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Abstract. In recent years, deep learning has become the mainstream
method of image inpainting. It can not only repair the texture of the
image, obtain high-level abstract features of the image, but also recover
semantic images such as human faces. Among these methods, attention
mechanisms, semantic methods, and progressive networks have become
very promising image inpainting models. These models implement end-
to-end image inpainting and generate visually reasonable and clear image
structure and texture. This paper briefly describes the face inpainting
technology and summarizes the existing face image inpainting methods.
We try to collect most of the face inpainting methods based on deep
learning, divide them into attentional, semantic-based, and progressive
inpainting networks, and prorate the methods proposed by researchers in
each category in recent years. Then we summarize the dataset proposed
by the predecessors and the evaluation index of the algorithm perfor-
mance. Finally, we summarize the current situation and future develop-
ment trends of face inpainting.

Keywords: Face inpainting · Deep learning · Attention inpainting ·
Semantic inpainting

1 Introduction

Image is one of the common information carriers in all walks of life. Because a
large amount of image information is destroyed, editing software that can edit
images without leaving traces is not feasible. Therefore, an algorithm or system
is needed that can edit images without leaving any trace. Image inpainting is a
technical process to infer and restore the damaged or missing area content based
on the known content of the image so that the image inpainting meets the needs
of human visual perception as closely as possible. It can be extended to face
inpainting. With the improvement of image processing tools and the flexibility
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of digital image editing, automatic image inpainting has become an important
application in computer vision and an important stimulating research topic in
the field of image processing.

Nowadays, image inpainting has become an active research direction in the
field of computer technology, and face inpainting, as one of its branches, is of
great significance. Face inpainting is to restore damaged or occluded incom-
plete face images, but it is difficult to grasp the semantic structure. With the
rapid development of image inpainting technology, the problems to be solved are
becoming more and more complex. In real life, the lack of face image has caused
major work-related problems in all walks of life, and face image inpainting tech-
nology can solve this problem intelligently and effectively. It can be applied to
many practical applications related to face and has important research value.
Due to different postures, expressions and occlusion, face inpainting is a difficult
task. Therefore, a good inpainting algorithm should ensure the authenticity of
the output, including the topology between eyes, nose, and mouth, as well as
the consistency of posture, gender, race, and expression.

We summarize the face image inpainting method based on deep learning.
The rest of the paper is organized as follows: Sect. 2 presents the review of the
literature, including attention-based, semantic-based, and progressive inpainting
methods. Section 3 presents datasets and scoring metrics commonly used in face
image inpainting. Section 4 summarizes the current status and future develop-
ment trends of face image inpainting.

2 Face Inpainting Method Based on Deep Learning

With the development of technology, the emergence of deep learning technolo-
gies, such as generative adversarial networks (GAN) [1]and convolutional neural
networks (CNN) [2], has accelerated the development of the technology face
inpainting. These deep learning-based image inpainting methods can already
learn rich face semantic information from huge datasets, then fill in the miss-
ing information in the image end-to-end, and can achieve better effects. The
key to facial inpainting is to maintain the correctness of the facial structure and
the rationality of the detailed texture after the inpainting. The traditional image
inpainting methods [3–5] did not have the ability to capture high-level semantics
and consider the face as a whole, even more, are not suitable for the completion
of large-area face images, so they cannot restore the facial image.

Although CNN can capture the abstract information of the image, and GAN
can use supervised learning to strengthen the effect of generating the network,
the results of these methods for face inpainting alone are not very satisfactory,
most researchers now combine the two to inpainting images. In addition, there
is also Shift-Net [6] proposed based on texture and CNN; since U-net [7] can
use a few images for end-to-end training, some researchers have also proposed
many inpainting methods based on this. As demand continues to increase, some
researchers have proposed semantic inpainting methods. Pathak et al. [8] pro-
posed the Encoder-Decoder network structure, although the context encoder can
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capture the semantics of appearance and visual structure, the context encoder
is used for semantic inpainting, the result is not ideal; the literature [9] had
added the global context discriminator and the local context discriminator to
the literature [8] to discriminate the consistency of the generation effect from
both the global and local point of view, and can improve clarity and the con-
trast of the local area, and proposed a full convolution for image inpainting. And
there are kinds of literature [10,11] that use this type of method. Although it
can use full convolution to restore free template images of any resolution, the
inpainting effect is not ideal when inpainting images with very complex semantic
information.

To make full use of the mask information, different researchers have proposed
different convolution methods [12–16]. Jo et al. [12] proposed an encoder-decoder
architecture similar to U-net. All convolution layers are gated convolution net-
works, which enable an image editing system. It is a system with a free-form
mask, sketches, and color as inputs. Liu et al. [16] used partial convolution,
where convolution was limited to valid pixels to reduce artifacts caused by differ-
ences in the distribution between masked and uncovered areas, but this method
can create damaged structures when the missing areas became continuous and
relatively large.

In addition, image inpainting in the practical application includes free-form
or irregular holes. Compared with regular holes, these holes needed different
optimization processes or attention mechanisms [17], so an attention-based face
image inpainting method was introduced; there are also methods based on
semantic; furthermore, some also proposed to divide the task of image inpaint-
ing into several subproblems for progressive inpainting. The multi-stage network
model generally has higher efficiency. These methods are introduced in turn
below.

2.1 Attention-Based Image Inpainting

In the field of computer vision, an attention mechanism is introduced to process
visual information. It looks for the most important part of result generation and
improves the performance of segmentation, re-recognition, and tracking algo-
rithms. Attention mechanism is a technology that enables the model to focus on
important information and make full use of it. Most of the research work on the
combination of deep learning and visual attention mechanism focuses on using
a mask to form the attention mechanism. The principle of the mask is to iden-
tify the key features in the picture data through another layer of new weight.
Through learning and training, the deep neural network can learn the areas that
need attention in the picture, which forms attention.

In recent years, attention based on the relationship between context and mask
is often used in image inpainting tasks [18–32]. Yu et al. [20] innovatively added a
context-aware module to their coarse-to-fine architecture, which focused on rele-
vant feature patches at any location to improve the inpainting results. Literature
[21] used partial convolution instead of vanilla convolution on the basis of [20].
Xie et al. [19] designed a two-way attention map estimation module for feature
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renormalization and mask update in the feature generation process. He et al.
[22] proposed an image inpainting model based on the inside-outside attention
layer (IOA). IOA can generate images with free-form masks while maintaining
high contextual semantic consistency and visual reality. Liu et al. [30] used a
coherent layer of semantic attention in a refined network to ensure semantic
correlation between exchange features. Wang et al. [33] developed a multi-scale
attention module in the architecture to make flexible use of background content.
The Pluralistic image completion (PIC) method [34] employed a self-attention
layer that uses short-term and long-term context information to ensure a con-
sistent appearance. Zeng et al. [35] applied an attention mechanism to build an
attention delivery network that used advanced semantic information to inpaint-
ing low-level image features. These image inpainting algorithms demonstrate the
effectiveness of the attention mechanism.

The attention of each round of the traditional attention mechanism is calcu-
lated independently of each other and will interfere with each other during fusion.
The convolutional neural network can not explicitly borrow or copy information
from distant spatial positions, which is the reason for image structure distor-
tion and texture blur. Although the context attention layer can improve the
performance compared with the traditional convolution, and the facial image
inpainting model uses the attention mechanism to borrow features from the
background, the inpainting results still lack fine texture details, and the pixels
are inconsistent with the background.

2.2 Semantic-Based Image Inpainting

The attention-based image inpainting method obtains information from the
background area far away from the mask to propagate to the mask area, but in
the process of propagation, it will produce fuzzy results because of the mislead-
ing part of the information of the newly recovered mask. Facial images usually
contain unique patterns, a few repetitive structures, and the semantic content is
specific. When the face image is lost, it is more difficult to complete and restore,
which makes face inpainting a challenging problem. Because the face image is
highly structured and has several key semantic components, such as eyes and
mouth, the semantic information of the face can be used to inpainting it better.

Semantic inpainting needs to fill a large number of missing areas according
to known data. Such as [30,33,36–43], it infered the content of any large miss-
ing area in the image according to the semantic information of the image. Face
inpainting is the most representative type of semantic inpainting. The general
context will produce fewer ideal results. For example, the context encoder (CE)
proposed by Pathak et al. [8] first used the deep neural network to generate
missing regions, and the context encoder fills the loophole by extracting features
from the original image. However, the disadvantage of this method is that the
generated image contains too many visual artifacts. Semantic inpainting is not
an attempt to reconstruct real images, but to fill this loophole with realistic
content. Raymond et al. [37] proposed a new semantic image inpainting method.
This method combined weighted semantic loss in the trained generative model
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to determine the most similar coding information between the implicit space and
the missing image and then predicts the missing content through the generative
model. This method is superior to the common semantic-based algorithm CE
and can generate reasonable and clear edge information, but there are exam-
ples of inpainting failures. Many methods use the prior knowledge or strategies
in specific fields to solve the corresponding problems, such as the face super-
resolution (SR) method, which uses the prior knowledge of the face to better SR
inpainting the face. Shen et al. [44] used face semantic tags as global a priori and
local constraints to eliminate ambiguity. They used the face analysis network to
generate the semantic tags of the fuzzy input image, and then took the fuzzy
image and semantic tags as the input to inpainting the image from coarse to fine
network. Zhang et al. [39] proposed a new semantic image inpainting method-
the squeeze excitation network deep revolution general adaptive network (SE-
DCGAN). Zhang et al. [40] proposed a progressive generative network (PGN),
which regarded semantic image inpainting as a step-by-step learning process, but
its model did not have good inpainting results for free-form or complex images
(e.g., face images).

In the above two methods, if semantic and attention are combined, better pro-
cessing results will be achieved. Liu et al. [30] used a coherent semantic attention
layer to ensure the semantic correlation between exchange features, proposed a
coarse-fine network, and added the fine inpainting network of coherent seman-
tic attention (CSA) layer. By modeling the semantic correlation between hole
features, it can not only maintain the structure of context but also predict the
missing parts more effectively. Wang et al. [41] improved the original image
inpainting algorithm model [30] based on U-net and Visual Geometry Group
Network (VGG) and designed a semantic focus layer to learn the relationship
between missing region features in the image inpainting task. Qiu et al. [38]
proposed a two-step confrontation model semantic structure reconstructor and
texture generator, which used the semantic structure graph based on unsuper-
vised segmentation to train the semantic structure reconstructor and maintain
the consistency between the missing part and the whole picture, spatial channel
attention module (SCA) was introduced to obtain fine-grained texture.

2.3 Progressive-Based Image Inpainting

Although some of the above methods have good results, these methods are still
challenging for the task of face image inpainting because the generated image
should have a good visual effect and fast processing speed. Optimization-based
methods such as [45] can produce inpainting results that were visually considered
natural, but its calculation speed was very slow, and it was slower to process
images with high resolution; the CE [8] is very fast, but sometimes it cannot
restore a satisfactory structure. Therefore, researchers have developed a new
method, the progressive-based method [11,13,15,18,20,22,30,40,41,46–54], so
as to reduce the difficulty of training depth in the inpainting network.

For example, [13,20,22,30,48,52], these methods are two-stage network struc-
tures composed of a coarse-fine network. In the first stage, the image need to be
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processed is roughly inpainting, and then the roughly processed image is used as
the input of the fine stage, so as to further strengthen the structure and texture
details of the face image. Xiong et al. [47] proposed a foreground aware inpaint-
ing method, which involved three stages: contour detection, contour completion,
and image completion, so as to eliminate structure inference and content illusion.
Song et al. [11] introduced additional manual labels in segmentation prediction
and guidance Network (SPG-net), but it was often unavailable in practical appli-
cation, so this method was difficult to be directly used for image restoration.
Huang et al. [52] proposed a new semantic aware context aggregation module
(SACA) to solve the problem of generating fuzzy content. By using the internal
semantic similarity of the input feature graph, the remote context information
is aggregated from the semantic point of view. SACA suppresses the influence
of misleading hole features in context aggregation by learning the relationship
between pixels and semantics and significantly reduces the computational bur-
den. The multi-stage method can alleviate the difficulty of deep maintenance
network training.

Fig. 1. Results of Lafin (upper) and edge connect (lower) algorithms. (a) input image,
(b) presents the version of the landmark on the masked image (top), generated edges
(bottom), (c) generated result.
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Nazeri et al. [15] proposed a two-stage confrontation model called edgecon-
nect, which first predicted the edge of the missing area, and then generated the
edge-guided inpainting results. However, the edge is not an ideal semantic struc-
ture because it loses a lot of region information and color information. Yang
et al. [55] introduced a generator called landmark guided face painter (Latin),
which was composed of face landmark prediction subnet and image inpainting
subnet to solve the problem of face inpainting. The face landmark prediction
subnet module reflects the topology, pose, and expression of the target face to
be restored. The image inpainting subnet uses the predicted landmark as a guide,
and uses the spatial context to connect the temporal feature mapping to ensure
the consistency of attributes. Table 1 is a brief comparison of edgeconnect, lafin
method in terms of network structure, generator, and input images required for
image processing. Figure 1 shows the results of edgeconnect and Lafin algorithms.

Table 1. Table comparison between Edgeconnect [15] and Lafin [55] methods.

Edgeconnect Lafin

Networks Edge generator, image completion
network

Landmark prediction module,
image inpainting module

Input Mask, Edge map, Grayscale Corrupted image, landmarks

Convolution Dilated conv Dilated conv, gated conv

Defect The edge generator model cannot
accurately depict edges in highly
textured areas

The inpainting results after
missing many central areas are
not so ideal, so are landmarks

Advantage The prior information with high
correlation and low generation
difficulty is selected as the prior
information of the next stage. The
edge information restored by the
algorithm is accurate and will not
appear as false content

Face key points are neat,
sufficient, and robust, which can
be used as the supervision of
face inpainting. It is a simple
and a reliable way of data
expansion

3 Datasets and Evaluation Indicators

3.1 Dataset

For face image inpainting, researchers have proposed many public datasets and
large datasets to evaluate the applicability of their algorithms. Face image
inpainting also belongs to a part of image inpainting. Adding images such as
the natural and street view in the training process will improve the inpainting
result. Table 2 introduces some datasets used by predecessors, and Fig. 2 shows
sample images of common datasets.
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Table 2. Datasets introduction.

Dataset Year Number Attribute Affiliated

CAS-PEAL [56] 2008 99,594 Different postures in a
specific environment

Institute of computing
technology, Chinese
Academy of Sciences

ImageNet [57] 2009 14,197,122 21841 categories Stanford University
Vision Research
Laboratory

Helen Face [58] 2012 2330 All images are marked
with 68 feature points

University of Illinois,
Urbana-Champaign
and Adobe Systems
Inc

CASIA-WebFace [59] 2014 494,414 10575 people National Laboratory
of Pattern
Recognition; institute
of Automation,
Chinese Academy of
Sciences

Places2 [60] 2017 10 million+ Including more than
400 unique scene
categories

Massachusetts
Institute of
Technology

CelebA [61] 2018 202,599 Each image is marked
with features

Chinese University of
Hong Kong

3.2 Evaluating Indicator

Generally, in face inpainting, the evaluation index is usually used to objectively
evaluate the advantages and disadvantages of image processing algorithms, and
highlight the advantages of the algorithms propose by researchers in compara-
tive experiments. Generally speaking, each subdivided field has corresponding
indicators. In image inpainting, the evaluation indicators are basically universal
and can be evaluated by comparing the image inpainting with the real image,
that is, there are reference image evaluation indicators. Accordingly, a series of
indicators are proposed: mean square error (MSE), structural similarity index
(SSIM), peak signal to noise ratio (PSNR), etc. these indicators are common.
PSNR and SSIM are mostly used in image inpainting, so the results are more
convincing.

Structural Similarity Index (SSIM). SSIM [62] is a comprehensive reference
image quality assessment index proposed by the University of Texas at Austin, it
is used to estimate the similarity between image inpainting and original image.
When the two pictures are exactly the same, the value of SSIM is 1. Structural
similarity theory holds that natural images are highly structured, that is, there
is a strong correlation between pixels, which contains important information
of object structure in the visual scenes. The mean is used as the estimate of
brightness, the standard deviation as the estimate of contrast, and the covariance
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as the measure of structural similarity. Given two images x and y, the structural
similarity of the two images is expressed as:

SSIM(x, y) =
(2μxμy + c1)(2σxy + c2)

(μ2
x + μ2

y + c1)(σ2
x + σ2

y + c2)
(1)

Fig. 2. Common dataset samples. From top to bottom are CASCIA dataset (a), CelebA
dataset (b), Helen Face dataset (c), CAS-PEAL dataset (d), Place2 dataset (e).
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here μx, and μy are the mean values of x and y respectively, σ2
x and σ2

y are
the variances of x and y respectively, σxy is the covariance of x and y; c1 =
(k1L)2, c2 = (k2L)2 are two constants, in case the fraction is zero, L is the range
of pixel values, k1 = 0.01, k2 = 0.03 are the default values. The value range of
SSIM is 0–1.

Peak Signal to Noise Ratio (PSNR)). PSNR [62] is the most widely used
objective standard for evaluating images. It is generally used to evaluate the
quality of the repaired face image compared with the real face image. The higher
the PSNR, the smaller the distortion after compression. PSNR is widely used,
but its value cannot well reflect the subjective feeling of human eyes. General
value range: 20–40. The larger the value, the better the video quality. Usually,
after image compression, the output image will be different from the original
image to some extent. PSNR performs statistical analysis based on the gray
value of image pixels. Due to the differences in human visual characteristics, the
evaluation results are usually inconsistent with people’s main feelings, but it is
still a valuable evaluation index. In order to measure the quality of the processed
face image, we usually refer to the PSNR value to measure whether a processing
program is satisfactory. PSNR can be simply defined by mean square error MSE.
Given an original image I with a size of m × n and a processed face image K,
the mean square error is defined as:

MSE =
1

mn
Σm−1

j=0 Σn−1
j=0 [I(i, j) − K(i, j)]2 (2)

among them: I(i, j),K(i, j) respectively represent the pixel value at the cor-
responding coordinate, and m and n are the height and width of the image
respectively. The formula of PSNR is as follows:

PSNR = 10lg(
MAX2

I

MSE
) (3)

among them: MAX2
I is the maximum value of the picture color.

The evaluation results of some inpainting methods on common datasets are
shown in Table 3. It can be seen from Table 3 that the values of PSNR and SSIM
based on the progressive face inpainting method are relatively stable, and there
is no low score, and SSIM almost exceeds 90%.
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Table 3. Table lists the quantitative evaluation results of the above-mentioned various
image inpainting algorithms based on deep learning, the values of which are from
various original documents. “+” means that the larger the value of this index, the
better.

Category Method Dataset Mask PSNR+ SSIM+

Attention-based [18] Place2 Center mask 26.17 0.91

[19] Place2 Mask ratio = (0.2, 0.3] 25.59 0.785

[20] Place2 Rule mask 18.91 –

[21] CelebA – 40.86 –

[22] CelebA Center mask 26.84 0.921

[23] CelebA Center mask 32.23 0.933

[27] CelebA Mask ratio = (0.3, 0.4] 26.67 0.874

[30] CelebA Center mask 26.54 0.931

[34] ImageNet Center mask 20.10 –

[25] Place2 Random mask – 0.781

Semantic-based [36] CelebA Center mask 19.18 0.920

[37] CelebA Random mask 22.8 –

[38] CelebA Center mask 32.23 0.933

[40] CelebA 50% mask 19.10 0.802

[44] Helen Face Center mask 21.45 0.851

[52] CelebA Mask ratio = (0.3, 0.4] 27.21 0.895

Progressive-based [15] CelebA Mask ratio = (0.4, 0.5] 25.28 0.846

[22] CelebA Center mask 26.84 0.921

[41] ImageNet – 25.74 0.934

[46] CelebA – 26.60 0.920

[47] Place2 – 29.86 0.938

[51] CelebA Mask ratio = (0.2, 0.3] 29.01 0.955

[53] Place2 Mask ratio = (0.2, 0.3] 25.66 0.914

4 Conclusion

With the continuous development of deep learning technology and urgent appli-
cation needs, the task of face image inpainting has attracted the attention of
researchers from all walks of life and become an important and challenging
research topic in the field of computer vision. In this paper, different types
of methods are introduced, including attention-based methods, semantic-based
methods, and progressive inpainting methods; secondly, the commonly used
datasets and performance evaluation indexes of face image inpainting in the
existing literature are summarized. Through quantitative evaluation and com-
parison of inpainting effects, it is proved that the current face disocclusion tech-
nology based on deep learning has a good experimental effect.
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Based on the classification and summary of the existing image inpainting
methods, aiming at the problems still existing in the current research task, this
paper makes the following prospects for its future research direction and devel-
opment trend:

1) The essence of image inpainting is a computer vision task to guess and com-
plete the missing area by mining known information. It is an inevitable
demand to improve the inpainting quality to effectively extract the known
information and establish the information associated with the unknown con-
tent. Improving the learning ability of image feature expression of inpainting
model is still one of the problems worthy of in-depth exploration.

2) At present, most of the datasets used in the literature are European and
American face datasets, so the test results of Asian faces are not ideal. There-
fore, it is necessary to establish a dataset belonging to Asian face features to
make the algorithm more consistent with Asian face attributes.

3) Generative adversarial network plays a key role in image generation and is
also adopted by most image inpainting methods. However, at present, gener-
ative adversarial network still has its own defects, such as mode collapse and
unstable training. How to solve these problems will also become a challenge
in image inpainting research.
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