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ABSTRACT

Parameters extracted from the vasculature on the retina are correlated with various conditions such as diabetic
retinopathy and cardiovascular diseases such as stroke. Segmentation of the vasculature on the retina has been
a topic that has received much attention in the literature over the past decade. Analysis of the segmentation
result, however, has only received limited attention with most works describing methods to accurately measure
the width of the vessels. Analyzing the connectedness of the vascular network is an important step towards the
characterization of the complete vascular tree. The retinal vascular tree, from an image interpretation point
of view, originates at the optic disc and spreads out over the retina. The tree bifurcates and the vessels also
cross each other. The points where this happens form the key to determining the connectedness of the complete
tree. We present a supervised method to detect the bifurcations and crossing points of the vasculature of the
retina. The method uses features extracted from the vasculature as well as the image in a location regression
approach to find those locations of the segmented vascular tree where the bifurcation or crossing occurs (from
here, POI, points of interest). We evaluate the method on the publicly available DRIVE database in which an
ophthalmologist has marked the POI.
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1. INTRODUCTION

The eye is the only part of the body where the vascular system can be observed directly, in vivo, using relatively
simple tools. Parameters extracted from the vasculature on the retina such as arteriolar to venular width ratio,1, 2

tortuosity and fractal dimension have been shown to predict the progression of both eye diseases as well as general
diseases. For a comprehensive review of studies showing a link between vessel parameters and disease progression
see.3 To extract parameters from the vasculature, analysis of the vascular network is necesary. The most common
way to image the vascular network in the eye is to obtain a digital color fundus photograph.

Segmentation of the complete vessel network in digital color fundus photographs has received a lot of attention
in the literature.4 The vast majority of these methods segment the entire vascular network as a single object,
regardless of the type of vessel (i.e. artery or vein) or the relationship of the vessels to each other (i.e. the
interconnectedness of the various vessel segments on the retina). Both the arterial and the venous vessel trees
interact on the retina. The vessels cross and bifurcate, determining the relationship between various vessel
segments on the retina is a non-trivial problem. The varied appearance of the retina between subjects and even
within one subject make reliable localization of the featurepoints difficult.

Most previous work attempting to extract vessel parameters from the vascular network has focussed on the
accurate measurement of the vessel width,4 post processing of the vessel network5 or the classification of vessel
segments into arteries or veins.6 In vessel tracking algorithms, the vessel tracking method has to distinguish
between bifurcations and cross-over points to successfully track the vasculature. Some vessel tracking algorithms
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therefore included specific techniques for distinguishing both types of POI.7 In a recent publication most directly
related to this work, Calvo et al.8 present a system specifically focussed on the extraction of the bifurcations
and crossings. This method analyzes the vessel skeleton to find the bifurcation and crossing points. The issue
with vessel skeletonization is that the resulting skeleton is highly dependent on the quality of the initial binary
vessel segmentation as well as the chosen thinning method. Thinning a complex vascular network can lead to
the creation of spurious vessel POI as well as the removal of valid POI.

The goal of the presented method is to combine both analysis of the vessel skeleton with analysis of the local
image strucure around the POI. To combine these features we used location regression based on a k-Nearest
Neighbor (kNN) regressor. We compared the results of the automated system with those of the human expert
observer.

This paper is structured as follows, in Section 2 we describe the data used in this study and how the data
was annotated by the expert observer. The method for automatically locating the POI is presented in Section
3. The performed experiments and results are shown in Section 4. We end with a conclusion and discussion in
Section 5.

2. DATA

All experiments were performed using the digital color fundus photographs in the DRIVE9 database. This
publicly available database contains 40 images, 20 images for training methods and 20 images for testing. These
images have a circular field of view of approximately 540 pixels diameter. Included with the database are binary
manual segmentations of the vascular system as well as binary mask images indicating the location of the field of
view. An ophthalmologist (AVD) was asked to mark bifurcations and crossings in the 40 images of the DRIVE
database. Specialized annotation software was used, the ophthalmologist was asked to click once in the center
in each of the bifurcations and crossings in the images. The opthalmologist marked 1781 POI in total, with 719
being bifurcations and 1062 being cross-overs. We used the original 20 training images for training and tuning
the algorithm, the presented experiments and results are on the 20 testing images.

3. METHODS

The method starts with a one time training phase after which it can be applied to previously unseen images.
In the training phase, features are extracted from a set of training images for which the locations of the POI
are known. The features are extracted from around a circular template which can be placed at any location in
the image. During the training phase, the sets of extracted features are stored together with the distance to
the nearest POI. This set of feature vector / distance pairs is used to train a kNN regressor. The trained kNN
regressor can then be applied to the testing set to estimate the distance to a POI anywhere in the image where
features can be extracted. In the following subsections we will describe the different steps of the algorithm in
more detail.

3.1 Pre-processing

To determine the locations of the POI a binary segmentation of the retinal vasculature is needed. We applied
our previously described vessel segmentation algorithm10 to all 40 images in the DRIVE database. This vessel
segmentation method produces a probability map in which each pixel is assigned a value indicating the likelihood
([0 . . . 1]) it is inside a vessel. A fixed threshold was used to binarize these maps, 0.3 was found to work well
in the training set. The binary vessel segmentation was thinned using a rotation invariant skeletonization
algorithm.11, 12 After thinning, only the vessel centerlines remain. For each centerline pixel i we determined the
local orientation, α ([0 . . . π]). The value of α for each i was obtained by applying PCA to i and its 3 immediate
neighbors to both sides (i.e. 7 centerline pixels were used in total). The orientation of the largest eigenvector
then indicated the local vessel orientation. The vessel width was measured for each i by determining the distance
between the edges of the vessel along a line perpendicular to α. This pre-processing procedure was applied to
both the training and testing images used in this work.
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Figure 1. a) The template used to extract the vessel features. Parameters r1 and r2 are the radii of the template. b)
The bank of filters used to characterize the local image structure around the centerpoint. In this image, twelve rotated
versions of the anisotropic second order Gaussian derivative filters are shown at the same time. In the method 24 filters
are used but for visualization purposes only twelve filter outputs are shown here.

3.2 POI location regression

We have used location regression to find the POI in the retinal vasculature. In regression the value of a dependent
variable is estimated based on the values of a set of independent variables using a regression function. For our
application the independent variables are measured in the image. These measurements characterize the local
image structure using a bank of steered, anisotropic second order Gaussian derivative filters. We combine these
with measurements that characterize the local structure of the vascular network. The dependent variable in our
application is the distance d, in pixels, to a POI. As the regression function we have used a kNN regressor. After
a one-time training procedure this regression function can be used to estimate d for any pixel on the vasculature.
In practice this means that vessel pixels that are close to a POI will have a lower estimated value of d than pixels
that are further away from a POI.

Features. For each i from the training images a set of 32 features is extracted. Table 1 shows the list of
extracted features. The first set of 8 features is aimed at characterizing the local structure of the vessel map.
To extract these, multiple circular templates centered on the i under consideration are used. The radi of these
circular templates (i.e. r1 and r2, see Figure 1a) are dependent on the dimensions of the image. For the DRIVE
database all images have the same dimensions and we determined good values for r1 = 3 and r2 = 6 on the
training set. To extract the features, the template edges are traversed in a circular manner and any i encountered
on the edge is counted as a vessel hit. The first set of 4 features is aimed at measuring the angular distance
in pixels between vessels that cross the template border. If the template is centered on two parallel vessels the
number of counted vessel crossings will be 4 but the angular distance between the vessels helps the method to
distinguish this situation from a crossing.

After the pre-processing step, orientation α of the vessel is known for each centerline i. Using the value of
α of the vessels at the points where they cross the template borders, the vessels were extended with a straight
line into the template and the shortest distance between this line and the center of the template was measured.
We call this measurement the crossing distance error and the mean value of this error for all vessels crossing the
both inner and outer template were features 6 and 7. The idea behind these features is that if all vessels are
flowing towards the center of the template, the template is centered on a vascular structure. Depending on the
number of counted vessels a low crossing distance error may indicate that the template is centered on a POI.

The second set of features (i.e. 8-32) was aimed at describing the image structure around the i under con-
sideration. To calculate these steered Gaussian derivatives filter responses, a set of Gaussian basis filters are
applied to the image. Using the basis filters (i.e. Lxx, Lxy and Lyy for the second order Gaussian derivative)
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Nr. Feature description
1-2 mean distance between vessel crossings on the outer and inner template border
3-4 standard deviation of the distance between vessel crossings on outer and inner template border
4-5 number of vessel crossings at the outer and inner template border
6-7 mean crossing distance error for the outer and inner template
8-32 anisotropic steered second order Gaussian derivative filter responses at 24 orientations

Table 1. The complete set of features extracted for each centerline pixel.

the filter responses at any arbitrary angle can be calculated.13 On the training set we determined that using
oriented anisotropic filters with scale σx = 2 and σy = 6 over 24 orientations gave the best localization results.
The anisotropic filterbank was specifically designed to generate responses to vessels flowing away from the pixel
under consideration. This was accomplished by applying each of the rotated filters to the image resulting in 24
images. In each of these images a high response was only present on vessels with a certain orientation. That is,
in the first image these were vessels with a vertical orientation, in the second image vessels with orientation of
2π
24 and so on. To extract the structure features around a certain point in an image, the 24 images were traversed
and measurements were obtained 6 pixels (i.e. equal to σy = 6) away from the pixel under consideration in the
direction of the filter orientation (see Figure 1b). The filter responses are used directly as features.

Sampling strategy for training. For the training stage we sampled the crossings and bifurcations in
the reference standard, extracting the features detailed in the previous Subsection. We also sampled all i in a
circular neighborhood around the POI indicated by the ophthalmologist at a maximum distance of 6 pixels. This
sampling strategy ensured enough samples from the direct neighborhood of the POI were included. Additionally,
we sampled 200 randomly selected centerline pixels in each training image. After sampling the features for each
i the appropriate labels, i.e. the distance d to the closest POI, are assigned based on the reference standard and
all training samples are stored in a training set. Since it is unlikely that the regression function can produce
accurate estimates of d further away from the POI we set d to 6 if a sample was obtained further than 6 pixels
away from a POI.

kNN regression. Using the collected samples from the training set we trained a kNN regressor.14, 15 Before
training the regressor all features were normalized to zero mean and unit standard deviation. After training, the
kNN regressor estimates d for samples for which d is unknown. To accomplish this, the kNN regressor finds the
k nearest neighbors in the training feature space and averages their values of d to obtain its estimated value for
d. The optimal value of parameter k was determined to be 25 in preliminary experiments on just the training
images. This value provided the overall smallest regression error.

3.3 Applying the kNN regressor

After the training phase the trained regressor can be applied to previously unseen centerline pixels. The images in
the test set were pre-processed as described in Section 3.1. For each centerline pixel i we extracted the complete
set of features. The resulting feature vector was processed by the regressor and an estimated value for d was
assigned. Areas where the estimated distance d approaches zero were the centers of bifurcations and crossings.

4. EXPERIMENTS AND RESULTS

We applied the proposed method to the 20 test images from the DRIVE database. To evaluate the performance of
the position regression framework we compared the estimated values of d assigned to the POI and the centerline
pixels in a circle of radius 3 around the POI in the reference standard with those assigned to the centerline pixels
more than 5 pixels away from the reference standard POI using an unpaired t-test. A total of 3818 centerline
pixels around the POI were found in the 20 images of the test set and the same number of centerline pixels
further than 5 pixels away from the POI were randomly selected. The comparison showed a highly significant
difference, with p being much smaller than 0.05, between the two groups of measurements. For an illustration of
the capability of the proposed method to localize the bifurcation and crossing points, see Figure 2. In addition
to this we performed an experiment aimed at showing the possibility of using the extracted features directly
to distinguish between bifurcations and crossings. The same (normalized) feature vectors as used in the POI
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Figure 2. Typical result showing the locally estimated distances to the POI for all pixels in the vasculature. The lower the
intensity, the lower the estimate of d and the closer one gets to the POI. Note that the system was trained on centerlines
only and this application to a binary vessel segmentation is for visualization purposes only.

Figure 3. ROC curve showing the system performance when differentiating bifurcations from crossings. The area under
the curve is 0.89.

localization experiment were acquired only at the ophthalmologist marked locations in both the training and
test set. Bifurcations were assigned class label 0 and crossings were assigned class label 1. A linear discriminant
analysis classifier14 was trained using the POI locations from the training set and then used to classify the
POI locations in the test set. An ROC analysis was performed and an area under the ROC curve of 0.89 was
measured, see Figure 3.

5. CONCLUSION AND DISCUSSION

Many works on retinal vessel segmentation have been published. The deeper analysis of retinal vessel structure
is a relatively unexplored research topic. We have presented a method that combines features based on the direct
analysis of the vascular network with image structure based features to find crossing and bifurcation points.

Proc. of SPIE Vol. 7965  796507-5

Downloaded from SPIE Digital Library on 31 May 2011 to 131.174.244.15. Terms of Use:  http://spiedl.org/terms



The proposed POI localization method shows good results in estimating the distance to POI with centerline
pixels around manually indicated POI having a significantly lower estimated distance than centerline pixels
further away. Also, from the example image it can be observed that the method tends to make correct estimates
of d close to the actual POI with limited errors over the remainder of the vascular network. One issue is that
the localization of the POI is not very precise due to noise in the estimates.

Our additional classification experiment has shown the performance of the extracted feature sets on the
classification of POI into bifurcations and crossings. This experiment was performed on POI that were manually
indicated in the training and test sets. Nevertheless, the performance is promising with a area under the ROC
curve of 0.89. This means that given a randomly selected bifurcation and a randomly selected cross-over point,
the method will assign a higher cross-over likelihood in 89% of all cases.

In future work we would like to integrate this method with other vessel analysis methods we have previously
published such as the artery/vein measurement system16 and the vessel linking framework.5 This should yield a
method that can systematically analyze the entire vascular network on the retina.

To summarize, an automated method was presented that automatically estimates the distance anywhere in
a fundus photograph to a bifurcation or cross-over point in the vascular network on the retina using a diverse
set of features.
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