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Abstract—Age-related Macular Degeneration (AMD) is the
third leading cause of blindness. Its prevalence is increasing in
these years for the coming of ”aging time”. Early detection and
grading can prohibit it from becoming severe and protect vision.
The appearance of drusen is an important indicator for AMD
thus automatic drusen detection and segmentation have attracted
much research attention in the past years. In this paper, we
propose a novel drusen segmentation method by using Growcut.
This method first detects the local maximum and minimum
points. The maximum points, which are potential drusen, are then
classified as drusen or non-drusen. The drusen points will be used
as foreground labels while the non-drusen points together with
the minima will be used as background labels. These labels are
fed into Growcut to obtain the drusen boundaries. The method
is tested on a manually labeled dataset with 96 images containing
drusen. The experimental results verify the effectiveness of the
method.

Index Terms—Age-related Macular Degeneration, Drusen seg-
mentation, Growcut

I. INTRODUCTION

Automatic early Age-related Macular Degeneration (AMD)
detection and grading are important for both clinicians and
patients. AMD, after cataract and glaucoma, is the third
leading cause of blindness worldwide and the first leading
cause in the elderly [1] [2]. At its early stage, (i.e., early
AMD), it does not have any obvious symptoms therefore
is usually unnoticed by patients. While the symptoms, (e.g.,
vision scotoma and distortion et al.), appear and noticed by
the patient, it is usually too late to restore the affected vision.
Regular screening is a potential strategy to detect AMD at the
early stage. However, manual detection and grading of AMD
are time consuming and labor intensive. More importantly,
it is subjective and thus can cause in-accuracy. Therefore,
automatic early AMD detection and grading have attracted
much research effort in these years.

The major sign of early AMD is the appearance of drusen,
which are the deposit of waste around macular appearing as
yellow-white spots on digital fundus images, as shown in Fig.
1 (b) and (c). Drusen detection has significant importance for
early AMD detection and drusen segmentation is important for

Fig. 1. Examples of fundus images with and without drusen. (a) An healthy
fundus image. (b) A fundus image with sparse drusen. (c) A fundus image
with clumped drusen, of poor image quality.

AMD grading. Here we refer to drusen detection as identifying
the existence of drusen in a fundus image, without identifying
the exact locations and boundaries, while drusen segmentation
as finding the locations and boundaries of drusen.

The major difficulties of drusen detection and segmentation
are:

1) Drusen do not have rigid shape or size (Fig. 1 (b) and
(c)).

2) Drusen may appear differently due to different imaging
conditions (Fig. 1 (c)).

3) The healthy structures of the fundus may be confused
with drusen. For example, the vessels are usually dark
and the pixels near vessels are often mistaken as drusen
(Fig. 1 (c)).

4) In severe conditions, the drusen may clump together thus
increase the difficulty of drusen segmentation (Fig. 1
(c)).

To address these difficulties, in recent years, lots of meth-
ods have been proposed for drusen segmentation and AMD
detection. The earliest drusen detection methods are based on
local maxima, e.g., the geodesic method [3]. These methods
first detect local maxima, then further classify the candidates
according to contrast, size and shape. The second category
consists of the local threshold based methods, e.g., Histogram
based Adaptive Local Thresholding (HALT) [4], and Otsu
method based adaptive threshold [5]. The third category in-
cludes the ones from frequency domain, e.g., wavelet [6],
Fourier transform [7], and amplitude-modulation frequency
modulation (AM-FM) [8].

Recently, some methods have been proposed to directly



Fig. 2. The flowchart of the proposed method.

detect drusen-containing images without drusen localization.
These methods extract local features and then describe the
whole image with these local features. The image is then taken
as a whole and fed into a classifier and it is finally classified
as containing drusen or not. The representative methods in this
category include the method using biologically inspired feature
[9] and the one using Hierarchical Word Image representation
and SPIN features [10].

Although the methods detecting AMD without drusen seg-
mentation show some progress, drusen segmentation has its
own importance, e.g. in AMD grading. In this paper, we pro-
pose a novel drusen segmentation method by using Growcut.
The flowchart of the proposed method is shown in Fig. 2.
Our method first extracts local extreme points, i.e., maximum
points and minimum points, in scale space. The maximum
points are potential drusen so are taken as candidates. Edge di-
rection histogram, SPIN feature, Gabor coefficients, intensity,
position, and contrast are extracted at these maximum points.
Then Support Vector Machine (SVM) is employed to train
a classifier. Finally, the maximum points classified as drusen
are labeled as foreground, the ones classified as non-drusen,
together with the minimum points are labeled as background.
These labels are fed into Growcut to get the drusen boundaries.

In the rest of this paper, we will detail in Section 2
the proposed drusen segmentation method, including extrema
detection, feature descriptor, classification using SVM, and
segmentation using Growcut. In Section 3, we will show the
experimental results. Finally, we will conclude this paper with
future work in Section 4.

II. THE PROPOSED METHOD

A. Extrema detection

Like SIFT[11], we detect local extrema in the scale space.
We first construct the Gaussian space of the image. At each
level, the image is convolved with a Gaussian function,

L(i, j, σk) = G(i, j, σk) ∗ I(i, j), (1)

where I is the input image, (i, j) is the position in the image,
G(i, j, σk) is a Gaussian function with standard variance of
σk, and ∗ is the convolution operator. Then from the Gaussian

space, we construct the Laplacian space as follow,

D(i, j, σk) = L(i, j, σk)− L(i, j, σk+1). (2)

The Laplacian space has one less level than the Gaussian
space. We adopt σ =

√
2
{−1,0,1,...,12}

. A pixel is determined
to be a extremum if it is a local extremum in the Laplacian
space. The local window used to determine the extremum
is of 3 × 3 × 3. Thus, we detect extremum points at scales
σ =

√
2
{0,1,...,10}

.
In Equation (2), D(i, j, σ) = 0 when i2+j2 = 2a2σ2 log(a2)

a2−1 .
Here a = σk+1

σk
. When a =

√
2, the radius of detected drusen at

scale σ is r = 1.67σ. Thus the minimal and maximal diameters
of detected drusen are 3 and 108 pixels respectively. Fig. 2 (the
left block) illustrates an example of detected extreme points.

B. Feature descriptor

The characteristics distinguishing drusen from the back-
ground are intensity, shape, size, contrast and texture. Further,
drusen usually distribute around macula. The following fea-
tures are adopted to describe these characteristics.

Edge Direction Histogram is used to describe the shape of
the local maxima at the corresponding scale. The histogram is
weighted by the gradient magnitude and the Gaussian function.
The edge direction histogram of a maximum point is

H(i, j, o, σ) =
∑

(i′,j′)∈I,O(i′,j′,σ)=o

M(i′, j′, σ)×G(i′, j′, σ)

(3)
where O(i, j, σ) and M(i, j, σ) are respectively the orientation
and magnitude of gradient at position (i, j) and scale σ. In our
experiment, the number of bins of the histogram is set as 8.

Intensity. Drusen are bright spots on the fundus thus
intensity is an useful visual descriptor of drusen. We adopt
intensity at the Gaussian space at corresponding scale instead
of the original image for better robustness.

Contrast. Drusen are locally brighter than neighbors thus
contrast is an important indicator of drusen. The value of each
maximum at the Laplacian space is used as contrast.

Size. The size of drusen is in general different compared
to the optic disc and vessels. In our method, the scales of the
maxima are used to indicate size.



Hessian. In SIFT, the ratio of the maximum and minimum
eigen values of the Hessian matrix is used to discriminate
edges and spots. We adopt this value to distinguish blood
vessels and drusen.

Distance to macula. Drusen usually appear near the mac-
ula. Furthermore, the drusen nearer to the macula are more
clinically important than the ones farther away. Therefore,
spatial distance to macula is used as a feature for drusen
classification.

Gabor coefficients. Gabor coefficients at 5 scales and 8
orientations are used as features to describe the local texture.

SPIN feature. Drusen typically appear as circular, roundish
spots in the retina. To make use of this characteristic, SPIN
feature is used to embed local neighborhood context [12].
The SPIN feature encodes the distribution of image brightness
values in the neighborhood of a particular reference (center)
point. This is achieved by a soft-assigned histogram of the
intensity values of pixels located at a distance d from the pixel
p. That is

fp(d, v) =
∑

p′∈Γ(p)

exp

(
− (∥p′ − p∥ − d)2

2α2
− ∥Ip′ − v∥2

2β2

)
(4)

here ∥.∥ means Euclid distance. Γ(p) is the neighborhood of
p. v is gray value, Ip′ is the gray value of pixel p′. α and β are
the parameters representing the soft width of the bins. In our
implementation, the number of color bins is 8. The number of
location bins and the scales are consistent with he ones used
for extrema detection.

C. Classification using SVM

Support Vector Machine is employed for the task of classi-
fying. LibSVM [13], with Radial Basis Function (RBF) kernel,
is used in experiment. An example of classification result can
be found in Fig. 2.

D. Segmentation using Growcut

After classification, we obtain the locations of drusen,
without boundaries. We employ Growcut to track drusen
boundaries. While local threshold and region grow methods
are employed in other works, we found that local threshold
method fails in the situation of clumped drusen and region
grow has the problem of leaking. Growcut is able to track the
boundaries with small number of seeds [14]. It was verified
to be effective in medical image segmentation.

Growcut is a celluar automata based image segmentation
method. A cellular automaton is a triplet A = (S,N, δ), where
S is an non-empty state set, N is the neighbor hood system,
and δ : SN → S is the local transition function. This function
defines the rule of calculating the cell’s state at t+1 time step,
given the states of the neighborhood cells at previous time step
t. The cell state S is actually a triplet (l, θ,

−→
C ) - the label l

of the current cell, ’strength’ of the current cell θ ∈ [0, 1], and
cell feature vector

−→
C , defined by the image (the RGB color

vector). Growcut is a iterative method. At each step, the seeds
attack their neighbors until all the pixels are labeled.

Growcut was designed as an interactive foreground seg-
mentation algorithm, with users manually marking several
foreground seeds and background seeds. In [15], unsupervised
Growcut, with random seeds and labels, is used for medical
image segmentation. We apply it in a supervised mode, with
the seeds and labels determined in the classification progress.

While detecting the extremum points, the minimum points
are almost all non-drusen. Some of the maximum points are
drusen and the others are non-drusen. The maxinum points
classified as drusen are used as foreground seeds. The ones
classified as non-drusen and the minimum points are used as
background seeds. These seeds are fed into Growcut to track
the drusen boundaries [14]. An example of Growcut seeds and
segmentation result can be found in Fig. 2.

While labeling, we found that if the whole image is labeled
at one time, Growcut is not able to give out satisfying result.
Therefore, for each drusen seed, we perform Growcut on the
local rectangle patch, which is the minimum bounding box
covering the drusen markers and at least 5 non-drusen markers.

III. EXPERIMENTS

The experiments are performed on ACHIKO-D350 [16],
which consists of 350 population-based images from the
Singapore Eye Malay Study, consisting of 96 clinically verified
drusen images and 254 non-drusen images. Each image has
a resolution of 3072x2048 and had been acquired using a 45
FOV Canon CR-DGi retinal fundus camera with a 10D SLR
backing. Among the 96 images, 45 ones of left eyes and 51
ones of right eyes. The boundary of drusen are semi-manually
marked out.

We performed 3-fold cross validation, meaning at each time,
1/3 of the images are randomly used as test data and the others
as training data. The experiment was run for 10 times. Sensitiv-
ity and specificity are used as measurement. Sensitivity is the
ratio between true positive (correctly identified as drusen) and
all positive (drusen). Specificity is the true negative (correctly
identified as non-drusen) and all negative (non-drusen).

We first test the performance of drusen classification, mean-
ing classifying the maximum points as drusen or not. The
averages of sensitivity and specificity are 0.90 and 0.87,
respectively, with the very low standard deviations indicating
the robustness of the method. The results are shown in the
second and third columns of Table I.

Then we further test the performance of drusen segmenta-
tion. The average sensitivity and specificity are 0.68 and 0.94,
respectively, with very low standard deviations. The sensitivity
and specificity are calculated pixel by pixel. The results are
shown in the last two columns of Table I.

Fig. 3 (a) and (b) show two successful examples in which
the drusen are segmented with low specificity. We can see
that our method gives satisfying result in the condition of
clumped drusen. In Fig. 3 (c) and (d), two failure examples
are shown. In (c), the blood vessels of the fundus result in
many false positive. In (d), the poor lighting condition leads
to the omission of the drusen.



(a) Successful example (b) Successful example (c) Failed example (d) Failed example
Fig. 3. Examples of successful and failed drusen segmentation. In each column, the top figure shows the fundus image, the bottom one shows the segmentation
result. The green background is the green channel of the fundus image, the regions in blue are the false negative. The regions in purple are the true positive
and the ones in orange are false positive.

TABLE I
THE PERFORMANCE OF THE PROPOSED METHOD

classification segmentation

sensitivity specificity sensitivity specificity

mean 0.90 0.87 0.68 0.94

std 0.01 0.00 0.01 0.00

IV. CONCLUSION

In this paper, we propose a novel drusen segmentation
method. The major characteristic of this method is using
Growcut to track the boundaries of drusen. The initial seeds
for Growcut are determined automatically. Experiments on
96 manually labeled image verified the effectiveness of the
proposed method. One important application of drusen seg-
mentation is AMD grading. In our future work, we will apply
this method to grade he severity of AMD.
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