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1. Introduction
In recent years, deep learning-based methods have made encouraging achievements in the fields of computer vision and pattern recognition, and have surpassed the accuracy of human manual operations in image classification and image segmentation. As the basis for scene understanding, the accuracy of image semantic segmentation directly determines the quality of applications such as autonomous driving, 3D reconstruction, UAV control and target recognition. This paper is a research report on the application of deep neural network in Portrait segmentation. Based on the Portrait Dataset 2000, it realizes Portrait segmentation by studying convolutional neural network, improves and optimizes the network as much as possible, so as to achieve high Portrait segmentation effect. In the trained network can be portrait matting and certificate making and other aspects of the application.
Image segmentation is the process of subdividing an image into its components or objects, which is the key step from image processing to image analysis. Researchers proposed thousands of methods to solve the problem of image segmentation from the 1960s until deep learning was widely applied in the field of image processing, such as threshold-based methods, edge-based methods, clustering methods, and other methods combined with specific theories and tools. However, for picture segmentation, the majority of these approaches artificially rely on the medium and low order visual information of image pixels, such as color, texture, shape, and so on. They often need to combine the prior knowledge of relevant fields to perform effective segmentation, and perform poorly in complex tasks. Image semantics is the further organization and abstraction of pixel information, making it semantic and logical for human activity. Specifically, images or graphs conform to the semantics and logic of human activities. When each pixel has a label that can be recognized by the computer, it can be applied to target recognition and even scene understanding. The neural cognitive machine model proposed by Japanese scholar Kunihiko Fukushima[1] in 1980 can be called the predecessor of convolutional neural network, Lecun[2] proposed back propagation algorithm to make network training possible, After 2012 AlexNet[3] won the championship in ImageNet image recognition contest. Since then, deep convolutional neural networks have attracted people's attention. Researchers use them to solve computer vision tasks. At present, more and more application scenarios need to use semantic knowledge in images, including scene recognition and understanding in autonomous driving, UAV control and application, medical image assisted analysis, image search, augmented reality, etc. In recent years, deep learning has exploded the revolution in the field of image processing. Many computer vision problems such as image classification, semantic segmentation and object recognition have begun to be solved by deep neural networks. The earliest and most commonly used convolutional neural network is far more accurate and efficient than traditional methods.
With the development of deep learning technology, deep learning model combined with the traditional semantic segmentation method, namely in the use of traditional method to segment the target area, on the basis of further learning goals by adopting the method of convolution neural network features And trained classifier, classification of target area, so as to realize the semantic annotation of the target area. The proposed convolutional neural network model lays a foundation for the combination of image semantic segmentation and deep learning, making the image semantic segmentation technology applied to multiple application fields. Convolutional neural network uses the convolutional layer to activate the operation structure of function pooling layer and full connection layer, and the input image passes through the convolutional layer The features of different local regions are gathered together and partially activated and partially suppressed by activation functions (Sigmoid, Relu, Tanh, etc.) so as to strengthen the feature pooling layer. On the basis of not changing the target object, the input images are smaller and training parameters are reduced. Finally, the forward propagation and reverse conduction loss calculation functions of full-connection layer neurons are used to make the classification and segmentation of input images more efficient. Based on the convolutional neural network, researchers proposed AlexNet, VGGNet ,GoogleNet ,ResNet and other image classification network models.
With the introduction of full convolutional neural network, image semantic segmentation technology has entered a new era. The computer can greatly improve the efficiency and identification accuracy of image classification after full convolutional processing through deep learning network in the field of vision, and the network framework and semantic segmentation problems have entered an era of deep combination and rapid expansion. Full convolutional networks extend the common convolutional network model to provide more parameter features and better spatial hierarchy. Its structure can be divided into two parts: full convolution and deconvolution. Full convolution refers to the convolutional neural network model, and the input image decreases in parameters.
After feature enhancement, the deconvolution layer is used to up-sample the feature image of the last convolution layer, and the size of the input image is restored by transposition convolution, so as to generate a prediction for each pixel and achieve semantic segmentation of the input image. The full convolutional network improves the recognition accuracy of convolutional neural network from image level recognition to pixel level recognition in full convolutional neural network. However, there are still some problems in image segmentation using full convolutional network, such as inaccurate segmentation results and fuzzy output images.
The main indexes to evaluate the performance of image semantic segmentation algorithms based on deep learning can be summarized as follows: Processing speed or running time, such as accurate execution time and memory occupancy, are important indicators, because data sets are generally large. Limited by computer hardware facilities, less execution time means more applications. Memory may be another important factor in semantic segmentation, but memory can be expanded in most scenarios. Accuracy is the most critical indicator, and algorithm accuracy is usually measured according to many standards in image segmentation. These standards are usually derived from pixel accuracy and image intersection ratio, such as Pixel Accuracy, Mean Pixel Accuracy, Mean Intersection over Union and so on.
2. Literature Review
In 2015, Long[4] et al. proposed fully con-volutional networks (FCN). FCN extends the image-level classification network to the pixel-level classification network, and realizes the end-to-end network training, which is the pioneering work of applying deep neural network to image semantic segmentation. FCN network has greatly promoted the development of semantic segmentation, but there are still many shortcomings. For example, FCN network results in the decrease of the receptive field of the feature map during downsampling, and the partial spatial information of the image is lost. In addition, it lacks the use of contextual information of the image. To solve these problems,Many literatures have been improved and developed from different aspects.
2.1 Method based on atrous convolution
Chen et al. [5] proposed DeepLab V1 network, which innovatively replaced part of the convolutional layer of deep convolutional neural Network (DCNN) with empty convolutional layer, also known as extended convolutional [6]. Without increasing parameters, the receptive field is enlarged to obtain more characteristic information. Subsequently, Chen et al. extended DeepLab V1 and proposed DeepLabV2[7], which combined the void convolution model with the spatial pyramid pooling model and proposed the Atrous spatial pyramid Po-ling (ASPP) module. The ASPP module uses multiple cavities convolution with different sampling rates to obtain features of different scales, and fuses the features to obtain context information to achieve multi-scale target processing. Finally, FCCRF is used to optimize boundary segmentation. In 2017, Chen et al. proposed DeepLab V3[8] on the basis of DeepLab V1 and V2 , which improved the ASPP module by adding a batch normalization layer. Chen et al. proposed DeepLab V3+[9] to solve the problems of sparse prediction graph generated by DeepLab V3 and loss of boundary information caused by empty convolution. The encoding network is designed based on DeepLab V3 to encode the global context information, and the decoding network is introduced to recover the boundary details of the target.
2.2 Method based on codec
FCN uses deconvolution and jump join to solve the problem of location information loss in up-sampling, but the final segmentation result is still rough. Reference [10] proposed SegNet based on FCN, adopting a symmetric encoder-decoder structure. The encoder is based on VGG-16 network but removes the full connection layer, which reduces the model complexity. The pooling layer also stores the location information of maximum pooling of feature maps. The decoder consists of an upsampling layer and a deconvolution layer. The input features are upsampled according to the maximum pooled index stored in the corresponding encoder layer, which effectively reduces the loss of image location information and generates dense feature maps. Finally, the feature images are sent into Softmax classifier for pixel classification. SegNet reduces the memory footprint and the number of parameters and improves the accuracy of semantic segmentation. However, some boundary information will still be lost when upsampling a small target.
Unet [11] is similar to SegNet in network structure and adopts u-shaped encoder-decoder structure, which is mainly applied in the field of medical image analysis. It is unique in that the low-resolution feature images in the encoder are directly splicing to the feature images generated by sampling on the corresponding decoder through jump connection, as a result of which the low-level detail information and high-level pixel categorization information are effectively integrated to obtain more accurate segmentation. The traditional codec structure is complex and the number of parameters is large, so many subsequent researchers optimize the structure of the codec. For example, ENet [12] network adopts large encoder and small decoder, which simplifies the structure of the decoder. Meanwhile, the convolution operation is decomposed through low-order approximation operation To reduce the number of parameters and improve the real-time performance of semantic segmentation. Wang et al. [13] proposed LEDNet, a lightweight network, which also adopts an asymmetric codec structure. In this network, the encoder is based on ReNet, but the residual module is improved, thus enhancing the feature expression ability and reducing the attention mechanism introduced into the network scale decoder to predict each pixel Experimental results show that this network achieves a good balance between segmentation speed and precision
2.3 Method based on feature fusion
FCN networks often extract local image characteristics for pixel classification but do not incorporate global picture features or context information, resulting in imprecise segmentation results. By fusing characteristics of multiple sizes and levels, the feature fusion approach can increase the capacity to retrieve picture context information. In addition, local features and global features can be connected to optimize segmentation results. ParseNet [14] network firstly obtains the global features of images through global average pooling, and then fuses the global features and local features for classifier learning, thus effectively utilizing the global context information and improving the accuracy of semantic segmentation.
In order to solve the problem of spatial information loss,Lin et al. [15] proposed the multi-path refinement network (RefineNet for short), which can fuse multi-scale features to obtain fine segmentation results. The network first inputs original images into CNN network to generate four different scales and resolutions RefineNet block is composed of multiple components based on residual connection design, which can connect rough high-level features and fine-grained low-level features and effectively fuse them The feature information lost in the downsampling process is used to retain the spatial information of pixels and generate high-resolution segmentation images.
Zhao et al. [16] proposed pyramid scene analysis network (PSPNet for short) to solve the problem that FCN is not capable of inferring context relations in scene segmentation. The structure of this network is shown in FIG. 7 In the pyramid pooling module, the input features are pooled at four different scales to obtain four feature maps of different levels. Then, the feature maps of different levels are upsampled to recover to the size before pooling and spliced with the features before pooling. Finally, the final prediction graph is generated by convolution operation. PSPNet network effectively utilizes local and global context information by integrating features of different scales.In addition, the auxiliary loss function is added in the basic network training process to reduce the difficulty of optimization, so as to achieve high quality pixel-level scene resolution.
2.4 Method based on RNN
Another method to solve the problem that FCN network ignores the relevance between pixels and underuses the global information is to use RNN network for semantic segmentation. RNN networks have the ability to recall historical data and can utilize that data to steer the output of the following instant. The correlation between pixels in the image is completely taken into account, making it easier to extract pixel sequence information and model semantic relationships, as well as promoting the use of global context information.
Inspired by RNN network, literature [17] proposed ReSeg network based on ReNet, an improved image classification model based on RNN. The structure of the network is shown in FIG. 8. The original image is first input into the pre-trained VGG-16 network for feature extraction. Then, the feature is sent to multiple ReNet layers, which are composed of four RNN. By scanning the image in horizontal and vertical directions, the global feature and contextual information of the image are obtained effectively. Finally, ReSeg network is used to recover the resolution of feature images by using several up-sampling layers composed of deconvolution networks, which is highly efficient and flexible in processing segmentation tasks. However, due to the large amount of computation, the segmentation effect of some categories of pixels is not good.
Traditional RNN networks cannot learn the information of distant nodes. In response to this situation, a follow-up RNN derived long short-term memory (LSTM) network and gated recurrent unit (GRU). Byeon et al [18] A two-dimensional long and short-term memory recurrent neural network (2D LSTM) is proposed. The network divides the input image into several unfolded Windows, and then feeds it into four independent LSTM memory units, and utilizes LSTM's remote memory properties to capture the local and global image In general LSTM network processing, images need to be fixed and evenly divided into blocks, which will lead to inadequate utilization of image attributes. Therefore,Liang et al. proposed graph-LSTM to remove traditional LSTM from sequence data To Graph data structure, the super pixels as a figure of nodes, based on very pixel and its spatial connection adaptively construct a undirected Graph topology structure. Graph - LSTM using Graph topology can efficiently figure as the context of the information transmission to all super pixel node in the Graph, reduce redundant computation and good retained the boundary of the target information, from And enhanced feature representation.
Xiang et al. [19] proposed a data associated Recurrent neural network (DA-RNN), which is in the RNN network A new data associated re-current unit (DA-RU) is introduced to fuse the features of previous video frames and current video frames to annotate each frame of RGB-D video Combined with KinectFusion technology, semantic labels are integrated into 3d space to achieve 3D scene reconstruction.
2.5 Attention mechanism-based approach
[bookmark: _GoBack]The basic principle of the attention mechanism is to assign different weights to different regions in the feature graph, i.e., to extract useful information from the objects in the feature graph while suppressing useless information, in order to achieve efficient feature extraction and reduce network training difficulty. Pyramid attention network (PAN) combines the attention mechanism with the spatial pyramid to obtain dense feature and semantic information. Its innovative work is as follows : (1) the feature pyramid is proposed Feature pyramid attention module (FPA), which uses the pyramid model to fuse the context information of different scales and applies pixel-level attention to high-level features to enhance the consistency of pixel classification. (2) The global up-sampling module of attention (GLOBAL) is proposed Attention upsam-ple (GAU) uses global average pooling to extract upper and lower information of high-level features, which is used to guide low-level features to recover pixel details, thus promoting the improvement of segmentation accuracy.
Fu et al. [20] proposed dual attention network (DANet) to solve the problem of target misclassification caused by features extracted from traditional FCN network, which firstly extracted feature maps based on ResNet model and then inputed feature maps into parallel connected positional attention Module and channel attention module The position module using the attention mechanism capture attention characteristic diagram space depend on the relationship between any two locations, channel attention module using the attention mechanism to capture the dependencies between channel characteristic figure Finally using convolution operation will be the output of the two modules aggregated, can make the network in local characteristics Model global context dependencies and further enhance feature representation.
DANet network improves the accuracy of segmentation, but the calculation of model is relatively large. Criss-cross Network (CCNet) was proposed in literature [21] and CRISS-cross attention (CRISS-Cross attention) was designed Attention (CCA) module is used to model the remote dependency between pixels by weighted summations of features, so as to capture the global context information of images in both horizontal and vertical directions. The network uses less GPU memory and computing cost, and achieves advanced segmentation effect.
2.6 Gan-based approach
Traditional FCN based semantic segmentation methods often use THE PYRAMID model of CONDITIONAL Random field (CRF) to improve the segmentation accuracy, but the model structure is complex and the computational cost is high By optimizing the model performance, the consistency of pixel prediction results is enhanced without increasing the network complexity, and the accuracy of semantic segmentation is improved.Traditional FCN based semantic segmentation methods often use THE PYRAMID model of CONDITIONAL Random field (CRF) to improve the segmentation accuracy, but the model structure is complex and the computational cost is high By optimizing the model performance, the consistency of pixel prediction results is enhanced without increasing the network complexity, and the accuracy of semantic segmentation is improved.
Fully supervised semantic segmentation is to carry out semantic tagging for each pixel, which is time-consuming and difficult. In order to reduce the tagging time and cost, Literature [22] applies GAN to semi-supervised learning, using a small amount of annotated data and a large amount of unannotated data for semantic segmentation, and using conditional generative adjudgment network to generate high-quality samples to improve the consistency of pixel classification. Similarly, literature [38] also uses GAN The difference is that the output of the discriminant network is used as a self-learning signal to compensate for the absence of semantic labeling and optimize the segmentation network when training the segmentation network with unlabeled data.
2.7 Introduction to data set
The Portrait dataset 2000[23], published by the Chinese University of Hong Kong in 2016, is one of the current data sets with high annotated quality. The entire dataset consisted of 2,000 portraits of the upper body at different selfie angles. Image resolution is 600*800, including training folder and test folder, training pictures contain 1700, test pictures contain 300.
The Portrait Dataset 34427[24] is high-quality annotation by Beijing Play Star Convergence Technology Co. The original images are from Flickr, Baidu and Taobao. After face detection and region cutting, a 600*800 bust portrait is generated.
COCO Dataset[25] is a data set released by Microsoft in 2014, which provides 80 types of images with a very large amount of data and is often used in target recognition, image segmentation and other fields.
3. Methods
3.1 Selection and enhancement of data sets
According to the requirements of the research plan, a suitable dataset(The Portrait dataset 2000) is selected to be used as model training data. Data enhancement is a data expansion technology, which uses limited data to create as much value as possible. Data collection and manual annotation tasks are large and cost is high. Existing data can be fully leveraged through data enhancement. In the feature extraction of portrait images, the segmentation results may be greatly affected by the Angle and illumination, so affine transformation and color disturbance can be used to enhance the data. Increasing the amount of data can improve the ability of the model to extract image features, which will greatly help to improve the accuracy of image segmentation results. Therefore, it is pre-considered to increase the data of Portrait Dataset 34427 to get better results. In order to increase more data, self-made data set operation can be carried out. By selecting suitable indoor and outdoor scene pictures in COCO data set and changing different backgrounds in portrait pictures, the effect of increasing data can be achieved.
3.2 Model
As a popular research method, the design of lightweight network model is based on the balance between the number of calculation parameters and the accuracy of many researchers, hoping to use as little calculation and the number of parameters as possible while obtaining a higher model accuracy. At present, the lightweight model mainly includes SqueezeNet MobileNet series and ShuffleNet series have achieved good results in the field of image classification, which can be used as a basic backbone network for semantic segmentation tasks. In semantic segmentation field, however, because of the need to pixels of input image are classified, the computation is very large Usually, in order to reduce the computational burden of the generated semantic segmentation, generally there are two ways: reduce the image size and reduce the model complexity Reduce the image size can most directly reduce the computational complexity, but the image would have lost a lot of details that affect accuracy Therefore, how to apply lightweight models in semantic segmentation tasks to achieve both real-time performance and precision performance is quite challenging.
Considering accuracy and real-time performance, BiSeNet[26] is used as the network model for training. BiSeNet is a real-time semantic segmentation model proposed by Megvii, with a resolution of 105FPS at 2048*1024 on Titan XP. BiSeNet consists of two main branches, the Spatial branch, which uses a small step size strategy to reduce the resolution in order to retain more spatial information, and the Context branch, which uses a fast decreasing resolution strategy to give features a rich perceptual field, and finally uses the feature fusion module (FFM) to fuse the two branches. The features are fused to produce the output.
This paper summarizes the previous real-time semantic segmentation algorithms and finds that there are three main acceleration methods. 1) Limit the input size by clipping or resize to reduce computational complexity Although this method is simple and effective, the loss of spatial detail still reduces the prediction, especially the boundary part, resulting in decreased accuracy of measurement and visualization. 2) Speed up processing by reducing the number of network channels, especially in the early stage of backbone model, but this will weaken spatial information. 3) Discarding the final stage of the model (such as ENet) in pursuit of extremely compact framework also has obvious shortcomings: since ENet abandoned the downsampling in the final stage, the model's sensibility field was not enough to cover large objects, resulting in poor discriminant ability. These methods will lose a lot of Spatial Details or sacrifice Spatial Capacity, resulting in a significant decrease in accuracy. In order to compensate for the loss of Spatial information, some algorithms will use u-Shape to restore Spatial information It slows down, and much of the lost information cannot be recovered simply by fusing shallow features.
[bookmark: OLE_LINK2]To sum up, the real-time semantic segmentation algorithm needs to pay attention to spatial information while accelerating.A new bidirectional segmentation network BiSeNet[26] is proposed. First, a spatial path with a small step length is designed to retain spatial location information and generate high-resolution feature maps. At the same time, a semantic path with fast down-sampling rate is designed to obtain objective receptive fields. A new feature fusion module is introduced to fuse the feature maps of the two modules to achieve a balance between speed and accuracy.Specifically, the Spatial Path uses more shallow channels to retain rich Spatial information and generate high-resolution features. Context Path uses a few channels and deep network fast downsample to obtain sufficient Context. Based on the output of these two networks, a Feature Fusion Module(FFM) is designed to fuse the two features. The sampling times of spatial path SP are reduced to only contain three Conv+BN+Relu with stride=2, and the size of the output feature graph is 1/8 of the original graph. There is no Residual structure here for the sake of access ratio. Because it uses large scale feature map, it can encode rich spatial information. Context paths can be replaced with any lightweight network, such as Xception,ShuffleNet series,MobileNet series.
At the level of feature representation, the features of the two networks are not the same, so they cannot simply be weighted. The Spatial information captured by Spatial Path encodes most of the rich detailed information, while the output features of Context Path mainly encodes the Context information, in other words,Spatial Path The output features of Context Path are low level, and the output features of Context Path are high level. Therefore, a unique feature fusion module is proposed to fuse these features. For better fusion of spatial Path and Context Path, feature fusion module FFM and attention optimization module ARM are proposed. ARM is used in the Context path to optimize features at each stage. Global average pooling is used to guide feature learning, and the computational cost can be ignored. ARM applies global average pooling to obtain global semantic information and then calculates a attention vector to know feature learning It can integrate global semantic information without up-sampling and has a low computational cost.
Given at different levels of features, the feature fusion module firstly connects the output features of Spatial Path and Context Path. Then, by normalizing the scale of balanced features in batches, the next step is to transform the connected feature pool into a feature vector like SENet, and calculate a weight vector, which can re-weight features and play a role of feature selection and combination The two feature maps are superimposed in concate mode, and then weighted features are calculated in a way similar to SE module to play a role in feature selection and combination.
Loss function: Through the training of the auxiliary loss function monitoring model, the output of the entire BiSeNet is supervised by the main loss function. In addition, the output of the Context Path is supervised by the addition of two special auxiliary loss functions, just like the multi-layer monitoring. All the above loss functions are Softmax's last use of the parameter α In order to balance the weight of the main loss function and the auxiliary loss function.It can be seen that BiSeNet is a very effective design, whose accuracy is even higher than PSPNet and other algorithms after the replacement of large models. BiSeNet algorithm puts forward new thinking on real-time semantic Segmentation algorithm. It needs to pay attention to spatial information while improving speed Backbone hopes to design a framework friendly to Segmentation tasks. Of course, there are still many areas to be improved. In addition, this method can not only be applied to real-time semantic Segmentation algorithm, but also be applied to other fields, especially in Spatial Detail and Context is also required and has been applied to Potrait Segmentation.
3.3 Parameter optimisation
The learning rate plays an important role in the convergence of the network. The size of the learning rate determines whether and when the objective function converges to a local minimum. Too large a learning rate can make the model difficult to converge, while too small a learning rate can cause the model to converge too slowly. At the beginning of training, a large learning rate is needed to allow the network to converge quickly, and during training the learning rate needs to be adjusted to allow the network to converge. Therefore, the initial learning rate setting and the learning rate decay strategy need to be considered. This project plans to use the method proposed in the literature [27] for finding the optimal learning rate to set the initial learning rate. And the most suitable adjustment strategy is selected by comparing different learning rate adjustment strategies such as StepLR, ExponentialLR, Cosine AnnealingLR, etc.
The loss function is used to express the difference between the predicted and true values, i.e. a measure of how well the model predicts. A suitable loss function can improve the prediction performance of a model. This project compares the impact of different loss functions such as cross-entropy loss on network performance and selects the most suitable loss function.
Selection of convolutional neural Network optimizer: Batch Gradient Descent（BGD）uses the data of the whole training set to calculate the gradient of cost function to parameters. Since this method computes gradients for the entire data set in one update, it is very slow to calculate, and it is also very tricky to encounter a large number of data sets, and it is impossible to update the model in real time with new data. It converges to a global minimum for convex functions and to a local minimum for nonconvex functions. And BGD once compared with all the data calculate gradient, SGD when each update of each gradient update samples, for large data sets, there may be similar to the sample, so BGD redundancy, which occurs when calculating the gradient and SGD one at a time for an update, there will be no redundancy, and fast, and can make samples. Random gradient descent iterates and updates each sample once. If the sample size is large, then only part of the sample may be used to iterate theta to the optimal solution. Compared with the above batch gradient descent, one iteration requires more than 100,000 training samples, and one iteration cannot be optimal. If you iterate 10 times, you need to traverse the training sample 10 times. The disadvantage is that SGD has more noise than BGD, so SGD is not always in the direction of global optimization in each iteration. Therefore, although the training speed is fast, the accuracy is decreased, and it is not the global optimal. There's some randomness involved, but it's expected to be equal to the correct derivative.However, due to the frequent updating of SGD, cost function will have serious oscillation. Momentum:When we roll a small ball down a hill, its momentum will increase if there is no resistance, but its speed will decrease if there is resistance. The addition of this term can speed up the speed of the dimension with the same gradient direction, and slow down the update speed of the dimension with the changed gradient direction, so that convergence can be accelerated and oscillation can be reduced. But this is the equivalent of a ball rolling blindly down a hill, and it would be better adapted if it had some sense, for example, that it needed to slow down when it was going up a hill. This paper will compare different optimizers and choose the best one as the network optimizer, so as to improve the accuracy of image segmentation.
4. Results
Image segmentation metrics are evaluated in terms of accuracy, Intersection over Union (IoU) and mean Intersection over Union (mIoU). This project intends to use mIoU to observe the performance of the model. The higher the value of mIoU is, the stronger the performance of the model is. The segmentation speed of the model was observed through Frames Per Second (FPS).
5. Evaluation
In the context of the epidemic, online meetings are extremely important. Changing the background of online portraits can beautify online meetings. How to change the background with high quality is a popular research topic. On the other hand, do documents need to be taken to a specific location, such as through their own arbitrary shooting of a picture, through image segmentation, segmentation effect to achieve good accuracy, which can also provide great convenience for people. But now the image segmentation effect has not reached the ideal accuracy, in order to continuously improve the accuracy still need continuous efforts.
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