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Abstract: Diabetic Retinopathy (DR) is caused by diabetes mellitus that damages the retina and leads to the
vision loss. The development of automatic system for the diagnosis and grading of DR depends on the efficient
detection of lesions in the retinal fundus images. Existing detection approaches suffer due to high complexity
and are not feasible. To mitigate this issue, this paper presents a group-based low-rank sparse representation for
the detection of DR. A Hybrid Morphological-based Scanning Window Analysis and Hit-or-Miss
Transformation (HMSWA-HMT) is applied for the segmentation of retinal image. Group-based low-rank sparse
representation is applied for extracting the candidate features from the segmented images. The Difference
Subspace Sparse representation based Classification (DSSRC) method focuses on improving the
distinguishability for the classes rather than the representation capability for the samples. The DSSRC is applied
for the classification of the retinal images into normal and abnormal images. From the experimental analysis, it
is observed that the proposed work yields high sensitivity, specificity and accuracy than the existing
classification techniques.
Keywords: Diabetic Retinopathy, Dictionary Learning, Group-based Sparse Representation, Low-Rank Sparse
Representation.

I.

INTRODUCTION

Diabetic Retinopathy (DR) is one of the most common cause of vision impairment and blindness
caused by Diabetes Mellitus [1]. With the increasing pervasiveness of diabetes and aging population in 2025,
333 million diabetic patients across the world will require retinal examination annually [2]. The DR can be
managed efficiently using available treatments, if the disease can be diagnosed in the earlier stages. Regular eye
fundus examination is required for monitoring the changes in retina[3]. Due to the limited number of
ophthalmologists, there is a need for automating the screening process to reduce the burden on the
ophthalmologist. The severity level is identified by grading the disease for allowing appropriate and consistent
referral to the treatment centers [4].
A computer-aided diagnosis and grading system depends on the automatic detection of bright lesions
such as cotton wool spots, hard and soft exudates and red lesions such as Microaneurysms (MA) and
Hemorrhages (HE). MA is the earliest sign of mild Non-Proliferative DR (NPDR). MA is round-shaped intraretinal lesion whose size ranges from 10 to 100 𝜇m in size and color is red. The detection of MA is vital for
preventing advance progression of DR[5, 6]. The MA detection algorithms are categorized as mathematical
morphology [7-9], filter-based algorithms [10, 11]and supervised learning algorithms[8, 12-14]. The
mathematical morphology techniques are more complex and make it difficult to execute and understand.The
filter-based algorithm designs appropriate filters to match the MA.The supervised learning methods are not
feasible when the training time of a large number of images is large.
In our previous work, a hybrid method for the segmentation and classification of retinal images is
proposed. The significant points such as end points, bifurcations and crossing points are identified for the
identification of arteriovenous nicking and diagnosis of hypertension. But, the proposed method require high
time complexity than the existing classification method [15]. To overcome this issue, this paper presents a
group-based low-rank sparse representation for the detection of DR. A HMSWA-HMT is applied for the
segmentation of retinal image. Group-based low-rank sparse representation is applied for extracting the
candidate features from the segmented images. The DSSRC method is applied for the classification of the retinal
images into normal and abnormal images.
The sections in the manuscript are well-organized in the following way: Section II describes an overview of
the prevalent feature extraction techniques for the diagnosis of Diabetic Retinopathy. Section III explains the
proposed work including contrast enhancement and Group-based low-rank sparse representation. Section IV
illustrates the comparative analysis of the proposed work with the existing classification techniques. The
concluding statements are discussed in Section V.
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II.

EXISTING FEATURE EXTRACTION APPROACHES

Franklin and Rajan [16] presented a technique to detect and analyze the vascular structures in retinal
images for the early detection of DR. A Multilayer Perceptron Neural Network (MPNN) is applied for
segmenting the retinal blood vessel. The severity and progressive stages of the disease are identified using the
retinal blood vessel morphology. The proposed method achieved high segmentation accuracy of about 95.03%
while evaluated on the DRIVE database. Welikala et al. [17] described an automated method for detecting new
vessels in the retinal images to detect Proliferative DR (PDR). Local morphology features are obtained from
each binary vessel map to produce double separate feature sets. A Support Vector Machine (SVM) classifier is
applied for the independent classification of each feature set. The sensitivity and specificity of the proposed
method are 86.2% and 94.4% on a per patch basis and 100% and 90% on a per image basis respectively. Mann
and Kaur[18] applied Artificial Neural Network (ANN)for the segmentation of retinal blood vessel. The features
such as Gabor, moment invariant-based, intensity, vesselness and gray-level based features are extracted to
compute the feature vector. The ANN achieved better accuracy, sensitivity, specificity and Receiver-Operating
Curve (ROC) than the existing technique.
Vanithamani and Christina [19] proposed an approach for detecting the exudates to diagnose the DR.
The exudates are segmented by removing the blood vessels and Optic Disc(OD) from the retinal fundus images.
The Grey Level Co-occurrence Matrix (GLCM) features are extracted from the image and used for training and
testing the classifiers. This automated system can efficiently filter out the exudate images and reduce the burden
on ophthalmologist in classifying the exudate images manually. Seoud et al. [3]described a new method for the
detection of MAs and hemorrhages by using the dynamic shape features. These features enable discrimination
between the lesions and vessel segments. The proposed method achieved high sensitivity and specificity and
consumed minimum computation time. Walvekar and Salunke[20] extracted features such as blood vessels,
Hard Exudates (HEs) and Soft Exudates (SEs), MAs and OD for detecting the severity of DR.
Zhao et al. [21] developed a novel infinite active contour model for automatic detection of blood vessel
structures. Better detection of oscillatory structures is enabled based on the boundary length of features. The
intensity information and local phase based enhancement map are combined to maintain the edges of blood
vessel for better segmentation performance. The proposed contour model achieved high sensitivity, specificity
and accuracy for the DRIVE dataset. Kumar et al. [22] discussed about efficient approaches for localization of
features and lesions in a fundus image. The features such as hemorrhages, MAs, HEs and SEs are extracted. The
extracted features yield about 95% for MA, 95% sensitivity and 94% specificity for exudates identification and
97% success rate for the localization of OD. Choudhury et al. [23] proposed an approach for feature extraction
using FCM and morphological methods and SVM based classification of the retinal images for the detection of
DR. The features such as retinal vessel density and exudate density are applied to the SVM to classify the
images into respective classes. The classification accuracy of about 97.6% is achieved. Nandy et al. [24]
proposed a Gaussian Mixture Model (GMM)-based feature extraction with the refinement framework to obtain
the subsequent distribution of the lesions for each retinal image. The extracted features are applied to the SVM
classifier, for the efficient diagnosis of DR. The proposed framework achieved better ROC area values for
different databases.
Nivetha et al. [25] proposed a new method for finding the exudates patches from the retinal blood
vessels during DR treatment. The GLCM features are extracted and features are processed using Probabilistic
Neural Network (PNN) classifier. Morphological operations are applied to the abnormal image for extracting
blood vessels and FCM is applied to detect the exudates in the blood vessels. Sisodia et al.[26] applied
preprocessing and feature extraction method for the detection of DR using machine learning techniques. Totally,
14 features are extracted from the normal and diabetic retinal fundus image. Among them, seven features such
as exudate area, blood vessel area, bifurcation point count, Shannon Entropy, optic distance, hemorrhage area
and MA area are extracted to identify the normal and abnormal image. Saha et al. [27] proposed a new diagnosis
system for the detection of bright and dark lesions using Naïve Bayes and SVM classifier. The detection of MAs
and blood vessel is eliminated by using the improved machine learning algorithms. Cortés-Ancos et al.
[28]integrated MA extraction method and classification system for detecting the diabetic retinopathy. The
methodology detected the low contrast MAs with lower false positive rates. Lachure et al. [29] proposed a
system for detecting retinal micro-aneurysms and exudates for automatic screening of diabetic retinopathy using
SVM and KNN classifier. The morphological operations are performed to find MA and features such as GLCM
and structural features are extracted for classification of disease severity as normal, moderate and severe.

III.

PROPOSED WORK

Initially, the input retinal images are preprocessed for enhancing the image quality. The HMSWAHMT is applied for the segmentation of retinal image. The morphological operators are applied to minimize the
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noise or enhance the image. The SWA method provides better localization irrespective of the complex disorder
patterns in the image. The HMT detects the significant points such as bifurcations points, ridge and vessel ends
that are able to define the vascular skeleton. Group-based low-rank sparse representation is applied for
extracting the candidate features from the segmented images. The DSSRC method focuses on improving the
distinguishability for the classes rather than the representation capability for the samples. The DSSRC is applied
for the classification of the retinal images into normal and abnormal images. Fig.1 illustrates the overall flow
diagram of the proposed work.

Fig.1 Overall flow diagram of proposed work
a.

Contrast Enhancement
The retinal fundus images acquired at the standard ophthalmological examinations suffer from noisy,
poor contrast and illumination variations. There arises a need for image preprocessing to improve the contrast
and sharpness and reduce the noise and illumination variations for enabling effective analysis of the fundus
images. The main objective of the preprocessing technique is to remove the noise and dark abnormalities in the
retinal images. The Red, Green and Blue (RGB)color space is transformed into Lab color space to prevent the
problems related with the use of gray scale methods to each color component due to the high correlation
between these components. The Contrast Limited Adaptive Histogram Equalization (CLAHE) [30]is applied for
improving the contrast in the retinal images.
It computes several histograms corresponding to an individual fragment of the retinal image and
applies them to redistribute the intensity values of the image. Therefore, it is significant to enhance the local
contrast of the image and provide detailed information about the exudates. The contrast of these regions is
improved by converting each pixel using a transformation function proportional to the Cumulative Distribution
Function (CDF) of the neighborhood pixels. CLAHE is applied for improving the contrast and enhancing the
separability between the exudates and the background in the retinal images. This also enables the visibility of
hidden features in the retinal images by smoothing the distribution of the grey values [31].
b.

Feature Extraction
To classify the image into the candidate regions of exudates or non-exudates classes, it should be
represented using the significant features to achieve the best class separability. To select an adequate set of
features, the exudates are distinguished from other retinal lesions or structures. In our work, group-based lowrank sparse representation is applied for extracting the candidate features from the segmented images.
Group-based low-rank sparse representation
In the dictionary learning algorithm, the images are denoted as a linear combination of atoms in a
dictionary ‘D’. The sparse representation of the input image ‘y’ is learned through the optimization problem[32]
𝑥 = arg min𝑥 𝑥 𝑜 𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝑦 = 𝐷𝑥
(1)
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Where 𝑥 𝑜 denotes 𝑙𝑜 norm that provides the number of non-zero entries in the vector ‘x’. K-SVD algorithm is
one of the methods for learning a dictionary from the training samples. K-means clustering is considered as a
method for sparse representation to find the best possible codes for representing ‘y’ using the nearest neighbor
method
arg min𝐷,𝑋 𝑌 − 𝐷𝑋 2𝐹 𝑠𝑢𝑐ℎ 𝑡ℎ𝑎𝑡 ⋁𝑖 , 𝑥𝑖 𝑜 = 0
(2)
The sparse representation 𝑥 𝑜 = 1 applies K-means algorithm to ensure one atom in the dictionary.
As the K-SVD algorithm intends to achieve linear combinations of atoms, the constraint is updated in such a
way
that
𝑥𝑖 > 1and𝑥𝑖 < 𝑇𝑜 ,
arg min𝐷,𝑋 𝑌 − 𝐷𝑋 2𝐹 𝑠𝑢𝑐ℎ 𝑡ℎ𝑎𝑡 ⋁𝑖 , 𝑥𝑖 𝑜 ≤ 𝑇
(3)
Where 𝑋 = 𝑥1 , … , 𝑥𝑁 , 𝑥𝑖 𝜖 ∈ 𝑅𝑘 are sparse codes of ‘N’ input images. 𝐷 = 𝑑1 , … , 𝑑𝑘 , 𝑑𝑖 𝜖 ∈ 𝑅𝑛 and T restricts
the input to require less than T items in its decomposition. ‘k’ denotes the number of atoms in the learnt
dictionary and ‘n’ indicates the number of samples. This equation is solved for learning both the sparse codes
and dictionary alternatively and iteratively. The sparse representation of the input image is obtained as the
result.
The Low Rank Representation (LRR) is used for finding the LRR of the data using a given dictionary.
It can recover the data from multiple subspaces and acquire the global structure of data. The objective function
of Group-based Sparse and Low-Rank (GSLR) representation is expressed as
1
min𝐷,𝑍 𝑋 − 𝐷𝑍 2𝐹 + 𝜆1 𝑛𝑖=1 𝑤𝒢𝑖 𝑍𝒢𝑖 + 𝜆2 𝑛𝑖=1 𝑤𝒢𝑖 𝑍𝒢𝑖
(4)
2
∗
1
Such that 𝑍 ≥ 0, ∀𝑖 𝑑𝑖 2 ≤ 1, 𝑑𝑖 ≥ 0
Where 𝛸 = 𝑥1 , 𝑥2 , … , 𝑥𝑁 is a matrix comprising members of 𝒳, 𝑥𝑖 ∈ 𝒳, 𝑤ℎ𝑒𝑟𝑒 𝑖 = 1, 2, … , 𝑁. ‘Z’
and ‘D’ denote the representation matrix with the group-based sparse and low-rank regularization and the
dictionary to be learned. 𝑍𝒢𝑖 refers to the ith group of Z, 𝑑𝑖 denotes the ith column of D, 𝜆1 and 𝜆2 are the
parameters that balance three terms in the objective function. 𝑤𝒢𝑖 represents the regularization parameter for the
ith group. 𝑤𝒢𝑖 = 10 𝒢𝑖 , 𝑤ℎ𝑒𝑟𝑒 𝑖 = 1, 2, … , 𝑛with spatial groups 𝒢𝑖 . 𝑑𝑖 represents the ith column of D, ∙ 𝐹 and
∙ 1 denote the Frobenius norm and the 𝑙1 norm of the matrix. ∙ ∗ represents the nuclear norm of a matrix, i.e.,
the sum of singular values of matrix.The optimal representation matrix ‘Z’ is computed for a dictionary ‘D’ and
the dictionary is solved with fixed Z.
Optimization of ‘Z’
The representation matrix ‘Z’ is solved with the current dictionary ‘D’. The optimization problem is
modeled by
1
min𝐷,𝑍 𝑋 − 𝐷𝑍 2𝐹 + 𝜆1 𝑛𝑖=1 𝑤𝒢𝑖 𝑍𝒢𝑖 + 𝜆2 𝑛𝑖=1 𝑤𝒢𝑖 𝑍𝒢𝑖
(5)
2
∗
1
Such that 𝑍 ≥ 0
The objective function is separable with various spatial groups 𝒢1 , 𝒢2 , … , 𝒢𝑛 . Hence, Z can be solved for each
𝑍𝒢𝑖 independently. Without the generality loss, 𝑍𝒢𝑖 is simply expressed as 𝑍𝑔 with 𝑔 ⊂ 𝒢1 , 𝒢2 , … , 𝒢𝑛 . The
subproblem yields
2
1
min𝑍 𝑋𝑔 − 𝐷𝑍𝑔 + 𝛽1 𝑍𝑔 + 𝛽2 𝑍𝑔
(6)
2
𝐹
∗
1
Such that 𝑍𝑔 ≥ 0
Where 𝑋𝑔 derives from the group ‘g’ of X. The above equation comprises reconstruction error, low-rank
representation and sparsity of 𝑍𝑔 , 𝛽1 = 𝜆1 𝑤𝒢𝑖 and 𝛽2 = 𝜆2 𝑤𝒢𝑖 reflect the tradeoff among these three
components.
Two auxiliary matrices ‘E’ and ‘W’ are added. The problem is reformulated as
1
min𝑍 𝐸 2𝐹 + 𝛽1 𝑍𝑔 + 𝛽2 𝑊 1
(7)
2
∗
𝑠𝑢𝑐ℎ 𝑡ℎ𝑎𝑡 𝐸 = 𝑋𝑔 − 𝐷𝑍𝑔 , 𝑊 = 𝑍𝑔 , 𝑊 ≥ 0
Hence, the augmented Lagrangian function is expressed as
1
1
ℒ 𝑍𝑔 , 𝑊, 𝐸, 𝑌1 , 𝑌2 , 𝜇 = 𝐸 2𝐹 + 𝛽1 𝑍𝑔 + 𝛽2 𝑊 1 + 𝓠 𝑍𝑔 , 𝑊, 𝐸, 𝑌1 , 𝑌2 , 𝜇 −
𝑌1 2𝐹 + 𝑌2 2𝐹
1.

2

∗

2𝜇

Where 𝜇 > 0 denotes the penalty parameter, 𝑌1 and 𝑌2 are matrices of Lagrangian multipliers, 𝑡𝑟 ∙
denotes the trace of a matrix and 𝓠 𝑍𝑔 , 𝑊, 𝐸, 𝑌1 , 𝑌2 , 𝜇 =

𝜇
2

𝑋𝑔 − 𝐷𝑍𝑔 − 𝐸 +

𝑌1
𝜇

2

𝐹

+ 𝑍𝑔 − 𝑊 +

𝑌2

2

𝜇

𝐹

.

The 𝓠 is quadraticand approximated by its first order approximation while adding a proximal term. The
above equation is unconstrained and minimized by updating the variables 𝑍𝑔 , W and E simultaneously. At this
point, the 𝑘 + 1 th𝑍𝑔 , W and E is evaluated as
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𝑍𝑔𝑘 +1 = 𝒟

𝛽1
𝜇𝑘𝜂

𝑍𝑔𝑘 +
1

1
𝜂1

𝐷 𝑇 𝑋𝑔 − 𝐷𝑍𝑔𝑘 − 𝐸 𝑘 +

𝑌1𝑘
𝜇𝑘

− 𝑍𝑔𝑘 − 𝑊 𝑘 +

𝑌2𝑘
𝜇𝑘

(8)
𝑊

𝑘+1

𝑍𝑔𝑘 +1

= max 𝑆𝛽 2
𝜇𝑘

𝐸 𝑘+1 =

𝜇𝑘
1+𝜇 𝑘

+

𝑌2𝑘

,0

𝜇𝑘

𝑋 − 𝐷𝑍 𝑘 +1 +

(9)

𝑌1𝑘

(10)

𝜇𝑘

Where ∇𝑍𝑔 𝓠represents the partial differential of 𝒬 with respect to 𝑍𝑔 , 𝜂1 = 𝐷
thresholding operator. Let 𝒞1 = 𝑍𝑔𝑘 +

1
𝜂1

𝐷𝑇 𝑋𝑔 − 𝐷𝑍𝑔𝑘 − 𝐸 𝑘 +

𝑌1𝑘
𝜇𝑘

2
2, 𝒟 𝛽1

denotes singular value

𝜇 𝑘𝜂1

− 𝑍𝑔𝑘 − 𝑊 𝑘 +

𝑌2𝑘
𝜇𝑘

, the rank of the

matrix 𝒞1 be r.
∙ + = max ∙ ,0 , the singular value decomposition of 𝒞1 be
𝒞1 = 𝑈 𝑉 𝑇 , = 𝑑𝑖𝑎𝑔 𝜋𝑖 1≤𝑖≤𝑟
Then, 𝑍𝑔𝑘 +1 satisfies
𝑍𝑔𝑘 +1 = 𝑈 𝑑𝑖𝑎𝑔

𝜋𝑖 −

𝛽1

𝑉𝑇

𝜇 𝑘 𝜂1 +
1≤𝑖≤𝑟

(11)

Where, 𝑆𝛽 2 shrinkage operator is defined as
𝜇𝑘

𝑆𝛽 2 ∙ = 𝑠𝑖𝑔𝑛 ∙ max 0, ∙ −
𝜇𝑘

𝛽2
𝜇𝑘

Optimization of ‘D’
In the dictionary update step, Z is fixed and ‘D’ is optimized by solving
1
min𝐷 𝑋 − 𝐷𝑍 2𝐹 𝑠𝑢𝑐ℎ 𝑡ℎ𝑎𝑡 ∀𝑖 𝑑𝑖 2 ≤ 1, 𝑑𝑖 ≥ 0
(12)
2
That is quadratic with respect to the dictionary. The dictionary atoms 𝑑𝑖 with larger than the unit norm are
projected inside the non-negative than a unit 𝑙2 ball. When the gradient of the objective function equals zero,
𝐷 = 𝑋𝑍 𝑇 𝑍𝑍 𝑇 −1
(13)
The above equation suffer from the computation of inverse of 𝑍𝑍 𝑇 , the dictionary atoms are updated iteratively.
𝑗𝑇
𝑗
Let 𝑅𝑖 = 𝑋 − 𝑗 ≠𝑖 𝑑𝑗 𝑍𝑇 , where 𝑍𝑇 represents the jth row of Z in the column form. The objective function of the
2.

ith atom yields
min𝑑 𝑖

1
2

𝑑𝑖 −

1
2

𝑅𝑖 − 𝑑𝑖 𝑍𝑇𝑖𝑇

𝑅𝑖 𝑍𝑇𝑖

2

2

𝑍𝑇𝑖 2
2

2

𝐹

. The objective function is rearranged as

𝑠𝑢𝑐ℎ 𝑡ℎ𝑎𝑡 𝑑𝑖

2

≤ 1, 𝑑𝑖 ≥ 0

(14)

Whose solution is
𝑑𝑖 = 𝑝𝑟𝑜𝑗𝑙2+

𝑅𝑖 𝑍𝑇𝑖

(15)

2

𝑍𝑇𝑖 2

Where 𝑝𝑟𝑜𝑗𝑙2+ ∙ denotes the projection inside the non-negative orthant of a unit 𝑙2 ball [33].
In the dictionary learning process, Z and D are updated alternately. The iteration of the algorithm stops, when
the relative error of two successive objective functions is less than the tolerance.
Input: The matrix ‘X’ and parameters 𝜆1 , 𝜆2 𝑎𝑛𝑑 𝑤𝒢𝑖
Output: Z and D
Step 1: Initialize 𝐷0 and 𝑘 = 0
Step 2: while Convergence is not attained do
Step 3: Solve 𝑍 𝑘+1 , 𝑊 𝑘+1 , 𝐸 𝑘+1 with respect to 𝐷𝑘
Step 4: Update 𝐷𝑘 +1 with fixed 𝑍 𝑘 +1 , 𝑊 𝑘 +1 , 𝐸 𝑘 +1 by solving eqn (12)
Step 5: Update ‘k’ by 𝑘 = 𝑘 + 1
Step 6: end while
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IV.

PERFORMANCE ANALYSIS

The experimental analysis is carried out using the Matlab software. The proposed work is compared
with Careera et al. [34].

Fig.2 Accuracy, Sensitivity and Specificity analysis of the proposed work and SVM classifier
Fig.2 illustrates the accuracy, sensitivity and specificity analysis of the proposed work and SVM
classifier. The SVM classifier yields sensitivity, specificity and accuracy of 85.1%, 87.3% and 88.4%
respectively. The proposed work achieves high sensitivity, specificity and accuracy of about 99%, 98% and
99.8%respectively. Fig.3 depicts the accuracy, sensitivity and specificity analysis of the proposed work and DT
classifier. The Decision Tree (DT) classifier yields sensitivity, specificity and accuracy of 92%, 86.6% and
97.4% respectively. The proposed work achieves high sensitivity, specificity and accuracy of about 99%, 98%
and 99.8% respectively. The proposed method is compared with Sanchez et al. [35], Agurto et al. [36], Antal et
al [37], Barriga et al. [38], DREAM [15] and HM-SPCA and evaluated using the MESSIDOR dataset [39].
Fig.4 depicts the comparative analysis of the sensitivity, accuracy rate and specificity for different image
classification methods. The proposed approach yields maximum sensitivity, specificity and accuracy rate than
the existing classification methods. Due to the extraction of the optimal features, the normal and abnormal
images are classified efficiently. This facilitates the efficient diagnosis of the DR.

Fig.3 Accuracy, Sensitivity and Specificity analysis of the proposed work and DT classifier
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Fig.4 Accuracy, Sensitivity and Specificity analysis for different classification methods
The proposed method is compared with the retinal feature extraction approach [40]. Fig.5 shows the
healthy image detection analysis. Fig.6 illustrates the Glaucoma image detection and Fig.7 presents the DR
image detection. In the retinal image database, there are 25 healthy images, 15 Glaucoma images and DR
images. Existing feature extraction method has extracted 25 healthy images, 14 Glaucoma images and 13 DR
images. The existing method achieved accuracy of about 100%, 93.33% and 80% for the extraction of healthy
images, Glaucoma images and DR images respectively. Our proposed method has successfully extracted 25
healthy images, 14 Glaucoma images and 14 DR images. The proposed method achieved accuracy of about
100%, 100% and 93.33% for the extraction of healthy images, Glaucoma images and DR images respectively.

Fig.5 Healthy image detection

Fig.6 Glaucoma Image detection

Fig.7 DR image detection

www.ijlera.com

2018 IJLERA – All Right Reserved

65 | Page

International Journal of Latest Engineering Research and Applications (IJLERA) ISSN: 2455-7137
Volume – 03, Issue – 04, April 2018, PP – 59-68
V.

CONCLUSION

Dictionary Learning is applied for learning the MA and non-MA dictionaries from the sample MA and
non-MA objects. Then, these dictionaries are used for representing and classifying the MA candidates using
group-based low rank sparse representation. The dictionary learning with group-based sparse and low-rank
regularizations makes the pixels that belong to the same group to share a common active set of atoms from the
dictionary. The group-based sparse and low-rank regularizations are capable of capturing both local and global
structure of the image and facilitate the integration of spatial information into the classification task. The
proposed work yields high sensitivity, specificity and accuracy than the existing classification techniques. From
the experimental results, it can be concluded that the proposed method is effective for MA detection, and a vital
tool in the DR diagnosis.
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