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Retinal image features, especially related to the blood vessels, have been proposed as early
indicators of various retinal and systemic diseases. Monitoring the features over time can
provide insight into the progression of several diseases. Traditionally, ophthalmologists
perform retinal image analysis visually, which can be very laborious. Therefore, research
on automated retinal image analysis methods is well-motivated, as it can help ophthalmol-
ogists perform their diagnosis work faster. In recent years, convolutional neural network
based image analysis methods have been achieving state-of-the-art results on different
datasets. This work focuses on using AlexNet, VGG16 and InceptionV3 convolutional
neural network architectures to perform visual regression to predict four clinical param-
eters, age, systolic blood pressure, diastolic blood pressure and arteriovenous ratio from
retinal images. The performance and suitability of these networks is evaluated and com-
pared. Based on the experiments, the InceptionV3 is best suited for the task, but to achieve
reliable predictions a lot of training data is needed.
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Silmänpohjakuvien piirteitä, varsinkin verisuoniin liittyviä, on ehdotettu aikaisina merkkeinä
useisiin systeemisiin ja silmänpohjan sairauksiin. Perinteisesti silmälääkärit suorittavat
silmänpohjakuvien analysointia visuaalisesti, mikä rajoittaa laajojen seulontojen tekemistä.
Silmänpohjakuvien automatisoitu analysointi on näin ollen perusteltu tutkimuskohde, sillä
nämä menetelmät voivat auttaa silmälääkäreitä tekemään diagnooseja nopeammin. Vi-
ime vuosina konvolutiivisiin neuroverkkoihin perustuvat kuvien analysointimenetelmät
ovat saavuttaneet erittäin hyviä tuloksia monilla eri aineistoilla. Tässä työssä käytetään
AlexNet-, VGG16- ja InceptionV3-neuroverkkoarkkitehtuureja ennustamaan neljää kli-
inisesti määritettyä parametria, ikää, systolista ja diastolista verenpainetta sekä valtimoiden
ja laskimoiden mittojen välistä suhdelukua. Suoritettujen kokeiden perusteella ennus-
tamiseen parhaiten soveltuva arkkitehtuuri on InceptionV3, mutta luotettavien ennustei-
den saavuttamiseksi tarvitaan paljon opetusaineistoa.
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1 INTRODUCTION

1.1 Background

The retina, also known as the fundus, is a layered tissue structure at the back of the eye.

Incoming light travels through the pupil and hits the retina, converting incoming photons

to signals that are sent to the visual cortex of the brain through the optic nerve [1]. The

layers of the retina can be seen in Figure 1.

Figure 1. Layers of the retina [1].

Retinal imaging is the starting point of retinal image analysis. Numerous imaging meth-

ods exist to image the retina, and they can be categorized as fundus photography, color

fundus photography, stereo fundus photography, hyperspectral imaging, scanning laser

ophthalmoscopy (SLO), adaptive optics SLO, �uorescein angiography and indocyanine

angiography [1]. These are all imaging approaches based on illuminating the retina and
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capturing the re�ected light with a camera, most often in digital form due to easy acces-

sibility [1]. An example of a retinal image can be seen in Figure 2.

Figure 2. An example of a retinal image with annotated anatomical structures [2].

There are a number of technical challenges in retinal imaging. The retina must be illumi-

nated externally, which means shining light through the pupil [3]. The level of illumina-

tion must be high enough to produce a good quality retinal image, while minimizing the

subject's discomfort. The structure of the retina also causes uneven illumination, where

the center of the retinal image is much brighter than the edges [3]. Another approach is

optical coherence tomography (OCT) imaging, which can produce estimations of the un-

derlying retinal structure [1]. OCT imaging can be further divided into three categories,

time-domain OCT, time encoded frequency domain OCT and spectral-domain OCT [1].

Current retinal imaging systems are expensive and hard to use for non-trained people, so

portable and cost effective solutions are of high interest [1].

Retinal diseases are a worldwide health threat. Age-related Macular Degeneration (AMD)

affects 170 million people, a third of the 285 million people with diabetes are affected
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by Diabetic Retinopathy (DR), out of which one third is affected by vision-threatening

DR [4]. Systemic diseases such as diabetes, hypertension, arteriosclerosis and cardio-

vascular disease can be diagnosed early by examining retinal vasculature from retinal

images [1, 5]. Traditionally, professional ophthalmologists analyze retinal images manu-

ally, which can be a very time consuming task. Given the increasing number of retinal

diseases and the role of retinal images in early diagnosis of systemic diseases, automated

retinal image analysis is a well-motivated research area. Automated retinal image anal-

ysis methods can help professionals perform their analysis, leaving more time for other

patients or to perform further analysis. An illustration of the clinical parameter prediction

from retinal images problem is presented in Figure 3.

Figure 3. High-level overview of the prediction of clinical parameters from retinal images.

1.2 Objectives and delimitations

The main objective of this thesis is to predict four clinical parameters, age, systolic blood

pressure, diastolic blood pressure and arteriovenous ratio from retinal images using vi-

sual regression. This is done by using existing Convolutional Neural Network (CNN)

architectures that are modi�ed to perform a regression task.

The literature review of this thesis focuses on possible approaches to analyzing retinal

images from the viewpoint of clinical parameter prediction and vessel characterization.

The approaches considered in the literature review include both more traditional step-by-

step and newer end-to-end type methods.

This thesis only focuses on the prediction of clinical parameters from retinal images.

Classifying and predicting diseases based on these predictions is out of the scope of this

thesis.
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1.3 Structure of the thesis

Different types of retinal image analysis approaches with a focus on clinical parameter

prediction and vessel characterization are presented in Chapter 2. Visual regression is

considered in Chapter 3 with a focus on CNNs and cumulative attribute space. The pro-

posed approach and the implementation details are presented in Chapter 4. The used

dataset and the achieved results are presented in Chapter 5. The obtained results are

further discussed in Chapter 6 and the �nal conclusions of this thesis are presented in

Chapter 7.
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2 RETINAL IMAGE ANALYSIS AND CHARACTERI-

ZATION

Retinal image analysis is an important research area in the �eld of medical image analysis.

Retinal images can be used to automatically diagnose diseases such as DR [4] and also

provide valuable insight into disease progression and early detection [5], [1]. This Chapter

focuses on retinal image analysis from the clinical parameter prediction viewpoint.

2.1 Blood vessel segmentation

Segmentation means the process of isolating sections of interest from an image. In the

case of retinal blood vessel segmentation, a retinal image is processed so that the blood

vessels can be localized in the image, typically represented by a binary mask. Depending

on the implementation, the binary mask can include either all the vessel pixels or only the

vessel outlines. Accuracy of the vessel segmentation can be expressed as

Acc =
TP + TN

n
(1)

whereTPis the true positive, (pixels correctly classi�ed as vessels)TN is the true negative,

(pixels correctly classi�ed as non-vessels) andn is the number of pixels in the image.

Retinal blood vessel segmentation techniques can be classi�ed into different categories.

Six distinct categories can be established as: pattern recognition techniques, matched

�ltering, vessel tracking/tracing, mathematical morphology, multi-scale approaches and

model based approaches [6]. The following six paragraphs describe these categories as

de�ned by Fraz et al. [6].

Pattern recognition based retinal vessel segmentation algorithms are machine learning

methods that can be further divided into supervised and unsupervised methods. Super-

vised algorithms use pixel-wise labeled retinal images during training. Every pixel in a

retinal image is labeled manually as either a vessel or a background pixel to produce the

ground truth information for a retinal image. By utilizing this ground truth information,

machine learning algorithms are able to learn to segment the blood vessels from retinal

images automatically. In unsupervised methods, the algorithm produces the segmentation

without any training based on ground truth information.
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Matched �ltering based approaches are methods where a 2-D kernel is convolved with

a retinal image to detect vessels in the image. Fraz et al. point out three properties of

retinal vasculature that can be taken advantage of when designing a kernel; the blood

vessel diameter decreases when moving away from the optic disk, blood vessels usually

have limited curvature and can be approximated from piecewise linear segments, and the

intensity pro�le of the cross-section of these linear segments approximates a Gaussian

curve. This approach has been found effective when used alongside other processing

techniques.

Vessel tracking and tracing methods perform segmentation using local information and

they work on a single vessel at a time, instead of the whole vasculature. These methods

follow the vessel center by �nding the best match to a vessel pro�le by utilizing local

information. Vessel tracking methods may yield information about speci�c vessels that

might not be available when using other methods and they provide very accurate vessel

width estimations.

Mathematical morphology is often used as a pre-processing step before further process-

ing. The main morphological operations are dilation and erosion that can be used to create

opening and closing operations. In addition, top hat and watershed transformations are

used in medical image segmentation. Morphological processing is very fast and noise

resistant but it does not take advantage of the cross-sectional shape of vessels, so they are

better used alongside other methods.

Multi-scale approaches rely on the fact that the vessel diameter decreases when moving

away from the optic disk. The main idea of these approaches is to separate information

related to the blood vessels widths from scale-space representations at different scales.

Model based approaches are methods that rely on explicit vessel models to perform seg-

mentation. These approaches can be separated into vessel pro�le models and deformable

models. Vessel pro�le models rely on modeling the Gaussian shape of the cross-sectional

intensity pro�le of retinal vessels. When including non-vessel features such as lesions

to the model to improve the segmentation accuracy the task becomes increasingly more

complex. Deformable models include active contour models and geometric models.

Hassan et al. have used mathematical morphology and K-means clustering to segment

retinal blood vessels [7]. Morphological operations are used for the pre-processing phase,

and K-means clustering for the classi�cation. The architecture of the proposed segmen-

tation approach can be seen in Figure 4. They evaluated their approach using the Digital

Retinal Images for Vessel Extraction (DRIVE) dataset, obtaining an average accuracy of
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95.10% and best accuracy of 96.25%.

Figure 4. Hassan et al. segmentation approach architecture. [7]

Wang et al. propose a supervised method that combines CNNs and Random Forest (RF)

classi�ers to segment retinal vessels [8]. They use the CNN as a hierarchical feature

extractor and the RF as a traditional classi�er. They conducted experiments using the

DRIVE and the Structured Analysis of the Retina (STARE) databases, achieving accura-

cies of 97.67% and 98.13%, respectively. An example of vessel segmentation can be seen

in Figure 5.

Zhu et al. have proposed a retinal vessel segmentation approach using Extreme Learn-

ing Machine (ELM) [5]. The �owchart of their approach can be seen in Figure 6. The

proposed method was evaluated on the DRIVE and Retinal Images for Screening (RIS)

databases, achieving accuracies of 96.07% and 96.28%, respectively. Their proposed

method is also quite fast compared to the method proposed in [8]. Training time for the

proposed classi�er is 1800 seconds, compared to the 8 day training time in [8]. The seg-

mentation time of the ELM method is 12.16 seconds for the DRIVE database images

(565x584 resolution) and 31.32 seconds for the RIS database images (2048x1536 resolu-

tion).
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Figure 5. Vessel segmentation by Wang et al. [8]

Figure 6. Zhu et al. proposed segmentation approach �owchart. [5]
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2.2 Arterio-venous classi�cation

Classi�cation is the process of assigning a label from a set of classes to an object in

such a way that all objects belonging to the same class have the same label. Manually

generating arterio-venous masks for images is very time consuming and requires trained

professionals, so development of automated methods is of high interest [9].

Pixel-wise classi�cation is used for arterio-venous classi�cation, where each pixel in a

given retinal image is classi�ed ton classes. One possibility is to use full retinal im-

ages and perform pixel-wise classi�cation as a three-class classi�cation problem. In this

case, every pixel in the retinal image is classi�ed as background, artery or vein. The

second possibility is to use vessel segmentation followed by a two-class classi�cation.

The drawback of this method is that the overall quality of the arterio-venous classi�cation

also depends on the quality of the vessel segmentation, which makes error propagation

unavoidable [10]. An example of arterio-venous classi�cation can be seen in Figure 7.

Figure 7. Arterio-venous classi�cation by Xu et al. Labels: artery (red), vein (blue), crossing
artery and vein (green), uncertain vessel (white). (a, d) Original images, (b, e) ground truth, (c, f)
classi�cation results. [10]

AlBadawi et al. have proposed an arterio-venous classi�cation method using a Fully-
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Convolutional Neural Network (F-CNN) [11]. They perform pixel-wise classi�cation

into three classes, the artery, the vein and the background class. The proposed approach

was evaluated on a subset of images obtained from a study in the United Kingdom (UK),

and produced an accuracy of 93.5%. The accuracy is calculated in the same manner as in

the segmentation evaluation, shown in Equation 1.

Another three-class pixel-wise classi�cation approach has been proposed by Meyer et

al. [12]. They use a CNN to perform the entire classi�cation and their architecture can be

seen in Figure 20 on page 29. They evaluated their work on the Retinal Images vessel Tree

Extraction (RITE) dataset, which contains arterio-venous ground truth for the DRIVE

dataset retinal images. They achieved an overall accuracy of 84% and 96% for large

vessels.

2.3 Image-based biomarkers and clinical parameters

Biomarkers are a subcategory of medical signs, meaning objective, quanti�able and re-

producible measurements of the medical state of a patient observed from outside the pa-

tient [13]. Biomarkers do not necessarily correspond with the patient's medical state and

some biomarkers may have a large variance among a population, so they may be useless

in reliable disease prediction [13]. The selection of proper biomarkers and analyzing the

effect of them on the patient's health is a task for trained professionals. Image-based

biomarkers are biomarkers that can be measured from images.

In this thesis, the term clinical parameter is used to describe measurements obtained

through a medical examination. The clinical parameters used in this thesis are age, sys-

tolic blood pressure (SBP), diastolic blood pressure (DBP) and arteriovenous ratio (AVR).

Blood pressure is typically given in units of millimeter of mercury (mmHg). Systolic

blood pressure is the higher blood pressure and diastolic blood pressure is the lower blood

pressure. The AVR is not a self-explanatory clinical parameter, so the next paragraph

brie�y describes how the AVR is calculated.

AVR is the ratio between retinal artery and vein diameters [1]. It is a widely used bio-

marker for the prediction of cardiovascular related diseases. AVR is calculated using the

equation

AVR=
CRAE
CRVE

(2)
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