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ABSTRACT

Single Image Super-Resolution (SISR), which refers to an
important technique of image processing, aims to enhance
the resolution of a image or video in computer vision. With
the help and support of deep learning, a remarkable progress
has been made especially in the last decade. Various types
of super-resolution deep networks has been innovated in
order to achieve higher-resolution images with more de-
tails. In this project, we choose two successful and rep-
resentative networks among them as our models, which
are Super-Resolution Convolutional Neural Network (SR-
CNN) and Enhanced Deep Residual Networks for Single
Image Super-Resolution (EDSR). Public datasets for super-
resolution benchmarks, T91, Set5 and Set14 are demonstrated
to train those two networks.

Index Terms— Single Image Super-Resolution, computer
vision, SRCNN, EDSR

1. INTRODUCTION

Super-resolution (SR) techniques have played critical roles in
the fields of image processing, computer vision and optical
imaging, etc. In accordance with the advanced development
with high demanding requirements for the quality of images
or videos, it has attracted much more attention and tremen-
dous innovations in terms of models have been produced in
the past decades. [7] [1]

Aside from that, many marvelous achievements and ad-
vanced facilities have been also made to overcome the de-
fects of an imaging system. For instance, confocal imaging
and near field scan optical microscopy are somehow able to
solve the problems of aberration and optical diffraction limit,
however, both of them are not easily manipulated and time-
consuming to take photos with high quality as well. Fortu-
nately, as a complementary, the super-resolution (SR) tech-
niques enable us to somehow efficiently overcome those dif-
ficulties. In 2017, a group of researchers proposed a deep
learning microscopy with the help of convolution neural net-
works, which demonstrates great potential applications of the
SR techniques in optical imaging.

Generally, SISR aims at recovering the corresponding
high-resolution (HR) image from the low-resolution (LR)
image. The ultimate task is to construct a model that recon-

structs better-quality HR images with the support of deep
learning networks and with the demonstration of training
datasets since the conventional upsampling methods such as
bicubic, bilinear, nearest-neighbor interpolations does not
perform quite well and can not produce as much details
as possible. Nowadays, there are a variety of state-of-the-art
deep learning models that are implemented in the SR settings,
which are primarily emphasized in the following section.

2. RELATED WORKS

It has achieved remarkable progress in image super-resolution
techniques in recent years and a variety of state-of-the-art SR
methods are proposed by using deep learning, which turns
out to improve the performance of image enhancement sig-
nificantly compared to the conventional ones.

To review those relative works completed in the SR field,
we summarize the essential components of those deep net-
works such as SR frameworks, upsampling methods and net-
work designs even though each individual network has differ-
ent architectures.

Performing upsampling is the key problem in super-
resolution, which results that SR frameworks primarily
are categorized as two types, pre-upsampling and post-
upsampling. Pre-upsampling super-resolution uses traditional
upsampling methods that upsample the LR images first and
then feeds the upsampled images into the deep networks. The
networks such as SRCNN and VDSR are the examples of
pre-upsampling frameworks. In contrast, post-upsampling
networks perform the deep networks first on LR inputs and
then upsample the features before generating the HR outputs.
FRCNN is one of the examples of this type of framework.

Upsampling methods also have a big impact on the per-
formance of the networks. The conventional upsampling
methods are bicubic, bilinear and nearest-neighbor interpola-
tion. Furthermore, learning-based upsampling methods play
much more vital roles than the traditional ones. Sub-pixel and
transposed convolutional layers are the two major methods in
learning-based upsampling.

Network designs are the foremost parts of deep learn-
ing. Different kinds of network design strategies in the SR
field are proposed on top of aforementioned SR frameworks.
One of the widely applied networks is the residual network,
proposed by ResNet, which uses skip connections in the net-



works. Networks such as SRResNet and EDSR successfully
use residual networks to achieve a remarkable performance.
Recursive networks such as SRCNN, DRCN and DSRN, etc
are also introduced into the SR field. Other network designs
such as dense connections, channel attention and group con-
volution, etc are commonly used to solve the SR problems as
well. [6] [4]

3. PROBLEM SETTING

3.1. Problem Definition

Given a LR image Ix, image super-resolution aims at recov-
ering its corresponding HR image Iy . In general, the relation
between Ix and Iy can be expressed by the following degra-
dation operation:

Ix = D(Iy;β), (1)

where D is a degradation mapping function and β is the pa-
rameters of the degradation process such as scaling factors or
noise.To recover a ground truth HR image Iy , we propose the
SR methods to generate its approximated HR image, denoted
as Îy , from the LR image Ix in the way of following:

Îy = F(Ix; θ), (2)

where F is the super -resolution model and θ represents the
parameters of F . The objective of SR is as follows:

θ̂ = arg minθL(Iy, Îy) + λR(θ), (3)

where L(Iy, Îy) is the loss function between Iy and Îy and
λR(θ) is the regularization term. Generally, pixel loss, con-
tent loss and adversarial loss are commonly used as loss func-
tions.

3.2. Dataset

A variety of public datasets, illustrated in Figure 1, are avail-
able online for image super-resolution with different image
amounts, qualities and resolutions, etc. Some of them provide
the paris of HR and LR while others only offer HR images,
also referred as ground-truth images.

Each year, the New Trends in Image Restoration and En-
hancement (NITRE) challenge is hold to award the best train-
ing models performing on the dataset called DIV2K that con-
sists of the pairs of HR and LR images where LR images are
modeled by downsampling HR images with scaling factor of
2, 3 and 4 with different methods such as bicubic interpolation
and unknown degrading methods. Network structures such as
SRCNN and EDSR that we use throughout our project are the
winners of the NITRE challenge in recent years.

Due to the computational limits of our devices, the DIV2k
dataset is not demonstrated in our project as it has an average
of over 250,000 pixels in each image, which requires tons of
training time. Instead, we use the dataset called T91 with

Fig. 1. A list of public dataset available for image super-
resolution benchmarks

91 HR images as our training dataset as well as the datasets
called Set5 and Set14 as our testing dataset.

Since those three datasets, T91, Set5 and Set14, only con-
sists of HR images, we have to manually generate the LR
images by using the downsampling method of bicubic inter-
polation with a scale factor of 2.

3.3. Metrics

In the SR field, metrics or loss functions are used to evaluate
the reconstruction error between Iy and Îy . In early stages,
L1 and L2 loss are commonly employed, which are our pri-
mary focus in this section. Aside from that, we demonstrate
another metrics, PSNR, that is widely used to measure recon-
struction quality of compressed or encoded images.
L2 & L1 Loss. L2 and L1 Loss, also known as the mean

squared error (MSE) and mean absolute error (MAE) loss re-
spectively, are served as pixel loss in the SR settings and intu-
itively calculate the differences between two images in terms
of the pixel intensities. They can be expressed as follows:

MAE = L1(Îy, Iy) =
1

hwc

∑
|Îy − Iy|2, (4)

MSE = L2(Îy, Iy) =
1

hwc

∑
(Îy − Iy)2, (5)

where h,w, c are the height, width and color channels of the
evaluated image. Iy and Îy are the ground-truth HR image
and estimated HR image respectively based on Equation (2).

PSNR. Peak signal-to-noise ratio (PSNR), defined via the
MSE, can be applied as a quality metric in image processing.
It can be calculated as:

PSNR = 20 · log10
MAXp√
MSE

(6)

where MAXp represents the largest pixel value in the image.
For example: for 8-bit images, this value will be 255.



4. MODELS

In recent years, variety of convolutional neural networks have
been innovated and turned out to be successful. We choose
two revolutionary network designs, SRCNN and EDSR, as
our models to demonstrate the given dataset.

4.1. SRCNN

The Super-Resolution Convolutional Neural Network, abbre-
viated as SRCNN, is the first successful models towards using
only convolutional layers for super-resolution. [2]

SRCNN is an early upsampling (pre-upsampling) super-
resolution design that first upsamples the LR images to coarse
HR images with desired size by using bicubic interpoloation
method and then reconstruct the HR images with high-quality
details by using deep network. SRCNN implements end-to-
end mapping from LR images to HR images and the network
structure only has three convolutional layers and two ReLU
layers, stacked together linearly. The sturcture of SRCNN is
demonstrated in Figure 2.

Fig. 2. The SRCNN architecture

The first convolutional layer, termed as patch extraction,
creates the feature maps from the LR input images. Stacked
with ReLU activation function, it can be expressed as

F1(x) = max(0, w1 ∗ x+ b1) (7)

where x is the upsampled LR (coarse HR) image, ∗ repre-
sents the convolution operation and w1, b1 are the convolu-
tional kernel and bias respectively.

The second convolutional layer, named as Non-linear
mapping, aims to map the low-dimensional features to high-
dimensional features vectors. Performed on the basis of
feature extraction with ReLU activation, it can be formulated
as

F2(x) = max(0, w2 ∗ F1(x) + b2) (8)

The third convolutional layer, called image reconstruc-
tion, aggregates the feature maps in order to generate the HR
images. Performed on the basis of non-linear mapping with-
out ReLU activation function, it can be described as follows

F3(x) = w3 ∗ F2(x) + b3 (9)

The size of the convolution kernels are c × f × f × n
where c is the number of channels, f is the filter size and
n is the number of filters. The kernels w1, w2, w3 that are
used in those three convolutional layers are 1 × 9 × 9 × 64,
32× 5× 5× 32, 32× 5× 5× 1 respectively.

4.2. EDSR

As an extension of our project, we implement an enhanced
deep super-resolution network (EDSR) to deal with the set-
tings of super-resolution of which the structure is illustrated
in Figure 3. [3] [5]

Fig. 3. The EDSR architecture.

In contrast to SRCNN that is a linear network, EDSR is
a residual network using skip connections in the network de-
signs. It is a modified version of ResNet and SRResNet where
ResNet is a network originally aiming to deal with image
classification and SRResNet is a similar network as ResNet
but copes with SR settings. By refining SRResNet, EDSR
achieves a better performance and reduces GPU memory us-
age sufficiently. For instance, it removes the batch normal-
ization in the residual blocks of SRResNet. A comparison of
residual blocks in ResNet, SRResNet and EDSR is shown in
Figure 4. Residual scaling with factor 0.1 is applied at the
residual path before adding back to the convolutional path.

Fig. 4. Comparison of residual blocks in original ResNet
(left), SRResNet (middle), and EDSR (right).



As shown in Figure 3, instead of applying pre-upsampling
design that SRCNN uses, EDSR implements post-upsampling
design by adding sub-pixel convolution layers as upsampling
layers right before generating the final HR outputs. Specifi-
cally, it uses a single upsampling layer for upsampling factors
×2, ×3 and two upsampling layers for scale ×4.

5. RESULTS

For the SRCNN model, Adam is used as the optimizer with
a learning rate of 0.003 and MSE/L2 loss is employed as the
loss function during the period of training. It takes approx-
imately 4 hours to complete training. The LR images are
downsampled using bicubic interpolation with a scaling fac-
tor of 2 from the HR images.

Two images, named as ”bridge” and ”bird” from testing
datasets are chosen to evaluate how the SRCNN model per-
forms as shown in Figure 5. We compare the reconstructed
HR images to the ground-truth and upsampled image by bicu-
bic interpolation. Due to the space limits, it is somehow diffi-
cult to directly visualize the differences between those im-
ages, however, we are able to clarify the numerical differ-
ences between them by employing the MSE and PSNR met-
rics aforementioned in section 3.3.

For ”bridge” image, the MSE and PSNR values between
ground-truth and bicubic image are 495.8591 and 25.9484
respectively whereas the MSE and PSNR values between
ground-truth and reconstructed image are 348.8953 and
27.4751 respectively. Similar numerical results are achieved
when testing the ”bird” image that reconstructed images have
higher PSNR and lower MSE compared to the bicubic image.

Fig. 5. Results from SRCNN with ground-truth (left), bicubic
(middle) and reconstructed image (right).

To better visualize the comparisons, by cropping the im-
ages in Figure 5 with a block size of 200 × 200 and the same

center, we acquire magnified versions of those two images,
which illustrated in Figure 6. As one can see, the recon-
structed images demonstrate a noticeable advantage in com-
plex edge restoration compared to the bicubic images.

Fig. 6. Zoom-in versions for the specific area in Fig.5

Aside from that, EDSR also enables us to check its re-
covery performance. However, we only use the pre-trained
weight matrices available online to generate the HR images
by using the parameters of 16 residual blocks and scaling fac-
tor of 4. The sample result is shown in Figure 7.

Fig. 7. Results from EDSR.

6. FUTURE WORK

Since every member in our group is interested in the SR field,
we desire to implement more super-resolution techniques
existed for a better understanding of how those networks
actually work and why they have a such high performance.
We later will implement the state-of-the-art network, GAN,
demonstrated on the DIV2k datasets.
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