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Abstract: Aiming at the problems of edge blur and distortion in the current damaged face image inpainting, a two-stage hierarchical gated
convolutional network (HGCN) was proposed and then combined with edge adversarial network for face image inpainting. Firstly, the
edge adversarial network was adopted to generate edge images. Secondly, the edge images, the masks and the occluded images were
combined to train the generative adversarial network (GAN) model of the HGCN to generate the inpainted face images. In the HGCN,
traditional convolution was replaced by gated convolution and the dilated convolution was introduced. The main structure of the HGCN is
composed of coarse inpainting module and fine inpainting module. In the coarse inpainting module, the encoder and decoder network
structure was used for coarse inpainting. In the fine inpainting module, the attention mechanism was introduced to enhance the feature
extraction ability so as to further refine the inpainting results. In the experiment, the Celeba-HQ dataset and NVIDIA irregular mask
dataset were used as the training datasets, the gated convolution network and attention module were adopted as comparing networks, and
PSNR, SSIM and MAE were used as evaluation indicators. The experimental results demonstrated that for the face images with missing
areas less than 20% , the proposed network works better than the two other networks on the above three indicators, and for the face images
with missing areas greater than 20%, the proposed network is close to the comparison networks on three indicators. In terms of visual
effects, the proposed method also surpasses the two contrasting networks in details. The proposed network can evidently improve the
inpainting effect, especially image details.
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. inpainting”'”. Among them, the diffusion based image
0 Introduction inpainting method spreads the known region information to

Image inpainting is a process that restores the
damaged areas in the image according to the known
contents of the image, which makes the repaired images
feel real and semantically complete so as to convey
correct information' ',

The traditional image inpainting algorithms based on
graphics and vision are mainly to find similar parts in the
given area to repair the missing area. Such algorithms are
based on mathematical and physical theories, and thus
readers can understand relevant principles. In addition,
they need not massive datasets for training and therefore
are high-efficient.

Usually, the traditional image inpainting algorithms are
divided into four categories: diffusion based image
inpainting™*', texture composite image inpainting”®, data-

[7.8]

driven image inpainting*, and sparse representation image

the edge region, which is suitable for inpainting the images
with small missing areas. The texture based synthesis
method firstly divides the image into a set, and then locates
the most similar blocks from the set to fill the missing areas,
which is not suitable for the images with complex content.
The data-driven image inpainting method searches for
similar images in the external database in a data-driven way
to fill the missing image areas. This method involves a lot
of computation and its application scenarios are limited by
the database. The sparse representation image inpainting
method utilizes the same sparseness about the known area
and the missing area. By use of the collected information of
the known area, sparse representation is performed and the
image is reconstructed , which is computationally intensive
and complex.

Additionally, the traditional image inpainting methods
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cannot understand the high-level semantics in the
image, thus the inpainting effects of complex images and
large-area missing images are relatively poor, which
cannot meet the actual needs.

In recent years, the image inpainting methods based on
deep learning, such as convolutional neural networks
(CNN) "t and  generative
(GAN) ™™ "have become a research hotspot in the field of
computer vision. Based on the feature information and deep

adversarial networks

semantic information in the image via massive data
learning, the image with complex content can be processed
and the realistic inpainting effect for the image with large
missing areas can be achieved. In addition, the unknown
area of the image can also be expanded and repaired via the
texture information and structural information of the known
area in the damaged image. Pathak et al."” adopted a GAN
combined with the encoder and decoder network structure
to generate the missing areas in the image. Although this
method repairs the images with large missing areas, the
effect of repairing images 1s relatively rough. lizuka et
al.""improved the discriminator of Ref.[15]. They used two
discriminators, a global discriminator and a local
discriminator to enhance the local and global consistency of
the image. In addition, they used dilated convolution to
increase the receptive field, making the image clearer after

inpainting. Yu et al."”

replaced the traditional convolution
and partial convolution with gated convolution and used
spectral normalized Markov discriminator to finally
complete the repair of irregular missing areas. It can also
repair the images with different resolutions and the effect
has certain improvement. Nazeri et al."® proposed a two-
stage network structure. It repairs the imaginary edge
contour of the damaged image in the first stage, and
estimates the pixel value of the missing area according to the
imaginary image in the second stage. The texture
restoration effect of this algorithm is better than that of
previous algorithms. Guo et al. " proposed a two-stream
network to inpaint images by simultaneously modeling
structure-constrained texture synthesis and texture-guided
structure reconstruction, which mutually promotes the
inpainting of image texture information and the inpainting
of structural information, but it is less efficient.

There exist notable problems f{rom the -current
inpainting algorithms: the details of the inpainted image
are not rich enough, and the images with complex
content are prone to deformation after repair. In response
to the above problems, we proposed a two-stage
(HGCN)
structure with inpainting effect from coarse to fine,

hierarchical gated convolutional network

which was combined with edge adversarial network was

improve the detail inpainting effect. In this process, the
edge adversarial network was responsible for predicting
the edges of the missing areas, and the HGCN was
responsible for image inpainting according to the

predictions.
1 Basic theory

1.1 Gated convolution module

Liu et al.”™ proved that conventional convolution does
not distinguish between valid and invalid regions of the
damaged image during inpainting. Since the missing
areas are incorrectly regarded as the valid areas, the
repair results will be affected accordingly. Therefore,
they replaced the conventional convolution with the
partial convolution, which uses certain rules to update
the mask to distinguish the missing areas from valid
areas, and the result is only affected by the pixels in the
valid area rather than that in the missing area, so the
repair effect i1s greatly improved. The rules for partial
convolution are given by

1
, W (XOM)——+ b, ifsum(M)>0,
xr= sum(M)
0, otherwise,
(1)
' — 1, ifsum(M)>0, @)

0, otherwise,

where W represents the weight of the convolution
kernel; X 1s the pixel value of the image area
corresponding to the convolution kernel; M is the binary
mask of the mask area corresponding to the convolution
kernel; 6 is the bias; (© is element-wise multiplication;
z'is the result of convolution at one position; and m'is the
output of the input mask after convolution operation. It
can be seen from Egs. (1) and (2) that the normal
convolution operation is performed only when there are
valid pixels in the corresponding position of the
convolution kernel, so the output value is only affected
by the valid pixel value.

The partial convolution is divided into two parts: the
convolution of input damaged image and the convolution
of input mask image. As shown in Fig. 1, each
convolution operation of partial convolution uses
updated mask. As the network deepens, the missing area
of the mask gradually decreases, and the valid pixels of
the image gradually increase. Partial convolution is able
to distinguish between valid and invalid areas of an
image, however, its mask update rule is not flexible
learned neither. Gated

enough and cannot be
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convolution' Is an improvement on partial

convolution, and it can solve the above problems of

Output

partial convolution.
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Fig.1 Process of partial convolution

The most prominent advantage of gated convolution is
that it can gradually learn from massive data to update
the mask, which replaces the stereotyped rule-based
method of updating the mask. Gated convolution can
learn a mechanism for each channel and spatial location
of the data, and thus enable dynamic feature selection
based on image background, mask images, and user
sketches. When the number of network layers is
relatively large, it can also learn to highlight mask
images and edge information in different channels,
which can improve the inpainting effect.

It adopts a learnable mask update rule, and the update

rule is expressed as

Gating, , = 22 W.I, (3)
Feature, , = 22 W, (4)
O,.= ¢(Feature,,)o( Gating, ., ), (5)

where ¢ refers to the sigmoid function; ¢ can be any
activation function, such as ReLU or ELU; x and y are
the position information; I is the input image; and W, and
W, are two different convolution filters.

The sigmoid activation function is used to perform
dynamic feature selection on the output after the
convolution by Eq. (3) , and other activation functions are
used to achieve image feature extraction on the output after
the convolution byEq. (4) . The outputs of these two parts
are then dot-multiplied to more efficiently select and extract
useful information from the image. Partial convolution
based on updating rule uses only O or 1 for weighting, while
gated convolution uses the number between 0 and 1 for
weighting, so the former is more flexible and learnable.

The process of gated convolution is shown in Fig. 2. It
uses standard convolution to update the mask for each
channel, and then uses the updated mask on the feature

map to continue the next convolution, which makes the
mask update process learnable.

Output
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Soft gating ~ f----emreeeees Feature
Conv. A
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Soft gating } ------------- Feature
A A
Conv. Conv.
-
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‘x}, 57
Fig.2 Process of gated convolution

1.2 GAN

GAN is derived from a zero-sum game and widely
used in the field of image inpainting. As for the
disadvantages of GAN,

gradient disappearance,

unstable training process,
mode collapse, and over-
generation are included.

Aiming at the problem of unstable training process of
GAN, we adopted spectral normalization GAN (SN-
GAN) # and patch GAN""* The former realizes the
spectral normalization of GAN by constraining the
parameters of the convolution kernel in each layer of the
network and making the discriminator satisfy the
Lipschitz condition. The spectral normalization can
effectively control the violent fluctuation of the function,
thereby making the network training process more
stable. The discriminator of patch GAN adopts a fully
convolutional network, which maps the input into an n-
order matrix, and takes the average value of the matrix
as the final output. A point on the feature map can be
traced back to the corresponding position in the original
image, so that the influence of a point at a specific
position on the output can be observed. In addition,
using a matrix for evaluation, more information can be
focused on and details can be handled better.

1.3 Attention mechanism module

[27,28

The attention mechanism™* can help us pick out the
most important parts of the output from the complex
input information, and its principle is shown in Fig. 3.
The input part is the feature map after convolution, with
a size of ¢XwXh. The subsequent processing of the
feature map is divided into two parts. The upper branch
extracts features from different scales of the image to

obtain the feature vector, and then weights the feature
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vector to obtain a 1X1X¢ feature map. The output of
the lower branch is the original feature map after

convolution. Finally, the results of the two branches are
fused to improve the feature extraction ability.

Squeeze

1X1x¢

Scale

Fig.3 Attention mechanism module

1.4 Edge adversarial network

The edge adversarial network proposed by Nazeri et
al."™ includes a generator network and a discriminator
network, which is shown in Fig. 4. The input to the
generator network consists of mask images, edge images
and grayscale damaged images. After a multi-layer

Generator

B

Mask+edge+grayscale

Residual blocks

convolution operation, the structure and texture features
in the image are extracted. The generator network
consists of an encoder with twice down-sampling
convolutions, eight residual blocks and a decoder with
twice up-sampling convolutions. The residual block can
dilated

prevent network degradation, and the

convolution can increase the receptive field.

.I‘ {
Ll
|

Edge map

Discriminator

I I | Real/fake

Fig.4 Edge adversarial network

The discriminator network adopts patch GAN to
discriminate the authenticity of the generated edges,
which performs multi-scale feature matching between
the edges generated by the generator and the real edges,
and then continuously updates the parameters of the
and the through  back-

propagation algorithm. Finally, the generator generates

generator discriminator

ideal edge images. The constructed loss function used to
train the generator is shown as
Luw=E,  log[ D(Cylp)]+
E; log[1= D(CpiTeny)], (6)

where I, stands for the real grayscale image, C, stands
for the real edge image, and C,,.q stands for the predicted
edge image.

When training the discriminator, the adversarial loss

combined with the feature matching loss is used, that is,

min max L¢ = min (Ag max (L. )+ ApvLen), (7)
G D G D

where Ly is the feature matching loss, and Apy and A,

are regularization parameters.

2 Edge adversarial network combined
with HGCN

Since the inpainting results based on simple one-stage

repair network and traditional convolution method are
prone to blurs and incoherence of the edges, a two-stage
HGCN structure with inpainting effect from coarse to
fine was proposed, which was combined with the edge
adversarial network to inpaint the face images with
missing areas. The HGCN is more refined than the one-
stage network for it introduces gated convolution,
The
gated convolution can distinguish the valid area and the

dilated convolution and attention mechanisms.

invalid area of the image, and it also can highlight the
mask and the edge information provided by the edge
adversarial network. The dilated convolution can extract
multi-scale image features and reduce information loss.
The attention mechanism was introduced in the second
stage of the HGCN, which can enhance the feature
extraction ability and makes the network pay attention to
the important information. Therefore, the HGCN and
the edge adversarial network were designed to achieve a

more refined inpainting effect.
2.1 Proposed HGCN

The HGCN proposed mainly consists of three parts: a
coarse Inpainting part, a fine inpainting part and a
discriminant part.

The structure parameters of the HGCN are shown in
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Fig.5. The four-digit numbers connected by underlines
in the figure represent the number of input channels, the
number of output channels, the size of the convolution
kernel and the step size, respectively.

The encoder and decoder structures are used for the
coarse inpainting network, and the standard convolution
is replaced by gated convolution. At the same time, the
network parameters are dynamically learned to
effectively distinguish the missing area from the valid
area. The coarse inpainting network takes the damaged
image, mask image and edge image as inputs, and
contains seventeen gated convolutional layers, two of
which are down-sampling convolutional layers and two
The gated

convolution module takes the sigmoid function and the

are up-sampling convolutional layers.

ELU function as activation functions. After all gated

the tanh activation

done,

convolution operations

)| Mask(256%256%3)

Original(256x256%3

Input(256x256%6) Coarse

network

Gated conv(5_48_5_1)

Gated conv(24_96_3_2)

Gated conv

Result Gated conv(48_96_3_1)
- | Garedloony (A8 1070300)

X Y
v v Gated conv(96_192 3 1)

Sigmoid
lng Gated conv(96_192_3_1)
Output

Gated conv(96_192_3_1)
Gated conv(96_192_3_1)
Gated conv(96_192_3_1)

Gated conv(96_192_3_1)

Gated conv(96_192_3_1)

Gated conv(96_192_3_1)

Sigmoid
Gated conv(96_96_3_1)

Gated conv(96_96_3_1)

Gated conv(48_48_3_1)
Gated conv(24_24_3_1)

Gated conv(12_3_3_1)

Edge(256%256%3)

T

function gets the result of the coarse inpainting network
to generate a blurred inpainting image.

The fine repair network also adopts the encoder and
decoder structure. The blurred image generated in the
coarse inpainting stage is used as the input of the fine
inpainting stage. The refined inpainting network consists
of two parts: a gated convolutional branch and a
perceptual layer branch, where the attention mechanism
is introduced. The convolutional branch contains ten
gated convolutional layers, two of which are down-
sampling convolutional layers, and the perception layer
branch contains eight gated convolutional layers and an
attention module. The gated convolution uses sigmoid
function and Rel.U function as activation functions. The
results of the two branches are concatenated and decoded
to get the refined inpainted image results, where the tanh
activation function is used.

l Discriminator

Conv(48_96_3_1)

Conv(48_96_3_1)

Conv(48_96_3_1)

Conv(48_96_3_1)

Conv(48_96_3_1)

Attention Conv(48_96_3_1)

Refined

network

Fig.5 Structure of proposed HGCN

The input feature image of the attention mechanism
module contains known background areas and unknown
foreground ones. The known background area is divided
into 7 pixel blocks with a block size of 3X3 pixels, and
these pixel blocks are then converted into convolution
Then,
foreground

the cosine similarity between the
the

kernels.

unknown area and background

convolution kernel is calculated, and the attention score
is calculated by softmax**"". The higher the score, the
more similar the pixel block and the area to be inpainted.
Afterwrds, the

deconvolution using the information of the most similar

missing areas are inpainted by

areas. The image feature map and attention map
obtained by attention mechanism module from the space
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and channel respectively and then are fused to enhance
the feature extraction ability. The refinement network
with the perceptual layer can improve the clarity of
detailed texture.
The discriminator network is a fully convolution
mask and
stridden

network, which takes the generated image,

edge 1mage as inputs. It contains six
convolutions with 5X 5 convolution kernel and the stride
size 1s 2. Meanwhile, LeakyRel.U function is used as the
and SN-Patch GAN 1is used for

discrimination. SN-GAN constrains the discriminator

activation function,

Lipschitz constant by constraining the spectral norm of
the weight matrices of all layers of the discriminator
stability.  The

discriminator of patch GAN has the same dimension as

network to enhance the training
that of the feature map. Each value represents the
evaluation result of a small area of the generated image,
so it can capture global and local information. Patch
and the

receptive field of each element in the final output feature

GAN encodes the image block information,

map covers the whole image, which can pay attention to
more detailed information and improves the inpainting

effect of image details.
2.2 Loss function for HGCN

The proposed HGCN adopts L1 loss and SN-Patch
GAN loss. The L1 reconstruction loss is used both in

>II

Mask+edge+grayscale

Edge adversarial network

Dilated convolution+residual blocks

coarse inpainting stage and fine inpainting stage, and the
loss function is calculated by

I‘adv - ‘ Xori - XL‘O[

+ ’ Xori 7 Xrt‘[ ’

()
where X, stands for the original image, X, stands for
the coarse inpainting result, and X, stands for the fine
inpainting result, among which the loss includes the loss
of the missing area and the loss of the given area. Taking
the loss of the entire image to be inpainted as the loss of
the generation part can improve the learning ability of the
network and has a better inpainting effect in terms of
image color consistency.

The discriminator network uses SN-Patch GAN loss
as wall as the generator and discriminator hinge loss,
which are caluculated by

L,=—F.

[ DT(G(2))] 9)

Ly=E,, ,[ReLU(1—D"(z))]+
EZNP(J.)[ReLU(l+D*“(G(z)))],

where D™

discriminator. Each element in the output feature map

represents the spectral normalization

has the corresponding loss, which can better focus on

different positions in different channels of the image.

2.3 Edge adversarial network combined with
HGCN

The structure of edge adversarial network combined
with HGCN is shown in Fig.6.

il 2L 54

Edge map  Mask Defect

image
g< )
Coarse network
Coarse
resul
esult ¢
Refined network
> >
b/
v
. Inpainting
Gated convolution gl

Dilated gated convolution
. Convolution

Contextual attention

Real/fake . . . I I

Discriminator

Fig. 6 Structure of edge adversarial network combined with HGCN

Firstly, the masks, image edges and grayscale
occluded images are used to train the edge GAN model,
so that the generator can generate complete face edge

images. The discriminator performs multi-scale feature

matching between the edge generated by the generator
and the real edge, and continuously updates the
parameters of the generator and the discriminator

through back propagation. Along with the confrontation
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between the generator and the discriminator, the
generating ability of the generator to generate accurate
edge map and the discriminating ability of the
discriminator become stronger. As a result, the
generator can generate the ideal edge image.

Secondly, the edge map is used as the guidance
information of the HGCN, and the masks and the
occluded images are combined to train the GAN model
of the HGCN, so that the network generator can
generate the inpainted face images. The discriminator
continuously updates the parameters to improve the
discriminating ability by comparing the inpainted image
with the original image, and at the same time, it can
promote the generator to generate a face image that is
more consistent with the edge map.

Finally, after the entire network is trained, the edge
adversarial network can generate an ideal edge map, and
the HGCN can repair a face image that conforms to the
edge map. Thus end-to-end face image inpainting is
achieved by inputting the occluded image and the
corresponding mask through a deep inpainting network.

3 Experiment and analysis

3.1 Experiment platform

Two datasets were used in the experiment, one 1s the
face dataset and the other is the mask dataset. The face
dataset used was the Celeba-HQ dataset, which was
generated by Liu et al®. based on the CelebA dataset by
training high-resolution GAN to provide the images with
different resolutions. It contains 30 000 high-definition
face images. The mask dataset adopted the testing set in
NVIDIA irregular mask dataset, which contains 12 000
irregular mask images.

The experimental platform used the Ubuntu 18.04
operating system, Tensorflow 1.6.0 framework, Python
3.6, the PyCharm 2021 version, and RTX 2080Ti
graphics card with 11 GB video memory.

3.2 Algorithm training

The training process of the HGCN is shown in Table
1. Firstly, m images were selected from the training
dataset, and then the m images were randomly occluded
to obtain the occluded images. Secondly, the generated
edge images, masks and occluded images were put into
the coarse inpainting network. Thirdly, the coarse
inpainting results were put into the fine repair network.
Fourthly,
discriminator,

m inpainted images were put into the
SN-Patch GAN loss was used for
training, and then the discriminator parameters were

updated. After £ rounds of training, the generated edge
images and the occluded images were put into the
generator, and then the generator parameters were
updated with L1 loss. In Table 1, E, represents the ith
occluded image, X represents the results of the
coarsely ith inpainted image, and X/, represents the

results of the ith finely inpainted image.
Table1 HGCN training process

1 While the generator has not converged

2 For £ steps do
3 Sample batch images m from training dataset
1 Randomly occlude the map of m images, and generate a

dataset of m masked images {E|,E,, -+, E,}

Enter m final edge maps and m occluded images to the

coarse inpainting network and obtain m coarse images
(1) (m)

(Xears s Xeat}

Enter m coarse images to the refine repair network and

. . ( )
obtain s refined images {X|}, X . -+, X )

2]

(o)

Enter m refined images to the discriminator and update the

7 parameters of the discriminator with the SN-Patch GAN
loss
8 End For
9 Sample batch images m from training dataset
10 Randomly occlude the map of m irr}ages, and generate a
dataset of m masked images {E| ,E,, -+, E,}
Enter batch of m final edge maps and m occluded images to
11 the generator and update the parameters of the generator

with reconstruction L1 loss
12 End while

3.3 Qualitative analysis

In this part of the experiment, the visual effects of the
original gated convolution method, the attention
mechanism and the proposed method were compared
and analyzed. The inpainted results of these three
algorithms are shown in Fig. 7. The original image is
shown in (a), the mask image in (b), the occluded
image in (c), the inpainted image using the gated
convolution model in (d), the inpainted image using the
attention mechanism module in (e), and the inpainted
image of the proposed method in (f).

It can be seen from Fig.7 (d) that the inpainting result
of the original gated convolution method is visually
reasonable, but there is a problem that the compensation
information is insufficient. For example, in Image 1 and
Image 5, the color of the eyebrow parts of the inpainted
images are light and the texture is sparse. In Fig.7 (e) ,
the image inpainted by attention mechanism module has
some problems such as edge blurring and texture
distortion. In Fig. 7 (f) , the proposed method uses the
predicted edge information to guide the HGCN to inpaint
the occluded areas of the images, so that the edges of the
inpainted images are clearer and there is usually no
deformation problem.

Fig. 8 shows the inpainting results in details from
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different algorithms. Fig.8(a) and (d) are the repaired

images using the gated convolution module, Fig.8 (b)

and (e) are the repaired images using the attention
and Fig. 8(c) and (f) are the

mechanism module,

(a) Original (b) Mask

(c) Ooccluded

repaired image suing the proposed model. From Fig. 8,
it can be seen that the proposed algorithm improves the

image restoration effect visually, especially the details.

(d) Gated conv  (e) Attention

Fig.7 Comparison of repair effects of different algorithms

(a) Gated conv  (b) Attention (c) Proposed

(d) Gated conv

(e) Attention (f) Proposed

Fig. 8 Comparison of repair details of different algorithms

3.4 Quantitative analysis

In this part of the experiment, the three models were
compared and analyzed on peak-signal-to-noise-ratio
(PSNR), structural similarity (SSIM)
absolute (MAE). There were 200 images randomly
selected as the test data, which were divided into two

types:
images with large missing areas according to the size of

and mean

the images with small missing areas and the

the mask area, and the corresponding mask sizes were
10% —20% and 20% —30% , respectively.

Among the indicators, PSNR is used to measure the
pixel value difference between images. The larger the
PSNR value,

the image inpainting effect. SSIM i1s used to measure the

the smaller the distortion and the better

similarity of two images. The closer the SSIM value is to
1, the better the inpainting effect of the model. MAE is

to measure the loss of the mean absolute error. The
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smaller the MAE value, the better the inpainting effect
of the model. The model comparison results are shown
in Table 2, Table 3, and Table 4, repectively. The

optimal index values are represented in bold.
Table 2 PSNR comparison

PSNR
Model
Mask 10% —20% Mask 20% —30%
Gated conv 28.578 38 27.052 66
Attention 27.919 96 26.073 68
Proposed 28.980 71 27.491 03
Table 3 SSIM comparison
SSIM
Model
Mask 10% —20% Mask 20% —30%
Gated conv 0.967 522 0.948 372
Attention 0.966 700 0.933 172
Proposed 0.976 086 0.944 972
Table 4 MAE comparison
MAE
Model
Mask 10% —20% Mask 20% —30%
Gated conv 0.029 206 0.031 694
Attention 0.030 27 0.034 226
Proposed 0.023 802 0.032 384

It can be concluded from the above three tables that
the proposed method outperforms the other two models
when the missing area occupies 10% —20% of the image
area. When the missing area occupies 20% — 30% of the
image area, the proposed method also outperforms
attention mechanism model on all three indicators, and
outperforms gated convolution model on PSNR, and is
close on SSIM and MAE.

4 Conclusions

In this study, a two-stage HGCN structure with
inpainting effect from coarse to fine was proposed and
combined with edge adversarial network to inpaint the
face images with missing areas. The experimental results
demonstrate that the proposed model has a better
inpainting effect in image details, and the intuitive
feeling of the inpainted image is also improved, while the
inpainting effect can not significantly improved when the
missing area is large. Although experiments have proved
the effectiveness of this model, there is still a lot of room
to improve, for example, our model ignores the
symmetry information of human face, which will help to

improve the inpainting result evidently.
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BRI, B 4], 35k, & #
22PN A K BT S E B AR, HR 22 M 730070

T OE BT BT B G A A A 0 SRR A AR IR, R T — R B B2 T 45 4 BN 4% (Hierarchical gated
convolutional network, HGCN), Jf- 44 3L 5 31 Ze %t Hu W 45 A 45 & FH F AR KRB o & 58, R I G06 §1 W 4% 248 s 2 KR . 3T
W, K G SRR KRR A, U 25 HGCN /Y GAN BB LU S Bt A % . HGON R 25 5% T 1) 42 4 BUBUIR A% e 45
BULOIFBIAT Y IR B, W46 0% 32 14 ol KL S A HRORE 15 S BB AL o AR ARG 52 BE B, G T 22 R e T80 25 T 45 235 4 ) 1 HELAE 42
TGS BRI Yerh 51 B Lk B AR AR SR AR Uy, #F— P Ak iB E AR . LB Celeba-HQ #4542 1 NVIDIA A #L 0
A H A A 1E U B 45 L SR 1456 B 45 A 3 AL 19 46 1 Ry 52 560 X6 HE LAY, PSNR L SSIM Al MAE 1B 4 52 80 3T 78 45 -
FLEGEE R R W], X T ER KN T 209 09K S, BT R A R LE FOR S AR AR FAL TR L 4, Tk TR G KK T
2056 WY UG, JI0 4 B 0 090 28 5 799 i b A5 R PE R R AR 3T o AE DS O T, T ER 0 O IR AR AN DA AR TR &,
T, T4 A P 45 T LA B g PRI AE 42 s R L R e TR 41 A48 52 R

B W A BRI BRINYS s G A m A UM 4T 4%

5| A& : ZHAI Fengwen, ZHOU Zhao, SUN Fanglin, et al. Face inpainting based on edge confrontation combined with hierarchical
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