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Abstract— Combined variations such as low-resolution and
occlusion often present in face images in the wild, e.g., under the
scenario of video surveillance. While most of the existing face
enhancement approaches only handle one type of variation per
model, in this paper, we propose a deep generative adversarial
network (FCSR-GAN) for joint face completion and face super-
resolution via one model. The generator of FCSR-GAN aims to
recover a high-resolution face image without occlusion given
an input low-resolution face image with partial occlusions.
The discriminator of FCSR-GAN consists of two adversarial
losses, a perceptual loss, and a face parsing loss, which assure
the high quality of the recovered face images. Experimental
results on several public-domain databases (CelebA and Helen)
show that the proposed approach outperforms the state-of-
the-art methods in jointly doing face super-resolution (up to
4×) and face completion from low-resolution face images with
occlusions.

I. INTRODUCTION

Compound variations such as low-resolution and occlu-
sions often exist in face images of scenarios such as video
surveillance. Obtaining high-resolution and non-occluded
face images from low-resolution face images with occlusions
is an essential and challenging task for face analysis such as
face recognition, attribute learning, face parsing, etc.

A number of approaches have been proposed for enhance-
ment of low-quality face image, and most methods aim at
dealing with one type of variation per model, e.g., face
completion [1], face super-resolution [2], [11]–[14]. Under
the assumption that there is only a single type of variation
per image, the approaches for face super-solution and the
approaches for face completion can work well. However,
these approaches do not fully meet the requirements of ap-
plication scenarios where both low-resolution and occlusion
may present simultaneously.

So different from existing approaches which mainly solve
one challenge (either low-resolution or occlusion) per model,
we are looking at a more challenging problem, i.e., how
to handle both face low-resolution and occlusion in a sin-
gle model. While a straightforward approach for handling
both low-resolution and occlusion is to perform face super-
resolution followed by face completion or vice versa, the
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Fig. 1. (a) Low-resolution input face image with occlusion (shown with
4× upsampling using the bicubic interpolation); (b) Recovered image by
applying super-resolution (RSResNet [2]) and SOTA face completion (GFC
[1]) in sequence; (c) Recovered image by applying SOTA face completion
(GFC [1]) and super-resolution (RSResNet [2]) in sequence; (d) Recovered
image by our FCSR-GAN; and (e) Ground-truth high-resolution face image
without occlusion.

effectiveness of existing face super-resolution approaches is
not known when the low-resolution face image also contain
occlusions [2], [11]–[14]. Similarly, it is not known whether
the face completion approaches work for low-resolution face
images. As shown in Fig. 1, when a state-of-the-art (SOTA)
face completion method (generative face completion, GFC)
and a face super-resolution method are applied sequentially
for a low-resolution face image with occlusion, the recovered
face images (Figs. 1 (b) and (c)) contain large visual artifacts.
The possible reason is that applying face super-resolution and
face completion successively does not benefit from multi-
task learning. In addition, for Fig. 1 (b) artifacts may be
introduced to the non-occluded region by the super-resolution
step, which then leads to more artifacts than Fig. 1 (c) in the
final recovered image.

In this paper, we propose an end-to-end trainable gener-
ative adversarial network (GAN) for joint face completion
and super-resolution (named as FCSR-GAN) to solve the
above issues. The generator of FCSR-GAN performs face
super-resolution and completion simultaneously, and thus
aims for recovering a high-resolution face image without978-1-7281-0089-0/19/$31.00 c©2019 IEEE



occlusion from an input low-resolution face image with
occlusion. The discriminator of FCSR-GAN contains five
losses, i.e., two adversarial losses aiming to differentiate
between real and generated face images, a mean square
error (MSE) loss aiming for the good reconstruction of
non-occluded high-resolution face images, a perceptual loss
aiming for photorealistic texture, and a face parsing loss
aiming for reasonable facial component topological structure.
The proposed approach is evaluated on the public-domain
CelebA [24], and Helen [25] datasets, and gets promising
results compared with the state-of-the-art approaches.

The main contributions of this work include: (i) an end-
to-end trainable network capable of jointly handling low-
resolution and occlusion in the face image; (ii) promising
results but with far fewer network parameters than the SOTA
face completion and face super-resolution models.

II. RELATED WORK

A. Image Completion

Image completion is to recover the missing content given
an image with partial occlusion or corruption. Early image
completion methods make use of the information of sur-
rounding pixels around the missing regions to predict missing
content. Ballester et al. [29] proposed an approach which
was based on joint interpolation of the image grey-levels and
gradient/isophote directions to fill the missing pixels. Such
an approach may not work well when the corrupted region
is large or has large variance in pixel values. Efros et al. [3]
proposed a patch-based method to search relevant patches
from the non-corrupted region of the image. While such an
algorithm provides better results than previous methods, the
patch search process can be slow. In order to solve this issue,
Barnes et al. [30] proposed a fast patch search algorithm,
but this method still cannot perform patch search in real-
time. In general, the traditional methods usually rely on local
context information and seldom consider the holistic context
information of an image.

Recent efforts are seeking to utilize deep neural networks
for image completion. The essence of this method is to pre-
dict the missing part of the image by using all the information
of the uncorrupted area. Pathak et al. [4] proposed a deep
network with an encoder-decoder structure to perform image
completion. Yu et al. [5] made use of the contextual attention
mechanism and the surrounding features as reference to
repair the corrupted image region. Liu et al. [6] used the
partial convolutions to gradually recover the missing pixels
layer by layer. One advantage of the partial convolution
neural network is that it does not assume the missing image
region must be of regular shapes, e.g., rectangle.

Face completion differs from general image completion in
that the structures and the shapes of different faces are very
similar, but the details and texture of individual faces can
be very different. Therefore, the corresponding topological
structure must be retained during face completion. Zhang et
al. [31] proposed an algorithm for face completion by moving
meshy shelter on the face, which is effective for repairing a
small area of corruption. To tackle a large area of occlusion,

Li et al. [1] proposed a face completion GAN, in which face
parsing loss was introduced to maintain topological structure,
and both global and local discriminators were used to ensure
the quality of the completed face image. This approach
reported promising results on CelebA dataset; however, its
effectiveness in repairing low-resolution face images with
occlusion is not known.

B. Image Super-resolution

Image super-resolution aims to recover a high-resolution
image with more details from a low-resolution input while re-
taining content in the input image. In this paper, we focus on
single image super-resolution, so multi-image or multi-frame
based super-resolution approaches are not discussed here; we
refer the interested readers to literature [36], [37]. There are
two main categories of approaches for super-resolution from
a single image. One category is edge enhancement based
methods, e.g., through liner, bicubic or Lanczos [7] filtering.
These methods are very fast and do not require training,
but the output high-resolution image is often smooth with
limited details. The other category is learning based methods,
e.g., patch-based method [9], Markov Random Field (MRF)
[7], sparse representation [8] and deep neural network [2],
[10], [32]. Because of the strong modeling capacity of deep
neural networks, these approaches now performs much better
than the traditional approaches. For example, Dong et al.
[10] proposed a SRCNN method for image super-resolution
and reported promising results compared to the traditional
methods. SRCNN has a small number of layers and a small
receptive field, so its fitting ability may be limited. Kim
[32] et al. proposed a DRCN used a deeper network. Still,
recovering a high-resolution image with a large upscaling
factor, e.g., 4× is found to be difficult. In order to get over
this limitation, Ledig et al. [2] proposed a perceptual loss
function for image super-resolution, which consists of an
adversarial loss and a content loss.

Face super-resolution is a special problem of the im-
age super-resolution. Different from naturals image super-
resolution tasks, face super-resolution could make use of the
domain knowledge of the face such as the face topological
structure and the 3D shape information. Early face super-
resolution methods are mainly motivated by general image
super-resolution. Wang et al. [33] utilized eigen transforma-
tion between the low-resolution space and high-resolution
space to perform face super-resolution. This method assumes
that the principal components of the low-resolution space
and the high-resolution space are semantically aligned, but
such an assumption may not hold in unconstrained scenarios
where pose, illumination, and expression variations may
exist. In addition, it could be difficult to perform face super-
resolution with large-scale factors. Zhu et al. [11] proposed
a framework for hallucinating faces with unconstrained
poses and very low resolution, in which framework, they
alternatingly optimized two complementary tasks, namely
face hallucination and dense correspondence field estimation.
Cao et al. [13] made use of the attention mechanism and
deep reinforcement learning to sequentially discover attended
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Fig. 2. Network structure of our FCSR-GAN for joint face image
completion and super-resolution, and its two training stages. (a) In the first
stage, the face completion network is pre-trained using global and local
discriminators as well as a face parsing network; (b) In the second stage,
the entire face completion and super-resolution network is trained end-to-
end using global and local discriminators, a face parsing network, and a
perceptual network.

patches and then perform the facial part enhancement by
fully exploiting the global interdependency of the image.
Song et al. [12] and Chen et al. [14] both used two-stage
method to perform coarse-to-fine face super-resolution. The
differences between them are that while [12] first generated
face components and then synthesized fine facial structures,
but [14] first generated rough face images and then generated
refined face images with more details.

III. FCSR-GAN

The overall framework of our FCSR-GAN is shown in
Fig.2 (b). As shown in Fig. 2, our network is trained in two
stages. The face completion method is first trained as shown
in Fig.2 (a), and then the entire network is trained end-to-end
as shown in Fig.2 (b). We now provide the details of each
stage in the following subsections.

A. Network Architecture

1) Generator: As shown in Fig. 2 (b), the generator of
our approach is composed of a face completion module and
a face super-resolution module, which aims to generate a
completed high-resolution image from a low-resolution face
image with occlusion. The face completion module adopts
the encoder-decoder structure. For a low-resolution face
image with occlusion, the encoder first encodes it as a latent
vector, and the decoder decodes it to obtain a low-resolution

face image without occlusion. The overall structure of our
encoder is similar to generative face completion (GFC)
[1]. We use the “conv1” to “pool3” layers of the VGG-
19 network [19], and stack two more convolution layers
and one more pooling layer as the encoder. The decoder is
symmetric to the encoder with upsampling layers. Different
from GFC, we modify the full connection layer by reducing
its size to 256. We think that a very high-dimensional
vector may contain too much redundant information, which
is not helpful for the image generation. Our experiment also
suggests a full connection layer with a size of 256 works
well. In addition, reducing the number of parameters in
the fully connected layer also reduces the overall number
of parameters and make it easier to deploy in the terminal
devices and low latency scenarios. The face super-resolution
module is directly connected to the face completion module
and uses the similar architecture to [2]. The end-to-end
training of our generator is not as simple as training two
separate modules independently. In our experiments, we first
pre-train the face completion module (see Fig. 2 (a)) and
then train entire network jointly (see Fig. 2 (b)). We notice
such a training scheme can lead to better convergence. We
will give more details about the training process in III-B.

2) Discriminator: The generator is used in different ways
during the two stages of training. In the first stage, similar to
GFC to construct a global discriminator and a local discrim-
inator as shown in Fig.2 (a). The global discriminator aims
to differentiate the completed face image from the real face
image based on the holistic contextual information of two
images, such as the overall structure. As a complementarity,
the local discriminator aims to differentiate the completed
face image from the real face image based on the local
details, e.g., the details of the recovered occluded region and
the boundaries. Using these two discriminators for training
can better guide the face completion generator to generate
face images as close to the ground-truth image as possible.
The overall structure of the two discriminators is similar to
that in [20]. We have modified the size of the full connected
layer to fit the input face image size.

In the second stage, we also use the local and global
discriminators as shown in Fig. 2 (b) to discriminate the local
and global details between the recovered face image and the
real face image. The network structure of the discriminator is
similar to [2], but we modified the convolutional layer to fit
the input face image size. Each of these two discriminators
uses the adversarial loss function [21]. The loss function is
defined as follows:

ladv = min
G

max
D
Ex∼pdata(x)[logD(x)]

+ Ez∼pz(z)[log(1−D(G(z)))],
(1)

where pdata(x) represents the distribution of real face images
and pz(z) represents the occluded face images.

3) Face parsing loss: The face image is one class of
images consisting of several semantic parts (e.g., eyes, nose,
mouth, etc.), which determines that face has a more obvious
topology than the other general objects. The discriminator



above is to differentiate between real and generated face im-
ages from both global and local aspects so that the generator
can generate more realistic face images. For example, when
the eye region of a face image is occluded, the generator
is expected to recover the corresponding eyes. However,
in practice, the generator may generate non-face parts or
asymmetric face parts. In order to solve this problem, we
refer to the face analysis method in [1] and use a face parsing
network as an auxiliary discriminator. In the network, we use
two face analysis networks that correspond to two different
stages of the network are shown in Fig.2. The first face
parsing network is used when training the face completion
module, and the second face parsing network is used when
training the entire network in the second stage training. We
consider face parsing as the process of face segmentation. In
other words, the analysis of a face image is to segment the
face components, such as eyebrows, eyes, nose, and mouth,
as accurate as possible. Both face parsing networks in two
training stages use SegNet [22] with a revision of the last
layer. The loss function is defined as follows:

Lfp =
1

WH

W∑
x=1

H∑
y=1

C∑
i=1

(labelx,y(i) log(predictx,y(i))),

(2)
where labelx,y represents the one-hot vector of the ground
truth and predictx,y represents the predicted vector. W and
H represent the dimensions of the face image. C is the
number of components after the segment.

4) Perceptual loss: When we reconstruct a face image
from a low-resolution occluded face image, only using MSE
as a cost function may lead to a smoothed reconstructed
image lacking high-frequency details. We expect that both
the reconstructed high-resolution images and the real high-
resolution images should be as similar as possible in terms
of low-level pixel values, high-level abstract features, and
overall concept and style. In order to achieve this goal, we
refer to [2] and use both MSE loss and perceptual loss jointly.
The MSE loss is defined as

lMSE =
1

WH

W∑
x=1

H∑
y=1

(IHR
x,y −G(I

LR−masked
x,y ))2, (3)

where W and H represent the width and height of the face
image. IHR and ILR−masked represent a high-resolution and
a low-resolution face image with occlusion, respectively. The
perceptual loss is defined as

lp/i,j =
1

Wi,jHi,j

Wi,j∑
x=1

Hi,j∑
y=1

(φi,j(I
HR)x,y

− φi,j(G(I
LR−masked)x,y))

2,

(4)

where φi,j represents the feature map of the j-th convolution
before the i-th max pooling layer. Wi,j and Hi,j represent
the dimensions of the feature map.

We use a pre-trained VGG-19 [19] to sense the texture
difference between the real high-resolution face image and
the recovered high-resolution face image without occlusions.

The perceptual loss in the second stage of network training
is illustrated in Fig. 2 (b).

B. Network Training

As shown in Fig. 2, we train our FCSR-GAN in two
stages. In the first stage, we pre-train the face completion
module using a global and local real vs. fake adversarial loss
and a face parsing loss (see Fig. 2 (a)). In the second stage,
we combine the face completion module and the face super-
resolution module together for end-to-end training using a
global and local real vs. fake adversarial loss, a face parsing
loss, and a perceptual loss.

In the first stage training, we adopt a curriculum strategy
[23] to gradually increase the difficulty of network training.
Similar to that of GFC, we use the MAE loss to perform
preliminary training for the face completion network. Then,
we include the local adversarial loss to fine-tune the network.
Finally, we combine the MAE loss, the global adversarial
loss, the local adversarial loss, and the face parsing loss for
the face completion network training. The entire loss at the
first stage is as follows:

Lstage1 =λ11LMAE + λ12Llocal adv

+λ13Lglobal adv + λ14Lfp,
(5)

where LMAE represents the mean absolute error bewteen
the recovered image and the ground-truth images, Llocal adv

and Lglobal adv are the adversarial losses (Equation 1); Lfp

is the cross-entropy loss between the segmentation of the
recovered face images and the ground-truth segmentation of
the face (Equation 2). λ11, λ12, λ13 and λ14 are weighting
factors to balance the influence of individual loss.

Next, we combine the face completion module and the face
super-resolution module together to perform the second stage
training. At this stage, we first fix the face completion module
and use the two adversarial losses, MSE loss, perceptual loss,
and face parsing loss jointly to train the face super-resolution
module. Then, we use those losses to finetune the entire
network. The entire loss at the second stage is as follows:

Lstage2 =λ21LMSE + λ22Llocal adv

+λ23Lglobal adv + λ24Lp + λ25Lfp,
(6)

where LMSE represents the mean square error bewteen the
recovered image and the ground-truth images (Equation 3),
Llocal adv , Lglobal adv and Lfp are similar to those in the
first stage. Lp is Euclidean distance between the featrue
represent of recovered face images and the ground-truth
images (Equation 4). λ21, λ22, λ23, λ24 and λ25 are scalar
factors balancing different loss functions.

IV. EXPERIMENTS

A. Datasets

We perform experimental evaluations on two public-
domain datasets: CelebA [24] and Helen [25]. CelebA is
a large-scale face attribute dataset with 10,177 number of
identities, and 202,599 face images; each is annotated with
40 binary attributes. We follow the standard protocol and
divide the dataset into a training set (162,770 images), a
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Fig. 3. Face completion results by the proposed approach without using
the super-resolution module from input low-resolution face images with
random occlusions. Since super-resolution is not used, all the face images
shown here are of low-resolution. For better visualization, every face image
is shown here with 4× upsampling using the bicubic interpolation.

Real face 
images

(a)

Segmented 
parts

(b)

Ground-
truth

(c)

Fig. 4. Face parsing results by the proposed approach on the Helen dataset.
(a) is the input real face images, (b) is the corresponding face parsing results,
and (c) is ground-truth of face parsing labels.

validation set (19,867 images), and a test set (19,962 images).
Helen is composed of 2,330 face images, and each image
has 11 labels, denoting the main face parts. We follow the
standard protocol of Helen and use 2,000 images for training
and 330 images for testing. In our experiments, the CelebA is
used to train and test our FCSR-GAN, and the Helen is used
to train the face parsing module and cross-dataset validation.

B. Training Details

Before training our FCSR-GAN, we first train the face
parsing network on Helen. We crop and align the face images
in the Helen dataset based on the positions of the two eyes.
Then, we scale the face images in the training set and test
set to 144×144×3 and 128×128×3, respectively. To avoid
over-fitting, we augment the training images by flipping and
shifting, and randomly crop a 128 × 128 × 3 patch from
each 144 × 144 × 3 training image. Then, we process the
labels by combining the eye labels and the eyebrow labels,
respectively. We use Adam [27] algorithm with an initial
learning rate 10−4 to optimize the face parsing network.
Some face parsing results are shown in Fig. 4.

After training the face parsing module, we train our FCSR-
GAN in two stages on CelebA. We crop, align, and scale
each face image to 128×128×3 pixels following [1]. Then,
we use the method described in III-B to train the model.
In the first stage of training, the size of the input image is
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Fig. 5. Face completion and super-resolution results by the proposed
approach for some low-resolution face images with occlusions from CelebA.
(a) is the input images (shown with 4× upsampling using the bicubic
interpolation), (b) and (c) are the recovered and ground-truth face images
using the bicubic interpolation.
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Fig. 6. Face completion by the proposed approach for the face images of
the same subject but with random occlusions at different locations of the
face.

32×32×3 pixels with a 16×16 occlusion block, and the size
of the output image is 32× 32× 3 pixels without occlusion.
The choice of using a 16× 16 occlusion is to ensure that at
least one face part is occluded. Some face completion results
are shown in Fig. 3. In the second stage of training, the input
image size remains 32 × 32 × 3 without occlusion, but the
size of the output image is 128 × 128 × 3 pixels without
occlusion. Besides, to balance different losses, in first stage,
we empirically set the λ11 = 20, λ12 = 0.1, λ13 = 0.1, and
λ14 = 1 for Equation 5. In second stage, we empirically set
the λ21 = 0.5, λ22 = 10−3, λ23 = 10−3, λ24 = 1.0, and
λ25 = 0.5 for Equation 6.

C. Experimental Results

1) Qualitative comparisons: Qualitative analysis can pro-
vide an intuitive observation of the experimental results.
We conducted two different experiments on the CelebA test
dataset. The first experiment is to verify the effectiveness of
the face completion network in recovering a non-occluded
high-resolution face image from a low-resolution image with
occlusions at different locations (see Fig. 5). We can see
that the proposed approach generates quite visually pleasing
results compared with the ground-truth face images. The
important facial structures and characteristics also look visu-
ally similar to the ground-truth. The second experiment is to



TABLE I
QUANTITATIVE EVALUATIONS OF THE PROPOSED APPROACH AGAINST

THE SOTA IMAGE COMPLETION METHOD GFC[1] UNDER DIFFERENT

TYPES OF OCCLUSIONS (E.G., O1 TO O6) MEASURED IN TEAMS OF

PSNR (DB), SSIM.

Occlusion
type

PSNR (dB) SSIM
GFC [1] Proposed GFC [1] Proposed

O1 20.0 20.65 0.824 0.793
O2 19.8 20.56 0.826 0.795
O3 18.8 19.26 0.759 0.745
O4 19.7 20.34 0.789 0.764
O5 19.8 19.99 0.784 0.767
O6 20.2 20.51 0.841 0.816

Average 19.7 20.22 0.804 0.780

verify the consistency of the proposed approach in recovering
low-resolution face images of the same subject but with
different occlusions (see Fig. 6). Overall, the recovered high-
resolution face images without occlusion of the same subject
show very similar facial components and details. This is a
good characteristic of a face completion and super-resolution
approach.

2) Quantitative comparisons: In addition to the visual
quality, we have also used two metrics to quantify the effec-
tiveness of the proposed approach for joint face completion
and super-resolution. One metric is the peak signal-to-noise
ratio (PSNR), which is widely used in image compression
area to measure the fidelity of the reconstructed signal.
The other metric is the structural similarity index (SSIM)
[28], which is a perceptual metric that considers image
degradation as perceived change in structural information,
while also incorporating important perceptual phenomena,
including both luminance masking and contrast masking
terms. We report the results in terms of PSNR and SSIM
on the CelebA test dataset.

We first compare the proposed approach with the state-of-
the-art face completion method GFC [1]. For fair compar-
isons, we use the same six fixed occlusion masks as shown in
(see Fig. 7). For our model, the input is 32×32 face images
with occlusion, but for GFC we still use 128× 128 images
as input. So our method needs to handle both low resolution
and occlusion, but GFC only needs to handle occlusion. The
PSNR and SSIM achieved by the proposed approach and the
state-of-the-art method GFC are reported Table I. We can
see that while GFC and our approach perform comparable
in terms of SSIM, our approach achieves more than 2.64%
higher PSNR than GFC for the 6 different occlusion masks.
We noticed that face completion by GFC may incur subtle
color distortion along the boundaries of the occluded area
(see Fig. 8), although Poisson blending [26] was utilized to
reduce the color distortion.

O1 O2 O3 O4 O5 O6

Fig. 7. The six types of occlusions used in our experiments are the same
at those in [1]: left-half face, right-half face, two eyes, left-eye, right-eye
and mouth.
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Fig. 8. Qualitative comparisons of the face completion results by GFC
[1] and our FCSR-GAN on the CelebA database. (a) and (b) are the GFC
input face images and our FCSR-GAN (our input are low-resolution images,
and are shown here with 4× upsampling using the bicubic interpolation).
(c) and (d) are the completed face images by GFC and our FCSR-GAN.
(e) and (f) are the details of the completed face images by GFC and our
FCSR-GAN. (g) is the ground-truth face images.

Another important baseline is to apply a SOTA face com-
pletion model (i.e., GFC) and face super-resolution model
(i.e., RSResnet) or vice versa. In other word, we expect to
evaluate the advantages of joint face completion and super-
resolution via multi-task learning w.r.t. the separate face
completion model and face super-resolution models. The
input, output, and evaluation criteria are the same as those
used by the proposed approach. The results of PSNR and
SSIM by the baseline methods and our approach are shown
in Fig. 9. We can see that our end-to-end training method
performs much better than performing face completion and
super-resolution separately. This suggests that our joint face
completion and super-resolution method could leverage the
advantages of multi-task learning to obtain a better result.

3) Ablation study: The proposed FCSR-GAN contains
two training stages and consists of different loss functions.
In order to verify the effect of each part, we perform five
ablation experiments, (a) the whole FSCR-GAN model with
two-stage training; (b) only perform the stage-2 training;
(c) training the model without perceptual loss Lp and face
parsing loss Lf ; (d) training the model without perceptual
loss; and (e) training the model without face parsing loss. All
the experiments used the same input: 32 × 32 face images
with 16×16 occlusion. The results are shown in Table.II. We
can see that the proposed approach with two-stage training
exceeds all the other methods in terms of PSNR and SSIM.
The results suggest that each of the individual components
contributes to the final performance of our FSCR-GAN



TABLE II
ABLATION STUDY OF THE PROPOSED APPROACH.

Metric (a) Train
together

(b) Stage 2
training alone

(c) W/o
Lp & Lf

(d) W/o Lp (e) W/o Lf Proposed

PSNR 19.64 18.82 18.35 19.69 19.92 20.10
SSIM 0.747 0.725 0.717 0.750 0.763 0.770
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Fig. 9. Quantitative comparisons between our end-to-end trainable model
and separate models in terms of PSNR and SSIM under six types of oc-
clusions. GFC+RSResnet: Results by applying face completion (GFC [1]),
and super-resolution (RSResnet [2]) in sequence; RSResnet+GFC: results
by applying face super-resolution (RSResnet [2]) and face completion (GFC
[1]) in sequence; and Proposed: our end-to-end trainable face completion
and super-resolution approach.

model.
4) Cross-dataset validation: We conduct cross-dataset

validation to evaluate our model’s generalization ability to
Helen dataset. The input of the experiments is 32× 32 face
images with 16× 16 occlusion, and the CelebA pre-trained
model achieves 20.01 PSNR and 0.761 SSIM on Helen. Such
results look quite encouraging considering the different data
distributions between CelebA and Helen.

5) Handling real occlusion in low-resolution face im-
ages: In real application scenarios, the occlusions in face
images may be due to scarf, sunglasses, mask, etc. Different
from the artificial block occlusions that are widely used by
the existing approaches [1] [38] [39]. In this case, we can
use a Gaussian block to cover the occlusion area, and then
apply our method to recover the high-resolution face image
without occlusion (see Fig. 10). As shown in Fig. 10, through
such an approach, the proposed FCSR-GAN can handle low-
resolution face images with occlusion in real scenarios.

D. Number of parameters

The number of parameters of a model determines whether
it can be easily deployed on terminals with limited computa-
tional resources. For approaches based on GAN, we mainly
consider the parameters of the generator because only the
generator will be used during network inference testing. In
our design of the generator network, we have explored how
the number of parameters in the fully connected layer will
affect the final performance. We consider 128, 256, 512, and
1,024 parameters, and the results are shown in Fig. 11. We
can see it can be a good choice to use 256 parameters for
the fully connected layer. The overall parameters for our
generator (face completion and super-resolution) are 4.7M
in total (3.5M and 1.2M for completion and super-solution,
respectively). Compared with GFC, whose generator contains
131M parameters, our generator reduces the parameters by
96.4%, but still achieves better performance in recovering
low-resolution face images with occlusion.

Occluded by 
an artificial 
occlusion

(b)

Low-resolution 
with occlusion

(a)

Recovered
high-resolution
w/o occlusion

(b)

Fig. 10. Handling low-resolution face images with natural occlusions in
the wild. (a) original low-resolution face images (32 × 32) with natural
occlusions by sunglasses, hand, etc.; (b) input images (32 × 32) to the
network, in which the occlusions are covered by artificial Gaussian blocks;
and (c) recovered high-resolution (128×128) face images without occlusion
by our FSCR-GAN.

V. CONCLUSION

In this paper, we propose a deep generative adversarial
network (named as FCSR-GAN) for joint face completion
and face super-resolution, which can recover non-occluded
high-resolution face images from low-resolution face images
with occlusions via a single model. The proposed FCSR-
GAN utilizes adversarial loss, perceptual loss, and face
parsing loss to assure the high quality of the recovered face
images. The adversarial loss aims at distinguishing between
real and fake (generated) face images; the face parsing
loss aims at retaining the topological structure of the facial
component, and the perceptual loss aims at photorealistic
texture generation. Experimental results on several public-
domain datasets (CelebA and Helen) show the proposed
approach outperforms the state-of-the-art methods (in terms
of PSNR and SSIM) in jointly handling low-resolution and
occlusion issues.

In our future work, we would like to investigate new
designs of the generator and discriminator as well as in-
troducing explicit subject separability constraint for the re-
covered face images. We also would like to study the face
completion and super-resolution method utilizing 3D face
priors [34], [35], and applying the recovered face image for
face recognition purpose.
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