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Abstract. In this work we reconstruct the 3-D shape and location of &timal vascular network from commercial
spectral-domain (SD) optical coherence tomography (OGifa.d The 2-D location of retinal vascular network on
the eye fundus is obtained through SVM classification of priypdefined fundus images from OCT datéaking
advantage of the fact that on standard SD-OCT the incidgimt ieam is absorbed by haemoglobin, therefore creating
a shadow cast on OCT signal below each perfused vessel. plie-dese location of the vessel is obtained as the be-
ginning of the shadow. The classification of crossovers dfinddations within the vascular network is also addressed.
We illustrate the feasibility of the method in terms of végsdibre estimation and the accuracy of bifurcations and
crossovers classification.
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1 Introduction

The retina is regarded as a window to the cardiovasculaesysChanges in the retinal microvas-
culature have been found to be related with several carsiootar— and cerebrovascutaf out-
comes, among othéf 2 These evidences turn the automatic detection of retinalcblessels
a key step in this area of research. The quantitative degoripf the detected retinal vascula-
ture, can be and has been used to establish the associdtieeebaetinal vascular properties and
clinical and subclinical outcomes, thus providing toolshe clinician for an objective diagnosis.

Extensive work has been done in this field, mainly based oniglely used ocular imaging
modalities: color fundus photography (CFP) and fluorescagiagraphy (FA). Vascular properties
such as tortuosity or bifurcation angles computed fromelt® fundus images have been associ-
ated with several diseases. However, the computation &f graperties is incomplete due to the
projection to a 2-D plane. A robust method to segment the imuet@nal vascular network in 3-D
would be a valuable tool and a significant leap forward to/futhderstand the pathophysiology of
several diseases.

Optical coherence tomography (OCT) is an imaging modalipabée of noninvasively image
the microstructure of tissue vivo andin situ.*# Overtime, it became an important tool in the
diagnosis of ocular pathologic conditions. It has been wséénsively in clinical research and
is becoming common in the clinical practice. The princifdased on the backscattering of low-
coherence light, is now extensively described in the litenet

On standard spectral-domain OCT (SD-OCT) scans, the retioatltvessels are not directly
visible. Instead two sighatures emerge in the OCT signal. réla¢es to the fact that haemoglobin
absorbs the infrared light. Consequently, backscattetitigeastructures below perfused vessels is
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Fig 1 Flowchart representing the global workflow of the algorithm

highly attenuated® 116 This effect is well known and has been used to obtain the 2€aular
network from the 3-D OCT datd1° While this is a major advantage for 2-D segmentation due to
the significant contrast on the retinal pigment epitheliRRIE), the 3-D segmentation of the retinal
vasculature requires additional information. The othgnature is a diffuse hyper-reflectivity on
the vessel itself.

Approaches for 3-D retinal vasculature segmentation ifitdv@ture are limited in numbéf-22

In this work we describe a fully-automatic method for the 3&mentation of the vascular
network of the human retina from standard Cirrus HD-OCT (CaitZ&editec, Dublin, CA,
USA) data and the framework towards its reconstruction.

2 Workflow and Background Work

Following a preliminary study by our research grduiine 3-D OCT scan is projected to a 2-D
ocular fundus reference image. Each pixel on this imageshatas into an A-scan on the OCT
volume. This reference is then used to compute featuresatkadble to discriminate each pixel
into the vessel or non-vessel grofdsThe A-scans whose pixels were classified into the vessel
group,i.e,, A-scans that intersect blood vessels, are then processdet¢rmine the depth-wise
location of the vessel. Fig. 1 shows the global workflow of #hgorithm and Fig. 2 shows a
graphical depiction of the process.

Throughout this paper, the following coordinate systemtifier OCT data will be usedt is
the nasal-temporal directiom, is the superior-inferior direction, andis the anterior-posterior
direction (depth).

2.1 Retinal Layer Segmentation

The very first step consists of determining the depth coatdmof three interfaces; the inner
limiting membrane (ILM),Z, the junction between the inner and outer photoreceptor setgm
(IS/0S), andZ; the interface between the retinal pigment epithelium (RPE)the choroid. These
interfaces are typically easiest ones to identify.

The retinal layer segmentation process itself will not kscdssed here in great detail. In the
one hand, it does not greatly affect the quality of the resniithe final 3-D vascular segmentation
and, on the other hand, there is a strong background of pgolisvork in this ared*?> Each
B-scan is first filtered with a 2-D Gaussian derivative filteheTrational is thatZ,, Z,, and Zs
interfaces correspond the strongest intensity transtiora normal retina. A threshold is then
applied. Finally 3-D gradient smoothing is applied to théaoied surfaces.



Fig 2 Projection of a 3-D macular OCT scan to a 2-D fundus referé@mege by mapping the shadows casted due to
light absorption. The binary image (from the classificatibthe pixels in the 2-D reference) is then used to aid in the
identification of the depth location of the vessels.

2.2 Ocular Fundus Reference Images

As noted, light absorption by haemoglobin is responsibletiie decrease in light backscatter-
ing beneath perfused vessels. The segmentation procesa hates advantage of this effect by
computing a set of 2-D fundus reference images from the 3-D @&a (Fig. 2). A study was
conducted to identify the fundus reference images thatigeothe best discrimination between
the vascular network and the backgroidhdrour potential reference images were evalutetie
mean value fundus (MVF), the expected value fundus (EVIE)etinor to local median (ELM), and
the principal component fundus (PCF).

The PCF image is computed through principal component aisa{i’CA) as the principal
component of the MVF, EVF, and ELM images. The interfacesoatrrdinatesZ, and Z; are
needed for this stage of the process. It was demonstrateththRCF image provides the greatest
extension of the vascular network (equivalent to that agdewith CFP) and the best contrast
amongst the other fundus reference imafes.

2.3 Feature Computation and 2-D Classification

To obtain the 2-D vascular network segmentation we resoant@pproach previously publish
by Rodrigueset al?® For clarity, we shortly describe in this section the usedaigm and the
obtained results.

All four 2-D fundus reference images computed from OCT volsr(MVF, EVF, ELM, and
PCF) were used as features in the classification processtiéwhlifeatures were computed from
the PCF image. Specifically, intensity-based features|-jolcase features, and features computed
with Gaussian-derivative filters, log-Gabor and averaderfibanks, and band-pass filtéfs A
supervised learning algorithm (support vector machine than used to train and classify each
A-scan of the OCT volumé’ into vessel or non-vessel A-scang., to discriminate between
A-scans that cross retinal blood vessels and the remainiegafds. Formally, we define the set
A = {A;(.) : Vi e U} of A-scansA;(.) = V(z;,y;,.) that cross vessels. The gétis defined as
the indexes of A-scans that cross vessels.

The process proved to cope with OCTs of both healthy and dise@sinas. It achieved good
results for both the macular and optic nerve head regions.aF®t of macular OCT scans of
healthy subjects and diabetic patients, the algorithmeaeltio8% accuracy99% specificity, and
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Fig 3 Flowchart for the 3-D segmentation block of Fig. 1. The mdock inputs are the OCT volume, the segmented
layers, the 2-D ocular fundus reference image, and thepinzage (Fig. 2).

83% sensitivity. For both groups the algorithm compared faably to the inter-grader agree-
ment?3

3 3-D Segmentation and Reconstruction

The core of the work presented in this paper addresses tnesiss estimating vessels diameters
and their depth-wise location within the OCT volume, and th@ Bodelling of the vascular
network from the human retina, dealing with crossovers afddations. The workflow of this
process can be found in Fig. 3.

3.1 Vessel Calibre Estimation

The lateral resolution of OCT combined with the optical pmbips of the vessel walls do not
allow for their direct observation. As such, vessel calitae only be estimated from the shadow
casted over the RPE due to light absorption by haemoglobie. tBthe aforementioned reasons
(section 2.2), the PCF ocular fundus reference image is thealahoice for the vessel calibre
estimation. It is thus clear that the estimated calibre isvio¢he real calibre and that this effect is
less significant for larger vessels, closer to the optic,@dad become more important close to the
fovea as vessels become thinner. In addition, the estintatidiste can only be achieved in thg
plane and we herewith assume them to have a circular crofisise

There is a wealth of literature on methods to compute reviessel width from 2-D ocular fun-
dus images. These were tailored for imaging modalities sasc@FP and FA7-2° These methods
rely on the estimation of the cross-section with respecessel centrelines and have to deal with
the rough definition of vessel borders due to the regular 8agpf the digital imaging modali-
ties30:3! This effect is much more prominent on OCT rendering these odstinappropriate for
this modality.



Fig 4 Examples of 2-D vessel binary maps cropped to bewilderiggns of crossovers and/or bifurcations.

Log-Gabor wavelets are routinely used for vessel enhancear detectiod? These are
created by combining a radial and an angular componentéifréguency space), determining the
scale and the orientation of the filter, respectively. Intthiee domain, the filter is composed by an
even (real part) and an odd (imaginary part) kernels.

To determine the retinal vessels calibre, the PCF image éddtwith a bank of log-Gabor
even kernels, each with a unique orientation-scale paiis bank covers a wide range of scales
and orientations to fully describe the whole vascular netwa\t each vessel pixel PCE;, v;),
with ¢ € U, the log-Gabor even kernel whose orientation-scale pdtebenatches the vessel
orientation and calibre, generates the highest responke. sGale of the kernel with maximal
response can then be translated into the calibre of the \@s$eat pixel.

3.2 Bewildering Regions

The bewildering regions are subsets of neighbouring vasaidtwork A-scans where the path of
the vessels is unclear from the 2-D segmentation due todaifian and/or crossovers (Fig.4). To
determine these regions several binary morphologicaladipsis are used. These regions require
further processing (see section 3.4).

First, endpoints in the vicinity of one another on the binaagcular fundus image are bridged
thus redefining the binary image (the set of vessel p@f)tsThis updated image is then skele-
tonized and isolated points are removed. Finally, the lithg regions are defined as the dilation
of branch points and these are removed (erased) from thetskemage. In consequence, all po-
tential bifurcations and crossovers are left to be re-lihk@equately. This new set of points defines
the set/s*® (Fig. 5).

The set€, C U5 of endpoints on each bewildering regiamwith £, € {&,,&,, ...}, will then
be used to look for the most plausible linking configuratidithat region (section 3.4).

3.3 Vascular Network Depth-Wise Position

As stated, retinal blood vessels are not directly visiblstandard OCT data. Typically, vessels
on OCT appear as hyper-reflective regions followed postgrimy the shadowing of structures
beneath due to light absorption by haemoglobin in perfussdels.
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Fig 5 Detail of a principal component fundus reference image ifd)the respective binary maps of the 2-D classifi-
cationl/ (b) and of the vessel centrelines (with the removed bewideregions in red}/s<¢ (c).

In the previous section, all A-scans were classified as Vess®n-vessel A-scans. Only A-
scans from the centreline of the vessel are processed tohskarthe depth-wise location of the
vessel, using the following methods.

3.3.1 Principal Component Analysis

PCA is herewidth used to enhance similar information betwesghbour vessel A-scans in the
principal component.

For each vessel centreline A-scas’(® = {Ai(.) Vi€ uske'}), a circular region in thery
plane centred atr;, y;) with radiusr is defined. The set of A-scans in each vessel and non-vessel
region are used to compute two new profil@¥sss®land A"°n-vesse! regpectively, as follows.

Every A-scan within the defined region is interpolated tooactt for differences in retinal
thickness, from the IML Z;) to the IS/OS ¥,). One should bear in mind that the whole volume
was previously flattened by the 1S/OS la8feand, as such?, is now equal for all A-scans.

Each profile in4vessel= {AZVGSSE(.) Vi € Z/ls"e'} is computed as the principal component of the
selected A-scand; such that

whereV,, C U is the set of indexes of the A-scans that constitute the /dss@d ||.|| is the
usual Euclidean norm. On the other hand, each profild-esse!— {A?O”‘Vessed.) Vi € Z/{S"e'}
is computed as the principal component of the selected Asséasuch that

i e — 2y —yslll <7 Vi ¢ U. 2)

At the first iteration the set®, € {V1, Vs, ...} are vessel segments delimited by bewildering
regions. However, after defining the actual links betwegmants, the depth-wise position can be
recomputed to improve the estimation at the bewilderingoreg(Fig. 3).

Although the radius- was selected empirically following visual inspection oé thnal 3-D
segmentation, it is now kept fixed for the processing of algkamples.

A



3.3.2 Local Difference Profiles

To estimate the (depth) coordinate of the vessel at each point of the ceéméehe difference be-
tween the vess IAZVESSED and the non-vess IA?"”'Vesse) profiles are computed for eache 1/+¢.
This operation results in a difference profile with two clemnatures, one due to the presence of
the hyper-reflectivity and the other due to the shadow inelessscans only.

Although the vessel walls are not seen in the differencelprafne can estimate their position
(and, therefore, the vessel centre) by taking advantags diameter estimated in section 3.1. A
moving average filtek(z, d) with sized allows for the estimation of the center of the vessel by

¢ = arginax [(A;’essetz) — A?on'vessedz)) * h(z, sz)} (3)

wheres; is the estimated calibre at thth A-scanx is the convolution operator, anglis restricted
to be in the intervalZ; + s;/2, Zy — s;/2].
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Fig 6 Computation examples of the depth coordinate of differéodvessel at a centreline pointThe two profiles
on the top of each plot are the vessel profli¥ss®!(blue) and the non-vessel profilo"ess¢l(red). The difference
between the two (black profile) is shown on the bottom. Théekhce profile is filtered at the region of interest
(green) and the depth coordinate of the vessel on that poiaken as the location of the maximum of the filtered
difference.

3.4 Bifurcations and Crossovers

Vessel tracking in OCT is quite different from other imagingdalities. Due to the low sampling
of OCT systems, compared to imaging modalities as CFP and FAt massels are just one to
two pixels wide and the bewildering regions present margriadttives for the linking process in

7



windows just a few pixels wide (Fig. 4). Furthermore, sinazwge the shadow to locate the blood
vessels, the intensity of different vessels on the fundfeseace images do not differ sufficiently
to tell them apart.

As a pre-processing step before linkage, we screen all thgilgle links to find those that are
unlikely and to find some links that were not established e2FD classification that could help
solving the bewildering region (the so-called growing Bhk All possible links are then subject
to thresholding by length, angle between linked vessel sedgn and angle between each vessel
segment and the link itself.

For each bewildering region a costy;; is assigned to every link; between every two points,
(zi,yi, zi) and(z;, y;, z;), such thati, j} € £ andi < j, as

¢ij = (cij + Bij + i) (i + Bji + ;i) (4)
with
2 N
a;; = — |0;Y — arctan (yjy>|
™ Ty — T
min(s;, s;
By =1 (si, s;) (5)
max(s;, ;)

Vij =

2 2 < Zj— % ) |
— |07 — arctan
0 i = 25,5 = sl

with arctan and the difference of angles mapped to the intefval/2, /2], and6*¥ and6* are,
respectively, the orientation of the vessel in theplane and in:.

At this point we shall define all configuratiods € {C;,C,, ...} as sets of link$;; subject to
the following constraints:

e the set of links contains the link with least cokf € (7, j) = argmin, ; ¢;);

¢ all end-points have to be linked, except points that neeselesggmentation growing to link
between them;

e it has only one link by vessel segmentation growing;
e the configuration does not result in intersections or looghée same vessel.

Generally, the sefCy, Cs, . . . } will enclose all possibilities for crossovers and bifuioas.
The cost of the configuratiof, is then computed as

D= > ¢ (6)

(i,j):qujj eCx

From the group of many feasible combinations, i.e. ignothrgones rendering loops within
the same vessel, the solution presenting the lowest owarstlis chosen.



3.5 3-D Reconstruction

Vessel centrelines in they plane (section 3.2) are combined with the estimated vessttalines
of section 3.4 to render the 3-D skeleton on the vascularor&tw

In this work we assume vessels to have a local tubular streigthose centrelines are defined
by the 3-D skeleton and the diameter is estimated from theéusimeference image:¢ plane). In
this way, cylinders and cone-like structures are the furetaal components from which the 3-D
vascular network is built.

3.5.1 Vessels Path Interpolation

The combination of vessel diameter and low OCT sampling tesulessels is poorly defined in

the fundus reference. In addition, at vessel crossoversabie assumptions for the determination
of the vessel depth location is no longer verified, excepttlier top one. That is, the vessels
below the top one do not present the clear signatures (Viegget-reflectivity and shadow) since

they lay on the shadow casted by the vessel above. In thisintgypolation is mandatory and

is performed under the assumption that vessel do not pressuntinuities or sharp edges, i.e.
they are continuous with respect to the first derivative,rip af the 3 dimensions. Under these
assumptions, the vascular network is built based on OCT datdrfl points) making use of cubic

spline interpolation.

3.5.2 Delaunay Triangulation

Vessel reconstruction is achieved by Delaunay trianguatiAt each vessel centreline location,

the tangent to the path, defined by the centreline pointspnspated and the respective normal
plane determined. The cross-section of the vessel is appated by a set of points in this cross-

sectional plane within the circumference centred at theelesntreline and a diameter equal to
the estimated vessel diameter (Fig. 7). Adjacent circuenfegs are later connected using the
Delaunay triangulation in 3-D. The quality of the final restmction is directly dependent on the

number of triangles, which in turn depends on the circunmieeesampling and the gap between
estimated vessel cross-sections.

4 Results

OCT macular scans of 15 eyes from healthy subjects and eymsplatients diagnosed with type
2 diabetes mellitus (Early Treatment Diabetic Retinopattug$glevels levels 10 to 35) were used
as test bed for the proposed methodology. All OCT scans welegad from our institutional
database and were collected by a Cirrus HD-OCT (Carl Zeiss Beditublin, CA, USA) system.
These eyes were also imaged by CFP (Zeiss FF 450 system) &#d/dopcon TRC 50DX,
Topcon Medical Systems, Inc., Oakland, NJ, USA).

The results obtained for the 3-D vascular segmentation @arepresented in three parts: the
vessel calibre estimation, the bewildering regions deniand the reconstruction angbosition of
the vessels.



Fig 7 lllustration of a local reconstruction of a vessel, basedetaunay triangulation. Several points over the cen-
treline are chosen and equally distant points (with distagual to the estimated radius of the vessel incthplane)
inn the respective orthogonal plane to the centreline ansidered for the 3-D triangulationprocess of reconstouncti

4.1 Vessel calibre

The automated vessel calibre estimation was compared ngthdsisted estimates made by three
graders (G1, G2, andGs).

Five vessel segments per OCT eye scan were randomly chosgnweh a minimum of 21
pixels long along the centreline. Graders were instruatease a software tool. Since the lateral
sampling of OCT is relatively low, the graders would not beeablsimply mark the vessel bound-
aries, as it is common practice for CFP [33]. Instead, the pooVvided, for any given calibre, a
sub-pixel continuous marking of the boundaries (for thatipalar calibre) of the whole vessel
segment against the PCF image. Several diameters with ieaterf 0.2 pixels were tested by
the graders to choose the diameter that best fits the data.refh# is a set of several calibre
measurements (in pixels) for each randomly chosen vesgeiess.

For the comparison, two metrics were used, the absoluten@elative differences as defined,
respectively, by

DG, G) = \G ~G 7)
D(G,G)=|G -G /G (8)

whereG is the data to test and is the ground truth, here considered as the average of alegsa
(Table 1).

Table 1 shows the average metric results by comparing themeaiic estimation §) to the
average grading of all graders and each grader to averadmgiaf the other two, as a measure of
inter-grader agreement. Fig. 8 shows the relative diffegenetric for several ranges of diameters
for the same comparisons. As expected, smaller vesselsrrarnigher variability as shown by the
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Table 1 Comparison between the automatic calibre estimatiynafnd each manual grading:(, G2, andGs), by
the mean and standard deviation (SD) values for the absdifficeence D (pixels) and the relative differenc@”
between the resut’ andG.

Metric G G Mean SD

DYG,G) S 1/3(Gi+Gy+Gs) 0311 0.208
G 1/2(Gy+ Gs) 0.494 0.240
Gy 1/2(G1+G3) 0.187 0.153
Gs 1/2(G1+ @) 0.406 0.231

D'(G,G) S 1/3(Gi+Gy+G3) 0213 0.173
G 1/2(Gy+ Gy) 0.299 0.168
Gy 1/2(Gy+Gs) 0.122 0.110
Gy 1/2(G1+G) 0.337 0.266

D"(S,1/3(G1 + Go + G3))

D" (Gh,1/2(Gs + G3))
0.6 ‘ ‘ ‘

D"(Gs,1/2(G1 + G3))
0.6 ‘ ‘ ‘

D"(Gg, 1/2(G] + GQ))
0.6 T T T

0.6

0.5
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1 2 3 4 1 2 3 4 1 2 3 4 1 2 3 4
calibre (pixels) calibre (pixels) calibre (pixels) calibre (pixels)

Fig 8 Average relative differences for the automatic estimati®nand manual gradinggs(;, G2, andG3) displayed
by calibre range.

histograms. Fig. 9 shows both the manual and automaticrdetation of vessel boudaries over
the PCF fundus reference image.

4.2 Bewildering Regions

At bifurcation and crossover locations, the continuity atle vessel is hard to detect even for a
human grader, naturally depending on the number of pos&bifor each region. This demon-
strated to be a very demanding task for the automatic proEeswvery difficult cases or whenever
graders decided, they could access either a fluoresceingmaghy or color fundus photography,
or both, according to the respective availability in ourad@se. In general, the access to these
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Fig 9 Representative results for the diameter estimation. Theualagradings are marked with (white)f and auto-
matic estimation is marked with the (yellow) dotted line.

complementary imaging modalities proved to be frequergtyired for this task. Three metrics
were used to assess the accuracy of the automated systetalilisbéng the correct links between
vessel segments at bewildering regions. These are: thegumuaracy (indicates the percentage of
points in&, currectly grouped), the linking accuracy (the percentddaks correctly connected
and nonlinks correctly unconnect, i.e., the percentageieffositives and false negatives) and, the
percentage of bewildered regions correctly classified.

The results are shown in Figs. 10 and 12.

4.3 Vascular Network Depth-Wise Position

The low visibility of vessel markers (such as the shadowjlees the manual detection of blood
vessels in OCT B-scans a hard task. Two gradétsgnd G5.1) were instructed to mark, at 50
randomly selected vessel A-scans, the position where thaoshof the vessels begin. Some re-
strictions were imposed to the random selection to guasaateunbiased evaluation: the same
vessel could not be selected twice and no more than five Assganexam were possible. Fur-
thermore, very small vessels (less than two pixels in radiese excluded as the graders found
very difficult to evaluate them. Both graders evaluated timesA-scans so that inter-grader vari-
ability was computed. A software tool was developed to helthis process. The second grader
repeated the proces§{) to establish intra-grader variability. The results areveh in Fig. 11,
and summarized in Table 2.

The high inter and intra-variability values obtain®d)@0 and0.011 mm, respectively), clearly
show how difficult the manual process is.

12
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Fig 10 Number of bewildering regions by number of points to linki(gs in £.), on the left, and metric results for
bewildering region solving.

Table 2 Comparison between the automatic depth-wise positt)radd each manual grading'{, Gs.1, andG5.»),
by the mean and standard deviation (SD) values for the aesdifierenceD® (mm) between the resulf’ andG.

Metric G G Mean SD

D*G,G) S G4 0.013 0.009
S Gs, 0.030 0.026
Gy Gs; 0.020 0.021
G52 Gsp 0.011 0.012

As itis visible from Fig. 11, the automatic estimation of thepth-wise position appears mostly
at a higher depth than the position estimated by the grasiece the grader aims at the beginning
of the shadow (vessel top wall) and the algorithm aims atelessterline. Hence, this systematic
deviation is expectable.
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Fig 11 Difference (in milimeters) between the first gradét,] manual marking of the beginning of the shadow and
the automatic segmentatioff)(of the centerline, and both markings of the beginning ofsth@dow from the second
grader (5.1 andGs.5).

Fig 12 Detail on the reconstruction of the vessels in bewilderggjons, with crossovers and bifurcations.

4.4 Reconstruction

The proposed reconstruction seems very feasible. Ovénallreconstructed vessel network is

smooth and behaves as expected (Fig. 13 and 14). In factetagsdf the crossovers of vessels, as
illustrated in Fig. 12, is also according to physicians etagons, where the vessels rapidly deviate
to form the crossover. Note that the high axial resolutio®@IT is crucial to detect crossovers due
to this aspect. Moreover, we illustrate in Fig. 15 the cresstion of the vascular reconstruction in

several B-scans. These figures illustrate that the methals leea feasible reconstruction of the

position and shape of the vascular network within the OCT welic scan.

From Rodriguest al,?® the execution time for the 2-D segmentation process (OCTusind
reference computation, features computation, and SVMifieation), using a MATLAE® (The
MathWorks Inc., Natick, MA) implementation, wé$s.2 + 1.2 s (N = 15). The system hardware
used was an Int&l Cord™ i7-3770 CPU (Intel Corporation, Santa Clara, California) atGHk.

The additional execution time to achieve the 3-D reconstvaausing also a MATLAB im-
plementation, wa$22.3 & 115.1 s (averaget standard deviation) on an InfélCore™ i7-4770
CPU at 3.4 GHz. For the 3-D reconstruction, the required tineatly depends on the vessel tree
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Fig 14 3-D reconstruction of the retinal vascular network embeéddehe optical coherence tomography volume.

complexity. The high standard deviation value reflects bleisavior.
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Fig 15 Top: B-scans and cross-section of the vascular reconginu@h white); Bottom: the respetive position of the
B-scan (white line) with the detected vessels (in red) orfuheus reference image.

5 Discussion and Conclusions

The method presents a good overall performance. The locatithe vascular tree is (as expected)
in the upper third of the retina. The vessel calibre estiomatichieves a precision similar to a
human grader and the depth position detection is in agrelemtnthe known anatomy. However,
the linking of the vessels in the defined bewildering regiamsks well when few connections
are involved, but does not seem to contain enough informaticachieve higher accuracy when
the number of vessel to connect is higher. Apart form thegmesl cost functions, many other
approaches were tried always leading to similar but no betults. Although the bewildering
accuracy is abouis%, we note that the linking accuracy and point accuracy areedugh for
the problem at hand, having in mind that OCT lateral resatuigdow (in comparison with other
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modalities). To the best of our knowledge, this problem @radsed here for the first time for OCT
data.

The different steps of the validation show that the algamifrerforms well. However, Doppler
OCT would be a better ground truth than manual segmentatiofortuinately, we have no access
to such system at our institutions. The high inter and irr@ability from the manual gradings
indicate how difficult the manual segmentation is.

The first tests on the relevance of the depth component ofdkewar network of the retina
have already been conduct&dIn this preliminary study, it is shown that the most widelyeds
metric of vessel tortuosity does not have a statisticaliBaggmt linear relation between 2-D and
3-D metrics. Thus the use of 3-D tortuosity metrics to catelwith disease status might have a
significantimpact on the correlation values, when compatigdthose obtained using 2-D metrics.

It is expectable that more severe pathologies would rendwra difficult task to overcome. In
the future we hope to extend our tests to these cases. Althmugmight anticipate slightly worst
results, please note that our goal of early diagnosis ofghadly requires working with eyes within
the early stages of disease progression (close to normal).

In the present work, we propose and describe a method to se@ne visualize the retinal
vascular network in 3-D for OCT data. Increased sampling @edracy would improve the algo-
rithms performance and would allow for an objective valiolat
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