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Abstract 
Image matting is an image processing technology dedicated to accurately extracting the 
foreground. This technology is the basis of digital synthesis technologies such as digital 
images and digital videos. It achieves high-precision foreground extraction from images. 
Traditional matting technology has been widely used in the film and television media 
industry. However, it requires too many manual operations to get a satisfactory result, 
and the efficiency is low. In the last few years, with the rapid development of deep 
learning technology, the research of image matting has ushered in a new round of 
opportunities and challenges. This article focuses on sorting out the image matting 
technology based on deep learning in recent years, and analyzing the main methods of 
different image matting research. It also summarizes the challenges faced by the current 
image matting research community and discusses the future research prospects. 
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1. Introduction 

Image matting is one of the most important tasks in the computer vision community. It refers 
to the process of accurately separating the desired foreground from the background from a 
static image or continuous video sequence. The attention has been gradually increased in recent 
years. It has been widely used in many fields, including image synthesis[14], image editing, 
virtual reality[3], video production, etc. In contemporary life, if we want to complete the 
matting task, we need to complete it through complex interactive. Because in many matting 
algorithms, users need to operate to select the necessary area in the image, and this operation 
is necessary. This is a non-automatic technique, so the effect is greatly affected. Most current 
image matting algorithms rely on the user to provide the color sample information of the 
background and background to complete the matting, but some non-professionals who have no 
experience in image matting can not achieve the processing effect obtained by the color sample 
information provided in this way. The predetermined requirements generally require 
additional repeated operations to obtain satisfactory results, and the work efficiency is 
relatively low. Therefore, some researchers try to use deep learning methods to let the 
algorithm automatically complete the work of image matting, and try to meet the established 
requirements of users. Some of these tasks have already achieved good results. These 
algorithms learn the entire matting process or obtain key information from a large amount of 
data training, and then use deep neural networks to achieve matting effects. This article will 
mainly discuss such algorithms.  
The purpose of image matting is to estimate the transparency or 𝛼  value of the target 
foreground object at each pixel. The mathematical meaning of an image can be expressed as a 
linear combination of foreground and background: 
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                                                                 𝐼 =  𝛼𝐹 + (1 −  𝛼)𝐵                                                                   (1) 
 
Among them, 𝐼 represents the color value in the image, 𝐹 represents the foreground color value, 
𝐵 represents the background color value, and 𝛼 is called the foreground opacity, and its value 
range is [0,1]. The opacity 𝛼 of the foreground area is 1, the uncomfortable lightness 𝛼 of the 
background area is 0, and in the unknown area, that is, the transition area between the 
foreground target and the background area, 𝛼 takes a value between (0,1). That is to say, the 
color here is a combination of the foreground color and the background color. The so-called 
image matting is the process of obtaining the foreground 𝐹, the background 𝐵 and the opacity 
𝛼 when the image 𝐼 is known. 𝐼, 𝐹, and 𝐵 are all three-dimensional vectors, and the equation 
needs to obtain 7 unknowns based on 3 known quantities, so it is a highly under-constrained 
problem. The image used to describe opacity is called a transparency mask.  
In the image matting, users can further restrict the problem by specifying a part of the known 
foreground area (the area value is 1) and the known background area (the area value is 0). This 
kind of map with three different marked areas is called trimap. The role of trimap is to tell the 
subsequent matting algorithm that it already knows which places are the foreground and which 
places are the background. What the matting algorithm needs to do is to finely matte those 
uncertain areas (gray areas). Most algorithms require trimap as an aid to complete the matting 
task or require a simple brush to mark part of the foreground and background areas in the 
image. This approach requires complex user interaction and excessive image prior assumptions. 
This limits the scope of application, increases the difficulty of use, and consumes a lot of 
manpower and time. Therefore, an algorithm for obtaining trimap with the help of semantic 
segmentation technology has appeared. The emergence of this method greatly saves a lot of 
time spent in obtaining trimap. 
Figure 1 shows an example of a trimap: 
 

 
[a]Input [b]Trimap 

Figure 1. The input and the trimap 
 
This article mainly introduces some algorithms for image matting using deep learning 
technology. It mainly consists of the following parts. The first section introduces the matting 
algorithm that needs to manually mark the trimap in advance, and then provide it to the neural 
network. The second section introduces the algorithm that uses semantic segmentation 
technology to obtain trimap and provides it to the subsequent neural network. The first two 
sections are all operations on static images, and the third section introduces several algorithms 
for real-time matting of videos. The fourth section introduces the evaluation criteria of image 
matting. The fifth section discusses the problems that need to be solved in the current research 
and some expectations. 

2. Methods based on Deep Learning 

2.1. Trimap-based Approach 
Some traditional methods also need to provide a trimap map, and you can read some articles. 
Most matting algorithms use Trimap as a priori knowledge.  
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Cho's[4] paper is mainly based on two methods of closed-form matting and KNN matting. Using 
CNN, the output of the two methods and the RGB image are used as the input of the neural 
network, so as to achieve the fusion of local and non-local methods. The paper claims to be the 
first to use deep learning for natural image matting. 
Most matting algorithms use trimap as priori knowledge. Adobe proposed Deep Image 
Matting[23] in 2017, which is the first end-to-end alpha prediction algorithm.  The whole model 
is divided into two parts: The stage of matting encoding and decoding and the stage of matting 
refinement. The matching encoder-decoder phase is the first part. According to the input image 
and the corresponding trimap, a rougher alpha matte is obtained. The Matting refinement stage 
is a small convolutional network used to improve the accuracy and edge performance of alpha 
matte.This paper also proposes a large dataset Composition-1K. 
Although the reference transparency mask provided by this dataset[23] has a certain 
improvement in accuracy compared to the dataset provided by Shen[20], it is still not as good 
as the traditional chroma keying to obtain the dataset[15]. 
Cai[1] proposes to remove noise first and use unsupervised semantic refinement to achieve the 
purpose of matting when the algorithm is rough in the existence of three-part graphs. The 
advantage of this method is that it can perceive the structural features in the image, but the 
separation of noise reduction and refinement in this paper will also generate errors, which is a 
direction that needs to be studied in depth. 
Hou[6] proposes to use two encoders: matting encoder (ME) and context encoder (CE), which 
are used to obtain information representing local and larger ranges, respectively, and then 
encode the later two encoders. The features are concat, and finally, the required alpha image 
and foreground image are obtained through two decoders. In addition, the article also proposes 
some data augmentation strategies. Tang[22] estimates the foreground and background color 
layers as network priors, and finally achieves transparency estimation. Color layer estimation 
is more suitable for neural networks, while the effectiveness of color reduces the unknowns in 
the synthesis formula and improves the effectiveness of transparency prediction. The biggest 
innovation was the introduction of residual neural networks[5]. 
In order to achieve matting for ultra-high-resolution images, HDMatt[24] adopts the method of 
cropping the image into a series of small fragments  and combining them into a complete result 
for the fragment processing port. However, processing a single fragment will cause information 
loss and discontinuity of prediction results. In order to solve this problem, this paper proposes 
a cross-context module based on slices to obtain long-range dependency information between 
different fragments, so that the overall forecast results are more complete and continuous. The 
image element and the corresponding Trimap are used as input, and then processed and fused 
by the CPC module, and finally the decoder outputs the mask result. 
A matting method based on the transmission of opacity in the network (according to the 
appearance similarity criterion) is proposed in GCAmatting[8]. The method of this paper guides 
the network information flow from the context of the image directly to the unknown pixel area 
and proposes a GCA module to optimize the propagation of affinity in the network. In the GCA 
module, low-level features are used to guide the transmission of alpha features. and transfer 
features of known regions with a similar appearance to unknown regions. 

2.2. Trimap-free Approach 
Likewise, a large number of image matting algorithms have emerged that do not require 
additional input. 
Background Matting[18] is a matting algorithm proposed by the University of  Washington. This 
algorithm does not need to input trimap, but needs to input images or videos and the 
corresponding non-character background, which greatly reduces the difficulty of practical 
application. The network consists of a supervised network and a semi-supervised network.  
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After deep image matting, there is another image matting algorithm based on the generative 
adversarial network[13]. The generator is used to generate the alpha channel, and the 
discriminator is used to determine whether the composite image based on the generated 
matting results is true. In order to better solve the spatial positioning problem of CNN, the 
global feature information is captured by the method of dilated convolution in the encoder to 
avoid downsampling of the feature map, which overcomes the problem of spatial information 
loss in deep matting. The encoder contains a series of residual blocks, and dilated convolution 
is still used in the third and fourth residual blocks; then the ASPP (Atrous Spatial Pyramid 
Pooling) module is used to resample the features, and then the input feature decoding bilinear 
interpolation is connected with the residual block, and finally, the sigmoid function is used to 
output. 
Zhang[25] uses a fusion-based method to use two decoder branches in the model to predict the 
foreground and background respectively, and then obtain a more detailed alpha channel result 
after fusion. Two decoders make the model larger and easier to train with good results. At the 
same time, this method can also provide Trimap because the classifier obtains intermediate 
results of foreground and background. 
The model contains an encoder and two decoders (the segmentation part), and a fully 
convolutional network for fusion (the fusion part). The final output matting is the linear fusion 
result of the predicted foreground and background probability maps and the fusion weight map. 
HattMatting[16] takes a single RGB image as input and extracts multi-layer features through a 
feature extraction network (FEM). Then, the deepest and semantically rich features are input 
into the proposed Hierarchical Attention Mechanism (HAM) module, and the features of Class-
Agnotisc and Matting-Adaptive in Image Matting are realized by adaptive feature screening for 
high-level semantics , and then use it as guiding information to perform spatial attention on 
low-dimensional features containing structure and texture detail information, so as to achieve 
the purpose of complementing and optimizing the edge details of Matting. 
Shen[19] made improvements in view of the shortcomings of FCN, add the spatial position 
information and shape information of the face to the input data, in order to obtain accurate 
segmentation results. They constructed a large dataset of portrait images with sufficient 
longitudinal segmentation and ground truth data to efficiently train and test the model. 
Liu[11] proposed to combine coarsely labeled data with finely labeled data to improve the 
performance of end-to-end semantic matching. We propose to utilize a mixed-label dataset, 
utilize MPN to estimate rough semantic masks, and then utilize QUN to unify the quality of 
rough semantic masks. The unified mask and input image are injected into MRN to predict the 
final alpha matte. The collected coarsely-annotated dataset significantly enriches the dataset 
created by the researchers and enables it to generate high-quality alpha matte for real images. 
Experimental results show that this method performs on par with existing methods. In addition, 
the method can also be used for refinement and semantic segmentation methods of coarsely 
annotated public datasets, providing a new approach for high-quality manual data annotation. 
GFM[7] proposes a novel Glance and Focus Matting network that uses a shared encoder and 
two independent decoders to learn two tasks in a collaborative manner for end-to-end animal 
image matting.Liu[10] proposes a new perspective on the problem of image matting, explicitly 
dividing the task into two parts: a semantic part that extracts high-level semantic cues, and a 
texture compensation part that provides fine details and low-level texture cues. Based on this, 
a new depth image matting method is proposed, which clearly defines two paths: the encoder-
decoder semantic path and the non-subsampling texture compensation path. A new loss term 
is further proposed to help the network alleviate the inaccurate trimap problem and better 
detect those "pure" background parts. 
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3. Real-time Matting 

Although deep learning has made great progress in Natural Image Matting tasks, there is 
currently a lack of some representative work in the field of Video Matting. 
Sun[21] proposed a two-stage algorithm that can propagate the Trimap to other frames under 
a Trimap that provides only a few keyframes, and fuse the temporal information of adjacent 
frames to produce continuous and consistent prediction results. Both stages of the algorithm 
do not need to calculate optical flow, which facilitates parallel computing. This research fills the 
technical gap when deep video matting technology has not been effectively explored. 
Considering that deep video algorithms usually require large-scale training data, a synthetic-
based large-scale video matting dataset is also proposed to support subsequent research on 
video matting techniques. 
In recent years, the popularity of short videos has further spawned the need for more complex 
video matting, and how to improve the effect of video matting has become an important topic 
nowadays. 

4. Evaluation 

We use four metrics[17], SAD (Sum of Absolute Distance) and MSE (Mean Squared Error), as 
well as gradient and connectivity, to evaluate the perceptual matting algorithm performance. 
The test results in the table below use the alphamatting dataset. For all metrics, the smaller one 
is better.The best results in each metric are emphasized in bold. 
 

Table 1. Evaluation of some popular matting methods based on deep learning 
Methods SAD MSE Gradient Connectivity 

DeepMatting[23] 16.9 19.6 24.2 20.8 
DCNN[4] 21  20.8 25.5 27.8 

AlphaGAN[13] 21.8  24.9 24.3 37.3 
IndexNetMatting[12] 20.2  23.7 19.3 25.9 

GCA Matting[8] 15  15.8 14.3 22.6 
HDMatt[24] 11 11.2 9.5 30.9 

AdaMatting[1] 13.2  13.9 13.3 23.2 
Context-awareMatting[6] 23.8  18.3 15.3 26.2 
SampleNet Matting[22] 13.7  14.3 15.5 26.7 

5. Conclusion 

This paper mainly introduces the matting algorithm based on deep learning, makes a brief 
description and comparison, as well as the latest progress, and introduces the evaluation 
criteria of the matting algorithm. Finally, the challenges of natural image matting research have 
prospected. 
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