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The article deals with the problem of improving image quality using neural network
methods. The goal of the research is to develop and study the effectiveness of software
that improves image quality by using neural network technologies. The relevance of the
work is due to the fact that the use of neural networks (NN) for the subject area under
consideration allows the application of new methods that cannot be implemented by tra-
ditional approaches. This makes it possible to increase the efficiency and reduce the cost
of image processing. The object of the study is graphic images. The subject of the study
is the performance indicators (metrics) of neural network methods used to improve
image quality. The paper analyzes traditional and neural network methods for increasing
resolution and improving image quality. Among the traditional methods, the methods
and algorithms of interpolation and filtering were analyzed, and among the neural net-
work methods, the Super-Resolution, Inpainting and Denoising algorithms were ana-
lyzed. The paper also presents a comparative analysis of popular software solutions for
increasing image resolution. The advantage of using NN methods is shown, and the rele-
vance of software development is determined. The architectures of autoencoders, gen-
erative adversarial, convolutional and diffusion neural networks used to improve image
quality are analyzed, their advantages and disadvantages are identified. The choice of NN
architecture is substantiated. Criteria for assessing image quality are considered. The use
of the Structural similarity index measure (SSIM) and Peak signal-to-noise ratio (PSNR)
criteria is substantiated. A set of tools for software development is defined. The archi-
tecture of a neural network that will solve the problems of existing software solutions is
developed. The analysis of the results of the proposed software operation is carried out
and conclusions are made about its effectiveness. The work uses the method of theoret-
ical analysis, the method of comparison, as well as experiment and generalization.
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Introduction

The task of improving the quality of images, photographs, in-
creasing their resolution has been relevant for many decades [1,
17, 21]. Currently, a huge amount of information is stored in
image format. They are used not only in everyday life, but also in
many professional fields. Thus, road surface images obtained
using special optical equipment [26-29], photographs of space,
macro and microworld, as well as many other images are re-
quired for information analysis, research and obtaining important
data [1-7, 30-32]. The correctness of the conclusions made dur-
ing the analysis directly depends on the quality of the images,
their detail, clarity, readability. Often, weather conditions,
equipment quality and other factors affect the quality of images,
so for their further use it is necessary to process them: remove
noise, increase clarity, change contrast and much more. In the
field of security, individual frames from surveillance cameras
can be used for investigations. High image quality will help to
obtain more information that can then be used. In this area, a
high response speed is often required, so the time spent on im-
proving the quality of images plays an important role. With the
development of technology and the improvement of computing
technology, the use of various machine learning (ML) methods,
in particular neural networks (NN), has become widespread for
improving image quality.

To achieve the previously stated goal, it is necessary to solve
a number of important interrelated problems:

 analyze existing algorithms, methods, technologies and
software solutions used to improve image quality, identify their
advantages and disadvantages;
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* determine the architecture of the neural network that will be
used in developing software to improve image quality;

* justify the choice of criteria for assessing image quality;

» implement the developed software and analyze its effec-
tiveness.

Analysis of Traditional Image Improvement Methods

The simplest and most widely used traditional methods of
improving image quality are interpolation algorithms. Their es-
sence is that existing data is used to obtain expected values at
unknown points (information from the open resource
https://www.cambridgeincolour.com/ru/tutorials-ru/image-
interpolation.htm). Figure 1 shows the principle of the interpola-
tion method when scaling an image.

The nearest neighbor method is a basic interpolation algo-
rithm. According to it, the value of the nearest pixel is taken to
fill an empty pixel. This method gives fast results, but often the
image has uneven object boundaries.

Another common method is bilinear interpolation. The inter-
polated value is a weighted average of four pixels around the
unknown. The results of bilinear interpolation are smoother than
the nearest neighbor method, but there is a risk of getting a blur-
ry image  (information from the open  source
https://www.cambridgeincolour.com/ru/tutorials-ru/image-
interpolation.htm).

These two methods and bicubic interpolation, which is an
improved version of bilinear interpolation, are fairly simple to
implement, but often result in unwanted defects: aliasing, blur-
ring, and edge halos (Fig. 2).
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Fig. 1. The principle of interpolation when scaling an image
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Fig. 2. Examples of possible defects when improving image quality
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In addition to interpolation algorithms, traditional methods of
improving image quality include filtering. The principle of filter-
ing is to use various filters to improve clarity and remove digital
noise. Filters often introduce artifacts and distortions into the
image, and when using filters, smoothing of details and textures
may occur [9].

When working with significantly distorted images or images
of very low quality, the limitations and disadvantages of tradi-
tional methods become most noticeable. They are unable to re-
store lost details. In addition, pre-definition of interpolation pa-
rameters or filters is often required, which makes the use of tradi-
tional methods ineffective when working with large amounts of
data. To solve these problems, neural network methods for image
quality improvement have come to be used.

Algorithms using neural networks to improve image quality

At the moment, there are a number of algorithms that use
neural network technologies to improve image quality. They are
selected and applied depending on the task and image quality
requirements.

Super-Resolution (SR) technology is very popular at the mo-
ment and is used in various fields. Image Super-Resolution
methods can be divided into two groups: classical methods and
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deep learning-based methods. Early classical methods such as
statistical methods, prediction-based methods, fragment-based
methods, edge-based methods, and resolved representation
methods were often used and the quality improvement with their
help was sufficient. However, today, there have been changes in
the use of SR methods. With the development of neural network
technologies, their application has begun to spread to various
tasks, including the task of image quality improvement. Deep
learning-based SR methods have shown higher performance than
classical methods. Researchers have used various methods rang-
ing from the Convolutional Neural Network (CNN) method to
the Generative Adversarial Network (GAN) method [4, 5, 17,
21]. The working principle of the SR algorithm is shown in Fig-
ure 3 [10].

The Inpainting algorithm is used to fill empty or damaged ar-
eas of an image based on existing information. The basic idea is
to use neighboring pixels or entire areas to restore missing parts.

There are different methods of inscribing a part of an image,
one of them is the option when the prediction based on the global
context of the image and the prediction of local textures are op-
timized. For this, two neural networks are used - one for the con-
text and one for the texture. In this way, it is possible to restore
the empty area with greater detail and minimize the appearance
of artifacts (Fig. 4) [11].
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Fig. 3. The principle of operation of the SR algorithm [10]
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Fig. 4. The principle of operation of the Inpainting algorithm [11]
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In addition, two directions can also be distinguished: Deter-
ministic Image Inpainting and Stochastic Image Inpainting. In
the first case, as a result of applying the algorithm, one variant of
the output value is obtained, while for the second case, it is typi-
cal to obtain many variants of output values [8].

The Denoising algorithm improves image quality by remov-
ing digital noise while preserving details and textures. Initially,
there were only traditional noise reduction methods, but now
there are methods based on the use of neural networks. The prin-
ciple of the Denoising algorithm is shown in Figure 5 [12].
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Fig. 5. Principle of the Denoising algorithm [12]

It is worth noting that the problem of noise reduction is one
of the oldest and most studied problems in image processing, so
the existing algorithms for noise reduction show good results. At
the moment, solutions for this problem are aimed not only at
improving the quality of noise reduction, some of them, for ex-
ample, diffusion models, have begun to be used for other tasks,
such as image generation [10].

Analysis of existing software solutions
for improving image quality

As discussed earlier, image quality improvement is necessary
not only in professional fields, but also in everyday life. People
need tools to improve images that they can use and that do not
require specialized skills and knowledge. Today, there are ready-
made tools for improving image quality that have a simple and
intuitive design. Such solutions often have other functions, in
addition to improving quality, with which you can transform an
existing image. For example, it is possible to replace the back-
ground, change colors, generate images and many others. Let's
consider some popular services that use neural network technol-
ogies [11].

The SnapEdit service allows you to improve the quality of
images, remove objects and restore damaged photos. In addition
to the ability to work with photos on the site, users can install the
application on Android or iOS. Despite all the advantages of the
service, there are also a number of disadvantages. These include
a large amount of advertising, the presence of paid functionality
and the slowness of the service on devices with insufficient pow-
er (information from an open source https://snapedit.app/ru).

The PicWish service helps improve the quality of images,
remove or replace the background, combine several images, pro-
vides the ability to generate an image on request and extract text
from an image. The service has an intuitive interface, which
makes it easier to work with. The disadvantages of PicWish in-
clude a limit on the size of the file that will be worked with, as
well as the presence of paid content at a high price (information
from an open source https://picwish.com/ru/).

The BigJPG service increases the size of images and im-
proves their quality. The advantages include working with dif-
ferent image formats and an intuitive interface. But compared to

other services, users note a long processing time, as well as peri-
odic blurring of the image as a result of increasing the size
(information from an open source https://bigjpg.com/ru).

Based on the analysis of these software solutions, their ad-
vantages and disadvantages were identified and presented in
Table 1.

Table 1

Advantages and disadvantages of existing image quality
improvement services

Service Advantages Disadvantages
SnapEdit | cross-platform; slow service operation;
wide functionality presence of advertising
and paid functionality
PicWish |intuitive interface; file size limit;
wide functionality high subscription price
BigJPG | work with different image | long processing time;
formats; there is a possibility
intuitive interface of blurring as a result

As a result of the analysis of the advantages and disad-
vantages of existing image quality improvement services, a deci-
sion was made to develop software using neural network tech-
nologies to improve image quality. This decision is also based on
the identified trend in the development of the use of neural net-
works to solve image processing problems, as well as the need to
implement alternative software solutions.

Analysis of neural network architectures used
for image processing

Neural networks are already actively used for various tasks
related to image processing. Depending on the specific task, the
most suitable architecture is selected. Various neural network
architectures already exist to improve image quality, but this area
continues to develop. The main types of such NN architectures
are autoencoders, convolutional neural networks, generative ad-
versarial networks, and diffusion neural networks [3, 17, 21].

Autoencoders are neural networks that learn to reconstruct
input data as output. They can be used to remove noise from an
image, restore details, and improve clarity [22-25]. The main
components of autoencoders are an encoder and a decoder. The
encoder converts the input image into a latent representation
(latent-space). This component consists of several layers, each of
which gradually reduces the dimensionality of the data and ex-
tracts important features from the image. The decoder receives
the latent representation from the encoder as input and recon-
structs the image. It also has several layers that gradually in-
crease the dimensionality of the data and generate a reconstruct-
ed image.

Autoencoders have a number of advantages and disad-
vantages. Autoencoders do not require labeled data to be trained,
which is an important point in some tasks. In addition, during
training, autoencoders extract the most important features from
the data, thereby reducing its amount. However, this type of neu-
ral networks also has its limitations. Such NNs are prone to over-
training, which can affect the results of the model with data that
were not displayed in the training set. To prevent this from hap-
pening, regularization methods should be carefully selected when
working with autoencoders. In addition, this type of neural net-
works is very sensitive to the choice of hyperparameters, which
directly affects the efficiency of the model [2, 6-7].

e
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Convolutional neural networks (CNN) — this class of neural
networks is specifically designed for image processing. They are
often used to improve quality by automatically extracting fea-
tures from input data [13-16]. The main components of convolu-
tional neural networks are convolutional layers, pooling layers,
fully connected layers, and activation layers.

Because this type of neural network identifies the most no-
ticeable features in an image, such as angles and shapes, they
show high results in the tasks mentioned above. The disad-
vantages of convolutional neural networks include such prob-
lems as the blurriness of the restored images, as well as the
smoothness of the textures on them. This type of neural network
is not always able to achieve the same detail as the reference
image when restoring image quality, this is influenced by several
factors, such as kernel mismatch or overtraining [13].

Generative Adversarial Networks (GANs) are a class of neu-
ral networks that include two main components: a generator and
a discriminator [15]. The generator is designed to produce imag-
es that are as similar as possible to real images from a training
dataset. It consists of several layers, including fully connected
and convolutional layers, which help extract features and create
high-quality images. The generator takes random noise as input,
usually in the form of a vector [18]. The discriminator is de-
signed to determine whether the input image is created by the
generator (fake) or real. It also consists of several layers that help
it analyze images and make decisions about their authenticity.
The discriminator is a binary classifier. The generator's goal is to
deceive the discriminator, and the discriminator's goal is to more
accurately determine the authenticity of images [19].

Generative adversarial networks are most often used to gen-
erate images [20-25]. The realism of the images they create is
very high in terms of human perception. In addition, this type of
neural networks is used to change the style of an image, as well
as for other tasks, one of which is improving the quality of imag-
es. But despite their great popularity, generative adversarial net-
works have a number of disadvantages. One of these is the insta-
bility of model training. This is due to the fact that this type of
neural networks is very sensitive to the settings of the generator
and discriminator [22]. If they are not balanced, this leads to the
fact that the model will overtrain. With a stronger generator, the
discriminator will start making mistakes too quickly and accept
the generated images as real. With a stronger discriminator, the
generator will start overtraining, trying to deceive the discrimina-
tor. Another important disadvantage is that when generating im-
ages of higher quality, the model creates incorrect textures. Pre-
viously, this was more pronounced, as GANs could not recon-
struct small text, generating instead something similar. Now,
improvements have been achieved in this problem, but neverthe-
less, this type of neural networks still generates some textures
incorrectly. This can be critical for certain images, for example,
if the improved image is then used to analyze the relief and in
other cases too [13].

Diffusion neural networks — this architecture can be used to
generate images and also improve them [17, 21]. The main prin-
ciple of this architecture is the diffusion method, consisting of
two processes: forward diffusion and backward diffusion. For-
ward Diffusion — transforms the input data by gradually adding
noise (usually Gaussian noise) to it. Backward Diffusion — its
purpose is to iteratively restore data from a noisy image, i.e. re-

COMPUTER SCIENCE

move noise to obtain a high-resolution image. Additional data,
such as a text description, can be used in this process [14].

Despite the fact that diffusion models create realistic images,
including due to the additional data input, they have several sig-
nificant drawbacks. Due to the fact that the diffusion process is
computationally expensive, models can change the original col-
ors when improving an image. This happens due to the small size
of batches or insufficient length of the model training process,
caused by the limitations of the equipment used to train diffusion
neural networks. Another drawback is that diffusion models can
show good results on one dataset, but not be as effective for oth-
er datasets. This is due to the fact that datasets differ from each
other in many image criteria: not only the degree of image distor-
tion (resolution and noise level) are important, but also the varie-
ty of objects in the image, as well as the color ratio. When ana-
lyzing various neural network architectures for image quality
improvement, the advantages and disadvantages of each were
highlighted, presented in Table 2.

Table 2
Advantages and disadvantages of CNN, GAN,
autoencoders and diffusion neural networks
Neural network Advantages Disadvantages
architecture
Convolutional Neural |identify the most blurriness;
Network noticeable characteristics; |texture smoothing
show good results
in classification and
detection
Generative creation of realistic incorrect texture
Adversarial Network |images; generation;
suitable for various tasks | sensitivity to gen-
(synthesis, style transfer, |erator and discrimi-
etc.) nator settings
Autoencoder does not require labeled | high sensitivity to
training data; hyperparameters;
uses a small number not suitable for all
of features datasets
Diffusion neural additional input; change colors;
networks creation of realistic not suitable for all
images data sets

After analyzing the advantages and disadvantages of four ar-
chitectures, it was determined that the autoencoder is the most
suitable for the implementation of the software being developed.
This architecture will be implemented in further development.

Definition of criteria (metrics) used to evaluate
image quality improvement

When assessing the quality of neural networks for image im-
provement, it is necessary to use image quality criteria, i.e. met-
rics by which different models and methods can be compared.
Quality criteria are based on various parameters, such as: sharp-
ness, resolution, contrast, noise, brightness, saturation, and oth-
ers. Quality criteria can evaluate an image not only from the
point of view of human perception of information, but also track
distortions that are imperceptible to the human eye. This may be
important if, after image quality has been improved, information
from it is read using software, the result of which may be affect-
ed by these distortions [15].

—
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It is worth noting that different criteria are used for different
tasks and emphasis is placed on some of them depending on
which image parameter is most important for a particular task.
Let's consider some of the most common criteria.

Structural similarity index measure (SSIM) — this quality cri-
terion shows the structural similarity between the improved and
original images. The texture of objects in the image, their shape,
as well as brightness and contrast are taken into account. It is
based on the idea that pixels located nearby have dependencies
that contain information about the structure of objects in the im-
age. Images that are more similar to each other will receive a
higher value for this criterion than those with worse structural
similarity [16, 17].

Peak signal-to-noise ratio (PSNR) — this criterion evaluates
the noise level in an image by comparing the original image and
the improved one and measuring the difference between them.
To calculate this criterion, the maximum signal (pixel) value and
mean squared error (MSE) are used. A higher value of this crite-
rion indicates better image quality, the lower the value of the
indicator, the worse the image quality. There are also several
ways to calculate this criterion to evaluate the noise level in a
video, and not in a single image [18, 19].

Perceptual index (PI) is a quality criterion based on the as-
sessment of a person’s visual perception of an image. It takes
into account not only physical characteristics, but also how well
a person is able to perceive and evaluate an image. A lower value
of this criterion indicates that the image is of the highest quality
for human perception [20].

Visual information fidelity (VIF) — this criterion measures the
amount of information transmitted by an image, that is, in addi-
tion to taking into account the main characteristics of the image,
it also takes into account human perception. This criterion is
based on the structure of the human visual system and how a
person perceives an image, taking into account that the visual
system only allows part of the information through. This criteri-
on is rarely used for images in medicine and some other areas
precisely because of this [18].

After analyzing these criteria, it was decided to use the SSIM
and PSNR metrics to compare the image quality improvement
results of different models and evaluate the effectiveness of the
developed software, since the combination of these metrics co-
vers such image imperfections as noise, texture distortion, and
changes in the shape of objects. In addition, these two criteria are
the most frequently used in research and development of SR so-
lutions, with their help, different architectures are compared, and
the effectiveness of the architecture is studied with different de-
grees of image deformation and with different hyperparameters
of the model.

It is important to note that using these two metrics together
helps to achieve the highest quality assessment, since PSNR,
despite its widespread use due to the simplicity of calculations,
has limitations related to the fact that this criterion cannot assess
whether the image will be of sufficient quality from the point of
view of human perception. SSIM is better at assessing images
from a human perspective and also notes similarities in structures
and textures, which is lacking when assessing solely by PSNR.
However, SSIM is more computationally expensive. In addition,
it is worth noting that for such indicators as PSNR and SSIM,
diffusion models are inferior to other NNs, although from the
point of view of human visual perception, images show high

results, which was taken into account when choosing the archi-
tecture of the developed NN.

Autoencoder Architecture Design and Autoencoder Training

Previously, it was decided to select an autoencoder as the ar-
chitecture for the software being developed to improve image
quality using neural network technologies. For further develop-
ment, it was necessary to determine specific layers, their number,
order, and parameters.

During the design, several variants of models were created
with different sets of layers and different parameters for these
layers. After training these models, their efficiency was checked
and, depending on the results, decisions were made to add or
remove layers, as well as to change some specific layer argu-
ments. The values of the quality criteria were taken into account,
as well as the range in which the models could improve images,
since it is important that the software being developed could be
used for images distorted to varying degrees.

In total, five types of layers were used in the final model:
"Conv2D", "Dropout", "MaxPool2D", "Add" and "UpSam-
pling2D". Convolutional layers were used in both the encoder
and decoder (the activation function was "ReLU"), "Dropout"
and "MaxPool2D" were used only for the encoder, and "Add"
and "UpSampling2D" were used only for the decoder. The high-
level Application Programming Interface (API) "Keras" was
used to implement the model layers and train it, which made it
easier to work with "TensorFlow".

During the implementation, it was found that a regularization
coefficient of 107'° is optimal for the software being developed,
so this coefficient is specified for all convolutional layers of the
model. In addition to regularization, a “Dropout” layer was add-
ed to the encoder to prevent model overtraining. It excludes neu-
rons from the network with a given probability. In the imple-
mented model, the probability set for the layer is 0.2, since this
value showed the best results for training the model. Compared
to a model with a lower value, the final model showed better
quality metrics, and when compared to a model with a higher
probability, it was found that images improved with that model
had artifacts. The full architecture of the developed encoder is
shown in Figure 6.

Add layers in the decoder architecture were added to share
information between the encoder and decoder. This helps the
model use more information about the input data for training.
The complete architecture of the developed decoder is shown in
Figure 7.

The model receives low-resolution images as input. "Adam"
was chosen as the optimizer, as it showed the best results during
development. The mean square error was set as the loss function.

To train the model, a specialized SR dataset "DIV2K" was
selected, containing 800 training images of high and low resolu-
tion, 100 test images of high and low resolution, and 100 pairs of
"validation" images. For low resolution, several options with
different degrees of distortion are presented. This dataset was
selected because the images in it have different content: animals,
people, landscapes, flowers, etc. Thus, the trained model will be
able to further improve the quality of images not only with some
limited subject matter, which will be an obvious advantage of the
software being developed.

—
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Fig. 6. Architecture of the developed encoder

When training models with low-resolution images provided
in the dataset, it was noted that the software's efficiency was low.
This was due to the fact that the degree of distortion of the imag-
es provided was too small, so the model could not cope with
more serious damage in the images. In this regard, a function
was created that reduces the quality of images according to a
specified percentage. This function is used to create low-
resolution training and "validation" datasets, as well as to further
test the efficiency of the developed software.

The model training used an "EarlyStopping" callback that
kept track of the loss function for the validation data, meaning
that training would stop when the loss function for the validation
data stopped decreasing. It was also specified that the model had
to train for at least 50 epochs before training could be stopped.
Using this callback also helps prevent the model from overtrain-
ing.

The model was trained using Google Colab on a Tesla T4
with 12.7 GB of system RAM and 15 GB of GPU RAM. The
initial setting was 200 epochs, but the training was stopped by a
callback function after 53 epochs.
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Fig. 7. Architecture of the developed decoder

The matplotlib library was used to visualize the changes in
the loss function and accuracy depending on the epoch, since it is
a convenient library that can be used to plot various 2D and 3D
graphs, as well as easily adjust their parameters. The figures be-
low show the graph of the loss function for the training and vali-
dation data versus the number of epochs on a logarithmic scale
(Fig. 8), as well as the dependence of the model accuracy on the
training and validation data on the number of epochs (Fig. 9).
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Fig. 8. Model loss graph
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After training was completed, the model was saved to the file
"model.h5" for use with the developed graphical interface, as well
as for testing its functionality on a local device. This file contains
the autoencoder architecture, the weights obtained after training,
information about the model compilation and the optimizer.

Research on the effectiveness of developed software

To analyze the effectiveness of the developed image quality
improvement software, the PSNR and SSIM quality criteria dis-
cussed earlier were used. These criteria were calculated between
the reference image (high-quality image) and the degraded im-
age, as well as between the reference image and the model out-
put. The degraded images were created using the "bad _image()"
function, which was passed the reference image and a percentage
starting from 95%. The percentage value was gradually reduced
by 5% until the image quality criteria between the original image
and the model output became worse than between the original
and the degraded image.

PSNR was calculated using the method of the same name in
the OpenCV library. The input to this method is a reference im-
age and either a low-quality image or an image improved by the
developed software. A higher value of this criterion indicates
better image quality. The results of testing the effectiveness of
the developed software based on PSNR are presented in Table 3.
For convenience, it does not indicate the percentage transferred
to the "bad image()" function, but the percentage of defor-
mation, equal to the difference between 100% and the specified
percentage. Also, the values are rounded to two decimal places.

The SSIM calculation was performed using "structur-
al similarity" of the "skimage" package. The input to this meth-
od is a reference image and either a low-quality image or an im-
age improved by the developed software. But to calculate the
SSIM, the images must first be converted from RGB to "Gray-
Scale". This was implemented using the "OpenCV" library.

As in the case of PSNR, a higher value of this criterion indi-
cates better image quality. The results of testing the effectiveness
of the software being developed based on SSIM are presented in
Table 4. It also indicates the percentage of image deformation.
The values are rounded to two decimal places.

Table 4
SSIM values for degraded image and model output
Percentagfa Original SSIM ) SSIM after
of deformation improvement
5 0.88 0.94
10 0.87 0.93
15 0.86 0.92
20 0.85 0.91
25 0.84 0.88
30 0.82 0.87
35 0.80 0.85
40 0.79 0.82
45 0.76 0.78
50 0.76 0.71

Table 3
PSNR values for the degraded image and the model result

Percentag.e of Original PSNR .PSNR after
deformation improvement

5 73.38 75.53

10 72.95 74.90

15 72.62 74.35

20 72.26 73.61

25 71.97 72.52

30 71.49 72.28

35 71.09 71.55

40 70.72 70.85

45 70.24 70.12

Based on the analysis of the data presented in the tables, it
can be noted that the PSNR for the model's performance be-
comes worse than the original earlier than SSIM. With a defor-
mation percentage of 45%, the original SSIM is less than that
obtained as a result of comparing the original and the work of the
developed software, which indicates that the structural similarity
between the improved image and the original is greater, and ac-
cordingly, the quality of the improved image is better.

However, when the image is deformed by 50%, both quality
criteria show that the developed software cannot improve the
image quality. Moreover, the image quality becomes worse than
it was initially. This can be observed if we visualize the noise
between the original image and the degraded version and be-
tween the original image and the model result.

Let us consider two examples of image quality improvement
by the developed software. Figure 10 shows the noise for an im-
age degraded by 50% and for an image improved by the devel-
oped software, and Figure 11 shows both images together with
the original.

Before After

Fig. 10. Comparison of noise before and after using the model
for the first example
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Fig. 11. Visualization of all images for the first example

It follows from these figures that with such a degree of de-
formation of the original image, the model introduces artifacts
when trying to improve the image quality.

Let us also consider an example where the model successful-
ly improves the image quality; for this, any deformation value
from 5% to 45% can be used, based on the analysis of the effec-
tiveness of the image quality criteria.

Figure 12 shows the noise for an image degraded by 15% and
for an image improved using the developed software, and Figure
13 shows both images together with the original.

Before After

Fig. 12. Comparison of noise before and after using the model
for the second example

Orieinal Low resolution Result
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Fig. 13. Visualization of all images for the second example

In Figure 10, it can be seen that after improving the image
quality using the developed software, the amount of noise has
decreased compared to the degraded image, and in Figure 11, it
can be seen that the result of the model is clearer compared to the
low-resolution image. Also, when analyzing the quality criteria
for predicting a heavily deformed image, it was found that the
PSNR and SSIM between the original and the result of the model
are slightly worse than between the original and the low-
resolution image.

Conclusion

Thus, as a result of the presented study, an analysis of meth-
ods and means for improving image quality was conducted,
which showed that this task is one of the main ones in computer
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vision and machine learning today. In addition, when analyzing
traditional methods for improving image quality, their limitations
were identified that can be circumvented using neural network
technologies. An analysis of ready-made solutions for improving
image quality based on the use of neural networks showed a
number of their shortcomings, as well as the need to implement
alternative software solutions.

When comparing different neural network architectures used
for the Super Resolution task, their advantages and disad-
vantages were identified, and a decision was made which archi-
tecture to use in the software being developed. In addition, image
quality criteria were considered and selected for evaluating the
effectiveness of the model, and tools for developing, creating and
training the neural network were selected.

After determining the type of neural network, its more de-
tailed architecture was designed, and several models with differ-
ent parameters were trained and their results were compared to
determine the most suitable parameters for the software being
developed. A data set was prepared and processed for training,
and various methods for regulating model overtraining were
used. The results of training and operation of the neural network
were visualized and analyzed. This analysis showed the effec-
tiveness and efficiency of the developed software for improving
image quality using neural network technologies.
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AHHOTaUuA

B pabote paccMatpuBaetca mpobneMa MOBbILLEHUA KadecTBa M300pakeHUA HeilpoceTeBbiMM MeTogamu. Llenbio pabotbl ABnAetca paspabotka u
uccnegoBatne 3ppeKTUBHOCTM nporpamMMHoro obecnievenuna (MO), koTopoe ynydliaeT Ka4yecTBO M306paKeHWI MyTeM MPUMEHEHWA HeMpOCETEBbIX
TexHosornin. AKTyanbHOCTb paboTbl OBycnoBneHa TeM, YTO MCMofb3oBaHWe HelpoHHbIx ceTeit (HC) ana paccmatpuaeMoit mpeaMeTHon obnactu
NO3BOJIAET MPUMEHATb HOBble METOZbl, KOTOpble He MOryT ObITb OCyLLECTB/EHbI TPAAMLIMOHHBIMUA MOAXOZaMU. DTO [aeT BO3MOXHOCTb MOBLICUTH
3bDEKTUBHOCTL M YMEHbLUMTL CTOMMOCTbL 06paboTku uzobpaxeHuin. OBGbeKTOM uccnefoBaHua ABnAloTCA rpaduyeckve nsobpaxenus. lMpegmetom
UCCeloBaHNA ABMIAIOTCA NokasaTtenn 3¢pdeKTUBHOCTU (METPUKM) HeMpPOCETEBbIX METOZOB, UCMOMb3YIOLWMXCA 1A YyHLUeHUA KadecTBa M3obpaxeHuit. B
paboTe aHanU3UpyOTCA TPaAULIMOHHBIE U HElipoCeTeBble METOZbI MOBbILLIEHWA pa3pelleHuns U yryHlleHUa KauecTea usobpaxeHuit. Cpean TpaauLMOHHBIX
MeTOZOB MPOAHA/IU3UPOBaHbl METOAbI M ITOPUTMbI MHTEPNONALMM U GUNLTPALMK, @ CPeAN HelMpoceTeBbIX - anroputMel Super-Resolution, Inpainting un
Denoising. Takxe B paboTe Mpe/CTaBNeH CPaBHUTESbHbIA aHAIU3 MOMYNAPHBIX MPOTrPaMMHbLIX PeLUeHUA ANA MOBbILEHWA pa3pelleHns U306paxKeHWil.
MokasaHo npeumyuiecTBo ucnonb3osaHna HC MeTopoe, a Takke onpepeneHa akTyanbHocTb paspabotku [1O. [NpoaHanusvMpoBaHbl apXWUTEKTYpbl
ABTOSHKOAEPOB, FEHEPaTUBHO-COCTA3ATENbHbIX, CBEPTOUHBIX U ANDDY3NOHHBIX HEMPOHHBIX CeTel, MPUMEHAEMbIX ANA yNyHLUeHNA KaiecTBa M306pakeHui,
BbIABJIEHbI MX MpenMyLLecTBa U HegocTaTkn. O6ocHoBaH BbiGop apxuTekTypbl HC. PaccMOTpeHbI KpUTepun OLieHKM KadecTBa usobpaxeruns. O6ocHoBaHO
ucnonb3oBaHue Kputepues Structural similarity index measure (SSIM) u Peak signal-to-noise ratio (PSNR). OnpegeneH Habop WMHCTpyMeHTOB Ans
pa3paboTku NporpaMMHoro obecneyeHus. PaspaboTaHa apxuTekTypa HeipOHHO ceTu, KoTopas ByaeT peluaTb MPO6eMbl CyLLECTBYIOLMX NPOrPaMMHbIX
pewenuin. [poeeaeH aHanu3 pesynbTaToB paboThbl MpegaraeMoro NporpaMMHoOro obecneyeHus U caenaHbl BbiBoAbl O ero addektusHoctu. B pabote
NPUMEHEH MEeTO/, TEOPETUYECKOrO aHann3a, MeTObl COMOCTABNEHUA U CPABHEHMSA, @ TakXKe SKCMepUMeHTa U 0606LeHus.

Knrouesbie crioea: usobpaxeHue, Ka4ecmeo, mMexHOI02us, MEMPUKA, HEUPOHHAs cemb, apxumeKmypd, asmosHKodep, memod
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