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Abstract Extraction of blood vessels from retinal fundus images is a primary
phase in the diagnosis of several eye disorders including diabetic retinopathy, a
leading cause of vision impairment among working-age adults globally. Since
manual detection of blood vessels by ophthalmologists gets progressively difficult
with increasing scale, automated vessel detection algorithms provide an efficient
and cost-effective alternative to manual methods. This paper aims to provide an
efficient and highly accurate algorithm for the extraction of retinal blood vessels.
The proposed algorithm uses morphological processing, background elimination,
neighborhood comparison for preliminary detection of the vessels. Detection and
removal of fovea, and bottom-hat filtering are performed subsequently to improve
the accuracy, which is then calculated as a percentage with respect to ground truth
images.
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1 Introduction

According to the World Health Organization (WHO), diabetic retinopathy (DR) is
one of the major causes of blindness and occurs due to long-term damage to the
blood vessels in the retina. It is a microvascular disorder resulting due to prolonged,
unrestrained suffering from diabetes mellitus and attributes to 2.6% of global
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blindness [7]. Early detection/screening and suitable treatment have been shown to
avert blindness in patients with retinal complications of diabetes. Retinal fundus
images are extensively used by ophthalmologists for detecting and observing the
progression of certain eye disorders such as DR, neoplasm of the choroid, glau-
coma, multiple sclerosis, age-macular degeneration (AMD) [9]. Fundus pho-
tographs are captured using ‘Charge-coupled Devices’ (CCD), which are cameras
that display the retina, or the light-sensitive layer of tissue in the interior surface of
the eye [1, 9]. The key structures that can be visualized on a fundus image are the
central and peripheral retina, optic disk and macula [1, 2]. These images provide
information about the normal and abnormal features in the retina. The normal
features include the optic disk, fovea, and vascular network [9]. There are different
kinds of abnormal features caused by DR, such as microaneurysms, hard exudates,
cotton-wool spots, hemorrhages, and neovascularization of blood vessels [3, 4].
Detection and segmentation of retinal vessels from fundus images is an important
stage in classification of DR [5]. However, manual detection is extremely chal-
lenging as the blood vessels pictured in these images have a complex arrangement
and poor local contrast, and the manual measurement of the features of blood
vessels, such as length, width, branching pattern, and tortuosity, becomes cum-
bersome. As a result, it extends the period of diagnosis and decreases the efficiency
of ophthalmologists as the scale increases [4]. Hence, automated methods for
extracting and measuring the retinal vessels in fundus images are required to save
the workload of the ophthalmologists and to aid in quicker and more efficient
diagnosis.

The paper is organized as follows: Sect. 2 enlists previous attempts at deriving
algorithms for segmentation of retinal features and detection of diabetic retinopathy.
The proposed algorithm is an attempt to automate the process of retinal blood vessel
detection as described in Sect. 3. Section 4 provides the result of application of the
algorithm on the DRIVE database in terms of the accuracy of detection, sensitivity,
and specificity. A comparison is provided between the average accuracies attained
using existing algorithms and that of the proposed algorithm. It is seen that the
proposed algorithm provides the highest accuracy of detection with a mean of
96.13%.

2 Literature Survey

Over the past decade, many image analysis methods have been suggested to
interpret retinal fundus images based on image processing and machine learning
techniques. Chaudhuri et al. [3] proposed an algorithm that approximated intensity
profiles by means of a Gaussian curve. Gray-level profiles were derived along the
perpendicular direction to the length of the vessel. Staal et al. proposed an algorithm
for automated vessel segmentation in two-dimensional retinal color images, based
on extraction of image ridges, which coincide approximately with vessel centerlines
[11]. Chang et al. proposed a technique for the segmentation of retinal blood vessels
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[2] that overcame the problem of Ricci and Perfetti [8] method which erroneously
classified non-vessel pixels near the actual blood vessels, as vessel pixels. Fraz et al.
proposed a hybrid method using derivative of Gaussian for vessel centerline
detection and then combining them with vessel shape and orientation maps [4].
Zhang et al. proposed a method based on Derivative of Gaussian (DoG) filters and
matched filters for vessel detection [4]. Soares et al. used Gabor filter at various
scales to detect features of interest, followed by a Bayesian classifier for accurate
classification of features [10]. Salazar-Gonzalez et al. proposed a method based on
graph cut technique and Markov random field image reconstruction method for
segmentation of the optic disk and blood vessels [9]. Miri et al. proposed a method
based on curvelet transform to enhance vessel edges, followed by morphological
operations to segment the vessels [6]. Marin et al. proposed a method based on
neural network schemes for classification of pixels and a seven-dimensional vector
for pixel representation [5].

3 Algorithm

3.1 Preprocessing

3:1:1 The green channel Ig
� �

from the RGB image is extracted, as all the essential
features are prominent in this channel.

3.2 Vessel Enhancement

3:2:1 Bottom-hat filtering is applied on Ig to preserve the sharp bottoms and
enhance contrast. The bottom-hat transform is obtained as the difference
between the morphological closing of Ig, using a disk structuring element S,
and Ig, as in Eq. (1)

I1 = Ig ⋅ S
� �

− Ig ð1Þ

3:2:2 Contrast-limited adaptive histogram equalization is performed on image I1
and then filtered with a 3 × 3 median filter to remove spurious non-vessel
pixels, generating image I2.

3:2:3 I2 is then binarized using Otsu’s threshold, to generate image I3.
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3.3 Separation of Image Background

3:3:1 The background IB of image Ig is separated using a disk averaging filter of
radius 30 units, corresponding to the size of the optic disk, the largest
feature in the retinal fundus image.

3:3:2 The contrast of the image Ig is enhanced by scanning the entire image with a
9 × 9 window. For each 9 × 9 region, the average of the pixel intensities
in the mask is calculated. The pixels whose intensities are less than the
average intensity are suppressed.

3:3:3 The enhanced image I4 is subtracted from the background IB to obtain
image I5.

3:3:4 Pixel intensities in I5 are amplified to obtain image I6.

3.4 Vessel Reconstruction

3:4:1 The images I3 and I6 are compared, and the presence of common edge
points in both the images is considered to be a vessel in the final image I7.

3:4:2 The bridge morphological operation is applied on the image to eliminate
discontinuities in the detected vessels, generating image I8.

3.5 Removal of Fovea

3:5:1 Ig is closed with a structuring element S to obtain Iclose using Eq. (2).

Iclose = Ig ⊕ S
� �

⊖ S ð2Þ

3:5:2 I9 is generated through

I9 = Ig × Ir, ð3Þ

where Ir is the red channel of the RGB image.

3:5:3 Iad = adjust I9ð Þ, where Iad is the adjusted image I9 obtained after mapping
the intensities in gray scale image I9 to new values in Iad such that 1% of
data is saturated at low and high intensities of I9.
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3:5:4 The image Iad is filtered with a disk structuring element with size 10 units to
obtain image Iback .

3:5:5 Image I10 is obtained by adding the closed image and the background image
Iback using Eq. (4).

I10 = Iclose + Iback ð4Þ

3:5:6 Image I11 is obtained by

I11 = ðI10÷IMÞ+ Icmask ð5Þ

where Imask is the retinal mask. This is followed by suppressing the pixels greater
than 1 down to 1.

3:5:7 Image I12 is generated by Eq. (6):

I12 = Ic11 − adjustðIgÞ
� �

× I11 ð6Þ

3:5:8 A 40 × 40 mask Mfovea, derived from a standard retinal scan, is used as a
template, and the coordinates of the center pixel of the region in image I12
with the closest match to the template are taken as the centroid of the fovea
xfovea, yfovea
� �

.
3:5:9 The image I12 is scanned to determine the coordinates of each fovea pixel

x, yð Þ, where each such point satisfies the equation:

xfovea − x
� �2 + yfovea − y

� �2� �
≤D2

fovea ð7Þ

All such pixels are raised to the maximum intensity, and all other pixels are
suppressed in the binary image Ifov.

3:5:10 The final vessel extracted image Ivess is obtained by,

Ivess = I8 − Ifov ð8Þ

Figure 1 illustrates the outputs of each stage of the algorithm for one of the
images from the database.
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4 Results

The algorithm was applied on the DRIVE database and the accuracy of detection
was calculated for each image, using the ground truth images provided in the
database, with the help of the following concepts [4]:

• True Positives refer to vessel pixels that are correctly identified. TP refers to the
number of pixels which have high intensity value both in the algorithm output
and the ground truth.

• True Negatives refer to pixels that have not been identified both in the ground
truth and the algorithm output; that is, they are correctly identified to be of no
importance. TN refers to the number of pixels which have low intensity both in
the algorithm output and the ground truth image.

• False Positives refer to pixels which have been incorrectly identified. FP refers
to the number of pixels which have high intensity in the algorithm output but
low intensity in the ground truth image.

• False Negatives refer to pixels which have been missed out incorrectly. FN
refers to pixels that have low intensity in the algorithm output but high intensity
in the ground truth image.

Fig. 1 a Input RGB image, b green channel extracted image, c fovea detected image, d output of
background subtraction and subsequent binarization, e output of bottom-hat filtering and
subsequent binarization, and f final vessel detected image
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• Sensitivity, also called the true positive rate (TPR), refers to the proportion of
positives correctly identified. It is calculated as

TPR =
TP

TP+FN
ð9Þ

• Specificity, also called the true negative rate, refers to the proportion of negatives
correctly identified. It is calculated as

TNR =
TN

TN +FP
ð10Þ

• Accuracy refers to the accuracy of vessel detection and is calculated as

ACCURACY =
TN +TP

TN + TP+FN +FP
ð11Þ

Table 1 List of accuracy of
detection for individual
images in the DRIVE
database

Image Sensitivity Specificity Accuracy

1 85.0474 97.4018 96.4811
2 89.6314 97.2853 96.6372
3 82.8067 97.013 95.961
4 90.5944 96.7619 96.372
5 87.7838 97.6173 96.9557
6 88.6166 96.3499 95.8343
7 67.4681 98.014 95.5998
8 70.0436 98.12 96.1504
9 84.5238 96.8746 96.1232
10 83.3954 97.7128 96.8502
11 78.8614 97.4582 96.0504
12 77.9111 97.7181 96.2123
13 88.4261 95.7812 95.2658
14 69.7081 98.3221 95.8862
15 66.8843 97.6951 95.2355
16 86.5485 97.4616 96.6857
17 75.8418 97.9193 96.3296
18 86.4698 96.9589 96.1859
19 90.8799 96.5181 96.1026
20 87.4021 96.3836 95.7786
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Application of the algorithm on the DRIVE database images yielded accuracy of
detection in the range of 95–97% with a mean of 96.13%. Table 1 lists out the
individual accuracy of detection for each of the images. Table 2 tabulates the
average accuracies of existing methods along with that of the proposed method.

5 Conclusion

The proposed algorithm extracts the retinal vessels in a fundus scan with a stable
accuracy. The resulting vessel extracted image can be used as a tool for classifi-
cation of various eye disorders like diabetic retinopathy (DR). This algorithm
provides an integrated approach to a vital step in the diagnostic procedure of DR.
The high accuracy of the proposed algorithm can thus improve the accuracy of
detection of DR when used in conjunction with other relevant algorithms for
detection of exudates, hemorrhages, and other retinal abnormalities.
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