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Abstract: Diabetic retinopathy (DR) is caused by diabetes
mellitus. Vision loss occurs as a result of DR. The goal of
this study was to use the DIARETDB-1, DIARETDB-0,
STARE, MESSIDOR, E-ophtha-EX, and E-ophtha-MA data-
bases to do Fourier fractal analysis and see how it is
related to retinal illnesses. Following the extraction and
inversion of colour channels, blood vessel augmentation
was conducted. For the blood vessel enhanced image, the
fractal dimension was determined. For DR patients and
normal patients, measures such as standard deviation,
mean, and significance were calculated. In the E-ophtha-
EX database, significance was realized. In the DIARE-
TDB-1, STARE, and DIARETDB-0 databases, the mean
fractal value for normal patients is higher than for DR
patients. The STARE database’s forecast of the association
between fractal dimensions and various retinal disorders
and the E-ophtha-EX database’s accomplishment of sig-
nificance are the study’s main highlights. This study also
improved the robustness of the blood vessel extraction
there and increased the accuracy of its diagnosis.
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1 Introduction

Many important eye diseases as well as systemic diseases
manifest themselves in the retina. Diseases such as diabetic

retinopathy (DR), glaucoma, and macular degeneration are
predominant. DR is caused by changes in the blood vessels
of the retina and prolonged type-2 diabetes. It is common in
both the genders. The indications of DR are hard and soft
exudates, microaneurysms, macular edema, neovasculari-
zation, and haemorrhages. The abnormal permeability of
retinal blood vessel results in formation of microaneurysm.
Computer-aided diagnosis has served as a boon for early
detection and diagnosis for retinal diseases. It helps the
physician to enhance his diagnostic opinion on image
interpretation and proceed with appropriate treatment.
Retinal imaging helps to assess retinal vasculature, iden-
tify retinal lesions, and analyse the retinal morphology
and shape to diagnose DR. Multifarious structure in retina
is due to non-linear retinal branching pattern. Vascular
changes in retina are related to DR, hypertension, and
risk of macular edema [1–8]. Long-term diabetes leads to
DR which in turn leads to vision loss [9,10]. Retinal images
have been evaluated to spot vascular and non-vascular
pathologies in retina. To inhibit vision loss, deviations in
blood vessel pattern can be identified quickly [11,12].

Analysis of retinal images is very important for diag-
nosing the diseases related to the eye. Early recognition
of these changes in the blood vessel patterns makes
it possible to provide early intervention so as to prevent
blindness. Diagnosing the prognosis of DR is very important
for deciding the course of the treatment and the stage of DR.
Early detection and monitoring the progress of the disease are
crucial aspects in DR and this forms the motivation of this
study. There is a lack of a suitable diagnostic method for
analysing the retinal images. So, there is a dire need to
examine the retinal images precisely for effective diagnosis
and treatment. Diagnosis of DR requires a predictivemodelling
approach. Fractal dimensions play a vital role in analysing the
variousmedical data as well as images. Its effectiveness is also
good in diagnosing retinal diseases. Moreover, no trials have
been carried out so far to study the behaviour of fractals in
blood vessel enhanced retinal images. Hence in this study it
was proposed to use fractal dimensions for analysing blood
vessel enhanced retinal images.
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Measurement of fractal dimension of retina can be
indicated using DR [11–13]. Few studies show that fractal
dimension is low for pathological images [14–16]. A
fractal is a kind of geometric representation. Fractals
allow the description of entities which divide frequently
[17,18]. Fractal analysis is done to estimate fractal char-
acters. Fractal dimensions are useful in analysing the
structural differences and abnormalities. Fractals are of
two types which include the monofractals, which are
ordinary fractals, and multifractals, which are a grouping
of monofractals. These multifractals give rise to an expo-
nential value. Fractal dimension is obtained as a single
value in the case of monofractals. Box counting, Haus-
dorff fractal dimension (HFD), Fourier fractal dimension
(FFD), and modified Hausdorff fractal dimension are the
frequently used fractal analysis techniques [19–22]. They
are widely used in various medical applications. Box
counting is used for lung cancer detection [23]. FFD is
used for quantifying electroencephalograms for a group
of children with problem of attention [24].

Monofractals are preferred in this study as a single
value would serve as a threshold and help in differen-
tiating between the diseased and normal images. In ret-
inal image analysis, the blood vessels in the image have
to be extracted or enhanced to aid better visualization
and prediction. Existing studies focus on retinal image
analysis using HFD. Application of HFD to retinal images
requires the process of blood vessel extraction. But blood
vessel extraction is a time-consuming process and may
end up in computational complexity. Moreover, HFD may
not yield better accuracy in detection for certain types of
retinal images. Hence, in this study it was proposed to
implement analysis of retinal images using FFD. FFD can
be applied to the enhanced retinal images to aid in pre-
cise diagnosis. The present study overcomes these short-
comings. The computational time was less and better
detection of minute blood vessels was achieved which
in turn contributed in diagnosing the presence or absence
of DR. This study also contributes to non-linearity as the
presence or absence of retinal diseases vary in every indi-
vidual depending on the location of abnormality/lesions
in the retinal images. The distribution of data points con-
tributing to abnormality is widely distributed over the
feature space. Machine learning algorithms play a vital
role in prediction of diseases. Machine learning algo-
rithms function based on the input features. In retinal
images, machine learning algorithms help to predict the
retinal diseases as well. Fractal dimensions can be applied
on the retinal images and the obtained fractal values can
be used as input to the machine learning algorithms for
better prediction of retinal diseases.

2 Related work

Techniques used for retinal image analysis were broadly
studied. Neuro-fuzzy technique was used to detect exu-
dates. First, the RGB image was converted to grayscale
then features were extracted using the fuzzy technique.
These features were given as input to layers of artificial
neural network, and exudates were obtained. Accuracy of
95.4% was achieved in this method [25]. Naive Bayesian
was used to detect microaneurysms. Image was pre-pro-
cessed and Hessian matrix was used to segment the blood
vessels. After segmentation of blood vessels, only micro-
aneurysms were present. Features of microaneurysms
were extracted using directional local contrast and the
extracted features were given as input for Naive Baye-
sian, support vector machine (SVM), and k-NN. Naive
Bayesian performed well in obtaining microaneurysms
only [26].

Variational mode decomposition (VMD) and textural
features to detect haemorrhages. To the input image,
VMD was applied and four modes were obtained. Texture
features were applied and haemorrhage features were
extracted. The extracted features were given separately for
classifiers like SVM, linear discriminant analysis, feedfor-
ward neural network, k-NN, and Naive Bayesian which help
to obtain haemorrhages. It helped in distinguishing healthy
and unhealthy retinas, achieving higher accuracy. Accuracy
of 100%was achieved for k-NN, SVM, and Naïve Bayes [27].
The existing studies focused on segmenting the lesions and
detecting the symptoms of DR. But there is a need to detect
the disease so that it could serve as an efficient preliminary
diagnostic technique.

In medical image diagnostics, use of fractal analysis
has greatly contributed in enhancing the accuracy of
detection and classification of abnormalities. Katz method
was used in fractal analysis for detecting the disorders
in the brain. Electroencephalography (EEG) data were
recorded. The recorded data were pre-processed using
band pass filtering. Katz fractal dimension was used to
compute the pre-processed EEG signal. The fractal dimen-
sion values were subjected to T-test and the correlation
was obtained. It can be used only for signals [28]. Box
counting method was used for lung cancer detection.
The fractal dimension of tumour region was determined
using Box counting. U-test was applied to the fractal fea-
tures and good significance was achieved. Limited sam-
ples were used in their work [29].

Higuchis method was used for haemodynamic activity
characterization. MRI brain image was pre-processed
with spatial smoothing with Gaussian Kernel. Principal
component analysis was used to analyse the different
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activities of the brain. Higuchis fractal dimension was used
to detect the activities which have higher frequencies.
Then significance test was done for activities which cor-
respond to higher fractal frequencies [30]. The above
survey indicates that fractal analysis has aided in image
interpretation, diagnosis, and decision making.

Use of fractal analysis methods in retinal images was
extensively studied. Detection of the blood vessel bymatched
filtering and morphological opening is performed and the
fractal dimension is calculated by Box counting. The value
of fractal dimension is used to classify DR. The fractal
dimension value was higher for retinopathy patients
when compared to normal patients [31].

Computer-aided methodology and edge enhancement
was used for retinal blood vessel extraction. Box counting
was used for fractal dimensions. Fractal dimension was
calculated in different layers like retinal nerve fibre layer,
inner nuclear layer, outer plexiform layer, outer segment
photoreceptors, retinal pigment epithelial layer, combined
outer nuclear layer and inner segment, and ganglion cell
layer and inner plexiform layer. Normal and mild DR
patients were taken for analysis. Smaller fractal values
were observed in all layers of mild DR retina [32].

Box counting was used for detecting DR. The compar-
ison was done between the groups for normal images,
hypertensive retinopathy, and proliferative DR. Limited
sample was used for analysis in this study and correlation
with demographic and diagnostic parameters was not
performed [33]. The studies show that fractal analysis
will be helpful in detecting the presence and absence of
retinal diseases.

3 Research methods

The retinal input images from the databases need to pre-
processed for better visualization. So blood vessel enhance-
ment was applied on the images and FFD was used as the
testing approach to analyse the images. Statistical para-
meters such as significance, mean, and standard deviation

were calculated for predicting the retinal diseases. T-test
was used to validate the significance (Figure 1).

The proposed study comprises of images from DIAR-
ETDB-1, DIARETDB0, STARE, MESSIDOR, E-ophtha-EX,
and E-ophtha-MA databases. Forty five degree retinal
images were used in this study. DIARETDB-1 database
contains 89 colour fundus images. Among this, 84 images
are DR images containing slight non-proliferative signs
(microaneurysms) and the remaining five are normal
images. No signs of DR is found in normal images.
Image acquisition was performed with a digital fundus
camera which had a 50o degree field of view (FOV) with
varying image settings. The collected dataset is denoted
as calibration level 1 fundus images. DIARETDB-0 data-
base contains 130 colour fundus images of which 110
images are abnormal images with the indications of DR
and the remaining 20 images are normal images. The
abnormal images had the presence of hard and soft exu-
dates, haemorrhages, microaneurysms, and neovascular-
ization. Image acquisition was performed with a digital
fundus camera which had a 50o FOV. The collected
dataset is denoted as calibration level 0 fundus images.

E-ophtha-EX database comprises of 35 images without
lesions and 47 images with exudates. E-ophtha-MA data-
base comprises of 233 images without lesions and 148
images with small haemorrhages or microaneurysms. MES-
SIDOR database contains 1,200 images of which 13 images
were duplicated. So, this study utilized 1,187 images of
which 546 images were normal images, 417 images were
DR images, and 224 images were DR with macular edema.
STARE database includes 402 images consisting of images
with background DR, proliferative DR, hypertensive retino-
pathy, choroidal neovascularization, and age-related macular
degeneration (ARMD).

3.1 Blood vessel enhancement

Contrast enhancement is very important as it helps
in better visualization and enhances the clarity of the

Input image
Blood vessel 
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Application 
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Fractal 
dimension
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Prediction of 
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Figure 1: Flow diagram of the proposed system.
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minute information available in the image. In retinal
images, the blood vessels are minute structures which
has to be enhanced for enabling better diagnosis and
prediction of the underlying abnormalities. Adaptive
histogram equalization (AHE) helps in enhancement.
But on the flipside, it amplifies the noise in homoge-
neous regions thus creating ambiguity [34]. In retinal
images, the retinal structures and minute blood vessels
have to be preserved for better performance. But AHE
amplifies these minute structures also resulting in overampli-
fication. Contrast limited adaptive histogram equalization
(CLAHE) resolves this problem by avoiding overamplifica-
tion. Clip limit, a user defined value is used by CLAHE to
constrain enhancement by clipping the histogram. CLAHE
helps in enhancing blood vessels thus improving predic-
tion and diagnosis. CLAHE is implemented in the follow-
ing manner:
a) Square neighbourhood is specified to evaluate the his-

togram in the neighbourhood block.
b) A transformation function is generated with the help

of histogram equalization.
c) Mapping of gray level is carried out for every pixel

individually.
d) The histogram gets updated every time without recal-

culating the histogram for the entire pixels available
in the new neighbourhood.

e) Centre of the neighbourhood is moved to the nearby
pixel location and the procedure is repeated.

In this study, the input image is an RGB image from
which the green channel was extracted. Green channel
inversion was done to enable further processing. CLAHE
is applied on the inverted green channel blood vessels.
Green channel was selected because blood vessels and
major features of the image were highlighted in this
channel very clearly. It helped in enhancing the visual
aspects of the image. Blood vessel extraction is difficult
for poor quality images and so blood vessel enhancement
is preferred over blood vessel extraction.

3.2 Analysis of fractal dimensions

3.2.1 FFD

FFD is extensively applied in the analysis of medical
images. It is less sensitive to noise and removes the
necessity for image segmentation. FFD is not affected
by the problems such as background noise, uneven illu-
mination, and poor contrast. Generation of Fourier trans-
form of a given image f(x, y) is the primary step in

computation of FFD. Fourier transform for an image of
size (N × N) is calculated as
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where F(a, b) indicates the Fourier transformation with a
and b changing from 1 to N.

Fourier transform’s magnitude is specified as

( ) (| ( )|)= +

−M a b F a b, log , 10 .2 6 (2)

Here F is sampled from the centre of the image. Fourier
transform is calculated on a circle with radius ω (ω
denotes overall frequency) to get the spectrum of the
image. Calculation of FFD is performed by predicting
the relationship between M and ω. A logarithmic scale
is used to plot this relationship which aids in the compu-
tation of FFD. FFD is correlated with the slope β of the
plot as shown below:

=

+ βFFD 6
2

. (3)

In this study, FFD was applied for each contrast enhanced
blood vessel image. FFD value was calculated for each and
every image.

3.3 Analysis of statistical parameters

Statistical analysis was made using Statistical Package
for Social Sciences. Mean, standard deviation, and sig-
nificance were calculated for normal patients and DR
affected patients in all the datasets. Significance, i.e.
p-value was computed for DR patients with respect
to normal patients. If the p-value is less than 0.05 and
0.001, then the significance is achieved. T-test was done
to calculate significance. Mean and standard deviation
[35] were used to differentiate normal and abnormal
skin. T-test and significance (p-value) [36] were used
to identify the factors which influenced the body mass
index. In the present study mean, standard deviation,
and significance were useful in differentiating normal
and affected patients.

4 Results

The retinal images were taken individually from all the
databases and were subjected to contrast enhancement
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using CLAHE. Input image is shown in Figure 2. Blood
vessel enhanced image is shown in Figure 3.

FFD was applied to the blood vessel enhanced images.
Table 1 shows standard deviation and mean for DR in
DIARETDB-0.

From Table 1 it can be inferred that in DIARETDB-0
database normal patient had higher fractal value than DR
patients. If the fractal value lies between −2.35 and −2.41
then the patient is affected by DR else it is normal. Table 2
represents the standard deviation and mean for DR in
DIARETDB-1.

From Table 2 it can be inferred that in DIARETDB-1
database normal patient had higher fractal value than DR
affected patients. If the fractal value lies between −2.35
and −2.38 then the patient is affected by DR else it is

normal. Table 3 shows standard deviation and mean for
DR in E-ophtha-EX.

From Table 3 it can be inferred that in E-ophtha-EX
database normal patient had lesser fractal value than
patients affected with DR. Statistical significance was
achieved in this database. If the fractal value lies between
−2.39 and −2.458 then the patient is considered as normal.
If the fractal value falls above −2.39, i.e. if the fractal value
for an eye is −2.38 it means then the patient is affected by
DR. Table 4 shows standard deviation and mean for DR
and normal patients in E-ophtha-MA database.

From Table 4 it can be inferred that normal patient
had lesser fractal value than DR affected patients. If
the fractal value lies between −2.45 and −2.47 then the
patient is normal. If the fractal value lies above −2.45, i.e.
if the fractal value for an eye is −2.44 it means then the
patient is affected by DR. Table 5 shows standard devia-
tion and mean for DR and DR with macular edema in
MESSIDOR database.

From Table 5 it can be inferred that mean fractal
value was high for normal images and low for DR and
DR with macular edema risk. If the fractal value lies
between −2.464 and −2.5 then the patient is affected by
DR and DR with macular edema. If the fractal value lies

Figure 2: Input image.

Figure 3: Blood vessel enhanced image using CLAHE.

Table 1: Standard deviation and mean for DR in DIARETDB-0

Statistical parameter DR (p-value = 0.057)

Presence Absence

Number 110 20
Mean ± standard deviation −2.41 ± 0.139 −2.349 ± 0.069

Table 3: Standard deviation and mean for DR in E-ophtha-EX

Statistical parameter DR (p-value = 0.0276)

Presence Absence

Number 47 35
Mean ± standard deviation −2. 39 ± 0.137 −2.458 ± 0.134

Table 2: Standard deviation and mean for DR in DIARETDB-1

Statistical parameter DR (p-value = 0.5816)

Presence Absence

Number 84 5
Mean ± standard deviation −2.38 ± 0.117 −2.35 ± 0.1337

Table 4: Standard deviation and mean for DR in E-ophtha-MA

Statistical parameter DR (p-value = 0.1638)

Presence Absence

Number 148 233
Mean ± standard deviation −2.45 ± 0.137 −2.47 ± 0.136
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above −2.464, i.e. if the fractal value for an eye is −2.461 it
means then the patient is normal.

DIARETDB-0, DIARETDB-1, and MESSIDOR databases
consist of proliferative DR images which is an advanced
stage of DR. Hence normal patients had a higher fractal
value than patients affected with DR in these databases.
On the flip side, E-ophtha-MA and E-ophtha-EX databases
do not contain proliferative DR images and so the normal
patient had lesser fractal value than DR affected patients.

Figure 4 shows the graph of mean fractal value
for normal and DR images in MESSIDOR, E-ophtha-EX,
E-ophtha-MA, DIARETDB-1, and DIARETDB-0 databases.

The proposed study also focused on effective retinal
disease prediction. Among all the retinal image data-
bases, STARE database comprises of retinal images with
various diseases apart from the normal images. Hence in
this study FFD was applied to the images in STARE data-
base in order to analyse the presence of various retinal
diseases. Mean fractal value and standard deviation were
calculated for retinal images with various diseases to
help in disease prediction.

From Table 6 it can be inferred that normal retina is
having high fractal value than pathological images. If
fractal value is above −2.5 ± 0.138 it can be predicted

that the person is having some complications in retina.
In general, demographic/diagnostic parameters can be
correlated with fractals. But this study contains datasets
from public databases. The public databases possess only
images and it does not possess details about the demo-
graphic and diagnostic parameters. So, in this study it
was not possible to correlate the obtained retinal fractals
with demographic/diagnostic parameters.

5 Discussion

FFD [19]was focused in this work since it does not require
blood vessel extraction. This is because blood vessel
extraction is time consuming than blood vessel enhance-
ment. Blood vessel extraction is prone to error because of
inter-observer variation and changes due to image colour
and contrast. In this study blood vessel enhancement has
helped in reducing the time complexity and aiding a
better prediction on combining it with FFD.

Box counting [16,21,33] method degrades the image
as it has artefacts like poor contrast, uneven illumination,
and background noise. FFD is more robust to noise and

Table 5: Standard deviation and mean for DR and DR with macular edema in MESSIDOR

Statistical parameter DR DR with macular edema

Presence Absence Presence Absence

Number 417 546 224 546
Mean ± standard deviation −2.492 ± 0.118 −2.464 ± 0.126 −2.5 ± 0.121 −2.464 ± 0.126

-2.55

-2.5

-2.45

-2.4
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-2.25
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Figure 4: Mean fractal value for normal and DR images.
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performs well even with images that have poor contrast.
In this study, there was a need to enhance the blood
vessels. So FFD which is less sensitive to noise was
used and it helped in better disease prediction.

Box counting [16,21,33] showed normal patients had
a higher fractal value than patients affected with DR.
In the current analysis, normal patients had higher value
of fractals than DR affected patients in DiaretDB-0, Dia-
retDB-1, and MESSIDOR databases. HFD was used to
differentiate between retinopathy and non-retinopathy
patients [37].

FFD [38] showed the differentiation in MESSIDOR
database between normal and affected patients. In the
present study, FFD showed differentiation between normal
and affected patients in DIARETDB-1, DIARETDB-0, MESS-
IDOR, STARE, E-ophtha-MA, and E-ophtha-EX databases.

The magnitude response spectrum of the FFD is used
as a feature extraction method to classify blood vessels
[39]. In the present study slope of FFD is used as a value
to predict the presence and absence of disease. This
has extensively contributed in reducing the noise and
helped in differentiating between the normal and abnormal
cases.

Blood vessel extraction approach was used to deter-
mine vascular alterations and expedite accurate identifica-
tion of pathological symptoms in retinal images [40,41]. In
the present study, blood vessel enhancement was used to aid
better diagnosis and visualization of blood vessels to detect
the underlying abnormalities using fractal techniques.

6 Conclusion

A broad analysis of fractal relationship with DR in various
databases was analysed in this study. The study contrib-
uted significantly in differentiating the incidence and

absence of DR based on the mean fractal value. The major
contribution of this work was achievement of significance
for E-ophtha-EX database and prediction of retinal dis-
eases in STARE database. Normal patient had a higher
fractal value than patients affected with DR in DIARE-
TDB-1, DIARETDB-0, and MESSIDOR databases. Normal
patients had lesser fractal value in STARE, E-ophtha-MA,
and E-ophtha-EX databases. This study also helped in
predicting the relationship of fractal dimensions with
various diseases of the retina in STARE database. If
the fractal value goes beyond −2.5, it can be predicted
that the patient is affected by a retinal disease. The pre-
sent work reduced the effort of blood vessel extraction
thereby making it more robust and enhancing its effi-
ciency in precise diagnosis. Reduction in computational
complexity and accuracy in prediction are the advan-
tages of this study. The future study can analyse the effect
of fractal dimensions in 200o retinal images that would
aid in prediction of diseases like cataract, glaucoma, and
intraocular melanoma. Deep learning techniques can
be explored for detection of disease symptoms and its
analysis.
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