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Abstract : Diabetes Mellitus (DM) is a sporadic ailment resulted hyperglycemia and affect various vital human organ. Prolonged
history of DM will result in Diabetic Retinopathy (DR), a vision impediment. The patho is characterized with swollen blood
capillaries get ruptured and leak blood and protein particles into the retinal fundus. These exuded particles gets clotted and are
termed as exudates and obstruct the light flow towards the retinal walls and may lead to impermanent or permanent vision loss.
Hence proper medication with expert screening and management will help to slow the progression of the complication. The
reliability of traditional diagnosis and screening methods is purely dependent on clinician’s skills and expertise. It requires
potential human labor and multiple resource management which make the disease diagnosis complex. With the advent of
computer aided design tools various image processing methods are been presented by various authors for to detect the lesions in
DR images and to classify them. Imaging devices can even be upgraded with these type of methods and can be helpful to make
the clinician job more simple and effective. This paper reveals the literature of various work that are dedicated to DR detection,
classification and gradation. The brief narration of these methods includes the objective, preprocessing, qualitative and statistical
evaluation including the merits and demerits. Researchers can take the advantage of this literature paper so as opt a suitable
approach either for up gradation or creation of novel works so as to overcome the flaws in the existing methods.
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l. INTRODUCTION

Diabetes Mellitus (DM) is a metabolic disorder that effects various vital organs of the body if not managed properly over long
periods. Inability of the pancreatic cells to generate enough insulin or the resistance of the body to use insulin triggers various
chronic organ malfunctioning [1-4]. Diabetic Retinopathy (DR), Diabetic macular edema (DME), Glaucoma and Cataract are the
eye related issues originated due to DR. DR is a result of prolonged history of type 1 or type 2 diabetes and is usually found in
working age and rural people. It is characterized into two predominant states termed as Non Proliferative Diabetic Retinopathy
(NPDR) and Proliferative Diabetic Retinopathy (PDR). NPDR is further classified into Mild, Moderate and severe NPDR. In Mild
NPDR balloon like swells on the blood vessel (BV) walls are observed. These swelling are termed as microaneurysms (MA).
Blockage of BV is observed in moderate NPDR and results in increased number of MAs and haemorrhages (HE). In severe NPDR
new BVs are stimulated to emerge for to nourish the deprived retina. This new BVs are weak and may get ruptured leaking blood,
protein and fat based particles get accumulated and obstruct the vision. This case is termed as Proliferative DR. The patho gets very
complicated if these exuded particles get accumulated within macula (central part of retina) [5-6].
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Figure 1: (a) Normal retinal images; (b) typical DR image [Image Courtesy: A Family Optician, U.K]
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Figure 2: (a) Vision without DR (b) with Diabetic Retinopathy

Inter retinal thickening preferably at macula is a prime cause of DR. It is recommended to detect exudate sediments a near
macula. Exudates are easily identifies as yellow or white patches with variable sizes, shapes and locations. Figure 1(a) represent the
normal retinal fundus image and figure 1(b) represents a typical DR image. Figure 2(a) represent the vision with normal and DR
affected eyes. Proper maintenance of DM and medication will help to suppress the symptoms and can help the victims for not to
lose the vision permanently.

Il. LITERATURE REVIEW OF EXISTING METHODS

Inclusion of Digital image processing (DIP) with medical imaging devises enables the easy analysis and assessment of the patho.
It not only sophisticates the system but also reduces the labor of clinicians as the pathology is easily diagnosed and manually
classified. This improves the reliable disease classification and eases the ophthalmologists labor. The following literature gives a
qualitative analysis of DR screening systems in lesion detection and classification. These methods involve various DIP methods
like edge and region based thresholding, Neural Networks (NN), Morphological operators, supervised and unsupervised classifiers

[71.

Phillips.R.P et al., [8] detected soft and hard exudates using global and local thresholding methods from sharpened preprocessed
images. Drusen and bare sclera areas are also identified by this DR computerized method and assessed accuracy, repeatability,
reproducibility. Cotton wool spots (CWS) are unable to detect by this method. Gardner G.G et al. [9] generated Receiver Operator
Coefficient (ROC) curves and characterized lesion features in contradiction to clinician resolution using Back propagation Neural
Network (NN) classifier. Ege et al. [10] detected bright lesions using a sequence of template matching, region growing and
thresholding methods and distinguished the disparity between exudates and CWS using Bayesian classifier. Wang. H et al. [11]
performed illumination correction using brightness function and employed Minimum Distance Discriminant (MDD) classifier for
DR grading. They concluded that multiple noise sources made their method to suffer with misclassification. A window-based
recursive region growing algorithm combined with a novel Moat operator for lesion detection is introduced by Sinthanayothin. C
et.al. [12], [43]. This method fails to detect faint exudates than hard ones.

A conventional morphological reconstruction for lesion detection is used by Walter.T et al., [13]. Prior to it a morphological
filtering followed with watershed transformation is used to extricate OD. Osareh A. et al [14] performed coarse segmentation using
FCM and features extracted from it are fed to multiple classifiers for comparative evaluation. They compared the performance of
Neural Networks (NN), Linear Delta Rule, K-Nearest Neighbors and Gaussian classifier. They stated that NN classifier and Snake
morphology has given optimal performance than the remaining classifiers. Identification of pale exudates is a lag in this method.
Sinthanayothin C et al., [15] used highest intensity variation feature for OD extrication and BV using multilayer perception NN.
Then spotted hard exudates using recursive region growing approach. Osareh A et al., [16] extended their previous paper [14] by
employing lesion and image based classification. In both these papers the usage of FCM makes the system sensitive to outliers and
noise sources. DR is identified using features like color, edge sharpness and geometric features is employed by Sanchez C.I et al.,
[17] with Kirsch operator. Slurred and contiguous exudate pixels with BV pixels are failed to be identified by this method.

Usher D et. al. [18] trained an Artificial Neural Network (ANN) and assessed sensitivity/ specificity pairs from multiple DR
images. A two stage pixel level (Bayesian MAP classifier) and object level (Linear Discriminative Analysis) classification are used
by Grisan et.al., [19] to classify multiple DR lesions. They concluded that pigmentation variation or shades of faint haemorrhages
made the Bayesian classifier to lag with hard exudate detection. Bright lesions are detected by a three-step bottom-up method and
Luv color space segmentation via an improved tow step FCM is demonstrated by Zhang X et. al. [20]. DR lesions are finally
classified using a Support Vector Machine (SVM) classifier. Fleming A.D. et. al [21] described the use of local properties in a
multi-scale morphological method and by thresholding a likelihood map a binary decision is conceded. Niemeijer M et. al., [22]
devised a machine learning system using linear discriminant and k-nearest neighbor (KNN) classifier for DR classification. Giri
Babu Kande et al., [23] addressed exudates detection using spatially weighted FCM and OD using a sequence of local variance,
Lab color space morphology and geometric active contour model. A novel Fisher’s linear discriminant analysis for hard exudate
detection is introduced by Sanchez C.I et. al. [24]. Failure of pale exudate detection and validating clinical diagnosis with general
conclusion is a flaw in this method. Various stages of DR is classified by Acharya U.R et al., [25] through SVM fed with features
extracted from non-linear Higher Order Spectra (HOS). A sequence of morphological and thresholding method is used by
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Sopharak.A et al. [26] for lesion detection. This system is unable to detect few faint exudates and fails to extricate few lesion
pixels from BVs which possess high contrast similarities. Also they used ground truths generated using a specific software, which
tends to authors bias with missed involvement of clinical expert. Sopharak.A [27] used median filtration and Contrast Limited
Adaptive Histogram Equalization (CLACHE) in HIS color space and classified DR images using naive bayes classifier.
Suthammanas J et. al. [28] devised Retinal Thickness Analyzer (RTA) driven tele screening based automatic DR classification
method. Acharya U.R et al., [29] classified DR using SVM fed with the extracted features from morphological operators. Sopharak
et al. [30] allowed HIS image for noise filtration and stretched the contrast using adaptive histogram equalization in the first step.
Then features from FCM are fed for nearest neighbor classifier for DR gradation. The presence of noise and artefacts make the
system to suffer from identifying few pale exudates. Further a there exists a raise of false alarms due to the merge of non- exudate
pixels with true exudates. The performance of Support Vector Machine (SVM), Multilayer perceptron (MLP), Radial basis function
(RBF) are evaluated by Garcia M et al. [31] for to detect the existence of DR lesions. In [32] they enhanced green and luminosity
components and identified the presence of exudates in DR images using a sequence of local, global and adaptive threshold
techniques. Then Radial Basis Classifier is used to discriminate exudate lesions from the surrounding background pixels.

Sopharak et. al., [33] employed FCM method for DR lesion detection and validated them using clinical ground truths. In the
initial step images contrast is stretched Blood Vessels (BV) are segmented using thresholding and Optic Disc (OD) using highest
entropy value followed by morphological dilation and ostu thresholding. Sanchez et al. [34] demonstrated the use of intensity,
edges sharpness for DR classification using a dynamic threshold based mixture models. They concluded that a 2D Markov Random
Field (MRF) models with local information can be used to simplify the algorithm at the expanse of spatial correlation. Osareh A et.
al [35] graded DR images by image and pixel level classification using Artificial Neural Networks (ANN) using the features from
coarse FCM segmentation method and concluded their method fails to detect pale exudates. Sopharak. A. et al., [36] segmented
non-dilated retinal images using FCM and morphological operators for coarse and fine results and the results are validated using
ophthalmologists’ hand-drawn ground-truths. They stated their method fails to work for noisy images and is fails to extract few
faint exudates. Welfer et al., [37] used Luv color model and applied morphological and H-maxima transform for coarse to fine
exudate detection. Their method suffers with poor specificity values. Sopharak.A, et al. [38] extended their previous work [36] by
opting comparative analysis of FCM vs morphological approach and achieved greater accuracy with later method. A DR grading
system is devised by Dupas B et. al. [39] using K-Nearest neighbor classifier (KNN) and morphological techniques.

Sanchez. C et al., [40] designed a Computer Aided Detection (CAD) system to classify DR images using linear discriminant
classifier by incorporating spatial correlation and contextual features. Identification of pale and few bright lesions is a lag of this
method. A novel Multiscale Frequency Modulation (FM) and Amplitude Modulation (AM) methods to discriminate DR images
from normal and is proposed by Agurto et al. [41]. Their system is evaluated based on Receiver Operating Characteristic (ROC)
value. Abramo .M.D et. al [42] demonstrated an pioneering method termed as EyeCheck algorithm and assessed optimum
accuracy from several retinal images. S. Kavitha et. al., [44] proposed a non-linear diffusion based segmentation approach
distinguished soft and hard exudates with the morphology and color histogram thresholding for to distinguish bright lesions from
the background pixels. Akram et al. [45] verified dark and bright lesions using hybrid fuzzy classifier. Prior to it an average filter
and thresholding methods are applied for the localization of OD and BV. Rocha et al. [46] used Scale Invariant Feature Transform
(SIFT), Speeded up Robust Features (SURF) and k-means clustering to construct a visual word dictionary for the detection of
bright and red lesions. Sharib ali et al. [47] generated an atlas image by wrapping the input images into atlas coordinatesand
thresholded it to detect lesion candidates. Harangi.B et al. [48] performed retinal lesion counter detection and classification using
an Active Contour Model (ACM) and adaptive boosted Naive Bayes classifier. They improved the statistical features like
sensitivity, specificity and accuracy with the use of ChanVese energy function minimization in [49] and revised their work in [50]
by labeling the target lesions as true or false exudates.

Zhang et al. [51] addressed the use of classical and contextual features for lesion based classification and generated a lesion map
to remove the false positives. They operated on multiple databases and attained optimum receiver operating characteristic curve
AUC values. Pereira et al. [52] attained better performance than traditional Kirsch filter through the use of thresholding and Ant
Colony Optimization methods in the detection of exudates in DR images. Medhi J.P. N et.al [53] applied logical AND operation on
saturation plane and hue image obtained after normalization. Prior to it morphological operators and ostu thresholding is performed
for OD and BV elimination. Harangi.B et.al., [54] demonstrated the use of Baye’s classifier for lesion and image level
classification. The classifier is fed with features obtained from a sequence of preprocessing steps like Chromaticity normalization,
Grey-world normalization, Contrast enhancement, top-hat transformation, , illumination correction, Contrast-Limited Adaptive
Histogram Equalization (CLAHE) and equalization). Imani.E et. al. [55] proposed a novel Morphological Component Analysis
(MCA) method to distinguish exudates from blood capillaries. Then employed mathematical morphology and dynamic threshold
methods to find the final exudate map. Shuang Yu et. al. [56] trained Convolutional Neural Networks (CNN) classifier, a deep
learning method for pixel level DR classification by feedin g the features extracted from an ultimate morphological opening
methods. Sil Kar. S et. al [57] segregated dark and bright lesions using morphological operations and a Differential Evolution
algorithm. Prior to it morphological and Kernel induced FCM is used for the extrication of OD and BV. Then allowed the images to
Laplacian of Gaussian (LoG) and Matched filtering and finally distinguished the candidate lesion using Mutual Information
Maximization method. In [62] BV is extracted using a modified Fuzzy entropy maximization method and then graded various DR
lesions. Gao Z et. al., [58] classified DR images using a deep Convolutional Neural Network method. They performed Data
collection, preprocessing, augmentation, annotation, Model setup, deployment, and evaluated clinically the end results.
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Figure 5: % Accuracy of the existing methods

Authors work briefed in this paper had used many public data bases preferably STructured Analysis of the Retina (STARE)
[60], Digital Retinal Images for Vessel Extraction (DRIVE) [61], MESSIDOR [62], Hamilton Eye Institute Macular Edema
Dataset (HEI-MED) [63], Kaggle Diabetic Retinopathy dataset [64], High resolution fundus (HRF) [65], Retinopathy Online
Challenge (ROC) [66], Retinal Vessel Image set for Estimation of Widths (REVIEW) [67], E-Optha [68], Diabetic Retinopathy
Database Calibration Level 0/1 (Diaretdb0 [69], Diaretdbl [70]). Few authors had utilized both public and private databases
provided by renowned hospitals and research labs. The mean Sensitivity, Specificity and Accuracy of these works are pictorially
represented in Figures 3, 4, and 5 respectively. The elapsed time of all these methods are varied from few seconds to 30 minutes
approximately based upon the number of stages utilized.

I11. CONCLUSION

The evaluation of multiple works for lesion detection and classification is done in this paper. These works demonstrates the
implementation of various methods, results obtained based upon specific author objective. Maximum all authors had implemented
preprocessing steps like image enhancement, contrast stretch, filtration, illumination correction, normalization and so on in various
color spaces in their preprocessing steps. Next concentration is made on localization of OD and removal of BVs. Most works
include the usage of morphology and thresholding methods to extricate OD and BVs. Few methods are devised with unsupervised
and supervised techniques and some of them includes both. All these methods had used public or private dataset provided by
multiple resources and few of them are clinically validated and tried to automate the traditional medical imaging systems. Thus
these methods had tried to improve the reliability of diagnosis and screening process and help to reduce the ophthalmologist’s labor
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in disease classification and grading. The novelty, merits and demerits of these methods are also discussed in this literature and will
be useful to researchers to opt specific approach either to upgrade or generate new innovative works.

REFERENCES:

[1] International Diabetes Federation. Diabetes atlas. 8th edn. http://www.idf.org/ diabetes atlas.

[2] Chan,J. C. et al. Diabetes in Asia: epidemiology, risk factors, and pathophysiology. JAMA 301, 2129-2140 (2009).

[3] World Health Organization. Diagnostic criteria and classification of hyperglycaemia first detected in pregnancy. World
Health Organization, 2013.

[4] Pranay Patel, Kirti Sharma, Hetal Gaudani, “Diabetic Retinopathy Detection Systems : A Review” NCERTE June 2016
pp 406 412- DOI: 10.13140/RG.2.1.2974.1040

[5] R.Ravindraiah, S.Chandra Mohan Reddy, “An Automated Exudate detection in Diabetic Retinopathy fundus images using
Multi Kernel Spatial Fuzzy C means clustering method” International Journal of Engineering and Technology (UAE), Vol
7 (1.8), pp 10-14, Feb 2018, ISSN: 2227-524X.

[6] R.Ravindraiah, S.Chandra Mohan Reddy, “Exudates detection in Diabetic Retinopathy images using Possibilistic C means
clustering algorithm with induced Spatial constraint,” Advances in Intelligent Systems and Computing, Springer Nature
Series, Singapore, pp 455-463, March 2018.

[7] R.C.Gonzalez and R.E. Wood, “Digital image processing using Matlab”, Pearson Education Inc. and Dorling Kindersley
Publishing Inc.

[8] R.P. Phillips, J. Forrester, P. Sharp, "Automated detection and quantification of retinal exudates" Graefe Archive for
Clinical Experimental Ophthalmology, 231, 90-94, 1993.

[9] G. G. Gardner, D. Keating, T. H. Williamson, A. T. Elliott, “Automatic detection of diabetic retinopathy using an artificial
neural network: a screening tool”, Br J Ophthalmol 80 (1996) 940 944.

[10] Ege B, Larsen O, Hejlesen O. Detection of abnormalities in retinal images using digital image analysis. 1999;833-40.

[11]H. Wang, W. Hsu, K. Goh, and M. Lee, “An effective approach to detect lesions in colour retinal images,” in Proceedings
of the IEEE Conference on Computer Vision and Pattern Recognition (IEEE, 2000), Vol. 2, pp. 181-187.

[12] C. Sinthanayothin, J.F. Boyce, T.H. Williamson, H.L. Cook, “Automated Detection of Diabetic Retinopathy on Digital
Fundus Image”, International Journal of Diabetic Medicine, vol. 19, pp. 105-112, 2002.

[13] T. Walter, J. C. Klein, P. Massin, and A. Erginay, “A Contribution of Image Processing to the Diagnosis of Diabetic
Retinopathy—Detection of Exudates in Color Fundus Images of the Human Retina,” IEEE Trans. Med.Imag., Vol. 21,
No. 10, pp. 1236-1243, October 2002.

[14] A. Osareh, M. Mirmehdi, B. T. Thomas, R. Markham, Classification and localisation of diabetic-related eye disease, in:
Proceedings of the 7th European Conference on Computer Vision-Part IV, ECCV '02, 2002.

[15] C. Sinthanayothin, V. Kongbunkiat, S. Phoojaruenchanachai, A. Singalavanija, “Automated screening system for diabetic
retinopathy: Image and Signal Processing and Analysis”, 2003. ISPA 2003. Proceedings of the 3rd International
Symposium on, Vol. 2, 2003, pp. 915 _ 920 Vol.2.

[16] Osareh, M. Mirmehdi, B. Thomas, R. Markham, Automated identification of diabetic retinal exudates in digital colour
images, Br J Ophthalmol 87 (2003) 1220_1223.

[17]C. L. Sanchez, R. Hornero, M. 1. Lopez, J. Poza, “Retinal image analysis to detect and quantify lesions associated with
diabetic retinopathy”, in: Engineering in Medicine and Biology Society, 2004. IEMBS '04. 26th Annual International
Conference of the IEEE, Vol. 1, 2004, pp. 1624 _1627.

[18] Usher D , Dumskyj M, Himaga M, Williamson TH, Nussey S, Boyce J, “Automated detection of diabetic retinopathy in
digital retinal images:a tool for diabetic retinopathy screening”, Diabet Med. 2004 Jan;21(1):84-90.

[19] E. Grisan and A. Ruggeri, "A hierarchical Bayesian classification for non-vascular lesions detection in fundus images," in
IFMBE Proc, 2005, pp. 1727-1983.

[20] X. Zhang and O. Chutatape, "Top-down and bottom up strategies in lesion detection of background diabetic retinopathy,"
in IEEE Conference on Computer Vision and Pattern Recognition. Proceedings. IEEE, 2005, vol. 2, pp. 422--428.

[21] Alan D Fleming, Sam Philip, Keith A Goatman, Graeme J Williams, John A Olson and Peter F Sharp, .Automated
detection of exudates for diabetic retinopathy screening. Physics In Medicine And Biology 52 (2007) 7385-7396

[22] Meindert Niemeijer, Bram van Ginneken, Stephen R. Russell, Maria S. A. Suttorp-Schulten and Michael D. Abra moff,
“Automated Detection and Differentiation of Drusen, Exudates, and Cotton-Wool Spots in Digital Color Fundus
Photographs for Diabetic Retinopathy Diagnosis” IOVS, May 2007, Vol. 48, No. 5, pp 2260- 2267

[23] Giri Babu Kande, P.Venkata Subbaiah, T.Satya Savithri. Segmentation of Exudates and Optic Disc in Retinal Images, 6th
Indian Conference on Computer Vision, Graphics & Image Processing, 2008

[24] Sanchez C.1, Horneo R, Lopez M., Aboy M, Poza J and Abasolo D. A novel automatic image processing algorithm for
detection of hard exudates based on retinal image analysis, Medical Engineering Physics, vol. 30, no. 3, pp 35, 2008

[25]U. R. Acharya, K. C. Chua, E. Y. K. Ng, W. Yu, C. Chee, Application of higher order spectra for the identication of
diabetes retinopathy stages, Journal of Medical Systems 32 (2008) 481_488.

[26] Sopharak, et al., "Automatic detection of diabetic retinopathy exudates from nondilated retinal images using mathematical
morphology methods," Computerized medical imaging and graphics, vol. 32, pp. 720-727, 2008.

[27] Sopharak, K. Thet Nwe, Y. A. Moe, M. N. Dailey, and B. Uyyanonvara. Automatic exudate detection with a naive bayes
classifier. In International Conference on Embedded Systems and Intelligent Technology (ICESIT), pages 139-142, 2008.

JETIR1905F43 ’ Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org 290


http://www.jetir.org/

© 2019 JETIR May 2019, Volume 6, Issue 5 www.jetir.org (ISSN-2349-5162)

[28]J. Suthammanas, K. Viriyachot, P. Tuntipark, B. Uyyanonvara, K. Krairaksa, C. Duanggate, An automatic diabetic
retinopathy tele screening system of thailand, in: Proceedings of the International Symposium on Biomedical Engineering
(ISBME 2008), 2008, pp. 88_92.

[29]U. R. Acharya, C. M. Lim, E. Y. K. Ng, C. Chee, T. Tamura, Computer-based detection of diabetes retinopathy stages
using digital fundus images, Proceedings of the Institution of Mechanical Engineers, Part H: Journal of Engineering in
Medicine 223 (5) (2009) 545_553.

[30] A. Sopharak, B. Uyyanonvara, and S. Barman, “Automatic Exudate Detection from Non-dilated Diabetic Retinopathy
Retinal Images Using Fuzzy C-means Clustering,” Sensors, pp. 2148-2161, 2009.

[31] Maria Gracia, Clara 1. Sanchez, Maria 1. Lopez, Daniel Abcisolo, and Roberto Homero, "Neural network based detection
of hard exudates in retinal images, " Computer Methods and Programs in Biomedicine, vol. 93, no. 1, pp. 9-19, 2009

[32] M. Garcia, C. Sanchez, J. Poza, M. Lépez, and R. Hornero, "Detection of Hard Exudates in Retinal Images Using a Radial
Basis Function Classifier," Annals of Biomedical Engineering, vol. 37, pp. 1448-1463, 2009/07/01 2009.

[33] Sopharak, B. Uyyanonvara, and S. Barman, "Automatic exudate detection for diabetic retinopathy screening,”" Science
Asia, vol. 35, pp. 80-88, 2009. doi: 10.2306/scienceasial513-1874.2009.35.080

[34]C. I. Sanchez, M. Garcia, A. Mayo, M. I. Lépez, and R. Hornero, "Retinal image analysis based on mixture models to
detect hard exudates," Medical Image Analysis, vol. 13, pp. 650-658, 2009.

[35] Alireza Osareh, Bita Shadgar, and Richard Markham, “A Computational-Intelligence-Based Approach for Detection of
Exudates in Diabetic Retinopathy Images”, IEEE TRANSACTIONS ON INFORMATION TECHNOLOGY IN
BIOMEDICINE, VOL. 13, NO. 4, JULY 2009, pp 535-545

[36] Akara Sopharak, Bunyarit Uyyanonvara and Sarah Barman, “Automatic Exudate Detection from Non-dilated Diabetic
Retinopathy Retinal Images Using Fuzzy C-means Clustering” Sensors 2009, 9, 2148-2161; doi:10.3390/s90302148

[37]1D. Welfer, J.Scharcanski, D.R.Marinho, “A coarse-to-fine strategy for automatically detecting exudates in color eye
fundus images”, Comput.Med. Imaging Graph. 34(3)(2010)228-235.

[38] Sopharak et.al.,A. "Fine exudate detection using morphological reconstruction enhancement,” Applied biomedical
engineering, vol. 1, pp. 45-50, 2010.

[39] B. Dupas, T.Walter, A.Erginay, R.Ordonez, N.Deb-Joardar, P.Gain, J.Klein, .Massin, Evaluation of automated fundus
photograph analysis algorithms for detecting microaneurysms, haemorrhages and exudates, and of a computer- assisted
diagnostic system for grading diabetic retinopathy, Diabetes Metab. 36 (2010)213-220.

[40] C.Sanchez, M.Niemeijer, S.Schulten, M.Abramo and B.vanGinneken: Improving hard exudate detection in retinal images
through a combination of local and contextual information, in: Proceedings of IEEE International Symposium on
Biomedical Imaging, 2010,pp.5-8.

[41] C. Agurto, V. Murray, E. Barriga, S. Murillo, M. Pattichis, H. Davis, S. Russell, M. Abramo_, P. Soliz, Multiscale am-fm
methods for diabetic retinopathy lesion detection, Medical Imaging, IEEE Transactions on 29 (2) (2010) 502 512.

[42] M. D. Abramo_, J. M. Reinhardt, S. R. Russell, J. C. Folk, V. B. Mahajan, M. Niemeijer, G. Quellec, Automated early
detection of diabetic retinopathy, Ophthalmology 117 (6) (2010) 1147 _ 1154.

[43] C. Sinthanayothin, "Image analysis for automatic diagnosis of Diabetic Retinopathy”, Journal of Medical Science, Vol.
35,No. 5, pp. 1491- 1501, Jan 2011

[44]S. Kavitha, K. Duraiswamy, ‘“Kavitha, S & Duraiswamy, K. “Automatic detection of hard and soft exudates in fundus
images using color histogram thresholding”, European Journal of Scientific Research. (2011), 48. 493-504.

[45]M. U. Akram and S. A. Khan, “Automated detection of dark and bright lesions in retinal images for early detection of
diabetic retinopathy,” J. Med. Syst., doi:10.1007/s10916-011- 9802-2, 2011

[46] Rocha, T. Carvalho, H. F. Jelinek, S. Goldenstein, and J. Wainer, "Points of interest and visual dictionaries for automatic
retinal lesion detection," Biomedical Engineering, IEEE Transactions on, vol. 59, pp. 2244-2253, 2012.

[47]S. Ali, D. Sidibé, K. M. Adal, L. Giancardo, E. Chaum, T. P. Karnowski, et al., "Statistical atlas based exudate
segmentation,” Computerized Medical Imaging and Graphics, vol. 37, pp. 358-368, 7// 2013.

[48] B.Harangi, I.Lazar, A.Hajdu, “Automatic exudate detection using active contour model and region wise classification”, in:
34th Annual International Conference of the IEEEE MBS, SanDiego, California USA, 2012, pp.5951-5954.

[49] B.Harangi, A.Hajdu, “Improving automatic exudate detection based on the fusion of the results of multiple active
contours”, in: IEEE 10th International Symposium on Biomedical Imaging (ISBI), 2013, pp.45-48.

[50] B Harangi n, AndrasHajdu , “Automatic exudate detection by fusing multiple active contours and region wise
classification”, Computers in Biology and Medicine 54 (2014) 156-171

[51] X. Zhang, G. Thibault, E. Decenciére, B. Marcotegui, B. Lay, R. Danno, et al., "Exudate detection in color retinal images
for mass screening of diabetic retinopathy,” Medical Image Analysis, vol. 18, pp. 1026-1043, 10/ 2014.
10.1016/j.media.2014.05.004

[52] C. Pereira, L. Gongalves, and M. Ferreira, "Exudate segmentation in fundus images using an ant colony optimization
approach," Information Sciences, vol. 296, pp. 14-24, 3/1/ 2015.

[53]Jyoti Prakash Medhi N et.al “An effective fovea detection and automatic assessment of diabetic maculopathy in color
fundus images”, Computers in Biology and Medicine 74 (2016) 30-44

[54] Balazs Harangi n, AndrasHajdu , “Automatic exudate detection by fusing multiple active contours and region wise
classification”, Computers in Biology and Medicine 54 (2014) 156-171

[55] Elaheh Imani, Hamid-Reza Pourreza, “ A novel method for retinal exudate segmentation using signal separation
algorithm”, Computer Methods and Programs in Biomedicine http://dx.doi.org/doi: 10.1016/j.cmpb.2016.05.016

JETIR1905F43 | Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org 291


http://www.jetir.org/
https://doi.org/10.1016/j.media.2014.05.004

© 2019 JETIR May 2019, Volume 6, Issue 5 www.jetir.org (ISSN-2349-5162)

[56] Shuang Yu, Di Xiao and Yogesan Kanagasingam, “Exudate Detection for Diabetic Retinopathy With Convolutional
Neural Networks”, 2017 IEEE, pp 1744- 1747

[57] Sudeshna Sil Kar and Santi P. Maity, “Automatic Detection of Retinal Lesions for Screening of Diabetic Retinopathy”,
IEEE Transactions on Biomedical Engineering, 2018, pp 1-9, DOI 10.1109/TBME.2017.2707578

[58] Sudeshna Sil Kar and Santi P. Maity, “Gradation of diabetic retinopathy on reconstructed image using compressed
sensing”, IET Journal of Image Processing, 2018, Vol. 12 Iss. 11, pp. 1956-1963 10.1049/iet-ipr.2017.1013

[59] Zhentao Gao , Jie Li, Jixiang Guo, Yuanyuan Chen, Zhang Yi And Jie zhong , “Diagnosis of Diabetic Retinopathy Using
Deep Neural Networks”, IEEE Access, VOLUME 7, pp 3360 - 3370, January, 2019, doi:
10.1109/ACCESS.2018.2888639

[60] D. Hoover, V. Kouznetsova, and M. Goldbaum, ‘‘Locating blood vessels in retinal images by piecewise threshold probing
of a matched filter response,”” IEEE Trans. Med. Imag., vol. 19, no. 3, pp. 203—-210, Mar. 2000

[61]7J. Staal, M. D. Abramoff, M. Niemeijer, M. A. Viergever, and B. van Ginneken, ‘‘Ridge-based vessel segmentation in
color images of the retina,”” IEEE Trans. Med. Imag., vol. 23, no. 4, pp. 501-509, Apr. 2004.

[62] E. Decenciére et al., ‘‘Feedback on a publicly distributed image database: The messidor database,”” Image Anal.
Stereology, vol. 33, no. 3, pp. 231-234, 2014. [Online]. Available: https://www.iasiss.org/ojs/|AS/article/view/1155

[63] Giancardo, L.; Meriaudeau, F.; Karnowski, T. P.; Li, Y.; Garg, S.; Tobin, Jr, K. W.; Chaum, E. (2012), 'Exudate-based
diabetic macular edema detection in fundus images using publicly available datasets.', Medical Image Analysis 16(1), 216-
-226.

[64] Diabetic Retinopathy Detection. Accessed: Sep,1, 2017. [Online]. https://www.kaggle.com/c/diabetic-retinopathy-
detection/data

[65] High Resolution Fundus (HRF) Image Database (December 12, 2015), https://wwwb5.cs.fau.de/research/data/fundus-
images/

[66] Retinopathy Online Challenge (ROC) Database (December 12, 2015), http://webeye.ophth.uiowa.edu/ROC/

[67] B. Al-Diri, A. Hunter, D. Steel, M. Habib, T. Hudaib, and S. Berry, ““REVIEW—A reference data set for retinal vessel
profiles,”” in Proc. 30th Annu. Int. Conf. IEEE Eng. Med. Biol. Soc., Aug. 2008, pp. 2262—2265.

[68] E. Decenciére et al., ‘“TeleOphta: Machine learning and image processing methods for tele ophthalmology,”” IRBM, vol.
34, no. 2, pp. 196-203, 2013. [Online]. Available: http://www.sciencedirect. com/science/article/pii/S1959-
0318(13)00023-7

[69]1T. Kauppi et al., ‘‘DIARETDBO: Evaluation database and methodology for diabetic retinopathy algorithms,”
Lappeenranta Univ. Technol., Lappeenranta, Finland, Tech. Rep., 2006.

[70] T. Kauppi, V. Kalesnykiene, J.-K. Kamarainen, L. Lensu, I. Sorri, and A. Raninen, ‘‘DIARETDBI diabetic retinopathy
database and evaluation protocol,’” in Proc. 11th Conf. Med Image Understand. Anal., Aberystwyth, Wales, Jul. 2007, pp.
61-65.

JETIR1905F43 | Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org 292


http://www.jetir.org/
https://www.iasiss.org/ojs/IAS/article/view/1155
https://www5.cs.fau.de/research/data/fundus-images/
https://www5.cs.fau.de/research/data/fundus-images/
http://webeye.ophth.uiowa.edu/ROC/

