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Abstract 
 

Human eye can be affected by different types of diseases. Age-Related Macular Degeneration (AMD) is one of the such diseases, and it 

mainly occurs after 50 years of age. This disease is characterized by the occurrence of yellow spots called as Drusen. In this work, an 

automated method for the detection of drusen in Fundus image has been developed, and it has been tested on 70 images consisting of 30 

normal images and 40 images with drusen. Performance of the Support Vector Machine (SVM) and K Nearest Neighbor (KNN) classifi-

er has been evaluated using Data's reduction using Principle Component Analysis (PCA) and Data's selection using Genetic Algorithm 

(GA).Performance evaluation has been done in terms of accuracy, sensitivity, specificity, misclassification rate, positive predictive rate, 

negative predictive rate and Youden’s Index. The proposed method has achieved highest accuracy of 98.7% when data selection using 

Genetic Algorithm has been applied. 
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1. Introduction 

Different types of changes may occur in the human eye with age. 

One such change is the accumulation of acellular polymorphous 

fine particles between retinal pigment epithelium (RPE) and 

Bruch’s membrane. This appears as yellow spots during medical 

examination of the eye and is called as drusen. Drusen can appear 

either near the central region about the eye called macula or in the 

peripheral region of the retina. Size of the drusen may vary over a 

wide range of diameters. Appearance of drusen is an indication of 

the disease called as Age-Related Macular Degeneration 

(AMD/ARMD).According to World Health Organization (WHO), 

Age-Related Macular Degeneration (AMD/ARMD) is one of the 

major causes of irreversible vision loss in people aged above 50 

years. AMD can be classified as Dry AMD and Wet AMD. Dry 

AMD is a symptom of early AMD, and it is characterized by ac-

cumulation of lipid and proteins under Bruch membrane. This 

leads to appearance of yellow spots called drusen. Wet AMD is 

characterized by the appearance of choroidal neovascularization 

(CNV). AMD is characterized into various stages based on num-

ber of and type of drusen present [1] [2]. A characteristic of early 

stage is the presence of a few medium-sized drusen. Middle stage 

is characterized by at least one large drusen with many medium-

size drusen and advanced is characterized by large drusen.  

A Survey [3] shows that global projected AMD cases will be 196 

million in 2020 increasing to 288 million in 2040. At present, 

Europeans have the highest number of AMD cases but the number 

of cases is expected to increase faster in Asia as it has the highest 

population in the world. Hence, largest number of cases is ex-

pected to be in Asia reaching 113 million. Gender does not seem 

to be significant for this disease. Early detection of AMD is very 

important for the prevention of vision loss. Appearance of drusen 

is an indication of early AMD. Drusen detection using different 

methods has been proposed by many authors. Drusen detection 

based on contrast and intensity there by assessing the presence of 

AMD has been proposed by Mark J. J. P. van Grinsven et al. [4], 

Alauddin Bhuiyan et al.[5], in their work have used Gaussian de-

rivative based technique for the detection of drusen. Drusen af-

fected area detection using intensity gradient based segmentation. 

Gaussian function model has been suggested by Mora A et al. [6]. 

Wavelet transforms in combination with Fuzzy C Means cluster-

ing has been reported by Rama Prasath A et al[7]. Drusen detec-

tion using color features has been developed by Thanh Vân Phan 

et al., [8], Ziyang Liang et al. [9], P. Burlina et al. [10], Semantic 

Image Transformation (SIT) has been used by Xiangang Cheng et 

al. [11]. Wavelet transforms based features have been used by 

Muthu Rama Krishnan Mookiah et al. [12] for the developing a 

decision support system for AMD and in [13] they have proposed 

a method that uses entropy, Higher-OrderSpectra (HOS) and Ga-

bor filter based features for the detection of Drusen. Saima 

Waseem et al. [14] have used Gabor filter features combined with 

color features.  

In this work a Gabor filter based technique for the detection of 

drusen from fundus images using an optimized number of features 

has been proposed. The method consists of preprocessing, Gabor 

filtering using different orientation and scale, textural feature ex-

traction using Gray Level Co-occurrence Matrix (GLCM), classi-

fication using Support Vector Machine (SVM) and K Nearest 

Neighbor (KNN). Performance of the classifier is evaluated by 

applying data reduction using Principal Component Analysis 

(PCA) as well as data selection using Genetic Algorithm (GA). A 

comparative study is finally presented. 
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Fig. 1: Block Diagram of the Proposed Method. 

 

2. Methodology 

Methodology adapted in this work is as shown in Fig 1.  

2.1. Database 

Fundus images used throughout this work have been collected 

from Sushrutha Eye Hospital, Mysuru, Karnataka, India. The da-

tabase used consists of 70 images out of which 40 are normal and 

30 have drusen.  

2.2. Preprocessing 

Input images are RGB images. Green channel has the best contrast 

in fundus images hence only the green channel images are extract-

ed and used for further processing. The images in the database are 

of different sizes. Therefore, they are all resized to 160x160 pixels. 

Adaptive histogram equalization is then applied for contrast en-

hancement.  

2.3. Gabor filter 

The Gabor filter is named after the Hungarian physicist Dennis 

Gabor (Gabor, 1946) who introduced it. Later the Gabor filter was 

extended to two dimensions by Daugman [15]. Gabor functions 

can be used to model the Simple cells present in the visual cor-

tex of mammalian brains. Therefore, analysis of the images using 

Gabor filters is found to be similar to human visual system.  

A two-dimensionalGabor Filter in the spatial domain is a Gaussian 

kernel function modulated by a complex sinusoidal plane wave, 

defined as: 

 

G(x, y;  λ, θ, Φ, σ, γ) =  exp (− 
x′ 2+γ2y′ 2

2σ2 ) exp (j (
2πx′

λ
+  Φ))  

             (1) 

x′ =  x cosθ + y sinθ          (2) 

 

y′ = − x sinθ + y cosθ          (3) 

 

f –Sinusoidal frequency, (f = 1/λ; λ – Wavelength) 

θ –Orientation of the normal to the parallel stripes of Gabor func-

tion 

𝛷 – Phase offset 

𝜎 – Standard Deviation of the Gaussian envelope 

γ – Spatial Aspect Ratio specifying the ellipticity of the support of 

the Gabor function 

In Equation (1), λ is the wavelength of the cosine term in the filter. 

The value of this parameter is in terms of pixels and its value can 

be ≥ 2. Gabor function consists of parallel stripes and θ specifies 

the orientation of the normal to these stripes. Its value can be fron 

0° to 360 °. Gabor filter is usually implemented for different ori-

entations.𝛷 is the phase offset of the cosine factor. Its value can be 

-180° to 180°. 0 and 180 are center symmetric, -90 and 90 are 

anti-symmetric and the remaining are asymmetric functions. γ is 

the aspect ratio which indicates ellipticity of the Gabor function 

where γ = 1 gives a circle. Its value is usually taken to be 0.5. 𝜎 is 

the Standard Deviation of the Gaussian envelope. The value of 𝜎 

is related to half – response spatial frequency bandwidth (b) of the 

Gabor filter and wavelength (λ). If bandwidth is taken as 1 then 𝜎 

= 0.56 λ. 

Gabor filter with different orientation and scale are used for the 

extraction of information from the images. Simple cells in the 

Human Visual System are found to be sensitive to orientation and 

hence Gabor coefficients with eight different orientations are used 

in this work.Totally 16 Gabor images corresponding to 8 orienta-

tions and 2 scales are generated for each fundus image. 

2.4. Feature extraction 

Texture is an important component perceived by human visual 

system. A set of Gray Level Co-occurrence Matrix (GLCM) based 

texture features has been introduced [16] in the year 1973. These 

features are also called Haralick features and they are widely used 

in medical image analysis applications. The equations of the 

Haralick features are as given in Table 1.  

 
Table 1:Haralick Features 

Sl. 

No. 
Haralick Features Equations 

1 𝐸𝑛𝑒𝑟𝑔𝑦 = ∑ ∑ 𝑝(𝑖, 𝑗)2

𝑁−1

𝑗=0

𝑀−1

𝑖=0

 

2 𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡 = ∑ ∑|𝑖 − 𝑗|2

𝑁−1

𝑗=0

𝑀−1

𝑖=0

𝑝(𝑖, 𝑗) 

3 
𝐶𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 = ∑ ∑

(𝑖𝑗)𝑝(𝑖, 𝑗) − 𝜇𝑥𝜇𝑦

𝜎𝑥𝜎𝑦

𝑁−1

𝑗=0

𝑀−1

𝑖=0

 

Where𝜇𝑥, 𝜇𝑦 and 𝜎𝑥, 𝜎𝑦 are the means and standard deviations. 

4 𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒 = ∑ ∑(𝑖 − 𝜇)2𝑝(𝑖, 𝑗)

𝑁−1

𝑗=0

𝑀−1

𝑖=0

 

5 𝐻𝑜𝑚𝑜𝑔𝑒𝑛𝑒𝑖𝑡𝑦 = ∑ ∑
𝑝(𝑖, 𝑗)

1 + (𝑖 − 𝑗)2

𝑁−1

𝑗=0

𝑀−1

𝑖=0

 

6 𝑆𝑢𝑚𝑎𝑣𝑒𝑎𝑟𝑔𝑒 = ∑ 𝑖𝑝𝑥+𝑦

2(𝑁−1)

𝑖=2

(𝑖) 

7 𝑆𝑢𝑚𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 = ∑ (𝑖 − 𝑓8)2𝑝𝑥+𝑦

2(𝑁−1)

𝑖=2

(𝑖) 

8 𝑆𝑢𝑚𝑒𝑛𝑡𝑟𝑜𝑝𝑦 = − ∑ 𝑝𝑥+𝑦(𝑖)𝑙𝑜𝑔 (𝑝𝑥+𝑦(𝑖))

2(𝑁−1)

𝑖=2

 

9 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦 = − ∑ ∑ 𝑝(𝑖, 𝑗) 𝑙𝑜𝑔(𝑝(𝑖, 𝑗))

𝑁−1

𝑗=0

𝑀−1

𝑖=0

 

where p(i,j) is the (𝑖, 𝑗)th element of the normalized GLCM of size 

MxN 

10 𝐷𝑖𝑓𝑉𝑎𝑟 = 𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝑜𝑓 𝑃𝑥−𝑦 

11 𝐷𝑖𝑓𝑒𝑛𝑡𝑟𝑜𝑝𝑦 = − ∑ 𝑝𝑥−𝑦(𝑖)𝑙𝑜𝑔 (𝑝𝑥−𝑦(𝑖))

2(𝑁−1)

𝑖=2

 

12 𝐼𝑀𝐶1 =  
𝐸𝑛𝑡𝑟𝑜𝑝𝑦 − 𝐻𝑋𝑌1

𝑚𝑎𝑥 (𝐻𝑋, 𝐻𝑌)
 

13 𝐼𝑀𝐶2 = [1 − 𝑒𝑥𝑝(−2(𝐻𝑋𝑌2 − 𝐸𝑛𝑡𝑟𝑜𝑝𝑦))]
1/2

 

14 
 

𝑀𝐶𝐶 = (𝑆𝑒𝑐𝑜𝑛𝑑 𝐿𝑎𝑟𝑔𝑒𝑠𝑡 𝐸𝑖𝑔𝑒𝑛 𝑉𝑎𝑙𝑢𝑒 𝑜𝑓 𝑄)1/2 
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Where 

𝑄(𝑖, 𝑗) = ∑
𝑃(𝑖, 𝑘)𝑃(𝑗, 𝑘)

𝑃𝑥(𝑖)𝑃𝑦(𝑘)
𝑘

 

 

where p(i,j) is the normalized co-occurrence matrix obtained from 

the Gabor coefficients, µx and µy are the mean of px and py respec-

tively, σx and σy are the standard deviation of px and py respectively.  
 

The parameter  

px+y(k) = ∑ ∑ p(i, j)

N−1

j=0

N−1

i=0

 

for k = 0,1, …2(N-1) 

 

In this work all the 14 Haralick features have been extracted from 

each of the Gabor filtered images. Since we have used 8 orienta-

tions and 2 scales, a total of 224 features have been extracted from 

the images used.  

2.5. Feature reduction 

Balance between the number of training images and number of 

features used (dimension of the features) plays an important role 

in machine learning. For a fixed number of training images, over-

fitting occurs if morefeatures are added.Over-fitting may lead to 

unnecessarily high accuracy. A number of methods are available 

for data reduction. Principal Component Analysis (PCA) is used 

for this work.  

Principal Component Analysis (PCA) is a linear transformation 

method that maps large set of data into a small set of data without 

losing information [17]. These are called principal components. 

First principal component corresponds to largest variability in data. 

Successive components correspond to as many remaining variabil-

ity as possible. PCA involves computation of covariance matrix, 

Eigen value and Eigen vector calculation, Arrange Eigen values in 

decreasing order, finally retain only the required number of largest 

eigen values.  

2.6. Feature selection 

Data selection is a method of finding features whose contribution 

is more relevant for classification of the data in hand. It helps in 

removing redundant features, and this may lead to improved accu-

racy. Data selection has been done in this work using Genetic 

Algorithm (GA). 

A Genetic Algorithm (GA) which was proposed by J. H. Holland 

[18] is a method of solving an optimization problem that works 

similar to biological evolution. In genetic algorithm, an initial 

population of solutions (similar to chromosomes) is taken, and 

they are subjected to repeated modification. A fitness value is 

assigned to everyonein the current population. The fitness value is 

evaluated by training the predictive model with the training set of 

data and then selection error is calculated. Higher the value of 

selection error lower will be the fitness. Therefore, individuals 

with higher fitness value will be selected to generate next popula-

tion. Genetic algorithm mainly uses three important steps to gen-

erate new population. They are, (1) Selection: to select parents to 

generate new population, (2) Crossover: to combine two parents to 

create offsprings for the new population and (3) Mutation: to mod-

ify parents randomly to create offerings. Evolution of population 

takes place over successive generations, which suit the environ-

ment better than the parents to achieve optimal solution. 

2.7. Classification 

In this work classification has been done using Support Vector 

Machine (SVM) and K Nearest Neighbor (KNN).  

2.7.1. Support vector machine (SVM) 

SVM is a supervised, two class, classifier. It transforms the fea-

tures as points in n – dimensional space. The value of n will be 

equal to number of feature vectors and the value at a particular 

point in the coordinate is the feature value. Co-ordinate of indi-

vidual feature is called as support vector. SVM finds a hyper-

plane that can separate out two different classes. Many hyper-

planes can be generated to separate it but SVM finds a hyperplane 

that gives largest margin between the two classes.  

In SVM, data will be separated into two sets, a training set and a 

testing set for classification purpose. Each instance in the training 

set will have one target value and a large number of associated 

features values. Training data based model will be formed by the 

SVM. SVM uses this model to predict target values when the test 

data features alone are given to it for classification.  

If we take a training set with label pairs (xi,yi),i = 1. . .l where xi∈ 

Rn and y ∈ {1, −1}l, the support vector machines find the solution 

to optimize the problem given below [19]. 

 
min

w,b,ξ

1

2
wT w +  C ∑ ξi

l
i=1            (4) 

 

Where 

 

w – Weight Vector 

b – Bias  

ξ – Degree of misclassification 

C – Penalty parameter of the error  

 

Subject to yi (wT(xi) +  b) ≥ 1 − ξi , 

 

Where ξi  ≥ 0 

 

In SVM, training vectors xi are transformed into a higher dimen-

sional space by the function φ. SVM finds a hyperplane that sepa-

rates the vectors with maximal margin. C > 0 is the penalty pa-

rameter of the error and K (xi,xj) ≡ φ (xi)T φ (xj) is the kernel func-

tion. The kernels used in this work are 

 

Linear: 

 

K(xi,xj) = xi
Txj             (5) 

 

Polynomial: 

 

K(xi,xj) = (γ xi
T xj + r)d, γ > 0.           (6) 

 

Where, γ, r are the kernel parameters and d is the degree of the 

polynomial 

 

Radial Basis Function:  

 

K(xi, xj)= exp (− 
‖xi− xj‖

2

2 σ2 )           (7) 

 

Where, 𝜎 is the kernel parameter 

2.7.2.K nearest neighbor (KNN) 

K-nearest neighbor classifier is a simple, supervised classifier 

proposed by Fix & Hodges in 1951. This classifier also requires 

data to be divided into training set and testing se. Nevertheless, the 

Training data based model formed by the KNN will include the 

entire training data set. When test data features are given to KNN 

classifier, it searches through the entire training set to find K most 

similar instances called neighbors [20]. Different types of distance 

measures like Euclidean distance, Cityblock distance, Manhattan 

distance, etc. can be used for finding similarities. Class of that K 

number of nearest neighbors will be assigned to the test data.  

2.8. Performance evaluation 

A total of 224 features that have been extracted from a data set of 

70 fundus images are given to two types of classifiers namely 

SVM and KNN. Performances of these two classifiers are tested 

using 10-fold cross validation technique. Cross validation is an 
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important step in performance evaluation when a limited number 

of data set is used. In 10-fold cross validation, the data set is ran-

domly divided into 10 equal sized subsets.Out of 10 subsets, 9 

subsets are used for training and the remaining one subset used for 

testing. This process is repeated 10 times by taking each of the 

subset for testing once. Results of all the 10 evaluations are aver-

aged to get the final result. Performance's measures are calculated 

based on the following values. 

True Negative (TN): Number of normal images predicted as nor-

mal. 

True Positive (TP): Number of abnormal images predicted as ab-

normal. 

False Positive (FP): Number of normal images predicted as ab-

normal. 

False Negative (FN): Number of abnormal images predicted as 

normal. 

Performance measures used are sensitivity, specificity, accuracy, 

misclassification rate, Positive Predictive Value Negative Predic-

tive Value and Youden’s Index. Details are as given below. 

Sensitivity (Sn): Measure of correct predictions of presence of 

abnormality in the image out of total number of images with ab-

normality. It is also called as True Positive Rate or Recall. 

 

Sn =
TP

(TP+FN)
 X 100          (8) 

 

Specificity (Sp): Measure of correct predictions of absence of 

abnormality in the image out of total number of images without 

abnormality. It is also called as True Negative Rate. 

 

Sp =
TN

(FP+TN)
 X 100          (9) 

 

Accuracy (A): Measure of correct predictions of presence or ab-

sence of the abnormality in the image out of total number of imag-

es. 

 

Acc =
TP+TN

(TP+FN+FP+TN)
 X 100         (10) 

 

Misclassification Rate (MCR): Measure of wrong predictions. 

 

MCR =  
FP+FN

(TP+FN+FP+TN)
 X 100       (11) 

 

Positive Prediction Rate (PPV): Measure of correct predictions of 

presence of abnormality in the image out of total number of posi-

tive predictions. It is also called as Precision. 

 

PPV =
TP

(TP+FP)
 X 100        (12) 

 

Negative Prediction Rate (NPV): Measure of correct predictions 

of absence of abnormality in the image out of total number of 

negative predictions.  

 

NPV =
TN

(TN+FN)
 X 100        (13) 

 

Youden's index (J): This index gives a summarized value of clas-

sifier performance. Its value ranges from -1 to +1. Values towards 

+1 indicate good performance. 

 

J =
TP

(TP+FN)
+  

TN

(FP+TN)
 − 1        (14) 

 

Features extracted are classified by using different classifiers. 

Performance of variants of SVM is tabulated in Table 2, and a plot 

of it is shown in Fig 2. It can be seen that SVM with Polynomial 

of order 1 gives best results of an accuracy of 96.7%, Sensitivity 

of 94.29%, Specificity of 100% and Misclassification rate of 3.3%, 

Youden’s index is a good indication of both positive as well as 

negative predictions, and this value are also nearer to 1 than other 

forms of SVMs. In order to overcome “Curse of Dimensionality", 

PCA is applied to feature set. Results of SVM classification after 

applications of PCA to the data are given in Table 3, and the relat-

ed plot is given in Fig 3. Results indicate that there is a reduction 

in the performance. As mentioned earlier, the features extracted in 

this work are Haralick features of Gabor Images and Haralick et 

al., [16] in their paper have mentioned that some of the features 

suggested by them are correlated. Hence, reduction in the perfor-

mance of the classifier in case of PCA might be due to redundancy 

in the feature extracted. 

In order to overcome this problem feature selection using Genetic 

Algorithm is applied. The SVM classification results of this are 

tabulated in Table 4, and the plot is given in Fig 4. The results 

show good improvement on the performance. Again, best results 

are achieved by SVM with polynomial of order 1 with an accuracy 

of 98.7%, Sensitivity of 98.61% and Specificity of 100%. It also 

shows lowest Misclassification rate of 1.3% as well as the best 

Youden’s index of 0.9861, which is nearest of all to 1.  

 
Table 2: Performance of SVM (in %) 

SVM Acc Sn Sp MCR PPV NPV J 

Linear 94.89 91.06 100 5.11 100 89.72 91.06 

Poly 1 96.7 94.29 100 3.3 100 92.92 94.29 
Poly 2 96.55 95.03 98.58 3.45 98.91 93.72 93.58 

Poly 3 95.71 95.42 96.10 4.29 97.03 94.02 91.52 

RBF 94.34 95.59 92.68 5.66 94.6 94.04 88.27 

 

 
Fig. 2: Performance of SVM. 

 

 
Table 3:Performance of SVM with PCA (in %) 

SVM Acc Sn Sp MCR PPV NPV J 

Linear 93.17 95.72 89.76 6.83 92.58 94.02 85.48 

Poly 1 93.78 95.61 91.33 6.22 93.63 93.98 86.94 

Poly 2 93.76 95.17 91.88 6.24 93.99 93.46 87.05 
Poly 3 93.45 94.8 91.66 6.55 93.81 92.96 86.46 

RBF 93.64 94.63 92.31 6.36 94.26 92.80 86.94 

 

 

 
Fig. 3: Performance of SVM with PCA. 
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Table 4: Performance of SVM with GA (in %) 

SVM Acc Sn Sp MCR PPV NPV J 

Linear 97.14 95.72 100 2.86 99.58 98.02 95.72 
Poly 1 98.7 98.61 100 1.3 99.63 98.98 98.61 

Poly 2 98.5 97.17 99.88 1.5 98.99 97.46 97.05 

Poly 3 98.7 97.8 99.66 1.3 98.81 97.96 97.46 
RBF 96.2 97.63 94.31 3.8 96.26 96.80 91.94 

 

 

 
Fig. 4: Performance of SVM with GA. 

 

 
Table 5:Comparison of SVM Performance in Terms of Accuracy 

SVM Used SVM SVM with PCA SVM with GA 

Linear 94.89 93.17 97.14 

Polynomial 1 96.7 93.78 98.7 

Polynomial 2 96.55 93.76 98.5 
Polynomial 3 95.71 93.45 98.7 

RBF 94.34 93.64 96.2 

 

 

 
Fig. 5:Performance of SVM in Terms of Accuracy. 

 

 

 
Fig. 6: Youden’s Index of SVM. 

 

 

 

Table 6: Comparison of KNN Performance in terms of Accuracy 

Distance Used KNN KNN with PCA KNN with GA 

Euclidean 94.28 94.45 95.25 
Mahalanobis 94.3 94.43 95.6 

City Block 94.25 94.35 95.3 

 

 
Fig. 7:Performance of KNN in Terms of Accuracy 

 

 
Table 7:Drusen Detection Techniques Used by Different Authors 

 
Author (Year of 

Publication) 
Feature Extraction Classification Accuracy 

1.  

M R K Mookiah 

et al., [12] 

(2014) 

Wavelet Transform 
with KLD 

SVM 93.7% 

2.  

M R K Mookiah 

et al., [13] 

(2014) 

Entropies, HOS and 
Gabor Filter. 

SVM 90.19% 

3.  

Saima Waseem et 

al. [14] 

(2014) 

Color and Gabor 
Filter 

KNN 96% 

4.  

Damon W.K. 

Wong et al. [21] 

(2013) 

Hierarchical Word 
Transform (HWI) 

SVM 95.46% 

5.  Proposed Method 
Gabor Filter with 

GLCM and GA 
SVM 98.7% 

 

A comparison of performance of variants of SVM without PCA or 

GA, With PCA and With GA are summarized in Table 5, and it is 

also plotted in Fig 5. A Plot of Youden’s Index is given in Fig 6. It 

can be seen that feature selection using GA performs the best. 

Extracted features were classified by using KNN classifier with 

Euclidean, Mahalanobis and Cityblock distance measures. Per-

formance of KNN did not show much improvement as compared 

to SVM. The accuracies obtained by KNN are tabulated in Table 6, 

and related plots are given in Fig 7. Even though best accuracy is 

obtained when KNN with the Mahalanobis distance measures was 

applied to features selected by GA, performance of SVM is found 

to be much better. 

Different combination of features and classifiers has been suggest-

ed by various authors for the detection of drusen from fundus 

images as shown in Table 7. Even though the proposed method 

has achieved higher accuracy, the performance cannot be directly 

compared since the methods have been applied on different data-

bases. 

3. Conclusion 

In this work, 224 textural features have been extracted from Gabor 

images with 8 orientations and 2 scales. Performance of different 

forms of SVM and KNN with different types of distance measure 

has been evaluated. A Comparative study has been made by ap-

plying these classifiers directly to the features extracted, features 

reduced using Principle Component Analysis and features selected 

using Genetic Algorithm. Results obtained indicate that SVM with 

Polynomial of order 1 applied to features selected using Genetic 

algorithm gives best results with accuracy of 98.7%. Youden’s 
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Index which is a measure of how well the classifier performs for 

detection of both presence and absence of any abnormality is also 

found to be best in this case and it is 0.9861. The results obtained 

in this work indicates that taking this work further can go a long 

way in aiding automated detection of drusen there by leading to 

detection of Age Related Macular Degeneration (AMD).  
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