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with blood vessels. For each considered set of
scale parameters, we were interested in Gabor
filter response with maximum values over all
possible orientations. These values were then
taken as the main components of the pixel
feature vectors.

To determine the optimal window size for
extracting the most relevant local information
of the image, we examined various sizes and
obtained the best results with a 3x3 window
size. Here, a balanced dataset of vascular
and non-vascular pixels was established to
eliminate any possible bias towards either of
the two classes. Our representative learning
dataset comprised of 125,000 vessel and 125,400
non-vessel pixels randomly collected from 20
retinal images. This dataset was then divided
into a training set, a validation set, and a test
set in a 65:10:25 ratio.

We employed a three-layer perceptron NN
with a 15 node input layer corresponding to
our feature vector. We experimented with a
hidden layer with a range of 2 to 20 hidden
units to find the optimum architecture. A
single output node gave the final classification
probability. The network was trained using
standard Back-Propagation learning method.!?
The classifier error was calculated using pixels
from validation set after each iteration of
training. The NN performance was measured
using the previously unseen features from the
test set in the usual terms of sensitivity and
specificity. Sensitivity is the ratio of true positive
(TP) decisions to all positive decisions, while
specificity is the ratio of true negative (TN)
decisions to all negative decisions.!? Another
reported measure, the accuracy, is the ratio
between the total number of correctly classified
vascular pixels to all instances existing in the
test set.

The classical tool to achieve tradeoff
between sensitivity and specificity criteria is
the Receiver Operating Characteristics (ROC)
curve.!® This curve is typically plotted with
the TP fraction against the FP fraction. The
bigger the area under the ROC curve (A,),
the higher the probability of making a correct
decision. Figure 2 compares the behavior of
the optimum NN classifier for the full range
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Figure 2. Optimum neural network (NN) based receiver-
operating characteristic curve.

of output threshold values. The optimum NN
classifier achieved very good performance
with A, value of 0.967. Thus, we opted for
this optimum NN model due to its superior
performance in classification of retinal pixels
into vascular and non-vascular classes.

RESULTS

Figure 3(b) shows the corresponding maximum
Gabor filter response for the image shown in
Figure 3(a) where ¢ was chosen to be 7.
Table 1 compares classification performances
for two other classifiers, i.e. KNN and QG
against the best results obtained with the NN.
The combination of selected features provided
a good classification performance for all the
classifiers. Overall, the classification analysis
indicated that the best optimum classifier
for distinguishing vascular pixels is a NN
classifier with 10 hidden units. The second best
performance was achieved by KNN classifier,
while QG yielded the lowest performance.
Figure 3(c) illustrates the final segmented
vessels identified based on the proposed
approach. Similarly, Figure 4 illustrates a

Table 1. Optimum classification results for different
classifiers (values in %)

Classifier Specificity Overall Accuracy  Sensitivity
KNN (K=5) 91.9 92.6 93.5
QG 88.3 89.1 90.0
NN 97.3 96.9 96.8

KNN, K-Nearest Neighbors; QG, Quadratic Gaussian; NN,
Neural Networks
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Figure 3. Maximum Gabor filter response for different orientations: (a) a typical retinal image, (b) maximum Gabor
filter response (c =7), (c) neural network based classified vessels.

typical abnormal retinal image from the image
dataset that has been classified at pixel level
using the optimum NN classifier. The manually
segmented vessels and the final extracted
blood vessels are also shown in this figure.
Although, the majority of large and small
vessels were detected, there was erroneous
detection of noise and other artifacts. The
majority of errors were due to background
noise and non-uniform illumination across the
retinal images, the border of the optic disc and
other types of pathology such as false positive
pixels in Figure 4(c) that present strong contrast.
Another difficulty was the lack of precision
in capturing some of the thinnest vessels that
are barely perceived by human observers. In
fact, small retinal vessels usually have poor
local contrast and almost never have ideal
solid edges.

DISCUSSION

Retinal blood vessel segmentation is the key
step in diabetic retinopathy screening systems
because vessels act as the landmarks for other
structures such as the optic disc and fovea.
This requires reliable automated detection
of blood vessels preserving various vessel
measurements. In the past years, several
approaches for extracting retinal image vessels
have been developed which can be divided
into two groups; one consists of supervised
classifier-based algorithms and the other
utilizes tracking-based approaches. Supervised
classifier-based algorithms usually comprise of
two steps. First, a low-level algorithm produces
segmentation of spatially connected regions.
These candidate regions are then classified
as vascular or non-vascular. In a study by

Figure 4. Extracted blood vessels: (a) a typically abnormal retinal image, (b) manually labeled vessels, (c) neural
network based classified vessels.
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Tamura et al'4, regions segmented by a user-
defined threshold were classified as vascular or
lesion according to their length-to-width ratio.
In the study by Leandro et al'> the application
of mathematical morphology and wavelet
transform was investigated for identification
of retinal blood vessels. In a follow-up study, a
two-dimensional Gabor wavelet was utilized to
initially segment the retinal images. A Bayesian
classifier was then applied to classify extracted
feature vectors as vascular or non-vascular.’®

Tracking-based approaches utilize a profile
model to incrementally step along and segment
a vessel. In another study by Tamura et al'’, a
Hough transform was used to locate the papilla
in retinal images. Vessel tracking proceeded
iteratively from the papilla, halting when the
response to a one-dimensional matched filter
fell below a given threshold. In the study by
Tolias and Panas'$, the tracking method was
driven by a fuzzy model of a one-dimensional
vessel profile. One drawback to these approaches
is their dependence upon unsophisticated
methods for locating the starting points, which
must always be either at the optic nerve or
at subsequently detected branch points. In a
paper by Zana and Kelin'?, blood vessels were
detected by means of mathematical morphology.
In the study by Al-Rawi and Karajeh??, matched
filters were applied in conjunction with other
techniques such as genetic algorithms and
piecewise thresholding.

In the current study, we presented a novel
automated blood vessel extraction technique
using Gabor filter-based extracted features
and NN classifiers. Our results suggest that
pixel-level classification in conjunction with
Gabor filter responses, feature extraction
and NN classifiers can provide robust blood
vessel segmentation while suppressing the
background. Apart from NN classifiers, we
investigated other classifiers such as KNN and
QG. We found that an NN based on the back-
propagation learning method could provide the
best overall diagnostics with 96.9% accuracy,
96.8% sensitivity, and 97.3% specificity, where
the trade-off between sensitivity and specificity
was appropriately balanced for this particular
application.

Table 2. Comparison of different blood vessel identifica-
tion techniques in terms of A,

Blood Vessel Area Under the ROC Curve
Extraction Method (A)
Chaudhuri et al2! 0.787
Zana & Kelin23 0.898
Jiang & Mojon?? 0.911
Niemeijer et al?* 0.929
Soares et al'® 0.961
Current study 0.967

ROC, receiver-operator characteristic.

In order to compare our results with the
most relevant works in the literature, the
performance of five different algorithms all
of which had been evaluated using DRIVE
dataset were compared.1¢2122 Table 2 shows an
overview of the results for different methods
in terms of the area under the ROC curve (A,).
As evident, the area under the ROC curve
in our method reached a value of 0.967 and
is favorably comparable and to some extent
higher than previously reported accuracies
which range from 0.787 to 0.961.

In conclusion, our proposed vessel
extraction technique does not require any user
intervention, and has consistent performance in
both normal and abnormal images. A perfect
medical system would yield an area under ROC
curveof 1, however, a value of 0.967 in our study
is higher than that of other previously reported
vessel segmentation methods. The results
demonstrated herein indicate that automated
identification of retinal blood vessels based on
Gabor filter responses and NN classifiers can
be very successful. Hence, eye care specialists
can potentially monitor larger populations
using this method. Furthermore, observations
based on such a tool would be systematically
reproducible.
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