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Abstract:

Diabetic Retinopathy (DR) is human eye disease among people with diabetics disease which damage retina of eye and may eventually lead to blindness. Detection of diabetic retinopathy in early stage is crucial to avoid blindness. Effective treatments for DR are present though it requires early detection and the continuous monitoring of diabetic patients. Also many physical tests like visual acuity test, pupil dilation, and optical coherence tomography can used to detect diabetic retinopathy but are time taking. The aim of our research is to give decision about the presence of diabetic retinopathy by applying  machine learning classifying algorithms on features extracted from output of different retinal image. It will give accuracy of  algorithm and which will be more accurate for prediction of the disease. Decision making for predicting the presence of diabetic retinopathy is performed using Transfer Learning.
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1. Introduction

Approximately 420 million people worldwide are diagnosed with diabetes disease. The prevalence of this disease has doubled within the past years and is merely expected to grow further, particularly in Asia. Of these with diabetes, approximately one-third are expected to be diagnosed with diabetic retinopathy (DR) disease, a chronic disease which will progress to irreversible full vision loss[1]. Early detection, which is critical for permanent prognosis, relies on skilled readers and is both labor and time intrusive[2]. This poses a challenge in areas that traditionally lack access to skilled facilities. Moreover, the manual nature of DR screening methods promotes widespread inconsistent among reader. Finally, given an spread in prevalence of both diabetes and associated retinal complications throughout the planet, manual 

methods of diagnosis could also be not be to stay pace with demand for screening service

Automated techniques for diabetic retinopathy diagnoses are must to solving these problems. deep learning for binary classification has achieved high validation accuracies, multi-stage classification results are less impressive, particularly for early-stage disease.[10]

In this paper we introduce an automatic DR grading system capable of classifying images based on disease pathologies from four severity levels. A convolutional neural network (CNN)[12] convolves an input image with an outlined weight matrix to extract specific image features without losing spatial arrangement information. Firstly, we evaluate different architectures to see the simplest and best performing CNN for the binary classification task and aim to attain literature reported performance levels. We then seek to train multi-class models that enhance sensitivities for the mild or early stage classes, including various methods of data’s preprocessing and data augmentation to both improve test accuracy still as increase our effective dataset sample size. We address concerns of data fidelity and quality by collating a group of ophthalmologist verified images. Finally, we address the issue of insufficient sample size using a deep layered CNN[10] with transfer learning on discriminant color space for the recognition task. We then trained and tested two CNN architectures, AlexNet[3] and GoogLeNet[6], as 2-ary, 3-ary and 4-ary classification models. They are tuned to perform optimally on a training dataset using several techniques including batch normalization, L2 regularization, dropout, learning rate policies and gradient descent update rules3. Experimental studies were conducted using two primary data sources, the publicly available Kaggle dataset of 35,000 retinal images with 5-class labels (normal, mild, moderate, severe, end stage) and a physician-verified Messidor-1 dataset of 1,200 color fundus images with 4-class labels. Throughout this study we aim to elucidate a more effective means of classifying early stage diabetic retinopathy for potential clinical benefits and treatment
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Fig 1 stages of diabetic retinopathy(DR)

 2. Related Work
Image classification could be a widely researched task within the domain of computer vision algorithms. Deep learning procedures have stimulated progress, showing unparalleled ends up in related challenges, like the ImageNet competition[12]. AlexNet was the turning point back in 2012, thanks to the vast improvement achieved[3]. Said paper established several foundations that manifested the worth of neural networks, like the popular baseline block that mixes convolution and pooling layers, finishing with fully connected layers, yet as ubiquitous design techniques. Since then, over the previous couple of years, more outstanding progress has taken place. In 2014, VGGNet was introduced as a network that proposed increasing depth, and consequently the quantity of discriminative features, whilst reducing the amount of parameters as a results of more intensive spatial pooling[7]. the subsequent pivotal work looked into the computational aspect that became crucial as networks got deeper. The GoogLeNet architecture introduced the Inception module, which decoupled cross-channel and spatial correlations, rendering the convolution operation as a concatenation of filters, so on learn features on multiple levels[6]. The resource demands were addressed with 1x1 convolutions that may reduce the amount of feature maps. In 2015, ResNet allowed for networks with much more depth through the implementation of skip connections that link layers, whereby information is propagated and better backpropagation is attained[4]. DenseNet extended this idea by connecting all layers and propagating raw feature maps through all of them. the most challenges faced with deep learning-based image recognition need to do with the necessity for vast amounts of labelled data, whether or not a related dataset is employed to pre-train the network and profit of transfer learning, along other issues like design optimisation, which may be challenging and time-intensive. Semi-supervised and one-shot learning, yet as having neural architectures learn their own optimal parameters and stack blocks to maximise accuracy, are steps towards solving such problems through automating the planning process and making the foremost of features learnt for other labelled data..

3. Implementation

  3.1 Transfer learning
Transfer Learning is a complicated technique of Deep Learning where a model developed for a task is employed as a place to begin for a model on a second context similar task[8]. Training a Convolutional Neural Network(CNN) on ImageNet [5] dataset takes around 2-3 weeks across multiple GPUs. within the current research, two pre-trained models, Inception V3 model 9] and MobileNets [10] open-source models for comparison purposes

In Transfer Learning technique, the last layers or a number of the last layers of the pre-trained models, counting on the information being employed are unfrozen and retrained on the new dataset to get required results. If only the last layer within the model is unfrozen, the resulting partial model then gives the possibilities of the outputs against one another instead of giving the foremost probable output, this altering are much beneficial for sentence construction which is able to be discussed within the future work. If multiple last layers are unfrozen then a smaller Learning Rate is predicted during retraining with the new dataset as this can help preserve the weights of the previous few layers

The MobileNets are small, low-latency, low-power models parametrized to satisfy the resources constraints of a mobile device. Google Research has 16 pre-trained open-source MobileNet models with varying parameters and accuracy competing for accuracy against the clock. MobileNets are mobile first Deepwise Separable Convolution Neural <.Networks, counting depthwise and pointwise convolutions as different layers, MobileNets has 28 layers and is trained on the ImageNet dataset

The Inception V3 model that's utilized in the present research may be a successor of Inception V1 model which may be a variant of GoogleNet[7]with the extra features of Batch Normalization and also the introduction of Factorization of larger convolutions into smaller convolutions. the most theory of models with Inception architecture is to search out out how an optimal local sparse structure in a very convolutional vision network is approximated and covered by readily available dense components

3.2 MobileNet_v1_0.50_224 Model

The MobileNet_v1_0.50_224 model has 1.24 million parameters. the highest layer of mobilenet_v1_0.50_224 takes as input a 1001-dimensional vector for every image, we train a softmax layer on top of this representation. Assume that the softmax layer contains N labels, this corresponds to learning N+1001*N model parameters akin to the learned biases and weights[10]. When the method of Transfer Learning is initiated on the mentioned model, an analysis of all images is finished and bottlenecks for every are calculated and stored, the bottleneck is cited because the layer just before the ultimate output layer that's chargeable for the classification. This reasoning about why the training of the last layer alone still ends up in such a high accuracy is that the weights that are stored akin to each layer after forward and backward propagations during the long training durations are chargeable for the classification of all the 1,000 objects in ImageNet will serve the identical purpose with the new classes that we are getting to classify with our provided data. Our method as generalized showcases two variants of accuracy, Training accuracy, which is that the measure of the proportion of images that were employed in this training batch and were correctly-labelled, another is Validation accuracy, which is that the measure of precision on a randomly selected group of images from a varying set. that the validation accuracy fluctuates at irregular intervals, this can be thanks to the reasoning that a random subset of the validation set is chosen for every validation accuracy measurement. the same as as in Deep Learning training, the hyper-parameters are the final word game changers in Transfer Learning, several iterations were performed with varying hyperparameters, which within the present case includes, the educational Rate (LR), which controls the magnitude of the update to the ultimate layer during training
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Fig 2 Mobile net interface graph

   3.3 Inception V1

The Inception V1 was developed as a variant of GoogleNet containing about 24 million parameters, with further versions V2 and V3, introducing Factorization of convolutions into smaller convolutions and addition of Batch Normalization to the fully connected layer respectively[9]. The architecture of Inception model may be a 299x299x3 input representing a field of 299 pixels and three channels within the image, combined with five convolutional layers, additionally to a couple of max-pooling operations, and successive stacks of Inception Modules, which are naively a group of various convolution filters and a max-pool filter combined undergoing filter concatenation. The output may be a softmax layer at the tip[13]. the highest layer of Inception V3 model takes as input a 2048-dimensional vector, we train a softmax layer on top of it. Assuming the softmax layer contains N labels, this corresponds to learning N + 2048*N parameters admire learned weights and biases. The hyper-parameters and accuracy metrics are similar as that of within the MobileNet case. The Inception model is retrained on the mentioned dataset with an LR = 0.01 and number of coaching steps = 5000, with a training batch size of 100 images, from the dataset, the division of information is as follows, 10% data is kept for testing purposes, 10% data is kept for validation purposes and 80% data is employed for training. On training the model on the later mentioned hardware, the training accuracy is 98.01% and therefore the validation accuracy is 93.36%. Fig. (3) represents the graph obtained from Tensorboard, that has an insight into the retrained Inception V3 model and its architecture


Fig 3 Inceptin v3 architecture
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Fig 4 Tensorflow graph showing training and test accuracy
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4. Conclusion
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Upto now the entire discussion revolves around experimentation with Inception V3 and MobileNet models, this can be through with the aim to search out the most effective model that may suit our needs, for the clarification of the identical, we'd like to check the resulting models in real time environment and wish an in depth visualization of the accuracy results of both, Fig. (4) is that the Accuracy graph of the Training set and therefore the Validation set of the retrained Inception V3 model against training steps (5,000) and Fig. (6) represents the cross-entropy value of the retrained Inception V3 model during training of the model, against training steps, colour coding of orange is indictive of coaching data and Sky- blue that of Validation data, the ultimate validation accuracy is 99.36%. The training accuracy, during this case, is 100% which indicates that the results are authentic and there's no instance of over-training.
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Fig 5 Tensorflow Graph Showing Training and Test loss
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Fig 1: Stages of diabetic retinopathy (DR) with increasing severity
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