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Abstract. The retinal fundus images are used in the treatment and diagnosis of several eye diseases, such as diabetic
retinopathy and glaucoma. This paper proposes a new method to detect the optic disc (OD) automatically, due to the fact
that the knowledge of the OD location is essential to the automatic analysis of retinal images. Ant Colony Optimization
(ACO) is an optimization algorithm inspired by the foraging behaviour of some ant species that has been applied in image
processing for edge detection. Recently, the ACO was used in fundus images to detect edges, and therefore, to segment the OD
and other anatomical retinal structures. We present an algorithm for the detection of OD in the retina which takes advantage
of the Gabor wavelet transform, entropy and ACO algorithm. Forty images of the retina from DRIVE database were used to
evaluate the performance of our method.
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INTRODUCTION

The segmentation of the OD, in addition of being important in several pre-processing algorithms developed for
the automatic extraction of anatomical structures and to detect damage to the retina, is also an indicator of different
eye diseases, such as glaucoma which is one of the most common causes of blindness [1]. These images must be
accurately segmented to extract sensitive objects in the retina like the blood vessels tree, the OD, the macula and the
region between the OD and the macula.

The OD is the brightest area within a retinal image and is the entrance and exit point for retinal blood vessels and,
also, the point from where the retinal fibers flow. Furthermore, in retinal images the OD detection is a concern to locate
all kinds of anatomical features in the retina.

Several OD detection methods make use of anatomical structures among the OD, macula and retinal blood vessels
[2]. These methods are based on the assumption that all major retinal blood vessels radiate from the OD, which make
they more reliable under the presence of retinal lesions or/and imaging artefacts. Even though, the extraction of either
retinal blood vessels or the macula is often a nontrivial task by itself.

The ACO is an optimization algorithm inspired by the foraging behaviour of some ant species that has been applied
in image processing for edge detection [3]. For ants the brightest areas within the image correspond to food supply
zones, so they mark these areas as important zones which become a good indicator to the optic disc location.

Our method starts with the blood vessels segmentation followed by the entropy filtering and then it was applied the
ant colony optimization for the detection of the OD. These approaches are then joint to obtain a set of candidates for
the OD location.

MATERIALS AND METHODS

The algorithm was tested in forty images from DRIVE database (seven of which present pathology), compressed in
JPEG format of size 565x584 pixels, eight bits per colour channel, obtained through a diabetic retinopathy screening
program. These images area were acquired using a Canon CR5 nonmydriatic 3CCD camera at 45◦ field of view.

Blood Vessels Segmentation

The most important step in many different applications of image processing is to detect the blood vessels in the
retina. In our work, we decided to choose the method presented in [4] due to the fact that they achieved an high
performance in blood vessels segmentation (≈ 96%). In this method each image pixel is represented by a feature
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vector including measurements at different scales taken from the two-dimensional (2D) Gabor wavelet transform. The
resulting feature space is used to classify each image pixel as either a vessel or nonvessel pixel. This is done using a
Bayesian classifier which is described as Gaussian mixtures, yielding a fast classification, while being able to model
complex decision surfaces [4].

The 2D Gabor wavelet is defined as:

ψG (x) = exp( jk0x)exp
(
−0.5 |Ax|2

)
,

where k0 is a vector that defines the frequency of the complex exponential and A = diag
[

1√
ε ,1

]
is a 2 x 2 diagonal

matrix that defines the anisotropy of the filter, i.e., its elongation in any desired direction. This wavelet is computed for
spanning from 0 up to 170 degrees at steps of 10 degrees. The maximum value of the wavelet transform over all angles
for various scales are then taken as pixel features [4]. In our approach, the elongation parameter was set to ε = 4 and
k0 = 3 (see Fig. 1(b)).

Entropy

The entropy is typically used to detect the exudates in retinal images. In our method, we used entropy to detect
optic disc due to the fact that it is easily distinguished from the rest of the retina through its smooth texture [5]. To
discover which regions of the image are smooth or textured, for each point x we obtained a probability mass function
PIx : {0,1, ...,255} �→ [0..1] for the intensities Ix of the pixels in a local region around x and then we compute the
entropy:

H (Ix) =−
255

∑
i=0

PIx (i) · logPIx (i) ,

This entropy measure is higher when the region around a pixel is complex and low when it is smooth. After applying
the entropy filter we implemented an adaptive threshold to separate the complex regions from the smoother ones (see
Fig. 1(c)) [5].

Ant Colony Optimization

Recently, the ACO was used in fundus images to detect edges, and therefore, to segment the OD and other
anatomical retinal structures [3, 6].

This method uses a number of ants on the image driven by the local variation of the image intensity values. This
variation establishes a pheromone matrix that represents the edge information at each image pixel location. The process
starts with an initialization stage, and then runs for N iterations to construct the pheromone matrix by iteratively
performing both the construction and the update processes.

The algorithm contains two crucial issues that have to be considered in the ACO process: the establishment of the
probabilistic transition matrix p(n) and the pheromone matrix τ(n) update. For the first one, we used a probabilistic
action rule determined by [7]:

pn
(l,m),(i, j) =

(
τ(n−1)

i, j

)α
(ηi, j)

β

∑(i, j)∈Ω(l,m)

(
τ(n−1)

i, j

)α
(ηi, j)

β
, i f (i, j) ∈Ω(l,m) (1)

which indicates the probability that at the n-th construction step of ACO, the k-th ant moves from the node (l,m)

to the node (i, j). In Equation (1), τ(n−1)
i, j is the pheromone information value of the arc linking the two nodes under

consideration, Ω(l,m) is the set of feasible components like edges (l,m) ,(i, j) where (i, j) is a nod not yet visited by the
ant k, α and β are,respectively, constants that represent the influence of the pheromone and the heuristic information
and ηi, j represents the heuristic information for going from node (l,m) to the node (i, j), fixed to be the same for each
construction step.

This parameter was found by the local statistics at the pixel position (i, j) as:

ηi, j =
1
Z

Vc (Ii, j)
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FIGURE 1. Proposed method applied to one of the fundus image. (a) original gray-level image (b) blood vessel segmentation (c)
entropy filter (d) ACO result within original image (e) final OD-center candidates (f) detection of OD

where Z = ∑i=1:M1 ∑ j=1:M2
Vc (Ii, j) is a normalization factor, Ii, j is the intensity value of the pixel at the position (i, j)

of the image I, and Vc (Ii, j) is the function of a local group of pixels c (called the clique).
In order to establish the optimal function, four different approaches are considered as in [6]. The highest performance

was obtained with the expression in Equation (2) where the parameter λ define the function shape.

f (x) =

{
πxsin( πx

λ )
λ , 0≤ x≤ λ

0, otherwise
(2)

As far as the pheromone matrix is considered it needs to be updated twice during the ACO process. The first update
occurs after the movement of each ant within each construction step. This update is performed using Equation (3):

τ(n−1)
i, j =

{
(1−ρ) · τ(n−1)

i, j +ρ ·Δ(k)
i, j , if(i, j) is visited by the current k-th ant

τ(n−1)
i, j , otherwise

(3)

where ρ is the evaporation rate, Δ(k)
i, j is determined by the heuristic matrix, which is Δ(k)

i, j = ηi, j. The second update
occurs after the movement of all K ants within each construction step and the matrix is updated according to:

τ(n) = (1−ϕ) · τ(n−1) +ϕ · τ0,

where ϕ ∈ (0,1] is the pheromone decay coefficient.
Another parameter that had to be established was the permissible range of ants movement Ω(l,m). In this paper,

we used the 8-connectivity proposed by [6]. The parameter values of the ACO algorithm were: K =
⌊√

M1xM2
⌋
,

τinitial−value = 0.0001, α = 1, β = 0.1, λ = 10, ρ = 0.1, Lsteps = 40, ϕ = 0.05 and Nconstruction−steps = 3 (see Fig. 1(d)).
Figure 1(e) is the overlapping of the ACO image with the two images above.

RESULTS AND DISCUSSION

The proposed method achieved a success rate of 100% over the DRIVE database. The estimated centre is considered
correct if it was positioned within 60 pixels of the manually identified centre, as proposed in [2, 8, 9]. Figure 2 shows
the best and the worst four results for the OD detection. The average distance reached between the estimated OD centre
and the manually identified centre was 29.9 pixels, the minimum distance was 9.9 and the maximum was 49.2 pixels.
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FIGURE 2. OD detection examples (black mark represents the estimated OD centre). The first row shows the best four results.
The second row shows the worst four results.

CONCLUSIONS

In this paper, a simple and computationally efficient algorithm for automatic OD detection was presented. The
proposed method takes advantage of the powerful techniques such as the Gabor wavelet transform, entropy and ACO
algorithm. The performance of this method was evaluated using the forty images from DRIVE database. Good results
have been achieved and the method did not fail in any image.
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