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Abstract: Diabetes problems can lead to an eye disease called Diabetic Retinopathy (DR), which permanently damages the blood vessels in the retina. If not treated early, DR becomes a significant reason for blindness. To identify the DR and determine the stages, medical tests are very labor-intensive, expensive, and time-consuming. To address the issue, a hybrid deep and machine learning technique-based autonomous diagnostic system is provided in this paper. Our proposal is based on lesion segmentation of the fundus images based on the LuNet network. Then a Refined Attention Pyramid Network (RAPNet) is used for extracting global and local features. To increase the performance of the classifier, the unique features are selected from the extracted feature set using Aquila Optimizer (AO) algorithm. Finally, the LightGBM model is applied to classify the input image based on the severity. Several investigations have been done to analyze the performance of the proposed framework on three publically available datasets (MESSIDOR, APTOS, and IDRiD) using several performance metrics such as accuracy, precision, recall, and f1-score. The proposed classifier achieves 99.29%, 99.35%, and 99.31% accuracy for these three datasets respectively. The outcomes of the experiments demonstrate that the suggested technique is effective for disease identification and reliable DR grading.
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1  Introduction

Diabetes is a condition when the body produces less insulin than it needs to, which causes blood glucose levels to rise. Diabetes affects millions of people each year all around the world. Nearly 450 million people are estimated to have had either type 1 or type 2 diabetes in the past two decades. Type 1 and type 2 diabetes are the two chronic kinds among the four main types of diabetes, whereas hereditary deficiencies and gestational diabetes may usually be reversed. [1–3]. It results in a lot of health issues, like vision loss, Diabetic Retinopathy (DR), stroke, kidney failure, heart attacks, and other issues.

The blood vessels in the retina’s tissue become damaged as a result of long-term diabetes. Due to this, the macula becomes infected with lipids, fluids, and blood, which obscures vision. Patients with DR frequently experience color blindness, fuzzy vision, loss of central vision, floaters in the visual field, and poor night vision [4–6]. Moreover, patients who have advanced DR go completely blind, and the affliction typically lasts a lifetime.

Lesions, or spots, can be seen in the fundus retina image as a result of the leaky blood and fluids. Bright lesions or red lesions are the two ways to identify lesions. Hemorrhage (HM) and Microaneurysms (MA) are present in red lesions, whereas Exudates (EX) are bright lesions. The smaller spots are known as MA, and the larger ones are known as HM [7–9]. Hard EX displays vivid yellow spots, but soft EX appears as fluffy, white-yellowish spots because nerve fibers are damaged. It is often known as cotton wool. Depending on the kinds and quantities of lesions shown on the retinal picture, there are five DR phases.

It is challenging to treat DR when it is severe. As a result, it’s critical to identify DR at an early stage to develop and implement effective management methods [10–13]. As a result, numerous methods are created to identify the DR lesions and analyze their level. To correctly classify DR, the difficult stage is to reliably retrieve the key characteristics from retinal images. Previously, Naive Bayes, Support Vector Machine and K-Nearest Neighbors were among the machine learning classifier algorithms used to categorize the photos. These common machine-learning techniques extract distinct handcrafted elements from the image itself to discover discriminative patterns [14–16]. The intricate structure of the pattern cannot be learned using conventional methods, and they frequently fail to model the fundamental structure of the aberration. To address this issue, in this paper an effective deep learning-based technique is utilized to retrieve important features of the image.

In addition, as compared to neural network models, the majority of these conventional techniques display poor generalization [17,18]. This limits the scope of these engineering methods’ usefulness in a therapeutic setting. Deep learning techniques are introduced as a means of overcoming the limitations of machine learning and have significantly improved methods for analyzing medical images [19,20]. Therefore, in this study, a hybrid deep and machine learning-based architecture is presented as a pre-test to aid clinical professionals by enhancing the testing procedure in cases of DR which reduces money and effort.

For this, in this paper, an effective LuNet and Refined Attention Pyramid Network (RAPNet) based lesion segmentation and feature extraction are applied. From the extracted features, the important features are selected by the Aquila Optimizer algorithm which improves the performance of the LightGBM classifier and categorized the fundus image into normal, mild, moderate, severe, and Proliferative diabetic retinopathy (PDR) classes.

The key contribution of this study is listed as follows,

•   To achieve effective lesion segmentation, LuNet based segmentation technique is implemented.

•   The proposed technique for detecting and classifying diabetic retinopathy makes advantage of the deep features of a Refined Attention Pyramid Network (RAPNet). Next, the extracted features are reduced and the optimal features are chosen using Aquila Optimizer (AO) algorithm

•   To perform the successful DR grading, a LightGBM-based effective machine learning technique is implemented

•   For the segmentation and grading of diabetic retinopathy on the three datasets, the suggested strategy performs better than the existing techniques.

The remainder of the article is structured as follows. Section 2 provides an overview of current techniques for DR detection using eye fundus pictures. The resources and procedures utilized for this classification are presented in Sections 3 and 4. Section 5 obtains the findings of the proposed methodology using various performance criteria and compares them with more recent methods for DR classification. The conclusions and suggestions for further research are reported in Section 6.

2  Related Works

Several research activities and various techniques have been suggested for the automatic detection and grading of the DR over the last 20 years. Some of the works have been briefly discussed in this area.

For the automated diagnosis of DR, Bodapati et al. [21] suggested a gated-attention mechanism-based composite deep neural network architecture. Color fundus retinal pictures were represented using feature descriptors that were derived from numerous pre-trained deep Convolutional Neural Networks (CNNs). To obtain the condensed versions of these representations with minimal information loss, spatial pooling techniques were implemented. Additionally, the technique incorporates gated attention blocks that enable it to focus less on the non-lesion regions and more on the lesion portions of the retinal pictures.

Elsharkawy et al. [22] employed a structural 3D retinal scans-based automatic technique to identify the DR. This technique employed an adaptive, appearance-based approach to accurately segment the retinal layers of the input image utilizing prior shape knowledge. Following segmentation, new texture characteristics were retrieved for DR diagnosis from the segmented layers. The 2nd-order reflectivity for each layer was extracted using the Markov-Gibbs random field model. They used cumulative distribution function descriptors to visualize the characteristics produced from the extracted images. To accomplish layer-by-layer classification, the extracted Gibbs energy feature for each layer was supplied into an artificial neural network. The categorization outputs for all twelve levels are then pooled using a majority vote approach for overall issue identification.

By utilizing the transfer learning approach, Jabbar et al. [23] provided a structure for the automatic detection and categorization of DR. To enhance an image’s visibility, several preprocessing techniques such as non-local mean denoising, interpolation image scaling, and weighted Gaussian blur were used. The classification of DR into PDR, severe, moderate, mild, and normal classifications was done after preprocessing using a transfer learning-based VGGNet architecture. The public dataset from Kaggle EyePACS was used for the experimental experiments. Various performance metrics such as the area under the curve, sensitivity, specificity, and accuracy were used to measure the method’s efficacy.

Yi et al. [24] performed an EfficientNet-based DR classification task with several pre-processing steps to overcome the problem of imbalanced data on APTOS the network called RA-EfficientNet was proposed to extract additional valid image features. This network adds a residual attention component to EfficientNet to retrieve more features and address the issue of subtle changes among lesions. To get around the small sample size issue of DR, EfficientNet was already trained by transfer learning technique on the ImageNet dataset. Finally, binary and multi-class classifications were conducted based on the retrieved characteristics and evaluated the efficiency of the technique in terms of several performance metrics.

A technique to identify DR was introduced by Nahiduzzaman et al. [25] for binary and multiclass classification. First, Ben Graham’s method has been used to pre-process DR pictures. After that, pre-processed images with less noise and more distinct features were obtained by contrast limited adaptive histogram equalization technique. To further streamline the input characteristics for classifiers, a hybrid singular value decomposition-the convolutional neural network was created. Then the Extreme Learning Machine-based method is used to perform classification which reduces the cost of training time. The f1-score, recall, precision, and accuracy-based metrics show the suggested scheme’s ability for DR diagnosis.

According to ResNet-18 and GoogleNet architectures, Butt et al. [26] provide a hybrid strategy based on transfer learning. The input images are scaled and normalized during preprocessing to meet input image specifications for the ResNet-18 and GoogleNet Models. The input fundus images are fed through these models to extract 1000 features from the images. Following this procedure, a composite feature set with 2000 features was created by combining the feature vectors generated by the ResNet-18 and GoogleNet models. When employing different methods for DR classification, this feature set is supplied to several classifiers, and the results are compared.

E-DenseNet-based hybrid deep learning method was presented by AbdelMaksoud et al. [27] for DR classification. They combined transfer learning-based DenseNet and EyeNet models for classification. The authors modified the conventional EyeNet by adding dense blocks and created the hybrid E-DensNet framework. In terms of computing time, quadratic kappa score, dice similarity coefficient, specificity, sensitivity, and accuracy the results of the suggested method were obtained and compared with existing techniques.

3  Materials

In this research work, three datasets are considered for the proposed method’s evaluation. They are discussed in this section.

Messidor dataset: This dataset contains 1200 RGB fundus images. The photographs were captured in 8 bits color planes with 2304 × 1536, 2240 × 1488, or 1440 × 960 pixels. Three ophthalmologic departments acquired the fundus images for this dataset. It consists of four classes: 0, 1, 2, and 3, where class 0 denotes no diabetic retinopathy or normal while classes 1, 2, and 3 denote mild, moderate, and severe levels.

APTOS 2019 dataset: The images available in this dataset are provided by Aravind Eye Hospital, India. The dataset contains 1928 test samples and 3662 training samples in total. The sizes of the photographs were made accessible in a range, including 3216 × 2136, 819 × 614, and 2416 × 1736. The images in this dataset are categorized into five classes. They are normal, mild, moderate, severe, and PDR.

IDRiD dataset: This dataset has 516 fundus photographs that were taken from the eye hospital located in Nanded, Maharashtra, India. They are JPEG files. The photos are divided into 103 test and 413 training images. They have a substantial resolution of (4288\times 2848\). A Kowa VX-10 alpha digital fundus camera with a (50°) FOV was used to take each image at a distance of 39 mm from the eye. Near the macula, the camera was centered.

4  Methodology

The methodology used in the multi-stage classification of DR using the proposed approach is illustrated in Fig. 1. This work contains five stages. They are image pre-processing, segmentation, feature extraction, feature selection, and classification. First, the input picture is pre-processed, and then LuNet based segmentation network is implemented to segment the Microaneurysms, Haemorrhage, and soft and hard exudates lesions from the image. Afterward, the features are extracted to perform the classification task using the RAPNet-based technique. Then, among the extracted features, the Aquila optimizer selects the important features and a LightGBM-based classification task is conducted.

[image: images]

Figure 1: System architecture of proposed methodology

4.1 Pre-processing

The first phase of the proposed framework is preprocessing. To achieve the best outcomes, RGB to grey conversion is done in this phase. The images obtained from the dataset are in different sizes. Therefore, the images are resized into 521 × 521 size. To avoid overfitting and balance the classes in the dataset, the data augmentation is performed with rotation, shear, horizontal flip, and vertical flip operations.

4.2 Segmentation

The LuNet network receives pre-processed images for lesion segmentation. LuNet is a more advanced version of CNN and a hybrid version of LeNet and UNet with numerous modifications. This network contains an encoder and decoder section. Each section contains 4 layers. In four layers, the last two layers are fully connected layers with a sigmoid activation function. The input image was obtained by this network’s first layer, which consists of one max pooling layer and two ConvNet with a 32-bit 3 × 3-filter size. Similarly, two ConvNet are included in the second layer of the LU-Net, along with one pooling layer with a 3 × 3 filter size of 64 bits. These two layers are working on the downsampling process. The retrieved features in this technique are doubled with each downsampling. The ‘eLU’ activation function [28] is used in each layer of this network which is stated in the following equation because it does not reject negative pixels.


f(x)={x,ifx>0α(ex−1),ifx≤0
(1)

Here, the term α is typically set to 1 which is constant. From the equation, it is clear that ELU and ReLu are virtually identical in terms of positive inputs. But the ELU function produces a negative output that is controlled by an exponent function when the input is negative.

The upsampled features in the encoder section are forwarded to the decoder section for downsampling operation. This section contains 2 transpose layers. The first transpose layer has a 2 × 2 filter with 64-bit size and stride 2. The second transpose layer has a 2 × 2 filter with a 32-bit size and stride 2. Each transpose layer contains two ConvNet with 3 × 3 sizes. Finally, two fully connected layers in the LuNet with the sigmoid activation function are used to produce the lesion segmentation map based on the features.

4.3 Feature Extraction

After the lesion segmentation, the feature extraction on the segmented image is conducted using the Refined Attention Pyramid Network (RAPNet). It may combine higher-layer feature maps with lower-layer feature maps to create multi-scale feature maps which provide very deep features of the image. This network is based on Encoder and decoder structure. This network contains five stages. The first three stages contain 1 × 1 convolution layers and another two stages contain atrous convolution with 3 × 3 convolution layers. Between the two convolution layers, the ReLU layer is applied to create a non-linear representation to retrieve low-layer detailed data.

In all residual blocks, the deconvolution process is introduced to upsample the high-level feature maps. Because all the feature maps are of the same size to conduct the fusion operation. After that, the lateral connection is provided with the convolutional block attention module (CBAM), to adjust the feature maps in all layers. This can decrease false detection and increase the precision of feature extraction.

In the encoder section, the features from the image are collected using the pyramid pooling module which is included in the final residual block of the conv5 stage. It performs a global average pooling function and four-level pyramids with 1 × 1, 2 × 2, 3 × 3, and 6 × 6 bin sizes are included in this layer. Then finally tuned feature maps are sent to the corresponding decoding layer for the concatenation operation. All the encoding layers are connected with the corresponding decoding layer. Finally, the obtained feature maps are denoted as P2, P3, P4, and P5.

Additionally, we enhance the feature pyramid structure and create the fusion feature map P2 by concatenating P3, P4, and P5 with a dense link. In this manner, multiscale building extraction feature maps with rich semantic and spatial information are acquired. Particularly, this network has chosen the operation of concatenation rather than element-wise addition using lateral connections and dense connections between upsampled feature maps. Due to this, the final fused feature map P2 is obtained, which has the same spatial size as the original input image.

4.4 Feature Selection

The extracted features from the RAPNet are forwarded to Aquila Optimizer (AO) [29] to select the most significant features. This algorithm creates an initial population x of Agent N. if the AO identifies the best solution, then the agents are updated in the current population based on the solution. Eq. (2) creates the initial population X, which is made up of N solutions.


Xi=LB+rand(1,D)×(UB−LB)
(2)

In the above equation, the amount of features is denoted by D, UB and LB denote the lower and upper boundaries of the search space, and the random vector with features is denoted by rand (1, D).

Updating Population

In the population updating stage, the populations are changed into Boolean value BXi which is expressed in the following equation.


BXij={10  ifXij>0.5  otherwise
(3)

After the Boolean conversion, the features containing zero values are eliminated from the feature set. Due to this, irrelevant features are removed from the feature set. Afterward, the fitness of each feature is computed by the following equations.


Fiti=λ×γi+(1−λ)×(|BXi|D)
(4)

Here, to maintain the balance between the 
γi
classification error and relevant features ratio 
(|BXi|D)
, the weights 
λ∈[0,1]
are applied to the algorithm. The best Fit is then identified, along with its matching agent Xb (i.e., the best one). After that, replace the current agents with AO operators.

Terminal Criteria

The stopping conditions are examined at this stage, and if they are not met, the updated stage is repeated. Otherwise, Xb is used as the output of the chosen features and the learning process is stopped.

4.5 Classification

In this section, LightGBM-based DR classification is conducted based on the selected feature set. It is distributed gradient boosting tree algorithm and is frequently used in classification regression and other issues due to its excellent accuracy low memory usage, and quick performance. Compared to other tree-boosting algorithms, the lightGBM divides the tree leaf-wise based on its best fit. Other tree-boosting algorithms are dividing the tree level-wise or depth-wise. Therefore, the loss of the algorithm is decreased compared to other level-wise algorithms when growing on the same leaf. Hence, the accuracy of the algorithm is also increased compared to other boosting algorithms.

The GOSS (Gradient-based One-Side Sampling) algorithm is the first component of the LightGBM algorithm. GOSS successfully balances precision and sample size for the decision tree in LightGBM. First, the training examples’ absolute gradient values are sorted in descending order, and the set ‘A’ data whose gradient value is less than 100% is chosen. Then, a subset 
b×|Ac|
is arbitrarily selected with B size in the final instance Ac. Then, the set 
A∪B
is variance gain is computed using the following equation


Vj(m)=1n((∑yi∈Alhi+1−ab∑yi∈Blhi)2nlj(m)+(∑yi∈Arhi+1−ab∑yi∈Brhi)2nrj(m))
(5)

In the ‘A’ subgroup whose values are fewer or equal to m is represented by Al, whereas which elements are more than m is represented by Ar. Br and Bl are also created based on set ‘B’. Br, Ar, Bl, and Al, are defined as follows:


Ar={yi∈A:yi,j>m}, Al={yi∈A:yi,j≤m},Br={yi∈B:yi,j>m}, Bl={yi∈B:yi,j≤m},
(6)

First, the input features are converted into the histogram form with the same size as the input. Afterward, the leaf node of the histogram is constructed. The created histogram is capable of identifying the ideal split point. The leaf-wise growth strategy, which can only be used up to the depth of the tree’s construction, is used in the next stage. The performances might accelerate even more using this method than they did with GBDT. It's important to not overlook the LightGBM’s last phase. Parallel processing can increase performance even more without sacrificing accuracy.

5  Result and Discussion

The proposed system was constructed using Tensor Flow’s Keras framework and the Python language. All tests were conducted using a 2 GB NVIDIA GeForce 930 mx graphics card. Eighty percent of the datasets were used for training, while twenty percent were used for testing. In LightGBM, the values of the hyperparameters are minimum no of leaves = 30, Maximum tree depth = 7, maximum no. of leaves = 105, and no. of trees = 300. In the segmentation network, Adam served as the optimizer for training, the loss function is cross-entropy loss and the epochs are 100. The dropout rate and initial learning rate are 0.5 and 0.001 respectively. For performance assessment, ten runs are carried out to report the results.

Once the network has finished the training, the accuracy measure indicates the percentage of accurate predictions. It is shown together with the accuracy curve, which illustrates the development of the suggested network. The training and testing accuracy and loss of the segmentation network are given in Figs. 2a and 2b respectively. For classification, the testing and training accuracy and loss are given in Figs. 3a and 3b respectively.
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Figure 2: (a) Training and testing accuracy, (b) Training and testing loss
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Figure 3: (a) Training and testing accuracy, (b) Training and testing loss

The accuracy and error loss percentage demonstrates considerable improvement throughout the training and testing process, starting at an early level. From the graphs, it is observed that the training and testing accuracy of LuNet is 81.28% and 84.93%. And, the training and testing loss of the segmented network is 0.005 and 0.008. Similarly, the training and testing accuracy of the proposed classifier is 79.71% and 69.83%. And the training and testing loss of the classifier is 0.002 and 0.12. This training and testing analysis demonstrates how the suggested model was able to segment data well and self-learn features based on the dataset provided to classify the DR.

5.1 Segmentation Results

For segmentation, three performance metrics are utilized for evaluation. They are Discrete Similarity Coefficients (DSC), Positive Predicted Value (PPV), and Sensitivity which are expressed in the following equations.


DSC=2×TP2×TP+FP+FN
(7)


SEN=TPTP+FN
(8)


PPV=TPTP+FP
(9)

Here, DSC evaluates how closely predictions match actual results; SEN evaluates the rate of true positives (TP). PPV is the ratio of accurately estimated positive outcomes to both correctly and incorrectly predicted positive outcomes.

Fig. 4, provides some illustrations of four different lesions named Microaneurysms, Haemorrhages, soft exudates, and hard exudates, so that we can see how our method can produce more accurate findings without adding extra artifacts and these images are closer to the ground truth images. Furthermore, it is observed that the suggested segmentation technique can maintain the details of small-scale MA and HE regions in addition to segmenting large-scale EX and SE regions. Because of its stability, it can successfully resist disturbance from noise, distortions, and reflecting vessels. The suggested method can accurately separate lesions of varied sizes and shapes from complex fundus images while overcoming the interference of similar tissues like tangled blood arteries and optic discs and other lesion noises. Additionally, it can keep the outline features of EX and MA more effectively. In the image, the segmented lesions are displayed in white color pixels considered as ROI appearing on black background. These ROI parts (lesions) are segmented by the LuNet-based segmentation network. Then, the segmented lesions are further processed by the RAPNet to extract the features from the lesions. The lesion segmentation result of the proposed approach is given in Table 1.
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Figure 4: Outcome of segmented images (a) original images, (b) pre-processed images, (c) segmented images
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It is evident from the images and table that segmenting hard exudates is a simpler task, whereas segmenting microaneurysms is the hardest assignment. Low sensitivity is a frequent issue with the DR lesion segmentation task. However, the proposed approach provides good sensitive results for all classes. Having classifiers with high sensitivity is equally important to the study of true positive classifications. It is clear from Table 1 that DSCs are superior for all types of lesions. When compared to true positives, PPVs provide more information about the issue of false positive classifications. In terms of PPV, Microaneurysms achieve a very low value compared to all other types (60.79). The graphical representation of Table 1 is given in Fig. 5.
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Figure 5: Comparison of proposed lesion segmentation

5.2 Classification Results

To measure the classification performance of the study, the metrics sensitivity, specificity, accuracy, and F1-score are taken into account which is explained in the following equations. The model’s accuracy is computed by dividing the number of labels that were accurately categorized by the total number of images in each class.


Accuracy=TP+TNTP+TN+FP+FN
(10)


Precision=TPTP+FP
(11)


Sensitivity=TPTP+FN
(12)


Specificity=TNTN+FP
(13)


F1−Score=2∗precision∗recallprecision+recall
(14)

Here, FN denotes “false negative cases”, FP denotes “false positive instances” TN denotes “true negative cases” and TP stands for “true cases”.

The confusion matrix is the key information needed in the evaluation of a model. Using the related confusion matrices and the basic equations given above, the effectiveness of the classifier and performance metrics are further determined. The confusion matrix of the proposed classifier for the Messidor, APTSO, and IDRiD datasets is shown in Figs. 6–8.
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Figure 6: Confusion matrix of a proposed classifier on the Messidor dataset
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Figure 7: Confusion matrix of the proposed classifier on the APTSO dataset
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Figure 8: Confusion matrix of the proposed classifier on the IDRiD dataset

There are as many rows and columns in the confusion matrix for the multi-class classification problem as there are classes in the dataset. The primary diagonal elements show the appropriately categorized cases. For each grade level of TP, TN, FP, and FN, observations are made based on the confusion matrix.

While analyzing the confusion matrices, most of the classes are correctly predicted for three datasets. It describes the classification capacity of the proposed approach. To further analyze the efficiency of the proposed approach the recall, specificity, precision, and accuracy of the proposed method were computed individually for all three datasets. The classification results of all the datasets for each class are given in Table 2 and Figs. 9–11 in graphical form.
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Figure 9: Multi-class classification of Messidor dataset
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Figure 10: Multi-class classification of the APTSO dataset
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Figure 11: Multi-class classification of the IDRiD dataset

From the above graphs, it is observed that the classifier predicts all the classes almost accurately and achieves superior results. Specifically, the normal, mild classes attain high accuracy for Messidor (99.78% 99.49%), and the IDRiD dataset (99.84%, 99.52%). In the APTSO dataset, the normal and moderate class attains the highest accuracy (99.84%, 99.52%). In the classification of severe class, the classifier yields similar accuracy (98.97%) for the Messidor and IDRiD datasets.

The sensitivity, specificity, and F1 score for all classes provide very good results which show the classification ability of the proposed approach. Fig. 9 represents the classifier performance on the Messidor dataset which contains four classes (severe, moderate, mild, and normal). In the figure, the precision value of the severe class (98.96%) is higher than the moderate (98.79%) class. However, in terms of specificity, the mild class (99.76%) attains high value than all classes.

Figs. 10 and 11 represents the classifier performance on the APTSO and IDRiD dataset respectively. It contains five classes (normal, mild, moderate, severe, and PDR). In Fig. 10, the PDR class attains 99.49% accuracy, 99.21% precision, 99.49% sensitivity, 99.58% specificity and 99.41% f1-score. In Fig. 11, accuracy, precision, sensitivity, specificity and f1-score values for PDR class is 99.39%, 99.12%, 99.38%, 99.59% and 99.29% respectively. From these results, the DR grading performance of the proposed classifier is enhanced for all the datasets.

Different strategies and a variety of datasets are used to implement several different methods for DR classification. In three datasets (Messidor, APTOS, and IDRiD), the effectiveness of the suggested technique is compared to standard current methods, and the comparisons are displayed in Tables 3–5.
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From Table 3, it is observed that the proposed technique outperformed all other techniques with 99.29% accuracy. In all the techniques, the Capsnet provides good performance and attains 97.98% accuracy which is not higher than the accuracy of Resnet-50. It attains 99.16% accuracy on the Messidor dataset which is similar to our proposed approach. Compared to all the techniques, the performance of QEIRV-2 and InceptionV3 is average and they yield 93.3% and 94.59% accuracy correspondingly. The graphical representation of Table 3 is given in Fig. 12. This graph compares the proposed approach with the existing techniques in terms of accuracy.
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Figure 12: Comparison of accuracy on Messidor dataset. The error bars show the standard deviation

The results of the suggested DR grading and classification approach on the APTSO dataset are shown in Table 4. The suggested model outperforms the current state-of-the-art method with 99.35 percent accuracy, 99.03 percent precision, 99.59 percent sensitivity, 99.60 percent specificity, and 99.42 percent f1-score when compared to the most recent approaches. The suggested method's greatest sensitivity ensures that the classifier accurately predicts the DR and that incorrect case predictions are avoided. Since the sensitivity indicates how well the classifier performs based on the prediction and properly identifies the patients with DR. Fig. 13 compares the accuracy of the suggested method with the current method.
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Figure 13: Accuracy comparison of the proposed technique on the APTSO dataset. The error bars show the standard deviation

Utilizing the most recent IDRiD dataset serves as proof that the suggested model is generalizable. The proposed methodology has been applied to pictures taken from the IDRiD dataset to provide an overview of classification performance in terms of performance parameters. Observations have been made to determine the proposed model’s capacity for classification.

According to Table 5’s performance results, the suggested approach performs equally well with 99.31 percent accuracy using the IDRiD dataset as well. In other existing techniques, J48 achieves (99.03% accuracy) better results compared to all other techniques. It is evident from examining the graphical representation of Table 5, the Resnet-50 network struggles to accurately grade DR for the IDRiD dataset Fig. 14. The E-DenseNet BC-121 performs better than the Resnet-50 network with 93% accuracy.
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Figure 14: Accuracy comparison of the proposed technique on the IDRiD dataset. The error bars show the standard deviation

5.3 Impact of Feature Selection

As mentioned earlier, selecting the most powerful features and using them to train the learning algorithm can significantly reduce the amount of training data, which, in turn, reduces the model’s time and space complexity. Therefore, in this section, we evaluate the efficiency of the feature selection method which improves the performance of the classifier. The impact of feature selection is displayed in the following Table 6 and Fig. 15.
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Figure 15: Accuracy comparison of with and without feature selection

From the above table, it is observed that the performance of the classifier is slightly improved with the feature selection technique. In the APTOS dataset, the accuracy of the classifier is 99.24% before the feature selection process. After the selected set of features, the performance of the classifier is increased and produced 99.35% accuracy. Similarly, Messidor and IDRiD datasets also achieve 99.29% and 99.31% accuracy after the feature selection process.

6  Conclusion

DR is an eye disease that can cause visual loss and has recently spread significantly. For this, the present study suggests a rapid grading method and automatic early DR diagnosis. To categorize lesions according to their severity levels, LuNet lesion segmentation and lightGBM classifier are implemented on fundus pictures. The segmentation technique effectively segments the fundus images into four lesions and achieved good results in terms of DSC, PPV, and SEN. Furthermore, the AO algorithm-based feature selection process is conducted to improve the classification accuracy of DR classes on three datasets. Therefore, the proposed algorithm achieved 99.29%, 99.35%, and 99.31% accuracy for Messidor, APTSO, and IDRiD datasets respectively. Finally, the result findings demonstrate that the method produces successful results in both segmentation and classification when compared to several conventional methods. In the future, this research will expand to recognize more retinal conditions, such as retinopathy of prematurity and glaucoma, among others, and digital applications may be created to make it easier to use the model in clinical settings.
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Table 3: Comparison with existing technique on the Messidor dataset

Technique Accuracy Precision Sensitivity Specificity F1-score
Resnet-50 [30] 99.16 99.72 99.16 99.16 —
Capsnet [31] 97.98 95.62 96.11 95.82
QEIRV-2 [32] 93.3 — — — —
InceptionV3 [33] 94.59 95.12 94.81 94.35 92.99

Proposed approach 99.29 98.98 99.56 99.55 99.37
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Table 4: Comparison with existing technique on the APTOS dataset

Technique Accuracy Precision Sensitivity Specificity F1-Score
Cnn512 [34] 83.4 — 83.4 95.7 —
Composite Dnn [21] 82.54 82 33 82
Xception [35] 84.36 73.84 70.51 70.49
XGboost [36] 94.2 93.5

Proposed approach 99.35 99.03 99.59 99.60 99.42
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Table 1: Segmentation results of four lesions

Labels DSC PPV SEN

Hard exudates 95.56 90.43 91.92
Soft exudates 93.34 82.79 85.75
Haemorrhages 88.98 76.53 79.79
Microaneurysms 76.91 62.79 64.81
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Table 6: Comparison of with and without feature selection technique

With feature selection

Dataset Accuracy Precision Sensitivity Specificity F1-score
Messidor 99.29 98.98 99.56 99.55 99.37
APTOS 99.35 99.03 99.59 99.60 99.42
IDRiD 99.31 99 99.57 99.57 99.40
Without feature selection
Messidor 99.03 98.87 99.47 99.46 99.28
APTOS 99.24 98.91 99.48 99.49 99.31
IDRiD 99.18 98.83 99.41 99.41 99.29
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Table 2: Multi-class classification of the proposed approach on three datasets

Messidor dataset

Class Accuracy Precision Sensitivity Specificity F1-score
Normal 99.78 99.06 99.93 99.65 99.51
mild 99.49 99.13 99.85 99.76 99.47
moderate 98.93 98.79 99.14 99.37 99.22
severe 98.97 98.96 99.35 99.43 99.31
APTOS dataset
Normal 99.82 99.11 99.96 99.82 99.57
mild 98.98 98.81 99.29 99.49 99.34
moderate 99.54 99.17 99.9 99.79 99.52
severe 98.93 98.87 99.31 99.36 99.28
PDR 99.49 99.21 99.49 99.58 99.41
IDR1D dataset
Normal 99.84 99.12 99.91 99.76 99.41
mild 99.52 99.09 99.81 99.7 99.58
moderate 98.83 98.84 99.43 99.39 99.43
severe 98.97 98.86 99.36 99.41 99.31
PDR 99.39 99.12 99.38 99.59 99.29
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Table 5: Comparison with existing technique on IDRiD dataset

Technique Accuracy Precision Sensitivity Specificity F1-Score
E-Densenet Bc-121 [27] 93 - 96.7 72 —
Centernet [37] 98.10 — — — —
J48 [38] 99.03 99 99.7 99 99
Resnet-50 [39] 90.64 — — — —

Proposed approach 99.31 99 99.57 99.57 99.40
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