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1 INTRODUCTION

1.1 Motivation

Diabetic retinopathy (DR) is the most common mi@ssular complication
of diabetes. It develops in most patients with lstanding illness and has
become the major cause of vision loss in develaqmechtries. It affects up to
80% of patients who have had diabetes for 20 yearsore, though there is
evidence that it begins to develop 7 years befbee diagnosis of type 2
diabetes [1]. DR is a silent disease in early sta®d many of the cases are
only diagnosed when serious vision loss occursediffe treatments, such as
blood pressure control, scatter laser treatmentn @evere cases, vitrectomy
can prevent vision loss. However, early diagnosisaikey factor. Diabetic
patients are advised to get a comprehensive dileyedexam at least once a
year, so that DR may be diagnosed at the earlesstilple stage.

The diagnosis of DR is based on the identificatdrvisible lesions and
vascular abnormalities on th&ndus (the interior surface of the eye).
Nowadays, the most widespread diagnostic tool isrdoindus photography.
For this aim, the eyes are usually dilated by apglygpecial eyedrops which
causes the pupils to widen. Digital images are ttaen of both eyes with
different settings using special fundus cameras TRlough there are other
imaging techniques, such as optical coherence taapbyg (OCT), and other
diagnostic options, such as fluorescein angiogrdphAy, color fundus imaging
still retains its leading role in DR diagnosis. 38 mostly because of its speed,
cost-effectiveness, and non-invasive nature. Howelre identification of early
symptoms on color fundus images can be very clgihgn Computer aided
diagnostic (CAD) systems that provide support i ticognition of lesions and
deformations related to DR could be a major aseetcfinicians in this
otherwise time and human resource demanding proed@lt DR screening
programs are already available in certain countreeech as the UK, the
Netherlands, and the US, mostly funded by the natibealthcare systems. The
procedure in these cases is usually that colorogfnaphs are taken of the
patients’ eyes in a timely manner and evaluatedetticated reading centers,



(a) (b)

Figure 1. Examples for a healthy fundus image (a) and anathe showing signs of DR (b).
Both images are from the MESSIDOR database (htipssidor.crihan.fr).

where trained graders assess the presence and sfageye related
complications.

In Fig. 1, an image of a healthy fundus and anotimer showing symptoms
of DR are presented. (Images are from the MESSID@#Rabase, see
http://messidor.crihan.fr).

This thesis focuses on the proposal of novel inpageessing techniques for
the automatic screening of DR based on non-invasgtmal imaging. We
concentrate on two closely related tasks: the tleteaf microaneurysms
(MAs), and the segmentation of the vascular systéfile these two aims
might seem unrelated, the approaches in the literahow several similarities.
The methods proposed in this dissertation aresamdar in the sense that they
are based on the same novel approach regardingetieral methodology of
directional processing.

1.2 Basic anatomy of the fundus and lesions associated
with diabetic retinopathy

From a simplified point of view, the fundus consisf the retina, the optic
disc, the macula, the fovea, and the blood vessalsugh the structure of the
eye is more complex, it is sufficient to discussydhese anatomical parts to



understand the content of this dissertation. ¢bisimon in the literature to refer
to fundus images as retinal images, and both esjoresvill appear in this work
as well.

The optic disc is the location where the optic Beand the major blood
vessels enter the eye. There are no light receptdhgs area, which causes the
blind spot in human vision. The macula is a highitymented spot close to the
center of the retina. Its center is called the &oged it is responsible for sharp
vision. The fundus is the only part of the humadybwhere the circulation in
small blood vessels can be observed directly. Themgtrical and
morphological properties of retinal blood vessedsich as width, length,
tortuosity, or branching patterns can provide vialleanformation about several
ophthalmologic and cardiovascular diseases [4théncase of DR, new blood
vessels may grow and bleed into the eye, thus bigokision. The structure of
the blood vessels in the retina is unique to epemngon, thus, these images are
also widely used for biometric identification andtl@entication purposes.
Manual segmentation, i.e., the annotation of evei®el in an image that
belongs to a visible vessel, is a very time demamndask even for an expert
with training. Automatic vessel segmentation anargtiication are essential
tasks in a retinal imaging CAD system. Besides eingp a component of
primary diagnosis, results of vessel segmentatierused for the localization of
the optic disc and the fovea, and also as an d&kton recognition methods.

The most important lesions associated with DR amaaneurysms (MAS),
haemorrhages, and exudates. The presence of MAtsearetina is the earliest
and most characteristic symptom of DR [5]. Theiagtiostic significance is
even more important due to the fact that in the @dson-proliferative diabetic
retinopathy (NPDR) no other symptoms at all areceable, only the presence
of MAs can indicate the, at this stage still marsdue, DR. MAs appear on the
surface of the retina as small circular dark spbisthe more conventional
sense, MAs are dilations of the capillary wallsefil with blood. The lesions
that are referred to as MAs in the case of retim@ges are actually small
bleedings that have a circular shape due to theigdiynature of the surface of
the retina. If the bleeding continues, the lesietsdarger and more amorphous,
which is the reason why it is referred to as a r@emage from this point on.



[ |Microaneurysms

Figure 2. A fundus image showing MAs, exudates, and haerage$. The optic disc and the
macula are also marked.

MAs usually appear close to thin vessels, thoughimportant that they cannot
be located on the visible vessel itself. This cbm@stic has to be taken into
consideration when developing automatic MA detectitethods. MAs have a
clinically established maximal diameter, which sually considered to be less
than 125 um. The recognition of MAs is essentiahim process of DR grading,
since it forms the basis of deciding whether angenaf a patient's eye should
be considered healthy or ill. Thus, automatic MAed&on is one of the core
functionalities of a DR screening CAD system.

Exudates are lipid deposits that leak from damdgedd vessels and have
an appearance of various shapes and well defingelsedith mostly yellowish
or white color [6], [7]. There are other types aoight lesions, such as cotton-
wool spots, however, since here we do not spedtificmncentrate on bright



lesions, these are collectively referred to as ateg] or simply just as bright
lesions. The reason that these lesions have tasbassed anyway is that their
presence is a significant hindering factor for depmg precise vessel
segmentation methods, which topic will be discussedcore details in later
sections.

In Fig. 2, a fundus image showing MAs, haemorrhagesl exudates is
shown, with the macula and the optic disc beingkexhias well.

1.3 Contributions and main structure of the dissertation

The main contributions of this dissertation and therresponding
publications are the proposal of two novel automaditinal microaneurysm
detectors and an automatic retinal vessel segnmamtanethod. These
technigues share a common basic principle, theeushdirectional pixel-wise
processing to describe the local surroundingsmkel under examination. The
extracted information is used in further steps saslhclassification or region
growing. While most similar directional approacheshe literature use only
the summed or maximal response over the consiairections, the techniques
described here offer different solutions by tregtine directional responses of a
pixel as a vector. New methods are presented fossesectional profile
response calculation and direct analysis. Addiligndhe proposed vessel
segmentation technique's capability in anotherdfi@f medical image
processing, namely, the segmentation of pigmentvorkt in dermatoscopic
images is also presented. All the proposed methads been thoroughly tested
on publicly available image sets and compared migimy of the state-of-the-art
algorithms.

The main contributions of the dissertation togetivéh the corresponding
publications can be summarized as follows:

1. The proposal of an unsupervised MA segmentatiethod based on
pixel-wise directional responses obtained by a d&mental
morphological technique [8].

2. The demonstration that the candidate extractitase of MA detection
can be based on the extraction of regional minirhahe image



intensities [9].

3. The proposal of an MA detection method basederdirect analysis of
image minimum cross-section intensity profiles. Thresentation of a
peak detection and property measurement technitpgeproposal of
candidate features that are derived from the statismeasures of the
directional peak properties, and a final MA scoriognula [9]-[12].

4. The proposal of a novel vessel segmentation apjprdased on a
directional response vector similarity measurenaggek its application in
pixel level classification and region growing segnagion [13], [14].

5. The proposal of a matched filtering technique thaes not give high
response to the steep intensity transitions abthandaries of the optic
disc and bright lesions [14].

The rest of the dissertation is organized as fdlol the following section,
deeper overviews on the background and the statteeedirt literature methods
for retinal MA detection, vessel segmentation, awturacy measurement
techniques are given. In sections 3 and 4, theoasttproposals for MA
detection and vessel segmentation are presentspeatevely. The results of
performance evaluation conducted on publicly abdlaimage sets and an
online challenge are also discussed. The applitaifocertain components of
the proposed vessel segmentation technique to tesomgic pigment network
segmentation is also discussed in section 4. The pants and contributions
are summarized in English in section 5, and in Huiag in section 6.



2 OVERVIEW OF THE RELATED LITERATURE
TECHNIQUES

This section gives an overview on the literaturethods that have been
proposed for retinal MA detection (section 2.1) amelssel segmentation
(section 2.2) tasks. We mostly discuss those metliwat have been evaluated
on publicly available data by following protocoldiat make objective
comparison possible. In section 2.3, we discussatt®iracy measurement
techniques used in the field.

2.1 Retinal microaneurysm detection methods

The expectation towards automatic MA detectionasrdliably mark the
centroid of MAs in the image, preferably along witbnfidence values that
express the certainty of the individual candidatésdeing MAs. In a CAD
system, the operator may vary a confidence thrdskmlobserve possible
lesions at different confidence levels. Besidesltlealization of MA centroids,
automatic methods can also outline the boundafidseccorresponding lesions,
which can further help the diagnosis. This latigwraach is sometimes referred
to as MA segmentation, however, both the expressidetection and
segmentation occur in the literature.

It may seem straightforward to develop methods foe automatic
localization of MAs on retinal images due to thetfthat they have a well-
defined shape and size. Unfortunately, there atainecircumstances that make
this detection task rather complicated. The prohblkself is not the localization
of MAs, but the elimination of false detectionsn&? the presence of even one
MA is a symptom of incipient DR, the decision betwewhether the image
should be considered healthy or ill is mostly basel@ly on the results of the
MA detection methods in such a system. Moreover,dirrent trends develop
towards of composing such CAD systems that canig@lscfilter out healthy
images, so that they would not be passed for ingpreto an ophthalmologist.
Fundus images of later stages of DR show more [mjies, e.g., larger
haemorrhages or exudates. Consequently, other $bolsld be considered to
recognize these lesions. Techniques exist thatadsbf trying to detect one

7



€

Figure 3. Parts of the vessels and artifacts on the opsic tiat locally appear as MAs.

specific lesion aim to categorize regions of thage as being pathological or
not [15], [16]. Other techniques aim to obtain séedtures of the entire image
that can be used to recognize pathological casés [1

Amongst the many factors hindering MA detection e pigmentation of
the retina, disconnected vessel segments that ajpgesmall dark objects of
various shapes, and the crossings of thin bloodelesAs it can be seen in
Fig. 3, many small dark structures having local Nié& appereance can be
observed within the region of the optic disc. Hoe\due to the high contrast
of this region, such anomalies may be wrongly recoeyl as MAs by many
methods. The general approach to overcome thislegrolis to segment the
optic disc and eliminate detections within thisioeg We note that while the
tasks of MA detection and optic disc segmentatioghtnseem unrelated, there
is a strong connection between MA detection andelesegmentation methods,
and optic disc detection relies highly on the respil automatic vessel
segmentation methods.

Most techniques in the literature break down theec®n of MAs into the
steps of image preprocessing, candidate extractesture extraction, and
candidate classification, as shown in Fig. 4. Ting &tep usually involves an
image transformation aimed at improving image dualkuch as different
methods for contrast enhancement, smoothing, dodiflation correction.
Retinal images have the largest contrast in thergohannel, consequently, the
common practice is to use the green channel focgssing. For noise
reduction, convolution with Gaussian masks and arediltering are widely
applied techniques.

In the candidate extraction phase, methods useréiff techniques to

8



Image Candidate Feature Candidate
preprocessing extraction extraction classification

Figure 4. The general workflow of MA detection methods in the literature.

localize pixels or regions that possibly belongMés, even at the cost of

marking a high number of non-MA regions. Next, sfieclescriptors that may

be either pixel- or region-based ones are obtafoedeach candidate. These
features are intended to capture those charaatsribat help to distinguish true
candidates from false ones. In the classificatidep,s mostly supervised

machine learning algorithms are used to categarazelidates based on their
feature vectors as true or false MAs.

So far, more than 50 features have been proposelirfary classifiers in
MA detectors. Some features are rather simple aensively used, while
some others are mostly related to a specific caeigxtraction method.
Examples for the more general ones are the disgesimetry and color-based
features. Discrete geometry based ones includedheected component size,
compactness, circularity, perimeter, area, asfict, rand eccentricity. Some of
the common color features are the mean and standevéhtion of the
intensities within the region in different colorasinels, hue, dynamic, shade
corrected intensity, or the intensity difference$ the region and its
surroundings.

Methods that follow other workflows exist as welome of these apply
classification at pixel level for initial segmentat, or consider an entirely non-
supervised approach, such as one of the authaojgsopals described in this
work. Comprehensive surveys of available technigueke literature are given
by Mookiah et al. [18], Winder et al. [19], and ®atet al. [20].

The first computerized approaches for the segmentaf retinal MAs were
described by Lay [21] and Baudoin et al. [22]. Thesethods calculate the
maximum of morphological openings with linear sturmg elements of
different orientations. This step results in an gemdrom which the structures
that are smaller than the structuring element assing. It is easy to see that
the maximum of morphological openings mostly enleanelongated structures
such as the vessels. Therefore, the differencei®image and the original one



(top-hat transformation) may be thresholded toiob¥#A candidates. Thus, the
segmentation is based on the assumption that ededatructures that are not
part of the vessel system presumably corresponéstons. These approaches
have constituted the basis for several later algms. It is important to note
that Zana et al. [23] applied the same morpholdgiparoach for retinal vessel
segmentation.

Spencer et al. [24] applied preceding illuminataomd shade correction steps
to improve the quality of fluorescein angiograplmyages before the actual
segmentation and detection steps. A Gaussian nthfdtex was used after the
top-hat transformation to enhance MA-like objecsd a recursive region
growing method produced the segmented MA candiddieis was the first
method that involved an additional classificatioeps Variations of this method
with different preprocessing steps and classificatimethods have been
proposed by several authors, e.g., in [25] Crex. etpplied a redesigned region
growing and classification algorithm, Frame et E6] concentrated on
comparing classification techniques, while Mendoetal. [27] and Hipwell et
al. [28] proposed other variants. Fleming et a[2i®] also built on the work of
Spencer et al. [24] for candidate region extractemd applied a consequent
Levenberg—Marquardt nonlinear least-squares fittofga paraboloid. The
resulting paraboloid parameters were then also uaed features for
classification.

A limitation of the morphological approach by La¥1] is that the usage of
oversized structuring elements results in the dieteof tight vessel curvings
as possible MAs. However, if the length of the #inetructuring element is
chosen such that no parts of the vessels will bengly detected, true MAs
would be lost, since no circular structure thatager than the structuring
element can be detected in this way. In [30], Niggneet al. considered an
additional pixel-wise classification based candida&ixtraction method and
merged the two outputs. Other morphology based adsthnclude the one
proposed by Walter et al. [31], where criteria lbaserphology operators [32]
are applied in the candidate extraction phase @th by the candidate
classification. Ram et al. [33] proposed a methadwhich the candidate
selection is the same as described in [30], angloastage candidate rejection

10



step is applied as well. The confidence valueshefremaining candidates are
calculated as their distance from the optimal hglaere of a support vector

machine. The method proposed by Sopharak et a). d3» uses grayscale
morphology for coarse MA segmentation, similarlyttie approach presented in
[31]. The authors of [34] also consider additiofahture extraction and

classification using a Naive Bayes classifier.

Non-morphology based methods have also been igatstl. Zhang et al.
[35] used Gaussian masks of different sizes anddatd deviations, and
calculated the maximal pixel-wise correlation withe original image. The
result produced the basis of the candidate extragthase, and the correlation
results were also used in the candidate classditagtep. Matched filtering
with a Laplacian of Gaussian (LoG) mask in additrath a circular symmetry
operator were used by Bhalerao et al [36]. Mizu#dral. [37] utilized a double-
ring filter for the initial detection of MAs. Quelt et al. proposed an approach
using template matching in the wavelet domain [88the method proposed by
Sanchez et al. [39] the histogram of the prepra&mkgnage is modeled using a
3-component mixture model, with the assumption armal distribution in the
gray level of each class. The MA candidates ateaeted by thresholding the
obtained model and classified by a logistic regogssclassifier. Radon
transformation has been applied to MA detectiorGigncardo et al. [40], [41],
Tavakoli et al. [42], and Oliveira et al. [43]. m® et al. [44] utilized the
eigenvalues of the Hessian matrix at a given cautdighoint to determine a
shape index. Similarly, in [45] Adal et al. useé tteterminant of the Hessian as
the basis of candidate extraction. The mean andma of the eigenvalues
together with the determinant of the Hessian weseduas features for
classification. The usage of the Hessian is alsdaly used approach in vessel
segmentation, which subject will be discussed értéxt section.

Akram et al. [46] proposed an MA segmentation applhowhose initial
candidate extraction phase is based on the pixsd-vmaximal directional
Gabor filter response, which is also a common teglen in retinal vessel
segmentation. The main contribution of their pr@yas the usage of a hybrid
classifier, which is a weighted combination of atieasion of a multimodel
mediod based modeling approach, a Gaussian mixtadel (GMM), and a
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support vector machine (SVM). Ensemble based appesa have been
proposed by Antal and Hajdu [47], [48]. These aesdd on the optimal
combination of preprocessing methods and candidaxé&ractors. The
unsupervised morphology based method [8] desciibdus dissertation is also
used as a candidate extractor member in [48].

2.2 Retinal vessel segmentation methods

The purpose of automatic retinal vessel segmentaito construct a binary
mask for the input fundus image where pixels balogpgo the vessel network
are marked as foreground ones. See Fig. 5. fomedstration.

Changes in vessel width and tortuosity over time iarportant diagnostic
elements of many retinopathies, such as thosealbgpertension, diabetes, or
prematurity. In the case of hypertensive retinopatio lesions are present on
the retina, thus, the diagnosis is solely basetherevaluation of features of the
retinal vascular system. Similarly, plus diseasassociated with retinopathy of
prematurity and characterized by the increase sselewidth and tortuosity.
Distortion and growth of new vessels is also a ggmpof DR in later stages,
hence, automatic vessel segmentation is also aentgds component of
automatic DR screening systems. Methods for thenaatic characterization

Figure 5. The desired output of automatic vessel segmentatio
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and grading of retinal vessel tortuosity have beeposed by Heneghan et al.
[49] and Grisan et al. [50]. However, these methasigime the availability of a
precise binary vessel mask.

The region of the optic disc may be consideredhasrbot of the retinal
vascular system. Thus, it is straightforward tteast partially build the task of
optic disc localization upon the result of one oorenvessel segmentation
methods. The localization of the optic disc mayoal®e necessary in the
diagnosis of certain eye conditions, such as glaacavhich directly affects the
appearance of the optic disc. Precisely localizgtit alisc is also useful as an
aid for lesion detection methods, such as the pusly described MA
detectors, or for bright lesion segmentation dughéosimilar color information.
Since there is an anatomical/mathematical relatipnsetween the location of
the optic disc and the macula, accurate vessel egition may also be the
basis of the localization of the macula and theefovSome of the methods in
the literature for optic disc and/or macula/foveatedtion using vascular
information include those of by Foracchia et all][SYoussif et al. [52],
Niemeijer et al. [53], Mendonca et al. [54], anddder et al. [55].

A precise vessel mask can provide great assistamcdesion detection
methods as well. There are several similarities/ben vessel segmentation and
MA detection methods in the literature, e.g., thetfand most fundamental
morphological approach is basically the same irhbmdses. There are also
methods for haemorrhage segmentation that relyessel masks, e.g., the one
proposed by Tang et al. [56]. In [57], Youssef &udouma discuss how precise
vessel segmentation can be used to improve exdd#getion accuracy.

Multimodality is an important factor in fundus inegrocessing to improve
the recognition rate of certain lesions. Such gor@gch is the registration of
red-free and angiographic images, which is mostiyedusing key-points of the
vascular tree. Temporal registration, i.e., thastegtion of images of the same
modality taken at different times is essential tfog follow up of the evolution
of lesions and changes in the vascular system. $eaimiques have been
proposed by, e.g., Zana and Klein [58], and by ®jadsilos et al. [59]. Since
the pattern of the vascular system is unique feheadividual, fundus images
provide a solid basis for biometric identificatioand authentication
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applications. Accordingly, the literature on théjgat is fairly excessive. Some
of the available techniques are the ones propogadabiiio et al. [60], Kose et
al. [61], or Lajevardi et al. [62].

Vessel segmentation is a complex problem even daitlhy images, and it
gets more complicated as the images start to sladwolmgical signs. One such
interfering factor is the presence of closely ledapatches of bright lesions.
The otherwise normal elongated background regidwdsn these lesions can
locally be very similar to — or even indistinguisha from — vessel segments.
On the other hand, it is frequent that bright lasi@re actually surrounding
vessels, which precludes the usage of an approddchwautomatically
excludes darker regions enclosed between brigbhpat It is also important to
mention the region of the optic disc, where vesasdsalso located in a similar
bright region.

Existing methods in the literature have been catego according to several
aspects, such as region-based, edge-based, ttesthgig-based,
morphological, matched filter based, multiscalepesuised, unsupervised, or
model-based ones [4], [63]-[67]. However, it migbt be the most practical to
describe a method based solely on a single propéitg operation, since most
of them combine several techniques. For exampseiparvised learning based
method may apply multiple lower level pixel- or l@ywise descriptors, while
these features can be used in a tracking or regmmning scheme as well.

Vessels in retinal photographs can be describe@aassian-like structures
perpendicular to their local orientation in theemsity plane. The usage of
matched filters and morphological operators in tatronal/directional manner
for their segmentation are some of the very funddaletechniques in the
literature [23], [68], [69]. Methods that apply shapproach, at some point of
their operation usually proceed by rotating affitie structuring element around
its center with a specific angle to cover all ot&ions. Then, they match every
pixel of the input within its ROI with all maskspmsidering the maximal
response as the vessel strength at the given sl the case of matched
filters, the filters can be one or two dimensioraid the matching is usually
performed by convolution. Several types of filtersist, such as zero mean
Gaussians [68]—-[71], Gaussian mask with one sidin®fiilter being negative
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and the other one positive [72], Gabor filter [68nple Gaussian [73], first-
order derivative of Gaussian [74]-[76], and filtefstained from perpendicular
profiles of sample vessels [77]. In the case ofphological approaches, sum
of top-hats of rotated linear structuring elemesitsne of the most fundamental
techniques [23]. There are similar directional noef) such as the tramline
filter proposed by Lowell et al. [78] and Al Dirit @l. [79], the approach of
Ricci and Perfetti [80], where the average intgnsitong rotated linear

segments are considered as line strength measheesnethod of You et al.

[81], which employs rotated radial projections $anito Radon transform, or
the line integral based vessel measure by Yuan “éa. [82]. The method

proposed by Nguyen et al. [83] is also based orirleemeasure in [80] with an
additional normalization step and the usage ofrélve green channel intensity
information as a feature. In [84], Wang et al. emypdd convolution with a

multiwvavelet kernel filter for all possible direatis at each pixel and
considered the maximal responses. Similarly, Qtaal.485] used the maximal
response of rotated Gabor wavelet transforms. Nohethods in the literature

are fully automatic, e.g, the tracking based tegines proposed by Yin et al.
[86], [87] require the manual selection of two i@itopposite diametric vessel
edge points to segment the corresponding segment.

A possible way of handling the varying width of sels is the multiscale
analysis. In some matched filter methods, it isoagalished by considering
different scale parameters for the filter [63],];435]. The method proposed by
Odstrcilik et al. [88] employs a matched filterimgpproach with predefined
filters for the different vessel widths. Lupascuaét[66] and Fraz et al. [63]
also consider the maximal value of directional Gdilters for multiple scales
over all possible directions as a feature for evpixel. The methods of
Martinez-Perez et al. [89] and Palomera-Perez.¢9@] apply smoothing with
Gaussians of different scales and extract the gnhdanagnitude and principal
curvature of the Hessian tensor. A diameter-dep@ndgqualization factor is
introduced to normalize both features along thdescand local maxima are
kept as final features in the classification precehe usage of Hessian
eigenvalue analysis is a popular approach in thle.fiAnzalone et al. in [91]
applied a similar technique with keeping the maxiadasolute eigenvalue as
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the final response. The method of Annunziata et[22] also utilizes a
multiscale Hessian approach for vessel enhancenmviéht also proposing a
novel exudate inpainting technique to improve tle¢edtion performance of
pathological images. The methods of Yin et al. [QB¢ Yu et al. [94] are also
examples for multiscale Hessian analysis for vesselature estimation. The
ridge measure proposed by Staal et al. [95] isdhasethe sign of the largest
absolute eigenvalue of the Hessian, and in [66palsau et al. considered the
same approach using multiple scales with considetive frequency of the
negatives as a local descriptor. The filter comstom from manually selected
blood vessel samples as proposed by Jan et alhffidles the different vessel
widths by constructing multiple filters, each forddferent vessel width. The
method proposed by Vlachos and Dermatas [96] appliene-tracking method
based on calculating a cross-sectional profilerpatar for the candidate pixels
from the intensity values of two opposite pixelgshna given distance from the
candidate and the intensity of the candidate pigelf. The multiscale nature of
the method comes from considering multiple distamakies, i.e., multiple
widths for the cross-sectional profile parametdre Tombination of different
scales is calculated as the weighted average ofctbss-sectional profile
parameters at different scales by assigning higheight to larger width
arguments. Miri and Mahloojifar [97] employed disier curvelet transform as
part of the image enhancement, followed by a mdggical segmentation step.
This transform makes it possible to obtain mulliscand directional
representation of the underlying structures, whddfering from other
directional wavelet transforms in that the direc#ib resolution is scale
dependent.

The most challenging issues concerning retinal alessgmentation are the
presence of pathologies in the image, such as haleages and bright lesions.
Moreover, nonvascular structures in healthy imagesh as the boundary of
the optic disc, cause strong responses in manytirexisnethods. Those
approaches that address these issues may condiigorsal steps to exclude
false detections. For example, in [77], an exteamic disc detector is used to
erase structures in this region, while in [98], Land Hong Yan considered the
application of a pruning operator based on cemterixtraction. Classification
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as a post-segmentation step is also considered aimy nof the previously
described methods. However, classification usea ipixel-wise manner to
construct vessel probability or likelihood maps fmgmentation can only be
successful in distinguishing false positives if greblem itself is considered in
the design of low level processing. For exampld80], the authors claim that
the gray level intensities in combination with adification of the line strength
measure can eliminate the effects of the unmodiirexistrength measure at the
edge of the optic disc. Lam et al. [67] proposed tBmooth Imaging” and
“Structurally Differentiable” planes to deal withe so called “ringing effect”
[67], [76] caused by bright lesions. To achieveimilar effect, zero-mean
Gaussian matched filter and its first order derseatare used by Zhang et al.
[74]. Lei Zhang et al. [73] considered a doubleedidhresholding on the
Gaussian matched filter response to eliminate sochvessel edges.

Methods based on various wavelet transforms foselesegmentation have
been proposed as well. In [99], Fathi and NaghdbhNiclaimed that by
considering the magnitude of the imaginary parttieé complex Gabor
transform wavelet coefficients it was possible éparate vessel structures and
non-vessel step edges. The same approach is usedrbgn Akram et al. in
[100], except that the authors did not consider ithhaginary coefficients
separately. The segmentation method of [100] ecarsive thresholding based
one, while the subsequent classification step tntifly vascular segments
showing signs of neovascularization is close totduhnique proposed by the
same authors for MA detection in [46]. The methodppsed by Bankhead et
al. in [101] is based on Isotropic Undecimated Weivéransform [102], which
is implemented by calculating scaling coefficietimough lowpass filtering and
wavelet coefficients by subtraction at each iteratiSegmentation is performed
by summing wavelet coefficients corresponding te itleration exhibiting the
best contrast and a subsequent thresholding basdtieopercentage of the
smallest valued coefficients. Subsequent centediteaction and refinements
are applied and the intensity profiles perpendictdathe vessels are used to
identify exact vessel widths. The method proposgdSbares et al. [103]
considers continuous wavelet transform with Gabavelet for analysis, which
is actually a complex modulated Gaussian. For paai and scale, the wavelet
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response with the maximal modulus over all possiliections is considered.
The segmentation is a pixel-wise classificatiomgsihe wavelet coefficients
and the green channel intensities together asefeire vector for each pixel.
Note that such application of wavelet transfornrati® highly similar to the
previously discussed rotational multiscale matcfiéeling techniques.

2.3 Performance evaluation methodologies

The basis of the performance evaluation of both détectors and vessel
segmentation methods is the comparison of theramaé to the manual expert
annotations of the same images. These expert diumstare usually referred to
as ground truth data, and are usually releasedthtpublicly available image
sets. In the case of MAs, the ground truth mostlysests of the coordinates of
the MA centroids in the given images, while the oarnvessel segmentations
are provided in terms of binary masks.

The evaluation of a vessel segmentation resulerfopned pixel by pixel,
thus, it is very straightforward. Those pixels thate been correctly identified
as vessels are called true positiieP) detections. Similarly, those that are
correctly marked as background are labeled asregative TN) ones. Two
other categories are the false positi#®) and false negative&) detections,
describing that either the given point is incoreaharked as a vessel, or
incorrectly marked as a background one, respegtivel

In the case of MA detectors, the procedure is 8igimore complicated. In
this case, pixel by pixel comparison cannot beiedpIlThe reason of this fact is
that an MA can always be represented as a singlel py its centroid. A
detection is usually considered to b&Riif it is significantly close to a ground
truth MA point, otherwise it is labeled as &®. It is important that a single
ground truth MA point can only be matched to at inmse detected lesion.
Evidently, always the closest match should be cansd. Those points of the
ground truth data that have not been matched to detgcted MA are
considered to be false negatives\j.

The ratio of all true positive detections and asipves in the ground truth
data is called sensitivity or true positive rai®R. That is,
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4TP
PR TN (2.1)

where “#” denotes the total number of the respectigtections in an image or
over several images. Sensitivity expresses howctefte the method was in
identifying MAs or vessel points. However, it doest give any information

about the relationship of correctly identified ntages and false positives. For
the evaluation of vessel segmentations, the spdgifor true negative rate
(TNR can be used for this purpose. Specificity is walled as the ratio of true
negatives and all negatives, i.e,

TNR=— 1N

T HFP+HETN (2.2)

False positive rated=PR) is often used analogously with specificity, sitice
relation between the two can be formulated as

. #FP
FPR=1-TNR=————. 2.3)

An ideal system would have 100% sensitivity and%G0€pecificity (or 0%
FPR).

The accuracy ACCO) of the system is also a widely used performance
measure and is calculated as the ratio of all ipesttetections and the number
of all detections, i.e.,

H#TP+#TN

A TP+ AN+ #EP+ATN - (24)

While sensitivity, specificity and accuracy togethdescribe well the
performance of a method at a given discriminativeghold, it can also be very
informative to visualize and measure the performeapicthe system at several
threshold levels. For this aim, the receiver opegatcharacteristic ROQ
analysis technique is primarily considered in theldf Originally, it was
proposed for performance comparison in the cadanafry classifiers, though
later it has been adapted for image processing taskwell. ROC analysis is
especially a popular choice for the evaluation afiaus binary segmentation
results.

An ROCcurve plotsTPR against-PR as the discrimination threshold of the
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system varies. To compare tROCcurves of different systems, the calculation
of the area under the curv&UWYC) by numerical integration is the de facto
standard technique. Since boi’R and FPR range from 0.0 to 1.0, the
maximal value oAUC is also 1.0. Thus, the system whéd¢C is closer to 1.0
may be considered to perform better. B¢C figure can be used to describe
the performance of the system at &PRs however, it may also yield
misleading results when dealing with medical imadgassuch applications,
usually only lowe-PRshave diagnostic significance. The problem stemosfr
that methods whose sensitivity is low at high sf@ty can outperform others
whose sensitivity is higher at lowPRsin terms ofAUC. Fortunately, many
publicly available retinal image sets provide twamal annotations of the
vessels for each image by different ophthalmolsgi$his way, the second
segmentation can be compared with the first one thn result can be
considered as a benchmark for the performance awatuby providing the
FPRandTPRof another independent human observer.

In the case of MA detectors, every pixel excepséhthat are actually MA
centroids in the ground truth data should be camsill as a true negative.
However, this would yield a very misleading sengii / specificity based
accuracy measurement. Even in the case of MA regiris not clear how
points that belong to the MA should be treatedshelds that even at a very
high false positive per image rate, specificity Wbloe always very high due to
the largely different number of MA and non-MA panidf the image. Thus, the
AUC values of suclROCcurves are always close to 1.0 making it impossibl
objectively compare the detectors. Though in sofmhe early papers authors
have reported the results of their experimenteims ofROC analysis in this
subject, nowadays this performance evaluation naetlogy has become
obsolete. Instead, the most widespread techniquéhen literature for the
evaluation of abnormality detection methods for in@dmages is the usage of
free-response receiver operating characterisiRQQ [104] curves. AFROC
curve plots true positive rate against the averagaber of false positives per
image as the discrimination threshold of the systanes.

The usage oFROCcurves is popular among researchers due to théhaic
it is suitable to compare the performance of deiratnethods that provide an
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unknown number of candidates, presumably correspgrid abnormalities on
an image. However, since the average number of fadsitives per image is
not bounded, i.e., there can be basically as manghe number of all image
pixels, no widely accepted index number similatite AUC that describes an
entireFROCcurve exists.

The Retinopathy Online Challenge [105] provides latfprm for the
objective evaluation of retinal microaneurysm deiex Their evaluation
protocol for measuring MA detection accuracy isdoh®n summarizing the
FROC curve figures into a single number, which is cilted as the average
sensitivity at seven predefined average false ipesper image rates (0.125,
0.25,0.5, 1, 2, 4, 8).
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3 NOVEL METHODS FOR THE DETECTION OF RETINAL
MICROANEURYSMS

As it has been discussed in section 2.1, diredtipial-wise techniques are
among the most popular ones in the field of autechaetinal image analysis.
Apart from the specific techniques, the main stepsoperation of these
methods are very similar. Though both the requirgmend difficulties are
different for MA detection and vessel segmentattbe,solutions proposed here
for the two tasks share several common points. Gh¢hem is that the
directional responses of a pixel are utilized mexénsively, and not just by
considering a dedicated value which is usually tfe&ximum or sum in most
state-of-the-art methods.

In this section, two novel retinal MA detection imeds are presented. The
method described first is based on the directigralyscale morphological
operation discussed in section 2.1. However, tlupgsed application of the
directional top-hat values is novel and makes #sgae to extract MAs without
the need for any additional classification. Theygmhrameter of the method is
the MA diameter, which can be calculated from th®IlRliameter. This
approach proved to be competitive with the statdiefart techniques both
individually and also as a candidate extractor mamdd an ensemble-based
system. The secondly described method follows gmoagh of first extracting
candidate points as local minima of the intensiage, and then analyzing
their directional cross-section profiles to excluden-MA candidates. This
technique produced outstanding results and prdwaddirectional cross-section
profile analysis is a suitable approach to desctitee surroundings of image
structures. The technique is also unique in thesesehat it simplifies the
candidate extraction phase of MA detection to tkteaetion of image minimum
regions. Though this step is part of many othergenprocessing techniques
applied in available literature methods, yet, sdithct application has not been
proposed before.

The input of the proposed MA detection methods, alsb the vessel
segmentation method described later in section &la fundus image
preferably along with its binary region of interéROI) mask. Since several
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(b)
Figure 6. A fundus image (a) and its binary ROl mask (b).

methods exist for ROI detection, e.g., the one gsed by Gagnon et al. [106],
this subject is not investigated in more detailsehé&n example for the ROI
mask of a fundus image is given in Fig 6. Thougtlsthyacolor fundus images
are used in the clinical practice, it is well e$isiled and also the general
procedure to use the green channel of retinal isalye to the fact that the
contrast is the highest in this plane. Thus, tret &tep of all methods proposed
in this work is to extract the green channel. V@ akquire the input images to
have such a spatial resolution that the diametethefROI is equal to 540
pixels, since this was the smallest ROI diametehénpublicly available fundus
image sets. Naturally, it is possible to apply phesented methods to images of
different sizes, though in this case other pararseteave to be altered
accordingly and the more image data will resulbimger execution times.
Though the proposed methods do not require a spe&iind of

preprocessing, it was experimentally found thas ibeneficial to consider a
certain amount of image smoothing before the adtegds of detection. This is
partially due to the fact that many fundus images available in a lossy
compressed format, which results in the distortdbrsmall structures such as
MAs. Since the proposed method particularly reloes the local intensity
distribution of MAs, it is important to reduce thedffect of noise. In the
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implementation, convolution with a Gaussian mastwi variance of 1.0 was
applied. The experiments showed that this levaenobothing suppressed noise
sufficiently, while preserving true MAs. Other inagnhancement techniques
could also be considered. It is possible that imafgem other sources than
those discussed here may require different kingsegrocessing steps.

3.1 Directional cross-section profiles

Both the MA detectors and the vessel segmentatiethod proposed in this
dissertation rely heavily on the concept of crasstien profiles. The cross-
section of an image point is defined as the intgnalues along a discrete line
segment that is centered at the given point.R.denote such a profile ariji]
the intensity value at it8" pixel, where the range ofis [—r,r] with some
reIN. Thus, the central value, i.e., the intensity ok tpixel whose
surroundings are being examinedP{®]. Hence, the length of the profile, i.e.,
the number of its pixels ir+1 . For every pixel, a set of such cross-sections
are considered with equal rotational angle diffeeelmmong the consequent
cross-section lines. It can be easily seen thatnimaber of cross-sections
covering the surroundings of the pixel can be dated as180°/A¢ , where
Ag denotes the scan step. Also, detlenote a vector consisting of these cross-
section orientations. The authors in [80] men@oh5° angular resolution for
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Figure 7. Model of the cross-section lines of a pixel.
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the rotation of the line segments. A 6° differebeéwveen the consecutive cross-
section lines was experimentally found to be sigfit That is, 30 cross-
sections for each pixel are considered in our apyro Fig. 7 shows the
graphical representation of the cross-section liae8 orientations.

In order to visualize how these image cross-sestian provide valuable
information about the underlying structures, Figh®ws sample cross-sections
of an MA, a vessel crossing, and an elongated nén#tucture. The
orientations of the sample cross-sections wereesthe® that the differences
between the objects are clearly observable. Itbeaseen that an MA shows a

Smoothed green channel and Sample cross-section

Part of the original image sample cross-section lines profiles

90°

sVl
— /o

Figure 8. Sample cross-section profiles of an MA (a), an elongated non-MA object (b) and a
vessel crossing (c), respectively.
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definite inverted Gaussian like peak for all direes, contrary to the other non-
circular structures.

3.2 An unsupervised MA detection method based on
directional grayscale morphology and diameter opening

It has been discussed both in sections 2.1 antha@t2norphological opening
with rotated flat structuring elements is one @& thost fundamental techniques
used for MA detection and vessel segmentationtifdse methods follow the
principle of using structuring elements that haust jlarger size than the
maximal diameter of the MAs in the image. This skeghlights only those
structures, where the structuring element couldrantfit in. Considering the
maximum of the opened values over the directiosslt® in an image from
which MAs are missing. The subtraction of this imdgom the original one
gives a top-hat transformed version that contamespossible MA candidates.
However, the drawback of this procedure is thagéwnstructuring elements
cannot fit into tighter vessel curvings. This yeelthat residues of the vessel
network will be present in the top-hat image. Irdesr to overcome this
problem, most literature methods apply additioredion growing, matched
filtering, and/or classification steps to excludésé candidates [24], [29], [30].

The first MA detection approach MADET1 presentedthins dissertation
considers another complementary morphological tecten namely diameter
opening [32], [107]. This technique has been usefre for MA candidate
extraction by Walter et al. [31] in a way of applgi it directly on the
preprocessed grayscale fundus image. However, @natiplication proposed
here it is applied to data derived from the dimwdl bottom-hat responses
instead. This approach makes it possible to segiést without considering
any subsequent classification or additional paramsefhese properties become
very useful when utilizing the method in an ensesvtdsed system, thus, it can
be applied on images obtained by different premsiog methods without any
modification or fine tuning. A schematic workflowagram of the operation of
MADET1 is show in Fig. 9.

Next, the concepts of directional response vedaors the determination of
the bottom-hat response are explained, after wthiehsteps of the proposed
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Figure 9. The workflow of the MA detection method MADET1.
unsupervised MA detection method are given.

3.2.1 Determination of the bottom-hat directional response

In order to numerically express the difference leemwthe cross-sections of
MAs and other structures, we define the concepidiretctional responses and
directional response vecto@R\s). The response of a cross-section profile is a
single real value. ThBRV of a pixel is the set of its directional responsesr
a predefined number of orientations. The direclio@sponse vector map
(DRVM) may be considered as a function that assigpR¥to a pixel within
the ROI. These notions will also be extensivelyduse section 4 during the
presentation of a novel vessel segmentation method.

The grayscale erosion and dilation operations daemned here can be defined
as the selection of the minimal and maximal valwea cross-section profile,
respectively. To obtain an opened image for a giveentation, the entire
image needs to be eroded, then dilated. The clagdegation is defined in the
opposite way, i.e, dilation followed by erosion. Sinplify the description of
the method, here we define these operations orsdhee profile. Due to the
constant structuring function in this case, theygeale dilation and erosion
operations may be simplified to the selection okimaim and minimum profile
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values in a sliding window. The length of the plefias to be at least twice the
length of the window to make sure that the reduh@ central element is valid.

Formally, for a profileP, using the previous index ranges and notations,
dilation and erosion are defined as

5, (P)[x]= M nax(—r, x—w)<y<min(r, x+o) Ply], and (3.1)
e, (P)[x]= MIN (=1 x—o)<y<min(r, x+o) Ply], respectively. (3.2)

Here,w is the integer half of the length of the slidinghdow, which in this
case corresponds to the half of the maximal MA @iem Since MAs are
darker than the background on color images, weidenthe bottom-hat (black
top-hat) operation, which is defined as the diffiee of the closed and original

data, formally

BHw(P):Ew(éw(P))_P : (3.3)
Fig. 10 gives a graphical interpretation of theseld and the bottom-hat profiles
of a sample cross-section profile. We note that thghat and bottom-hat
operations can be freely exchanged based on whétleesource image is

inverted or not. For a given point and orientatay the result at the central
point is relevant, which in this thesis is referteds the bottom-hat response of

the profile:
BHR,(P)=BH,(P)[0]. (3.4)

Thus, the bottom-hat response vector of poiy) {s defined as
BH-DRVx,y[i]:BHRMA_diamIZ(Px,y,CD[i]) : (3.5

where P, , ., denotes the cross-section profile with directiocentered at the

N Y Ar—
BUE AN AN AN =TT

Pixel

Figure 10. The result of the bottom-hat operation on a sample cross-section profile.

Intensity
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point (X,y), @ is the vector of the cross-section orientationslefined earlier,
andMA_diamis the maximal MA diameter parameter.

3.2.2 Construction of the microaneurysm score map

The common approach in the literature is to comseteer the maximal top-
hat or minimal bottom-hat response over the dioasti for coarse MA
segmentation. The reason of this approach is timte SMAs are circular
structures, theoretically, they should have highilsr responses at all levels.
This can be observed in Fig. 11, which shows sixsMahd theirBH-DR\5.
However, contrary to the literature approachese e determine the ratio of
directions where the response levels of the coordipg cross-section profiles
were at leasthe(1...255] (assuming an 8 bit intensity image). For this
purpose, we define the response ratio m&RM) as

2y, if BH-DRV,  [i]=h,

i=1| 0, otherwise. (3.6)
D]

RRM, (x,y)=

The likelihood of whether a point corresponds tdvik at a given response
level h is derived from the correspondingRM using another grayscale

990’ 0° 90° 990" 0° 90°

Figure 11. Bottom-hat directional response vectors of six microaneurysm centroids.
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morphology operator, the diameter opening [32][10His operation removes
those structures from an image whose diametergefddahan a given threshold.
The subtraction of the diameter opened image frioenariginal one gives its
top-hat transform. One of the possible implemeoteti is based on the
successive lowering of the threshold around thallotaxima, with testing the
diameter of the region at each level. The proceduwiops when the region
exceeds the given size. This technique, which somast is referred to as
flooding simulation, may also be interpreted asral lof region growing. The
difference is that the stopping criterion is notséx on the local intensity
difference, but on the diameter of the region. Wiagplying this diameter
opening top-hat operation on the response ratiosmagan be seen that only
those local maxima can correspond to MAs, whoseevil close to 1.0. That is,
the procedure can be significantly accelerateddmgiclering only those points,
whose response ratio is at least, for example, Additionally, values of the
non-zero connected components of the resultinghadmre multiplied with the
largest value within their region. This step furtrensures that MA regions
would achieve higher scores. LéM, denote the MA likelihood map obtained
by applying the described modified diameter openiog-hat operation on
RRM, .

The final MA score map is constructed using a wkdhpixel-wise
maximum selection of the MA likelihood maps cormsging to different
height levels. Formally,

score,, (x,y)=LM, (X)y)(x,y)-hmax(x,y) , where (3.7)

hmax(x,y):argmaijMj(x,y) : (3.8)

That is, the final MA score map is constructed bysidering all possible
height levels. Based on experimental observatibmgas found to be sufficient
to consider only the first 30 response levdls {,...,30).

The final MAs may be extracted by thresholding 8wre map, or by
considering all its local maxima with the corresgimig values in case if the
expectation is to produce a set of coordinates \pitbbability values. The
experimental results of this MA detector togethé@hwhe other one presented
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in section 3.3 are discussed together in sectibn 3.

3.3 MA detection through the direct analysis of rotating
cross-section profiles

A brief summary of the second proposed solution KA detection
MADET?2 is as follows. The core of the operationtés examine the local
surroundings of the regional minimums of the greansity plane through a
direct analysis of their directional cross-sectafiles. Since every MA has to
have at least one pixel within its area that i®@l minimum in the intensity
domain, the candidate extraction simplifies to éxéraction of the minimum
regions of the image. This task can be accomplishag efficiently using
available literature methods. Peak detection idieghn the individual cross-
section profiles, and subsequently, a set of atieth regarding the size, height,
and shape of the peak are calculated. The statistieasures of these attributes
as the orientation of the cross-section changestitote the feature set that is
used to classify the candidates. A formula for fihal score of the remaining
candidates is given, which can be thresholded dutit obtain a binary output.

In following sections, the detailed descriptioneafch step of the method is
given. Also, a schematic diagram of the workflovgl®wn in Fig. 12.

[Input image + ROI|

(Local minimum region (LMR) extractiorﬂ

N

For each LMR
( For each pixel in the LMR )
Cross-sectional ¢> Peak detection and $ Feat t
scanning property measurement cafdic se
[MA score caIcuIation]@@lassiﬁcatiorﬂ<}1r|
IMA cooridantes with scores|
. J

(Select pixel with maximal score)

Figure 12. The workflow of MA detector MADET?2.
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3.31 Local minimum region extraction

MAs are local intensity minimum structures on theean channel retinal
image, usually with a Gaussian-like intensity dmttion. This means that
every MA region contains at least one regional mum as well. A local
minimum region KMR) of a grayscale (intensity) image is a connected
component of pixels with a constant intensity valwsich that every
neighboring pixel of the region has a strictly heghintensity [108].
Consequently, it is sufficient to consider only thelRs of the preprocessed
image as possible MA candidate regions. While @ipigroach may seem to be
straightforward, it has not been used directly KA candidate extraction
before. However, the operation of the diameterictpsnethod used by Walter
et al. [31] did influence the proposed approach.itAlsas been discussed in
section 3.1, the most practical implementationhig bperation is based on the
recursive extension of image minimum regions, knoas the flooding
simulation.

In order to extracLMRs, a simple breadth-first search algorithm was used
Its operation is similar to the one described iQ8]JLfor the calculation of
grayscale morphological reconstruction. The prooedmay be described
briefly as follows. Pixels of the image are proegssequentially, and compared
to their 8-neighbors. If all neighbors have higimtensities, then the pixel itself
is anLMR. If there is a neighboring pixel with lower intéysthen the current
pixel may not be a minimum. A pixel is considerede a possible minimum if
all neighboring pixels have higher or the samensitg, in which case pixels
with the same intensity are stored in a queue aesigd in the same way. If the
queue becomes empty, so that all the pixels itatoet proved to be possible
minima, then the corresponding connected compasesm LMR. The pseudo-
code of the procedure is given in Algorithm 1. Magiableprocessedefers to
a flag map with the same size as the input imageisinnitially filled with
zeros.

Pixels of anLMR are considered individually as possible MA cantiidand
the pixel with the maximal final score will represeéts region. This procedure
is referred to as non-maximum suppression and lithei discussed in more
details later on. Image smoothing as discusse@dtiasn 3.1 gains importance
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Algorithm 1. Extracting the local minimum regions of an image.

Input:

« | agrayscale intensity image.
Output:

» res:the set of local minimum regions.

for p in points of I do
if processed[p] = 1 then continue
qgueue.add(neighbors of p)
is_minimum « 1
region.clear
region.add(p)
while |queue| > @ do
cp « queue.pop
if I[cp] < I[p] then
is_minimum « ©
break
endif
if I[cp] > I[p] then processed[cp] « 1
if I[cp] = I[p] then
if processed[cp] = 1 then
is_minimum <« ©
break
endif
region.add(cp)
processed[cp] « 1
for np in neighbors of cp
if (not region.contains(np)) and (not queue.contains(np)) then
queue.add(np)
endif
endfor
endif
endwhile
if is_minimum = 1 then result.add(region)
endfor

at this point of the procedure, since the locanstty variations may be high in
a raw retinal image, causing many local minima lander execution times.

3.3.2 Cross-sectional scanning

In order to examine the surroundings of a singlaimim pixel in an MA
candidate region, the cross-sectional approachnekfin section 3.1.1 is
considered again. In [80], Ricci and Perfetti hasatlibed a similar procedure
as a basic line detector. The authors there repdini@t they achieved the best
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performance with lines of length 15 pixels withaleferring to the method
proposed in [23], where line operators of the slangth are used as structuring
elements for vessel segmentation. While in that@gpgh the average intensity
along the lines are considered, here we use thdtirgsintensity profiles to
detect and measure the properties of a peak ateidger. An additional
advantage of this procedure is that it is not thiical to find an optimal length
for the cross-section lines, though it has to bificsently large to enable the
distinction of MAs from haemorrhages and partshefvtasculature.

3.3.3 Peak detection and property measurement on the cross-
section profiles

A unique peak detection step is performed on theaeted cross-section
profiles. The aim is to decide whether a peak ssent at the center of the
profile for a specific direction. Several propeste the peak are calculated and
the final feature set consists of a set of staitneasures that show how these
values vary as the orientation of the cross-sedsochanging. This way, the
variation of important characteristics such as swtnyn and shape of the
structure, and also its difference from the backgtb may be numerically
expressed.

The detection of peaks in one dimensional disatata is a common task in
many fields of science. Such examples are the aittonevaluation of
spectrometric [109], [110], chromatographic [11[]12], and cardiographic
data. It also has a wide range of applicationsignad processing. Localizing
peaks in image histograms is used in many casgsfoe.image segmentation
or quantization. The applied methods are of mamgkiand usually the most
suitable for a specific problem, though the expemta towards a method also
vary among the applications. The available methadthe literature include
e.g., template matching, wavelet transformatiocatjsgtcal approaches, baseline
corrections, and thresholding.

The basis of the peak detection procedure propwstds work is to locate
strictly monotonic segments (ramps) of the prole@amp here is defined as a
segment(P[m],...,P[n]) , with —r<m<n<r of the profileP, such that,

sign(P[i]—P[i—1])-sign(P[i+1]—P[i])=1 (3.9)
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for every m<i<n, where the sign function is defined as

1, ifx<0,
sign(x)={ 0, if x=0, (3.10)
1, if x>0.

In other words, a ramp should be monotone incrgasirdecreasing. Moreover,
the absolute difference between consecutive raryesahould not be less than
min_diff, and the height of the ramp, i.e., the absolutieréince between the
first and last value should not be less than_height either. That is,

|P[i+1]—P[i]|= min_diff (3.11)
for every m<i<n, and
|P[m]—P[n]|= min_ height . (3.12)

The value ofmin_diff acts as a lower threshold for the slope of thepsaam
and it controls how sharp the recognized intens@ysition should be. The
purpose of the parameterin_heightis to give a lower noise threshold. After
examining the cross-section profiles of severahatMAs, it was found that
by settingmin_diff to 2, and themin_heightto 3, small monotonic segments
that are clearly noise artifacts can be eliminafdwe pseudocode for the ramp
localization procedure is given in Algorithm 2. Theethod also uses state
variable, which gets its value from the functigign, denoting that whether the
current ramp is increasing or decreasing, respagtifhe localized ramps are
stored in a queue in the form ofstdrt index end indexramp type, where
ramp typealso gets its value from the varialskate

For the sake of better understanding, let us censide inverted cross-
section profiles as the basis of the ramp and tresecutive peak detection.
This way, peaks corresponding to MAs become pasitiynce the ramps are
located, it is tested, whether a definite peak lmarocated at the center of the
profile. The peak is considered to be presenhgfrightmost ramp on the left of
the central pixel is increasing, and similarly, teéémost ramp on its right is
decreasing. Since only minimum regions are consdlas candidates, it is not
possible that the central index (0) of the proslénside a ramp, though, it may
be the end or the start of one. Furthermore, iisongaramps to the left and
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Algorithm 2. Ramp detection procedure on a profile.

Input:
* P:anintensity profile, the indexes of first andtlaalue arer andr, respectively.
* min_diff min_height method parameters.
Output:
* ramps:the result queue, whose elements are in the fdr(start index end index

ramp type.

state <« ©
for 1 in {-r, .., r - 1} do
diff « P[1 + 1] - P[i]
if state = @ then
if abs(diff) >= min_diff then
height « abs(diff)
start « 1
state « abs(diff)
endif
else
if state = sign(diff) then
if abs(diff) >= min_diff then
height « height + abs(diff)
if 1 = n - 2 and height >= min_height then
push (start, 1 + 1, state) to ramps
endif
else
if height > min_height then
push (start, 1 + 1, state) to ramps
endif
state « 0
endif
else
if height >= min_height then
push (start, 1 + 1, state) to ramps
endif
if abs(diff) >= min_diff then
height <« abs(diff)
start « 1
state « sign(diff)
else
state « ©
endif
endif
endif
endfor

decreasing ramps to the right of the detected pealsuccessively attached as
long as the gap between two consecutive rampstigreater than a fixed value
max_gap This way, a more noise and local intensity varattolerant peak
detection can be achieved. In the implementatio®,parametemax_gapwas
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Figure 13. Increasing and decreasing ramps on a sample profile (a), and the result of the peak
detection and the calculated peak measures (b).

set to 3, which was also determined based on erpatal observations, in the
same way as in the case of the parametens diff and min_height The final
peak is represented by four descriptive values; inc., deg, anddec. The
values ofincs andinc, correspond to the start and end indices of theeasing
ramp, whiledeg, anddec correspond to the boundaries of the decreasing,ram
respectively. Fig. 13 shows a graphical interpretatof the ramps on an
inverted sample cross-section profile (Fig. 13,(@))d how the full peak is
formed (Fig. 13 (b)).

Once a peak is detected at the center of a prf@filee following features are
calculated:

1. Thepeak widthis the difference between the start and end isdie¢he
peak:

Wpeal:de(e_incs; (3.13)
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2. The top width is the size of the gap between the increasing and
decreasing ramp:

wtop:decs—ince ; (3.14)

3. Theincreasing ramp height
h. .=Plinc_]-P[inc ]; (3.15)

4. Thedecreasing ramp height
hye.=Pldec |—P[dec]; (3.16)

5. Theincreasing ramp slope

s,.=h,../(inc.~inc_); (3.17)

6. Thedecreasing ramp slope
Syec=Nye/(dec,—dec,) ; (3.18)

7. Thepeak heighis calculated as the difference between the irtien$
the central pixel and a baseline that connectsstheg and end of the
profile:

P[de¢]—P[inc]

peak P[O]+ W > incg+Plinc ] . (3.19)
peak

h

The value ofpeak widthcorresponds to the extension of the structuréén t
given direction. Theop width measures how large the maximum area in the
structure is. Theheights and slopesof the increasing and decreasing ramps
provide information about the distinction from tls&irroundings, and the
sharpness of the intensity transition, respectivélig note that the slope is
considered to be positive for decreasing ramps, Toe valuepeak height
combines the heights of the increasing and decrgasamps by fitting a
baseline to the peak and calculating the differesfae profile's central value
from it. The calculated peak measures — excepsliyes — on the previous
sample cross-section profile are shown in Fig.d3 (
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3.34 Feature set and classification

After the cross-sectional scanning and peak detestieps are performed for
every scan direction on a given candidate pointerse statistical measures of
the resulting directional peak properties are dated. For this purpose, the
following five sets that consist of the values loé torresponding peak features
are defined. The increasing and decreasing rangihtealues are stored jointly
in the setRHEIGHTS set, likewise, the ramp slope values are stored in
RSLOPESThe setSWIDTHS PWIDTHS andPHEIGHTScontain the values
top width peak width andpeak heightrespectively.

Let ur, or, and cw denote the respective mean, standard deviation and
coefficient of variation of the values in a JetThe the coefficient of variation
cv is the normalized measure of dispersion, and imelk as the ratio of the
standard deviation and the mean, i.e.,

= (3.20)

The following feature set containing seven elementsstitutes the basis of
candidate classification:

—
F=|Wpwipras» O pwipnrs » Wrwinras » Orwiptrs » O rsLoPES » (3.21)

]
CVrueicars » €V pHEIGHTS |-

The value ofurwipthsgives a good measure of the extension of the dateli
object, andopwiptns ShOws how symmetric it iSurwipths @and orwiptis Serve
similar purposes by describing the inner regionhef candidatesrs.oreshas a
higher value for vessel crossings. T¢Wueicrts and CVereichts Values provide
normalized measures of the variations in the shem®rof the contour. This
feature set made it possible to distinguish MAsmfréthe most common
interfering objects, such as small disconnectedselesragments, vessel
crossings and bifurcations, retinal haemorrhages dine only slightly larger
than MAs, or local darkenings on the vessels.

For classification, a naive Bayes (NB) classifiais heen used. This is a
simple, yet robust probabilistic algorithm thatwases the individual features to
be independent. The training set consists of batitipe and negative MA
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examples. Usually, it is rather straightforwardotatain the feature vectors of
positive instances of the training set, since insmpublic datasets the
coordinates of MAs on the images are given. TheMénset was assembled
manually and consists of the previously describedtraommon false positives
from the training images of the publicly availabRetinopathy Online
Challenge dataset [105]. The used image sets aprigdied in details in the
experimental results section 3.3.

The training of a NB classifier is based on thénestion of the class priors
and feature probability distributions. Followingetttommon practice in the
literature when dealing with continuous data, weua®e that the feature values
in each class are of Gaussian distribution. Thesdgi that the parameters of the
distribution can be estimated using the sample seard variances of the

training data for the given feature. That is, facle classce{MA ,nor- MA|
we determine{ug .,0f . , where F, denotes the set of the values of ifie
i’ i’

feature inF. Class priors in this case are considered to balege., we assume
that both MA and non-MA cases occur with the saragqufency. Thus, this term
may be ignored in the final decision, which furtsenplifies the procedure.

The NB classification of a new candidate represkie the feature vector
(f1 ...,f7) is described using the formula

7
classify(fl,...,f7)=argmaxH p(filc), (3.22)
c i=1
which is known as the maximum posterioridecision rule. According to the
assumption of normal distribution in the individdehtures, the probability &f
overc is expressed as

(fi_MFi C)z

1 29F, . (3.23)

P(fi|C)=We

1

Other classification methods, such as k-neareghber (kNN) and support
vector machines (SVMs) with different kernel fucts have been checked as
well. Experiments showed that there was only a maidifference in the final
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performance, though the usage of NB gave a sligigiyer result. Besides, its
low computational time and robustness are also radgaous properties.
However, the intention of these experiments wastodind the most suitable
classification method, but much rather to show dapability of the proposed
feature set in terms of expressing the importaatadteristics of MAs.

The training set, the different classifier resultmd the performance
evaluation methodology will be discussed in detmilthe experimental results
section 3.4.

3.3.5 MA score calculation and non-maximum suppression

In order to meet the requirements of a real-life §fReening system, scores
are assigned to the MA candidates that were cledsifs true MAs. This score
considers the shape, symmetry, sharpness, andasbofr the candidate. It is
constructed in such a way that stronger and maiblei MAs achieve higher
scores than faint ones. It has been experimerftaliyd that the product of the
minimal value ofPHEIGHTS denoted asnineueicits andusioresreflects well
the strength of the appearance of the candidatée M@t the usage of the
minimum of the directional peak heights is analada the minimum of
rotated morphological bottom-hats discused eailetthe overview of the
literature methods. The final MA score is calcutiatsing the formula:

mlnPHEIGHTS "URsLoPEs

SCOI§apeT2= (3.24)

1+ 0 pwiptHet OrwinTHe* OrsLope O rueicHT: T O pHEIGHT:

The score calculated in this way will be maximalewhthe variables in the
denominator are equal to zero. It will assign hrgheores to locally more
distinctive candidates with sharper edges, andkies into consideration that
variation in the important features should be as &3 possible as well. Notice
that opposed to the feature set used for classditain (3.21) the standard
deviations of RHEIGHTS and PHEIGHTS are considered instead of their
coefficients of variation. Since these values espreéhe contrast of the
candidate, for the classification step it is moretable to consider their
normalized variants. In the case of classificatitse, aim is to decide whether
the candidate is a valid MA and not to express powminent it is, for which
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purpose the normalized dispersion measure is matabte. The variables in
the denominator of (3.24) are of different rangless, one might consider some
sort of normalization in order to bring the valueg., into the range of [0,1].
The necessary min/max values of the corresponeirmyst can be derived from
the training data. However, for the experiments oregul here, no
normalizations were used.

The final step of the proposed method is referee@g the non-maximum
suppression of the scores. It has been describdiérethat in the case of a
regional minimum, all of its points are consideredividually as candidate
points. Non-maximum suppression thus means theatperof selecting the
point with the highest score from every minimumioegthat will represent the
corresponding candidate. Therefore, points with -maximal score in a
candidate region are neglected, and the outpubefptoposed MA detection
method is a set of coordinates along with the spoading score values. In
most of the cases the point with the highest sisoaéso the centroid of the MA.
It is rather rare that instead of a single minimpomt a larger region would be
present in the case of MAs.

In order to achieve a binary output for the MA daates, simple
thresholding of the score values may be performéds score threshold may
also be interpreted as the discriminative thresloblthe entire system, which
gives the opportunity to FROC analysis. Optionallynay be useful to apply
statistical normalization on the score maps, ang # global threshold can be
defined for the system.
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3.4 Experimental evaluation of the MA detection methods

The presented detection methods MADET1 and MADEa&Zehbeen tested
on two independent image sets: in an open onlingpetition and on a private
image set that was provided by the Moorfields Egspital, London, UK. No
additional vessel or optic disc detections werdiaggor these tests.

3.4.1 Materials and classifier configuration

The presented methods were optimized primarilyttierRetinopathy Online
Challenge (ROC) [105], which is an internationalirms competition dedicated
to objectively compare the accuracy of retinal wécreurysm detectors under
the same conditions. The publicly available imagedf the ROC challenge
consists of 50 training and 50 test images, boéhddrthree different spatial
resolutions: 766x576 105¢x1061 138¢x138: pixels. The field of view
(FOV) of the images is 45°, and all images are aesged with JPEG. The
coordinates of the MAs are available only for therting set, which can be
used as a ground truth. This setup gives eactcymating team the opportunity
to train their methods on the training set, anch thgbmit their results obtained
on the test set. The output of the methods shoeléhkthe form of pairs of
candidate coordinates and confidence values. THerpence of a method is
calculated as the average sensitivity at severefireztl false positive per image
rates (1/8, 1/4, 1/2, 1, 2, 4, and 8) by the RP@viders.

The method MADET2 presented in section 3.2 appléestwo-class
classification; therefore, it requires two setstraining examples. Assembling
the positive setMA) is straightforward. However, compilation of thegative
set pon-MA is more complicated, since its elements have @osblected
manually. To construct the training feature setthar classifier of the proposed
method, the official annotations of the MAs on thening set were taken as a
basis, and the ambiguous ones were sorted out mharlze setnon-MAwas
assembled manually and consisted mostly of veseskinigs and bifurcations,
elongated disconnected vessel fragments, and hdeages. Table 1 shows the
means and standard deviations of the feature vétuwethe two classes in the
training data. Since a naive Bayes classifier wvifte assumption of normal
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Table 1. Means and standard deviations of the trainingifeatectors for the MADET?2

method.

Feature MA non-MA

ORSLOPES 0.7623 + 0.1280 1.2522 + 0.6934
CVpHEIGHTS 0.1989 + 0.2407 0.3329 + 0.0476
CVRHEIGHTS 0.2594 + 0.0375 0.4389 + 0.0369
UTWIDTHS 1.2095 + 7.3803 1.7283 + 3.3291
OTWIDTHS 0.7459 + 1.3820 1.6078 + 2.4946
HpWIDTHS 8.5987 + 7.0796 11.7989 + 7.5289
OpWIDTHS 1.8159 + 1.1965 3.7547 + 2.7767

distribution of the individual features were usdldese mean and standard
deviation values constitute the configuration & thassifier as well.

During development, other classifiers have alsonbeleecked. This was
done by evaluating on the RO@aining set, since the MA annotations are not
available for the images in the test set. Usingatfloeementioned NB classifier,
an average sensitivity of 0.1509 was achieved,enihilthe cases of a k-nearest
neighbor (k=15, statistically normalized featuretees) and an SVM classifier
with radial basis kernel function (libSVM [113] @eflit settings) these figures
were 0.1500 and 0.1490, respectively. It can be He# the difference between
the considered classifiers was minimal. Speed ahdstness were also in favor
of choosing NB eventually.

Besides the competition ROC, both methods have besied on a set of
images provided by the Moorfields Eye Hospital, don, UK. This image set
consists of 60 retinal images and the coordinatdeeoMA centroids are also
available for all the images. The FOV of the image45°, and the diameter of
their ROI is approximately 2200 pixels on averaljeorder to evaluate the
presented supervised method on this dataset, the slassifier setup was used
as for the ROCHence, it was possible to test on all the 60 isagéhout
splitting them into a training and test set. In tlase of the ROC, certain lesions
are considered as “irrelevant” by the organizens| tnus, their detections are
not counted as false positives. However, in thes adsthe annotation of the
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Moorfields images, no such category was considered.

342 Results

In the challenge ROC, the unsupervised method MADIpfesented in
section 3.1 [8] achieved an average sensitivity5®.3while the method
MADET?2 presented in section 3.2 [9] achieved 0.423h evaluated by the
organizers. Table 2 summarizes the performancheofriethods that have been
submitted to the competition so far. The first pldhanethod DRSCREEN [48]
Is an ensemble-based technique, which combinesadendividual algorithms,
including the unsupervised MADET1, as well. Whife taverage sensitivity of
the ensemble-based method is slightly higher,iinjgortant to mention that the
presented supervised method achieved higher setysiit the diagnostically
most important low average false positive per imeges, i.e., at 1/8 and 1/4
FPs/image. Table 3 shows the sensitivities of the Miodetection methods in
this dissertation and the first placed ensembledamne at the seven average
false positive per image rates.

The evaluation protocol of the Moorfields imageshiat no false detections
are considered as “irrelevant”. This resulted ilower sensitivity at the same
average false positive per image levels, compavethe ROC. The average

Table 2. List of methods that have been submitted to thiioRapthy Online Challenge
along with their average sensitivity at the prededi false positive per image rates.

Method Averagesensitivity

1. Antal and Hajdu (DRSCREEN) [48] 0.434
2. MADET?2 [9] 0.423
3. Niemeijer et al.[30] 0.395
4. Quellec et al. [38] 0.381
5. Giancardo et al. [41] 0.375
6. Zhang et al. [35] 0.357
7. MADET1 [8] 0.355
8. Sanchez et al. [39] 0.322
9. Mizutani et al. [37] 0.310
10. IRIA-Group [33] 0.264
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Table 3.Sensitivities at the predefined average false pesier image rates for the proposed
method and the first placed ensemble-based o iROC challenge.

1/8 1/4 1/2 1 2 4 8
MADET?2 [9] 0.251 0.312 0.350 0.417 0.472 0.542 0.615
MADET1 [8] 0.169 0.248 0.274 0367 0.385 0.499 0.542
Antal and Hajdu [48] 0.173 0.275 0.380 0.444 0526 0.599 0.643

sensitivity of the method MADET1 was 0.117, whikee ttechnique MADET2
achieved 0.233 on this image set.

The FROC curves of the proposed methods based on the sesilained
from the ROC organizers, and based on own expetsnam the Moorfields
images are shown in Fig. 14. and Fig. 15, respelgti5ince the Moorfields
images are not publicly available, we present aagenfrom the image set that
shows several pathologies in Fig. 16, with the {asitive, false positive, and
false negative detections highlighted, and the ftalse positives are also
zoomed. The score threshold was chosen so thatuimber of average false
positives per image was 2 in this experiment.

0.7
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0 1 2 3 4 5 6 7 8 9 10
Average number of FPs per image

Figure 14. FROC curves of the proposed methods based on their results in the Retinopathy
Online Challenge.
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Figure 15. FROC curves of the proposed methods based on their results on the Moorfields
images.

Figure 16.An image showing the result of the detection i koorfields Eye Hospital dataset.
Four false positive detections are marked and zdome
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The proposed method was implemented in Java SE Thé. average
computational time was approximately 2 seconds peage without
parallelization, using a desktop computer with ael® Core™2 Quad Q8200
Processor and 2 GB RAM. Since MA candidate regioay be processed
independently, there are many points, where thénodetould be parallelized,
such as the cross-sectional scanning step.
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3.5 Summary of new scientific results in the field of retinal
microaneurysm detection

1. An unsupervised MA detector based on the mostddomental
directional morphology technique of the currenerbiture has been
developed. It makes it possible to segment MAs authtany additional
classification step using grayscale diameter ogeoimthe data derived
from the directional morphology responses. The ritlgm takes only
the maximal MA diameter as a parameter, which @odiculated based
on the ROI diameter. Related publication: [8].

2. It has been shown that the candidate extracti@se of MA detection
can be carried out by the extraction of the rediomaima of the image
intensities. Related publication: [9].

3. A novel MA detection technique has been proposailch is based on
the analysis of the directional cross-section pesficentered at the
minima points of the image. A peak detection tegbai and several
peak properties have been introduced. A featurebased on certain
statistical measures of the peaks of cross-sedtiias®een proposed and
used for candidate classification. A formula foe final candidate score
has been given that takes the symmetry, sharpardscontrast of the
candidate into consideration. Related publicati¢@ls:[12].
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4 A NOVEL RETINAL VESSEL SEGMENTATION METHOD

This section presents a novel technique for retreakel segmentation. The
proposed method is a directional multiscale apgroac some aspects similar
to the literature techniques discussed in sectiéh ahd the MA detection
methods described in section 3. The main differemceé novelty lie in the
manner how the directional responses are utilixédile almost all available
similar methods in the current literature considely the maximal or summed
directional responses at each pixel, the methodepted here considers the
directional responses of a pixel as a vector. Ttained information is utilized
in several ways. A response vector correlation dasmilarity measure and its
usage in a nearest neighbor classifier setup ftariig segmentation seed
points are proposed. The segmentation procedued its a region growing
technique which employs a directional responseovesitnilarity constraint on
adjacent pixels within the region. A vessel scoeasure is introduced which is
more adequate for elongated structure recognititem tsimple maximum

Input image + ROI|

éﬁ’ixelwise directional processingﬂ

i . X . Directional response
i| #1D multiscale symmetric @ vector maps (DRVMs)

i| matched filter (MSMF)
:| 1D grayscale bottom-hat (BH)| | MSMF-DRVM + BH-DRVM

—

(Vessel score map calculation) If‘>|VesseI score maps}

Eﬁegion growing seed extraction
| g 0

: |Region growing seedsl

|

DRV based classification

ity ;
 (Region growing segmentation ) Ifl>|MSMF + BH components|
.( Merging segmentations ) :
R @ ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, L

| Binary vessel mask |

Figure 17. Workflow of the proposed retinal vessel segmentation method.
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selection. Additionally, a symmetry constrained chatl filtering approach is
proposed as well, which overcomes the issue ot faigh responses to the
steep intensity transitions at the border of thiecafisc and bright lesions.

Next, in section 4.1, the detailed description le# proposed retinal vessel
segmentation technique is given. A schematic wovkftiagram of the main
steps of the operation is shown in Fig. 17. Expental results are presented in
section 4.2. Finally, section 4.3 demonstrates lsawe components of the
proposed vessel segmentation can be used in anfelerof medical image
processing, namely the automatic segmentation gm@nt networks in
dermatoscopic images.

4.1 Segmentation based on directional response vector
similarity and region growing

4.1.1 Inputs and preprocessing

The input of the vessel segmentation algorithmhies green channel of a
color retinal image, preferably along with its bin&®OIl mask. While the ROI
IS not necessary, it can be used to exclude someosg candidates at
boundaries and to significantly lower the compotaai time by eliminating a
large number of insignificant pixels. There are sospatial parameters of the
method, which correspond to a certain ROI diametdrich is discussed in
more details in section 4.2.1. These parametehereiteed to be adjusted if
images of different ROl diameter are processedtherimages need to be
rescaled accordingly. Similarly to the proposed Bi&ection approaches, this
method does not require a specific preprocessiy aither. Simple Gaussian
smoothing with a standard deviation of 1.0 on tkieaeted green channel was
applied in the implementation, though one might sider other image
enhancement techniques depending on the qualtthyeahput images.

4.1.2 Pixel-wise determination of the directional response vectors

In the first phase of its operation, the proposesthod applies the same
procedure to obtain cross-section profiles for gagkl which was described in
section 3.1. There are two operations applied beraks-sections of a pixel,
both resulting in two directional response vectéos each profile. The
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Figure 18. The workflow of the directional processing procedure with the schematic
representation of some cross-section lines (a), the corresponding cross-section profiles (b), and
the directional response vectors of the pixel under examination (c).

difference between this approach and the existmgsdies in the way how
these directional responses are utilized. Namedye ithe entire response
vectors are used, instead of considering only thrimal or summed responses
over the directions. Fig. 18 gives a depictionhaf workflow of the directional
processing.

The first operation to obtain directional responsetie same morphological
bottom-hat operation that was described in se@i@ril. The only difference is
that the parameter in this case is the maximalelegisith and not the maximal
MA diameter. The advantage of this simple morphigiaigoperation in the case
of vessel extraction is that it gives almost nqpoese for bright lesion edges
and the optic disc boundary. Unfortunately, it dgee high response to more
irregular cross-sections, such as those of haemges) and it is less
susceptible for thin vessels.

The second technique used to obtain responsespecal matched filtering
approach which is also a contribution of this dits@n and is described in the
next section.
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4.1.2.1 1D multiscale symmetric matched filter response

The second order derivative of the Gaussian (SOI@) fs widely used in
signal and image processing tasks. Its negativenalared variant is often
referred to as theMlexican-hat due to its shape. The two dimensional
counterpart is known as the Laplacian of GaussianGf filter and is a
fundamental tool in corner, blob and edge detedtisks. The one-dimensional

filter function of the SDG wittscale parameter can be given as

2
X
G, ()= =) 2e” (@
(¢}

Two favorable properties of the SDG filter are titas zero-mean and the
filter flattens out to zero. Hence, the responskess dependent on the size of
the cross-section than it would be in the casegfzero-mean Gaussian masks
[68], [69]. The only constraint is that this sizeosld be sufficiently large to
allow the SDG filter with the largest scale to tiat out. This property can be
observed in Fig. 19, which shows the plots of f8IeG filters that correspond
to different scale parameters.

In our presentation, we will use the same notatesmslescribed in section
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Figure 19. Second order derivative of the Gaussian (SDG) filters corresponding to different
scale parameters.
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3.1, i.e.,P denotes a cross-section profiRj] its i value, andi€(-r,...,r/|,
wherer is considered to be the radius of the cross-seciiba general way to
calculate the matched filter response is the discoeoss-correlation of the
signal and the mask. If both of them are real &ednask is central symmetric,
this is the same as the discrete convolution, tho) expressions occur in the
literature. In this case, the size of the crossiseqrofile and the mask are
equal, and since only the response at the centlakiis relevant, the operation
simplifies to the sum-product of the two vectorfal is, the matched filter
response for profil® with an SDG having parameters

r
MFR,(P)= 3 P[i}-Gqli). (4.2)
I1=—r

The most important drawback of this correlation doasmatching of
directional SDG filters in the case of retinal irrags the high response for
asymmetric bright intensity transitions, such assthoccurring at the boundary
of the optic disc and bright lesions. This effecsometimes referred to as the
“ringing effect” in the corresponding literature7[6 [76], [102]. The solution
proposed here to overcome this issue is to s@itstm-product to a left and
right part, excluding the central element, and mdbing the absolute difference
of these two from the entire response. Thus, a stmymconstraint is
incorporated. In the case of an SDG filter, the guoducts may be negative,
which would yield erroneous effects in later stepbus, in such case the
response is considered to be zero. The formal igiecr can be given as

MFR:(P) N MFRE(P)

~ MFR,(P)

Figure 20. A vessel cross-section profile and an SDG filter along with the intervals for the
calculation of the matched filtered response.
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MFR,( P)=MFR}(P)+P[0]-G, (0)+ MFRR(P) , where (4.3)

-1
_Z PJi , and (4.4)

MFR}(P Z (4.5)

In order to help the better understanding of (4484)., and (4.5), Fig. 20
shows a vessel cross-section profile along witlsB® filter. The intervals for
the determination of the left, right, and total sproducts are also indicated.
This way, the symmetric matched filter responsxressed as:

SMFR, (P)=max MFR,(P)—|MFR}(P)-MFR5(P)|,0). (4.6)

To handle the varying width of vessels, SDG mas&sesponding to
different scale parameters are matched againsprbie, and the maximal

Figure 21.Parts of retinal images (a), the result of apgysimple SDG filter (b), and the
result of the proposed symmetric matched filtepoese calculation (c).
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response is selected. Formally, the final multscadodified matched filter
(MSMPF) response t® is given as

MSMFR( P)=max, SMFR;(P) . 4.7)

In the test implementatiors has been selected from the range0,3.0]
with a step 0.1. To demonstrate the effect of sintftectional SDG filters and
the proposed symmetry constrained technique, paftsretinal images
containing optic discs and bright lesions are shawhkig. 21, along with the
results of the directional SDG and the proposeeriilg technique. For this
experiment, the maximal directional responses gefected at each point. In
section 4.1.3.1, a more suitable formula is givewever, the superiority of the
proposedVISMFfor vessel enhancement is clearly visible evethi;mway.

4.1.3 Segmentation on the response vector maps

Resulting from the previous step, two directionesponse vector maps
(DRVMs), the multiscale symmetric matched filt&iSMF-DRVN and the
bottom-hat BH-DRVM maps are obtained. The segmentation procedure
described in this section is considered on bothovenaps separately, and the
resulting two primary vessel masks will be combinied form the final
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Figure 22. Six different Examples for the DRV’s of different vessel structures.
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segmentation, which is described in details later o

In Fig. 22, six examples @R\s of vessel segments and vessel crossings are
shown. The horizontal and vertical axes of the iiags indicate the orientation
and the response value, respectively. It can be &esv the drops in the
response values correspond to the orientation efutiderlying structure, and
that thicker vessels cause larger valleys inDRaAs.

4.1.3.1 Vessel score maps and extraction of seeds for region
growing

In order to obtain a single value that describes ltkelihood of a pixel
belonging to a vessel, a score based on the gtatisteasures of its response
vector is calculated. While most of the previoudigcussed similar directional
methods only consider the maximal or summed regponsr the directions,
here a more descriptive formula considering thermstandard deviation and
maximal value of the response vector is given [I8e underlying idea of this
approach is that vessel points have low or even response at directions
matching the orientation of the corresponding Vedeis, the variation of
responses over the directions is higher. Therefoeecalculate the vessel score
of a pixel by multiplying its response vector mewith the standard deviation
and then divide the product with the maximal resgowalue to achieve a
certain level of normalization. That is, the vess®ire is calculated as

SCOegsc DRV )=t ppy 0 pry/ Mgy - (4.8)
where w,.., , Opgy » @and max,., denote the mean, standard deviation, and

maximum of aDRV, respectively. In Fig. 23 and 24, the maximum, mea
standard deviation and vessel score maps oBttteand MSMF-DR\$ of the
retinal image from the image set DRIVE shown in.ligs given.

In order to correct the different ranges of thailtgsy score maps, statistical

normalization is applied. That is, each score vaseeis replaced with
(SC—Ugopre)/ Tgoore » Where w and o are the mean and standard

score score !

deviations of the original score map. This nornalan makes it possible to
use the same score thresheid in the segmentation of ttdSMF andBH

maps.
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Figure 23.TheBH-DRVmaximum (a), mean (b), standard deviation (c), faral vessel score
maps (d) of the retinal image shown in Fig. 6.

The segmentation procedure described in sectio3.8.is a special region
growing approach that uses both the response veeprand the corresponding
vessel score map. The seed points of the procedaréhose local maxima of
the score map, whose values are greater thgr), . One advantage of this
approach over, e.g, the simple thresholding ofst@e map to extract seed
regions, is that this way the vessel seeds aréddat the center of the vessels.
This property gains importance, when seed poirdschassified based on their
DR\s as described in the next section.

In order to extract the local maxima regions of $here map, the procedure
described in Algorithm 1 was considered here as. Wéke only difference is
that the score map first needs to be inverted abrttaximal regions become
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Figure 24. TheMSMF-DRVmaximum (a), mean (b), standard deviation (c), favad vessel
score maps (d) of the retinal image shown in Fig. 6

minimal ones.

4.1.3.2 Classification of the region growing seeds

The purpose of the classification step is to exeladed points that clearly
belong to lesions, such as MAs or haemorrhageslewhis less difficult to
distinguish MAs, images with a high number of btigdsions close to each
other are more challenging to deal with. For exanfiie background regions
between certain bright lesions may be locally itwdggiishable from vessels.

The DRV of a pixel provides information about its surrounys in the form
of a fixed number of response values. This inforamais utilized in such a way
that the seed points are filtered based on whetier DR\S are sufficiently
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similar to that of a set of manually selected tragnpoints. The used technique
Is a nearest neighbor search, basically a one kMiNsclassification. However,
instead of a Euclidean distance metric, a modifedss-correlation based
measure is considered.

Each element of BRV corresponds to a given direction, thus pointsaaf t
identical structures that differ only in their artation, e.g. two vessel segments
of the same width, have differeDRVs. To overcome this difficulty, a similarity
measure of theDRVs that is invariant to the orientation of the utygag
structure is proposed. This is accomplished by essieely rotating (circularly
shifting) eitherDRV, at each step calculating the normalized crosseladion of
the rotatedDRV and the other one. The rotation is performed asyntianes as
the length of thdR\V That is, finally all possible orientations areecked and
the maximal correlation will give the similarity m®ure of the two vectors.
Whether the rotation is to the left or the rightinelevant, here the latter is
considered, i.e., the rotation of a vector is pened by replacing each element
of it with the one to the left, while the value fs&dl out at the last index is
brought in at the first index.

To formulate this procedure, I¥tandY denote twdDRVs, and lei, denote
the length ofDRV A. The maximal rotated cross-correlatiddRCQ is then
calculated as

MRCC(X ,Y)=max_, | p(R(X k),Y), (4.9)

wherep denotes the Pearson correlation coefficient batviee twoDR\5, i.e.,

' —w (YTl
p(x,Y):Z(XM %XX)_E,T([I] “Y), (4.10)
i=1
andR denotes the rotation operation defined as
- | R(X,k=1)[i—1],if i>0
RIX K] R(X , k=1)[I,—1],if i=0" (4.11)

where R(X,0)=R(X Iy )=X .
The classification of RV is done by comparing it to a given set of sample
vessel poinDRVs and recording thk highestMRCC whose mean value will
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provide the confidence measure of the seed pdittiid confidence is less than
a predefined minimal value, then the correspondiegd point is omitted from
the following region growing segmentation step.the implementation, the
minimal confidence was set to 0.95 and the valuetof21.

The reason for considering a one class classificats that this way
assembling the sample vectors is more straightiawaither by marking
vessel points manually, or using the given binargsks of some publicly
available image set. The only important requiremerthat the marked points
should be as close to the center of the vessebssiljpe, since th®RVs of
vessel points are changing as getting closer toetlges. This can be easily
accomplished by skeletonizing the binary vesselarnapavailable image sets.
This is also the reason why the seeds were extractdhe way as described in
the section 4.1.3.1, i.e, by considering the maxahthe corresponding vessel
score map.

4.1.3.3 Region growing based segmentation using a directional
response vector similarity constraint

The proposed region growing based segmentationatgselby iteratively
expanding a seed region through processing itsooorgoints in a sequential
manner, considering their non-region 8-neighborpassible candidates. Such
a candidate point is added to the region, if thedpct of its score divided by
th and the correlation coefficient betweenRV and that of the current
contour point is higher than a predefined paramegercoeff That is, a
neighboring pointp of a contour pointp is added to the region if

score !

scorqlesse( DRV
th

SCore

”p) >rg _coeff. (4.12)

p(DRV,,, DRV, )

The growing is continued until there are no morkdveandidates to add. It
is possible that a seed pixel is grown into anotbgron, in which case it will
not be processed individually, since the result ldobe the same. The
pseudocode of the procedure is given in Algorithm 3

Region growing criterion (4.12) expresses localilainty as the correlation
of the DRVs of adjacent pixels, and allows certain level efidtion in vessel
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Algorithm 3. The procedure of the region growing method useddégmentation.

Input:
« drvm: Directional response vector map.
e score_map: vessel score map.
* seeds: list of region growing seed points (maxifido@ score map)
* score_th, rg_coeff: method parameters.
Output:
* label_map: result of the segmentation.
Auxiliary:
e point_queue: stores points for processing.

Fill label_map with @.
Label « ©
for s in seeds do
if score_map[s] >= th_score and Label_map[s] = @ then
Label « label + 1
push s to point_queue
Label_map[s] = Llabel
while |point_queue| > @ do
cp « remove first item from point_queue
for np in neighbors of cp do
if Label_map[np] = © then
if corrCoeff(drvm[cp], drvm[np]) * score_map[np] / th_score >=
rg_coeff then
Label_map[np] <« seed_id
push np to point_queue

endif
endif
endfor
endwhile
endif
endfor
score fromth depending on the parametgr coeff By letting the vessel

score

score to be lower thanh technically, a double thresholding (hystersis

score ’

thresholding) scenario is achieved. The only dififee is that instead of using a
secondary lower threshold expressed in the ratiohgf  , the degree of how
much deviation is allowed depends on the similadgfythe corresponding
DRVs. That is, in case of adjacent pixels that shogh fdorrelation in their
DR\Vs, a larger drop in vessel score is allowed. The @i this approach is to
prevent small non-vessel structures from being eoted to the peripheries of
vessels, which occasionally happens when usinglibiding based solely on
the vessel score. In order to demonstrate thisteffeg. 25 shows portions of
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Figure 25. Examples showing the difference between simple double thresholding of the vessel
score (a) and the proposed DRV correlation based region growing segmentation (b). The manual
ground truth segmentations are also shown (c).

three example segmentations obtained by the prdpeggon growing method

and the hysteresis thresholding of the respectiessel score maps,
respectively. For the latter case, the high thrieskas set toth and the

core
low threshold to rg_ coeff -th This way, the two techniques can be

score *
compared. It can be seen that by using the propesetbr correlation based
region growing method, artifacts that would be prestherwise are removed.
While it is true that such cases are rather raraninmage, it is important to
mention that such deformations would affect theiltesof other methods in a
negative way. We can mention, e.g., skeletonizasra common procedure to
extract vessel network keypoints, such as branghanmgfs.

Another possible approach would be to compare émelidate pixels to the
seed pixel using theIRCC of the DRVs as described in section 4.1.3.2.
However, in practice, this approach leads to sévprablems and also
deteriorates the performance. First, MBCC has higher computational cost
and this way all seed points have to be procesdad.is because we cannot
guarantee that even if a seed has been grown heteegion of another seed
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point, the result of growing from the first one vdue the same. Hence, the
processing time is largely increased. Moreovethagegion is getting larger, it
IS more probable that the structure of the vessgkiting more different, e.g.,
the width of the vessel is changing. An even madaifecdlt problem is that when
the growing reaches a point, where the vesseltateits substantially different,
e.g., a vessel crossing or bifurcation, the growiroglld stop due to the entirely
differentDR\A.

4.1.4 Merging response vector map segmentations

As described in the beginning of section 4.1.3,dfeposed segmentation is
applied to both th'SMF and BH-DRVMs resulting in two primary vessel
segmentations, basically two sets of connected ooes obtained by region
growing. In this final step, these two segmentatiare merged to construct the
final binary vessel mask.

The motivation of the merging step is that our expents showed that large
vessels are thinner on tMSMF segmentations than on the manually annotated
ground truth images, while on tiig#H segmentation the width of these vessels
are more appropriate. However, tNe&SMF is more sensitive to thin vessels,
though it produces quite a lot of artifacts, tobe BH masks on the other hand
are less susceptible for thin vessels, though lyssaime parts of them are
present, even if the structure is not connectedtuRately,BH masks are less
sensitive to noise, thus, there are less artifacthese segmentations.

First, we define the length of a binary connectethgonent as the number
of its non-intersecting skeleton points, i.e., thdbat have at most two 8-
connected neighbors. In order to obtain the skelaib a component, the
corresponding method from the image processingjbimageJ [114] has been
utilized. The method used to combine the two segatiens is the following.

Components on either segmentation whose lengtigleehthanhigh_length
are copied to the final vessel mask image. Consigethe remaining
components, those will belong to the final maskogé intersection with at
least one component from the other segmentatiotiempty, and the length
of the component chain is at leésiv_length For this calculation, a temporary
label mapT is maintained, which is initially filled with zees. Whenever a

64



Algorithm 4. Procedure for merging the components ofMi8MFandBH segmentations.

Input:
« COMPS: components of the two segmentations to be combimedoted as
COMP$0] andCOMPH1].
* low_length, high_lengtHow and highength thresholds.
Output:
* vessel_mapbinaryresult of the combination.
Auxiliary:
e T:temporary label map.

Fill T and vessel _map with 0.
temp_Label « ©
for k in {0,1} do
for ¢ in COMPS[k] do
if length of ¢ >= high_Llength then
Copy c to vessel_map with value 1.
else
L « set of non zero labels in T under c
if |L] > @ then
Copy ¢ to T with first label from L.
if |L] > 1 then Record label equivalences.
else
C2 « components in COMPS[1 - k] overlapping with ¢
if |c2| > o then
temp_Label « temp_Llabel + 1
Copy ¢ and C2 to T with temp_Label.
endif
endif
endif
endfor
endfor
Resolve label equivalences in T.
for ¢ in components of T do
if length of ¢ >= Low_Length then Copy c to vessel_map with value 1.
endfor

component from either segmentation is processed,ifiis checked whether it
overlaps with a non-zero label from If so, the points of the processed
component are set to this value dni.e., the union of the two sets is
constructed. If there were multiple non-zero lap#isn the label equivalences
are stored using a convenient data structure amadmponent is copied b
with one of the labels. Otherwise, if all valuesraveero, then it is checked
whether there are overlapping components from thersegmentation, and if
so, their union with a new label is copiedTtoFinally, when components of
both segmentations are processed, the componenisaoé tested for their

65



Figure 26. Binary results of the region growing on the MSMF (a) and BH (b) DRV Ms, the result

of their merging (c), and the manual ground truth vessel segmentation of the same retinal image
(d).

length, with also taking the label equivalenceso imonsideration. Those

components that pass are copied to the final vesaplin a binary form. The

pseudocode of the merging procedure is enclosAtyorithm 4.

Resulting from the presented merging of ¥i8MF and BH components,
those small components that are only present dmereisegmentation are
removed. This becomes useful in the case of M&MVF segmentation as
discussed beforddSMF is more sensitive for thin vessels, yet some frag
are usually present on tiBH too. Thus, the combination of the two makes a
fair compromise. Also, the width of large vesselsmostly corrected in this
way, simply because thBH is the more prominent in such case. In Fig. 26,
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binary examples of theISMF and theBH segmentations of the retinal image in
Fig. 6, along with the result of their merging ahd ground truth manual vessel
segmentation are shown. The vessel score threstedd0.5 in this case, and
therg_coeffparameter was set to 0.6.
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4.2 Experimental evaluation of the proposed retinal vessel
segmentation method

4.2.1 Materials and parameters

The performance of the proposed vessel segmentatiethod has been
tested on two publicly available image sets. Thagenset DRIVE [95] consists
of 40 color retinal images with an FOV of 45°. Téeatial resolution of the
images is565x584 pixels, and the diameter of the ROI is approxiryab&0
pixels on each image. The image set is equallyddiinto a training and a test
set. The binary ROl masks are also given for euargge. The manual
segmentations of the vascular system are giverbddtn the training and test
images, and secondary manual segmentations byeaedif observer are given
for the test images as well.

The STARE database [69] consists of 20 color reimages with a spatial
resolution of 70Cx60% pixels, and an FOV of 35°. Two manual vessel
segmentations are available for each image, andittagy ROl masks are also
given. The ROI diameter of these images is appratety 650 pixels on
average.

The High-Resolution Fundus (HRF) Image Databasg {@®sists of 15
healthy images, 15 ones with diabetic retinopading 15 more with glaucoma.
The spatial resolution of the images35804x233¢€ pixels. One manual vessel
segmentation is available for each image and therR&3ks are also provided.
The diameter of the ROI of the images is approxatyat015 pixels.

The parameter values of the proposed method giwdarscorrespond to the
ROI diameter of the DRIVE images. Images of différespatial resolution
should be either rescaled or the parameter vahmdd be altered accordingly.
The parameters that are resolution sensitive arenthximal vessel width as
used in the bottom-hat response calculation, wiiak set to 9 for the DRIVE
images, and the values of the paramet@ns lengthandhigh_lengthwere set
to 15 and 25, respectively. The valuergfcoeffwas experimentally set to 0.6.
The sampleDR\s for the classification step were obtained by nadipu
marking 218 vessel points on two of the DRIVE tmagnimages. The minimal
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confidence and the parameterfor the seed point classification described in
section 4.1.3.2 were set to 0.95 and 21, respégtiVbese values were also
established by manual experimentation. Probablyemaptimal parameter
configuration could be found by exhaustive testingwever, in this work the
aim was to focus on the algorithm itself rathemntita optimization.

4272 Results

The result of the proposed method on the DRIVE itesiges is shown in

Table 4, along with the results of several statéhefart methods, all discussed
earlier in section 2.2. The score threshald,,, was experimentally set to the

ore

level, where thé&PR figure was the closest to the second manual setgitnam
Moreover, theFPR of most other methods also come from this rangean be
observed that the difference TPR between the proposed method and the
second manual segmentation is only 0.0117 at thee $&R Similarly, the
results on the STARE images are shown in Tablehg. score thresholdh

here was set to the level, where tRER is the closest to that of the other

score

o
o

TPR (sensitivity)
o
(6]

0.4 = HRF healthy
HRF glaucoma

0.3 m—= HRF DR

= DRIVE
0.2 ==== STARE
0.1

0 ‘
0 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09 0.1

FPR (1 - specificity)

Figure 27. ROC curves of the proposed method obtained on the test images of the DRIVE, and
STARE datasets, respectively. Crosses mark the accuracy of the second manual segmentations
on the respective datasets.
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Table 4. Performance of the proposed method on the tegidmaf the dataset DRIVE
compared with the state-of-the-art.

Method FPR TPR ACC AUC
2nd human observer 0.0277 0.7763 0.9470 -
Proposed method 0.0277 0.7646 0.9458 0.9351
Martinez-Perez et al. [89] 0.0345 0.7246 0.9344 -
Staal et al. [95] 0.017 0.6780 0.9441 0.9520
Marin et al. [65] 0.0199 0.7067 0.9452 0.9588
You et al. [81] 0.0249 0.7410 0.9434 -
Zhang et al. [74] 0.0276 0.7120 0.9382 -
Mendonca and Campilho [72] 0.0236 0.7344 0.9452 -
Fraz et al. [76] 0.0231 0.7152 0.9430 -
Fraz et al. [63] 0.0193 0.7406 0.9480 0.9747
Miri and Mabhloaijifar [97] 0.0205 0.7352 0.9458 -
Vlachos and Dermatas [96] 0.045 0.747 0.929 -
Bankhead et al. [101] 0.0283 0.7027 0.9371 -
Qian etl al.[85] 0.0211 0.7187 0.9509 -
Yu et al. [94] 0.0255 0.7233 0.9426 -
Al-Diri et al. [79] 0.0449 0.7282 - -
Nguyen et al. [83] - - 0.9407 -
Ricci and Perfetti [80] - - 0.9595 0.9633
Soares et al. [103] - - 0.9466 0.9614
Lupascu et al. [66] - - 0.9597 0.9561
Lam et al. [67] - - 0.9472 0.9614
- - 0.9461 -

Wang et al. [84]

methods, theélTPR of the proposed method at thRéR of the second manual
segmentation on these images is approximately 0OB&re are no secondary
manual segmentations for the HRF database. TheatgpROC curves of the
proposed method are shown in Fig. 27. Table 6 shib&fPRandFPR results
at the highest accuracies of the proposed methocbmparison with other
state-of-the-art ones on the HRF images.
The focus during development was on the performaaicdow FPRs.
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Table 5. Performance of the proposed method on the deBa%&RE compared with the state-

of-the-art.
Method FPR TPR ACC AUC
2nd human observer 0.061 0.9017 0.9351 -
Proposed method 0.0249 0.7248 0.9492 0.9360
Martinez-Perez et al. [89] 0.0431 0.7506 0.9410 -
Staal et al. [95] 0.019 0.6970 0.9541 0.9614
Marin et al. [65] 0.018 0.6944 0.9526 0.9769
You et al. [81] 0.0244 0.7260 0.9497 -
Zhang et al. [74] 0.0247 0.7177 0.9484 -
Mendonca and Campilho [72] 0.027 0.6996 0.9440 -
Qian et al. [85] 0.0233 0.7187 0.9509 -
Yu et al. [94] 0.0291 0.7112 0.9463 -
Odstrcilik et al. [88] 0.0488 0.7847 0.9341 -
Annunziata et al. [92] 0.0164 0.7128 0.9562 -
Fraz et al. [76] 0.0319 0.7311 0.9442 -
Fraz et al. [63] 0.0237 0.7548 0.9534 0.9768
Al-Diri et al. [79] 0.0319 0.07521 - -
Nguyen et al. [83] - - 0.9324
Ricci and Perfetti [80] - - 0.9680 0.9646
Soares et al. [103] - - 0.9671 0.9480
Lam et al. [67] - - 0.9567 0.9739
Wang et al. [84] - - 0.9521 -

However, since some literature methods only disthusgerformance in terms
of AUC, theAUC values of the proposed method were also calcylaied are
enclosed in Tables 4 and 5. The results of thealilee methods are borrowed
from the cited papers, the algorithms were not pgmented. The performance
of the proposed method is slightly weaker on th&RH images, compared to
the accuracy of the second manual segmentatios. i$hmostly because there
are more pathological images in this set, and sarmaeof significantly worse
quality than the DRIVE images. It is also importémtmention that the same
training DRVs are used in the classification that were obtamedhe training
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Figure 28.Images from the image set DRIVE (a). The resulth® proposed method at
threshold 0.6 (b), the ground truth segmentatiochsafhd the second manual segmentations (d).

images of the dataset DRIVE.

Fig. 28 and 29 show four images from the imageDs@fVE and four from
the image set STARE, respectively, along with #mults of the proposed vessel
segmentation method and the two manual segmergafitve score threshold of
the proposed method was set to 0.6 in both cagedaBy, Fig. 30 shows three
images from the database HRF. It is important tmtpout the lack of falsely
detected optic disc boundaries, due to the prelyaliscussedMSMF andBH
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Figure 29.Images from the image set STARE (a). The restiltseoproposed method at
threshold 0.6 (b), the ground truth segmentatichsafpd the second manual segmentations (d).

filters. It can be seen that the proposed methofbpes well on most images,
even if the contrast is low. However, the presenickright lesions does cause
some misclassification. While the border of brigésions do not yield the

ringing effect for the same reason as in the casleeocoptic disc boundary, the
regions between closely located exudates unfomynagive some false

positives.

Overall, it can be stated that the experiments guothat the proposed
method is comparable in accuracy with the statdefart, and in many cases it
performs even better than literature methods. Sihee components of the
proposed vessel segmentation method are noveleirfield of retinal image
processing, it is a rational assumption that tlggrstation results should also
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Original

Segmentation result

c
o
=1
©
8
c
7}
1S
o
[ ]
a
©
=}
c
©
=

Figure 30. Three images from the database HRF with the segmentation result of the proposed
method and the ground truth manual segmentations.

differ from that of other methods in certain casésy CAD system has to
consider as much methods as possible in order poowe the final outcome,
and heterogeneity among the basic principles of dbmponents of such
ensemble system is a favorable property.

The execution time in the case of the DRIVE imagas around 30 seconds

Table 6.Performance of the proposed method on the datdREtcompared with the state-of-

the-art.
Healthy Glaucoma Diabetic Retinopathy
Method FPR TPR ACC FPR TPR ACC FPR TPR ACC

Proposed method 0.0163 0.7736 0.9572 0.0165 0.6993 0.953878 0.6577 0.9488
Yu et al. [94] 0.0233 0.7938 0.9566 0.0338 0.789 0.95183716 0.7604 0.946

Odstrcilik et al.0.025 0.7861 0.9539 0.0362 0.79  0.9497 0.0381 0.7463 0.9445
[88]

Annunziata et al.0.0065 0.6820 0.9587 0.0215 0.7566 0.9603 0.0213 0.6993548.9
[92]
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Table 7.Average execution times of the proposed and fiteeavessel segmentation methods
in the case of the DRIVE images.

Method Year Executiontime
Proposed method 2015 30 sec
Martinez-Perez et al. [89] 2007 NA
Staal et al. [95] 2004 15 min
Marin et al. [65] 2011 1.5 min
You et al. [81] 2011 NA
Zhang et al. [74] 2010 10 sec
Mendonca and Campilho [72] 2006 2.5 min
Miri and Mabhloojifar [97] 2011 50 sec
Vlachos and Dermatas [96] 2010 NA
Qian etl al. [85] 2014 2 min
Al-Diri et al. [79] 2009 11 min
Nguyen et al. [83] 2013 2.5sec
Ricci and Perfetti [80] 2007 NA
Soares et al. [103] 2006 3 min
Lupascu et al. [66] 2010 2 min
Lam et al. [67] 2010 13 min
Wang et al. [84] 2013 3.5 min

on average, and 40 seconds in the case of the STARges. The proposed
method was implemented in JAVA SE 1.6, and tested @aptop equipped with
Intel(R) Core(TM) i3 M350 CPU and 3 GBs of RAM. Thelculations of the
DRVMs and the seed point classification have beenlpbzall, since these are
the most time consuming parts. TBRYV calculation of the individual pixels
can be done independently from each other. Simjldre region growing seeds
can be classified independently. The time demartieproposed classification
step depends on the number of the used traiDRYs, i.e., the number of
sample vectors. There is no explicit training o ttlassifier, the setup only
involves the loading of the sample vesdeRVs. The region growing
segmentation by itself took around 2 seconds irctse of the DRIVE images.
Table 7 lists the average execution times of teewutised state-of-the-art vessel
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segmentation methods on the DRIVE images. The tegpaimes do not include
the occasional classifier training times. The detge been borrowed from the
cited papers, and many of them could now be coresideutdated. Probably all
the listed methods could be implemented more efiiity, and ran on faster or
more appropriate hardware. This table only aimgite a rough representation
of the computational time demands of the diffegroaches.
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4.3 Applications in digital dermatoscopic image analysis

Certain components of the presented vessel segnoentachnique has been
also applied successfully in another field of matlimage processing, namely,
the automatic analysis of digital dermatoscopidlfeminescence microscopy,
ELM) images. Next, a brief insight into the backgnd of dermatoscopy and its
importance in the diagnosis of melanoma is given.

4.3.1 Dermatoscopy and the role of pigment networks in melanoma
diagnosis

Dermatoscopy is the primary diagnostic technique dmamining skin
lesions, and thus distinguishing benign cases fcamcerous ones. There are
many variants of dermatoscopes. Traditional ooesist of a magnifier, a non-
polarized light source, and a transparent contaté pThese models require the
usage of immersion liquid before directly placirte ttool on the skin, thus
flattening its surface. A serious disadvantagenis technique is the presence of
air bubbles stuck in the immersion liquid, appegmivith very bright edges due
to the strong lighting. Another widespread linedefmatoscopes are those that
use polarized light source, this way canceling skitections. These models do
not require the usage of immersion liquid, and bwytwlling the degree of
polarization, both surface and subsurface (derroapmes) inspections are
attainable. If the dermatoscope is attached t@idatlicamera, either through an
adapter or directly, it is referred to as a digital/ideo dermatoscope.

Among the many features of a skin lesion that axdéologist must consider,
the type of the pigment network, if present, ispodbminent importance. The
pigment network is a grid-like network consisting migmented lines and
hypopigmented holes [115]. The assessment of pigmetwork alterations is
helpful for differentiating between benign and malAnt melanocytic
proliferations, especially when they are confinen the epidermis and
superficial dermis [116]. Typical (regular) pigmenetworks are relatively
uniform, regularly meshed, homogenous in color asdally thinning out at
the peripheries. An atypical (irregular) pigmentwak is of darker color, its
lines often thickened, the mesh irregular with bdlleat are heterogeneous in
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(a) (b)

Figure 31.Examples for regular (a) and irregular (b) pigmagitvorks in dermatoscopic
images of melanocytic skin lesions.

area and shape, and it usually ends abruptly at piéwepheries. Most
importantly, an atypical pigment network is a desewpic criterion with high
specificity for the diagnosis of melanoma [115[16) In Fig. 31, two example
images are shown both for typical and atypical g networks in
dermatoscopic images.

There are several similarities between retinal elessid dermatoscopic
pigment network segmentation regarding the appematonsidered in the
literature. Some of the latest methods include ¢hlog Sadeghi et al. [117],
Barata et al. [118], and Arroyo et al. [119]. Whitaturally the literature on
automatic pigment network detection is more exienghan what is discussed
in this dissertation, the operation of these reeceethods give a good insight
into the field. In [117], LoG filtering is appliedo capture all intensity
transitions, and subsequently, the closed contofirthe zero crossings are
considered in order to extract holes of the netwdrke holes are then
transformed to a graph using a maximal distancestiold. The LoG filtering
results in the detection of both bright and dadnsitions, and contour cycles
that correspond to dots, globules (another formpigmentation), or bubbles are
removed using previously learned parameters. Thinadeproposed in [118]
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considers a directional approach using rotatecemifice of Gaussian (DoG)
filters, and taking the maximal response over thrections, similarly to the

vessel segmentation methods discussed earlierctinse?2.2. Following the

steps of reflection and hair removal, which is dlased on the directional DoG
filtering, the network is extracted by thresholditige filtered image. The

classification of the lesion is then performed letedmining several topology
related features based on the relations of the orktvand its holes. The

approach in [119] considers many pixel level feagursuch as Gaussian filter
responses of different scales, Hessian feature& biters, and statistical

texture features, in this case the variance amo@yof gray level co-occurance
matrices. The segmentation is carried out by pie¢l classification and the
decision on the presence of the network is agaistisnbased on analyzing the
network holes.

From this overview, it can be seen that the tealsqused for the tasks of
retinal vessel segmentation and dermatoscopic pigmetwork detection are
indeed very similar. Consequently, it seems redsent assume that some
parts of the vessel segmentation method propostidremay be successfully
applied to this task as well.

4.3.2 A novel pigment network detection technique

Since there is no such maximal thickness critenigpfgment networks as for
retinal vessels, and the scale of magnificatiamotsconstant among images, the
grayscale morphology based directional responsailegion (section 3.2.1) is
not a valid approach here. However, due to its aigeous properties, the
multiscale symmetric matched filterinfISMPF approach (section 4.1.2.1) can
be also utilized to extract the lines of the netwdts multiscale nature can
handle lines of varying thickness, and the symmednystraint ensures that the
edges of bright structures and light reflectiontt mat be falsely detected.

The procedure is the same as described in seclop. ¥ with the exception
that it is applied on an intensity image calculdtedn the red, green, and blue
channels, instead of considering only the greemmlaas in the case of retinal
images. The grayscale intensity is determined by:

| 5s=0.29¢1 +0.58 1 ;+0.1141 4 (4.13)
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wherelg, I, andlg are the red, green, and blue intensity channetgpectively.
The network score of each pixel, is calculated gighre vessel score formula
described in equation (4.8).

To obtain a binary network mask, a hysteresis Hulesng technique is

applied to the score map. This means that two hiotds/alues are considered, a
high (thhigh) and a low ¢th,,,, ) one, and those pixels are marked as foreground

ones, whose score is greater thay , and are connected to at least one point
with a score greater thathhigh through an 8-connected path of points with
scores greater thath, . The high threshold was set as the mean score, and
tthW:O.Ethhigh. The response vector similarity based region gngwi

segmentation (section 4.1.3.3) has been also testedthough it was able to
eliminate some deformations, there was no sigmificifference regarding the
final decision on the presence of the pigment nekwo

The recognition of the pigment network is basedanalyzing the holes of
the binary network mask, i.e., those 4-connectedpmments of background
pixels that do not touch the image borders. Siheenetwork segmentation is
not perfect, several such holes will be detecteenem images that do not
contain pigment network. Consequently, the holesdn® be filtered. First,
holes consisting of less than 5 or more than 40@Ipiare automatically
rejected. For the remaining holes, a simple contyaxieasure, the ratio of the
area of the hole, and the area of its convex lsutlalculated. This measure is
known as the solidity, and those hole componerskapt, whose solidity is at
least 0.8.

The remaining holes are decomposed into disjoirdugs, based on
proximity analysis using a simple maximal distambastering. In each such
group, every hole must be within this maximal diseto at least another hole
component. The group is considered to correspordpigment network if it is
composed of at least four hole components. The pumibholes in groups that
fulfilled this criteria are summed up, and if thieimber exceeds a certain
threshold, then the lesion is considered to congaipigment network. This
threshold was set to 50 in our test implementattog. 32 shows a skin lesion
with typical pigment network, the generated pigmeetwork score map, the
prefiltered holes in the segmented pigment netwarld the groups resulting
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Figure 32.A sample dermatoscopic image (a), the calculagddiark score map (contrast
enhanced for better visualization) (b), the holiethe segmented network (c), and the result of
the maximal distance clustering of the filteredehcbmponents (d).

after the maximal distance clustering of the hte$ passed the solidity test.

Though the proposed procedure is fairly simple caneg with other state-
of-the-art methods, it is not in the scope of thisrk to give a thorough and
well-optimized method for dermatoscopic pigmentwwek detection, rather to
show that the proposed matched filtering and scal@ulation can also be used
for this task, and hopefully in the future it mag & key component in a more
elaborate system.

4.3.3 Preliminary results on the recognition of the presence of
pigment network

Unfortunately, there are no publicly available aiated dermatosopic image
sets dedicated to automatic pigment network re¢ogniand typicality
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measurement testing. One way is to manually collecages from a
dermatoscopy atlas, such as [116]. However thesgeaesare usually of poor
spatial resolution and often corrupted by the preseof air bubbles, light
reflections, and hair. Available literature meth@ie mostly tested on private
image sets.

Resulting from our collaboration with the DepartmehDermatology of the
University of Debrecen, a set of high-resolutiomrnd@toscopic images have
been collected [120]. For this experiment 21 imalgage been selected, of
which there are 8 images with no pigment networkyith typical pigment
network, and 7 with atypical pigment network. Thegimal resolution of the
images vary between 15 and 18 megapixels. All imagere rescaled to a
width and height that is 20% of the original, ahd tesion regions have been
manually cropped before the steps of the segmentati

Among the 8 negative images, 7 were correctly ifledt and 1 was falsely
marked as containing pigment network. Similarly, oagn the 13 positive
images, 12 were correctly identified, and 1 wasseds That is, in this
experiment, sensitivity and specificity were 92.2%d 87.5%, respectively.
Though this experiment was conducted on a smadisgat these results prove
that the technique proposed for retinal vessel segamion can be also
successfully applied to segment the pigment netwodermatoscopic images.

82



4.4

New scientific results in the field of retinal vessel

segmentation

1. A multiscale matched filtering procedure basedhensecond derivative

of the Gaussian filter has been proposed. The tywélthis technique

is that it does not give false high responseseabthundary of the optic
disc and bright lesions, which is a common drawhkaakany matched
fillering or other line strength measure based elesegmentation
methods. The solution proposed here overcomes igssie by

implementing a symmetry constraint in the respocedeulation. This

technique allows high response only for those esessions, where the
difference in the degree of the intensity transitmf the two sides is
minimal. Related publication: [14].

A novel vessel segmentation technique has bemoped, whose most
important property is that it utilizes all direatial responses of a pixel,
and not just a dedicated value such as the maxiorusam as in most
similar literature techniques. A similarity measubased on the
correlation of directional response vectors hasnbgieen, which is

invariant to the orientation of the structures tbick the respective
pixels belong. It has been shown how this measamebe applied in the
nearest neighbor classification of region growirged points. The
specialty of the proposed region growing segmennigirocedure is that
it considers both the vessel score difference hadlirectional response
vector similarity of adjacent pixels. The constroctof the vessel score
of a pixel is also a contribution of this dissddat and it assigns higher
value to elongated structures than small circutegsoby utilizing that

the variation in the directional responses of spdnts is higher.

Related publications: [13], [14].

83



5 SUMMARY

This dissertation presents novel image processemhniques for the
automatic analysis of fundus images. Two automatiethods for
microaneurysm detection, and an automatic vesggheetation method have
been proposed. It has also been demonstrated hewptbposed vessel
segmentation technique may be used to extract tgmemt network in
dermatoscopic images.

Microaneurysms (MAs) are the first signs of diabeétinopathy. Thus, their
recognition is a primary task in any automated estirey system that aims to
assist the diagnosis of this disease. The firstritution of this work is that it is
shown how a well-known directional morphology teicjue can be used to
construct an unsupervised MA detection method. Trscedure is nearly
parameter-free, except for the maximal MA diametsrd it gives a novel
approach to the utilization of directional respansehe second proposed MA
detection method applies a similar directional apph as existing MA
detectors in the literature. However, such diregalygsis of image minima
cross-section profiles has not been discussed defbine described peak
detection technique, the proposed peak descriptbesfeature set, and the
formula to calculate the final score are all nowsntributions of this
dissertation to the field of computer assistednegtiimage analysis. The
performance of the proposed MA detection methodshie®n evaluated both in
an online competition and on an independent imagepsovided by an eye
clinic, where grading of retinal images is doneaothaily routine. The proposed
cross-section profile analysis based detector grdwde the best non-ensemble
method in the competition and achieved the higlsesisitivity at low false
positive rates among all participants. The onlyhudtthat has achieved higher
average sensitivity was an ensembe-based detediich combines several
individual algorithms, including the unsupervisedorphological method
presented in this work.

Vessel segmentation may have many roles in autonratinal image
processing, such as an aid to lesion detectors$oraiaal parts localization, as
the basis of image registration, or even for autladion purposes. While it does
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not form the first line of diagnosing diabetic retpathy, in later stages it may
be useful to recognize vessel deformations or mepsoms of hypertension.
The vessel segmentation method presented in tegedation also follows a
pixel-wise directional approach. However, due ftedent expectations towards
vessel segmentation, it considers an entirely miffeworkflow as that of the
proposed MA detection method. The proposed mulgscaatched filtering
technique overcomes the problem of steep intetsitysitions that occur at the
boundary of the optic disc and bright lesions. kimlmost similar directional
methods in the literature, which only consider thaximal response over the
directions, the vessel score formula presented isdess sensitive to noise and
results in higher score for elongated structurean tfor circular ones like
microaneurysms. The proposed utilization of diewdl responses is what
distinguishes the most the proposed method from sthge-of-the-art. The
proposed correlation based similarity measure faactional response vectors
and classifier setup have not been applied initld 6f retinal image analysis
before, and presumably along with the presentemegrowing scheme could
be used in other fields of digital image processiagvell.

It has also been demonstrated that certain comp®oéthe proposed vessel
segmentation technique, namely the multiscale syimenaatched filtering and
the vessel score formula, can be applied for tlygsatation of the pigment
network in dermatocopic images. Using a simpleiapelustering technique on
the obtained network holes it was made possibistimmate whether the lesion
contains a pigment network or not.
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6 OSSZEFOGLALAS (SUMMARY IN HUNGARIAN)

Ebben az értekezésben szemfenék-képek automatikemzéséhez
hasznalhatd (] digitalis képfeldolgozasi modszekekiltek bemutatasra. A
dolgozat el§ felében két (] automatikus mikroaneurizma detekta
masodikban pedig egy U0j érhalbézat szegmentald itgast adtunk meg.
Megmutattuk tovabba, hogy a retina érhélozatatreeetpld eljaras bizonyos
komponensei eredményesen hasznalhatoak dermatoszkélparassal dr
léziokrol  készult felvételeken tortén pigment-halézat szegmentalasi
feladatokra is.

A mikroaneurizmdk megjelenése a szemfenéken a téistEs retinopatia
legel$ lathatd tlnete, igy ezek felismeréseseleges fontossagu barmilyen
olyan automatikus dontéstamogatd rendszerben, eraigk a betegségnek a
hatékony sirését hivatott segiteni. Az értekezésbedsedmeénye ezen a téren
annak az igazolasa, hogy egy, a terileten al&pwadrfologiai eljarasbol
kiindulva készithét egy betanitast nem igédylléenyegében paraméter nélkuli
mikroaneurizma detektor. A masodjara bemutatottudnma detektorhoz
hasonl6 irany-szerinti eljarasokon alapulé méddzergyan léteznek méar az
irodalomban, azonban a keresztmetszeti intenzitéflgknak az itt javasolt
alkalmazasa meg nem Kkerilt mashol targyalasra. iA hsucsdetektalasi
modszer, a javasolt csucsleirok, a jellémgzektorok, illetve a végs
pontszamitasi formula mind sajat fejlesztés eregméds ezen disszertacio
hozzajaruldsa a szamitogéppel tadmogatott szemiargk-kiértékelés
terlletéhez. A bemutatott eljarasok teljesitméenygy enyilt nemzetkozi
versenyben, illetve egy fliggetlen szemészeti inégmil szarmazd képi
halmazon kerilt kiértékelésre. A dolgozatban beintitakeresztmetszeti
intenzitas profilokon alapulé modszer bizonyulegjbbb egyedi algoritmusnak
az emlitett online versenyben és szolgaltatta azedsrésztvévmodszer kozul
a legmagasabb szenzitivitast alacsony fals posg&m mellett. Az egyetlen
0sszesitésben jobb pontossagot nyujtd moédszer gy dsszetett rendszer
volt, mely tobb egyedi algoritmus kimenetét komljma beleértve a
dolgozatban etsként bemutatott osztalyozo lépés nélkili detektisrét

Az érhal6zat szegmentalasanak tobb alkalmazasaehist la retina-képek
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automatikus feldolgozasa soran, ilyenek példawdlazltozasok detektalasanak
tamogatasa, anatdmiai részek helyzetének pontasaghatarozasa, kilonk®z
modalitasu képek regisztracioja, vagy biometrikusonasitasi eljarasok
megalapozasa. Bar nem tartozik a diabéteszes patiaodiagndzisanak éls
vonalaba, az eljaras a betegségkbsstadiumaban felhasznalhat6é az érhalézat
elvaltozasainak felismeréséhez vagy éppen a magasyomas vererekre
gyakorolt hatasanak elemzéséhez. Az értekezésbemutdtott érhalozat
szegmentald mabdszer ugyancsak egy pixelenkéntyatapd megkdzelitést
alkalmaz, azonban az érhdl6zat szegmentalasavambsre tamasztott
kovetelményeknek megfetedn eltér a bemutatott mikroaneurizma
detektoroktol. A modszer részekeént javasolt tolBlépmintaillesztési eljaras
képes kiklisz6bolni a vakfolt és vilagos léziok ldiralanal jelentkéz magas
maszk valaszokat, mely a hasonl6 eljarasoknal ggexkori. Az irodalomban
megtalalhaté hasonlé, irAnyonkénti eljardsokat masztechnikdkkal szemben
az itt bemutatott modszer nem csak a maximalisszélgekinti, hanem egy
olyan formulan alapul, mely |ényegesen djbb és magasabb értéket rendel
az olyan elnyult struktarakhoz mint az érhalézaalgi, mikbzben a korszer
mikroaneurizmak értekét alacsonyan tartja. Az irasgerinti valaszok
alkalmazasanak javasolt moédja az, ami aldjmret megkulonbozteti a
bemutatott moddszert az irodalmiaktol. Az irany s#ervalaszvektorokra
javasolt korrelacié alapu hasonl6sagi mérték, vibetosztalyoz6 eljaras
kordbban még nem kerllt alkalmazésra ezen a tenjlés az ugyancsak itt
bemutatott régionovél szegmentalasi eljarassal egyuttesen feléeimetmas
képfeldolgozasi feladatokra is alkalmasak lehetnek.

Bemutatasra kerilt tovabba, hogy a javasolt érlaébbz szegmentalo
modszer egyes komponensei — konkrétan a mintaélsiseljaras és érpont
erosséget mér formula — hogyan alkalmazhatéak dermatoszkdéposkep
tortérd pigment-halézat szegmentalasi feladatokra. Itt egyszeii térbeli
klasztere# eljarassal vizsgaltuk a kinyert hal6zatbanéléyukak egymashoz
viszonyitott helyzetét és szamat, igy becsilvel@zhajelenlétét.
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