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Abstract. This article focuses on the face recognitionmodel in real life scenarios,
because the possible occlusion affects the recognition effect of the model, result-
ing in a decline in the accuracy of the model. An improved WGAN network is
proposed to repair occluded facial images. The generator in the improvedWGAN
network is composed of an encoder-decoder network, and a jump connection is
used to connect the bottom layer with the high-level feature information to gen-
erate missing facial images. The low-level feature information is connected with
the deep-level feature information, and the network’s ability to extract features
and generate pictures is enhanced at the same time. The paper also uses a global
discriminator and a local discriminator, taking all the restored pictures as input
to measure the overall authenticity, and taking the restored part of the pictures as
input to judge whether the content structure is reasonable. After comparison and
analysis of experiments, the improved face image has a complete structure and
clear content, which is helpful for face recognition with partial occlusion.
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1 Introduction

Face recognition model has high recognition effects, such as Deep face [1], FaceNet
[2], DeepID [3], etc. However, problems such as jewelry, illumination and hand occlu-
sion may occur in complex environments, resulting in poor recognition effect of face
recognition system and difficult to authenticate identity information. As early as the
20th century, the research on image restoration has begun. Image restoration mainly
removes the occluded part or restores the missing part of the image, and the semantics
and structure of the repaired image are consistent. The repaired image is reasonable and
realistic, and it is difficult for the observer to see the repair trace or find that it has been
damaged.

Bertalmio and Sapiro [4] proposed a digital image restoration technology for small-
scale missing images, simulating the way that professional painters repair damaged or
missing parts of images. The main idea of decomposition based image algorithm [5] is
to divide the image into two parts: structure and texture for image processing, and finally
add the two sub parts to reconstruct the repaired image. The texture synthesis algorithm
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based on image block [6] as a whole is to find a pixel according to the texture feature
information at the image position to be repaired, select the image block centered on the
pixel, search the similar sample block in the unobstructed area, and replace the most
similar image information with the area to be repaired.

Traditional face restoration methods based on texture and structure basically learn
the image block information close to the junction of occluded and non occluded parts of
the face, and then fill in the missing or occluded parts of the image. The disadvantage is
the lack of context structure information. How to use the information associated between
occluded and unobstructed areas is the key of research. The face restoration algorithm
based on deep learning solves this problem. For example, the face restoration method
based on context coding [7], but this method has some problems, such as the repaired
face image is not clear enough and it is difficult to repair large-area occlusion.

Therefore, this paper proposes a face image restoration algorithm based on deep
learning, which uses the improved WGAN network to repair the partially occluded face
image. The generator network is built by encoder and decoder, and the jump connection
is used to integrate the bottom features and deep features. The discriminator adopts a
global discriminator and a local discriminator, Finally, the repaired image generated by
the model has clear texture and reasonable structure, and the repaired face image is used
for subsequent face recognition tasks, which can effectively improve the accuracy of
partially occluded faces.

2 Related Models and Algorithms

2.1 Revolutionary Neural Networks

Revolutionary Neural Networks [8] is one of the important branches of deep learning
model. Especially in the field of image processing, CNN is more widely used, and
CNN has better image processing ability. The processing of two-dimensional images by
revolutionary neural network is invariant to displacement, scale size and rotation. At the
same time, CNNhas the characteristics of local connection andweight sharing. There is a
certain correlation between local images. The weight sharing uses the same convolution
kernel in each layer. These two characteristics can improve the generalization ability of
model feature extraction and reduce the amount of parameters.

Generally, CNN network usually includes the following parts: convolution layer,
activation function, pooling layer and full connection layer. The basic structure of CNN
is shown in Fig. 1.
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Fig. 1. CNN network structure
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2.2 Generative Countermeasure Network

The generic countermeasure network is mainly composed of a generator (G) and a
discriminator (D) [9]. As shown in Fig. 2, the uniform distribution Z is trained by the
generator G to generate a false sample G(z), judge whether it is true by the discriminator
D, and measure the difference between the generated data and the true data distribution,
so as to optimize the generatorG. The two start to iterate and update each other. Generator
G hopes that the generated result can deceive D, and discriminator D hopes to judge G(z)
as false, so that generator G can be continuously optimized to generate target samples
through each round of confrontation optimization.

Randomly 
generated noise
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picture

Discriminator

database real picture
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F
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Fig. 2. Generative confrontation network structure

The loss function of Gan network is shown in formula (1):

argmin
G

max
D

V (G,D) = Ex∼Pdata [log(D(x))] + Ex∼PG [log(1 − D(G(x)))] (1)

In formula (1), argmin
G

max
D

V (G,D) means maximizing the discriminator loss function

and minimizing the generator loss function; When x obeys the distribution of real data
Pdata is input into the discriminator, the expectation of log(D(x)) is Ex∼Pdata [logD(x)];
When x obeys the distribution of generated data PG, the expectation of log(1−D(G(x)))
is Ex∼PG [log(1 − D(G(x)))].

According to formula (1), the essence of the model is to optimize the discriminator D
first, then to optimize generatorG. So given a generator, maximize V (G,D), the optimal
solution D∗ of the discriminator is obtained.

2.3 DCGAN Network

Deep convolution neural network (DCGAN) combines convolution neural network
(CNN) with generation countermeasure neural network. Using the powerful feature
extraction ability of convolution neural network, we can strengthen the ability of net-
workgenerator to generate pictures and improve the ability of discriminator to distinguish
the authenticity of images. DCGAN uses transpose convolution to generate complete
image data. In 2010, Zeiler [9] first proposed the concept of transposed convolution.
Transpose convolution and standard convolution can be regarded as mutual inverse pro-
cesses. Convolution describes a many to one process in which the features of the input
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image are extracted through the convolution kernel, while transpose convolution, on the
contrary, is a one to many process. The low-dimensional feature vector is mapped to the
high-dimensional feature vector by transpose convolution to generate a picture.

As shown in Fig. 3(a), in the standard convolution process, the size of the input
characteristic image is 3 × 3, convolution kernel of 2 × 2. The step size is 1, no filling,
and the size of the output feature map is 2 × 2.

(a) (b)

Fig. 3. Standard convolution process and transposed convolution process

2.4 WGAN Network

WGAN solves the problems of gradient disappearance and model collapse of KL diver-
gence and JS divergence in the process of GAN network model training by introducing
Wasserstein distance [10] into GAN network model. Wasserstein distance is shown in
formula (2):

W (P,Q) = inf
γ∈∏

(P,Q)
E(x,y)∼γ [‖x − y‖] (2)

In formula (2), W (P,Q) means the lower bound of all possible distance expectations
of joint distribution γ ;

∏
(P,Q) means a set of joint distributions between P distribution

and Q distribution; E(x,y)∼γ [‖x − y‖] represents the expectation of the distance between
(x, y) samples with joint distribution γ .

3 Network Design

3.1 Improved WGAN Network

The improved WGAN network structure consists of two parts (three networks), one is
the generator model G, which is used to generate images; The other part is composed
of two discriminator model D, which is used to distinguish whether an image is a real
image or a generated image. The discriminator consists of a global discriminator and a
local discriminator. The overall structure of the network is shown in Fig. 4.



138 F. Liu et al.

Generator G

Global 
discriminator

Local discriminator

True / false

Fig. 4. Improved network structure

The generator is composed of encoder and decoder, which is composed of convolu-
tion layer and deconvolution layer. At the same time, the convolution layer of the coding
layer is mapped to the corresponding deconvolution layer through jump connection. The
coding layer uses the activation function Leaky-Relu to prevent gradient thinning; The
rewind layer uses the ReLu activation function, and the last output layer uses the Tanh
activation function. The specific structure of the generator is shown in Fig. 5.

Fig. 5. Generator network structure
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The discriminator is composed ofConvolutional neural network.By constantly learn-
ing against the generator, the ability of themodel to distinguish real pictures and generate
pictures is improved. The local discriminator inputs the repaired complete image to iden-
tify whether the global image is consistent; The local discriminator inputs the image of
the repaired part to judge whether the parts are consistent. The specific structure of the
discriminator is shown in Fig. 6.
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Fig. 6. Discriminator network structure

In the previous section, the loss function of the generator is formula (3), while the
generator in this paper is composed of coder and decoder. The coder extracts the picture
hidden features and inputs them to the decoder to generate face pictures. Therefore, the
loss function generated in this paper is:

LG = −Ez∼P(x,y)[D(G(Z))] (3)

In formula (3), LG represents the Generator loss function, P(x, y) is the feature extracted
from the image to be repaired by the encoder; D(G(Z)) is the image generated by the
generator.

The purpose of discriminator is to distinguish the authenticity of real data and gener-
ated data. In this paper, both global and partial discriminators use Wasserstein distance.
Therefore, the loss function of the discriminator is mainly composed of two parts. The
global discriminator uses the Wasserstein distance to measure the distance between the
generated face and the face to be repaired, and some discriminators use the Wasserstein
distance to measure the distance between the repaired part and the sample occlusion
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area. Therefore, the loss function of the discriminator is listed as follows:

LD = Lg + Ll
= Ez∼Pg(x,y)[D(G(z))] − Ez∼Pgdata[D(x)]
+Ez∼Pl(x,y)[D(G(z))] − Ez∼Pldata[D(x)]

(4)

In formula (4), LD means the discriminator loss function; Lg represents the global dis-
criminator loss function takes the image repair part as the input to calculate its expected
value; Ll represents the local discriminator loss function takes the whole repaired picture
as the input to calculate its expected value.

3.2 Face Recognition Network

Convolutional neural network learns the characteristics of images through convolution
layer and pooling layer, becomesmore andmore intelligent, and can well liberate human
beings from repetitive work. MobileNetV3 [11] combines the important network struc-
ture modules of MobileNetV1 [12], V2 [13] and SeNet [14], further improving the
effect of the model. This paper mainly studies the improvement of MobileNetV3_small,
including adjusting the network structure, loss function and optimizer, applying the
improved model to face recognition, and finally carrying out sufficient experiments and
result analysis.

Improvement of MobileNetV3 Network Structure
Combined with the MobileNetV3 network module in the previous section, the input
image size is changed to 3 * 3, so as to reduce the amount of network operation. Because
too many convolution kernels are stacked in the high layer, the effect of the model
is reduced and a large number of redundant and highly similar convolution kernels are
caused. Therefore, aiming at the above problems, this paper reduces the number of layers
of the network and effectively reduces the amount of parameters. In order to reduce
the memory access of the network, this paper adopts the deep separable convolution
network, improves the running speed of the network by reducing the channel expansion
coefficient in themodule, reduces the amount of parameters and redundancyof themodel,
and enhances the attention of the model channel by using compression and activation
blocks.

Convolutional neural networks no longer use global average pooling, but 7× 7 glob-
ally separable convolution substitution. If global pooling is used for feature extraction
of the whole picture, it means that the feature importance of the corner is consistent with
that of the middle. This is obviously wrong. The corner part of the image only includes
the features of a small part of the face, and the middle part is the important feature of the
face. In this paper, global separable convolution will be used instead of global pooling to
give different importance to different receptive fields. The improved network structure
is shown in Table 1, where n represents the number of repetitions of this operation.

Joint Loss Function Based on CenterLoss and Softmax
The loss function consists of two parts, which are model parameters. The Softmax loss
function is used as a classifier, and the network iteratively trains and optimizes the loss
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Table1. Improved MobileNetV3 network model structure

Input Operator exp size out SE NL s n

112 × 112 × 3 conv2d,3 × 3 - 64 - RE 2 1

56 × 56 × 64 depthwise, 3 × 3 16 64
√

RE 1 1

56 × 56 × 64 Bneck, 3 × 3 128 64
√

RE 2 3

28 × 28 × 64 Bneck, 3 × 3 512 128 - RE 2 1

14 × 14 × 128 Bneck, 3 × 3 256 128
√

HS 1 3

14 × 14 × 128 Bneck, 3 × 3 512 128
√

HS 2 1

7 × 7 × 128 Bneck, 3 × 3 256 128
√

HS 1 2

7 × 7 × 128 Bneck, 3 × 3 256 512
√

HS 1 1

7 × 7 × 512 LinearGDConv7 × 7 - 512
√

- 1 1

1 × 1 × 512 Linearconv1 × 1 - 128
√

- 1 1

function to obtain the global optimal solution. In the second half, CenterLoss calculates
the distance between the sample features and the middle features as the loss function.
At the beginning of network training, the feature center is randomly selected. After
the network optimizes the loss function, the feature center is updated, and the network
model is continuously updated until the network reaches the optimum. When the super
parameter is, the loss function is Softmax loss function, and it can play the constraint
ability of the loss of the control center.

Lloss = Lsoftmax + Lcenterloss

= −1

n

n∑

i=1

log
eW

T
yi
x(i)

∑ k
l=1e

WT
l x(i)

+ λ · 1
2

n∑

i=1

∥
∥xi − cyi

∥
∥2
2

(5)

4 Experiment and Result Analysis

The training set of face restoration experiment in this paper adopts the large-scaleCelebA
face data set published by the Chinese University of Hong Kong, which contains a total
of 10177 celebrity face images, a total of about 202599 face images, and the size of the
original face image is 178 * 218. The images in face data have done a lot of labeling
work, including face key point labeling, face rectangle labeling and face attribute labeling
information. Therefore, CelebA data set is widely used in various tasks related to face
in the field of computer vision, such as face attribute recognition, face detection and key
point detection.

The detected partial face images are uniformly scaled to size 112 × 112 × 3. We
process the pictures of CelebA data set, add rectangular box occlusion, simulate the
occlusion that may occur in the real situation, and then use this data set for network
training, including the following examples of facial occlusion (Fig. 7):
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Fig. 7. The processed data set

Peak signal-to-noise ratio measure (PSNR). It mainly calculates the difference
between the pixel values of the original picture and the two pictures after occlusion
repair. It can measure whether the repaired image has distortion and the difference
between images. The calculation process is as follows (6).

PSNR = 10 × log10[
(2n − 1)2

MSE
]

MSE = 1

HW

H∑

i=1

W∑

j=1

∥
∥
∥f (i, j) − f (î, j)

∥
∥
∥

2 (6)

In formula (6), n is the number of bits of the pixel value (generally is 8), that is, the gray
scale of the pixel value is 256; MSE is mean square error between the repaired image
and the original image;H and W represent the Height and width of image respectively.

Structural similarity index (SSIM) is an index to calculate whether the structure of
the original image is similar to that of the image after occlusion repair. It is mainly
measured from three aspects: brightness, contrast and structure。As shown in Eq. (7) for
the calculation of SSIM, The larger the calculated SSIM value, the more similar the two
images are.

SSIM (x, y) = (2uxuy + C1)(2σxy + C2)

(u2x + u2y + C1)(σ 2
x + σ 2

y + C2)
(7)

In formula (7), ux, uy represent the mean of image x and y, respectively; σx, σy represent
the variance of image x and y, respectively; σxy is the Covariance of X and Y.

Experiment 1
The face data set CelebA is divided into training set and test set according to 9:1. Before
using the training set to train the networkmodel, the image is processed to add occlusion,
and then the original network and the improved network model are trained respectively.
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After the model is trained, the same test set is used, and the repaired images and the
original images are evaluated by PSNR and SSIM indicators. The calculation results are
shown in Table 2.

Table 2. Comparison between the original algorithm and the improved algorithm

Evaluating indicator Original algorithm This paper improves the algorithm

SSIM 0.88 0.92

PSNR 27.48 29.58

For the comparison between the repaired images of the original algorithm and the
improved algorithm, see Fig. 8. From left to right, there are occluded images, repaired
images and original face images. The above three images are the face repaired by the
original algorithm, and the lower half is the improved face repair image. It can be directly
seen from the figure that the effect of the face repair algorithm repaired in this paper is
clearer and more complete than that of the original algorithm.

Fig. 8. Comparison of repair results

Experiment 2
It mainly proves the performance of face recognition under occlusion of different area
sizes. The experiment uses LFW public data set for evaluation. On the test data set
samples, four area sizes of occlusion of 10%, 20%, 30% and 40% are used respectively,
as shown in Table 3:
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Table 3. Results of face recognition with different occlusion areas

           Occlusion area 

algorithm 
10% 20% 30% 40% 

Improved mobilnetv3_ Small + 
joint loss function 

93.86% 91.21% 87.23% 82.3% 

Paper algorithm 94.56% 93.65% 92.35% 90.07% 

Draw a broken line diagram according to the data in Table 2, as shown in Fig. 9.

Fig. 9. The recognition accuracy of different occlusion areas

As can be seen from the experimental results shown in Fig. 9, the appearance of
occlusion increases the difficulty of face recognition algorithm. With the increasing
occlusion area, this algorithmcanmaintain a good accuracy, and still has a stable accuracy
when the occlusion area is greater than 20%. Therefore, this algorithm is more robust to
face recognition with partial occlusion.

5 Conclusion

In order tomake face recognition still have a high recognition rate in the case of occlusion,
this paper uses the improved WGAN network to repair the partially occluded area and
increase the image face features, which can effectively improve the accuracy of face
recognition.

(1) The process of mutual confrontation learning between GAN network generator
and discriminator is applied to the problem of face restoration. The improved
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WGAN generator adopts the structure of encoder and decoder. The network learns
the global information of the picture by extracting the image features, and the
generated picture semantic information is more complete.

(2) At the same time, the generator uses jump connection to map the convolution
layer of the coding layer to the corresponding deconvolution layer, and fuse the
bottom feature information with the deep feature information, which will make the
generated picture clearer.

(3) The discriminator adopts global discriminator and local discriminator, which can
ensure the correctness of global information and local repair information at the
same time。

(4) Through the experimental comparison and the comparisonof the generated repaired
images, the images repaired by the face repair algorithm proposed in this paper are
clearer and semantically complete.
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