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Abstract

Purpose The retina features the only blood vessel network in humans that is visible in a non-invasive imaging method. This,
along with uniqueness and stability throughout life in healthy subjects, makes it an ideal target for personal identification methods
in biometric systems and also for the screening and diagnosis of diseases. However, retinal images usually present low contrast of
the vessels in relation to the retinal background and high level of noise stemming mainly from the acquisition process. This work
aims to reduce noise and improve contrast to increase the accuracy of retinal vessel segmentation.

Methods 2D Gabor wavelet (GW) is usually employed to reduce noise and improve vessel contrast in relation to the background.
In this work, it is proposed that, before the thresholding, the GW output images are partitioned into 20 sub-images in such a way
that each can be treated independently.

Results The images used were obtained from two public databases, DRIVE and STARE, and the algorithm was developed in
MatLab® environment. The proposed approach reached an accuracy of 96.15%, sensitivity of 73.42%, and specificity of 98.30%
in DRIVE. In STARE, the accuracy was 94.87%, sensitivity 71.74%, and specificity 96.93%.

Conclusion The methods proposed by the authors indicate gains in accuracy and specificity in the automatic detection of retinal
vessels, in both databases used, when compared with those in the main published works. The accuracy is also higher than the
94.73% in interobserver accuracy previously determined as the gold standard.

Keywords Low contrast - Denoising - 2D Gabor wavelet - Image partitioning - Image thresholding - Segmentation of retinal
vessels

Introduction

The study of retinal blood vessels has generated great interest
in current research. It represents a reliable source for systems
that use biometrics (Akram et al. 2011; Fatima et al. 2013;
Waheed et al. 2015) since these vessels are visible in a non-
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invasive imaging method (Fraz et al. 2014) and are unique and
stable throughout life in healthy subjects (Akram et al. 2011).

Retinal blood vessels can also be used for screening and
diagnosis of several diseases (Abramoff et al. 2010), including
diabetic retinopathy, the leading cause of blindness in
working-aged people. This disease alone is responsible for
close to 5 million cases of blindness each year, all of which
are potentially preventable (World Health Organization 2019).
The analysis of the retinal blood vessels is, therefore, of vital
importance (Haleem et al. 2015).

The current clinical practice is that retinal images are taken
through a procedure called retinography, usually performed by
technicians. The acquired images are typically evaluated by an
ophthalmologist, preferably one who is also a retina specialist,
according to personal clinical experience. It has been shown
that there is only mild interobserver reliability among

@ Springer


http://crossmark.crossref.org/dialog/?doi=10.1007/s42600-019-00028-9&domain=pdf
http://orcid.org/0000-0002-0957-1817
mailto:lucianamorimm@gmail.com

Res. Biomed. Eng.

ophthalmologists, nurses, and ophthalmic photographers
(Ruamviboonsuk et al. 2006) and even doctors who may be
diabetes specialists but not ophthalmologists commit a high rate
of serious diagnostic errors, reaching up to 50% (Lienert 1989).

Manual segmentation is highly time-consuming, demands
proper training, and involves subjective analysis from those
who perform it (Ali et al. 2017). It is reasonable to expect that
fatigue of human observers might cause a loss in segmentation
precision over time in real-life scenarios (Niemeijer et al.
2004).

Thus, automatic detection becomes a necessary and indis-
pensable tool in these processes, for it would be an invaluable
contribution if we consider the large number of patients
screened, the need for periodical exams (at least once a year
per patient), and the high cost of a specialized professional.

The greatest difficulty encountered in automatic detection
of blood vessels is that retinal images generally present low
contrast of the vessels in relation to the background and high
noise level, mainly stemming from the acquisition process
(Ali et al. 2017; Gou et al. 2017; Miri and Mahloojifar 2009;
Razban et al. 2016; Shahnazi et al. 2007). These images can
be acquired through fundus image cameras used by ophthal-
mologists (Akram et al. 2011; Haleem et al. 2015), but illumi-
nation is often irregular (Ali et al. 2017). Moreover, patholo-
gies may create “false” vessels, which introduce error into
their standard structure (Ali et al. 2017; Razban et al. 2016).
Even eyelashes, eyelids, or dust on the optic surface hinder
proper vessel detection (Haleem et al. 2015).

Miri and Mabhloojifar (2009) developed an algorithm for
enhancing retinal image contrast with edge enhancement
without noise amplification. This proposal is based on the
second generation of the curvelet transform coefficients. The
method developed by Akram et al. (2009) combines the 2D
Gabor wavelet transform, hereafter referred to as of 2D Gabor
wavelet or GW, which accentuates the vascularization pattern.
As it results in a blurred image, a sharpening filter is used to
improve that visualization by sharpening the edges. AlZaid
et al. (2018) used Gabor filter for contrast enhancement. The
appearance of the vessels is modified as this filtering uses the
directional field method to determine the orientation of the
image’s scanning angle, which ranges from 0° to 180°.

In addition to the low contrast, estimating the width of the
retinal vessels in the images with non-uniform contrast is an-
other factor that hinders its extraction, especially for thinner
vessels, which are difficult to detect. Gou et al. (2017) pre-
sented an extraction method that improves the detection of
such thin vessels by determining scales for the Gaussian filter.
The image is divided into sub-images of equal size and the
scale of each sub-image is allocated according to the local
histogram. Shahnazi et al. (2007) used wavelet energy feature
(WEF) to distinguish vessels with different diameters. That
choice is due to the WEF’s ability to show the energy dis-
tribution in different directions and levels of wavelet
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decomposition of the vessels, allowing the correct identifi-
cation and consequent segmentation.

In order to perform retinal vessel segmentation, Ali et al.
(2017) proposed the combination of automatic threshold and
2D Gabor wavelet. The image from the green channel is used
as input, and then the contrast-limited adaptive histogram
equalization (CLAHE) algorithm is used followed by back-
ground normalization to enhance contrast. The output image
of the CLAHE and the original green channel image are
binarized after being processed by GW and combined using
the OR logic operation in order to obtain a better vessel ex-
traction. Morphological operations are employed to remove
pixels detected wrongly. A similar proposal was presented
by Nugroho et al. (2017). Initially, the green channel is
extracted, and then a complement operation is applied
followed by CLAHE and the opening operation. Next, the
2D Gabor wavelet is applied. The image binarization,
closing operation, and morphological reconstruction of the
vessels are performed based on the concept of dilation and
connectivity. Razban et al. (2016) combined the 2D Gabor
wavelet and fuzzy mathematical morphology, estimated the
region of interest (ROI) through GW, and used fuzzy opera-
tions on the modified top-hat transform to segment the retinal
vessels. The proposal in Soares et al. (2006) for segmentation
was to classify each pixel as a vessel or background based on
the pixel’s characteristic vector. Those vectors are formed by
the pixel intensity in the green channel and the GW responses
and are calculated by varying the scale.

Veras et al. (2013) proposed an algorithm for the detection
and segmentation of fat deposits in the retina, called exudates.
Such fat deposits are a sign of diabetic retinopathy. The
authors used the combination of mathematical morphology,
nebulous grouping, and a stage of optical disc detection,
which resulted in the elimination of false candidates for
exudates and consequent improvement in the accuracy rate.
The work of Arthur et al. (2017) consisted of an algorithm to
identify macular dysfunction, as people with diabetes usually
present changes in the foveal avascular zone (FAZ) prior to
retinopathy. The descriptors used are based on Hu’s moments
invariant from the foveal avascular zone and the algorithm
performs the automatic segmentation of that region, classify-
ing it as normal (healthy) or abnormal (sick).

The articles by Akram et al. (2011), Fatima et al. (2013), and
Wabheed et al. (2015) performed the extraction of retinal blood
vessel with the purpose of being used in the recognition of an
individual. 2D Gabor wavelet was used in pre-processing for
contrast enhancement and noise filtering, and then an adaptive
threshold was applied for vessel segmentation. In Waheed et al.
(2015), a vessel validation stage was incorporated based on
characteristics such as shape and intensity.

The aim of this work is the automatic and precise segmen-
tation of the retinal vessels based on the association of the 2D
Gabor wavelet and the partitioning of the image before the
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thresholding. In this way, it was possible to reduce the noise
and improve the contrast, achieving greater segmentation ac-
curacy in comparison with the main published related works.
The proposed scheme comprises the stages in pre-processing,
when the 2D Gabor wavelet is applied for contrast and noise
filtering improvement, and the segmentation stage, where im-
age partitioning and thresholding are performed using the
Otsu. The proposed algorithm was developed in MatLab®
environment and the images used were obtained from public
databases, DRIVE and STARE. The results obtained were
compared with the results presented by Soares et al. (20006),
Akram et al. (2009), Ali et al. (2017), Gou et al. (2017),
Nugroho et al. (2017), and AlZaid et al. (2018), proving the
improvement in the specificity and accuracy criteria.

Methods

The process of extracting retinal blood vessels comprises the
stages of pre-processing and segmentation, as shown in the
methodology diagram in Fig. 1. Pre-processing aims to im-
prove contrast and noise filtering. Segmentation, in turn, cat-
egorizes the image pixels into vessels or background.

The retinal images were obtained from two public data-
bases named DRIVE and STARE. The images of DRIVE

RGB Image

’ Green Channel Extraction ‘
; v
’ Complement Operation ‘
| )
’ 2D Gabor Wavelet ‘
| ! |
’ Sharpening Filter ‘ Pre-Processing |
e
’ Image Partition ‘ i
v
Thresholding — Otsu’s Method
¥

Image Reconstruction

| |
| : |
’ Opening Operation ‘
| |
| |

v

Image Background Extraction

v

Retina Edge Extraction — Canny Detector

Segmentation |

_____________________________________________________________________________________________

Segmented Image

Fig. 1 Diagram of the proposed methodology

database were extracted through a screening program for dia-
betic retinopathy carried out in the Netherlands (Staal et al.
2004). This database provides 40 images: 20 for training and
20 for testing. It also supplies the manual segmentation of
vasculature that is performed by professionals and a
delimiting mask of the region corresponding to the field of
view for all images. The STARE database consists of 400
retinal images and 20 manually segmented images (Hoover
et al. 2000).

Pre-processing

The images provided by the databases are colored in RGB
color space. By visual inspection, it can be observed that the
green channel presents better contrast than the others, being
preferably used in the segmentation processes in available
literature, and also selected in this work (Akram et al. 2011;
Ali et al. 2017; Fatima et al. 2013; Gou et al. 2017; Miri and
Mahloojifar 2009; Nugroho et al. 2017; Razban et al. 2016;
Soares et al. 2006). Figure 2 shows an original image, each of
the RGB channels separately and each channel’s correspond-
ing histogram.

Note that the green channel histogram shown in Fig. 2c is
bimodal, leading to the false assumption that global
thresholding using the Otsu algorithm is sufficient for retinal
vessel segmentation. However, it is important to observe that
the image has a high noise level. The dark pixels in the histo-
gram represent the background pixels of the image (which will
be removed later) and, for the most part, the thicker vessels.
Most of the fine vessels have medium gray intensity and pres-
ent a lower contrast to the retinal background. Thus, applying
the Otsu algorithm without the pre-processing step would seg-
ment satisfactorily only the thick vessels. This would reduce
sensitivity and therefore accuracy. However, a processed im-
age with lower noise content and sharper contrast between the
thin vessels and the retinal background is required. The in-
crease of thin vessel-background contrast can be obtained by
applying the 2D Gabor wavelet transform, in the same way as
the works of Akram et al. (2011), Akram et al. (2009), Ali
et al. (2017), Fatima et al. (2013), Nugroho et al. (2017),
Razban et al. (2016), Soares et al. (2006), and Waheed et al.
(2015).

Before applying the Gabor wavelet transform, it is impor-
tant to apply a complement operation on the green channel
image so that the blood vessels are lighter than the background
(Nugroho et al. 2017).

The Wavelet transform is a multiresolution analysis tool
that allows us to decompose and represent a function in the
space-frequency domain, in a two-dimensional case. The one-
dimensional Gabor function consists of a complex exponen-
tial located around x =0 and surrounded by a Gaussian win-
dow. The Gabor wavelets are then created by the dilation and
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Fig. 2 Retinal image, color
channels, and histograms. a)
Original image. b) Separation of
red, green, and blue channels. c)
Histograms corresponding to
each channel

displacement of the elementary function, called the mother
wavelet (Bafina 2011).

The Gabor wavelet function of x is given by (Soares et al.
2006):

o) = exp(ikorjexp 3 A )

where k is the frequency of the complex exponential and
A = diag {e%l, 1] , €>11s a2 x 2 diagonal matrix that defines

the filter anisotropy.

The 2D Gabor wavelet transform performs noise filtering
and edge enhancement, highlighting the hard-to-detect thinner
vessels. This is made possible because the GW is tunable with
any specific frequencies and orientations (Soares et al. 2006).
In the analysis, the signals are decomposed at different levels,
allowing the separation of the noise from the signal of interest.
By identifying the coefficients that present the maximum
wavelet response and applying thresholds for the selection
of those coefficients, it is then possible to filter the noises
(Kim and Aggarwal 2001). In the synthesis stage, the filtered
signal is recovered and then can be enhanced for better per-
formance in the segmentation process.

The GW scale parameter was set at 4, as in the works of
Akram et al. (2011), Ali etal. (2017), Fatima et al. (2013), and

@ Springer

Red channel

Green channel

Blue channel

Soares et al. (2006). The Gabor wavelet transform was calcu-
lated for orientations between 0° and 170°, with steps of 10°,
resulting in 18 images.

After the pre-processing stage, the resulting images are
subjected to a sharpening filter with the Matlab® “imsharpen”
function, as the resulting Gabor images might have been
blurred (Akram et al. 2009).

Segmentation

Although the association of the wavelet transform and the sharp-
ening filter results in improved contrast of the blood vessels with
the background, the large vessels still have high wavelet response
compared with the thin vessels (Fatima et al. 2013). As a solution
proposed in this work, based on Gou et al. (2017), the filtered
images of the GW output are partitioned before the thresholding.
Thus, each one of the 18 resulting images of Gabor is divided
into 20 sub-images, for which the threshold is calculated inde-
pendently using the Otsu method. Figure 3 illustrates the appli-
cation of the proposed partition.

After the thresholding, an image is formed for each orien-
tation by joining the 20 sub-images. Then, the resulting image
is formed by the overlapping of the 18 images in the 18
orientations.
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Fig. 3 2D Gabor wavelet transform output image for a 170° orientation
after the sharpening filter, partitioned into 20 sub-images

The resulting image of the thresholding still contains some
unwanted pixels that can be misclassified as vessels. To avoid
this error, an opening morphological operation is performed to
remove those pixels.

For the detection of the retinal edge, the Canny detector
was used according to the following steps (Akram et al. 2009):
(1) The Canny detector is applied to the original image, con-
verted to shades of gray, and it returns the binarized image; (2)
The vessels are dilated and then a background pixel filling
operation of the object is performed, for the purpose of elim-
inating noise; (3) the perimeter of the object in the image is

Fig.4 Tllustrative flowchart of the
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determined, i.e., the edge of the retina. The pixels external to
the retina and the border are identified and classified as
background.

For the DRIVE database, the mask that delimits the region
of the retina in the image is already provided, whereas for the
STARE base, it must be calculated. In both cases, the pixels
corresponding to the blood vessels were given a value “1”” and
the pixels of the background were assigned a value “0.”

Figure 4 illustrates the complete flowchart of the proposed
retinal vessel segmentation process. Although there are 18
images resulting from the Gabor transformation, due to space
limitation, only the image in direction 170° is shown. It is
worth mentioning that the Otsu algorithm is applied to each
of the sub-images before reconstruction.

Results and discussion

In the pre-processing stage, the extraction of the green channel
is made from the original RGB image of the retina and then,
the complement operation is applied to it highlighting the
blood vessels. Next, the Gabor wavelet transform provides
18 images, which are individually taken to the segmentation
stage after being submitted to sharpening filters.

Partitioning into sub-images before thresholding yielded
improvements in the segmentation process. The global seg-
mentation without partitioning and the final segmentation here
obtained after including the partitioning of the images are
shown in Fig. 5, where we can observe that the partition con-
tributed to the detection of thinner vessels. Figure 5 also
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Fig. 5 Segmented image. a Automatically segmented image without
image partition. b Image segmented automatically with partition. ¢
Image segmented manually by a professional

shows the manual segmentation of the image performed by a
professional.

The evaluation of the segmentation obtained is performed
by comparing the automatically segmented image with the
manually segmented image, pixel by pixel, which is taken as
a reference. Most classified as vessels or as background and
counted as true-positives 7,,, true-negatives 7,,, false-positives
F,, and false-negatives F,.

Based on these parameters, the precision of the algorithm is
assessed by its accuracy, sensitivity, and specificity. Accuracy
is the average precision rate of segmentation; sensitivity is the

ratio between vessels detected correctly and the total number
of vessels. Specificity is the ratio between the background
pixels detected correctly and the total number of background
pixels. The performance criteria are calculated according to
Egs. (2) to (4), respectively:

1 T
Accuracy = pttn (2)
Ip+1In+ Fp+ Fn

1;

Sensitivity = _P (3)
Ip + Fn

e T

Specificity = " (4)

In+ Fp

Table 1 shows a comparative analysis of the results from
the DRIVE and STARE databases, with and without image
partitioning before the thresholding according to the proposed
method. All three metrics increased with the proposed
method.

Table 2 shows the results obtained according to the propos-
al of this work for the bases DRIVE and STARE in compar-
ison with related works, available in the current technical-
scientific literature.

It can be observed that the proposed methodology achieves
better levels for the specificity and accuracy in the two data-
bases. The result for sensitivity, which is presented by
Nugroho et al. (2017), is better for both bases.

Statistical tests were performed to prove the validity of
those results. The hypothesis tests results are shown in
Table 3, for which a Student’s ¢ test with a 95% confidence
interval was performed between this study and the best
results for the specificity, sensitivity, and accuracy of the
related works. In the tests for specificity and accuracy,
since the proposed method has surpassed the related
works, null hypotheses were stated as the average values
obtained from this proposed method being equal to the
best result in each parameter attained in related works. The
alternate hypotheses were that the average values achieved
here were larger than the best values reported in the
literature. This aims at checking whether the superiority of
our method against the best related work is statistically
significant. Instead, sensitivity of Nugroho et al. (2017) is
still better compared with that of the proposed method.
Therefore, null hypothesis was stated as the average value

Table 1 Comparison of results

with and without image partition DRIVE STARE
Method Specificity Sensitivity Accuracy Specificity Sensitivity Accuracy
(%) (%) (%) (%) (%) (%)
Without image 97.27 70.50 95.19 95.61 70.58 89.92
partition
Proposed 98.30 73.42 96.15 96.93 71.74 94.87
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Table 2 Comparison of results

obtained from the proposed DRIVE STARE
algorithm and other related works
Method Specificity Sensitivity Accuracy Specificity Sensitivity Accuracy
(%) (%) (%) (%) (%) (%)
Soares et al. - - 94.66 - - 94.80
(20006)
Akram et al. - - 94.69 - - -
(2009)
Alietal. (2017) 97.85 72.11 94.53 - - -
Gou et al. (2017)  96.43 74.81 94.53 - - -
Nugroho et al. 97.13 80.75 95.87 90.45 90.45 89.46
(2017)
AlZaid et al. 97.20 70.41 94.88 - - -
(2018)
Proposed 98.30 73.42 96.15 96.15 96.93 94.87

being the sensitivity value achieved by the proposed method
and alternate hypothesis was formulated as Nugroho et al.
(2017) providing larger sensitivity than that.

To assert that one method is statistically different from the
other, the p value (significance probability) should be less than
0.05 (for a 95% confidence interval). In Table 3, we can ob-
serve that this work presents more relevant results in specific-
ity for the two databases and in accuracy for the DRIVE da-
tabase. As for the accuracy in the STARE database, it cannot
be stated statistically that this work is better than that of Soares
et al. (2006). Nugroho et al. (2017) presents better sensitivity
for both databases, at the expense of reducing accuracy.

Nugroho et al. (2017) presents better sensitivity because it
was better at detecting pixels in the thinner vessels. This
raises a problem by decreasing accuracy since it increases
the number of false-positives (non-existent vessels) detected.
This might be especially troublesome in the screening of dis-
eases since the most common retinopathies such as in diabe-
tes and hypertensive retinopathy and, other cardiovascular
diseases evolve with a decrease in the number or the caliber
of retinal vessels. In these scenarios, the higher number of
false-positives might represent an inability to detect an abnor-
mal exam and would, therefore, be ineffective in improving
clinical outcomes.

Sensitivity is the lowest metric in all algorithms because
the contrast between the vessels and the background is low
and the image is noisy. The thinner vessels, in particular, are
the most difficult to detect because they are thinner and have
lower contrast. All works listed in Table 2 seek to solve this

Table 3  Hypothesis tests: p value for specificity, sensitivity, and
accuracy

Database Specificity Sensitivity Accuracy
DRIVE 9.17 e-05 0.001370 0.008919
STARE 4.875 e-07 0.009787 0.447000

problem, especially Gou et al. (2017), who developed a seg-
mentation method thinking precisely of the detection of small-
er vessels. In general, it is not possible to sufficiently enhance
these vessels and filter out the noise at the same time, which
leads to a compromise of accuracy. Note also that the sensi-
tivity obtained from the proposed methodology has results
compatible with other proposals available in the literature (it
is the third most sensitive method as listed in Table 2).

To our knowledge, the only previously published work
where a comparison was made between human-trained per-
sonnel and automatic segmentation was in Niemeijer et al.
(2004). In this case, the maximum interobserver accuracy
was 94.73%. Our results were, therefore, superior in both
databases. Notice that the accuracy obtained in Nugroho
et al. (2017) for STARE database, on the other hand, is less
than 94.73%.

Conclusion

The proposed method is an algorithm capable of minimizing
noise and enhancing contrast in retinal images, thus achieving
an efficient automatic segmentation of retinal vessels. This
improvement was obtained through a partition of the original
image into smaller parts in 18 GW orientations and by apply-
ing a sharpening filter before the global Otsu thresholding in
each sub-image, consequently improving vessel detection.

In comparison with the main published works, the pro-
posed method represents gains in accuracy and specificity
when tested with the DRIVE and STARE public image data-
bases. The same is true for the comparison between human-
trained personnel and the automatic algorithm proposed in this
article.

We suggest as an improvement to previously established
methods the insertion of the additional step of image
partitioning into these GW orientations before the thresholding
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in vessel segmentation techniques. The tests we performed con-
firmed that this additional step increases accuracy, sensitivity,
and specificity.
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