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Abstract. Exudates are the most noticeable sign in the first stage of
diabetic retinopathy. This disease causes about five percent of world
blindness. Making use of retinal fundus images, exudates can be de-
tected, which helps the early diagnosis of the pathology. In this work, a
novel method for automatic hard exudate detection is presented. After an
exhaustive pre-processing step, Local Binary Patterns Variance (LBPV)
histograms are used to locally extract texture information. We then use
Gaussian Processes to distinguish between healthy and pathological reti-
nal patches. The proposed methodology is validated using the E-OPHTA
exudates database. The experimental results demonstrate that Gaussian
Process classifiers outperform the current state of the art classifiers for
this problem.

Keywords: Hard Exudate, Local Binary Patterns, Gaussian Processes,
Bayesian Modeling, Variational Inference.

1 Introduction

Diabetic Retinopathy (DR) causes about five percent of world blindness and
signs of this eye disease are found in around 33% of the diabetes population
[1]. There exist two types of DR: Non-Proliferative and Proliferative Diabetic
Retinopathy [2]. Non-Proliferative DR is the earliest stage of the pathology and
it is characterized by deposits of extra fluid and small amounts of blood, from
the vessels into the retina, called exudates and microaneurysms/hemorrhages
(Fig. 1a).
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RGB fundus images are acquired by a retinal camera using non-invasive
protocols. This kind of images is commonly used by ophthalmologists to diagnose
diabetic retinopathy. Exudates are revealed as yellow whitish areas of random
size and shape generated by the accumulation of fats and lipids. As these lesions
are the most noticeable sign of non-proliferative diabetic retinopathy, indicating
the first stage of the disease, the exudate detection is a key step in the early
diagnosis of the pathology. Due to the large population at risk of DR, there
exists the need of developing automatic algorithms able to discriminate regions
where exudates are present.

Fundus databases contain images with different resolutions, non-uniform illu-
mination, reflects and noise or artefacts (Figs. 1b and 1c), due to the uncalibrated
conditions in the acquisition process. Besides these problems, the physiological
properties of the retina produce other image variabilities such as highlights near
the vessels, characteristic of young retinas (Fig. 1d), and different fundus colour
depending on age, ethnicity, retina pigmentation and other anatomical human
factors (Fig. 1e). In most of the state-of-the-art works, conflictive images are
removed from the original dataset when proposed algorithms are evaluated [3].
However, a computer-aided diagnose system must deal with the high variability
among fundus images, so we will not eliminate problematic images.

(b) (c)

(a) (d) (e)

Fig. 1. (a) Noisy image, (b) Image with reflects, (c) Highlighted retina, (d) Tessellated
image due to ethnicity.

In the literature, the most common procedure to detect exudates exploits
their shape information. In [4–6], exudates are segmented by applying mathe-
matical morphology and thresholding techniques. Another common way to de-
tect these lesions is to extract global information from the fundus images and
identify the unhealthy regions through supervised or unsupervised classification
techniques [3, 7, 8].

The main contribution of this work is the validation of a new methodology
to distinguish between healthy and pathological retinal tissues. Our methodol-
ogy is based on local texture analysis and makes use of Gaussian Processes for
Classification (GPC). To the best of our knowledge, in the literature to detect
exudates, features have only been extracted from the whole image and local fea-
tures and GPs have not been used before for exudate detection. A comparison
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with the most commonly used classification methods for solving this problem is
also carried out.

The rest of the paper is organized as follows: in Section 2 the fundus image
pre-processing is detailed. Then, in Section 3 the local texture analysis method
is described. Section 4 details the Variational Gaussian Process for classification
approach. Finally, Section 5 provides the experimental validation and in Section
6 conclusions and some future work directions are reported.

2 Fundus image pre-processing

As mentioned in Section 1, databases usually contain images with different res-
olutions propitiating that some structures and lesions are not comparable. The
first preprocessing step aims to normalize the image dimensions following the
method described in [9].

Blood vessels are considered as noise or artefacts that hamper the classifi-
cation of pathologies based on background textures. The contribution of these
structures to the texture descriptor must be removed. In this work, diffusion-
based inpainting techniques [10] are applied to eliminate the vascular tree.

Another factor that contributes to the heterogeneity of fundus databases is
the difference among background colours. This fact is due to the particular phys-
iological properties of each human’s retina. With the aim of developing a system
invariant to high-lighted retinas and tesselated images, a colour normalization is
carried out. Geometric transformations to the chromatic histogram (plane r-g)
are performed taking into account a reference image with the ideal background
colour [11].

After these steps, the green channel of the RGB fundus images is selected
(Fig. 2b) because this component maximizes the contrast between lesions and
background [6].

(a) (b)

Fig. 2. (a) Original image and (b) Green component of the pre-processed image.

3 Local texture analysis

Local Binary Patterns (LBP) is a grey-scale texture descriptor. The basic LBP
version assigns a label to each pixel (i, j) taking into account its neighbourhood
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Fig. 3. Local texture analysis. (a) LBP and (b) VAR image with different highlighted
patches and (c) the LBPV normalized histogram computed for the yellow patch.

as follows:

LBPP,R(i, j) =

P−1∑
p=0

s(gp − gc) · 2p, s(x) =

{
1 if x ≥ 0
0 if x < 0

(1)

where P represents the number of samples on the symmetric circular neighbour-
hood of radious R, gc is the gray value of pixel (i, j) and gp the gray value of
each neighbour.

Although many variants of LBP exist in the literature, due to the properties
of the rotation-invariant uniform (riu2) LBP presented in [12], we use it in this
work to encode a selected subset of patterns. When LBP is used for texture
description it is common to additionally include a contrast measure by defining
the Rotational Invariant Local Variance (VAR) as:

V ARP,R(i, j) =
1

P

P−1∑
p=0

(gp − µ)2, µ =
1

P

P−1∑
p=0

gp (2)

Lesions due to diabetic retinopathy vary in size depending on the stage of the
disease. In most cases, lesions represent less than one percent of the total number
of pixels in the retinal fundus image. For this reason, the texture descriptor is
applied locally to obtain relevant features for a large variety of images.

The LBP and VAR images, both of dimensions M1×M2, are extracted from
the green channel of the preprocessed original image. These resulting images
are divided into patches using a sliding window and normalized histograms are
computed for each patch taking into account the information provided by both
images (Fig. 3). LBP variance (LBPV) histogram [13] accumulates the VAR
value for each LBP label inside the window according to the following equation:

LBPVP,R(k) =

M1∑
i=1

M2∑
j=1

w(LBPP,R(i, j), k), k ∈ [0,K] (3)
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w(LBPP,R(i, j), k) =

{
V ARP,R(i, j), LBPP,R(i, j) = k
0, otherwise.

(4)

where K is the maximal LBP label.
The window used to compute the local histograms is a b × b square with

overlap of (∆x,∆y). Note that patches containing optic disk pixels [14] are not
considered in the process. Patches should also be completely contained within
the field of view of the retinal image.

4 Variational Gaussian Process for Classification

Let X = [x1, . . . ,xN ]
t

be the matrix containing the samples, where each xi ∈ RK
is the descriptor for the i-th patch, calculated as described in Section 3, N is the
number of patches used for training, and K is the number LBPV features. Let
y ∈ {0, 1}N be the vector of labels, where 1 refers to “pathologic patches” and
0 refers to “healthy patches”.

To model the relationship between samples and labels, the GPC formulation
[15] introduces a latent variable f ∈ RN , which is in fact a prior on the functions
over the feature space. This latent variable has the following Gaussian prior
distribution

p(f |Ω) = N (f |0,K), (5)

where K is the covariance matrix, which depends on a set of parameters Ω to
be estimated and has the form Kij = k(xi,xj) where k(·, ·) is a kernel function
(see [15]) . K is the way in which GPs exploit the correlation between samples,
since each Kij is calculated by evaluating a kernel function (an inner product in
a transformed vector space) on the samples xi and xj . Although K depends on
X, we have removed it from dependencies in p(f |Ω) for simplicity.

The relationship between f and the labels y is modeled by the so-called
logistic likelihood function

p(y|f) =

N∏
i=1

p(yi|fi) =

N∏
i=1

(
1

1 + e−fi

)yi ( 1

1 + efi

)1−yi
. (6)

Notice that for large positive values of fi, p(yi = 1|fi) ≈ 1, and for negative
values of fi with large absolute value p(yi = 1|fi) ≈ 0.

The joint distribution of y, f , and Ω is

p(y, f , Ω) = p(y|f)p(f |Ω)p(Ω). (7)

where we have used a flat improper prior for Ω.
Since p(f , Ω|y) can not be calculated, we resort to the mean field approxi-

mation [16] and solve the problem

q̂(f), q̂(Ω) = arg min
q(f),q(Ω)

∫
q(f)q(Ω) ln

q(f)q(Ω)

p(y, f , Ω)
dfdΩ, (8)



6 Adrián Colomer et al.

where q̂(Ω) is restricted to be a degenerate distribution, to finally obtain p(f , Ω|y) ≈
q̂(f)q̂(Ω), see [17] for details.

Unfortunately eq. (8) can not be evaluated due to the functional form of the
likelihood function in eq. (6). To alleviate this problem we use the lower bound
provided in [17],

log p(y|f) ≥ logH(y, f , ξ) = (9)

f t(y − 1

2
1)− f tΛf + ξtΛξ +

1

2
ξt1−

N∑
i=1

log(1 + eξi),

where ξ = (ξ1, . . . , ξN )t is a set of nonnegative parameters to be estimated,
Λ = diag(λ(ξ1), . . . , λ(ξN )), with λ(ξ) = 1

2ξ ( 1
1+e−ξ

− 1
2 ), and 1 is a column

vector with all components equal to 1.
The joint distribution in eq. (7) can then be lower bounded as p(y, f , Ω) ≥

M(y, f , Ω, ξ) = H(y, f , ξ)p(f |Ω)p(Ω), which produces∫
q(f)q(Ω) ln

q(f)q(Ω)

p(y, f , Ω)
dfdΩ

≤ min
ξ≥0

∫
q(f)q(Ω) log

q(f)q(Ω)

M(y, f , Ω, ξ)
df . (10)

Let ξk be the current value of ξ, then

min
q(f)

∫
q(f) log

q(f)

M(y, f , Ω, ξk)
df = const

− lnN
(

1

2
(y − 1

2
)|0, 1

2
Λk + ΛkKΩΛ

k

)
(11)

which produces Ωk, the current estimate of the vector where q̂(Ω) is degenerate,

Ωk = arg max
Ω
N
(

1

2
(y − 1

2
)|0, 1

2
Λk + ΛkKΩΛ

k

)
. (12)

Fixing ξ to ξk and Ω to Ωk we obtain

qk(f) = N (<f>k,Σk) (13)

where <f>k = Σk(y − 1
21) and Σk = (K−1

Ωk
+ 2Λk)−1. Finally, solving

ξk+1 = max
ξ

< lnM(y, f , Ωk, ξ) >qk(f) (14)

we obtain

ξk+1
i =

√
<fi>2 + Σk(i, i). (15)

In Algorithm 1 we summarize the estimation procedure.
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Algorithm 1 Learning Algorithm

Require: Initial ξ1 = 1 and k = 1.
1: repeat
2: Calculate Ωk using ξk in eq. (12).
3: Calculate qk(f) using Ωk and ξk in eq. (13) .
4: Calculate ξk+1 using qk(f) and Ωk in eq. (15).
5: k = k + 1
6: until convergence

Given a new patch x∗ we would like to calculate

p(y∗|y) =

∫
f∗

p(y∗|f∗)

(∫
f

p(f∗|f)p(f |y)df

)
df∗

≈
∫
f∗

p(y∗|f∗)

(∫
f

p(f∗|f)q̂(f)df

)
df∗, (16)

where the approximated posterior q̂(f) has been calculated, at convergence, in
Algorithm 1, and p(y∗|f∗) is given by eq. (6). The conditional distribution p(f∗|f)
can be calculated from eq. (5) as

p(f∗|f) = N (f∗|htK−1f , c− htK−1h), (17)

with h = (k(x∗,x1), . . . ,k(x∗,xN ))t, c = k(x∗,x∗) . The probability that patch
x∗ belongs to class “pathological” can be written then as

p(y∗ = 1|y) ≈
∫

1

1 + e−f∗
N (f∗|m(f∗), v2(f∗))df∗, (18)

with m(f∗) = htK−1<f> and v2(f∗) = c−ht(K+ (2Λ)−1)−1h. The integral in
eq. (18) is approximated as in [17], to obtain

p(y∗ = 1|y) ≈
(

1 + exp

{
−m(f∗)(1 +

1

8
πv2(f∗))−1/2

})−1

. (19)

As can be observed in Fig. 2a, pathological areas represent only a small re-
gion of the whole image, which results in a very unbalanced dataset. Training
a classifier with an unbalanced dataset can produce overfitting to the majority
class “healthy” [18]. To avoid this problem we proceed as follows. Let us assume
that the number of healthy samples is T times the number of pathological ones,
then the set of all healthy samples is partitioned into T subsets with the same
cardinality as the number of pathological samples. A committee of T GPCs is
then learned with training sets formed by joining all pathological training sam-
ples and each partition of healthy training samples. Soft majority voting is used
as the final criterion. If the obtained probability is higher than a given threshold
δ, the patch is assigned to the class “pathological”. Notice that this is not a
bagging procedure [19], since sampling is not uniform and with replacement.
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5 Experimental Results

To validate the proposed methodology, the E-OPHTHA exudates public database
[20] was selected. This database is composed by a large variety of images with
different resolutions containing tesselations, round spots, brights near the blood
vessels, reflects. The performance of our algorithm was tested using the forty
seven pathological images and their corresponding ground truth manually an-
notated by experts. From these forty seven pre-processed images, healthy and
pathological patches are extracted as explained in Section 3 using b = 64 and
(∆x,∆y) = (32, 32). Afterwards, LBPV normalized histograms are computed
for LBP riu28,1 obtaining K = 10 features from each patch.

In addition to validating the proposed methodology, we also compared it to
both, baseline and the state-of-the-art algorithms, for the hard exudate detection
problem. The baseline method is Linear Support Vector Machine (LIN-SVM)
with a Linear kernel [21], while the state-of-the-art methods are SVM with Radial
Basis Function (RBF) kernel [21] and Random Forest (RF) [22].

RBF kernel is also used for GPC . Unlike GPC, SVM and RF do not provide
estimation methods for their respective parameters. To perform a fair compari-
son, cross-validation is used to set the “cost” and “length-scale” parameters in
SVM, and “number of trees” in RF.

To avoid biased results produced by training and testing sets selection, in this
work we use a leave-one-out cross-validation procedure. The whole dataset with
47 images is divided into 5 partitions, (3 with 9 images, and 2 with 10 images).
Then patches in 4 partitions are used for training a classifier as described in
Section 4, and the remaining patches are used for testing. The procedure is
carried out 5 times, leaving out a different partition in each repetition. Since the
testing set is also unbalanced, for each classifier we select the decision threshold
δ obtaining the best trade-off between sensitivity and specificity.

The mean numeric results for GPC are reported in Table 1, where 0.7840,
0.7840, 0.7833, and 0.6044 of accuracy (Acc.), sensitivity (Sens.), specificity
(Spec.) and Matthews correlation coefficient (MCC) [23] are obtained, respec-
tively. The mean numerical results for LIN-SVM, RBF-SVM and RF methods
are also reported in Table 1. We can observe that GPC obtains the best result
with respect to all metrics of performance. For AUC, GPC is almost 2% better
than RF and RBF-SVM, and 4% than the baseline method LIN-SVM. For accu-
racy, sensitivity, and specificity, GPC is approximately 1%, 2%, and 4% better
than RF, RBF-SVM, and LIN-SVM, respectively.

The mean ROC curve for GPC is plotted in red in Fig. 4a, which obtains
a 0.8645 of Area Under ROC Curve. Based on [24], the proposed methodol-
ogy can be considered a “good diagnostic test” for the hard exudate detection.
Mean ROC curves for LIN-SVM, RBF-SVM and RF methods are also plotted in
Fig. 4a. We can observe that GPC obtains a better performance than all of them
for both, high and low false positive rates. RF works better than RBF-SVM for
low false positive rates, however RBF-SVM obtains better results than RF for
high false positives rates. Figure 4b shows the exudate detection results in a
representative image of E-OPHTHA database.
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Acc. Sens. Spec. AUC MCC

LIN-SVM 0.7481 0.7475 0.7471 0.8299 0.4292
RBF-SVM 0.7642 0.7625 0.7635 0.8447 0.4718

RF 0.7701 0.7741 0.7687 0.8473 0.5275
GPCs 0.7840 0.7840 0.7833 0.8645 0.6044

Table 1. Figures of merit for the compared methods.
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Fig. 4. (a) ROC curves for the compared methods and (b) exudate detection using
GPCs in a representative image (TP in red, FP in green and TN in blue).

6 Conclusions

In this paper, we presented a system, based on local texture analysis and Gaus-
sian Processes, to detect exudates for DR diagnosis. Local texture description
allows to identify pathological tissue providing robustness against the high fun-
dus image variability and spatial information of the lesions. The obtained ROC
curves provide evidence that GPCs result in the best classification solution inde-
pendently of the decision threshold. The proposed methodology outperforms the
current state of the art algorithms, namely RBF-SVM and RF. Future work will
deal with the detection of dark lesions in order to develop a computer-aided diag-
nosis system for automatic DR detection. In addition, other texture descriptors
will be explored to improve the classification results.
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