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Segmentation of the Optic Disc, Macula and Vascular
Arch in Fundus Photographs

Meindert Niemeijer, Michael D. Abràmoff, Member, IEEE, and Bram van Ginneken, Member, IEEE

Abstract—An automatic system is presented to find the location
of the major anatomical structures in color fundus photographs;
the optic disc, the macula, and the vascular arch. These structures
are found by fitting a single point-distribution-model to the image,
that contains points on each structure. The method can handle
optic disc and macula centered images of both the left and the right
eye. The system uses a cost function, which is based on a combina-
tion of both global and local cues, to find the correct position of the
model points. The global terms in the cost function are based on
the orientation and width of the vascular pattern in the image. The
local term is derived from the image structure around the points
of the model. To optimize the fit of the point-distribution-model to
an image, a sophisticated combination of optimization processes
is proposed which combines optimization in the parameter space
of the model and in the image space, where points are moved di-
rectly. Experimental results are presented demonstrating that our
specific choices for the cost function components and optimization
scheme are needed to obtain good results. The system was devel-
oped and trained on a set of 500 screening images, and tested on a
completely independent set of 500 screening images. In addition to
this the system was also tested on a separate set of 100 pathological
images. In the screening set it was able to find the vascular arch in
93.2%, the macula in 94.4%, the optic disc location in 98.4% and
whether it is dealing with a left or right eye in 100% of all tested
cases. For the pathological images test set, this was 77.0%, 92.0%,
94.0%, and 100% respectively.

Index Terms—Diabetic retinopathy, point distribution model,
retina, screening, vascular atlas.

I. INTRODUCTION

DIABETIC RETINOPATHY (DR) is an ocular complica-
tion of diabetes and the leading cause of blindness in the

working population of the western world [1]. Early detection
of DR through screening can help prevent blindness and vision
loss [2]. For the implementation of screening programs of
the scale required to screen the entire population of diabetics
in a country—approximately 18 million people in the U.S.
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alone—computer aided diagnosis technology is essential. As
more than 90% of screening images in a typical screening
program do not contain abnormalities [3], the focus of our
research is on the development of a DR pre-screening system.
This system should select only those images that might contain
abnormalities associated with DR and present these to an oph-
thalmologist for further evaluation. Especially in telemedicine
applications automatic systems such as this could have a pos-
itive impact on the diminution of the necessary resources in
terms of specialists and examination time in reading centers.

An essential processing step in a prescreening system is the
detection of the position of the normal anatomy. Once these lo-
cations are known, a frame of reference can be established in the
image. This is important for two reasons. First, to successfully
find abnormal structures in a retinal image it is often necessary
to mask out the normal anatomy from the analysis. An example
of this is the optic disc, an anatomical structure with a bright
appearance, which should be ignored when detecting bright le-
sions. Second, the distribution of the abnormalities associated
with DR over the retina is not uniform [4]; certain types of ab-
normalities more often occur in specific areas on the retina. The
position of a lesion relative to the major anatomy could thus be
useful as a feature for later analysis and classification of patholo-
gies.

In a prescreening setting, special requirements are put on a
system such as the one described in this paper. The system
should be completely automatic without any required user in-
teraction as it should be able to batch process large amounts of
images. As the data in large-scale screening programs comes
from multiple locations and is acquired by different operators
with different equipment, there will exist a large variability in
the image acquisition process. Add to this the natural variation
in the appearance of the retina and the fact that these images
can be from a left or right eye and centered on different parts
of the retina, it is clear that automatic segmentation is a chal-
lenging task. Automatic retinal image analysis can be compli-
cated by the presence of pathology. Because screening programs
are used for early DR detection, most pathology that is found in
a screening population is milder than the pathology encountered
in a clinical population. Fig. 1 shows a random selection of im-
ages from the screening database used in this research.

All of the previous work on anatomy location detection in
retinal images has focused on the separate detection of single
anatomical structures such as the optic disc (OD) or the macular
center (MC). The OD is the location where the optic nerve exits
the eye, and it is usually a bright oval shaped object. The MC is
commonly visible as a hazy dark area. This is the area with the
highest number of cones and rods per unit area retina.

Sinthanayothin et al. [5] presented a method to detect the lo-
cation of the OD by detecting the area in the image which has
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Fig. 1. Top 12 images were randomly taken from the representative screening
test set while the bottom four images were taken from the pathological images
test set.

the highest variation in brightness. As the optic disk often ap-
pears as a bright disc covered in darker vessels the variance in
pixel brightness is the highest there. The author reported an ac-
curacy of 99.1% on 112 images for the detection of the optic
disc location.

A method based on pyramidal decomposition and Hausdorff-
distance based template matching was proposed by Lalonde et
al. [6]. The green plane of the original image was subsampled
and the brightest pixels in this subsampled image were selected
as candidate regions. An edge detector was used on the candi-
date regions in the original image. Next, multiple circular tem-
plates were fit to each of the regions using the Hausdorff-dis-
tance as a distance measure. The center of the fitted circular
template was taken as the OD center. A 100% accuracy rate was
reported on 40 images.

Hoover et al. [7] described a method based on a fuzzy voting
mechanism to find the optic disc location. In this method the
vasculature was segmented and the vessel centerlines were ob-
tained through thinning. After removal of the vessel branches
each vessel segment was extended at both ends by a fuzzy el-
ement. The location in the image where most elements overlap
was considered to be the OD. An accuracy of 89% was reported
on a difficult data set with 81 images.

Improved results (98% accuracy) on the same dataset were
reported by Foracchia et al. [8]. They described a method based
on the global orientation of the vasculature. A simple geomet-
rical model of the average vessel orientation on the retina with
respect to the OD location was fitted to the image.

A method for the detection of the MC was presented by
Sinthanayothin [5] et al. They used a template matching ap-
proach in which the template was a Gaussian blob. The search
area was constricted by the fact that the MC was assumed to
be in the darkest part of the image approximately 2.5 times the
optic disc diameter from the optic disc. The system showed an
accuracy 80.4% on 100 images.

Fig. 2. Model overlaid on a retinal image. First two model points, p located
in the middle of the OD and p located on the MC, define the main axis of the
model. Points p ; . . . ; p are located on the edge of the optic disc. Remaining
points, p ; . . . ; p , define the venous vascular arch.

Li et al. [9] presented a model based approach in which an
active shape model was used to extract the main course of the
vasculature based on the location of the OD. Next, the informa-
tion from the active shape model was used to find the MC. The
authors reported an accuracy of 100% for optic disc localization
and 100% for the localization of the MC in 89 images.

This paper presents an automatic system which finds all the
normal retinal anatomy in one operation by fitting a single
model to the image. By fitting the model, the location of a set of
16 model points is found within the image. As each of the model
points is defined to lie on a certain anatomical structure, the
location of the structures is obtained. The system finds the OD,
the MC and the venous vascular arch (VA). The VA is formed
by the two temporal vessel trunks emanating from the OD that
circle around the MC in almost all subjects. The vessel trunks
contain both a vein and an artery which can be distinguished
in most cases by their color and width. The veins, on average,
are wider, have a lower intensity and a larger contrast with the
retina background. In Fig. 2, each of the structures can be seen.

The first key contribution of this work is the cost function
which combines local and global cues to detect anatomical
structures in retinal images. The second major contribution is
the sophisticated optimization method we propose to minimize
the cost function, which combines optimizations in parameter
and image space. A thorough evaluation of the system is pre-
sented on an extensive set of images obtained from a screening
program, acquired at different locations with a variety of
cameras and camera settings. In addition to this representative
screening set a separate test set of 100 pathological images
were selected to show the robustness of the proposed system in
the presence of pathology.
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The setup of the paper is as follows. In Section II, the image
data is described. Section III details the proposed method. Sec-
tion IV describes the image features and the feature selection
method used to develop parts of the system. A summary of the
method is provided in Section V. Experiments and results are
given in Section VI. Finally, Section VII provides discussion
and conclusions.

II. MATERIALS

In this work, 1100 images were used obtained from a DR
screening program in the Netherlands. Of these, 1000 images
were a representative sample of a set of screening images and
100 were specifically selected because they contained abnor-
malities. The images are from twenty different sources, leading
to a great diversity, both in size as well as the number of degrees
of the field-of-view (FOV) (see Fig. 2). The image size varied
from 768 576 to 2048 1536 while the FOV coverage varied
between 35 and 45 . All images were JPEG compressed. This
lossy image compression format is not ideal for image pro-
cessing but is commonly used in a screening setting. The amount
of JPEG compression varied per screening site, based on the set-
tings in the camera software. Three different camera types were
used; the Topcon NW 100, the Topcon NW 200 and the Canon
CR5-45NM. At the screening sites the images were acquired ac-
cording to a fixed screening protocol. Two photos were obtained
from both the patients left and right eye, one approximately
OD centered and one approximately centered on the MC. The
complete screening database contained approximately 10 000
patients and 40 000 images at the time the data for this study
was collected. Images marked as “ungradable” by the ophthal-
mologists examining the screening photographs were excluded
from the selection procedure. For the representative screening
set, 1000 images were randomly selected from the complete set
with the restriction that a patient was represented a maximum
of two times, with one random image from each eye. Half of
the selected images were OD centered while the other half was
macula centered. After selection, all images were resized, using
cubic spline based interpolation, such that their FOV approx-
imately were of equal size, i.e., 530 pixels in diameter. Note
that the FOV of the images is (semi)circular and in case of the
smallest images does not extend all the way from the top to the
bottom.

The representative screening set of 1000 images was ran-
domly split into a training and a test set of 500 images each.
With the restriction that images of one patient are always either
in the test or the training set, never in both. One human observer
segmented all 1000 images. A second human observer provided
another segmentation of the 500 images in the test set. Both
human observers were medical students who received training
in the analysis of retinal images. Having a second observer al-
lows us to compare human performance with that of the com-
puter system. The segmentation consisted of identifying the cor-
rect position for each of the 16 points that make up our model in
the images (see Section III-A). As some of the positions of the
model points are constrained, a special software tool was used to
apply the constraints. In case of an OD centered image, part of
the vascular tree is located outside of the FOV, the points were
placed at a position thought to be approximately correct.

To acquire the pathological test set of 100 images, all cases
marked as abnormal by the ophthalmologists involved in the
screening program were examined. From this set of 2884 im-
ages the 100 images most affected by pathology were selected.
The selection was based on the number and size of lesions in
the image, the presence of scarring and the way in which the
normal anatomy was distorted by the pathology. Some examples
are shown in Fig. 1. The types of pathology found in the set are
mostly those associated with DR: microaneurysms (59%), hem-
orrhages (72%), exudates (50%), cottonwool spots (29%), and
neovascularizations (6%). Other abnormalities found in the set
are: drusen (14%), scarring (10%), and preretinal hemorrhage
(1%). A number of images, 14 in total, exhibiting laser treat-
ment scarring were also included, as laser treatment severely
disturbs the background appearance of the retina.

III. METHODS

The proposed method detects the position of the major
anatomy on the retina, namely the OD, the MC and the VA
(see Fig. 2). The output of the algorithm consists of a vector

which contains the positions of a set of 16 distinct
points , in a retinal image . In general, one
can formulate the type of parametric model used in this work
as follows:

(1)

Where is the final output of the model, represents the
complete model, is a set of parameters, is a cost function,

is an image, and is an optimization algorithm. The goal is
to build a model to determine the location of a set of points in
an image. So given a set of model parameters, a certain con-
figuration of the 16 points should be generated. Then, taking

and as input the cost function will generate a value for the
current configuration indicating how well fits to . Optimiza-
tion algorithm will then attempt to find the where has the
lowest value. When has found the set of parameters where
is minimal, the corresponding point configuration is .

To train the system, a representative set of images is provided
for which is given. Using a point-distribution-model (PDM),
proposed by Cootes et al. [10] the variation of in the training
set can be captured. The PDM can generate an given a set of
parameters , and conversely also estimate for a given . Note
that there are thus two spaces, the parameter space in which
lives and the image space in which resides.

The cost function links the PDM to an image . An
optimization algorithm must find the set of parameters that
minimizes . In practice, will have many local minima and
finding the global minimum is a difficult problem. There are
two approaches to minimizing . The standard approach would
be to choose an optimization algorithm that directly searches
the parameter space. Alternatively, one could move the points

individually in the image space and fit the PDM to the
resulting .

A proper choice for is essential. In our system, consists
of a combination of local and global terms. The minimization
algorithm operates both in the parameter and image space. The
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design of our cost function and the minimization algorithm rep-
resent the two major methodological novelties in this work.

Both right and left eyes are included in the test set. For
training, all images of right eyes are flipped horizontally so they
appear as left eyes with the OD left of the MC. This was done
to maximize the number of cases available to train the system.
The resulting system only works for images of the left eye.
To compensate for this, the system is applied to each image
in the test set twice. Once on the original image and once on
a horizontally flipped version. The instance which yields the
lowest value of determines if we are dealing with a left
or a right eye. The system can distinguish between a left and a
right eye based on the fact that the MC in a left eye is to the right
of the OD and vice versa. Another cue is that the vasculature
that flows around the MC has a higher curvature and typically
more branches than the vasculature that flows away from the
MC. The next subsections describe the PDM, cost function and
minimization strategy employed in our application in detail.

A. Point-Distribution-Model

We defined a set of points, where , covering
the major retinal anatomy (see Fig. 2). Several constraints were
introduced in the localization of the points. Points and
define the main axis of the model. All the points on the vascular
arch are positioned at fixed angles from this main axis.
Two of the four points, and , on the border of the OD are
defined to lie on the main axis while the other two, and ,
should be located at the point where the venous vascular arch
leaves the OD.

The PDM itself was obtained by computing the mean model
point position

(2)

and the covariance matrix

(3)

from a set of 500 training cases. Of the eigenvectors with
the largest eigenvalues were retained in a matrix

. An can now be approximated by

(4)

where is a dimensional parameter vector given by

(5)

The eigenvectors are scaled by where so
that the elements of should typically lie in the range of
standard deviations. The from the training set are not aligned
or scaled prior to the construction of the PDM and thus the vari-
ation in location, rotation and scaling of the points is contained
in . This will allow the system to handle the typical rigid trans-
formations encountered in practice. The major modes of

variation are retained. This choice for explains 99.92% of the
variation in the training set and the model was closely able to
approximate all the in the training set. Visual inspection of the
variation induced by higher modes suggested that these were
due to noise.

B. Cost Function

The cost function that is proposed consists of one local and
two global terms. The global terms are both derived from an
atlas of certain properties of the vasculature, namely the vessel
orientation and vessel width, of the retina. The local term is
based on measurements of the image structure around the model
points.

1) Probabilistic Vessel Orientation and Width Atlases: To
build the atlases, the vasculature is segmented in a large training
set of images. This is done with an improved version of a pixel
classification based vessel segmentation method we developed
previously [11]. The method is enhanced by the use of color fea-
tures and a feature selection step (see Section IV). It produces
a vessel probability map (see Fig. 3) which indicates the proba-
bility for each image pixel that it is a vessel pixel.

By thresholding this map, a binary segmentation is obtained.
Next, the segmentation is thinned [12] to find the approximate
vessel centerlines. As the orientation and width are not well de-
fined on the vessel branching points, these points are removed.
For each centerline pixel the orientation is determined by
applying principal component analysis on and the centerline
pixels connected to . The vessel width at is defined as the
distance between the edges of the vessel at . These are found
by probing from along a line through orthogonal to in both
directions to find the closest locations where the vessel proba-
bility drops below 0.5 in the vessel probability map. For every
in all training images both and are stored.

In these training images, the model points are also available.
The images can now be coregistered by warping them to a
common frame of reference given by the mean position of the
points . With a warping function any position in can be
mapped to a position in the common frame of reference. A
warping based on radial basis functions [13] was used. All cen-
terline pixels are warped into the common frame of reference.
The values of overlapping centerline pixels are averaged. After
this registration procedure, a histogram (10 bins) of the vessel
orientation, , and the vessel width, for each
pixel within the common frame of reference is constructed.
These histograms are normalized to construct two probabilistic
atlases. They contain estimations of the distribution of the
vessel orientation and width at every position in the common
frame of reference where at least one centerline pixel was
warped.

To compensate for the fact that at some positions in the ref-
erence frame we have, by chance, no measurements, and to
smooth the atlases, a blurring is applied with a nearest neighbor
averaging scheme. For every atlas position under consideration
the euclidian distance to all non-empty entries in the atlas is de-
termined. Then the atlas value is replaced with the mean value of
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Fig. 3. Example of a color fundus photograph (left) and the vessel probability map with probability scale (right) produced by the pixel classification based vessel
segmentation method.

Fig. 4. Each subimage in this figure is one of the bins of the orientation atlas
histogram. Pixel intensities in the image represent the probability that a vessel
with a certain orientation is present in that location. Superimposed are the 16
points of �s and in the lower left corner of each subimage the vessel orientation
represented by that bin. The global vessel orientation pattern clearly stands out.

its nearest neighbors. The value of was determined
after preliminary experiments and is not a critical parameter.
This smoothing operation reduces the variability of the obtained
measurements. The final result clearly shows the global distri-
bution of the vessel width and orientation in the training set. The
orientation atlas is illustrated in Fig. 4.

Given a previously unseen image the correct is unknown.
Optimization algorithm will try many different , each of
which will generate a different . To calculate the atlas cost func-
tion values all steps above (vessel segmentation, thinning, ori-
entation and width determination) are applied to . Next, the
vessel centerline pixels of are warped to the common frame
of reference using the PDM generated . The costs and

are then calculated by

(6)

(7)

respectively where is the total number of centerline pixels,
is the value of the histogram bin in which falls

and is the value of the histogram bin in which
falls.
2) Pixel Distance Regression: In addition to the previous

global terms, a term was added that depends on the local gray
value appearance around the model points. This is based on the
idea that the differential image structure at a certain distance
around each of the 16 model points for small values of (say
0 to 30 pixels) is to some extent similar in all images. As an
example take , the point is located on the bottom part of the
VA and is thus always located on a large, more or less horizontal
vessel. The system should generate a decreasing cost value for

as it gets closer to a location which has a “good” image
structure. For that is on a large horizontal vessel but the
same procedure can be applied to the other model points. For
this local cost function, we propose a method that generates a
distance value based on image structure measurements at the
current model point position. As the distance value decreases
the point is more likely to be in the correct position. The method
can generate this distance value by learning what characterizes
the image structure at certain distances from the correct model
point position.

For the system to determine a distance using measurements
from one pixel location only, a multiscale approach is used [14];
measurements are obtained at multiple scales thereby taking
some neighborhood information into account. Differential
image structure is described with a multiscale filterbank (see
Section IV).

The method is implemented in a two step process. First the
method is trained by taking a set of training samples from
around a model point at different distances . Each sample
consists of an image structure feature vector and the distance

to . To determine the relationship between the dependent
variable and the independent variables, the image structure
features, k-Nearest Neighbor (kNN) regression [15] is used.
Once the relationship has been modeled, can be estimated
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from a set of features extracted at a certain location in a previ-
ously unseen image. Since it is not clear a priori which set of
features will give good performance for the regression, feature
selection was used (see Section IV). This complete procedure
is called pixel distance regression.

As the image structure around each of the 16 model points
is different, training samples are collected and a regression

model is constructed for each of the points separately. Note
that this means that feature selection will also have to be per-
formed 16 times. Random training samples are collected from
a circular region of interest, , around each of the model
points in the 500 images of the training set. Sampling continues
until one in sixteen pixel locations has been sampled. The size
of is determined by its radius . The value of is con-
stant and dependent on the scale of the object on which is
located in the reference standard. For example, when is po-
sitioned on a vessel, should be selected smaller than when
is located on the center of the MC as this is a bigger object.
Three different types are distinguished; vessel, OD and
MC. The following settings for were determined in prelimi-
nary experiments; for the model points on the
vasculature, for the model points located on the
OD and for the model points on the MC.

Now, given an and an image we want to approximate the
unknown distance for each . For each a feature vector is
extracted, which is the filterbank response vector for the pixel
that is located on. Next, kNN regression is used to estimate the
values of for each . In kNN regression the nearest neighbors
in the training set, based on euclidian distance, of the sampled
feature vector are found. Then, the median value of of the
neighbors is taken as the regression estimate of for the sample.
After preliminary experiments we set parameter .

For a generated that fits well to an image the sum of dis-
tances should be as small as possible. Therefore, the final fit
value is calculated as

(8)

where is the number of points in the model and is the
estimated distance from the correct position of model point .

3) Cost Function Component Combination: Before com-
bining the three components that make up the cost function,
their outputs are first normalized to comparable ranges. This is
accomplished by measuring the range of cost function values
found in the training set for both the reference standard and

for each of the three components of . Using these
recorded values, three normalized cumulative histograms are
constructed. The normalized output value of a certain compo-
nent is then found by looking up the unnormalized output
value position in the cumulative histogram. The final cost
function value is given by

(9)

where represents the weight associated with a component.
In preliminary experiments, different combinations of weights

were tested on a small set of training images. In these experi-
ments equal weights, i.e., , and were
found to give satisfactory results.

C. Optimization

The cost function must be minimized to find the
which best fits to an image . This can be done in the parameter
space of the PDM or by directly moving the points that make up

in the image. To obtain the best results, a combination of the
two approaches is proposed.

In the parameter space a general optimization method is used
to find the combination of model parameters which generates
the which minimizes . As exhibits many local
minima this is not a trivial problem. Two standard optimization
techniques were tested, simulated annealing (SA) [16], [17] and
Powell’s optimization method [18]. Given enough running time
SA is guaranteed to find the global minimum. However, this
property in combination with the large number of model param-
eters makes it a slow algorithm. A local optimization method
such as Powell is not guaranteed to find a global minimum but
converges towards a local minimum quickly. It was found that
using a combination of global and local optimization methods
coupled to an image space optimization gave good performance
in combination with an acceptable running time of the algo-
rithm. The proposed optimization method can be divided into
three steps; first parameter space optimization, image space op-
timization and second parameter space optimization.

1) First Parameter Space Optimization: The optimization
procedure starts by performing a SA optimization of the four
major modes of the PDM. These modes contain most of the
major model pose variations such as rotation, translation, and
scaling. In this way the model can roughly find the correct po-
sition in the image. This can be thought of as finding a good
initialization, which is very important for the image space opti-
mization step.

2) Image Space Optimization: During image space optimiza-
tion, we attempt to move the individual vessel model points,

, to an optimal position. This procedure is only per-
formed for model points which are inside the field of view after
the first parameter optimization stage. Model points
should all be located on the vein of the VA. This vessel is the
thickest and most contrasted vessel in the vascular arch. Thus,
the goal of the image space optimization procedure is to position
the vessel model points on the thickest most contrasted vessel.
As the VA is made up of a bottom part, , and a top
part, , the following procedure is applied separately
to both of these parts.

First a line is projected from through each of the vessel
points. Along these lines we look for intersections with vessels,
the candidate positions. These are detected using the vessel seg-
mentation thresholded at . Any location where the pro-
jected line intersects the vessel segmentation is stored as a can-
didate position. If a connected set of candidate positions on a
vessel are found only the candidate in the middle of the vessel
is retained. Now each vessel model point has a number of can-
didate positions which indicate a possible intersection with the
major vein in the VA, and the goal is to put the point on the cor-
rect position, on the major vein. A cost image is defined with the
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lowest values on the thickest, most contrasted vessels. The cost
image allows us to determine the average cost of a path between
the different candidates of the different vessel model points. The
path is found by dynamic programming [19]. Proper design of a
cost image is the key to successful application of dynamic pro-
gramming. The cost image we propose is determined by a width
and contrast value, both normalized to lie between 0 and 1, for
each vessel centerline pixel. These values are added to the vessel
probability image. The width is determined in the same way as
described in Section III-B. The contrast value is based on the
difference in image intensities sampled inside and outside the
vessel. For a thick, highly contrasted vessel the added values
will be close to 2. Adding the vessel probability map is needed
to handle gaps in the vessel centerlines. Such gaps can cause
dynamic programming to leave the vessel and return the wrong
solution. To smooth the cost image, it is blurred with a Gaussian
kernel with scale .

The mean cost of a path between any two candidate posi-
tions neighboring vessel model points is determined. As the total
number of candidate vessel point configurations for each half
of the VA is limited, we can quickly find the optimal combi-
nation of vessel point positions using exhaustive search. Here
the optimal combination is the set of positions with the overall
lowest average path cost between them. The vessel points are
then moved to these optimal candidate positions. The point con-
figuration which has now been created is not necessarily a
valid configuration, it does not necessarily map to a position
in parameter space. To make the created map to a point in pa-
rameter space, is projected according to (5). This projection is
used as the starting position for the final optimization step.

3) Second Parameter Space Optimization: After the first two
optimization steps the model will be close to a minimum in the
cost function. To descend into this minimum and fit the model to
the image more accurately, the total set of 14 model parameters
is optimized using Powell’s method.

IV. IMAGE FEATURES AND FEATURE SELECTION

Feature selection is an important technique in the develop-
ment of supervised algorithms. Often an abundance of possibly
useful features are available but it is unknown which combina-
tion of these provides optimal performance. In practice the fea-
ture selection problem is often solved as follows: given a set of
possible features, select those that lead to the smallest classifi-
cation error on a subset of the training set. Eliminating poor or
redundant features provided to a learning algorithm can result
in an increase in classification performance and a decrease in
computation time needed for classification.

In our case, we performed a feature selection for the vessel
segmentation method and for the pixel distance regression cost
function component (see Section III-B.II). The starting feature
set was the same in both cases and consisted of the following
local image structure features.

To describe the local image structure a filterbank was em-
ployed consisting of the output of Gaussian filters up to and
including second order derivatives (i.e., , , , , ,

) at multiple scales making a total of 30
filterbank features. The scales were selected so that the whole

range of objects in the image was covered, scales 1 to 4 mainly
respond to the vasculature while the higher scales 8 and 16 re-
spond to the OD and MC. The filterbank was applied to the three
different RGB color channels to include all color information
into the set of available features ( ). These filters are
sensitive to the orientation of structures in the image (except for

) and can thus distinguish for example horizontally and verti-
cally running vessels. It may however also be desirable to use
filter that respond identically to structures irrespective of their
orientation. Therefore, we added four rotationally invariant fil-
ters to the set. Together with , this leads to five invariants up
to and including second order. These invariants make up an ir-
reducible set, which means that any other invariant up to and
including second order can be expressed in terms of these five
[20].

The invariants are the gradient magnitude
which gives high response on edges, the first,

, and second,
where , eigenvalues of
the Hessian matrix, which denote the maximum and minimum
amount of local image curvature and

, the cross derivative parallel
and perpendicular to the gradient.

All invariants are extracted for each of the RGB color planes
at scales , 2, 4, 8, 16. Finally we also added the three raw
RGB values. This brings the total number of features available
for feature selection to 153.

Feature selection was performed using the sequential for-
ward floating selection (SFFS) algorithm by Pudil et al. [21].
Compared to other techniques, this algorithm has shown
good performance on practical problems [22]. The algorithm
employs a “plus 1, take away ” strategy. This means that
the algorithm adds features to an initially empty feature set
but also removes features if that improves performance. In
this way “nested” groups of good features can be found. We
ran the feature selection procedure with several well-known,
general classification algorithms (i.e., nearest mean classifier,
linear classifier, quadratic classifier, kNN classifier) [23]. The
classifier and feature set which showed the highest performance
on the training set was chosen to be used in the final system.
For the feature selection, the training set was split unevenly
into a separate feature selection training set (75%) and feature
selection test set (25%). To save time, the maximum possible
number of selected features was limited to 30.

One of the most straightforward performance measures used
in feature selection is accuracy. However, this measure cannot
be calculated when performing pixel position regression (see
Section III-B.II). Therefore we defined our performance mea-
sure as where is the number of sam-
ples in the feature selection test set, , is the mea-
sured value for distance for each sample and is the regres-
sion estimate of . This average regression distance should be
minimized and a perfect regression result will give value 0.

V. SYSTEM OVERVIEW

In this section, we briefly summarize the training and test
stage of the algorithm. The training stage can be summarized
as follows.
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TABLE I
FIVE MOST IMPORTANT PIXEL DISTANCE REGRESSION FEATURES PER MODEL POINT. CAPITAL LETTER IN FRONT OF THE FEATURE

DENOTES THE IMAGE COLOR PLANE THE FEATURE WAS EXTRACTED FROM

• Manually segment the training set (i.e., indicate
).

• Build the PDM (Section III-A).
• Apply filterbank to the 500 images of the training set (Sec-

tions III-B and IV).
• Train the pixel distance regression cost function compo-

nent and apply feature selection (Sections III-B.II and IV).
• Segment the vasculature in all training images (Sec-

tion III-B.I).
• Apply thinning to the segmented vasculature to obtain cen-

terlines (Section III-B.I).
• Store the local vessel width and orientation for all center-

line pixels in all training images (Section III-B.I).
• Coregister the centerline pixels of all training images (Sec-

tion III-B.I).
• Construct the vessel width and orientation atlases (Sec-

tion III-B.I).
The testing stage of the system can be split into a prepro-

cessing stage and a model fitting stage. Note that the testing
stage has to be applied to an image twice, once to the original
and once to a horizontally flipped version. The preprocessing
stage is summarized as follows:

• apply filterbank to image;
• segment the vasculature;
• apply thinning to the segmented vasculature to obtain cen-

terlines;
• store the local vessel width and orientation for every cen-

terline pixel.
The model fitting stage can be summarized as follows.

1) Initialize with (2).
2) Warp the centerline pixels into the common frame of ref-

erence using (Section III-B.I).
3) Use warped centerlines and atlases to calculate and

(Section III-B.I).
4) Determine pixel regression distances for local cost func-

tion cues using filterbank output and compute (Sec-
tion III-B.II).

5) Combine cues in cost function output value (Section III-B.
III).

TABLE II
OVERVIEW OF THE TESTED SYSTEM CONFIGURATIONS. FIRST THREE

ROWS INDICATE THE WEIGHTS ASSIGNED TO THE THREE COST FUNCTION

COMPONENTS. THE FOURTH ROW INDICATES THE TYPE OF OPTIMIZATION

ALGORITHM USED IN THE FIRST PARAMETER OPTIMIZATION STEP. FIFTH ROW

INDICATES WHETHER THE IMAGE SPACE OPTIMIZATION METHOD WAS (+) OR

WAS NOT (�) USED. BOTTOM ROW SHOWS WHICH OPTIMIZATION ALGORITHM

WAS USED IN THE SECOND PARAMETER OPTIMIZATION STAGE. NAMES OF

THE PARAMETER OPTIMIZATION METHODS HAVE BEEN ABBREVIATED,
Simulated Annealing = SA AND Powell = P

6) Use simulated annealing and PDM to generate a new , if
not converged go to step 2 (Section III-C).

7) Apply the dynamic programming based image space opti-
mization procedure (Section III-C.II).

8) After convergence of Powell optimization, the final result
is obtained.

VI. EXPERIMENTS AND RESULTS

First the results for the feature selection are given. The final
number of features used for vessel segmentation system after
feature selection was 8 and the best performing classifier was
the kNN classifier. The original pixel classification based vessel
segmentation method as presented in [11] used 32 features. This
decrease in the number of features meant a large reduction in the
time needed to segment an image, 30 s instead of 10 min.

For the pixel distance regression cost function component we
chose to use the sets of features which gave the overall lowest
regression distance. The five most important features from each
of the 16 selected feature sets are given in Table I.

To test the performance of the final system, experiments were
performed on the 500 images of the screening test set, as well
as on the 100 pathological test images. Note that these images
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TABLE III
PERFORMANCE OVERVIEW OF THE DIFFERENT SYSTEMS. BOTTOM TWO ROWS SHOW THE RESULTS OF THE 2ND OBSERVER AND THE PERFORMANCE OF SYSTEM

1 ON THE PATHOLOGICAL IMAGE TEST SET. FROM LEFT TO RIGHT, SUCCESSFUL DETECTION OF THE TYPE OF EYE ( i:e:, LEFT OR RIGHT), SUCCESSFUL

OD SEGMENTATION, OD CENTER WITHIN REFERENCE STANDARD OD, MC POINT WITHIN 50 PIXELS, VA FOUND, VA PARTIALLY FOUND (ONLY TOP OR

BOTTOM HALF)

were not used in the feature selection or any other part of the
training and the design cycle of the method.

A number of different system setups are compared. The sys-
tems are listed in Table II. They consist of the proposed system
(System 1) and several variations in which certain parts of the
fit function and the optimization procedure were omitted. The
localization of the 16 points as produced by the system indicate
the position of multiple anatomical objects. A separate evalua-
tion for the OD, MC, VA, and left/right eye determination was
performed. The results of the experiments are given in Table III.
Note that the bottom row of this table contains the results of
System 1 on the 100 pathological test images.

A. Evaluation Measures

The first column of Table III lists the percentage of cases in
which the system successfully identified whether it was dealing
with an image of a left or right eye. The system can detect this
because it runs twice, once on the original image and once on
a horizontally flipped version (see Section III). Note that if the
left/right eye determination failed, the VA and MC can no longer
be detected correctly, but the detection and segmentation of the
OD may still be successful.

In the second column, the OD overlap is given. Four points
on the edge of the OD are known after fitting the model (i.e.,

) and these are also present in the reference standard.
Using these four points a rough OD segmentation can be made.
The OD overlap indicates the overlap of this segmentation be-
tween the reference standard and the computer result. The dis-
tance of each of the four points to the OD center point is
different. These distances can be interpreted as OD radii and
linear interpolation can be used to determine the radius at any
angle between the points. This leads to the segmentation. The
overlap between the two segmentations is computed, defined as
the union divided by the intersection. If the overlap is over 50%
the segmentation is considered to be successful.

The OD overlap gives an indication of the quality of the OD
segmentation produced by the model. It does not indicate in
what percentage of experiments the OD location was approx-
imately found. To determine this, we can examine whether is
located within the OD as marked in the reference standard. The
column “OD detected” gives the percentage of test cases where
this was the case.

The MC is indicated by a single point in the PDM because its
borders are not well defined in color fundus photographs. After

examining a number of images in the training set we decided to
consider a result that puts the MC within 50 pixels of its position
in the reference standard as successful. This seemed to be a good
estimate of the average radius of the macula in our images.

The detection of the VA, given in the last two columns, was
evaluated by visually examining all 500 segmentation results.
We chose to evaluate the results of the VA detection visually
because an automatic analysis based on distance errors is prob-
lematic. If one would use the total distance between the model
points that make up the VA (i.e., ) in the segmenta-
tion result and the reference standard as an evaluation measure
then a small change in the positioning of and which define
the main axis of the model can cause a large error for the points
on the VA. The VA was considered correctly found when all vas-
cular model points were located on the correct vessel
(i.e., the same vessel as indicated in the reference standard). In
OD centered images, the VA is usually not completely within
the FOV. For these images only the position of the first three
vascular model points on both sides of the OD, and

, were taken into account. Three different detection
conditions were distinguished; no error, VA partially detected
and complete failure. In the second case only half of the VA,
either the bottom or top half, was detected correctly.

VII. DISCUSSION AND CONCLUSION

An automated method has been presented which is able to lo-
cate the most important anatomical landmarks in fundus images.
The results show that the proposed system is able to find the OD
and MC location in the vast majority of cases, i.e., 98.4% and
94.4% respectively. The vascular arch is found in 93.2% of all
cases. The segmentation of the OD is correct in 94.0% of cases.
Detection of the type of eye, either a left or a right eye, is correct
in 100% of all cases. For the pathological image test set these
numbers are 94.0%, 92.0%, 77.0%, 85.0%, and 100% respec-
tively.

The system shows a slightly lower performance on the set
of pathological images than on the representative screening set.
This was to be expected as the images were the 100 cases with
worst pathology selected from a set of 40.000 images. Mainly
the percentage of successful detections of the VA is decreased.
Most of these errors however are small, with only one or two
landmarks positioned incorrectly. This is also illustrated by the
fact that in a relatively large amount of cases the top or bottom
half of the VA was correctly identified. An important factor in
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Fig. 5. Examples of the different types of results. The images are always in pairs, showing the green plane of the original image and the green plane with the
reference standard, in black, and the computer result of System 1, in white, superimposed. (a) Valid result. (b) Partial VA detection, the top part is incorrect. (c)
Partial VA detection, the bottom part is incorrect. (d) A complete failure to detect the VA. (e) Example of failed MC detection. (f) Example of failed OD detection.
(g) Valid result on image exhibiting heavy pathology and laser treatment scarring. (h) Failure to detect the lower part of the VA due to occlusion of the VA by a
blocked artery.

the decreased precision of the method on the pathological im-
ages is caused by the vessel segmentation which sometimes
produces erroneous results when heavy pathology is present.
Fig. 5(g) shows a successful segmentation of an image in which
part of the OD is outside the image and the MC is obscured by
a large bright lesion. In Fig. 5(h) the system fails to find the
bottom part of the VA because the major vein is hidden beneath
a blocked artery.

Experiments with variations on the proposed system show
that our particular choices for the components of the cost func-
tion and optimization algorithms lead to improved performance.
System 2 and 3 are designed to show the necessity of having
both local and global terms in the cost function. In both cases
the performance of the systems is worse than System 1. When
the system uses a cost function with only global cues, as in
System 2, then the positioning of certain model points, in par-

ticular , which are not on the vasculature, loses preci-
sion. This is shown by the decreased OD overlap and a lower
performance in the positioning of the MC point. System 3 uses
a cost function with only local terms. Pixel distance regression
has a limited capture range and improves results only when a
model point is already close to the correct position. This is evi-
dent from the large number of total failures to detect the vascular
arch: without global terms in the cost function the system simply
cannot find the correct model point positions and gets trapped in
local minima of the pixel distance regression term. With global
cues included, the model points are attracted to their correct po-
sition and the output of the pixel distance regression becomes
meaningful.

In System 4, the final parameter optimization step was left
out. Performance is close to the performance of System 1, but
the small difference shows that the final optimization step is
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important. After the dynamic programming based image space
optimization step the vessel points are often positioned cor-
rectly, but the other model points remain effectively stationary
in this optimization stage. We observed that the final optimiza-
tion stage often makes small adjustments to the fitted model re-
sulting in a slightly better segmentation of the OD and is able to
correct small errors made by the image space optimization.

In System 5 (see Table II), the simulated annealing algorithm
from the initial optimization stage is replaced with Powell’s
method. The decrease in system performance can be explained
by the fact that the Powell optimization converges to a local min-
imum and is unable to leave that state. In the majority of cases,
this local minimum is the correct minimum. However, there are
a number of images in which the incorrect local minimum is
chosen. For those cases, simulated annealing can make a sub-
stantial difference.

System 6 optimizes all 14 model parameters directly with
simulated annealing. In most cases, the OD and MC model
points are placed correctly but the vessel point placement is
bad. We believe that this is mainly caused by the choice of
parameters for the simulated annealing algorithm. These were
set so that its average running time was around 4 min, which
was enough to produce good results when optimizing the set of
the four most important model parameters. While probing a 14
dimensional search space, 4 min is not enough for the simulated
annealing algorithm to find a minimum which places the vessel
points correctly. In only 13.2% of the cases, the cost function
value of the solution found by the optimization algorithm was
close (a difference smaller than 0.1) to the cost of the reference
standard. This means that the optimization algorithm is the
limiting factor for the system performance as it can not find the
correct minimum. When using System 1, 88.2% of cases yield
a cost function value close to the reference standard.

Fig. 5(a) illustrates a typical correct result. In Fig. 5(b) and
(c), failures to find the top and bottom part of the VA are shown.
In the case of Fig. 5(b), this is probably caused by the fact that
the image space optimization procedure tried to find the optimal
position within the image for , as these were located
inside the field of view after the first parameter optimization
stage. The thickest, most contrasted vessel it could find which
had enough space for three model points was the one selected
now. The reference standard solution only has and inside
the field of view. Image quality is the root of the problem in
Fig. 5(c), with the correct vessel having a very low contrast. A
total failure to locate the VA is shown in Fig. 5(d). In this image,
the veins in the vascular arch are not the most contrasted ves-
sels. Careful inspection of the contrast values and widths of the
reference standard and the chosen, incorrect, solution showed
that the difference was very small.

Failures to locate the MC occurred mostly in images with a
low contrast macular region. An example is shown in Fig. 5(e).
In this image, the system fails to find the MC even approxi-
mately and this leads to misplacement of some of vessel land-
marks as well. This is a drawback of a global model: a failure
in one area can result in failures elsewhere. The converse, of
course, also holds: in most cases where the MC was not found
the model is able to find an approximate position for the MC
based on the global cues in the vasculature. This is illustrated

by the 78.8% correct MC detections of System 2 as well. For
precise placement of the system relies on local image struc-
ture information provided by the pixel distance regression.

Failures to find the OD are mostly caused by a complete
failure to fit the model to the image. Problems in the initial op-
timization stage are usually to blame; the simulated annealing
algorithm gets stuck in a local minimum and does not manage
to escape. When the system was run again on the images where
OD detection had failed, it was able to find the OD and do a suc-
cessful segmentation in five of eight failed cases. This is caused
by the stochastic character of the simulated annealing algorithm.
The optimization algorithm could be run multiple times, the
most often found minimum should then be selected as the global
minimum. However, this would lead to an unacceptable increase
in the total runtime of the system. The result of one of the three
cases in which the system failed to find the OD the second time
as well is shown in Fig. 5(f). In this case, a dark structure to the
left of the OD was interpreted as a very thick vessel which led
to the erroneous result.

When the overall results of the system are compared with
those of the second observer they are close to each other. How-
ever, the second observer scores (close to) 100% in all categories
indicating that there is room for improvement for the automatic
method. Many of the mistakes the system makes are easy to rec-
ognize as error for a human observer. We believe humans per-
form a far more sophisticated interpretation of the overall image
that is not incorporated in a computer system like the one de-
scribed in this work.

The feature selection procedure turned out to be very ben-
eficial for system performance. Control experiments on the
training data showed that without feature selection, detection
rate decreased considerably. Moreover, computation time in-
creased enormously. It is interesting to observe which features
were selected as most important, as listed in Table I. First,
note that for the different systems, different feature sets are
constructed, and that they are a mix of different filters, both
invariants and non invariants, different scales and different
color planes. In all cases, the two most important features
were computed from the green plane. This indicates that the
green plane of the image provides more information about
the structures on the retina than the other color planes. This
is in accordance with observation made in the literature [24].
Most of the selected features and the scale at which they have
been extracted make sense intuitively. The chosen features
for model points , which are located on the larger
structures in the image, have been extracted at higher scales.
The model points on the vasculature have lower
scale features and many of the most important ones are based
on second derivative information. This makes sense as these
give a high response on the vasculature. Interestingly, zero
order filter output and raw intensity values were never among
the most important features. We hypothesize that the large
absolute intensity differences between images that occur, as
can be appreciated from Fig. 1 make such features relatively
unreliable.

The system, implemented in C++, requires around 10 min of
computation time on a 3-GHz Pentium 4 machine. Note that the
system is applied twice as, for our data, it is unknown before-
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hand whether the image is of a right eye or a left eye. This ef-
fectively doubles the total computational burden. However, our
results show that System 1 is very successful in the detection
of the type of eye, and we expect that a simpler, much faster
method could be developed for this task, which would effec-
tively halve the required processing time. Optimization of the
code, especially of the simulated annealing optimization, could
reduce the running time further. The system would be used in a
pre-screening setting together with other screening components
(e.g., abnormality detection). Output from time consuming steps
such as the vessel segmentation and image filtering can also be
used in other components of the screening system. This will re-
duce the impact of this component on the total analysis time.

In summary, a supervised system for the automatic detection
of the normal anatomy in retinal images has been presented. The
performance of the system is close to that of a second human ob-
server on a large, heterogeneous set of screening images. Exper-
iment on a set of pathological images shows the robustness of
the system in the presence of heavy pathology. The experiments
also demonstrated the importance of the use of global and local
cues in the positioning of the model as well as the effectiveness
of the three stage optimization scheme. This system can be in-
tegrated directly in a complete prescreening system which will
verify the quality of an image, segment the major anatomy and
detect the presence of the abnormalities associated with diabetic
retinopathy.
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