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1. Abstract

mize MSE since it’s also optimized PSNR metric, which is
commonly used to measure image quality. However, PSNR
and other popular metrics SSIM have the main drawback:
its value is not always well correlated with human judgment. In other words, for human, the reconstructed image
with high metrics values doesn’t necessarily look better than
the image with lower metrics values. An example of this is
shown in Figure 1, where the image with highest PSNR is
not the best in terms of quality. And since MSE is mean the
difference between pixels, it’s common for models which
trained to minimize MSE to produce over-smoothed images.

Single image super-resolution is an approach for improving imaging system. Recently, models based on convolutional neural networks, specifically designed for this
task, became a topic of research and shown great results.
Models based on convolutional neural networks outperform
other approaches in terms of image quality metrics such as
peak signal to noise ratio (PSNR) and structural similarity
(SSIM). The perceptual image quality of resulting superresolved image is principally dependant on choice of a loss
function, which is optimized during model training. Recent
work is largely based on optimizing mean squared reconstruction error. Such loss does improve wieldy used image
quality metrics. But this reconstruction metrics like PSNR
and SSIM may not capture fine details in the image and
give high scores to images with unsatisfying quality. Most
recently model based on generative adversarial networks
(GAN) was proposed for the task. In GANs settings adversarial loss, pushes the reconstructed image to natural image
manifold using a discriminator model. The adversarial loss
is combined with reconstruction loss to limit model ”fantasy”. The discriminator model main task is to differentiate
between low-resolution images, which were super-resolved
and high-resolution images. Extensive quality testing including metrics with a use of human opinion had shown that
this approach generates more pleasant images. The goal of
this project is to implement super-resolution model based
on GAN and test quality of image reconstruction.

2. Introduction

(a) Bicubic 33.45/0.9476

(b) ESPCNN 36.45/0.951

(c) GAN 35.2/0.94

(d) Original image

Figure 1. Figure 1: From left to right: bicubic interpolation, efficient sub-pixel convolutional network optimized for MSE, deep
residual generative adversarial network optimized for a composite loss. Corresponding PSNR and SSIM are shown in brackets.
Image is a frame 3498 from Sintel CGI movie (x2 upscaling)

Recently task of super-resolution received substantial attention from researchers within machine learning community [10, 15, 14, 2]. This task has a broad range of applications in medicine, cosmology, computer graphics, etc. The
task of super-resolution is highly challenging and ill-posed.
The main challenge for upscaling algorithms is to reconstruct image texture detail. Commonly, mean squared error
loss (MSE) is chosen for optimization. This loss is measured between pixels of high-resolution original and upscaled low-resolution counterpart. It’s convenient to opti-

In this project, we focus on a model described in [10],
which is super resolution generative adversarial network
(SRGAN). As a generator in this model, we employ deep
residual network (ResNet) with skip-connection. We focus
on composite loss, which consists of content loss (we use
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MSE for this part) and adversarial loss, which is produced
during a min-max game between generator and discriminator models.

3. Related work
Most basic way to approach super-resolution problem is
filtering approach, using linear or bicubic, or Lanczos [4] filters. These algorithms are based on the idea of pixel neighborhood similarity, they are very fast. Their main problem
is that they over-simplify the problem and produce oversmoothed images.
Machine learning based approaches are require training data. As training data usually pairs of low and highresolution images are used. Recent popular approaches
can be classified into edge preservation [17], image-statistic
based [19, 7] and patch based [20, 12, 18].

Figure 2. Multiple potential solutions are averaged to produce
MSE smooth reconstruction.

Described problem can be tackled with generative adversarial networks. GAN’s are successfully used for image
generation[6], style transfer[11], inpainting[3], etc. Augmentation of pixel-wise MSE loss with an adversarial loss
from discriminator makes generated images visually superior to images generated by models, trained to optimize only
MSE.

One of the most popular approaches is sparse coding.
This approach assumes, that images can be sparsely represented by a dictionary of atoms in some transformed domain [5, 13]. The dictionary is learned during the training
process. The main drawback is that optimization algorithm
used for training are computationally expensive.

4. Approach

Image super-resolution with the use of neural networks
became popular recently. Neural network based solutions
require big datasets, like ImageNet in order to infer mapping between low-resolution and high-resolution images.
Most notable models are [2, 15, 8, 9]. In this papers, different architectures of neural networks and losses for optimizations are proposed. In architectures of convolutional
neural networks, geared for super-resolution, a usually first
step of image processing is computationally cheap image
upscaling. Commonly, in this step bicubic filtering is used.
Behind this approach is an idea, that neural network will be
able to learn a way to ”fix” bicubic filtering and produce
a higher quality super-resolved image. In [15] different, yet
similar model proposed. This model utilizes novel sub-pixel
layer, such approach computationally more efficient than
previously proposed models. The main idea behind this architecture is that image filtering better than bicubic filtering
can be learned during the training process and there is no
need to work in high-resolution space, all work can be done
efficiently in low-resolution space.

In the problem of single image super-resolution main
task is to estimate I HR from its low-resolution counterpart
I LR . During training pairs of images (I LR , I HR ) are used
by backpropagation algorithm to optimize network weights.
Training dataset usually obtained from high-resolution images, by applying a Gaussian filter to I HR , followed by
downsampling operation with factor k. Image I LR described by a tensor of size HxWxC, image I HR described
by the tensor of size kHxkWxC, where C - the number of
color channels.
Generator function G estimates I HR from I LR . This
function is parametrised by θG , where θG = W1:L , b1:L .
This denotes weights and biases of L - layer deep neural
network. The parameters are obtained during backpropagation. To achieve good reconstruction of I HR we need
specific loss function lSR , which can be minimised using
backpropagation. We can summarise our objective:

θ̂G = argmin

Minimizing MSE makes the final solution to be an average of plausible solutions. This means that final solution
will be over-smoothed and may not be perceptually satisfying [8, 1, 3]. Illustration of this problem presented in figure
2.

θG

N
1 X SR
l (GθG (InLR ), InHR )
N n=1

where InLR , InHR - training images from a dataset of size
N. lSR is composite loss and has two parts: content loss and
adversarial loss.
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Figure 3. Architectures for generative network GθG and for discriminator network DθD

Discriminator network DθD is optimised in alternating
manner, with GθG . This approach is used to solve adversarial min-max problem:

Perceptual loss is formed as weighted sum of content
loss and adversarial loss:
SR
SR
lSR = lContent
+ 10−3 lAdversarial

min max EI HR ∼ptrain (I HR ) [logDθD (I HR )]+
θG

Content loss is pixel-wise difference between superresolved and original image:

θD

EI LR ∼ptrain (I LR ) [log(1 − DθD (GθG (I HR )))]
The main goal is to train generator such that it is able
to fool discriminator model by producing super-resolved
images indistinguishable from real high-resolution images.
The main idea of the discriminator is to learn to differentiate super-resolved images from real high-resolution images.
This approach makes super-resolved images more similar to
real images.
Generator network consists of B residual blocks, architecture is depicted in figure 3. The single block consists of
two convolutional layers with 64 kernels of size 3x3. Feature maps are followed by batch normalization and ReLu
non-linearity. Image resolution is increased with the use of
single or two sub-pixel layers.
The architecture of discriminator network is depicted in
figure 3. As non-linearities we can use ReLu or LeakyReLu.
The model has 8 layers, with kernels of size 3x3. Layer
depth increasing from beginning to an end with the x2 factor, from 64 to 512, similarly to VGG architecture [16].

SR
lContent
=

rW X
rH
X
1
(I HR − GθG (I LR )x,y )2
r2 W H x=1 y=1 x,y

This loss will allow us to achieve high PSNR levels. To
improve perceptual quality of upscaled images, we will add
adversarial loss:
SR
lAdversarial
=

N
X

−logDθD (GθG (I LR ))

n=1

This loss pushes upscaled image closer to manifold of
natural images. Here DθD (GθG (I LR )) is probability, that
upscaled image is a natural image. Instead of log(1 −
DθD (GθG (I LR ))) we will minimise −logDθD (GθG (I LR ))
as discussed in [6] it improves gradient behavior.
Also additional loss, which was tested is least squares
GAN (LS GAN):
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Figure 4. Discriminator and generator loss for simple GAN loss

Figure 5. PSNR and SSIM metrics for simple GAN loss

SR
lAdversarial
=

the downscaling function should be dictated by domain of
model deployment. Following results are obtained for the
Gaussian filter with downsampling as a downscaling function.
For model performance testing we chose BSD100
dataset. All experiments were performed with factor x2.
For reference, we compare our GAN based model with
bicubic and ESPCNN models.
As metrics we used two most popular image reconstruction metrics: PSNR and SSIM. PSRN metric can be calculated using MSE:

N
1X
(1 − DθD (GθG (I LR )))2
2 n=1

5. Experiments
5.1. Data and metrics
As training dataset, we used a sample of 50000 images
from ImageNet. During training these images were converted into a YCrCb format, normalized and sliced into tiles
of size 64x64. To create pairs of (I LR , I HR ) for training,
different downscaling functions could be applied to downscale original image. Gaussian filter with downsampling
simulates low-resolution imaging system, while max(X),
where X is a block of 4 pixels is a just simple approach to
creating training set. During experiments we tried both and
established that model does well in both cases. Choice of

P SN R = 20 log10 (M AXI ) − 10 log10 M SE
with M AXI - a max level of intensity, usually 255.
SSIM metric is calculated on various windows of an image. The measure between two windows x and y y of common size N x N is:
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Figure 6. Discriminator and generator loss for LS GAN loss

Figure 7. PSNR and SSIM metrics for simple LS GAN loss

SSIM (x, y) =

mized. This period is active in first 5000 steps after 5000
steps are done, discriminator becomes active.

(2µx µy + c1 )(2σxy + c2 )
(µ2x + µ2y + c1 )(σx2 + σy2 + c2 )

5.3. Training process

with c1 and c2 - two variables to stabilize the division
with weak denominator. µx , µy - average value for window.
σx2 , σy2 - variance value for window. σxy - covariance for
windows x and y.

To make sense of what is going on during training we
monitored discriminator and generator loss, as well as image quality metrics like PSNR, SSIM. On figure 4 and 6
we can see plots of discriminator and generator loss, during training for simple GAN loss and for LS GAN loss. On
figures 5 and 7 we can see plots of images quality metrics,
measured on validation set. It seems that LS GAN provides
better convergence properties and less noisy.

5.2. Training details
All networks were trained on Nvidia P40 GPU. As a
framework to implement model we used Tensorflow 1.1.
Our generator network has 5 residual blocks. For optimization, we use Adam for both generator and discriminator.
Learning rate for both models was set to 10−4 . Batch size
was set to 256 tiles, weights updates are alternated. The
generator has warmup period when only MSE loss is opti-

5.4. Model performance
Model performance is measured on BSD100 dataset.
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(a) Bicubic 35/0.97

(a) Bicubic 21.6/0.74

(b) ESPCNN 23.8/0.753

(c) GAN 23.1/0.72

(d) Original image

(b) ESPCNN 38.4/0.976

Figure 10. Comparison of upscaled images

(c) GAN 35.1/0.975

(d) Original image

Figure 8. Comparison of upscaled images

(a) Bicubic 27.4/0.9

(a) Bicubic 35.1/0.94

(b) ESPCNN 37,2/0.945

(c) GAN 34.5/88

(d) Original image

(b) ESPCNN 32.6/0.946

Figure 11. Comparison of upscaled images

Model
Bicubic
ESPCNN
GAN
(c) GAN 32.5/0.93

(d) Original image

PSNR
25.94
26.71
25.66

SSIM
0.6606
0.7312
0.658

Table 1. Average values of image quality metrics for BSD100

Figure 9. Comparison of upscaled images

6. Conclusion
In this project we implemented generative adversarial
network to solve task of super-resolution. We gained practi6

cal experience with model training and GANs hyperparameters tuning. We obtained reasonably good results in terms
of image reconstruction metrics. We established that GANs
model ”babysitting” is a challenging task, because GANs
training process is somewhat unstable and unpredictable.
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