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Abstract: In this study a computer aided screening system for the detection of bright lesions or exudates using color 
fundus images is proposed. The proposed screening system is used to identify the suspicious regions for bright 
lesions. A texture feature extraction method is also demonstrated to describe the characteristics of region of interest. 
In final stage the normal and abnormal images are classified using Support vector machine classifier. Our proposed 
system obtained the effective detection performance compared to some of the state-of-art methods. 
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INTRODUCTION 

 
Diabetic Retinopathy (DR) is the leading cause of 

blindness and it is the diabetic eye disease. According to 
International Diabetes Federation (IDF) (2013) now 
people are having diabetes is about 387 million 
worldwide and it will be increased to 592 million by 
2035. IDF declared that 52% of Indians are not knowing 
about diabetes that they are suffering with high blood 
sugar. In rural India around 34 million people effected 
with diabetes compared to urban Indians around 28 
million people (International Diabetes Federation (IDF), 
2013).  

Due to the damage of the vessels of the retina this 
disease will occur. Blood vessels may swell and fluid 
leakage will happen. So that pathologies will occur. The 
pathologies in the early stage should be recognized to 
prevent blindness. For this purpose Computer Aided 
Detection (CADe) system will help as a second opinion 
for early diagnosis. Now some of diabeticians are also 
using fundus camera to analyze the color fundus images 
by screening diabetic retinopathy for lesions. This 
avoids vision loss in diabetes attacked patients. A 
physician and CADe system will do the same task, i.e., 
the identification of lesions from fundus images. But 
system software tool will identify and mark the 
suspicious regions for physician review. To raise the 
accuracy of diagnosis, CADe systems are developed to 
help the physicians or diabeticians as assistants for the 
recognition of lesions.  

Bright lesions or exudates are the pathologies which 
appear bright yellow or white color with varying sizes 
and shapes. So the yellow color patches should be 
identified in the early stage to prevent the number of 
blindness. A numerous techniques are developed for 

pathologies detection. Exudates are one of the earliest 
signs of diabetic retinopathy. Sinthanayothin et al. 
(1999) proposed Recursive Region-Growing 
Segmentation (RRGS) and thresholding algorithms. 
This give rise to sensitivity and specificity of 88.5 and 
99.7% respectively. Jayakumari and Santhanam (2007) 
implemented contextual clustering and they used 
features such as convex area, solidity, orientation for 
classification. They reported sensitivity and specificity 
of 93.4, 80% respectively. Welfer et al. (2010) proposed 
morphological and thresholding techniques for lesion 
detection and they obtained sensitivity and specificity of 
70.5 and 98.8% respectively. Lin and Bing-Kun (2012) 
proposed an automated technique for exudates 
segmentation and it is based on Fuzzy c-means 
clustering algorithm. The obtained sensitivity and 
specificity  are  84.8  and  87.5% respectively. Wisaeng 
et al. (2015) proposed the moving average histogram 
model and exact location of exudates are marked by 
sobel and Otsu’s thresholding. The obtained Area Under 
Curve (AUC) is 93.69%. Esmaeli et al. (2012) recently 
proposed exudates detection by using digital curvelet 
transform and they used to change the coefficients of 
curvelets and level segmentation. The obtained 
sensitivity and specificity are 98.4 and 90.1%, 
respectively. Rocha et al. (2012) proposed lesions 
identification in visual words and the AUC is 95.3%. 
Agurto et al. (2010) proposed multi-scale optimization 
approach for lesion detection. It uses AM-FM 
representations, where partial least square method has 
applied for classification in normal and abnormal 
images. Recently, Giancardo et al. (2012) proposed 
bright lesion detection based on the probability maps, 
color and wavelet analysis. The AUC obtained is around 
0.88 to 0.94. Pires et al. (2013) proposed soft 
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assignment coding/max pooling for exudates detection; 
and for feature extraction Speeded Up Robust Feature 
extraction    (SURF)   algorithm   is   implemented.  The  
reported AUC is 93.4%. Harangi and Hajdu (2014) 

proposed multiple active contour technique for lesion 

detection and region wise classification is done for 

distinguishing the normal and abnormal images. The 

sensitivity, specificity and AUC are 92.1, 68.4 and 0.82 

respectively. For the detection of lesions, motion 

patterns are created for region of interest in color fundus 

images by Deepak and Sivaswamy (2012). For feature 

extraction Radon transform is used. The sensitivity and 

specificity are reported to be 100 and 74%, respectively. 

Pachiyappan et al. (2012) proposed morphological 

dilation, closing, filling and threshold criteria for bright 

lesion detection. This give rise to an accuracy about 

97.7%. Roychowdhury et al. (2014) proposed a novel 

technique based on maximum solidity and minimum 

intensity for lesion detection. Lesion classified based on 

hierarchical classification. The obtained sensitivity and 

specificity are 100% and 53.16% respectively. 

Ravishankar et al. (2009) proposed localization of 

lesions, based on color properties, intensity variations 

and morphological operations. They obtained sensitivity 

and specificity are 95.7 and 94.2% respectively. Van 

Grinsven et al. (2013) proposed a bag of visual words 

approach to characterize the fundus image. They 

implemented decomposition of image as patches. From 

each image patch, various features are extracted and 

classification was done based on weighed nearest 

neighbor method. The resulted AUC is 0.90.  

In this study our objective is to made use novel 

combination of the existing techniques in order to 

achieve better sensitivity, specificity and accuracy than 

the previously used techniques. In our proposed method, 

the bilateral filtering step is applied as a preprocessing 

step, because fundus images in datasets are having noise 

and they are poorly illuminated. Contrast enhancement 

is done to increase the contrast between foreground with 

exudates and background elements like Optic Disk (OD) 

and vessels. The anatomical structures of OD and 

vessels are extracted and eliminated for visualization of 

lesions clearly. The remaining foreground lesions are 

segmented. In order to characterize the segmented 

lesions, texture features are calculated. Finally Support 

Vector Machine classifier (SVM) is used to distinguish 

the lesions and non-lesions images.  

 

PROPOSED METHOD 
 

The proposed method is a four stage CADe system 

for lesion detection in color fundus images. The first 

stage comprises pre-processing and the next stage is 

segmentation of anatomical structures and pathological 

parts. The stage three is feature extraction and the final 

stage is classification. Figure 1 shows the block diagram  

 
 
Fig. 1: Block diagram of proposed CADe system for lesion 

detection 

 

of proposed technique and the following sections will 

give detailed explanation about each method. 

 

Image pre-processing: The pre-processing of fundus 

images reduces or removes the effects of noises, vessel 

parts and some patches visible like lesions (Fig. 2a). All 

images using here are preprocessed because images in 

datasets are often noisy and they are having poor 

illumination. First we extract green channel Ig so that 

exudates appear brighter in this channel compared to 

other channels (Fig. 2b). Now histogram equalization 

and contrast enhancement are applied on Ig. Then, 

contrast between foreground and background structures 

is increased and resulting Ihist shown in Fig. 2c. In order 

to remove unwanted some visible spots, noise, lines, 

obstacles, Bilateral Filter (BF) (Petschnigg et al., 2004) 

is used. Because it smoothens flat surfaces while 

preserving sharp edges in image by having same pixels 

placed in every neighborhood Ibf. This is shown in Fig. 

2d. 

 

Segmentation of opticdisk and vessels: In this stage 

first we extract the Optic Disk (OD) and main vessel 

parts. Then, these structures are masked out because 

there is higher order similarity in between bright lesions, 

OD vessel structures. Generally, OD and vessels are 

recognized as lesions by mistake. The OD structure is 

segmented using image dilation by having disk 

structuring element (10, 4). The resulting binary image 

with OD is shown in Fig. 2e. The multi-scale hessian 

matrix shown in (1) is used to find the tubular structure. 

We have extracted the vessel structures using the same 

multi-scale hessian matrix: 
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Fig. 2: (a): Color fundus image; (b): Green channel extracted 

image; (c): Histogram equalized image; (d)

filter applied image; (e): Optic disk extracted image; 

(f): Vessel extracted image based on Hessian matrix 

transform 
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where, I is the pre-processed image. Second order partial 

derivative for the image I is done. We can have eigen 

values with following conditions for an ideal tubular 

structure: 
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The vessel function is given by V(l): 
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V(l) is a function and its value gives the tubular 

structure for every pixel. The maximum function value 

V(l) corresponds to pixel value that stands for scale. The 

main vessel is having a large scale property. The 

extracted image Ivl shown in Fig. 2f. 

 

Lesion detection by removing opticdisk and vessels:

Now it is essential to remove the optic disk and main 

vessel parts. We are having the binary images with 

extracted optic disk IOD and vessel structures I

in Fig. 2e and f. The elements of binary image with 

optic disk and the elements of binary image with vessel 

are subtracted from unity. Now in the resultant images, 

each element is multiplied with the illumination 

corrected image elements presented in (2) and (3). Then 

both the structures i.e., optic disk and main vessels are 

masked out. This is shown in Fig. 3a: 
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Green channel extracted 

Histogram equalized image; (d): Bilateral 

disk extracted image; 

Vessel extracted image based on Hessian matrix 

              (1) 

processed image. Second order partial 

derivative for the image I is done. We can have eigen 

values with following conditions for an ideal tubular 

is a function and its value gives the tubular 

structure for every pixel. The maximum function value 

corresponds to pixel value that stands for scale. The 

cale property. The 

Lesion detection by removing opticdisk and vessels: 
Now it is essential to remove the optic disk and main 

vessel parts. We are having the binary images with 

and vessel structures Ivl shown 

in Fig. 2e and f. The elements of binary image with 

optic disk and the elements of binary image with vessel 

are subtracted from unity. Now in the resultant images, 

each element is multiplied with the illumination 

image elements presented in (2) and (3). Then 

both the structures i.e., optic disk and main vessels are 

 
 

(a)       
  

 
(c) 

 
Fig. 3: (a): Masked out optic disk and vessels; (b)

Thresholded image; (c): Lesion segmented image

 
Table 1: Features extracted from ROI 

No. Feature 

1 Total number of pixels in the ROI

2 Distance from centre of OD
3 Distance from vascular region

4 Minimum pixel intensity in Ig

5 Maximum pixel intensity in Ig
6 Mean pixel intensity in Ig

7 Skewness of ROI 

8 Entropy of ROI 
9 Standard deviation of ROI

10 Correlation coefficient in ROI block

11 Minimum correlation coefficient in ROI block
12 Maximum correlation coefficient in ROI block

13 Mean of pixel intensities in 

14 Distance around the detected ROI
15 Variance of pixels for the detected ROI

16 Anisotropy for detected ROI

17 Maximum pixel intensity in ROI of I
18 Minimum pixel intensity in ROI of I

19 Sum of pixel intensities in ROI block of  I

20 Distance from macular region in  I
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After the masking of the optic disk and main vessel 

structures, lesion parts will be segmented by 

thresholding based on histogram. Canny (1986) is 

applied to find the borders of the lesions based on 

thresholded image which contains exudates (

The contours of yellow color exudates are drawn in the 

illumination corrected fundus image based on intensity 

pixel values of thresholded image. This results in I

shown in Fig. 3c. 

 

Feature extraction from segmented lesions:

detection of suspicious regions of lesion parts, the 

feature extraction is done to characterize the lesions 

shown in Fig. 3c. Now we will findo

patches that are lesions or non lesions. The extracted 

features from the detected suspicious regions are shown 

in Table 1. In the detected suspicious regions

consider   2×2   or   4×4  blocks.  Mostly

 

      (b) 

 

out optic disk and vessels; (b): 
Lesion segmented image 

Total number of pixels in the ROI 

Distance from centre of OD 
Distance from vascular region 

Minimum pixel intensity in Ig 

Maximum pixel intensity in Ig 
intensity in Ig 

Standard deviation of ROI 

Correlation coefficient in ROI block 

Minimum correlation coefficient in ROI block 
Maximum correlation coefficient in ROI block 

Mean of pixel intensities in ROI block 

Distance around the detected ROI 
Variance of pixels for the detected ROI 

Anisotropy for detected ROI 

Maximum pixel intensity in ROI of Ile 
Minimum pixel intensity in ROI of Ile  

Sum of pixel intensities in ROI block of  Ile 

Distance from macular region in  Ile 

��$              (2) 

�                (3)  

After the masking of the optic disk and main vessel 

structures, lesion parts will be segmented by 

histogram. Canny (1986) is 

applied to find the borders of the lesions based on 

e which contains exudates (Fig. 3b). 

The contours of yellow color exudates are drawn in the 

illumination corrected fundus image based on intensity 

f thresholded image. This results in Ile 

Feature extraction from segmented lesions: After the 

detection of suspicious regions of lesion parts, the 

feature extraction is done to characterize the lesions 

shown in Fig. 3c. Now we will findout the detected 

patches that are lesions or non lesions. The extracted 

features from the detected suspicious regions are shown 

in Table 1. In the detected suspicious regions we can 

Mostly  non-correlated  
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Table 2: Calculated feature values 

Feature values of detected ROIs of 

abnormal images  

Feature values of detected 
ROIs of normal images 

0.087 0.473 
0.038 0.238 

16 0.309 
282 0.225 
0.120 0.421 
97 6 
0.552 0.510 
8.552 0.188 
0.340 204 
0.558 0.351 
1.071 0.062 
0.067 0.149 
0.312 0.045 
0.0227 0.084 
0.175 0.287 
0.153 0.270 
0.097 5.396 
0.028 88 
0.164 0.247 
0.107 0.126 

 
feature values for normal and abnormal suspicious 
regions are shown in Table 2. 
 
Classification: We have detected the structures with 
foreground and background and segmented the 
suspicious lesion regions. However, it is essential to 
classify whether the detected pathologies are true 
exudates or not. There are many methods available for 
the classification of data. In our study, we made use of 
Support Vector Machine (SVM) classifier which is 
efficient for separating two different types of datasets. 
The SVM classifier uses a hyper plane to separate two 
datasets. The features are extracted from the segmented 
regions for lesion classification. Now by having the 
feature vectors f1 and f2 from suspicious regions of 
normal and abnormal images, we can train the classifier 
assigning class labels as y = +1 or -1. During the testing 
of the classifier one feature vector f

*
 is adopted and it is 

tested by having the feature values. Finally, it will 
assign which class it belongs to i.e., whether +1 or -1. 
 

EXPERIMENTAL RESULTS 
 
Dataset: The proposed CADe system is trained and 
tested by adopting two publicly available datasets for 
normal  and  diseased  patients. DIARETDB1 (Kauppi 
et al., 2007) dataset is having total 89 images with 50° 
field of view. These images are separated into two 
groups for training and testing. MESSIDOR (Messidor, 
2010) dataset contains total 1200 images with 45° field 
of view. We have implemented our CAD screening 
system on these images. 

The statistical measures used for analyzing the 
performance of CAD screening system defined in terms 
of True Positives (TP), False Positives (FP), True 
Negatives (TN), False Negatives (FN): 

 
Sensitivity (sen) = TP/(TP+FN) 
Specificity (spe) = TN/(TN+FP) 
Accuracy (acc) = (sen+spe)/2 

 
 
Fig. 4: ROC curve for proposed system 
 
Table 3: Feature values selected in stepwise for classification 

Selected number 
of features 

Sensitivity 
(%) 

Specificity 
(%) 

Accuracy  
(%) 

05 95.03 94.67 94.85 
10 95 90.1 92.55 
15 95.03 100 95.32 
20 100 94.6 96.66 

 
Table 4: Comparison of performance of previous work done (%) 

Technique Year Accuracy (%) 

Sopharak et al. 2008 89.75 
Sánchez et al. 2009 88.1 
Pan and Bring-Kun 2012 86.15 
Esmaeli et al. 2012 94.25 
Rocha et al. 2012 95.3 
Giancardo et al. 2012 94.1 
Pires et al. 2013 93.4 
Harangi and Hajdu 2014 82.2 
Roychowdhury et al. 2014 95.35 
Proposed method 2015 96.66 

 
where,  
TP = Number of abnormal images correctly identified 

as abnormal 
TN = Number of normal images correctly identified as 

normal 
FP = Number of normal images incorrectly identified 

as abnormal 
FN = Number of abnormal images incorrectly 

identified as normal 
 

To know the diagnosis performance we have to 

measure the sen, spe and acc parameters. Figure 4 

shows the Receiver Operating Character (ROC) curve. 

The graph in Fig. 4 has false positive rate or specificity 

on x-axis and true positive rate or sensitivity on y-axis. 

If an ROC curve shows AUC = 1, then it is perfect 

diagnosis, otherwise, if it shows 0.5, then it is worst 

case. In the proposed work have achieved AUC = 

0.966. The measure of accuracy is proportional to the 

AUC. 

 
Analysis of classifier: In this proposed system the used 
classifier is SVM. SVM is implemented in two datasets 
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for classification of lesions and non lesions feature 
values which are shown in Table 2. By analyzing 
classifier, the false positives are got very less and the 
TPs obtained are more than half of feature values taken. 
It is around 66.6%. Around 20 features are calculated 
and in stepwise (at a step of 5) features are considered 
for classification. The accuracy results are tabulated in 
Table 3. Finally our proposed system is compared with 
previous work done by several researchers on exudates 
detection. Accuracies of previous techniques are 
compared with proposed method and Table 4. 
 

CONCLUSION 

 

The proposed CADe system is a four stage 

detection system. Here around 20 features are 

obtainedfrom lesion and non-lesion regions where 

feature values are calculated for classification. The 

AUC obtained is 0.966 and it out perform the methods 

proposed in the literature. So, our screening system can 

be able to identify the lesions and it can be a better 

assistant for a diabetician or physician. In our work, 20 

features show the satisfactory performance by 

segmenting the lesion areas. Future research direction is 

to implement a combination of classifiers which is 

expected   to   give   better   accuracy.   Further,  we  

would like to perform proposed method for other 

lesions like cottonwool spots, Microaneurysms and 

Haemorrahages. 
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