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Proliferative diabetic retinopathy can lead to blindness. However, early recognition allows appropriate, timely
intervention. Fluorescein-labeled retinal blood vessels of 27 digital images were automatically segmented using the Gabor wavelet transform and classified using traditional features such as area, perimeter, and an additional five morphological features based on the derivatives-of-Gaussian wavelet-derived data. Discriminant
analysis indicated that traditional features do not detect early proliferative retinopathy. The best single feature for discrimination was the wavelet curvature with an area under the curve (AUC) of 0.76. Linear discriminant analysis with a selection of six features achieved an AUC of 0.90 (0.73–0.97, 95% confidence interval). The wavelet method was able to segment retinal blood vessels and classify the images according to the
presence or absence of proliferative retinopathy. © 2007 Optical Society of America
OCIS codes: 100.5010, 070.5010.

1. INTRODUCTION
Diabetes and its associated complications, including diabetic retinopathy (DR), have been identified as a significant growing global public health problem.1 Between 22%
and 36% of people with diabetes have retinopathy, and of
those one-third have vision-threatening retinopathy.2
Those with retinopathy will lose vision, leading to potential blindness and loss of quality of life if not treated.3 In
proliferative retinopathy, new blood vessels are formed
that emerge from the area of the optic disk and spread toward the macula or emerge from peripheral vessels.4
Timely intervention for diabetic retinopathy lessens the
possibility of blindness.5,6
A. Retinal Blood Vessel Segmentation
A necessary initial step in applying shape analysis to retinal blood vessels is to segment the blood vessels from the
background.7 Segmentation algorithms for retinal blood
vessels are numerous and have been described in detail
elsewhere. Different approaches have explored image processing techniques such as matched filters, mathematical
morphology, threshold probing, supervised classification,
1084-7529/07/051448-9/$15.00

deformable models, and tracking.8–14 We have developed
a supervised approach for vessel segmentation based on
the continuous wavelet transform (CWT), which has been
shown to outperform other state-of-the-art methods with
respect to receiver-operating-characteristic (ROC) analysis on public retinal image databases.15–17 This segmentation approach is applied in the present paper for the detection of proliferative retinopathy using fluoresceinlabeled images of the posterior pole. There is no difference
in principle between using fluorescein-labeled images versus images obtained using a color nonmydriatic camera,
as the segmentation algorithm is applied to the green
channel only. The CWT is a powerful and versatile tool
that has been applied in many different image processing
problems, from image coding to shape analysis.18 This
success is due largely to the fact that wavelets are especially suitable for detecting edges in signals such as blood
vessel borders and for performing fractal and multifractal
analysis.19–21 Fluorescein angiograms generally require
parameter reconfiguration for most methods in the literature. One of the advantages of our approach is that it
aims at minimizing the need for reconfiguring the automated segmentation parameters for every fluorescein im© 2007 Optical Society of America
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age by applying a supervised classification procedure that
depends only on manually segmented images to compose
a training set for segmentation.
B. Classification of Proliferative Diabetic Retinopathy
Research into automated assessment of optic fundus images has concentrated mainly on the identification of features
associated
with
nonproliferative
diabetic
retinopathy.22–25 Interpreting changes in the branching
pattern of retinal blood vessels remains a challenge in the
assessment of proliferative diabetic retinopathy (PDR). As
there is no a priori way of identifying appropriate shape
features for studying pathological changes in retinal
blood vessels, the task remains to search for new shape
features that add new explanatory power and diagnostic
accuracy. Vessel morphology has been quantified with
geometrical/metric and topological parameters such as
length, angles, branching order, tree asymmetry, bending
energy, fractal dimension, Sholl diagrams, and area of
influence.8,26–28 Early studies concentrated on the analysis of optic fundus blood vessel patterns using handdrawn vessel patterns to analyze morphological features.
These studies demonstrated that vessel occlusion and
neovascularization could be identified using a feature parameter such as fractal dimension.28 The Gabor wavelet
used here to segment the blood vessels is very efficient
through its wavelet characteristics, reducing overall computation time. The resulting vessel patterns are then
characterized by several feature parameters based on the
wavelet-derived information.
In the present paper we explore our previously described method for the segmentation of the retinal blood
vessels.17 We then show that the wavelet approach may
also be successfully used for describing structural attributes possibly associated with PDR. As PDR is defined
by a change in vessel pattern by either loss or addition of
vessels within the retina, a skeletonized vessel pattern is
sufficient for classification.
The shape features adopted here are based on calculating wavelet gradients from skeleton images, followed by
the extraction of meaningful measures, including second
wavelet moment, entropy of orientation, curvature, and
fractal dimension. Such wavelet shape features have already been successfully employed for the characterization
of another type of branching structure, i.e., neural cells.29
Hence, the results reported here show that the wavelet
approach is suitable for both segmentation and morphological characterization of retinal blood vessels in the context of proliferative retinopathy. PDR is characterized
early by the presence of ischaemic areas, where a loss of
blood vessels occurs, and later by new blood vessel formation caused by several angiogenic factors. Thus the blood
vessel pattern obtained using the Gabor wavelet for retinae with PDR should be distinctly different from those
retinae without PDR.

2. METHODS
A. Vessel Segmentation
1. Image Acquisition
Twenty-seven images (1024⫻ 1024 pixel) were obtained
using a Topcon camera linked with IMAGE 2000 software.
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Of these, 16 were of proliferative retinopathy, and the remaining 11 were without proliferative retinopathy but
with background retinopathy and other pathology. These
images were exported as TIFF images using the OBJECTIMAGE
imaging
software
(http://rsb.info.nih.gov/
nihimage/). The vasculatures were then manually traced
and automatically segmented for further analysis.
2. Wavelet Transform for Vessel Segmentation
The wavelet transform is used for two important, different purposes in the context of the present paper: vessel
segmentation and morphological characterization. First,
we applied the Gabor wavelet transform, which differentiates the blood vessels from the background in conjunction with a training set based on the manually traced
training images. The complete process has been described
elsewhere and is summarized here.17,27
The property of being well localized both in the time
and frequency domains makes wavelets adequate for local
filtering and allows detection of localized singularities,
such as blood vessels.30 The Gabor wavelet was superimposed onto each pixel of the image at various angles and
scales. To detect the blood vessels, for each scale value
chosen, the transform was calculated over the range of 0
to 170 deg, at 10 deg steps, and the feature space was updated with the maximum value at each pixel position.
Thus, the features used to identify vessel pixels were the
maximum transform responses over all angles for different scale values (to span all possible vessel widths) and
also the original pixel intensity value. The wavelet parameters associated with the Gabor wavelet (scale, frequency, elongation) were empirically determined in order
to reach the best matching between wavelet and vessels.
Once determined, the parameter configuration did not
have to be changed from image to image and represented
the final feature space for vessel segmentation.31
A normal transformation was applied to all features to
obtain dimensionless values, which allows a comparison
between features and avoids mistakes in classification
steps, since different units would affect the distance in
the feature space.18 The normal transformation is defined
as

ˆ i =

i − i
i

,

where ˆ i is the ith transformed feature, i is the ith original feature, i is the average value of the ith feature, and
i is the respective standard deviation. With the normal
transformation, all features have mean equal to 0 and
standard deviation equal to 1 with respect to the training
set.
3. Supervised Classification for Vessel Segmentation
The final segmentation was obtained by classifying the
original input image pixels into two classes, namely, vessel pixels and nonvessel pixels, according to the supervised classification approach.18 A Bayesian classifier was
adopted in which class likelihoods were described using
Gaussian mixture models, providing a fast classification
while still allowing complex decision surfaces. The class
priors were estimated by the fraction of each class’s pixels
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present in a training set composed of labeled samples,
while the distribution parameters for each class’s Gaussian mixture model were estimated from the training set
through the application of the expectation-maximization
algorithm.32
The training set was obtained from fundus images
manually segmented by an ophthalmologist, providing labeled pixels as training samples. The training samples’
features were then normalized as described above and
used to train the Bayesian classifier. The segmentation of
new images was then performed by applying the classifier, without the need of tuning any additional parameters. The segmentation process can be implemented efficiently using the fast Fourier transform and the Fourierdomain definition of the CWT for pixel feature
generation,17 which takes time ⌰共N log2 N兲, where N is
the total number of image pixels. The segmentation is obtained applying the Bayesian Gaussian mixture model
classifier to all pixels, taking an additional ⌰共N兲.
Some misclassified pixels appeared as undesirable
noise in the output, and as only boundaries were classified for some vessels, it was necessary to perform postprocessing. The postprocessing operations applied were “area
open” to eliminate small noisy components, “dilation” and
“area close” to fill the vessels, followed by “skeletonization” to extract the vessel branching pattern. The multiscale skeletonization algorithm based on exact dilations
has been applied in this last step.18 Morphological features were then extracted from the obtained vessel skeletons to distinguish such vessel patterns, as described in
the next section.
B. Determination of Morphological Features
Automated classification into retinas with or without
PDR requires high accuracy to be able to support screening programs currently carried out by ophthalmologists.
Seven morphological features associated with the skeletonized vessel pattern were determined: area, perimeter,
circularity, curvature, orientation entropy, second moment of the CWT, and correlation dimension, with physical interpretations described as below. With the exception
of the area, perimeter, and circularity, all are based on
data obtained from the application of the derivatives-ofGaussian wavelets to the automated segmented vessel
skeletons.
1. Area
The area A estimation of the binary skeletons is obtained
by simply counting the number of object pixels, taking linear time, ⌰共N兲 in asymptotic notation, where N is the
number of pixels in the image. It provides an approximation of the shape space occupation.
2. Perimeter
The perimeter P is obtained by counting the number of
pixels of the vessel skeleton contour, also in linear time
⌰共N兲.
3. Circularity
The circularity C is just the ratio between the shape
square perimeter P and its area A, i.e., P2 / A. It shows
how similar the shape is to a circumference and is rota-
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tion invariant, being often adopted as a shape complexity
measure.18 This calculation takes time ⌰共1兲.
4. Wavelet Transform for Morphological Analysis
Different differential morphological features were obtained, inspired by the shape analysis approach used for
characterization of retinal ganglion cells.29 In this paper,
we utilized the first derivative of the Gaussian function in
order to compose a wavelet gradient. Therefore, we define
two analyzing wavelets 1共x , y兲 and 2共x , y兲 as partial derivatives of the Gaussian, i.e.,

1共x,y兲 =

 g共x,y兲
x

2共x,y兲

,

 g共x,y兲
y

,

where g共x , y兲 denotes the two-dimensional (2D)
Gaussian.20 By using 1共x , y兲 and 2共x , y兲 as wavelets, we
can calculate the gradient wavelet as
T关f兴共b,a兲 =

冉

T1关f兴共b,a兲
T2关f兴共b,a兲

冊

,

where , f, b, and a denote, respectively, the analyzing
wavelet, the analyzed image, the displacement vector,
and the scale factor. The wavelet transform T关f兴共b , a兲 for
each pair 共b , a兲 is actually a vector whose components are
the respective coefficients of the wavelet transform using
1共x , y兲 and 2共x , y兲 as the analyzing wavelets. Since the
wavelet transform has been implemented so as to be calculated in the Fourier domain, the calculation of these numerical derivatives take time ⌰共N log2 N兲. The morphological features described below are calculated based on
the derivatives-of-Gaussian wavelet.
5. Curvature
The skeleton outline curvature represents how the direction of a unit tangent vector varies along the shape contour. It is described by
k=ⵜ·

ⵜf
储ⵜf储

=

fxxf2y − 2fxfyfxy + fyyf2x
共f2x + f2y 兲3/2

,

共1兲

where fx, fy, fxx, fyy, and fxy denote the first partial derivatives of f with respect to x and y, the second partial derivatives of f with respect to x and y, and the partial derivative with respect to x and y, respectively.33 These
partial derivatives are estimated using the 2D wavelet
transform in the same spirit described above for the gradients. Thus, given these partial derivatives, the curvature calculations take additional time ⌰共N兲.
6. Orientation Entropy
The orientation entropy E indicates the orientation disorder degree encountered in a shape and is obtained from
the angular distribution of the vector field defined by the
wavelet gradient, as follows:
E=−

兺 p ln共p 兲,
i

i

共2兲

i苸K

where pi is the occurrence frequency of some vector oriented toward the i direction and K is the set of bins in
the histogram. This calculation takes time proportional to
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the number of bins in the histogram, that is, ⌰共兩K 兩 兲.
7. Continuous Wavelet Transform Second
Moment
The second moment of the CWT modulus is a statistical
dispersion measure to indicate biases in the gradient vector field. If q is the CWT modulus histogram, with each
bin qi centered at i, then its CWT second moment is
m2 =

兺i q.
2

i

共3兲

i苸K

Similarly, this feature is calculated in time ⌰共兩K 兩 兲.
8. Correlation Dimension
According to chaos theory, the correlation dimension (CD)
measures the dimension of the space occupied by a set of
random points, or in other words, it gives the probability
of finding two points closer than a certain distance.28,34
This probability C共兲 varies along with the considered distance , which ranges between one pixel and the measure
of the image diagonal. Usually, one might consider the
mean, the median, or the global C共兲 value. Mathematically, CD is obtained by the correlation integral:
N

2

兺

C共兲 = lim

2
N→⬁ N i=1,j⬎i

共 − 兩Xi − Xj兩兲,

共4兲

where the Heaviside function is defined as

共 − 兩Xi − Xj兩兲 =

再

1

if 共 − 兩Xi − Xj兩 ⱖ 0兲

0

if 共 − 兩Xi − Xj兩 ⬍ 0兲,

共5兲

and the CD itself is taken as the slope of the logarithm of
the correlation integral:
C共兲 ⬀ CD .

共6兲

The CD curve itself is composed of several short straight
segments, among which the first and the last should be
disregarded, since in those regions the scales  do not
bring significant fractality information from the shape.35
To determine the upper and lower bounds that are the
singularities, we calculated the third derivative. The
third derivative locates critical points found by the second
derivative by searching for zero crossing points.36 Hence,
to find these region extremities, that is, singularities, we
calculated the third derivative from C共兲, determining its
zero crossing points, where those abrupt changes in slope
take place. The third derivative provides a vector of extremities for each segment of the curve. Thus by using the
third-derivative information, we ignore the first and the
last segments, sort the remaining ones, and take the median value, resulting in the median CD value. The global
CD value is obtained by disregarding the first slope segment and the last one and then by considering the
straight line between the points related to the second zero
crossing and the penultimate point in order to evaluate
the global slope. The correlation integral [Eq. (4)] takes
time ⌰共N2兲, being the most time-consuming feature calculation, while its derivative calculations take an additional
⌰共N log2 N兲.
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C. Statistical Analysis
Results for the features associated with automated and
manual segmentations were compared using a twosample t-test with unequal variance to test the hypothesis
that the means were not significantly different. Linear
discriminant analysis (LDA) was performed on the matrix
representing the data for each of the images (no
retinopathy/background retinopathy versus PDR). Matrices were normalized so that each feature has zero mean
and unit standard deviation followed by linear regression
A forward–backward feature-selection process using
LDA as the classifier was also applied to select the best
features. This process can be shown to be a monotonically
increasing function of the signal-to-noise ratio and, using
the area under the curve (AUC), indicates the effectiveness of the feature in discriminating between the two
groups.

3. RESULTS
The classifier output obtained from the original image is a
binary image with labeled pixels as vessel or nonvessel.
This binary image is postprocessed and skeletonized, producing the results as illustrated in Fig. 1.
Figure 2 compares the outcome of the pattern analysis
for orientation entropy and correlation integral for an image with and one without proliferative retinopathy.
Table 1 lists statistics of the seven features calculated
between the manual and the automated segmented images. Manual segmented images resulted in larger feature parameters, except for circularity. A student t-test
showed that the differences between the means of all features are statistically significant 共p ⬍ 0.001兲, except for
the entropy 共p = 0.38兲. The differences arise because more
vessels are identified by the observer than by the automated procedure.
Since we are interested primarily in automated detection of PDR, we proceed to further analyze the automated
data only. These data were normalized so that each feature has zero mean and standard deviation of one. The
ability to use each feature individually to discriminate between non-PDR and PDR is summarized in Table 2. Only
the curvature feature achieves statistical significance 共p
= 0.042兲 for a two-sampled t-test for the difference in
means between the non-PDR and the PDR classes. However we are more interested in classification ability, and
the AUC of the parametric binormal receiver operating
characteristic (ROC) was also calculated.37 The traditional features (area, perimeter, and circularity) and the
global CD are essentially random and thus have no classification ability (AUC= 0.49 in all cases). The waveletbased features (second moment, entropy, curvature, and
median CD) have some useful classification ability, with
AUCs of about 0.7. This indicates that these latter features are indeed more sensitive to the blood vessel
branching patterns throughout the retina.
The above analysis considered features in isolation. A
combination of features with an appropriate classifier
may provide better predictive ability. We first tried
forward–backward selection of features using the linear
discriminant and naïve-Bayes classifiers.32 The AUC calculated from the resultant classifier was used as the cri-
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Fig. 1. Illustration of outcome for automated and manual segmentation compared with the original gray-scale image. Overlaid skeletonized vessel pattern, in black, has been dilated for easier viewing.

terion for selection or removal of features. We report
AUCs with 95% confidence intervals (CIs) as calculated
by the ROCKIT program.37 The best features identified using forward–backward selection on the LDA classifier
were median CD and wavelet second moment with an
AUC of 0.77 (0.56–0.91). Starting with all features and removing any that improved classification led to a set of six
features (area, perimeter, entropy, curvature, median CD,
and global CD), with the LDA classifier achieving an AUC
of 0.90 (0.73–0.97). As we are interested in the improvement provided by the wavelet-based features, we also ran
LDA on the feature set comprising area, perimeter, and
circularity only, which achieved an AUC of 0.61 (0.37–
0.82). Note that LDA-based classification using traditional features (area, perimeter, and circularity) fails sta-

tistical significance for better than random classification
at 95% confidence, whereas the wavelet-based feature
achieves a statistically significant power to discriminate
between PDR and non-PDR.
The naïve-Bayes classifier shows similar results. Using
just area, perimeter, and circularity, a naïve-Bayes classifier has an AUC of 0.58 (0.37–0.78) and fails statistical
significance for better than random discriminatory power.
Using the best four features (area, second moment, entropy, and global CD) identified by forward–backward selection gives an AUC of 0.87 (0.67–0.96), which has statistically significant and useful discriminatory power. For
the naïve-Bayes classifier, as with LDA, it is necessary to
include some of the wavelet-based features to discriminate between PDR and non-PDR.
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We show in Fig. 3 the full ROC curve (fitted to the data
with the parametric binormal model due to Metz) for the
LDA classifier operating on the best six features identified
above and the ROC curve fitted to the LDA classifier operating on the traditional three features.
Using the best six features and the LDA classifier at
the operating point marked with an asterisk on the ROC
curve (Fig. 3), three images were incorrectly classified. Of
these, one was opaque and of bad quality, while the second had a venous loop present. The third was of good
quality with neovascularization present both near the
disk and in the periphery. Thus the classifier achieved 15
true positives out of 16 images (sensitivity of 94%) and 2
false positives out of 11 negatives (false-positive rate of
18%), giving a specificity of 82% using automatically segmented images.
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4. DISCUSSION
The importance of our work lies in combining automated
segmentation procedures with automated recognition of
proliferative retinopathy using features determined from
the wavelet-derived results such as second wavelet moment, entropy, and median CD. In addition we have
aimed to use a clinically relevant sample that included
images where the quality was not optimal and those with
panretinal laser surgery scars, diverse progression of retinopathy, and proliferation showing either as areas of ischaemia or as new blood vessels near the optic disk or in
the periphery. The results obtained were produced using
the same configuration parameters for all images; preprocessing and optic disc removal to improve the vessel segmentation were also not required owing to the nature of

Fig. 2. (Color online) Correlation integral and wavelet histogram for the orientation entropy comparing an image with neovascularization to one with no neovascularization. Vertical lines on the log–log correlation integral indicate upper and lower bounds (see text).
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Table 1. Feature Comparison for Manual and Automated Segmented Images

Feature
Area
Perimeter
Circularity
Second moment
Entropy
Curvature
Median CDc
Global CD
a

Mean ± standard deviation.

b

Nonsignificant.

c

Manual
Segmentation
共Mean± SD兲a

Automated
Segmentation
共Mean± SD兲

t-Statistic

p-Value

102,000± 23,000
31,200± 5200
13,500± 3000
4362± 25
5.63± 0.01
178.0± 3.9
1.67± 0.1
1.58± 0.04

24,600± 5200
24,400± 8400
24,300± 5100
1080± 24
5.62± 0.02
133.6± 4.3
1.42± 0.1
1.49± 0.04

−17.0
−6.74
9.38
−493
−0.9
−39.9
−11.8
−8.2

⬍0.0001
⬍0.0001
⬍0.0001
⬍0.0001
0.38b
⬍0.0001
⬍0.0001
⬍0.0001

Correlation dimension.

Table 2. Comparison between Nonproliferative and Proliferative Diabetic Retinopathy for the Eight
Features Analyzed
Feature
Area
Perimeter
Circularity
Second moment
Entropy
Curvature
Median CDb
Global CD
a

Area under curve.

b

Correlation dimension.

Non-PDR

PDR

t-Statistic

p-Value

AUCa

0.038± 0.82
0.040± 0.82
0.041± 0.82
−0.35± 0.63
−0.41± 1.3
−0.46± 0.85
−0.44± 1.1
−0.065± 0.82

−0.026± 1.1
−0.027± 1.1
−0.029± 1.1
0.24± 1.1
0.28± 0.65
0.31± 1.0
0.30± 0.87
0.45± 1.1

0.169
0.178
0.186
−1.74
−1.64
−2.15
−1.93
−0.292

0.87
0.86
0.85
0.095
0.12
0.042
0.068
0.77

0.49
0.49
0.49
0.72
0.70
0.76
0.70
0.49

Fig. 3. ROC curve for automated segmented images using the
set of six best features. ⴱ is operating point; solid curve, six best
features; dashed curve, traditional features (area, perimeter,
circularity).

the wavelet transform. This is a major step forward in automated segmentation and analysis, as it decreases the
computation time and operator involvement.10 Nevertheless differences between manual and automated segmentation can be noted (Fig. 1). Quality of an image associated either with methodology or with pathology
influences not only automated methods but also manual
segmentation, as can be seen in the STARE database
(http://www.parl.clemson.edu/stare/). These errors are,

however, randomly distributed across the nonproliferative and proliferative retinopathy images and should not
have influenced the outcome of our classification.
Previous work comparing the CWT with other segmentation methods using the STARE and DRIVE database
images as the gold standard showed that supervised
learning and adaptive thresholding obtained a greater
than 75% sensitivity for vessel segmentation.15 A comparison of six segmentation methods, including our CWT,
indicated a similar outcome, with the sensitivity and
specificity being greater then 80%.16
Ophthalmologists have an 80% to 95% success rate in
identifying proliferative retinopathy. This success rate decreases with eye media opacification and for identifying
earlier stages of proliferation. However nonspecialists
perform no better than chance (50%).38 Traditional features such as area or perimeter are not sensitive enough
to discriminate between the nonproliferative retinopathy
and the retinal fundi displaying neovascularization. This
is because area and perimeter pick up only the total
amount of vasculature, whereas PDR involves a reconfiguration of the vasculature. It is necessary therefore to
use features that are sensitive to the branching and
space-filling nature of the vessel pattern, such as the
wavelet-based features that we employed.
Our feature analysis suggests that utilizing the six best
features, which include median correlation dimension,
curvature, and entropy, provides the most accurate clas-
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sification, with 94% sensitivity and 82% specificity. The
three images classified incorrectly included one with
opacity, while another had advanced nonproliferative retinopathy, and the third had a venous loop and Hollenhorst plaques in addition to the presence to diabetic retinopathy. As such, including additional image analysis
tools such as a microaneurysm detector may improve
these findings. The use of digital nonmydriatic color images for routine community screening has been shown to
be effective but will lead to a further challenge for detecting early-stage proliferative retinopathy using automated
methods. In addition, classifiers other than the LDA or
naïve-Bayes reported here may also improve the classification results, and this is currently being investigated on
a larger set of images.
One of the advantages of our morphological feature set
is that it identified images that contain neovascularization within the retina but not in the view of the posterior
pole, suggesting that peripheral changes associated with
neovascularization lead to a remodeling throughout the
retina.
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