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PURPOSE. Abnormalities of blood vessel anatomy, morphology, and ratio can serve as important
diagnostic markers for retinal diseases such as AMD or diabetic retinopathy. Large cohort
studies demand automated and quantitative image analysis of vascular abnormalities.
Therefore, we developed an analytical software tool to enable automated standardized
classification of blood vessels supporting clinical reading.
METHODS. A dataset of 61 images was collected from a total of 33 women and 8 men with a
median age of 38 years. The pupils were not dilated, and images were taken after dark
adaption. In contrast to current methods in which classification is based on vessel profile
intensity averages, and similar to human vision, local color contrast was chosen as a
discriminator to allow artery vein discrimination and arterial–venous ratio (AVR) calculation
without vessel tracking.
RESULTS. With 83% 6 1 standard error of the mean for our dataset, we achieved best
classification for weighted lightness information from a combination of the red, green, and
blue channels. Tested on an independent dataset, our method reached 89% correct
classification, which, when benchmarked against conventional ophthalmologic classification,
shows significantly improved classification scores.
CONCLUSIONS. Our study demonstrates that vessel classification based on local color contrast
can cope with inter- or intraimage lightness variability and allows consistent AVR calculation.
We offer an open-source implementation of this method upon request, which can be
integrated into existing tool sets and applied to general diagnostic exams.
Keywords: retinal degeneration, arterial–venous ratio, vessel classification

hanges in the retinal vasculature hallmark several retinal
diseases. Moreover, abnormalities of retinal vessel anatomy,
morphology, and ultrastructure can point to serious systemic
health risks and diseases,1–3 such as diabetes, stroke, or
atherosclerosis. Preventive measures on an individual as well
as on a population level require standardized clinical examination of patients. Standardized methods are prerequisites for the
development of novel diagnostic tools and therapeutic strategies. With the advent of large-scale population screening for
common health risks, the automatic detection of blood vessels
in retinal images has gained importance.4 Retinal vessel
diameters and arterial–venous ratio (AVR), that is, the relation
between arterial and venous vessel width, are extensively used
to identify an elevated risk of disease.5–11 To allow a
standardized clinical assessment, blood vessel detection and
segmentation schemes have been developed, as well as

C

algorithms for precise classification of vessels into veins and
arteries to support diagnosis.5–9,11 Color fundus images have
been used as an image source to differentiate retinal arteries
and veins. Along with some semiautomated classification
techniques, which involve manual vessel detection and
tracking,12–14 most recent classification methods have been
automatic and based on color features analysis.5–9,11 Based on
pixel classification schemes, pixel patterns were annotated to
an artery or vein class, based on color analysis of image features
at the proximity of the pixel under consideration.5–7,10 After
pixel classification, vessel segments are assigned as belonging
to either artery or vein class based on the prevailing number of
pixels classified within.5–7,10 A tracking procedure joins vessel
segments that belong to the same vessel, which is then
classified as either vein or artery. Finally, the AVR is calculated
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within a region of interest (ROI) in the vicinity of the optic
disc.5–7
An established principle toward vessel classification in
fundus images has been to differentiate vessels via patterns in
color intensities since arteries appear lighter than veins.5–7,10
However, both kinds of vessels may significantly vary in color
or lightness due to uneven image lightness and lack of color
constancy, which makes the classification a difficult task.5–7,10
To circumvent this problem, techniques such as image
background equation,6,7 image division and rotation,6,7 vessel
tracking from their origin,6,7,10 and structural mapping8 have
been put forward. It has also been considered which
monochromatic channel can yield optimal contrast and
resolution.5–7,10 Vazquez and colleagues6 investigated different
color spaces and channels. Comparing red, green, blue (RGB)
with respect to saturation (HSL) and lightness (gray level), they
reported superior results from the green channel with
approximately 86% correctly classified vessels. To circumvent
the uneven illumination, they divided the image into four
quadrants, rotated in steps of 208, and subsequently classified
each vessel segment multiple times. In a subsequent study,5 by
the use of the minimal path vessel tracking technique, they
improved their classification success ratio by 2% and concluded that vessel tracking and image division in combination with
rotation techniques efficiently solved the uneven image
illumination problem. Similarly, Joshi et al.,8 when integrating
the color properties of green and blue channels in combination
with vessel tracking and crossing information for pixel
clustering, achieved comparable results. In an earlier study
by the same group,10 a supervised learning algorithm used a
vessel tracking algorithm to solve the image illumination
problem. They used higher-order image derivatives to classify
the pixels within vessels and achieved 88% success when
classifying arteries and veins. Their results also showed that
green channel intensities without any normalization are an
insufficient basis for a supervised learning classification
method because of local intensity variations within and
between images.
This study is motivated by a clinical application. Toward this
goal, we develop a method to classify vessels into arteries and
veins and consequently estimate the AVR completely automatically. The estimation of the AVR can be applied to detect
retinal microvascular abnormalities, such as generalized
arteriolar narrowing. The AVR is clinically used already as a
diabetic retinopathy marker,1–3 and here we demonstrate that
our machine estimations are consistent with estimations
achieved by ophthalmology experts.
The clinical application of the work presented here is
clearly aimed at advancing general diagnostic exams by
assisting, rather than substituting for, the ophthalmic specialist
in the tedious technical job of calculating the AVR. More
importantly, our algorithm will also be beneficial in large
epidemiologic studies to detect statistical correlation between
disease phenotypes and the AVR. We also address principal
AVR estimation limitations caused by within- and betweenimage intensity variations, hindering performance in previous
studies.5–7,10 To enable a reliable AVR calculation across
different image illuminations, we take advantage of information
processing principles in human vision. Color constancy is the
process that makes objects appear the same color under
changes in illumination in the visual system.15 Here, local color
contrast was found to play the key role in achieving constancy.
A more detailed explanation of this complex visual processing
is given in the Methods section. Our machine method is
implemented closely following the local contrast processing
required to achieve color constancy in human vision. The
generated vessel classification algorithm is simple to implement and provided as open-source technology at no cost. We
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share the point of view that it may further provide the
groundwork for analyzing a number of ophthalmic diseases
that involve changes to blood vessels.

METHODS
The study was approved by the University of Tübingen Medical
Faculty ethics committee, and informed written consent was
obtained from all participants. The research adhered to the
tenets of the Declaration of Helsinki. The following two
datasets were used to evaluate the performance of the new
algorithm. First, specifically for the needs of the study, a dataset
of 61 images was acquired with the help of a nonmydriatic
automated camera system (DRS; CenterVue S.p.a., Padua, Italy).
Image resolution was 2592 3 1944 pixels, which represents a
retinal area of approximately 458 3 408. Images of a normal
cohort of participants were taken after informed consent. To
create our own image dataset, escorting persons of pregnant
women of the District Hospital Reutlingen, Germany, were
enrolled for fundus imaging. Additionally, employees of the
clinic were enrolled. Participants were enrolled only if they
had no known pathologies of the retinal vessels, the retina, or
the optic nerve head. Only images with good quality
(sharpness, correct ROI, illumination) were included in the
dataset. In total, images from 33 women and 8 men with a
median age of 38 years (minimum 18, maximum 64) were
collected. The pupils were not dilated, and images were taken
after a dark adaption time of 2 minutes. Secondly, to confirm
that our classification method is robust against variations in
image intensity, we tested our algorithm on the publicly
available independent dataset VICAVR, a set of retinal images
used for the computation of the AVR.5,6

Vessel Segmentation
For vessel segmentation we used the technique described by
Bankhead and colleagues,16 in which vessel segmentation is
achieved by thresholding wavelet coefficients produced by the
wavelet transformation. The centerline for each vessel segment
was defined using a morphologic thinning operation and least
squares spline fitting. Finally, the pixel profiles at each
centerline were created perpendicularly across the vessel
using linear interpolation. Vessel edges (vessel diameter) were
detected using the zero crossings of the second derivative from
the estimated profiles. We used the Matlab implementation
code made publicly available by Bankhead16 to ensure robust
segmentation of retinal vessels and accurate calculation of their
width followed by our method of vessel classification.

Vessel Classification
In contrast to previous studies in which taking average image
intensities to differentiate vessels was the approach mainly
involved, the human retina has been shown to not simply
record light intensities. Due to center-surround receptive fields
of retinal ganglion cells, retinal responses depend on the
surrounding context: Responses depend on the difference
between light intensity in the center and that in the immediate
surround. Thus local contrast is calculated by the visual
system, for instance, when the task is to determine the gray
shade of the checks on a floor; just estimating the light
intensity of a surface is not enough. A striking example of the
effect of the local color contrast on visual perception is the
checkershadow illusion, published by Adelson.17 In this case
two checks with identical gray color are put into different
contexts, one in a shadow and the other not, and they are
perceived as having a different color. Local color contrast has
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FIGURE 1. Figure is for illustration purpose only. Blue solid line
represents the estimated vessel profile (data fit) (l) at each centerline
pixel, while the red line and circles represent the actual intensities
(raw pixel intensity data) at each pixel as a function of the distance
from the vessel centerline. Local color contrast for each vessel profile l
is calculated as the ratio between the mean intensities (I) from a given
vessel diameter (d) and its flanks (f1 and f2). For accurate vessel profile
(l) estimations of the real intensity information, we require at least
three informative pixels in each flanker f1, f2 and vessel diameter d and
thus only profiles larger than 10 pixels are considered for color feature
estimations.

been also found to contribute to color constancy, a process in
the human visual system that makes objects appear the same
color under changes in illumination.15 Therefore, quantification and integration of local color contrast as the ratio between
the mean intensity from a given vessel diameter and its flanks
was chosen as a main discriminator (see Fig. 1) in our study.
The vessels resulting from segmentation were classified
within a concentric ROI, whose width equals the optic disc
radius (see Fig. 2) as specified previously.9,18,19 Our own
routine was implemented for detecting the optic disc and the
segmentation of the optic disc border.
Classification based on average vessel color information,
when pixel intensities from the vessels are taken as means
from the vessel diameters only and not contrasted to the local
background, proved to be intricate and complicated since the
color may vary significantly within and between the images.5,6
To circumvent this problem, the vessel color features
extracted from the RGB channels were normalized to the mean
of the local image background. This is adjacent to the vessel
diameter (d), image background depicted in Figure 1 with the
shaded area (flankers f1 and f2). For each estimated centerline
profile (see Fig. 1) we calculated the ratio between the mean
intensities (I) falling within the vessel edges (d) and the mean
intensities from the vessel flanks (f), for example:
fij ¼ meanðIdij Þ=meanðIfij Þ;

ð1Þ

where fij is a vector containing color features for vessel
segment i with centerline pixels j. Since vessel centerline
profiles are estimations of the real intensity information, for
reliable local color contrast estimation we require at least three
informative pixels in each flank f and center d of the estimated
profile. Thus for informative color features, only profiles larger
than 10 pixels are considered. We then classify vessel color
features from each vessel segment i using the k-means
algorithm to find two clusters, with higher intensities for
arteries and lower for veins. The k-means method classifies
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FIGURE 2. Vessels are segmented and classified by our medical expert
within the largest concentric region of interest (ROI) enclosed by the
green circumferences. Blue denotes veins, red denotes arteries. Vessel
fragments colored green were not classified by the expert. Our
algorithmic classification is restricted to the narrower ROI (within the
dotted gray circumferences) centered at the optic disc (ODc). The size
of the ROI is determined by the radius of the optic disc (r). We tested
the classification rate of our algorithm at several ROI widths w (w ¼ r/3;
w ¼ r/2; w ¼ r) and distances d from the optic disc (d ¼ r; d ¼ r/3; d ¼ r/
2).

each feature vector into artery or vein first on features
calculated from the red channel of the RGB image. The results
of this first classification are stored, and then a new set of color
features is extracted from the weighted intensities of the red,
green, and blue channels such that
Idij ¼ minðIR ; IG ; IB Þij ;

ð2Þ

where Idij is the intensity at the jth vessel segment diameter
and IR, IB, and IG are the intensities from the red, green, and
blue image channels, respectively. Thus each vessel segment is
classified a second time with color features calculated
according to Equation 1 and intensities as specified in Equation
2. Finally, the classification results are combined to obtain the
class of the vessel segment by a voting strategy, which decides
the class of the vessel segment based on the prevailing number
of color features in it.6 In other words, a vessel segment is
considered a vein when its probability to be a vein is greater
than 0.5. For instance, a vessel segment with a higher number
of color features classified as belonging to the vein class will be
considered a vein and vice versa. When the number of vein and
artery features within a vessel segment is the same, it is not
classified.

Image Quality Effect on Classification
Since image quality has been shown to affect greatly the ability
of computer-based algorithms that extract the structure of
fundus images,20 we have investigated the effect of image
quality and properties on classification: We divided our dataset
into excellent- and average-quality images, according to criteria
proposed by Paulus and colleagues,20 and assessed classification performance separately for each of the subsets. We have
also investigated the effect on classification of standard image
quality improvement techniques, such as white balance,
histogram stretching, and matching and adaptive channel
matching, where the histogram matching is used to modify the
histogram of the red channel by using the histogram of the
green channel of the same retinal image. This last manipulation
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has been used to investigate whether possible oversaturations
(image areas in which pixels have highest possible value of
255) of the red channel in fundus photographs can impact
classification.

AVR Calculation
We calculated the AVR in the ROI centered at the optic disc
according to Knudtson and colleagues.21 The AVR then is
estimated as AVR ¼ CRAE/CRVE, where CRAE is the central
retinal artery equivalent and CRVE is the central retinal vein
equivalent. We have done so by implementing an algorithm
given by Niemeijer and colleagues.9 This procedure takes the
widest six veins and arteries into account. Smaller numbers of
vessels are also consistent with the algorithm, if the system
detects fewer vessels. The vessels are pre-examined in order to
avoid the inclusion of vessels with errors in the estimation of
the width. Vessels were excluded if they were too small
(centerline smaller than 6 pixels), if they were not at least
twice as long as they were broad, and if there was too much
diameter variation in a vessel segment (if the size of the
centerline is smaller than 100, the standard deviation of the
vessel segment diameters must be smaller than 2.5; if the size
of the centerline is 100 or bigger, the standard deviation of the
vessel segment diameters must be smaller than 5). This is
necessary since image artifacts like dust particles with which
we have to cope in our dataset can be interpreted as vessels.
After applying these filters, 70% of the vessels remained for
AVR estimation. Twenty-seven percent of the vessels were
excluded due to the fact that they were not longer than twice
their width. The vessels that were filtered out were also not
included in the estimation of the statistical results of the vessel
classification, that is, the number of correctly and falsely
classified vessels.

RESULTS
We tested the classification algorithm on our dataset of 61
images. We compared our accuracy rate of correctly classified
vessels (number of correctly classified vessels divided by
number of all expert-classified vessels) with a manual method,
in which a trained expert graded the images. On average, the
accuracy achieved was 83% 6 1 standard error of the mean
(SEM) for the 61 images (the full dataset) that were successfully
segmented by our algorithm. On individual images, worst
performance was at 60% (Fig. 3A), still higher than chance,
while approximately one-third of the images reached 90% and
higher (Fig. 3B). We also tested the algorithm performance
while using the image division and rotation technique
described previoualy6,7 and could not find a statistically
significant improvement (paired t-test, P ¼ 0.67) in performance of vessel classification. The classification rate also was
not influenced by testing several ROI widths (see Fig. 2).
As our local color contrast is a function of vessel flank f and
centerline d intensities (see Equation 1, Fig. 1), we investigated
whether varying the number of pixels included in the flanks
would influence classification performance. In order to do so,
we reduced the width of the vessel environment by 5 to 20
pixels in steps of 5. A reduction by 5 pixels of the vessel
environment does not change the classification rate. Further
reduction of the width of the vessel environment leads to a
reduction of the classification rate from 83% to 78.5% if the
width of the vessel environment is reduced by 20 pixels (Fig.
4). When applying our classification method to the VICAVR
dataset, from the 58 images available, 55 were successfully
segmented and classified. We compared our classification with
the reference images graded by one of their experts and
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achieved 89% correctly classified vessels. To evaluate whether
our methods performed better than chance we used a receiver
operating characteristic (ROC) analysis based on the classifications of vessels on our own dataset of images. The resulting
curve is shown in Figure 5, and the calculated area under the
curve is 0.88, which indicates that our algorithm is able to
reliably discriminate between veins and arteries. On average,
each image was classified in 49s 6 11s (standard deviation) on
a Core i7 3.2GHz machine running under Linux OS (Ubuntu
13.10, kernel 3.11.0-20-generic).
As to the impact of image quality on the classification, there
was no significant (P > 0.05) difference between excellentand average-quality image datasets. On average, the image
manipulations applied, such as automatic image white balance,
histogram stretching, and matching and adaptive channel
matching, had no significant effect (1-way ANOVA, F ¼ 0.44, P
¼ 0.8178) on the classification. On individual images, however,
performance varied with the different image processing
applied and thus maximum classification performance increased up to 87% when only the maximum from each
classification was taken into account. Whether individual
image performance could be related to some image statistics
is a question that is worth investigation and will be addressed
in future research.
We further calculated the AVR for our dataset of 60 images
(see Methods), which were manually graded by two ophthalmology experts (blinded). The AVR was calculated for all vessel
segments found by the method and have corresponding vessels
graded by the experts using the IMEDOS software (IMEDOS
Systems UG, Jena, Germany) according to their standards. The
results from the two experts were further calibrated by a
semiautomated computer-assisted program (Singapore "I"
Vessel Assessment [SIVA], software version 3.0). The average
error rate that was obtained is 0.02, which demonstrates a
good agreement between machine and expert calculations.
Figure 6 shows a Bland-Altman plot that graphically demonstrates the distribution of errors and the agreement between
ours and the manual methods. The points are scattered about
the mean and do not show any systematic trend in the data that
would indicate a significant deviation of one method (machine)
from the other (manual expert AVR estimation), such as a
proportional error or significant absolute difference. This
analysis indicates that both machine and manual methods are
able to consistently estimate the AVR.

DISCUSSION
The demand for automated, quantitative image analysis of the
retina has emerged since the advent of large cohort studies on
retinal diseases such as AMD or diabetic retinopathy. While
diseases manifest themselves with changes in the retinal
vasculature, abnormalities of vessel anatomy, morphology, and
ratio can serve as important diagnostic markers. However,
variations in local light and color intensities due to inhomogeneous illumination, both inter- and intraimage lightness variability, present serious problems for retinal image analysis. This
problem has been recognized as the most challenging step in
the process of achieving correct vessel classification into arteries
and veins.5,6 In this study we established a fast and simple-toimplement method for vessel classification into arteries and
veins with a main goal of robustness against inhomogeneous
image illumination. This was achieved by employing strategies
used by the human visual system to extract features from local
color contrast. Our method uses efficient local contrast-based
features followed by k-means clustering to technically advance
current classification algorithms by reducing the execution time
and complexity. It can also easily be integrated into existing,
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FIGURE 3. Vessel classification tested on individual images. Blue denotes veins, red denotes arteries. Green bars represent vessel fragments
unclassified by the expert/algorithm. On the left, images are classified by our medical expert, while those on the right are machine classified. (A) An
example of our worst result, with 60% correctly classified vessels (number of correctly classified vessels divided by number of all expert classified
vessels), still higher than chance. In (B) is shown a typical example of our best classification performance, 93% successfully classified vessels in this
case. On more than 30% of our dataset images, classification performance reached 90% and higher.

publicly available, vessel segmentation packages such as ARIA17
to provide for the calculation of important eye disease
diagnostic markers, which would ultimately improve therapeutic intervention in retinal diseases.
In more detail, our algorithm is based on features that are
constructed by the usage of vessel profiles, that is, the intensities

FIGURE 4. Percentage of correctly classified vessels in dependence of
the width of the vessel environment. The x-axis is the number of pixels
by which the width is reduced, compared with the width of the vessel
environment actually used.
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across the centerline of a vessel. Similar to some previous
researchers, we analyzed vessel profiles in concentric regions
around the optic disc. Vessel profiles are usually employed when
designing features for vessel classification.5–7,10 The crucial and
effective step in our new method presented here is to extend
these profiles into the vicinity, past the vessel border. In this way
the immediate environment of a vessel is explored, in a way
similar to the type of local contrast analysis that takes place in
the human visual system. At the same time all color channels are
weighted and the strongest signal concerning our feature is
taken into account. The k-means clustering algorithm was
utilized for the classification based on the local color feature,
which simplified the analysis.
We have chosen local color features analysis, since typical
vessel properties are known to vary globally.11 For example,
often toward the outer image regions, both arteries and veins
are very dark along with uneven background illumination.5–7
This ultimately leads to vessel misclassification. Similarly, the
central reflex, which is larger in arteries and smaller in veins,
vanishes toward the periphery. As a consequence vessel
profiles at a greater distance from the optic disc may not be
informative for classification.
Testing our simple classification algorithm on our own and
VICAVR datasets (87% and 89% correctly classified vessels,
respectively) showed results in the range of the current and
most advanced algorithms, which require full vessel tree
extraction and classification.6–8 Although the sensitivity of
current algorithms and of our algorithm are in the same range,
the former require complex implementations not available to
the scientific community. The sensitivity of our algorithm is
assessed as in other state-of-the-art methodologies5–9,11 of
vessel classification and further corroborated by the ROC curve
analysis, which yielded an area under the curve of 0.88. To be
more specific, Vazquez et al.6 reported an area under the ROC
curve of 0.93, and with their improved method on a larger
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FIGURE 5. Receiver operating characteristic curve of the proposed algorithm, computed using different threshold probability values for assigning
centerline pixels to either vein or artery. The area under the curve is 0.88.

dataset the area is 0.89.5 Niemeijer et al.9 achieved an area
under the ROC curve of 0.88. However, it should be mentioned
that while our ROC curve analysis and that of Vazquez et al.5,6
are based on vessels, Neimeijer et al.9 used the assessment of
single-vessel pixels for the ROC curve analysis. In addition,
these results also show the robustness of the approach to use
local contrast features to solve the illumination problem for
vessel classification, since the algorithm performed without
modifications on images with uneven illumination, both interand intraimage lightness variability, acquired by two different
camera systems. Furthermore, utilizing the image division and
rotation technique to reduce uneven lightness as described

previously6 did not show significant improvement, which also
indicates the robustness of our newly devised features. In
contrast to previous works, where the analysis was based on
information extracted from the green channel,5–9 our algorithm performed worse when classification analysis was based
on color information extracted from a single channel: We
achieved a 72% success rate from the green channel versus 77%
from the red channel. Our implementation of the algorithm
described by Vazquez and colleagues,6 which relies on
classification based on information extracted from the green
channel, reached as high as a 76% success rate on our dataset.
Including feature classification data from a second channel

FIGURE 6. Bland-Altman plot of the agreement between our machine algorithm and the reference expert-graded standard. The red lines represent
95% limits of the agreement. The dotted black line represents the mean difference (0.02) between AVR calculations.
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(Equation 2) enhanced classification performance by approximately 10%, which is in the range of the improvement
achieved by including meta-information about vessel crossings
reported by Kondermann and colleagues.11
We used the Matlab-implemented vessel segmentation
technique (ARIA) by Bankhead and colleagues,17 which is a
fully automated algorithm to extract and analyze retinal vessels.
Their state-of-the-art algorithm allows fast calculation of
parameters along vessels rather than at specific points of
interest, as in manually or interactive computer-assisted
segmentation. Quality of vessel segmentation has been shown
to play an important role in automatic vessel classification
algorithms.11,22,23 Kondermann and colleagues11 demonstrated
an impressive 95% correctly classified pixels while applying
their neural network classification algorithm on manually
segmented images. However, their performance dropped by
approximately 10% when automatically segmented images
were used. While automated segmentation methods seem to
hinder classification performance,11,22,23 they have been
shown12 to provide better vessel analysis and diameter
estimation, which is our main goal.
We have implemented the algorithm given by Niemeijer et
al.9 for AVR estimation and applied it in conjunction with our
newly developed vessel classification algorithm to a dataset
where expert-graded AVR estimation was available. The
agreement between our and the expert-graded method was
confirmed by the resulting Bland-Altman plot, which clearly
indicates that our new vessel classification method yields
results suitable for further quantitative processing.
As to limitations of the study and future work, our current
results raise the question of whether individual image
performance could be related to some image statistics, which
will be addressed in future research. Another interesting
example to be addressed in future work based on our open
source technology may be to discriminate plus disease in
retinopathy of prematurity (ROP). However, we find this
outside the scope of this study, where we concentrate on AVR
calculation applied to detect retinal microvascular abnormalities. The main reason is that plus disease in ROP and diabetic
retinopathy detection are based on different vessel parameters:
In the former these are vessel width and tortuosity, while in the
latter vessel width ratios are calculated. The precise calculation
of the vessel width and tortuosity parameters demands
processing optimized for image segmentation. While to
calculate AVR, vessel width ratios are important and image
processing is optimized for correct classification, segmentation
here is less important. Therefore, our algorithm in its current
state would not be well suited to discriminate plus disease in
ROP. What makes the use of ratios so special is that errors in
vessel width estimations cancel out in the ratio. This is not the
case when the width itself is taken as a disease indicator:
Usually vessel widths are estimated as a minimum line distance
between the vessel edges in a binary vessel image, created in
the segmentation process. Segmentation is usually achieved by
thresholding the original image. This thresholding is a
subjective process, which limits the objectivity of the width
measurement. A good review of this problem is highlighted in
Aslam et al.24 Again, this problem is overcome when width
ratios are calculated, as in the AVR case. Additionally, it has
been suggested that AVR estimation in fundus images is based
only on the inner vessel diameters and the light reflected from
the walls is not included.25 However, to the best of our
knowledge, to date there is no systematic study that
investigates the effect of the reflected or scattered light from
vessel walls under imperfect illumination conditions (such as
inhomogeneous image background in fundus imaging) on the
vessel width estimations. This poses a serious confound on
vessel width estimations, especially on small vessels.
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Our algorithm is based on discrimination of peripapillary
veins and arteries, which is not useful to follow up
development of diabetic retinopathy or AMD. Further, the
percent accuracy achieved may not be reliable enough to allow
for a complete medical diagnosis. Rather, our method provides
an automated system to calculate, complementary to existing
ophthalmology practices, important eye disease diagnostic
markers. Another important application of our algorithm will
be in large epidemiologic studies, where less than 100%
classification rates are more permissible, to detect statistical
correlation between disease phenotypes and the AVR.
In summary, we propose a human visual system–motivated
vessel classification algorithm, which is simple to implement
and allows consistent AVR calculation, across independent
large datasets, regardless of image intensity variation. The
method is free, open source, and available upon request to the
authors. The method is simple to implement into existing
vessel segmentation techniques and provided an automatic
optic disc detection implementation, able to support a
completely automated system to calculate important eye
disease diagnostic markers, which could improve therapeutic
intervention in retinal diseases.
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