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QUALITY ASSESSMENT OF MODELS AND DEEP LEARNING
METHODS FOR SUPER-RESOLUTION IMAGE FORMATION

N. NEDASHKOVSKAYA, A. LANKO

Abstract. This article examines evaluation metrics for the results of super-resolution
image generation in solving the SISR task. The study comprises two experiments:
the implementation of custom network architectures for SRGAN, VDSR, and
SRCNN, and fine-tuning of pre-trained SRGAN, VDSR, and SRCNN models. An
algorithm for assessing the quality of models and deep learning methods for generat-
ing super-resolution images is suggested. The VDSR model performed best in terms
of pixel, structural, and perceptual metrics, as well as training time and visual con-
firmation by a human, highlighting that residual learning is more effective than re-
cursive learning under the conditions of the two conducted experiments. Threshold
values for practically acceptable and high-quality results were determined through
visual analysis of many generated images and their corresponding quality metrics,
including those reported by other researchers.

Keywords: single image super-resolution, quality assessment, generative models,
deep learning methods, convolutional neural network, residual learning, recursive
learning, fine-tuning of pre-trained models, perceptual metric, LPIPS, multicriteria
decision analysis, DIV2K dataset, thresholds for practically acceptable and high-
quality generated images.

INTRODUCTION

The task of Single Image Super-Resolution (SISR) involves the formation of
highly detailed versions of low-resolution images [1]. Despite significant progress
in modern imaging technologies, this task remains relevant due to such factors as
image quality deterioration after transmission through communication channels
and hardware failures, image compression for compact storage on data carriers,
and the inability to use professional equipment in certain natural conditions.

The goal of SISR methods is to create high-quality images by restoring or
adding details missing in the original low-resolution images. To achieve this, gen-
erative models and deep learning methods are used [2].

Generative models form new parts by simulating the data distribution in the
training selection [2]. Among them, the most common for SISR are modifications
of generative adversarial networks (GAN); diffusion models are more complex
and efficient, the use of streaming models and autoencoders is also known [3].

Deep learning methods analyze important features of training images to re-
construct image details [2]. These include convolutional neural networks (CNN),
recurrent neural networks (RNN), and residual neural networks (ResNet) [3]. It is
important to note that they are often part of architecture of generative models that
implement a particular learning principle. For example, the generator and dis-
criminator in a GAN are deep neural networks.

SISR models are trained by learning pairs of low- and high-resolution im-
ages from the training selection. The effectiveness of super-resolution image gen-
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eration is assessed based on a set of indicators, which must include both quantita-
tive and perceptual metrics. An important step in evaluating the results of SISR is
the visual analysis of the generated images by a human.

It should be noted that SISR algorithms are complex and time-consuming, so
they require powerful computing resources, and model optimization is still the
main focus of researchers’ work on this topic. That is why, when choosing the
optimal model, technical indicators are added to the evaluation criteria, including
time of training, training cost, and the availability of a hardware accelerator in the
form of a graphics processing unit (GPU) [4].

PROBLEM STATEMENT

Let us introduce the notation H for height, W for width, and C for the number

RH><W><C

of image channels (e.g. RGB). Let [,, € be a low-resolution image, and

Iyr € RIWC pe its corresponding high-resolution image. The goal of the SISR
problem is to find the following mapping

f g = Iyg, (1)
that will ensure the most accurate recovery of the details of the /,; image based
on the information from the 7, .

Mapping (1) is a formalization tool, as it can describe different processes de-
pending on the resolution enhancement method. That is why we will further con-
sider the implementation of (1), the model fy € F', where 0 are the model pa-

rameters, F is the set of all SISR models. The target super-resolution image is
the output of f, and the result of solving the problem:

Isp = fo(ILR)-
An important step in the process of training models from F is to solve the
optimization problem
ming L(I yp. I sz ) »
where L(Iyp,lsp) is the model loss function. The objective is to find such model

parameters 0 that the value of the loss function L is minimal.
In this paper, the task of multicriteria quality assessments of images gener-

ated (formed) by different models and deep learning methods is set. Let
A={a;|i=12,...,n} be a set of super-resolution images /g, generated by dif-
ferent deep learning models based on a single low-resolution image /;p;
C={c;|j=12,...,m} be a set of quality criteria for the generated images and
technical characteristics of model training. In the following, a; will be considered
as alternatives, and ¢ ; as decision criteria.
The task is to find the aggregated or global weights
WA = (Wi | i=1,2,...,n} 2)

of alternative generated (formed) images according to a set of criteria from C
and selection of the best generated image.
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The quality criteria for the generated images are:

e traditional quantitative metrics PSNR [5], SSIM [6], MSSIM [6] (1%
group of criteria);

e perceptual indicators BRISQUE [7], NIQE [8], PIQUE [9], LPIPS [10]
and their modifications (e.g., LR-PSNR) (2™ group).

The decision criteria also include technical characteristics (3" group):

e training time and cost;

o availability of a hardware accelerator in the form of a graphics processing
unit (GPU).

The purpose of the studied generative models and deep learning methods is
to increase the resolution of images, scale them by 4, 8, or more times, and gener-
ate realistic and beautiful images based on a given low-resolution image for fur-
ther display of the generated images on large screens and human perception.
Therefore, another group of criteria (4™ group) ensures that the generated image is
evaluated directly by a human: effects of smoothing, blurring, edge lightening,
and photorealism of the image.

The coefficients of relative importance of decision criteria are determined by
decision support methods [11-13] using expert pairwise comparison judgements
depending on the application. The interdependence between individual decision
criteria and the need to take into account fuzzy judgements provided by an expert
require the use of hybrid methods [14; 15].

MATERIALS AND METHODS
Deep learning models for generating super-resolution images

The following models were used in the study, representing generative and deep
learning methods.

1. SRGAN (Super-Resolution Generative Adversarial Network) is a
generative adversarial network for increasing the resolution, where the generator
creates super-resolution images, and the discriminator is trained to recognize real
and generated images. The generator is optimized using a combination of loss
functions: adversarial loss for plausibility and content loss for pixel accuracy. Full
implementations also use a perceptual loss function to improve textures [16].

2. VDSR (Very Deep Super Resolution) is a very deep convolutional neu-
ral network for resolution enhancement tasks [17]. Its main advantage is usage of
residual connections, which allow the model to learn from the difference between
the input low-resolution image and the corresponding super-resolution image.
This reduces the risk of gradient vanishing during training, accelerates conver-
gence and increases training stability. Due to a large number of convolutional lay-
ers, VDSR effectively captures both fine textures and complex structures of ob-
jects in the image, which ensures high-quality results.

3. DRCN (Deeply-Recursive Convolutional Network) uses the concept of
recursive blocks, where the same set of parameters is applied repeatedly. This
allows for significant depth without increasing the number of model parameters,
which reduces its computational complexity and memory requirements. As a re-
sult, DRCN effectively recovers the details of a high-resolution image while
maintaining resource efficiency. The network also uses methods of averaging the

106 ISSN 1681-6048 System Research & Information Technologies, 2025, Ne 4



Quality assessment of models and deep learning methods for super-resolution image formation

output results, supervised skip connections, which increase the stability and accu-
racy of recovery of details [18].

4. SRCNN (Super-Resolution Convolutional Neural Network) is a con-
volutional neural network for resolution enhancement that performs the following
three sequential operations: interpolation of the input image to high resolution,
feature extraction using convolutional layers, and reconstruction of the super-
resolution image [19]. The model is simple and efficient, but limited in depth and
ability to reconstruct complex textures. In this study, it is used as a discriminator
in our implementation of SRGAN, as well as a separate pre-trained model in the
framework of retraining experiments.

Two types of blocks were also used in the networks:

1) a residual block to maintain the stability of the gradients;

2) a recursive block that repeats convolutional layers with the same weights
multiple times to enhance the selected features and create a more complex archi-
tecture.

The architecture of the implemented models [20] is shown in Table 1, and
the architecture of their component blocks is further explained in Table 2.

Table 1. Architecture of the implemented models in-house

Model Architecture
Consists of an initial 9x9 convolutional layer, 5 residual blocks
Generator (ResidualBlock), an intermediate 3%3 convolutional block,
SRResNet a resolution upscaling block (2 3%3 convolutional layers
SRGAN with PixelShuffle), and a final 9x9 convolutional layer

Consists of 8 3x3 convolutional layers with increasing number of
Discriminator | channels with normalization (BatchNorm2d) and LeakyReLU acti-

SRCNN vation, 1 adaptive averaging layer and 2 final fully connected lay-
ers. The filter size for all convolutional layers is 3%3

Consists of an initial convolutional layer, 18 convolutional layers
VDSR with ReLU activation, and an output layer that adds the residual to
the input image. The filter size for all convolutional layers is 3%3

Consists of an input convolutional layer, a recursive block (Recursive-
DRCN Block) that is repeated a specified number of times (16), and an output
convolutional layer. The filter size for all convolutional layers is 3%3

Table 2. Architecture of the model components

Model Architecture

Contains 2 3x3 convolutional layers, a normalization layer (Batch-
ResidualBlock |Norm2d) after each convolutional layer, and a PReLU activation function
after the 1st layer

RecursiveBlock Contains 1 3%3 convolutional layer with ReLU activation

Algorithm for training and evaluation models from scratch

The following algorithm for training SRGAN, VDSR, and DRCN models for
generating super-resolution images and evaluation of these models in terms of
quantitative and perceptual indicators is suggested:

1. Splitting the set into training and validation samples. In the case of using
the DIV2K set [1], this stage is skipped, since the images are already distributed
in the set.
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2. Initialization of model weights using the methods of Kaiming He [21] or
Xavier Glaurot [22], depending on the characteristics of the model to be trained.

3. Training on a given number of epochs (200 for the generating model with
a batch size of 16; and 100 epochs for deep learning methods with a batch size of
32) on the training set with tracking the values of the loss function (adversarial
loss (MSE+BCE) for the generating model, MSE for deep learning methods).

4. Saving model weights in case of training interruption or early stopping.

5. Calculating the training time of models.

6. Evaluation of the results on the test sample: calculation of the quantitative
indicators PSNR, SSIM, MSSIM and the perceptual indicator LPIPS of the gener-
ated images. The pre-trained VGG network19 is used to calculate the LPIPS met-
ric. The average value of the indicators for each model is presented for 10 random
images.

Algorithm for training models using pre-training technology

An algorithm for training of pre-trained models for the formation of super-
resolution images is suggested, which consists of the following steps:

1. Careful selection of a pre-trained model, which must be aimed at the same
task and preferably trained on a large universal data set.

2. Loading the weights for the selected model, with the values of which
training will continue.

3. Determine the number of epochs for which the model should be retrained.

4. Fine-tuning the model: freezing layers (usually the initial ones) and add-
ing new ones which extract high-level features (residual blocks, convolutions with
small kernels, normalization layers, Upsampling or PixelShuffle), using a low
learning rate to ensure its stability, combining the main loss with the perceptual
loss to focus on the visual quality of the generated images.

5. Applying early stopping in case of signs of model overfitting according to
metrics PSNR, SSIM, MSSIM and a perceptual metric LPIPS.

The experiment on retraining of pre-trained models was conducted on 20 ep-
ochs. The purposes of the experiment are: to improve the result of image genera-
tion, as well as to check whether it is possible to obtain a result better than that of
other researchers [23], and whether overfitting is occur.

Quantitative and perceptual metrics and indicators

The quality of SISR models is traditionally evaluated based on metrics and indi-
cators that compare the SR image generated by the model with the original HR
image from a labeled test image set [24].

The classical PSNR (Peak Signal-to-Noise Ratio) metric has limitations for
evaluating structured data such as images, as it assumes pixel independence.
PSNR measures the difference between pixels of a pair of images as a ratio be-
tween the maximum possible signal strength and noise. For example, blurring an
image can cause a large perceptual change and at the same time a small change in

the L, measure. SSIM [6] index assesses structural similarity of two images.

The perceptual distance estimates the similarity of high-level features of two
images similar to human visual perception. Perceptual indicators such as
BRISQUE [7], NIQE [8], PIQUE [9], LPIPS [10], and others have been sug-
gested. Let us describe some of them in more detail.
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SSIM (Structural Similarity Index Measure) evaluates the similarity of two im-
ages x and y based on three image components: brightness, contrast, and structure [6]:

SSIM (x, y) = [1(x, »)]* [e(x, »)PLs (x, )17,

where o, [,y >0 are the coefficients of relative importance of the three compo-
nents, are the parameters.

The SSIM satisfies the symmetry properties SSIM (x,y)=SSIM(y,x);
boundedness SSIM (x,y) <1; and unique maximum: SSIM (x,y) =1 if and only if
xX=y.

Later, the authors of [6] move on to a following simplified expression:
pep, +C)(20,, +C)

SSIM (x,y) =
(W +p) +C)(os +02+Cy)

3)

where i, is the average image intensity value x; o, is the standard deviation for

image x, which serves as an unbiased estimate of its contrast; o w is the covari-

ance between two images x and y, which is the basis for comparing image struc-

tures after subtracting brightness and normalizing variance, and also use the fol-

lowing modified estimates of local statistics p,, 6, Ta o, :

N N 1/2
My zzvixia Gﬁ(zvi(xi—ux)zj 5
i=1 i=l

N
Oy = Zvi(xi ) - Hy)
i=1
with a circularly symmetric normalized Gaussian weight function v={v;|i=

N
=1,2,...,N} with a standard deviation of 1.5 samples, th =1, and a sliding
i=1
window approach that ensures the property of local isotropy of the quality maps.
The constants C| i C, are included in (3) to avoid instability when the ex-
pressions ui + ui i G)ZC + Gi are practically zero. C| = (KlL)2 and C, = (K2L)2
are defined, where L is the dynamic range of pixel values, e.g., L =255 for 8-bit
grayscale images, and K; <<1 and K, <<1 are small constants, for example,
K, =0.01, K, =0.03 [6].
In practice, in cases where a single overall measure of quality of the entire
image is required, the average value of SSIM indices (3) over a set of image pix-

els called MSSIM is suggested, which aggregates the structural similarity between
the reference and distorted images. MSSIM is calculated as the arithmetic mean

of SSIM(x;,y;) over the image content in the J-th local window [6].

In this paper, a weighted average of different samples in the SSIM index
map is proposed:

M
WM _SSIM(X,Y)=Y w;SSIM(x;,y;),
Jj=1
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where M is the number of local windows in the image, x; and y; are the con-
tent of the reference X and distorted Y images at the j-th local window, and

w; are weighting coefficients for different samples (e.g. different image textures

attract a person’s attention with varying degrees). Weights w; are calculated de-

pending on the practical problem by analyzing decision hierarchies or networks
with the consideration of human assessments [11; 12; 14].

LPIPS (Learned Perceptual Image Patch Similarity) is a perceptual metric
that aimed at evaluating the visual perception of an image by a person at the level
of details and uses deep neural networks to assess the visual similarity of a pair of
features based on extracted features [10]:

. ”(I)I(ISR)_(I)I([HR)”z
LPIPS(I g, 1,,) = Zl:wl H 7 C

where ¢;(Igz) is an activation of VGG or another deep network on the /-th layer

2

for the image Ig,; H;, W,, C; are the height, width and number of channels of
the /-th feature map; w; is a weighting factor that adjusts the contribution of dif-
ferent layers.

An explanation of the values for each indicator is provided in Table 3.
Through visual analysis of a large number of generated images and the corre-
sponding values of quality indicators, thresholds for practically acceptable and

high-quality results were obtained, which are given in the last two columns of
Table 3.

Table 3. Indicator analysis criteria for the SISR task [20]

Indicator Value range accle);?:lt)llcearl'leysul " High-quality result
PSNR1? [0; 1] >20 >30
MSSIM?1 [0; 1] >0.7 >0.9
LPIPS| [0; 1] <0.3 <0.1

For an objective evaluation of the models, it is necessary to add the training
time of the models to the indicator analysis. Attention should also be paid to the
fact that the indicator values are not worse than the bicubic increase (scaling LR
to HR), as this will indicate extremely poor quality of the models even if practi-
cally acceptable values are obtained.

Algorithm for assessing the quality of models and deep learning methods in
terms of multiple quantitative and qualitative criteria

Generative models and deep learning methods, which are studied, are aimed at
increasing the resolution of images, scale them by 4 or more times, and as a result
generate realistic and beautiful images for further human perception. Therefore, it
is necessary to add another group of qualitative decision criteria, including effects
of smoothing, blurring, edge lightening, and photorealism of the image. In terms
of these criteria, we evaluate the set of images (decision alternatives) generated by
different generative models and deep learning methods. Evaluation is made di-
rectly by a human using one of the paiwise comparison methods [11-15]. The
decision support (DS) problem of multiple criteria evaluation of decision alterna-
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tives can be solved using a systematic approach and methodology based on hier-
archical and network models [25]. On their basis, an algorithm to solve the prob-
lem is suggested, which has the following five stages:

1. Determine interdependencies among decision criteria and decision alter-
natives. A hierarchy or DS network is formed, which includes the overall goal —
selection of the best generated image, qualitative decision criteria: effects of
smoothing, blurring, edge lightening, and photorealism of the image, and decision
alternatives: image SRGAN, image VDSR and image DRCN (Fig. 1).

Overall goal

Quantitative metrics LPIPS Technical Qualitative
characteristics characteristics

PSNR MMSIM Training time J

——

Availability of
hardware
accelerator (GPU)

Smoothing Blurring ]

N\,

Photorealism}

Edge

lightening of the image

v

Image_SRGAN

/
=
P

Image_VDSR
Image_DRCN

Fig. 1. An hierarchy for assessing the quality of images generated by different models

2. The importance of the decision criteria in relation to the main goal is as-
sessed by experts using the pairwise comparison method on a special scale. Based
on the results of the assessment, pairwise comparison matrices (PCMs) are con-
structed, and the quality of expert opinions is analyzed and, if necessary, im-
proved using the method of evaluation and consistency improvement. The most
inconsistent expert opinion is founded. As a result, for all elements of the hierar-
chy or the DS network, we obtain a set of PCMs of acceptable quality.

3. The coefficients of relative importance (local weights) of the elements of
the hierarchy or the DS network are calculated based on the PCMs.

4. The local weights are aggregated using different methods depending on
whether the decision criteria are independent (hierarchy case), interdependent (hi-
erarchy case with a loop at the criterion level), or whether there are feedbacks
from alternatives to decision criteria (DS network case).

5. The sensitivity analysis of aggregated results (2) is performed.

The purposes of the algorithm are: to calculate local weights for decision al-
ternatives (image SRGAN, image VDSR, and image DRCN) in terms of each
decision criteria, as well as to calculate aggregated weights and perform their sen-
sitivity analysis.

RESULTS OF THE EXPERIMENTS

Dataset

The DIV2K dataset [1] was introduced as part of the NTIRE 2017 Challenge on
Single Image Super-Resolution, held during the CVPR Workshops 2017 confer-
ence. It was created to enhance the effectiveness of solving the SISR problem by
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addressing the limitations of existing datasets, namely insufficient scene diversity
and the limited number of images.

DIV2K consists of a labeled set of 1000 pairs of low-resolution (LR) and
high-resolution (HR) color images. The dataset is divided into three subsets: 800
samples for training, 100 samples for testing, and 100 samples for validation.
Historically, the test set was designed for contestants to evaluate their models
after training, while the validation set was reserved for organizers to determine
the winners. The validation set initially included only LR images, and participants
were required to generate their super-resolution (SR) counterparts. Once the HR
versions of the validation set were made publicly available, both the test and
validation sets could be utilized to assess model performance (Fig. 2).

. s | .

DIV2K 100 validatiiion images DIV2K 100 test images
Fig. 2. Example of images for model evaluation from the DIV2K set [1]

all

The low-resolution (LR) images in the DIV2K dataset are derived from the
original high-resolution (HR) images using either bicubic downscaling or more
advanced methods that simulate real-world degradations. These methods include
modeling blurring caused by motion, introducing fractional noise, and applying
distortions due to uneven pixel mapping, among others.

The dataset includes images reduced by scaling factors of 2 (x2), 3 (x3), and
4 (x4). Greater downscaling significantly diminishes image quality (Fig. 3) while
also reducing the time required for model training. The classical approach to Sin-
gle Image Super-Resolution (SISR) typically employs LR images generated
through a 4-fold reduction of the original HR images using bicubic interpolation.

Fig. 3. Demonstration of image quality deterioration with a 2 and 4 times reduction in resolution

After its introduction in 2017, the DIV2K dataset has been extensively used
to evaluate various super-resolution (SR) models, including in studies conducted
in 2019 [26], 2020 [23], and 2023 [27].
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Training process and results

In the first experiment (Section 3.2), we trained our own implementations of the
SRGAN, VDSR, and DRCN models from scratch using the DIV2K dataset. The
optimization processes of their respective loss functions during training are illus-
trated in Figs. 4 and 5, while the metric values obtained are presented in Table 4.

SRGAN
1 — Discriminator
10 2 — Generator
g
v
172)
Q6
—
N !
2 1 2
T T T T T T T T T
4] 25 50 75 100 125 150 175 200
Epochs

Fig. 4. The process of optimising the loss functions of the generator and discriminator of

the SRGAN model [20]
MSE Loss over Epochs

0.020

0.015 4

0.010 4

MSE Loss

0.005

0.000

0 20 40 60 80 100

Epoch
Fig. 5. The process of optimising the loss functions of VDSR and DCRN networks

The second experiment (Section 3.3) involved retraining the previously
trained SRGAN, VDSR, and DRCN models. The results of this retraining process
are provided in Table 5, and the evolution of perceptual quality, as measured by
the LPIPS metric, is shown in Fig. 6. For the pre-trained models, we used imple-
mentations of SRGAN [16; 28], VDSR [17; 29], and SRCNN [19; 30].
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Table 4. Values of quality indicators of the generated super-resolution images
for our own model implementations at 4-fold image magnification [20]

Model Indicator Training time
PSNR? MSSIM?1 LPIPS| (h)
Bicubic 25.80 0.74 0.46 -
SRGAN 24.50 0.71 0.33 32
VDSR 26.73 0.77 0.31 16
DRCN 26.41 0.76 0.37 25

Table 5. Values of quality indicators of images enlarged by 4 times as a result
of retraining of pre-trained models

Model Indicator Training time
PSNR? MSSIM? LPIPS| (min)

Bicubic 25.80 0.74 0.46 -
EDSR [31] 28.98 0.83 0.270 -
RRDB [32] 29.44 0.84 0.253 —
ESRGAN [32] 26.22 0.75 0.124 -
pre-trained SRGAN 26.9 0.79 0.16 27
pre-trained VDSR 28.9 0.84 0.1 11
pre-trained SRCNN 27.5 0.81 0.12 2

LPIPS Values During Fine-Tuning

0.14 1

0.12 1

0.10 1

Lpips

0.08 -

0.06 A

25 5.0 75 10.0 12.5 15.0 17.5 200
Epoch

Fig. 6. Change in the perceptual quality of LPIPS images enlarged by a factor of 4 when
retraining pre-trained SRGAN, VDSR and SRCNN models

The software solutions for these experiments were developed in the Jupyter
Notebook environment using Python, along with the PyTorch library for model
development and the matplotlib library for visualization. The models were trained
on a PC equipped with an Nvidia GeForce RTX 4060 GPU accelerator.

ANALYSIS OF THE RESULTS AND DISCUSSION

The results of the first experiment (Section 3.2, Figs. 4, 5, Table 4) demonstrate
practically acceptable outcomes for all considered models, with VDSR perform-
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ing the best. This highlights, in particular, that residual learning proved to be
more effective than recursive learning. The SRGAN architecture, in this experi-
ment, was too simplistic for the given task, as generating new details often outper-
forms feature refinement.

A comparison of the results in Table 4 with those obtained by other re-
searchers [23] indicates that the metrics in Table 4 are worse than those reported
for other SISR models [23]. However, the visual comparison of the generated su-
per-resolution (SR) images with their low-resolution (LR) and high-resolution
(HR) counterparts (Fig. 7) shows satisfactory results, provided that the models
were trained using the algorithm proposed in Section 3.2.

i

Fig. 7. Visual comparison of the generated SR images with the high-resolution (HR)
original and low-resolution (LR) input image for the proprietary implementation of the
VDSR model

The results of the second experiment (Section 3.3, Table 5), which employed
pre-training techniques, are comparable to those achieved by other researchers
[23]. Specifically, the VDSR model, implemented and fine-tuned using the algo-
rithm proposed in this study, achieved an MSSIM value of 0.84, which is on par
with the RRDB model [32] and surpasses the MSSIM values of other models de-
veloped and fine-tuned in this study: SRGAN (MSSIM = 0.79), SRCNN (MSSIM
=0.81), as well as EDSR [31] and ESRGAN [32].

In terms of the perceptual quality metric LPIPS, the VDSR model trained
with the proposed algorithm outperformed other SRGAN and SRCNN models
implemented in this study, as well as the EDSR [31], RRDB [32], and ESRGAN
[32] models.
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The second experiment (Section 3.3) revealed no signs of overfitting, and the
generated SR images demonstrated high quality compared to the input LR-HR
pairs (Fig. 8). The VDSR model consistently produced the best visual results, un-
derscoring the advantage of feature enhancement when addressing SISR tasks for
highly detailed data and complex real-world scenes.

o

Fig. 8. Visual comparison of the generated SR images with the high-resolution (HR)
original and low-resolution (LR) input image for the VDSR model trained with the
suggested algorithm

CONCLUSIONS

This study presents an algorithm for the comprehensive evaluation of image su-
per-resolution results based on quantitative metrics, perceptual indicators, techni-
cal characteristics, and aspects of human image perception. Threshold criteria for
practically acceptable and high-quality results were determined through visual
analysis of many generated images and their corresponding quality metrics, in-
cluding those obtained by other researchers.

The VDSR model was identified as the optimal one (among those consid-
ered) in terms of pixel, structural, and perceptual metrics, as well as training time.
The absence of overfitting and the quality of super-resolution images generated
by VDSR were visually confirmed on selected test set samples depicting various
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shapes, textures, and color combinations. Overall, deep learning methods demon-
strated superiority over generative models in the conducted experiments based on
the results of the comprehensive evaluation.
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OIIIHIOBAHHS SIKOCTI MOJIEJIEM TA METOIB I''IMBOKOI'O HABYAHHSA
JJIs ®OPMYBAHHS CYIIEPPO3AIJIBHUX 30BPAKEHD / H.I. HenamkiBchKa,
A A. Jlanpko

AHoTauisi. Po3risiHyTO METPUKY OLIHIOBAaHHS pPe3yJIbTaTiB reHepalii cyrnepposmi-
JIBHUX 300pakeHb MmiA yac po3s’si3anHs 3agadi SISR. JlocmimkeHHs BKIouae qBa
eKCIepUMEHTH: BJIACHY peaji3aiio MepexeBux apxiTektyp ainsi SRGAN, VDSR i
SRCNN, i ToyHe HamamTyBaHHs MonepeaHbo HaBueHnx moneneiit SRGAN, VDSR i
SRCNN. 3anpornoHOBaHO alTrOPUTM OLIHIOBAHHS SKOCTI MOJEINeH i METoiB Tnbo-
KOTO HaBYaHHS VIS TeHepalii cyneppo3aiumsHux 300pakens. Moaens VDSR mpo-
JIEMOHCTpYyBaJla HaWKpalli pe3yJbTaTH 3 TOYKH 30py IIKCEIBHOTO0, CTPYKTYpHHUX i
HEePLENTUBHUX ITOKa3HUKIB, @ TAKOXK Yacy HaBYAaHHS Ta Bi3yaJIbHOTO MiATBEPIKESHHS
SKOCTi 3reHepPOBAHOr0 300paXKEHHS JIIOAMHOIO, IiAKPECIIO0YY, 110 3aJIMIIKOBE Ha-
BYaHHs € OUTbII eDEeKTUBHHUM, HiXK PEKypCHBHE HaBYaHHS 32 YMOB JIBOX IIPOBEICHUX
excrepuMeHTiB. [1oporoBi 3HaYeHHS A7 IPHUHATHUAX 1 BUCOKOSKICHUX Pe3yJIbTaTiB
BH3HAYEHO HUISXOM Bi3yalbHOTO aHali3y 0araThbOX 3reHepOBaHHUX 300pa)KeHb i Bill-
MOBITHUX TIOKA3HUKIB SKOCTI, BKIIFOYHO 3 TUMH, PO SKi MOBIJOMIISIIH 1HIII JTOCHIJI-
HUKH.

Kiouosi cioBa: 3agaua SISR, ouiHOBaHHS SKOCTi, TeHEPaTUBHI MOJEINI, METOIU
TIMOOKOTO HAaBYaHHS, 3TOPTKOBAa HEHPOHHA Mepeka, 3aJIMIIKOBE HABYAHHSA, PEKyp-
CHBHE HAaBYaHHS, TOHKE HAJANITYyBAaHHS MOIEPEAHHO HABYCHHX MOJEINICH, Meprern-
TuBHa Merpuka, LPIPS, GarartokpurepianbHuii aHanmi3 po3B’si3aHb, Hallp maHHX
DIV2K, noporoBi 3HaueHHs JUlsl MPUAHATHUX 1 BUCOKOSIKICHMX 3r€HEPOBaHMX 300pa-
KEHb.

Cucmemni docnioxcenna ma ingpopmayivini mexuonoeii, 2025, Ne 4 119



