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ABSTRACT
Retinal vessel segmentation is a prerequisite for the analysis of vessel parameters such as tortuosity, variation
of the vessel width along the vessel and the ratio between the venous and arterial vessel width. This analysis
can provide indicators for the presence of a wide range of diseases. Diﬀerent types of approaches have been
proposed to segment the retinal vasculature and two important groups are vessel tracking and pixel processing
based methods. An advantage of tracking based methods is the guaranteed connectedness of vessel segments,
in pixel processing based methods connectedness is not guaranteed. In this work an automated vessel linking
framework is presented. The framework links together separate pieces of the retinal vasculature into a connected
vascular tree. To determine which vessel sections should be linked together the use of a supervised cost function is
proposed. Evaluation is performed on the vessel centerlines. The results show that the vessel linking framework
outperforms other automated vessel linking methods especially for the narrowest vessels.
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1. INTRODUCTION
Retinal vessel segmentation is an important technique as the segmented retinal vessel tree can be used for many
diﬀerent applications. Analysis of vessel parameters such as tortuosity, variation of the vessel width along the
vessel and the ratio between the venous and arterial vessel width can provide indicators for the presence of a
wide range of diseases. Examples are hypertension, retinopathy of prematurity and glaucoma. Features, such as
the location of bi-furcations, extracted from the vessel tree can be useful in the registration of retinal images. In
recent years the segmentation of the retinal vasculature in retinal photographs has received a lot of attention.
This has been helped by the public availability of sets of retinal images with a reference standard segmentation
of the vasculature such as the STARE1 and DRIVE2 databases.
Diﬀerent types of approaches have been proposed to segment the retinal vasculature and two important
groups are vessel tracking and pixel processing based methods. In vessel tracking based methods feature points
that are located on the vasculature are detected in the image. From these feature points the vasculature is traced
based on local image properties. Many approaches determine the vessel width and orientation locally and use
these parameters to predict where the next piece of vessel can be found. A number of these types of methods have
been reported in the literature.3–6 An advantage of the vessel tracking approach is that the ﬁnal vessel network is
connected which facilitates further analysis of vessel parameters. For pixel processing based methods, a number
of features are measured for every individual pixel in an image. Based on the values of the features each pixel
is assigned a label that indicates the probability that the pixel is inside a vessel. Various supervised2, 7, 8 and
unsupervised9–12 pixel labeling frameworks have been proposed. Some of the best performing, state-of-the-art,
retinal vessel segmentation methods are based on this paradigm. Since each pixel is classiﬁed independently, a
disadvantage of such methods is that gaps can appear in the segmented vessels (see Figure 1) resulting in an
unconnected vessel network.
The detection of narrow, low contrast vessels is a problem for both types of automatic segmentation methods.
Because of the way in which automated segmentation methods have been evaluated the lower performance on
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small vessels does not have a large inﬂuence on the ﬁnal reported results. The standard evaluation method in
the literature is a receiver operator characteristic (ROC) analysis. It plots the sensitivity (i.e. the true positive
rate) against 1-speciﬁcity (i.e. the false positive rate) of an algorithm illustrating the ability of the algorithm
to distinguish vessel from non-vessel pixels. This pixel based measure is essentially unfair as it weighs pixels
from wider vessels more heavily than the harder to detect small vessels simply because there are more pixels
present in the wider vessels. Often a second human observer made segmentation is used to compare the algorithm
performance with that of a human observer. For a human observer it is only practical to make a single binary
segmentation and its performance is thus represented by a single point in the ROC plot. The fact that the
ROC curves of state-of-the-art methods very closely approach the second observer point2, 7 could lead one to
believe the retinal vessel segmentation problem is nearly “solved”. However, when visually examining the results
it is immediately clear that automatic methods, contrary to man-made segmentations, miss a large number of
the smaller vessels. This indicates a shortcoming of the currently used ROC curve analysis for retinal vessel
segmentation evaluation.
In this paper we propose two novel developments. First, a dynamic programming based technique to bridge
gaps in vascular structures that have been detected by a pixel classiﬁcation based vessel segmentation method
is proposed. The method uses a supervised cost function that learns from training examples to assign a cost to
the connection of two vessel segments. Especially for smaller vessels this results in additional vessel pixels being
discovered as these small vessels are linked to the main vessel network. The output of the proposed technique
is a fully connected vessel network that allows for further analysis of the vascular tree. Second, we propose to
use an evaluation measure based on the corresponding boundary maps framework, this avoids the unwarranted
emphasis of standard pixel-based ROC analysis on thick vessels.

2. METHODS
2.1 Vessel Linking
The proposed method uses a retinal vessel segmentation based on the pixel classiﬁcation technique.13 In this
method a large set of randomly sampled pixels from the training set was used to train a kNN classiﬁer to
distinguish between vessel pixels and non-vessel pixels. In this paper a new approach using two kNN classiﬁers,
one for the narrow vessels (Cnarrow ) and one for the wide vessels (Cwide ), is presented. An image is segmented
twice, diﬀerent thresholds are applied to both resulting probabilistic segmentations and a novel vessel linking
framework is applied to link resulting vessel pieces together.
The method starts with the training set reference standard. Each binary reference standard image Iref is
thinned. For each resulting vessel centerline pixel i, the vessel width wi is determined by probing from i along
a line perpendicular to the vessel in both directions. The distance between the two points where the linearly
interpolated pixel value falls below 0.5 deﬁnes wi . Vessels with wi ≥ 2.5 pixels are considered “wide” while
vessels with a width below that are “narrow”. The threshold of 2.5 pixels was determined empirically. Each
vessel pixel in Iref needs to be assigned a width based on the width values associated with the vessel centerline
pixels. For each reference standard vessel pixel the closest centerline pixel is found and the width value of that
pixel is assigned to the vessel pixel. To obtain separate reference standard images for the wide as well as the
narrow vessels we simply apply a width threshold to the image.
Using these two sets of training reference standard images the kNN classiﬁers Cnarrow and Cwide are trained.
Features are extracted from the green plane of each of the original color fundus images in the training set. The
features consist of Gaussian ﬁlterbank outputs up to and including second order derivatives at diﬀerent standard
deviations (scales) σ = 0.75, 1.20, 1.93, 4.98, 8. Then we randomly sample a number of pixels and their associated
feature vectors from each of the training images. Those training samples that are labeled non-vessel are used in
the training of both classiﬁers while positive samples from wide vessels are only used in the training of Cwide
and positive samples from narrow vessels are only used for Cnarrow .
Once both classiﬁers are trained they can be applied to any image and generate probabilistic vessel segmentations. “Gaps” in the vessels are present, especially in the small vessels. These gaps are caused by errors of
the pixel classiﬁcation or the fact that the contrast for the smallest vessels is not constant over the length of
the vessel. Often the posterior probability in the gaps is slightly above 0 but lower than the surrounding vessel
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Figure 1. Typical pixel classification based vessel segmentation showcasing the problem with disconnected vessels. (a)
Green plan of a digital color fundus photograph. (b) Posterior probability map, the pixel intensity corresponds to the
likelyhood the pixel is within a vessel. (c) A detail from the vessel probability map after a threshold has been applied.
Note the many disconnected vessels.

pixels. To generate a binary segmentation a threshold is set and thus these pixels are not included. As the wide
vessels usually are easier to detect they tend to have a higher posterior probability and as such a higher threshold
T = 0.6 can be used to make a binary segmentation. For the narrow vessels a lower threshold of T = 0.15 is
used. Both thresholds were determined empirically, the ﬁnal algorithm outcome does not depend heavily on
these values as long as the narrow vessel segmentation threshold is chosen low enough to include enough parts
of narrow vessels.
After generating the binary segmentations a thinning operation is applied to obtain the vessel centerlines. Any
overlapping vessel centerlines that are present in both the wide and narrow segmentation result are consolidated
into one centerline image Icenterline . Then the endpoints of all vessel pieces are determined by scanning over all
centerline pixels and storing in set S those that have only one neighbor. Each of these vessel piece endpoints
s ∈ S also has an angle sα associated with them that represent the local angle of the vessel piece with respect
to the x-axis. The s ∈ S will form the starting points for the vessel linking procedure.
1. For each s ∈ S do:
a. Find all centerline pixels i in Icenterline closer than distance D and at an angle not greater than | 14 π| from
sα .
b. Use dynamic programming to determine the optimal paths in Inarrow between each s ∈ S and the centerline
pixels found in a. Store the found paths p in set P .
3
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Nr.
1
2
3
4
5
6
7
8
9
10
11
12

Feature description
Avg. value of Inarrow under p.
Standard deviation of the value of Inarrow under p.
Avg. value of Inarrow under the originating vessel piece.
Avg. value of Inarrow under the connecting vessel piece.
Length of p in pixels.
Length of the originating vessel piece.
Length of the connecting vessel piece.
Euclidian distance between the start and endpoints of p.
Average curvature of p.
Diﬀerence in orientation between the start of p and the originating vessel.
Diﬀerence in orientation between the endpoint of p and the connecting vessel.
Orientation of a straight line between the start and endpoint of p.
Table 1. The features used by the proposed supervised cost function.

c. Evaluate for each p ∈ P a cost function F , ﬁnd the path with the lowest cost. If this cost is lower than
threshold Tpath accept the path and add it to Icenterline . For an accepted path, remove any pixels from S
present in p. In case two paths have the same minimal cost, the path with the smallest angular diﬀerence
with sα is chosen. If this provides no resolution, the shortest path is chosen. If multiple paths remain, a
random one is chosen.
d. Jump back to 1 unless all s ∈ S were examined and no path was added.
2. Increase distance D with ΔD and then jump back to 1. However, if a certain maximum distance Dmax is
reached, continue to 3.
3. After connected component analysis, the largest component in Icenterline is retained as the ﬁnal result.
The free parameters in this scheme are the maximum path cost threshold Tpath , the initial distance D, the
value of ΔD and the maximum distance Dmax .

2.2 Cost Function
One critically important part of the scheme outlined above is the cost function that determines the cost of adding
a certain path to the vessel network. We propose to use a supervised cost function that is trained using example
paths in a training set. The training procedure needs to be completed once, then the trained classiﬁer can be used
to determine the cost of paths in previously unseen vessel segmentation images. The training procedure is very
similar to the vessel linking scheme as described in Section 2.1. The major diﬀerence is that, since the reference
standard is available, the cost function F used in step c. is calculated directly using the reference standard. For
n
where
each of the paths p the cost function can vary between 0 and 1 and is given by Ftraining (p) = 1 − overlap
np
np is the total number of pixels in the path and noverlap is the number of pixels in the path that overlap with the
reference standard Iref . For each path p we calculate a set of 12 features as shown in Table 1 and together with
the value given by Ftraining these features form a training sample that is added to the training set. The training
path with the lowest cost is added to Icenterline , however if no valid path can be found, no action is undertaken
and the method continues.
A kNN classiﬁer trained using the training samples will be used to assign costs to previously unseen paths.
Given a previously unseen path pu , and the 12 feature values, an estimate for the path cost can be determined
using kNN regression. We estimate the cost function value by looking up the k nearest neighbors
k of pu in the
12 dimensional feature space. The ﬁnal estimated path cost is then determined by F (pu ) = k1 i=1 costi where
costi is the cost associated with nearest neighbor training sample i.
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Figure 2. Each of the above recall graphs shows, from left to right, the vessel linking framework with supervised cost
function, the vessel linking framework without supervised cost function, the pixel classification method and the second
human observer. (a-c) Evaluation on the complete vascular network, the wide vessels and the narrow vessels. Precision
for each graph has been set at the same level as that of the second human observer: 0.88, 0.67 and 0.79 respectively.

2.3 Centerline Based Evaluation
For our experiments, data from the publicly available DRIVE database2 was used. This dataset consists of
40 color fundus photographs, 20 for algorithm training and development and 20 for testing. One reference
standard manual vessel segmentation is available for both the training and test sets, for the test set an additional
second observer segmentation is also available. Evaluation was performed by comparing the centerlines from
the reference standard of the DRIVE database with the centerlines as produced by the proposed method. The
advantage of evaluating centerlines instead of the complete vessels is that most of the bias towards wider vessels is
removed when compared with a pixel based evaluation. A disadvantage is that the evaluation is more diﬃcult as
vessel centerlines do not necessarily precisely overlap due to small diﬀerences in the segmentations. We therefore
propose to use the corresponding boundary maps framework as proposed by Martin et al.14 This algorithm oﬀers
an elegant way to match boundary pixels, centerline pixels in our application, of multiple segmentations with
each other. The only free parameter of the algorithm is the distance threshold Tdistance = 2 that determines the
maximum distance that two matched pixels can be apart from each other.
As the number of negative pixels, i.e. pixels inside the ﬁeld of view but not part of a vessel centerline, in
this application is large compared to the number of positive pixels, speciﬁcity is always high. A precision/recall
analysis is used which does not include true negative (TN) pixels and is a useful analysis methodology for two
class problems when there is a large skew in the class distributions. Precision and recall are deﬁned a follows:
precision =

TP
TP
, recall =
TP + FP
TP + FN

(1)

Where T P =true positives, F P =false positives and F N =false negatives. Following the deﬁnition, recall is the
same as sensitivity indicating the fraction of all vessel centerline pixels that were classiﬁed as vessel pixel in the
vessel linking result. The precision indicates the fraction of all centerline pixels in the result that truly were
vessel centerline pixels according to the reference standard.

3. EXPERIMENTS AND RESULTS
After training, the described system was applied to the 20 images in the test set. The goals of the proposed
method are two-fold; obtain performance as close to that of a human observer as possible and ﬁnd more connected
5
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Figure 3. (a-d) Centerline segmentation results obtained by increasing the value of Tpath . (e) The segmentation result of
the second human observer. (f) The reference standard.

vessels than regular pixel classiﬁcation. Figure 2 shows the results of the proposed method, the proposed method
using a simple cost function (i.e. unsupervised), regular pixel classiﬁcation and a human observer. In order to
enable direct comparison the precision for all methods was set equal to that of the second human observer. To
show that the framework performance beneﬁts from using a supervised cost function we also compared with a
using simple cost function based on averaging the posterior probabilities under p in Inarrow . For the comparison
with regular pixel classiﬁcation we applied our vessel segmentation13 directly to the test images of the DRIVE
database and used only the centerlines of the largest connected component for the evaluation.
The above evaluation was performed on both the complete image as well as separately on just the wide (≥ 2.5
pixels) and just the narrow vessels (Figure 2a-c). To visually illustrate the kind of results the proposed method
produces, an example segmentation with reference standard at diﬀerent levels of Tpath is shown in Figure 3.

4. CONCLUSION AND DISCUSSION
The results of an automatic vessel linking method have been presented. Vessel linking is important as unconnected
vessel pieces complicate analysis of the vascular network. The results show that the proposed method with
supervised cost function outperforms both regular pixel classiﬁcation as well as a version of the vessel linking
framework using a simple, unsupervised cost function. The second human observer performs better than all
automated methods.
The diﬀerence in performance between the second observer and the automated methods could be because less
vessels are found due to the vessel linking framework failing to link certain vessels as well as the way in which
6
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we evaluated. The performance of the pixel classiﬁcation based vessel segmentation method we used approaches
that of the second human observer when employing regular ROC analysis.13 But, using centerlines we remove
the bias associated with normal ROC analysis. In our test set the wide vessels contained 88340 centerline pixels
while the narrow vessels contained 85168 centerline pixels. The performance of the automated systems on the
wide vessels was much better and closer to that of the second observer. For the narrow vessels (i.e. nearly half
the centerline pixels) the performance diﬀerence was much larger. Especially for these, our proposed method
showed better results than the other automated methods.
One of the more important issues for future work are vessels that leave the ﬁeld of view and re-enter it
elsewhere. These vessels seem “unconnected” and are not linked by our current algorithm. One possible solution
would be to allow linking with the ﬁeld of view border. Using the connected vessel networks we hope to develop
an automatic analysis system that will also detect vessel crossings and bifurcations which will enable separation
of the venous and arterial vessel trees. An issue for the presented method is that spurious detections of the
vessel segmentation algorithm tend to be linked to the main vessel network at low thresholds. At low thresholds
links may be formed between separate vessels while there is no link there. As some of the smaller vessels have
real gaps in them the supervised system learns that under certain circumstances such as when linking two vessel
segments with high probability it is allowed to assign a relatively high probability to links that have low support
in the posterior probability image. Changing the features extracted from the vessel segments or adding additional
features may alleviate this issue.
To summarize, an automatic vessel linking system has been presented. The linking of vessel segments into a
complete vascular network is an essential step in the automated analysis of the retinal vascular network.
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