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Purpost. To describe and evaluate a machine learning- based,
automated system to detect exudates and cotton-wool spots in
digital color fundus photographs and differentiate them from
drusen, for early diagnosis of diabetic retinopathy.

MEerHODS. Three hundred retinal images from one eye of 300
patients with diabetes were selected from a diabetic retinopa-
thy telediagnosis database (nonmydriatic camera, two-field
photography): 100 with previously diagnosed bright lesions
and 200 without. A machine learning computer program was
developed that can identify and differentiate among drusen,
(hard) exudates, and cotton-wool spots. A human expert stan-
dard for the 300 images was obtained by consensus annotation
by two retinal specialists. Sensitivities and specificities of the
annotations on the 300 images by the automated system and a
third retinal specialist were determined.

Resurts. The system achieved an area under the receiver operat-
ing characteristic (ROC) curve of 0.95 and sensitivity/specificity
pairs of 0.95/0.88 for the detection of bright lesions of any type,
and 0.95/0.86, 0.70/0.93, and 0.77/0.88 for the detection of exu-
dates, cotton-wool spots, and drusen, respectively. The third ret-
inal specialist achieved pairs of 0.95/0.74 for bright lesions and
0.90/0.98, 0.87/0.98, and 0.92/0.79 per lesion type.

ConcLusions. A machine learning-based, automated system
capable of detecting exudates and cotton-wool spots and dif-
ferentiating them from drusen in color images obtained in
community based diabetic patients has been developed and
approaches the performance level of retinal experts. If the
machine learning can be improved with additional training
data sets, it may be useful for detecting clinically important
bright lesions, enhancing early diagnosis, and reducing visual
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Diabetic retinopathy is the most common cause of blind-
ness in the working population of the United States." Early
diagnosis and timely treatment have been shown to prevent
visual loss and blindness in patients with diabetes.>”* In pa-
tients with recently diagnosed diabetes, a high proportion of
normal-appearing fundi are expected, and only 5% to 20% may
demonstrate funduscopically visible diabetic retinopathy.> Dig-
ital photography of the retina examined by expert readers has
been shown to be sensitive and specific in detecting the early
signs of retinopathy.® Early diabetic retinopathy lesions may be
classified as red lesions, such as microaneurysms, hemor-
rhages, and intraretinal microvascular abnormalities, or bright
lesions, such as lipid or lipoprotein exudates, and superficial
retinal infarcts (cotton-wool spots).(”7

We and others have described machine learning computer
systems capable of detecting red lesions and blood vessels in
retinal color photographs with high accuracy (Abramoff MD et al.
IOVS 2006;47:ARVO E-Abstract 3635).27!% Because retinal exu-
dates can represent the only visible sign of early diabetic retinop-
athy in some patients, computer-based systems that can detect
exudates have been proposed.'> '” However, to diagnose the
bright lesions associated with diabetic retinopathy—namely, ex-
udates and cotton-wool spots—the lesions must be differentiated
from drusen, the bright lesions associated especially with age-
related macular degeneration (AMD), which can have similar
appearance,'® as well as from posterior hyaloid reflexes and flash
artifacts, which can sometimes mimic bright lesions in appear-
ance. A computer-based system that can detect bright lesions
must therefore be capable of differentiating among lesion types,
as they have different diagnostic importance and management
implications. Extending our previous work on machine learning
automated detection of blood vessels and red lesions, we have
developed a machine learning algorithm that can detect bright
lesions in retinal color photographs and can differentiate among
exudates, cotton-wool spots, and drusen.

The purpose of this study was to describe and evaluate this
machine learning-based computer algorithm to detect exudates
and cotton-wool spots in digital color fundus photographs and
differentiate them from drusen. The evaluation was performed on
a representative sample of images of patients with diabetes drawn
from a telediagnosis project in The Netherlands, with 100 color
fundus images containing bright lesions and 200 images with no
abnormalities. Because the purpose was to compare the machine
learning algorithm to that of human experts, a human expert
reference standard was created by having three masked retinal
specialists annotate the sample photographs.

METHODS
Subjects

A total of 430 retinal images of adequate quality as originally read by an
ophthalmologist for clinical reading were selected for this study from the
EyeCheck project in The Netherlands.'® Two hundred thirty images were
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originally read as containing one or more exudates, cotton-wool spots,
and/or drusen, and 200 were originally read as not containing any of these
bright lesions. One hundred thirty of the images, all originally read as
containing bright lesions, were used to train the machine learning algo-
rithm, and 300 images, from 300 subjects, were used to perform diagnos-
tic validation. The EyeCheck project database contains images for over
18,000 examinations (over 72,000 images) of patients without previously
known diabetic retinopathy.'? The study was performed according to the
tenets of the Declaration of Helsinki, and Investigational Review Board
approval was obtained. The researchers had access only to the anony-
mous images and their original diagnoses. Because of the retrospective
nature of the study and patient anonymity, informed consent was judged
not to be necessary by the Institutional Review Board. The EyeCheck
project (http://www.eyecheck.nl) performs early diagnosis of diabetic
retinopathy over the Internet in a community-based population using
digital cameras in primary care physicians’ offices, and so the images were
obtained at multiple sites.

Fundus Photography

Images were obtained at multiple sites with three different nonmydri-
atic cameras: the Topcon NW 100, the Topcon NW 200 (Topcon,
Tokyo, Japan), and the Canon CR5-45NM (Canon, Tokyo, Japan). The
imaging protocol has been published.'” Briefly, digital color photo-
graphs were obtained with natural dilation in a dark room, and if
natural dilation did not suffice, the pupil was dilated pharmacologically
with one drop of tropicamide 0.5% per eye, as per protocol. One
disc-centered and one fovea-centered image were obtained for each
eye, both at 45° field of view. For the Topcon cameras, spatial resolu-
tion was approximately 8 X 8 um per pixel (2048 X 15306), whereas
for the Canon camera, it was approximately 15 X 15 um (1024 X 768
pixels). All cameras had 1-layer CCD RGB sensors, and images were
JPEG compressed at the lowest loss compression setting, resulting in
image files of approximately 0.15 to 0.5 MB per image.

Machine Learning Training Images

The machine learning algorithm is a so-called supervised algorithm,
and therefore needs a set of annotated lesions to learn how to detect
bright lesions and differentiate among them. For this purpose, 130
anonymous images originally read as containing bright lesions were
selected. All pixels in all these images were segmented by retinal
specialist A as to whether they were (part of) an exudate, cotton-wool
spot, drusen or background retina. Vessels, disc, and red lesions, if
present, were treated as background retina. The images used to create
the training set were not included in the test set (described later). The
training set contained 1113 exudates (93,067 pixels), 45 cotton-wool
spots (33,959 pixels), and 2030 drusen (287,186 pixels).

Image Data Set for Testing Performance

Three hundred anonymous images were selected as the testing set. One
hundred images were selected at random from all images that were
originally read clinically as containing one or more bright lesions, and 200
images were selected from all images originally read as containing no
lesions (not containing any exudates, cotton-wool spot, or drusen). Three
masked retinal specialists (designated A, B, and C) performed annotation
on all images in random order indicating whether one or more exudates,
cotton-wool spots or drusen or any combination thereof was present. A
consensus annotation was then obtained, using a teleconference discus-
sion format, by asking two of the retinal specialists (A, B) to reach
consensus on all images where their independent annotations had dif-
fered. The consensus annotation was used as the reference standard, and
contained 105 images with bright lesions and 195 without. In other
words, some images originally thought to be without bright lesions did
contain one or more bright lesions according to the consensus reference
standard and vice versa. There were 42 images with exudates, 30 with
cotton-wool spots, and 52 with drusen in this test set. Some images also
contained red lesions (microaneurysms, hemorrhages, microvascular ab-
normalities, or neovascularizations), and the distribution of the presence
of lesions is given in Table 1.
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TaBLE 1. Distribution of Presence of Red and Bright Lesions in the
Test Images

Red + Red — Total
Bright+ 34 71 105
Bright— 4 191 195
Total 38 262 300

Machine Learning Algorithm

The machine learning algorithm is based on our earlier work using
retinal pixel and lesion classification.? '° To perform detection and
differentiation of bright lesions, if any, in a previously unseen image,
the following steps were performed:

1. Each pixel was classified, resulting in a so-called lesion proba-
bility map that indicates the probability that a pixel is part of a
bright lesion.

2. Pixels with high probability were grouped into probable lesion
pixel clusters.

3. Based on cluster characteristics each probable lesion pixel clus-
ter was assigned a probability indicating the likelihood that the
pixel cluster was a true bright lesion.

4. Each bright lesion cluster likely to be a bright lesion was
classified as exudate, cotton-wool spot or drusen.

Figure 1 illustrates these steps. The system performs the classification
steps (1, 3, and 4) by using a statistical classifier that, given a training
set of labeled examples, can differentiate among different types of
pixels or clusters based on so-called features or numerical character-
istics, such as pixel color and cluster area. The features used depend on
the type of objects that are to be classified. For each classification step,
several statistical classifiers were tested on the training set and the one
demonstrating the best performance was used on the test set. A
k-nearest neighbor classifier was selected for steps 1 and 3 and a linear
discriminant classifier for the third classification step.'® When pre-
sented with an unseen image in the test set, the automated algorithm
gave two outputs: whether bright lesions were present or not, and
which class each lesion was: exudate, cotton-wool spot, or drusen. A
more extensive description of the algorithm is given in the Appendix.

Outcome Parameters and Data Analysis

The machine learning algorithm annotated all images in the test set
repeatedly, while varying the threshold for normal/abnormal cutoff
(steps 1 and 3). Sensitivity, specificity, and k of the annotation com-
pared with the consensus standard was calculated at each threshold
setting. Sensitivity, specificity, and k of retinal specialist C compared
with the consensus standard were also determined. For the machine
learning algorithm, these sensitivity-specificity pairs can be used to
create receiver operator characteristic (ROC) curves for all bright
lesions, and for the differentiation of exudates, cotton-wool spots, and
drusen. The ROC curve shows the sensitivity and specificity at various
thresholds, and the system can be set for a specific sensitivity/speci-
ficity by selecting the corresponding threshold. For a screening system,
sensitivity is more important than specificity, so a threshold could be
chosen that maximizes sensitivity while still maintaining enough spec-
ificity. Because human experts cannot (consciously) adjust their lesion-
detection threshold, only a single sensitivity-specificity pair was ob-
tained for each human grader and plotted in the ROC curve as a point
(Fig. 2). The area under the ROC curve is regarded as the most accurate
and comprehensive measure of system performance: an area of 1.0 has
sensitivity = specificity = 1 and represents perfect detection, whereas
an area of 0.5 is the performance of a system that essentially performs
a coin toss. The number of images in which the original annotations of
all three retinal specialists (designated A, B, and C) and the machine
learning algorithm agreed, were also determined for all bright lesions
as a group and for the three classes of lesions individually.
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Table 2 shows sensitivity, specificity, and k of the machine
learning algorithm and retinal specialist C, compared with the
consensus standard.

Figure 2 shows the ROC curves for the system and the ROC
points for retinal specialist C, for both overall bright lesion detec-
tion and bright lesion differentiation per image. The area under
the curve of the automated system for the detection of bright
lesions was 0.95, and for the detection of exudates, cotton-wool
spots, and drusen it was 0.94, 0.85, and 0.88, respectively.

The automated system achieved sensitivity/specificity of
0.95/0.88 for the detection all bright lesions, and 0.95/0.86,
0.70/0.93, and 0.77/0.88 for the detection of exudates, cotton-
wool spots, and drusen, respectively. The third retinal special-
ist achieved 0.95/0.74 for bright lesions, and 0.90/0.98, 0.87/
0.98, and 0.92/0.79 for the detection of exudates, cotton-wool
spots, and drusen, respectively.

In total, 1739 bright lesions were detected at this optimal
threshold setting. Of these 1739 lesions, 1513 lesions were
classified correctly, and 226 were inaccurate classifications. Of
the latter, 124 drusen were misclassified as exudates, 49 exu-
dates were misclassified as drusen, 5 drusen were misclassified
as cotton-wools spots, 2 exudates were misclassified as cotton-
wool spots, and there were 45 other confused classifications,
either misclassifications or nonlesions. Because the consensus
standard was determined by two independent retinal special-
ists, it was useful to determine the k of their (independent)

IOVS, May 2007, Vol. 48, No. 5

Drusen

FIGURE 1. Machine learning algo-
rithm steps performed to detect and
differentiate bright lesions. From left
to right columns: exudates, cotton-
wool spots, and drusen. From fop to
bottom: first row shows the relevant
region in the retinal color image (all
at the same scale), second row: pos-
terior probability map after the first
classification step; third row: pixel
clusters that are probable bright le-
sions (potential lesions); bottom
row: objects that the system classi-
fied as true bright lesions overlaid on
the original image.

annotations before the consensus process, and these were
0.80, 0.65, 0.73, and 0.65, respectively.

In 225 of 300 images, the consensus standard, the auto-
mated system and retinal specialist C were all in full agreement
on the presence of bright lesions. In 167 of 300 cases, the
consensus standard, the automated system, and retinal special-
ist C were in full agreement on the type(s) of bright lesion.
Examples are shown in Figure 3A and 3B. Two examples of
cases where human experts did not agree among themselves
and the automated system also did not agree with the human
experts are shown in Figures 3C and 3D.

Di1scUsSION

Our results demonstrate that a machine learning algorithm, as
described herein, is capable of detecting exudates, cotton-
wool spots, and drusen and differentiating among them on
color images of the retina obtained in a community-based
population of patients with diabetes. The area under the ROC
curve of 0.95 shows that this proof-of-concept system has
sensitivity and specificity approaching that of retinal experts.

Differentiating among the three types of bright lesions from
color photographs can be challenging, as illustrated by Figures
3A-D. The lesions in these images are subtle, and correct
differentiation may be improved with knowledge of patient
age, consideration of contextual lesions, and the size of lesion
classes. Despite the complexity of this task, in 1513 (87%) of
1739 cases, the automated system and the three retinal spe-
cialists agreed on the presence and type of lesion. As might be
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FIGURE 2. ROC curves of the auto- | .
matic system for the different detec- 0
tion tasks. Sensitivity/specificity pairs 0 0.1 0.2

of retinal specialist C are also plotted
as points in the graph.

expected, drusen and exudates were easily confused because
they are often similar in size, whereas cotton-wool spots are
less often confused with the other two types of lesions.

The existing literature has focused almost exclusively on
the automatic detection of exudates, only a single study in-
cluded the detection of cotton-wool spots, and no studies took
account of drusen in this context.'>"'>'718:2% Our results indicate
that of all three bright lesion types, exudates present the easiest
lesion to detect for both automated system and retinal specialist
C. The capacity of our system algorithm to detect and differentiate
all three types of lesions distinguishes it from prior studies.

Despite the encouraging performance achieved by the
present system, several major issues remain. One disadvantage
of this study is its simple application. We compare the machine
learning system and human experts’ performance on digital
fundus photographs obtained in a telediagnosis setting with
nonmydriatic cameras. The accepted standard for detection of
diabetic retinopathy is seven-field stereo fundus photography
by certified photographers and read by certified readers.?'

04 05 08 OF D& DB 1
1-specificity

0.3

However, the reference standard used here is the consensus
reading of the photographs by retinal specialists. This study,
and the trained algorithm, may be biased, and some bright
lesions may have been missed by both human experts and the
automated system because of the limitations of digital two-field
nonstereo photography.® Because we set out to compare the
performance of the system to human experts on the same
photographs, our results are only valid in that context. To
achieve a more comprehensive evaluation of this or a similar
system, a comparison of the machine learning algorithm on
nonmydriatic nonstereo images, to seven-field nonmydriatic
images evaluated by human experts, would be necessary.

A second limiting factor that might limit optimal performance
of the machine learning algorithm could be a constraint of the
quality of the annotations of the training images. In other words,
the better this training set, the better the theoretical performance
of the algorithm. Improving the quality of the training data using
multiple experienced clinicians and a larger number of training
pixels, may improve system performance and also lessen the

TABLE 2. Sensitivity, Specificity, and k of the Machine Learning Algorithm and Retinal Specialist C Compared with the Reference Standard

Sensitivity Specificity K
Machine Learning Retinal Machine Learning Retinal Machine Learning Retinal
Algorithm Specialist C Algorithm Specialist C Algorithm Specialist C
Bright lesions 0.95 0.95 0.88 0.74 0.80 0.63
Exudates 0.95 0.90 0.86 0.98 0.01 0.88
Cotton-wool spots 0.70 0.87 0.93 0.98 0.57 0.82
Drusen 0.77 0.92 0.88 0.79 0.56 0.52
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FIGURE 3. (A) Sample image about
which experts and the automated
system agreed on the presence of
exudates and cotton-wool spots. As
identified by the automated system;
red arrows: exudates; green arrow:
cotton-wool spot. (B) Sample image
about which experts and the auto-
mated system agreed on the pres-
ence of drusen. As identified by the
automated system, the blue arrows
denote drusen. (C) Sample image
about which experts and automated
system did not agree on the presence
of drusen or exudates. As identified
by the automated system, the blue
arrows denote drusen (retinal spe-
cialist A and the automated system)
or exudates (retinal specialists B and
O©), and the red arrows denote exu-
dates (retinal specialists B and C and
the automated system) or drusen
(retinal specialist A). (D) Sample im-
age about which experts and auto-
mated system did not agree on the
presence of druse, exudate, or cot-
ton-wool spot. As identified by the
automated system, the blue arrow
denotes a druse (automated system),
exudate (retinal specialists B and C),
or no abnormality (retinal specialist
A); the green arrow denotes a cot-
ton-wool spot (retinal specialist C
and the automated system), exudate
(retinal specialist B), or no abnormal-
ity (retinal specialist A).

B

problem of clinician interobserver variability as evidenced in Fig- lesions such as exudates, beading, or hemorrhages. Judging reti-
ures 3C and 3D. nal thickening is especially difficult when using nonstereo fundus

Third, both human readers and algorithms have difficulty de-  photography for early diagnosis.*»®?' Retinal thickening without
tecting retinal thickening, especially in the absence of context context lesions, if present, will be missed by the algorithm. This
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FIGURE 3. (Continued)

D

is a downside of nonstereo fundus photography, whether read by
human experts or an algorithm, though the relative frequency of
retinal thickening without context signs may be low.**>*

Fourth, the system has been tested on a small number of
patients. If tested on a larger prospective data set, performance
may not be comparable to these results.

The ROC:s in Figure 2 are interesting because they suggest that
professional experience or training differences may affect the
performance of human experts. Retinal specialist C is an expert

on AMD research and drug trials, in addition to being an expert in
diabetic retinopathy, while retinal specialists A and B are primarily
diabetic retinopathy specialists. As Table 2 depicts, the perfor-
mance of C compared with the consensus standard on cotton-
wool spots and exudates is comparable, but C is much more
sensitive to drusen: one possible explanation is C’s heightened
awareness of subtle AMD lesions.

An important question that cannot be answered by a preliminary
study such as the present one is how the current algorithm, capable
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of detecting and differentiating exudates, cotton-wool spots and
drusen, might fit into a complete system for diabetic retinopathy
classification and healthcare delivery. We envision several different
approaches, one of which would be a system for early detection of
diabetic retinopathy in patients with diabetes who currently are not
receiving the recommended regular dilated eye examinations. Such a
system may require the following subcomponents, many of which
we and others have presented previously:

1. Quality assurance: an algorithm capable of detecting
images that are not adequate, such as flash artifacts,
blinking, blur, and cataract.?*

2. Vessel segmentation: an algorithm capable of segment-
ing the retinal blood vessels, even when disease is
present.®>>

3. Segmentation of optic disc and possibly fovea: an algo-
rithm capable of localizing and segmenting these sub-
structures.?®~2°

4. Microaneurysm, retinal hemorrhage, neovascularization,
and other retinal microvascular abnormalities: an algo-
rithm for detecting these red lesions."®

5. Exudate and cotton-wool spot detection and differentia-
tion from non-DR bright lesions: the algorithm presented
herein.

6. Combination of the outputs of these subcomponents
over multiple images of a single patient into a simple
diabetic retinopathy probability statistic.

In conclusion, we have developed and tested a machine learning
system capable of detecting exudates, cotton-wool spots, and
drusen, and differentiating among these, on color images of the
retina obtained in a population of patients with diabetes. The
performance of this proof-of-concept system has sensitivity and
specificity that approaches retinal experts. If such a system can be
improved by better quality training data and tested on larger data

IOVS, May 2007, Vol. 48, No. 5

sets, it has the potential to help prevent visual loss and blindness
in patients with diabetes.

APPENDIX: MACHINE LEARNING SYSTEM:
FEATURE CLASSIFICATION

Probability that a Pixel Is Part of a Bright Lesion

To determine the probability for all pixels in an image (in the test set)
to be part of a bright lesion, the green channel of the RGB camera
image is convolved with a set of 14 digital filters. These filters are
based on Gaussian derivatives and are invariant to rotation and trans-
lation of the image. The specific image filters used were selected
from a larger set of second-order irreducible invariants,* by using the
training images and a feature selection algorithm. If a bright lesion is
present, the combination of filter responses for pixels in or close to
that bright lesion will be different from the filter responses for
nonlesion pixels. The classifier used to classify the pixels on the basis
of the filter responses, was a k-nearest neighbor (KNN) classifier.'®
Such a classifier is capable of assigning probabilities to pixels in an
image based on the combination of filter responses and can generate
a lesion probability map (example: second row of Fig. 1) that indi-
cates the probability that each pixel is part of a bright lesion. The
kNN classifier is a machine learning algorithm and is trained by
offering it a set of training pixels from the training image set where
the classification has been established (bright lesion or nonbright
lesion).

Potential Bright Lesion Pixel Clusters

By setting the threshold at 60% (pixels with a probability higher
than 60% are considered part of a bright lesion and retained) by
grouping connected pixels above this threshold, a set of bright
lesion pixel clusters is obtained (example: third row of Fig. 3).
Because their output is required for further processing, algorithms
that perform red lesion classification, optic disc segmentation,
and vessel segmentation were applied to the images as we have

TABLE Al. Overview of the Features Used to Determine Whether a Potential Lesion Is a True Bright Lesion or a Spurious Determination

Feature Number

Description

1 Area in pixels of potential lesion.

2 Length of the perimeter in pixels of the potential lesion.

3 Compactness of the potential lesion.
4,5 Length and width in pixels of the potential lesion.

6 Mean gradient value at scale of two pixels at the potential lesion border.
7/8

Mean/standard deviation of all green channel pixels within the potential lesion after shade correction (i.e., a 48-pixel

Gaussian blurred version of the image is subtracted from the image itself).

9/10 Mean/standard deviation of all green channel pixels in a square region outside the potential lesion after shade
correction. Square region is 50 X 50 pixels unless the potential lesion is larger than 25 pixels wide or high, when the
width or height or both are calculated according to the following formula: dist = (dist/25.0f) - 50

Mean CIE (International Commission on Illumination)-LUV intensities of all pixels within the potential lesion.
Standard deviation of CIE (International Commission on Illumination)-LUV intensities of all pixels within the potential

Mean CIE (International Commission on Illumination)-LUV intensities of all pixels in the square region outside the

Standard deviation of CIE (International Commission on Illumination)-LUV intensities of all pixels in the square region

Local pixel contrast in the green channel, by subtracting the average pixel intensity within the potential lesion from the
average pixel value in a three pixel wide border around the potential lesion. The border is obtained by dilating the

Local pixel variance contrast in the green channel, similar to 23 but the variance is used instead of the average.

Same as 9/10 but pixels of other potential lesions are excluded from the outside area pixel means and standard

at scales 1,2,4,8 pixels.

X0 Ty Txyr xx0 lyy

11/12/13
14/15/16
lesion.
17/18/19
potential lesion (see formula in 9/10).
20/21/22
outside the potential lesion (see formula in 9/10).
23
potential lesion three times with a single pixel.
24
25/26 Same as 7/8 but using a locally normalized image.
27/28 Same as 9/10 but using a locally normalized image.
29/30
deviations.
31/32 Same as 9/10, but pixels of vessels are excluded from the outside area pixel means and standard deviations
33/80 Mean/standard deviation of filter outputs. Gaussian filter bank: I, I, I, I, I, I
81 Mean vessel probability at the potential lesion boundary, obtained from vessel probability map.
82 Standard deviation of vessel probability at the potential lesion boundary, obtained as before.
83 Distance in pixels to the closest red lesion.
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previously described.®'*2° That part of a bright lesion that over-
laps with the optic disc is removed at this step, using the seg-
mented optic disc. From here on, such a bright lesion pixel
cluster will be termed potential lesion.

Bright Lesion Detection

The potential lesions include potential spurious responses, most
of which occur along the major vessels and some of which are
from posterior hyaloid reflexes. A second kNN classifier was
trained by using a set of sample potential lesions extracted from
the training set to suppress spurious bright lesion clusters (Table
Al for the features used). The contrast features measure the
contrast of the cluster in multiple image RGB color planes, and
other features provide information about the size, shape, and
contrast of a potential lesion; its proximity to the closest vessel;
and proximity to the closest red lesion, as potential lesions close
to a red lesion are more likely to be true bright lesions. Each
potential lesion is thereby assigned a probability indicating the
likelihood that it is a true bright lesion. The probability that the
image contains any type of bright lesion is now given by the
maximum probability assigned to any of the potential lesions in
the image. For the final classification step, all potential lesions
with a probability below 70% were discarded. The value for this
threshold was determined on the training set, and the results
were not very sensitive to small varjations in this threshold (see
the bottom row of Fig. 3).

Bright Lesion Classification

A third classifier was trained using the bright lesion types from
the training set. The features described in Table Al, and in
addition, the following features were used:

1. The number of red lesions in the image.

2. The number of detected bright lesions from the previous
step.

3. The probability for the cluster.

A linear discriminant analysis classifier labeled all found lesions
in the test set as to whether they were exudates, cotton-wool,
or drusen.'®
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