An Automatic Graph-based Method for Retinal Blood Vessel Classification
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Abstract

Vessel
segmentation
In this paper, we present an automatic approaatiassify retinal vessels into Input image

artery and vein classes by analyzing the extragtapgh from the vasculature tree
and deciding on the type of intersection point$ufioation, crossing or meeting L o 2

points). The results obtained by the proposed ndetivere compared with ‘ Vesseltahm o

manual classification on 40 images of the INSPIRERAdataset. CEPUEHHE estimation ‘ extraction ‘
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Retinal vessels can be affected by many diseasemniditions such as classifiation } I e |

diabetic retinopathy, the blood vessels often sabnormalities at early e
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stages [1]. Retinal vessel dilatation is a well-knophenomenon in . GENERATION /. ANALYSIS 7 \_ CLASSIFICATION
diabetes and significant dilatation and elongatibrarterioles, venules,,:igure 1: Block diagram of the method for ANV cldissition.
and their macular branches occur in the developiediabetic macular

edema that can be linked to hydrostatic pressuaaggs [2]. Changes in

retinal blood vessels are also associated with gpsion and other 2.1 Graph generation

cardio-vascular conditions [3]. A sign that hasrbebown to be related
to cardiovascular diseases is the generalized i@eernarrowing,

A graph is a simple representation of the vasdnéss, where each node

) . . denotes an intersection point in the vascular taeel each link
usually expresged by the Arterlolar-tq-Venular m .Ratlo (AVR)' corresponds to a vessel segment between two intensgoints.
Small changes in the AVR are associated with ine®as the risk for ?
stroke, cerebral atrophy, cognitive decline, mydzrinfract [4] and  We used the segmentation method proposed by Meadomat. [12]

also it can be affected by other diseases, likeddia retinopathy andWhich has good performance also in the detectishsmgmentation of
retinopathy of prematurity [5]. thin vessels. An illustrative result for vessel reegtation is shown in

Figure 2(b). Afterward we used the segmented imag®btain the
vessel centerlines. The graph nodes are extractedinbling the
intersection points (pixels with more than two inigrs), the endpoints
(pixels with just one neighbor) and the high cunvatpoints. Each link
in the graph represents a connection between twlesiorhe extracted
graph may include some misrepresentations of tBewar structure as
result of the segmentation and the centerline etitna processes. The
typical errors are (1) splitting of one node inteotnodes; (2) missing
link on a side of a node; (3) incorrect detected.lin order to improve
the accuracy, the extracted graph should be madifteen one of these
errors is identified. The final graph after applyirthe necessary
modifications is shown in Figure 2(c).

In order to develop an automatic system for méaguhe AVR,
besides detecting the optic disc (OD) and segmgnthe retinal
vasculature, one of the main challenges is to ifjaske vessels as
artery or vein (A/V classification) [6]. Several ws on vessel
classification have been proposed in the literaft¢10]. However the
automated classification of the retinal vessels anteries and veins ha
received limited attention and it is still an ogesk in the retinal image
processing field. Within this context, in this papse propose an
automatic method to classify the retinal vesselsrésry or vein (A/V
classification).

2 Methodology

There are some visual and geometrical features ¢mables the 2.2 Graph analys's

discrimination between veins and arteries. Theiadere bright red andin the graph analysis phase a decision on the afjlee nodes is made
veins are darker. In general, artery calibers somller than veinsand based on node type, the links in the sepatdieggmphs will be

calibers. The arteries have thicker walls, whicfient the light as a classified into one of two classe8;(andC,). At the end of this phase
shiny central reflex strip [11]. There are methdbat explore thesewe know which links are in the same class and & ribxt phase the
properties for classification purposes [8]-[10].c#ner characteristic ofartery/vein classes will be finally assigned @ and C,. We have

the retinal vessel tree is that at least in théoregear the optic disc,considered four different types of nodes: 1) Coringcipoints; 2)

veins rarely cross veins and arteries rarely cao&sies, but both typesCrossing points; 3) Bifurcation points; and 4) Megtpoints.

can bifurcate to narrower vessels and also veidsaateries can cross  The node classification algorithm uses the follayimode

each other [7], [11]. In our method, we assume wiezch intersectionjnformation: the number of links connected to eaotle (node degree);
point is either a point where a vessel bifurcatesdrrower parts or athe direction of the links; the angles betweenlitiies; the vessel caliber
point that a vein and an artery crosses each other. related to each link and the degree of adjacenésiod

Figure 1 depicts the block diagram of our approdeh AV The link classification is done for each separaib-graph and
classification. After vessel segmentation and aéinge extraction, the yistinct classes are assigned to each region. fibans that class&,
main phases are: 1) graph generation; 2) graplysisabnd 3) vesselc, il be assigned for the links in sub-graph 1, st&Cs, C, for the
classification. The algorithm first classifies theins and arteries byjinks in sub-graph 2 and so on. For each sepaudtgsaph, the farthest
analyzingthe vessel tree as a graph which has been obtaing®king |ink from OD center is detected, and a class ifgaes to this link (for
a decision on the type of each intersection paynah nodes); then,nstanceC,); the node connected to this link is found andeldasn the
vessel segments (graph links) are classified i different classes, noge type the other links are labeled as classclass 2. This procedure
and finally the A/V classes are assigned to thelgiaks by extracting is repeated for all nodes until there is no morelassified links. We
a set of features and using a linear classifiarthé following we detail repeat the process for other separate subhgra@ach time defining
each phase of the method. two new classes, until the entire graph is clasgifin the end we have a

classified graph with different pair of classesdach disjoint sub-graph.



3 Evaluation and results

For validating the proposed method we have usedNS®IRE-AVR
dataset which contains 40 high resolution colorgezawith 2392x2048
pixels [13]. The manual artery/vein labeling is ddsy an expert for all
40 images. For evaluating the classification methea have calculated
the accuracy both for centerline pixel classificatiand vessel pixel
classification. Table 2 shows the accuracy valwescénterline pixels
and for vessel pixels in the entire image and fasthe pixels inside the
region of interest (ROI) which is the standard ramga within 0.5 to 1.0
disc diameter from the OD margin. Each row contdhms accuracy
values calculated using different ranges for vesakbers. First row is
the result for all the vessels, while the remairmiogs present the results
for the vessels with caliber higher than 5, 10at8 20 pixels.

Table 2: Accuracy rates of correctly classifiedgbix

Centerline  All vessel Centerline All vessel
= pixelsin pixelsin pixelsinside pixelsinside

entireimage entireimage ROI ROI

All vessel: 84,8% 88,0% 85,2% 90,3%

Vessels Caliber > 5 pix«  86,5% 88,4% 87,5% 90,8%

Vessels Caliber > 10 pixt  88,6% 89,4% 90,7% 92,3%

Vessels Caliber > 15 pixt  90,2% 90,4% 93,3% 94,1%

Vessels Caliber > 20 pixt  91,3% 91,1% 96,0% 96,0%

4 Conclusion

We have developed an automatic method to cladséyrétinal vessels
into arteries and veins. We have reached an accwt®8.0% for
correctly classified vessel pixels of entire vaacutee and an accuracy
of 90.3% inside the ROI. The results show an impmu@ compare to
previous techniques and demonstrate that the pedpa@itomatic
A methodology for A/V classification is reliable R calculation.
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Figure 2: (a) Onglnal color image; (b) Segmentassels result; (c)Acknowledgements
Extracted graph; (d) Graph analysis result; (e) Alassification result;

(f) Comparison of proposed method with manual dlizsgion. This work was financed by FEDER funds through tRegrama
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Portuguese funds through FCT Fundacdo para a Ciéncia e a
Tecnologiain the framework of the project PEst-C/SAU/LA0002(20
and the research grant SFRH /BD/73376/2010.

2.3 A/V classification

The purpose of this last phase is to assign tlegyaor the vein classes®
to the pair of classes in each separate sub-grapiy wa classifier.
Having this purpose in mind, we have defined addefeatures and aRefer ences
classifier. For each centerline pixel, the set @ff@atures described in
Table 1 are measured. We have used linear disaihimalysis (LDA) [1] Tt T. N?huyeg andt-ll:-) \tf) tVVogg l?tetl?ég vasc4u|ar Cgl;i-?;gg gloé(l)%etlc
classifier and for feature selection, a sequentaward floating retinopathy, fLurrent Diabetes Repottsol. 9, no. 4, pp.
approach is used, which starts with an empty featat and adds of?! Ea r‘:]a”WK CHUJ:?IE el(c:omwol\'}lg’&ev;'f'ilevékyé MFlynr;h:gg/argRgmg
removes features when this improves the performanfdke classifier. hembdyﬁarﬁics in early diabetic macallér ederﬁﬁabeteg N’EV\;YOI'R\/O|
After using this feature selection method a set®features, 1-2, 7, 10,  s55; no. 3, pp. 813, 2006. '
12-14, 16-17, 19-20 and 23-30 was selected. [3] A.S. Neubauer, M. Ludtke, C. Haritoglou, S. Prigier and A. Kampik,
The trained classifier was used for assigning theé éasses to the “Retinal vessel analysis reproducibility in assegstardiovascular disease,”
graph classes. First each centerline pixel is ifledsinto A/V classes, " gptgmﬁtry and \1{|S:_f|m §C|einom1l_. 83 F\‘/\fll- 4, IDIK/-I E§4IZI_E}§’14Y Apr. 2%08j
then for each clas<() in a sub-graph, the probability of being artesy - R Lesage, 1. H. Mosiey, 1. Y. yong, M. szkia, khopman, D. .
calculated based on the number of associated tieetpixels classified ~ C2tellier, S. R. Cole, R- Klein, J. Coresh, L. Hoker, and A. R. Sharrett,
as an artery or a vein. The probability of a cl@sto be arteryR,(C)))

“Retinal microvascular abnormalities and cognitdecline: the ARIC 14-
is computed a®,(C)=n /( e+ n's) wherens, is the number of s year follow-up study.Neurology vol. 73, no. 11, pp. 862-8, 20009.
centerline pixels of clas<|) classified as artery amlg; is the number

of centerline pixels classified as a vein. For epalr of classes in a
separate sub-graph, the class with higher arteopghility will be [6]
assigned as artery class and the other one asclasis. The result of
assigning a class to the link centerline pixelstiswn in Figure 2(e).
The differences between the results of proposedadetind manual [7]
labeling are shown in green in Figure 2(f) while ttorrectly classified
arteries and veins are presented in red and bépecévely. [8]

Table 1: The list of features extracted for eaaltedine pixel.
Nr.  Features [9]
1-3 Normalized Red, Green aiBlue intensities under the centerline pi
4-6 Normalized HueSaturation and Intensity under the centerline p
7-9 Normalized mean of Red, Green &éBlue intensities across the ves

10-12 Normalized mean of HuSaturaion and Intensity across the ves
13-15 Standard deviation of Red, Green Blue intensities across the ves
16-18 Standard deviation HuSaturation and Intensity across the ve:
19-22 Maximum and minimum of Red and Green intensitigssghe vesse
23.30 Intensity under the centerline pixel in a Gaussimmred

(o =2,4,8,1€) of Red ancGreen plant

(10]
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