yu and C. Zhang. Image based static facial expression recognition with
multiple deep network learning. In Proceedings of the 2015 ACM on Inter-
national Conference on Multimodal Interaction, pages 435–442. ACM, 2015.

[211] A. Zamperini, A. Giachetti, E. Trucco, and K. S. Chin. Effective features
for artery-vein classification in digital fundus images. In 25th International
Symposium on Computer-Based Medical Systems (CBMS), pages 1–6. IEEE,
2012.

[212] J. Zhang, E. J. Bekkers, S. Abbasi, B. Dashtbozorg, and B. M. ter
Haar Romeny. Robust and fast vessel segmentation via Gaussian derivatives
in orientation scores. In V. Murino and E. Puppo, editors, Image Analy-
sis and Processing — ICIAP 2015, volume 9279 of LNCS, pages 537–547.
Springer, 2015.

[213] J. Zhang, B. Dashtbozorg, E. J. Bekkers, J. P. W. Pluim, R. Duits, and B. M.
ter Haar Romeny. Robust retinal vessel segmentation via locally adaptive

213



Bibliography

derivative frames in orientation scores. IEEE Transactions on Medical Imag-
ing, 35(12):2631–2644, 2016.

[214] K. Zhang, E. Zhang, J. Li, and G. Chen. Retinal image automatic regis-
tration based on local bifurcation structure. In Image and Signal Process-
ing, BioMedical Engineering and Informatics (CISP-BMEI), International
Congress on, pages 1418–1422. IEEE, 2016.

[215] S. Zhu, M. van Triest, M. Tong, T. Lamers, P. Han, W. Qian, and B. M.
ter Haar Romeny. Retinal vascular tortuosity in hospitalized patients with
type 2 diabetes and diabetic retinopathy in China. Journal of Biomedical
Science and Engineering, 9:143–154, 2016.

214



Bibliography

Publications

Journal papers:

[1] F. Huang, B. Dashtbozorg, T. Tan, and B. M. ter Haar Romeny. Retinal
artery/vein classification using genetic-search feature selection. Computer
Methods and Programs in Biomedicine, 161:197–207, 2018.

[2] F. Huang, B. Dashtbozorg, and B. M. ter Haar Romeny. Artery/vein
classification using reflection features in retina fundus images. Machine
Vision and Applications, 29(1):23–34, 2018.

[3] F. Huang, Z. Li, J. Zhang, B. Dashtbozorg, S. Abbasi-Sureshjani, Y.
Sun, X. Long, Q. Yu, B. ter Haar Romeny, and T. Tan. Multi-modal
and multi-vendor retina image registration. Biomedical Optics Express,
9(2):410–422, 2018.

[4] F. Huang, B. Dashtbozorg, J. Zhang, E. J. Bekkers, S. Abbasi-Sureshjani,
T. T. J. M. Berendschot, and B. M. ter Haar Romeny. Reliability of using
retinal vascular fractal dimension as a biomarker in the diabetic retinopathy
detection. Journal of Ophthalmology, ID6259047:1–13, 2016.

[5] B. Dashtbozorg, J. Zhang, F. Huang, and B. M. ter Haar Romeny.
Retinal micro-aneurysms detection using local convergence index features.
IEEE Transactions on Image Processing, 27(7):3300–3315, 2018.

[6] B. M. ter Haar Romeny, E. J. Bekkers, J. Zhang, S. Abbasi-Sureshjani,
F. Huang, R. Duits, B. Dashtbozorg, T. T. J. M. Berendschot, I. Smit-
Ockeloen, K. A. J. Eppenhof, J. Feng, J. Hannink, J. Schouten, M. Tong,
H. Wu, H. W. van Triest, S. Zhu, D. Chen, W. He, L. Xu, P. Han, and Y.
Kang. Brain-inspired algorithms for retinal image analysis. Machine Vision
and Applications, 27(8):1117–1135, 2016.

[7] B. Dashtbozorg, J. Zhang, F. Huang, and B. M. ter Haar Romeny. Au-
tomatic optic disc and fovea detection in retinal images using super-elliptical
convergence index filters. In Image Analysis and Recognition, Lecture Notes
in Computer Science, volume 9730, pages 697–706. Springer, 2016.

[8] F. Huang, B. Dashtbozorg, T. Tan, and B. M. ter Haar Romeny. Retinal
artery/vein classification using a graph convolutional neural network, 2018.
In preparation.

215



Bibliography

[9] J. Zhang, B. Dashtbozorg, F. Huang, T. T. J. M. Berendschot, T.
Tan, and B. M. ter Haar Romeny. Analysis of retinal vascular biomarkers
for early detection of diabetes. Computer Methods in Biomechanics and
Biomedical Engineering, 2018. Under revision.

Conference papers:

[10] F. Huang, B. Dashtbozorg, A. K. S. Yeung, J. Zhang, T. T. Berend-
schot, and B. M. ter Haar Romeny. A comparative study towards the es-
tablishment of an automatic retinal vessel width measurement technique.
In Fetal, Infant and Ophthalmic Medical Image Analysis: Proceedings of
the Ophthalmic Medical Image Analysis Second International Workshop,
OMIA 2017, held in conjunction with MICCAI 2017, Quebec City, Canada,
September 11, 2017, volume 10554 of Lecture Notes in Computer Science,
pages 227–234. Springer, 2017.

[11] F. Huang, B. Dashtbozorg, J. Zhang, A. Yeung, T. T. J. M. Berend-
schot, and B. M. ter Haar Romeny. Validation study on retinal vessel
caliber measurement technique. In Proc. European Congress on Compu-
tational Methods in Applied Sciences and Engineering, VipIMAGE 2017,
Porto, Portugal, volume 27 of Lecture Notes in Computational Vision and
Biomechanics, pages 818–826. Springer, 2017.

[12] F. Huang, T. T. J. M. Berendschot, and B. M. ter Haar Romeny.
Multiple fundus features in early diabetes detection. In Proc. of the Conf.
for Dutch ICT-research in the Netherlnds (ICT-Open 2015), 2015.

[13] F. Huang, J. Zhang, E. J. Bekkers, B. Dashtbozorg, and B. M. ter Haar
Romeny. Stability analysis of fractal dimension in retinal vasculature. In
Proceedings of the Ophthalmic Medical Image Analysis Second International
Workshop, OMIA 2015 Held in Conjunction with MICCAI 2015, LNCS,
pages 1–8. Springer, 2015.

[14] B. Dashtbozorg, S. Abbasi-Sureshjani, J. Zhang, F. Huang, E. J.
Bekkers, and B. M. ter Haar Romeny. Infrastructure for retinal image
analysis. In Proceedings of the Ophthalmic Medical Image Analysis Second
International Workshop, OMIA 2016, Held in Conjunction with MICCAI
2016, Athens, Greece, October 17th, 2015., pages 105–112. Iowa Research
Online, 2016.

216



Bibliography

[15] B. Dashtbozorg, J. Zhang, S. Abbasi, F. Huang, and B. M. ter Haar
Romeny. Retinal health information and notification system (RHINO). In
Proc. SPIE Medical Imaging, pages 1013437 (1–6). International Society
for Optics and Photonics, 2017.

[16] B. Dashtbozorg, J. Zhang, F. Huang, and B. M. ter Haar Romeny. Au-
tomatic optic disc and fovea detection in retinal images using superelliptical
convergence index filters. In Intern. Conf. on Image Analysis and Recog-
nition, volume 9730 of Lecture Notes in Computer Science, pages 697–706.
Springer, 2016.

[17] B. Dashtbozorg, J. Zhang, F. Huang, and B. M. ter Haar Romeny.
Retinacheck: an interactive platform for retinal image analysis. In Proc.
13th IEEE International Symposium on Biomedical Imaging (ISBI 2016),
Prague, Czech Republic, April 2016.

[18] J. Zhang, B. Dashtbozorg, F. Huang, T. T. J. M. Berendschot, T.
Tan, and B. M. ter Haar Romeny. Analysis of retinal vascular biomarkers
for early detection of diabetes. In Proc. European Congress on Compu-
tational Methods in Applied Sciences and Engineering, VipIMAGE 2017,
Porto, Portugal, volume 27 of Lecture Notes in Computational Vision and
Biomechanics, pages 811–817, Springer, 2017.

217



Bibliography

About the author

Fan Huang (born 27 December 1988, Guangzhou, Guang-
dong, China) finished his secondary education at the
Guangzhou no. 47 Middle School. Directly after grad-
uation he traveled to Shenyang, northeast China, and
received his Bachelor degree in Biomedical and Infor-
mation Engineering (BMIE) at North-eastern University,
Shengyang, in 2011. He then obtained his Master’s de-
gree at the Biomedical Engineering Department of Eind-
hoven University of Technology (TU/e), where he special-
ized in medical image analysis. During his Master gradua-

tion project, he developed a keen interest in retinal image analysis. Therefore, he
decided to stay in the same research group and work as a PhD student in the Reti-
naCheck project, a Sino-Dutch large-scale screening program for detecting early
diabetic retinopathy in China led by prof. dr. Bart M. ter Haar Romeny.

The goal of his PhD work is to develop effective image processing algorithms to
solve challenging problems in image enhancement, artery/vein classification and
vessel biomarkers extraction and analysis based on retinal images. In addition,
he chains all image processing techniques developed by other RetinaCheck group
members into a fully automatic processing pipeline for early disease detection. His
research interests involve medical image processing and analysis, computer vision,
computer aided diagnosis, vasculature modeling and analysis, machine learning,
pattern recognition and deep learning.

218



Bibliography

Acknowledgments
I would like to express my special appreciation and thanks to my supervisor prof.
Bart M. ter Haar Romeny, you have been a tremendous mentor for me. I would
like to thank you for encouraging my research and for allowing me to grow as
a specialist in medical image analysis. Your advice on both research as well as
on my career have been priceless. I would also like to thank my daily supervisor
dr. Behdad Dasht Bozorg for your great help im my research works and valuable
guidance on finalizing my publications including this thesis.

To all colleagues in the RetinaCheck group, thanks for your kind supports,
collaboration and discussion during my research. As the readers might notice, I
have integrated some works in this thesis that were developed by other members of
the RetinaCheck group. They helped me a lot and explained every detail of their
algorithms to me, when I was integrating their programs into a full processing
pipeline. Especially, I would like to thank dr. Erik Bekkers, dr. Jiong Zhang,
dr. Samaneh Abbasi-Sureshjani and dr. Tao Tan. We have been working similar
topics and helping each other. I really appreciate your kind support and treasure
every wonderful moment. And I would also like to thank the Bachelor and Master
students that have collaborated with me during my research.

Many thanks to all members of my review and defense committee: prof. dr.
Peter A.J. Hilbers, prof. dr. ir. Peter H.N. de With and prof. dr. Luc M.J.
Florack from Eindhoven University of Technology, dr. Tos T.J.M. Berendschot
from University Eye Clinic Maastricht, prof. dr. Aurelio Campilho from Uni-
versity of Porto and dr. ir. Koen A. Vermeer from Rotterdam Eye Hospital. I
am very grateful for your valuable comments on my thesis manuscript and your
participation in my PhD promotion.

A special thanks to my family. Words cannot express how grateful I am to
my mother and father, for all of the sacrifices that you’ve made on my behalf.
Your prayer for me was what sustained me thus far. I really appreciate your
understanding and great patience all along. The support from my family give me
the greatest power to move on. Thanks for everything and now I am fully ready
for the challenges ahead.

219


	List of abbreviations
	Introduction
	The eyes
	Diabetes and diabetic retinopathy
	Eye examination and retinal imaging
	Retinal vascular biomarkers
	Retina CAD systems
	The RetinaCheck project
	Retinal image analysis and quantitative vascular analysis

	Contribution of this thesis
	Overview

	Image processing and methodology
	Retinal image quality assessment
	Methodology
	Results
	Discussion

	Image preprocessing and enhancement
	Luminosity normalization
	Retinex normalization
	The reflection property
	Experimental Results
	Discussion
	Conclusion

	Orientation analysis and the Orientation Scores
	Vessel segmentation
	Optic disc, macula and fovea detection
	Introduction
	Super-Elliptical Convergence Index Filter
	Optic Disc and Fovea Detection
	Results
	Conclusion

	Retinal artery/vein classification using genetic-search feature selection
	Introduction
	Method
	Experimental results
	Discussion
	Conclusion

	Retinal artery/vein classification using a graph convolutional neural network
	Introduction
	Methodology
	Experimental results
	Discussion


	Vascular biomarkers extraction
	Region-of-interest determination
	Fractal dimension
	Introduction
	Fractal dimension measurements

	Vessel width measurement
	Geodesic active contour and vessel width
	CRAE, CRVE and AVR measurement

	Vessel curvature measurement - regular technique
	Introduction
	Mathematical definition of tortuosity
	Single vessel tortuosity
	Global tortuosity measurement

	Vessel curvature measurement - exponential curvature in Orientation Scores bekkers2015curvature
	Introduction
	Exponential curve in SE(2)
	Fitting the best exponential curve in the Orientation Scores
	Global tortuosity measurement via the exponential curvature

	Bifurcation angle
	Murray`s law
	Bifurcation biomarkers

	Retinal health information and notification system (RHINO)
	Introduction
	User interface and annotation tools
	Conclusion


	Vascular biomarkers validation
	The dataset for algorithm validation study
	The 5 camera dataset
	Public dataset

	Multi-modal and multi-vendor retinal image registration
	Introduction
	Method
	Experimental results
	Summary, discussion and conclusion

	Fractal dimension variability
	Materials
	Methodology
	Stability analysis and results
	Discussion
	Conclusion

	Vessel width variability
	Introduction
	Methodology
	Experimental result - Comparison with semi-automatic and fully manual tools
	Experimental result - validation in terms of intra-camera variability
	Conclusion


	Clinical Study
	Introduction
	The Shengjing Study - The analysis of retinal vascular tortuosity in hospitalized patients with Type 2 Diabetes and Diabetic Retinopathy in China
	Introduction
	Materials
	Methods
	Statistical results
	Discussion

	The Maastricht study
	Introduction
	The association between retinal arterioles and venules calibers and diabetes status


	Summary
	Discussion
	Bibliography

