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Abstract: In severe cases, diabetic retinopathy can lead to blindness. For decades, automatic classification of diabetic retinopathy images has been a challenge. Medical image processing has benefited from advances in deep learning systems. To enhance the accuracy of image classification driven by Convolutional Neural Network (CNN), balanced dataset is generated by data augmentation method followed by an optimized algorithm. Deep neural networks (DNN) are frequently optimized using gradient (GD) based techniques. Vanishing gradient is the main drawback of GD algorithms. In this paper, we suggest an innovative algorithm, to solve the above problem, Hypergradient Descent learning rate based Quasi hyperbolic (HDQH) gradient descent to optimize the weights and biases. The algorithms only use first order gradients, which reduces computation time and storage space requirements. The algorithms do not require more tuning of the learning rates as the learning rate tunes itself by means of gradients. We present empirical evaluation of our algorithm on two public retinal image datasets such as Messidor and DDR by using Resnet18 and Inception V3 architectures. The findings of the experiment show that the efficiency and accuracy of our algorithm outperforms the other cutting-edge algorithms. HDQHAdam shows the highest accuracy of 97.5 on Resnet18 and 95.7 on Inception V3 models respectively.
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1  Introduction

Diabetic retinopathy (DR) is the most common complication of diabetes. It is the major cause of permanent blindness in people in their working years [1]. Inflammation and retinal neurodegeneration, in addition to microvascular alterations, may contribute to diabetic retinal damage in the early stages of DR. DR affects about 100 million people worldwide and is expected to become a growing burden, with estimates showing that DR-related visual impairment and blindness increased by 64 percent and 27 percent, respectively, between 1990 and 2010 [2]. Mild Non-Proliferative Diabetic Retinopathy (NPDR), moderate NPDR, severe NPDR, and PDR are the four phases of DR in terms of severity. Therefore, an early diagnosis of DR saves the patient from any complications or vision loss. The different classes of DR images are given in Fig. 1.
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Figure 1: Sample retinal images of different DR grades from Messidor dataset

The image processing steps to classify DR images using CNN have been proven a powerful tool such as a Deep learning-based system for predicting DR development. Complex features like aneurysms, exudate and hemorrhages on the retina were used for classification by using CNN architecture with data augmentation [3]. The CNN model designed by [4] prevents the gradient diffusion, and improves accuracy of detection. Through the categorization of retinal pictures, multi-scale shallow CNNs with performance integration were employed to diagnose Diabetic Retinopathy early [5]. Large data sets are not available in the medical image analysis application sector. A data-space approach to the problem of data scarcity is Data augmentations, which covers the techniques that enlarge and improve the amount and quality of the training dataset to make them enable to be fed to any Deep learning algorithm [6]. Data augmentations avoids the problem of overfitting as well as imbalanced data set by extracting more information from the original data set. Datasets that are unbalanced can be dangerous as they bias the system towards majority class prediction [7].

Along with the increasing complexity of deep neural network architectures, selecting a proper optimizer for training a DNN is very important to get a fast convergence speed with generalized solution. Gradient based optimizers have been used extensively in DNNs to optimize the loss function and improve the performance. Most widely used adaptive optimization algorithms include Adam and Adaptive Gradient [8] often lead to worse generalization performance than gradient descent algorithms. For bridging the gap between adaptive algorithms and gradient descent algorithms methods like Quasi Hyperbolic Adam (QHAdam) have been proposed. There is no agreement on which optimization strategies should be used for DNNs. As a result, the user’s decision on the best optimization algorithm is based on their preferences.

We suggest a novel optimized convolutional neural network with hypergradient learning rate for better accuracy. Before applying the input to the proposed optimized CNN the input images are preprocessed. The images are resized and then data augmentation is done.

2  Related Work

Several techniques have been proposed in the last few years for the purpose of early detection of Diabetic retinopathy diseases using DNN. In this section, we discuss the related researches in DR image classification, data augmentations and the optimization methods in deep neural network.

2.1 Diabetic Retinopathy Classification

For diabetic retinopathy detection, [9] proposed an integrated lesion identification system with Laplacian of Gaussian and Matched Filters, as well as post-processing techniques. To uncover the latent structure of microaneurysm data, a constrained Principal Component Analysis is used. The hybrid graph convolutional network for retinal image categorization [10] eliminates the requirement for time-consuming annotation. The cross-disease attention network [11] jointly grades DR and Diabetic macular edema as well as their internal interaction. Category attention block and Global attention block [12] explored the region-wise features for each DR grade and also detailed small lesion information. By adopting a hierarchical structure, the casual association between DR related variables and DR severity levels was incorporated [13].

2.2 Data Augmentations

A heuristic-based approach for creating Neovessel like structures [14] was designed which relied on the common location and shape of the structures. Reference [15] Constructed the data mixture model by mixing up the training samples and their labels. The image augmentation algorithms had been based on geometric transformations, kernel filters, color space augmentations, combining different images, feature space augmentations, adversarial training, neural style transfer, meta learning and generative adversarial networks. Random image cropping and patching was proposed by [16], in which four images were randomly cropped and patched to generate a new training image.

2.3 Optimizations in Deep Learning

The most frequently encountered optimization in deep learning is Stochastic Gradient Descent (SGD), which attains small generalization error [17]. Adam which is a hybrid optimization approach combining the benefits of two popular optimization methods: Adaptive Gradient (AdaGrad) for sparse gradients and Root Mean Squared Propagation (RMSProp) for non-stationary targets. AdaGrad adjusts the learning rate according to the parameters, with bigger updates for infrequent features and lower updates for those that occur frequently. Adaptive gradient method with data-dependent bound (AdaDB) [18] has a data-dependent learning rate bound that is restricted between a lower bound which is constant and changing upper bound. Quasi-Hyperbolic Momentum (QHM) algorithm is an alteration of momentum SGD and QHAdam a variation to Adam. The convergence rate was improved by dynamically updating the learning rate by using the gradient with respect to the learning rate. Normalized direction preserving Adam had been designed for improving generalization performance by enabling more precise direction and step size control while updating weights and biases. The optimization algorithm which is based on gradient and hyperplane called as Evolved Gradient direction Optimizer (EVGO) avoids vanishing gradient problem in optimizations [19].

3  Methodology

The proposed system is developed in three phases which include preprocessing of images, data augmentation and optimizing the CNN by using the proposed algorithm and classifying the dataset. The flow diagram of the entire process is given in Fig. 2.
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Figure 2: Flow diagram of the process

The main motivation of this article is on increasing the performance and reducing the dependency on hyperparameter tuning. Learning rate is the important hyperparameter in DNN and it needs to be tuned always. The following recursive formula (1) describes the most frequent gradient descent method:


θt+1←θt−μ.∇Lt(θt)
(1)

where, θ represents the DNN parameters such as weights and biases, 
∇Lt(θt)
, the loss function’s partial derivative with respect to the parameters such as weight and bias at a given moment t and μ is the learning rate. QHM is an extension to gradient descent with momentum which is given in Eq. (2).


θt+1←θt−μ[(1−v).∇Lt(θt)+v.st+1]st+1←β.st+(1−β).∇Lt(θt)}
(2)

In this part, we introduce a novel optimization technique that outperforms previous cutting-edge methods by a large margin. Hypergradient descent learning rate combined with Quasi Hyperbolic momentum (QHM) and also with Quasi Hyperbolic Adam (QHAdam) to produce better optimized algorithm called as Hypergradient descent based Quasi Hyperbolic Momentum (HDQHM) or Hypergradient descent based Quasi Hyperbolic Adam (HDQHAdam). Both of the algorithms are motivated by introducing the learning rate as a vector instead of a scalar. The update rule for the learning rate μ is derived by using its value in the previous step. For this the partial derivative of 
∇Lt(θt)
with respect to μ i.e., 
∂∇Lt(θt)∂μ
is computed. The parameters u, β are as defined in QHM. The recommended values are: u = 0.7 and β = 0.9.

The update rule for the learning rate μ is


μt+1←μt+β.∇Lt(θt).∇Lt(θt−1)
(3)

The update rule of HDQHM is given by


θt+1←θt−μt+1[(1−u).∇Lt(θt)+u.ft+1]ft+1←β.ft+(1−β).∇Lt(θt)}
(4)

The adaptive gradient descent algorithm (Adam) is given by Eq. (5).


θt+1←θt−η(pt)+∈stst←φ1∗pt−1+(1−φ1)(∇θt)pt←φ2∗pt−1+(1−φ2)(∇θt)2}
(5)

QHAdam, which is an improvement to Adam provides superior optimization. Both QHM and QHAdam lacks the learning rate adaptation technique. Hence in this article, both the algorithms are empowered with hypergradient learning rate. The update rule for HDQHAdam is


θt+1←θt−μt+1[(1−v1).∇Lt(θt)+v1.ft+1′(1−v2)(∇Lt(θt))2+v2.st+1′+ε]
(6)


ft+1←φ1.ft+(1−φ1).(∇Lt(θt))
(7)


ft+1′←(1−φ1t+1)−1.gt+1
(8)


st+1←φ2.st+(1−φ2)(∇Lt(θt))2st+1′←(1−φ2t+1)−1.st+1]
(9)

The hypergradient descent of learning rate is


μt+1←μt+β.∇Lt(θt).∇Lt(θt−1)
(10)

The parameters φ1, φ2 ∈ [0, 1), v1,v2 ∈ R and 
ε
 ≥ 0. Here 
∇Lt(θt)
and 
∇Lt(θt−1)
are the gradients of loss function of previous two steps. The hypergradient learning rate is β. Instead of taking a constant learning rate and performing hyperparameter tuning, in this article the learning rate is auto tuned by using gradients of previous two steps with respect to learning rate. The Eqs. (3) and (4) define the basic form of HDQHM and the Eqs. (6)–(10) define the basic form of HDQHAdam. The algorithms do not require more tuning of the learning rates as the learning rate tunes itself by means of gradients. Hence saves a lots of time and energy.
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4  Results and Experiments

4.1 Dataset Description

The efficiency of our suggested method is evaluated on retinal image classification task. Here we have used publicly available retinal image datasets called MESSIDOR dataset [20] and DDR dataset [21].

a) MESSIDOR dataset

A color video was used to collect the data from three ophthalmologic departments. At 1440∗960, 2240∗1488, or 2304∗1536 pixels, images were taken with 8 bits per color pane. Out of total 1200 images in the dataset, 800 were captured with pupil dilation and 400 were captured without dilation. Each image is provided with 2 diagnosis retinopathy grade and risk of macular edema. Here the dataset is used for retinopathy grade classification. Totally there are four classes of images 0, 1, 2 and 3. From the 1200 images, 75% of the dataset is used for training and validation and 25% of the data is used for testing. Out of the training and validation dataset, 75% is used for training and 25% used for validation.

b) DDR dataset

DDR dataset contains 13673 images, out of which 6835 are training images, 2733 validation images and 4105 test images. Totally there are 6 classes of images such as 0, 1, 2, 3, 4 and ungradable. The ungradable DR is not taken into consideration in our experiment because of their poor quality. Therefore, our task is a five class classification task with 6320 training, 2503 validation and 3759 test images.

4.2 Data Preprocessing

The input images are preprocessed to remove the unwanted noise by using Gaussian filter. Removing Gaussian noise includes smoothing inside the regions of an image without losing sharpness of the edges [22], which is shown in Fig. 3.
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Figure 3: Image denoising applied on Messidor dataset

4.3 Data Augmentation

The images are of different size and color as those have come from different sources. As the Fig. 4 shows, the number of images in training dataset in each class varies. Hence to avoid this imbalanced dataset, data augmentation is applied. Data augmentation is also applied to avoid overfitting. There are two types of augmentations: Data wrapping augmentations and Oversampling augmentations. The labels of the images are preserved only in Data wrapping augmentations. It incorporates augmentations like random erasing, neural style transfer, geometric and color changes, and adversarial training. Artificial instances are manufactured and added to the training set in oversampling augmentations.
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Figure 4: DR grade class counts of Messidor dataset

Here we have applied Data wrapping augmentations to avoid imbalanced data as well as varying size and color of the images. The Fig. 5 shows sample images before and after applying augmentations.
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Figure 5: Original vs. augmented images

4.4 Implémentation

The experiments are performed by using Pytorch framework on both Messidor and DDR datasets. The performance of our proposed algorithm is shown by using ResNet18 and InceptionV3. For both the models we have used a batch size of 32. The hypergradient learning rate β is set to 0.005. The ResNet18 and InceptionV3 models were trained for 100 epochs. After each epoch the models were evaluated on the test set. Tab. 1 gives the best accuracy on the test set for the different optimizers on Messidor dataset. Similarly, Figs. 6 and 7 show the performance prediction on the test set for different epochs while running on Resnet18 and Inception V3 models with ReLu activation function. The training and validation loss of HDQHM and HDQHAdam are given in Figs. 8 and 9 respectively, which shows the convergence of the proposed algorithms.
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Figure 6: Prediction performance on test set (Resnet18) (Messidor dataset)
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Figure 7: Prediction performance on test set on Inceptionv3 (Messidor dataset)
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Figure 8: Train loss and validation loss for HDQHM on Resnet18 (Messidor dataset)
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Figure 9: Train loss and validation loss for HDQHAdam on Resnet18 (Messidor dataset)
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It’s worth noting that the proposed HDQH algorithms produce substantially better outcomes than other methods. HDQHAdam shows the highest accuracy of 97.5 and 95.7 on Resnet18 and Inception V3 models respectively. The algorithm HDQHM also performs better than the other algorithms with a test accuracy of 89.9 and 84.5 on Resnet18 and Inception V3 respectively.

Similar experiments are carried out on DDR dataset. The prediction performance on test set is shown in Fig. 10. The comparison of proposed algorithm with the existing algorithms for DDR dataset is given in Tab. 2.
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Figure 10: Prediction performance on test set (Resnet18) for DDR dataset

[image: images]

5  Conclusion

In this article, we present a better optimization algorithm for classification of DR fundus images. The algorithm has updates for the learning rate itself based on the previous gradients instead of taking a constant learning rate. The Quasi hyperbolic algorithms are improved by introducing an update rule for the learning rate. Experimental results on Messidor and DDR datasets shows that HDQHM and HDQHAdam outpaces the other cutting-edge algorithms Adam, SGD etc. in terms of their test accuracy and loss value in classifying the DR images.
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