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Abstract
[bookmark: OLE_LINK130]From the perspective of practical application, the severity of diabetic retinopathy was predicted and four important lesions were segmented at pixel level. This project reviews the literature on classification and lesions segmentation of diabetic retinopathy in recent years and analyzes its advantages and disadvantages. In this project, the hard parameter sharing method of multi-task learning is used for joint training of image classification network and image segmentation network. The two tasks have the same parameters and features at the bottom, and the loss function is used to train the two networks. The EfficientNet-b0 model was applied to the image classification network to obtain the disease severity of diabetic retinopathy. U-Net model was used for image segmentation, and the positions of four lesions were marked at pixel level. In this project, a large DDR dataset was used. In order to reduce the influence of illumination conditions on image quality and solve the problem of data imbalance, the pre-processing steps of fundus images such as automatic clipping, Gaussian blur and data enhancement were carried out. 
[bookmark: OLE_LINK136][bookmark: OLE_LINK120]The experimental results showed that the prediction effect of multi-task learning showed superior performance, especially for the classification of mild, moderate, severe and poliferative retinopathy and the accuracy of mild DR is 76%. Compared with the EfficientNet-b0 model using single-task learning, the recall rate of the multi-task learning model increased by about 10%, effectively inhibiting the missed detection. At the same time, the model can effectively identify small lesions and process fundus images of more complex lesions. Especially for hemorrhage segmentation effect is excellent, the IoU was 63.7%. Overall, the project results indicate that multi-task learning has a positive impact on disease classification and pixel-level segmentation of its lesion location.
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[bookmark: _Toc4093][bookmark: _Toc24418][bookmark: OLE_LINK2]Chapter 1 - Introduction
[bookmark: _Toc26673]1.1 Background
[bookmark: OLE_LINK76]Diabetes is a common disease caused by the disorder of glucose metabolism. According to the estimates of the World Health Organization (WHO) and the International Diabetes Federation (IDF), by 2035, the number of diabetics worldwide will exceed 590 million[1]. Diabetes is a heavy and growing burden on society as a whole, especially in economically underdeveloped developing countries.
However, with the development of diabetes, many complications can also occur. Chronic hyperglycemia can damage nerves and blood vessels, leading to different types of complications. Complications of diabetes cover the whole body, such as the heart, brain, eyes and limbs. In other words, the complications of diabetes, which involve all organs and tissues of the body, are a major cause of disability in people with diabetes. Among them, diabetic retinopathy seriously affects the daily life of diabetic patients.
[bookmark: _Toc5709]1.1.1 Diabetic Retinopathy (DR)
[bookmark: OLE_LINK121]Diabetic retinopathy (DR) is a common eye complication of diabetic patients and the main cause of blindness in modern labor force[2]. According to the study[3], up to 80% of people with diabetes for more than 10 years will develop this type of eye complication, which means that the prevention and treatment of diabetic retinopathy is very necessary for diabetic patients. According to the International Clinical Diabetic Retinopathy Scale (ICDRS), DR can be divided into 5 categories according to the severity: no apparent DR, mild DR, moderate DR, severe DR and poliferative DR.
[bookmark: OLE_LINK8]However, the initial symptoms of diabetic retinopathy are not obvious, and most patients with diabetic retinopathy do not develop symptoms that affect vision until advanced stages. Pradeep Kumar et al.[3] suggested that regular fundus screening and early intervention could significantly slow the progression of diabetes and prevent blindness in at least 90% of patients.
In today's society, the early screening of DR remains very challenging, especially in some developing regions. First of all, since DR does not cause serious effects on vision in the early stage, many people tend to ignore the examination, leading to rapid deterioration of the condition of many patients. Second, DR screening requires specialized equipment, and many hospitals do not have the medical equipment to perform DR screening, especially in some poor areas. Finally, Ophthalmologists with the expertise of DR cannot meet the needs of the increasing number of diabetic patients.
[bookmark: _Toc4370]1.1.2 DR Lesions
[bookmark: OLE_LINK7][bookmark: OLE_LINK9][bookmark: OLE_LINK65]   Using a professional fundus camera, many biomarkers and lesions can be observed. Figure 1 shows common fundus biomarkers and types of DR lesions. In normal fundus images, there are important biomarkers such as optic cup, optic disc and blood vessels. In general, diabetic retinopathy begins asymptomatic, and as the disease progresses, Hard Exudates (EXs), Hemorrhage (HEs), Microaneurysms (MAs) and Soft Exudates (SEs) develop. Different lesions have different biological characteristics. For example, EXs are pale yellow deposits, MAs are small erythema and SEs are white.
[image: ]Figure 1: Common fundus biomarkers and types of DR lesions
[bookmark: _Toc13673]1.2 Deep Learning
In the 20th century, the concept of artificial intelligence was proposed. Deep learning is a new field of machine learning that mimics how the human brain learns and analyzes data such as images, sound and text. Through the design of the algorithm, the computer can automatically learn a large amount of data and use the learning results to predict the data [4]. In recent years, deep learning has developed rapidly and is widely used in daily life, such as portrait recognition, machine translation, and automatic driving [5].
[bookmark: _Toc24223][bookmark: _Toc9544]1.2.1 Perceptron
Perceptron is the original algorithm of deep learning, proposed by American scholar Frank Rosenblatt in 1957. The model is relatively simple and can only perform linear classification tasks. Because perceptron provides important ideas for deep learning, the understanding of perceptron is an important approach for neural networks and deep learning. The neuron is the basic unit of the neural network. After receiving the input, the neuron performs a series of mathematical operations to generate the output. Therefore, the perceptron receives multiple input signals and outputs one signal, which is suitable for binary problems of linear data and is essentially a separated hyperplane. Figure 2 is an example of a perceptron that receives two input signals.
[image: ]
Figure 2: A model diagram of the perceptron
In the figure above, x1, x2 are input signals, y are output signals, and w1, w2 are weights. x1, x2 and y are called neurons. When the input signal is sent to the output neuron, each neuron is multiplied by a fixed weight. Multiple input signals to a perceptron have inherent weights that play a role in controlling the importance of each signal. The neuron computes the sum of incoming signals and outputs 1 only when the sum exceeds a certain threshold. 
Further, Multi-layer perceptron (MLP) is also called artificial neural network. In addition to the input and output layers, there can be multiple hidden layers in the middle. The simplest MLP contains only one hidden layer, a three layer structure, as shown in Figure 3.
[image: ]
Figure 3: A three layer MLP structure
Based on the previous knowledge, the paper[6] proposes a multi-layer perceptron learning framework, which adopts unsupervised multi-layer coding for feature extraction, and then carries out supervised feature classification. Batsamhan[7] used MLP to recognize Mongolian characters and verified its performance. The paper[8] discusses and verifies the application of multilayer perceptron in atmospheric science. Multi-layer perceptrons can obtain information contained in large amounts of data and can build very complex models. However, when there are too many layers of the multi layer perceptron, the training time will become very long, which requires careful pretreatment of the data. Therefore, the establishment of neural network with simple model and high efficiency is a very important research content.
[bookmark: _Toc25534][bookmark: OLE_LINK17][bookmark: OLE_LINK49]1.2.2 Convolutional Neural Network (CNN)
Aiming at the problems of dense connection and too many network parameters in NN, the optimization of CNN is proposed. Convolutional neural network is a kind of feed forward neural network with deep structure[9]. It can learn the mapping between input and output from large amounts of data. As long as the convolutional neural network is trained with known data, it has certain predictive ability. According to the function of parameter matrix, CNN divides it into convolution layer, pooling layer, activation layer and full connection layer, and introduces parameter sharing mechanism and sparsity of connection feature.
· Convolution layer
[bookmark: OLE_LINK19]The main function of the convolution layer is to use the convolution kernel for feature extraction and the convolution layer is the most important part of CNN. The convolution layer consists of several convolution kernels. The underlying convolutional layer is used to extract some underlying features, such as edges and colors. The high-level convolution layer is used to extract some higher-level features.
· Pooling layer
[bookmark: OLE_LINK16]The pooling layer can reduce the size of the matrix without changing its depth. The pooling layer can reduce the parameters of the whole neural network and avoid over-fitting, that is, the model is too complex and the generalization ability is poor. At the same time, using a pooling layer can also speed up computation. The pooling layer is calculated by either the maximum or the average value. The pooling layer that uses the maximum value operation is called the maximum pooling layer. Similarly, the pooling layer that uses the average operation is called the average pooling layer.
· [bookmark: OLE_LINK15]Activiation Layer
The role of the activation layer is to transform the linear relationship into a nonlinear one. The layers described above is actually a linear operation, while many of the relationships in the model are nonlinear. Therefore, it is necessary to pass an activation function to the above calculation result, which becomes a nonlinear relationship.
· Fully Connected Layer
The main purpose of the full connection layer is to classify. After the processing of multiple rounds of convolution layer and pooling layer, the final classification result is usually given by 1 or 2 full connection layers at the end of CNN. The convolution layer and the pooling layer are regarded as the process of automatic extraction of image features. After the extraction is complete, a lot of deep and high level information is obtained. Then you need to use the full connection layer to complete the sorting task. At this point, the full connection layer needs to be used to complete the classification task.
· Parameter Sharing Mechanism
The weight of data connected to each neuron is fixed, and each neuron focuses on only one feature. In image processing, neurons are filters in image processing. In other words, each filter in the convolution layer has its own image characteristics, such as vertical edge, horizontal edge, color, texture, etc. All of these neurons are feature selectors for a set of images.
· Loss function
The loss function is used to evaluate the difference between the model predicted value and the actual value. Under normal model fitting conditions, the lower the loss function value is, the better the model performance is.
[bookmark: OLE_LINK18]In short, convolution neural networks are essentially a mapping of inputs and outputs. It can learn mappings between large numbers of inputs and outputs without requiring any precise mathematical expressions between them. CNN shows superior performance in image processing. On the one hand, reducing the weight makes the network easy to optimize; On the other hand, it reduces model complexity. In other words, it reduces the risk of over-fitting.
[bookmark: _Toc18379]1.2.3 Application of Deep Learning
In recent years, many researchers have applied deep learning techniques to computer vision, natural language processing, recommendation systems and other fields, and have made remarkable achievements. This project mainly studies the field of computer vision, and the application of deep learning in the field of computer vision will be introduced below. 
· [bookmark: OLE_LINK3]Image classification
[bookmark: OLE_LINK21]Image classification is the task of classifying the prediction tags in the image in a given classification set. In practice, this means that a task is to analyze the input image and return a label that classifies the image. In 2012, the ImageNet competition made the field of computer vision world-renowned for deep learning, which means that the rapid development of artificial intelligence in the world. Image classification is a basic research in the field of computer vision. Its task is to identify what objects are in the image. For example, the following figure shows the classification problem for handwritten digit recognition images[10].
[image: ]
Figure 4: Handwritten Digit Recognition Images
· [bookmark: OLE_LINK6][bookmark: OLE_LINK4]Image Segmentation
Image segmentation is a classic problem in computer vision research. It is the first step of image analysis and an important part of image understanding. The so-called image segmentation refers to the image is divided into a number of disjoint areas according to gray scale, color, spatial texture, geometric shape and other features, so that these features in the same area show consistency or similarity, but in different areas show obvious differences. In simple terms, it is an image that distinguishes objects from the background. Image segmentation refers to the recognition of an image at a specific pixel level, that is, each pixel in the image is assigned a category. As shown in the figure below, the image on the left is the original image, while the image on the right is the result of image segmentation. In the picture on the right, use different colors to distinguish the motorcycle from the person.
[image: ]
Figure 5: Example of image segmentation
· Object Detection
The task of object detection is to find the location of the target in the image or video and classify it, which is to predict the boundary box and classification probability of each target. Target detection usually predicts too many bounding boxes. Each box also has a confidence score that represents the likelihood that the model thinks the box contains a target. As a post-processing step, we filter out boxes with scores below a certain threshold (this step is also known as non-maximum suppression). The following figure 6 is a common example of object detection, showing the position and confidence of street cars, people and traffic lights respectively.
[image: IMG_256]
[bookmark: OLE_LINK11]Figure 6: Example of object detection
[bookmark: _Toc8277]1.3 Multi-task Learning
Traditional single-task based learning can only consider a single task. The assigned task is trained independently to complete the task, and then the model is improved through detailed parameter adjustment steps to achieve optimal performance. Multi-task learning, however, combines several related tasks. By combining multiple tasks, more information can be obtained and learning can be improved.
[bookmark: OLE_LINK22]Multitasking learning takes many forms[11] and has been widely used in computer vision, such as face recognition and key point location. Multi-task improves learning on each task by combining data from multiple related tasks. In order to use multi-tasking learning to improve the effectiveness of each sub-task, there needs to be a certain relationship between the tasks. Otherwise, it may not be able to achieve the effect of promotion, or even make the effect worse.
Multi-task learning is a kind of inductive transfer learning, which belongs to transfer learning. The so-called transfer learning is to transfer the trained network to the target task and solve the limitation of the small size of the data set. Inductive transfer learning improves generalization ability by setting inductive bias of task-related information. Here are some similarities and differences between transfer learning and multitasking:
· Tasks in the model have different priorities
Multi-task is designed to improve overall efficiency, and there is no priority for multiple tasks in the model. Transfer learning is divided into source task and target task. The target task is more important, and the source task provides part of the parameters and network model for the target task.
· Data flows in different directions
From the point of view of the direction of data flow, for transfer learning, data from the source task flows to the target task. In multi-tasking learning, there is parameter sharing and data flow among multiple tasks.
[bookmark: _Toc11226]1.3.1 Advantages
Compared to single-task learning, multi-task learning has the following advantages:

· Good generalization ability
The traditional single -task learning model can achieve better learning effect only under certain tasks or data sets. However, multi-tasking learning can improve the generalization capability of the model by enabling multiple tasks to share information.
· Learn well from small samples
When the number of training samples is small, multi-task learning can achieve better learning results. Because the multi-task learning sharing model is adopted, the information learned from different tasks can be shared with each other, which greatly improves the learning efficiency of the model. At the same time, the information contained in the training samples was fully excavated. In the absence of training data, other tasks can be utilized to improve the information deficit
· Good robustness
The robustness of the system is the key for the system to survive under abnormal and dangerous conditions. Multi-task learning is more robust than single-task learning, because multi-task training is designed for multiple networks, which makes the information involved more complex, and has stronger feature extraction ability, and is less susceptible to the interference of input image noise.
[bookmark: _Toc8273]1.3.2 Two Multi-task Learning Methods
[bookmark: OLE_LINK27][bookmark: OLE_LINK28]There are two sharing modes of multi-task learning in deep learning network [12], namely, hard parameter sharing and soft parameter sharing. Hard parameter sharing applies to the case of high correlation between multiple tasks, while soft parameter sharing applies to the case of small parameter constraints and low correlation between tasks. The following is a detailed description of the two modes：
· [bookmark: OLE_LINK30]Hard parameter sharing:
Hard Parameter Sharing Multi-task Learning requires that different tasks share parameters and use the same features at the bottom level, while at the top level each task uses its own network structure and parameters. This is the most common method of neural network multitasking learning and can reduce the risk of over fitting[13]. The model figure is shown below:
[image: ]
Figure 7: Hard parameter sharing for multi-task learning

· [bookmark: OLE_LINK31]Soft parameter sharing:
Soft parameter sharing method does not require that the underlying characteristics and parameters of each task in multiple tasks are exactly the same, but regularize the shared underlying parameters to ensure the similarity of parameters. The model figure is shown below:
[image: ]
[bookmark: OLE_LINK32]Figure 8: Soft parameter sharing for multi-task learning

Aiming at the problem of diabetic retinopathy, multi-task method was used to improve the effect of simultaneous segmentation and classification of the lesions. Due to the high correlation between lesion segmentation and disease grading, the two tasks can share the same network model and parameters at a low level. This method can improve the segmentation and classification of lesions. Therefore, the multi-task learning method based on hard parameter sharing is adopted in the design of multi-task model.
[bookmark: _Toc14981]1.4 Aim
The objective of this project was to classify the severity of diabetic retinopathy and predict the location of four lesions simultaneously through multi-task learning.
[bookmark: _Toc3852]1.5 Objectives
In order to achieve the aim of this project reasonably, the author took the following steps for the problem:
· Analyse the characteristics of fundus images and carry out the data preprocessing steps, such as Auto-cropping, Improve lighting conditions, data augmentation.
· Carry out the classification of the severity of DR by EfficientNet-b0 model.
· [bookmark: OLE_LINK125]Proform the lesions segmentation of fundus images by using U-Net model to determine the location and size of the four lesions of DR.
· Based on hard parameter sharing method of multi-task learning, classify the severity of DR in fundus images and segment the pixel-level position segmentation of four DR lesions simultaneously.
· Summary and evaluate the experimental results.
[bookmark: _Toc19007]1.6 Project Structure
Chapter 1 - Is the basic Background of the project, emphasizing the overall aims and objectives of the project, as well as the structure of the project.
[bookmark: OLE_LINK12]Chapter 2 - Includes a review of the literature, including the application of deep learning in medical images, DR classification, lesions segmentation and multi-tasking learning.
Chapter 3 - Analyze the project from a methodological perspective and provide feasible solutions.
Chapter 4 - Introduces the data set used in the experiment, the processing steps of the data set and the choice of specific deep learning model.
Chapter 5 - Gives the experimental evaluation criteria and analyzes the results.
Chapter 6 - Is the conclusions of this project and suggestions for future work.
Chapter 7 - Is about reflections on the project.


[bookmark: _Toc18368][bookmark: _Toc30713]Chapter 2 - Literature Review 
[bookmark: _Toc30113][bookmark: _Toc26917][bookmark: _Toc19853][bookmark: OLE_LINK26]2.1 Application of Deep Learning in Medical Images
The development of deep learning has made rapid progress in the field of medical image detection and has become a very important step in the process of medical diagnosis. In the past, medical image analysis was complex and time-consuming due to a lack of specialized resources. The use of deep learning provides new ideas and methods for different medical fields. It can make diagnoses more accurately and faster than ever before. Specifically, deep learning has made breakthroughs in the recognition, classification and segmentation of different types of medical images, especially those related to breast, lung and brain cancers[14]. Some studies have shown that the analysis of medical images by computer aided technology can be used for the early diagnosis, detection and evaluation of clinical diseases. It has certain reference value for clinical diagnosis. Dinggang Shen et al[15] analyze the application of deep learning in cell structure anatomy, human tissue segmentation, computer-aided diagnosis and treatment, and disease prognosis. The authors believe that the core of the application of this technology is from autonomous learning to hierarchical feature representation of data, rather than relying on artificial features like traditional recognition technology.
Because of the strong learning ability of deep learning, it provides a feasible method for the screening of ocular diseases, paper[2] suggests that early screening for ocular fundus images is of great clinical significance. In recent years, deep learning has made a breakthrough in disease classification, lesion segmentation, biomarker segmentation, image synthesis and other aspects. The paper[16] reviews the application of deep learning in optic disc segmentation, vascular segmentation, retinal layer segmentation and lesion detection. At the same time, the deep learning detection models of macular degeneration, glaucoma, diabetic macular edema and diabetic retinopathy were analyzed. Therefore, it is meaningful and effective to analyze the fundus images from the perspective of deep learning. 
Although deep learning has made some achievements in the field of medical imaging, it is still in its infancy and many problems remain to be solved[17]. For example, one of the prerequisites for deep learning to be successful and work well is the size of the data set. However, due to the limitations of medical images involving patient privacy, the number of data sets available for training on public platforms is not large, which also seriously limits the development of medical image deep learning. In addition, some rare diseases such as cholangiocarcinoma, which is a rare cancer, have not been fully studied. Besides, a highly robust development algorithm is needed to efficiently process medical images captured by different diagnostic instruments.
[bookmark: _Toc7615]2.2 Widely Used Datasets
The diversification and standardization of retinal data sets is important for the development of computer-aided diagnosis and therapy. In recent years, a number of important competitions and papers have resulted in some excellent, publicly available and widely used datasets. Several datasets have been proposed for the study of diabetic retinopathy, some focusing on DR grading of fundus images, others on pixel-level labeling of multiple microscopic lesions. 
There were two major competitions on the Kaggle website[18,19], in 2015 and 2019, for the ability to automatically classify diseases. Trained physicians rely on examining images and providing information about the severity of the condition on a scale of 0 to 4. The images in the dataset come from different models and types of cameras, so noise may be encountered in the images and labels, which may include artifacts, underexposure, or overexposure. The Kaggle dataset[18] provides a huge number of images, consisting of 35,126 training images and 53,576 undisclosed test images. However, many pictures in Kaggle are of poor quality, which greatly affects the subsequent research. This is due to the existence of too bright lighting, insufficient lighting, Unfocussed, low contrast and other reasons. Besides, each image in the dataset was evaluated by only one medical expert, which may lead to errors in image labeling.
In addition, Messidor[20] provides 1,200 high-quality digital fundus images, which are photographed using specialized medical techniques and equipment. The medical specialist made two diagnoses of the risk of macular edema at the level of retinopathy for each image. Similarly, MESsidOR-2 [21] was later proposed, which contained 1748 standard-format images. However, the most noticeable disadvantage of DR is that its grading standards are different from international standards, which limits its universality.
[bookmark: OLE_LINK87]IDRiD[22] is the first dataset created for Indian fundus images, containing pixel-level annotations of normal retinal structures and typical DR. 516 segmentation and localization images of microaneurysms, haemorrhages, hard and soft exudates were included. In summary, IDRiD is a high-quality data set, but the number of images in it is too small. 
A more comprehensive description can be found in the DDR dataset [23], which takes into account DR grade and lesion location information. Standard sampling method was used to collect 13673 color fundus images from 147 hospitals. The dataset is large, which could effectively solve the problem of over-fitting network. It is currently the world's largest publicly available pixel-level labeled lesions dataset and the second largest DR classification dataset.
[bookmark: _Toc4412][bookmark: _Toc13654][bookmark: _Toc24910]2.3 DR Classification
As a preventable disease, diabetic retinopathy can be divided into five stages, which collectively represent the progression of the disease from no DR to proliferative DR. Therefore, based on disease detection trends, early detection and intervention is crucial for patients[24]. In recent years, the research of DR classification has been studied by different methods. At present, many researches are based on machine learning algorithm to automatically achieve DR grading. This kind of research is mainly divided into two methods, one is to use traditional research methods, the other is to use CNN or other backbone network for end-to-end prediction. These methods are discussed in detail below.
[bookmark: _Toc12120][bookmark: _Toc2074]2.3.1 Approaches Using Traditional Methods
The traditional method consists of three different phases: feature extraction, training and classification/grading. The goal of feature extraction is to extract the features of DR, usually using one or more DR symptoms. In traditional machine learning methods, feature extraction is done manually. Such as vascular segmentation and Hemorrhage, microaneurysms and other lesions detection. Due to the different image processing techniques used, the methods and precision of feature extraction are different. Rakshitha et al.[25] used the methods of contourlet transform and wavelet transform to enhance images and compare the results. In the paper[26], texture features of fundus images were used for feature extraction for detection of diabetic retinopathy. In general, most imaging techniques are used to identify pathological features (such as Microaneurysms, Exudates, etc.) and vascular morphology to detect diabetic retinas.
 Some traditional machine learning algorithms are used for DR grading. For example, Nijalingappa et al.[27] used traditional techniques to extract and detect the characteristics of microaneurysms, whose biological characteristics were local capillary enlargement accompanied by red spots of flocculation. Similarly, in paper[28], Acharya et al. used exudation as an extracted feature and used support vector machine (SVM) to grade the severity of DR. In the field of machine learning, SVM is a typical supervised learning model, which is mainly used in classification, regression and pattern recognition analysis. S Roychowdhury et al.[29] compared Gaussian hybrid model (GMM), k- nearest neighbor (kNN), support vector machine (SVM) and AdaBoost classifiers for DR ratings. Experimental results show that GMM and kNN classifiers are the best classifiers for different features. At the same time, using Adaboost to sort the features, 30 main features are selected to reduce the number of classification features. Karan Bhatia, et al.[30] proposed the use of naive Bayes, random forest and alternative decision tree algorithm to integrate multiple machine learning algorithms and process different features to determine whether a disease exists.
However, the above methods based on artificial feature extraction have obvious shortcomings. On the one hand, doctors or experts need to have specialized knowledge. But in the real world, researchers can't guarantee the expertise of all the doctors in the program. On the other hand, manual selection and extraction of features often requires too much time and effort.
[bookmark: _Toc27978][bookmark: _Toc26232][bookmark: _Toc21958]2.3.2 Approaches Using CNNs
In order to solve the problem of high cost of feature extraction caused by manual data processing in traditional machine learning methods, an end-to-end detection model was proposed. Different from manual feature extraction, the input data of the end-to-end model is the original data, and the output data is the final result. In other words, feature extraction is incorporated into the algorithm. CNN model, as a branch of end-to-end model, analyzes visual images by establishing multi-layer perceptron similar to artificial neural network, and has good feature extraction and image recognition performance.
[bookmark: OLE_LINK34][bookmark: OLE_LINK36]With the rapid development of CNN network, many classic networks are used as DR grading. For example, In this paper[31], AlexNet network was used to classify different types of DR, and A CNN based structure was designed to detect the characteristics of optic disc, fovea and other lesions. Then, the GoogleNet model proposed by Google in 2015. After performance optimization, InceptionV2 [32] and InceptionV3 [33] models have been well known and widely used. GoogleNet is characterized by inception structure, which performs multiple convolution or pooling of input images in parallel and splices the output results. This operation improves the network structure from the width, which is conducive to better feature extraction effect. Inception, on the other hand, proposes the famous idea of batch normalization (BN), which greatly reduces the number of parameters. Gulshan et al.[34] used InceptionV3 to perform a prediction with or without DR, using ten networks to make predictions, and the output was the average of all outputs. Later, the network model was changed to InceptionV4 in the paper [35] and the training was carried out on a larger data set.
ResNet was proposed by He Kaiming et al.[36] in 2015. This network structure enables the depth of neural network to reach hundreds of layers. ResNet network architecture is characterized by the design of residual blocks, where inputs and outputs are connected together by residual connections. Because of the design of residual connection, the problem of gradient disappearance in back propagation is solved to a large extent. On this basis, the paper[37] proposes to design an additional output layer in the hidden layer of 11 layers of ResNet , so as to achieve depth monitoring.
Besides , Tymchenko el al.[38] regards the DR classification problem as a combination of classification, regression and ordered regression. Three CNNs are respectively used for prediction, and three different loss functions are used to measure different tasks. Finally, the output is fused. In this paper[39], the global average pooling is used to connect the last convolution layer and the output layer, and the suspicious region is visualized by regression activation mapping. Mingxing Tan et al.[40] proposed a new network scaling method named EfficicentNet, which uses composite functions to unify the depth, width and input image resolution of the scaling model. Chetoui M et al. [41] used efficient network to perform DR grading prediction with a small number of parameters and a good effect.
Although many authors have made researches, there are still some problems and shortcomings due to the characteristics of CNN network. For example, using the back propagation algorithm will reduce the parameter update speed of shallow input layer, and using the gradient descent algorithm will make the training result converge to the local minimum rather than the global minimum. The pooling layer loses a lot of valuable information; And there are universal over-fitting and under-fitting problems. These problems make it an important task to improve the performance of CNN model.
[bookmark: _Toc13553][bookmark: _Toc4432][bookmark: _Toc24779]2.3.3 Other Approaches 
· Using transfer learning
Due to the limited number of medical images and the limited training effect, a method based on transfer learning is proposed. Transfer learning refers to the transfer of trained models and parameters to new target tasks. Transfer learning uses existing excellent models in a certain field to conduct continuous training in order to obtain better efficiency of target task. Xiaogang Li et al. [42] used three different pre-processing methods for training. They used the pre-trained CNN model to extract features from the fundus images, and then used the extracted features to train support vector machines for classification tasks. Masood et al.[43] found that the InceptionV3 network trained with the ImageNet dataset had the best results. Similarly, the model developed using VGGNET-16 in the study [44] achieved an accuracy rate of 78.3%, further proving that transfer learning can solve the problem of insufficient training data and reduce training time.
· Attention methods
The attention methods in deep learning mimic the signal processing mechanism of the human brain. People quickly scan the global image to get the target area they need to focus on, then devote more attention resources to that area and ignore other useless information. The basic idea of attention methods is to make the model focus autonomously on the focus information and suppress irrelevant information. Wang Z et al. [45] proposed a zoom-in-net based on convolutional neural network to generate attention map by clustering features of highly responsive locations, and then highlight suspicious lesion areas for training of DR hierarchical network. Lin et al.[46] proposed an anti-noise attention fusion network (AFN), which firstly extracts features through CNN and then inputs them into the designed center sample detector to generate lesion map. In this way, the network learns the weights of the original image and attention map to reduce the influence of missing labels and unnecessary information.
[bookmark: _Toc29953][bookmark: _Toc8480]2.3.4 Discussion
In summary, many DR classifications have achieved good results, but there are still some problems that have not been fully explored. Traditional machine learning algorithms provide a good basic idea for DR detection, but excessive reliance on manual feature extraction will undoubtedly consume a lot of time. The CNN backbone network solves the above problems and makes an important contribution to improving the accuracy of DR detection. However, the configuration problems such as over-fitting and gradient disappearance still need to be solved..
Due to the limitations of deep learning itself, the interpretability of the model becomes very poor. Although DR levels can be used to indicate the extent of disease, the interpretability of models has not been fully discussed. Based on the above viewpoints, the paper[2] believes that simultaneous classification of DR and segmentation of DR lesions is a promising research direction. However, the segmentation of lesions is actually a complex and difficult task, and researchers need to make a trade-off between lesion detection and DR grading.
[bookmark: _Toc30108][bookmark: _Toc23063][bookmark: _Toc18431]2.4 DR Lesions Segmentation
As described in Chapter 1, there are many biomarkers and markers in fundus images, which are the cause of DR. The severity of the disease varies according to the site and size of the lesion. Generally, the lesions are small and the pixels only account for a small part of the whole image, which undoubtedly brings difficulties to the research. The segmentation of biomarkers and lesions in fundus images is an important step in the diagnosis of various ocular diseases, and the rapid development of deep learning improves the precision of fine grained image segmentation. In this section, we will discuss how deep learning can be used to identify lesions. The following is the analysis of fundus image segmentation by many scholars.

[bookmark: _Toc20947][bookmark: _Toc19549]2.4.1 Vessel Segmentation
The segmentation of retinal blood vessels is very important in the diagnosis of eye diseases such as diabetic retinopathy and glaucoma[2]. But the separation of retinal blood vessels remains a challenge. This includes limited pixel-level annotated datasets, comparison and strength of datasets, and differences between thick and thin vessels, etc. The methods based on CNN mainly cuts the image into small pieces as the network input, and uses the last few full connection layers to predict the center pixel of each small piece in the image. For example, the last fully connected layer [47,48] contains three neurons representing the large vessels, the small vessels, and the background in the fundus image. However, the structural problem has not been solved, because the segmentation of blood vessels is considered as a pixel by pixel classification task. Full convolution networks [49] provide end-to-end solutions for structured prediction problems, which are discussed by many scholars in the field of fundus segmentation. Fu et al. [50] suggested that the segmentation problem should be treated as a boundary detection task, full convolutional neural network DeepVessel should be used for prediction, and edge output layer should be used for multi-scale feature extraction. Subsequently, U-Net [51] is optimized based on FCN, which is very suitable for medical image segmentation. The key technology of U-NET is encoding and decoding, as well as feature fusion at different scales using skip connection. Specifically, encoding consists of a series of convolution and pooling operations, and decoding consists of an equal number of deconvolution operations to control the size of the feature map. This has been used in several studies to evaluate vascular segmentation. Guo C et al.[52] proposed SA-UNet and introduced the spatial attention model into the U-NET network. Batch normalization was also used to reduce network overfitting. Gu Z et al. [53] proposed CE-NET, which integrates the context coding network into U-NET, so as to retain the features of higher levels. And the ResNet block is used as the feature extractor.
[bookmark: _Toc18408][bookmark: _Toc27048][bookmark: _Toc22237]2.4.2 Single Lesion Segmentation
[bookmark: OLE_LINK29]The paper [2] introduces the background of the problem. Clinically, some diseases associated with diabetes are often found, such as Hard Exudate (EXs), Hemorrhage (HEs), Microaneurysm (MAs), Soft Exudate (SEs) and so on. Among these symptoms, Hemorrhage is one of the earliest manifestations of pathology. Various lesions have different biological characteristics. For example, microaneurysms are round red dots of bleeding, soft exudations are pale white lesions, and hard Exudates are yellowish deposit.
· Traditional methods
Several traditional image processing methods have been reported in the literature to solve this problem, such as threshold-based hard exudation segmentation[54,55,56] and clustering based detection[57,58] have been extensively studied. All the above methods need to extract features manually and belong to the traditional machine learning algorithm. These feature vectors are usually based on basic fundus information such as color, shape and size. Although these methods have been proven to be effective, extracting these feature vectors manually requires time and manpower to select complex and appropriate parameters. Therefore, some more intelligent and efficient segmentation methods are needed.
· [bookmark: OLE_LINK20]Approaches Using CNNs
In order to solve the above limitations, methods based on deep learning have been extensively studied. With the development of hardware equipment, many studies have tried new methods and achieved results. Deep learning eliminates the need for manual steps to design features, making model prediction faster and easier. The good performance of convolution neural network in image provides many ideas, in the paper [59], Khalaf et al proposed a classic CNN vascular segmentation method. After extracting features through the three-layer convolution layer, the full connective layer predicts the probability of large vessels, small vessels and background. Similarly, Maji et al.[60] adopted a more complex CNN, including 12 convolution layers, took fundus color images as input, and took the average value as the prediction result of vascular segmentation. Muhammad et al.[61]. proposed a CNN based on pretreatment training to detect exudates. Intercept -v3 and Residual Network-50 were used for pre-extraction, and then the Exudates were classified in the Softmax layer.
· [bookmark: OLE_LINK25]Approaches using U-Net-like architecture
[bookmark: OLE_LINK59]Using the proposed Full Convolution Network (FCN) [62], an end-to-end solution for fundus segmentation is obtained. After that, U-Net [51] is optimized based on FCN, which is very suitable for medical image segmentation. The key technology of U-NET is encoding and decoding, and using skip connection to perform feature fusion at different scales. Specifically, encoding consists of a series of convolution and pooling operations, and decoding consists of an equal number of deconvolution operations to control the size of the feature map. 
[bookmark: OLE_LINK132]The advantages of the U-Net model are obvious. It integrates multi-scale features and makes small information such as edge information more accurate. Due to the small pixel ratio of the lesion, it is suitable for the network model mentioned above. The disadvantage of U-Net, however, is that a series of convolution and pooling operations can cause some information to be lost. Therefore, many models have been proposed to solve this problem. Guo C et al. [63] proposed SA-UNet and introduced the spatial attention model into the U-NET network. Batch normalization was also used to reduce network overfitting. Gu Z et al. [64] proposed CE-NET, which integrates the context coding network into U-Net to retain higher-level features. ResNet block is used as feature extractor.
· Discussion
Previous research can only be considered a first step towards a more profound understanding of lesion segmentation. Focusing on a particular disease or a group of lesions with similar characteristics is limited because the disease is often accompanied by multiple lesions rather than a single lesion. Therefore, simultaneous segmentation of multiple lesions has greater practical significance for both patients and medical researchers.
[bookmark: _Toc18891][bookmark: _Toc28809][bookmark: _Toc8028]2.4.3 Combined Multiple Lesions Segmentation
At present, most studies only segment or detect one type of lesions, but from the perspective of practical application, joint segmentation of multiple lesions is a practical problem that needs to be solved. Therefore, more and more attention has been paid to the segmentation detection of multiple lesions.
· Approaches Using CNNs
In the paper [65], Tan et al. used a 10-layer CNN network to segment a variety of lesions, including exudation, hemorrhage, and microaneurysms. The paper shows that the CNN structure can effectively handle multiple segmentation tasks. In the paper[66], 243 images in the dataset were divided into 1324 image blocks, which contained various common fundus lesions and normal structures. Network training using image blocks demonstrates the possibility of generating probability maps of specific diseases for identifying subtle lesions. Guo et al. [67] proposed an L-Seg for small target segmentation, which is used for simultaneous segmentation of four lesions including microaneurysms and exudates. VGG-16 is selected as the network model, which is composed of 5 sets of convolution layers and 3 sets of full connection layers to segment multiple targets. Mask R-CNN [68] combines segmentation, classification and target detection, which provides an idea for the research of the fundus images segmentation. On this basis, the paper [69] performed pixel level segmentation on the three lesions and achieved good results.
· Approaches using U-Net-like architecture
The four lesions can be divided into two groups based on appearance: bright spots (e.g., exudation) and red lesions (e.g., bleeding, microaneurysms). According to this classification method, the multi-task learning method [70] based on U-NET network structure was used to detect and segment red and bright retinopathy. The improved U-NET structure uses a single coding module and several decoding modules to process the segmentation task in parallel. In 2019, the author proposed unsupervised learning in the paper[71], making some modifications to the previous work.A switching layer is proposed to share parameters between the two decoders.
· Discussion 
[bookmark: OLE_LINK133]It can be seen from the above papers that many basic network models have good performance in multi-lesion detection and segmentation and can be used for feature extraction at different scales. The frame can be applied to fundus images well. However, researchers in the field still have some serious limitations. First, the precision of segmentation needs to be improved. Secondly, pixel-level segmentation should be adopted for the small volume and pixel area of the lesion.
[bookmark: _Toc16757][bookmark: _Toc12732]2.5 Multi-task Learning 
The segmentation of lesions and classification of diseases are related in terms of data sets and tasks, so it is meaningful to use multi-task learning to perform semantic segmentation and image classification simultaneously to obtain better results. This model has many advantages, for patients, it can intuitively understand the severity of DR, so as to know whether to seek medical treatment in the next step. For doctors, semantic segmentation model has good model interpretability. During the course of treatment, the location and size of the lesion can be found to assist in treatment.
In recent years, multi-tasking learning has been widely concerned and developed. Multi-task learning has great achievements in natural language processing, speech recognition and image processing. For instance, Lu Y el al. [72] proposed a kind of neural network that uses greedy algorithm to dynamically expand, forming a tree network structure. Paper [73] shows the excellent performance of multi-tasking learning in speech recognition. Zhanpeng tl al.[74] applied multi-tasking learning to face detection and recognition to solve the problems of occlusion and pose change of detected objects.In order to solve different tasks have their own learning difficulties and convergence speed, task constraint learning is set to promote learning convergence. The paper [75] uses multi-task learning for information retrieval and query classification. However, Yang Y et al. [76] argue that most linear multi-tasking learning is poor at handling certain tasks, so they propose an end-to-end model for automatically sharing knowledge, sharing parameters in parallel.
For DR classification and lesions segmentation, Foo A et al. [77] used semi-supervised learning, using two data sets that allow semantic segmentation and classification to be trained at the same time, which solves the limitation of the small data set. In the paper [78], a new deep learning framework is proposed, which integrates attention mechanism and multi-task learning, and utilizes center loss to enhance the robustness of the model. At present, some challenges of DR disease needs to be solved urgently. For example, the size of the lesion is not related to the severity of the disease, and the boundary of lesion information is not obvious. Wei Q et al. [79] used pixel-level images input into Lesion-Net, which were the fully convolutional network transformations, and used double dice lose to train the evaluation. Finally, DR classification was assisted on evaluation - NET.
The project involves the application of multi-tasking learning in medical image scenarios, which has so far been lacking in the scientific literature. At present, the general model accuracy is not high, the model structure is complex. The author argue that this does not apply to medical images characterized by small data sets, so it makes more sense to create a lightweight network.
[bookmark: _Toc8472][bookmark: _Toc19082][bookmark: _Toc16670]2.6 Conclusion
[bookmark: OLE_LINK40]This chapter reviews a range of widely used medical image recognition algorithms based on deep learning frameworks and provides a variety of approaches to improve the accuracy of DR computer-aided diagnosis and treatment. The results of several literatures show that the classification network based on traditional machine learning algorithm needs a lot of manpower and time. CNN model solves the above shortcomings, but due to the characteristics of convolutional neural network, the interpretability of the network becomes very poor.
In terms of the segmentation of lesions, one idea is to segment them according to a single lesion, the other idea is to segment them according to multiple lesions. In conclusion, synchronous training of DR grading and multi-lesions joint segmentation is a promising research direction.


[bookmark: _Toc18010]Chapter 3 - Research Methodology
[bookmark: _Toc2118]3.1 Introduction
In this chapter, the author will discuss the research design and research methods of the project from the perspective of methodology, including research design and research methods. Some philosophical and data collection approaches are discussed. Studying the project from a philosophical perspective is conducive to a better understanding of the knowledge structure and a judgment of the feasibility of the project. The research design can be divided into different categories according to philosophical ideas, following the Onion method in this paper[80]. Such a diagram visually shows the relationship between various philosophical concepts. The figure 9 below is a detailed illustration of the research onion:
[image: ]
Figure 9: Detailed illustration of the research onion[80]

[bookmark: _Toc29402]3.2 Research Design
[bookmark: _Toc4549]3.2.1 Research Philosophy
[bookmark: OLE_LINK41]There are two opposing research philosophies, positivism and interpretivism. There are significant differences between the two, which will be described in detail below. 
· Positivism
Positivism is based on the objective existence of physical phenomena and advocates truth and objectivity. The results of positivism can seek objective explanations without being influenced by the prejudices of certain persons. Positivism is characterized by the collection and analysis of data and is based on objective facts. Positivism holds that the nature of science cannot be changed according to man's will. Besides, positivism is not limited by time, does not rely on the investigation of the context, only rely on real causal relationships
· Interpretivism
Interpretionalism deals more with subjective data and is more suitable for social science research. Explanationists try to work from personal experiences and feelings, which means that an individual's subjective thoughts can influence the results of a study. Explanationism, because of its interaction with the subjects, is influenced by the time, region and background of the subjects.
· The selection of this project
The purpose of this project is to design a deep learning model to explore the results of image and lesion segmentation, which belongs to positivism. It is governed by objective laws and is not influenced by anyone's thoughts. This project collects data, analyzes the objective results to obtain rules, and makes predictions for unknown data.
[bookmark: _Toc2558]3.2.2 Research Approach
The following are two common methods of research approach, called deductive approach and inductive approach respectively.
· deductive approach
The deductive method is the foundation of logical thinking. Deductive method is a method of reasoning to a conclusion from the general to the particular based on reasons. Deductive uses experiments to test hypotheses. The traditional deductive method leads to a conclusion based on two premises. For example, the famous Socratic deductive method: the first premise is that all men are mortal; The second premise is that Socrates is a man; So the conclusion is that Socrates is going to die.
· inductive approach
Induction, on the other hand, starts with the conclusion and looks for the cause. By observing, comparing and analyzing the conclusions, we can find out the causal relationship between things according to the results. Although induction is not an unbreakable conclusion, it played a very important role in the early stages of man's search for knowledge. If the example of Socrates is translated into induction, it can be expressed as A dead, B dead...; Therefore, it can be concluded that all men are mortal.
· The selection of this project
In this project, the author uses both inductive and deductive approach. Specifically, in the process of training the neural network, it belongs to induction. Because supervised learning means that each image can mark the relevant lesion information, the network will find the relationship between the lesion information and the original image according to the results. On the other hand, in the process of test, it is a deductive method. The original image is fed into the trained network to try to find the diagnostic result of the lesion information.
[bookmark: _Toc3991][bookmark: OLE_LINK42]3.2.3 Research Strategy
The most commonly used types of research strategies can be divided into qualitative research strategies and quantitative research strategies, which have obvious differences in research objectives and methods.
· Qualitative research 
Qualitative research means that researchers use non-quantitative methods to analyze and draw conclusions based on historical experience, literature analysis and practical experience.
· Quantitative research
Quantitative methods are expressed through a large number of data, and conclusions are drawn through the comparison and analysis of the data. In other words, quantitative methods are based on facts and figures. Quantitative research is based on probability theory and statistics. This research method is used to explore logical causal relationships between things.
· The selection of this project
This paper adopts quantitative research strategy. In terms of classification, disease grades are quantified according to international standards and are divided into five levels to measure the stage and severity of the disease. In the semantic segmentation, the data is also quantified and the image is tagged according to the pixel to see if such lesions are present. No diseased pixels were labeled as 0 and the remaining elements were labeled as 1.
[bookmark: _Toc11377]3.3 Data Collection Method
[bookmark: OLE_LINK44]In this project, the main source of data is data collected by professional researchers. The primary source of data is the IEEE Digital Library, which allows the public to do some research on it. Data collected by Li Tao et al. [81] were distributed strictly and evenly according to patients' age, gender and residential area. It should be noted that the pictures used in this paper are all from large regular hospitals in China. A total of 13,673 color fundus images were collected from 9598 patients. Using professional fundus imaging camera photography, photography standards are strict and standard. 
[bookmark: _Toc9122][bookmark: OLE_LINK46]3.4 Ethical Consideration 
Like many projects, this one has some risks. The main risk comes from the data, which does not reveal private information such as participants' names and gender due to patient privacy concerns. All data used were original fundus images and marked lesion information, and did not contain any patient information or hospital information.
[bookmark: _Toc4291]3.5 Conclusion 
This chapter analyzes whether the project can be implemented from a philosophical point of view, including research design and research methodology. This project adopts the positivist approach to research, and simultaneously adopts induction and deduction in different stages of the experiment. Analyze the data using quantitative methods, briefly introduce the data set, and analyze and avoid potential risks.




[bookmark: _Toc23922]Chapter 4 - Design and Implementation
[bookmark: _Toc22179]4.1 Dataset
[bookmark: OLE_LINK35][bookmark: OLE_LINK38]In this project, the dataset DDR created by Li et al. [81] was used to fully consider the DR grading and lesion location information. From 2016 to 2018, DDR collected 13,673 color fundus images from 147 hospitals across China. The mean age of the patients was 54 years, and the male to female ratio was about 1:1. None of the images contained any sensitive information about the patient. DDR provides three types of labeling: image-level DR grading labeling, pixel-level labeling and boundary box labeling of DR related lesions. Half of the images were randomly selected as the training set, 2/10 as the validation set, and 3/10 as the test set. Finally, the existing deep learning algorithms are evaluated, including image classification, semantic segmentation and object detection. Table 1 shows the number of samples in the classification and segmentation tasks. Table 2 below shows the number of samples for each class in the training set, test set, and validation set in the classification task.
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Table 1: The number of samples in the classification and segmentation tasks
[image: ]
[bookmark: OLE_LINK80]Table 2: The number of samples for each class in the classification task
· [bookmark: OLE_LINK48]DR grading annotations
[bookmark: OLE_LINK39]The dataset graded all images according to international diabetes standards. However, in clinical practice, poor image quality is inevitable, which may be caused by complex factors such as shooting equipment and shooting environment. DDR reclassified the images with ambiguity greater than 70% and no clearly visible lesions into one class. This means that the images in the dataset were classified into six categories: 0-No DR, 1-Mild DR, 2-Moderate DR, 3-Severe DR, 4-Proliferative DR, and 5-Ungradable. Each image in DDR is annotated by seven trained experts, and all fundus images are checked and validated multiple times before being stored. Each image records the expert information of its own rating for review. Below is the sample image labeled with DR grading annotations.
[image: ]
Figure 10: Sample image labeled with DR grading annotations
· [bookmark: OLE_LINK45][bookmark: OLE_LINK79]DR Lesions Segmentation annotations (Pixel-level annotations )
DDR selected 757 images for pixel-level labeling of Microaneurysm, Hemorrhage, Hard Exudation and Soft Exudation. It is important to note that all images used for lesion segmentation have DR grading results. Below is a sample image with pixel-level annotations.
[image: ]
Figure 11: Sample images with pixel-level annotations for four lesions[81]
· [bookmark: OLE_LINK50][bookmark: OLE_LINK78]DR lesions detection annotations (Boundary box annotations)
[bookmark: OLE_LINK43]The boundary box annotation is automatically generated according to the pixel level annotation. For the connected lesions, the smallest rectangle is generated as the boundary box of the annotation region. Below is the sample image labeled with lesion boundary box annotations.
[image: ]
Figure 12: Sample images with boundary box annotations[81]
[bookmark: _Toc15105]4.2 Data Preprocessing
· [bookmark: OLE_LINK13]Resize and Auto-cropping
[bookmark: OLE_LINK37][bookmark: OLE_LINK51]First, 512×512 images were applied to better observe tiny abnormalities in the eye. Next, it can be seen that the image contains dark areas with no information, and Auto-cropping[82] is used to automatically crop the surrounding dark areas. Here is an example of processing an image with a black border.
[image: ]
Figure 13: An example of processing images with black areas
· [bookmark: OLE_LINK52]Improve lighting conditions
In addition, the images have many different lighting conditions, and some images are too dark to distinguish. So reducing light conditions is a crucial step. The traditional solution is to grayscale the image because the original color is distracting. A more effective method is the pretreatment method of 2015 Kaggle Champion [83], Gaussian distribution is a kind of weight distribution mode, and Gaussian filter is a kind of linear smooth filter which selects values according to the shape of Gaussian function. Gaussian smoothing filter is very effective in suppressing noises that follow normal distribution. Figure 14 shows the results of Gaussian blur and gray scale processing for the same original image. It can be clearly seen that the lesion information is more obvious in the image after Gaussian blur processing. Therefore, this project borrows this method and uses a Gaussian smoothing filter. 
[image: ]
[bookmark: OLE_LINK55]Figure 14: The original image and the results of two pre-processing methods
[bookmark: OLE_LINK54](a)the original image   (b) image after Gaussian blur  (c) image after gray processing
· [bookmark: OLE_LINK81][bookmark: OLE_LINK123][bookmark: OLE_LINK56]Classification image data augmentation
[bookmark: OLE_LINK82][bookmark: OLE_LINK57]The categories in DDR are seriously unbalanced, with the number of images in the five categories being 3133,315,2238,118,456 and 575 respectively. In order to ensure the stability of network model training, it is necessary to make some adjustments to each type of images in the input network, so that the number of different types of images is similar. Using data augmentation for images in a small number of classes, including rotation, flip, blur and gamma transform. The number of images in each category after processing is: 3133,2835, 2238,3068,2736 and 2875 respectively.
· [bookmark: OLE_LINK83]Segmentation image annotations integration
[bookmark: OLE_LINK84]In the dataset, masks labeled with four lesions were in four folders respectively. However, in this project, four lesions were detected at the same time. Therefore, it is necessary to put together four different categories of masks.
[bookmark: _Toc5380]4.3 DR Classification based on EfficientNet
In the paper [40], the width and depth of the network and the resolution of the input will be increased to improve the performance of the network. Figure 14 illustrates some common ways to improve network efficiency, including (a) the original network, (b) by increasing the network width, (c) by increasing the network depth, (d) by improving the input image resolution, and (e) EfficientNet model, which adds all three dimensions at once. Followings are the advantages and limitations of each approach.
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Figure 15: some common ways to improve network[40]
· Figure 14 (b): by increasing the network width
Increasing the width of the network allows for higher fine-grained features, that is, the ability to obtain image detail. Such networks are easier to train. But if the network is too wide and not deep enough, deeper features cannot be extracted, meaning that the network can only recognize some low-level features. 
· Figure 14 (c): by increasing the network depth
Increasing network width is a common method to improve accuracy. Practice has proved that network depth ranging can get richer and more complex features, which can be well applied to other tasks. However, if the network depth is too deep, there will be gradient disappearance, training difficulties and other problems.
· Figure 14 (d): by improving the input image resolution
Improving the image resolution of the input network can make the model learn higher-grained features. However, as the input image resolution increases, the number of computed parameters for the model will increase dramatically and will exceed the memory limit.
· [bookmark: OLE_LINK60]Figure 14 (e): Compound Scaling --- EfficientNet model
Balancing all dimensions of network width/depth/resolution is crucial, and EfficientNet model makes this balancing possible by simply scaling each dimension on a constant scale. Specifically, the author proposes a compound scaling method in which a compounding factor φ is used to uniformly scale width, depth, resolution.
[image: ]
Where φ is the coefficient of additional resources specified by the model, α, β, and γ represent how these additional resources are allocated to the three dimensions of network width, depth and resolution respectively. The EfficientNet-b0 is obtained by fixing α, β and γ as constants. Based on EfficientNet-b0, EfficientNet-b1 to EfficientNet-B7 is obtained by amplifying the baseline network of different φ. EfficientNet series networks achieve state-of-the-art results with a top 5 accuracy on ImageNet, while being many times smaller than existing best convolutional network parameters, such as the SENet model [41]. 
[bookmark: OLE_LINK71]EfficientNet-b0 was chosen to develop this project and added a global average pooling (GAP) to the final convolutional layer to customize the network, namely the spatial average of multiple feature maps. After GAP layer, using the Dropout layer to reduce overfitting. Finally, the DR grading prediction results based on Softmax layer are given.                           
[bookmark: _Toc19669]4.4 Lesions Segmentation based on U-Net
[bookmark: OLE_LINK66]U-Net adopted in this project is a classic encoder-decoder architecture, which can segment small sample data sets quickly and effectively. It consists of contracting Path, expansive Path and skip connection.

· Contracting Path
Contraction path is a typical convolutional network structure, also known as encoder. Its structure is a repeating structure, with a series of convolution layers and pool layers in each repetition. After each down-sampling, the number of characteristic channels is doubled.
· [bookmark: OLE_LINK53]Expansive Path
[bookmark: OLE_LINK62]The expansive Path is also known as the decoder. In this step, up-convolution is first used. Each time, the number of feature channels is halved and the size of feature graph is doubled. up-convolution is the transpose convolution, which is a special convolution from small to large size.
· [bookmark: OLE_LINK61][bookmark: OLE_LINK91][bookmark: OLE_LINK64][bookmark: OLE_LINK63]skip connection
After the up-convolution operation is completed, the up-convolution result is combined with the feature graph of the corresponding step in the contraction path. This step is called skip connection, which is why U-Net can incorporate features of different scales. It is important to note that if the feature graph on the shrink path is slightly larger, it should be pruned and spliced. The skip connection directly combines the features between encoder and decoder so that semantically dissimilar feature maps can be fused. The pixel level segmentation map is obtained, and each pixel point is classified and distinguished.
[bookmark: _Toc583][bookmark: OLE_LINK67]4.5 Network Architecture
[bookmark: _Toc32754]4.5.1 Network Model 
In this project, the hard parameter sharing method of multi-task learning is used to jointly train the DR level prediction network and the pixel level segmentation network of lesion location. Hard parameter shared multitasking learning requires that different tasks at the bottom level share parameters and use the same features, while each task at the top level uses its own network structure and parameters. So there are two sub-tasks:
· DR Classification
DR level prediction is considered to be an effective method for image classification. The data set was divided into 6 categories, 0-NO DR, 1-mild DR, 2-Moderate DR, 3-severe DR, 4-proliferative DR, 5-ungradable due to poor image quality. Efficientnet-b0 algorithm was used for image classification, with full consideration of the relationship between network height, width and input image resolution. The network model has few parameters and high precision. At the top of the network, GAP is used to calculate the average of multiple feature graphs, and the Dropout layer is used to reduce overfitting. Finally, the DR layered prediction results based on Softmax layer are given.
· Lesions Segmentation
U- net network was used for joint segmentation of Microaneurysm(MAs), Hemorrhage(HEs), Soft Exudation(SEs) and Hard Exudation(EXs). The encoder-decoder architecture is used to fuse the underlying location information and deep semantic information at multiple scales.
[bookmark: OLE_LINK68]The following figure 16 is the network architecture of multi-task learning for DR classification and lesions segmentation. Table 3 shows the layer details of the classification network. Each row represents the operation of each stage repeated Li times. The input image is Hi * Wi, and the output channels is Ci.

[image: ]

Figure 16: Network architecture
[image: ]
Table 3: Classification network
MBConv is an important part of the overall network architecture. Figure 17 shows the structure of MBConv. Use the first convolution kernel of size 1*1 to enhance the dimension. The Swish activation function solves the problem that sigmoid functions tend to cause the gradient to disappear. Depthwise Convolution is different from traditional convolution operation, one convolution kernel is responsible for one channel. The SE module acts as an attention model in the channel dimension. As for shortcut connection, it exists only if the eigenmatrix of the input MBConv structure is the same shape as the output matrix. 
[image: ]
Figure 17: MBConv structure
The SE module consists of Squeeze and Congestion, as shown in Figure 18. The compression operation is globally evenly pooled and the excitation operation consists of two fully connected layers. SE modules are flexible and can be added to existing networks without disrupting the original main structure of the network, so that the model pays more attention to the channel features with the most information and inhibits the unimportant features.
[image: ]
Figure 18: SE module
[bookmark: _Toc20194]4.5.2 Network Parameter Configuration
· Partition of dataset
[bookmark: OLE_LINK92]In this project, training set, validation set and test set are used. Half of the images were randomly selected as the training set, 2/10 as the validation set, and 3/10 as the test set. The training set is used to fit data samples, learn and trainable weight parameters in the training process. Validation sets are used to adjust the hyperparameters of the model and initially assess the predictive power of the model so that problems with the model or parameters can be found in a timely manner. The test set is used to evaluate the generalization capability of the model's final model. Unlike validation sets, test sets cannot be used as a basis for selecting parameters, features, and other algorithm-related choices.
· Loss Function
[bookmark: OLE_LINK69]The loss function of multi-task learning is composed of the loss function of classification network and the loss function of segmentation network, as shown in the following equation, where α and β are the proportions of the two loss functions and   α + β = 1. In this project, α = 0.5 and β = 0.5 were selected.
Loss multi-task learning = α*Loss classification + β*Loss segmentation        (2)
Both classification and segmentation use the cross entropy loss function, which is essentially a logarithmic function. The cross entropy function is used to describe the difference between the predicted value and the actual value. The problem of slow update of weight of square loss function is solved well.
· Optimization Function
Minimize the loss function with an optimization function. Adam optimizer is used, which dynamically adjusts the learning rate of each parameter. The main advantage of Adam method is that after bias correction, each iteration learning rate has a certain range, which can make the parameter update more stable. The learning rate is 0.001. 
· Training configuration
All input network training and test images are adjusted to 512 by 512 pixels. The experiments are carried out for 100 epochs with a batch size of 4. The network was implemented using the Keras framework on a Linux machine with an NVIDIA GeForce RTX 2080 Ti GPU.
[bookmark: _Toc25710]4.6 Conclusion
This chapter analyzes the applicability of DDR dataset in this project in detail. Meanwhile, a series of data preprocessing steps were performed on the original fundus image, including automatic clipping of the black area around the image to reduce the influence of lighting conditions and data class imbalance on the model. Effentnet-b0 was selected as the DR hierarchical network, and the U-Net network was used to perform pixel-level segmentation of the four lesions, and the hard parameters of multi-task learning were shared to train the two networks.

[bookmark: _Toc20000]Chapter 5 - Data Analysis and Results Discussions
[bookmark: OLE_LINK77]Due to the influence of various problems, the learning efficiency of neural network is low, or too many interference factors lead to unsatisfactory analysis results. These factors may include data problems and learning parameter problems. The evaluation criterion of neural network is used to evaluate the performance of the model and promote the improvement of neural network. This chapter analyzes the evaluation criteria of different tasks. According to the above evaluation criteria, the classification network and segmentation network are evaluated respectively.
 It is worth noting that this project adopts two networks of multi-task learning and joint training, but only some underlying parameters are shared in the training process. In the model evaluation, the effect of the model is evaluated according to the classification task evaluation criteria and image segmentation task evaluation criteria respectively.
[bookmark: _Toc15797]5.1 DR Classification
[bookmark: _Toc9703][bookmark: OLE_LINK88]5.1.1 Evaluation Criteria
In the field of machine learning, confusion matrix is a visual tool that is often used in supervised learning. For binary classification, instances are classified into positive or negative classes. The confusion matrix is shown in the following table, and there are four types of actual classification: 
[image: ]
[bookmark: OLE_LINK95]Table 4: Confusion matrix
(1) True Positive (TP) : label as Positive, prediction as Positive;
(2) False Positive (FP) : label is negative, prediction is Positive;
(3) False Negative (FN) : label is positive, prediction is Negative;
(4) True Negative (TN) : label is Negative, prediction is Negative;
[bookmark: OLE_LINK104]Similarly, multi-class classification have corresponding confusion matrix, with each category representing a row or a column. Taking binary classification as an example, a number of evaluation criteria can be derived from the confusion matrix, including:
· Accuracy: 
The proportion of all correctly classified samples to total samples and it is an evaluation criteria for the whole model.

· [bookmark: OLE_LINK96]OA & AA:
[bookmark: OLE_LINK105]Overall accuracy (OA) and average accuracy (AA) are different: The overall accuracy is the ratio of the correct prediction of the model in all test sets to the total number of data, while Average accuracy is the average accuracy of each class.
· Kappa: 
[bookmark: OLE_LINK107]Kappa coefficient measures the agreement between predicted and true values. The Kappa coefficient is calculated based on the confusion matrix and is between -1 and 1, usually greater than 0. The higher the value, the better the consistency.
· Recall: 
The probability that the prediction is correct in all samples whose true values are positive. Recall is a method of detecting missed detection, which is important for medical images. From a practical point of view, the principle of computer-aided diagnosis and treatment is not to miss any disease samples, which is why recall is needed.

· [bookmark: OLE_LINK85][bookmark: OLE_LINK97]F1-score: 
Measure the connection between Precision and Recall and the value of the F1-score ranges from 0 to 1. The closer its value is to 1, the better the model output.

[bookmark: _Toc20913]5.1.2 Result Analysis
[bookmark: OLE_LINK106]In the experiment of the original dataset [81], some widely used deep learning models were used for DR training. It is pointed out that the SE-BN-Inception network has the highest overall accuracy and Kappa score on the validation set, but the average accuracy is relatively low. In addition, the Densenet-121 model outperformed other models in categories with a small amount of data. 
[bookmark: OLE_LINK98]In order to verify that the prediction effect of multi-task learning is better than that of single-task learning, the Efficientnet-b0 network was used as a comparative experiment. The same pre-processing method was used for the same dataset, and the separate Efficientnet-b0 network was used for DR classification. 
[bookmark: OLE_LINK94][bookmark: OLE_LINK89][bookmark: OLE_LINK93]Table 5 compares the prediction effects of the above models on the test set from multiple dimensions, and summarize the accuracy of each class of each model, overall accuracy (OA), average accuracy (AA), Kappa, Recall and F1_Score. 
[image: ]
[bookmark: OLE_LINK90]Table 5: DR classification results for various deep learning models on the test set
[bookmark: OLE_LINK135]Many conclusions can be drawn from the above models and evaluation criteria. On the one hand, the experimental results show that the overall accuracy and average accuracy of multi-task learning are higher than that of the deep learning model used on the original dataset. In particular, the accuracy rate of mild, moderate, severe and proliferative DR is greatly improved, indicating that multi-task learning has better performance in extracting and analyzing characteristics of different disaster levels. The accuracy of mild DR is 76%. Compared to the method used in the original dataset, the accuracy of Moderate DR and Severe DR improved by 11% and 19% respectively. On the other hand, multi-task learning also showed better results than single-task learning. The recall rate of the multi-task learning model is about 10% higher than that of the single-task Efficient-B0 model, indicating that the multi-task learning model is not easy to miss the image detection with disease occurrence.
[bookmark: _Toc17831]5.2 Lesions Segmentation
[bookmark: _Toc22133]5.2.1 Evaluation Criteria
[bookmark: OLE_LINK112]In the image segmentation task, the prediction results can be obtained by calculating the obfuscation matrix for each pixel of each image. Used to determine whether the pixel belongs to the background, Hard Exudates (EXs), Hemorrhage (HEs), Microaneurysms (MAs) and Soft Exudates (SEs).
· [bookmark: OLE_LINK100]IoU / mIoU: 
[bookmark: OLE_LINK108]IoU represent the size of the intersection in the union and its calculation formula is shown below. Generally, the calculation of mIoU is based on classes. Calculate the IoU for each category and then add them to average to get the mIoU. Therefore, mIoU is an evaluation criteria based on the whole picture.

· [bookmark: OLE_LINK101][bookmark: OLE_LINK102]PA / mPA:
[bookmark: OLE_LINK103]Pixel Accuracy (PA) and Mean Pixel Accuracy (mPA) are commonly used in image segmentation tasks. PA represent the proportion of the correct number of pixels in the total number of pixels, and mPA is slightly improved on the basis of PA and calculates the proportion of correctly classified pixels of each class separately.

· Dice 
Similar to F1-Score, dice coefficient is a function to measure the similarity of two types of samples, usually calculated in the range of 0 to 1. The best dice value for segmentation is 1, and the worst value is 0.

[bookmark: _Toc9705]5.2.2 Result Analysis 
In paper [81], compared with other deep learning models, DeepLab-V3+ shows a better effect. However, the paper points out that the accuracy of the model is far from the standard of practical application and needs to be further improved. This may be because the original image does not have any pre-processing of image quality, the image is vulnerable to exposure and other shooting conditions.
[bookmark: OLE_LINK111]Meanwhile, in order to prove the superiority of multi-task learning over single-task learning, a single U-Net is used to train the network. In addition, U-Net adopts the same image preprocessing method, and MBConv blocks as shown in Figure 16 are used for training in each stage. 
[bookmark: OLE_LINK114][bookmark: OLE_LINK113][bookmark: OLE_LINK131][bookmark: OLE_LINK70]Table 6 compares the IoU of each model in the segmentation of Hard Exudates (EXs), Hemorrhage (HEs), Microaneurysms (MAs) and Soft exudates(SEs). And mIoU, Pixel Accuracy (PA), Mean Pixel Accuracy (mPA) and Dice coefficients of the whole image. As can be seen from the graph, multitasking learning showed better performance, especially in HEs segmentation, with the IOU of 63.7%. At the same time, the pixel level segmentation of other lesions also improved to varying degrees. Compared with single-task learning using U-Net model, the IoU of MAs and SEs in multi-task learning improved by about 25%, and the overall mIoU increased by about 17%.
[image: ]
[bookmark: OLE_LINK109]Table 6: Lesions segmentation results for various deep learning models on the test set
[bookmark: OLE_LINK115][bookmark: OLE_LINK128]In order to observe the lesion location more accurately, the predicted image segmentation results were visualized. Different types of lesions were marked with different colors to better distinguish the type and location of lesions. Figure 19 shows the location of four lesions resulting from the segmentation task. Hard Exudates are marked red, Hemorrhage is marked green, Microaneurysms is marked blue, and Soft Exudates is marked yellow. As can be seen from the figure, the prediction of lesion location by the multi-task learning model is basically accurate, including images with severe disease severity, as shown in Figure 19- (d). But the segmentation of the edge of some lesions is not very accurate.
[bookmark: OLE_LINK110]Figure 20 is details of figure 19- (c) and 19- (f).
[image: ]
Figure 19: Location of four lesions resulting from the segmentation task
[bookmark: OLE_LINK10][bookmark: OLE_LINK116] (a)(d) is the original image, (b)(e) is the annotations of the image , and (c)(f) is the lesions visualization image processed by the lesion segmentation task model
[image: ]
[bookmark: OLE_LINK122]Figure 20: The details of lesions visualization image
[bookmark: OLE_LINK134]As can be seen from the figure above, the segmentation model based on multi-task learning can effectively mark the pixel-level positions of various lesions. (a) marked by hard exudate lesions, (b) marked by partial microaneurysmal lesions and hemorrhagic diseases. Similarly, it can be seen from (b) that the model is also very effective in identifying lesions in small areas. It can be proved from (c) that the model is also accurate in processing images with more complex lesions.
[bookmark: _Toc6695]5.3 Conclusion
[bookmark: OLE_LINK129]This chapter analyzes the common evaluation indexes of image classification and image segmentation. On the basis of this project, multi-task learning is compared with several deep learning methods used in the original paper and single-task learning methods under the same framework. Experiments show that multi-task learning is better than traditional deep learning model. In addition, multi-task learning also showed better predictive performance compared to single-task learning using the same network structure, especially the accuracy of mild DR, severe DR and proliferative DR was greatly improved. The recall rate of the multi-task learning model is about 20% higher than that of the efficient-B0 model alone, indicating that the multi-task learning model is not easy to miss detection. In the segmentation task of lesions, the segmentation model based on multi-task learning can effectively identify  lesions in small areas and process fundus images of more complex lesions. Especially in Hemorrhage segmentation, with the IOU of 63.7%. Pixel-level segmentation of other lesions also improved to varying degrees and the overall mIoU increased by about 17%.


[bookmark: _Toc7435][bookmark: OLE_LINK117]Chapter 6 - Conclusions and Recommendations
[bookmark: OLE_LINK126][bookmark: OLE_LINK124]Based on practical application, this paper proposes an algorithm based on multi-task learning, which can simultaneously classify the severity of diabetic retinopathy and perform pixel-level segmentation of four lesion sites. DDR dataset was used in this project. In order to solve the influence of illumination conditions, data imbalance and other conditions, automatic clipping, Gaussian blur, data enhancement and other methods were used to preprocess fundus images in the dataset. Efficientnet-b0 model was selected for the image classification task, which balanced the image resolution, network width and height to obtain the severity of diabetic retinopathy. The U-Net model with encoder-decoder structure was used for image segmentation, and the locations of four lesions are marked at pixel level. In addition, the hard parameter sharing method of multi-task learning is used for joint training of the two tasks. Different tasks share parameters, use the same features at the bottom, and use a combination of loss functions to train the two networks. 
The experimental results show that the prediction effect of multi-task learning shows superior performance, especially the prediction accuracy of mild, moderate, severe and proliferative DR is greatly improved and the accuracy of mild DR is 76%. The recall rate of the multi-task learning model is about 10% higher than that of the Efficientnet-b0 model based on single-task learning, which effectively inhibits the missed detection. At the same time, the model can effectively identify small lesions and process fundus images of more complex lesions. Especially in Hemorrhage segmentation, with the IOU of 63.7% and the segmentation of other lesions also improved to varying degrees.
In the segmentation task of lesions, the edge extraction of lesions is not accurate, which may be due to the small size or large shape difference of lesions. In the following work, researchers can focus on improving the segmentation accuracy of lesion edges. In addition, the program can be expanded to other computer-aided systems for diagnosing and treating fundus diseases, such as glaucoma and age-related macular degeneration. 


[bookmark: _Toc7987]Chapter 7 - Reflections 
In the process of collecting relevant data of this topic, the author reviewed some classical algorithms and ideas of deep learning, and applied the theoretical knowledge learned to the experimental part of multi-task learning to practice, so as to improve my ability. Admittedly, there is room for improvement in this project. For example, more deep learning models with excellent feature extraction ability can be used in this project to obtain higher accuracy. In addition, the segmentation effect of individual lesions was not good, which may be due to the lack of prominence of lesions during preprocessing.
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1. Preprocessing
1.1 Auto-cropping and Improve lighting conditions
#https://www.kaggle.com/ratthachat/aptos-eye-preprocessing-in-diabetic-retinopathy
import cv2,os
import numpy as np
# Set image size
IMG_SIZE = 512
path = "./test/unet_data/images/"
save_path = "./test/unet_data/new_images/"
list=os.listdir(path)
# Auto-cropping was applied to automatically crop the surrounding dark areas
def crop_image(pic, tol=7):
    # print(img.ndim)
    if pic.ndim == 2:
        mask = pic > tol
        return pic[np.ix_(mask.any(1), mask.any(0))]
    elif pic.ndim == 3:
        gray_img = cv2.cvtColor(pic, cv2.COLOR_RGB2GRAY)   # Convert to grayscale image
        mask = gray_img > tol
        pic1 = pic[:, :, 0][np.ix_(mask.any(1), mask.any(0))]
        pic2 = pic[:, :, 1][np.ix_(mask.any(1), mask.any(0))]
        pic3 = pic[:, :, 2][np.ix_(mask.any(1), mask.any(0))]
        img = np.stack([pic1, pic2, pic3], axis=-1)
        return img
# using Gaussian blur to Improve lighting conditions
def Gaussian_blur(path, sigmaX=10):
    image = cv2.imread(path)
    image = cv2.cvtColor(image, cv2.COLOR_BGR2RGB)
    image = crop_image(image)
    image = cv2.resize(image, (IMG_SIZE, IMG_SIZE))
    image = cv2.addWeighted(image, 4, cv2.GaussianBlur(image, (0, 0), sigmaX), -4, 128)
    return image
for i in list:
    img_path = path + i
    print(img_path)
    result = Gaussian_blur(img_path)
    cv2.imwrite(save_path+i,result)

1.2 Classification image augmentation
# in order to address the serious imbalance in DDR categories

import numpy as np
import cv2

# Count the number of samples in each class in the classification dataset
txt_file = "./all_data_train_new.txt"
num_0 = 0
num_1 = 0
num_2 = 0
num_3 = 0
num_4 = 0
num_5 = 0
for line in open(txt_file):
    line = line.strip('\n')
    img_number = line.split(" ",1)[0]
    img_class = int(line.split(" ",1)[1])
    if img_class == 0:
        num_0 = num_0 + 1
    if img_class == 1:
        num_1 = num_1 + 1
    if img_class == 2:
        num_2 = num_2 + 1
    if img_class == 3:
        num_3 = num_3 + 1
    if img_class == 4:
        num_4 = num_4 + 1
    if img_class == 5:
        num_5 = num_5 + 1
print(num_0,num_1,num_2,num_3,num_4,num_5)
# The number of different types of original data set
# class_0:3133
# class_1:315
# class_2:2238
# class_3:118
# class_4:456
# class_5:575

# Based on the number of classes, data enhancement is scaled
# so that the number of samples in each class is roughly the same
def creat_new_dataset(image_num=3100, mode='original'):
    print('creating dataset...')
    train_class_txt = "./new_vgg_data/test.txt"
    train_class_path = "./new_vgg_data/test/"
    save_path ="./test/vgg_data/"
    for line in open(train_class_txt, "r"):
        line = line.strip("\n")
        train_class_img_name = line.split(" ",1)[0]
        train_class_name = train_class_img_name.split(".",1)[0]
        print(train_class_name)
        train_class_label = line.split(" ",1)[1]
        if train_class_label== "0":
            train_class_img = cv2.imread(train_class_path + train_class_img_name)
            # Save the original image
            cv2.imwrite(save_path + train_class_img_name, train_class_img)
        else:
            train_class_img = cv2.imread(train_class_path+train_class_img_name)
            # Save the original image
            cv2.imwrite(save_path+train_class_img_name,train_class_img)
            # data augmentation
            count = 0
            # When the label is 1
            if train_class_label == "1":
                flag = (3100-315)//315
                while count < flag:
                    img = data_augment(train_class_img)
                    cv2.imwrite(save_path + train_class_name + "_" + str(count) + ".jpg", img)
                    count = count + 1
            # When the label is 2
            elif train_class_label == "2":
                flag = (3100-2238)//2238
                while count < flag:
                    img = data_augment(train_class_img)
                    cv2.imwrite(save_path + train_class_name + "_" + str(count) + ".jpg", img)
                    count = count + 1
            # When the label is 3
            elif train_class_label == "3":
                flag = (3100- 118)//118
                while count < flag:
                    img = data_augment(train_class_img)
                    cv2.imwrite(save_path + train_class_name + "_" + str(count) + ".jpg", img)
                    count = count + 1
            # When the label is 4
            elif train_class_label == "4":
                flag = (3100- 456)//456
                while count < flag:
                    img = data_augment(train_class_img)
                    cv2.imwrite(save_path + train_class_name + "_" + str(count) + ".jpg", img)
                    count = count + 1
            # When the label is 5
            elif train_class_label == "5":
                flag = (3100- 575)//575
                while count < flag:
                    img = data_augment(train_class_img)
                    cv2.imwrite(save_path + train_class_name + "_" + str(count) + ".jpg", img)
                    count = count + 1
creat_new_dataset()

# The number of samples of each category of the data set after processing
# class_0:3133
# class_1:2835
# class_2:2238
# class_3:3068
# class_4:2736
# class_5:2875

1.3 Segmentation image annotations integration
# Segmentation image annotations integration
# In the original dataset, masks labeled with four lesions were in four folders respectively
# Put together four different categories of masks
import cv2,os
import numpy as np
path0 = "./segmentation label/"
file_list = os.listdir(path0)
file_path_EX = path0 + file_list[0]
file_path_HE = path0 + file_list[1]
file_path_MA = path0 + file_list[2]
file_path_SE = path0 + file_list[3]
img_list = os.listdir(file_path_EX)
for img_path in img_list:
    img_name = str(img_path).split(".", 1)[0]
    print(img_name)
    img_path_EX = file_path_EX + "/" + img_path
    img_EX = cv2.imread(img_path_EX, 0)
    img_path_HE = file_path_HE + "/" + img_path
    img_HE = cv2.imread(img_path_HE, 0)
    img_path_MA = file_path_MA + "/" + img_path
    img_MA = cv2.imread(img_path_MA, 0)
    img_path_SE = file_path_SE + "/" + img_path
    img_SE = cv2.imread(img_path_SE, 0)
    h, w = img_EX.shape
    new_img = np.zeros((h, w), dtype=np.uint8)
    # bgr_new_img = cv2.cvtColor(new_img, cv2.COLOR_GRAY2BGR)
    # bgr_new_img[:, :, 0] = 0
    # bgr_new_img[:, :, 1] = 0
    # bgr_new_img[:, :, 2] = 0
    for i in range(h):
        for j in range(w):
            if img_EX[i,j] == 255:
                new_img[i,j]=1
            if img_HE[i,j] == 255:
                new_img[i,j]=2
            if img_MA[i,j] == 255:
                new_img[i,j]=3
            if img_SE[i,j] == 255:
                new_img[i,j]=4
    cv2.imwrite("./mask1/"+str(img_name)+".png",new_img)


2. Model training
# https://github.com/zhoudaxia233/EfficientUnet/blob/master/efficientunet/utils.py
# evaluation criteria
def iou(y_true, y_pred, label: int):
  y_true = K.cast(K.equal(K.argmax(y_true), label), K.floatx())
  y_pred = K.cast(K.equal(K.argmax(y_pred), label), K.floatx())
  intersection = K.sum(y_true * y_pred)
  union = K.sum(y_true) + K.sum(y_pred) - intersection
  return K.switch(K.equal(union, 0), 1.0, intersection / union)
def mean_iou(y_true, y_pred):
    num_labels = K.int_shape(y_pred)[-1] - 1
    mean_iou = K.variable(0)
    for label in range(num_labels):
        mean_iou = mean_iou + iou(y_true, y_pred, label)
    return mean_iou / num_labels

# Efficientnet-b0 components
def round_filters(filters, global_params):
    multiplier = global_params.width_coefficient
    divisor = global_params.depth_divisor
    min_depth = global_params.min_depth
    if not multiplier:
        return filters

    filters *= multiplier
    min_depth = min_depth or divisor
    new_filters = max(min_depth, int(filters + divisor / 2) // divisor * divisor)
    # Make sure that round down does not go down by more than 10%.
    if new_filters < 0.9 * filters:
        new_filters += divisor
    return int(new_filters)
def round_repeats(repeats, global_params):
    multiplier = global_params.depth_coefficient
    if not multiplier:
        return repeats
    return int(math.ceil(multiplier * repeats))

# Initialization of the convolution kernel
def conv_kernel_initializer(shape, dtype=K.floatx()):
    kernel_height, kernel_width, _, out_filters = shape
    fan_out = int(kernel_height * kernel_width * out_filters)
    return tf.random.normal(
        shape, mean=0.0, stddev=np.sqrt(2.0 / fan_out), dtype=dtype)

# Initialization of the dense kernel
def dense_kernel_initializer(shape, dtype=K.floatx()):
    init_range = 1.0 / np.sqrt(shape[1])
    return tf.random.uniform(shape, -init_range, init_range, dtype=dtype)

# Define the activation function
class Swish(layers.Layer):
    def __init__(self, name=None, **kwargs):
        super().__init__(name=name, **kwargs)
    def call(self, inputs, **kwargs):
        return tf.nn.swish(inputs)
    def get_config(self):
        config = super().get_config()
        config['name'] = self.name
        return config

# MBConvBlock_SEModule_segmentation
def SEBlock(block_args, **kwargs):
    num_reduced_filters = max(
        1, int(block_args.input_filters * block_args.se_ratio))
    filters = block_args.input_filters * block_args.expand_ratio
    spatial_dims = [1, 2]
    try:
        block_name = kwargs['block_name']
    except KeyError:
        block_name = ''
    def block(inputs):
        x = inputs
        x = layers.Lambda(lambda a: K.mean(a, axis=spatial_dims, keepdims=True))(x)
        x = layers.Conv2D(
            num_reduced_filters,
            kernel_size=[1, 1],
            strides=[1, 1],
            kernel_initializer=conv_kernel_initializer,
            padding='same',
            name=block_name + 'se_reduce_conv2d',
            use_bias=True
        )(x)
        x = Swish(name=block_name + 'se_swish')(x)
        x = layers.Conv2D(
            filters,
            kernel_size=[1, 1],
            strides=[1, 1],
            kernel_initializer=conv_kernel_initializer,
            padding='same',
            name=block_name + 'se_expand_conv2d',
            use_bias=True
        )(x)
        x = layers.Activation('sigmoid')(x)
        out = layers.Multiply()([x, inputs])
        return out
    return block

# MBConvBlock_SEModule_classification
def SEBlock_class(block_args, **kwargs):
    num_reduced_filters = max(
        1, int(block_args.input_filters * block_args.se_ratio))
    filters = block_args.input_filters * block_args.expand_ratio
    spatial_dims = [1, 2]
    try:
        block_name = kwargs['block_name']
    except KeyError:
        block_name = ''
    def block(inputs):
        x = inputs
        x = layers.Lambda(lambda a: K.mean(a, axis=spatial_dims, keepdims=True))(x)
        x = layers.Conv2D(
            num_reduced_filters,
            kernel_size=[1, 1],
            strides=[1, 1],
            kernel_initializer=conv_kernel_initializer,
            padding='same',
            name=block_name + 'se_reduce_conv2d_class',
            use_bias=True
        )(x)
        x = Swish(name=block_name + 'se_swish_class')(x)
        x = layers.Conv2D(
            filters,
            kernel_size=[1, 1],
            strides=[1, 1],
            kernel_initializer=conv_kernel_initializer,
            padding='same',
            name=block_name + 'se_expand_conv2d_class',
            use_bias=True
        )(x)
        x = layers.Activation('sigmoid')(x)
        out = layers.Multiply()([x, inputs])
        return out
    return block

# MBConvBlock_Dropconnect
class DropConnect(layers.Layer):

    def __init__(self, drop_connect_rate, **kwargs):
        super().__init__(**kwargs)
        self.drop_connect_rate = drop_connect_rate

    def call(self, inputs, **kwargs):
        def drop_connect():
            keep_prob = 1.0 - self.drop_connect_rate

            # Compute drop_connect tensor
            batch_size = tf.shape(inputs)[0]
            random_tensor = keep_prob
            random_tensor += tf.random.uniform([batch_size, 1, 1, 1], dtype=inputs.dtype)
            binary_tensor = tf.floor(random_tensor)
            output = tf.math.divide(inputs, keep_prob) * binary_tensor
            return output
        return K.in_train_phase(drop_connect(), inputs, training=None)
    def get_config(self):
        config = super().get_config()
        config['drop_connect_rate'] = self.drop_connect_rate
        return config

# define MBConvBlock for segmentation task
def MBConvBlock(block_args, global_params, idx, drop_connect_rate=None):
    filters = block_args.input_filters * block_args.expand_ratio
    batch_norm_momentum = global_params.batch_norm_momentum
    batch_norm_epsilon = global_params.batch_norm_epsilon
    has_se = (block_args.se_ratio is not None) and (0 < block_args.se_ratio <= 1)
    block_name = 'blocks_' + str(idx) + '_'
    def block(inputs):
        x = inputs
        # Expansion phase
        if block_args.expand_ratio != 1:
            expand_conv = layers.Conv2D(filters,
                                        kernel_size=[1, 1],
                                        strides=[1, 1],
                                        kernel_initializer=conv_kernel_initializer,
                                        padding='same',
                                        use_bias=False,
                                        name=block_name + 'expansion_conv2d'
                                        )(x)
            bn0 = layers.BatchNormalization(momentum=batch_norm_momentum,
                                            epsilon=batch_norm_epsilon,
                                            name=block_name + 'expansion_batch_norm')(expand_conv)

            x = Swish(name=block_name + 'expansion_swish')(bn0)

        # Depth-wise convolution phase
        kernel_size = block_args.kernel_size
        depthwise_conv = layers.DepthwiseConv2D(
            [kernel_size, kernel_size],
            strides=block_args.strides,
            depthwise_initializer=conv_kernel_initializer,
            padding='same',
            use_bias=False,
            name=block_name + 'depthwise_conv2d'
        )(x)
        bn1 = layers.BatchNormalization(momentum=batch_norm_momentum,
                                        epsilon=batch_norm_epsilon,
                                        name=block_name + 'depthwise_batch_norm'
                                        )(depthwise_conv)
        x = Swish(name=block_name + 'depthwise_swish')(bn1)

        if has_se:
            x = SEBlock(block_args, block_name=block_name)(x)

        # Output phase
        project_conv = layers.Conv2D(
            block_args.output_filters,
            kernel_size=[1, 1],
            strides=[1, 1],
            kernel_initializer=conv_kernel_initializer,
            padding='same',
            name=block_name + 'output_conv2d',
            use_bias=False)(x)
        x = layers.BatchNormalization(momentum=batch_norm_momentum,
                                      epsilon=batch_norm_epsilon,
                                      name=block_name + 'output_batch_norm'
                                      )(project_conv)
        if block_args.id_skip:
            if all(
                    s == 1 for s in block_args.strides
            ) and block_args.input_filters == block_args.output_filters:
                # only apply drop_connect if skip presents.
                if drop_connect_rate:
                    x = DropConnect(drop_connect_rate)(x)
                x = layers.add([x, inputs])
        return x
    return block
# define MBConvBlock for classification task
def MBConvBlock_class(block_args, global_params, idx, drop_connect_rate=None):
    filters = block_args.input_filters * block_args.expand_ratio
    batch_norm_momentum = global_params.batch_norm_momentum
    batch_norm_epsilon = global_params.batch_norm_epsilon
    has_se = (block_args.se_ratio is not None) and (0 < block_args.se_ratio <= 1)

    block_name = 'blocks_' + str(idx) + '_'

    def block(inputs):
        x = inputs

        # Expansion phase
        if block_args.expand_ratio != 1:
            expand_conv = layers.Conv2D(filters,
                                        kernel_size=[1, 1],
                                        strides=[1, 1],
                                        kernel_initializer=conv_kernel_initializer,
                                        padding='same',
                                        use_bias=False,
                                        name=block_name + 'expansion_conv2d_class'
                                        )(x)
            bn0 = layers.BatchNormalization(momentum=batch_norm_momentum,
                                            epsilon=batch_norm_epsilon,
                                            name=block_name + 'expansion_batch_norm_class')(expand_conv)

            x = Swish(name=block_name + 'expansion_swish_class')(bn0)

        # Depth-wise convolution phase
        kernel_size = block_args.kernel_size
        depthwise_conv = layers.DepthwiseConv2D(
            [kernel_size, kernel_size],
            strides=block_args.strides,
            depthwise_initializer=conv_kernel_initializer,
            padding='same',
            use_bias=False,
            name=block_name + 'depthwise_conv2d_class'
        )(x)
        bn1 = layers.BatchNormalization(momentum=batch_norm_momentum,
                                        epsilon=batch_norm_epsilon,
                                        name=block_name + 'depthwise_batch_norm_class'
                                        )(depthwise_conv)
        x = Swish(name=block_name + 'depthwise_swish_class')(bn1)

        if has_se:
            x = SEBlock_class(block_args, block_name=block_name)(x)

        # Output phase
        project_conv = layers.Conv2D(
            block_args.output_filters,
            kernel_size=[1, 1],
            strides=[1, 1],
            kernel_initializer=conv_kernel_initializer,
            padding='same',
            name=block_name + 'output_conv2d_class',
            use_bias=False)(x)
        x = layers.BatchNormalization(momentum=batch_norm_momentum,
                                      epsilon=batch_norm_epsilon,
                                      name=block_name + 'output_batch_norm_class'
                                      )(project_conv)
        if block_args.id_skip:
            if all(
                    s == 1 for s in block_args.strides
            ) and block_args.input_filters == block_args.output_filters:
                # only apply drop_connect if skip presents.
                if drop_connect_rate:
                    x = DropConnect(drop_connect_rate)(x)
                x = layers.add([x, inputs])
        return x
    return block

class BlockDecoder(object):
    @staticmethod
    def _decode_block_string(block_string):
        assert isinstance(block_string, str)
        ops = block_string.split('_')
        options = {}
        for op in ops:
            splits = re.split(r'(\d.*)', op)
            if len(splits) >= 2:
                key, value = splits[:2]
                options[key] = value

        if 's' not in options or len(options['s']) != 2:
            raise ValueError('Strides options should be a pair of integers.')

        return BlockArgs(
            kernel_size=int(options['k']),
            num_repeat=int(options['r']),
            input_filters=int(options['i']),
            output_filters=int(options['o']),
            expand_ratio=int(options['e']),
            id_skip=('noskip' not in block_string),
            se_ratio=float(options['se']) if 'se' in options else None,
            strides=[int(options['s'][0]), int(options['s'][1])]
        )

    @staticmethod
    def _encode_block_string(block):
        args = [
            'r%d' % block.num_repeat,
            'k%d' % block.kernel_size,
            's%d%d' % (block.strides[0], block.strides[1]),
            'e%s' % block.expand_ratio,
            'i%d' % block.input_filters,
            'o%d' % block.output_filters
        ]
        if 0 < block.se_ratio <= 1:
            args.append('se%s' % block.se_ratio)
        if block.id_skip is False:
            args.append('noskip')
        return '_'.join(args)

    def decode(self, string_list):
        assert isinstance(string_list, list)
        blocks_args = []
        for block_string in string_list:
            blocks_args.append(self._decode_block_string(block_string))
        return blocks_args

    def encode(self, blocks_args):
        block_strings = []
        for block in blocks_args:
            block_strings.append(self._encode_block_string(block))
        return block_strings

# EfficientNet Network parameters
def get_efficientnet_params(model_name, override_params=None):
    params_dict = {
        'efficientnet-b0': (1.0, 1.0, 224, 0.2),
        'efficientnet-b1': (1.0, 1.1, 240, 0.2),
        'efficientnet-b2': (1.1, 1.2, 260, 0.3),
        'efficientnet-b3': (1.2, 1.4, 300, 0.3),
        'efficientnet-b4': (1.4, 1.8, 380, 0.4),
        'efficientnet-b5': (1.6, 2.2, 456, 0.4),
        'efficientnet-b6': (1.8, 2.6, 528, 0.5),
        'efficientnet-b7': (2.0, 3.1, 600, 0.5),
    }
    if model_name not in params_dict.keys():
        raise KeyError('There is no model named {}.'.format(model_name))

    width_coefficient, depth_coefficient, _, dropout_rate = params_dict[model_name]

    blocks_args = [
        'r1_k3_s11_e1_i32_o16_se0.25', 'r2_k3_s22_e6_i16_o24_se0.25',
        'r2_k5_s22_e6_i24_o40_se0.25', 'r3_k3_s22_e6_i40_o80_se0.25',
        'r3_k5_s11_e6_i80_o112_se0.25', 'r4_k5_s22_e6_i112_o192_se0.25',
        'r1_k3_s11_e6_i192_o320_se0.25',
    ]
    global_params = GlobalParams(
        batch_norm_momentum=0.99,
        batch_norm_epsilon=1e-3,
        dropout_rate=dropout_rate,
        drop_connect_rate=0.2,
        num_classes=6,
        width_coefficient=width_coefficient,
        depth_coefficient=depth_coefficient,
        depth_divisor=8,
        min_depth=None)

    if override_params:
        global_params = global_params._replace(**override_params)

    decoder = BlockDecoder()
    return decoder.decode(blocks_args), global_params

# Two consecutive convolution blocks in the upsampling step
def DoubleConv(filters, kernel_size, initializer='glorot_uniform'):
    def layer(x):
        x = Conv2D(filters, kernel_size, padding='same', use_bias=False, kernel_initializer=initializer)(x)
        x = BatchNormalization()(x)
        x = Activation('relu')(x)
        x = Conv2D(filters, kernel_size, padding='same', use_bias=False, kernel_initializer=initializer)(x)
        x = BatchNormalization()(x)
        x = Activation('relu')(x)
        return x
    return layer
def UpSampling2D_block(filters, kernel_size=(3, 3), upsample_rate=(2, 2), interpolation='bilinear',
                       initializer='glorot_uniform', skip=None):
    def layer(input_tensor):
        x = UpSampling2D(size=upsample_rate, interpolation=interpolation)(input_tensor)
        if skip is not None:
            x = Concatenate()([x, skip])
        x = DoubleConv(filters, kernel_size, initializer=initializer)(x)
        return x
    return layer
def Conv2DTranspose_block(filters, kernel_size=(3, 3), transpose_kernel_size=(2, 2), upsample_rate=(2, 2),
                          initializer='glorot_uniform', skip=None):
    def layer(input_tensor):

        x = Conv2DTranspose(filters, transpose_kernel_size, strides=upsample_rate, padding='same')(input_tensor)

        if skip is not None:
            x = Concatenate()([x, skip])

        x = DoubleConv(filters, kernel_size, initializer=initializer)(x)

        return x

    return layer

# EfficientNet model for classification
def _efficientnet(input_shape, blocks_args_list, global_params):
    batch_norm_momentum = global_params.batch_norm_momentum
    batch_norm_epsilon = global_params.batch_norm_epsilon

    # Stem part
    model_input = layers.Input(shape=input_shape)
    x = layers.Conv2D(
        filters=round_filters(32, global_params),
        kernel_size=[3, 3],
        strides=[2, 2],
        kernel_initializer=conv_kernel_initializer,
        padding='same',
        use_bias=False,
        name='stem_conv2d'
    )(model_input)

    x = layers.BatchNormalization(
        momentum=batch_norm_momentum,
        epsilon=batch_norm_epsilon,
        name='stem_batch_norm'
    )(x)

    x = Swish(name='stem_swish')(x)

    # Blocks part
    idx = 0
    drop_rate = global_params.drop_connect_rate
    n_blocks = sum([blocks_args.num_repeat for blocks_args in blocks_args_list])
    drop_rate_dx = drop_rate / n_blocks

    for blocks_args in blocks_args_list:
        assert blocks_args.num_repeat > 0
        # Update block input and output filters based on depth multiplier.
        blocks_args = blocks_args._replace(
            input_filters=round_filters(blocks_args.input_filters, global_params),
            output_filters=round_filters(blocks_args.output_filters, global_params),
            num_repeat=round_repeats(blocks_args.num_repeat, global_params)
        )

        # The first block needs to take care of stride and filter size increase.
        x = MBConvBlock(blocks_args, global_params, idx, drop_connect_rate=drop_rate_dx * idx)(x)
        idx += 1

        if blocks_args.num_repeat > 1:
            blocks_args = blocks_args._replace(input_filters=blocks_args.output_filters, strides=[1, 1])

        for _ in range(blocks_args.num_repeat - 1):
            x = MBConvBlock(blocks_args, global_params, idx, drop_connect_rate=drop_rate_dx * idx)(x)
            idx += 1

    # Head part
    x = layers.Conv2D(
        filters=round_filters(1280, global_params),
        kernel_size=[1, 1],
        strides=[1, 1],
        kernel_initializer=conv_kernel_initializer,
        padding='same',
        use_bias=False,
        name='head_conv2d'
    )(x)

    x = layers.BatchNormalization(
        momentum=batch_norm_momentum,
        epsilon=batch_norm_epsilon,
        name='head_batch_norm'
    )(x)

    x = Swish(name='head_swish')(x)

    x = layers.GlobalAveragePooling2D(name='global_average_pooling2d')(x)

    if global_params.dropout_rate > 0:
        x = layers.Dropout(global_params.dropout_rate)(x)

    x = layers.Dense(
        global_params.num_classes,
        kernel_initializer=dense_kernel_initializer,
        activation='softmax',
        name='head_dense'
    )(x)

    model = models.Model(model_input, x)

    return model

def get_blocknr_of_skip_candidates(encoder, verbose=False):
    shapes = []
    candidates = []
    mbblock_nr = 0
    while True:
        try:
            mbblock = encoder.get_layer('blocks_{}_output_batch_norm'.format(mbblock_nr)).output
            shape = int(mbblock.shape[1]), int(mbblock.shape[2])
            if shape not in shapes:
                shapes.append(shape)
                candidates.append(mbblock_nr)
            if verbose:
                print('blocks_{}_output_shape: {}'.format(mbblock_nr, shape))
            mbblock_nr += 1
        except ValueError:
            break
    return candidates

# Define the multi-task learning network architecture
def efficientnet_unet(encoder,input_shape, blocks_args_list, global_params,unet_class=5):
    # U_net network
    MBConvBlocks = []
    skip_candidates = get_blocknr_of_skip_candidates(encoder)
    for mbblock_nr in skip_candidates:
        mbblock = encoder.get_layer('blocks_{}_output_batch_norm'.format(mbblock_nr)).output
        MBConvBlocks.append(mbblock)
    # delete the last block since it won't be used in the process of concatenation
    MBConvBlocks.pop()
    input_ = encoder.input
    head = encoder.get_layer('head_swish').output
    blocks = [input_] + MBConvBlocks + [head]
    UpBlock = Conv2DTranspose_block
    o = blocks.pop()
    o = UpBlock(512, initializer=conv_kernel_initializer, skip=blocks.pop())(o)
    o = UpBlock(256, initializer=conv_kernel_initializer, skip=blocks.pop())(o)
    o = UpBlock(128, initializer=conv_kernel_initializer, skip=blocks.pop())(o)
    o = UpBlock(64, initializer=conv_kernel_initializer, skip=blocks.pop())(o)
    o = UpBlock(32, initializer=conv_kernel_initializer, skip=blocks.pop())(o)
    o = Conv2D(unet_class, (1, 1), padding='same', kernel_initializer=conv_kernel_initializer)(o)
    o = Activation('softmax')(o)

    # EfficientNet network
    batch_norm_momentum = global_params.batch_norm_momentum
    batch_norm_epsilon = global_params.batch_norm_epsilon
    # Stem part
    model_input_class = layers.Input(shape=input_shape)
    x_class = layers.Conv2D(
        filters=round_filters(32, global_params),
        kernel_size=[3, 3],
        strides=[2, 2],
        kernel_initializer=conv_kernel_initializer,
        padding='same',
        use_bias=False,
        name='stem_conv2d_class'
    )(model_input_class)
    x_class = layers.BatchNormalization(
        momentum=batch_norm_momentum,
        epsilon=batch_norm_epsilon,
        name='stem_batch_norm_class'
    )(x_class)
    x_class = Swish(name='stem_swish_class')(x_class)

    # Blocks part
    idx = 0
    drop_rate = global_params.drop_connect_rate
    n_blocks = sum([blocks_args.num_repeat for blocks_args in blocks_args_list])
    drop_rate_dx = drop_rate / n_blocks

    for blocks_args in blocks_args_list:
        assert blocks_args.num_repeat > 0
        # Update block input and output filters based on depth multiplier.
        blocks_args = blocks_args._replace(
            input_filters=round_filters(blocks_args.input_filters, global_params),
            output_filters=round_filters(blocks_args.output_filters, global_params),
            num_repeat=round_repeats(blocks_args.num_repeat, global_params)
        )

        # The first block needs to take care of stride and filter size increase.
        x_class = MBConvBlock_class(blocks_args, global_params, idx, drop_connect_rate=drop_rate_dx * idx)(x_class)
        idx += 1

        if blocks_args.num_repeat > 1:
            blocks_args = blocks_args._replace(input_filters=blocks_args.output_filters, strides=[1, 1])

        for _ in range(blocks_args.num_repeat - 1):
            x_class = MBConvBlock_class(blocks_args, global_params, idx, drop_connect_rate=drop_rate_dx * idx)(x_class)
            idx += 1
    x_class = layers.Conv2D(
        filters=round_filters(1280, global_params),
        kernel_size=[1, 1],
        strides=[1, 1],
        kernel_initializer=conv_kernel_initializer,
        padding='same',
        use_bias=False,
        name='head_conv2d_class'
    )(x_class)
    x_class = layers.BatchNormalization(
        momentum=batch_norm_momentum,
        epsilon=batch_norm_epsilon,
        name='head_batch_norm_class'
    )(x_class)
    x_class = Swish(name='head_swish_class')(x_class)
    x_class = layers.GlobalAveragePooling2D(name='global_average_pooling2d_class')(x_class)
    if global_params.dropout_rate > 0:
        x_class = layers.Dropout(global_params.dropout_rate)(x_class)

    x_class = layers.Dense(
        global_params.num_classes,
        kernel_initializer=dense_kernel_initializer,
        activation='softmax',
        name='head_dense_class'
    )(x_class)

    model = models.Model(input=[model_input_class,encoder.input],output=[x_class,o])
    model.summary()
    model.compile(optimizer=Adam(lr=1e-3), loss={"head_dense_class":'categorical_crossentropy',
                                               "activation_27":'categorical_crossentropy'},
                  loss_weights={
                      'head_dense_class': 0.5,   # 分类
                      'activation_27': 0.5     # 分割
                  }
                  ,metrics={'head_dense_class': 'accuracy', 'activation_27':mean_iou})
    return model

np.random.seed(42)
GlobalParams = namedtuple('GlobalParams', ['batch_norm_momentum', 'batch_norm_epsilon', 'dropout_rate', 'num_classes',
                                           'width_coefficient', 'depth_coefficient', 'depth_divisor', 'min_depth',
                                           'drop_connect_rate'])
BlockArgs = namedtuple('BlockArgs', ['kernel_size', 'num_repeat', 'input_filters', 'output_filters', 'expand_ratio',
                                     'id_skip', 'strides', 'se_ratio'])
blocks_args, global_params = get_efficientnet_params(model_name='efficientnet-b0', override_params={'num_classes': 5})
model = _efficientnet((512,512,3), blocks_args, global_params)
encoder = models.Model(model.input, model.get_layer('global_average_pooling2d').output)
encoder.layers.pop()  # remove GAP layer
blocks_args, global_params = get_efficientnet_params(model_name='efficientnet-b0', override_params={'num_classes': 6})
model = efficientnet_unet(encoder,(512,512,3), blocks_args, global_params,unet_class=5)

# Set the input image size
desired_size = 512
batch_size = 4

# train set for classification network
train_class_txt = "./dataset3/train/new_train.txt"
train_class_namelist = []
for line in open(train_class_txt ,"r"):
    line = line.strip('\n')
    train_class_namelist.append(line)
random.shuffle(train_class_namelist)
train_class_namelist = np.array(train_class_namelist)
# valid set for classification network
val_class_txt = "./dataset3/valid/new_valid.txt"
val_class_namelist = []
for line in open(val_class_txt ,"r"):
    line = line.strip('\n')
    val_class_namelist.append(line)
random.shuffle(val_class_namelist)
val_class_namelist = np.array(val_class_namelist)

# train set for segmentation network
train_unet_images_path = "./dataset3/train/unet_data/new_images/"
train_unet_iamges_namelist = os.listdir(train_unet_images_path)  # 获取所有子文件
train_unet_masks_path ="./dataset3/train/unet_data/masks/"
train_unet_masks_namelist = os.listdir(train_unet_masks_path)
# valid set for segmentation network
val_unet_images_path = "./dataset3/valid/unet_data/new_images/"
val_unet_images_namelist = os.listdir(val_unet_images_path)
val_unet_masks_path = "./dataset3/valid/unet_data/masks/"
val_unet_masks_namelist = os.listdir(val_unet_masks_path)

# Return corresponding data in batches
def train_generator(batch_size=4):
    class_num = len(train_class_namelist)
    unet_num = len(train_unet_iamges_namelist)
    while True:
        # Import classification dataset
        train_class_images = []
        train_class_labels = []
        train_class_ids = randint(class_num,size=batch_size)
        train_class_data = train_class_namelist[train_class_ids]
        for i in range(len(train_class_data)):
            train_class_img_path =  "./dataset3/train/class_data/"+train_class_data[i].split(" ", 1)[0]
            train_class_img = cv2.imread(train_class_img_path)
            train_class_img = cv2.cvtColor(train_class_img,cv2.COLOR_BGR2RGB)
            train_class_img = cv2.resize(train_class_img, (512, 512))
            train_class_img = train_class_img/255.
            train_class_images.append(train_class_img)
            train_class_label = train_class_data[i].split(" ", 1)[1]
            train_class_labels.append(train_class_label)
        train_class_images = np.array(train_class_images)
        train_class_images = train_class_images.reshape(-1,512,512,3)
        train_class_labels = np_utils.to_categorical(np.array(train_class_labels),num_classes=6)
        # Import segmentation dataset
        train_unet_images = []
        train_unet_masks = []
        train_unet_ids = randint(unet_num,size=batch_size)
        # print(train_unet_ids)
        for j in train_unet_ids:
            train_unet_img_path = "./dataset3/train/unet_data/new_images/"+train_unet_iamges_namelist[j]
            train_unet_img = cv2.imread(train_unet_img_path)
            train_unet_img = cv2.cvtColor(train_unet_img,cv2.COLOR_BGR2RGB)
            train_unet_img = cv2.resize(train_unet_img, (512, 512))
            # train_unet_img = train_unet_img/255.
            train_unet_images.append(train_unet_img)
            train_unet_mask_path = "./dataset3/train/unet_data/masks/"+train_unet_masks_namelist[j]
            train_unet_mask = cv2.imread(train_unet_mask_path,0)
            train_unet_mask = cv2.resize(train_unet_mask, (512, 512))
            # train_unet_mask = train_unet_mask/255.
            train_unet_masks.append(train_unet_mask)
        train_unet_images = np.array(train_unet_images)
        train_unet_images = train_unet_images.reshape(-1,512,512,3)
        train_unet_masks = np.array(train_unet_masks)
        train_unet_masks = train_unet_masks.reshape(-1,512,512,1)
        train_unet_masks = to_categorical(train_unet_masks, 5)
        yield [train_class_images,train_unet_images], [train_class_labels,train_unet_masks]
def val_generator(batch_size):
    class_num = len(val_class_namelist)
    unet_num = len(val_unet_images_namelist)
    while True:
        #导入class的数据
        val_class_images = []
        val_class_labels = []
        val_class_ids = randint(class_num,size=batch_size)
        val_class_data = val_class_namelist[val_class_ids]
        for i in range(len(val_class_data)):
            val_class_img_path = "./dataset3/valid/class_data/"+val_class_data[i].split(" ", 1)[0]
            val_class_img = cv2.imread(val_class_img_path)
            val_class_img = cv2.cvtColor(val_class_img,cv2.COLOR_BGR2RGB)
            val_class_img = cv2.resize(val_class_img, (512, 512))
            val_class_img = val_class_img/255.
            val_class_images.append(val_class_img)
            val_class_label = val_class_data[i].split(" ", 1)[1]
            val_class_labels.append(val_class_label)
        val_class_images = np.array(val_class_images)
        val_class_images = val_class_images.reshape(-1,512,512,3)
        val_class_labels = np_utils.to_categorical(np.array(val_class_labels),num_classes=6)
        #导入UNET的数据
        val_unet_images = []
        val_unet_masks = []
        val_unet_ids = randint(unet_num,size=batch_size)
        for j in val_unet_ids:
            val_unet_img_path = "./dataset3/valid/unet_data/new_images/"+val_unet_images_namelist[j]
            val_unet_img = cv2.imread(val_unet_img_path)
            val_unet_img = cv2.cvtColor(val_unet_img,cv2.COLOR_BGR2RGB)
            val_unet_img = cv2.resize(val_unet_img, (512, 512))
            # val_unet_img = val_unet_img/255.
            val_unet_images.append(val_unet_img)
            val_unet_mask_path = "./dataset3/valid/unet_data/masks/"+val_unet_masks_namelist[j]
            val_unet_mask = cv2.imread(val_unet_mask_path,0)
            val_unet_mask = cv2.resize(val_unet_mask, (512, 512))
            # val_unet_mask = val_unet_mask/255.
            val_unet_masks.append(val_unet_mask)
        val_unet_images = np.array(val_unet_images)
        val_unet_images = val_unet_images.reshape(-1,512,512,3)
        val_unet_masks = np.array(val_unet_masks)
        val_unet_masks = val_unet_masks.reshape(-1,512,512,1)
        val_unet_masks = to_categorical(val_unet_masks, 5)
        yield [val_class_images,val_unet_images], [val_class_labels,val_unet_masks]

weight="efficientnet-unet.h5"
model_checkpoint = ModelCheckpoint(weight, monitor='val_head_dense_class_accuracy', verbose=0, save_best_only=True, save_weights_only=False,
                                                                mode='auto', period=1)
history = model.fit_generator(train_generator(2),
                              steps_per_epoch=1000,
                              epochs=100,
                              validation_data=val_generator(2),
                              validation_steps=100,
                              shuffle=True,verbose=2,
                              callbacks=[model_checkpoint]
                              )
print(history.history.keys())
# summarize history for accuracy
plt.plot(history.history['head_dense_class_loss'])
plt.plot(history.history['activation_27_loss'])
plt.plot(history.history['loss'])
plt.plot(history.history['head_dense_class_accuracy'])
plt.plot(history.history['activation_27_mean_iou'])
plt.title('efficientnet0-UNet')
plt.ylabel('loss-accuracy-mean_iou')
plt.xlabel('epoch')
plt.legend(['efficientnet0_train_loss', 'UNET_train_loss','efficientnet0_UNET_train_loss','efficientnet0_accuracy','UNET_mean_iou'], loc='upper left')
plt.show()
plt.plot(history.history['val_head_dense_class_loss'])
plt.plot(history.history['val_activation_27_loss'])
plt.plot(history.history['val_loss'])
plt.plot(history.history['val_head_dense_class_accuracy'])
plt.plot(history.history['val_activation_27_mean_iou'])
plt.title('efficientnet0-UNet')
plt.ylabel('loss-accuracy-mean_iou')
plt.xlabel('epoch')
plt.legend(['efficientnet0_val_loss','UNET_val_loss','efficientnet0_UNET_val_loss','val_efficientnet0_accuracy','val_UNET_mean_iou'], loc='upper left')
plt.show()

[image: ]
[image: b31e85fd1880d32d32cb33b8e287ff4]
3. Model prediction
np.random.seed(42)
GlobalParams = namedtuple('GlobalParams', ['batch_norm_momentum', 'batch_norm_epsilon', 'dropout_rate', 'num_classes',
                                           'width_coefficient', 'depth_coefficient', 'depth_divisor', 'min_depth',
                                           'drop_connect_rate'])
BlockArgs = namedtuple('BlockArgs', ['kernel_size', 'num_repeat', 'input_filters', 'output_filters', 'expand_ratio',
                                     'id_skip', 'strides', 'se_ratio'])
blocks_args, global_params = get_efficientnet_params(model_name='efficientnet-b0', override_params={'num_classes': 5})
model = _efficientnet((512,512,3), blocks_args, global_params)
encoder = models.Model(model.input, model.get_layer('global_average_pooling2d').output)
encoder.layers.pop()  # remove GAP layer
blocks_args, global_params = get_efficientnet_params(model_name='efficientnet-b0', override_params={'num_classes': 6})
model = efficientnet_unet(encoder,(512,512,3), blocks_args, global_params,unet_class=5)
model.load_weights('./efficientnet-unet.h5')
class_file_path = "D:/yx/Project/628_output/Dataset4/test/vgg_data/"
class_txt_path = "D:/yx/Project/628_output/Dataset4/test/new_test.txt"
acc_0 = 0
acc_1 = 0
acc_2 = 0
acc_3 = 0
acc_4 = 0
acc_5 = 0
all_num_0 = 0
all_num_1 = 0
all_num_2 = 0
all_num_3 = 0
all_num_4 = 0
all_num_5 = 0
class_pre_list = []
class_pre_probability_list = []
class_label_list = []
with open(class_txt_path, "r") as f:
    for line in f.readlines():
        line = line.strip('\n')  #去掉列表中每一个元素的换行符
        img_name = line.split(" ",1)[0]
        img_path = class_file_path+img_name
        label = line.split(" ",1)[1]
        img_class = cv2.imread(img_path)
        img_class= cv2.cvtColor(img_class,cv2.COLOR_BGR2RGB)
        img_class= cv2.resize(img_class, (512, 512))
        img_class = img_class/255.
        img_class = img_class.reshape(-1, 512, 512, 3)
        img_mask = cv2.imread("D:/yx/Project/628_output/Dataset4/test/unet_data/new_images/007-2765-100.jpg")
        img_mask = cv2.cvtColor(img_mask,cv2.COLOR_BGR2RGB)
        img_mask = cv2.resize(img_mask, (512, 512))
        img_mask = img_mask.reshape(-1, 512, 512, 3)
        result_class,result_mask = model.predict([img_class,img_mask])
        class_pre_probability_list.append(result_class[0])
        result_class = np.argmax(result_class[0])
        class_pre_list.append(int(result_class))
        class_label_list.append(int(label))
        if int(label) == 0:
            all_num_0 = all_num_0 +1
            if int(result_class) == int(label):
                acc_0 = acc_0 +1
        elif int(label) == 1:
            all_num_1 = all_num_1 + 1
            if int(result_class) == int(label):
                acc_1 = acc_1 + 1
        elif int(label) == 2:
            all_num_2 = all_num_2 + 1
            if int(result_class) == int(label):
                acc_2 = acc_2 + 1
        elif int(label) == 3:
            all_num_3 = all_num_3 + 1
            if int(result_class) == int(label):
                acc_3 = acc_3 + 1
        elif int(label) == 4:
            all_num_4 = all_num_4 + 1
            if int(result_class) == int(label):
                acc_4 = acc_4 + 1
        elif int(label) == 5:
            all_num_5 = all_num_5 + 1
            if int(result_class) == int(label):
                acc_5 = acc_5 + 1
print("0:",acc_0/all_num_0)
print("1:",acc_1/all_num_1)
print("2:",acc_2/all_num_2)
print("3:",acc_3/all_num_3)
print("4:",acc_4/all_num_4)
print("5:",acc_5/all_num_5)
print("all:",(acc_0+acc_1+acc_2+acc_3+acc_4+acc_5)/(all_num_0+all_num_1+all_num_2+all_num_3+all_num_4+all_num_5))
print("kappa:",cohen_kappa_score(class_label_list, class_pre_list))
_ = create_roc_auc(label_names, class_label_list, class_pre_probability_list, './ROC.png')

def apply_mask(image, mask, color, mask_class,alpha=0.5):
    for c in range(3):
        image[:, :, c] = np.where(mask == mask_class,
                                  image[:, :, c] *
                                  (1 - alpha) + alpha * color[c] * 255,
                                  image[:, :, c])
    return image
maskimg_file_path = "D:/yx/Project/628_output/Dataset4/test/unet_data/new_images/"
maskimg_file_list = os.listdir(maskimg_file_path)
save_img_file_path = "D:/yx/Project/628_output/Dataset4/test/unet_data/new_images/"
save_color_pre_path = 'D:/yx/Project/628_output/Dataset4/test/unet_data/new_result/pre_result_masks/'
save_color_gt_path = "D:/yx/Project/628_output/Dataset4/test/unet_data/new_result/gt_result_masks/"
mask_file_path = "D:/yx/Project/628_output/Dataset4/test/unet_data/masks/"
miou = []
pa = []
iou_0 = []
iou_1 = []
iou_2 = []
iou_3 = []
iou_4 = []
map = []
Recall_list = []
Precision_list = []
for mask_name in maskimg_file_list:
    mask_path = maskimg_file_path + mask_name
    img_class = cv2.imread("D:/yx/Project/628_output/Dataset4/test/vgg_data/007-0495-000.jpg")
    img_class = cv2.cvtColor(img_class, cv2.COLOR_BGR2RGB)
    img_class = cv2.resize(img_class, (512, 512))
    img_class = img_class / 255.
    img_class = img_class.reshape(-1, 512, 512, 3)
    img_mask = cv2.imread(mask_path)
    img_mask = cv2.cvtColor(img_mask, cv2.COLOR_BGR2RGB)
    img_mask = new_img_mask=cv2.resize(img_mask, (512, 512))
    img_mask = img_mask.reshape(-1, 512, 512, 3)
    result_class, result_mask = model.predict([img_class, img_mask])
    mask = np.zeros((512, 512), dtype=int)
    h, w, _ = result_mask[0].shape
    for i in range(h):
        for j in range(w):
            pixel_class = np.argmax(result_mask[0][i][j])
            mask[i][j] = pixel_class
    save_mask = mask
    h, w = mask.shape
    mask = np.array(mask).reshape((h * w))
    GT_mask = cv2.imread("D:/yx/Project/628_output/Dataset4/test/unet_data/masks/"+mask_name.split(".",1)[0]+".png", 0)
    GT_mask = cv2.resize(GT_mask, (512, 512))

    # Save a segmented image with color
    save_img = cv2.imread(save_img_file_path+mask_name)
    save_img_1 = save_img_2 = cv2.resize(save_img, (512, 512))
    color = [(255,0,0),(0,255,0),(0,0,255),(255,255,0)]
    for i in range(1,5):
        save_img_1 = apply_mask(save_img_1,save_mask,color[i-1],i,0.8)
        cv2.imwrite(save_color_pre_path+mask_name,save_img_1)
    for i in range(1, 5):
        save_img_2 = apply_mask(save_img_2,GT_mask,color[i-1],i,0.8)
        cv2.imwrite(save_color_gt_path + mask_name, save_img_2)
  
    h, w = GT_mask.shape
    GT_mask = np.array(GT_mask).reshape((h * w))
    confusion = confusion_matrix(GT_mask, mask)
    # print(confusion)
    Recall = 0
    Precision = 0
    F1 = 0
    for i in range(len(confusion[0])):
        Recall = calculate_label_recall(confusion, i) + Recall
        Precision = calculate_label_prediction(confusion, i) + Precision
    Recall_list.append(Recall/len(confusion[0]))
    Precision_list.append(Precision/len(confusion[0]))
    miou.append(Mean_Intersection_over_Union(confusion))
    # print(Intersection_over_Union(confusion))
    iou_0.append(Intersection_over_Union(confusion)[0])
    iou_1.append(Intersection_over_Union(confusion)[1])
    if len(Intersection_over_Union(confusion)) > 2:
        iou_2.append(Intersection_over_Union(confusion)[2])
    if len(Intersection_over_Union(confusion)) > 3:
        iou_3.append(Intersection_over_Union(confusion)[3])
    if len(Intersection_over_Union(confusion)) > 4:
        iou_4.append(Intersection_over_Union(confusion)[4])
    pa.append(np.diag(confusion).sum() / confusion.sum())
    map.append(np.nanmean(np.diag(confusion) / confusion.sum(axis=1)))
print("Recall:", np.mean(Recall_list))
print("Precision:", np.mean(Precision_list))
print("Dice:", calculate_f1(np.mean(Precision_list), np.mean(Recall_list)))
print("iou:",np.mean(iou_0),np.mean(iou_1),np.mean(iou_2),np.mean(iou_3),np.mean(iou_4))
print("miou:", np.mean(miou))
print("PA:", np.mean(pa))
print('mpa:', np.mean(map))
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