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Abstract. This paper proposes an automatic method to locate and seg-
ment the optic nerve head (papilla) from eye fundus color photographic
images. The method is inspired in the approach presented in [1]. Here,
we use a Gaussian pyramid representation of the input image to obtain
a subwindow centered at a point of the papillary area. Then, we apply
a Laplacian pyramid to this image subwindow and we obtain a set of
interest points (IPs) in two pyramid levels. Finally, a two-phase genetic
algorithm is used in each pyramid level to find an ellipse containing the
maximum number of IPs in an offset of its perimeter and, in this way, to
achieve a progressive solution to the ONH contour. The method is tested
in an eye fundus image database and, in relation to the method described
in [1], the proposed method provides a slightly lower performance but it
simplifies the methodology used to obtain the set of IPs and also reduces
the computational cost of the whole process.

1 Introduction

The location and segmentation of the optic nerve head (ONH) is of critical
importance in retinal image analysis. The ONH, also called optic disk or papilla,
is oval-shaped and is located in the area where all the retina nerve fibres come
together to form the start of the optic nerve that leaves the back of the eyeball.
There is an area without any nerve fibres called excavation (the centre of the
papilla) and around it another area can be found, the neuroretinal ring, whose
external perimeter delimits the papillary contour.

Support systems for the diagnosis of eye diseases based on eye fundus image
information involve semi-automatic and automatic locating of the papillary con-
tour. Specifically, the first semi-automatic strategies were based on geometric
properties of the image pixels and their intensity level values [2].

Active contour-based strategies have also shown to be useful to address this
problem. A characteristic property of this type of technique is that it is highly
dependent on a preliminary stage of contour initialization, from which the fi-
nal solution is refined. In some studies, this initialization stage has been done
manually, [3,4], and in other instances automatically [5,6].
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Genetic algorithms (GA) have also been used efficiently as a search method to
identify the papillary contour [1,7]. Other recent approaches have used different
types of techniques like, for example, mathematical morphology [8], image filters
[9] or the Hough Transform [10].

Basically, our method uses a Laplacian pyramid of the eye fundus image to
obtain a set of interest points (IPs) in each pyramid level. Then a two-phase
genetic algorithm is used to achieve a progressive solution to the ONH contour.
The method here presented is a variation of the method described in [1]. The
main difference between both methods lies in how to get the set of IPs. On the one
hand, in the proposed method, the IPs are obtained using a Laplacian pyramid.
On the other hand, in [1], they are obtained using a domain-knowledge-based
method.

The article is organized as follows: Section 2 describes the methodology of the
proposed method. In section 3, the obtained results are evaluated and compared
with other methods. Finally, section 4 presents the conclusions and future work.

2 Method Description

The aim of this work is to locate and segment the ONH in eye fundus color
photographs through the process shows in the block diagram of the figure 1.
First, in order to reduce the processing computational cost, the process begins by
automatically extracting a subwindow from the original image. This subwindow
is approximately centered at a point of the papillary area. Then a Laplacian
pyramid is applied to this image subwindow and the result is an image multi-
scale representation where, in each pyramid level, a set of IPs is obtained. These
IPs correspond to image points of high-medium frequency, i.e., border points.
We use a two-phase GA: GA2+GA1. In both phases, the goal is to search for an
ellipse containing the maximum number of IPs in an offset of its perimeter. GA-2
is applied to IPs from level-2 and GA-1 is applied to ones belonging to level 1.
GA-2 is run first and, when it completes its execution, the best solutions obtained
are used as part of the GA-1 initial population. Finally, after running GA-1, we
select the best papillary contour from the final population as the solution of our
problem.

2.1 Extracting Subwindow by Gaussian Pyramid

The figure 2 shows the operator block diagram used for extracting an image
subwindow from the eye fundus original image, in order to reduce the noise (dis-
tracting structures) and the processing computational cost. This operator starts
applying a Gaussian pyramid of N-levels to the original image (600x400 pixels).
The idea is to smooth the image intensity levels in order to eliminate the image
high frequencies. In each pyramid level, the intensity of pixels belonging to the
retina, blood vessels and papilla are smoothed in different intensity intervals.
The smoothing process is more pronounced as the pyramid level increases. At
level-N, the region of the brightest pixels (RBP) will correspond to pixels be-
longing to the papilla. Here we use the property that the papilla pixels have an
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Fig. 1. Method block diagram summarizing the whole process

intensity level higher than retina and blood vessels. Next we invert the process
and calculate the inverse pyramid (containing the RBP) up to the level-0 (origi-
nal image size). At level-0, the centroid of the RBP is calculated and, finally, this
centroid is used as central point to built the image subwindow (261x261 pixels).
A similar idea is used in [11], where the pyramid is created using a simple Haar-
based discrete wavelet transform. Equally, in [12], a first approximation to the
pixels detection belonging to the papillary area is done by applying a threshold
in each of the three RGB channels. Experimentally, the search for points be-
longing to the papillary area by this operator on the DRIONS database [13] has
produced a 100% success. The Gaussian pyramid only was applied to the image
red channel and the number of levels used was N=3. The figure 3 shows the
Gaussian pyramid of an input eye fundus image, the inverse Gaussian pyramid
(containing RBP) and the final subwindow.

2.2 Obtaining Interest Points by Laplacian Pyramid

The Laplacian pyramid was initially introduced by Burt&Adelson [14] in the
context of compression of images. However, this technology has proved be use-
ful in different image analysis tasks: generation and reconstruction, progressive
transmission, multi-scale feature detection and enhancement. Just as we may
view the Gaussian pyramid as a set of lowpass filtered copies of the original
image, we may view the Laplacian pyramid as a set of bandpass filtered copies
of the image. The scale of the Laplacian operator doubles from level to level of
the pyramid, while the center frequency of the passband is reduced by an octave.
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Fig. 2. Diagram summarizing the image subwindow extraction subtask

Thus, the Laplacian pyramid allows a representation of the original image into
a hierarchy of images in such a way that each level corresponds to a different
band of frequencies.

The characterization of an IP is based mainly on a property by which a point
of the image which belongs to the papillary contour presents a change in its
intensity level in relation to its neighboring pixels. Nevertheless, this property
represents a necessary but not sufficient condition, since there may be other
causes that give rise to the appearance of noise associated to other type of
intensity level changes. This noise may be due, for instance, to the non-uniform
color of the retina or to the existence of blood vessels. In order to reduce the
image channel number, we make a weighted sum of the three RGB channels to
produce a single image. Then we select as IPs the brightest pixels in the two
first levels of the Laplacian pyramid applied to this average image. The figure 4
shows an example of the IPs obtained in each of one of these pyramid levels.

2.3 Obtaining Papillary Elliptic Contours by Genetic Algorithms

Genetic algorithms are one of the paradigms most frequently used in evolutionary
computation and they owe their inspiration to the biological process of evolu-
tion: natural selection and survival of the fittest individuals [16]. Thus, given a
problem of a specific domain, these algorithms code potential solutions using a
structure of data like a chromosome (individual) where the genes are parameters
of the problem proposed. The approach to the solution of each chromosome is
calculated using a fitness function. Finally, by applying selection and variation
operators (mutation and recombination), a population of chromosomes evolves
to the optimum solution until a finalization criterion is achieved.

Since the human papillary contour is oval-shaped, this work proposes search-
ing for the solution by approaching this contour with an ellipse, like is done in
other works, e.g. [1,6,15]. From this instant, it is assumed that: (1) the geometric
shape of the papilla can be approached by a non-deformable ellipse, and (2) the
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(d) (e) (f)

(g) (h) (i)

Fig. 3. An example that shows the different phases of the image subwindow extraction
task: (a) original image at level 0; (b-d) image red channel Gaussian pyramid, showing
levels 1, 2 and 3, respectively; (e) region of the brightest points (RBP) in level 3,
represented by the centered black pixels; (f-h) inverse Gaussian pyramid (containing
RBP): levels 2, 1 and 0, respectively; (i) final image subwindow centered at level-0
RMP centroid

more IPs that the ellipse contains, the more likely this ellipse will approach the
real contour of the papilla. The results obtained in [1] support the validity of the
two hypotheses.

Specifically, we use a two-phase GA: GA-2+GA-1 (see figure 1). GA-2 is
applied to level-2 of pyramid to find an ellipse containing the maximum number
of IPs in an offset of its perimeter. The result is a first approximation to our
problem, i.e., a set of papillary contours in that level. Now, we expand the best
contours obtained previously from level-2 to level-1 for using them as part of the
GA-1 initial population. The other subset of individuals, needed to complete the
GA-1 initial population, is obtained randomly. Then GA-1 is applied to IPs of
level-1 with the same goal than GA-2. Finally, in order to produce the solution,
the best papillary contour obtained by GA-1 is expanded from level-1 to image
subwindow original level (level-0). At this point, it is important to say that we
do not work in the Laplacian pyramid level-0 because the IPs obtained in this
level contain a lot of noise.

The phenotypic space, solution space of the original problem, consists of the
elliptic crown space defined from the infinite ellipses that can be traced in the
image. To code this type of solutions, the phenotypic space is transformed into
a genotypic space consisting of real vectors of five variables [x, y, a, b, ω]. Thus,
(x, y) represents the centre of this ellipse, (a, b) the magnitudes of its major and
minor semi-axis respectively and ω the angle that its major axis forms with
the x-axis. The fitness function is defined by counting the IPs number confined
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(a) (b)

Fig. 4. Examples of sets of IPs and papillary genetic ellipses obtained: (a) Laplacian
pyramid level-2; (b) Laplacian pyramid level-1. Genetic ellipses (solid lines), elliptical
crowns (dashed lines)

within a concentric elliptical crown that contains the genetic ellipse. Figure 4
shows two solution ellipses adapted to the set of IPs obtained in the two levels
of Laplacian pyramid: level 2 (Fig. 4a) and level 1 (Fig. 4b).

The table 1 summarizes the domain of definition of each gene used in the
executions of GA-1 and GA-2. These values are obtained from [1], but they are
transformed taking in count the image resolution in the pyramid levels 1 and 2.
Finally, the table 2 summarizes the configuration values of each of the two AGs
used in our approach.

Table 1. Definition domain (expressed in pixels) for each of the genes (variables) of a
chromosome (genetic ellipse)

GA-2 GA-1

Image Size 65x65 129x129

[xmin, xmax] [15, 50] [30, 100]

[ymin, ymax] [15, 50] [30, 100]

[amin, amax] [8, 15] [16, 30]

[bmin, bmax] [8, 15] [16, 30]

[ωmin, ωmax] [15°, 175°] [15°, 175°]

3 Experiments and Results

To measure the performance of our algorithm, we used DRIONS database [13].
In order to do the result of the evaluation quantitatively reproducible, we mea-
sured the mean discrepancy between the points of the contour obtained with the
segmentation method and a gold standard defined from a contour that was the
result of averaging two contours, each of them traced by an expert. Here we use
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Table 2. Summary of the configuration of the two AGs used in our approach

AG Parameter GA-2 GA-1

Initialisation Random Random and best solutions of GA-1

Representation Real vector (dim: 1 X 5)

Recombination One-point crossover

Mutation Non-uniform with Gaussian distribution

Parent selection Stochastic uniform

Survival selection Generational without elite Generational with elite

the concept of discrepancy, δ, defined in [1,6]. For visualization purposes, the
ogive of discrepancy is plotted, namely, the percentage of images with discrep-
ancy less than δ (y-axis) versus δ (x-axis).

3.1 Experiment Results

Different experiments were done in order to choose the best values related to
the intrinsic parameters of our two-phase GA: population size (P), number of
generations (G), elite population size (E), crossover ratio (C) and shrink value
(S). The latter controls the ratio with which the mean mutation magnitude de-
creases and it is related to the non-uniform mutation operator with Gaussian
distribution applied with a probability of one per gene. In the light of the results
obtained in the experiments, the following final parameter configuration was cho-
sen: P2=200, G2=20, C2=0.2, S2=0.8, E2=0 (for GA-2,) and P1=100, G1=50,
C1=0.2, S1=0.8, E1=1 (for GA-1). The GA-1 initial population was created us-
ing 50% best solutions of the GA-2. The rest of the GA1 initial population was
randomly obtained. In order to achieve a competitive result, we searched for a
compromise between quality of results and computational cost.

3.2 Evaluation and Comparison of Results

In the bibliography consulted by the authors related to ONH segmentation from
eye fundus color images and discarding the evaluations done subjectively and
not quantitatively, we believe that the Lowell’s [6] and Carmona’s [1] methods
are the ones that have obtained better results. Therefore, we will use these ap-
proaches as reference. Thus figure 5 shows the discrepancy curves obtained from
applying the three methods to DRIONS database [13]. Specifically, the Low-
ell’s and Carmona’s curves were obtained directly from [1]. On the other hand,
owing to the stochastic nature associated with the GA, the curve of discrep-
ancy obtained by our method corresponds to the result of averaging five of them
obtained as a result of executing our two-phase GA five times.

Direct comparison of the discrepancy curve obtained by Lowell’s method
and our method reveals two very different areas with opposite behavior, whose
boundary is marked by the value δ = 1.4. Below this value, Lowell’s results are
slightly better than our proposal, and above this value, precisely the opposite
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Fig. 5. Accumulated discrepancy results for our segmentaation method versus
Carmona et al [1]and Lowell et al [6]
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(d=2.19) (d=3.57) (d=6.54)

Fig. 6. Several examples of segmentation obtained with our method (solid line). The
gold standard is represented by dotted line.

occurs. We think that the explanation for the results obtained in the first dis-
crepancy subinterval (0, 1.4) is that while our method approaches the solution
using a non deformable ellipse, the local deformation phase in Lowell’s method
makes it possible to do a slight deformation of the ellipse, obtaining a better
approaches the experts’ real trace. However, the change in trend on the second
subinterval (1.4, 5) reveals the robustness of our method. In fact, while Lowell’s
method only obtains 80% of images below a discrepancy δ = 5, our method
obtains 95%.
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The comparison of the discrepancy curve obtained by Carmona’s method
reveals that our method has a behavior slightly worse in all the discrepancy
range. The explanation of this behavior could be due to the fact that the final
genetic contour of our method is obtained in the Laplacian pyramid level-1, i.e,
we need to expand that solution to the original image level. This fact could
also explain why the gap between both discrepancy curves is more pronounced
for low levels of discrepancy and less pronounced for high values. In fact, for
a discrepancy value of δ = 5, both methods match their performance. On the
other hand, the computational cost of our method is lower: 9.000 evaluations of
the fitness function against 20.000 evaluations used by Carmona’s method.

Finally, the figure 6 shows different examples of papillary contours obtained
in this work and they are compared with the experts’ gold standard.

4 Conclusions and Future Work

We have described a new automatic method to locate and segment the ONH
in eye fundus color photographic images. This method is inspired in the ap-
proach presented in [1]. The performance of our method was compared with two
competitive methods in the literature.

In relation to the results obtained in [1], we obtain a slightly lower perfor-
mance. In contrast, our method has shown to be faster. Also, the way of ob-
taining our set of IPs is simpler: our fitness function only pays attention to the
number of IPs inside the elliptic crown, i.e., it is independent of the domain
knowledge. Finally, we can also say that our method outperforms the results
obtained by [6] in most of the discrepancy domain (δ > 1.4).

A disadvantage of our method is that we cannot work at Laplacian pyramid
level-0 because the set of IPs obtained in that level contains a lot of noise.
Therefore, we have to expand directly the genetic solution obtained from level-1
to level-0, but this operation seems to produce a lack of accuracy. We propose as
future work to investigate other types of multi-resolution image representation
techniques like wavelet transform or apply images filter directly in the input
image (level-0) in order to obtain sets of IPs with a low level of noise.
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