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ABSTRACT

In this paper, a segmentation method of the retinal images

exudates is proposed. First, pixels that belong to exudates

are located using the scale-space extrinsic curvature. These

candidate points, are used together with the mean curvature

to select possible exudates patches. True exudates are se-

lected using the local maxima blob response through dynam-

ical threshold, which will represent the final segmentation.

The proposed scheme is tested with a retinal images public

database. The ROC curve is used to validate the final per-

formance, which shows a normalized area under the curve of

96.39%, with a confidence level of 0.8. In that case the sen-

sitivity is 97.07%, the specificity is 99.90% and the accuracy

is 99.83%. A final comparison with recent methods is also

presented.

Index Terms— Curvature, Scale-Space, Segmentation,

Exudates, Retinal Image.

1. INTRODUCTION

Diabetic retinopathy is the main cause of blindness in dia-

betes. It is associated with the appearance of yellow spots

in the retina, namely, hard and soft exudates. Hard exudates

are yellow lipid sediments of serous leakage from damaged

capillaries, and soft exudates are superficial retinal infarcts.

They both appear as yellowish lesions, spread over the retina,

with different sizes, shapes and brightness [1]. The fuzzy ap-

pearance of soft exudates is the only visible difference to the

hard exudates. These characteristics make the exact detec-

tion and marking of exudates a true challenging task. A re-

liable detection and marking of these lesions makes possible

an early detection of the disease, providing an invaluable help

in screenings and follow-ups studies. A considerable number

of papers have been published in recent years dealing with the

detection of exudates. A complete comparative analysis of the

most recent techniques is made on [2]. Recently, contextual

information was used with computer-aided detection systems.

The context is based on the spatial relation with surround-

ing anatomical landmarks, and similar lesions [3]. Mathe-

matical morphologic methods were used by [4] and Neural

Networks were used by [5]. In [6], exudates were detected

without supervised learning steps. Using the seminal work

in scale-space [7], a considerable attention was given to the

application of scale-space analysis in ocular fundus images

and on the detection of their distinct features, like retinal ves-

sels and optic disk detection [8]. The extrinsic curvature was

also applied for the detection of retinal features, like microa-

neurysms [9] and vessels [10]. In this paper, an algorithm for

the detection and segmentation of exudates in retinal images

is introduced. It is divided in two main parts; The first part

deals with the computation of exudate locations, using an ap-

proximation of the extrinsic curvature, called Surface Tangent

Derivative(STD) [9], in a scale-space framework. The second

part performs the segmentation of the exudates through the

mean curvature and the previously determined exudate loca-

tions. As will be discussed in the rest of the paper the curva-

ture deals better with non-uniform illumination and contrast

variation effects than the image intensity.

2. PROPOSED METHOD

The proposed method consists of two main processing steps:

1) Detection of the exudates locations.

2) Exudates segmentation.

2.1. Detection of the exudates locations

The candidate exudates locations are extracted from the im-

ages using a previously developed technique that is briefly

described next [11]. The green channel component IG(x, y)
of each RGB retinal fundus image is selected, since it offers

the best contrast and provides the most relevant clinical vi-

sual information [1]. Using the definitions of the linear scale-

space image representation [7], a family of derived images is

defined by the convolution of IG(x, y) with the Gaussian fil-

ter g(x, y, t), given by L(x, y, t) = g(x, y, t) ∗ IG(x, y), ∀t,
where g(x, y, t) = 1√

2πt
e−

(x2+y2)
2t . 2t is the variance of the

Gaussian filter, which defines the scale level. Larger t values,

result in stronger smoothing of IG(x, y), removing the details

that are significantly smaller than t [7]. Although exudates

can develop any shape, when they appear they assume a sim-

ilar Gaussian profile. Also, a special care is needed for the

detection of close exudates because of the possible feature

merging that can occur in larger scales. The Gaussian filter
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must be effective in noise reduction and in feature preserva-

tion. Hence, the following filter was applied,

W =
1

16

⎡
⎣ 1 2 1

2 4 2
1 2 1

⎤
⎦ .

W corresponds to a Gaussian kernel with a variance σ2 =√
2/2. Since σ2 = 2t, the parameter t can be defined at N

different scales according to tn = n
√
2
4 , n ∈ {0, 1, ..., N −

1}. The Gaussian scale-space representation is defined as

L(x, y, tn), n ∈ {0, 1, ..., N − 1}. After the scale-space def-

inition, the scale-space curvature extremes detection is per-

formed. The extrinsic curvature for a 1D function is given

by, k(x) = dθ
dl =

dθ
dx√

1+ dy2

dx2

. θ is the angle between the tangent

at any point in the image surface and the x-axis. Consider-

ing only the numerator of k(x), the Surface Tangent Deriva-

tive (STD) is given by γ(x) = dθ
dx = d

dx arctan−1( dydx ) [9].

γ(x) also provides a measure of the rate of change of θ along

a particular direction, and can be easily adapted in the de-

tection of exudates locations. Hence, for any given scale

tn, γ(x) is calculated in L(x, y, tn) in four specific direc-

tions α ∈ {45◦, 90◦, 135◦, 180◦}, designated by Stn(x, y, α).
Let Tn be the curvature extremes threshold for the scale tn,

and N(x, y) the 8 neighbourhood at any location (x, y). For

each pixel location (x, y), the procedure to compute the scale-

space extremes is described in Figure 1,

1. Evaluation of |Smax(x, y)| = max{Stn(x, y, α)}, and

the corresponding maximum orientation αmax.

M(x, y) =

⎧⎪⎪⎨
⎪⎪⎩

1, if

⎧⎨
⎩

|Smax(x, y)| > Tn and

Stn(x, y, αmax) < 0 and

|Smax(x, y)| ≥ S(N(x, y), αmax)
0, otherwise

Fig. 1. Curvature extremes computation algorithm.

M(x, y, tn) is a binary image matrix that represents the

thresholded scale-space curvature extremes locations. Each

scale has its correspondent threshold Tn, being dynamically

computed. For each scale, the values |Smax(x, y)| computed

in step 1 in the algorithm of Figure 1 are saved in a vector

K(x, tn). Figure 2 represents the outlines for K(x, tn) in

ascending order. There is a value where each outline bends

more sharply. This value divides the features with high cur-

vature extremes from features with low curvature extremes

values, making it ideal to be chosen as the threshold. As

an example and considering Figure 2, for the scale t0, the

threshold T0 is determined at the point where the angle β,

formed by the tangent vector at x, vt, and the vector parallel

to the x-axis, vx, equals π
4 . This process is repeated for ev-

ery scale tn. Finally, a coarse-to-fine scale pixel tracking is

performed along the scale-space matrices, M(x, y, tn) [11].

Fig. 2. Representation of K(x, tn) for all scales tn in ascend-

ing order. The top outline represents the curvatures of the

original image. The following outlines show the curvatures

in the successive scales. The upper left image represents the

calculation of the threshold for the scale to.

The final locations are selected in the scale t0, since it is the

one closest to the initial image, providing a more accurate

marking. A binary image results, where the white points are

the candidates exudate locations, designated by E(x, y).

2.2. Exudates segmentation

The Hessian is a matrix of the second order partial derivatives

that describes the local curvature of a function [12]. Consid-

ering L = L(x, y, tn), for any given scale tn, the Hessian

matrix can be written as,

H =

[
Lxx Lxy

Lyx Lyy

]
. (1)

The eigenvalues of the Hessian are found by solving the char-

acteristic equation |H − λI| = 0 relatively to λ, where I is

the identity matrix, resulting in:

λ1 =
1

2

(
−
√

2LxxLyy + L2
xx + 4L2

xy + L2
yy + Lxx + Lyy

)
(2)

λ2 =
1

2

( √
2LxxLyy + L2

xx + 4L2
xy + L2

yy + Lxx + Lyy

)
.

(3)

λ1 and λ2 are the principal curvatures and represent the mini-

mal and maximal curvatures at each point p ∈ L respectively

[12]. The mean curvature at p is the average of the principal

curvatures,

MK =
λ1 + λ2

2
. (4)

Figure 3 shows the comparison between an intensity profile

and the mean curvature profiles at several scales, consider-

ing the same row. In the intensity profile, the effects of non-

uniform illumination and contrast variation are well observed.

However, in the mean curvature profiles, these effects almost

disappear, revealing the MK uniformization along the scales.

It is also visible the presence of noise effects or small artefacts

in the lower scales of the mean curvature profiles. Further-

more, Figure 3 b) shows that exudates belong to dark regions,

and that they can be selected with an appropriate threshold.
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(a) Green channel (b) Mean curvature image

at scale t4

(c) Intensity and mean curvature variation

for growing scales of the marked row

Fig. 3. Mean Curvature scale-space uniformization.

Hence, the curvature representation is used for image segmen-

tation instead of the intensity. In order to avoid the noise ef-

fects present in the lower scales, and the excessive blurring in

larger scales, the segmentation is performed in a middle scale,

ts. After an normalization between 0 (black) and 1 (white),

followed by an histogram equalization of the MK image at

the scale ts, M
(he)
K , is computed. An initial segmentation is

achieved by selecting all the pixels in M
(he)
K with values equal

to zero, given by,

IS =

{
1, if M

(he)
K (x, y) = 0.

0, otherwise
(5)

IS is a binary image where white patches represent exudate

candidates. This segmentation is improved considering only

the patches where at least one point of the E image is present.

After this step, because there are some regions with high cur-

vature values that do not belong to exudates, few artefacts

remain in the segmented image. Since exudates have a hill re-

semblance, they must have a high response to a blob detector,

and can be selected using an appropriate threshold c. For the

scale ts, a blob detector can be defined as [12],

B = LxxLyy − L2
xy. (6)

For each patch in IS , the local maxima blob response is com-

puted using eq. 6. These maxima responses are saved in a

vector VM . It was found, after extensive testing that the me-

dian of VM is a good value for the threshold c. Hence, the

final segmentation is achieved selecting only the patches that

have a local maxima blob response larger than c (Figure 3).

3. RESULTS

The DIARETDB1 data base with 89 color retinal fundus im-

ages with size 1500x1152 was used for testing and perfor-

Table 1. Method parameters.

Variable Simulation set Best performance

Size of W (3× 3), (5× 5), (7× 7) (3× 3)
Number N {0, 1, ..., 16} 6
scale ts s ∈ {0, 1, ..., 16} 4
threshold c mean,median,OTSU median

mance evaluation (46 abnormal/43 normal). Ground truth

images are provided for all images in the database both for

hard and soft exudates [13]. These ground truth images are

the result of several markings made by experts for each reti-

nal fundus image. The areas are marked with a confidence

level that depends of the number of experts that marked it

as exudates or not. The ground truth images of both hard

and soft exudates are merged, for each confidence level, since

the method does not perform any separation between the two

exudate types. The optic disk was manually removed from

all the images. The proposed method depends on several pa-

rameters. Table 1 shows these parameters, the corresponding

simulation set and the values that provide the best segmenta-

tion performance. The developed method reliability is based

on the selection of the threshold values Tn, that separate the

curvatures extremes that are considered as valid exudates de-

tections from the rejected ones. To study how the variation

of these thresholds can influence the performance of the seg-

mentation, they have been grown in steps. For each step, the

number of extremes was grown 5% in each scale by select-

ing a new threshold value. The performance of the proposed

method was evaluated on a pixel by pixel basis for each im-

age. A pixel is considered: a true positive (TP ) if it is con-

tained in the ground truth labelled regions, a false negative

(FN) if there is no pixel marking in the ground truth labelled

region, a false positive (FP ) if the pixel is marked in a ground

truth region where no label exists, and a true negative (TN)
if no marking appears in a non labelled region in the ground

truth image. For each confidence level and for each step in the

threshold value, the global sensitivity is computed for each

image as SE = TP/(TP + FN), and then averaged for the

89 images. The global specificity (SP ) is computed in a sim-

ilar way by employing SP = TN/(TN + FP ). Figure 3

represents several Receiver Operating Characteristic (ROC)

curves. The best result is achieved for a confidence level of

1.0. However, when compared with the curve of confidence

level of 0.8 there is no meaningful difference. Hence, the

best sensitivity and specificity are respectively, 97.07% and

99.90% for a confidence level of 0.8. Table 2 shows the re-

sults achieved with the proposed method and a comparison

with recent published methods.

4. DISCUSSION AND CONCLUSIONS

In this paper a method that effectively deals with non-uniform
illumination and contrast variation in retinal fundus images
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(a) Green channel (b) Segmented image

(c) Detailed green channel (d) Detailed segmented image

Fig. 4. Segmentation results

Fig. 5. ROC curve for exudates segmentation. Each curve

represents a different confidence level with the respective

Area Under the Curve (AUC).

was proposed. This is achieved without any pre-processing
steps, but rather considering the curvature space to perform
the segmentation. The developed method exhibits a good
performance, achieving results in line with the most recent
techniques. This method reliability is provided by its dy-
namic structure, based on the scale-space analysis and dy-
namic thresholding. These results encourage future studies
with a larger database. Moreover, an exudates classification
method guided by this detection method is under develop-
ment, in order to deal with the few artefacts that slightly re-
duce the performance.
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