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THE PROBLEM OF IMAGE SUPER-RESOLUTION, DENOISING
AND IMAGE RESTORATION METHODS
IN DEEP LEARNING MODELS

Ngoc-Giau Pham!-®, Thanh-Hai Tong Le?*, Van-Hieu Duong3,
Hong-Ngoc Tran*, Phuoc-Hung Vo’

Abstract — This article addresses the chal-
lenges of image super-resolution and noise reduc-
tion, which are crucial for enhancing the quality
of images derived from low-resolution or noisy
data. Several approaches were compared and
assessed for upgrading low-resolution images
to higher resolutions and eliminating unwanted
noise while maintaining the essential charac-
teristics of the original images and recovering
images from poor quality or damaged data using
deep learning models. It is indicated by research
analysis and the experimental outcomes on image
quality metrics that the ED-Unet neural network
model, enhanced with pretrained weights, signif-
icantly outperforms other methods, achieving a
Train PSNR of 30.791, a Valid PSNR of 30.699,
and a Test PSNR of 31.0172.

Keywords: denoising, ED-Unet, image
restoration, pretrained weights, resolution.

I. INTRODUCTION

In the increasingly digital world, images and
videos are essential in fields ranging from educa-
tion and healthcare to entertainment and security.
However, the quality of these visual media often
falls short of expectations due to limitations in
camera technology, poor lighting conditions, or
errors during transmission. This situation has
spurred a high demand for image quality en-
hancement techniques such as super-resolution,
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noise reduction, and image restoration. These
methods not only improve the clarity and quality
of images but also enable the recovery of valuable
information that was previously obscured by low
resolution or noise [1].

In recent years, deep learning has become a
powerful tool in addressing various image pro-
cessing challenges, including super-resolution,
denoising, and image restoration [2]. The ad-
vancement of deep neural networks and convolu-
tional neural networks (CNNs) has led to signif-
icant progress, enabling higher precision in im-
age handling, automating restoration processes,
and reducing the time required for processing
(Figure 1).
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Fig. 1: Deep residual learning architecture [2]

Recent advancements in image super-
resolution and noise reduction are driven
primarily by the application of deep learning
techniques. Wang et al. [3] provide a
comprehensive survey on various deep learning
approaches to image super-resolution, detailing
their effectiveness in enhancing low-resolution
images with a focus on the progression of CNNs
and residual learning techniques. Additionally,
Liang et al. [4] introduce adaptive CNNs for
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noise reduction in low-light images, showcasing
how dynamic adaptation to noise levels can
significantly enhance image clarity.

Furthermore, Hiisem et al. [5] and Moghimi
et al. [6] explore the capabilities of genera-
tive adversarial networks (GANs) and optimized
deep convolutional networks for real-time super-
resolution applications, respectively. These stud-
ies highlight the potential of GANs in recon-
structing high-quality images from degraded in-
puts and the feasibility of deploying deep learn-
ing models in real-time scenarios without quality
compromise.

Table 1: Comparison of the design of the most
relevant state-of-the-art deep learning
architectures for image super-resolution

— - Desizn Tes  Traminz
Model name P 1 Desien | Losm  Tmining pong
SRCNN [7]___ECCV 2004 Bicabic CNN L. DIV2k 2750
DRCN[E]  CVPR 2016 Bicubic Residual, L. DIVIk 202
Eecursive _
FSRCNM [8] ECCV 2016 Decomvolution Residual L, _?;'l‘e“lm’ 2158
ESPCN[10] __CVPR 2017 SubPixel __ Residul I, DIVIE pRE]
SRReaet [1]] CVPR 2017 SubPicel  Residual L, DIVIk 2845
SRGAN[11] CVPR2017 SubPixel Residual P DIV 26.02
.
EDSR [12] E?;:R“' Sub-Pixel Residual L DIVZk 2880
=T
E“hm[u] et [eCVI01T  Bicubic Residual . DIV
Fesidual, 2826
MemiNet [14]  ICCV 2017 Bicubic Recursive,  La DIVZk
Danze
SRDemalet e  Residual - Toazietizn 2830
1131 ICCV 2017  Deconvolution Den&e L; bmet)
RDN [16] CVPR 2017  Sub-Pixal Residual L. DIVIk 2881
Eecursive, 28.60
CARN[17] ECCV20l7 SubPixel  Residual, L DIVZk
Danze
. - Residual PEE
72017 b
RCAN[IS]  ECCV2017 SubPiel Aol L DIVZk
ECCVW - Residual L Lrowr DIVZESFEGE -
ESRGAN U] pp7 Sub-Picel Dense Liww 1k
RNAN[20] ICLR2019  SubPixsl Residual L. DIVIk 288
= =5
SAN [21] CVFR 2015 Sub-Pixel Residul L DIVIk 25
HAN[2]  ECCV 2020 SubPixsl Residual L. DIVIk 2880
T 23] CVUPR 2021 SubPiel  Tramsfommers L, Tozzelet 2901
SwinlR [24] __ICCV 2021 _SubPixel ___ Trensformers L, DIV2k 28.94
Diff[F. 23] ICCV 2023 SubPiel __ Tramsformers L, DIVIk 2013

This paper aims to explore and analyze ad-
vanced methods in the fields of super-resolution,
denoising, and image restoration using deep
learning models. This research delves into the
theoretical foundations of these models, assesses
their performance through case studies, and dis-
cusses how these techniques can be optimized
and implemented in real-world scenarios. Addi-
tionally, the paper highlights the challenges and
opportunities in developing and deploying deep
learning solutions for image processing, aiming
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to achieve the best possible outcomes in today’s
digital age.

The structure of this paper is organized as
follows: the second section presents methods for
image restoration and noise reduction, and the
third section compares the performance of these
methods with machine learning algorithms based
on the results obtained from experiments.

II. METHODOLOGY
A. Problem statement

Image super-resolution is the process of en-
hancing the resolution of images by using ma-
chine learning algorithms to predict and recon-
struct image details at a higher pixel level. In
deep learning, models such as CNNs are trained
to recognize and reproduce the subtle features
of images from large datasets [25]. The goal is
to sharpen images from low-resolution cameras,
making them suitable for applications such as
healthcare for more accurate diagnostics or in
surveillance to enhance clarity in identification.

Image denoising is the process of removing
noise that may arise from poor lighting condi-
tions or sensor errors in cameras. Deep learning
models such as denoising autoencoders or CNNs
are trained to distinguish between noise and use-
ful signals in images. By training on datasets
with known noise, the model gradually learns
to restore the original image by minimizing the
presence of noise without losing essential image
details (Table 1) [26].

Image restoration involves techniques for re-
instating damaged or missing portions of an
image. This is commonly seen in the restoration
of ancient artworks, historical photographs, or
enhancing images taken with low-quality devices.
Networks such as convolutional neural networks
are trained to predict and reconstruct missing
parts based on surrounding image patterns and
previously acquired knowledge [27]. This process
requires high precision and a deep understanding
of the nature of images and the structure of the
surrounding environment.

While these techniques offer numerous ben-
efits, they also face challenges such as high
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computational demands and the ability to gen-
eralize across data that differs from the training
set. However, with the continuous advancement
of computer technology and deep learning al-
gorithms, the potential for improvements and
applications in image super-resolution, denoising,
and restoration is immense [28]. This opens up
many opportunities in fields such as security,
healthcare, and entertainment.

B. Concepts

The research direction presented in this paper
focuses on developing a network capable of per-
forming image denoising and super-resolution,
referred to as the enhanced denoising convo-
lutional neural network. This network utilizes
the residual learning approach of convolutional
networks and introduces a pretrained weights
methodology. Rather than learning end-to-end
mapping, the network is trained to generate a
new image. This new image represents the dif-
ference between the input image and the original
(template) image. The aim of this system is to
eliminate noise from the image and subsequently
enhance the image resolution (super-resolution)
(Figure 2) [29].
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Fig. 2: Base Deep Learning Method [27]

Skip connection

Degradation problem: In theory, deep networks
can learn complex functions and are more effec-
tive than shallow networks. However, in practice,
the performance of the network degrades as more
layers are added. Although part of this problem
could be attributed to the vanishing gradient, the
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authors of ResNet have addressed this by initial-
izing weights and employing batch normalization
to ensure a healthy gradient flow. Despite these
measures, performance still decreases [1].

Skip connection: The output of one layer is
skipped over several subsequent layers and rein-
tegrated as input to another layer, which is posi-
tioned further along, beyond multiple intermedi-
ate layers. Skip connections can vary depending
on the architecture in which they are imple-
mented. The ResNet architecture utilizes skip
connections to address the degradation problem,
while the DenseNet architecture also incorporates
this feature but arranges the connections in a dis-
tinct manner to improve information and gradient
flow throughout the network.

Neural networks are capable of learning com-
plex, high-dimensional functions, provided that
these functions are nonconvex.

Visualizations of the loss surface indicate that
skip connections facilitate smoother learning and
faster convergence (Figure 3).

ity with skip connections

{a) without skip comnections

Fig. 3: Complex loss surface [30]

Alternatives to increase feature resolution

During the super-resolution process, the im-
age should be upsampled at some point in the
network. There are different strategies regarding
both when and how this is done. Depending on
the combination chosen, the performance will
vary accordingly.

a) Interpolation (Figure 4): This is a com-
monly employed technique for enlarging images
by calculating the values of new pixels based
on the neighboring pixels. Popular interpolation
methods include nearest neighbor interpolation,
bilinear interpolation, and bicubic interpolation.
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Each method has its own advantages and dis-
advantages in preserving image quality during
resizing.

b) Reshape : This method alters the shape of a
data array without modifying the data within it. In
image processing, this can involve changing how
pixels are arranged in memory, thereby altering
the size of the image. However, it is not the pri-
mary method for enhancing image resolution but
is commonly used in adjusting the data structure.

¢) Transposed Convolution (Figure 5): This is
a type of transposed convolutional layer, used in
neural networks to increase the size of feature
maps. It operates by inserting spaces between
pixels, and then applying convolution to fill these
gaps, effectively increasing the resolution of the
output [29].

d) Pixel Shuffle (Figure 6): This is a technique
used in deep learning models, particularly in
tasks involving super-resolution. It restructures
the channels of feature maps into pixel positions
in the image space, commonly employed to cre-
ate resolution without losing information. This
method effectively enhances image quality by
redistributing the feature data across the spatial
dimensions of the image.

e) Unpooling (Figure 7): During the pooling
process, positional information about pixels is
discarded to reduce the size of the feature map.
Unpooling is the reverse process, where posi-
tional information is restored and the size of the
feature map is increased. This is an important
element in some neural network architectures to
enhance the detail of images or feature maps
during the upsampling process.

Through implementation and experimentation
on The Oxford- IIIT Pet dataset [31], which
includes 37 categories of pets with approximately
200 images per class, characterized by large
variations in scale, pose, and lighting, and all
images having associated ground truth annota-
tions of breed, head ROI, and pixel-level trimap
segmentation. Based on the results presented in
Table II, the interpolation (bilinear) method is the
most effective among the tested techniques. This
outcome is based on the evaluation of test loss,

21

INFORMATION TECHNOLOGY

s e 000000
e o 000000
R EER R
0000000
900000060 06060060000
5000006060 060000000
50000000 0000G0O0 OO

(a) Starting (b) Step 1 (c) Step 2 (d) End

Fig. 4: Interpolation-based upsampling methods:
the grey board denotes the coordinates of pixel
(a), and the blue, yellow, and green points

represent the initial (b), intermediate (c), and
output pixels respectively (d) [27]
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Fig. 5: Transposed Convolution or
Deconvolution layer: the blue boxes denote the
input (a), and the green boxes indicate the
kernel (b) and the convolution output (c) [27]
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Fig. 6: Pixel Shuffle layer: the blue boxes
denote the input (a), and the boxes with other
colours indicate different convolution operations
(b) and different output feature maps (c) [27]

(b) Convolution (c) Reshaping

112]13]4 Data 0]1]0])0]0
516|718 6|8 06|08
9(8|7]|6 SN 910|710
51413]2 o olofofo
[ 3,
Data | 8, 10]] Data 3

Fig. 7: Unpooling layer: Simply replacing each
entry of a feature map by an s x s block with
the entry value in the top left corner zeroing
elsewhere and making use of max-pooling
indices computed in the max-pooling layers of
the convolutional subnetwork [27]
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with a value of 0.4025, which is lower than the
other methods. This indicates that the bilinear
interpolation method has significantly reduced
noise and improved image quality more than
other methods such as Reshape, Pixel Shuffle,
Unpooling, and Transposed Convolution.

Table 2: Comparison of some of the upsampling
methods (epochs = 30)

. Loss Model Train Test Test
Upsampling g, ction  name loss loss image
Interpolation Cross -

- Entropy ED-Unet 01522  0.4025 80
(bilinear) Loss()
Cross
Reshape Entropy ED-Unet 02455 06648 80
Loss()
Cross
Pixel Shuffle Entropy ED-Unet 0.1154 0.4561 80
Loss()
Cross
Unpooling Entropy ED-Unet 00991 0.3466 80
Loss()
Convolution Cross -
T _ Entropy ED-Unet 0.1296 04788 80
Tanspose LossO)

The proposed network architecture and the
pretrained weights method

The proposed ED-Unet model (Figure 8) is a
23-layer deep convolutional neural network con-
sisting of two layers processing the input image,
four encoder blocks (each with two layers), four
decoder blocks (each with three layers), and one
layer processing the output image. The activation
function used is Tanh, and the loss function
employed is mean squared error (MSE). The
kernel matrix size is 3 x 3, uniform across all
23 convolutional layers. The first convolutional
layer receives 3 feature maps corresponding to
the Red Green Blue (RGB) channels of the image,
while layers 2 through 22 each receive 64 feature
maps. The final output of the network has three
channels. All weights are initialized from a stan-
dard random distribution. With such architecture,
the total number of parameters in the proposed
network is 28,985,088. During the training phase,
the network input is a 256 x 256 two-dimensional
interpolated image, and the target output is a new
256 x 256 image. The network is capable of
operating with any input image size, utilizing the
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weights it has learned during training. The num-
ber of trainable parameters for the convolutional
layers does not depend on the input size.

From the analyses presented, the paper pro-
poses a network architecture comprising Fblock
units for preprocessing and information extrac-
tion, Eblock units for denoising and image qual-
ity enhancement, and Dblock units for output
restoration. This structured approach allows for
sequential improvements in image processing,
culminating in enhanced and restored final out-
puts.
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Fig. 8: The proposed network architecture

The method of pretrained weights, also known
as the use of pre-trained model parameters, in-
volves utilizing model parameters that have al-
ready been trained on a robust dataset. This
approach enhances the learning speed and perfor-
mance of the model on a new dataset, particularly
when the available data for a specific task is
noisy, incomplete, or less informative compared
to the original dataset.

Pixel loss

The objective of the loss function is to measure
the difference between two images on a pixel-by-
pixel basis to allow the images to converge as
closely as possible. By definition, pixel loss is
highly correlated with the peak signal-to-noise
ratio (PSNR), which has led to its rapid adoption
as the most favored loss function [32, 33].

The L1 loss function can be expressed as
Formula (1).

ijk
SR

1
Zigk

hwe

L1(Isg, I,) = ik [;;j"“ (1)

The Mean Square Error (MSE) loss function
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can be expressed as Formula (2).

LMSE([SRI _v} Z]]k( ]]k

| e k)

Wherein:

h: height of the image

w: width of the image

c: channel of the image

I, € R>": ground-truth high-resolution image

Isg € R™": super-resolution image

Evaluation metrics: PSNR is one of the
most popular metrics not only for image super-
resolution but also for lossy compression, image
inpainting, or image denoising. Therefore, it is
often used as the main performance measurement
for most benchmarks. This measurement provides
an objective assessment of the reconstruction
error at the pixel level. The MSE is defined as
Formula (3).

1 en-1ew-1
MSE_H“FZ Z

(1, () — Tsr (1)) 2

The PSNR is defined as Formula (4).

PSNR = 10.logy; ("oes ) @

Wherein:

H: height of the image

W: width of the image

MAX: the maximum possible pixel of the
image

I, € R>: ground-truth high-resolution image

Isg € R™: reconstructed image

Noise reduction and image quality enhance-
ment unit

The noise reduction and image quality en-
hancement unit is a 3 x 3 kernel. The dimensions
of the feature maps for layer i are represented
as Di (i=1. . .6). The relationship between the
convolutional layers can be expressed as follows
in Formula (5).

D3 -D1=D1-D2=d (5)
In this context, d denotes the discrepancy be-
tween the first and second tiers, or between the

first and third tiers.

3)
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Similarly, the dimensions of the channels in the
submodule also exhibit this relationship and can
be described as follows in Formula (6).

Ds—Ds=Dy—-Ds=d (6)
Assuming the input to this module is /;_;, the
output of the module is represented as Formula

(7).

=Cile1) (7

Wherein, [;_; denotes the output from the
preceding block and serves as the input to the
current block, and Ca represents the operation of
sequential convolution.

. o . D,
The feature map matrices with dimensions —
and the inputs to the first convolutional layer are

concatenated within the channel framework as
Formula (8).

RE=C (S(PE i) I1) (8)

Here, C and S represent the operations of
concatenation and splitting, respectively. Specif-
ically, the dimension of Plk is D3. Thus, S(Pk,

. . . Dy
—) indicates that features of dimension ?5 are
S

retrieved from P,k. This operation concatenates
these features with I;,_; within the channel frame-
work. The goal is to integrate previous informa-
tion with some current information. The remain-
der of the local short path information as the
input for the kernel is used, primarily extracting
further long-range feature mappings as Formula
).
P =Cu(S (PE 1-3) (9)

Here, Pé‘ , and C}, correspond to the convolution
operations of the output and the concatenation of
the kernel. Therefore, the enhancement unit can
be presented as Formula (10).

PE=Ppk + RE=
= Cu(S(Ca(le). 1- %)) + C(S(Calli). ﬁl k1) (10)

Wherein: P, is the output of the enhancement
unit.
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Normalized using batch normalization

Batch normalization is applied to each individ-
ual layer (or potentially to all layers) and operates
as follows: during each training iteration, at each
layer, the activation values are first computed
as usual. Then, the activation values for each
node are normalized by subtracting the mean and
dividing by the standard deviation. Both of these
quantities are estimated based on the statistics of
the current minibatch [34].

The output feature map is defined as Formula

(11).

Kicg o—
Yigkt = Wi

da§+ £

Zf:l Z:‘;l ZT:J_ X:‘_;-‘kr

)2 Z?’;l ZI=1(X1';';¢: — Hg

b

_ 1
HWT

an
T )

Wherein, the input and output arrays are con-
sidered as 4D tensors to work with a series of
feature maps. The tensors w and b define the mul-
tiplicative and additive constants, respectively. T
is the batch size for batch normalization and:

XY € REXWHEXT w e RE b e R¥

III. EXPERIMENTATION AND
EVALUATION OF RESULTS

Experimentation

The implementation of image super-resolution,
denoising, and restoration was carried out using a
proposed neural network on the collected dataset,
which include images of cars, motorcycles, and
street scenes with three RGB color channels, each
sized 3 x 256 x 256. The dataset included 685
training images and 170 test images (Figure 9).

The process involved the following steps:

Step 1 — Data preparation: Generating low-
resolution images from high-resolution references
by adding noise and applying a random erasure
function to simulate content loss in the images.
Step 2 — Initial image enhancement: Applying
super-resolution to the low-resolution images and
perform denoising and content restoration using
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Fig. 9: A few images in the dataset collected
by Authors

bilinear interpolation as the preliminary enhance-
ment method.

Step 3 — Advanced image restoration: Imple-
menting the proposed neural network to perform
super-resolution, denoising, and restoration tasks
on the input images, which is anticipated to
improve the image quality significantly.

Step 4 — Visual evaluation: Conducting a visual
assessment of the high-resolution output pro-
duced by the neural network model. This step
involves a comparative analysis of the images
restored with pretrained weights against those
enhanced by traditional methods.

Step 5 — Quality assessment: Evaluating the
restored images quantitatively by computing sim-
ilarity metrics with the original high-resolution
images. Key metrics include Train PSNR, Train
loss, Valid PSNR, Valid loss, and Test PSNR.

Step 6 — Performance comparison: Finally,
benchmark the execution time of the neural net-
work against other methods to evaluate the effi-
ciency and practicality of the proposed solution
in real-world scenarios.

During the training phase, the proposed net-
work receives input images of dimensions 3 X
256 x 256. The iterative optimization algorithm,
gradient descent, is employed with a learning rate
set to 0.001. The training process spans across a
total of 100 epochs.

Visual evaluation

The results of the visual evaluation using the
proposed method are presented in Figure 10.
The image displays results from experiments
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using different configurations of the ED-Unet
model for image processing, specifically focus-
ing on enhancing image resolution or restora-
tion. Configurations utilizing skip connections
and pretrained weights showed significant im-
provements in image clarity and quality com-
pared to the model without skip connections.
The performance graphs, likely measuring PSNR
and SSIM, indicate that adding skip connections
and pretrained weights significantly enhances the
model’s ability to produce high-quality images
from lower-resolution inputs.

h‘

ED-Unet + Sllinélml‘lﬁl:l + pretrained weights

Fig. 10: Visualization through images and data
visualization

It can be observed that the outcomes based
on the proposed neural network model and the
method using pretrained weights exhibit the high-
est image quality. The restored images with the
proposed method nearly fully recover all features
and content, with enhanced visibility of details
that were previously noisy or lacked information.
Furthermore, data visualization using the PSNR
index shows that higher PSNR values indicate
better image enhancement results.

Evaluating image quality metrics
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When analyzing the performance of the ED-
Unet model in various configurations as listed in
Table 3, the use of pretrained weights particu-
larly stands out due to the significant benefits it
offers. Specifically, the ‘ED-Unet + skip connect
+ pretrained weights’ configuration demonstrates
superior improvement over other setups, both in
terms of performance and efficiency.

In the context of practical applications, where
high-resolution image enhancement requires pre-
cision and quick response times, using pretrained
weights not only improves image quality but
also ensures that the model can be deployed
effectively. The combination of skip connection
and pretrained weights creates an exceptional
model capable of handling the challenges of
image resolution in situations requiring com-
plex computations. This not only showcases the
model’s capabilities in a controlled experimental
environment but also in practical applications,
where detail recovery and noise reduction are
important.

Table 3: Image quality assessment metrics by
method (epoch = 100)

Valid Valid
PSNR loss

20954 0.112

Test
PSNR

20.8336

Train
loss

0.104

Train
PSNR

21.427

Model name Scale

ED-Unet
noskipconnect x4
ED-Unet +
skipconnect
ED-Unet
noskipconnect
ED-Unet +
skipconnect
ED-Unet +
skipconnect +
pretramned
weight

x4 25.188 0.067 25321 0.065 254323

21671 0100 21.047 0.109 21.3795

30459 0030 29.031 0.035 30.6391

30.791 0.026 30699 0025 31.0172

IV. CONCLUSION

Recent research and testing have demonstrated
that the proposed network significantly excels in
denoising and enhancing the resolution of real-
world images. This network, with its deep and
elaborate structure, can understand and process
various noise types directly from input images
without prior noise information. This capability
is attributed to the network’s numerous convolu-
tional layers, which enable it to detect and decode
complex noises like Gaussian or Poisson.
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Simpler networks with fewer layers would not
be able to efficiently accomplish this task due
to a lack of necessary parameters to handle noise
complexity. With its wide receptive field, our net-
work not only removes noise but also accurately
reconstructs image details.

Moreover, the training and execution time of
this solution is reasonably short, emphasizing its
potential for broad application in the field of
image processing. This opens up opportunities for
our network to be used not only in experimental
settings but also in real-world applications where
image quality enhancement is critical.
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