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ABSTRACT
Existing single image super-resolution (SISR) methods usually fo-
cus on Low-Resolution (LR) images which are artificially generated
from High-Resolution (HR) images by a down-sampling process,
but are not robust for unmatched training set and testing set. This
paper proposes a GAN Flexible Lmser (GFLmser) network that bidi-
rectionally learns the High-to-Low (H2L) process that degrades
HR images to LR images and the Low-to-High (L2H) process that
recovers the LR images back to HR images. The two directions
share the same architecture, added with the gated skip connections
from the H2L-net to the L2H-net in order to enhance information
transferring for super-resolution. In comparison with several re-
lated state-of-the-art methods, experiments demonstrate that not
only GFLmser is the most robust method on images of unmatched
training set and testing set, but also its performance on real-world
face LR images is best in PSNR and reasonably good in FID.
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1 INTRODUCTION
The image super-resolution (SR) is a problem of reconstructing
a High-Resolution (HR) image from a given corresponding Low-
Resolution (LR) one that is noisy, blurry, naturally or artificially
corrupted, which improves LR images from physical limitations
of image capturing sensors, including technology, size, weight,
quality and cost. Recently, Convolutional Neural Network (CNN)
based deep neural networks have been used on the SR problem,
significantly outperforming conventional SR methods [26]. As the
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Figure 1: Examples of Real-world LR images and those gen-
erated by down-sampling. Row 1: HR images; Row 2-4: the
LR images generated by linear or cubic interpolations, by
our method, separately; Row 5: real-world LR images with-
out paired HR ones.

SR networks go deep, they are computationally expensive and not
easy to train [23, 24].

The existing SR networks usually target at mapping LR images
back to SR images by inverting a presumed down-sampling process
[17], but do not work well on real-world LR images because the
degrading or down-sampling is unknown, thus the resulted High-
to-Low (H2L) process can be far different from the presumed one.
As illustrated in Figure 1, the real-world LR images are blurred and
smooth, whereas the LR images generated by linear or cubic inter-
polation have mosaic-like blurred blocks. Usually, the SR methods
work well in some specific datasets but poorly on real-world LR im-
ages. In a recent effort [5], a H2L Generative Adversarial Network
(GAN) [10] was trained on the real unpaired image data to model
the image degradation, and then paired LR and HR images were
generated to train another Low-to-High (L2H) GAN for real-world
image super-resolution, in a way similar to Cycle-GAN [34].

The SR problem can be regarded as one typical example of bidirec-
tional intelligence by a bidirectional neural network [29]. Studies on
bidirectional neural networks can be traced back to the 1980s. One
earliest example is auto-association [2, 3], or called auto-encoder
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(AE) recently, which actually has a correspondence to the above bidi-
rectional SR formulation. Specifically, the H2L process corresponds
to encoder while the L2H process corresponds to decoder. Different
from [5], both the encoder and decoder are jointly learned such
that their cascading effect is approximately an identity mapping.

Another typical example is the Least Mean Square Error Recon-
struction (Lmser) self-organizing network that was first proposed
in 1991 [27, 28]. The Lmser architecture folds the AE architecture
along the final layer of encoder such that the same architecture
takes a dual role for both encoder and decoder, resulting in several
favourable natures. Such folding also makes the neurons on the
paired layers between encoder and decoder merge into one such
that each neuron takes a dual role, which is called duality in paired
neurons (DPN). Also, each connection between a pair of neurons
takes a dual role for both encoder and decoder with Aj = WT

j
whereWj and Aj denote forward and backward connection weight
matrices. With this duality in connection weight (DCW), Lmser
cascades the layers via bidirectional connections between every
two consecutive layers, to approximate identity mapping (i.e., one
layer H2L process is cascaded by a returning L2H process) simply
throughWA = ATA ≈ I . Recently, Huang et al. [14] has revisited
Lmser with an extension to convolutional layers based deep net-
work (CLmser) for image related tasks. A more systematic review
and further advances were provided in [29].

In this paper, we propose a GAN Flexible Lmser (GFLmser) net-
work for real-world image super-resolution, featured by jointly
learning the H2L process based on the unpaired real-world HR and
LR images and the L2H process that maps real-world LR images
back to HR images. The proposed GAN Flexible Lmser is designed
mainly based on CLmser [14] and flexible Lmser [29], for the super-
resolution problem.

To summarize, our contribution are as follows:

• We propose a GFLmser network for real-world SR. Based
on the DPN nature of Lmser, GFLmser has skip connections
from the H2L part to the L2H part. We propose a gating
strategy on the skip connections by enhancing the relevant
information and filtering out the unwanted patterns for im-
age SR.

• Experiments demonstrate that GFLmser outperforms the
closely related work by Bulat et al. in [5] to have the high-
est Peak Signal-to-Noise Ratio (PSNR) and reasonably good
Frechet InceptionDistance (FID). Moreover, GFLmser is more
robust than Bulat’s work and other SR methods when the
testing set is very different from the training set in categories,
styles, and so on.

2 RELATEDWORK
Traditional method for image super-resolution (SR) is interpolation,
including bi-linear interpolation, nearest neighbor interpolation,
and bicubic interpolation. They usually do not performwell because
they lose image details and can not remove image noise. As deep
learning became popular, CNN based deep neural network was
built to learns an end-to-end mapping from LR to HR images in
[7]. The domain expertise of sparse coding was combined with the
advantages of deep learning for better SR performance [26]. Efforts
on SR were made on not only natural images, but also face images

in a deep bi-network [35] and a landmark investigation [4]. Many
small size convolutional filters were stacked in [15] to build a very
deep network, and such network could model complex functions
and predict more image details, leading to significantly improved
SR performance. Later, for a further boost in improvement, SR
networks became even deeper [23, 24]. The deepened network
structure enables the last layers to have a larger field of perception,
so that the pixels of the target area can be supplied with more
details. However the deeper network brings difficulties in gradient
propagation, although residual learning can alleviate this problem.
For real-time SR performance, a compact hourglass-shape CNN
structure was proposed in [8] to reduce computational cost. For high
perceptual quality at large upscaling factors, GAN was introduced
in [18] to reconstruct photo-realistic images with finer texture
details. In this paper, we use gated skip connections in GFLmser
to enhance the details by filtering the learned patterns at different
feature levels. Different from [21], an encoder-decoder network
was used to calculate confidence maps as the combining weight for
integrating three derived inputs, while GFLmser skip connections
were gated by amixingweight simply determined by the correlation
coefficient between the patterns from H2L and L2H.

Most of the previous related work need to preprocess images to
desired size by interpolation before feeding them into network [7–
9, 15]. They firstly enlarged LR image to target size, and then estab-
lished a mapping between interpolated image and super-resolution
image. The preprocessing may lose many details and cause diffi-
culties when reconstructing images. Others try to upscale the in-
put images by using transposed convolution. LapSRN [17] showed
outstanding performance by progressive reconstruction, it adopts
transposed Convolutional layers to complete enlargement of image
size step-by-step.

The majority of the aforementioned works used pairs of LR and
the corresponding HR images to train the networks. Meanwhile, it
was assumed that LR images are interpolated from HR images, and
thus it inevitably leads to poor performance when true degradation
does not follow this assumption [13, 32, 33]. A two-stage process
was proposed in [5] to tackle the problem. In [5], a H2L GAN was
trained on the real unpaired image data to model the image degrada-
tion process, and then paired LR and HR images were generated to
train another L2H GAN for real-world image SR, in an architecture
similar to Cycle-GAN [34]. Compared with the closely related work
by [5], we further proceed to develop the H2L and L2H-net into a
GAN Lmser, which is based on the CNN based Lmser architecture
in [14], and favorable natures of flexible Lmser, such as DBA and
DPN dualities, gating strategy, and so on [29], are implemented to
achieve better and more robust SR performance, even when the
training and testing datasets are unmatched.

3 METHOD
3.1 Overview of the GAN Flexible Lmser
As shown in Figure 2, the overall network architecture of the pro-
posed GFLmser mainly contains three parts, i.e., a H2L-net to esti-
mate the degradation process from HR images to LR ones, a Dis-
criminator to distinguish between the real LR images and the fake
LR ones mapped by the H2L-net, and a L2H-net to recover the LR
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Figure 2: An overview of the GAN Flexible Lmser network

images back to HR ones. Comparing to the closely related work in
[5], there are both shared ideas and critical differences.

Similar to [5], the H2L-net and the Discriminator actually form
a conditional GAN to estimate the H2L degradation mapping so
that the generated LR images are in the same distribution manifold
as the real LR images. The input concatenates two parts, i.e., an
HR image and a degradation matrix code of the same size as the
given HR input, and the degradation process generates the LR
image that is paired with the HR input, forming a training set of
paired images for the L2H-net. Each degradation coding matrix
is randomly sampled from the standard Gaussian distribution, in
order to generate diversified LR images for a given HR image input.

Different from [5], GFLmser is featured by three critical differ-
ences.

• The H2L and L2H-nets share the same architecture, as a
result of the DBA nature of Lmser. The basic building blocks
are also different in details.

• Skip connections are added from the H2L-net to the L2H-net,
in a symmetrical way with respect to the LR output/input
layer, as a result of the DPN nature of Lmser. This kind of skip
connections has also been found in U-Net for biomedical
image segmentation [22], in [20] for image SR. Here, we
further consider gating strategy to control the information
passing through the skip connections.

• No discriminator is considered for the L2H-net to distinguish
between the real highHR images and the fake ones generated
by the L2H-net.

Based on the DPN nature of GFLmser, shortcuts can be added
between the H2L-net and the L2H-net. In this paper, we consider
skip connections from the i-th layer in H2L-net to the (n − i)-th
layer in L2H-net, where the two layers are symmetrically paired
with respect to the LR layer, which is both the H2L output and
the L2H input. The skip connections pass the image details from
the features extracted at different levels by the H2L-net to the L2H

restoration at the same feature level, and this enhanced capacity
is beneficial to the SR performance. Also, skip connections help
tackle the problem of gradient vanishing, making the convergence
faster and more accurate.

We further consider to control the skip connections by a gating
strategy. The information propagated through the skip connec-
tions may not be equally important for the task of SR. For exam-
ple, the features maps at different layers, different convolutional
channels may contain redundant, noisy, low-frequency or high-
frequency information, and they may play positive, disturbed, or
negative roles in SR. Therefore, it is important to control the skip-
connections properly. We propose to gate the transmission by the
correlation coefficient between feature maps at the two ends of the
skip-connections. This gating modulates the strength of interaction
by enhancing the details with similar patterns from the left ends,
and ignores the noisy patterns or disturbance that deviates from
the L2H restoration. The strategy is simple and effective.

3.2 Low-to-High network (H2L-net)

Figure 3: The details of the H2L-net

As sketched in Figure 3, the architecture of the H2L-net consists
of two yellow Convolutional layers andM grey modules. Each grey
module contains N Basic Groups which has S Basic Blocks. Here
we setM = 7, N = 2 and S = 2. The network takes as the input x a
concatenation of an HR image IHR and a Gaussian random matrix
code z of the same size as the HR image, and outputs an LR image
OLR . The Gaussian code z is introduced to produce diversifiedOHR .
Specifically, the code z is concatenated as the fourth channel of ILR .

3.3 Discriminator
In the real-world applications, the available data are usually a set
of LR images, as the starting base, and a set of HR images as the
super-resolution standard. The Discriminator enables the H2L-net
to generate almost real LR image, by judging whether the generated
LR images come from the distribution of the real LR images. The
network details, shown in Figure 4, are similar to the discriminator
in [5]. The size of input LR image is 16 × 16, and the image size
is divided by two in the 5-th and 6-th block. At last we flatten the
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image and add a fully connected layer with a sigmoid activation
function.

Figure 4: The architecture of discriminator that distin-
guishes the real vs fake LR images generated by theH2L-net.

3.4 High-to-Low network (L2H-net)
The network structure of L2H is the same as the H2L-net. The
L2H-net works as an inverse of the H2L degradation process to
reconstruct the HR image from the LR ones. The two networks
tend to achieve an inverse mapping, IHR → ILR → ÎHR , which
could not be an exact mathematical identical mapping because the
dimensionality of ILR is lower than that of IHR . The details of the
L2H-net is given in Figure 5. It firstly transforms the LR image from
16 × 16 feature map into to 4 × 4 feature map. Then the image is
enlarged step-by-step with more details to an HR one.

Figure 5: L2H-net shares the same architecture as H2L-net.

3.5 Skip connections
We consider two kinds of skip connections, local or global. Local
skip connections are added to within each basic unit, as shown

in Figure 3&5, in the same way as the ResNet [11]. Global skip
connections are shown by the dashed lines in Figure 2, passing the
information from each layer of the H2L network to its correspond-
ing layer of L2H network in a way same as the fast lane Lmser
illustrated in Fig.5(f) and Table III in Ref.[29]. That is, suppose that
X (j) is the input to the (j + 1)-th group in the H2L-net and X̂(j+1)
is the input to the (j + 1)-th group in the L2H-net, the output from
the (j + 1)-th group to the j-th group in the L2H-net is given by

u(j+1) = sj+1
(
X (j) + X̂(j+1)

)
, (1)

where sj+1 denotes the computation by the (j + 1)-th group in the
L2H-net, and j is counting along IHR → ILR .

3.6 Gating Mechanism
The group skip connections given by Eq.(1) treat the pattern X (j)

from the H2L-net and the pattern X̂(j+1) from the L2H-net equally
and fuse them by addition. If the two patterns are irrelevant, the
pattern X (j) may disrupt the learned information flow ILR → IHR ,
making the learning unstable and reducing the capacity of recon-
structing the HR images by the L2H-net. Towards this problem,
we use a simplified fast-lane modulating strength tp in Table III of
Ref.[29], i.e., tp = tanh(γ ρ) is simply replaced by ρ such that Eq.(1)
becomes the following gating mechanism:

u(j+1) = sj+1
(
X (j) + ρ · X̂(j+1)

)
, (2)

where ρ is a mixing weight determined by the correlation coefficient
between X (j) and X̂(j+1),

ρ =
X̂T
j+1X

(j)

∥X̂(j+1)∥ · ∥X (j)∥
∈ [−1, 1]. (3)

as illustrated in Figure 6. When ρ ≈ 1, the two patterns are highly
correlated and then added together directly to enhance the direction
ILR → IHR . When ρ ≈ −1, they are added after correcting the sign.
When ρ ≈ 0, they are irrelevant, and the pattern X (j) is ignored.
In such a way, u(j+1) is dynamically modulated to enhance the
reconstruction.

Figure 6: A demonstration of the gating mechanism
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3.7 The loss function
The loss function for GFLmser consists of three parts, i.e., the tradi-
tional GAN loss, the LR pixel loss, and the HR pixel loss. For the
H2L phase shown in the left part of Figure 2, we adopt GAN loss
according to [10], as formulated below:

V (G,D) = Ex∼Pdata [loдD(x)] + Ex∼PG [loд(1 − D(x))]. (4)

Meanwhile, we use L2 LR pixel loss to ensure the content con-
sistency between HR and the LR images generated by H2L, i.e.,

L
(LR)
2 =

1
HW

H∑
i=1

W∑
j=1

((LRo )i, j − HR′
i, j )

2 (5)

where LRo and HR′ denote the output of H2L and down-sampled
HR image respectively, H ,W denote the height and width of the
output image respectively. For L2H phase, only L2 HR pixel loss is
used to optimize the reconstructed HR image quality via

L
(HR)
2 =

1
HW

H∑
i=1

W∑
j=1

((HRo )i, j − (HRl )i, j )
2 (6)

where HRo and HRl denote the reconstruction of GFLmser and HR
pixel, H ,W denote the height and width of the output image.

4 EXPERIMENTS
4.1 Settings
Datasets. Nowadays, many face data sets are publicly available.
Similar to [5], for H2L training set, we randomly choose 182, 866
face images from five datasets, including 60, 000 images from Celeb-
A [19], the whole AFLW dataset [16], parts of LS3D-W [4] and
91, 310 images from VGGFace2 [6]; Then, we randomly select 3, 000
images from 53, 254 Widerface [30] for testing and the rest for
Discriminator training dataset. DIV2K dataset [25] as training set
to test model robustness, details can be seen in Sec. 4.4.

Evaluation metrics. The HR results are evaluated with Peak
Signal-to-Noise Ratio (PSNR) and Frechet Inception Distance (FID)
[12]. The computation of PSNR requires paired HR and LR images,
and we compute PSNR based on LS3D-W subset and BSDS100
dataset [1]. We use FID [12] to measure similarity between HR
result and the real-world high-resolution images.

Models. To study the incremental effects of the skip connections
and the gating mechanism, we evaluate the following models:

• GFLmser (no skip): The GFLmser network in Figure 2 by
removing the skip connections between the computational
groups in the H2L-net and the corresponding paired ones in
the L2H-net.

• GFLmser (no gating): The GFLmser network with skip con-
nections by Eq.(1), but without gating.

• GFLmser : The GFLmser networkwith gated skip connections
by Eq.(2) and Eq.(3).

For comparisons, we also include Bicubic interpolation, SRGAN
[18], and Bulat et al.’s method [5], which is closely related to GFLmser.

4.2 Training Details
For H2L training, we concatenate HR images with size of 64×64 and
one Gaussian random coding matrix of the same size as HR image,
as input to the H2L-net in Figure 3. For each batch, we randomly

choose 128 HR images of the size of 64 × 64 and 128 LR images of
size of 16 × 16 as inputs to the H2L-net and Discriminator network
respectively. For L2H, in each epoch, we randomly choose 128 LR
images generated by the H2L-net of the size of 64 × 64 as the input
data. All Convolutional layers in Basic Block have the kernel size
3×3, zero padding, C=64 channels. The first and last layers, marked
yellow in Figure 3 and Figure 5, are used to convert the number
of channels, i.e., from 4 to 64, and from 64 to 3, respectively. We
use convolution to down-sample (kernel size 3), deconvolution to
up-sample (kernel size 4), with stride=2, padding=1. We set learning
rate to 0.001 and use Adam optimizer. Training roughly takes 30
hours with a Titan Xp GPU for 200 epochs. We implement our
GFLmser under the Pytorch framework. Publicly trained models
are taken for SRGAN1, Bulat et al.’s method2.

4.3 Results on face images
We evaluate the performance of GFLmser on LR face images, and
compare it with other related methods. For fair comparisons, we
adopt the same settings as in [5]. The results are shown in Table
1. The FID values are computed based on the an LR test set of
3, 000 images from Widerface dataset, which does not have paired
ground-truth HR images. The PSNR values are computed on 1000
test images from the LS3D-W dataset which contains Bicubic down-
sampled LR images. The results for CycleGAN, Bulat et al.’s method,
SRGAN, and Wavelet-SRNet are directly taken from the Table 1
in [5]. For GFLmser, since the exact set of 1000 test images was
not provided in [5], we compute the average PSNR by repeatedly
randomly sampling 1000 images from LS3D-W for 30 times.

It can be observed from Table 1 that, in terms of PSNR, GFLmser
without skip connections already outperforms CycleGAN, Bulat et
al.’s method, Wavelet-SRNet, and the performance is improved by
adding group skip connections as in Eq.(1), and further improved
a bit by gating the group skip connections as in Eq.(2) and Eq.(3).
The improvement from 26.76 to 26.87 is significant with p-value
< 0.01 according to both t-test and wilcoxon rank sum test, with
details in Table 2. In terms of FID, adding skip-connections makes
GFLmser achieve a much better score, which is reasonably small
when comparing to those FID values by CycleGAN and Bulat et al.’s
method, not so big as the one by Wavelet-SRNet, and the gating
strategy does not bring improvement for GFLmser on FID. PSNR is
controlled at the pixel level, not good for distorted reconstructions
by Bulat et al.’s method, while FID is controlled at the feature
level, not good for SRGAN with a high FID value perhaps because
the noise in the reconstructions by SRGAN perturbs the feature
extraction. The HR reconstructions by GFLmser are smooth and
not distorted, and thus achieve the best PSNR and reasonable FID.

We visualize examples of SR results in Figure 7. Consistent with
the PSNR values in Table 1, the GFLmser appears to have the best
quality, and removing skip connections deteriorates GFLmser to
have more blurred details. The SRGAN tends to add color details to
the white region in black-white images, a typical example shown
in the 3-rd column of the row by SRGAN, and the appearance of
the SRGAN results are not so smooth as the ones by GFLmser.
The results of Bulat et al.’s methods tend to reconstruct distorted

1https://github.com/brade31919/SRGAN-tensorflow
2https://github.com/jingyang2017/Face-and-Image-super-resolution
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Figure 7: Examples of super-resolution results by GFLmser, in comparisons with other related state-of-the-art methods.

faces when the face outlines are so blurred that the face region
is connected to other regions. Such typical examples can be seen
from the 4-th column, where the neck is mistaken as a part of face.
Among all the methods, Bicubic is the worst, and it barely improves
the original LR images, perhaps because the bicubic interpolation
is not suitable for real LR face images.

Table 1: Super-resolution results on the test set of face im-
ages in terms of PSNR and FID. For PSNR, the larger the bet-
ter; for FID, the smaller the better.

Method PSNR FID

Bicubic 22.10 241.76
SRGAN 23.19 104.80

CycleGAN 16.10 19.01
Bulat et al. [5] 19.30 14.89
Wavelet-SRNet 23.98 149.46

GFLmser (no skip) 25.19 51.62
GFLmser (no gating) 26.76 33.19

GFLmser 26.87 33.52

4.4 On unmatched training set and testing set
We test the generalization ability of GFLmser. Specifically, we train
GFLmser on the face image dataset as mentioned above in Sec. 4.1,

Table 2: Significance of the improvement from GFLmser (no
skip) to GFLmser (no gating) in terms of PSNR (mean±var).
The 1st row is computed on the union of 30 randomly se-
lected 1000 image sets from LS3D-W for GFLmser in Table 1.
The 2nd row is computed on the whole LS3D-W set.

sample
size

GFLmser
(no gating)

GFLmser
(full)

p-value
(t-test)

p-value
(wilcoxon)

7030 26.764±5.660 26.875±5.661 0.0057 0.0048
7144 26.762±5.659 26.873±5.660 0.0053 0.00448

and then test it on BSDS100 dataset [1], which contains images of
various styles, including landscapes, buildings, and so on. Other
methods are also treated similarly for comparisons. Examples of
the SR results are given in Figure 8.

We observe that GFLmser and Bicubic are much more robust
than SRGAN and Bulat et al.’s method. SRGAN adds each LR image
with a similar blurred colorful face, making the original content
of the LR input unrecognizable. Bulat et al.’s method is better than
SRGAN on the images with obvious stripe lines, but the restored
line tend to be distorted or curled. Bulat et al.’s method also tends
to add a face to the result, especially when the LR image has a close-
to-uniform background without clear stripe patterns. For all the
cases, GFLmser is very stable, and it transfers the HR reconstruction
ability but not the content trained on the face images. However,
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Figure 8: Performance of different models trained on the same face images data set, test them on other style images.
The first and last rows are paired LR and HR images, while from the second to fifth rows are the results of different models.

the performance of GFLmser is not so good as the case in Figure
7, perhaps because the H2L degradation process in the training
set is different from the one in the testing set. The corresponding
PSNR values of different methods trained on face images but tested
on BSDS100 dataset are given in Table 3. The PSNR results are
consistent with the above observations from Figure 8.

We also evaluate the performance of GFLmser by training on
images with diversified categories and testing it on face LR images.
We train GFLmser on the DIV2K dataset [25] whichwas described in
Sec. 4.1. DIV2K has 800 images, including not only face images but
also architecture, landscape, people, animal and so on. Examples
of the corresponding SR results are given in Figure 9. It can be
observed that the quality of the HR images generated by GFLmser
is higher than those by Bicubic. We also compute the PSNR on the
BSDS100 testset, and the PSNR by GFLmser is 26.40 dB, which is
higher than 25.96 dB by Bicubic interpolation operation. It should
be noted that the PSNR 26.40 by GFLmser is obviously higher than
the PSNR 24.49 by GFLmser, indicating that training on images that
are closer to the testing images indeed improves the results.

Moreover, we use the GFLmser that are trained on DIV2K dataset,
and test it on the previous face dataset LS3D-W, which are very
different from DIV2K. Actually, the face related images contained
in DIV2K are usually whole-body people, half-body people, side
face images, and so on, and are different from the face images as
demonstrated in Figure 7. The results in Figure 10 demonstrate
that GFLmser outperforms Bicubic by reconstructing high quality
super-resolution images,.

To summarize, GFLmser outperforms the state-of-the-art meth-
ods in terms of PSNR, and gets reasonably good performance in

terms of FID, for real-world LR face images. Moreover, GFLmser
is very robust when the training set and testing are not matched
in categories and styles. Therefore, GFLmser is able to transfer the
learned degradation process from one dataset to others, but not to
transfer the content to corrupt, distort the input LR image, or to
adulterate false content.

Figure 9: Performance on a wide variety of images.
The first and last rows are paired LR andHR images, the sec-
ond rowof images are generated byBicubic interpolation op-
eration, while the third row of images are GFLmser results.
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Figure 10: Performance on face images.
The first and last rows are paired LR andHR images, the sec-
ond row of images are generated by bicubic interpolation op-
eration, while the third row of images are GFLmser results.

Table 3: Average PSNR for methods trained on face images
but tested on BSDS100

Method Bicubic SRGAN Bulat et al. GFLmser

PSNR(dB) 24.30 12.19 18.00 24.49

4.5 Super-resolution to enhance face
recognition

We test whether the super-resolution output by GFLmser can en-
hance the performance of face recognition. We randomly choose
1000 images (250×250) of different people from the CASIA-WebFace
dataset [31]. The images are degraded by bicubic interpolation to
64 × 64 as the HR ground truth, and then to 16 × 16 as the LR input.
Taking the LR input, the SR output by Bicubic, Bulat et al.’s method,
and GFLmser, are used for the face recognition algorithm3. Exam-
ples are given in Figure 11. Two metrics, i.e., IoU (Intersection over
Union) and accuracy, were adopted to measure the performance.
IoU calculates the ratio of the intersection and union of the "pre-
dicted face border" and the "real face border", as demonstrated in
Figure 11. The larger IoU, the better face recognition. The accuracy
refers to the ratio of the number of recognized face images to the
total images. As shown in Table 4, GFLmser achieved higher IoU
and accuracy than other methods. The results by SRGAN in Figure
11 are not so good as in Figure 7, probably because the testing face
images are from CASIA-WebFace dataset that is not very similar to
face images in the training set.

5 CONCLUSION
We have proposed a GAN Flexible Lmser (GFLmser) network for
real-world image and face super-resolution. The H2L direction of
GFLmser captures the degradation process underlying the real-
world LR images, while the L2H direction of GFLmser, receiving
3https://pypi.org/project/face_recognition/

Figure 11: Face recognition improved by super-resolution.
The first and second rows are input LR images and the
ground-truth HR images with label of face border, the third
to the fifth rows are results by Bicubic interpolation, Bulat
et al.’s method, and our GFLmser.

Table 4: Results of face recognition. The LR input images can
not be recognized by the face recognition algorithm, so only
the results on the super-resolution output are reported.

Method IoU accuracy

SRGAN 0.52 0.545
Bicubic 0.531 0.561
Bulat et al. 0.73 0.793
GFLmser (no gating) 0.994 0.997
GFLmser 0.998 0.999

features at different levels through the gated skip connections from
the H2L-net, restores the details back to super-resolution. Experi-
mental results indicate that the proposed GFLmser outperforms the
state-of-the-art methods in terms of PSNR, and achieves reasonably
good FID values, for real-world face LR images. Moreover, GFLmser
is more robust than other methods when the training dataset and
the testing dataset are not matched in categories, styles, and so
on, and thus GFLmser is able to transfer the learned degradation
process from one dataset to others, but not to transfer the content
to corrupt, distort the input LR image, or to adulterate false content.
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