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Abstract— The detection of the position of the normal
anatomy in color fundus photographs is an important step
in the automated analysis of retinal images. An automatic
system for the detection of the position of the optic disc and
the fovea is presented. The method integrates the use of local
vessel geometry and image intensity features to find the correct
positions in the image. A kNN regressor is used to accomplish
the integration. Evaluation was performed on a set of 250 digital
color fundus photographs and the detection performance for the
optic disc and the fovea were 99.2% and 96.4% respectively.

I. INTRODUCTION

The detection of the position of the anatomy in color

fundus photographs is an important step in the automated

analysis of retinal images. Abnormalities associated with

common eye diseases such as diabetic retinopathy are not

uniformly distributed over the retina [1]. Therefore, knowl-

edge about the location of abnormalities on the retina may be

an important feature when computerized analysis of fundus

photographs is used to infer the presence of diabetic retinopa-

thy in an exam [2].After the anatomy has been localized,

a frame of reference can be established in the image. The

three main anatomical landmarks in the posterior pole of

the retina are the vasculature, the optic disc and the fovea,

usually located in the center of the macula. Figure 1 shows

these structures in a typical color fundus photograph. The

focus of this paper will be on optic disc and fovea detection.

Optic disc and fovea detection can be a difficult task

especially in the presence of abnormalities or in low quality

images. Previous work for optic disc detection can be divided

into three groups. The first mainly focusses on intensity

based features [3], [4]. In these methods the fact that the optic

disc is usually the brightest object in the image is utilized to

detect its position. They tend to be less robust when the optic

disc is not the brightest object in the image. Lowell et al. [5]

report that a specifically designed template that is correlated

with the local image intensity is able to overcome some of

these limitations. Other methods primarily rely on the fact

that the optic disc is at the origin of the retinal vasculature

and that the general pattern of the vasculature flowing over

the retina is similar in the majority of cases [6]–[8]. Several

recent methods combine both intensity and vessel geometry

features to detect the location of the optic disc [9]–[11]. For

fovea detection, some methods exploit the fact that the fovea
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Fig. 1. Typical color fundus photograph. A. The optic disc. B. The macula
with the fovea in the middle.

is usually a dark blob by searching for it directly in the image

[3]. Li et al. and Fleming et al. use the relative position of

the fovea with respect to the main vascular arch to define a

search area and search there for the fovea [8], [11]. Other

recent methods model the likely position of the fovea with

respect to the position of the optic disc and the vasculature

[9], [10] and use intensity and vascular geometry features to

find the fovea.

We have previously presented a simple, quick, highly

effective method to detect the center of the optic disc [12].

This method combined the use of local vessel geometry and

local image intensity information to detect the position of

the optic disc. As opposed to many of the other works that

use vessel geometry to locate the optic disc position, this

method does not make any strong assumptions about the

visibility of the vascular arch in the image and is very quick.

In this work we extend this work to include detection of the

fovea using a similar combination of local vessel geometry

and image intensity information. We show the combined

detection performance on a diverse set of 250 screening

images.

II. DATA

The 450 color fundus photographs (i.e. 200 for training

and 250 for testing) used in this study were sampled ran-

domly from all exams from a diabetic retinopathy screening

program [13] and then de-identified. The study was approved

by the IRB of the University of Iowa. All images were

JPEG compressed and were obtained at multiple sites, using

multiple types of cameras and at varying resolutions. After
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segmentation of the field of view each image was resized so

that the largest diameter of the field of view was 540 pixels.

One observer indicated the optic disc center and optic disc

border as well as the fovea.

III. METHOD

To detect the position of the optic disc and the fovea,

the use of kNN regression [14] is proposed. In this tech-

nique, the relationship is determined between a dependent

variable d representing the distance from a certain position

p(x, y) in the image to either the optic disc center or the

fovea and a vector of independent variables v derived from

information in the image. There are many ways to measure

the independent variables in the image. The fovea as well as

the optic disc both are relatively large objects and are both

roughly circular in shape. Therefore, we propose to use a

circular template of approximately equal size to the objects

of interest. The radius of the template, r is a free parameter

and should be set so that the template is about as large as

the largest example of the objects of interest that can be

encountered. The independent variables are then measured at

the border and under the template. To create a training set, the

templates are placed at random positions in a set of training

images, measuring v at those locations and storing these

together with the distance d to the true object center. After

creation of the training set, the template can be placed in a

previously unseen image at a position p, v can be measured

and an estimate of distance d, d̃, can be determined by

d̃ =
1

k

k∑

i=1

di (1)

where di is the stored value of d of the i-th nearest neighbor

of v. By searching for the location in the image where d̃ is

minimal the location of the objects of interest can be found.

In practice it is unlikely that good estimates of d can be made

further away than r from the actual optic disc or fovea as the

area of the image from which information can be collected

to estimate d is limited by the size of the template.

A. The Templates

The template for optic disc detection was previously

described in [12], in this work we will mainly focus on

the design of the fovea template. As shown in Figure 1 the

macula is a dark, circular region with only small vessels

penetrating its perimeter. The small vessels around the fovea

tend to be oriented towards it. This prior information can be

used in the design of the template. Also, the fact that the

center of the macula often is darker than the surrounding

tissue is important prior information. Figure 2 shows the

proposed template, it is subdivided into quadrants to be able

to selectively measure the vessel features on those vessels

that approach the template from a certain direction. Due

to the position of the fovea in the retinal image, vessels

that approach the template from the top and the bottom are

expected to be more or less parallel to the y-axis while

vessels from the left and the right should approximately

be parallel with the x-axis. Additionally, the template is
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Fig. 2. The template, with inner and outer sections, used for fovea
localization. Feature measurement starts at the dot on the border and
continues in the clockwise direction. Radius r is a free parameter.

subdivided in an inner and an outer region to capture the

difference in average image intensities in these two regions

when the template is centered on the fovea. Consequently,

we propose to use the following set of features v:

1) Number of vessels.

2) Average width of the vessels.

3) Standard deviation of the vessel width.

4) Average difference in orientation with either the x or

y-axis.

5) Standard deviation of the orientation difference.

6) Maximum vessel width.

7) Orientation difference of the vessel with the maximum

width.

8) Density of the vessels under the template.

9) Average vessel width under the complete template.

10) Average image intensity under the outer template.

11) Standard deviation of the image intensity under the

outer template.

12) Average image intensity under the inner template.

13) Standard deviation of the image intensity under the

inner template.

The first 7 features in this list are measured for each quadrant

separately while features 8 to 11 are measured only for a

certain part of the template (i.e. the inner or outer part).

The remaining two features are measured under the entire

template. The length of v then is 4 × 7 + 6 = 34.

B. Feature Extraction

Both the optic disc and fovea templates use vessel features.

In order to acquire these features a segmentation of the

vasculature is needed. In this work a previously published,

pixel classification based vessel segmentation algorithm is

used [15]. This method determines for each pixel in an

image what the probability is it is part of a vessel. By

thresholding the resulting posterior probability map a binary

segmentation is produced. The vessel segmentation is thinned

and all cross-over points and bifurcations are removed. This

is necessary because vessel width and orientation are not well
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defined in these points. The vessel orientation is measured for

each vessel centerline pixel by applying principal component

analysis on its coordinates and those of its three neighbor

pixels to both sides. The direction of the largest eigenvector

of the covariance matrix indicates the orientation. As it is not

known in which direction the vessel flows, the orientation α

is expressed in radians where α ∈ [0 . . . π]. The vessel width

is measured on a line perpendicular to the vessel orientation

(see also [9]).

To measure the template features, the template border is

traversed in clockwise direction starting at quadrant I. For

each vessel centerline pixel that was encountered, width and

orientation difference with the appropriate axis (i.e. x for

quadrants I and III and y for II and IV) was measured and

stored. The orientation difference for quadrants I and III was

defined as the | cos(α)| while for quadrant II and IV it was

defined as sin(α) where α is the local vessel orientation as

previously defined. The vessel part was marked to prevent

double measurement and counting of vessels crossing the

template border multiple times within the same quadrant

(feature 1). After each quadrants border was traversed the

measurements were averaged and their standard deviation

was calculated (features 2-4). Separately the maximum vessel

width and orientation difference were stored (features 5 and

6). To capture the amount of vessels under the template

their density was determined by dividing the total number

of pixels under the template by the number of vessel pixels

under the template in the vessel segmentation (feature 8).

The average vessel width was determined by dividing the

number of vessel pixels under the template by the number

of vessel centerline pixels under the template (feature 9). The

feature extraction process ends by calculating the remaining

intensity features under the template (features 9-13).

C. Training-phase

The proposed system requires a one-time training phase

after which it can be applied to any retinal image. The

training set of 200 training images was collected and for

each of these images the location of the optic disc and the

fovea was known. The training procedure was performed

twice, once for the optic disc template and once for the fovea

template but it is essentially the same for both templates.

To ensure enough samples of v close to the object of

interest are obtained, a square grid of size r × r is centered

on the true object of interest position. For every fifth pixel

position in this grid, for which d ≤ r we determine v using

the appropriate template and the previously outlined feature

extraction procedure. For each of these samples the true value

of d was stored together with v. Additionally, 400 samples

were obtained at random positions throughout the field of

view. For these samples the value of d was r when the

sample was obtained further than r from the center of the

object of interest, otherwise d was assigned the true distance.

In total approximately 104,000 locations in the training set

were sampled. After collection the entire training dataset was

normalized to zero mean and unit standard deviation with

respect to each feature in v.

Fig. 3. A blurred 2D histogram of the relative position of the macula
center positions with respect to the location of the optic disc (left) in the
training set. The blobs in the background represent the distribution of the
fovea locations, a lower gray value means it is likelier that the fovea is
found at that location. The overlaid dot pattern represents the measurement
locations where the proposed method measures the distance to the fovea
while search for the optic disc. This representation is only for the left eye
cases. Because it is unknown if the system is dealing with a left or right
eye it also searches the same locations mirrored in the y-axis through the
optic disc center.

D. Combined Search for Optic Disc and Fovea

To apply the detection system two kNN regressors, one

for each object of interest, were trained using the training

sets. Parameter k = 11 was determined in preliminary ex-

periments on the training set. The outcome of the algorithm

was not heavily dependent on the choice of k but to limit

the computational complexity it should be chosen as low as

possible. To calculate d̃ for a certain p(x, y), v is measured

at that location in the image and d̃ can be calculated using

Equation 1. Parameter r was set to 50 for both templates,

this value was based on the size of the optic disc and the

fovea in the training images.

The system in [12] only found one location, the optic disc

center. This essentially meant that one only needed to search

the image for the location with the lowest value of d̃ to find

the optic disc center. To shorten the search, only vessel pixels

were examined as the optic disc in the vast majority of cases

has vessel running over it. One way to expand this system is

to simply use both detection methods independently but this

can lead to improbable solutions. In practice the position

of the fovea is within a certain angular range and at a

certain approximate distance from the optic disc. This prior

information can be used to integrate both detection methods

into one system. To determine these typical values for the

proposed system we plotted a 2D histogram of the relative

position of the fovea with respect to the optic disc location

in our training images (image with the fovea to the left of the

optic disc were flipped). The resulting Figure 3 shows two

Gaussian blobs. The fact there are multiple blobs is caused

by the different sources of the training data. Using these

measurement two search areas were determined (as shown

in Figure 3) that indicated likely fovea positions relative to

a certain optic disc location. To combine both systems the

minimum distance to the fovea in these two search areas

with respect to the location where search for the optic disc

center is determined. By adding this distance to the found

optic disc distance a combined search is performed.

The proposed algorithm works as follows:
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1) Use the thinned vessel segmentation to define the

locations where to search for the optic disc.

2) For each vessel centerline pixel, apply the optic disc

template and determine d̃OD .

3) Look the predefined measurement locations left and

right of the centerline pixel and determine the mini-

mum value of d̃fovea (see Figure 3).

4) Store d̃fovea for each pixel in the image for which it

is measured in a separate image Ifovea.

5) Store the sum of d̃OD and the found minimum value

of d̃fovea in a separate image IOD .

6) After all vessel centerline pixels have been examined,

set pixels in IOD for which d̃OD is unknown to r×2
and set pixels in Ifovea for which d̃fovea is unknown

to r.

7) Blur both IOD and Ifovea with a large Gaussian kernel

(σ = 15), locate the pixel with the lowest value in IOD ,

this is the optic disc location.

8) To determine the fovea location a complete search of

the areas where the fovea is expected to be based on the

found location of the optic disc is done. The location

within this area with the lowest value in Ifovea is

returned as the fovea location.

IV. EXPERIMENTS AND RESULTS

The proposed system was applied to 250 test images ob-

tained from both left and right eyes. In each of these images

the optic disc was completely visible and the fovea was fully

or at least partially visible at the edge of the field of view. The

optic disc was considered found when the system indicated

a position in the image inside the manually segmented optic

disc. For the optic disc the detection percentage was 99.2%.

The system failed to find the optic disc in 2 cases. On average

the distance between the automatically indicated optic disc

center and the reference standard was 16.2 (29.1) pixels.

The fovea was considered to be localized when the system

indicated a position not further than 40 pixels away from the

manually indicated location. The system detected the correct

location in 96% of all cases, which translates into 10 missed

images. The average distance between reference standard and

detection result was 18.4 (41.4) pixels.

V. DISCUSSION AND CONCLUSION

A supervised, automated system for the detection of both

the optic disc and the fovea has been presented. The method

combines cues from the local retinal vessel geometry and the

local image intensity to determine the most likely position

of both anatomical landmarks. For our application, very

precise detection of the fovea and optic disc centers are

not necessary. As such, the obtained results are good with a

99.6% hit rate for the optic disc and a 96.4% hit rate for the

fovea. The failures for the optic disc detection were caused

by failed vessel segmentations due to low contrast. The same

low contrast was also a problem for the fovea detection. In

some cases the macula was very faint and difficult to see due

to heavy pigmentation or the presence of imaging artifacts

(flash artifacts).

One issue with the dataset used in this work is that it

represents a typical screening dataset and as such contains

mostly no or mild pathology. It remains to be seen whether

the proposed method as described here is robust against the

presence of more extensive pathology. The performance of

the system could be improved by a second more precise

segmentation step. Further can be expected by the use of

feature selection to select those features which give the best

regression results based on the training set. A final issue for

future work is to develop a way to determine if the fovea is

at all visible in the image. This can be an important feature

in practice as the fovea can be outside of the field of view

in some optic disc centered images.
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