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ABSTRACT

Super-resolution (SR) aims to produce a higher resolution image containing more
details than the original image. The amount of pixels is easy to add with simple
interpolation methods, but the amount of details does not increase. To overcome
this limitation single image super-resolution (SISR) was introduced, which aims
to recover the high-resolution (HR) image from the low-resolution (LR) images.

Convolutional neural networks (CNN) have become an essential method
in machine learning. With the growth of CNN, super-resolution solutions
have grown immensely. In this work, a broad review is done on neural
network methods designed for super-resolution. Four methods are chosen by
their originality and different architectural choices, implemented in PyTorch
framework. The models are already trained with public datasets, and the pre-
trained models are used for the evaluation. The evaluation is done by analyzing
the results with qualitative and quantitative methods.

All the methods are tested with public datasets and a private dataset called
Hiottu-1, including a wood surface images with different defect types. The
evaluation is done based on their image quality and inference time. Peak signal-
to-noise ratio (PSNR) and structural similarity index measure (SSIM) metrics are
used for quality evaluation, and the inference time is measured by how fast the
model generates the output result of test image.

The chosen methods improved the image qualities of test images in each
datasets. The best perfoming ones were swin image restoration (SwinIR) and
pixel attention network (PAN) methods. SwinIR had better PSNR and SSIM
values than PAN method and results were pealing to human eye. The inference
time of SwinIR is slow, therefore the best possible application would be offline
usage. The PAN method had impressing results and its inference time enables the
real-time application usage.

The SwinIR performed extremely well on Hiottu-1 dataset, with increasing the
image quality of defect types and reducing noise overall. The PAN method got
high metrics values on Hiottu-1 dataset, although the results were not as pealing
as the SwinIR. In the wood manufacturing inspection side, the SwinIR could be
utilized on slow production line with high defect detection accuracy, while the
PAN method could be utilized on faster production line.
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FOREWORD

I was working at Hiottu Oy from early 2018 till today. Few years forward I asked
about thesis possibility and couple months later they offered me thesis related to super-
resolution. At that time the topic was not that familiar, but after some research about
super-resolution I was really into the topic.The topic did not belong to my major which
is applied computing, which made me bit worried of how I would succeed. My passion
for learning about neural networks overall was the main reason for accepting the topic.

I had two supervisors one from University of Oulu Jaakko Suutala and another from
the Hiottu Kari Lampinlampi. Pekka Siirtola was the second examinator. While doing
my thesis mainly on my freetime, the process took some time. So I would like to thank
my supervisors for the support.

Oulu, December 2nd, 2022

Nechir Salimi



LIST OF ABBREVIATIONS AND SYMBOLS

ANN artificial neural network
CAR content adaptive resampler
CNN convolutional neural network
DFT discrete Fourier transform
DWT discrete wavelet transform
EDSR enhanced deep super-resolution network
ESPCN efficient sub-pixel convolutional neural network
ESRGAN enhanced super-resolution generative adversarial network
GAN generative adversarial network
HR high-resolution
HVS human visual system
IBP iterative back projection
IDFT inverse discrete Fourier transform
JPEG joint photographic experts group
LR low-resolution
MAP maximum a-posteriori
MISR multi-image super-resolution
ML maximum likelihood
MP megapixel
NLP natural language processing
NN nearest neighbor
PA pixel attention
PSNR peak signal-to-noise ratio
ReLU rectified linear units
ResNet deep residual neural network
RSTB residual swin transformer block
RRDB residual-in-residual dense block
SC-PA self-calibrated convolution
SISR single image super-resolution
SN spectral normalization
SR super-resolution
SRCNN super-resolution convolutional neural network
SRGAN super-resolution generative adversarial network
SRResNet super-resolution deep residual network
SSIM structural similarity index measure
STL swin transformer layer
SwinIR swin image restoration
U-PA upsampling block

WDD-DL wooden panel defect detection using deep learning
~ convolution operation
↓s downsampling operation with factor value
ε added noise
x input vector
w weight vector
b bias value



k kernel size
p padding value
s stride value
µ mean values
σ variance values
f(x) activation function
f ’(x) activation’s derivative function
l(x,y) luminance measurement function
c(x,y) contrast measurement function
c(x,y) structure measurement function



8

1. INTRODUCTION

Digital imaging has become a part of our daily lives, and the field keeps growing
more and more. Even though technology has evolved immensely and provides us with
higher image qualities than ever, we would not say no to better. In digital imaging
applications, super-resolution has been one of the hottest topics. Super-resolution
is commonly used in computer vision to improve image quality for better pattern
recognition and performance in image analysis [1]. They are offering more textual
and detailed information to humans, which could help for better decisions depending
on the use case. Nowadays, there is a wide range of applications such as medical
imaging, surveillance, and satellite imaging [1].

In terms of photography, a resolution has a few different meanings. In terms of
image resolution, it is referred to as pixel resolution, which is the number of pixels
in the image. Typically the image resolution is defined as vertical and horizontal
measurements with certain bits per pixel, and by multiplying the measurements
together, the output would be total size for example in megapixels (MP). MP have been
used for measuring the quality of the camera. Each pixel in the image has a vector of
values eg. RBG. Therefore, the more pixels are in the image, the greater possibility
of achieving a more detailed image. In digital imaging, we can increase the size of
the image to a higher resolution by interpolation methods. As a standalone method,
interpolation is not considered a super-resolution method. While we are achieving
more pixels in the image, the image appears blurry, and the amount of details in the
image stays the same.

Super-resolution aims to overcome the above limitations and produce a higher
resolution image, which contains more details than the original image. Single-image
SR (SISR) and multi-image SR (MISR) are the two main methods. In the applications,
the input is usually a single LR image, which has led to the constant development
of single image super-resolution methods. In the SISR, the single image used for
reconstructing the HR image has limited information available, affecting the output
HR image. The MISR considers multiple images with the same or different sensors
for constructing the HR image. Due to its applicability, the growth has not been
significant in the MISR field. The biggest advantage of MISR over SISR is obtaining
more information about the same scene and having higher possibility of reconstructing
more detailed output image.

Convolutional neural networks (CNN) have become one of the most important
aspects of deep learning. CNN have emerged from artificial neural networks (ANN)
[2], which have inspired by brain functionality [3]. CNN’s popularity skyrocketed
after Alex Krizhevesky proposed AlexNet with a wider CNN model, which performed
better than any machine vision and traditional machine learning approaches in terms
of recognition accuracy [4]. Super-resolution convolutional neural network (SRCNN)
was the first CNN-based solution for resolving the SISR problems, which was
introduced by Dong et al. [5]. The similar concept is adapted in chosen methods
with by having rich feature extraction and having up-sampling block by the end of the
model.

One interesting application would be to utilize SISR in wood defect detection. Wood
defect detection on solid wood surfaces is an intriguing and challenging topic. The
main challenges are real-time performing application with poor detection accuracy
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and defect extraction process being complicated [6]. Some defect types are more
challenging to detect because of their complex and diverse qualities. Instance and
semantic segmentation has already been applied to detecting the defect types. By
applying super-resolution to the image, these types are enhanced, and the recognition
rate would also increase. Yao et al. [7] combined the super-resolution method with
the deep learning detection method for increasing fabric defect detection. The same
concept could be applied to wood surface defect detection.

In this work, the state of the art of single image super-resolution methods are
evaluated on public datasets and a private dataset called Hiottu-1, which consists
of multiple images of wood surfaces, including various defect types. The common
defect types in the Hiottu-1 dataset are dead-knot, prune knot, wane, and decay. The
main research questions are, how much the image qualities are improved with these
particular neural network-based models, and what application usage each method will
provide in terms of performance and inference time.
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2. BACKGROUND

2.1. Problem Formulation

The process of super-resolution is recovering the high-resolution image from the
given low-resolution image. The LR image ILR is often reproduced by degradation
operations such as blurring or adding noise to the original image. The following
function is the degradation process of how the ILR is obtained [8] [9]:

ILR = (IHR ~ k) ↓s +ε, (1)

where:

IHR : HR image
~ : convolution operation
k : blur kernel
↓s : downsampling operation with scale factor value
ε : added noise.

The LR image is extracted by applying the degradation operations on the high-
resolution image. The super-resolution image is obtained by having the inverse
function of degradation that would be applied to the LR image for generating the HR
image. From a single LR, multiple SR images could be generated. Since knowing the
deterministic mapping of inverse degradation is impossible, this function is an ill-posed
problem [9].

2.2. Frequency Domain Super-Resolution

One of the earliest works on super-resolution field was using the frequency domain
transformation. In 1984, Huang and Tsai [10] proposed a frequency domain super-
resolution by combining multiple LR images for creating SR images. In the frequency
domain approach, the input images are transformed to the frequency domain where the
HR image will be estimated, and the reconstructed HR image will be transformed back
to the spatial domain [11], as shown in Figure 1.

The transforming algorithms are divided into Fourier transform-based and Wavelet
transform-based methods. Huang and Tsai used Fourier transform-based for super-
resolution solution, where the LR images are converted to the discrete Fourier
transform (DFT) domain [11]. This is done with the shifting property of the Fourier
transform and the aliasing relation between LR input images and the HR output image.
For converting the images back to the spatial domain, inverse DFT (IDFT) is applied
to HR image [11]. Since the Fourier transformer has a shifting property, the better the
motion estimation used on LR images, the better SR image quality could be estimated.

Demirel and Gholamreza [12] proposed a method in which discrete wavelet
transform (DWT) was applied to the LR image to get different high-frequency sub-
band images. The high-frequency sub-band images go through stationary wavelet
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Figure 1. Typical frequency domain, where the LR images are transformed into
frequency domain and after reconstruction the HR image is transformed back to spatial
domain.

transform to enhance the edges, and in the final phase, all the sub-bands are combined
with inverse DWT (IDWT) to generate an HR image [12].

The frequency domain approaches are simple and low computation cost algorithms
[13] enabling real-time super-resolution solutions. Seetharaman [13] used Fourier
transform-based domain for creating real-time video surveillance. Li [14] used the
same domain to obtain high-resolution images using two- or three-line camera satellite.
Kim [15] proposed a method using selective frequency decomposition, and it can be
used in digital zooming, surveillance cameras and mobile phones.

2.3. Spatial Domain Approaches in Super-Resolution

In the spatial domain exists already various techniques for solving super-resolution
problems. The techniques are divided into interpolation, stochastic methods,
deterministic regularized techniques, and iterative back projection [16]. The main
advantages the spatial domain approach holds over the frequency domain are having
more flexibility and easier to connect prior knowledge to the solution [17].

2.3.1. Non-Uniform Interpolation

In the non-uniform interpolation, the super-resolution is generated by combining
multiple LR images. LR images are registered to a high-resolution grid and fused
with the appropriate interpolation method [18]. The process has three stages, wherein
the first stage, the motion is estimated or image is registered, In the second stage, the
chosen interpolation method is applied to produce an improved super-resolution image,
and in the final stage the noise or blur removal is applied [16].

Currently, there are various interpolation methods, where the chosen method
depends on application requirements [18]. The common interpolation methods
are divided into nearest neighbour interpolation, bilinear interpolation, and bicubic
interpolation [19]. In the nearest neighbour interpolation for calculating the pixel value
of P, the distance to its four neighbour points A, B, C, and D is calculated, and the
nearest point value is chosen as the value [18] [19]. In Figure 2, the neighbour points
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Figure 2. Nearest neighbour interpolation.

are (i,j), (i+1,j), (i,j) and (i,j+1), and the (u,v) is chosen point, whose value would
be the closest neighbour point. In the bilinear interpolation, the distance between the
calculating point and each neighbour (4) point has a weight value. The nearer the
point is, the greater the weight value, which shows a greater effect [18] [19]. Bicubic
interpolation has a similar implementation as the bilinear interpolation, but instead of
4-pixel points, the 16-pixel points are used. Nearest neighbour interpolation is the
fastest method with the lowest quality, whereas bicubic interpolation is performing
best in quality but needs higher computation time. Bilinear interpolation is a trade-off
between those two methods.

2.3.2. Regularized SR Reconstruction

Since the super-resolution is an ill-posed problem, the regularized reconstruction was
implemented to improve the interpolation-based method by combining reconstruction
constraints with a-prior information [20]. The information is called a-prior since this
information is not possible to be extracted from LR images [20].

Regularization is divided into deterministic and stochastic approaches [16]. In
the deterministic approach, the prior information is used on the solution space for
generating the higher resolution image [16]. In the stochastic approach, the HR image
is generated via statistics of a probability distribution, by Bayesian inference utilizing
information from LR images and prior information of HR image [20]. The common
approximation methods for bayesian estimation are maximum likelihood (ML) and
maximum a-posteriori (MAP) [20]. The stochastic approach is more popular than the
deterministic approach because it is more flexible in how prior knowledge is used [20].

2.4. Iterative Back Projection

Iterative back projection (IBP) is an SR construction method with a fast computational
time that could be used as a real-time application [20]. The method starts by making
an initial guess of the reconstructed HR image and iterates more guesses to get closer
to the original image [21]. In the IBP, the HR image is estimated iteratively by
minimizing the reconstruction error between the original image and the estimated
image. The method is improved by back-projecting the error in each step or until
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the number of iterations is reached [21]. Irani and Peleg [22] introduced one of the
first IBP methods, where the HR image is reconstructed from multiple LR images of
the same scene.

2.5. Introduction to Deep Learning

In the last few decades, machine learning has exploded in popularity and has been
integrated into various applications, including image classification, natural language
processing (NLP), and computer vision tasks [23] [24]. Deep learning is one of
the machine learning sub-branches, also known as representation learning [23]. The
relationship between machine learning, deep learning, and convolutional networks
(CNN) is illustrated via the Venn diagram in Figure 3. One of the deep learning
methods was introduced by Chen et al. [25], who proposed a system of wooden
panel defect detection using deep learning (WDD-DL), that is hybrid solution of using
machine vision and convolutional neural network algorithm.

Since the super-resolution is a computer vision task that could be based on neural
networks, we will provide technical background about neural networks and CNN in
the following sections.

Figure 3. Venn diagram showcasing the relationship between machine learning, deep
learning and convolutional neural networks.

2.6. Supervised Learning

In supervised learning, the collected data is divided into input features and their
corresponding output values, where the input data is described as X and the output
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data as Y [26]. Based on the training data, the supervised learning method attempts to
learn a function that would successfully predict correct output values on unseen X data
[26]. When learning is done in supervised learning on super-resolution, the inputs are
LR images, and the outputs are the corresponding HR images. Supervised learning has
been applied on various applications. For example Kamal et al. [27] proposed a wood
defect classification method, that was trained in a supervised manner.

2.7. Neural Networks

Neural networks have been inspired by human brain functionality, which consists of
multiple processing units called neurons. The neurons are connected by links with
their own coefficient weight value [28]. These networks are called connectionist
models because of the characteristics of the connectors [29]. An artificial neuron is
a mathematical model consisting of three main operations: multiplication, activation,
and summation [30]. In the following Figure 4 neurons parameters are described with
their operations:

1. Input values are x1, x2, x3 ... xn. Each of the input is multiplied by its bounding
weight value w1, w2, w3 ... wn.

2. u is represented as a summation function that calculates the neurons signal value
f=(x,w,b), where x and w are input and weight vectors and b is added bias. The
representation of the f function:

u = f(x, w, b) =
n∑

i=1

xi ∗ wi + b· (2)

3. The activation function known also as transfer function g(u) calculates the
signals activation level. The output value of the neuron is:

y = g(u)· (3)

2.8. Deep Neural Network

A deep neural network is an essential method for machine learning, which offers higher
feature expression and is able to form more complex mappings than traditional shallow
models [31]. Nonlinear activation functions that are preferred highly being used in
deep neural networks enable the learning features from the data [32]. In the previous
section, we introduced neuron functionality with a simple calculation. The deep neural
network is constructed of multiple layers, with each layer having multiple neurons,
where each neuron’s output values are passed to the neurons of the next layer as input
values [33]. Deep learning is called deep, where deep refers to having multiple hidden
layers in the neural network [34].

The following Figure 5 describes a deep neural network with multiple layers. The
figure contains an input layer, and two hidden layers, and the output layer is the final
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Figure 4. Presentation of the neuron model.

layer. From the figure, we are able to see that each neuron of the first hidden layer
takes as the input three input values and computes an output value by the following
function:

y = f(
3∑

i=1

xi ∗ wi + b), (4)

where xi are the input values, wi are the weight values, b is the bias and f() is the
activation function. The computed neuron values from the first hidden layer become
the input values for the next layer on the row. This process is done till the final layer
has been reached.

2.9. Activation Function

In neural networks, the activation functions are very important in helping the models
learn nonlinear and complicated mappings between the inputs and their corresponding
output values [35]. Activation functions can be linear or non-linear depending on
what kind of outputs are needed in different applications such as object detection
and voice recognition [36]. The chosen activation function has a significant role in
the performance of the training procedure, where the wrongly chosen activation could
lead to losing information during forwarding propagation and vanishing of gradients
during back-propagation [37]. Activation functions transform the input signal into an
output signal, and it will be passed to the next layer as input [35].
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Figure 5. Presentation of multiple layer network.

With the growth of deep learning, the activation functions have also grown, and new
activation functions have been invented [36]. The most common activation functions
are introduced in this section, and the selected ones are sigmoid, tanh, softmax, and
rectified linear units (ReLU).

2.9.1. Sigmoid Function

The logistic sigmoid function is one of the most used activation functions in neural
networks, also known as the sigmoid function [38]. Its non-linearity have enabled its
use successfully in logistic regression, binary classification, and other shallow neural
network solutions [36]. The sigmoid function is defined by the following:

f(x) = Sigmoid(x) =
1

1 + e−x
· (5)

Derivative function of the sigmoid function is easily computed, which is presented as:

f ′(x) = f(x)(1− f(x))· (6)

The graph of sigmoid and its gradient functions are shown in Fig. 6 . The input value
x is real-valued, belonging to the range of [−∞,∞], making the function continuous.
The result values of the sigmoid function are between (0,1).
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Figure 6. The graph of the Sigmoid and its derivative function.

The sigmoid function suffers from multiple disadvantages. The simplicity of the
derivative function often leads to information loss, which affects the model’s total
performance [39]. Large input value changes lead to small changes in the output,
and the gradient becomes small too, which leads to a vanishing gradient problem [38].
The calculation time of an exponential function is high, therefore the sigmoid function
lead to high computation cost [38] [39].

2.9.2. Tanh Function

The hyperbolic tangent, also known as tanh function, has become more popular in
terms of usage, enabling better training performance in a multi-layer neural network
[40]. The figure of tanh function is known "S" shape function, where the output values
are between [-1,1] [41]. Tanh function has the sigmoid function properties since the
tanh function can be expressed by using the sigmoid function [38]:

tanh(x) = 2sigmoid(2x)− 1· (7)

Another way of expressing the tahn function is by using the exponential function:

f(x) = tanh(x) =
1− e−x

1 + e−x
· (8)

By applying derivation on than function:

f ′(x) = 1− tanh(x)2· (9)

In the Figure 7, graph of tahn and its derivative function are shown. The output
values are positive, negative, and zero outputs. The tahn function is zero-centered,
allowing a training neural network faster than the sigmoid function. Zero-centered
functions main advantage is helping the back-propagation process. Similarity qualities
with sigmoid function causes high computation, and large changes in the output causes
gradient vanishing [40].
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Figure 7. The graph of tanh function and its derivative function.

2.9.3. ReLU

ReLU has been successfully applied on various feed-forward neural networks based
on ResNets [42] and DenseNets [43] architectures. Compared to sigmoid and tanh
activation, the ReLU hold multiple advantages over them. ReLU is faster and simpler
to execute and weakens the vanishing gradient problem. These qualities enable the
neural network to have up to 1000 layers [44]. Compared to previously mentioned
activations, training with ReLU activation is faster, where its derivative is a constant
and sigmoid and tahn activations have exponential computation in their derivative
functions [2]. The ReLU function is defined by the following:

f(x) = max(0, x) =

{
x, if x > 0

0, if x ≤ 0,
(10)

where x is the input for the activation function. When the input value x is greater than
0, the output of activation is the input itself, but when the x value is less than 0 or equal
to 0, the output value is 0. Considering the derivative function, when the input value is
less or equal to zero, the derivative value is 0, but when it’s greater than zero, the value
is 1. These values are shown in Figure 8 . Considering the neural network where the
derivative is 0, the neuron is set as an inactive or dead neuron [2].

Multiple improved variations of ReLU have been proposed such as Leaky Rectified
Linear Unit (Leaky ReLU) and Exponential linear unit (ELU), which are more
complex, and their derivative values are non-zeroes [45]. These variations will fix the
dead neuron problem that ReLU will produce [46]. The activation function of Leaky
ReLU is defined by:

f(x) = max(kx, x) =

{
x, if x > 0

kx, if x ≤ 0,
(11)

where k value is [0,1]. The k value enables small negative values, wherein the ReLU
values are compressed into 0. The Leaky ReLU derivation value is 1 when the input x
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Figure 8. The graph of ReLU and its derivative function.

is greater than 0 and when the input is less than 0, the output is k. These are seen in
Figure 9.

Figure 9. The graph of Leaky ReLu and its derivative function.

The ELU was introduced to speed up the deep neural network training and have
higher classification accuracy than ReLU and Leaky ReLU [47]. Its equation is defined
by the following:

f(x) = max(αx, x) =

{
x, if x > 0

α(exp x− 1), if x ≤ 0,
(12)

where α is a non-negative value, and the x is the input value. With α and exponential
functions, the mean of negative values could be pushed closer to 0. This phenomenon
is shown in Figure 10. The main reason for using the ELU activation function is to ease
the vanishing gradient problem of having an identity for positive values and improving
the learning characteristics [36]. The function’s biggest disadvantage is that the ELU
does not centre the values at 0 [36].
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Figure 10. The graph of ELU and its derivative function.

2.10. Convolutional Layer

Convolutional neural networks have been one of the most significant inventions in the
deep learning area. With their development in the last decade, its computer vision
and natural language processing usage has gotten much attention in industry and
academia [48]. The main building block used in convolutional neural networks is the
convolution layer, combining two sets of information. The input is often an image or
a feature of an image that is applied with a convolution kernel where the outcome is
a set of feature maps. The convolution layer has a set of variables for controlling the
outcome of feature maps. In the following paragraph, they are explained.

Input/Output channels. Where the input channels describe the number of channels
the convolution layer will receive. The input is usually an image with 1-3 channels or a
feature map received from the previous convolution layer. With the output parameter,
the convolution layer will produce a set of feature maps with a dept of the output
amount. By having two convolution layers connected, the output channel of the first
convolution layer should be the same as the input of the second convolution layer.

Kernel. Is a convolution filter that includes the weight values. The kernel size
is also known as a filter size, which is a hyperparameter for the convolution layer.
With the kernel size, the desirable output shape is manipulable. However, it is not the
only variable for affecting convolution layer’s output shape. Taking into consideration
only the kernel size, the output shape of the convolution layer is:

(H − kh + 1) x (W − kw + 1), (13)

where H and W are image dimensions and kh and kw are kernel dimensions.
In the Figure 11 a convolution operation is described, where the shaded portions are

used for computing the first element of the output by the following computation: 2 x 1
+ 4 x 0 + 2 x 5 + 3 x 1 = 15 . By using Equation 13, the output dimension is: 3 - 2 + 1
= 2 . For having an image size of 256x256, with 10 stacked layers and with a kernel
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Figure 11. Convolution operation with input and kernel.

size of 3 x 3, the final output dimension is 236x236. To overcome this problem, the
padding is introduced.

Padding. Usually when applying convolutional layers, the pixels on the corners and
edges are lost. The pixel loss becomes a larger problem when stacked convolution
layers are used, wherein a small portion of the pixel is lost in each layer. Therefore,
the extra pixels are added to the corners before applying the kernel to the input.
Commonly the added pixels are zero values. Adding padding into Equation 13, the
new equation for calculating the output dimensions is:

(H − kh + ph + 1) x (W − kw + pw + 1), (14)

where the new added variables ph and pw are padding dimensions.

Stride. The value describes how many pixels to skip when the window kernel
is scrolling over the image. The default value is usually one, which means going
through all the pixels one at a time. Increasing the stride number will reduce image
size since the kernel scans a smaller number of areas. Combining the previous
equations with stride addition, the output size equation is:

H − kh + ph + sh

sh
x

W − kw + pw + sw

sw
, (15)

where the new variables sh and sw are stride dimensions. In the Figure 12 padding (1,1)
and stride (2,2) are used for applying 2x2 kernel on the input, where output dimension
2x2 is calculated by Equation 15.

2.11. Attention Mechanism

The attention mechanism is used for highlighting the essential features of a large
amount of information. In this process, the irrelevant information is ignored. The
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Figure 12. Convolution operation with padding and stride options.

attention mechanism is divided into three main groups: spatial domain, channel
domain, and hybrid domain [49].

The network learns which layers have more important feature maps in channel
attention. The comparison is made by calculating the channel attention mask on
each layer’s feature maps [50]. The significant improvement in channel attention was
proposed by Hu et al. [51] by designing a Squeeze-and-Excitation block where the
main operation is squeeze, excitation, and attention. In the squeeze operation, the
global average pooling has been applied on feature maps for generating channel-wise
statistics shape of 1 x 1 x N, where the N is the number of channels. In the excitation
part, two fully connected layers are used to learn the channels’ weights. Finally, the
channel weights are multiplied by their corresponding feature maps.

In spatial attention, the spatial information is transformed into another space for
preserving its key information [50]. For generating an attention map shape of (1 x W x
H), a convolution layer is applied on input feature maps for generating the raw attention
map, the sigmoid function is used for normalizing the raw attention map, and finally,
its multiplied with input feature maps [52]. Spatial attention treats all the channels
equally, while channel attention focuses on which channels are more important. Hybrid
attention is utilizing spatial and channel attention together in a network.
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3. NEURAL NETWORK SUPER-RESOLUTION

3.1. Single Image Super-Resolution

In recent years, single image super-resolution has been an active research topic, which
aims to upscale a low-resolution image into a high-resolution image [53]. The growth
has enabled numerous CNN-based super-resolution methods based on multi-branch,
progressive, attention-based, recursive, and adversarial designs [54]. In the following
sections, the recent deep learning methods based on single image super-resolution are
explained, with their development over the last few years. The chosen methods CAR,
PAN, Real-ESRGAN, and SwinIR that have been evaluated on the public and custom
dataset Hiottu-1 are explained in more detail.

The first super-resolution method based on convolution neural network was
proposed by Dong at el. [5] and named as super-resolution convolutional neural
network (SRCNN). The method uses early upsampling, before reconstructing the
image with the SRCNN, the LR image is upsampled by bicubic interpolation. The
method consists of three main components:

1. Patch extraction: The operation extracts patches from the LR image and
represents them as high dimensional vectors, also known as a set of feature maps.

2. Non-linear mapping: The operation converts the set of feature maps into higher
dimensional feature vectors.

3. Reconstruction: The final operation aggregates the feature maps into a final
high-resolution image.

In the Figure 13, SRCNN architecture is demonstrated by having interpolation as a
preprocessor, where n is the output feature and k is the kernel size. In the reconstruction
convolution layer, the n=3 indicates the input image has 3 channels, therefore the
output channel size is 3 also.

Figure 13. SRCNN architecture with the interpolation preprocess and three
convolution layers.

In the SRCNN, interpolation is used before the reconstruction, Shi et al. [55]
proposed an efficient sub-pixel convolutional neural network (ESPCN), where the
reconstruction is replaced with a sub-pixel convolutional layer. The sub-pixel layer
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aggregates the feature maps coming in LR space from the previous layer together for
reconstructing the SR image.

The deep neural network can be difficult to train with having vanishing gradient
problems. He et al. [42] proposed a deep residual learning network (ResNet) for deep
residual neural network overcoming the problem. The ResNet composes of multiple
stacked residual blocks, where the output of the layer is passed down to a deeper layer
with a skip connection. Figure 14 demonstrates how the input feature is passed down
into deeper layers.

Figure 14. Residual block.

3.2. GAN Method

Goodfellow et al. [56] proposed a new way of training generative models by
concurrently training two models, where a generative model learns a data distribution
and discriminator learns to determine whether the sample data is from generator or
data distribution. While training, the generator maximizes the probability of the
discriminator making a mistake. The same concept has been used in super-resolution,
where the generator creates SR images, and the discriminator tries to distinguish
whether the image is generated by the generator or is the actual HR image.

Ledig at el. [57] proposed a super-resolution deep residual network (SRResNet) and
super-resolution generative adversarial network (SRGAN). The SRResNet includes 16
residual blocks, and the network has been trained with the content loss function mean
square error (MSE). SRResNet performance got new state of the art results on three
benchmark datasets [57].

The SRResNet was used as a generator for SRGAN, where the SRResNet was
trained first as a standalone model for avoiding undesired local optima. In the second
part, generator and discriminator are trained together with a perceptual loss function.
The perceptual loss function is a sum of the content loss and adversarial loss function,
where the content-based MSE loss was replaced by VGGnets loss. The adversarial
loss function encourages the network to fool the discriminator network. The same
loss network was used to train the discriminator that evaluates the difference between
the original image and the newly generated image. The discriminator includes eight
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convolution layers with increasing output feature maps of every two layers from 64 to
512 output features by factor two. The image resolution stays the same through the
network by utilizing stride convolutions. Two dense layers [43] are applied on 512
resulting feature map coming from previous convolution layer. Sigmoid activation is
used as the final operation for getting probability of wether result was generated by
model or it is actual HR image.

Wang at el. [58] proposed an upgraded version of SRGAN called enhanced
super-resolution generative adversarial network (ESRGAN) that can recover realistic
textures, where the main improvements focus on the architecture, adversarial loss,
and perceptual loss. The ESRGAN architecture is demonstrated in Figure 15, where
the main architecture change was done by replacing the residual block with residual-
in-residual dense block (RRDB), where the batch normalization has been removed.
Removing batch normalization reduces the inference time and increases the output
quality. RRDB is shown in the Figure 16, consisting of multiple skip connections
between the convolution layers.

Figure 15. The architecture of ESRGAN with RRDBs.

Figure 16. Residual-in-Residual Dense Block architecture.

Wang at el. [59] proposed an improved version of ESRGAN called Real-ESRGAN
that was trained with synthetic data for creating a real-world blind super-resolution
method, which is able to restore real-world images with better image quality than the
previous works. In the single image super-resolution, the main degradation used is the
bicubic downsampling kernel, which does not always apply to real-world degradation.
Therefore, practical degradation was introduced for creating synthetic data using
high-order degradation processes. The main architecture was done by replacing the
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discriminator with the Unet model that includes the spectral normalization method
[60].

The high-order degradation was motivated by the classic degradation model, which
includes blurring, adding noise, resize downsampling, and joint photographic experts
group (JPEG) compression. The high-order degradation composes of stacked classic
degradation operations using different hyperparameters and utilizes the sinc filters
for adding ringing and overshoot artifacts. The process does not solve real-world
degradation, but the process will improve blind SR methods.

The usage of high-order degradation needs a more powerful discriminator. Therefore
the VGG was replaced with U-Net using spectral normalization (SN) after the
convolution layer for learning difficult degradations. Using SN stabilizes the training
of discriminator [60] and reduces over-sharpening and artifacts during generative
adversarial network (GAN) training.

The generator did not have any architecture changes except for scale factors 1
and 2. The pixel unshuffle was used to reduce the spatial size and increase the
channel size before feeding it to ESRGAN architecture. The main change is shown
in Figure 17, which was done on the discriminator by having Unet architecture with
skip connections, where the output of the model is a score map for evaluating the
realness of each pixel.

Figure 17. The Unet architecture with skip connections.

3.3. Content Adaptive Resampler

Sun et al. [61] proposed a method by using a neural network for learning downscaling
method content adaptive resampler (CAR) with consideration of upscaling process.
The resampler network generates kernels that are applied to HR images for
producing downscaling LR images. The overall network consists of three main
parts ResamplerNet, downscaling module, and upscaling method. The network is
trained together with upsampling network, where the first part takes an HR image and
generates an LR image, which is passed down to SR upscaling method for generating
an SR image. Both networks get trained by back-propagating the reconstruction error
down to the original HR image.

A convolution neural network has been used with residual blocks and skip
connections for estimating resampling kernels weights and offsets. The ResamplerNet
consists of upscaling, residual, and downscaling blocks. In the first part of
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ResamplerNet learns the feature map of each HR image, and in the second part
upscaling block is used for learning the kernel weight as well as vertical and
horizontal offset weights values. The resampling kernels are used on the HR image
in downscaling module for reconstructing pixels in the downscaling image. The same
resample kernel is simultaneously used on all three channels for every output pixel.
The architecture with its process is shown in Figure 18.

Figure 18. The ResampleNet with downscaling module.

In the CAR method the chosen upscaling method was enhanced deep super-
resolution network (EDSR) which was proposed by Lim et al. [62]. The method
achieved state-of-the-art results, where the main change was done on SRResNet, by
removing unnecessary modules in residual blocks. The batch normalization normalizes
the feature layers, which affects network flexibility and increases train and inference
time. Therefore, batch normalization is deleted from the entire network. The ReLU
activation is also removed, except from the residual blocks. Residual scaling factor 0.1
is used, which is proposed by Szegedy at el. [63] for stabilizing the training of residual
networks. The number of residual blocks was increased to 32, and the filter size to
256.

3.4. Pixel Attention Super-Resolution

The super-resolution methods are time-consuming, therefore Zhao et al. [64] proposed
a lightweight convolutional neural network method for super resolution called PAN
by utilizing the pixel attention (PA) mechanism. The entire network is built based
on using PA in two main blocks self-calibrated convolution (SC-PA) and upsampling
block (U-PA). In terms of computation, SC-PA is more efficient than residual/dense
block. Compared to SRResNet, the PAN method has almost four times less learnable
parameters. The PAN architecture is shown in Figure 22, including SC-PAs and U-PAs.

Attention mechanism has shown great superiority for improving computer vision
solutions. The PA generates a 3D (C * H * H) attention feature matrix, which is a
coefficient for all the pixels in the feature map. The attention map is generated by
applying a 1 x 1 convolution layer with a sigmoid function, which is multiplied with
input features. The PA block is shown in Figure 19. The PA mechanism effectively
learns pixel attention with low computation.

The self-calibrated convolution was introduced by Liu et al. [65] for enriching the
output features compared to normal convolution operation. The feature transformation
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Figure 19. The pixel attention block.

Figure 20. The self-calibrated convolution block with pixel attention.
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is done in parallel on two branches that are concatenated together. The upper branch is
responsible for extracting higher-level features while the lower branch is maintaining
the original information. The PA was placed on the upper branch. This is demonstrated
in Figure 20. The SC-PA was kept simple without any complex connections for
increasing hardware acceleration.

Figure 21. The upsampling block with pixel attention.

The U-PA shown in Figure 21, is a reconstruction block for up-sampling feature
maps into higher-dimension space. The operation is similar to deconvolution/pixel-
shuffle and regular convolutions. The block consists of an interpolation layer nearest
neighbor (NN) with two standard convolutions that have a PA layer between them.
The NN was chosen for decreasing the number of parameters. By applying PA to the
reconstruction stage, the image quality is better.

Figure 22. The PAN architecture with SC-PAs and U-PAs.

3.5. SwinIR

The most popular idea of image restoration has been to use convolution neural
networks. Liang et al. [66] proposed a transformer-based architecture consisting of
three components: shallow feature extraction, deep feature extraction, and high-quality
image reconstruction. The transformer is used in deep feature extraction that consists
of multiple residual swin transformer blocks (RSTB), where several transformer layers
are connected through residual connections.

Shallow feature extraction consists of a convolution layer with a kernel size of
3 x 3 for maintaining low-frequency information. Using the convolution layer at
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the beginning leads to better quality performance and mapping the input to higher
dimensional feature space. The output of the first convolution layer is passed to the
deep feature extraction module.

Deep feature extraction consists of multiple RSTB blocks, which are composed
of several swin transformer layers (STL) that use local attention with cross-window
interaction. The final block of deep feature extraction is the convolution layer for
merging the in-depth features with features from the first convolution features. The
blocks are shown in Figure 23.

Figure 23. RSTB architecture with consisting of multiple transformer layers.

The final part is a high-quality image reconstruction that combines shallow and deep
features. For upsampling the features, the sub-pixel convolution layer is used. The
main components are shown in Figure 24.

Figure 24. Swin-architecture with shallow and deep feature extraction and image
reconstruction.
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4. EXPERIMENTS AND EVALUATION

This chapter represents the evaluation of the neural network-based super-resolution
models. In the evaluation Section 4.1 the chosen methods are introduced. In
the following sub-sections, training details with their hyper-parameters have been
explained. The quality metrics PSNR and SSIM, that have been used in the evaluation
phase, are explained in Section 4.4. The chosen datasets and scaling factors have been
introduced in Section 4.5. Finally, in the section 4.6 the metrics and inference time
results have been calculated, and results from images have been shown.

4.1. The Chosen Methods

Four CNN-based publicly available methods were chosen for the evaluation: CAR,
Real-ESRGAN, PAN and SwinIR. As a baseline method, bicubic interpolation was
chosen. Hiottu-1 differs from the natural pictures and training datasets that were used
on the models. Therefore, the importance of having a variety of different architectures
was crucial. Each of the methods has its training implementation regarding the training
data, optimization of model, and hyperparameters.

4.2. Experimental Datasets

The chosen datasets for evalution were Hiottu-1, Set5 [67], Set14 [68], and Urban100
[69]. The Set5 was introduced by Bevilacqua et al. [67] for evaluating single-image
super-resolution method based on non-negative neighbour embedding, consisting of 5
images (baby, bird, butterfly, head, and woman) with scaling factors of 2 and 4. The
Set14 was introduced by Zeyde et al. [68] and used for evaluating a scale-up method
based on Spare-Land model, consisting of 14 images including gray and color images.
The Urban100 dataset consists of 100 of structural and repetitive patterns images of
buildings. It was introduced by Huang et al. and [69] used for evaluating self-similarity
based super-resolution method. The Hiottu-1 is a private dataset, containing 29 images
with approximate image size of 2850 x 1500, introduced by Hiottu Oy. Every image
is about wood surface, consisting of multiple defect types with including cracks and
holes. In the Figure 25, few defect types are shown, where the live knot would stay on
the wood while the dead knot would eventually fall off.

The chosen methods used DIV2K [70], Flickr2K [71], and OutdoorSceneTrain [72]
datasets for training their models. The DIV2K was introduced by Agustsson et al. [70],
consisting of 1000 images from the internet with being 2k images. The LR images
are obtained through multiple types of degradation. Timofte et al. [71] introduced
the Flickr2K dataset, consisting of 2650 HR images. Wang et al. [72] introduced
the OutdoorSceneTrain, consisting of high texture 1k-2k resolution images of outdoor
scenes.
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(a) Live knot (b) Dead knot
Figure 25. Defect types from Hiottu-1 dataset.

4.2.1. CAR Training Details

In the CAR the entire framework, including ResamplerNet was trained on DIV2K
training dataset. As the optimizer they chose Adam [73] with β1 = 0.9, β2 = 0.999, ε
= 10−6 and , learning rate was 10−4 and the mini-batch size was 16. Each of the DIV2K
images has been cropped randomly to patches. For scaling factor 4x the patch size is
192 x 192, and for 2x scaling, it was 96 x 96. All of the patches were augmented
by using random horizontal and vertical flips. DIV2K validation data were used for
measuring the quality of the model after each iteration. As the validation metric, PSNR
was chosen.

4.2.2. PAN Training Details

For training, the PAN method DIV2K and Flickr2K were used. The LR images were
generated by applying bicubic downsampling on the HR images. Data augmentation
was applied to LR images with horizontal flips and random rotations of 90, 180, and
270. For the scaling factor 4x, the patch size was 256 x 256, and for the scaling factor
2x, it was 126 x 126. For the training Adam optimizer was chosen with β1 = 0.9, β2 =
0.99, ε = 10−6 and mini-batch size was 32. The cosine annealing learning scheme was
chosen, where the maximum learning rate is 1e−3 and the minimum is 1e−7. Some of
the training settings are from the paper GitHub page [74].

4.2.3. Real-ESRGAN Training Details

This model had the biggest training data, which included DIV2K, Flickr2K, and
OutdoorSceneTraning datasets. As the optimizer for training the Real-ESRGAN, they
chose the same setting as the PAN method. However, they increased batch size to
48 and had 400k iterations. For having more batch size, a more powerful machine
is needed. The HR patch size is 256 x 256 for both scalings. The training part has
been divided into two stages. In the first phase, Real-ESRNet is trained with 1000k
iterations with learning rate of 2 x 10−4. The Real-ESRNet is used as the generator for
Real-ESRGAN in the second phase.
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For generating the LR images the second-order degradation model is used, which
is effective and simple. In the degradation process, the blurring, resizing, noise
adding, and JPEG compression is applied to HR images. For the blurring Gaussian
kernels, generalized Gaussian kernels, and plateau-shaped kernels are applied with a
probability of 0.7, 0.15, and 0.15. The size of the kernel is randomly chosen from
7,9, ... 21. In the first order, the blur standard variation is between [0.2, 3] and in the
second-order [0.2, 1.5]. The parameter β is between [0.5, 4] for generalized Gaussian
and [1,2] for plateau-shaped kernels. The probability of applying Gaussian and Poisson
noises are 0.5, 0.5. For the first order Gaussian, noise σ is between [1,30] and Poisson
noise [0.05, 3] and on second-order [1,25] and [0.05, 2.5] values are used. JPEG
compression factor is between [30, 95].

4.2.4. SwinIR Training Details

For the comparing option, SwinIR created two classical SR models, one with Div2K
only and another with Div2K and Flickr2K training sets. For our purpose, we chose the
second option. The degradation was done by MATLAB bicubic kernel, where each LR
patch size was 64 x 64. The optimizer settings are the same as the PAN settings. The
learning starts with 2e−4, and it keeps reducing to half at [250k, 400k, 450k, 475k],
and the total iterations would be 500k with a mini-batch size of 32.

4.3. Framework and Libraries

Deep learning frameworks have been focused mainly on either usability or speed.
Pytorch framework was designed for combining both qualities in one framework.
It provides a Pythonic programming for writing deep learning models, debugging is
more accessible, and it is consistent with other scientific libraries while providing high
performance. It also supports multiple hardware accelerators for example Graphics
processing unit (GPU) [75].

One of the main priorities for PyTorch has been to have a great ecosystem with
synergy with other python libraries. The data is exchanged between PyTorch and
other libraries in both ways. One of the most popular libraries used in deep
learning is NumPy [76]. NumPy array is easily convertible into PyTorch tensor with
torch.from numpy() and opposite conversion is done by .numpy(). These operations
are highly cheap, even with large arrays.

The main libraries for running the evaluation codes were torch, cv2, numpy, math,
os, and glob. Os, glob and math are libraries that comes within python and the libraries
is found at [77]. The torch was used for running the models with its pre-trained
weights. Cv2 is an OpenCV library [78] that includes several hundred computer vision
algorithms. In this work, its mainly used for reading images and doing necessary color
channel conversions. The math library is used for implementing the PSNR and SSIM
methods. Finally, os and glob are used for finding and sorting images from folders.
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4.4. Evaluation Metrics

For evaluating the quality of the image, two main methods based on subjective and
objective evaluation are used [79] [80]. The subjective evaluation is done by humans
that compare the HR with SR images. As humans, we would know what kind of
features should be in the image and what should not, which would lead to actual
results. The subjective evaluation is time consuming and expensive [79] [81]. In
objective evaluation, the main focus is on statistical data that is obtained through
mathematical functions. For thesis purposes, we chose objective evaluation. In the
following sections, we introduce the used metrics.

4.4.1. PSNR

PSNR is a mathematical formula for measuring the image quality by calculating the
difference between the pixels values of two images [82, 83, 84]. PSNR measurement
estimates how similar the reconstructed image is compared to the HR image. MSE
is used for calculating the PSNR value. MSE is calculated by averaging the squared
intensity of the LR and HR image [83]. MSE is used for computing the distortion. The
following equation calculates MSE:

MSE =
1

mn

m∑
i=1

n∑
j=1

(xij − yij)2, (16)

where:

m : number of rows in HR image
n : number of columns in HR image
xij : pixel value from HR image
yij : pixel value from SR image.

Based on MSE, the PSNR is calculated by the following equation:

PSNR = 10 log10
(MAX)2

MSE
, (17)

where:

MAX : the maximum value of the pixel, which is 255 for 8-bit images.

As the MSE is approaching zero, the PSNR value will be close to infinity. The
higher PSNR indicates, the higher image quality [85].



35

4.4.2. SSIM

The SSIM was designed to measure the image quality based on the structural
similarity of three factors that are luminance, contrast, and structure [86]. The SSIM
value is calculated by combining and quantifying luminance measurement, contrast
measurement, and structure measurement together [87]. The luminance measurement
equation between HR and SR image is

l(x, y) =
2µxµy + C1

µ2
x + µ2

y + C1

· (18)

The contrast measurement equation is

c(x, y) =
2σxy + C2

σ2
x + σ2

y + C2

· (19)

The structure measurement equation is

c(x, y) =
2σxy + C3

σxσy + C3

· (20)

By multiplying the above equations, the SSIM equation is

SSIM(x, y) =
(2µxµy + C1) + (2σxy + C2)

(µ2
x + µ2

y + C1)(σ2
x + σ2

y + C2)
, (21)

where:

µx, µy : mean values
σx, σy : variances
σxy : covariance
C1, C2, C3 : small constants.

SSIM meets the requirements of perceptual assessment since the reconstruction
quality is evaluated by the human visual system (HVS) point of view [88].

4.5. Experimental Settings

The relevant experimental settings are the evaluation datasets, degradation method,
and how the evaluation has been performed. Three common datasets were chosen that
have also been used in developing the chosen methods. The datasets are Set5 [67] ,
Set14 [68] and Urban100 [69]. Since using these datasets for validation could have
affected choosing the hyperparameters, we decided to create the fourth dataset Hiottu-
1. Hiottu-1 is a different type of dataset comparing the common types. The images are
the surface of the wood that has cracks and holes in the images.

The chosen down scaling factors are 2 and 4. The scaling factor 3 was not included
since all of the methods did not have a pre-trained model of it. The datasets included
the LR images that were generated by bicubic downsampling. The same operation was
used for Hiottu-1 dataset. Super-resolution was used on all the LR images with each
selected method. PSNR and SSIM metrics were used for comparing the SR images
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with ground truth images. Both metrics have been calculated on RGB images for
comparison. Taking into consideration the HVS, the images are converted to YCbCr
color space for calculating the metrics on the luma (y) channel.

All the methods were tested on the same windows machine with 2.8 GHz Intel i9-
10900, RAM of 128 GB, and NVIDIA GeForce RTX 3080 with 10 GB of memory.
Despite 10 GB of memory on GPU, some of the methods cannot run inference on larger
images.The isssue comes up on upsamling the Hiottu-1 dataset with scaling factor of
2. The solution for the issue was to split the image into smaller patches, and after the
inference of each patch, the result images were stitched together. SwinIR and Real-
ESRGAN GitHub codes already provided the stitching processing, that are found at
[89] and [90]. The same process was added for the CAR method.

4.6. Results

For analyzing the results, the quantitative analysis is used with metrics PSNR and
SSIM on RGB images and the luma channel. Results are obtained through all the
images of each dataset. Tables 1 and 2 shows the PSNR and SSIM results with scaling
factors of two and four. The higher value means better performance, and the best
performing method is highlighted and second underlined.

Table 1. Average values for PSNR and SSIM with scaling factor 2

Dataset metrics bicubic CAR Real-ESRGAN PAN SwinIR

Set5

PSNRRGB 31.79 27.72 27.93 35.80 36.20
PSNRY 33.67 29.66 30.42 37.98 38.40

SSIMRGB 0.910 0.863 0.823 0.944 0.947
SSIMY 0.931 0.888 0.895 0.961 0.963

set14

PSNRRGB 28.51 25.50 26.04 31.53 32.31
PSNRY 30.31 27.20 28.16 33.58 34.40

SSIMRGB 0.843 0.811 0.756 0.894 0.902
SSIMY 0.870 0.840 0.811 0.918 0.925

Urban100

PSNRRGB 25.22 23.10 23.14 29.91 31.76
PSNRY 26.66 24.65 24.82 31.49 33.36

SSIMRGB 0.832 0.816 0.761 0.925 0.945
SSIMY 0.842 0.830 0.792 0.932 0.951

Hiottu-1

PSNRRGB 32.87 34.01 33.70 38.37 40.13
PSNRY 34.31 35.80 35.38 39.99 41.84

SSIMRGB 0.934 0.921 0.888 0.952 0.955
SSIMY 0.948 0.944 0.915 0.965 0.967

The results are consistent across the datasets and scaling factors. PAN and SwinIR
are the best methods by large margins. SwinIR is the best on all the datasets
considering the four metrics that are used. The PAN method is second best on Set5
and Set14 datasets. The four metrics are almost even with SwinIR considering both
scalings. The most significant differences in both scalings are shown in Urban100
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dataset on all metrics. On the Hiottu-1 dataset, the PSNR metrics have significant
differences also, although the SSIM values are close to the same.

Surprisingly, the third-best method was bicubic that utilizes anti-aliasing feature,
which almost performed better than CAR and Real-ESRGAN on all datasets. On Set5
and Set14 bicubic performed significantly better than CAR and Real-ESRGAN on all
four metrics with both scalings. On the Urban100 and Hiottu-1 the third-best method
has been divided between bicubic, CAR, and Real-ESRGAN. With scaling factor 2 on
Urban100 dataset, the Bicubic outperforms the CAR and Real-ESRGAN. However, in
scaling factor 4 Real-ESRGAN PSNR values are closer to bicubic and even outperform
in terms of SSIM values. Urban100 dataset with scaling factor 2, CAR and Real-
ESRGAN are almost even, and in the CAR method, SSIM values are higher than Real-
ESRGAN. The Hiottu-1 dataset with scaling factor 4 bicubic performed the worst by
considering PSNR and SSIM values. The SSIM differences are minor, and the more
significant differences come from PSNR values. Real-ESRGAN has the highest PSNR
values compared with bibcubic and CAR, and CAR has the highest SSIM values. After
swinIR and PAN, Real-ESRGAN would be our third choice for scaling factor 4 on
dataset Hiottu-1.

In order to evaluate the execution of the each method, the inference times have been
analyzed. From each dataset, the processed image has been selected by considering
the size of the image, and the input images have been run several times, and the results
are in Table 3. The methods have been warmed up before the actual inference. The
PAN method performed the best by a large margin. The worst performing method was
SwinIR considering all the inputs. SwinIR only performed better than Real-ESRGAN
on The image from Hiottu-1 with a scale factor of 4. The second best performing
method was bicubic in Set5 and Set14 with scaling factor 4. The inference time was
close to CAR method. The third and fourth are divided into CAR and Real-ESRGAN,
where Real-ESRGAN performs better on scaling factor 2 and CAR performs better on
scaling factor 4. For calculating the processing time of Hiottu-1 images, the deviation
to patches was performed on CAR, Real-ESRGAN, and SwinIR methods. The patches
were run sequentially, and stitching was performed after the process.

Four images have been chosen for qualitative analysis to showcase the differences
between the chosen methods. The low-resolution image and ground truth image have
been added as a reference. In the figures scaling factor 4 is chosen, where the difference
between methods is shown more clearly. From the chosen images, a region of interest
(ROI) has been cropped, where a clear difference could be seen. The first two images,
numbers 63 and 91 have been chosen from Ubran100. The Urban100 images are shown
in Figures 26 and 27. Hiottu-1 images are close to real-world images but do not include
many detailed areas. Therefore, the ROIs have been chosen because they would have
cracks or knots in the images. These images are shown in Figures 28 and 29.

Urban100 was the most challenging dataset to apply super-resolution on, and it
has the lowest averaging PSNR scores compared to other datasets. Most of the
images are from buildings that have repetitive structural shapes. The further the
geometrical shapes are from the camera, the harder it gets to reconstruct SR images.
The closer features are simply reconstructed, the more difficulties lie on the further
features that would even be hard for a human to tell how they should look like. The
reconstructed images are often high contrast, and texture and appear noisy depending
on the reconstruction method. Figure 26.g is the roof of the building, where the roof



38

Table 2. Average values for PSNR and SSIM with scaling factor 4

Dataset metrics bicubic CAR Real-ESRGAN PAN SwinIR

Set5

PSNRRGB 26.67 22.84 24.31 30.21 30.98
PSNRY 28.40 24.82 26.59 32.12 32.90

SSIMRGB 0.774 0.719 0.719 0.865 0.877
SSIMY 0.812 0.777 0.806 0.895 0.905

set14

PSNRRGB 24.46 21.99 23.39 26.79 27.28
PSNRY 28.59 23.62 25.40 28.59 29.08

SSIMRGB 0.664 0.641 0.634 0.745 0.759
SSIMY 0.705 0.689 0.696 0.782 0.795

Urban100

PSNRRGB 21.71 19.92 21.06 24.60 25.90
PSNRY 23.14 21.45 22.67 26.11 27.45

SSIMRGB 0.631 0.627 0.643 0.764 0.806
SSIMY 0.658 0.665 0.686 0.785 0.825

Hiottu-1

PSNRRGB 29.79 30.47 31.80 34.83 35.87
PSNRY 31.21 31.94 33.37 36.33 37.39

SSIMRGB 0.855 0.859 0.842 0.889 0.898
SSIMY 0.881 0.897 0.876 0.912 0.920

Table 3. Average inference times of chosen image from each dataset in milliseconds

Dataset scale image size bicubic CAR Real-ESRGAN PAN SwinIR

Set5
2x 252x252 89 221 118 12 681
4x 126x126 71 76 117 12 180

set14
2x 246x240 71 207 99 11 640
4x 123x120 66 69 98 9 180

Urban100
2x 256x161 56 147 80 12 580
4x 256x161 132 201 269 21 580

Hiottu-
1

2x 1426x736 647 4370 1620 170 12630
4x 713x368 608 2070 6620 74 2900

is covered with tiles with precise edges. All methods have low PSNR values, but
SwinIR and PAN methods are close to the high-ground image, providing precise edges
on tiles. PAN has a higher PSNR value but failed to recognize the lines on the roof
where SwinIR was able to reconstruct some parts of the lines. The rest of the methods
were highly distorted, and details could not be captured. The Real-ESRGAN image
appears more like paint than the natural roof, and the CAR provides a highly noisy
image. Figure 27.g is a road made of tiles and includes a pedestrian crossing with
tier marks. The lines between tiles are not clear, and the roughness of the tiles can
be seen. The PAN and SwinIR performed visually best by comparing their results to
ground truth images, where lines and tile surfaces are reconstructed more simply. Both
methods were able to recover some part of tier marks. Real-ESRGAN performed the
worse, where reconstruction of tile was almost none.
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Figure 28 includes two cracks on the wood piece. From the ground truth image
Figure 28.g, the crack lines are more like stairways, and circular lines are seen outside
of cracks. The PSNR values are high for scaling factor 4, especially for PAN and
SwinIR, where most of the features from the ground truth image have been extracted
successfully. Both methods still could not reconstruct the stairway lines in the crack
area. The smaller lines and the bigger lines are sharper. The Figure 28.g has a big
knot, including a line of crack. Outside of the knot, there is an area with distortion.
Performance-wise the PAN and SwinIR were the best again. Both methods recovered
similar distortion as the ground truth image and some smaller lines. The CAR method
was the worst, where a margin increased the distortion.
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(a) LR input (PSNR, SSIM, ms). (b) Bicubic (16.75, 0.386, 192)

(c) CAR (16.49, 0.453, 272) (d) Real-ESRGAN (19.06, 0.496, 446)

(e) Pan (23.33, 0.586, 18) (f) SwinIR (21.87, 0.607, 1247)

(g) HR image
Figure 26. SR outputs of the image number 63 from Urban100 with scaling factor 4.
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(a) LR input (PSNR, SSIM, ms). (b) Bicubic (20.34, 0.489, 154)

(c) CAR (18.78, 0.514, 198) (d) Real-ESRGAN (18.41, 0.452, 279)

(e) Pan (21.94, 0.630, 17) (f) SwinIR (22.97, 0.705, 662)

(g) HR image
Figure 27. SR outputs of the image number 91 from Urban100 with scaling factor 4.
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(a) LR input (PSNR, SSIM, ms). (b) Bicubic (28.75, 0.840, 602)

(c) CAR ( 29.73, 0.846, 3164) (d) Real-ESRGAN (31.00, 0.831, 6533)

(e) Pan (34.10, 0.882, 71) (f) SwinIR (35.12, 0.894, 2888)

(g) HR image
Figure 28. SR outputs of the image number 1 from Hiottu-1 with scaling factor 4.
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(a) LR input (PSNR, SSIM, ms). (b) Bicubic (28.32, 0.851, 601)

(c) CAR ( 28.91, 0.855, 1613) (d) Real-ESRGAN (30.11, 0.844,
6747)

(e) Pan ( 32.98, 0.886, 88) (f) SwinIR (34.29, 0.893, 2811)

(g) HR image
Figure 29. SR outputs of the image number 4 from Hiottu-1 with scaling factor 4.
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5. DISCUSSION

The experimented methods were chosen based on their quality performance and a
reasonable inference time given in original articles. Compared to other state-of-the-
art methods, the CAR method claimed to have significant PSNR and SSIM values
on dataset Set14 with a scale factor of two. Real-ESRGAN is a GAN-based method
that provided high-quality images which were eye pealing. PAN method was efficient
super-resolution that enables fast inference time with having high values on PSNR and
SSIM metrics. Using transformer layers got huge attraction, and SwinIR was created
by utilizing it while generating impressive high-quality images. Swin transformers are
heavy in terms of memory usage and high computation. While SwinIR requires a high
computation time, the results are worth it.

SwinIR and PAN methods performed the best in image quality by a large margin on
all the chosen datasets, speacially on the Hiottu-1 dataset. Both methods received the
highest PSNR and SSIM values on RGB and Y channel. The structural shapes have
been recovered in great detail in both scaling options. Blurry vertical and horizontal
lines are sharp in super-resolution images. The metrics values are close between
SwinIR and PAN method on all the datasets except on Urban100, in which SwinIR
performs a lot better. Therefore the clear winner in terms of image quality is SwinIR.
Surprisingly, the bicubic interpolation got higher PSNR and SSIM values than Real-
ESRGAN and CAR methods on Set5 and Set14 with both scaling factors, while on the
Urban100 and Hiottu-1 the third place is divided between bicubic, Real-ESRGAN, and
CAR method. Therefore the third best method is bicubic in terms of quality metrics.
The fourth best method is divided between CAR and Real-ESRGAN since the metrics
values are divided between datasets. Taking into consideration only Hiottu-1 dataset,
the third place would be Real-ESRGAN, the fourth would be CAR, and in the last
place is bicubic.

After recording the average inference time of all the datasets, the best method would
be the PAN, with a large inference time gap compared to other methods. The second
best method is bicubic, even though the inference time was close with CAR with a
scaling factor of two in Set5 and Set14. The third place is divided between CAR
and Real-ESRGAN since the Real-ESRGAN performs better with two scaling factors.
SwinIR performs the worst in terms of inference time. On the Hiottu-1 dataset, the
image size cannot fit the model. Therefore the image is split into patches executed
sequentially and concatenated by the end. The PAN method can run in real-time with
fixed image size of Hiottu-1 dataset. The Hiottu-1 images has different noise types,
and SwinIR was able to filter the noise when compared to the HR image. The SwinIR
would be an excellent option for offline super-resolution defect detection, increasing
the detection accuracy for human eye. Although, this would have a big problem on
being used in manufacturing environment with fast production line. In the future with
more powerful machines the SwinIR would be great option in manufacture inspection
usage. In the PAN method the defect types did not get as sharp as SwinIR and the noise
levels remains the same, therefore the improvement would not be that significant.

The bicubic was used as downsampling method for generating the LR images from
HR images. In real-world settings, the LR image could be noisy and blurry too. This
effect is reduced by using a bicubic downsampler. The interesting point would be
adding noise and blurry to LR images and evaluating how the methods perform.
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PSNR and SSIM were chosen evaluation metrics, which are not always the correct
method when humans are also evaluating the result images. In this work, no more
metrics were taken into consideration. Another aspect we missed was considering the
human eye. This would lead to qualitative subjective analysis.

In future work, more augmentations could be used for generating the LR images
from HR images by adding blur with gaussian, doing downsampling with bilinear and
bicubic, and adding noise with gaussian and poisson noise. All the chosen methods
were trained with different training data. In the future, all the methods could be trained
with the same training data from scratch. This would make evaluation more accurate,
although this would require a lot of computation time. Another option would be to
apply transfer learning to the current pre-trained models to adopt the particular target
dataset.
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6. CONCLUSION

In this work, four neural network super-resolution state-of-art methods were evaluated
on public and private datasets. Each method’s architecture is explained: how they
differentiate from each other and what makes them unique. The evaluation was done
by using pre-trained weights, which the authors of original work provided. SwinIR and
PAN methods performed the best in terms of image quality. The SwinIR reconstructed
the highest quality image by the metrics, and the results pealed to the human eye.
Therefore, it would be perfect for offline wood surface upsampling application, that
would highlight the defect types more clearer and noise and blurry areas would also
disappear.

The PAN had the second-best image quality with the fastest inference time. The
quality is close to SwinIR by the metrics values. However, the difference is significant
in Hiottu-1 dataset with the human eye. The PAN method has the real-time super-
resolution capability with the fastest inference time and provides high image quality.
The Hiottu-1 existed of larger image dimensions, and for that image size the frame
per second (fps) would be 13. The real-time option would be possible for upsampling
240p to 1080p. The high quality images generated by SwinIR and PAN can be used
on improving defect detection. Based on the inference time the PAN could be utilized
in manufacturing environment for the easier detection of defect types.
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