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Abstract— The development of an automatic telemedicine 

system for diabetic retinopathy depends on detection of red 

lesion in color images. This paper presents a new method for 

red lesion detection i.e. detection of microaneurysms and 

hemorrhages. Microaneurysms and hemorrhages occurs at 

the first stage of Diabetic Retinopathy. Lesions are hardly 

visible, proposed method improves the ability to distinguish 

between lesions and non-lesions. 
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I. INTRODUCTION 

Diabetic Retinopathy is one of the major cause of vision loss 

that cannot be corrected with glasses. In Diabetic Retinopathy 

the blood vessels that nurish retina are blocked. In working-

age population it is most common problem of blindness [6]. 

If diabetic retinopathy is detected early it can be managed 

using available treatments. Regular eye fundus examination 

is necessary because Diabetic retinopathy do not presents any 

symptoms until late in disease. 

A. Diabetic Retinopathy has 4 stages 

1) Mild non-proliferative DR: At this stage, 

microaneurysms occur. Microaneurysms are small areas 

of ballon like swelling in the retina blood vessels. 

2) Moderate non-proliferative DR: At this disease stage, 

some blood vessels are blocked that nourish the retina. 

3) Severe non-proliferative DR: Here more blood vessels 

are blocked, depriving several areas of the retina blood 

supply.  

4) Proliferative DR: At this advanced stage, the signal sent 

by the retina for nourishment trigger the growth of new 

blood vessels. These new blood vessels are abnormal and 

fragile. They grow along the retina and along the surface. 

In 2025, it is expected that 333millions diabetic 

patients over the world will require retinal examination each 

year due to the increasing prevalence of diabetes and 

increasing population [9]. There is need of automation in 

screening process due to the limited number of 

ophthalmologists to cover a large number of diabetes patients 

and reducing burden on retina specialists. Automation can be 

carried out at two levels, first, to identify persons with 

Diabetic Retinopathy, second, grading persons according to 

severity [1]. Research focuses on the development of an 

automatic telemedicine system for computer-aided screening 

and grading of Diabetic Retinopathy. Computer processing 

cannot replace clinician work but the system detects color 

fundus images with red lesions and then according to their 

severity they are sorted. Hence the clinician can work first 

with most severe case. The specialist’s burden and 

examination time can be reduced with such an automatic 

system which also provides additional advantages of 

reproducibility and objectivity [8]. 

A computer based screening and grading system 

helps in automatic detection of red lesions. Retinal image of 

Diabetic Retinopathy person shows red lesions which are 

microaneurysms and hemorrhages, and bright lesions such as 

exudates and cotton wool spots. In this project we detect 

microaneurysms and hemorrhages which occurs at the first 

stage of Diabetic Retinopathy. 

In this paper new method is proposed for detection 

of microaneurysms and hemorrhages.  

II. METHODOLOGY 

The method takes fundus image as an input with binary mask 

of its region of interest. The method has six steps. First input 

image is preprocessed via smoothing and normalization. 

Second, Optic disc is detected and this part removed. After 

that image is converted from RGB to HSV color space. 

Fourth, DWT decomposition is applied to the resulting 

image. Then the LL component is selected and features are 

extracted. And finally the Random Forest Classifier is used 

for Classification between lesions and non-lesions. 

A. Image Preprocessing 

Leading to contrast variation and local luminosity, the 

illumination of retina is not uniform. The illumination can be 

more at some part and less and some part. In low contrast or 

low brightness lesions may not be visible. Moreover images 

may vary in terms of color and quality. So it is necessary to 

perform image preprocessing steps to overcome these 

problems. There are four image preprocessing steps 

 
Fig. 1: Preprocessing steps 

1) Illumination Equalization 

Most of the times due to light fall-off image corners are 

darken compared to the center, this is known as vignetting 

effect. Illumination equalization method is used to overcome 

vignetting effect [8].  

In this method, a large mean filter (fm1) of diameter 

d1 is applied to each color component of original image I to 

estimate its illumination. After that to correct potential shade 

variation resulting color image is subtracted from original 

image. Finally to keep the same color range as in original 

image average intensity µ of the original channel is added. 

Iie = I + µ - I* fm1 
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Fig. 2: Vignetting effect is corrected in four iterations 

 
Fig. 3: Vignetting- corrected image. 

2) Denoising 

Noise is generated from compression and acquisition steps. 

In order to attenuate this noise, a small mean filter (fm2) of 

diameter d2 is applied to each color channel of the resulting 

image Iie without smoothing the lesions. 

 
Fig. 4: Filtered image after denoising 

3) Adaptive Contrast Equalization 

Using the local standard deviation the contrast drift is 

approximated, computed for each pixel in neighborhood of 

diameter d1, for each color channel (Istd). Areas that have low 

standard deviation indicate low contrast or smooth 

background. We sharpen details in these regions, to enhance 

low contrast areas using following equation for each color 

channel separately: 

Ice = Idn+ (Idn * (1-fm3))/ Istd 

 
Fig. 5: Adaptive contrast Equalized image. 

4) Color Normalization 

To obtain images with standardized color range color 

normalization is necessary. Here we perform histogram 

stretching to each color channel of Ice, and clipping in the 

range of µ ± 3σ, where σ and µare the standard and mean 

deviation of the color channel. 

 
Fig. 6: Color Normalized image 

B. Optic Disc Removal 

The removal of OD is necessary because it is significant 

source of false positives in red lesion detection [2,12]. 

On the preprocessed image we use an entropy based 

approach to find the location of OD’s center. In the high 

intensity region where the vessels have maximal directional 

entropy, OD is located. An optimization step then finds OD’s 

radius.  OD’s final radius and center position are selected as 

the radius and position of the matched filter that minimizes 

the convolution. 

Here the preprocessed image is separated in red, 

green and blue plane. Next that binary green image is 

obtained. After the convex hull is obtained to find the location 

of OD. Then optic nerve is outlined in the original color 

image. And finally optic disc is removed.  

 
Fig. 7: Results of OD removal steps 

 
Fig. 8: OD removed image 

C. RGB to HSV conversion 

Color vision can be processed using RGB color space and 

HSV color space. RGB color space describes colors in terms 

of the amount of red, green, and blue. HSV describes colors 

in terms of the Hue, Saturation and value. 

Presently where color description plays an integral 

role, the HSV color model is often preferred over the RGB 

model. The HSV model describes colors similarly to how the 

human eye tends to perceive color. HSV describes color using 
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more familiar comparisons such as color, vibrancy and 

brightness where as RGB defines color in terms of a 

combination of primary colors. The color information in RGB 

is usually more noisy than HSV color space. Hence the image 

is converted from RGB to HSV color space. 

D. DWT Decomposition 

Wavelet transform are the mathematical function that cut up 

data into different frequency components and then study each 

component with a resolution matched to its scale. 

The discrete wavelet transform returns a data vector 

of the same length as the input is. Usually, even in this vector 

many data are almost zero. This corresponds to the fact that 

it decomposes into a set of wavelets (functions) that are 

orthogonal to its translations and scaling. Therefore we 

decompose such a signal to a same or lower number of the 

wavelet coefficient spectrum as is the number of signal data 

points. Such a wavelet spectrum is very good for signal 

processing and compression, for example, as we get no 

redundant information here. 

The discrete wavelet transform (DWT) is an 

implementation of the wavelet transform using a discrete set 

of the wavelet scales and translations obeying some defined 

rules. In other words, this transform decomposes the signal 

into mutually orthogonal set of wavelets, which is the main 

difference from the continuous wavelet transform (CWT), or 

its implementation for the discrete time series sometimes 

called discrete-time continuous wavelet transform (DT-

CWT). 

The first DWT was invented by Hungarian 

mathematician Alferd Haar. For an input represented by a list 

of numbers, the Haar Wavlet transform may be considered to 

pair up input values, storing the difference and passing the 

sum. This process is repeated recursively, pairing up the sums 

to prove the next scale, which leads to differences and a final 

sum. 

E. Selection of LL component and Feature Extraction 

DWT converts image into four components LL, LH, HL, HH. 

Among these four components the LL component contains 

more information.  Hence among these four components LL 

component is selected for further feature extraction. 

 

Fig. 9: Selection of LL component 

Features are extracted using Krisch Template. 

1) Krisch Template 

Kirsch templates of size 3x3 are used for the extraction of 

blood vessels from retinal image.   Edge detection is a process 

of identifying the pixel values in order to get frequently and 

abrupt changes. The generally output of edge detection 

through Kirsch template is to produce an image containing 

grey level pixels of value 0 or 255.The value 0 of pixel grey 

indicates a black pixel and the value 255 indicates a white 

pixel. Edge information of a particular and target pixel is 

checked by determining the brightness level of the 

neighbouring pixels. 

If there is no major difference in the brightness 

levels then there is no possibility of edge in the image. The 

described procedure is most common and fundamental 

approach among all the available edge detection algorithms 

such as, Prewitt, Sobel etc.  In this paper Kirsch template 

technique is used for the extraction blood vessels from retinal 

images. The Kirsch edge detection algorithm uses a single 

mask of size 3x3 and rotates it in 45 degree increments 

through all 8 directions [14]. 

The edge magnitude of the Kirsch operator is 

calculated as the maximum magnitude across all direction. 

The matrix contains the information of a pixel and its 

neighbours.  

The Kirsch algorithm detects direction of the edge 

as well as an edge. Accordingly, there are eight possible 

directions south, east, north, west, northeast, southeast, 

southwest and northwest. Out of the several templates the 

biggest one is considered for the output value and later the 

edges are extracted. 

 
Fig. 10: Kirsch 8 templates outputs 

Among these 8 templates the maximum magnitude 

across all directions is taken. 

 
Fig. 11: Extracted lesions 

2) Masking 

To create a mask the image obtained after OD removal is 

converted from RGB to Gray. 

 
Fig. 12: Output of OD removal is converted from RGB to 

gray. 
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In this above image the pixels that have value below 

50 are set to zero and those pixels that are above 50 are set to 

one to create mask. 

 
Fig. 13: Mask 

To make the lesions clearly visible the mask created 

shown in figure is applied to figure 11. 

 
Fig. 14: Extracted lesions after masking. 

After this figure 14 is compared with figure 8 to 

obtained only the image that contains the features. Here in the 

image 14 only those features are kept that are present in figure 

8 and remaining all are discarded. So that we get clear view 

of only features.  

 
Figure 15. Feature image 

F. Classification 

Classification is the final step which gives clear idea between 

the lesions and non-lesions. In this project for Random Forest 

classifier is used for classification. 

1) Random Forest Classifier 

Random Forest is a machine learning algorithm by Leo 

Breiman for classification and regression consisting of an 

ensemble of independent decision trees. Each tree is learned 

with randomly selected samples and features. Compared to 

other ensemble learning algorithms, i.e. boosting, that build a 

flat tree structure of decision stumps, Random Forest is multi-

class capable and has some preferable characteristics such as 

a faster training procedure and useful internal estimates. 

Land cover monitoring using remotely sensed data 

requires robust classification methods which allow for the 

accurate mapping of complex land cover and land use 

categories. Random forest (RF) is a powerful machine 

learning classifier that is relatively unknown in land remote 

sensing and has not been evaluated thoroughly by the remote 

sensing community compared to more conventional pattern 

recognition techniques. Key advantages of RF include: their 

non-parametric nature; high classification accuracy; and 

capability to determine variable importance. However, the 

split rules for classification are unknown, therefore RF can be 

considered to be black box type classifier. RF provides an 

algorithm for estimating missing values; and flexibility to 

perform several types of data analysis, including regression, 

classification, survival analysis, and unsupervised learning. 

In this project 100 images are taken for trial and 

tested through Random Forest Classifier. Random Forest 

Classifier classifies features in the images as lesions or non-

lesions, and also tells the percentage that how much the eye 

is affected. Results shows that it is powerful tool for 

classification and gives good accuracy. 

Advantages of Random Forest Classifier  compared 

to other statistical classifiers include (1) very high 

classification accuracy; (2) a novel method of determining 

variable importance; (3) ability to model complex 

interactions among predictor variables; (4) flexibility to 

perform several types of statistical data analysis, including 

regression, classification, survival analysis, and unsupervised 

learning; and (5) an algorithm for imputing missing values. 

Random Forest Classifier identified as most 

important for classifying invasive plant species coincided 

with expectations based on the literature. 

III. RESULTS 

The experimental results for this method are shown in all 

above figures. The codes of these methods are executed in 

MATLAB software. For this MATLAB version 2014a was 

used. MATLAB is a data analysis and visualization tool 

designed to make matrix multiplication as simple as possible. 

In addition it has powerful graphics capabilities and its own 

programming language. 

IV. CONCLUSION 

A new method for red lesion detection is proposed. The 

results of this method gives strong performance in detecting 

both microaneurysms and hemorrhages. The preprocessing 

steps makes lesions clearly visible. Also the optic disc 

removal contributes a great part in detecting false positives 

and true lesion. Kirsch algorithm used for feature extraction 

detects direction of the edge as well as an edge. Random 

forest classifier effectively classifies the lesions and non-

lesions and it is powerful approach that has been widely used 

in computer vision due to its numerous advantages.  
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