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DEVELOPMENT AND RESEARCH OF EFFECTIVE DEEP LEARNING
MODELS FOR IMPROVING THE RESOLUTION OF IMAGES
AND VIDEO SEQUENCES

Super-resolution (SR) of images and video sequences is a fundamental task in computer vision that aims
to recover high-quality details from low-resolution input data. The end result is a high-resolution version of
the original image or video, which is key to improving visual quality, increasing detail, and enhancing the
accuracy of computer vision algorithms. This technology has great practical significance, covering areas
such as medical imaging to improve diagnostic accuracy, satellite imaging to monitor environmental changes,
security and surveillance to improve video quality, digital media, and consumer electronics. In recent years,
deep learning, particularly convolutional neural networks (CNN) and generative adversarial networks (GAN),
has led to significant breakthroughs in this field, enabling high-quality restoration. The article provides an
overview of existing SR architectures, with a detailed analysis of well-known models such as Real-ESRAN
and RT4KSR, identifying their advantages when applied in real-world scenarios. Taking into account the
differences between synthetic and real degradations, as well as the need to balance quality and computational
efficiency, a modified simplified architecture for real-time image scaling up to 4K is proposed, focused on
practical deployment. The architecture includes five major improvements: tile processing with overlapping
to reduce artifacts at tile boundaries, dynamic image scaling that adapts operations to available resources;
optimization through quantization to reduce memory and computational complexity, convenient replacement
of blocks of the corresponding model with simpler analogues without significant loss of quality, use of a set
of heuristics for processing video sequences, ensuring temporal consistency and avoiding flickering. Possible
ways to implement these improvements, their impact on performance and image quality, and methods for
evaluating the results are considered. The proposed approach aims to overcome current limitations and
facilitate the practical deployment of image enlargement systems.
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Formulation of the problem. Super-resolution
(SR) of images and videos is a fundamental task in
computer vision that aims to reconstruct high-quality
images or video sequences from their low-resolution
(LR) counterparts. This procedure, also known as
image scaling, interpolation, enlargement, or expan-
sion, aims to restore lost detail and clarity, which is
important for many practical applications. Image
super-resolution (ISR) is a machine learning task
where the goal is to increase the resolution of an image,
typically by a factor of 4 or more, while preserving its
content and details [1]. In turn, video super-resolution
(VSR) extends this concept to dynamic sequences,
requiring not only spatial enhancement but also
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maintaining temporal consistency between frames
[2]. Standard methods usually work on perfectly dis-
torted data, but in reality, images undergo complex
distortions (zoom, noise, JPEG artifacts). The use of
generative adversarial neural networks (GANSs) has
significantly improved visual quality, but they can
create artifacts or require a lot of computing power.
In addition, it is important for video to use temporal
information (frame reuse) to avoid reprocessing each
frame and reduce latency. Thus, the task lies in cre-
ating efficient and high-quality SR models that will
ensure high accuracy and speed.

Analysis of recent research and publications.
A significant breakthrough in improving image res-
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olution has been achieved with the advent of deep
learning. Deep learning-based methods have largely
surpassed traditional interpolation-based approaches
(e.g., bicubic), which are often characterized by exces-
sive smoothing and the appearance of artifacts. Since
around 2011, the introduction of convolutional neural
networks (CNNs) has had a significant impact, estab-
lishing their dominance in the field of SR for almost
a decade. Later, between 2017 and 2023, the integra-
tion of generative adversarial networks (GANSs) and
Transformer architectures led to exponential growth
in SR research [3].

There has been a noticeable shift away from mod-
els optimized primarily for traditional pixel metrics,
namely Peak Signal-to-Noise Ratio (PSNR) and
Structural Similarity Index (SSIM), to models imple-
mented based on GAN and with perceptual losses,
which provide more visually pleasing and realistic
results. Despite significant progress, some aspects of
the resolution enhancement task remain unresolved,
creating opportunities for further research and inno-
vation. Current research trends include: developing
effective dynamic network models that can adapt to
content complexity; analyzing multi-scale architec-
tures for improved generalization and flexible scaling
for different images magnification factors; integra-
tion of attention mechanisms to improve feature rep-
resentation and computational efficiency by focusing
on relevant parts of the image; development of com-
plex degradation models to address the challenges of
image degradation in reality.

Model mismatch is one of the main challenges.
Although deep learning has significantly improved
SR, the mismatch between the degradation models
used for training and the complex, unknown degra-
dations that occur in low-resolution images remains
a problem. Models trained on simplified synthetic
data (e.g., downsampled using bicubic interpolation)
typically perform poorly on real images due to com-
plex degradations that arise from camera systems,
image editing, and internet transmission. This is not
just a technical detail, but a significant obstacle to
the practical deployment of the model. This problem
highlights that future research and practical solu-
tions should prioritize robust degradation modeling
or “blind” resolution enhancement techniques, as the
model’s robustness to real-world inputs is as impor-
tant as its theoretical peak performance on baseline
test sets.

Achieving both high perceptual quality and real-
time performance, especially for 4K resolution,
remains a significant challenge due to the high mem-
ory and computational costs of state-of-the-art mod-

176 | Tom 36 (75) N2 5 yacTuHa 2, 2025

els. Although GANs have improved perceptual qual-
ity, they can sometimes introduce unwanted artifacts,
namely hard lines, unnatural noise, jagged edges,
color distortion, or color shifts. Most existing models
lack the internal flexibility to dynamically adapt to
changing input conditions (e.g., different input reso-
lutions, changing frame rate requirements for video
streams) in real time without the need for separate
models or intensive retraining. The effective use of
temporal information in video sequences to improve
quality and maintain consistency between frames,
while achieving real-time performance, remains
a challenging area of research [4]. This work will
address these issues in a comprehensive manner.

Task statement. The goal of the research is
to improve deep learning models by creating our
own optimized model for scaling images and video
sequences, taking into account real computing
resources.

QOutline of the main material of the study.
Before describing the architecture of our own opti-
mized model, let’s look at the two main architectures
on which it is based, namely Real-ESRGAN [5] and
RT4KSR [6].

Real-ESRGAN is a network based on genera-
tive adversarial networks with ultra-high resolution
(ESRGAN) with improved training on synthetic data.
Real-ESRGAN features a specific degradation gener-
ation process (including blurring, noise, compression)
and an upgraded discriminator (UNet with spectral
normalization), which allows the model to success-
fully restore the textures of real images, thereby sur-
passing existing methods in terms of visual quality.
The Real-ESRGAN network supports image scaling
with arbitrary ratios, and a special RealESRGAN
x2plus model has been released for twofold (x2)
magnification. In addition, Real-ESRGAN imple-
ments tile processing with the ability to specify the
tile size in order to process large images in parts to
reduce the amount of memory used.

That is, Real-ESRGAN, trained on complex syn-
thetic data, is capable of improving details and effec-
tively removing unpleasant artifacts for common real
images, demonstrating high visual performance com-
pared to previous methods on various test datasets.

RT4KSR is a core architecture specifically
designed to solve the problem of achieving real-time
performance for 4K resolution on commercial graph-
ics processors. Starting with a simple scheme, the
model gradually became more complex: important
high-frequency details are highlighted in the early
layers and then downsampled through deep feature
maps, which reduces the amount of computation
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while maintaining the fidelity of the reconstruction.
RT4KSR uses pixel-unshuffle operations to trans-
fer smaller-scale details to deep feature maps and
structural reparameterization to speed up processing.
According to the results obtained, the network out-
performs bicubic scaling: for example, for a twofold
image enlargement (1080—4K), PSNR increases
from 33.916 to 34.193, and SSIM from 0.8829 to
0.8848. The network demonstrates successful preser-
vation of detail at a much lower cost in terms of time
compared to standard super-resolvers.

Based on the architectures described above, we
created our own RealTimeSR architecture, which
became the basis for developing a resolution enhance-
ment model optimized for real-time applications. It
includes several basic components that are common
in modern SR architectures aimed at improving the
efficiency and quality of image and video sequence
processing.

The RealTimeSR network is designed to scale
images up to 4K, improving efficiency through the
use of deep but small 3x3 kernels, residual connec-
tions, pixel shuffle operations to increase size, and
channel attention.

The network begins with a Conv convolutional
layer with a 3x3 kernel, which converts three input
channels (RGB) into nc feature channels (64 by
default). This is followed by a ReLU activation func-
tion.

The model is based on a chain of eight residual
blocks (RB). Each RB includes two Conv layers
with a 3x3 kernel with padding to preserve spatial
dimensions, Batch Normalization (BN) after each
Conv layer, and a ReLU activation function after the
first BN. An important component of the model is
the Channel Attention mechanism [7], which is inte-
grated into each residual block RB. This mechanism
uses global average pooling (AdaptiveAvgPool2d)
and max pooling (AdaptiveMaxPool2d) to aggre-
gate spatial information, and then applies a nonlin-
ear transformation (two linear layers with ReLU and
Sigmoid activation functions) to compute weights
for each channel. Thus, the weights scale the output
features, allowing the model to dynamically focus on
more informative channels. The output of the convo-
lutional layers with the channel attention mechanism
is added to the input residual tensor, which helps
overcome the vanishing gradient problem and facil-
itates the training of deep networks.

After the Residual Block chain, another Conv
convolution layer with BN is applied, designed for
further processing of features before directly increas-
ing the resolution.

Next, the PixelShuffle pixel rearrangement layer
is used [8]. First, the Conv convolution layer trans-
forms nc feature channels into nc* channels, which
is equal to nc multiplied by the square of the enlarge-
ment factor. Then PixelShuffle rearranges the channel
elements into spatial coordinates, effectively increas-
ing the height and width of the image by n times.
The model ends with a final Conv convolution layer,
which converts the feature channels back into three
RGB channels.

Schematically, the RealTimeSR architecture can
be represented as shown in Fig. 1: the input RGB
image enters a set of nc feature maps, then passes
through eight residual blocks with channel attention,
then is reduced to the same number nc, and finally
the image is enlarged. This architecture combines
efficient processing (due to its depth and pixel rear-
rangement) with adaptive channel attention. At one
time, Residual Channel Attention Networks (RCAN)
showed that a deep network with attention channels
is effective, so a similar one was implemented inside
each residual block. After scaling, the output convo-
lutional layer restores a high-resolution three-channel
color image.

The basic architecture of RealTimeSR already
includes elements that contribute to high quality
(residual connections, channel attention) and effi-
ciency (pixel-shuffle). However, further improve-
ments are needed to achieve the highest performance
and adaptability for real-time 4K applications, espe-
cially considering complex real-world degradations
and resource constraints.

It is proposed to integrate five major improve-
ments into the basic architecture of RealTimeSR and
its training process.

Processing images and videos with 4K or higher
resolution can quickly exhaust the VRAM memory
of a graphics processing unit (GPU), especially on
commercial devices with limited resources. Even if
the model can handle large images, this can lead to a
significant increase in rendering time, so an alterna-
tive solution is needed to remedy this situation.

The best solution was to split the image into
smaller parts tiles or patches each of which is pro-
cessed separately, instead of processing the entire
image as a whole. To avoid artifacts at the tile bound-
aries (e.g., seams), an “overlap” strategy is used. Each
tile is processed with an additional “halo” or “ghost
area” around it, equal to half the receptive field of
the network. After processing, only the central part of
each tile (Zone of Responsibility) without overlap is
used to reconstruct the final image, and the overlap is
discarded [9].
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Fig. 1. Basic architecture of RealTimeSR

Thus, thanks to the division, VRAM usage is
reduced, since only part of the image is stored in
memory at a time. The proposed approach effectively
eliminates artifacts at the boundaries, ensuring seam-
less reconstruction. Additionally, the tile size can be
adapted to the available GPU memory, making the
system more flexible and resistant to different hard-
ware configurations.

Most existing models built on RT4KSR and ESR-
GAN are developed and trained for a fixed scaling
factor, which also limits their flexibility, requiring
separate models or retraining for different scaling
needs.

This project implements a multi-scale architec-
ture and logic for automatically selecting the scaling
factor (2, 3, or 4) depending on the size of the input
frame or the desired frame rate. The idea is as fol-
lows: if the source image is small or the system has
processing speed requirements, the model selects a
smaller scale (x2 or x3) to avoid increasing computa-
tional costs. Compared to a rigidly fixed x4 solution,
the dynamic approach maintains high quality when
processing speed needs to be changed [10].

To adapt the model to mobile and edge devices,
the accuracy of some of its parameters is reduced. In
particular, the model is converted to FP16 or INT8
format using the NVIDIA TensorRT tool to reduce
the size of the model and speed up processing.
According to research, special methods after training
quantization can reduce processing time by 54% for
some SR models with an imperceptible drop in qual-
ity. For example, by removing clipped activations in
some approaches, processing delays are significantly
reduced and model stability is improved with INT8
quantization [11]. This work uses standard PyTorch/
TensorRT quantization schemes and a representa-
tive dataset to adjust the scales to avoid significant
artifacts. The result is a model that runs two to three
times faster on modern GPUs with FP16/INT8 com-
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pared to FP32, while PSNR and SSIM metrics change
by no more than a few tenths of a point.

The replacement of conventional Residual Blocks
with simpler blocks has been investigated. One option
is to use the C3 block of the YOLOv5 model, which
divides feature maps into two parts: one part is pro-
cessed by a sequence of convolutional layers, and the
other is passed through unchanged, after which the
parts are combined. This is a technique for “thinning”
features, which allows you to reduce the amount of
computation without losing expressiveness. Another
option is to use Ghost modules (GhostNet) or shift
operations (GhostSR). GhostSR proposes generating
“ghost” features using simple shifts to save over 40%
of parameters and FLOPs while maintaining the same
accuracy. Similarly, GhostNet shows that Ghost mod-
ules can reproduce information through simple linear
transformations, which guarantees efficiency close
to that of standard convolution [12]. It is planned to
replace standard Residual Block convolutional blocks
with Ghost blocks or MobileNetConv mobile convo-
lutions. The latter use separate convolutional layers,
which have long proven themselves to be effective for
mobile networks [13]. All these replacements lead to
a reduction in the amount of computation with a min-
imal decrease in PSNR and SSIM metrics.

For video, strategies will be implemented that
allow not every frame to be processed completely
again. Alternatively, previous results (or features)
can be used to initialize the next frame. If some deep
features have already been calculated in the previous
frame, they can be transferred to the next frame using
optical flow and spatial transformation [14]. For
example, the BasicVSR architecture has shown that
reusing features from neighboring frames and pro-
cessing them sequentially can improve the quality and
speed of video SR. A simple version of this approach
can be implemented: when processing video frames,
intermediate features will be stored and used as part
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of the next input frame (before that, the frames will
be aligned using optical flow). This approach will
avoid repeated processing and bring the speed closer
to real-time performance.

Let’s move on to considering the implementation
and training process of the model.

The RealTimeSR architecture is implemented in
the PyTorch framework of the Python programming
language. Balanced datasets of low (LR) and high
(HR) resolution DFO image pairs (DIV2K + Flickr2K
+ OST) are used for training. L1 Loss (absolute pixel
difference) was used as the loss function, as it corre-
lates significantly with the PSNR metric. Adam was
used as the optimizer.

The training procedure includes: for each mini-
batch LR—HR transfer through the model, loss
calculation, and backpropagation. After the train-
ing epoch, the average values of the PSNR and
SSIM metrics are evaluated on the validation set.
To avoid overly large images in the test, the SR
output and HR target are cropped to the minimum
common size. [f PSNR improves, the current model
is retained.

The training procedure uses channel attention,
which obtains information for each block based on the
average and maximum values of features across chan-
nels, and then generates a scaling factor through a two-
layer FC block with a ReLU activation function. Thus,
each Residual Block includes: two Conv convolutional
layers with batch normalization BN, a ReLU activa-
tion function inside, channel attention, and an initial
feature. Finally, after all the Residual Blocks, there is a
series of upsampling layers: Conv — PixelShuffle —
Conv, which forms the final SR image.

After training the model for 300 epochs, its
effectiveness can be evaluated based on the results
obtained. Experiments were conducted on standard
test sets (Set5/Set14/BSD100) and on our own video
sequences. Quality metrics — PSNR and SSIM — were
calculated in the restored range [0,1] of pixel values.
Table 1 shows a comparison of model testing using

bicubic interpolation, Real-ESRGAN, RT4KSR, and
RealTimeSR (Set14).

As can be seen from the table, the basic RealTimeSR
architecture demonstrates better results (PSNR, SSIM)
compared to other scaling methods. At the same time,
RealTimeSR provides a value of approximately 33.21
PSNR metrics on this set, primarily due to the use of
additional channel attention blocks.

The same dataset was also used to evaluate the
processing speed of models in real time. This test did
not include Real-ESRGAN, as it is not designed to
work in real time.

Table 1
Comparison of model testing results
on the Setl4 dataset

Method PSNR (RGB) SSIM (RGB)
Bicubic 31.24 0.8625
Real-ESRGAN 29.15 0.7843
RT4KSR 33.51 0.9212
RealTimeSR 33.21 0.9116

Table 2 shows the average processing time per image
and the corresponding frame rate obtained during test-
ing. As can be seen from the table, the model built using
the proposed RealTimeSR architecture has a shorter
processing time and a higher frame rate per second com-
pared to the RT4KSR architecture. This confirms that
RealTimeSR is suitable for use in real-time mode.

Table 2
Comparison of processing time
and frame rate during testing

Method Processing speed (s) | Frames per second
RT4KSR 0.0425 24.17
RealTimeSR 0.0299 33.40

Fig. 2 shows an example of restoring a 720p 4K
image using RealTimeSR: on the left is the low-reso-
lution output, in the center is the result of the model’s
work, and on the right is the original 4K image. As you
can see, the model successfully restores fine details
(leaves, bridge, castle) without noticeable artifacts.

Fig. 2. Image restoration to 4K
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To demonstrate the difference between the
approaches, the results of other methods were repro-
duced. Fig. 3 shows a comparison of the outputs of
several algorithms on the same input frames.

Real-ESRGAN restores very sharp details (e.g.,
leaves) significantly better than conventional interpo-
lation, but also generates additional details compared
to other methods. RT4KSR and RealTimeSR show
almost identical results, although the former produces
a visually better option.

Performance was also compared graphically: GPU
load decreases almost proportionally to tile area,
while accuracy remains stable at ~10-20% overlap.
Quantization to FP16 format reduced processing
time by approximately 1.8 times without a noticeable
decrease in PSNR metrics. The transition to the INTS
format provides an approximately 1.5-fold increase
in speed but requires careful calibration (the model’s
own PSNR dropped by only 0.2—0.3 dB after optimal
post-training quantization (OPTQ)) [15].

The proposed modifications (temporal processing,
dynamic scaling, quantization, simple blocks, tempo-
ral heuristics) to the basic architecture have made it
possible to create a model that is close to real-time
performance when playing 4K. At the same time,
image quality remains among the highest in the cate-
gory of “effective SR systems”.

Real-ESRGAN

Bicubic

Conclusions. The article discusses issues of effective
resolution enhancement of images and video sequences
using deep learning. Existing architectures are described:
Real-ESRGAN (for real images) and RT4KSR (for real-
time operation up to 4K), their shortcomings and limi-
tations in terms of resource usage and adaptability are
identified. The proposed RealTimeSR architecture uses
Channel Attention and pixel-shuffle operations, as well
as five significant improvements: tile processing with
overlap to reduce memory usage; dynamic selection of
image magnification scale (x2, x3, x4) to ensure system
flexibility; quantization to FP16 or INT8 formats for
adaptation to mobile devices; use of simple blocks in
the model (Ghost, MobileNet) to reduce the amount of
computation; use of information from previous video
frames to speed up their processing.

Experimental testing of the implemented model
using RealTimeSR’s own architecture showed that the
proposed approach ensures its proximity to the base
models in terms of PSNR and SSIM metrics at a signif-
icantly higher image processing speed. In particular, this
approach achieves results that are better than bicubic scal-
ing, close to the results of competing models Real-ESR-
GAN and RT4KSR, and this is done with resources suit-
able for practical implementation. In the future, we plan
to fully integrate the BasicVSR architecture for video and
deploy it on devices with limited resources.

RT4KSR RealTimeSR

Fig. 3. Comparison of model performance results using different methods
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Koctiouenko A.B., Kymnuip H.O., Jloktikosa T.M. PO3POBKA TA JOCIIKEHH
E®EKTUBHUX MOI[E.JIEI/I F.JII/IBOKOFO HABYAHHSA AJIA NIABUIIEHHS
PO3JILJIBHOI 3IATHOCTI 30BPAKEHB 1 BIIIEOHOCJIII[OBHOCTE]
Hiosuwenns  po3dinbroi  30amuocmi  (Super-Resolution, SR) 300pasiceny ma  6i0eonociioogrocmeti €
@yHOamenmanbHOW 3a0ayero 6 2any3i KOMN 10MePHO20 30pY, KA MA€E HA Memi 8IOHOBUMU BUCOKOAKICHI Oemaiti 3
HU3LKOPO3OIbHUX 6XiOHUX Oanux. Kinyeeum pes3yivmamom € 6epcisi UXIOH020 300pavicenisi abo 8i0eo 3 BUCOKOIO
PO30UILHOIO 30AMHICII0, WO € KIOY08UM OJil NOKPAWeHHS Gi3YalbHOI SKOCH, NiosulyeHHs Oemanizayii ma
30LIbUIEHHSL MOYHOCII ANeOPUMMIG Komn tomepHoeo 30py. Ll mexuonoeis mae 6enuxe npakmuyne 3HAYEHHS,
OXONIOIOYU MAKI HANPSIMU, SIK MEOUHHA GI3Yanizayis Ost NIOGUUYEHHS MOYHOCMI OIA2HO316, CYNYMHUKO8A 3UOMKA OISt
MOHIMOPUHEY eKONOSTUHUX 3MIH, Oe3neKa ma CNOCMEPENCcer st OJIs NOKPAUJeHHSL SKOCI 6I0e03anicie, yugdposi media
ma noOymoea enekmpouixa. 3a OCmanui poku 2nuboKe HAYanHs, 30KpeMa 320pmKoei Heliporni mepedci (CNN) ma

S

eerepamugro a3vazanvii mepexci (GAN), npuzeeno 00 3HAUHUX NPOPUEIE Y Yill 2ay3i, 00360AI0UU OOCATHU GUCOKOT

aKocmi 6IOHOGNeHHsA. Y cmammi Hadano o210 ichyrouux apximexmyp SR, 3 0emanbHuM ananizom maxkux i0omMux
mooenet, ax Real-ESRAN ma RT4KSR, susnayuswiu ixHi nepeeacu npu 3aCmocy8anHi 8 peaibHux cyeHapisax. I3
VPAXYBAHHAM BIOMIHHOCEN MIdHC CUHMEMUYHUMU MA PeaIbHUMU 0epaoayisamu, a MaKoxic HeoOXIOHICMIO OANaHCy
MiDIC AKICIIO A 0OYUCTIIOBANLHOIO eQheKMUBHICMIO, NPONOHYEMbCA MOOUDIKOBAHA ChpoujeHa apXimekmypa O
macumatysanns 300pasicens 6 peansomy Haci 0o 4K, opienmosana na npakmuine poseopmanns. Apximexmypa
BKIIOUAE N 5IMb OCHOGHUX YOOCKOHANEHb. MALI08Y 0BPOOKY 3 NEPEKPUMMAM Olist MEHUEHHS APMEPAKMIE HA MENCAX
maiinie; OuHamiuHe macuimaoyeans 300paniceity, ke a0anmye onepayii nio dOCMynHi pecypcu, Onmumisayiio uepes
K8AHMYBAHHS Ol SMEHUIEHHS 00CA2Y nam ssmi ma 004UCII08aNbHOL CKIAOHOCHI, 3pYUHY 3aMiHy 010Ki8 8iON0GIOHOT
MOOEI. NPOCMIUUMU. AHAN02AMY. 0€3 SHAYHUX 6Mpam SKOCMI, 6UKOPUCMANHA HAOOPY e6pUCMuK O 00poOKu
610e0noCi006HOCMEl, WO 3A0E3NEUYE UACOBY Y3200MCEHICb MA YHUKHEHHS MepexmiHs. Pos210aiombcs MOXCIUGI
CROCobuU 6npoBaAdKCeHHs Yux YOOCKOHANEHb, IXHIU 6NIUG HA NPOOYKMUGHICIb MA SKICMb 300padiceb, d MaKoke
Memoou OYIHKU pe3yIbmamie pooomu. 3anponoHo8aruti NiOXio CHPAMOBAHUL HA NOOOIAHHSA HUHIUHIX 0OMedceHb ma
CNPUAHHA OLTLULITL 3DYYHOCHIE RPAKMUYHO20 PO32OPMAHHS CUCHIEM 30LTbULEHHS 300PaANCEHD.

Kniouoegi cnosa: po3oinbra 30amuicmo, 300padicenis, ioeo, 00pooxa, macumadysantsi, 21ubOOKe HA8UAHHS,
HeUpPOHHI MepediCl.
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