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 Diabetic Retinopathy is a medical condition which affects the eyes due to 
increased blood sugar levels. This is characterized by presence of exudates - 
deposits of lipids in the posterior pole of the retina. If this ailment is not treated 
in earlier stages these deposits can cause blurred vision or even permanent 
blindness. This paper concentrates on extraction of hard exudates and optic 
disc from the retinal images of eyes using Marker based Watershed approach, 
which uses the minima imposition method to create mask and marker. The 
varying contrast across all the images has been taken care by a non-linear 
equation. Once these bright objects have been extracted from fundus images, 
area estimation is performed to eliminate the optic disk, thus retaining only 
exudates. These images have been procured from publicly available databases. 
Though software systems are easy to install, they prove to be expensive in 
terms of time and cost; thus this method has also been implemented on FPGA 
for an on-chip solution. The precision and sensitivity for exudate extraction 
sans optic disk are found to be 92.4% and 83.78% respectively.  Though other 
techniques exist which provide better accuracy, the method described in this 
paper is found to be hardware friendly in comparison with other proven 
methods. Few steps of the algorithm developed are implemented on FPGA to 
provide an embedded system approach to this work, considering the 
advantages of a hardware-software combination. 
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1. INTRODUCTION  

Commonly known as “Diabetes”, Diabetes mellitus is a medical malady caused due to non-typical 
levels of blood glucose level [1]. The main reason to be listed for this ailment is lack of insulin secretion by 
the pancreatic gland, which helps the body monitor the glucose level in blood. Diabetes affects several parts of 
the body such as kidneys, eyes and nerves.  

Diabetic Retinopathy (abbreviated as DR) is one such medical abnormality where the blood vessels 
of the retina of the eyes become fragile and eventually disintegrate thus causing swelling or leakage of the 
blood vessel fibre ending [2]. This also terminates the oxygen flow to retina thus causing the death of retinal 
tissues. The accumulation of leaked fats and lipids is known as exudates. There are two types of DR: Non 
Proliferative DR (NPDR) and Proliferative DR (PDR) [3]. NPDR is an early stage of DR where the retina 
inflames due to leakage of blood vessels, especially in the macular region of the eye, known as macular edema 
[4]. Also, the blood vessels can bloat and eventually leading to closure of the same, which is named as macular 
ischemia [5]. This leads to deposits of fatty compounds and lipids in the retina, which are known as exudates. 
NPDR often results in blurry vision. PDR is the progressive stage of DR. This is characterised by an intricate 
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condition known as neovascularization [6]. Here, new fragile blood vessels grow in the retinal area. Excessive 
bleeding caused by these vessels can result in permanent blindness. Furthermore, these vessels can combine to 
become scar tissue, which eventually detach the retina. 

There are two types of exudates: Hard exudates and soft exudates [7]. Also known as waxy exudates, 
hard exudates are shiny deposits found in the posterior pole of the eye. These bright white or yellowish white 
deposits with sharp margins often have roundish patterns. Their size is diverse – found either as small or huge 
patches. On the other hand, soft exudates, often harmless, are often caused due to ischemia. These grayish 
white deposits have irregular, cloud like shapes. This characteristic fetches these exudates the name “Cotton 
Wool Spots”.  

The images of retina or the back of the eyes are captured using a fundus camera [8]. The severity of 
exudates is measured based on its area [9]. If the total area of the exudates is less than the quarter area of the 
optic disc, then it is diagnosed as mild spread. If the exudate area ranges between quarter and a full disc area, 
then it is diagnosed to be moderate. There shall be reason for alarm when the exudate spread area is more than 
the area of the optic disc. 

Since the evolution of digital image processing, its contribution towards medical imaging and 
diagnosis is immense. The increasing growth rate of DR and exudates amongst individuals and an intention of 
successful mass screening of exudates led to the invasion of image processing into fundus image analysis for 
the first time in the year 1997 [10]. Since then, this computer assisted diagnosis technique has explored several 
algorithms to extract exudates from the retinal area. The main idea of this paper is to extract both exudates and 
optic disc, ignoring other complications found in the fundus images. 

As mentioned earlier, several algorithms and techniques have been or are being proposed to extract 
high contrast artefacts that represent exudates and optic disc. Soman and Ravi [11] propose that optic disc can 
be extracted from the green channel component of the original colour image by utilizing Hough transform [12] 
and bit plane slicing. Exudates can be extracted using multiple thresholds. The resulting binary image can be 
smoothened using morphological opening and Gaussian filter. According to Vimala and Mohideen [13], 
median filtering is applied on the intensity component of HIS colour model to obtain uniformly illuminated 
image using a 3x3 window. Contrast limited adaptive histogram equalization (CLAHE) [14] is performed on 
the resultant of median filter This component is merged with hue and saturation and the combination is 
converted to L*a*b* colour space. Different objects from a*b* layers have to be segmented using K-means 
clustering method [15]. The pixels of these clusters are labelled with an index obtained after k-means clustering. 
Based on homogeneous colour property, exudates and optic disc are extracted. Furthermore, Support Vector 
Machine (SVM) is employed to detect exudates using features such as energy, dissimilarity, homogeneity and 
standard deviation.  

Esmaeili, et. al., [16] suggest the application of digital curvelet transform (DCUT) [17] for better 
extraction of high intensity pixels from an image. Initially, Haar transform [17] is applied on the red plane with 
empirical threshold (value = 35). Morphological operations are executed such that this process results in a 
binary image. Fourier samples of the RGB image are obtained by performing two-dimensional Fast Fourier 
Transform (2D FFT). When digital curvelet transform (DCUT) [18] is applied on this contrast enhanced green 
image, coefficients with greater value when compared to the rest are obtained in the areas of optic disc and 
exudates due to their high contrast. Based on the coefficients, the image is reconstructed and the RGB colour 
model is configured back. Next, CLAHE is applied to enhance optic disc (OD) further from red and green 
channels. Canny edge detector and morphological operators are applied to extract optic disc. The OD is 
localised by locating the converging points of all the blood vessels in the retina. In [19], Mohamed et. al. 
propose to resize the image to reduce computation time. CLAHE is applied over green channel to enhance 
contrast. White top hat transform with huge structuring element is applied to avoid loss of information, if huge 
exudates are found to be present. However, small exudates lost during this process are obtained by performing 
logical ORing of binary image obtained with morphological gradient applied on green channel. 

Elbalaoui, et al., in [20] recommend that red and green channels for OD extraction. Both features are 
combined using a mathematical relation. The OD is localised using Curvature Scale Space (CSS) [21]. 2D 
Vesselness function as described in [22] is used to eliminate blood vessels with which the pixels of blood 
vessels are replaced with neighbouring non-blood vessel pixels. Later, Local Binary Fitting [23] to obtain active 
contours of OD is applied. A similar approach has been showcased in [24]. In [25], histogram matching method 
is opted for OD detection. The image is denoised using a mean filter. After its conversion to grayscale, OD 
area is manually cropped. Histograms of these cropped areas are computed are stored as templates. As part of 
testing, several images are divided into 80x80 squares and histograms are plotted. These histograms are 
compared with templates previously stored. The area with best match is considered to be OD. The found area 
is eliminated in the RGB image by replacing the OD pixels with black pixels. Green channel is extracted from 
edited RGB image and CLAHE is applied to improve the contrast of the image. The image is divided into 2 
halves vertically and histogram is computed for both halves. The difference between these peaks is estimated 
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and the peak obtained is fed to Otsu’s algorithm [26] to get binary image. A similar approach has been proposed 
in [27] where HIS colour model has been used instead of grayscale.  

According to [28], the original image is converted to the HSV colour model and median filtering is 
applied. On this image, a brightness correction equation is applied. Further, the original image is normalised 
and summed up with a brightness controlled image. Gamma correction is applied to neutralise brightness 
fluctuations. The green channel of the image is extracted and segmentation is performed to extract optic disk 
and exudates. The threshold for this process is estimated using histogram. To eliminate optic disk, the red 
component is considered and CLAHE is applied, followed by median filtering. Thresholding is performed 
using histogram analysis and the blob with largest area is removed. This resulting image is used as mask to 
extract only exudates from the previously segmented image. 

As per paper [29], the green channel is extracted from the fundus image and average filtering is 
performed to remove Gaussian noise in the image. Next, every pixel of the image is compared with a certain 
‘threshold’; if the pixel value is above this threshold, then the pixel is multiplied with an integer factor, else it 
is divided by the same integer factor. As exudates are of higher pixel value, these blobs get highlighted even 
more, while the background gets suppressed into darker areas. Segmentation is performed on this image to 
extract exudates. Morphological operations such as erosion and dilation are performed to nullify small and 
unnecessary white blobs segmented. Also the optic disk, which is often disintegrated into fragments due to 
blood vessels flowing through it, are brought back together using binary dilation and hole filling. This image 
is subjected to edge detection. The blob with longest perimeter is declared optic disk and is eliminated. 
Furthermore, various approaches have been described in the earlier work, as a survey paper [30].  

The papers mentioned above purely concentrate on software approaches for extracting exudates. It 
can be clearly seen that predicting and classifying algorithms have been utilised to obtain results. These 
solutions are usually performed using general-purpose processors (GPPs). The basic advantage of using GPPs 
is that any of the parameters of the developed procedures can be modified anytime without much effort. Though 
these methods may provide accurate outcomes, they cannot be employed if one has to implement a hardware 
approach, preferably on an FPGA, to enhance the working speeds [31]. Conversely, the huge size of images 
and the mathematical complexity involved in these algorithms do not permit the designers or the developers to 
build a hundred percent hardware solutions. Thus, considering the advantages of both hardware and software, 
a feasible embedded system solution is proposed in this paper. Watershed based approach is applied to extract 
the bright lesions from fundus images. As these lesions involve both exudates and optic disc, area based optic 
disc elimination is performed to eliminate optic disc and retain only the exudates. Sections 2 and 3 focus on 
proposed methodology, and FPGA implementation respectively. Section 4 highlights the results of the work 
conducted. Section 5 concludes the paper. 
 
 
2. PROPOSED METHODOLOGY 

2.1. Image Acquisition  

The fundus images have been procured from publicly available databases –DiaRetDB0 [32], 
DiaRetDB1 [33], IDRiD [34] and MESSIDOR [35]. The original image consists of true colors – red, green and 
blue, each with 8 bit values, which makes a pixel’s bitwidth 24. As processing 24 bits per pixel can be heavy 
on the processor, a colour layer of 8 bit per pixel in which exudates stand out from the background has to be 
chosen [36]. 
 

2.2. Colour Component Selection 

RGB, YCbCr and HSV colour models are considered here. YCbCr, also recognised as ITU-R BT.601, 
consists of Y component, known as Luma component, represents the brightness present in the colour. Cb and 
Cr are the chroma components; Cb is chroma blue which is the difference between blueness of the colour and 
the brightness, while Cr (chroma red) is the redness minus brightness. The RGB colour image is converted to 
YCbCr using the following equations [37]. 

BGRY 114.0587.0299.0 ++=                                                        (1) 

BGRCb 5.033.016.0 +−=

  

                                                            (2) 

BGRCr 081312.0418688.05.0 −−=

          

                                    (3) 
Hue, Saturation and Intensity (HIS) colour layers are closely related to human’s perception of colours. 

Hue represents different colours. Saturation is the purity of the colours. Intensity, also called value (V) 
represents brightness of the colour [38]. The RGB image is converted to HIS model using the following 
equations: 

H =     ,          if B  G                                                                   (4) 
         360-,     otherwise 
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Figure 1 represents different colour aspects of a fundus image. Green channel is chosen as it is noticed 
for 70 images that this layer prominently highlighted OD and exudates. 

 

    
                         (a)                        (b)                                    (c)                                (d) 

    
                        (e)                                   (f)                                      (g)                                   (h) 

    
                      (i)                                     (j)                                      (k)                                   (l) 

Figure 1. (a) RGB image, (b) R image, (c) G image, (d) B image, (e) YCbCr image, (f) Y image, (g) Cb 
image, (h) Cr image, (i) HIS image, (j) H image, (k) S image and (l) V image 

 

2.3. Removal of Blemishes in the Image 

It can be clearly noticed in Figure 1b that the image, along with comprising of exudates and OD, also 
consists of bright blemishes. In order to remove these blotches mean filtering technique is employed. The image 
of size 1152 x 1500 is divided into small image patches of size 10 x 10. For each image patch, the mean of all 
pixels is calculated and all pixels are replaced with the average value obtained [39]. Figure 2a shows the 
outcome of this procedure. 
 

2.4. Contrast Correction 

While extracting the exudates and the optic disc, the non-uniform illumination of the background can 
pose a threat for accurate analysis. Thus, in order to normalise the background’s contrast, contrast correction 
has to be performed with the help of Non-linear Brightness Transform [40], as shown in Figure 2b. If out is the 
output pixel, in is input pixel, n is number of bits required to represent a pixel and  is a numerical, where  
(0,1), then the transform is represented as, 

inout
n *2

)1( −
=                                                               (8)  

 
                                                              (a)                                 (b) 

Figure 2. (a) Average filtered image (b) Contrast corrected image 
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2.5. Watershed Algorithm 

Watershed based segmentation is a technique where the whole image is divided into small non-
overlapping areas with the concept of watershed [41]. This is conceptualised by simulating water flood over a 
grayscale image. The pixel intensities form a terrain where the connected low intensity pixels, known as local 
minima, form “valleys” or slopes, while higher intensity pixels form edges of valleys or “ridges” and the lowest 
precipitate of pixels, where the water is assumed to be accumulating is considered as catchment basin. When 
the flooding increases, eventually the water in the catchment basins increases and can cause all the basins to 
merge due to overflow. At this point, dams are constructed to prevent this amalgamation, and these dams are 
known as watershed divides, or simply “watersheds”. To perform watershed algorithm, marker based gradient 
approach has been proved to be the best to eliminate over segmentation [42]. A marker is a group of high 
contrast connected pixel components belonging to an image. This highlights the ridges of the grayscale image. 
There are two types of markers - internal marker that are connected components belonging to the object of 
interest, and external marker representing background’s connected pixels. The former is obtained by estimating 
extended maxima of the image and latter is procured using distance transform. 

2.5.1. Extended Maxima 
Extended maxima transform is a gray level mathematical morphology transform that is defined as the 

regional maxima of the H-maxima transform [43]. Regional maxima are connected pixel components with an 
intensity value P, where P is greater than its neighbourhood, thus resulting in a binary image. In case of H-
maxima, regional maxima are computed and all heights greater than H are clipped off. Extended maxima is 
performed on contrast adjusted image with h = 30 and the result is shown in Figure 3a. 

2.5.2. Distance Tranform 
Distance transform is a technique where the Euclidian distance between zero and nearest non-zero 

element in a binary image is estimated [44]. The ones are replaced with zeros and zeros are replaced with 
distances calculated. To acquire binary image, segmentation and morphological closing is applied on the 
contrast adjusted image. The Euclidian distance is defined as: 

2
21

2
21 )()( yyxxd −+−=                                                   (9) 

2.5.3. Segmentation 
Since the objects of interest appear the brightest, manual thresholding can be applied to segment the 

exudates and optic disc. A threshold (t) of 240 is set to make sure that all bright objects are extracted, as 
represented in equation (10) [45]. Figure 3b shows segmented image.  

seg =     white,     if pixelin  t=240                                    (10) 
              black,     otherwise 

2.5.4. Morphological Operations 
To remove small, unwanted pixels that are neither part of OD or exudates, morphological operation 

has to be performed. The basic morphological operators are erosion and dilation [46]. In case of erosion, if any 
of the neighbouring pixels of the structuring element [47] is black, then the centre pixel is made black. In case 
of absence of black in the neighbourhood, the centre pixel is retained as it is. If E is eroded image, B is binary 
image and S is the structuring element, erosion is represented as follows. 

               SBE =                                                                        (11) 
Dilation is the complement of erosion; the centre pixel is changed to white if at least one white pixel 

is found in its neighbourhood. If D is dilated image, B is binary image and S is the structuring element, then 
dilation is represented as follows.  

SBD =                                                                      (12) 
The process of performing dilation, followed by erosion on an image with a common structuring 

element is known as Morphological Closing. In the algorithm, closing is performed on the binary image 
obtained after thresholding with a circular structuring element of radius 5, as shown in Figure 3c. Distance 
transform is applied on the “complemented” closed image, as this operation requires the background to be 
white and the object to be black, as shown in Figure 3d. Watershed transform is applied on the distance 
transform output to obtain the external marker, as seen in Figure 3e. The next step would be to combine internal 
and external markers and perform minima imposition as a baseline to perform watershed based segmentation. 

2.5.5. Minima Imposition 
Minima imposition modifies the grayscale image such that regional minima occur only in marked 

locations [48]. All other pixel values are elevated in its intensity, hence eliminating futile regional maxima. 
This involves a mask and a marker. A mask is a binary image whose foreground marks the region where 
regional minima has to be calculated. In the case of this algorithm, the mask is the result of logical OR of the 
internal and external markers. The complemented contrast adjusted image is considered as the marker. Minima 
imposition, as seen in Figure 4f, is represented using the following equation. 



                ISSN: 2089-3272 

IJEEI, Vol. 7, No. 3, Sep 2019 :  449 – 462 

454 

))|(,(~min distwsemconopimposeop =                                      (13) 

where imposemin is minima imposition function, conop is contrast adjusted image, em is extended maxima image 
and wsdist is watershed applied on distance transform. 

2.5.6. Watershed Transform on Minima Imposition 
Watershed transform is applied on the image resulting from minima imposition, as shown in Figure 

3g. The watershed “divides”, i.e., the borders of the overlapping blobs obtained by applying watershed, are 
superimposed over the closed image to separate overlapping exudates and optic disc, if any, as seen in Figure 
3h.  

In the superimposed image, the largest white blob is regarded as optic disc and is eliminated. To 
calculate the biggest blob, connected-component labelling [49] is carried out. As the brightest and largest area 
of retina is OD, the label which has repeated most number of times is estimated and this label is changed to 
zero. This makes all the pixels lying in the OD area black, thus resulting in extraction of hard exudates. 

 

    
                  (a)                                (b)                                   (c)                                (d) 

    
                  (e)                                (f)                                   (g)                                (h) 
Figure 3. (a) Extended Maxima, (b) Segmentation, (c) Morphological closing, (d) Distance transform output, 

(e) Watershed on distance transform, (f) Minima imposition, (g) Watershed on minima imposition and (h) 
Superimposition of watershed divides on closed image 

 
3. IMPLEMENTATION ON FPGA 

The crucial part of designing an embedded system is to categorise the steps of the algorithm into two 
areas - hardware implementable and software implementable. The steps that are straightforward and with 
minimal memory requirement are often chosen for hardware implementation. On the other hand, complex steps 
are preferred for software implementation. Figure 4 showcases the steps chosen for the hardware and software 
modules. Average filtering, contrast adjustment, segmentation, morphological closing and image complement 
are opted for FPGA implementation, and the remaining modules are demonstrated in software using MATLAB 
[50]. 

 

 
 

Figure 4. Differentiating the steps implemented on hardware and software; blue blocks represent FPGA 
development and orange blocks represent MATLAB implementation 
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The green channel is extracted from the RGB image and the pixels have to be passed to the FPGA for 
further processing. These pixel values are stored in a block RAM (BRAM) of the FPGA through a coefficient 
file. 
 

3.1. Average Filtering 

For average filtering, the window size chosen is 10x10 pixels, which intends to add 100 pixel values 
and divide the sum by 100. The flowchart for this operation is shown in Figure 5, as per which 99 adder units 
are utilised for addition and division is performed using the restoring method [51].  

 
Figure 5. Flowchart depicting average filtering using restoring division, where r is the row number of the 

pixel in consideration, c is the column number of the pixel, RW and CL are total number of rows and 
columns respectively, Q, D, Di and R indicate quotient, dividend, divisior and remainder respectively. 

 

3.2. Contrast Adjustment 

For the grayscale image, n is 8 bits in equation (8), and  chosen is 0.9. Substituting these values, the 
constant approximately equates to 1.75, which can represented as 1+0.5+0.25. These coefficients can be 
represented in powers of two as 20+2-1+2-2. Powers of two are converted to shifting operations as shown in 
equation (14). Shifters and adders are utilised for this operation, as shown in Figure 6. 

210*)222( 210 ++=++= −−
ininininout                              (14)  
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Figure 6. Flowchart showing the working of contrast adjustment, where g(r,c) is a pixel of green component 
located at rth row and cth column and ca is the contrast adjusted image 

3.3. Thresholding 

Here, each pixel is compared with a threshold. If the pixel is greater than or equal to threshold selected, 
then the resultant pixel with same coordinates is assigned a ‘1’, indicating a white pixel. On the other hand, the 
pixel with lesser intensity value than the threshold is assigned a ‘0’ indicating a black pixel. This operation is 
shown in Figure 7, where ca and seg are the contrast adjusted image and segmented image respectively. 

 

 
Figure 7. Flowchart depicting segmentation, with threshold set as 240. 

 

3.4. Morphological Closing 

As mentioned in the previous section, morphological operation is the operation of performing erosion 
on the dilated image. A common disk shaped structuring element of radius 5 is selected for this operation, 
which appears like the matrix shown in Figure 8. 

 

 
Figure 8. Matrix representing disk shaped Structuring element of radius 5 
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Figure 9. Flowchart depicting dilation, where seg and di are segmented image and dilated image respectively. 

 
The neighbouring pixels that correspond to the coefficients (highlighted using orange boxes as per 

figure 8) of the structuring element are arranged into a one-dimensional array. In case of dilation, if the array 
consists of atleast one ‘1’ value, then the centre pixel (corresponding to blue box of structuring element as per 
Figure 7) is assigned the value ‘1’, as shown in Figure 9. On the contrary, in case of erosion, if the array consists 
of atleast one ‘0’ value, then the centre pixel is assigned the value ‘0’, as shown in Figure 10. 
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Figure 10. Flowchart depicting erosion, where di and er are dilated image and eroded image respectively. 

 

  



IJEEI ISSN: 2089-3272  

 

Hard Exudate Extraction from Fundus Images using Watershed Transform (V. Satyananda, et al) 

459 

3.5. Image Complement 

The complement of the image is calculated by subtracting each pixel from 255, as summarised in 
Figure 11. 

 
Figure 11. Image complement flowchart where, comp and g are complemented image result and g is green 

component. 
 
After each step, the results are stored in BRAM. The pixel data obtained from the image resulting 

from the closing operation and the data of the complemented image are taken into MATLAB as a .dat file. 
 

4. RESULTS 

This algorithm has been tested for 70 images, out of which hard exudates were successfully extracted 
from 63 images, as shown in Figure 12a and Figure 12b. This conclusion is attained by visually comparing the 
areas of exudates obtained using algorithm and the areas of exudates sensed in the RGB images. Also few cases 
failed due to enormous fluctuations of intensity, because of which few exudates have been lost. As it can be 
seen in Figure 12c and Figure 12d, this method fails for images with a greenish tinge. Furthermore, if the optic 
disk lies in dark contrast area while the exudates lie in the brighter region of the image, the optic disk will never 
be identified and the largest exudate area will be wrongly considered as the optic disk and in turn will be 
eliminated as can be seen in Figure 12e and Figure 12f. Thus, the accuracy as per the visual analysis can be 
said to be 89.85%. However, to further validate the results, precision and sensitivity (also known as recall) of 
the algorithm is also calculated. If TP, FP and FN represent true positives, false positives and false negatives 
respectively, precision and sensitivity are as shown in equation (15) [52,53], and are found to be 92.4% and 
83.78% respectively by comparing the results obtained with the ground truths provided in the database. 

FPTP

TP
ecision

+
=Pr        and     FNTP

TP
ySensitivit

+
=                               (15)

 

Table 1 shows the time delay and area utilization of the architectures simulated on Artix 7 FPGA 
(XC7A100T) [54]. The timing constraint is set to be 10 nanoseconds, using Vivado 2017.2. 

 
Table 1. Synthesis Summary 

Circuits Time Delay 
(nanoseconds) 

Area (%) 

Average filter 8.802  1.440 

Contrast Adjustment 2.031 0.010 

Thresholding 2.192 0.003 

Erosion 3.857 0.123 

Dilation 3.857 0.123 

Image Complement 0.869 0.010 
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                  (a)                                (b)                                   (c)                                (d) 

      
                             (e)                                  (f) 

Figure 12. (a,c,e) Exudates extracted using algorithm and (b,d,f) Area of exudates marked for visual 
verification. 

 

5. CONCLUSION 

Based on the results, it can be concluded that the algorithm works well when the brightness is 
sufficiently uniform and the colour of the fundus images is either in bright shades of yellow or orange. It is 
also noticed that the soft exudates are eliminated by the averaging filter to smoothen the area. Though smaller 
window size can be used for mean filter, it is highly undesirable to do so as the blemishes of image remain 
unattended. Thus, there arises a need to explore other pre-processing techniques to highlight OD and exudates 
irrespective of the brightness or the contrast of original images. 

The fact that the precision obtained from this algorithm is low in comparison with the methodologies 
established earlier by other researchers is absolutely true; this algorithm has been developed with an intention 
to create a hardware circuitry for analysis of exudates in fundus images. The major purpose of implementing 
the steps of this algorithm on a FPGA is to make sure that the diagnosis cost and speed are made more efficient 
rather than that of the software approaches researches have been dealing with for almost over two decades.  
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