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Abstract

This thesis work is an investigation of multiscale analysis of diagnostic features of the

color fundus images. Analysis of diagnostic features is done in the multiscale domain

by wavelet transform. There are three major contributions. First, the different wavelet

subbands are investigated for the presence of retinal features such as exudates and mi-

croaneurysms. Secondly, the pathological features are extracted. Blood vessels are ex-

tracted by using Kirsch and Gaussian matched filter (MF) based method. Inpainting is

performed on the green channel image by considering the blood vessels structure as a

mask for detecting the amount of blood vessels affected by pathologies. Independent

component analysis (ICA) is used in multiscale for extraction of exudates and detection of

changes in the retina, which occurs due to the progression of diabetes. Third, glaucoma

is detected by evaluation of differential entropy in wavelet subband. The performance of

different methods is analyzed by different quantitative measures such as, specificity, sen-

sibility, accuracy, universal quality index (UQI), Pearson correlation coefficient (PCC), and

structural similarity (SSIM) etc.

The clinically important features of retinal image are the optic disc (OD), the macula and

the blood vessels. The ophthalmologists examine these features for signs of various eye

related diseases. The retinal image should be of sufficient quality to ensure a reliable di-

agnosis. Various approaches are available in the literature to study the clinical usefulness

of the normal retinal features for different applications. Different features developed over

the retina, such as microaneurysms, exudates, and haemorrhages, etc. due to diabetic

retinopathy (DR). The analysis of the DR features is not done in the literature from the

diagnostic point of view. Here, the spatial localization and multiresolution properties of

discrete wavelet transform (DWT) is used for image analysis. The DWT is used to decom-

pose the image into different subbands. The contribution of each subband towards the

DR feature information is different. In the present work, the analysis is done in two ways.
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First, at a particular level of wavelet decomposition, one level subband coefficients are

made zero while unaltering the other level subband coefficients. The reconstructed im-

age is analyzed. Secondly, the image is reconstructed by considering one level subband

coefficients only and zeroing other level subband coefficients. From the reconstructed

image, the significant information about the DR features at a particular level of subband

is analyzed.

These subband information is used for extraction of features. Blood vessels and patholog-

ical features are extracted for finding the amount of blood vessel damage due to diabetic

retinopathy. ICA is used in the wavelet subbands for extraction of exudates and detec-

tion of changes in the retina. ICA on multiscale improves the performance of detection

of independent components, which is measured by the Amari performance index (API)

and Comon test values. Detected diagnostic features are evaluated quantitatively by the

Pearson correlation coefficient (PCC), universal quality index (UQI), structural similarity

(SSIM), sensitivity, specificity, and accuracy etc.

The diagnostic information in wavelet subband is used for detection of glaucoma. In the

literature, glaucoma is detected by the measurement of the ratio of cup area to the disc

area and known as cup to disc ratio (CDR). In case of disc anomalies and inflamed disc,

the disc region is not distinguished clearly. So, CDR cannot be used as a measure for

glaucoma detection. Here, differential entropy and machine learning techniques are pro-

posed for glaucoma detection. Differential entropy (DE) of the cup is calculated in wavelet

subband for detection of glaucoma. The appearance of the cup changes due to glaucoma,

which is used for glaucoma classification. Two classification methods are proposed, one

is principal component analysis (PCA)-linear discriminant analysis (LDA) and the sec-

ond is hidden Markov model (HMM)-singular value decomposition (SVD). HMM-SVD has

better performance than PCA-LDA based method. DE based measure provides better

performance in the detection of glaucoma from other methods.
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Synopsis

Introduction

The clinical features of a normal fundus or retinal image are the optic disc (OD), the macula lutea, and

the blood vessels. The development in image processing, computer vision, and pattern recognition

has helped the evolution of automated diagnostic systems for diabetic retinopathy (DR), age related

macular degeneration, and retinopathy of prematurity. In case of DR, fluid leaks from blood vessels

into the retina and different lesions appear over the retina. Based on the appearance of pathological

features such as microaneurysms (MAs), haemorrhages, larger blot haemorrhages, exudates and

cupping etc., the ophthalmologists evaluate the DR condition. Various approaches have been pro-

posed in the literature, to study the clinical importance of different DR features or lesions in the retinal

image. Automated diagnostic systems require efficient detection of these DR features.

This thesis documents three investigations on pathological features using wavelet analysis. First

investigation is on multiscale analysis of DR features. Multiscale or multiresolution is an invertible

subband representation, which is highly tunable and have a free choice of the basis function to de-

compose images to subbands. Each of them contains information at a specific scale/frequency and

along a specific direction. These subbands have more or less relevant information of the lesions.

From the diagnostic point of view, the specific wavelet subbands are chosen. In the second inves-

tigation, multiscale ICA is proposed and evaluated for detection of DR features. Third investigation

is on the analysis and detection of glaucoma using higher order statistics. Changes in the appear-

ance optic disc region lead to glaucoma and results in peripheral vision loss. Glaucoma is generally

detected by the measurement of the ratio of cup area to disc area. In some cases it fails due to

misclassification of the cup and disc region. This limitation has been overcome by the measurement

of negentropy in the multiscale domain. The three investigations are briefly discussed in the following

sections.

0.1 Multiscale analysis of diagnostic features

First, the significance of wavelet subbands in characterizing the pathological features is investigated.

The DWT separates and retains the retinal features in one or few subbands. The retinal image is
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0.1 Multiscale analysis of diagnostic features

decomposed to 3-, 5-, 7-, and 9-levels using Daubechies4 (db4) wavelet in two dimensions. This

generates one low frequency approximation subband and 3N numbers of high frequency detail sub-

bands, where ‘N ’ represents the number of levels of decomposition. Different subbands represent

different frequency bands of an image. They have different contributions to the image quality. Exu-

dates, microaneurysms (MAs) and haemorrhages are the main diagnostic features due to DR. Mul-

tiscale analysis is performed by two ways. In the first case, the diagnostic importance of subbands

in a particular level is examined by zeroing the coefficients of that subband and retaining all other

subband coefficients. The diagnostic quality of the retinal image is observed by reconstructing the

image using the altered subbands. In the second case one subband coefficients are unaltered and

all other subband coefficients are made zero. These two procedures have provided the DR feature

information in different subbands.

(a) Wavelet subbands and microaneurysm information: In 3-level wavelet decomposition all the

subbands contribute equally to the feature microaneurysm (MA). In 5-level wavelet decomposition

subband L1, subband L2 and subband L3 contain less information about the MA. Most of the infor-

mation is present in subband L4 and subband L5 in 5 level wavelet decomposition. In 7-level wavelet

decomposition, L5, L6, and L7 contribute more information towards the MA. Subband L5 to subband

L9 coefficients contain higher MA information compared to other levels in 9 level wavelet decompo-

sition. Higher subband coefficients contain more MA information compared to lower level subband

coefficients.

(b) Wavelet subbands and exudate information: In five level decomposition of exudates L1 and L2

subbands coefficients do not contain higher information about the exudates than the other subbands.

In seven level wavelet decomposition blood vessel (BV) information is reduced compared to five

level wavelet decomposition. The subband coefficients L1, L5, L6 and L7 contain more exudate

information compared to the other subbands. The most important subband coefficients contributing

for exudate information in nine level wavelet decomposition are L8, L7, L6, and L3. Zeroing the L1

and L2 subband coefficients does not affect much in the accuracy for extraction of exudates, which

are found to be 95.90% and 93.22%, respectively. The accuracy value reduces to the lowest when L8

subband coefficients are made to zero, and the accuracy found to be 36.95%.

xii
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0.2 Multiscale detection of DR features

0.2 Multiscale detection of DR features

At the initial stage of DR, blood vessels are affected. Various segmentation techniques such as

Kirsch’s method, histogram equalization approach and Gaussian based matched filter approach

are merged together to get the best segmentation performance for the blood vessels. The perfor-

mances of the segmentation evaluated by different performance measures and are tabulated in Table

1. Matched filter with first order Gaussian function has higher accuracy (95.46%).

Table 1: Performance measure values of different blood vessels extraction techniques.

Method Sensitivity Specificity Sensibility Accuracy EER Fscore KC KJ KD

Kirsch 43.03 94.93 5.07 90.24 4.87 -59.06 -159.77 28.37 44.05
Modified Kirsch 42.55 93.58 6.41 90.70 4.64 -58.29 -310.15 20.80 34.15

Histogram 48.93 94.18 5.81 91.06 4.46 -63.83 -194.04 25.78 40.88
Gaussian 76.03 97.06 2.93 95.46 2.26 -85.12 21.04 56.11 71.81

KGH 49.75 97.91 2.09 91.27 4.36 -65.70 -32.17 43.67 60.62
KG 52.98 98.077 1.92 92.22 3.88 -68.64 -15.27 46.77 63.64

After segmentation of blood vessels, inpainting technique is applied to remove the effect of the

blood vessels. This image only contains the pathologically affected regions along with the OD and

the macula. Pathologically affected regions are separated from the inpainted image. The inpainted

image is subjected to histogram equalization. The extracted pathologies are intersected with the

extracted blood vessels image to obtain the blood vessels that are affected by pathology. Fig. 1(a) is

the color fundus image with pathologies. The extracted blood vessels by Kirsch Gaussian matched

filter method is shown in Fig. 1(b). This extracted blood vessel is used as a mask to inpaint the image.

The inpainted image does not contain any blood vessels. The inpainted image is shown in Fig. 1(c).

From the inpainted image the pathologies are extracted. The extracted pathologies are compared

with the segmented blood vessels to find the amount of blood vessels affected by pathologies. Blood

vessels affected by pathologies are shown in Fig. 1(d).

Independent component analysis is applied to the data matrix formed by the subbands of wavelet

decomposition for segmentation of exudates and detection of changes in the retina due to the DR.

Detection of DR features by multiscale ICA (MSICA) consists of three important blocks and they are

multiscale decomposition block, formation of data matrix block, ICA block. Multiscale decomposition

or transform block decomposes the signal/image into different bands depending on their frequency

content. The input to the ICA model is a matrix. The data matrix is formed by combining the different

bands. The performance multiscale ICA is evaluated by API and Comon test values. These values

xiii
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0.2 Multiscale detection of DR features

(a) (b)

(c) (d)

Figure 1: Assessment of pathological affected blood vessels from color fundus image: (a) color fundus image,
(b) segmented blood vessels, (c) inpainted image, (d) blood vessels affected by pathology.

are calculated both in MSICA and ICA. From these values it is observed that MSICA outperforms ICA.

The extracted exudates by this method are given in Fig. 2. The color fundus image with pathologies

is shown in Fig. 2(a). The corresponding HSV color image is shown in Fig. 2(b). To both the color

channels ICA and MSICA algorithms are applied. The extracted exudate by ICA in RGB and HSV

color channels are shown in Fig. 2(c) and Fig. 2(d), respectively. Fig. 2(e) and Fig. 2(f) represent the

extracted exudate by MSICA on RGB and HSV color channels, respectively. The universal quality

index values for the extracted exudates is found to be 0.70 for MSICA on HSV color channel.

ICA can be used for the detection of changes from the color fundus images due to the progression

of DR. In this case, the normal fundus image is compared with the DR affected image by ICA in

multiscale domain. Analyzing the number of features, the retina condition can be predicted.

xiv
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0.2 Multiscale detection of DR features

(a) (b)

(c) (d)

(e) (f)

Figure 2: Extraction of exudates: (a) RGB color fundus image, (b) corresponding HSV image, (c) exudates
from RGB color image by ICA, (d) exudates from the HSV color image by ICA, (e) exudates from RGB color
image by multiscale ICA, (f) exudates from the HSV color image by multiscale ICA.

xv
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0.3 Assessment of Glaucoma

0.3 Assessment of Glaucoma

Glaucoma damages the optic nerve on back side of the eye. Glaucoma is assessed by measurement

of intraocular pressure (IOP) and by the appearance of OD (measurement of cup-to-disc-ratio (CDR)).

Measurement of CDR is treated as the most useful indicator of glaucoma and its progression. Evalu-

ation of glaucoma requires disc evaluation with clinical experience. Analysis of the appearance of OD

helps post diagnosis. Method for glaucoma detection by CDR is not possible in case of inflamed disc

and disc anomalies. Here, two methods are proposed for glaucoma classification. First, is based on

evaluation of differential entropy (DE) or negentropy in wavelet subband-5 for prediction of glaucoma.

The second method is based on a machine learning approach for glaucoma classification.

The method based on differential entropy consists of preprocessing, wavelet decomposition, seg-

mentation of the cup and measurement of information. True positive (TP), true negative (TN), false

positive (FP) and false negative (FN) for the proposed method are found to be 0.9459, 0.8823, 0.1176,

and 0.0540, respectively. The differential entropy based method is compared with two recently dis-

cussed methods in the literature. The proposed method shows the best result with an accuracy value

of 92.59%.

In machine learning based glaucoma detection, the patterns of the cup are used. For normal

vision, the cup looks like almost circular or elliptical. As the disease progresses, the size and the

shape of the cup gradually changes. These patterns are used for glaucoma classification. Princi-

pal component analysis (PCA)-linear discriminant analysis (LDA) and hidden Markov model (HMM)-

singular value decomposition (SVD) based glaucoma classification methods are used for glaucoma

assessment. In PCA-LDA based method the performance of glaucoma classification depends on the

number of significant eigenvalues or principal components. As the number of significant eigenvalues

increases the performance also increases. Beyond four numbers of eigenvalues the performance

does not increase significantly. So, 4 significant eigenvalues are considered for glaucoma classifica-

tion in PCA-LDA based approach. Sensitivity and specificity for the PCA-LDA method are found to

be 81.25% and 33.33%, respectively.

In HMM-SVD based method glaucoma classification singular value decomposition is used for fea-

ture extraction and 7-level HMM model is used for classification. In order to reduce the computational

complexity and memory consumption, the retinal images are resized to 46× 56 which results in data

loss from the images. So, SVD is used for feature extraction, which compensate the data loss and

xvi
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0.4 Organization of the thesis

obtain a set of uncorrelated features about the cup and OD. It is used due to its stability and robust

feature extraction technique for retinal images. The SVD coefficients are used as features in the sam-

pling windows (blocks). Among the 46 singular values, only a few big singular values and their related

vectors convey information about the energy and information of an image. In this case three features

are considered for each block for classification by HMM. This provides an accuracy of 72.73%.

The main contributions of this thesis can be summarized as follows. DR features in the fundus

image are present differently across the wavelet subband. Higher subbands contain the OD features.

The MA information is present in the higher subbands of multiscale decomposition. Exudate informa-

tion is present in the lower subbands. The matched filter based method for detection of blood vessels

has highest the accuracy. Multiscale ICA helps find the exudate information from the fundus images

with higher accuracy. This method is used for detection of changes in the fundus images due to DR.

Glaucoma is detected by the measurement of CDR. CDR fails in case of disc anomalies. So differ-

ential entropy (DE) is used as a measure for assessment of glaucoma. DE value greater than 0.25

is used as a threshold for glaucoma assessment. Machine learning approach is used for glaucoma

assessment. HMM-SVD based glaucoma classification performs better compared to the PCA-LDA

based glaucoma classification.

0.4 Organization of the thesis

The organization of the thesis is as follows:

In Chapter 1 , the retinal images are introduced and its clinical importance is discussed. The

literature survey of retinal image analysis methods is also presented.

In Chapter 2 , the literature review on DR feature detection are discussed. Here, the motivation for

multiscale analysis of fundus image is presented for detection of features and detection of glaucoma.

In Chapter 3 , multiscale analysis of different DR features is discussed. DR features such as MA,

haemorrhages, and exudates are analyzed in different subbands of wavelet decomposition.

In Chapter 4 , extraction of DR features from the fundus images are discussed. Here, wavelet ICA

is used as a tool for extraction of exudates. This is also used as a tool for detection of the changes in

the color fundus image due to DR. This may help early diagnosis of the vision loss.

In Chapter 5 , different methods of glaucoma assessment in multiscale are presented. Here, dif-

ferential entropy (DE), PCA-LDA, and HMM-SVD based glaucoma detection methods are discussed.

xvii
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0.4 Organization of the thesis

In Chapter 6 , conclusions are drawn by summarizing the contributions of the work and mentioning

some directions for future work.

xviii
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1. Introduction

The clinical features of a fundus or retinal image are the macula lutea, the optic disc (OD), and

the blood vessels. Development in image processing, computer vision, and pattern recognition has

helped the evolution of automated diagnostic systems for diabetic retinopathy (DR), age related mac-

ular degeneration (AMD), and retinopathy. In case of DR, fluid leaks from blood vessels into the

retina and different lesions appear over the retina. Based on the appearance of pathological features

such as microaneurysms (MAs), haemorrhages, larger blot haemorrhages, exudates and cupping

etc. the ophthalmologists evaluate the DR condition. Various approaches have been proposed in

the literature to study the clinical importance of different DR features or lesions in the retinal image.

Automated diagnostic systems require analysis and efficient detection of these DR features.

This thesis documents three investigations on pathological features using wavelet analysis. First

investigation is on multiscale analysis of DR features in different scales of wavelet decomposition.

Multiscale or multiresolution is an invertible subband representation, which is highly tunable and has

a free choice of the basis functions. Each of them contains specific information along a specific di-

rection at a specific scale/frequency. These subbands have more or less relevant information of the

lesions. From the diagnostic point of view, the specific wavelet subbands are chosen. In the second

investigation, multiscale ICA is proposed and evaluated for detection of DR features. Third investi-

gation is on the analysis and detection of glaucoma using higher order statistics. Changes in the

appearance of an optic disc region lead to glaucoma and result in peripheral vision loss. Glaucoma

is generally detected by the measurement of the ratio of cup area to disc area. In some cases it

fails due to misclassification of the cup and disc region. This limitation has been overcome by the

measurement of negentropy in the multiscale domain.

1.1 Anatomy and assessment of eye

The importance of medical imaging is constantly growing and making health care more effective and

patient-friendly. Medical imaging is a modern health care procedure to create high resolution images

of the human organs for clinical purposes, by a set of non-invasive techniques. It has become popular

due to the visual documentation and its ability to extract information about many diseases for the

diagnosis. These accomplishments have allowed clinicians to make accurate and efficient diagnosis

in a non-invasive fashion and the therapeutic result can be closely monitored [4–6].

Fig. 1.1, shows a cross section of the human eye with important anatomical components. It is a
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1.1 Anatomy and assessment of eye

Figure 1.1: Cross sectional view of human eye [1].

precious organ, which gives the sensation of vision, including color differentiation and perception of

depth due to the presence of rods and cones in the retina [4]. The visible parts of the eye include the

cornea, white sclera, the colored (either green or blue or brown or a mixture of these) iris, and the

pupil. The reflected light ray from the object passes through the pupil, the lens, the cornea, anterior

chamber, the vitreous and is then focused on the retina. Retina consists of retinal pigment epithelium,

the choroid and the sclera. The choroid is mainly responsible for blood supply of the retina. Partially

blood supply through the retina occurs through the vasculature, which lies on top of the retina. The

retina covers 65% on its interior surface. The neural layer present in the retina plays a direct role in

vision and visual processing. Rods and cones in the retina change the reflected light rays from the

object into electrical impulses and send them through the optic nerves to the occipital region of the
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brain where the image is perceived. The macula is a tiny area at the center of the retina, which is

responsible for bright and sharp vision. The surrounding parts of the retina are called the peripheral

retina and it is responsible for side or peripheral vision. The retina is damaged due to DR, which is

a complication of diabetes. Diabetic retinopathy basically affects the blood vessels that nourish the

retina. Fluids and blood come out from the damaged blood vessels and deposited over the retina. It

leads to swelling of retinal tissue and clouding of vision. It usually affects both the eyes. Development

of DR becomes more likely for a person suffering from diabetes for a longer period and causes vision

loss that in many cases cannot be reversed. In the early stages of DR the visual symptoms are very

rare. So, early detection and treatment can reduce the chance of the significant vision loss from DR.

A comprehensive eye examination through testing, evaluation of the retina and macula is used for

diagnosis for DR. This may include:

• Patient history to determine difficulties in vision experienced by the patient, general condition

of health affecting vision, blood pressure, and blood sugar level that may be affecting vision,

• Visual acuity measurements to determine the condition of central vision or bright vision,

• Refraction to determine the requirement for changes in an eyeglass prescription,

• Evaluation of retina through a dilated pupil, and

• Measurement of the intra ocular pressure within the eye.

These tests do not tell about anatomical changes and the status of the retina. So, retinal photog-

raphy or tomography are done to know the changes in the retina. Different procedures are performed

such as: (a) Ophthalmoscopy, (b) fundus photography, (c) fundus fluorescein angiography (FFA), and

(d) optical coherence tomography (OCT). Fundus photography is the photography of the retina and

has the advantage of documentation for future reference. Fundus fluorescein angiography helps doc-

ument current status of the retina to evaluate abnormal blood vessel growth by intravenous injection

of a fluorescent dye. It increases the contrast of the retinal vasculature. Fig. 1.2 shows an example

of a fluorescein angiogram in which blood vessels are more accurate than direct ophthalmoscopy [7].

This is not very common in clinical practice due to its invasive nature and side effects.

The OCT is a high-resolution, cross-sectional tomographic imaging of the internal microstruc-

ture in materials and biological systems based on interference similar to ultrasound, which produces
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1.1 Anatomy and assessment of eye

Figure 1.2: Fundus fluorescein angiography [2].

three-dimensional images within optical scattering media (e.g. biological tissue) [8–10]. It operates

at near-infrared light, which uses a relatively long wavelength light to penetrate into the scattering

medium. Confocal microscopy uses a similar technique, which penetrates less deeply into the sam-

ple. Microperimetry has the ability to diagnose and quantify the changes in the retinal function at a

particular location over time [11]. Optos OCT scanning laser ophthalmoscope (SLO) is used to obtain

structural OCT and functional microperimetry testing (http://www.optos.com).

One highly advanced instrument, the Optos’ OCT SLO system combines the advantages of

industry-leading spectral OCT imaging with a confocal SLO. Clinicians are able to both diagnose and

track the smallest pathological changes in retina over time such as, assess outcomes of therapies,

detect retinal functions, and capture structural changes.

Fundus photography involves the use of a retinal/fundus camera to photograph the different re-

gions and parts of the retina. The resultant images document the patient’s medical record in a

photographic or digital image. The fundus camera consists of a low power microscope (such as, my-

driatic and non-mydriatic [12]). In mydriatic fundus camera pupils have to be dilated, which enhance

the quality of the photographic record due to a wider field of view. In non-mydriatic camera the, pupil

need not be dilated. Fundus photographs are considered medically necessary as its influence the

management of the patient, evaluate abnormalities in the fundus, follow the progression of a disease,
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plan the treatment for a disease, assess the therapeutic effect of recent surgery (e.g. photocoagula-

tion), documentation and to establish a baseline for judgement for a disease progression.

1.2 Fundus image and its clinical features

Figure 1.3: Normal retinal photograph from Aria database.

Table 1.1: Properties of different features in normal fundus image.

Region Type Size Color Shape Contour

Optic Disc [13], [14] 1/30 of retina, Diameter: 1.5 to 2 mm Orange or yellow Round Clear & well defined
Cup [15] Smaller than OD, Cup is 1/3 height of disc Pale yellow Round Clear edges
Macula Diameter: 4 - 5 mm Hazy dark Round -
Fovea Diameter: 1.5 - 2.5 mm Dark, darker than surrounding Round -

The Fig. 1.3 shows fundus or retinal image for normal retina. The most important parts of the normal

retina are OD, macula, fovea and blood vessels [16, 17]. These features’ characteristics have been

tabulated in Table 1.1. Optic disc is the brightest region having an elliptical shape which appears

bright orange pink with a pale center [18]. It is called blind-spot as it lacks photoreceptors. The blood

vessels are emerging from the OD. Lateral to the blind spot of the eye, a hazy dark region having an

oval shape with a diameter of nearly 0.4 mm is present. It is called the macula lutea (yellow spot). The
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1.2 Fundus image and its clinical features

Figure 1.4: Disease retinal photograph from Aria database.

center of the macula is called fovea (having the size of a pin head), which contains only the cones

and helps in acuity vision or sharp vision or bright light vision. Macula contains mostly the cones and

its density declines gradually from the edge of the macula to retinal periphery. Rods are responsible

for the dim light vision. The retina is nourished by the blood circulation of the blood vessels. The

blood vessels give rise to a rich vascular network.

In DR, the retina is damaged due to fluid and blood leaking from the damaged blood vessels.

Ophthalmologists recognize the DR, based on the features on retina, such as red lesions (microa-

neurysms (MAs), small intra retinal dot haemorrhages, larger blot haemorrhages), and white lesions

(exudates and cotton wool spots) [19] etc. These features are tabulated in Table 1.2. Fig. 1.4 shows

the different features in case of diseased retina. More number of lesions appear on the retina as the

disease progresses. The appearance of the retina in different stages of DR is shown in Fig. 1.5.

Fig. 1.5(a) is the normal image which does not contain any lesions. The ratio of cup area to disk

area increases in Fig. 1.5(b) with some white patches on the left side. It is an image of a glaucoma

affected eye. Fig. 1.5(c) is the image of mild, non-proliferative diabetic retinopathy (NPDR) which
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 1.5: Different stages of DR: (a) normal image, (b) glaucoma, (c) mild NPDR, (d) moderate NPDR, (e)
severe NPDR, (f) mild PDR, (g) moderate PDR, and (h) severe PDR.
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1.2 Fundus image and its clinical features

contains microaneurysms. Microaneurysms along with exudates and haemorrhages are shown in

Fig. 1.5(d). This is moderate NPDR stage. The degree of NPDR varies with the number of lesions.

During severe proliferative diabetic retinopathy (PDR), exudates and haemorrhages appear in the

retina. In this case, the size and the numbers are more as shown in Fig. 1.5(e). In mild PDR, the

lesions appear near to the macula. It is shown in Fig. 1.5(f). During severe PDR, the lesions appear

over the macula as shown in Fig. 1.5(g) and Fig. 1.5(h). In these cases, new blood vessels also

appear which is called neovascularization.

Microaneurysms are the earliest indicators for the presence of DR [20]. These are saccular

out pourchings of retinal capillaries. They are continually formed while the existing ones disappear.

They look like isolated patterns. Microaneurysms are small red dots with sizes equal to the size

of a pin head (diameter ranges from 10µm to 100µm). Exudates are the protein and lipid deposits

over the retina from the damaged blood vessels [21, 22]. They are found as yellowish patches with

irregular borders over the retina. They appear as soft and hard exudates. Soft exudates are oval

in shape, whereas hard exudates are irregular in shape. Soft exudates disappear between 4 to 12

weeks, whereas hard exudates have tended to form coalescence or macular star. During image

segmentation, hard exudates are conflicted with the OD. Drusens are hyper fluorescent spots with

yellowish in color, which are marks of macular degeneration [23]. They appear anywhere on the

surface of the retina as soft and hard drusens. Soft drusens are dome shaped where as hard drusens

have a small nodule shape. In glaucoma, the structure of the OD changes and it leads to cupping due

to increase in intraocular pressure [24]. Effective treatment is possible if the conditions are detected

early. So, detection of these lesions/diagnostic features is important for the diagnosis of DR and

estimate of vision loss.

1.2.1 Retinal diseases

Retinal diseases occur due to diabetes for a longer period of time and affect millions of people all over

the world [18]. Diabetic retinopathy and other eye diseases are characterized by structural variations

in the retina. Continuous monitoring of the retina is required for effective treatment and diagnosis

of the early symptoms [26–28]. Retinal images can provide necessary and important diagnostic

information about diabetes, NPDR, PDR, AMD and glaucoma. Due to DR, blood vessels, OD and

macula are affected and different pathological features appear over the retina. So, ophthalmologists

are interested in the diagnostic features in the retina. Diabetic retinopathy is a progressive pathology
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Table 1.2: Characteristics of different DR features in retinal image.

Features Size Color Shape Other
Microaneurysm
[20,25]

Very small,
size of a pin
head, Diam-
eter: 10 µm
- 100 µm

Reddish Rounded MAs are earliest unequivocal indication
of DR. These are sacular outpourchings
of retinal capillaries.
MAs are continually forming while exist-
ing ones disappear.
Looks like isolated patterns.

Soft Exudates Small &
1/3 of disc
diameter

Whitish or
pearly grey

Oval Deposits made of lipoproteins leaking
from abnormally permeable blood ves-
sels especially MAs.
Edge: Blurry or feathery
Numbers: Few
Onset: Rather acute
Situation: Superficial, near OD
No tendency of coalescence. Disappear
between 4 to 12 weeks.
Conflict: With OD

Hard Exu-
date [21,22]

Variable,
Ranging
from pin
point to
larger than
disc diame-
ter

Waxy or
yellowish
white

Not regular Deposits made of lipoproteins leaking
from abnormally permeable blood ves-
sels especially MAs.
Edge: Clear & sharply defined
Numbers: Usually many
Onset: Very gradual
Situation: Deep, underneath BVs
Tendency to form coalescence. Tends to
form macular star.
Conflict: With OD

Soft Dursen [23] Diameter:
≥ 125 µm

Pale yellow
or
grayish
white

Dome
shaped

These are epithelial detached pigment.
Location: Any where in retina
Hall mark of AMD

Hard Dursen Diameter:
≤ 63 µm

Yellow Small nou-
dles

These are basal laminar deposit referred
to a material located external to RPE
basement membrene.
Location: Any where in retina
Macular degeneration.

Cotton Wool
Spots

Localized Yellowish
white

Fluffy
patches

Occurs due to drainage of axoplasmic
content into the retina in focal ischemia
that causes axoplassmic flow interrup-
tion.
Causes blurry vision.
Found in collagen vascular diseases,
AIDS, hypertensive retinopathy.

Haemorrhage Small or
large

Red or dark
red

Dot -

and its severity can be known by the number of pathological symptoms and the types of lesions

present on the retina. The different stages of DR are given below [29–31].

(i) Non-proliferative Diabetic Retinopathy (NPDR): It is most common eye disease which occurs
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1.2 Fundus image and its clinical features

due to diabetes and is a leading cause of blindness in adults. It is the earliest stage of diabetic

retinopathy. It damages the blood vessels in the retina. The fluid or the blood may come out

of the damaged blood vessels, causing the retina to become swollen. NPDR can cause the

changes in the eye, including microaneurysms and retinal haemorrhages. It has three stages,

such as

• Mild NPDR: This is the early stage of DR and it is manifested by the small balloon like

swellings in the blood vessels known as microaneurysms.

• Moderate NPDR: Blood vessels are blocked in this stage.

• Severe NPDR: Most of the blood vessels are blocked and venous bleeding occurs in two

or more quadrants of fundus image. This leads to retina haemorrhages.

(ii) Proliferative Diabetic Retinopathy (PDR): This is the advanced stage of DR and a major cause

of blindness over the world. It mainly occurs when many of the blood vessels in the retina are

closed. This prevents enough blood flow in the retina. In order to supply blood to the area

where the original vessels closed, the retina responds by growing new blood vessels. This

is called neovascularization. These new vessels are fragile and abnormal in nature. They

often accompanied by scar tissue that may cause the retina to wrinkle or detach. The PDR

can affect both central and peripheral vision. So, PDR may cause more severe vision loss

than NPDR. PDR affects vision in different ways, such as vitreous haemorrhages (new blood

vessels bleed into the vitreous), traction retinal detachment (scar tissue from neovascularization

shrinks, causing the retina to wrinkle and pull from its normal position) etc. PDR is progressing

in three different stages.

• Mild PDR: New vessels (neo-vascular net) start growing to nourish the retina. These

vessels are fragile and they do not cause vision loss.

• Moderate PDR: Fluid coming out of new fragile blood vessels and causes vision blurring.

• Severe PDR: Fluid deposits over the macula and causes severe vision loss.

(iii) Diabetic Macular Edema (DME): It can occur at any stage of DR. It occurs due to thickening

of the blood vessels near the macula or its periphery of 500 µm. Macular edema at the center

causes central vision loss. This leads to distortion of visual images and may cause a significant
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decrease in visual acuity even in the absence of severe retinopathy. This can be further divided

into three stages, such as

• Mild DME : Thickening of the retina occurs or hard exudates appear far from the macula.

• Moderate DME : Hard exudates or retinal thickening appears near macula.

• Severe DME : Hard exudates or retinal thickening appears over macula center (fovea).

(iv) Age-Related Macular Degeneration (AMD): It generally occurs in the group of people above

fifty and leads to central vision loss. AMD depends upon the smoking habits, family history, and

race. Drusen and pigmentary changes in the macula are the earliest manifestations of AMD. It

is of two types [32–34].

• Dry (nonexudative) AMD: It is most common and 90% of the AMD affected people are dry

AMD, which causes blurring of central vision in the affected eye. It occurs due to slow

breakdown of the light-sensitive cells in the macula. During the later stage of dry AMD,

a blur spot is visible in the center of vision. Medically it is called geographic atrophy. It

has three stages such as early dry AMD, intermediate dry AMD, and advanced dry AMD.

Few small and medium size drusen appear in early dry AMD. Many medium size drusens

or one or two large drusen appear near the macula. In advanced dry AMD light sensitive

cells in the macula break down and causes blur spot in the center of the vision.

• Wet (exudative) AMD: About 10% of people of AMD are affected by wet AMD and this is

more severe than dry AMD. In wet AMD abnormal blood vessels grow under the macula

and wet the macula by the fluid coming from the blood vessels. The fluid swells the macula

and damage occurs rapidly.

(v) Glaucoma [35,36]: In this disease, a group of eye condition results in optic nerve damage and

causes peripheral vision loss, due to increase in intraocular pressure (IOP). The noticeable vi-

sion loss cannot be seen until the disease is in advance stage. Damage to the optic nerve is

not reversible. The main complications of glaucoma are blind spots in peripheral vision, tun-

nel vision and complete blindness. The main risk factors of glaucoma are elevated internal

eye pressure, i.e., IOP, age above sixty, race, family history of glaucoma, medical conditions

(like diabetics, BP and obesity), long term corticosteroid use, and other conditions (like glau-

coma in one eye, eye tumors, retinal detachment, eye inflammation and lens dislocation) etc.
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1.3 Retinal image processing for segmentation of features

It can be diagnosed by measuring IOP (by tonometry), testing of optic nerve damage (by oph-

thalmoscopy or fundus camera), visual field (by perimetry), angle in the eye where iris meets

cornea (by gonioscopy) and corneal thickness (by pachymetry). The main types of glaucoma

are open-angle and angle-closure among different types of glaucoma.

• Open-angle glaucoma: It is the most common case of glaucoma, which occurs due to

slow clogging of the drainage canals and results in increased IOP. In this case, the angle

between the iris and cornea becomes wide and open. About 90% of glaucoma occurring

people are suffering in primary or chronic glaucoma.

• Angle-closure glaucoma: It is also called as acute glaucoma or narrow-angle glaucoma

and is caused by blocking drainage canals, which results in increased IOP.

• Congenital glaucoma: Occurs in the babies due to incomplete growth of the eye’s drainage

canal during perinatal period.

• Other types of glaucoma include secondary glaucoma, pseudo exfoliative glaucoma, pig-

mentary glaucoma, neovascular glaucoma, traumatic glaucoma, and irido corneal en-

dothelial syndrome (ICE) glaucoma.

At the beginning of DR, swelling occurs in the blood vessels. PDR is signaled by the appearance

of new blood vessels (i.e., neovascular net). The different features are extracted from the retina by

various methods. The methods present in the literature are discussed in the next Section.

1.3 Retinal image processing for segmentation of features

In the last few decades digital retinal photography is an acceptable modality to document the retinal

appearance and it plays a crucial role for diagnosis of retinal diseases. These images are important

for the clinical scenarios due to easier storage, electronic transfer, quantitative analysis and for auto-

matic diagnosis. Developing techniques for analyzing images help in the quantitative analysis, which

can further help to understand the relationship between the retinal components and the eye related

diseases. The retinal image analysis includes:

• preprocessing,

• segmentation of retinal landmarks such as blood vessels, OD and macula,
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• detection of pathological features such as: microaneurysms, haemorrhages, exudates, drusen,

and neo-vascularization.

1.3.1 Preprocessing of retinal images

The main reason of preprocessing is to attenuate the image variation by normalizing the original

image with the reference dataset. These variations are found to be within the same image (intra-

image variability) and between images (inter-image variability). Intra image variability occurs due

to differences in light diffusions, retinal pathologies, and fundus parameters (i.e., fundus thickness

and reflectivity). Inter image variability occurs due to non-uniform illumination, cameras, and angle of

acquisition. To achieve the above corrections, non-uniform illumination correction, color normalization

and contrast enhancement are performed.

1.3.1.1 Non-uniform illumination correction

Non-uniform spatial variation in the retinal photograph occurs due to illumination component. Re-

flectance component causes the abrupt variation at the edges of the anatomical features. High pass

filtering can overcome the non-uniform illumination [37]. Non linear point transformation proposed by

Wang et al. for correction of non-uniform illumination [38].

1.3.1.2 Color normalization

Color helps in discriminating between the retinal features. Green channel in the RGB color space has

higher contrast between the background and the features (blood vessels, haemorrhages etc.) [39].

Green channel provides more information and less subject to non-uniform illumination. Coloration

in retinal images occurs due to difference in skin pigmentation, iris color, age, and macular pigment

density. Color normalization reduces the inter-image and intra-image variability. The original retinal

image is transformed to hue-saturation-value for color normalization [40]. A monotonic non-linear

transformation function is applied for histogram equalization, which redistribute the histogram of each

color channel of the input image to uniform pixel value distribution. As the normal retina reflects the

blue light, histogram equalization over-emphasizes the contribution of the blue channel [41].
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1.3.1.3 Contrast enhancement

Contrast (color variation or perceived brightness) enhancement alters the visual appearance that

makes the object distinguishable from other objects or background. The contrast gradually reduces

from the center to the periphery of the image. The center has the highest contrast and it reduces

towards the periphery of the image. Histogram equalization proposed by Osareh et al. [41] and

adaptive contrast enhancement proposed by Sinthanayothin et al. [40] to enhance the contrast in

retinal images.

1.3.2 Segmentation of normal retinal features

In this section, various algorithms and techniques are discussed for the segmentation of different

normal retinal features such as blood vessels, OD and Macula.

1.3.2.1 Segmentation of blood vessels

Basically, blood vessels are segmented by unsupervised and supervised methods. In unsupervised

method matched filter, vessel tracking, morphological based method, pixel based and neural network

are used, which use a predefined criteria. Matched filter employs a kernel, which has a Gaussian

profile rotated to identify the cross section of vessel profile [42,43]. So, it helps in matching the blood

vessels. It has the advantage that it can reduce noise. The limitations of matched filter is that it

responds not only to the vessels but also to the non vessel regions. This problem was solved by

Zhang et al. by using a modified matched filter with double sided thresholding [44]. In this case,

the mean value is not subtracted from the Gaussian filter. Modified matched filter complements the

retinal image so that the vessels are brighter than the background. The image is filtered to obtain

the vessel pixels. Zhang et al. have used a first order derivative of Gaussian for the extraction of the

retinal vessels [45]. It can extract the vessels in the pathological conditions.

Morphological operators are applied for vessel segmentation due to their geometric interpolation,

simplicity and efficient implementation in hardware. It has the advantage of noise reduction and better

speed [46]. Mathematical morphological methods do not exploit the known vessel cross sectional

shape.

Gabor wavelet transform is used for blood vessel segmentation [47–49]. The 2-D Gabor wavelet

and sharpening filter enhance and sharpen the vascular pattern respectively. Vessels are extracted
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from the sharpened images. Vessel tracking algorithm steps along the vessels and helps in measur-

ing width, tortuosity and provide the information about individual vessels. Unfortunately, they require

a starting and ending point [50].

Some authors used classification methods for the segmentation of vessels. Artificial neural net-

works (ANN) have been used in the literature for the classification of vascular [51]. They use weights

to decide the probability of input data to a particular class. Weights can be decided by training the

data for a particular output. Sinthanayothin et al. [40] preprocessed the images with principal compo-

nent analysis (PCA) for dimensionality reduction and neural network (NN) to identify the pathologies.

Training the NN with the training data or gold standard is the major disadvantage. Staal et al. use a

ridge based algorithm to detect vessels in a retinal image [52]. The ridges are used to partition the

image into patches by assigning each image pixel to the closest line element. Feature vectors are

computed for every pixel, which use the properties of the patches and the line elements. Classifica-

tion of feature vectors is done by k-nearest neighbor (KNN) classifier, which classify the ridges into

two different classes, the vessels and the background.

Supervised method uses prior information to decide vessel pixels from the image. In this method,

each image pixel is represented by a feature vector. The feature vector is formed using the various

filter outputs. The features consist of the output of the Gaussian filter and its derivatives up to order

2 and at five different scales augmented with the original green channel image intensity values.

The KNN classifier results on a pixel probability map. A binary segmentation of the vasculature

was obtained after thresholding the probability map. Then a classifier is trained with these feature

vectors [13, 47, 49, 52]. Supervised method’s performance is better than unsupervised methods,

as the supervised methods are designed based on pre-classified data. They can produce good

segmentation results, but at the cost of higher computational complexity.

Analysis of blood vessel’s structure can help separate the arteries and veins, which will help

measuring the arteriolar-to-venular diameter ratio (AVR) [53]. The study of relative diameters of

arteries and veins shows the risk of systemic diseases such as stroke, hypertension or myocardial

infarction.

1.3.2.2 Segmentation of the optic disc

Segmentation of OD is performed after determining the center of the disc. Blood vessels are crossing

the OD, which distracts the segmentation. It is the brightest component in the fundus and consist of
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1.3 Retinal image processing for segmentation of features

high intensity pixels with high grey scale value [42]. Color space transformation and morphological

filtering techniques are used by Walter and Klein for disc localization by using the luminance channel

of hue-luminance-saturation color space [54]. Sinthanayothin et al. correctly locate the position of

the OD by employing the variation of intensity between the OD and the adjacent blood vessels [40].

Niemeijer et al. found the anatomical structures by fitting a single point distribution model (PDM)

to the image, which used a cost function that combined the local and global cues to detect the

anatomical structures [55]. The authors set 16 model points within the image such that the model

points lie on certain anatomical structure.

Principal component analysis (PCA) identifies the patterns in the data and express them in such a

manner so that similarities and differences are highlighted. PCA was applied to project a new image

to the disc space and OD center was found by calculating the minimum distance between the original

image and its projection. This technique was used by Li and Chutatape to produce a training set

using the brightest pixel that is firstly clustered as a candidate OD region [56]. They used PCA to

locate OD as it takes the advantage of top down strategy and active shape model (ASM) for detection

of shape. Pixels with highest 1% grey level in the intensity image are selected, which are mainly

referring to the OD region and are clustered by single pass method to detect the candidate regions.

The PCA method comprises of three steps such as obtaining the disc space, projection on disc space

and calculating the distance from disc space. Active shape model builds a PDM from the training set

and use iterative search procedure to find its shape.

Hough transform was used by some authors for identifying the locations and orientations of OD.

Hough space tends to be sensitive to image resolution [57]. Geometrical parametric modeling (reti-

nal vessels originating from the OD and their path follows a similar directional pattern) was used by

Foracchia et al. for detection of OD [58]. Welfer et al. have used adaptive morphological approach

for automatic segmentation of OD [14]. They have used image adaptive method based on vascular

structure of blood vessels for detection of OD. The boundary of OD is detected by watershed transfor-

mation. Change in shape, size and depth of the OD is an indicator of various ophthalmic pathologies

especially for glaucoma [59]. It may vary in different pathological conditions.

1.3.2.3 Segmentation of the macula and fovea

Fovea is the hazy dark region in the center of the retina and responsible for brighter vision due to

high concentration of cones. Localizing the macula and fovea help diagnosing the severity of AMD.
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It is hard to detect the fovea as it does not have high contrast with the background. An automated

method to detect the location of the optic disc and fovea is done by optimization technique [55].

Sinthanayothin et al. located fovea based on the location of maximum correlation between the

template (size 40 × 40) and intensity image in HSI color space [40]. This method was tested on 112

color retinal images out of which in 78 images the fovea was detected correctly. The sensitivity of

this method was found to be 99.1%. Li and Chutatape have proposed a model based approach for

detection of fovea [56]. Here, the authors have used principal component analysis (PCA) to localize

OD and modified active shape model to extract the main directions of blood vessels. Fovea is located

based on the geometrical relation of OD and blood vessels. The method was tested on 35 images.

Chutatape followed the similar procedure for detecting the fovea [60]. The modified active shape

model was used for the detection of blood vessels. Fovea is determined by using the spatial relation

between the OD and blood vessels. Narasimha-Iyer et al. determines the fovea center, based on

OD center and adaptive threshold [61]. Niemeijer et al. used the information about the position of

OD, macula center and vascular arch by using a single model (shape model and shape function)

for macula detection [55]. The method reported an accuracy of 94.4% on 500 screening images

and 92.0% on 100 pathological images. Singh et al. segments the fovea as a dark image region

from color fundus images by enhancing contrast using an appearance based localization method in

different image channels [62]. Kose et al. developed an automatic method for determining the area

of macula affected in age related macular degeneration (ARMD) [63]. The location of OD and the

relative distance between OD and macula were used for detecting macula.

Sagar et al. have identified macula by combining morphology based approach of blood vessel

detection (BVD) with the property of the macula that it is the darkest area in the vicinity of OD [64].

They have reported an accuracy of 96%. Sopharak et al. use a similar approach to that of Sagar et al.

for detection of fovea. They have detected fovea by using OD dimensions. Morphological operation

and Hough transform are used to detect the fovea by Sekhar et al. by finding the spatial relation

with OD [65]. Welfer et al. detects the fovea by using mathematical morphology techniques based

on the two stages such as detection of OD location and its boundary [31]. This method achieved an

accuracy of 92.13%.
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1.3 Retinal image processing for segmentation of features

1.3.3 Detection of abnormalities

The retinal image analysis provides information about vision condition due to DR. This reduces the

work of trained graders. The detection of DR concentrates largely on the automated detection of

MAs, haemorrhages, drusens and exudates.

1.3.3.1 Detection of microaneurysms

Microaneurysms appear as small, isolated patterns and typically they have low contrast. It is difficult

to distinguish them from noise or pigmentation variations. Detection of microaneurysms is described

by Hipwell et al. on angiogram images [66]. Walter et al. detect the microaneurysms based on

diameter closing and automatic threshold scheme [25]. This method consists of four steps such

as: image enhancement, shade correction, image normalization and detection of MAs. Antal and

Hajdu use ensemble based microaneurysm detection, which is a simulated based search algorithm

[67–69]. The accuracy of this method depends on preprocessing and candidate extractor. Watershed

transform was used by Fleming et al. on fluorescein angiogram [70]. The dots inside the vessels are

detected by vessel detection technique.

Garcia et al. detected the red lesions (microaneurysms and haemorrhages) and performed fea-

ture selection using logistic regression [71]. The NN based classifiers such as multi-layer perceptron

(MLP), radial basis function (RBF) and support vector machine (SVM) are used to obtain the red

lesions using majority voting (MV) scheme. Kose et al. suggested the inverse segmentation method

for detections of lesions and ARMD [72]. Texture of the unhealthy fundus image is not homogeneous.

Inverse method is proposed to exploit the homogeneity of the healthy area instead of unhealthy area

for segmentation of lesions. First the healthy region is subtracted from the total image to obtain

the unhealthy region (background image). From the background the retinal image OD and vessels

are eliminated by performing the standard segmentation algorithm. Region growing approach is

applied to the rest unhealthy region to obtain the different intensity regions for separations of microa-

neurysms, haemorrhages and exudates.

Templet matching based algorithm was used in subband of wavelet transformed image for detec-

tion of microaneurysms by Quellec et al. which solved the problems of high frequency noise [20]. A

genetic algorithm is used for optimization of the method. Microaneurysm is modeled by a 2-D rotation

symmetric generalized Gaussian function. Detection of microaneurysms still a challenging task for
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automatic as well as human expert system. The methods still do not reach the performance of the

human expert system.

1.3.3.2 Detection of exudates

Presence of exudates within the macular region leads to diabetic macular edema. Hard exudates

appear as individual streaks or in the form of clusters or in the form of circular rings surrounding the

clusters of MAs. Hard and soft exudates are distinguished by their color, sharpness and borders.

Exudates having high grey values appear similar to that of OD. Brightest patterns cause problems in

the extraction of exudates.

Walter et al. [21] use local contrast to find the bright regions between the dark vessels. Candidate

regions, resulting the OD are separated out. Then the contours of the exudates are found out by mor-

phological operation. Computational intelligence technique was used by Osareh et al. for detection

of exudates from pathological images based on color, size, edge, strength [22]. The authors used

color normalization, contrast enhancement and fuzzy c-means clustering. Multi-layer NN classifier is

used to classify the features.

Sopharak et al. proposed the mathematical morphology method for detection of exudates from

color fundus images on the hue-saturation-intensity (HSI) color space as an intensity component

is separated form the other two components in HSI color space [73]. Contrast enhancement was

applied to the noise reduced image by median filtering on an intensity band of HSI color space.

Exudates and OD show high intensity in the intensity channel of HSI color space, so contrast en-

hancement provides highest intensity values to exudates. OD has the similar intensity with exudates

and provides limitation in exudate detection. The OD is segmented out from the contrast enhanced

image by morphological closing with the disc shaped structuring element before performing exudate

extraction. By applying the binary dilation operator to the vessel and OD extracted image, the exu-

dates are separated out.

Fisher’s linear discriminant analysis color information of exudates are used to classify exudates,

which employs statistical recognition and color information of exudates [74]. The method consists

of image processing, enhancement, feature extraction, classification and post processing. Sanchez

et al. developed an algorithm based on statistical mixture model clustering to dynamic threshold

the images to separate the exudates from the background followed by a post processing technique,

which helped in demarcating the exudates from cotton wool spots [75]. Mixture models (MMs) are
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statistical techniques based on probability densities such as histogram and has the advantage over

nonparametric and parametric methods. It can model the pixel values to different populations. In

this method first the preprocessing is applied to the green channel image of the RGB color space as

green channel highlight the exudates. Dynamic threshold is set based on the statistical information,

on the histogram of the enhanced image, which is modeled by using MMs. From this the OD is

masked out and preprocessing is applied to detect the exudates.

1.3.3.3 Detection of haemorrhages

Detection of haemorrhages is required for early diagnosis of DR. Hatanaka et al. detect the haemor-

rhages using density analysis on the hue-saturation-value image followed by gamma correction [76].

The false positive (FP) in this method is removed by the rule based system and Mahalanobis dis-

tance. The detection method consists of image digitization, image normalization, extraction of optic

nerve head, detection of haemorrhage candidates, elimination of FP in the blood vessels and the

elimination of FP by feature analysis. These FP is removed by Mahalanobis distance classifiers.

Different features such as - angular second moment, contrast, correlation, sum of squares, inverse

difference moment, sum of average, sum variance, sum entropy, difference variance, difference en-

tropy, information measurement for correlation, angular second moment and mean are used by each

classifier for training. For diagnosis of eye diseases, this system can be applied to computer aided

diagnosis (CAD) system.

1.3.4 Scope for the present work

Analysis of retinal image features is important for detecting diseases related to the retina of the

human eye. The retinal image should be of sufficient quality to ensure reliable diagnosis. Various

approaches have been proposed to study the clinical usefulness of the retinal image for different

applications. In some cases, retinal images need to be processed for efficient diagnosis. Any such

processing may cause differences in the quality of the image features. The literature related to retinal

image processing focus on analysis of normal features. In wavelet domain, the normal retinal features

are analyzed. In the literature the detection methods of DR features are present but these features

are not sufficient to capture pathological variations. Still, there is a scope for improving the detection

accuracy, and analysis of diagnostic features.

A number of retinal image analysis techniques have been discussed in the literature. They have
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discussed about the normal features of the retina, such as, blood vessels, macula and fovea. The

normal retinal features are studied in the wavelet subbands. The study of diagnostic features in

wavelet subbands are not present in the literature. In a retinal image, the features like blood vessels,

optic disc and macula constitute the diagnostically important components. The diagnostic features

like microaneurysms, exudates and haemorrhages are much important as they affect the vision. Early

detection of these features and their analysis may delay in vision loss.

The multiresolution analysis (MRA) technique helps produce localized image features with good

space-frequency resolution. This can be explored for localizing the retinal image components. The

MRA property of the DWT allows improvement in the detection of diagnostic features at a specific

resolution. A wavelet based analysis may be useful for preserving diagnostic information for further

processing. The retinal image is decomposed into several subbands using a two dimensional DWT.

The image information is spread across different subbands. Out of many subbands, a few subbands

may have significant information about the diagnostic features. A detailed study in these directions

for diagnostic features is not available in the literature. Hence a systematic study can be carried

out to investigate diagnostic features for clinically significant information in different subbands. The

subband information can also be used for detection of features and detection of changes in the retina

due to diabetic retinopathy. The information in subbands can be used for detection of glaucoma. The

diagnostic information in the wavelet subbands can also be used for efficient remote diagnosis.

1.4 Organization of the thesis

The organization of the rest of the thesis is as follows: In this chapter, the retinal images are intro-

duced and their clinical importance is discussed. A literature survey of retinal image analysis is also

presented.

In Chapter 2 , the motivation for multiscale analysis of fundus image is presented for analysis of

retinal features.

In Chapter 3 , multiscale analysis of different DR features is discussed. Diabetic retinopathy

features such as microaneurysms, haemorrhages, and exudates are analyzed in different subbands

of wavelet decomposition.

In Chapter 4 , extraction of DR features from the fundus images is discussed. Here, independent

component analysis (ICA) is used as a tool for extraction of exudates in subbands of wavelet decom-
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position. This is also used as a tool for detection of a change in the color fundus image due to DR.

This may help early diagnosis of the vision loss.

In Chapter 5 , different methods of glaucoma assessment in multiscale are presented. Here,

differential entropy (DE), principal component analysis (PCA)-linear discriminant analysis (LDA), and

hidden Markov model (HMM)-singular value decomposition (SVD) based methods are discussed for

glaucoma detection.

In Chapter 6 , conclusions are drawn by summarizing the contributions of the work and mentioning

some directions for future work.
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2. Diagnostic feature analysis: A review

Color fundus images are very important tools for diagnosis of the vision loss due to diabetic retinopa-

thy (DR) and patient treatment. The advanced digital imaging and computing methods have the full

potential in modern ophthalmology as it is dependent on color fundus images [77]. As mentioned

earlier, the digital fundus photography is a common procedure in ophthalmology to capture retinal

images. The retinal images, thus obtained are used by medical experts to diagnose and document

diseases like DR or glaucoma. Sometimes, the images are further evaluated by automatic analysis

tools to support the diagnosis. Good image quality, better segmentation of DR and glaucoma features

are essential to ensure a reliable diagnosis. Due to this reason, the research field of retinal image

analysis has attracted a lot of interest in the automated detection of DR. Landmark detection is also

an area that has received considerable interest. Landmarks consist of blood vessels, the optic disc

and the fovea. This chapter will start with a brief review of analysis of the landmarks in the multiscale

domain with the detection of glaucoma. Most DR detection methods use automatic blood vessel

detection as a prerequisite before identifying pathological entities.

A couple of studies have been published on the analysis of features of the fundus image. It should

be noted that the word feature will be used in two different contexts. The word feature refers to those

components that make up a feature set used for classification. Diabetic retinopathy features on the

other hand refer to pathological features such as microaneurysms, haemorrhages and exudates.

This chapter presents a review of the diagnostic feature analysis due to DR and glaucoma. Sec-

tion 2.1 presents the multiscale analysis of various features in fundus images. Wavelet filter for retinal

images is discussed in Section 2.2. Diabetic retinopathy feature detection is discussed in Section 2.3.

A brief discussion on glaucoma and methods for detection are discussed in Section 2.4. Section 2.5

presents the motivation.

2.1 Multiscale analysis of features from fundus image

Fundus image consists of normal features (such as: blood vessels, optic disc, fovea and macula) and

DR based features (such as: microaneurysms, exudates, haemorrhages, and cotton wool spots etc.).

Fundus images are subjected to various processing such as compression, transmission and filtering.

Separation of information by choosing suitable bands in a multiscale representation can help effective

processing of the image. Significance of suitable bands can be measured using the image quality

measures such as accuracy, equal error rate (EER), universal quality index (UQI), and structural
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similarity (SSIM) etc. The quality measures are either subjective measures or they are objective

measures. Objective quality measures are preferred. Subjective quality measures consumes more

time and difficult to analyze as the experts have to examine a large number of images and rate

them. Multiresolution analysis (MRA) of wavelet produces the localized image features. Different

features are detected in different scales as it allows to process the frequency information separately.

It has been used in image de-noising and data compression [78]. In medical imaging the diagnostic

information should be preserved during the selection of subbands.

Multiscale decomposition by wavelet transform helps producing localized image features with

good space frequency resolution [79–81]. This spatial localization is found to be useful in analyzing

the local spectral properties of particular regions like the anatomical structures in an image. A lin-

ear transformation is used by wavelet decomposition to split an image into subbands or subimages

containing different frequency information. It allows the processing of different frequency informa-

tion separately. The multiresolution property of the wavelet transform has been successfully used

in many applications such as image de-noising, compression, data coding [82–85] and singularity

detection [86, 87]. This helps localize the diagnostic information in less number of coefficients. So,

processing time reduces.

2.2 Wavelet filter for retinal image analysis

Features in an image can be defined in terms of a specific structure in the image data. Image feature

extraction is one of the most important applications of wavelets. One feature is distinguished from

the other features in the image by the discontinuities of the intensity. Discontinuities of the intensity

represent the contours. Two issues are involved in wavelets for image processing applications, i.e.,

selection of of an optimum decomposition level and an appropriate wavelet filter. Image quality

depends on the choice of a suitable wavelet filter and level of decomposition [88]. Different mother

wavelet and decomposition level highlight different features due to the frequency distribution of the

features. The smoothness of the different mother wavelet is characterized by their regularity. The

performance of different wavelet filters is observed by decomposing the image into various levels

using a particular type of wavelet filter. The quality of the reconstructed image is evaluated at each

decomposition level by using various quality measures to quantify the effect of wavelet filters [84].

For retinal image analysis, the optimum decomposition level and a better suited wavelet filter can be
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chosen from the experimental observations.

For a particular diagnostic feature, it is expected that relatively more significant information is

present in certain subbands than the other subbands. The diagnostic importance of each level sub-

band is examined by zeroing the coefficients of the subbands at one level and keeping all other level

subbands coefficients unchanged. The reconstructed image with the altered subbands is analyzed

to visualize information about the diagnostic features. The original and the reconstructed images are

examined visually and quantitatively to assess the image quality from the point of view of the different

retinal features (such as: blood vessels, the macula and the optic disc). The blood vessel information

in different wavelet subband is shown in Fig. 2.1. The retinal image taken from the DRIVE database

is shown in Fig. 2.1(a) and is decomposed to 5-levels using the db4 mother wavelet. The decom-

position produces one approximation (A) at final level and three detail bands (horizontal (H), vertical

(V), diagonal (D)) at each level. The blood vessels are characterized by high frequency subbands

and are represented by changes in intensity. The image in Fig. 2.1(b) is reconstructed by zeroing the

highest frequency coefficients of decomposition level-1 (L1) subbands, i.e., H(1), V(1) and D(1). In

this image, the vessel structure is well reconstructed and the overall image quality is close to the orig-

inal image. This implies that high frequency subbands, H(1), V(1) and D(1) do not carry significant

blood vessel information. The image in Fig. 2.1(c) is reconstructed after zeroing the coefficients of

L2 subbands H(2), V(2) and D(2). In this image the blood vessels are slightly blurred and thin blood

vessels are disappearing, but still the details of main vessels are retained. It shows that second level

subband coefficients contribute more information towards the thin vessels and little information on

thick vessels. Fig. 2.1(d) is the reconstructed image after zeroing the level-3 (L3) subbands, H(3),

V(3) and D(3) coefficients. In this image the main thick vessels are blurred and most of the thin ves-

sels are preserved. It is visualized that the image quality is low compared to that of Fig. 2.1(c). This

shows that thick vessels are more sensitive than the thin vessels to changes in the third level subband

coefficients, because the thick vessels constitute the low frequency components of the image relative

to the thin vessels. Fig. 2.1(e) is the reconstructed image after zeroing the coefficients of level-4 (L4)

subbands H(4), V(4), D(4). In this image the thin vessels are clear and has little distortion in thick

vessels. The vessel pattern is well preserved in Fig. 2.1(f), which is reconstructed by zeroing the

coarsest subband H(5), V(5) and D(5) coefficients. In this image a thin ring like appearance along the

circular periphery of the field of view (FOV) is seen due to the loss of global information, luminance. It
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retains the diagnostic quality of the image. The subbands of lower frequency (L3 and L4) hold more

of thick vessel information and high frequency (L2) subbands carry information about fine structures

such as thin vessels.

A few research works have been reported on wavelet based retinal image analysis [89,90] using

Daubechies4 (db4) mother wavelet filters. Quellec et al. [20] have used wavelet transform for detec-

tion of microaneurysm. Nirmala et al. [88] have studied the fundus features such as blood vessels,

OD and macula. They quantified blood vessels information in different wavelet subbands. Signifi-

cant information about the blood vessels, OD and macula is present in few subbands. In a retinal

image, vessels have different widths or resolution. The main thick vessels, branch into thin vessels

and spread all over the retina. Therefore multiresolution property of the wavelets can be used to

analyze the vessel features as they have the directional property. The vessel details in different ori-

entations can be observed as the two dimensional DWT. It can decompose the image into different

frequency bands in several directions. According to vessel information content, the ascending order

is level-1 (L1), level-5 (L5), level-4 (L4), level-3 (L3) and level-2 (L2). L2 has highest blood vessel

information. L3 and L2 subbands contain significant information about OD and macula. L4 and L5

subband has minimum information about the macula. Systematic study of pathological features such

as microaneurysms, exudates, cupping in OD, and drusen are not studied in wavelet domain. Here,

the pathological features are studied in multiscale. As few coefficients are associated in the wavelet

subband, analysis of diagnostic features in wavelet subband will help efficient analysis, faster pro-

cessing, storage and transmission. This information can be used for glaucoma estimation as well as

pathological feature detection by using ICA.

2.3 Detection of DR features

Segmentation of DR features provides the progression of retinal disorders. At the initial stage of DR,

blood vessels are affected. Blood vessel detection is performed prior to the detection of pathologies.

Number of methods are reported for detection and extraction of exudates from color fundus images.

Li and Chutatape [91] have used Kirsch’s method, which uses a 3 × 3 image mask for extraction of

exudates. Walter et al. [21, 25] identify the exudates by using a high grey level threshold near the

macula region. The boundary is demarcated by morphological operation. This method has limitation

to distinguish between the soft and the hard exudates. Fuzzy c-means clustering followed by color
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(a) (b)

(c) (d)

(e) (f)

Figure 2.1: (a) Original image and reconstructed images when subband coefficients of (b) L1, (c) L2, (d) L3,
(e) L4 and (f) L5 are made zero.
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normalization and contrast enhancement is used by Osareh et al. [22] for detection of exudates.

The mathematical morphology technique is used by Spencer, Cree, Frame, and co-workers

[92,93] for eliminating the blood vessels from fundus images that left the microaneurysms untouched.

The mathematical morphology based method is used by Kande et al. for automatic detection of mi-

croaneurysms and haemorrhages [94]. They have used the morphological top hat transformation for

the detection of red lesions. Sopharak et al. uses a hybrid method for extraction of microaneurysms

from non-dilated diabetic retinopathy images [95]. They have applied the preprocessing such as

median filtering, CLAHE, shade correction to the green channel image. From the preprocessed im-

ages exudates and vessels are removed. Then mathematical morphology is applied to the images

for extraction of the microaneurysm candidates. Fine segmentation is obtained by the Naive Bayes

classifier. The Radon Cliff Operator is used by Giancardo and co-workers for detection of microa-

neurysms from color fundus images [96]. Radon cliff transform has the advantages to detect single

noisy Gaussian-like circular structures, regardless of their size or strength.

Presence of exudates in the macular region leads to diabetic macular edema and severe vision

loss. Walter et al. have detected the optic disc before the extraction of exudates by mathematical

morphology based method [21]. Optic disc has been extracted by applying watershed segmentation

on the luminance channel. To this morphological closing is applied to find the exudate candidates.

Sopharak et al. used mathematical morphology, along with optic disc detection for detection of exu-

dates [97]. They have applied median filtering on the HSI image for the reduction of noise. The local

contrast is enhanced by using contrast adaptive histogram equalization. The optic disc is extracted

from the preprocessed image. By applying the mathematical repetitive dilation, the exudates are

extracted.

Rokade and Manza extracted the exudates by using the Haar wavelet [98]. They have performed

the color normalization on the green channel image. The optic disc from the processed image was

extracted by mathematical erosion and dilation operation. Then contrast limited adaptive histogram

equalization is applied to the image. Then by applying threshold the exudates are extracted. Haar

wavelet is used for the purpose of decomposition and classification. Sanchez et al. used fisher

discriminant analysis to classify the exudates from the color fundus image [74]. They have used color

normalization followed by feature selection. A quantitative metric is defined to estimate the class

separability of exudates and non-exudates pixels by using within-class and between classes scatter
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matrices. A high value of the quantitative matrix represents the classes to be separated. They have

used the selection of candidates by using mathematical morphology and optic disc by using Hough

transform. Sanchez et al. define a mixture model for estimating the probabilities in order to threshold

the exudates dynamically from the images [74]. They have defined preprocessing followed by mixture

model histogram for exudate candidate extraction.

The wavelet transform is used by Nirmala et al. [88] to quantify blood vessel information in different

subbands. The different DR features are detected by separate segmentation algorithms. It consumes

more time. No literature is available for detection of changes in the retina due to DR. The information

in different wavelet subbands is assumed as independent and ICA can be used for segmentation of

features. For better detection of pathological features and detection of changes in the retina due to

DR, the proposed work utilizes the ICA on multiscale domain.

Independent component analysis (ICA): It is a statistical method, which is used for separating

independent components or latent variables from mixture without any apriori knowledge about the

independent components (ICs) [99,100]. The ICs or independent sources are independent and they

are non-Gaussian in nature. The simplest ICA model can be represented by a mixing equation in

which the mixture is a linear representation of independent signals given as:

x(t) =Ms(t) (2.1)

where, s(t) = s1(t), . . . , sq(t) is an q× 1 column vector. The source signal, x(t) = x1(t), . . . , xp(t)

collects the ‘p’ observed signals, mixing matrix M contains the mixture coefficients. ICA estimates a

separating matrix W , which estimates the source signals s(t) and represented as:

ŝ(t) =Wx(t) (2.2)

where ŝ(t) represents the estimate of source signal. The separating matrix W is the inverse of

mixing matrix M , for better separation of independent signals. In reality it is not exactly an inverse.

Separating matrix W is computed by using some apriori information about the probability distribution

of the inputs such that it maximizes the non-Gaussianity between the sources.

Number of sensors must be equal or greater than the number of sources which is the criteria

for ICA to work. In practice, the number of sources is equal to the number of sensors. The signal

coming from each sensor consists of ICs with different mixing ratios. In some practical situations,
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it is difficult to arrange so many sensors to fulfill the condition of ICA. In case of functional-MRI

(fMRI) data collection, it is difficult to install too many sensors in the brain. Such situations can

be handled by undetermined ICA [101]. But in ECG the aim is to extract the ICs from the single

channel recording. It helps detect the artifact. The detection of artifact from single channel signal

can be found by single channel ICA [102]. The main limitation of single channel ICA is that the

algorithm assumes the sources as stationary and disjoint. ICA has been used for images for feature

extraction [103], information mining [104]. Medical signals (EEG, ECG, fMRI and fundus image) are

associated with noise. So, the application of the ICA algorithm to a noisy data, making the system

over-fitting for estimation of the sources. So, before applying ICA, the noise from the data needs to be

removed. Low pass filtering overcomes this problem by reducing the information in the data, which

leads to reduction in the independence of the sources. Wavelet transform overcomes the limitations

of the low pass filter. Filtering in wavelet domain helps de-correlate the data as well as it increases

the independence of the sources [45]. Multiscale decomposition by wavelet transform localized the

image features with good space frequency resolution [79–81]. This spatial localization is found to be

useful in analyzing the anatomical structures of an image. Multiscale ICA overcomes the problem

associated with the single channel ICA. By multiscale decomposition, the single channel signal is

decomposed into different spectral modes. The ICA applies to the decomposed signals/images for

detection of artifacts/changes.

Independent component analysis can be used in the data matrix formed by the subbands of

wavelet decomposition for segmentation of exudates and detection of changes in the retina due to

DR. The process consists of three important blocks such as multiscale decomposition block, forma-

tion of data matrix block, and ICA block. ICA on wavelet scale provides the advantage of detecting

changes in the retina due to DR and gives a knowledge on the progression of the disease. In case

of detection of change from color fundus images the normal fundus image is compared with the DR

affected image by ICA in multiscale domain. Analyzing the number of features on the retina, the

condition of the retina can be predicted.

2.4 Detection of glaucoma

The disc is an inaccurate term to explain OD, as it is a 3-dimensional (3D) structure. Optic nerve lies

between the retina and chiasm, which has four parts, such as: intraocular (the optic nerve head),
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intraorbital (between globe and optic canal), intra canalicular (within the optic canal), and intracranial

(between optic canal and chiasm). The OD is characterized by color, contour, and a cup. The typical

color of OD is orange-pink with a pale center. Due to optic atrophy (such as: glaucoma, optic neuritis,

arteritic or non-arteritic ischemic optic neuropathy, or a compressive lesion) the orange pink color

gradually disappears and appears pale. The healthy OD border is clear and well defined. It swells

in case of papilloedema and becomes blurred in the presence of optic disc drusen. The central

depression of the OD is known as the cup. It lacks of neuroretinal nerve fibres. It looks pale in color.

The cup height is one third of the height of the entire disc for normal disc and gradually increases

during optic atrophy. The optic nerve head is that area of the retina where nerve fibres and blood

vessels exit the eye. It carries the electrical impulses to the brain for visual processing and is sensitive

to the changes due to intraocular pressure (IOP) and associated with glaucoma.

Diagnosis of glaucoma is done on the basis of measurement of increased IOP, visual field test,

condition of the optic nerve, and observation of a variety of possible symptoms. These symptoms

decrease the ability to see objects that are not straight ahead, ability to perceive motion and to

recognize color, [105] etc. Increased IOP damages the cells, which causes vision loss. IOP [106]

lies between 17 millimetre of mercury (mmHg) to 21 mmHg for normal eye. Greater than 21 mmHg

IOP is too high for the optic nerve cells to tolerate. It does not do any damage to the vision for entire

humanity. Tonometry (Goldman Applanation Tonometry and Tonopen or non contact Tonometry) is

used for measuring IOP. IOP cannot be used as a standard measure for glaucoma as tissue damage

does not have a direct relation with IOP. So, detection of vision loss or glaucoma related to IOP is not

always accurate.

Visual field test, which is a more specific indicator than IOP is measured by perimetry [107]. It

documents the level of peripheral vision loss. In perimetry, the patient responds to a perceived flash

of light by looking ahead every time. So, the accuracy of the testing of glaucoma depends on patients

patience, attention and retinal sensitivity. Glaucoma cannot be guaranteed by the measurement

of IOP and peripheral vision test as these measures require patient’s attention and patience. The

appearance of OD for assessment of glaucoma is independent of the whims of the patient, but it

depends on the whims of the clinician [108, 109]. Due to these reasons, it is treated as the most

useful indicator of glaucoma and its progression. Evaluation of glaucoma requires disc evaluation

with a lot clinical experience. Analysis of the appearance of OD helps post diagnosis.
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Optic nerve damage can be seen in the form of cupping of the OD. The size of the cup is related to

the presence or absence of glaucoma. Larger the cup of the optic nerve, the greater is the likelihood

that the person has glaucoma. Damages of nerve fibre occur over a longer period (10 - 30 years).

So, decrease in vision loss cannot be noticed over half of the nerve fibres. The nasal side vision is

lost first and peripheral vision loss occurs in the last. A thorough examination of the patient’s IOP,

visual field, family background and condition of the optic nerve will help the doctors to advise an

appropriate treatment plan for reducing further damage of the nerve fibres. Symptoms are more

important than signs. Headache during reading, blurred vision, eye aches after strong exercise, poor

color perception and trouble in night are some important symptoms to be looked during the study

of glaucoma. Analysis of OD is possible for the color fundus images which are taken by Heidelberg

Retina Tomography (HRT) and Optical Coherence Tomography (OCT).

Appearance of OD changes during glaucoma. In the early stage of glaucoma the changes are

subtle and may appear similar to that of normal OD. Gradually the cup size increases with the pro-

gression of diseases. In early 70’s Armaly introduced the idea of a cup-area-to-disc-area ratio or cup

to disc ratio (CDR) for assessment of glaucoma [110]. It is commonly used in clinics to classify glau-

coma. For normal discs, it lies in the range of 0.3 to 0.5 and for glaucoma, it is greater than 0.5. The

sight of vision is lost completely in the CDR value of 0.8. For some normal human beings CDR value

lies from 0.4 to 0.6. The variation in the OD size occurs due to myopic disc and hypermetropic disc.

For myopic the disc is normal, where as hypermetropic disc, there is an extensive damage of nerve-

fibres. In some situations, one disc is normal and the other disc is grossly diseased but both having

same CDR. So, the specific pattern of changes in the OD is used for evidence of glaucoma or pro-

gression of glaucoma with CDR. Features like focal glaucomatous optic discs, migraine, vasospasm,

myopic glaucomatous discs, senile sclerotic and generalized cup enlargement are considered during

assessment of glaucoma. The neuroretinal rim pattern of thickness (normal disc: inferior is thicker to

superior) and areas of focal thinning (normal disc: nasal is thinner to temporal) are used for detecting

glaucoma. Another characteristic of glaucoma is focal notching and during which the neuroretinal rim

is absent. It is associated with peripapillary atrophy (PPA). PPA causes rim loss in case of glaucoma

during the normal ageing process and high myopia. It is present with full 360 degree. Senile sclerotic

discs have a shallow cup with mild sloping sides and a moth eaten neuroretinal rim. Loss of the

retinal nerve fibre layer (RNFL) makes the cup to expand. The different features of the OD are shown
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in Figure 2.2.

Figure 2.2: Different parts of OD [3].

Reliable method for glaucoma diagnosis is possible by investigating the retina from the fundus

image and the techniques are discussed below. Gloster and Parry use the fundus image photographs

for measuring the cupping in the OD for evaluation of glaucoma [111]. The degree of visual damage

can be known from the appearance of OD. Parameters such as, cup horizontal diameter to disc

horizontal diameter, cup diameter to disc diameter, CDR, and cup vertical diameter to disc vertical

diameter etc. are used for classification of glaucoma. Correlation between neuroretinal rim area and

age in normal subjects is used by Funk et al. [112] and Pueyo et al. [113] for estimation of glaucoma.

Corona et al. to overcome certain limitations for evaluation of glaucoma (such as: difficulty in

interpretation of retinal images, intra and inter-observer variability, lack of proper standardization for

evaluation of OD size and shape) generate precise metrics from the stereo OD image pairs by using

a digital stereo vision system for visualization of the structure of ONH [114]. They have found the 3-D

surface from the 2-D stereo images. The depth information is found out by power spectrum and zero

mean normalized cross correlation.

Low order Zernike moments capture the gross features information from an image where as

high order Zernike moments resolves the high frequency information. These features are used for

classifying the glaucoma images from the normal images. Zernike moments are used by McIntyre
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et al. for classifying the condition of the OD by using linear discriminant function derived from linear

perceptron (supervised learning) [115].

Fink et al. used ICA for feature extraction from color fundus images and k-nearest neighbor

classifier (KNN) for glaucoma classification [116]. ICA finds the OD features, which are classified by

KNN classifier. ICA finds the basis images which represent the independent feature characteristic of

the observed retinal images of the papilla. The corresponding coefficients of basis images have been

learned from a training dataset. Then classification is done by KNN classifier.

ARGALI, an automatic cup to disc ratio measurement system is developed Wong et al. for glau-

coma detection and analysis [117]. ARGALI technique uses color histogram analysis and level set

method for detection of the cup and the disc of the color fundus images and CDR is calculated. It

varies for different images due to their variability. The obtained CDR by different methods is merged

by adaptive neural network for glaucoma detection.

Nayak et al. have used CDR, the ratio of the distance between OD center and optic nerve head

to the diameter of OD, and blood vessel area in the inferior-superior side to the nasal temporal side

(ISTN) for classifying the normal and glaucoma images by using neural network classifiers [118].

Jimenez et al. use multi-focal electroretinography (ERG) for studying the structural pattern of the

retina for early diagnosis of glaucoma [119]. ERG is a recording of the bioelectric signals obtained

due to summed activity of the retina cells. The authors have studied the peak amplitude and maximum

latencies in wavelet domain for finding the diagnostic information.

Hatanaka et al. measure the CDR based online profile analysis in retinal images for early de-

tection of glaucoma [120]. Here, blue channel of the color fundus image is used, as it has a higher

contrast between the cup and rim regions. Zero crossing method is used to find the cup edge. The

authors found CDR by measuring the ratio of cup diameter to disc diameter after segmenting the

blood vessels erased OD from the color fundus images. Number of sliding windows (ellipse) of vari-

ous sizes are used by Xu et al. to obtain the cup features in the OD [121]. These features are ranked

by support vector machine (SVM) using radial basis function (RBF).

Information theory based method, minimum redundancy maximum relevance (MRMR) is used by

Zhang et al. for automatic diagnosis of glaucoma from color fundus images [122]. This method uses

one fourth of the features for classification. This method provides the maximum relevant and minimum

redundant features based on the mutual information quotient. The classification is performed by
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adaptive boosting, SVM, linear discriminant analysis (LDA) and MRMR optimized classifiers. The

authors use 23 features for glaucoma analysis, such as: vertical cup-disc ratio, ocular hypertension,

alpha PPA at the optic nerve, area of the optic cup, rim inferior width, medical history of glaucoma,

rim temporal width, rim thickness of inferior ≥ superior ≥ nasal ≥ temporal (ISNT) rule compliance,

optic cup height, rim superior width, retinal nerve fibre layer defect, age of screening, right eye ocular

hypertension, job category, anisometropia indication, diabetic retinopathy level, rim nasal width, eye

history of retinopathy, PPA info, overall ocular hypertension, optic disc area, self reported heart attack

and race category.

Bock et al. used PCA for data reduction and SVM classifier for glaucoma classification [15].

The images are preprocessed to have the details of the OD and the features are obtained by PCA.

By using SVM classifier the images are classified into one of the class, such as glaucoma or non

glaucoma. The preprocessing step consists of removal of blood vessels, illumination correction and

optic head normalization. Then features of preprocessed images are obtained by PCA. Classification

is done by SVM classifier. The images are classified to either glaucoma or non-glaucoma images.

Bock et al. has found the glaucoma risk index (GRI) by combining the different feature types such as

FFT, B-spline and PCA.

Joshi et al. have proposed a novel method for cup and OD segmentation method based on vessel

bends at the cup boundary from the monocular color retinal images, which gives a 2-D projection of

retinal structures [123]. It overcomes the limitations of OD segmentation. Authors segment the

OD based on region based active contour model. Vessel bends and pallor information is used for

segmentation of the cup.

Limitation of glaucoma detection: Measurement of CDR is most commonly used for glaucoma

diagnosis in the literature. In this case, the cup and the OD are segmented for calculation of CDR

and determination of glaucoma. The basic steps used in this method are preprocessing of the green

channel image, illumination correction, blood vessel removal, detection of the cup and OD, calculation

of CDR and detection of glaucoma. In some glaucoma cases, the cup and disc are not distinguished

clearly as shown in Fig. 2.3(c) and Fig. 2.3(d). In such cases, CDR cannot be used as a measure

for glaucoma. The information regarding the changes in cup size is most vital for assessment of

glaucoma.
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(a) (b) (c) (d)

Figure 2.3: Different types of disc: (a) normal disc, (b) glaucoma disc with increase in cup size, (c) glaucoma
with inflamed disc (d) glaucoma with disc anomalies.

2.5 Motivation for the present work

The medical images are subjected to different processing. The clinical utility depends on the quality

of the processed images. The processing should ensure minimum loss of clinically useful information

for correct and efficient assessment of medical images. In fundus image the normal features (such

as blood vessels, OD and macula) are analyzed in multiscale [88]. The pathological features due

to diabetic retinopathy (such as microaneurysms and exudates) are not analyzed in multiscale. It is

necessary to analyze the pathological features from the diagnostic point of view. This may help with

the grading of the disease due to diabetes. Different features are distributed in different scales in

multiscale decomposition. The different DR features can be analyzed by MRA. Selection of wavelet

subbands may be done by both objective and subjective measures.

Due to frequency localization, ICA can be used in the mixing matrix formed by the wavelet sub-

bands of wavelet decomposition for detection of pathological features and detection of changes in the

retina due to diabetes. The data matrix is formed by considering the different wavelet subbands of

wavelet decomposition to which ICA is applied. Depending upon the statistical nature of the features,

the DR features can be separated out. For detection of changes in the fundus image due to DR, data

matrix is formed by considering the normal retina and disease retina in multiscale. The changes in

the retina appeared as separate non-Gaussian signal and can be separated out by ICA.

Differential entropy (DE) finds the information present in the image. This can be used for es-

timation of glaucoma in multiscale. This may overcomes the limitation of glaucoma estimation by

calculating CDR. In this case, the cup region of the retina can be used in wavelet domain for find-

39

TH-1619_09610207



2. Diagnostic feature analysis: A review

ing the information about the cup. This can overcome the limitation of disc anomalies and inflamed

disc. The patterns of the cup change in glaucoma. So, machine learning algorithms can be used for

classification.

In this thesis work, the following investigations are undertaken.

• To study and analyze the DR features in wavelet subbands

The method uses the DWT to decompose the image into different levels. The contribution

of each level subbands towards the image information is different. In the present work, two

methods are proposed to examine the significance of a particular level subbands from the point

of view of DR features. Here, MAs, exudates are studied in different wavelet subbands.

– In the first method, we are considering one level subband coefficients at a time by zeroing

the other levels subbands coefficients.

– In the second method, the coefficients of one level wavelet subbands coefficients are made

zero and all other levels of wavelet subbands coefficients are present.

• Extraction of DR features

Here, the following DR features are extracted.

– The blood vessels are extracted by Krisch and Gaussian matched filter method. The

segmented blood vessels are used for inpainting and finding the percentage blood vessels

damaged by pathologies.

– ICA is used as a tool for extraction of exudates in wavelet subbands.

– The changes in fundus image are detected by using ICA on wavelet scale.

• Glaucoma detection

Here, differential entropy (DE) and patterns of cup is used for detection of glaucoma. DE is

calculated in wavelet subband for calculation of glaucoma. The patterns of the cup are used by

machine learning approach for glaucoma classification.

2.6 Database

Methods are tested on the images of publicly available Digital retinal image for vessel extraction

(DRIVE) database [124], Aria database [125], Messidor database [126] and Glaucoma database
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[16]. The databases have sufficient variation in color, illumination and quality. The DRIVE database

contains 40 test images, compressed in TIF format of 768 × 584 pixels, 8 bits per color plane. The 40

images are divided into test set and training set, each of which contains 20 images. For each image

in the test set and the training set manual segmentation data is available.

The ARIA database was collected from St. Pauls eye unit and the university of Liverpool by

Zeiss-FF450+ fundus camera with 45 degree field of view (FOV). The Aria database consists of 58

pathological images with 768 × 576 pixels in JPEG format [125].

Forty Nine images are available from Glaucoma database obtained from an optic-disc organiza-

tion. It consists of 8 normal images and 41 glaucoma images of dimension of 640 × 427 pixels in

JPEG format. The Messidor [126] retinal images are divided into 4 zipped subsets containing each

100 images, with 1488 × 2240 pixels in TIF format. The images are acquired with pupil dilation and

without pupil dilation.

The STARE database [43] contains 20 images, with 605× 700 pixels, 8 bits per color channel. Ten

of these contain pathology. These images are captured by a TopCon TRV-50 fundus camera at 35

degree field of view.
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Wavelet analysis is performed by projecting the signal on the wavelet function. Complex wavelet

transform with the complex-valued extension to the standard discrete wavelet transform (DWT) are

the third generation wavelet transforms. This is typically two-dimensional wavelet transform deployed

for the multi-resolution, sparse representation, and useful feature characterization based on the struc-

ture of an image. The major advantages of these WTs are that they do not exhibit oscillations, lack of

directives, aliasing and degree of shift-variance in their magnitudes. But, the major disadvantages are

that they exhibit two dimensions of the signal being transformed and yield the redundancy compared

to a separable. These WTs are still under research and applied to specific applications such as hu-

man vision characterization, frequency localization, feature extraction, seismic analysis, bio-medical

analysis and so on.

Multiscale analysis represents the hierarchy of structural implementation to enhance the physical

characteristics of the signal (both 1D and 2D). When the wavelet decomposition stage/level of multi-

scale analysis is increased then it provides finer resolution from coarse resolution. In other words, it

is the systematic process to analyze signal/image at the lower multiscale stage with coarse resolution

and then the higher multiscale stage with fine resolution. Thus, higher stage of the multiscale analy-

sis using wavelets provides significant multiresolution improving signal quality. It has the advantage

of processes different frequencies in a different way. By using this technique, the time resolution is

increased when we analyse a high frequency portion of the signal, and the frequency localization

is increased when analyzing a low-frequency part of the same signal. This type of analysis is suit-

able for signals that have both low-frequency components with long time duration and high-frequency

components with short time duration, which is the case of most signals.

Multiscale analysis helps work with less number of coefficients. It reduces the computational time

and makes the algorithm efficient and faster as very few coefficients contain the information about the

feature. Due to this property it is used for many applications. Multi resolution property is already used

by Nirmala et al. [88] to study the various normal fundus image features such as blood vessels, OD

and macula in wavelet scale. From their study, they concluded that very few subbands are responsible

for the feature information in the fundus image. She observed that the level-2 (L2) has the highest

blood vessel information. Level-3 (L3) and L2 subbands contain significant information about the

OD and the macula. Level-4 (L4) and level-5 (L5) wavelet subbands are shown to have minimum

information about the macula.
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Systematic study of pathological features such as microaneurysms, exudates, cupping in OD, and

drusen is not carried out in wavelet domain. Diabetic retinopathy is recognized from the pathological

features on the retina, such as red lesions (microaneurysms, small intra retinal dot haemorrhages,

larger blot haemorrhages), white lesions (exudates and cotton wool spots) [19] etc. In the latter

stage of DR, new vessels grow in order to nourish the retina. These pathological features differ

not only from each other, but also from the normal anatomical features in terms of their frequency

characteristics and spatial locations. Multiscale analysis of fundus images with pathological features

can help provide useful information. These information can be helpful in better detection of the

features and can help improve automated diagnosis of pathologies.

This chapter presents multiscale analysis of pathological fundus features. Section 3.1 discusses

about the multiscale decomposition. The information of pathological features in different wavelet

subbands is evaluated and analyzed in Section 3.2. Section 3.3 presents the quantitative evaluation.

Various statistical measures along with subjective measure are used for evaluation of pathological

features in different subbands. The significance of different subbands for the pathological features is

established using the above measures. This has been discussed in Section 3.4. The summary of

this chapter is given in Section 3.5.

3.1 Multiscale decomposition

The important aspect of medical images is that the information of interest is often a set of features

that are spatially localized. Multiscale transform is the most popular multiresolution analysis (MRA)

technique, which segregates the information of an image into a different wavelet subband matrix

depending on the frequency [80]. In 2D discrete wavelet transform (DWT), the image is decomposed

into one low frequency approximation (A) subband and three high frequency detail subbands such

as horizontal (H) subband, vertical (V) subband, and diagonal (D) subband. The scaling and wavelet

function in 2D at a resolution level i can be represented by

φi,m,n(x, y) = 2i/2φ(2ix−m, 2iy − n) (3.1)

ψbi,m,n(x, y) = 2i/2ψb(2ix−m, 2iy − n) (3.2)

where, b represents the subbands H, V, and D. The DWT of an image p(x, y) of size (P ×Q) can
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be defined as:

WTφ(i0,m, n) =
1√
PQ

P−1
∑

x=0

Q−1
∑

y=0

p(x, y)φi0,m,n(x, y) (3.3)

WT bψ(i,m, n) =
1√
PQ

P−1
∑

x=0

Q−1
∑

y=0

p(x, y)ψbi,m,n(x, y) (3.4)

where, i0 is an arbitrary starting level/scale and the WTφ(i0,m, n) coefficients define approxima-

tion of p(x, y) at scale i0. Here, (m,n) determines the position of wavelet function. The WT bψ(i,m, n)

defines horizontal, vertical, diagonal details for scales i ≥ i0. Given WTφ and WT bψ of Equs. (3.3)

and (3.4), p(x, y) is obtained via inverse DWT as:

p(x, y) = 1√
PQ

∑

m

∑

nWTφ(i0,m, n)φi0,m,n(x, y)

+ 1√
PQ

∑

b=H,V,D

∑

i≥i0
∑

m

∑

nWT bψ(i,m, n)ψ
b
i,m,n(x, y)

(3.5)

A N-level DWT gives rise to (3N+1) subbands, one approximation band at the final level of de-

composition and three detail bands (H, V, and D) at each level. The coefficients of approximation

band and the detail bands of each level from the feature vector. Wavelet subbands highlight different

information of features in an image [20,88]. This information is used for finding/detecting the features.

Features in an image can be defined in terms of a specific structure in the image data. Image

feature extraction is one of the most important applications of wavelets. One feature is distinguished

from the other features in the image by the discontinuities of the intensity. Two issues are involved in

wavelets for image processing applications, i.e., selection of of an optimum decomposition level and

an appropriate wavelet filter [88]. Different mother wavelets and decomposition levels highlight differ-

ent features due to the frequency distribution of the features. Mother wavelets are characterized by

their regularity, which describes the smoothness of the wavelet. The performance of different wavelet

filters is observed by decomposing the image into various levels. The quality of the reconstructed

image is evaluated at each decomposition level. Various quality measures can be used to quantify

the effect of wavelet filters [84]. In this work, Daubechies4 (db4) mother wavelet is used. Subjec-

tive evaluation is based on the visual quality of reconstructed images. The optimum decomposition

level and a better suited wavelet filter for retinal image analysis can be chosen from the experimental

observations. The next section deals with the analysis of pathological retinal features in different

wavelet subbands.
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3.2 DR features in wavelet subbands

This section presents the analysis of pathological features at different decomposition levels. The

wavelet decomposition of an image produces several sub-images which consist of different wavelet

subband coefficients. Each wavelet subband contains information in a specific direction and along a

specific scale/frequency. The advantage of using the wavelet transform is the possibility of spectral

segmentation of the image features [127]. The research works related to wavelet transform based

retinal image analysis focussed on the use of processed retinal image for different applications [20,

47, 88]. In this work, the importance of a wavelet subband in representing pathological features is

investigated.

For analysis of pathological features in the color fundus images, different levels of decomposition

are performed on the retinal images generating detail subbands and one approximation subband.

The detail subbands can be put into different groups according to the levels of transformation: level-1

(L1), level-2 (L2), level-3 (L3), level-4 (L4), level-5 (L5) and so on. Each of the wavelet subband

contains information about the retinal image [128]. The detail coefficients may provide vital informa-

tion about the localized features of the retinal image. The approximation coefficients represent the

slowly varying low frequency background of the retinal image. The proposed method for DR feature

analysis in wavelet subband is discussed in subsection 3.2.1. Among the DR features exudates,

microaneurysms and haemorrhages are the main diagnostic features.

3.2.1 Proposed method for analysis

Fundus Image

I/P Color
Preprocessing

Decomposition

Wavelet 

Subband

Selection 
of 

DR Feature

Information

Figure 3.1: Block diagram for multiscale analysis of DR features.

The block diagram for multiscale analysis of DR features is shown in Fig. 3.1. The important

steps are preprocessing, wavelet decomposition and selection of particular wavelet subband. In

preprocessing, the green channel of the color fundus image is considered for the DR feature analysis

as the green channel of the color fundus image has higher contrast between the DR features and

the background. Illumination correction is done by subtracting the mean value of the image from the
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3. Multiscale analysis of diagnostic features of retinal im ages

image. It provides homogeneous background. Histogram equalization is applied to the illumination

corrected image to have a uniform distribution of energy.

Wavelet decomposition is applied to the preprocessed image. It is essential to know the signif-

icance of each level wavelet decomposition and in each wavelet subband from the point of view of

the presence of diagnostic information or pathological feature. It is expected that certain wavelet

subbands may contain relatively more diagnostic information than the other wavelet subbands. The

diagnostic importance of each subband is examined by zeroing the coefficients of one level subband

and retaining all other level subband coefficients. The effect of a particular level subband is analyzed

by reconstructing the image with the altered subbands. The original and the reconstructed images

are visually examined to assess the image quality from the point of view of pathological features. The

DR features are also evaluated using different performance measures. From the appearance of the

DR features and the performance measure, the significance of the wavelet subband is established.

3.2.2 Analysis of microaneurysms and haemorrhages

Microaneurysms appear as small red dots near the blood vessels. In the green channel image they

appear as darker spots compared to the background. Haemorrhages appear as red cluster / patches

in the retinal image. They look like a darker patch. The diagnostic importance of each wavelet

subband is examined by zeroing the coefficient of one wavelet subband and keeping all other wavelet

subbands undisturbed. In the literature 5-level wavelet decomposition has used Daubechies4 (db4)

mother wavelet for analysis of normal retinal features [88].

The db4 is near symmetric compared to db2 and smooth. It is a compactly supported orthonormal

wavelet. So, it is suitable for biomedical image and signal processing [129]. Daubechies4 mother

wavelet is considered as it is closely matched with the signal to be processed. Daubechies4 mother

wavelet is orthogonal and has finite vanishing moments, i.e., compact support [130]. This property

ensures that the number of non-zero coefficients in the associated filter is finite. This is very useful for

local analysis. Analysis of diagnostic feature is more important compared to the normal features. This

is the reason we used db4 in our analysis. This mother wavelet has also been used in earlier studies.

For example: Nirmala et al. have used this for the study of wavelet weighted blood vessel distortion

measure for retinal images [88]. Chi et al. [131] have used Daubechies mother wavelet on hidden

Markov tree model for retinal image de-noising. They have found the dependence and correlation of

fundus angiography images in different wavelet scales. The edge information was preserved by the

48

TH-1619_09610207



3.2 DR features in wavelet subbands

implementation of Bayesian estimation. They have used this wavelet as this is easy to calculate. For

an efficient analysis of the diagnostic features, different levels of decomposition are performed. In

some cases, specific levels are selected to find the features in the band. In this study, 3-, 5-, 7- and

9- levels of wavelet decomposition are used. The experiment is performed on sixty images having

microaneurysms.

Haemorrhages and microaneurysms are similar in color as that of the blood vessel. Before an-

alyzing these features they are cropped from the other regions of the retinal image to have a detail

information. Green channel image is moderately saturated compared to the blue channel and red

channel images. With green channel image features like microaneurysms and haemorrhages, and

the background has higher contrast. Red channel is under saturated, whereas blue channel is over

saturated. In order to increase the contrast between the features and the background, the green

channel image is added to the blue channel image. Fig. 3.2 shows the DR features, microaneurysms

and haemorrhages, and the background. In the following discussions, the microaneurysms and the

haemorrhages are referred as DR features. Cropped color fundus image having DR features is shown

in Fig. 3.2(a). Red channel, green channel and blue channel images are shown in Fig. 3.2(b), Fig.

3.2(c), Fig. 3.2(d), respectively. In red and blue channels, the DR features are not visible. Good con-

trast is available in the green channel image as shown in Fig. 3.2(c). In order to increase the contrast

between the features and the background, the pixel values of the green channel image are added to

the pixel values of the blue channel image. This makes the background white, so the features can be

easily visible as shown in Fig. 3.2(f). By subtracting the green channel image from the red channel

image the contrast between the features and the background reduces, which is shown in Fig. 3.2(e).

Wavelet transform is applied to the high contrast image for multiresolution analysis (MRA). Different

levels of wavelet transform are performed on this image and the wavelet subbands are analyzed. In

each level of wavelet decomposition the DR features are analyzed in two ways. In the first case, the

image is reconstructed by making one level subband coefficients to zero without altering the coeffi-

cients of other level subbands. On the other way, subband coefficients are kept and all other subband

coefficients are made zero. These above two methods/procedures provide the information regarding

the subbands having higher information about the DR features.

Fig. 3.3 shows results for a three level wavelet decomposition. The decomposition process

generates one approximation band at the third level of decomposition and three detail subbands at
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(a) (b) (c)

(d) (e) (f)

Microaneurysms

Hemorrhages

Figure 3.2: Diabetic retinopathy features (MAs and haemorrhages): (a) color fundus image, (b) red channel,
(c) green channel, (d) blue channel, (e) processed image output1, (f) processed image output2.

each level (L1, L2, and L3). Each level coefficients are made zero systematically, and the images

are reconstructed for analysis. The reconstructed images are shown in Fig. 3.3. Fig. 3.3(a) is the

high contrast DR fundus image, whereas Fig. 3.3(b) is the reconstructed image. The final level

approximation band image is shown in Fig. 3.3(c). The features appear similar in these images. Fig.

3.3(d), Fig. 3.3(e) and Fig. 3.3(f) are the reconstructed images after zeroing the coefficients of L1

(H1, V1, D1), L2 (H2, V2, D2), and L3 (H3, V3, D3) subband, respectively. Fig. 3.3(g), Fig. 3.3(h)

and Fig. 3.3(i) are the images reconstructed after keeping the coefficients of L1, L2, and L3 subband,

respectively, whereas the other subband coefficients are made zero. It is observed that the diagnostic

features are well reconstructed in all the images, in three level wavelet decomposition and the overall

image quality is good as the original image.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 3.3: Microaneurysm feature analysis in the subbands of 3-level wavelet decomposition: (a) high con-
trast green channel image, (b) reconstructed image, (c) approximation band, (d) L1 (H1, V1, D1) coefficients
zero, (e) L2 (H2, V2, D2) coefficients zero, (f) L3 (H3, V3, D3) coefficients zero, (g) only L1 coefficients
unaltered, (h) only L2 coefficients unaltered, (i) only L3 coefficients unaltered.

For further analysis of the features, the level of decomposition is increased from three level to five

levels. Fig. 3.4 shows analysis of different subbands in 5-level wavelet decomposition. The same

procedures are performed as that of third level wavelet decomposition. Fig. 3.4(a) to Fig. 3.4(e) are

the reconstructed images after zeroing the coefficients of L1-subband to L5-subband, respectively.

Similarly, Fig. 3.4(f) to Fig. 3.4(j) are the images obtained by keeping the coefficients of L1-subband
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to L5-subband, respectively and zeroing the remaining subband coefficients. From the Fig. 3.4(a),

Fig. 3.4(b) and Fig. 3.4(c) it is clear that L1, L2, and L3 subband coefficients are not influencing the

features much. The microaneurysm and the haemorrhages are affected by the coefficients of L4 and

L5 subbands. Fig. 3.4(d) and Fig. 3.4(e) are the reconstructed images obtained after making the

coefficients of L4 and L5 subbands zero, respectively. It is observed that the DR features are not

reconstructed properly and the overall quality of this feature is reduced. Similarly, Fig. 3.4(f) to Fig.

3.4(j) are reconstructed by retaining the coefficients of L1 to L5 subband, respectively and making

the other subbands zero. This does not affect the reconstruction of the DR feature much when the

coefficients of L4 and L5 subbands are present. The reconstructed images are shown in Fig. 3.4(i)

and Fig. 3.4(j), respectively. The diagnostic features are affected much when the coefficients of L4

and L5 subbands are made zero. In Fig. 3.4(f) to Fig. 3.4(h), the coefficients of L4 and L5 subbands

are zero. So, the feature is not reconstructed properly. Retaining the coefficients of L4 and L5

subbands the quality of the DR feature in the reconstructed image is not degraded. Fig. 3.7(a) shows

the reconstructed images by the combination of coefficients in L4 and L5 subbands, respectively.

It is observed that any alteration in subband coefficients of L4 and L5 will affect the DR feature in

the five levels of wavelet decomposition. It is concluded that the coefficients of L4 and L5 subbands

contribute more towards DR feature information in a five level wavelet decomposition.

Fig. 3.5 shows the effect of different subbands on a DR feature in a fundus image with seven

level wavelet decomposition. Fig. 3.5(a) to Fig. 3.5(g) are the reconstructed images after zeroing the

coefficients of L1 to L7 subband, respectively. Fig. 3.5(h) to Fig. 3.5(n) are obtained by retaining the

coefficients in L1 to L7 subband and zeroing rest of the subbands coefficients. It is observed that the

subband L5, L6 and L7 have more DR feature information compared to the other subbands as shown

in Fig. 3.5(e), Fig. 3.5(f), Fig. 3.5(g), Fig. 3.5(l), Fig. 3.5(m), and Fig. 3.5(n). In the reconstructed

images, shown in Fig. 3.5(h) to Fig. 3.5(k), the coefficients of L5, L6 and L7 subbands are zero.

In these cases the quality of the DR feature is degraded to a greater extent. Fig. 3.7(b) shows

the reconstructed image by combining the coefficients from L5, L6 and L7 subbands and zeroing

the remaining subbands coefficients. These results show that the subbands of L5, L6 and L7 have

significant microaneurysm and haemorrhages information.

The level of wavelet decomposition is increased to nine for more detail analysis of DR features

in the subband. In the Fig. 3.6(a) to Fig. 3.6(i), the reconstructed images are shown by making
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j)

Figure 3.4: Microaneurysm feature analysis in the subbands of 5-level wavelet decomposition: (a-e) recon-
structed image by zeroing L1 to L5 subband coefficients, respectively, (f-j) reconstructed image by keeping L1
to L5 subband coefficients, respectively and altering the coefficients of other subbands.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

(m) (n)

Figure 3.5: Microaneurysm feature analysis in the subbands of 7-level wavelet decomposition: (a-g) recon-
structed image by zeroing L1 to L7 subband coefficients, respectively, (h-n) reconstructed image by keeping
L1 to L7 subband coefficients, respectively and zeroing other coefficients.

54

TH-1619_09610207



3.2 DR features in wavelet subbands

subband coefficients of L1 to L9 zero. Similarly, subband coefficients L1 to L9 are used to reconstruct

the images and the reconstructed images are shown in Fig. 3.6(j) to Fig. 3.6(r). It is observed

that L5 to L9 subbands contain more microaneurysm feature information. By making subband L5 to

L9 coefficients zero, the diagnostic information of DR in the reconstructed fundus image disappear,

which are shown in Fig. 3.6(e) to Fig. 3.6(i). In Fig. 3.6(n) and Fig. 3.6(o) the coefficients of

subband L5 and L6 are unchanged. The other subband coefficients are zero. In these two images

DR feature is faintly observed. So, it may be concluded that subbands L5 and L6 contribute more for

the microaneurysms feature in 9-level wavelet decomposition compared to L7, L8 and L9 subbands.

Fig. 3.7(c) is reconstructed by retaining the coefficients of L5, L6, L7, L8, and L9 subbands and ze-

roing the coefficients of remaining subbands. In this figure, the overall quality of the microaneurysms

and haemorrhage features is as good as the original image. From the above analysis, it may be

concluded that as the level of wavelet decomposition increases the higher subbands contribute more

towards DR feature information.
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(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k) (l)

(m) (n) (o) (p)

(q) (r)

Figure 3.6: Microaneurysm feature analysis in the subbands of 9-level wavelet decomposition: (a-i) recon-
structed image by zeroing L1 to L9 subband coefficients, respectively, (j-r) reconstructed image by keeping L1
to L9 subband coefficients, respectively and altering other coefficients.
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(a) (b) (c)

Figure 3.7: Microaneurysm and haemorrhage information in combination of wavelet subband coefficients in
different level of wavelet decomposition: (a) L4 and L5 coefficients of 5-level wavelet decomposition, (b) L5, L6,
and L7 coefficients of 7-level wavelet decomposition (c) L5, L6, L7, L8, and L9 coefficients of 9-level wavelet
decomposition.

3.2.3 Analysis of exudates

In diabetic retinopathy, exudates are more prominent diagnostic features than the microaneurysms

and the haemorrhages. The appearance of the exudates in the macular region leads to severe vision

loss. Analysis of this DR feature, exudates in different wavelet subbands can provide important infor-

mation which can improve the automated detection of these features. For analysis of the exudates,

five, seven and nine levels of decompositions are performed. Fig. 3.8 shows the appearance of the

exudates in different subbands for a five level wavelet decomposition. In this case, the subband im-

ages are reconstructed in the same way as discussed in the previous subsection. The images shown

in Fig. 3.8(a) to Fig. 3.8(e) are formed by zeroing coefficients of L1 to L5 subbands, respectively.

The images shown in Fig. 3.8(f) to Fig. 3.8(j) are reconstructed by retaining the coefficients of one

subband at a time and changing the values of other subband coefficients to zero. Subbands L4 and

L5 have the blood vessel (BV) information. By changing L4 and L5 coefficients to zero, BVs informa-

tion is reduced and the reconstructed images are shown in Fig. 3.8(d) and Fig. 3.8(e). The exudate

information is preserved in L1, L2 and L3 subbands with less information about the blood vessels.

In Fig. 3.8(f), Fig. 3.8(g), and Fig. 3.8(h) only L1, L2 and L3 subband coefficients are present. It

is observed that combining the coefficients of L1, L2 and L3 subbands the exudate information can

be preserved and the BVs information can be suppressed. In Fig. 3.9 selective subband coefficients

are combined and other subband coefficients made zero for reconstruction of the exudates. For the

image shown in Fig. 3.9(a) L4 and L5 subband coefficients are reduced to zero and L1, L2 and
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L3 subband coefficients are kept unaltered. In this case blood vessels are seen with the exudates.

For the image shown in Fig. 3.9(b), L1 subband and L2 subband coefficients are retained with L3-

subband, L4-subband and L5-subband coefficients as zeros. It can be observed that the exudates

are preserved and the blood vessels are present with very low contrast. The quality of exudates is

better compared to the other cases.

For further analysis of exudates in the wavelet subbands the decomposition level is increased from

five to seven. The reconstructed images are shown in Fig. 3.10. Fig. 3.10(a) to Fig. 3.10(g) show

images in which one subband coefficients at a time are made zero. The image which is obtained

by zeroing the L5-subband coefficients is shown in Fig. 3.10(e). In this image the blood vessel

information is reduced a lot and the exudates information is preserved. In order to find the contribution

of each subband towards exudates, one subband coefficients are kept and the remaining subband

coefficients are made zero. The reconstructed images are shown in Fig. 3.10(h) to Fig. 3.10(n).

The image in Fig. 3.10(k) is reconstructed by retaining the L4-subband coefficients only. This image

shows the boundaries of the BVs and parts of exudates. The exudates in this subband are blurred.

In Fig. 3.10(h), Fig. 3.10(i), Fig. 3.10(j), Fig. 3.10(m), and Fig. 3.10(n) only exudates are present.

For more detailed analysis, the subband coefficients are combined. Images obtained by combin-

ing the coefficients of selective subbands are shown in Fig. 3.11. The image shown in Fig. 3.11(a)

is obtained by zeroing the L3 and L2 subbands coefficients and without altering the other subband

coefficients. In this image the exudates are highlighted with the blood vessels. To reduce the BV

information, L4 and L3 subbands coefficients are made zero. The reconstructed image is shown

in Fig. 3.11(b). In this image blood vessels information is further reduced without the degradation

of exudate information. The blood vessel information should be reduced without losing the exudate

information. By zeroing the coefficients of the L4, L3, and L2 subbands, the blood vessel information

is reduced which can be seen in Fig. 3.11(c). From this result, it can be concluded that zeroing the

coefficients of L2 and L4 subbands do not affect exudate information much. In this image some more

blood vessel information is lost. Further reduction of blood vessel information is possible by replacing

the coefficients of L5-subband by zeros along with zeroing coefficients of L4, and L3 subbands. The

reconstructed image is shown in Fig. 3.11(d). It is observed that information of the blood vessel re-

duces a lot along with little exudate information. Exudates appear little blurred in this image. From the

seven level wavelet decomposition analysis, we may draw the conclusion that the coefficients of L4,
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j)

Figure 3.8: Exudate analysis in subbands of 5-level wavelet decomposition: (a-e) reconstructed image by
making L1 to L5 subband coefficients zero, respectively, (f-j) reconstructed image by keeping L1 to L5 subband
coefficients, respectively and altering other coefficients.
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(a) (b)

Figure 3.9: Exudates information in the combination of subbands in 5-level wavelet decomposition. Recon-
structed image by considering (a) L1+L2+L3 subband coefficients, (b) L1+L2 subband coefficients.

L3, and L2 subbands do not contain significant exudate information. The most important subbands

contributing for exudate information are L7, L6, L5, and L1.

Fig. 3.12 shows the reconstructed images with nine level wavelet decomposition. Fig. 3.12(a) to

Fig. 3.12(i) are obtained by reducing the coefficients of subbands L1 to L9 to zero. The coefficients

of L5 are made zero in the reconstructed image shown in Fig. 3.12(e). In this image the information

of blood vessels reduces a lot. So, L5-subband contains more BVs information compared to other

subbands. The least amount of the BVs information is lost by zeroing the coefficients of the subbands

L4 and L6. The reconstructed images corresponding to these subbands are given in Fig. 3.12(d) and

Fig. 3.12(f). For a better analysis, the images are reconstructed by keeping one subband coefficients

at a time and forcing all other subband coefficients to zero. The reconstructed images are shown

in Fig. 3.12(j) to Fig. 3.12(r). The reconstructed images with the coefficients of L4-subband and

L5-subbands are shown in Fig. 3.12(m) and Fig. 3.12(n), respectively. In these images blood vessels

are highlighted and the exudate information is lost. So it can be concluded that L4 and L5 subbands

contain the BVs information and they have little exudate information. In the Fig. 3.12(o) the BVs

information is reduced to a large extent. This image is obtained by considering the L6 subband

coefficients. Images in Fig. 3.12(j), Fig. 3.12(k), Fig. 3.12(l), Fig. 3.12(p), Fig. 3.12(q), and Fig.

3.12(r) are reconstructed by retaining the coefficients of L1 subband, L2 subband, L3 subband, L7

subband, L8 subband, and L9 subband, respectively.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

(m) (n)

Figure 3.10: Exudate information in subbands of 7-level wavelet decomposition: (a-g) reconstructed image
by making L1 to L5 subband coefficients zero, respectively, (h-n) reconstructed image by keeping L1 to L5
subband coefficients, respectively and altering other coefficients.
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(a) (b)

(c) (d)

Figure 3.11: Analysis of exudates information in a combination of wavelet subbands on 7-level decomposi-
tion. Reconstructed images by zeroing: (a) (L2+L3), (b) (L3+L4), (c) (L2+L3+L4), (d) (L3+L4+L5) subband
coefficients.

Suitably combining the coefficients of the different subbands in nine level wavelet decomposition,

the exudate information can be preserved. The image shown in Fig. 3.13(a) is obtained by zero-

ing the L5 and L4 subbands coefficients. In this image, exudate information is highlighted with BVs

information. Further reduction of the BVs information may be possible by making L9 subband coef-

ficients zero along with the L4 and L5 subband coefficients. The reconstructed image is shown in

Fig. 3.13(b). In this image blood vessels information is further reduced without the degradation of

exudate information. The BVs information should be reduced without losing the information about

the exudates for efficient analysis of exudates. By zeroing the coefficients of the L9, L5, L4 and L3

subbands, the BVs information are reduced to a large extent which can be seen in the image in Fig.

3.13(c). The image in Fig. 3.13(d) is reconstructed by zeroing the coefficients L9, L5, L4, L3 and L2

subbands. In the reconstructed image some more blood vessel information is lost. Exudates appear
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(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k) (l)

(m) (n) (o) (p)

(q) (r)

Figure 3.12: Exudate analysis in the subbands of 9-level wavelet decomposition: (a-i) reconstructed image by
making L1 to L9 subband coefficients zero, respectively, (j-r) reconstructed image by keeping L1 to L9 subband
coefficients, respectively and altering other coefficients.
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(a) (b)

(c) (d)

Figure 3.13: Analysis of exudates in 9-level wavelet decomposition. Reconstructed images by zeroing sub-
band coefficients of: (a) (L4 and L5), (b) (L4, L5 and L9), (c) (L3, L4, L5, and L9), (d) (L2, L3, L4, L5, L9).

little blurred. In 9-level wavelet decomposition analysis, it can be concluded that the coefficients of

L9, L5, L4, and L2 subbands do not contain significant exudate information. The most important

subbands contributing to exudate information are L8, L7, L6, and L1.

3.3 Quantitative evaluation

The work of the multiscale analysis of DR features (microaneurysms, haemorrhages, and exudates)

is studied for different databases [124, 125]. Different metrics are used to calculate the performance

of the method and to justify the contribution of the different wavelet subbands towards DR features.

The DR features are extracted from the original image and the subband reconstructed images by

mathematical morphology and histogram based method. These measures are used to evaluate the

contribution of a particular wavelet subband for the DR feature. Based on the performance measure
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the wavelet subbands are selected for a particular DR feature.

In this work, true positive (TP), true negative (TN), false positive (FP), false negative (FN), sen-

sitivity, specificity, sensibility, accuracy (ACC), equal error rate (EER), Conformity coefficient (KC),

Jaccard coefficient (KJ), Dice coefficient (KD), mean square error (MSE), root mean square error

(RMSE), peak signal to noise ratio (PSNR), mean absolute error (MSE), Pearson correlation coeffi-

cient (PCC), universal quality index (UQI), structural similarity (SSIM) are used to evaluate the per-

formance of the feature in different wavelet subbands. The details about the measures are discussed

below.

Sensitivity or true positive rate (TPR) or recall [73] is defined by:

Sensitivity =

(

TP
TP + FN

)

× 100 (3.6)

The sensitivity value is 100% for an ideal extraction of DR feature.

Specificity coefficient or true negative rate (TNR) measures how many pixels are correctly ex-

cluded, which involves the computation of the true negatives and is related to the dimension of the

images [132,133]. Specificity can be defined as:

Specificity =

(

TN
TN + FP

)

× 100 (3.7)

Sensibility [134,135] measures how many pixels outside are included and represented by:

Sensibility =

(

1− TN
TN + FP

)

× 100 (3.8)

The sensibility value should be less for better extraction of features.

Accuracy (ACC) can be defined by the total number of correctly classified to the total number of

pixels in the field of view [132, 136]. Accuracy should by 100% for the best extraction of features. It

can be defined as:

ACC =
TP + TN

TP + FN + TN + FP
× 100 (3.9)

Equal error rate (EER) defines the total error which is represented by:

EER =

(

FP + FN
2× (TP + TN + FP + FN)

)

× 100 (3.10)

At ERR the false match rate and false non match rate are equal. In other words, it can be stated

65

TH-1619_09610207



3. Multiscale analysis of diagnostic features of retinal im ages

as a condition where false acceptance rate and false rejection rate are equal. The value of EER

should be zero for ideal segmentation or extraction of features.

Conformity coefficient (KC) [135] measures the ratio of miss segmented pixels and defined as:

KC =

(

1− FP + FN
TP

)

× 100 (3.11)

For ideal segmentation KC is found to be 100%

Jaccard coefficients (KJ) and Dice coefficients (KD) are given by Equ. (3.12) and Equ. (3.13),

respectively. They have a nonlinear response. Both are bounded between 0% to 100%. For better

evaluation the performance measures should have the discriminating capacity to identify the small-

est variation in the segmented image and the original image. Discrimination capacity of Jaccard

coefficient is higher than the Dice coefficient and Conformity coefficient.

KJ =

(

TP
TP + FP + FN

)

× 100 (3.12)

KD =

(

2× TP
2× TP + FP + FN

)

× 100 (3.13)

Root mean square error (RMSE) [137] is defined as:

RMSE =

√

√

√

√

1

PQ

P
∑

i=1

Q
∑

j=1

(pij − p̂ij)2 (3.14)

where, P × Q = image size, pij = manually marked exudate from color fundus image, p̂ij = ex-

tracted exudate by the described algorithm in the paper. This value becomes zero when the manually

marked exudate matches completely with the extracted exudate by the algorithm. Otherwise, this

value will become greater than zero.

Peak signal to noise ratio (PSNR) [137] is given as:

PSNR = 20 log
255

RMSE
(3.15)

PSNR is ∞ when both the images are identical.

Mean absolute error (MAE) is expressed in the following expression [138], [137].

MAE =

∑P
i=1

∑Q
j=1

(pij − p̂ij)

PQ
(3.16)
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MAE value is zero when both the images are identical to each other.

Pearson correlation coefficient (PCC) measures the correlation between the segmented image

and the original image [137,138]. PCC can be calculated as:

PCC =
E((p − µp)(p̂− µp̂))

σpσp̂
(3.17)

where, µp and µp̂ are the mean value of the images. σ2p and σ2p̂ are the variances. PCC ap-

proaches to a higher value when both the images are identical to each other.

Universal image quality index (UQI) combines the loss of correlation, luminance distortion and

contrast distortion for measuring the image distortion [133]. The correlation coefficient measures

the degree of linear correlation, whose dynamic range lies between −1 and 1. Luminance distortion

measures the closeness of mean luminances between two images. It ranges from 0 to 1. Con-

trast distortion measures the similarity in contrast between the images. In equal contrast this value

becomes equal to 1. Its dynamic range is [0, 1]. It can be defined as:

UQI =
4ρpp̂µpµp̂

(σ2p + σ2p̂)× (µ2p + µ2p̂)
(3.18)

where, ρpq is the correlation coefficient. Its dynamic range lies [−1, 1]. It becomes the value 1

when both the images are identical to each other.

Structural similarity (SSIM) measures the change of luminance, contrast and symmetry of the

image [139], [140]. In order to measure the SSIM it should satisfy the symmetry, bounded ness, and

unique maximum. The expression of SSIM is given as:

SSIM =
(2µpµp̂ + k1)(2σpp̂ + k2)

(µ2p + µ2p̂ + k1)(σ2p + σ2p̂ + k2)
(3.19)

where, k1 and k2 are constants. The value of k1 and k2 is determined as follows.

k1 = k11 × L

k2 = (k22 × L)2
(3.20)

where, L is the dynamic range of pixel values of the image considered. The value k11 and k22

are less than 1 and considered to be 0.2. In this case, the value of L is 255 as the gray scale images

are eight bits. So, the value of k1 is 51. The value of k2 is 2601. The range of k1 and k2 is [0, L] and
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3. Multiscale analysis of diagnostic features of retinal im ages

[0, L2], respectively.

3.4 Performance evaluation

Microaneurysms and haemorrhages are extracted by mathematical morphology based method from

the original image and the reconstructed image obtained by 5-level and 7-level wavelet decomposi-

tion. The green channel of the fundus image is considered and the image is resized to 512 × 512.

The resized image is subjected to histogram equalization to enhance the contrast of the image. Edge

detection technique by canny detector is applied for detection of the edges. Then any border of

the image is removed. Then by using the mathematical erosion and dilation are performed with the

disk structuring element. By using threshold the microaneurysms are extracted. The images are

compared by different performance measures such as sensitivity, specificity, sensibility, accuracy and

equal error rate. The values are tabulated in Table 3.1. In 5-level of wavelet decomposition the quan-

titative values, specificity and accuracy are higher for the L5 subband. For lower subbands these

values are low.

Quantitative values (specificity and accuracy) are higher for the L5 wavelet subband. For lower

subbands (i.e., L2) these values are found to be low. The accuracy value is found to be the highest for

L5 subband, i.e., 76.65%. This value is the lowest in L2 subband, i.e., 58.47%. Equal error rate (ERR)

is found to be least, i.e., 11.67% for L5 subband. As the accuracy and specificity values are higher in

L5 wavelet subband compared to the other subbands, it may be concluded that the microaneurysm

information in L5 subband is more. From this it may be concluded that the higher subband contribute

more towards the microaneurysms.

Table 3.1: Performance measure values of extraction of microaneurysms in different level subband in 5-level
wavelet decomposition.

Reconstructed Image Sensitivity Specificity Sensibility ACC EER

L1 79.96 62.80 37.20 63.42 18.29
L2 62.78 58.45 41.55 58.47 20.76
L3 63.08 73.71 26.29 73.22 13.39
L4 60.61 76.63 23.37 75.90 12.05
L5 59.28 77.44 22.56 76.65 11.67

To study the variation of different performance measures across different images, boxplots for

all subbands are shown in Fig. 3.14. On each box, the central mark is the median, the edges
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of the box are the 25th and 75th percentiles, the whiskers extend to the most extreme data points

the algorithm considers to be not outliers, and the outliers are plotted individually. The boxplots

for specificity, accuracy, and equal error rate of sixty images for different wavelet subbands in 5-level

wavelet decomposition are shown in Fig. 3.14. From the boxplot it is found that the average specificity

and accuracy values for L5 subband are higher compared to the other subbands. For L2 subband,

these values are the least. From this, it can be concluded that more microaneurysm information is

available in higher wavelet subband compared to the lower wavelet subband. The equal error rate is

found to be least in L5 subband.

Subband
L1 L2 L3 L4 L5

S
pe

ci
fic

ity

55

60

65

70

75

80

Subband
L1 L2 L3 L4 L5

A
cc

ur
ac

y

55

60

65

70

75

80

Subband
L1 L2 L3 L4 L5

E
qu

al
 E

rr
or

 R
at

e

10

12

14

16

18

20

22

24

Figure 3.14: Boxplots for specificity, accuracy and equal error rate for different subband in 5-level wavelet
decomposition (by considering one subband coefficients at a time) for sixty images

We have also conducted this experiment by zeroing a particular subband coefficients and con-

sidering the rest of the subband coefficients in 7-level wavelet decomposition. The performance

measure values are shown in Table 3.2. The quantitative values (specificity and accuracy) are higher

for the Zero L1 and Zero L2 subband reconstructed images and least for Zero L7 subband recon-

structed images. The EER value is more in the Zero L7 subband reconstructed image (i.e., 6.82%)

compared to the other subband reconstructed images. This shows that significant microaneurysms

information is lost when higher subband coefficients are reduced to zero.

The boxplots for specificity, accuracy, and equal error rate of sixty images for different subband
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Table 3.2: Performance measure values of extraction of microaneurysms in different level subband of 7-level
wavelet decomposition.

Reconstructed Image STV SPF SEN ACC EER

Zero L1 99.07 96.09 3.91 98.69 0.66
Zero L2 99.50 93.57 6.43 98.64 0.68
Zero L3 99.37 84.87 15.13 97.27 1.37
Zero L4 99.36 71.16 28.84 95.27 2.37
Zero L5 99.55 51.44 48.56 92.57 3.72
Zero L6 99.64 37.22 62.78 90.56 4.72
Zero L7 99.76 7.16 92.84 86.36 6.82

in 7-level wavelet decomposition (by altering one subband coefficients at a time) are shown in Fig.

3.15. From the boxplot it is found that the average specificity and accuracy values for Zero L7 and

Zero L6 reconstructed subbands are lower compared to the other subbands. For Zero L1 subband

these values are high. From this it may be concluded that more microaneurysm information is lost

when higher subband coefficients are made zero.
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Figure 3.15: Boxplots for specificity, accuracy and equal error rate for different subband in 7-level wavelet
decomposition (by changing one subband coefficients at a time) for sixty images

Extracted exudates from the original image and the reconstructed images of different level de-

composition are compared by the above mentioned metrics, to know the contribution of different level
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subbands towards exudates information. The metrics are divided into two sets. The Set-1 perfor-

mance measurement metrics are sensitivity, specificity, sensibility, accuracy (ACC) and equal error

rate (ERR). The performance measurement metrics MSE, RMSE, PSNR, MAE, PCC, UQI, and SSIM

are present in Set-2. Table 3.3 shows the Set-1 performance measure values of the extraction of ex-

udate features in different level subbands. In this table, L1 to L5 represent the reconstructed images

by considering only one subband coefficients at a time, i.e., L1 to L5 subband, respectively and the

rest of the subband coefficients are made zero. Similarly, ‘Zero L1’ to ‘Zero L5’ represent the recon-

structed images by making L1 to L5 subband coefficients are zero, respectively and un-altering the

other subband coefficients. For each case the performance is calculated. The extraction of exudate

in L4 and L5 reconstructed image provides higher accuracy compared to the other subbands. The

accuracy value is found to be highest in L5 subband, i.e., 81.47%. But the extracted exudate in L4 and

L5 reconstructed image highlights some blood vessels. Zeroing the L1 subband and L2 subbands do

not affect much in the accuracy for extraction of exudates, which are found to be 95.90% and 93.22%,

respectively. The accuracy value is reduced to lowest when L5 subband coefficients are made zero,

which is found to be 73.85%. The structures of extracting exudate features in different reconstructed

images, considering different subbands for 5-level decomposition is shown in Fig. 3.16. Fig. 3.16 (a)

to Fig. 3.16(e) are the reconstructed images obtained by altering one subband coefficients only. Fig.

3.16(f) to Fig. 3.16(j) are the reconstructed images by considering one subband coefficients and al-

tering the rest subbands coefficients. The structural changes are calculated by MSE, RMSE, PSNRv,

PCC, UQI and SSIM. The values are shown in Table 3.4. Performance values in this table matches

with the Table 3.3 for a particular subband. Extraction of exudates in the reconstructed image L5

provides higher PCC and ACC values. So, any alternation in the L5 subband coefficients, reduces

the performance values in the extraction of exudates. Depending on the contribution of exudates for

a particular subband, suitably subbands are combined for better exudate extraction.

To justify this technique the receiver operating characteristic (ROC) for the Table 3.3 is shown in

Fig. 3.17 for higher and lower subband. It is the plot between ’sensitivity’ versus ’1-specificity’. The

ROC plot has been shown in Fig. 3.17 for the L5 and L1 subband. The continuous line shows the

ROC curve for L5 subband and the dotted line shows the ROC for L1 subband. The area under

the ROC curve for L5 subband is higher than the area under the ROC curve for L1 subband. From

the ROC curve it can be concluded that the feature information is higher in L5 subband than in L1
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j)

Figure 3.16: Extracted exudate in different band of 5-level wavelet decomposition: (a-e) reconstructed image
by making L1 to L5 subband coefficients zero, respectively, (f-j) reconstructed image by keeping L1 to L5
subband coefficients, respectively and altering other coefficients.
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Table 3.3: Performance measure values (set-1) of extraction of exudates in different level subband in 5-level
wavelet decomposition.

Reconstructed Image Sensitivity Specificity Sensibility ACC EER

L1 98.49 70.32 29.68 71.56 14.22
L2 98.64 70.62 29.38 71.86 14.07
L3 99.25 71.34 28.66 72.57 13.71
L4 99.54 71.21 28.79 72.46 13.77
L5 99.71 80.61 19.39 81.47 9.26

Zero L1 99.99 95.70 4.29 95.90 2.05
Zero L2 99.99 92.89 7.10 93.22 3.39
Zero L3 100 88.51 11.49 89.03 5.49
Zero L4 100 82.07 17.93 82.88 8.56
Zero L5 100 72.65 27.35 73.85 13.07

Table 3.4: Performance measure values (set-2) of extraction of exudates in different level subband of 5-level
wavelet decomposition.

Reconstructed Image MSE RMSE PSNRv MAE PCC UQI SSIM

L1 0.02 0.12 66.63 0.04 206852.10 0.59 1.00
L2 0.01 0.12 66.70 0.04 208036.17 0.59 1.00
L3 0.01 0.12 67.06 0.04 212871.51 0.59 1.00
L4 0.01 0.11 67.49 0.03 217995.65 0.57 1.00
L5 0.01 0.11 67.64 0.03 218793.29 0.66 1.00

Zero L1 0.00 0.04 75.90 0.01 256179.68 0.90 1.00
Zero L2 0.00 0.04 75.73 0.01 256006.03 0.84 1.00
Zero L3 0.00 0.05 73.98 0.01 253085.33 0.76 1.00
Zero L4 0.00 0.06 72.72 0.02 250233.77 0.69 1.00
Zero L5 0.00 0.06 72.19 0.02 248863.90 0.62 1.00

subband.

The experiment is conducted for seven level wavelet decomposition and the performance mea-

sures for the extracted exudates in different wavelet subbands are calculated and tabulated in Table

3.5 and Table 3.6. Extracted exudates in L7, which contains, L7 subband coefficients has higher

accuracy value compared to the extracted exudates in other reconstructed images. For this, the ac-

curacy is found to be 56.94%. Zeroing the coefficients of one level subband and keeping other level

subband coefficients, it is found that L7 subband coefficients contribute more information towards

exudate than L1 subband coefficients. By making the coefficients of L1 subband alone to zero, the

extracted exudates have the accuracy of 95.90%. By making the coefficients of L7 subband to zero

the accuracy of extracting exudates reduces to 56.69%. Structural change of the exudates in different
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Figure 3.17: ROC curve for analysis of exudates in 5-level wavelet decomposition.

wavelet subbands is calculated by different measures and are shown in Table 3.6. The values are

found to be highest for L7, which is reconstructed by considering the L7 subband coefficients and

making the other level subband coefficients to zero.

Similarly, the performance values of the exudate features are calculated for nine level wavelet

decomposition and tabulated in Table 3.7 and Table 3.8. The value of accuracy for the extraction of

exudates in the reconstructed image L3 is found to be higher, i.e., 48.78%. It contains higher exudate

information than the other reconstructed images. The L8 reconstructed image contains less exudate

information compared to L3 reconstructed image. The accuracy value for the extraction of exudates

from ‘Zero L8’ reconstructed image is found to be very less, i.e., 36.95%. By zeroing L8 subband

coefficients and keeping other level subband coefficients reduces the accuracy of the extraction of

exudates. The structure of the exudate is changed significantly when L8 subband coefficients are

made to zero. Universal quality index value is found to be 0.34 in the reconstructed image ‘Zero L8’.

Mainly the exudate information is present in L3 and L8 subband coefficients in nine level wavelet

decomposition.

The mean opinion score (MOS) for DR features in different wavelet subbands is tabulated in the
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Table 3.5: Performance measure values (set-1) of extraction of exudates in different level subband of 7-level
wavelet decomposition.

Reconstructed Image STV SPF SEN ACC EER

L1 95.97 45.44 54.56 47.62 26.19
L2 94.95 45.86 54.14 47.98 26.01
L3 94.98 46.69 53.31 48.78 25.61
L4 95.59 48.03 51.97 50.08 24.96
L5 96.64 49.67 50.33 51.70 24.15
L6 96.64 49.67 50.33 51.70 24.15
L7 98.53 55.04 44.96 56.94 21.53

Zero L1 100.00 95.70 4.30 95.90 2.05
Zero L2 100.00 92.90 7.10 93.22 3.39
Zero L3 100.00 88.51 11.49 89.03 5.48
Zero L4 100.00 82.07 17.93 82.88 8.56
Zero L5 100.00 72.65 27.35 73.85 13.07
Zero L6 100.00 60.35 39.65 62.06 18.97
Zero L7 100.00 54.76 45.24 56.69 21.66

Table 3.6: Performance measure values (set-2) of extraction of exudates in different level subband of 7-level
wavelet decomposition.

Reconstructed Image MSE RMSE PSNRv MAE PCC UQI SSIM

L1 0.03 0.17 63.68 0.07 136355.81 0.41 1.00
L2 0.03 0.17 63.74 0.07 138849.06 0.41 1.00
L3 0.03 0.16 63.93 0.07 146806.74 0.41 1.00
L4 0.03 0.16 64.13 0.06 154105.84 0.40 1.00
L5 0.03 0.16 64.24 0.06 157636.51 0.41 1.00
L6 0.02 0.15 64.58 0.06 168300.53 0.41 1.00
L7 0.02 0.16 64.47 0.06 161034.30 0.46 1.00

Zero RL1 0.00 0.04 75.90 0.01 256179.68 0.90 1.00
Zero L2 0.00 0.04 75.73 0.01 256006.03 0.84 1.00
Zero L3 0.00 0.05 73.98 0.01 253085.33 0.76 1.00
Zero L4 0.00 0.06 72.72 0.02 250233.77 0.69 1.00
Zero L5 0.00 0.06 72.19 0.02 248863.90 0.62 1.00
Zero L6 0.01 0.07 71.19 0.03 243988.19 0.53 1.00
Zero L7 0.01 0.07 71.57 0.03 246254.28 0.51 1.00

table by experts. From the MOS table it may be concluded that in 3-level wavelet decomposition

L3, L2 and L1 subbands contains almost similar information about the microaneurysms. In 5-level

wavelet decomposition L5, L4, and L1 subbands contain more information about microaneurysms

than the other subbands. In 7-level wavelet decomposition L7 subband contains more information

about MAs than the other subbands. In 9-level wavelet decomposition L9 and L8 subbands contain

more information about the MAs.

Similarly, the MOS is tabulated for 5-level, 7-level and 9-level wavelet decomposition for exudates.
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Table 3.7: Performance measure values (set-1) of extraction of exudates in different level subband of 9-level
wavelet decomposition.

Reconstructed Image STV SPF SEN ACC EER

L1 84.62 1.54 98.46 5.05 47.47
L2 81.48 2.63 97.37 5.95 47.02
L3 94.98 46.69 53.31 48.78 25.61
L4 80.17 6.37 93.63 9.49 45.26
L5 82.98 9.26 90.74 12.36 43.82
L6 82.98 9.26 90.74 12.36 43.82
L7 82.98 9.26 90.74 12.36 43.82
L8 98.42 32.32 67.68 35.14 32.43
L9 99.91 11.04 88.96 14.81 42.60

Zero L1 100.00 95.70 4.30 95.90 2.05
Zero L2 100.00 92.90 7.10 93.22 3.39
Zero L3 100.00 88.51 11.49 89.03 5.48
Zero L4 100.00 82.07 17.93 82.88 8.56
Zero L5 100.00 72.65 27.35 73.85 13.07
Zero L6 100.00 60.35 39.65 62.06 18.97
Zero L7 100.00 54.76 45.24 56.69 21.66
Zero L8 100.00 34.17 65.83 36.95 31.53
Zero L9 100.00 54.76 45.24 56.69 21.66

Table 3.8: Performance measure values (set-2) of extraction of exudates in different level subband of 9-level
wavelet decomposition.

Reconstructed Image MSE RMSE PSNRv MAE PCC UQI SSIM

L1 0.04 0.19 62.81 0.07 102485.76 0.02 1.00
L2 0.03 0.19 62.90 0.07 111471.66 0.01 1.00
L3 0.03 0.16 63.93 0.07 146806.74 0.41 1.00
L4 0.03 0.18 63.33 0.07 137747.22 0.01 1.00
L5 0.03 0.17 63.44 0.07 141187.80 0.04 1.00
L6 0.03 0.17 63.44 0.07 141187.80 0.04 1.00
L7 0.03 0.17 63.44 0.07 141187.80 0.04 1.00
L8 0.03 0.18 63.21 0.07 117012.31 0.29 1.00
L9 0.04 0.19 62.63 0.08 76913.41 0.10 1.00

Zero L1 0.00 0.04 75.90 0.01 256179.68 0.90 1.00
Zero L2 0.00 0.04 75.73 0.01 256006.03 0.84 1.00
Zero L3 0.00 0.05 73.98 0.01 253085.33 0.76 1.00
Zero L4 0.00 0.06 72.72 0.02 250233.77 0.69 1.00
Zero L5 0.00 0.06 72.19 0.02 248863.90 0.62 1.00
Zero L6 0.01 0.07 71.19 0.03 243988.19 0.53 1.00
Zero L7 0.01 0.07 71.57 0.03 246254.28 0.51 1.00
Zero L8 0.00 0.05 74.64 0.03 256225.19 0.34 1.00
Zero L9 0.00 0.02 84.60 0.01 261542.98 0.58 1.00
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Table 3.9: MOS for MAs and haemorrhages in different level subbands of various levels wavelet decomposition.

Decomposition Level Excellent Good Fair Poor Bad

3-Level L3, L2, L1
5-Level L5 Subband L4 Subband L1 Subband L3 Subband L2 subband
7-Level L7 Subband L6 Subband L5 Subband L4 Subband L1, L2, L3 Subbands
9-Level L9, L8 Subbands L7, L6 Subbands L5 Subband L2, L3 Subbands L1, L4 Subbands

Table 3.10: MOS for exudates in different level subbands of various levels wavelet decomposition.

Decomposition Level Excellent Good Fair Poor Bad

5-Level L5 Subband L1, L2 Subbands L3 Subband L4 Subband
7-Level L7, L6 Subbands L5 Subband L1 Subband L4, L3 Subbands L2 Subband
9-Level L8, L3 Subbands L6 Subband L1 Subband L2 Subbands L9, L5, L4 Subbands

Table 3.11: Cumulative metric for exudates in 5-level wavelet decomposition.

Subband ACC UQI Cumulative metric-1 Cumulative metric-2

L1 71.56 0.59 0.878 0.893
L2 71.86 0.59 0.882 0.893
L3 72.57 0.59 0.890 0.893
L4 72.46 0.57 0.889 0.864
L5 81.47 0.66 1 1

Table 3.12: Cumulative metric for exudates in 7-level of wavelet decomposition

Subband ACC UQI Cumulative metric-1 Cumulative metric-2

L1 47.62 0.41 0.836 0.891
L2 47.98 0.41 0.843 0.891
L3 48.78 0.41 0.857 0.891
L4 50.08 0.41 0.880 0.891
L5 51.70 0.41 0.908 0.891
L6 51.70 0.41 0.908 0.891
L7 56.94 0.46 1 1

Table 3.13: Cumulative metric for exudates in 9-level of wavelet decomposition.

Subband ACC UQI Cumulative metric-1 Cumulative metric-2

L1 5.05 0.02 0.103 0.049
L2 5.95 0.01 0.122 0.024
L3 48.78 0.41 1 1
L4 9.49 0.01 0.195 0.476
L5 12.36 0.04 0.253 0.671
L6 12.36 0.04 0.253 0.671
L7 12.36 0.04 0.253 0.671
L8 35.14 0.29 0.720 0.707
L9 14.81 0.10 0.304 0.244
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L5 subband contains higher information compared to other subbands for exudates in 5-level wavelet

decomposition. In 7-level wavelet decomposition L7, L6, and L5 subbands contain more information

about the exudates. L8 and L3 contain more exudates information about the exudates in 9-level

wavelet decomposition, whereas L4, L5, and L9 contain less information about the exudates.

The cumulative metric is calculated from the performance measure of the extraction of the exu-

dates by dividing the highest value with the obtained value. This measure will provide the measure

for selection of wavelet subband for DR features. In this case, accuracy and UQI values are con-

sidered for the selection of subbands for the DR features. In five level decomposition, L5 subband

contains higher exudate information. The L7 subband, in seven level wavelet decomposition contains

higher exudate information. The L3 and L8 subbands contain higher exudate information about the

DR feature in 9-level wavelet decomposition. The cumulative metric obtained for exudates matched

the MOS value. For 5-level wavelet decomposition the MOS for L5 subband is good and it agrees

with the cumulative metric value. Similarly, for 7-level wavelet decomposition the MOS for L7 is bet-

ter compared to the other subbands. For L7 in 7-level wavelet decomposition the cumulative metric

shows higher value. In 9-level wavelet decomposition the L3 and L8 subbands show higher cumula-

tive metric value. The MOS for 9-level is good for L8 and L3 subbands.

3.5 Summary

In this chapter, pathological features (microaneurysms and exudates) are studied in different wavelet

subbands for different level of wavelet decomposition. The fundus image is decomposed into 3-, 5-,

7- and 9-level by db4 mother wavelet. In each level microaneurysm and exudate features are studied

from the view of diagnostic information. From the above study, the following conclusions can be

drawn.

(i) Analysis of MAs is done on 3-, 5-, 7-, and 9-level of wavelet decomposition with db4 mother

wavelet. In 3-level wavelet decomposition, all the subbands contribute equally to the feature

MAs.

In 5-level wavelet decomposition, subband L1, subband L2 and subband L3 contain less in-

formation about the MAs. Most of the information is present in subband L4 and subband L5

in 5-level wavelet decomposition. So, during the analysis of MAs information higher attention

should be given to the coefficients of L4 and L5 subbands.
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3.5 Summary

In 7-level wavelet decomposition, L5, L6, and L7 contribute more information towards MAs.

Subband L5 to subband L9 coefficients contain higher MAs information compared to other

levels. Higher subband coefficients contain more MAs information compared to lower level

subband coefficients.

(ii) In 5-level wavelet decomposition subband L1, L2 do not contain more information about exu-

date. The subbands L4 and L5 contain more blood vessel information. From the quantitative

evaluation it is found that L5 subband in five level wavelet decomposition contains higher exu-

date information. Combining the coefficients of subbands L1, L2, and L3 the exudate informa-

tion can be preserved and the blood vessel information can be suppressed.

In 7-level wavelet decomposition, subband L1, L2, L3, L6 and L7 contain the exudate infor-

mation. By altering the coefficients of L2, L3, and L4 subbands, the blood vessel information

is lost without the loss of exudate information. In 7-level wavelet decomposition, L2, L3 and

L4 subbands do not contain significant information about the DR feature. The L7 subband in

7-level decomposition has higher accuracy value.

In 9-level wavelet decomposition, blood vessels information is present in L4 and L5. The L3 and

L8 subbands contain more exudate information, according to the performance measure values

(accuracy, UQI, PCC and sensitivity etc.).
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4. Multiscale ICA for detection of DR features

The distribution of clinical features (such as: microaneurysms, exudates, and haemorrhages) and

normal features (such as: blood vessels, optic disc, and macula) information in different wavelet sub-

bands of the retinal images are investigated in Chapter 3. Different wavelet subbands have different

diagnostic importance. The diagnostic information of retinal features due to DR is captured by a few

wavelet subbands. Different levels in five level decomposition carries different information. Extraction

of DR features in wavelet scale can reduce the computation time. As different wavelet subbands

contribute differently to different features, by combining two or more wavelet subbands the patholog-

ical features can be extracted by independent component analysis (ICA). Wavelet decomposition is

also applied to the other color channels such as: HSV. Combining the channels of different colors

and different levels of decomposition, the data matrix is formed. To the data matrix ICA is applied to

find the pathological features in the color fundus images. In this chapter, extraction of blood vessels

and exudates from the color fundus images is proposed in different scales of wavelet decomposition.

Extraction of features is done by using ICA in multiscale domain. The ICA has the property of finding

the independent components (ICs) from the mixture. The ICs are assumed to be non-Gaussian in

nature. By multiscale wavelet decomposition different wavelet subbands are created. The different

wavelet subbands are combined suitably to form the mixing matrix for separation of DR features from

the fundus images by ICA. Applying ICA in wavelet subband can able to detect the changes occurred

in the retina. This provides the progression of any disease due to DR. This is achieved by comparing

a healthy/normal fundus image with the DR affected fundus images taken in the same environmental

conditions. The performance of the proposed method has been compared with the existing methods

in the literature.

In this chapter, ICA is used as a tool in multiscale for detection of features from fundus images.

Section 4.1 discusses about the extraction of blood vessels and pathologies from the color fundus

images. In this Section, the vessels affected by pathology has been calculated. Section 4.2 discuses

about ICA on multiscale for fundus images. In this Section, the advantages of multiscale ICA (MSICA)

over ICA are discussed. Detection of exudates is discussed in Section 4.3. Detection of changes in

the retina due to DR are discussed in Section 4.4. Summary and conclusions of this chapter are

presented in Section 4.5.
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4.1 Segmentation of blood vessels

Various segmentation techniques are applied over the fundus images for segmentation of blood ves-

sels (BVs). These methods include Kirsch’s method [56], histogram equalization approach [141] and

Gaussian based matched filter approach [45]. These techniques are merged together to obtain bet-

ter segmentation performance than the individual blood vessel segmentation algorithm. The detail

description of these methods is given below.

Kirsch method [56] is a template-based method which uses 8 templates in eight different possible

edge directions, i.e., left-right, up-down, upper-left and lower-right, etc. For each pixel of the image,

all eight templates are applied and maximum value is chosen to be compared with the threshold. The

template which has been used in Kirsch’s method is given below.












5/15 −3/15 −3/15

5/15 −3/15 −3/15

5/15 −3/15 −3/15













The above mentioned template is slightly modified to get BV segmentation, which is given below.












5/21 −3/21 −3/21

5/21 −3/21 −3/21

5/21 −3/21 −3/21













Contrast limited adaptive histogram equalization [141] method, which divides the image into a

number of small non-intersecting contextual regions for processing an image. The various steps

involved in this method are contrast enhancement (provide a better transform representation for

subsequent image analysis steps), background exclusion (eliminates background variations), and

thresholding and post filtration (produce a binary image in which the value of each pixel is either 1

(blood vessel) or 0 (background)). To remove noise from the image, morphological operations were

performed on the segmented image.

Matched filter with first order Gaussian Function [45] provides good performance with compara-

tively low complexity. The matched filter (MF) is a zero mean Gaussian function, which uses filtering

and thresholding in the original image for detecting vessels from the color fundus images. Gaussian

shaped filter can be used to match the vessels for detection, as the pixel values of the cross section

of a vessel can be modeled as a Gaussian function. The MF responses, both vessels and non-vessel

edges. Matched filter with first order Gaussian function overcomes the limitation of MF which has the

capability to reduce the noise. All the above techniques were applied to noised color fundus image
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4. Multiscale ICA for detection of DR features

to check the efficiency of the segmentation process. Fundus image is associated with low contrast

and non-uniform illumination and this is visible at the edge of the image. The occurrence of noise in

fundus image is the impulse and Gaussian noise [142].

The above discussed methods are applied to the fundus image databases, and compared with

the manually segmented images by measuring different performance measures such as sensitivity,

specificity, sensibility, accuracy, equal error rate (EER), Fscore, Jaccard’s coefficient (KJ), conformity

coefficient (KC) and dice coefficient (KD). The Table 4.1 shows the performance of blood vessel seg-

mentation of different methods. Above discussed methods are merged to have better segmentation

of blood vessels. Merging of modified Kirsch method with the Gaussian based method (KG) provides

better result compared to the merging of Kirsch, histogram and Gaussian (KHG) based method. The

Gaussian based method provides higher accuracy compared to other methods. Merging Kirsch and

Gaussian based methods provide higher specificity and lower sensibility compared to other methods.

This method has lower accuracy than that of Gaussian based method. The performance of different

methods is shown in a bar plot in Fig. 4.1. Above mentioned blood vessel segmentation methods

are tested in the presence of salt and pepper noise as fundus image is affected by salt and pepper

noise. The performance of different methods in the presence of noise is tabulated in Table 4.2. In

the presence of noise match filter with first order Gaussian function has higher accuracy (91.01%).

The KG based method is better compared to the other methods in terms of specificity (95.54%) and

sensibility (4.45%) in the presence of salt and pepper noise.

Table 4.1: Performance values of different blood vessels extraction techniques.

Method Sensitivity Specificity Sensibility Accuracy EER Fscore KC KJ KD

Kirsch 43.03 94.93 5.07 90.24 4.87 -59.06 -159.77 28.37 44.05
Modified Kirsch 42.55 93.58 6.41 90.70 4.64 -58.29 -310.15 20.80 34.15

Histogram 48.93 94.18 5.81 91.06 4.46 -63.83 -194.04 25.78 40.88
Gaussian 76.03 97.06 2.93 95.46 2.26 -85.12 21.04 56.11 71.81

KGH 49.75 97.91 2.09 91.27 4.36 -65.70 -32.17 43.67 60.62
KG 52.98 98.077 1.92 92.22 3.88 -68.64 -15.27 46.77 63.64

4.1.1 Segmentation of DR features/pathologies

The block diagram of the segmentation of DR features of the color fundus image is given in Fig. 4.2.

After Gaussian based segmentation technique for extracting the blood vessels from the color fundus

image, the pathologically affected regions of the fundus image are to be separated. Inpainting is used
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Figure 4.1: Performance measure of blood vessel segmentation methods.

Table 4.2: Performance values of different blood vessels extraction techniques in the presence of salt and
pepper noise.

Method Sensitivity Specificity Sensibility Accuracy EER Fscore KC KJ KD

Kirsch 49.37 92.09 7.90 87.21 6.39 -64.18 -132.83 30.70 46.79
Modified Kirsch 45.49 90.24 9.76 86.68 6.66 -60.25 -285.86 21.78 35.47

Histogram 52.63 90.17 9.82 87.48 6.26 -66.18 -261.37 22.06 36.05
Gaussian 70.26 93.14 6.85 91.01 4.49 -79.94 -39.81 42.04 59.09

KGH 52.66 95.24 4.75 88.19 5.90 -67.73 -37.08 42.51 59.56
KG 48.222 95.54 4.45 86.545 6.727 -63.95 -49.81 40.38 57.42

to remove the effect of the blood vessels. The fundus image contains various pathological features.

The inpainted image is subjected to histogram equalization to obtain the pathologies. The extracted

pathologies are intersected with the extracted blood vessel image to obtain the blood vessels that are

affected by pathology. This helps determine the extent to which the pathology has affected the blood

vessels. The intersection of pathologies with the blood vessels gives rise to the number of pixels of

blood vessels affected by pathologies (%BVa) and represented by:

%BVa =
BVa
BVp

× 100 (4.1)
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Blood Vessels
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Percentage of Blood Vessels

Figure 4.2: Detection of affected regions of BVs by DR.

where, BVp represents the total number of blood vessel pixels. The pathological pixels are com-

pared with the blood vessel pixels to find the affected blood vessels by pathologies. The output of

different stages of blood vessels affected by pathologies is shown in Fig. 4.3. The color fundus im-

age and green channel image are shown in Fig. 4.3(a) and Fig. 4.3(b), respectively. The pathologies

appear as white patches in Fig. 4.3(b). Fig. 4.3(c) shows the extracted blood vessels by Kirsch

Gaussian method. This image is used as a mask for inpainting technique to inpaint the green chan-

nel image. The inpainted image is shown in Fig. 4.3(d). The blood vessel information is suppressed

in this image. It only highlights the pathological regions. Pathologies are extracted from the inpainted

image. The extracted pathologies are shown in Fig. 4.3(e). The inpainting takes nearly 2-minutes

per image. In order to overcome this problem the segmentation of blood vessels and inpainting is

performed in multiscale domain. This reduces the time for inpainting. The extracted blood vessels are

compared with the extracted pathologies to find the amount of blood vessels affected by pathologies.

Fig. 4.3(f) shows the amount of blood vessels affected by pathologies.

Table 4.3 shows the percentage of affected blood vessels (%BVa) for 40 pathological images. In

image-24 (Im-24) only 2.98% blood vessels are affected by pathologies. The Im-24 is shown in Fig.

4.4. In this case, the less amount of blood vessels are affected by pathologies. In Im-18, 68.78% of

blood vessels is affected by pathologies. This is shown in Fig. 4.3. It may be concluded that, the

blood vessels in Im-24 are less affected by pathologies than the blood vessels in Im-18. So, vision

condition in Im-18 is poor compared to Im-24. This has been validated by the ophthalmologist in

Vinayak hospital Karaikal, Puducherry.
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(a) (b)

(c) (d)

(e) (f)

Figure 4.3: Affected blood vessels by DR: (a) fundus image, (b) green channel image, (c) extracted blood
vessels, (d) inpainted image, (e) extracted pathology, and (f) blood vessels affected by DR.
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4. Multiscale ICA for detection of DR features

Table 4.3: Amount of blood vessels affected by pathologies in fundus image (Im).

Im BVp BVa %BVa Im BVp BVa % BVa Im BVp BVa %BVa Im BVp BVa % BVa

Im-1 40433 10957 27.10 Im-11 31536 3845 12.19 Im-21 29844 5510 18.46 Im-32 34123 1544 4.52
Im-2 46275 10271 22.20 Im-12 34314 6447 18.79 Im-22 33741 6975 20.67 Im-32 35348 5273 14.92
Im-3 40421 21229 52.52 Im-13 39555 3639 9.20 Im-23 29834 2923 9.80 Im-33 39577 4777 12.07
Im-4 40682 19468 47.85 Im-14 33949 5742 16.91 Im-24 30619 913 2.98 Im-34 32934 2975 9.03
Im-5 40214 4567 11.36 Im-15 37500 4980 13.28 Im-25 33325 1190 3.57 Im-35 31498 4824 15.32
Im-6 34654 1791 5.17 Im-16 32628 9571 29.33 Im-26 37377 2312 6.19 Im-36 34564 9237 26.72
Im-7 37102 5065 13.65 Im-17 35492 6470 18.23 Im-27 40034 6802 16.99 Im-37 31879 1706 5.35
Im-8 32260 4417 13.69 Im-18 32888 22619 68.78 Im-28 33266 7167 21.54 Im-38 30470 5858 19.23
Im-9 31199 6582 21.10 Im-19 34053 4550 13.36 Im-29 37333 5489 14.70 Im-39 42241 11320 26.80

Im-10 33454 10659 31.86 Im-20 37466 8825 23.55 Im-30 37132 1618 4.36 Im-40 34040 9768 28.70

(a) (b)

(c) (d)

Figure 4.4: Assessment of pathology affected blood vessels from color fundus image: (a) color fundus image,
(b) segmented blood vessels, (c) inpainted image, (d) blood vessels affected by pathology

4.2 Independent component analysis for fundus image

Independent component analysis (ICA) is applied to the mixing matrix formed by the subbands of

wavelet decomposition to find the independent components. It can provide better performance if

the features are non-Gaussian and independent. The different color channels of the fundus images,

such as RGB, and HSV, etc. can be used to form the data matrix for applying ICA. RGB, and HSV
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color images have different contrast as well as different information in different color channel. Due

to this reason ICA is applied on color fundus images for detection of DR features. As the correlation

in different color channels are not equal, so the success of DR feature detection depends on the

selection of color channel. The selection of color channel for detection of DR features depends on

the correlation between the color channels. This is discussed in subsection 4.2.2. The different

features present in the fundus image has different distribution in terms kurtosis and negentropy,

which is discussed in subsection 4.2.3. The performance evaluation of MSICA over ICA is discussed

in subsection 4.2.6.

4.2.1 Correlation and independence

According to Cardoso [143] there exists a relation between maximum independence and minimum

entropy. The Independent components (ICs) are calculated by minimizing the mutual information, i.e.,

equivalent to minimizing the sum of the entropies of all components. The connections between mutual

information, entropy and non-Gaussianity are explored without imposing the somewhat arbitrary de-

correlation constraint. In ICA, mutual information can be decomposed in two terms, one measures de-

correlation and the other term measures Gaussianity between the components. These connections

can be described in the light of information geometry.

Mutual Information or Dependence: According to Comon [144] ICA of a random vector (y) finds

a basis on which the coordinates of y are as independent as possible. Statistical independence can

be measured by the Kullback-Leibler divergence (KLD) from the distribution p(y) of y to the product

of its marginal distributions

I(y) = K[p(y),
∏

i

p(yi)] (4.2)

where, the divergence K[P̃ , Q̃] form a probability distribution P̃ to another distribution Q̃.

K[P̃ , Q̃] =

∫

P̃ (y) log
P̃ (y)

Q̃(y)
dy (4.3)

It is greater than zero when the two distributions are identical. I(y) = 0 if the distribution of y is

the product of its marginal.

Decorrelation and Minimum Entropy : ICA is performed by two steps, (i) whiten or spear after mean

removal, and (ii) rotation to maximize the independence. Whitening finds the correlation matrix, which
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makes the components uncorrelated but not independent. Rotation is the orthogonal approach which

preserves the whiteness. By the orthogonal approach, the overall transformation can be viewed as

the product of a whitening matrix by an orthogonal matrix. By tuning the Equ. (4.3) into the difference

of logarithm we obtain:

I(y) =
∑

i

H(yi)−H(y) (4.4)

where, H(.) denotes Shannon’s differential entropy and written as:

H(y) = −
∫

p(y) log p(y)dy (4.5)

By applying linear transformation T , the vectors will add a term log |detT | to its entropy and

H(y) remains constant. So, dependence (mutual information) I(y) in Equ. (4.4) becomes equal

to a constant term H(y), i.e., the sum of the marginal entropies of y. ICA is a minimum entropy

method under the whiteness constraint. ICA is based on independence, but independence cannot

be reduced to the simple de-correlation conditions, i.e., E(yiyj) = 0. Two random variables yi, yj

are uncorrelated means: E(yiyj) − E(yi)E(yj) = 0. Two random variables yi, yj are independent

means: p(yi, yj) = p(yi)p(yj). In the next subsection correlation is calculated between different

color components to determine the correlation between the color components. This may provide the

information about the less correlated color channel. By applying ICA to less correlated color channel

may increase the performance of independent feature detection.

4.2.2 Correlation in different color channels

In this subsection, different color channels are considered (such as: RGB, HSV, lαβ) [4, 37, 145].

Different images are used for the study such as Lena, mandril, normal fundus images and abnormal

fundus images. Fifty four fundus images (both normal and disease fundus images) are considered for

the study. Different color channels are considered and correlation between them are calculated. Table

4.4 shows the correlation coefficient values in different color component of different color channels

(RGB, HSV, lαβ) of 10 different images such as Lena, mandril, two normal fundus images (N-FIm)

and six abnormal fundus images (A-FIm). The mean correlation values for all the color channels are

noted in the last row of the table. Correlation coefficients are calculated between color components

of different color channels (such as: hue and saturation (HS), saturation and value (SV), value and

90

TH-1619_09610207



4.2 Independent component analysis for fundus image

hue (VH), red and green (RG), green and blue (GB), blue and red (BR), l and α (lα), α and β (αβ),

β and l (βl). Correlation coefficients of different components of the HSV color channel are found to

be less than other components of the color channels (i.e., RGB and lαβ). Due to this reason ICA is

applied on HSV color channel to find the features as this may improve the feature detection.

Table 4.4: Correlation coefficient between different color channels of the images.

Images Correlation(ρ)-RGB Correlation(ρ)-HSV Correlation(ρ)-lαβ
ρ(RG) ρ(BG) ρ(BR) ρ(HS) ρ(SV) ρ(VH) ρ(lα) ρ(αβ) ρ(βl)

Lena 0.8786 0.9106 0.6764 0.5299 -0.7039 -0.6761 0.9953 0.9332 0.9012
Mandrill 0.3565 0.8071 0.1236 0.3428 0.3683 0.0304 0.9655 0.8290 0.7057
N-FIm-1 0.9846 0.9882 0.9682 -0.4606 0.8645 -0.6307 0.9993 0.9929 0.9895
N-FIm-2 0.9223 0.9852 0.9215 -0.5382 0.8800 -0.6891 0.9961 0.9890 0.9768
A-FIm-1 0.7678 0.7484 0.3239 0.3524 0.8321 0.3260 0.9889 0.8656 0.8006
A-FIm-2 0.8810 0.7945 0.5316 0.1995 0.6359 0.0779 0.9938 0.9035 0.8625
A-FIm-3 0.9102 0.4946 0.3414 0.5056 0.7779 0.2433 0.9957 0.9295 0.9098
A-FIm-4 0.7670 0.7480 0.3230 0.5050 0.7770 0.2428 0.9965 0.9337 0.9097
A-FIm-5 0.7665 0.7476 0.3235 0.5052 0.7775 0.2429 0.9929 0.8735 0.8270
A-FIm-6 0.7660 0.7470 0.3230 0.5046 0.7769 0.2423 0.9932 0.8940 0.8500

Mean 0.8000 0.7971 0.4856 0.2446 0.5986 -0.5903 0.9917 0.9143 0.8733

Table 4.5 shows the correlation coefficient values for ten images of R, G and B components of

RGB color channel with the H, S, V color components of HSV color space (i.e., red and hue (RH),

red and saturation (RS), red and value (RV), green and hue (GH), green and saturation (GS), green

and value (GV), blue and hue (BH), blue and saturation (BS), and blue and value (BV)). The mean

values of the correlation coefficients are noted in the last row. The correlation coefficient value is

found to be lower between the green component of RGB and the hue component of the HSV. These

different color components can be used in ICA for detection of features from the fundus images.

Similarly, the correlation coefficient values of the color components are also calculated in the wavelet

domain. In 5-level wavelet decomposition using db4 mother wavelet, the correlation between the

green channel of RGB and hue component of HSV is found to be 0.9923 and 0.9707, respectively. For

feature extraction process five level decomposition is performed using db4 mother wavelet. Based on

the lower correlation coefficient values the color channels are selected for ICA application.

4.2.3 Statistical evaluation of features in fundus image

Shape, size and color of the features in the color fundus images do not provide any information about

the distribution of the pixels. Statistical measures, such as kurtosis, skewness and negentropy are

91

TH-1619_09610207
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Table 4.5: Correlation coefficient between color channels RGB and HSV.

Images ρ(R-HSV) ρ(G-HSV) ρ(B-HSV)
ρ(RH) ρ(RS) ρ(RV) ρ(GH) ρ(GS) ρ(GV) ρ(BH) ρ(BS) ρ(BV)

Lena -0.6768 -0.6975 0.9993 -0.7160 -0.8943 0.8815 -0.5471 -0.9507 0.6850
Mandrill -0.2279 0.3819 0.8377 0.1860 -0.2837 0.6066 0.5298 -0.4040 0.5299
N-FIm-1 -0.6133 0.8680 1.0000 -0.6130 0.8346 0.9846 -0.5976 0.8106 0.9682
N-FIm-2 -0.6592 0.8829 1.0000 -0.6203 -0.7587 0.9223 -0.6168 0.7581 0.9214
A-FIm-1 0.2704 0.8214 0.9997 0.4824 0.4333 0.7691 0.4197 -0.0183 0.3249
A-FIm-2 0.0524 0.6291 1.0000 0.0795 0.3162 0.8810 0.1064 0.0245 0.5317
A-FIm-3 0.1889 0.7681 0.9996 0.2850 0.6516 0.9118 0.1651 0.1324 0.3420
A-FIm-4 0.1941 0.6873 0.9998 0.2751 0.5939 0.9299 0.2121 0.1824 0.5483
A-FIm-5 -0.0108 0.6662 0.9999 0.0628 0.4424 0.8704 0.1126 0.0784 0.3254
A-FIm-6 0.1390 0.8270 1.0000 0.2109 0.6086 0.8747 0.1767 0.1499 0.4484

Mean -0.0543 0.5834 0.9836 -0.0368 0.1944 0.8632 -0.0039 0.0763 0.5625

used to find the distribution of the data or features [146,147]. The characteristics of different features

in the color fundus image are analyzed in different scales of multiscale decomposition in Chapter-2.

Depending on the characteristics of the features, segmentation algorithm is proposed by multiscale

ICA. Here, the statistical characteristics of different features in a fundus image are evaluated for the

justification of ICA on fundus image.

Statistical characteristics (such as kurtosis and negentropy) of the features in the color fundus

images are evaluated to obtain the distribution of the features in the fundus Images. Statistical in-

dependence of data is the requirement for success of ICA. Non-Gaussianity property is used to

evaluate the statistical independence. Kurtosis can be used as a measure of non-Gaussianity [146].

Non-Gaussianity represents how much the higher moments differs from the value expected for the

Gaussian distributed data. For Gaussian probability density function (pdf), the third moment (skew-

ness) and fourth moment (kurtosis) are zero and 3σ4, respectively. The value, σ2 represents the

variance of Gaussian pdf. The moments of random variable y with pdf p(y) are defined as:

µi =

∫ ∞

−∞
(y − µ)ip(y)dy (4.6)

where, µ is the mean value of y, i.e., µ =
∫∞
−∞ yp(y)dy. The kurtosis proper or Pearson kurtosis [4]

is defined as:

β2 =
µ4
µ2
2

(4.7)
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It is normalized kurtosis value and can be equal to 3 or greater than 3 or less than 3 for Gaussian

or super-Gaussian or sub-Gaussian random variable, respectively. The kurtosis excess is defined as:

γ2 =
µ4
µ2
2

− 3 (4.8)

The kurtosis excess is also known as, fourth order cumulant. It can be zero, negative and positive,

for Gaussian, sub Gaussian and super Gaussian random variable, respectively. Fifty four color fundus

images are selected from the publicly available fundus database [125] with sufficient variation of

contrast. The Pearson kurtosis value is calculated for different features (optic disc, blood vessels,

exudates, haemorrhages) of the color fundus images, after manual segmentation of the features of

the green channel image. Here, the green channel image is considered for kurtosis evaluation as the

green channel image is minimally saturated, i.e., green channel image has higher contrast between

the background and the features. Similarly, for hue channel the kurtosis values are calculated. From

the kurtosis values exudates and the haemorrhages are found to be super Gaussian in nature.

Table 4.6: Average kurtosis and negentropy values of different features in in retinal images with exudates.

Features Average Kurtosis value Average Negentropy value Comment

Optic Disc 1.9943 0.0103 Sub Gaussian
Back ground 2.4545 0.0131 Sub Gaussian

Blood Vessels 2.3647 0.00014 Sub Gaussian
Exudate 4.5960 0.0428 Super Gaussian

Table 4.7: Average kurtosis and negentropy values of different features in retinal images with haemorrhages.

Features Average Kurtosis value Average Negentropy value Comment

Optic Disc 2.2909 1.8068 Sub Gaussian
Back ground 2.2322 2.5152 Sub Gaussian

Blood Vessels 2.2384 2.2607 Sub Gaussian
Haemorrhage 3.6055 0.0743 Super Gaussian

Table 4.6 shows the average kurtosis values of different features for fifty four images with exudates

as pathological features. The background is the region, excluding optic disc, blood vessels and

exudates. It can be observed that, maximum kurtosis value is obtained for exudates. The kurtosis

values of optic disc, blood vessels and the background are found to be less than 3 implying them as

sub Gaussian in nature. For all the images, the kurtosis values of exudates are higher than 3. This

shows that exudates are super-Gaussian or non-Gaussian in nature. Super Gaussianity indicates
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statistical independence of exudates [99] from other features in the fundus image. Due to this reason,

ICA can be used for separation of exudates from color fundus images.

Table 4.7 shows the average Kurtosis values of different features of fifty four fundus images with

haemorrhage. From the average kurtosis value, haemorrhages are found to be super Gaussian

in nature as the kurtosis value is greater than 3. Due to the non-Gaussian nature, exudates and

haemorrhages can be separated out from the other features by using ICA.

The probability density function (pdf) of the kurtosis values of different features (such as OD,

background, blood vessels and exudates) is plotted and shown in Fig. 4.5. Fig. 4.5 (d) shows the

pdf of exudates. In this figure, the distribution is present on higher side. From the pdf plot, it may

be concluded that the energy content of exudates is larger compared to the other features. Fig. 4.6

shows the pdf of exudates and the non exudates region. The non exudate region is the region in

color fundus images which does not contain exudates. From this figure, we may conclude that the

exudates fall on the higher side compared to the non exudate regions. Due to above mentioned

reasons, ICA can be used for extraction of DR features from color fundus images. ICA can be

extended to multiscale for extraction of features from fundus images as different scale contribute

differently to the features as discussed in Chapter-3.

4.2.4 Limitation of ICA

Determination of suitable representation and transformation of the observed data is the central prob-

lem in biomedical signal and image processing. Unlike principal component analysis (PCA), ICA is

based on higher order statistics, which decorrelates the input signal and reduces higher order statis-

tical dependencies [148]. It is a linear transformation which transforms the multidimensional random

vector into components that are statistically independent. These components are called latent vari-

ables, which are assumed to be non-Gaussian and mutually independent. The observed data (x)

is assumed to be a linear mixture of vectors of statistically independent source signals (s), which is

represented by:

x =Ms (4.9)

where, ‘M’ represents a linear mixture called the mixing matrix (MǫRM̃xÑ ). ICA recovers the

independent components (s) from the mixture (x) by estimating the unmixing matrix (W ), which is the
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Figure 4.5: Probability density function of kurtosis of different features: (a) pdf of OD, (b) pdf of background,
(c) pdf of blood vessels, (d) pdf of exudates.
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Figure 4.6: PDF of exudates and non exudate regions.
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inverse of (M ). This can be represented as:

ŝ =Wx (4.10)

where, ŝ is the estimation of s. There is no direct method to obtain the unmixing matrix, as apriori

information about the mixing matrix is unknown. This problem can be overcome by the central limit

theorem. According to the central limit theorem the sum of two or more independent random variables

has always approached towards a Gaussian distribution than the individual random variables [100].

Due to above fact non-Gaussianity can be employed for the convergence in the estimation of unmixing

matrix. FastICA (FICA) algorithm estimates the independent sources (̂s) based on measuring non-

Gaussianity through negentropy or differential entropy (DE) using non-quadratic functions.

In case of practical situations (medical signals and images) the data is corrupted by noise. Sup-

pose, the data are affected by additive white Gaussian noise (ñ ∼ Ñ(0, σ2ñ)). Now the observed data

can be represented as:

x =Ms+ ñ (4.11)

Independent components can be estimated by using the unmixing matrix (WǫRM̃xÑ ). The esti-

mated components can be represented as:

ŝ =Wx

=W (Ms+ ñ)

=WMs+Wñ

(4.12)

From Equ. 4.12, it is clear that the estimation of the independent component depends on WMs

and influence of noise. In case of noiseless observed data (ñ = 0), the independent components are

reconstructed perfectly. The aim is to estimate the exact independent components in the presence of

noise. Optimal estimation is possible by reducing the mean square error (MSE). Error (ξ) and MSE ξ

for the noisy model are given as:
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ξ = s− ŝ

= s− (WMs+Wñ)

= (IÑ −WM)s−Wñ

(4.13)

MSEξ = 〈ξT ξ〉

= tr(〈ξξT 〉)

= tr{(IÑ −WM)Σs(IÑ −WM)T }+ σ2ñtr{MMT }

(4.14)

From Equ. 4.14, it is clear that the optimal error depends on the covariance of the matrix (Σs) and

the noise variance (σ2ñ). The term x has limited signal to noise ratio (SNR). The SNR can be limited

by fixing the variance of each unit, which is represented as:

SNR =
σ2Ms

σ2ñ
(4.15)

If each unit has equal SNR the capacity of information can be given as C = 1

2
log2(SNR

2+1) [149].

Limiting SNR represents limiting the capacity of the model, which is treated as capacity constraint or

over fitting.

This problem can be avoided by removing the noise from the data by using a low pass filter before

applying ICA. Low pass filtering in time domain reduces the information in the data, which leads

to reduction of independence in the data. The limitations associated with low pass filtering can be

overcome by applying wavelet transform to the observed data before applying ICA. Wavelet transform

decorrelates the data which leads to increase the independency of the sources. Wavelet transform

analysis is used to the local feature in the data. This makes the local region less affected by noise.

So, performance of ICA algorithm may improve when applied to wavelet domain.

4.2.5 Multiscale ICA

The block diagram of multiscale ICA is given in Fig. 4.7. It consists of three important blocks such as,

multiscale decomposition, formation of the data matrix, ICA. Multiscale decomposition decomposes

the signal/image into different subbands depending on their frequency content. The input to the ICA

model is a matrix. The data obtained from one sensor cannot be given to the ICA model as the
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4. Multiscale ICA for detection of DR features

data is a vector not a matrix. Multiscale decomposition helps forming a matrix. This is due to the

time invariant nature of the multiscale decomposition. All the components in the signal are present in

the same phase relationship after decomposition. Then the data matrix is formed by combining the

different bands to which the ICA algorithm is applied.

Independent

Signals

Signal
Decomposition

of Signal Data Matrix

Formation of 
ICA

Multiscale 

Figure 4.7: Block diagram of multiscale ICA.

The justification about multiscale ICA is discussed and it is proved that, ICA can be applied after

multiscale decomposition. Suppose s1 and s2 are two independent components in a signal x. T1

and T2 are two linear transformations which are applied to x to obtain xT1 and xT2, respectively.

Suppose x has two parts xa and xb. We have to show that xa and xb are identical. Suppose s1a and

s1b contributions of s1 in xa and xb, respectively. Suppose s2a and s2b contributions of s2 in xa and xb,

respectively. ICA makes the signals as independent as possible. So, s1a and s1b are treated as one

component as they have correlation. Similarly, s2a and s2b are treated as not different. But s1a and s1b

cannot fall in same component as s2a and s2b as they are independent. Here, the linear transformation

is used on the mixed signal before applying the ICA algorithm. The linear transformation splits the

signal to different scale and ICA is applied to a suitable scale to obtain the features. Due to this

reason this is called multiscale ICA. In order to prove the feasibility of multiscale ICA the following

points to be proved theoretically.

(i) s1a and s1b are independent with s2a and s2b.

(ii) s1a and s1b or s2a and s2b are correlated.

Let us consider:

s1a =

∞
∫

−∞

ha(λ)s1(t− λ)dλ (4.16)

s1b =

∞
∫

−∞

hb(λ)s1(t− λ)dλ (4.17)
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s2a =

∞
∫

−∞

ha(λ)s2(t− λ)dλ (4.18)

s2b =

∞
∫

−∞

hb(λ)s2(t− λ)dλ (4.19)

where, ha(t) and hb(t) are filter functions and s1(t) and s2(t) are two independent components.

As s1(t) and s2(t) are two independent components, they have no correlation at any higher order

moments, i.e., correlation coefficient (ρs1a,s2a(t1, t2)) between them is zero.

ρs1a,s2a(t1, t2) =

∫

u

∫

v

ha(u)ha(v)Σ[s1(t1 − u)s2(t2 − v)]dudv (4.20)

As Σ[s1(t1)s2(t2)] = 0. So, ρs1a,s2a(t1, t2) = 0. So, s1a and s2a are uncorrelated at higher order

moments and independent. Due to the same reason s1b and s2b are independent.

The second condition states that s1a and s1b or s2a and s2b are correlated. The correlation between

s1a and s1b is given by

ρs1a,s1b(t1, t2) =

∫

u

∫

v

ha(u)hb(v)Σ[s1(t1 − u)s1(t2 − v)]dudv

= ρs1(t1 − u, t2 − v)dudv

(4.21)

This is the auto correlation function of the independent component of s1, which is greater than

0. ρs1a,s1b(t1, t2) can be zero only when ha(t) and hb(t) are orthogonal. If the filters are orthogonal

ρs1a,s1b(t1, t2) is greater than zero, i.e., s1a and s1b are correlated.

Multiscale Decomposition technique filters a signal in different frequency bands [80] as discussed

in Chapter-3. Data Matrix is formed by combining the different bands. The different band coefficients

are arranged in row wise to form the data matrix. The selection of bands depends on the calculation

of the correlation coefficient between the different bands. The lesser correlation coefficient implies

that the features may be more independent in nature. The correlation of different bands is given in the

Fig. 4.8. Level-5, level-4 and level-3 have a lesser correlation compared to the original image. This

implies that the information across the band is more independent compared to the original image.

So, the data matrix is formed by combining the higher subbands. Among the band-5, band-4 and

band-3 the band-3 has less correlation. The correlation between two images or signals (s1 and s2)
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4. Multiscale ICA for detection of DR features

can be calculated as:

ρs1,s2 =
cov(s1, s2)

σs1σs2
(4.22)

The variance of the signals is related to the correlation. Correlation of signals is inversely related

with variances. So, the variance of different bands is calculated to have a cross check that lower

variance leads to higher correlation. Higher variance in a band represents lower correlation. Fig. 4.9

shows the variance of different bands.
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Figure 4.8: Comparison of correlation of image in different subbands: (a) correlation between subband-5, subband-4 and subband-3, (b) correlation
between original image and subband-5, (c) correlation between original image and subband-4, (d) correlation between original image and subband-3,
(e) correlation between original image and subband-2, and (f) correlation between original image and subband-1.
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Figure 4.9: Comparison of variance of image in different subbands: (a) variance between different bands and original image, (b) variance between
original image and subband-5, (c) variance between original image and subband-4, (d) variance between original image and subband-3, (d) variance
between original image and subband-2, and (f) variance between original image and subband-1.
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4.2.6 Performance evaluation of MSICA over ICA

Performance of ICA degrades due to over-fitting problem in case of noisy data [150]. The wavelet

transform has been used as a low pass filter for removal of noise and subsequent application of ICA.

Multiscale ICA may help improve the segmentation of features. The effectiveness of ICA on differ-

ent scales (multiscale ICA) is evaluated on simulated signals. Before applying the multiscale ICA to

the fundus image, the effectiveness of multiscale ICA for the separation of signals and images are

evaluated by some test signals and test images. The test signals used for the study are exponential

decay signal, square wave signal, saw tooth signal and modulated sinusoidal signal. The modulated

sinusoidal signal is mixed with an exponential decay signal or square wave signal or saw tooth sig-

nal linearly by a known mixing matrix (M) by two ways. One way, the signals are mixed by varying

the relative amplitude of one signal keeping the amplitude of other signal constant. In another way,

the modulated sinusoidal signal frequency is gradually increased with a factor of natural numbers.

FastICA (FICA) [100] and efficient FastICA (EFICA) algorithms are used for separation of these sig-

nals. ICA finds the un-mixing matrix (W) which is the estimation of mixing matrix (M). For ideal

separation, the un-mixing matrix is the inverse of the mixing matrix. So, multiplication of the mixing

matrix and un-mixing matrix must be an identity matrix. This is known as the gain matrix (G). For

practical signals the gain matrix (G) may not be an identity matrix. The deviation of the gain matrix

from the identity matrix can be measured by Amari Performance Index (API) [151] and Comon test

values [144]. The expression for API (Gapi) can be given as:

Gapi =

m
∑

i=1





m
∑

j=1

|gij |
maxk|gik|

− 1



+

m
∑

j=1

(

m
∑

i=1

|gij |
maxk|gkj |

− 1

)

(4.23)

where, G = gij = WM. The API is a measure of diagonality of matrix G. The API value should

be very small for better separation.

The expression for computing Comon test (Gcomon) value can be represented as:

Gcomon =

m
∑

i=1





m
∑

j=1

|gij | − 1





2

+

m
∑

j=1

(

m
∑

i=1

|gij | − 1

)2

+

m
∑

i=1

∣

∣

∣

∣

∣

∣





m
∑

j=1

|gij |2 − 1





∣

∣

∣

∣

∣

∣

+

m
∑

j=1

∣

∣

∣

∣

∣

(

m
∑

i=1

|gij |2 − 1

)∣

∣

∣

∣

∣

(4.24)

For an identity matrix API and Comon test values are zero. For real life signals, the values of

these metrics are not zero, but they may approach to zero. The smaller API and Comon test values
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indicate better performance of the algorithm.

API and Comon test values are estimated for different ICA algorithms and for different mother

wavelets. Fig. 4.10 shows the API and Comon test values for FICA and EFICA algorithms for one

set of mixed signals (i.e., modulated sinusoidal signal and square wave). In this case, the signals

are mixed as discussed above. Fig. 4.10(a) and Fig. 4.10(b) show the API and Comon test values

for FICA and EFICA for the signals which are mixed by varying the relative amplitude of one signal

keeping the amplitude of other signal constant. In Fig. 4.10(a), the API values are found to be less

for EFICA than FICA, whereas in Fig. 4.10(b) the Comon test values are same for both the ICA

algorithms. Fig. 4.10 (c) and Fig. 4.10(d) show the API and Comon test values for FICA and EFICA

for the signals which are mixed by varying the frequency of modulated sinusoidal signal in the order

of natural number by keeping the frequency of other signal constant. In these sub-figures, the API

and Comon test values are equal for both the ICA algorithms. From this test, it is concluded that

EFICA has lower API and Comon test values compared to FICA.
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Figure 4.10: API and Comon test values for FastICA (FICA) and efficient FastICA (EFastICA) having variation
in relative amplitude and relative frequency of one test signal with respect to the other test signal.
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Figure 4.11: API and Comon test values for multiscale ICA and ICA (having variation in amplitude and fre-
quency of one test signal w.r.t other test signal).
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Figure 4.12: API and Comon test values for multiscale ICA and ICA (FastICA and efficient FastICA) having variation in amplitude and frequency of one
test signal w.r.t other test signal.
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4.2 Independent component analysis for fundus image

Fig. 4.11 shows the API and Comon test values for ICA and multiscale ICA methods. In this case,

the comparison is shown between the ICA and the multiscale ICA by considering the API and Comon

test values for the signals as discussed above. The signals are mixed in the same way as discussed

in the above paragraph. ICA is applied directly to the mixed signal to obtain the un-mixing matrix.

In case of multiscale ICA the data matrix is decomposed into different wavelet subbands. Five level

wavelet decomposition is performed with db4 mother wavelet. The higher subband is considered to

form the new data matrix. ICA is applied to the new data matrix to obtain the un-mixing matrix. Fig.

4.11(a) and Fig. 4.11(b) show the API values for the variation of relative amplitude and frequency

of one signal with respect to other signal, respectively. In both the cases, the API values are less

for multiscale ICA than ICA. Fig. 4.11(c) shows the Comon test values for multiscale ICA and ICA

for variation frequency of the modulated sinusoidal signal in the order of natural number. For both

multiscale ICA and the ICA the Comon test values are found to be same. In Fig. 4.11(d) the Comon

test values are found to be less for multiscale ICA than ICA. This test is performed for different mother

wavelets. Fig. 4.12 shows the API and Comon test values for multiscale ICA (FastICA and efficient

FICA) and ICA (FastICA and efficient FICA) algorithms. From the figure it is clear that most of the

cases the multiscale ICA outperform than ICA.

API and Comon test values for multiscale ICA and ICA for twenty six numbers of mother wavelets

are calculated. Few of the values are tabulated in Table 4.8. Most of the mother wavelets, the

multiscale ICA has lower API and Comon test values than ICA. In some cases the API and Comon

test values are greater in ICA than multiscale ICA. In all the twenty six mother wavelets, API and

Comon test values are always less for multiscale ICA for variation of modulated sinusoidal frequency

in the order of natural number. This is found to be 100%. For the variation of the relative amplitude

the API and the Comon test values are found to be less for multiscale ICA than ICA for twenty and

seven numbers of times, which are found to be 76.92% and 26.92%, respectively. From this study, it

may be concluded that, the multiscale ICA may outperform for some mother wavelets, such as db1,

db2, db5, db9, and coif1 etc. than ICA.

Table 4.9 shows API and Comon test values for ICA and multiscale ICA for variation of the relative

amplitude of the modulated sinusoidal signal with respect to the other signals (i.e., either exponential

signal or square wave signal or saw tooth wave signal) for twenty six numbers of mother wavelets.

The amplitude of the modulated sinusoidal signal is increased in the order of natural number. The
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4. Multiscale ICA for detection of DR features

Table 4.8: API and Comon test values for ICA and multiscale ICA (MSICA).

Method Relative amplitude Relative frequency
API Values Comon test value API value Comon test value

ICA 0.0686 110.8627 0.5279 148.6
MSICA-db1 0.065 113.0075 0.065 113.0075

ICA 0.0654 110.8177 0.5116 148.37
MSICA-db2 0.0582 111.1856 0.0582 111.1857

ICA 0.0773 110.9456 0.5105 148.54
MSICA-db3 0.0715 111.0593 0.0714 111.0593

ICA 0.0785 110.766 0.526 148.65
MSICA-db4 0.0765 110.7988 0.0765 110.7987

ICA 0.0761 111.0079 0.4941 148.31
MSICA-db5 0.0745 111.0333 0.0745 111.0333

ICA 0.0766 111.0539 0.5186 148.62
MSICA-db6 0.0742 111.0826 0.0742 111.0826

ICA 0.0669 110.895 0.5131 148.67
MSICA-db7 0.0682 110.9167 0.0683 110.9166

ICA 0.0906 110.9674 0.5253 147.86
MSICA-db8 0.0848 110.9682 0.0848 110.9681

ICA 0.9261 110.9637 0.5196 148.23
MSICA-db20 0.0843 110.9771 0.0843 110.9771

ICA 0.0963 110.87 0.523 148.45
MSICA-sym1 0.093 113.0143 0.093 113.0143

ICA 0.08 110.9799 0.5099 148.4
MSI-sym2 0.0749 111.3477 0.0749 111.3477

ICA 0.0676 110.8941 0.5142 148.43
MSICA-sym3 0.0693 111.0077 0.0699 111.0077

ICA 0.0775 111.0978 0.5175 148.56
MSICA-sym4 0.078 111.1495 0.0779 111.1495

ICA 0.0683 110.7572 0.5277 148.51
MSICA-sym5 0.0643 110.7798 0.0643 110.7798

ICA 0.0825 110.8936 0.5216 149.17
MSICA-sym6 0.0764 110.9209 0.0763 110.921

ICA 0.0925 110.9525 0.507 148.34
MSICA-sym7 0.0888 110.9108 0.0888 110.9108

ICA 0.0818 110.8846 0.5241 148.83
MSICA-sym8 0.0858 110.899 0.0853 110.8999

ICA 0.0885 110.9399 0.518 148.53
MSICA-dmey 0.0878 110.9479 0.0878 110.9479

ICA 0.0879 110.881 0.5153 148.65
MSICA-coif1 0.0823 111.1906 0.0821 111.1906

ICA 0.0797 110.9444 0.5305 148.46
MSICA-coif2 0.072 110.985 0.072 110.985

ICA 0.0717 111.1892 0.5165 148.7
MSICA-haar 0.071 113.3678 0.0709 113.3679
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4.3 Multiscale ICA for detection of exudates

Table 4.9: API and Comon test values for ICA and multiscale ICA (MSICA) for variation of relative amplitude
of modulated sinusoidal signal with respect to another signal. (i.e., Set-1: modulated sinusoidal signal and
exponential signal, Set-2: modulated sinusoidal signal and square wave signal, Set-3: modulated sinusoidal
signal and sawtooth wave signal).

Relative
ampli-
tude and
frequency

Set-1 Set-2 Set-3

p(α) <
p(β)

p(γ) <
p(δ)

p(α) <
p(β)

p(γ) <
p(δ)

p(α) <
p(β)

p(γ) <
p(δ)

20 0.7692 0.2692 0.7692 0.2692 0.7692 0.2692
40 0.7307 0.3461 0.7692 0.2692 0.7307 0.3461
60 0.6923 0.3846 0.7692 0.2692 0.8461 0.3846
80 0.8461 0.3846 0.7692 0.2692 0.7692 0.3461
100 0.7692 0.3461 0.7692 0.3461 0.7307 0.3461
120 0.7692 0.4230 0.7692 0.3461 0.7692 0.3461
140 0.7307 0.3461 0.7307 0.3461 0.7692 0.2692
160 0.7307 0.3461 0.7307 0.3461 0.6923 0.3461
180 0.6923 0.3461 0.6923 0.3461 0.6923 0.3461
200 0.7692 0.2692 0.7307 0.4230 0.7307 0.4230

Average 0.7496 0.3807 0.7538 0.3230 0.7499 0.3423

probability values for the API and Comon test are calculated for the relative variation of amplitude of

the modulated sinusoidal signal for multiscale ICA and ICA for Set-1, Set-2 and Set-3 of the com-

binations of signals. Signals in Set-1, Set-2 and Set-3 are the combination of modulated sinusoidal

signal with the exponential signal, square wave signal and saw tooth wave signal, respectively. p(α)

and p(γ), are the probability of API and Comon test values for multiscale ICA. Similarly, p(β) and

p(δ) are probability values for API and Comon test values for ICA algorithm. For Set-1 average value

API and Comon test values are found to be 0.7496 and 0.3807, respectively. Set-2 has 0.7538 and

0.3230 average API and Comon test values. Average probability values for the API and Comon test

values are found to be 0.7499 and 0.3423, respectively. From these values, it may be concluded that

multiscale ICA can perform better than ICA.

4.3 Multiscale ICA for detection of exudates

The effectiveness of multiscale ICA is discussed in previous subsection. The proposed block diagram

for exudate extraction is shown in Fig. 4.13. The different blocks are RGB to HSV conversation,

multiscale decomposition, subband selection, and ICA. The input to this block is the color fundus
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4. Multiscale ICA for detection of DR features

DecompositionFundus Image

Input Color  MultiscaleRGB to  HSV Extracted

Conversion Exudates
Subband Selection

ICA and

Decision

Figure 4.13: Multiscale ICA for extraction of exudates.

image and output is the extracted exudates. The description about the different blocks is given below.

RGB to HSV Conversion: The fundus image database is available in RGB format. This color chan-

nel is the mixing color channel in which the different colors are formed by the addition of 3-different

primary colors [37]. The pathological feature information is more correlated in the red, green, blue

channel of RGB. Since, the HSV color channel is less correlated, the input color image is converted

from RGB to HSV for better feature segmentation. The HSV color space is statistically indepen-

dent. The hue, saturation and value color channel are used along with the red, green and blue color

channel for the further processing.

Multiscale decomposition: Wavelet decomposition is applied to the hue, saturation and value

channels of HSV and red, green and blue channel of RGB. 5-level wavelet decomposition is per-

formed on HSV and RGB color channels using db4 mother wavelet as it is found to be effective for

fundus images [20]. After wavelet decomposition, the images are reconstructed by considering one

subband coefficients and zeroing the rest of the subband coefficients. Five reconstructed subband

images corresponding to L1, L2, L3, L4, and L5 subbands are obtained for each color channel. The

wavelet decomposition distributes the feature information in different wavelet subbands. However,

the DR features are not uniformly distributed across all the subbands, but present in a few of the

subbands only. So, a subband selection procedure is required for capturing the exudates.

Subband selection: After wavelet decomposition the wavelet subbands are selected by the sub-

band confidence factor and kurtosis and negentropy values for a particular color channel. Negentropy

and kurtosis values are calculated for all the subbands. As the subband confidence factor for L5 sub-

band image is higher among all other subband images, this image is selected for the creation of data

matrix or mixing matrix. The rows of L5 subband image are concatenated, and the resultant vector

is placed along the column of the data matrix. The rest of the columns of the data matrix are gener-

ated by following similar approach for all the color channels of RGB and HSV. Since the L5 subband

contains the exudates information, so it is expected that the data or mixing matrix contains similar
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4.3 Multiscale ICA for detection of exudates

information.

Subband confidence factor (SCF) for all the subbands are calculated. Typical pixel values of

exudates range from 0.6im to im, where im is the highest pixel value of an image. The probability of

the occurrence of pixels in the range 0.6im to im will help determine the effectiveness of a subband

for application of ICA. The subband having higher exudate information is expected to have more

probability value. The proposed subband confidence factor (SCF) is defined as the ratio of probability

of the pixels in the intensity range from 0.6im to im, to the mean probability value. SCF for ith subband

is defined as:

SCFi =
pi[0.6 ≤ x < 1]

Pi[x = µ]
(4.25)

The subband with higher exudate information and less other feature information will result in

higher SCF values. In this work, the subband with the highest SCF value is chosen for ICA imple-

mentation.

For all the subband energy, entropy (information content), distribution of features (kurtosis and

negentropy) and SCF are calculated. For exudates these parameters are found to be higher in fifth

level subband. So, higher subband is selected for exudate extraction.

ICA: Independent component analysis (ICA) is applied to the data matrix to extract the indepen-

dent components. In this case, FastICA [100] algorithm is adopted. The independent component is

selected based on kurtosis values for finding the exudates. From the selected independent compo-

nent exudates are extracted by threshold.

Results : ICA and MSICA methods are tested on the images of publicly available Aria and Mes-

sidor databases. Each color image is divided into RGB and HSV color channels. Both the color

channels are used to find the independent features by ICA and MSICA methods. Five level wavelet

decomposition is applied to each color channel. The subband selection is based on the higher sub-

band selection factor (SCF) and the negentropy value.

Segmentation of exudates are performed by ICA and MSICA methods on both RGB and HSV

color spaces. Fig. 4.14 shows fundus image with exudates and the images with extracted exudates.

Fig. 4.14(a) is the original RGB fundus image and Fig. 4.14(b) is the corresponding HSV image.

This is obtained by converting RGB to HSV image. In this image the exudate region is highlighted.

Due to uncorrelated nature of the HSV color channel, the exudate can be visible as different from
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4. Multiscale ICA for detection of DR features

the background. The exudates are represented by the white patches in the center of the image. Fig.

4.14(c) and 4.14(d) show images with the extracted exudates by applying ICA on RGB and HSV color

spaces, respectively. All the exudate regions are not clear in Fig. 4.14(c). The regions are shown

clearly in the Fig. 4.14(d). It is observed that, the ICA performs better in HSV space than RGB space.

Multiscale ICA is applied to both the color channels and the results are shown in Fig. 4.14(e) and

4.14(f). Fig. 4.14(e) shows the extracted exudates in RGB space. Small portion of the exudates are

extracted. Extracted exudates are seen clearly Fig. 4.14(f). This is the extracted exudates, when

MSICA is applied in HSV color space. From the figure, it is clear that MSICA performs better in HSV

space than RGB space. This may be due to the independent nature of HSV color space and less

correlation between the color components of the HSV clor channel.

Performance evaluation: Performance of proposed exudate extraction method is calculated by

sensitivity, conformity coefficient (KC), accuracy, PCC, and UQI etc. The ground truth image of the

region of interest (ROI) is obtained by manual segmentation method. This is used for comparing

the extracted exudates. Sensitivity and KC values for the proposed exudate extraction method are

calculated for fifty four different images with exudates on RGB and HSV color channels. These

images are taken from Aria databases. The average sensitivity and KC values for RGB color space

are 88.5% and 90.3%, respectively. The average sensitivity and conformity values for HSV color

space are 94.5% and 94.6%, respectively. The values are higher in HSV color channel. This shows

that HSV performs better compared to RGB color space. In the literature, sensitivity values obtained

by different methods are reported as 88.5% [152], 92.8% [21], and 93.5% [22]. In the proposed MSICA

method in HSV color space, the average sensitivity and conformity values are found to be 94.5% and

94.6%, respectively. These values show better performance of the proposed method compared to the

existing methods.

Performance factors, RMSE [137], PSNR, MSE [138], PCC [138] and UQI [133, 140] etc. are

used to measure the accuracy of the proposed method. The mean values of the performance factors

for fifty four images are tabulated in Table 4.10. The UQI, PCC values are high for MSICA when

applied on HSV color channel. From the Table 4.10 it is clear that the MSICA over HSV color channel

performs better than the other methods.

The proposed method is compared with the Walter et al. [21] and the Kavitha [153] methods for 54

images. The average sensitivity for the proposed method for sixty images is found to be 94.5%. The
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4.3 Multiscale ICA for detection of exudates

(a) (b)

(c) (d)

(e) (f)

Figure 4.14: Extraction of exudates: (a) RGB color fundus image, (b) corresponding HSV image, (c) exudates
from RGB color image by ICA, (d) exudates from HSV color image by ICA, (e) exudates from RGB color image
by multiscale ICA, (f) exudates from HSV color image by multiscale ICA.
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4. Multiscale ICA for detection of DR features

Table 4.10: Performance measure for extraction of exudates by ICA and MSICA.

Methods Performance measures
RMSE PSNR MAE PCC UQI

MSICA (HSV) 0.38 56.66 0.18 23.29x104 0.70
MSICA (RGB) 0.41 55.82 0.18 2.01x104 0.60

ICA (HSV) 0.75 50.72 0.57 2.25x104 0.50

sensitivity for morphological based method proposed by Walter et al. and histogram based method

proposed by Kavita et al. are found to be 93.06% and 81.76%, respectively. These values are found

to be higher in the proposed method.

4.4 Detection of change in color fundus due to DR

ICA can be used for the detection of changes from the color fundus images due to the progression of

DR. It provides the advantage of detecting changes in the retina due to DR and provides knowledge

on the progression of the disease. The condition of the vision depends on the number of diagnostic

features over the retina. The condition become more severe when the features appear nearer to the

macula.
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Figure 4.15: Multiscale ICA and ICA for detection of changes from color fundus images.

Method: Fig. 4.15 shows the block diagram for detection of features and changes by ICA and

multiscale ICA for fundus images due to DR. The important blocks are preprocessing, multiscale

decomposition, formation of mixing matrix, and ICA. In this case, two type of images are considered,

i.e., normal retinal image and the image with pathology from the same datasets. In this case, both
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4.4 Detection of change in color fundus due to DR

(a) (b)

(c) (d)

(e) (f)

Figure 4.16: Detected changes present in color fundus image due to diabetic retinopathy: [(a), (c), (e)] green
channel of the color fundus images, [(b), (d), (f)] detected changes.

the images are captured by the same camera. The green channel of both the images (normal and

pathology) are considered for the further analysis as green channel has higher contrast between the
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4. Multiscale ICA for detection of DR features

image features and the background. Then, the data matrix is formed. The data matrix can be formed

by considering the green channel of both the images. For multiscale analysis the 5-level wavelet

decomposition is applied to both the normal image and pathology image by db4 mother wavelet. In

this case, the higher subbands are considered to form the data matrix. The higher subbands are more

sensitive to the changes due to diabetic retinopathy. To the data matrix ICA is applied for detection of

change. The extra step, which is performed in multiscale ICA is shown by dotted lines in Fig.4.15.

Results: This above discussed method for detection of change is applied to pathological images.

Fig. 4.16(a) shows the green channel of the pathological image consists of haemorrhage. Haemor-

rhage is treated as a pathology. The detected change for the image is shown in Fig. 4.16(b). Fig.

4.16(c) and Fig. 4.16(e) are the green channel of the images consists of haemorrhages and MA. The

detected changes for the above two pathological images are shown in Fig. 4.16(d) and Fig. 4.16(f),

respectively. Depending on the quantity of features and size of of the features the condition of retina

can be estimated. This may provide the information about the condition of vision.

4.5 Summary

In this chapter, extraction of retinal features is discussed. Blood vessels are extracted by differ-

ent methods such as Gaussian based match filter approach, Kirsch method and histogram method.

Among these approaches Gaussian based method provides higher accuracy. The specificity value

is better for the extraction of blood vessels when the Kirsch and Gaussian methods are merged.

This method is applied to the pathological affected images for segmentation of the blood vessels.

Then inpainting is applied to suppress the effect of the blood vessels. From the inpainted image the

pathologies are segmented. Considering the overlapping regions of blood vessels and pathology

the affected blood vessels by pathology is determined. This may help assessing the progression of

retinal damage by assessing the number of blood vessels affected by pathological features.

Independent component analysis (ICA) and Multiscale ICA are applied to the fundus images for

detection of exudates. The exudates are detected based on their statistical properties such as higher

kurtosis and negentropy values compared to the other features in the color fundus images. Due to

this reason, the exudates are separated out from other features, when ICA is applied. Exudates

extraction is found to be better in HSV color space compared to the RGB color space. This happens

due to the less correlation of the color components in the HSV color channel.
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4.5 Summary

Multiscale ICA is used for detection of changes from the color fundus image that occurs due to the

progression of diabetes. In this method, one normal retinal image is compared with diabetic affected

retinal image by ICA and multiscale ICA. The changes in the retinal image is having non-Gaussian

distribution than the normal image. This may help to assess the progression of retinal damage due

to diabetes.
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5. Assessment of glaucoma in wavelet scale

This chapter presents the analysis and methods for detection of glaucoma. Glaucoma is an eye

disease which results in peripheral vision loss, due to degeneration of optic nerves. Cup to disc

ratio (CDR) is commonly used as a measure for evaluation of glaucoma. It is difficult to estimate

the value of CDR if the boundaries of the cup and disc are not well defined. This problem can be

overcome by finding the information present in the cup. The cup is the only region which is affected by

glaucoma. The optic disc (OD) is minimally affected. Evaluation of differential entropy (DE) of the cup

in wavelet subband is performed for prediction of glaucoma. The probability of pixels representing

glaucoma is found to be different in different wavelet subbands. Evaluation of differential entropy,

which is proportional to the probability of number of glaucoma pixels in wavelet subbands can be

used as a measure of glaucoma. Another approach is based on pattern recognition. Here, the cup

and disc patterns are used for detection. Principal component analysis (PCA) and linear discriminant

analysis (LDA) based approaches are used for glaucoma classification from color fundus images.

A method based on 7-States hidden Markov model (HMM) recognition system, which uses singular

value decomposition (SVD) coefficients for feature extraction is also proposed.

In this chapter, glaucoma is detected from the color fundus images. Section 5.1 discusses about

glaucoma detection using CDR. Differential entropy based glaucoma detection is discussed in Sec-

tion 5.2. Section 5.3 discusses the PCA-LDA based glaucoma detection. HMM-SVD based glaucoma

detection is discussed in Section 5.4. Summary of this chapter are given in Section 5.5.

5.1 Glaucoma detection by using CDR

Cup appearance changes due to glaucoma. This leads to increase in the CDR. The cup and the

OD are segmented for calculation of CDR and determination of glaucoma. The block diagram for

calculation of CDR is shown in Fig. 5.1. The green channel is used for preprocessing, as the red

channel is saturated and the blue channel is noisy. The contrast between the blood vessels and the

background is higher in the green channel.

Cup and OD

Illumination 
Correction

Blood Vessel 
Removal 

ONH 
Normalization

Calulation

Of CDR

Fundus

Image

Determination 

Figure 5.1: Glaucoma detection based on CDR.

The different blocks are illumination correction, blood vessel removal, detection of the cup, detec-
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5.1 Glaucoma detection by using CDR

(a) (b)

(c) (d)

(e) (f)

Figure 5.2: Evaluation of CDR, (a) fundus image, (b) green channel image, (c) extracted blood vessels, (d)
inpainted image, (e) extracted cup, and (f) extracted disc.

tion OD, calculation of CDR and detection of glaucoma. Mathematical morphology based illumination

correction corrects the non-uniformity in brightness in the image pixels, which occurs due to differ-
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ent visual angles. Homogeneously corrected fundus image is obtained by subtracting the estimated

background from the original image. Morphological opening is used for estimation of the background

image. Blood vessel removal is performed to suppress the behaviour of vessels as they are minimally

affected by glaucoma. Image inpainting [154] is used to replace the blood vessels regions of the reti-

nal image with plausible background. The inpainted image does not contain any blood vessels. The

ONH structure, which changes with glaucoma disease, is obtained by circular Hough transform [155].

Active contour method [156] is applied to the inpainted image for detection of the cup and OD. The

active contour principle is based on the staring of a curve around the object to be detected, which

moves inwards and stops at the boundary. After detection of the cup and the OD, CDR is calculated

by taking the ratio of the area of the cup to the area of the OD. Fig. 5.2 shows the output of different

stages for calculation of CDR. Fig. 5.2(a) and Fig. 5.2(b) are the color fundus image and green chan-

nel of the fundus image, respectively. The extracted blood vessels are shown in Fig. 5.2(c), which is

used as a mask for inpainting. Fig. 5.2(d) is the inpainted image, which does not contain any blood

vessel. The contours of the cup and the disc are shown in Fig. 5.2(e) and Fig. 5.2(f), respectively. For

the above discussed image the CDR value is found to be 0.43. The CDR is calculated for seventeen

normal images and thirty seven glaucoma images. Few glaucoma images are correctly detected as

glaucoma by CDR method. In the presence of other DR pathologies and different conditions of disc,

this method fails. Total 40 images are correctly detected by this method out of 54 images. All the

normal images are detected correctly. Out of 37 glaucoma images 23 glaucoma images are detected

correctly. The accuracy of glaucoma detection of CDR method is found to be 74.07%. The limitations

of the CDR method are discussed in Subsection 5.1.1.

5.1.1 Limitation of CDR based Glaucoma detection

In some glaucoma cases, the cup and disc are not distinguished clearly as shown in Fig. 5.3(c) and

Fig. 5.3(d). The inflamed disc is shown in Fig. 5.3(c). Fig. 5.3(d) shows the disc anomalies. In these

two figures, the disc boundary is not present. In such cases, CDR cannot be used as a measure for

glaucoma.

5.1.2 Proposed method for glaucoma detection

The information regarding the changes in cup size is most vital for assessment of glaucoma. In

this chapter, two novel methods for glaucoma detection are proposed. First is based on evaluation of

122

TH-1619_09610207



5.1 Glaucoma detection by using CDR

Optic Disc

Disc Anomalies

Inflamed Disc

Decreased Neuroretinal Rim

Cup

(a) (b)

(c) (d)

Neuroretinal Rim

Increased Cup

Figure 5.3: Different types of disc: (a) normal disc, (b) glaucoma disc with increase in cup size, (c) glaucoma
with inflamed disc, (d) glaucoma with disc anomalies.

differential entropy (DE) in wavelet subband for detection of glaucoma. Second, machine learning ap-

proach for glaucoma classification. These methods overcome the limitations of the CDR method for

glaucoma detection. The proposed DE based glaucoma detection determines the information of the

cup to detect glaucoma. In this case, the DE of the cup is calculated on the wavelet scale for assess-

ment of glaucoma. Wavelet processing enhances the performance of the glaucoma detection as the

blood vessel information are suppressed in the wavelet subbands of level-5. The patterns of the cup

are changed due to the glaucoma. For normal vision, the cup is looking like almost circular or ellipti-

cal. As the disease progresses, the size and shape of the cup gradually change. This pattern can be

used for glaucoma classification in proposed machine learning method. Machine learning approach,

trains cup and disc features for glaucoma classification. The PCA-LDA and HMM-SVD methods are

discussed under the proposed machine learning approach for glaucoma classification. In PCA-LDA

based method, PCA is used for feature extraction and LDA is used for class separation. The perfor-

mance of this method depends on the number of principal components considered. Four numbers of

principal components are sufficient to provide high performance in PCA-LDA based method. In the

proposed SVD-HMM based glaucoma classification, SVD is used for feature extraction and 7-state

HMM is used for classification. The proposed DE based glaucoma detection is discussed in Section

5.2. The proposed PCA-LDA and HMM-SVD based glaucoma classification methods are discussed
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in Section 5.3 and Section 5.4, respectively.

5.2 Differential entropy based glaucoma detection

The proposed method, based on differential entropy for glaucoma detection is shown in Fig.5.4. It

consists of preprocessing, wavelet decomposition, segmentation of the cup and measurement of

information by differential entropy. The different stages are preprocessing, wavelet decomposition,

segmentation of cup, calculation of negentropy and estimate of glaucoma.

Fundus Image
Preprocessing

Decomposition
Wavelet 

I/P Color

Segmentation Calculation of 

Negentropy
Glaucoma

of Cup

Normal Or

Figure 5.4: Differential entropy based method for glaucoma detection.

Preprocessing: During glaucoma, the OD appearance changes. Gradually the cup size increases

with the progression of disease. Preprocessing is applied to the green channel of the color fundus

image as the green channel provides higher contrast between the features and the background. Pre-

processing consists of cropping, illumination correction and histogram equalization to provide the

details of OD. Cropping provides the details about the OD and most of the background is removed.

Illumination correction is performed to have homogeneous background, which is obtained by sub-

tracting the mean value of the image from the original image. Histogram equalization is applied to

all the images in order to spread the energy of all the pixels in the image and then normalize them

to equalize the amount of energy related to each image. Fig. 5.5 shows the different preprocessing

stage for glaucoma detection. Fig. 5.5(a) is the cropped, color fundus image with 128 × 128 pixels

in bitmap format taken from the optic disc organization (http://www.optic-disc.org). Fig. 5.5(b), Fig.

5.5(c) and Fig. 5.5(d) show the red, green and blue channel of the cropped color fundus image, re-

spectively. Red channel is highly saturated where as the blue channel is under saturated and noisy.

Green channel image is shown in Fig. 5.5(c). This image is minimally saturated. So, green channel

image is used for glaucoma detection. Fig. 5.5(e) is the illumination corrected image. It has ho-
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mogeneous background. Fig. 5.5(f) shows the histogram equalized image. Histogram equalization

provides uniform distribution of energy. Wavelet decomposition is applied to histogram equalized

image.

(a) (b) (c)

(d) (e) (f)

Figure 5.5: Preprocessing: (a) cropped color image, (b) red channel image, (c) green channel image, (d) blue
channel image, (e) illumination corrected image, (f) histogram equalized image.

Wavelet decomposition: Wavelet subbands highlight different information of features in a fundus

image (Nirmala et al. 2010; Quellec et al. 2008). In this work, five level wavelet decomposition

with Daubechies4 (db4) mother wavelet is implemented. Five level decomposition generates one

approximation band at final level and fifteen detail bands. Each level generates three detail bands

such as horizontal, vertical and diagonal. Five level decomposition is sufficient to highlight the OD

region by suppressing the blood vessels information. Blood vessels present in OD are minimally

affected by glaucoma. Fig. 5.6(a) shows the green channel of the color fundus image. The two

wavelet subband images are shown in Fig. 5.6(b) and Fig. 5.6(c). It can be observed that blood

vessels appear with the cup in the wavelet subband-3 image as shown in Fig. 5.6(b). The blood

vessels are suppressed in wavelet subband-5 image, which is shown in Fig. 5.6(c). This image

contains only the cup information. This is due to the low frequency characteristics of cup information.

Different wavelet subbands for a number of fundus images are evaluated. It is observed that subband-
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5 contains dominantly the cup information.

The cup appearance changes due to glaucoma. Watershed segmentation (Petrou and Petrou,

2010) is used in wavelet subband-5 for detection of the cup. Watershed segment is used for seg-

menting the objects that are touching each other. In this case the grey scale image can be viewed

as a topographical surface, where the value of the image at each pixel represents the height. Water

falling on the watershed ridge line separate the two basins. Then the watershed algorithm finds the

basins and the ridge line in the image. The segmented cup is shown in Fig. 5.6(d).

(a) (b)

(c) (d)

Figure 5.6: The appearance of different features of color fundus image in different wavelet subbands and
detection of the cup (a) preprocessed green channel image, (b) subband-3 image, (c) subband-5 image, (d)
segmented cup.

Differential entropy as a measure for glaucoma: Parameter CDR is the ratio of cup area (Ac) to

disc area (Ad). The cup area and disc area are proportional to the number of cup pixels and the

number of disc pixels, respectively. If the cup probability (pc(ϕ)) is defined as the ratio of number

of cup pixels to the total number of pixels in the image then the cup area is proportional to the cup

probability. Similarly, the disc area is proportional to the disc probability (pd(ϕ)). So, CDR can be

written as:

CDR =
Ac
Ad

=
pc(ϕ)

pd(ϕ)
(5.1)

The cup size increases with the progression of glaucoma. Normally, the disc size does not
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change. So, the change in CDR value will be proportional to the probability of the cup. The rel-

ative change in the cup probability can be used as a measure of glaucoma in place of CDR. The

change of cup probability can be estimated by the differential entropy (DEc) [146] of the cup as:

DEc =

∫

pc(ϕ) log2
pc(ϕ)

pφ(ϕ)
dϕ (5.2)

where, pφ(ϕ) is the probability of the Gaussian random variable with same mean and variance as

that of pc(ϕ). This measure does not require the evaluation of disc size which is difficult to estimate

in some glaucoma cases. By choosing a suitable threshold, the normal and glaucoma images can

be separated. The optimum threshold value for DEc is calculated by the simulated cup and disc.

Fig. 5.7 shows DEc value vs. CDR value for different sizes of cup. The DEc value of cup lies below

0.26 for the CDR value ranges from 0.3 to 0.5. DEc value is higher than 0.26 for glaucoma images.

The linear relationship between CDR and DEc values suggests that DEc can be used not only for

detection of glaucoma, but also for evaluation and progression of glaucoma. So, DEc = 0.25 can be

used as a threshold for detection of glaucoma.
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Figure 5.7: Differential entropy value vs. CDR value for different size of cup.

Results: This method is applied on 45 images (37 glaucoma images and 8 normal images) ob-
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tained from the optic-disc organization [16] and 9 normal images from DRIVE database. This dataset

consists of 17 normal images and 37 glaucoma images. Five level wavelet decomposition is per-

formed on the preprocessed image by Daubechies4 (db4) mother wavelet. Watershed segmentation

is performed in wavelet subband-5 and DEc values for the segmented cup is calculated. Table 5.1

shows the results for 54 images. Out of 37 glaucoma images 35 glaucoma images are detected

correctly. Out of 17 normal images 15 normal images are detected correctly. For normal images the

DEc value is found to be less than 0.25. For glaucoma images the value is found to be greater than

0.25. Im-7 and Im-49 are normal images but detected as glaucoma. Im-14 and Im-15 are glaucoma

images and detected as normal images. In this case, all types of glaucoma having different types of

disc appearance are classified. The performance of the method is calculated by true positive (TP),

true negative (TN), false positive (FP) and false negative (FN) values [21, 135]. TP, TN, FP and FN

for the proposed method are found to be 0.9459, 0.8823, 0.1176, and 0.0540, respectively.

Table 5.1: Differential entropy (DEc) value of segmented cup for glaucoma detection.

Images DEc Images DEc Images DEc Images DEc Images DEc Images DEc

Im-1 0.12 Im-10 0.88 Im-19 0.80 Im-28 0.74 Im-37 0.89 Im-46 0.10
Im-2 0.20 Im-11 0.90 Im-20 0.52 Im-29 0.27 Im-38 0.69 Im-47 0.17
Im-3 0.24 Im-12 0.85 Im-21 0.50 Im-30 0.32 Im-39 0.79 Im-48 0.11
Im-4 0.22 Im-13 0.73 Im-22 0.37 Im-31 0.49 Im-40 0.87 Im-49 0.26
Im-5 0.06 Im-14 0.19 Im-23 0.84 Im-32 0.69 Im-41 0.79 Im-50 0.17
Im-6 0.05 Im-15 0.17 Im-24 0.37 Im-33 0.54 Im-42 0.59 Im-51 0.15
Im-7 0.28 Im-16 0.27 Im-25 0.89 Im-34 0.56 Im-43 0.90 Im-52 0.17
Im-8 0.22 Im-17 0.30 Im-26 0.99 Im-35 0.58 Im-44 0.88 Im-53 0.87
Im-9 0.60 Im-18 0.94 Im-27 0.36 Im-36 0.90 Im-45 0.87 Im-54 0.87

In this method, sensitivity and specificity are found to be 94.59% and 88.23%, respectively. Sen-

sitivity and specificity should be a high value for best performance. Fig. 5.8 shows the receiver

operating characteristic (ROC) for the proposed DE based glaucoma detection method. It is the

plot between the sensitivity versus (1-specificity) [157]. The accuracy becomes maximum if the ROC

curve runs from (0, 0) coordinate to (1, 1) coordinate through the (0, 1) coordinate. Accuracy becomes

50%, when the ROC curve passes through the diagonal. In the proposed method the ROC curve lies

towards the higher accuracy side. Fig. 5.8 shows the ROC curve. In this curve, the plot is more

inclined towards the sensitivity axis. So, the method can perform better classification.
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Figure 5.8: ROC curve shows the segmentation performance.

5.3 PCA-LDA based glaucoma classification

Appearance-based approaches of classification generally operate directly on images and process

the image as two dimensional patterns. These methods extract features to optimally represent im-

ages which belong to a class and to separate images from different classes. Ideally, it is desirable to

use only features having high separability power, while ignoring the rest. Most effort in the literature

has been focused mainly on developing feature extraction methods and employing powerful classi-

fiers such as hidden Markov models (HMMs), neural networks (NNs) and support vector machine

(SVM) [158]. The main trend in feature extraction has been representing the data in a lower dimen-

sional space computed through a linear or non-linear transformation satisfying certain properties.

Statistical techniques have been widely used for recognition and in analysis to extract the abstract

features of the patterns. Principal component analysis (PCA), linear discriminant analysis (LDA) and

discrete cosine transform (DCT) are three main techniques used for data reduction and feature ex-

traction in the appearance based approaches. DCT removes some high frequency details and in

this way reduce the size of images. LDA algorithm selects features that are most effective for class
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separability, while PCA selects features important for class representation. PCA might outperform

LDA when the number of samples per class is small and in the case of the training set with a large

number of samples. Compared to the PCA method, the computation of the LDA is much higher and

PCA is less sensitive to different training data sets. LDA is not applicable, when the dimensionality

of images is high. To resolve this problem PCA and LDA methods are combined. By applying PCA

to preprocessed images, low dimensionality images are obtained. These images are now ready for

applying LDA.

PCA and LDA are two classical tools used in the appearance based approaches for dimensionality

reduction and feature extraction [159, 160]. LDA based algorithms outperform the PCA-based ones

in solving the pattern classification problems, since the former takes the between class variations into

account [161]. The LDA is a powerful feature extraction tool for pattern recognition in general and for

face recognition. It was introduced to this application area by 1997 [160].

Many recognition systems have been proposed in the literature. In the appearance-based ap-

proaches, the images are viewed as a feature vector. Appearance based recognition methods try to

reduce the dimensionality of the original image space with respect to a certain criterion. Because of

the huge dimensions of an image, it may contain redundant or noisy information, and its processing

requires a high computational cost. A feature reduction is performed by applying some standard al-

gorithms of pattern recognition. The most known approach is the PCA representation, proposed by

Turk and Pentland [159] in which the image is projected in a space in which the correlation among

the components is zero. Another appearance based approach is the LDA representation proposed

by Kriegmann et al. [160] where the image is projected in the Fisher space, in which the variability

among the vectors of the same class is minimized and the variability among the vectors of different

classes is maximized.

5.3.1 PCA and LDA representation for Glaucoma classificatio n

The features of the cup are used in PCA [151, 162] and LDA [163] based glaucoma classification.

Principal component analysis finds a direction along which maximum variation of data occurs. Due

to the above reason, PCA is used for data reduction and finds the OD features by finding a direction

along which maximum variation of data occurs. The LDA finds class separability and decision regions

among the classes for glaucoma classification.

Let Z be a d-dimensional feature vector. Here, d is equal to the number of pixels of each fundus
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image. The high dimensionality of the related image space is a well-known problem for the design

of a good verification algorithm. Therefore, methods for reducing the dimensionality of such image

space are required. It can be achieved by PCA. PCA is defined by:

oi = Ω
T zi (5.3)

where, zi ∈ z ⊆ Rd, i = 1, 2, ...., n. z be a d-dimensional feature vector. The number of pixels in

each fundus image is represented by ‘d’. ‘n’ represents number of samples. Ω is a d-dimensional

transformation matrix, whose columns are the eigenvectors related to the eigenvalues. Eigenvalues

computed according to the formula given below.

λei = Sei (5.4)

where, ‘S’ is the scatter matrix (i.e., the covariance matrix). It defines the d-dimensional space in

which the covariance among the components is zero. In this way, it is possible to consider a small

number of principal components exhibiting the highest variance (the most expressive features).

The Linear Discriminant Analysis (also called Fisher Discriminant Analysis) is defined by the

transformation:

oi = Ω̃
T zi (5.5)

The columns of Ω̃ being the eigenvectors of within-class scatter matrix and between-class scatter

matrix. The eigenvectors of LDA are called fishers. LDA transformation is strongly dependent on

the number of classes (c), the number of samples (n) and the original space dimensionality (d).

There are almost ‘c− 1’ nonzero eigenvectors. The ‘c− 1’ being the upper bound of the discriminant

space dimensionality. We need ‘d + c’ samples at least to have a non-singular within-class scatter

matrix. It is impossible to guarantee this condition in many real applications. Consequently, an

intermediate transformation is applied to reduce the dimensionality of the image space. In order to

prevent within-class scatter matrix to become singular, PCA is used as a preprocessing step and the

final transformation is Ω
T
opt = Ω̃

T
Ω
T .
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5.3.2 Method

The different steps of this method are shown in Fig.5.9. The proposed PCA-LDA based glaucoma

classification consists of following steps such as, preprocessing, dimensionality reduction using PCA,

feature extraction for class separability using LDA and classification.

I/P Color

Fundus Image
Preprocessing

Reduction

Feature

Extraction
Classification

Dimensionality
Normal Or

Glaucoma

Figure 5.9: PCA-LDA based glaucoma classification.

Preprocessing: This step is same as that of the preprocessing step discussed in Section 5.2,

which consists of cropping, illumination correction and histogram equalization. The color images are

resized and manually cropped to 64×64 pixels to have only details of OD. After Illumination correction

and histogram equalization the image is changed to an image vector of dimension 4096 × 1.

Dimensionality Reduction: The vectors obtained in the preprocessing stage are used for estimat-

ing the covariance matrix. Significant eigenvectors are computed from the covariance matrix. For

reducing computational complexity, few eigenvectors are considered depending upon the accuracy.

Computational cost directly depends on the number of eigenvectors computed. Here, PCA is used

for dimensionality reduction. By this method each glaucoma image is converted to an image vector.

Then all the glaucoma images are arranged to form the image matrix. Eigenvectors and covariance

matrix are calculated by applying PCA on the image matrix.

LDA Feature Extraction: LDA calculates the class-scatter matrix and covariance matrix of the

significant eigenvectors. As mentioned earlier, significant eigenvectors (within a class scatter matrix

and between class scatter matrix) can be used for separability of classes in addition to dimension

reduction. This is used to select the eigenvectors related to the greater eigenvalues.

Classification: Classification is based on the similarity score. The input color fundus images are

classified as either normal or glaucoma class. The feature vector of testing image is compared to the

feature vector of normal and abnormal images by considering the minimum distance.

Results: This method is tested on 54 images (37 glaucoma images and 17 normal images) ob-

tained from the optic-disc organization [16] and DRIVE database. For each class five images are

used for training purpose. The rest 44 images are used for testing purpose. Before applying PCA

and LDA, all the images are preprocessed. The input fundus images are resized to a standard size
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of 64×64. The cropped images highlight the information about OD. After preprocessing, the image is

converted to a row vector. Fig. 5.10 shows some of the selected preprocessed images. Then, PCA

is applied to construct a class scatter matrix and covariance matrix. The significant eigenvectors are

used for separability of class. In this case, only one significant eigenvector is available due to two

classes, i.e., normal and glaucoma.

In PCA-LDA method, eight significant eigen-images are computed and shown in Fig. 5.11. Four

most significant eigenvalues are sufficient for the optimum performance in most of the cases (shown

in Table 5.2). These significant eigenvectors are used for separability of classes and dimensionality

reduction. The higher eigenvalues are selected. These are called principal components. Two classes

are considered, so there is only one major eigenvector associated with major eigenvalues, which has

the class separable capability. So, extracting only one LDA feature can increase the discriminatory

power of the method. The feature vector of testing image is compared with the calculated feature

vectors of both the classes, i.e., normal and glaucoma. The minimum distance from the testing

image to one of the classes, determines its class. Increase in number of selected PCA features

decreases error classification. Increase in LDA features increase separability power.

Figure 5.10: Preprocessed training images: for glaucoma and normal.

The performance of the proposed glaucoma classification algorithm is calculated by accuracy,
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Figure 5.11: Eight significant eigen-images.

Table 5.2: Performance of PCA-LDA based glaucoma classification based on the number of significant eigen-
values or principal components (PCs).

No of PCs Classified Misclassified Accuracy% Sensitivity%

1 30 14 68.18 78.13
2 25 19 56.82 59.38
3 27 17 61.36 65.63
4 30 14 68.18 81.25
5 30 14 68.18 81.25
6 26 18 59.09 59.38
7 26 18 59.09 59.38
8 27 17 61.36 65.63
9 26 18 59.09 62.50
10 15 29 34.09 15.63

sensitivity, and specificity [44], [135]. Sensitivity is the measure for classifying glaucoma images

as glaucoma. Sensitivity is defined as the ratio of correctly classified glaucoma images to the total

number of glaucoma images. Specificity measures the number of normally classified fundus images

from the total number of normal fundus images. Accuracy is defined as the ratio of the total number of

correctly classified images (i.e., glaucoma images classified as glaucoma and non glaucoma images

classified as non glaucoma) to the total number of images. Sensitivity, specificity and accuracy are
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Figure 5.12: Performance values vs. number of significant eigenvalues/principal components (PCs).

found to be 81.25%, 33.33% and 68.18%, respectively for this method. Higher values represent better

classification. Fig. 5.12 shows the variation of sensitivity, specificity and accuracy versus the number

of significant eigenvalues or principal components. Sensitivity and specificity increase with increase

in the number of eigenvalues. The optimum performance is obtained by considering four numbers

of significant eigenvalues for the considered dataset. Table 5.2 shows the variation of accuracy

and sensitivity with the number of principal components (PCs) considered. Accuracy increases with

increasing the number of significant eigenvalues. It attains highest value with 4 numbers of principal

components. Significant change in accuracy does not occur for classification of glaucoma, beyond 4

number of PCs. But it increases the computation time for classification.
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5.4 HMM-SVD based glaucoma classification

The method employs a 7-State one-dimensional discrete Hidden Markov Model (HMM) to model the

retina image along with singular value decomposition (SVD) for feature extraction. Hidden Markov

Models are generally used for modeling 1-D datasets, but it has also been used to model 2-D datasets

based applications such as texture segmentation, object recognition and face recognition [164]. A

discrete-time HMM, can be viewed as a Markov Model whose states cannot be explicitly observed.

Every HMM is related to non-observable states called the hidden states and an observable emission

sequence generated by each of the hidden states individually. The entities of HMM are the number

of states in the model, the number of different observation symbols, transition probability, observation

symbol probability and initial state distribution. HMMs generally work on sequences of symbols called

the observation vectors, while an image is represented in a 2-D matrix form. Thus, in the case

of recognition problem using one dimensional discrete HMM, recognition is based on frontal view,

where the retinal image is divided into 7-regions such as upper terminal, upper secondary, upper

primary, optic disc region, lower primary, lower secondary, lower terminal in their natural order from

top to bottom. Each of these portioned retinal regions is assigned to a state in a left to right one

dimensional HMM model. The major advantage of the above model is its simple structure and a

small number of parameters to adjust. The mentioned retinal regions have been featured using SVD.

The observation sequence is generated by dividing the retina image of width w and height h into

overlapping blocks of width w and height h̃. A w× h̃ sliding window is moved from top to bottom of the

image which creates a sequence of overlapping sub-image blocks. Here, the successive sub-image

blocks are the referred interpretation. The number of blocks BL extracted from each retina image is

given by:

BL =
h− h̃

h̃− o
+ 1 (5.6)

where, o is overlap between two successive blocks. A high percentage of overlap between suc-

cessive blocks significantly boosts the performance of the system, it also increases the computational

complexity. From the study, it has been observed that as long as o is significantly large (o ≤ h̃ − 1)

and h̃ ≈ h/10, the recognition rate is not very sensitive to the variations of h̃.

Singular Value Decomposition (SVD) transforms correlated variables into a set of uncorrelated
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ones that better expose the various relationships between the original data elements [165]. Singular

values of given data matrix bears information regarding the noise level, energy and the rank of the

matrix, etc. As singular vectors of a matrix are orthonormal span bases of the matrix, they can

exhibit some features of the patterns embedded in the image [164]. SVD provides an efficient way

of extracting features from an image, in an algebraic form. Singular value decomposition matrix

generates two mutually orthogonal matrices, and a diagonal matrix of singular values. Evidently the

first two singular values are very much bigger than remaining ones and consequently, have more

significance.

Coefficients obtained from SVD form continuous valued sequence, which shape the observation

vectors. If considered in the same continuous form, infinite possible observation vectors will be

encountered that cannot be modeled using discrete HMM. So, there is a need to quantize the features

described above. This is normally handled by a process of rounding, truncation, flooring or other

irreversible, nonlinear processes which causes information loss. Here, quantization is done by using

the following algorithm. Assume a vector w = (w1, w2, . . . , wn, ) with continuous elements. Suppose

wî is to be quantized into l̂i distinct levels. So the difference between two consecutive quantized

values will be given by:

∆î =
wîmax − wîmin

l̂i
(5.7)

where, wîmax and wîmin are the maximum and minimum values that wî can assume in all possible

observation vectors, respectively. Knowing ∆î, element wî will be replaced by its quantized value

computed as:

wîquantized =
wî − wîmin

∆î

(5.8)

Thus all the elements of wî would be quantized. At the end, each quantized vector is linked with

a label, i.e., an integer value. So, each of the sub-image block is mapped to an integer. Considering

all the blocks of an image, the retina is mapped into a series of integer values that is considered

as an observation vector. Now the images are interpreted as a 1-D sequence of numbers and the

sequence can be easily modeled using HMM [164,166] for classification.

After representing each retinal image in the form of observation vectors, they are modeled us-

ing a 7-State HMM model. The HMM model is then trained using Baum-Welch algorithm. After
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representing the retina images by observation vectors, the HMM parameters are estimated using

the Baum-Welch algorithm which maximizes the probability of the observation associated with the

training image. This gives the final estimated HMM for a given training image.

5.4.1 Method

The block diagram for glaucoma classification by HMM-SVD is shown in Fig. 5.13. The different

steps for HMM-SVD based glaucoma classification are Gaussian based segmentation, inpainting,

manual cropping, SVD, HMM, and glaucoma classification. The preprocessing is same to that of the

PCA-LDA based method. In this case the image is resized to the 46× 56.

Manual

Croping
SVD HMM

Decision

Boundary
O/PInpainting

Fundus
image

I/P

Blood
Vessel

Segmentation

Green
Channel
Image

Figure 5.13: HMM-SVD based method for glaucoma classification.

Gaussian based segmentation: The pixel values of the cross section of blood vessel have the

shape of a Gaussian function and it has an intrinsic property of noise reduction. Due to this, the

Gaussian matched filter is used for extraction of the blood vessel patterns from the fundus image as

it provides better segmentation with comparatively low complexity. Then image inpainting is applied

to remove the blood vessels from the fundus image, as glaucoma affects the OD region only. The

observation sequence is generated by dividing the retina image into overlapping blocks.

In order to reduce the computational complexity and memory consumption, the retinal images are

resized to 46 × 56 which results in data loss from the images. Singular value decomposition (SVD)

[165] is used for feature extraction which compensate the data loss and obtain a set of uncorrelated

features about the cup and OD. It is used due to its stability and robust feature extraction technique

for retinal images. The SVD coefficients are used as features in the sampling windows (blocks).

A sampling window of 46 × 5 pixels have been used with an overlap of 80% in vertical direction

(h̃ = 5, o = 4). Observation vector is composed of a large number of w × h blocks (w = 46, h = 5),

each containing 230 pixels. The number of blocks of a 46 × 56 image is 52. The SVD coefficients
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5.4 HMM-SVD based glaucoma classification

of each block are computed and used as features. A sub-image block of size 46 × 5 generates a Σ

matrix with the same dimensions, which implies that there are 46 distinct singular values present for

each of the 52 blocks. Among the 46 singular values, only a few big singular values and their related

vectors convey information about the energy and information of an image. The SVD of a m×n matrix

X is given by:

X = UΣV T (5.9)

where, Um×m and Vn×n are mutually orthogonal matrices, and Σ is a m × n diagonal matrix

of singular values with components σîĵ = 0 for î 6= ĵ and σîĵ > 0 for î = ĵ. Further, there exist

non-unique matrices U and V such that σ1 ≥ σ2 ≥ · · · ≥ σn.

Coefficients obtained from SVD are quantized. At the end, each quantized vector is linked with

a label, i.e., an integer value. So, each of the sub-image block maps to an integer. Considering all

the blocks of an image, the retina is mapped into a series of integer values that is considered as an

observation vector. Now the images are interpreted as a 1-D sequence of numbers, the sequence

can be easily modelled using HMM for classification.

Thus, in the case of glaucoma classification problem using one dimensional discrete HMM, recog-

nition is based on frontal view, where the retina image is divided into seven regions. Each of these

partitioned retinal regions is assigned to a state in a left to right one dimensional HMM model. The

major advantage of the above model is its simple structure and a small number of parameters to

adjust. The HMM model is then trained using Baum-Welch algorithm. After representing the retina

images by observation vectors, the HMM parameters are estimated using the Baum-Welch algorithm

which maximizes the probability of the observation associated with the training image. This gives the

final estimated HMM for a given training image. The output of different stages is shown in Fig. 5.14.

Results: The system was tested on 54 images, which contains 17 healthy retina images and 37

glaucoma images. Five retinal images from each class are used for training and remaining 44 images

are used for testing. Out of 44 images 32 images are correctly classified and 12 images are mis-

classified. Accuracy, sensitivity and specificity values are found to be 72.73%, 78.13%, and 58.33%,

respectively. Table 5.3 shows the comparison of performances of different glaucoma detection meth-

ods.
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5. Assessment of glaucoma in wavelet scale

Figure 5.14: Output of different stages of HMM-SVD based method for glaucoma classification.

Table 5.3: Comparison of performance measure for different glaucoma detection method.

Method Accuracy Sensitivity Specificity

CDR 74.07% 62.16% 100%
DE 92.59% 94.59% 88.23%

PCA-LDA 68.18% 81.25% 33.33%
HMM-SVD 72.73% 78.13% 58.33%

5.5 Summary

In this chapter, glaucoma is detected from the color fundus images by using four different methods.

The first method is the calculation of CDR for assessment of glaucoma. This method fails in case

of disc anomalies. Differential entropy based glaucoma assessment can overcome the limitations

of CDR based method. This method finds the information present in the cup as the parameters

of the cup changes during the progression of glaucoma and other regions are minimally affected.

Differentially entropy based method can be able to predict/identify the stages of glaucoma as in case

of CDR based method. An accuracy of 92.59% is obtained by DE based glaucoma detection.

Machine learning techniques such as, PCA-LDA and HMM-SVD based approach are also used

for glaucoma classification. In PCA-LDA based method, PCA is used for data reduction and LDA

to find within the class and between class scatter matrix. In this case 68.18% images are classified

correctly. As the number of significant eigenvalues or principal components increases the accuracy

and sensitivity of the method increases up to certain number then decreases. The best result is
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obtained when four number of eigenvalues are considered. In case of HMM-SVD based method

SVD is used for glaucoma feature detection, whereas HMM is used as a classifier. This method

provides an accuracy of 72.73%.
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6. Conclusions

In this thesis, we have analyzed and investigated the diagnostic features of the fundus images in

the different scales of multiscale decomposition. This chapter includes the justification of the project,

main contributions, results, final conclusions and future work. Diabetic retinopathy (DR) is a sight

threatening disease. The DR screening process allows for the early detection of the disease and

therefore allows for timely intervention in order to prevent vision loss. Retinal images have the poten-

tial for early detection of retinal pathologies due to DR and increased in intra ocular pressure. The

ophthalmologists examine the clinically/diagnostically important features (such as exudates, microa-

neurysms, blood vessels, and cupping of the cup etc.) for signs of various eye related diseases.

Better detection of these pathological features and determination of their location can help predict

the physicians about the condition of vision and prevent further damages.

From the literature review and the initial investigations, the best course of action was to build a

framework based on vessel segmentation followed by the analysis of features in multiscale. This

analysis was used for segmentation of the diagnostic features’ exudates and detection of glaucoma.

By multiscale decomposition, the fundus images are decomposed into different subbands. In each

subband, the features are highlighted differently due to their different frequency contents. Higher

subbands highlight the exudate and OD by suppressing the blood vessel. Glaucoma affects the optic

disc (OD) and other features are minimally affected. During glaucoma the size of cup increases

and the area of rim decreases. So, for detection of glaucoma the segmentation algorithm is used in

higher subband to find the cup size. Exudates in higher subbands are highlighted by suppressing the

macula and blood vessels. Normally, the exudates are non-Gaussian in nature. But other features

(blood vessels, macula etc.) are sub Gaussian in nature. Independent component analysis (ICA)

is applied to the data matrix formed by the subbands of multiscale decomposition and the different

features are extracted. These features have the clinical importance for grading of diabetic retinopathy.

Multiscale analysis is used for detection of glaucoma. The work in this thesis can be summarized as

follows:

In Chapter 1 , different clinical features’ characteristics of retinal image and their importance were

discussed. The literature survey on the analysis of clinically important normal features of a retinal

image such as: OD, the macula and the blood vessels were presented. The characteristics of ab-

normal features, such as: microaneurysms, exudates, and haemorrhages were discussed. Different

methods to segment the features were presented in this chapter.
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In Chapter 2 , the state-of-art methods for segmentation of diagnostic features in retinal image

were discussed. The limitations of these methods were discussed. The different methods for glau-

coma classification were explained. The motivation for the study of retinal features in wavelet sub-

bands was presented.

In Chapter 3 , the diagnostic features (microaneurysms and exudates) of the fundus image in

different scales of wavelet decomposition were analyzed. The fundus image was decomposed into

3-, 5-, 7-, and 9-levels using db4 mother wavelet. In each level microaneurysm and exudates features

were studied from the point view of diagnostic information. Following conclusions were drawn from

the study.

(i) Analysis of microaneurysm is performed on 3-, 5-, 7-, and 9-level of wavelet decomposition

with db4 mother wavelet. In 3-level wavelet decomposition all the subbands contribute equally

to the feature microaneurysm. In 5-level wavelet decomposition, subband L1, subband L2 and

subband L3 contain less information about the MAs. Most of the information are present in

subband L4 and subband L5 in 5-level wavelet decomposition. So, during the transmission or

storage more attention should be given to the coefficients of L4 and L5 subbands. In 7-level

wavelet decomposition, L5, L6, and L7 contribute more information towards MAs. Subband L5

to subband L9 coefficients contain higher MAs information compared to other levels in 9-level

wavelet decomposition. Higher subband coefficients contain more MAs information compared

to lower level subband coefficients.

(ii) In 5-level wavelet decomposition the L1 and L2 subbands do not contain higher information

about the exudates. The subbands L4 and L5 contain more blood vessels information. In 7-

level wavelet decomposition subband L1, L2, L3, L6 and L7 contain the exudate information. By

making L2, L3, and L4 subbands coefficients zero, the blood vessel information is lost without

the loss of exudate information. In 7-Level wavelet decomposition L2, L3 and L4 subbands do

not contain significant information about the DR feature. In 9-level wavelet decomposition blood

vessels information is present in L4 and L5 subbands. The significant exudates information

is not present in L2, L4, L5, and L9 subbands of 9-level decomposition. Significant exudate

information is present in L3 and L8 subbands.

(iii) The DR features in different wavelet subbands of various levels of wavelet decomposition were
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compared quantitatively by different performance measures such as accuracy, specificity, uni-

versal quality index (UQI), Pearson correlation coefficient (PCC) and structural similarity (SSIM)

etc.

In Chapter 4 , the percentage of blood vessels affected by pathology and the extraction of exu-

dates were discussed along with the detection of changes in the retina due to DR. The outcomes are

summarized below.

(i) Blood vessels were extracted by different methods such as Gaussian based match filter ap-

proach, Kirsch method and histogram method. Among these approaches, the Gaussian based

method provides higher accuracy. Combined Krisch and Gaussian method provides better

performance in terms of sensitivity. This method is applied to the pathological images for seg-

mentation of the blood vessels. Then the image inpainting operation is applied to suppress

the effect of the blood vessels. From the inpainted image, the pathologies were segmented.

Taking the overlapping regions of blood vessels and pathology, the affected blood vessels by

pathology were determined. This helps assess the progression of retinal damage by assessing

the number of blood vessels affected by pathological features.

(ii) Independent component analysis on multiscale performs better compared to the ICA for sep-

aration of independent components and signals. This was tested by Amari performance index

(API) and Comon test values for simulated signals and images. These values are found to be

less in multiscale ICA than ICA. The ICA and multiscale ICA are applied to the fundus images

for detection of exudates. The exudates are detected based on their statistical properties such

as kurtosis and negentropy values. These values are found higher for exudates compared to

the other features in the color fundus images. Due to this reason, the exudates are separated

out from other features when ICA is applied. Extraction of exudates is found to be better in HSV

color space compared to the RGB color space. This happens due to the less correlation of the

color components in the HSV color channel.

(iii) ICA on multiscale was extended for detection of changes from the color fundus image due

to DR. In this method, one normal retinal image was compared with diabetic affected retinal

image. The independent components were determined from both the images for detection of

the changes in the retina. This may help assess the progression of retinal damage due to
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diabetes.

In Chapter 5 , assessment of glaucoma from the retinal images were discussed. In this chapter,

two methods were discussed for glaucoma estimation, i.e., differential entropy (DE) based method

and pattern recognition based method. In DE based method differential entropy value of the seg-

mented cup was used for glaucoma detection. This method is able to detect the glaucoma in differ-

ent disc condition. The second approach was based on pattern recognition. Here, the patterns of

the cup and disc were used for detection of glaucoma. Principal component analysis (PCA)-linear

discriminant analysis (LDA) and hidden Markov model (HMM)-singular value decomposition (SVD)

approaches were used for glaucoma classification from color fundus images. The conclusions of this

chapter are summarized below.

(i) Differential entropy based glaucoma assessment overcame the limitations of glaucoma detec-

tion by CDR based method. In this method, cup information was used as a parameter for

progression of glaucoma. An accuracy of 92.59% was obtained by DE based glaucoma detec-

tion.

(ii) In PCA-LDA based method, PCA was used for data reduction and LDA was used to determine

the class between the class scatter matrix. In this case, 68.18% images were classified correctly.

As the number of principal components increases the specificity and sensitivity of the method

increases till certain number then decreases. The best result was obtained by considering

four numbers of principal components. In case of HMM-SVD based method, feature extraction

is done using SVD, whereas HMM was used for classification. An accuracy of 72.73% was

obtained by this method.

6.1 Scope for the future work

The thesis points to some interesting future work.

• Wavelet provides the resolution of the features based on their frequency content. Making the

mathematical model for the features will help to analyze the features efficiently.

• This technique can be further used in telemedicine applications for automatic systems. This

could have a positive impact on the diminution of the necessary resources in terms of specialists

and examination time in diagnostic centers.
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• ICA performance may improve if the statistical characteristics are known aprior to the applica-

tion of ICA. This statistical information about the features may be used in the data matrix formed

by the subbands of wavelet decomposition for the efficient detection of changes due to DR. This

approach can be modified for finding the changes going to occur in the retina due to the DR

by capturing the images of the same patients over time. These changes may have the direct

relationship with the stress in the eye, intraocular pressure, blood pressure and diabetes. By

quantifying the features according to certain rule in a rule based system, the automatic grading

of DR is possible.

• The patterns of blood vessels in the optic disc is the unique feature of the retina. These retinal

features are unique to each individual. So, features may be used to compute the disparity of

the image features and to find the best matched retinal image pair.
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A. Appendix

A.1 More figures for wavelet decomposition of MAs

Ori Image L1 L2 L3 L4 L5

Figure A.1: Reconstructed images in 5-level wavelet decomposition by considering a particular subband co-
efficients of image-1 from the database.

Ori Image Zero L1 Zero L2 Zero L3 Zero L4 Zero L5

Figure A.2: Reconstructed images in 5-level wavelet decomposition by zeroing a particular subband coeffi-
cients of image-1 from the database.
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A.1 More figures for wavelet decomposition of MAs

Ori Image L1 L2 L3 L4 L5

Figure A.3: Reconstructed images in 5-level wavelet decomposition by considering a particular subband co-
efficients of image-2 from the database.

Ori Image Zero L1 Zero L2 Zero L3 Zero L4 Zero L5

Figure A.4: Reconstructed images in 5-level wavelet decomposition by zeroing a particular subband coeffi-
cients of image-2 from the database.
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Ori Image L1 L2 L3 L4 L5

Figure A.5: Reconstructed images in 5-level wavelet decomposition by considering a particular subband co-
efficients of image-3 from the database.

Ori Image Zero L1 Zero L2 Zero L3 Zero L4 Zero L5

Figure A.6: Reconstructed images in 5-level wavelet decomposition by zeroing a particular subband coeffi-
cients of image-3 from the database.
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Ori Image L1 L2 L3 L4 L5

Figure A.7: Reconstructed images in 5-level wavelet decomposition by considering a particular subband co-
efficients of image-4 from the database.

Ori Image Zero L1 Zero L2 Zero L3 Zero L4 Zero L5

Figure A.8: Reconstructed images in 5-level wavelet decomposition by zeroing a particular subband coeffi-
cients of image-4 from the database.
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Ori Image L1 L2 L3 L4 L5

Figure A.9: Reconstructed images in 5-level wavelet decomposition by considering a particular subband co-
efficients of image-5 from the database.

Ori Image Zero L1 Zero L2 Zero L3 Zero L4 Zero L5

Figure A.10: Reconstructed images in 5-level wavelet decomposition by zeroing a particular subband coeffi-
cients of image-5 from the database.
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A.1 More figures for wavelet decomposition of MAs

Ori Image L1 L2 L3

L4 L5 L6 L7

Figure A.11: Reconstructed images in 7-level wavelet decomposition by considering a particular subband
coefficients of image-1 from the database.

Ori Image Zero L1 Zero L2 Zero L3

Zero L4 Zero L5 Zero L6 Zero L7

Figure A.12: Reconstructed images in 7-level wavelet decomposition by zeroing a particular subband coeffi-
cients of image-1 from the database.
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Ori Image L1 L2 L3

L4 L5 L6 L7

Figure A.13: Reconstructed images in 7-level wavelet decomposition by considering a particular subband
coefficients of image-2 from the database.

Ori Image Zero L1 Zero L2 Zero L3

Zero L4 Zero L5 Zero L6 Zero L7

Figure A.14: Reconstructed images in 7-level wavelet decomposition by zeroing a particular subband coeffi-
cients of image-2 from the database.
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Ori Image L1 L2 L3

L4 L5 L6 L7

Figure A.15: Reconstructed images in 7-level wavelet decomposition by considering a particular subband
coefficients of image-3 from the database.

Ori Image Zero L1 Zero L2 Zero L3

Zero L4 Zero L5 Zero L6 Zero L7

Figure A.16: Reconstructed images in 7-level wavelet decomposition by zeroing a particular subband coeffi-
cients of image-3 from the database.
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Ori Image L1 L2 L3

L4 L5 L6 L7

Figure A.17: Reconstructed images in 7-level wavelet decomposition by considering a particular subband
coefficients of image-4 from the database.

Ori Image Zero L1 Zero L2 Zero L3

Zero L4 Zero L5 Zero L6 Zero L7

Figure A.18: Reconstructed images in 7-level wavelet decomposition by zeroing a particular subband coeffi-
cients of image-4 from the database.
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A.2 Negentropy

Negentropy is defined as the differential entropy. It can be calculated as finding the difference of the

entropy of a random variable from the Gaussian random variable having same mean and variance.

It can take the value zero or positive. For Gaussian random variable it is zero and for non-Gaussian

random variable it is positive. Negentropy of a random variable ’y’ can be represented by the following

expression [146].

J(y) = H(ygauss)−H(y) (A.1)

where ygauss is a Gaussian random variable of same covariance matrix as y. H(y) is defined as

the entropy and can be defined as

H(y) = −
∫

Py(ξ)logPy(ξ)dξ (A.2)

Negentropy can be found by the approximations. The classical method for approximating Negen-

tropy can be defined as

J(y) ≈ 1

12
E{y3}2 + 1

48
kurtosis(y)2 (A.3)

The above expression can be equivalently represented by using the Kullback-Leibler divergence

as given below. The proof is based on the fact that only the first and second order moment of the

Gaussian densities are nonzero [144].

J(y) = DKL(Py‖Pygauss) =
∫

Pylog
Py(ξ)

Pygauss(ξ)
dξ (A.4)
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