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Abstract. Diabetic retinopathy is one of the leading cause of blindness
caused due to increase of insulin in blood. It is a progressive disease and
needs an early detection and treatment. Proliferative diabetic retinopathy is an advance stage and causes severe visual impairments. Early and
accurate detection of proliferative diabetic retinopathy is very important and crucial for protection of patient’s vision. Automated systems
for screening of proliferative diabetic retinopathy should accurately detect the blood vessels to identify vascular abnormalities. In this paper,
we present a method for screening of proliferative diabetic retinopathy
using blood vessel structure. The method extracts the vascular pattern
by enhancing the blood vessels using wavelet response and segmenting
the blood vessels using a multilayered thresholding technique. It uses a
Gaussian mixture model based classiﬁer for detection of neovascularization. The proposed method is evaluated using publicly available retinal
image databases and results show that the proposed system identiﬁes
the vascular abnormalities with high accuracy.

1

Introduction

Diabetic retinopathy (DR) is a progressive eye disease cause due to increase of
insulin in blood and can cause blindness if not detected timely [1]. DR is also
caused by the microvascular complication of diabetes and it is one of the main
sources of vision impairment. A number of studies have shown that DR is one
of the major causes of blindness in industrialized countries [2]. One out of ﬁve
patients with newly discovered type II diabetes has DR at the time of diagnosis
where as in ﬁrst ﬁve years after diagnosis of type I diabetes, DR almost never
occurs [1]. The common symptoms of diabetic retinopathy are blurred vision,
ﬂoaters and ﬂashes, and sudden loss of vision [3].
Healthy retina contains blood vessels, optic disc, macula and fovea as main
components [2] whereas an eﬀected retina may contain diﬀerent signs of DR.
DR is broadly divided into two stages i.e Non proliferative diabetic retinopathy
(NPDR) and proliferative diabetic retinopathy (PDR). PDR is an advanced
stage of DR and it is divided into two stages; i.e. neovascularization on optic
disc (NVD) and neovascularization elsewhere (NVE) [4]. In PDR, retina sends
A. Campilho and M. Kamel (Eds.): ICIAR 2012, Part II, LNCS 7325, pp. 372–379, 2012.
c Springer-Verlag Berlin Heidelberg 2012


Detection of Neovascularization

373

signals for nourishment of oxygen deprived areas. As a result of this, new blood
vessels start growing in diﬀerent regions of retina to supply blood which is a
good thing but these new vessels are weak and their walls are thin and fragile.
These infant vessels may easily start leaking blood on surface of retina and cause
severe vision loss even blindness [5].
Early detection of PDR is very important to save patient’s vision and can
be done with help of accurate blood vessel detection. A number of methods
have been proposed for blood vessel detection and segmentation [6]-[10], but detection of neovascularization is still a diﬃcult problem. Blood vessel extraction
algorithms normally contain two parts, ﬁrst is enhancement of blood vessels and
second is the segmentation and classiﬁcation of vessel pixels. Chaudhuri et. al.
[9] proposed a matched ﬁlter based method for blood vessel detection and it has
been widely used for extraction purposes but it has been unable to ﬁnd small
blood vessels. Later, a threshold probing based technique was presented in [10] to
improve the accuracy of matched ﬁlters. They analyzed the region based features
of vessel structure. Mendonc et. al. [11] used a ﬁrst order derivative of Gaussian
ﬁlter and a modiﬁed top hat operator for blood vessel enhancement and segmentation. Another probing algorithm using multithresholds was presented in [12].
Goatman et. al. [13] proposed a method for automatically detecting new vessels
on the optic disc by detecting blood vessels and using support vector machine
to categorize a vessel segment as normal or abnormal. A multiscale amplitudemodulation-frequency-modulation (AM-FM) based method for discriminating
between normal and pathological retinal images containing neovascularization
was presented in [14]. They used only 120 regions with diﬀerent DR signs and
classiﬁed those signs into diﬀerent categories.
In this paper, we present a method for detection of vascular abnormalities for
screening of PDR. The proposed system consists of vascular pattern extraction,
feature formulation and classiﬁcation stages. The rest of the paper is organized
as follows: section 2 describes the proposed system and its all phases one by
one. The evaluation of proposed system using retinal image databases is done in
section 3 followed by conclusion in last section.

2

Proposed Method

The proposed system uses a three stage method for identiﬁcation of neovascularization. It uses wavelet transformation and multilayered thresholding-based
technique for blood vessel enhancement and segmentation. In order to ﬁnd retinal
segments with abnormal blood vessel segments, the system formulates a feature
set based on diﬀerent vascular properties such as vessel density, edge magnitude
etc. The feature set for each candidate segment is then feeded to classiﬁcation
stage to distinguish between healthy and unhealthy vascular segments which are
signs of PDR.
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Vascular Pattern Extraction

The ﬁrst stage of proposed system is vascular pattern extraction. It enhances
and segments the vascular pattern for further processing.
Blood Vessel Enhancement. In order to ﬁnd the vascular abnormalities, it
is very important to extract vascular pattern accurately. The vessels varies in
terms of structure, shape and size so it is diﬃcult to extract them. Thin blood
vessels or capillaries are less visible than the normal blood vessels and require
enhancement before extraction. Mostly matched ﬁlters (MFs) [9] are used for
blood vessel enhancement but the drawback is that MFs not only enhance blood
vessels edges but also enhance bright lesions. On the other hand, Gabor wavelets
can be tuned for speciﬁc frequencies and orientations which is useful for both
thick and thin vessels [15]. The mathematical function for Gabor wavelet is
deﬁned as
1
(1)
ΦG (x) = exp(jR0 x) exp(− |Ax|2 )
2
1
Φ̂G (x) = (detA−1 )1/2 exp(− (A−1 (R − R0 )2 ))
(2)
2
where R0 is a vector
 that deﬁnes the frequency of the complex exponential
−1/2 0
and A =
with elongation  ≥ 1 is a 2 × 2 positive deﬁnite diagonal
0 1
matrix which deﬁnes the wavelet anisotropy and elongation of ﬁlter in any desired
direction. We have applied the Gabor wavelet using 2-D continuous time wavelet
transformation (CWT). The 2-D CWT WΦ (b, θ, a) is deﬁned in terms of the
scalar product of g(x, y) with the transformed wavelet Φb,θ,a (x)

−1/2
WΦ (b, θ, a) = CΦ a exp (jkb)Φ̂∗ (ar−θ k)ĝ(k)d2 k
(3)
√
where j = −1, x = [x y]T and the hat (Φ̂∗ and ĝ ) denotes a Fourier transform.
CΦ , b, θ and a denote the normalizing constant, the displacement vector, the
rotation angle, and the dilation parameter respectively.
For each pixel position and considered scale value, the Gabor wavelet transform WΦ (b, θ, a) is computed for θ spanning from 0o up to 165o at steps of 15o
and the maximum is taken.
MΦ (b, a) = max|WΦ (b, θ, a)|

(4)

Blood Vessel Segmentation. The wavelet transformation enhances the blood
vessels by giving high responses for vascular areas but still thick vessels have
high wavelet response as compare to thin vessels. So it is hard to ﬁnd one optimal threshold value for accurate vascular extraction without any supervised
algorithm. We presented a recursive supervised multilayered thresholding-based
method for accurate vascular segmentation [16]. The algorithm starts with an initial threshold value T using histogram of wavelet image such that it only keeps
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those pixels for which wavelet response is higher than T . Next step performs
vessel thinning using morphological operation [17] and ﬁnds edges by applying
crossing number method given in equation
1
|f (pimod8 ) − f (pi−1 )|
2 i=1
8

E(p) =

(5)

Where p0 to p7 are the pixels belonging to an clockwise ordered sequence of
pixels deﬁning the 8-neighborhood of p and f (p) is the pixel value in thinned
image. f (p) = 1 for vessel pixels and zero elsewhere. E(p) = 1 and E(p) = 2
correspond to vessel edge point and intermediate vessel point respectively. In
next iteration, it lowers the threshold and keeps those vascular segments which
are connected to the ones obtained in previous iteration. Following steps are
then performed iteratively.
1. Compute thinned blood vessel by taking segmented blood vessels as a input
2. Find out all vessel edges by removing false edges, small segments and validating the edges.
3. Calculate the diﬀerence image by subtracting the current thinned vessel
image from the one obtained in previous iteration. Only keep those segments
which are connected to vessel edges. If new added vessel segments are more
than 10 pixels add them.
4. if no blood segment is added, stop iteration otherwise set T = T − 1 and
calculate segmented blood vessels.
The algorithm stops when there is not any signiﬁcant change in vessels during
two consecutive iterations. Final segmented image is used to create a gray level
segmented image which contains selected blood vessels only with their original
intensity values. An adaptive threshold is further applied to improve the segmentation accuracy and to generate a binary mask for blood vessel segmentation.
2.2

Feature Set Formulation

Abnormal blood vessels appear as a denser group of vessel and normally are in
form of small vascular segments. Vascular extraction stage tries to ﬁnd as many
blood vessel as it can so that small and thin blood vessel can also be included in
classiﬁcation stage. For an automated system to distinguish between healthy and
unhealthy vascular segments, a feature set is formed for each candidate segment.
Each candidate segment is considered as sample for classiﬁcation and represented
by a feature vector. If a retinal image χ contains k candidate blood vessel segments, then the set representation for an image χ is χ = {υ1 , υ2 , υ3 , · · · , υk }
where υj is a feature vector for j th candidate segment containing m features i.e.
υ = {x1 , x2 , x3 , · · · , xm }. The description of features, we have used for classiﬁcation of healthy and unhealthy vascular segments are as following:
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Energy (x1 ): The energy of vessel pixels within candidate segment
Mean Gradient (x2 ): The mean value of gradient magnitude of vessels within
candidate segment.
Standard Deviation Gradient (x3 ): The standard deviation of vessel gradient
magnitude within candidate segment.
Mean Intensity (x4 ): The normalized mean intensity value of candidate segment.
Intensity Variation (x5 ): It is the ratio of mean and standard deviation value of
intensity for candidate segment.
2.3

Classification

In order to separate healthy vascular regions from abnormal blood vessels, we
use a Bayesian classiﬁer using Gaussian functions known as Gaussian Mixture
Model (GMM) [18]. We deﬁne two classes such as R1 = {Healthy vascular
region} and R2 = {U nhealthy vascular region}. A supervised classiﬁcation
method is used for ﬁnal classiﬁcation by dividing the dataset into training and
testing subsets. The classiﬁer is trained using the training dataset and a Bayes
decision rule is used to obtain a decision based on estimations from the training
set. Bayes decision rule is stated as [19]
Choose R1 if, p(v|R1 )P (R1 ) > p(v|R2 )P (R2 )
otherwise choose R2

(6)

where p(v|Ri ) is the class conditional probability density function also known
as likelihood and P (Ri ) is the prior probability of class Ri which is calculated
as the ratio of class Ri samples in the training set. We describe the likelihood as
linear combination of Gaussian function in equation 8
p(v|Ri ) =

κi


p(v|j, Ri )ωi

(7)

j=1

where κi is the number of Gaussian mixtures used for Bayesian classiﬁcation
and p(v|j, Ri ) is a m-dimensional Gaussian distribution of weight ωi and Ri =
{R1 , R2 } are the two classes used in proposed system. We apply expectation
maximization to search for an optimal value of κ which optimizes the accuracy of
GMM using diﬀerent validation sets randomly extracted from classiﬁed training
data.

3

Results

The evaluation and validity of automated medical diagnostic systems are very
important. In blood vessel segmentation studies, two databases i.e DRIVE [10]
and STARE [6] are mostly used for evaluation and comparison purposes. Hoover
et al. [10] collected DRIVE database containing 40 retinal images. The STARE
database consists of 20 RGB color images of the retina and 10 of them contain pathology. For further evaluation of neovascularization, two more datasets
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namely DIARETDB0 [20] and DIARETDB1 [21] are used in this paper. The
reason for choosing these datasets is that they contain a large variety of DR
lesions and provide a good mean of evaluation. These databases contain overall
219 retinal images, of which 25 images do not contain any sign of DR and are
considered as normal retinal images. The remaining 194 images contain diﬀerent signs of DR. Figure 1 shows the vascular extraction results for DRIVE and
STARE databases.

Fig. 1. Comparison of vascular extraction and manual segmentation for STARE and
DRIVE databases: (a) Original retinal images; (b) Set A manual segmentation results;
(c) Set B manual segmentation results; (d) Multilayered thresholding outputs; (e) Segmentation results for proposed technique

Two manually labeled blood vessel ground truths are available for DRIVE and
STARE databases whereas manually labeled vascular patterns for DIARETDB0
and DIARETDB1 are created with the help of two ophthalmologists. There
are total 2107 manually labeled vascular segments out of which 1097 randomly
selected segments are considered for testing purposes using k fold testing with
k = 4. We have used three parameters for evaluation purposes; i.e sensitivity
(sen), speciﬁcity (spec) and positive predictive value (P P V ) given in equations
8, 9 and 10 respectively.
Sensitivity =

TP
(TP + FN )

(8)

Specif icity =

TN
(TN + FP )

(9)

PPV =

TP
(TP + FP )

(10)
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where
– TP (True Positive): Segments which are computed as healthy and
belong to healthy vessels in ground truth
– FP (False Positive): Segments which are computed as healthy and
belong to unhealthy vessels in ground truth
– TN (True Negative): Segments which are computed as unhealthy
also belong to unhealthy vessels in ground truth
– FN (False Negative): Segments which are computed as unhealthy
also belong to healthy vessels in ground truth

they also
they also
and they
and they

Table 1 shows the performance evaluation result for proposed system using all
four databases collectively.
Table 1. Performance evaluation of proposed system for detection of neovascularization
T otal segments TP
1097

4

TN FP FN Sen

651 423 16 7

Spec P P V

98.93 96.35 97.60

Conclusion

PDR is an advance stage of DR and can cause severe vision loss. The early
and accurate detection of PDR is important and an automated system can help
the ophthalmologists to save patient’s vision. This paper proposed a system for
early detection of neovascularization which is a sign of PDR. The vascular abnormalities are detected by extracting blood vessels using wavelet transformation
and multilayered thresholding technique. The decision for a vascular segment
as healthy or unhealthy is done using a Gaussian mixture model based classiﬁer. The presented system achieved accuracies of 95.02% and 94.7% for STARE
and DRIVE databases respectively which are better than previously presented
methods. Moreover, the proposed method detected the neovascularization with
96.35%, 98.93% and 98.37% of sensitivity, speciﬁcity and PPV respectively.
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