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Abstract Retinal blood vessels are the source to provide
oxygen and nutrition to retina and any change in the nor-
mal structure may lead to different retinal abnormalities.
Automated detection of vascular structure is very important
while designing a computer aided diagnostic system for reti-
nal diseases. Most popular methods for vessel segmentation
are based on matched filters and Gabor wavelets which give
good response against blood vessels. One major drawback
in these techniques is that they also give strong response for
lesion (exudates, hemorrhages) boundaries which give rise
to false vessels. These false vessels may lead to incorrect
detection of vascular changes. In this paper, we propose a
new hybrid feature set along with new classification tech-
nique for accurate detection of blood vessels. The main
motivation is to lower the false positives especially from
retinal images with severe disease level. A novel region
based hybrid feature set is presented for proper discrim-
ination between true and false vessels. A new modified
m-mediods based classification is also presented which uses
most discriminating features to categorize vessel regions
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into true and false vessels. The evaluation of proposed
system is done thoroughly on publicly available databases
along with a locally gathered database with images of
advanced level of retinal diseases. The results demonstrate
the validity of the proposed system as compared to existing
state of the art techniques.
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Introduction

Different clinical studies on medical imaging have high-
lighted that many diseases i.e. diabetes, hypertension,
malaria etc screen themselves in human retina [1, 2]. Blood
vessels, fovea, optic disc and macula are the normal reti-
nal features and any retinal abnormality may cause variation
in normal structure of these features. Blood vessels cap-
ture the most significant information about vascular changes
made by different ophthalmological disorders [3]. Diabetic
Retinopathy (DR) and Hypertensive Retinopathy (HR) are
micro vascular complications of diabetes and hypertension
and cause blindness if not treated timely. DR is further clas-
sified into two broad stages i.e. Non-Proliferative Diabetic
Retinopathy (NPDR) and Proliferative Diabetic Retinopa-
thy (PDR) [4-6]. DR causes the appearance of many abnor-
mal structures such as Soft and Hard exudates, hemorrhages
and growth of some new abnormal vasculature in human
retina.

Digital fundus images are acquired through fundus cam-
era which can be used for computerized detection of many
retinal diseases [1]. Fundus imaging is being tremendously
used to monitor and detect retinal abnormality [2]. Figure 1
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Fig. 1 Digital retinal image with distinctive signs of retinal diseases

shows digital retinal image with abnormal structures due
to retinal diseases. These abnormal structures appear as
different spots with strong and fuzzy edges.
Computer-aided diagnosis of retinal images plays an
important role in retinal analysis, screening and detection
of many ocular diseases [7]. Automated retinal analysis is
required for timely detection of many ocular diseases to
avoid the risk of vision impairments. Most of the auto-
matic and semi-automatic methods to analyze the retinal
vasculature rely on a vessel segmentation [7]. Automated
segmentation of blood vessels is the pre-requisite of many
computer-aided diagnosis systems in the screening process
of ophthalmological disorders [7]. Vessel segmentation is
a complex problem even in healthy retinal images and
becomes even more complicated and crucial when images
start to show pathological signs such as exudates, hemor-
rhages etc. Moreover, existence of other anatomical features
in retina disrupts automated mechanism of blood vessels
segmentation. There are many other factors as well which

Table 1 Summary of related work

makes segmentation even harder such as poor illumination,
variant intensities and widths of blood vessels etc. Therefore,
automated segmentation of retinal vasculature is one opti-
mal way to extract blood vessels in the presence of lesions
and its effects. It would be valuable for the early detection
and characterization of changes due to ocular diseases.

Rest of the paper is structured as follows, Section
“Related work™ discusses various previous techniques on
vessel segmentation. Section “Proposed method” explains
proposed methodology and results are given in Section
“Experimental results” while Section “Conclusion” which
is last section of paper has conclusion and discussion.

Related work

A significant amount of work has been done on vessel
segmentation over the past few years. Soares et al. [§]
developed a retinal vasculature segmentation technique
combining 2D Gabor Wavelet and supervised classifica-
tion. The Bayesian classifier using Gaussian Mixture Model
(GMM) was employed to classify each pixel as vessel or
non-vessel. This method was evaluated on DRIVE and
STARE databases but this method didn’t cater the presence
of pathological signs in segmentation. Raja et al. [9] came
up with supervised technique with local binary patterns
and texture features fed to SVM classifier for segmentation
of blood vessels. The proposed methodology was imple-
mented on STARE and DRIVE databases. This method
produced poor segmentation results in the case of diseased
retinal images. An effective approach for retinal vessel
segmentation was proposed by Holbura et al. [10]. The
proposed approach used the combination of two powerful
machine learning classifiers i.e. SVM and Neural Networks
with the features of Intensity of Green Channel (IGC),

Performance Measures

Authors Year Category Databases

Imani et al. [20] 2015 Unsupervised STARE,DRIVE

Wang et al. [11] 2015 Supervised STARE, DRIVE

Shruthi et al. [18] 2014 Supervised Own dataset

Aramesh et al. [14] 2014 Unsupervised DRIVE

Emary et al. [12] 2014 Unsupervised STARE, DRIVE

Raja et al. [9] 2014 Supervised STARE, DRIVE

Asad et al. [13] 2013 Unsupervised DRIVE

Tagore et al. [16] 2013 Unsupervised STARE,DRIVE

Akram et al. [19] 2013 Supervised

Nyuyen et al. [15] 2012 Unsupervised STARE,DRIVE,REVIEW
Holbara et al. [10] 2012 Supervised DRIVE

Fraz et al. [2] 2012 Supervised STARE, DRIVE, CHASEDBI1
Soares et al. [8] 2006 Supervised STARE, DRIVE

STARE,DRIVE, DIARETDB, MESSIDOR

TPR, TNR, ACC
TPR, TNR, ACC

TPR, TNR, ACC
TPR, TNR, ACC
TPR, TNR, ACC
TPR, TNR, ACC
ACC
TPR, TNR, ACC
ACC
ACC
TPR, TNR, ACC
ACC
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Table 2 Image wise vessel

segmentation results for OBSERVER 1 OBSERVER 2
DRIVE database
IMG TPR TNR ACC TPR TNR ACC
1 86.60 96.65 95.75 87.14 96.99 96.13
2 84.49 97.65 96.30 84.78 98.07 96.74
3 79.35 96.93 95.18 84.45 97.06 95.94
4 79.54 98.06 96.36 81.58 98.30 96.83
5 7791 98.19 96.29 84.73 98.25 97.16
6 79.41 97.13 95.41 80.51 97.50 95.92
7 78.92 97.72 96.00 87.44 97.17 96.47
8 80.71 96.26 94.92 87.17 95.68 95.12
9 82.21 97.06 95.86 80.72 97.40 96.06
10 80.16 98.00 96.53 85.10 98.05 97.12
11 80.25 97.11 95.60 84.63 97.41 96.35
12 84.03 97.11 95.98 86.28 97.23 96.35
13 78.57 97.52 95.67 77.08 98.14 96.01
14 86.63 97.18 95.74 88.88 96.68 96.10
15 86.43 96.54 96.13 83.45 97.36 96.32
16 83.36 97.55 96.27 84.49 97.74 96.61
17 83.19 96.13 95.04 88.45 96.22 95.64
18 86.27 96.57 95.75 83.73 97.98 96.67
19 89.67 97.33 96.69 81.06 98.55 96.81
20 88.23 96.77 96.14 78.69 98.09 96.29
AVG 82.80 97.16 95.88 84.02 97.49 96.33

maximum Gabor Wavelet responses and Local Binary Pat-
tern (LBP). Fraz et al. [2] presented another approach for
retinal blood vessels segmentation based on supervised clas-
sification using ensemble classifier of boosted and bagged
decision trees. Method was tested on DRIVE, STARE and
CHASE DBI1 databases. This method also addressed the
presence of pathological signs in their segmentation but it
couldn’t perform well in the severe cases of diseases. Wang
et al. [11] came up with a supervised hybrid approach for
vessel segmentation. Trainable Hierarchical Feature Extrac-
tion using Convolutional Neural Network (CNN) classifier
was performed. Random Forests (RFs) trainable classifier
with the winner-takes-all’ technique was employed to cat-
egorize pixels into vessels and non-vessels. Method was
evaluated on STARE and DRIVE databases. The main
drawback of this method is that it couldn’t perform effi-
cient segmentation and missed some small vessel segments.
Artificial Bee Colony (ABC) based segmentation technique
optimized with fuzzy c-means clustering (FCM) was pre-
sented in [12]. Proposed approach consisted of two levels,
at first level ABC optimization is applied using FCM objec-
tive function to localize vessels. At second level, acquired
clusters are enhanced using pattern search approach to
localize small thin vessels. This method was evaluated

on the pathological retinal images but they still produce
false positives due to poor segmentation. Asad et al. [13]
proposed water flooding based retina blood vessel segmen-
tation imitated by the concept of water flooding over land.
Segmentation based on water flooding assumes that water
always goes towards low land under the effect of gravity.
Proposed algorithm is applied on DRIVE database which
only contains healthy images and it didn’t cater pathological
retinal images in their implementation. A new method for
retinal blood vessel segmentation with the combination of
two methods of histogram maximum and minimum points
and mathematical morphology was presented in [14]. The
method was tested on DRIVE dataset only. Nyuyen et al.
[15] presented an effective approach for vessel segmentation
from color retinal image. It was based on the linear combi-
nation of line detector responses at varying scales. Method
was tested on DRIVE, STARE and REVIEW databases.
Phase Congruency and Histogram Clustering based seg-
mentation of Retinal Vascular tree was introduced by Tagore
et al. [16]. Phase Congruency technique was employed
to enhance retinal images. Hierarchical clustering based
histogram thresholding was used for blood vessels seg-
mentation. This method performed comparatively better in
the images with bright pathologies but couldn’t perform
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well in the presence of other pathological effects. Another
method using gray level co occurrence based features was
recently presented in [17]. They have used spatial structural
information of fundus images to extract features along with
neural networks for classification. They tested their method
on DRIVE and STARE databases.

Later in the near past, a great emphasis has been made
on the extraction of vascular pattern in the presence of
different pathological signs but still there are many gaps
which are required to be filled. Literature provides dif-
ferent methods in this context, some of them are sum-
marized here. Shruthi et al. [18] presented an algorithm
for the early detection of DR. Top-Hat and Bottom-Hat
operations based method and K-means clustering were
used to detect the retinal features. Finally K-NN classifier
was used to perform the classification of retinal images.
Akram et al. [19] presented an improved computer aided
diagnosis system for early detection and grading of PDR.
Vascular patterns were extracted by using Gabor wavelet
and multi-layered thresholding. Multimodal m-Mediods
based classifier was used to categorizes each vessel segment
as normal or abnormal vessel. The validity of this sys-
tem was tested on different databases of STARE, DRIVE,

DIARETDB and MESSIDOR. Recently, an improved
approach for blood vessels segmentation using Morpholog-
ical Component Analysis (MCA) was presented in [20].
The main contribution of this paper is to separate lesions
from vessels by selecting appropriate transforms. Mor-
let transform and adaptive thresholding were implemented
to get final vessel map. The proposed system was eval-
uvated on STARE and DRIVE databases. The drawback
of this approach is removal of small vessels along with
the fragmented vessel segments. Ganjee et al. [21] have
proposed a method for vessel segmentation from patho-
logical images. They proposed a two stage feature extrac-
tion technique for segmentation of vessels and removal
of false regions. The evaluation was done on STARE
database only. Table 1 summarizes the literature discussed
in this section. It is clear from the literature that most of
the work in the context of vessel segmentation has been
done on healthy images. Presence of lesions and other
pathological signs have hardly been considered in previ-
ous work [2, 3], [8—17]. The major drawback of existing
state-of-art techniques is that they produce false positives
when applied on unhealthy images. To address this issue
we propose a robust algorithm for vessel segmentation

Colored Retinal
Image
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Vascular Paltern

Feature Extraction

Features

Morphological
thinning
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Shape Based
Intensity Based Features

True Vessel
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v={f,.f2,...fn}
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Fig. 2 Proposed System Overview
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Fig. 3 Illustration of true and
false vessels in the vascular
pattern of diseased retinal image

with capability of handling severe stages of retinal dis-
eases where more lesions and other pathological signs are
present.

Proposed method

Automatic vessel segmentation serves many purposes in
computer aided diagnosis systems for screening of ocu-
lar diseases. Segmentation of blood vessels in the presence
of lesions and other artifacts is a very challenging task
as discussed in Section “Introduction”. To address this
issue, this paper presents a robust algorithm for vessel seg-
mentation even in the severe stages of ocular diseases.
Figure 2 illustrates the flow diagram of proposed method.
The proposed method intends to improve segmentation
method reported in [22]. Region based feature extraction
is performed based on the morphological characteristics
and intensity values of true and false vessels. Afterwards,
m-mediods based classifier is used to categorize retinal
vascular regions into true vessels and false vessels.

Vessel segmentation

This step takes color retinal image as an input and extracts
vascular pattern using multi-layered thresholding technique
discussed in [22]. In the case of diseased retinal images
extracted vascular patterns have lesions and exudates in the
form of bunches and holes. During the screening through
computer aided diagnosis systems, these false structures
appear as false positives, which degrades the performance

g2

of overall system. Therefore, this paper attempts to improve
[22] by removing the effects of lesions in the vascular
pattern. The extracted vascular pattern obtained after apply-
ing technique in [22] are used in next step to cater false
structures very precisely.

Shape and intensity based features extraction

In this step, different shape and intensity based features
are extracted from the segmented vascular pattern. Pres-
ence of lesions in diseased retinal images gives rise to
the growth of false vessels along with true vessels. True
and false vessels have different morphological charac-
teristics. Normal vessels appear in elongated shape with
no holes and bunches, however false vessels appear as
bunches and holes during automated detection as illustrated
in Fig. 3.

This step first extracts candidate regions through con-
nected component analysis and consider each connected
segment in vessel map as a region. For each candidate
region a feature set is formulated. If a retinal image / has
n candidate regions, then feature set representation for an
image I is I = {v1, v, ..., vy}, where v; is a feature vec-
tor for j candidate region containing m features as v =
{f1, f2, ..., fm}. Particularly, this method extracts seven
different features based on the morphological properties and
intensity values of true and false vessels. Figure 4 shows a
flow diagram for extraction of intensity based features. It
used thinned vessels containing centerlines for actual vessel
to extract these features.

Description of the extracted features is given below:
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Fig. 4 Flow diagram showing
steps for intensity based feature
extraction

Vessel Map

1. Extent (f1): It is defined as the ratio of pixels in the
region to pixels in the total bounding box. This feature
has low value for true vessel segment as compared to
false vessel segment.

1. MajorAxisLength( f>2): It reflects length of major axis
of the ellipse. As true vessels are thin and elongated
in shape, while false vessel segments appear as frag-
mented bunches, so value of major axis length for true
vessels is high than false vessels.

2. ConvexArea (f3): It is the number of pixels in con-
vex image. This feature has high value for false vessel
segments.

3. FilledArea( f4): It shows number of pixels in the filled
image. This feature has high value for false vessel seg-
ments as they appear in the form of circular bunches
and they show more number of pixels in unit area than
elongated true vessels.

4. Solidity(f5): Shows proportion of pixels in the convex
hull that are also in the region. False vessels cover more
number of pixels in the convex hull, so this feature is
more discriminating for false vessels as compared to
true ones.

5. Minlntensity( fg): This feature identifies the value of
pixel with lowest intensity in the particular region. False
structures like dark lesions and dark exudates have less
intensity values, so this feature has high value for such
pathological signs.

6. Meanlntensity (f7): This specifies mean of all intensity
values in the particular region. This feature shows high

(@) (b)

Centerlines Red highlighted

regions

Intensity based
Feature
Extraction

value for the false vessels appearing as filled holes and
bunches with uniform intensity values.

Classification

The given 7-dimensional feature space representation of
regions is enhanced using Localized Fisher Discriminant
Analysis (LFDA) which enhances the feature space by min-
imizing the intra-class separations whilst maximizing the
inter-class distance. Let DB = {F}, F», .., F},} represents a
set of n training samples belonging to true and false vessel
region classes. The between class and within class scatter
matrix is calculated using:

1 n n
Sp =520 W IF Fjl) 1)
i=1 j=1
1 n n
Sw =522 WHAF. FiD @)
i=1 j=I
where ||., .|| is a Euclidean distance function and
HF,-,F,-HZ) 1 -
W.w,:{exp< Pigj *nk iff Fl/\F/ e Lx 3)

129) .
0 otherwise

nF,-,F,-nZ) (1_ L) , : .
Wi;?j:{exp( el Rl Wi iff F,/\é]eLk
otherwise

==

“

(c)

Fig.5 Depiction of proposed m-Mediods based modeling and classification approach (a) Identification of m-Mediods (b) Computation of possible
normality ranges (c) Detection of customized normality range for each mediod (d) Classification of regions into true and false vessel regions
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Fig. 6 Databases a) AFIO b)
STARE ¢) DRIVE

Here, nj is the membership count of class Lg and g; is
the average distance of sample F; with its k nearest neigh-
bors. The LFDA based coefficient space representation is
generated by performing generalized eigenvalue decompo-
sition of Jp E = A3, E where X is a generalized eigenvalue
and E is the corresponding eigenvector. The enhanced fea-
ture space representation of lesion (f ), using localized
Fisher discriminant directions, is obtained as:

F ={E\, Ea, .., Ep) Q)

where {Ei, E», .., E,} are eignevectors arranged in
descending order w.r.t. their corresponding eigenvalues
{A1, A2y oy A )

The enhanced feature space representation of regions
is modeled using an extension of multivariate m-Mediods
classifier as employed in [23]. We employ m-Mediods based
classification by refining it for a given one-class classifica-
tion problem. The presented approach comprises of three
main steps: (i) Identification of m-Mediods for a given ves-
sel class (ii) Detection of normality range for each mediod

to separate true vessel class from false vessel class (iii) Clas-
sification of regions into one representing true vessels or
false vessels. The mediod based learning and classification
proposed in this paper is the one class classifier frame-
work using m-Mediods model which is the extension of
the multi class m-Mediods classification framework [24].
The problem at hand ideally suits one class classification
where we have normal vessels and those that deviate sig-
nificantly from normal vessel class as false/abnormal ves-
sels. The extended one-class classification algorithm using
m-Mediods model adapts nicely to the problem at hand.
Mediods for a given class is computed by employing
Hierarchical Semi-Agglomerative approach (HSACT). This
is achieved by identifying larger number of tiny clusters then
the desired number of mediods from the samples belonging
to a given class. We utilized Learning Vector Quantiza-
tion (LVQ) to identify desired number of cluster centers. It
has been shown in our previous work [25] that clustering
using hierarchical semi-agglomerative approach employ-
ing a neural network, such as HSACT-LVQ, outperforms
hard clustering techniques such as k-Means whilst perform-
ing faster than other neural network flavors such as self

@ Springer
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Table 3 Image wise vessel

segmentation results for OBSERVER 1 OBSERVER 2
STARE database
IMG TPR TNR ACC TPR TNR ACC
1 73.61 97.73 95.80 74.94 96.16 94.20
2 72.80 97.10 95.48 81.78 93.77 93.11
3 86.65 96.81 96.21 79.64 92.69 91.93
4 69.85 88.95 87.54 83.60 86.67 86.44
5 73.57 96.36 94.30 76.20 94.90 92.94
6 87.10 96.66 96.00 74.49 96.31 93.82
7 79.17 98.74 97.17 75.85 98.03 95.15
8 84.36 97.95 96.93 69.96 98.45 94.54
9 77.76 99.02 97.35 74.96 97.65 94.87
10 83.35 97.32 96.20 65.05 97.73 92.74
11 77.19 98.36 96.85 72.74 97.84 94.97
12 75.35 98.96 97.14 79.66 98.62 96.43
13 82.09 98.45 96.99 72.74 97.84 94.97
14 81.87 98.57 97.06 73.80 98.88 95.55
15 78.59 97.62 95.97 77.81 98.01 95.48
16 63.04 98.43 94.82 61.53 98.34 92.73
17 70.27 99.28 96.68 68.35 98.87 94.87
18 79.09 98.83 97.84 80.85 98.05 96.99
19 85.22 97.41 96.89 81.02 96.32 95.36
20 75.12 96.50 95.08 71.97 95.20 92.89
AVG 77.80 97.45 95.91 74.82 96.58 94.01

organizing maps (SOM). Let C be the set of cluster cen-
ters identified using feature vector representation of regions
from true vessel class, the desired number of cluster cen-
ters (m) is obtained by merging the closest pair of cluster
centers, employing weighted mean mechanism, as

C. = |Cal| x Cq +|Cp| x Cp
ab =

|Cal + |Cp|
where (a, b) are the index of closest pair of cluster centers

and |.| is the membership count function. The closest pair of
cluster centers are identified as:

(6)

1
(a,by=argming jy [(C—C)T(Ci—=C)NIT Vi, jAi#j
(7)

The distance between two cluster centers is scaled by their
membership counts to encourage more cluster centers and
in turn mediods, in regions with high density of samples and
vice versa. This is critical for catering multivariate and non-
linear data distributions. The process of merging of closest
pair of cluster centers continues till the number of clus-
ter centers gets equal to the desired number of mediods to
model a given class. The resultant set of mediods C is then
employed to identify the normality range for each mediod

@ Springer

in C. This is achieved by first identifying the set of possible
normality ranges R which is accomplished by computing
the distance between each pair of mediods belonging to C.
The identified set of ranges R is then employed to iden-
tify normality range separately for each mediod. We select
that normality range from the set R which results in maxi-
mum number of samples from true vessel class to fall in the
normality range of the mediods modeling regions contain-
ing true vessels whilst letting minimum number of samples
from false vessel class. This in turns become an optimiza-
tion problem to identify the customized normality range
for each mediod that minimizes false positives and false
negatives.

After the identification of mediods and their correspond-
ing normality ranges, the classification of feature space
representation of vessel regions F is achieved by computing
the k nearest mediods k — NM w.r.t. F using

k—NM(F,C.k)={PeCVX €P, Y € C—P, ®

IF, X < |F, Y[ AP =k}
where C is the set of all cluster centers representing
mediods, P is the set of k closest cluster centers and
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II., .|l is the euclidean distance function. The region, rep-
resented by its feature vector F , 1s classified as true ves-
sel region if it lies within the normality range of one
of the k nearest mediods. Otherwise, the region is clas-
sified as false vessel region. The depiction of proposed
m-Mediods based modeling and classification approach is
presented in Fig. 5. Figure 5(a) depicts the identification
of mediods, represented by squares, given the feature space
representation of true vessel regions, represented by ‘+’
markers. The possible normality ranges extracted based
on the inter-mediod distances is presented in Fig. 5(b).
Figure 5(c) shows the identification of the customized
normality ranges for the mediods representing true ves-
sel classes. The normality range is identified such that
the feature space representation of true vessel classes falls
within the normality range of the mediods whilst reject-
ing the false vessel regions, represented by ‘x’ marker.
Figure 5(d) depicts the classification using the learned
m-Mediods model. The feature space representation of
regions falling within the normality range of mediods (rep-
resented by ‘+’ marker) are classified as true vessel regions
where the regions falling outside the normality ranges
(represnted by ‘x’ marker) are classified as false vessel
regions.

Fig. 7 a) Color fundus image
(from AFIO database) b)
Segmented Blood Vessels of
Images in (a). ¢) Final Output of
Proposed Method (without false
vessels)

Experimental results
Database

Proposed system is assessed on three databases, two pub-
licly available databases DRIVE and STARE and third own
database of AFIO. There are 40 fundus images in DRIVE,
out of which 7 are diseased images and 33 are healthy
images [26]. Images are taken digitally from a Cannon CR5
3CCD camera with 45 degree FOV. Each image has a res-
olution of 768x584 pixels and compressed in JPEG format.
DRIVE dataset is divided into two sets; the training set and
the test set where each set contains 20 images. For com-
parison purpose, the performance of the proposed method
is measured on 20 test images. STARE has total 20 images
and 10 of them are diseased images [27]. These images are
acquired by a Topcon TRV-50 fundus camera. Each image
is of 605x700 pixels resolution and stored in PPM format.
AFIO dataset consists of 462 total images including 160
healthy images and 302 diseased images with the resolution
of 1504x1000 pixels. Images are captured by Topcon SO0EX
with 30 degree FOV. Each image is stored in JPEG format.
Some of the images of all databases used in the proposed
system are shown in Fig. 6.
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Fig. 8 a) Color fundus image
(from STARE database) b)
Segmented Blood Vessels of
Images in (a). ¢) Final Output of
Proposed Method (without false
vessels)

Performance measures

The evaluation of proposed system is done using perfor-
mance measures i.e. Accuracy, Sensitivity and Specificity
which are calculated by using equations 9-11.

Tp
Sensitivity(TPR) = ——— 9
y( ) o + Fy )
Specificity(TNR) T (10)
ecifici = —
P Y Ty + Fp
Tp + T,
Accuracy = i al (11)

Tp+Tn+ Fy + Fp
Where,

— Tp (True Positive) represents the number of true vessel
regions correctly classified as true vessels.

— Fp (False Positive) represents the number of false
vessel regions classified as true vessels.

— Ty (True Negative) represents the number of false
vessel regions correctly classified as false vessels.

— Fy (False Negative) represents the number of true
vessels classified as false vessels.

@ Springer

Results analysis

Proposed method is tested on three databases DRIVE,
STARE and AFIO. Table 2 shows the resulted performance
measures values after applying the proposed algorithm on
the test set consisting of 20 images in the DRIVE database.
Two manual segmentations by two different observers are
used as the ground truth for the evaluation of 20 test images
in DRIVE database. Average results are shown in bold fonts.

Similarly, Table 3 shows the detailed results for 20
images of STARE database. All images are evaluated
against the two manually segmented results. Average results
are shown in bold fonts.

Table 4 illustrates the comparison between the perfor-
mance of proposed algorithm and performances of the state-
of-art algorithms on DRIVE and STARE databases where
the empty cells are not reported by their authors. Compar-
ison clearly shows the robustness of proposed method in
terms of improved performance measures values.

Pictorial results of proposed system for AFIO dataset
are shown in Fig. 7. Column (a) shows color diseased fun-
dus images, Column (b) shows vessel maps of images in
(a) extracted through segmentation method reported in [22]
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Fig. 9 a) Results of method
[22] b) Results of proposed
method

which includes both true and false vessels and Column
(c) shows the final output of the proposed system show-
ing vessel maps of images in (a) which are without false
vessels. So, final output of the proposed method clearly
depicts the effectiveness of proposed algorithm in remov-
ing false positives from the diseased image vasculature.
Similarly, pictorial results for STARE dataset are shown
in Fig. 8.

Figure 9 shows the results comparison of our proposed
method with that of segmentation technique discussed in
[22]. Column (a) shows results of segmentation technique

(b)

reported in [22] and Column (b) shows results of our pro-
posed method. First image is the healthy retinal image and
rest two images are diseased retinal images. It is evident
from the results that outputs of method [22] (in (a)) have
false positives which are represented in green pixels, while
results of our proposed method (in (b)) have no false posi-
tives. So, the proposed method significantly removes false
positives in its final outputs.

Figure 10 shows comparison of proposed method results
with manually marked results for DRIVE and STARE.
White pixels depict true vessels, green pixels depict false

@ Springer
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Fig. 10 Comparison of

proposed method results with the

manually marked results Row1)
for STARE Row?2) for DRIVE

positives and red pixels depict false negatives. Here false
positives are the pixels which are detected as vessels by the
proposed system but they are actually non vascular pixels
similarly false negatives are those pixels which are detected
as non vascular pixels by the proposed system but they are

Table 4 Comparison of
proposed system with existing
state of the art on DRIVE and
STARE databases

@ Springer

actually vascular pixels. Proposed method results greatly
reduce false positives and false negatives in the final output.

Table 5 shows evaluation of proposed method on DRIVE,
STARE and AFIO datasets. DRIVE and STARE datasets
have high values of accuracies as compared to AFIO dataset

DRIVE STARE
Methods TPR TNR Accuracy TPR TNR Accuracy
Emray et al. [12] 72.1 97.1 93.9 64.9 98.2 94.7
Aramesh et al. [14] 78.4 98.26 94.8 - - -
Imani et al. [20] 75.82 97.48 95.25 75 97.31 95.75
Tagore et al. [16] - - 94.24 - - 94.97
Asad et al. [13] 62.92 98.21 93.69 - - -
Akram et al. [22] - - 94.69 - - 95.02
Soares et al. [8] - - 94.66 - - 94.80
Nguyen et al. [15] - - 94.07 - - 93.24
Proposed Method (SVM) 79.37 97.79 96.16 80.70 97.10 95.81
Proposed Method (observer-1) 82.80 97.16 95.88 77.80 97.45 95.91
Proposed Method (observer-2) 84.02 97.49 96.33 74.82 96.58 94.01
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Table 5 Evaluation of Proposed Method on all databases

Database Total Healthy Diseased TPR (%) TNR (%) ACC (%)

Images
DRIVE 40 33 7 84.02 97.49 96.33
STARE 20 10 10 77.80 97.45 95.91
AFIO 462 160 302 86.20 95.04 91.98

because AFIO dataset has more diseased images than other
two datasets.

Conclusion

Blood vessels are the most important retinal features which
can noticeably be effected by many worldwide diseases like
diabetes, hypertension etc. Any change in the peculiar prop-
erties of these vessels can serve as an indicator for diagnosis
of many eye diseases. These diseases are diagnosed by per-
forming an automated retinal image analysis. Blood vessels
segmentation is the major step in an automated retinal image
analysis. Inclusion of different abnormalities due to diseases
makes blood vessel segmentation a very challenging task.
This paper presented a robust algorithm which performs
region based analysis to extract true vessels and false ves-
sels from diseased fundus images. The proposed technique
is tested on AFIO, STARE and DRIVE databases. It is evi-
dent from the experimental results that the proposed method
outperforms the existing state-of-art techniques on vessel
segmentation from diseased fundus images. The proposed
method will be helpful in reliable person’s recognition by
using the output vascular patterns.
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