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Abstract. The aim of this study was to evaluate the effectiveness of a modified encoder-decoder neural network
architecture for denoising and image enhancement using synthetic and real data. The research methodology was based on
a computational experiment and included training the model on synthetic images, quantitatively comparing the obtained
results with the f-x deconvolution method and an alternative convolutional denoising model, and testing the robustness
on real data with the presence of various noise characteristics. It was found that the applied denoising technique was
characterised not only by reducing the noise component but also by preserving spatially significant image characteristics,
including sharpness of edges, local transitions, morphology, and the relative positions of structural elements without signs
of excessive smearing. A final comparison of the methods on synthetic test images showed that the average signal-to-
noise ratio, peak signal-to-noise ratio, and multiscale structural similarity index for the proposed approach were 45.9 dB,
29.7 dB, and 0.99, respectively. For the f-x deconvolution method, the corresponding values were 31.5 dB, 23.9 dB, and 0.94,
while for the alternative convolutional noise reduction model, the values were 20.9 dB, 18.4 dB, and 0.86. When applied
to real data, the same enhancement behaviour was preserved, including the removal of pronounced noise contamination
and derivation of a relatively clean signal without signal distortion. Depending on the input features, the method was
accompanied by a decrease in intense noise masking, a reduction in residual noise, while maintaining a distinguishable
signal structure, and reconstruction under conditions of a more complex spatial organisation of interference. Spectral
analysis revealed a reduction in noise energy without disrupting the spectral configuration in the informative frequency
range. The practical significance lies in the potential application of the proposed approach as a computational method for
processing noisy images in systems designed for noise reduction and restoration of various data structures
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Introduction

In image restoration research, improving the quality of
visual data was considered not only as a noise reduction
task, but also as a broader problem of reconstructing im-
age structure under various types of degradation. This
approach stemmed from the fact that in real-world visual
information processing scenarios, distortions were rarely
limited to an isolated noise pattern, but were accompa-
nied by loss of contours, weakening of textures, blurring of
local intensity transitions, and deformation of subtle de-
tails. For this reason, image restoration had emerged as an
independent field of computer vision, where the quality of
the result was determined not only by the degree of noise
suppression, but also by the ability of the model to preserve
the spatial organisation of the image. B. Goyal et al. (2020)
demonstrated that the transition from classical noise re-
duction methods to trainable models altered the approach
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to reproducing structural image elements. The authors
emphasised that modern methods of visual data restora-
tion were based not on local smoothing, but on modelling
the spatial relationships between the degraded and target
images. Further development of this area was driven by
deep learning, specifically, convolutional neural networks.
C. Tian et al. (2020) showed that such models formed a new
stage in the development of noise reduction methods, pro-
viding a transition from manual feature construction to
automatic learning of multi-level image representations.
Within the framework of this approach, noise reduction
was considered to be not only as a reduction of the noise
component, but also as a restoration of visual structure, in
which the result depended on the ability of the model to
combine local analysis of pixel connections with a broad-
er context to preserve edges, textures, and low-contrast
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details. A similar direction of generalisation was presented
in the work of J. Mao et al. (2025), where digital noise re-
duction methods were considered as a consistent transition
from filtering schemes to architectures oriented towards
image reconstruction under conditions of complex degra-
dation. Scientists showed that modern models were most
effective in cases, where noise reduction was combined
with the preservation of structural similarity between the
reconstructed and original images.

In image restoration architectures, encoder-decoder
models have become widespread. These models combined
multi-level feature extraction with spatial restoration and
were used in problems where, along with noise suppres-
sion, the reconstruction of hidden or weakened structural
elements was required. In the study by Y. Cui et al. (2024), it
was shown that updated convolutional networks for image
restoration worked with spatially detailed representations
and reproduced informative elements without pronounced
smoothing. Researchers noted that the preservation of
structure in such models was considered an independent
condition for the quality of reconstruction. A similar aspect
was considered in the work by N. Nazir et al. (2024), where it
was shown that deep learning systems were evaluated not
only by the degree of signal purification, but also by the abil-
ity to preserve diagnostically significant edges, density tran-
sitions, and local morphological details. This indicated that
for various types of images, the methodological task lain
in combining noise suppression with the preservation and
restoration of image structure. Further development in this
direction was associated with residual learning, diffusion
and generative models. In the work of B. Xia et al. (2023), the
diffusion model was considered as a tool for image restora-
tion with various types of distortions. The authors showed
that such an architecture ensured a consistent refinement
of the visual structure during the reconstruction process.
In the study of Z. Luo et al. (2025), diffusion reconstruction
was presented as an independent modern direction of image
restoration, in which the reconstruction process was asso-
ciated with a step-by-step cleaning and stabilisation of the
structural features of the image. In the work of Y.N. Imam-
verdiyev & F.I. Musayeva (2022), the potential of adversarial
approaches for the formation of realistic visual representa-
tions was analysed. Scientists noted that such models were
focused not only on eliminating defects, but also on repro-
ducing a visually consistent image structure. The expansion
of this research framework can be seen in the applied areas
of processing specialised visual data.

In the work of S. Azizova et al. (2026), it was shown that
one of the quality criteria for image restoration remained
the correct reproduction of its structural and colour consist-
ency. In this logic, seismic image processing was a special
case of applying restoration models to data with a complex
internal structure, where not only noise reduction was es-
sential, but also the preservation of the continuity of reflec-
tions, weak signals, and the geometric consistency of useful
structures. A study by M. Ding et al. (2024) demonstrated
that the Swin Transformer, Convolutional Neural Network,
U-Net (Swin-Conv-UNet) architecture was applicable to
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seismic denoising by combining deep feature extraction
with the reconstruction of spatial details. The analysis es-
tablished that seismic data can be considered an example for
testing general approaches to modern image restoration on
structurally complex material. A summary of the cited stud-
ies reveals that modern approaches to image restoration
were increasingly focused not only on noise reduction, but
also on restoring the structural integrity of the image. How-
ever, the extent to which the U-Net architecture was capa-
ble of combining noise reduction with the reconstruction of
structurally significant elements in the presence of complex
background noise and weakened useful signals remained in-
sufficiently explored. The aim of the study was to evaluate
the application of a modified U-Net encoder-decoder neural
network architecture for image denoising and quality en-
hancement on synthetic and real data. To achieve this goal,
the following objectives were formulated: analyse modern
deep learning approaches to processing and restoring noisy
images and determine the place of the U-Net architecture
among reconstruction methods; perform a quantitative as-
sessment of reconstruction quality on synthetic data; evalu-
ate the model’s performance on real data with various noise
characteristics, using seismic images as an example; and
perform a spectral analysis of the denoising results to deter-
mine the degree of image structure preservation.

Materials and Methods

The study was conducted from February 2025 to March 2026
as a computational experiment. The U-Net architecture
proposed by O. Ronneberger et al. (2015) served as the
methodological basis, applied as a baseline encoder-decod-
er model for restoring noisy images, while preserving lo-
cal structures. Seismic data were considered as an applied
example of noisy images to test the model’s performance
under conditions of complex signal structures and varying
degrees of noise distortion. The methodological framework
included forming a training set, constructing and training
a neural network model on synthetic data, quantitative-
ly evaluating the results, and then applying the trained
network to real images with various noise characteristics.
This allowed evaluation of the model both under con-
trolled conditions and when transferred to real data. The
study material consisted of synthetic and real images. The
synthetic set was generated based on three-dimensional
data constructed from one-dimensional reflectivity traces.
These one-dimensional signals were transformed into vol-
umetric structures by introducing geometric deformations,
such as inclined areas, folded shapes, and faults. Once the
clean volumes had been formed, noise of varying intensi-
ties and textures was added to the clean volumes, creating
“noisy image/clean image” pairs used for network training.
This approach prevented the network from adapting to a
single fixed level of degradation and facilitated the crea-
tion of a generalised model stable to a wide range of noise
scenarios. All images were normalised to a range from -1
to 1, ensuring comparability of amplitude characteristics
and computational stability. To expand the variability
of the training data, amplitude scaling coefficients were
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additionally applied to change the overall intensity level of
the synthetic images; the values were sampled within the
range from 0 to 1. This allowed for the modelling of varying
signal intensities and reduced the risk of overfitting at a
fixed level of noise degradation.

The network architecture had a symmetrical “encod-
er-decoder” structure. The encoding section used successive
convolutional blocks, including convolution, batch normal-
isation, and a nonlinear activation function, which ensured
feature extraction with a gradual decrease in spatial resolu-
tion. In the decoding section, its sequential reconstruction
was performed using transposed convolutions. The trans-
fer of local spatial information between symmetric layers
of the network was carried out via skip connections, which
helped to preserve fine image details. In the output section,
aresidual block was additionally used, based on the concept
of deep residual learning by K. He et al. (2016), to refine the
reconstruction result. The output layer was a 1x1 convolu-
tion with linear activation to form the reconstructed image.
The estimated noise was defined as the difference between
the input noisy image and the reconstructed result; this was
the form in which it was further used in the visual analy-
sis of the results. The model was trained using a supervised
learning scheme: a noisy image was fed as input, and its
clean version was used as the target output. Parameter op-
timisation was performed using the Adam algorithm, which
provided adaptive updating of network weights based on
gradient information (Kingma & Ba, 2015). The mean ab-
solute error (MAE) was used as the primary loss function,
based on the results of H. Zhao et al. (2017), who demon-
strated its suitability for preserving image boundaries and
local features. Thus, the computational scheme was aimed
not only at reducing the MAE, but also at preserving the
structural integrity of the data.

To evaluate the quality of the model on synthetic data,
a test set of 1,600 samples formed on the basis of 100 syn-
thetic cubes was used. Since reference clean images were
available for this data, the reconstruction efficiency was
determined using the metrics of signal-to-noise ratio, peak
signal-to-noise ratio, and multiscale structural similarity
index. The use of the latter metric was based on the ap-
proach of Z. Wang et al. (2003), according to which structural
similarity was an informative characteristic of image qual-
ity, when comparing reconstructed and reference data. The
signal-to-noise ratio (SNR) metric was used to characterise
the degree of noise suppression, the peak signal-to-noise
ratio (PSNR) was used to assess the relationship between
signal power and reconstruction error, and the multiscale
structural similarity index measure (MS-SSIM) was used to
analyse the preservation of the spatial organisation of the
reconstructed image. Together, these metrics provided a
quantitative assessment of noise suppression, reconstruc-
tion accuracy, and structure preservation. For comparative
analysis, the proposed model was compared with two al-
ternative approaches: the FXDECONV frequency-domain
deconvolution method described in the works of L.L. Cana-
les (1984) and N. Giiliinay (1986), and the DnCNN architec-
ture developed by K. Zhang et al. (2017). This comparison
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was consistent with further quantitative and visual analy-
sis of the results on synthetic test images.

To test the model on real data, three seismic datasets
were used: Kerry, Volve, and F3. The choice was determined
by differences in noise intensity, its complexity, and reada-
bility of the useful signal, which allowed these datasets to
be considered as three model testing scenarios: processing
data with pronounced noise masking, reconstruction with a
relatively low level of noise contamination, and processing
images with a mixed nature of random and more coherent
interference. When characterising the F3 dataset, the data
presented by R.M. Silva et al. (2019) were taken into account,
for Volve — the data on the deposit presented by T.J. Szyd-
lik et al. (2006), and for Kerry — the results of the structur-
al interpretation considered by W.D.M. Alotaby (2015). The
choice of these sets was determined by the differences in the
structural organisation of the main signal and noise char-
acteristics, which made it possible to evaluate the stability
of the model in conditions of heterogeneity of the input
data. The estimated noise was calculated as the difference
between the input noisy image and the reconstructed re-
sult. Since reference noise-free data were not available for
real images, the quality of the reconstruction was estimat-
ed indirectly - by the nature of the suppression of the noise
component, the visual evaluation of spatially significant
structures and changes in the averaged Fourier amplitude
spectra before and after processing. This analysis scheme
corresponded to the subsequent interpretation of the re-
sults for Kerry, Volve and F3 as three modes of noise degra-
dation of real data. The computational implementation of
the model was carried out in the Python environment using
the PyTorch library (PyTorch Foundation, USA). Computa-
tional experiments were conducted on an NVIDIA Quadro
P5000 GPU (NVIDIA Corporation, USA). A complete training
cycle took approximately 8 hours, with the average duration
of one epoch being about 140 seconds. Applying the trained
model to the full test dataset took approximately 1 hour.
The methodology used was aimed at testing reconstruction
accuracy, model robustness to varying noise intensities and
structures, and the preservation of spatial and spectral im-
age characteristics after denoising.

Results

Quantitative evaluation

of synthetic image reconstruction quality

After training the model using the Adam algorithm, a
quantitative evaluation of reconstruction quality was per-
formed on blind synthetic test images (Kingma & Ba, 2015).
A comparison of the proposed method with the classi-
cal FXDECONV method and the DnCNN convolutional
architecture revealed differences in SNR, PSNR, and
MS-SSIM  metrics (Canales, 1984; Giiliinay, 1986;
Zhang et al., 2017). These differences affected both the
degree of noise suppression and the preservation of im-
age morphology, including image sharpness, local texture
modification, and the relative positions of structural ele-
ments. The corresponding average SNR, PSNR, and MS-
SSIM values were presented in Table 1.
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Table 1. Average SNR, PSNR, and MS-SSIM values for synthetic test images using different reconstruction methods

Metrics Noisy FXDECONV DnCNN The proposed method
SNR, dB 31.0 31.5 20.9 45.9
PSNR, dB 23.8 23.9 18.4 29.7
MS-SSIM 0.94 0.94 0.86 0.99

Source: developed by the author

As shown in Table 1, the highest average values for all
three metrics were recorded for the proposed method. The
most pronounced differences between the compared ap-
proaches were observed for SNR and MS-SSIM. For the pro-
posed method, the SNR was 45.9 dB, while for the noisy in-
put, FXDECONYV, and DnCNN, it was 31.0, 31.5, and 20.9 dB,
respectively. These results indicated that after reconstruc-
tion, the contribution of the useful signal to the final image
increased not only compared to the original noisy data but
also compared to the results of alternative methods. Com-
parison with the FXDECONV revealed a significant differ-
ence both in the absolute SNR value and in the nature of
the reconstruction. With the proposed method, reconstruc-
tion was accompanied by a change in SNR toward better
separation of noise from signal, while for FXDECONYV, the
final value remained close to the level of the original image.
When compared with DnCNN, the SNR was lower not only
compared to the result of the proposed method but also for
the noisy input image. This indicated a different trade-off
between noise suppression and preservation of the image’s
content. The same direction of differences persisted for MS-
SSIM. For the proposed method, the value of this metric
reached 0.99, while for the noisy input and FXDECONV it was
0.94, and for DnCNN - 0.86. This comparison showed that

Noise-free sample Noisy sample

FXDECONV DnCNN

reconstruction in the proposed approach was accompanied
by the preservation of the spatial organisation of the image
at a level close to the reference one, which was consistent
with the interpretation of MS-SSIM as an indicator of struc-
tural similarity at several scale levels (Wang et al., 2003). In
the compared methods, the structural correspondence ei-
ther remained unchanged or decreased. The reduction in the
residual noise level occurred simultaneously with the pres-
ervation of the relative sharpness of boundaries, local inten-
sity transitions, and the overall morphology of the image.
Thus, the differences between the methods were recorded
not at a single particular level, but in two interrelated di-
mensions of reconstruction — the degree of noise reduction
and the degree of structure preservation. Taken together,
these results demonstrated that the proposed approach re-
sulted in image reconstruction with a different level of re-
sidual noise compared to FXDECONV and DnCNN. Quanti-
tative comparison was supplemented by a visual comparison
of the reconstructed images. Figure 1 showed reference sam-
ples, noisy input data, and reconstruction results obtained
using FXDECONV, DnCNN, and the proposed method. Pres-
ervation of boundaries and fine details in the reconstructed
images was consistent with the use of residual refinement at
the model output (He et al., 2016).

Proposed Method
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Figure 1. Visual comparison of synthetic test image reconstruction:
reference image, noisy input, FXDECONV, DnCNN, and the proposed method
Source: based on L.L. Canales (1984), N. Giiliinay (1986), K. Zhang et al. (2017)
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As shown in Figure 1, the differences between the
compared reconstruction options were evident not only in
quantitative metrics but also in the visual reconstruction
of the synthetic image structure. With the noisy input, SNR
values ranged from 28.9 to 37.2 dB, while after applying the
proposed method, the values increased to 48.7 to 53.6 dB.
Moreover, the noise component in the original noisy im-
ages reduced the clarity of boundaries, blurred local tran-
sitions, and disrupted the continuity of reflective events.
The FXDECONV method only partially reduced noise: in
some samples, residual distortion, background inhomoge-
neity, and incomplete reconstruction of reflective bound-
ary geometry remained, consistent with limited changes
in SNR, PSNR, and MS-SSIM compared to the noisy input.
The DnCNN results exhibited a different pattern of devi-
ation, such as a reduction in the noise component with
more pronounced smearing of local features, attenuation
of fine details, and changes in the textural organisation of
the image. Against this background, the reconstruction ob-
tained by the proposed method was closest to the reference
image, resulting in effective noise reduction with accurate
preservation of edges, local contrasts, the continuity of re-
flective events, and the configuration of fine details with-
out introducing excessive smoothing. Thus, the results on
synthetic test images demonstrated a consistent advantage
of the proposed method over FXDECONV and DnCNN. This
advantage was demonstrated through both qualitative
and quantitative evaluations of the structure of the recon-
structed images.

Application of the modified U-Net architecture to re-
al-world data with different noise characteristics

The results of applying the modified U-Net architecture
to real-world data showed that the previously established
reconstruction properties were preserved not only under
controlled synthetic testing conditions but also when
processing images with different noise intensity, struc-
ture, and frequency content (Ronneberger et al., 2015).
Analysis of three datasets revealed that the algorithm’s
performance was not limited to a single reconstruction
type. Depending on the characteristics of the input image,
differences were evident in three practical testing modes:
with pronounced noise contamination, with a relatively
clean signal, where reconstruction required more careful
noise suppression, and with a mixed-mode distortion,
combining random and locally coherent noise. In this re-
gard, the Kerry, Volve, and F3 datasets were considered
not as isolated application examples, but as complemen-
tary scenarios for testing the model on heterogeneous
input data (Szydlik et al., 2006; Alotaby, 2015; Silva et
al., 2019). The first of these scenarios was related to the
Kerry dataset, for which the original images were charac-
terised by pronounced noise contamination, which hin-
dered the perception of the useful signal. In this case, the
analysis focused on whether the reduction of the random
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noise component was accompanied by the restoration of
the structural readability of the image under conditions
of partial masking of useful elements by interference. The
obtained results showed that when processing the Kerry
data, reconstruction was accompanied not only by a re-
duction in the visually perceived noise level but also by a
clearer representation of the internal organisation of the
image. Consequently, individual structural elements were
more clearly traced, and the spatial relationships between
these elements were recorded more consistently. The re-
sult of applying the model to the Kerry data is presented
in Figure 2, which compares the original image, the recon-
structed result, and the estimated noise component.

As can be seen in Figure 2, the original image was
characterised by a high level of noise contamination, as
a result of which part of the useful signal was partially
masked, and the spatial structure of the image was per-
ceived less clearly. After applying the model, the back-
ground noise component was reduced, extended structur-
al lines were more clearly visible, and local variations were
reproduced with less interference. The reconstructed im-
age showed no signs of excessive smoothing. Its internal
heterogeneity was preserved, while becoming more con-
sistent with the underlying signal rather than to random
noise fluctuations. Analysis of the panel with estimated
noise revealed that the extracted component contained
predominantly chaotic high-frequency and weakly struc-
tured elements, while the main extended features of the
useful image were largely absent. These results indicated
a separation of signal and noise without noticeable dis-
ruption of the spatially organised components. In other
words, the model reduced not the overall image variability
as such, but primarily that portion of it related to noise
contamination, while preserving the fundamental signal
geometry in the reconstructed result. In other words, for
the intense noise scenario, this was reflected in a reduc-
tion in the noise level while maintaining the structural
coherence of the image. The result obtained on the Ker-
ry dataset characterised the first mode of model valida-
tion on real data, namely processing an image with pro-
nounced noise masking. In this case, the reconstruction
effect was primarily evident in the restoration of seismic
reflective events clarity and the reconstruction of spatial
structure. Thus, the Kerry dataset illustrates the model’s
behaviour in conditions where processing involves miti-
gating substantial noise contamination while preserving
the signal’s internal geometry rather than performing mi-
nor residual corrections.

The next testing mode was performed using the Volve
dataset, for which the original data had a lower level of
noise contamination. In this situation, the analysis shifted
from the severity of noise reduction to the degree of pres-
ervation of weak and already distinguishable structural de-
tails after reconstruction. The corresponding visual result
was presented in Figure 3.
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Figure 2. The result of applying the model to real Kerry data: original image, reconstructed image, and estimated noise
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Figure 3. The result of applying the model to real Volve data: original image, reconstructed image, and estimated noise
Source: based on T.J. Szydlik et al. (2006), W.D.M. Alotaby (2015), R.M. Silva et al. (2019)

As can be seen in Figure 3, in the case of the Volve
dataset, the original image was characterised by a lesser
degree of noise masking of reflective events compared to
the intense noise contamination scenario. In this setting,
the reconstruction result was assessed not so much by the
degree of noise suppression as by the preservation of al-
ready distinguishable structural details. After applying the
model, the main seismic events retained the continuity
and geometry, while the small-scale chaotic component
within the selected area was reduced. At the same time,

Information Technologies and Computer Engineering, 2026, 23(1)

local transitions, low-contrast elements, and the con-
figuration of seismic reflection events remained distin-
guishable. The estimated noise component contained
predominantly scattered, weakly structured fluctuations
and did not reproduce the extended elements of the pri-
mary signal. This indicated that the processing in this case
was focused on reducing residual noise without disrupt-
ing the internal structure of the image. Overall, the results
on the Volve dataset characterised a different operating
mode of the model compared to the Kerry case: whereas
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in the former case, the main effect was associated with
reducing pronounced noise masking, here, reconstruction
manifested itself in local correction of the residual noise
component while preserving the already discernible signal
structure without introducing artefacts. The third test-
ing mode was represented by the F3 dataset, which was

Denoised Data

characterised by a non-uniform complex spatial organ-
isation of noise distortions. In this case, reconstruction
included both reducing the random noise component and
separating the useful true signal from more structured
distortions while preserving the geometry of the reflective
events. The corresponding result was shown in Figure 4.
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Figure 4. The result of applying the model to real F3 data:
original image, reconstructed image and estimated noise
Source: based on T.J. Szydlik et al. (2006), W.D.M. Alotaby (2015), R.M. Silva et al. (2019)

As can be seen in Figure 4, the F3 dataset was char-
acterised by a non-uniform noise distortion configuration
compared to previous cases, as it combined random and
more organised noise components. In this formulation,
the reconstruction task was associated not only with re-
ducing the overall level of noise variability, but also with
separating structurally non-uniform distortions from the
main seismic signal. After applying the model, the overall
level of the noise component decreased, while the main
reflection elements retained visual continuity and spa-
tially consistent. This indicated that the reconstruction
addressed not only the chaotic background, but also the
more organised noise components without noticeably dis-
rupting the internal structure of the signal. Analysis of the
panel with estimated noise showed that both random and
locally coherent interfering elements were converted into
the noise component, while spatially significant contours,
boundaries, and local texture variations were preserved in
the reconstructed image. This indicated the model’s per-
formance under mixed-distortion conditions, where the
boundary between the useful and unwanted components is
less obvious. Thus, the result on F3 complemented the two
previous testing scenarios: while the main effect on Kerry
was restoring readability under significant noise masking,
and on Volve, reducing residual noise while preserving the
already discernible structure, on F3, reconstruction was
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associated with separating the useful signal from inhomo-
geneous noise components under conditions of the mixed
spatial organisation. Comparison of the results for Kerry,
Volve, and F3 showed that the reconstruction pattern was
preserved under three different noise degradation regimes
of real data. In the first case, reconstruction involved reduc-
ing intense noise masking, in the second, correction with a
relatively clean signal, and in the third, processing mixed
random and coherent distortions. Thus, the results demon-
strated that the reconstruction features were reproduced
with varying degrees and spatial organisation of noise.

Spectral analysis of image denoising results

Spectral analysis results showed that after applying the
modified U-Net architecture to all three datasets, the am-
plitude of noise-related components was reduced while
maintaining the general shape of the spectral distribution
in the informative frequency range. This indicated a re-
duction in noise energy without significantly altering the
spectral components associated with the useful signal. In
this case, spectral characteristics were used as an addition-
al tool to verify whether denoising preserved signal struc-
ture not only at the visual but also at the frequency level.
The averaged amplitude spectra of the original and recon-
structed data for the Kerry, Volve, and F3 datasets were pre-
sented in Figure 5.
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Figure 5. Averaged Fourier amplitude spectra over the entire time interval for the Kerry (a), Volve (b) and F3 (c) sets:
original data, noise reduction result and estimated noise component
Source: based on T.J. Szydlik et al. (2006), W.D.M. Alotaby (2015), R.M. Silva et al. (2019)

As shown in Figure 5, for all three datasets, a reduc-
tion in spectral amplitude in the region associated with the
noise component was observed after noise reduction, while
the spectral configuration in the informative frequency
range was preserved. A graphical comparison of the origi-
nal data, the reconstructed result, and the estimated noise
component revealed that the main differences between the
curves were concentrated in the part of the spectrum where
the noise contribution remained most pronounced, while
these differences diminished as the curves approached the
upper limit of the working range. For Kerry, discrepancies
between the original and reconstructed data were observed
up to approximately 100 Hz, where a decrease in amplitude
was observed after processing. However, the basic shape
of the spectrum in the working range was preserved, and
the position of characteristic sections of the curve did not
change significantly. For Volve, the changes were less pro-
nounced and the discrepancy between the curves was not-
ed primarily up to 80 Hz, after which the curves converged.
These results indicated a reduction in the residual noise
component without a noticeable change in the informa-
tive portion of the spectrum, and corresponded to a data
processing mode with less pronounced noise contamina-
tion. For F3, a similar pattern persisted under conditions
of non-uniform interference organisation, where a reduc-
tion in amplitude after processing was observed across
almost the entire operating range up to approximately 85
Hz. Moreover, the dotted curve representing the estimated
noise component exhibits a lower amplitude compared to
the spectra of the original and reconstructed data, further
reflecting the redistribution of energy after processing. This
indicated that the reconstruction process attenuates both
random and partially structured noise components without
changing the overall shape of the spectrum in the region
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associated with the useful signal. Thus, the spectral data
for Kerry, Volve, and F3 showed that reconstruction effec-
tively reduced the noise component while preserving the
main characteristics of the useful signal. Taken together,
the quantitative, qualitative, and spectral results demon-
strated that the modified U-Net architecture and the com-
putational framework implemented on its basis ensured
the reconstruction of noisy images across a range of noise
intensities and distortion types. On synthetic data, this was
reflected in improved SNR, PSNR, and MS-SSIM values rel-
ative to FXDECONV and DnCNN, while on real data it was
evidenced by the consistent reproduction of reconstruction
patterns under varying noise degradation conditions. The
obtained results indicated that the proposed approach un-
der consideration was aimed not only at reducing the noise
component but also at preserving the spatial organisation
of the image, local boundaries, transitions, and spectrally
significant signal characteristics. Seismic data were used as
arepresentative application example to evaluate the meth-
od on images with complex internal structures and heter-
ogeneous noise patterns. Overall, this formulation allowed
considering the proposed computational framework as a
generalisable approach, applicable beyond seismic data to
a broader range of problems that required both reduction
of the noise component and preservation of the structural
integrity in reconstructed images.

Discussion

The obtained results showed that the performance of the
modified U-Net architecture was characterised not only by
effective suppression of the noise component, but also by
preservation of spatially organised image structures. These
findings were consistent with the results of T. Zhong et
al. (2022), where a deep residual U-Net architecture was
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also accompanied by random noise attenuation while pre-
serving reflective events and geometric consistency. This
comparison indicated a relationship between the use of
the U-Net architecture with residual connections and the
simultaneous attenuation of noise energy and the preser-
vation of the internal structure of the signal. The combina-
tion of multi-level feature extraction with skip and residual
connections facilitated the separation of the noise compo-
nent from the useful content without pronounced smooth-
ing. Quantitative evaluation on synthetic data showed
higher values of the SNR, PSNR, and MS-SSIM compared to
the baseline methods. These observations aligned with the
more general results of Z. Wu et al. (2025), where improve-
ments in the quality of reconstruction were also considered
as a consequence of the simultaneous correction of noise
distortions and the preservation of the structural char-
acteristics of the image in the frequency domain. In this
study, these differences were particularly evident for data,
in which the spatial organisation of the signal was impor-
tant for interpretation. Unlike general image restoration
tasks, where emphasis was often placed on overall recon-
struction fidelity, structurally complex images require the
preservation of low-contrast yet spatially consistent fea-
tures. Accordingly, the advantages of the proposed method
were reflected not only in quantitative metrics, but also in
visual reconstruction quality, where noise reduction does
not compromise local transitions, contours, or fine details.
Analysis of the data presented by Y.-T. Wu & R.R. Stew-
art (2023) showed similar conclusions, who associated the
use of U-Net with attenuation of coherent noise, while
preserving the structural integrity of seismic data. In both
cases, neural network reconstruction was accompanied
by a reduction in noise while preserving the informative
signal. This suggested that the U-Net architecture can be
considered as a tool for separating spatially organised use-
ful and parasitic components. Analysis of real data further
demonstrated that the nature of the reconstruction was
preserved under several noise degradation conditions, such
as pronounced noise contamination, low noise presence,
and with a mixed nature of distortions. This robustness
was consistent with the findings of F.K. Anjom et al. (2024),
according to which modern machine learning methods in
seismic exploration were characterised by stability with
respect to variability in geological and noise conditions.
Overall, the results suggest that the proposed neural net-
work framework provides not only high accuracy under
controlled conditions but also reliable and reproducible
performance on heterogeneous real-world data. Controlled
variability of training pairs and noise contamination rang-
es ensured the formation of a more generalised scheme for
separating signal and interference.

The obtained results showed that, when process-
ing the Kerry dataset, the main reconstruction effect was
manifested in the restoration of the readability of reflec-
tive events under conditions of intense noise masking,
whereas for Volve, a more local correction of residual noise
predominated, and for F3, a stable separation of random
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and more organised distortions. These findings partially
correlated with the results of H. Tang et al. (2023), where
the RRU-net (residual recurrent U-Net) architecture was
used for simultaneous reconstruction and noise reduc-
tion of complex data obtained by the distributed acoustic
sensing method in vertical seismic profiling. In both cases,
the neural network approach demonstrated effectiveness
not only within a single distortion regime, but under con-
ditions of a more complex and structurally complex input
data. The key difference was determined by the specificity
of the source material: in the case of distributed acoustic
sensing data, the spatial organisation of the signal and
noise had distinct characteristics, whereas this study, the
stability of the model was assessed on several types of real
seismic images with varying levels presence of random and
locally-coherent noise. The obtained results showed the
effective reduction of the noise component was accompa-
nied by the preservation of the structural integrity of the
image and was not reduced to a simple high-frequency
smoothing. These findings were consistent with the results
of L. Yang et al. (2021), where an improved residual con-
volutional neural network provided random noise suppres-
sion, while preserving main events. The agreement across
studies suggested that architectures with residual mecha-
nisms provided a balance between noise suppression and
preservation of signal. This can be explained by the role
of residual connections, which increased the stability of
feature extraction and reduced the risk of losing weak,
but meaningfully significant image elements. Comparison
with the results of H. Xi et al. (2026) further confirmed that
the effectiveness of U-Net-based architectures in seismic
denoising was maintained in more recent modifications
aimed for more accurate signal protection in complex
noise environments. This research results demonstrated a
similar trend, as reconstruction was accompanied by a re-
duction in the noise level without significant degradation
of the primary signal content. However, the emphasis here
extended beyond noise suppression alone, and also on the
stability and generalisation of the effect under various deg-
radation conditions in real data. This distinction reflected a
broader analytical framework, integrating synthetic, visual,
and spectral evaluations rather than focusing solely on the
performance of a specific environment.

The results showed that the reconstruction process
was learned under supervised training conditions using
“noisy image/clean image” pairs, in which the model was
trained to establish a direct mapping between degraded and
original signals. This formulation was consistent with the
adopted methodological framework and supported the in-
terpretation of improvements in SNR, PSNR, and MS-SSIM
as outcomes of supervised learning. This approach differed
from that of J. Lehtinen et al. (2018), where Noise2Noise
was an unsupervised approach to restore images without
clean reference data. The distinction lain in the nature of
the training information: in supervised settings, recon-
struction relied on explicit correspondence between noisy
and clean signals, whereas Noise2Noise exploited the
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statistical consistency across multiple noisy realisations of
the same image. A similar contrast can be drawn with the
work of J. Batson & L. Royer (2019), where self-supervised
denoising strategies were employed without an explicit
ground-truth reference. In this study, the use of supervised
training pairs was accompanied by a change in quantitative
indicators on synthetic data and preservation of the nature
of reconstruction when applied to real images. For structur-
ally complex data with a heterogeneous noise background,
the presence of a reference target provided a straightfor-
ward scheme for separating useful and parasitic components
while preserving spatially significant elements.

Differences among noise reduction approaches were
evident not only in comparison with classical methods but
also relative to early convolutional models. In the work of
X. Si et al. (2019), convolutional neural networks were ap-
plied to attenuate random noise in seismic data, reflecting
a similar objective of separating useful signal from noise.
However, in this study, reconstruction was addressed more
broadly, such as not merely as denoising, but as the preser-
vation of both spatial and spectral organisation. This per-
spective was consistent with the model design, where skip
and residual connections support the retention of inter-
nal image structure during reconstruction. An alternative
formulation was presented by A. Krull et al. (2019), where
noise reduction was achieved without clean reference data
through self-supervised learning on single noisy images. In
contrast, the approach considered here relied on supervised
training with explicit correspondence between degraded
and reference data, enabling more direct separation of use-
ful and spurious elements. A related emphasis appeared in
the work of T. Garber & T. Tirer (2024), where image resto-
ration was evaluated not only by error reduction but also
by preservation of meaningful signal content. In this study,
the distinction lain primarily in the computational imple-
mentation, as the modified U-Net with skip and residual
connections provided a specific mechanism for achieving
this balance. Similar principles extended to more recent
architectures. In the work of S.W. Zamir et al. (2022), the
Restormer model was designed to restore high-resolution
images by capturing long-range dependencies. As in the
present case, reconstruction goes beyond local smooth-
ing across multiple representation levels. However, while
transformer-based models emphasised global context
modelling, the approach here relied on multi-level convo-
lutional feature extraction combined with skip connections
and residual refinement. Another direction was illustrated
by V. Potlapalli et al. (2023) with PromptIR, which target-
ed multiple degradation types within a single framework.
A partial similarity can be observed in the stability of re-
construction across different noise conditions in this study,
from strong contamination to mixed distortions. Neverthe-
less, PromptIR was inherently designed as a general-pur-
pose restoration model that operated without predefined
degradation types and incorporated a prompting mecha-
nism. In contrast, the present framework addressed a more
specific denoising task, with emphasis on preserving signal
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structure under defined noise conditions. Overall, the key
distinction lain in the scope of applicability: generalised
model aimed to handle diverse degradation types within
a unified architecture, whereas the proposed approach fo-
cused on accurate reconstruction within a specified noise
regime while maintaining structural fidelity.

Conclusions

The study presented a method for image quality enhance-
ment though noise removal using the modified U-Net ar-
chitecture and synthetic images for training purpose. On
synthetic blind test images, the proposed methodology
achieved a higher quantitative performance compared
to FXDECONV and DnCNN. On real data, it consistently
maintained the reconstruction quality across a range of
noise degradation conditions. This was reflected in the
accurate restoration of intensity characteristics, as well
as the preservation of edges, variations in local features,
morphology, and the relative spatial arrangement of struc-
tural elements, without introducing smoothing effect. A
quantitative comparison on synthetic test images revealed
clear differences between the methods across the main
reconstruction metrics. The proposed approach achieved
average values of 45.9 dB for SNR, 29.7 dB for the PSNR,
and 0.99 for the MS-SSIM. In comparison, FXDECONV
yielded 31.5 dB, 23.9 dB, and 0.94, while DnCNN produced
20.9 dB, 18.4 dB, and 0.86, respectively. These differenc-
es indicated improvements not only in noise suppression,
but also in intensity fidelity and preservation of spatial
structure of the image. When applied to real data, the
method demonstrated consistent reconstruction behav-
iour across multiple noise degradation scenarios. For the
Kerry dataset, this was reflected in reduced noise masking
and improved visibility of structural features. For Volve, it
was expressed as a decrease in residual noise while pre-
serving the already distinguishable signal structure. In
the case of F3, stable performance was maintained despite
more complex spatial interference patterns. Spectral anal-
ysis further confirmed that reconstruction, across all three
datasets was associated with attenuation of the noise con-
tent without altering the overall spectral structure within
the main frequency bandwidth. Taken together, obtained
results demonstrated that the modified U-Net architecture
was applicable for denoising and reconstructing structur-
ally complex images. The combination of encoding and
decoding components, skip, and residual corrections en-
abled noise reduction without significantly disrupting the
image. These findings supported the applicability of the
proposed approach beyond seismic data to other types of
noisy images, for which simultaneous noise suppression
and preservation of fine scale detail was crucial. The study
was limited by the finite number of datasets analysed, and
the model was tested primarily under noise-based distor-
tion conditions, without addressing a wider range of com-
bined image degradations. Further research may include
expanding the dataset diversity, evaluating robustness
under more complex distortion scenarios, and comparing
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performance with other modern reconstruction architec- Funding
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AHoTauig. MeToro 1bOro JoCIiKeHHs Gyia omiHKka eheKTUBHOCTI MOAMbiKOBaHOI apXiTeKTypyu HeipOHHOI Mepexi
Kozep-AeKoaep IJisl IyMO3araylieHHs] Ta MOKpalleHHs 300pakeHb 3 BUKOPUCTAHHSIM CUHTETUYHUX Ta PeabHUX
IaHux. MeTomosIorisl AOCTiIKeHHST 6a3yBajiacs Ha OOUYMCIIOBATBHOMY eKCIIepMMEHTi Ta BK/IHOYasa HaBUYAHHS
MoJeni Ha CMHTeTUYHUX 300PasKeHHSIX, KiJIbKiCHe MOPiBHSIHHSI OTPUMAaHUX Pe3yabTaTiB 3a JOMOMOrol MeTony f-x
JIeKOHBOJIIOLLi1 Ta a/bTePHATUMBHOI MOZe/li 3TOPTKOBOTO IIyMO3aryllieHHs, 8 TAKOX IepeBipKy CTifiKOCTi Ha peaJlbHUX
JaHMX 3 HASIBHICTIO Pi3HUX LIYMOBMX XapaKTepPUCTUK. Bysl0 BMSIBIEHO, IO 3aCTOCOBAHMI MeTO, IIyMO3arIyllieHHs
XapaKTepu3yBaBCsl He TiAbKM 3MeHIIeHHSM ILIYMOBOI CKJIaIoBoi, aje it 36epeXXeHHSIM MPOCTOPOBO 3HAUYIMX
XapaKTepUCTUK 300paskeHHs, BKIIOUAIOUM Pi3KicTh KpaiB, IOKaIbHI Tepexony, Mopdosoriio Ta BiTHOCHe TOI0KeHHS
CTPYKTYpPHMX eJleMeHTiB 6e3 O03HAaK HAaAMIpHOrO pPO3MUTTS. OcCTaTouHe IOPiBHSIHHSI METOHNiB HAa CUHTETUIHUX
TECTOBMX 300pakeHHSIX MO0Ka3ayio, 1[0 CepPeIHE CIIiBBiIHOIIEHHS CUTHAJI/IIyM, MiKOBe CIiBBiIHOIIEHHS CUTHAJI/
myM Ta 6araToMaciITabHuil iHIEeKC CTPYKTYPHOI MOAIOHOCTI AJisl 3alpOIIOHOBAHOTO Migxoay ctaHoOBWIM 45,9 nb,
29,7 ob ta 0,99 BigmoBigHo. [yig mertony f-x mekonBosolii BigmoBigHi 3HaueHHst craHoBuau 31,5 nb, 23,9 ob Ta
0,94, Toni Sk O aJibTepHAaTMBHOI MOJie/li 3TOPTKOBOTO IIyMoO3arayiieHHs 3HaueHHs ctraHoBuau 20,9 ob, 18,4 nb Ta
0,86. ITpu 3acTOCyBaHHi 0 peaqbHUX AAaHUX 30epirasacs Ta camMa MOBeIiHKa MOKPAIEHHS, BKIIOUAOUM BUIATEHHS
BUPAKEHOTO LITYMOBOTO 3a06pyIHEHHSI Ta OTPUMMaHHS BiHOCHO UMCTOTO CUTHaNIy 6e3 CIIOTBOPeHb. 3ajiesKHO BiJ
BXiJHMX XapaKTepUCTUK, METOJ CyNpPOBOAKYBaBCS 3MEHILIEHHSM iHTEHCMBHOIO MAacKyBaHHS IIYMY, 3MeHIIEHHSIM
3aJIMIIKOBOTO IIyMY 3i 36epeXeHHSIM YiTKOi CTPYKTYypM CUTHAIy Ta PEKOHCTPYKIi€l0 B yMOBax OilblI CKIALHOI
MpOCTOpOBOi opraHizanii mepemkon. CreKkTpaJbHMII aHasAi3 BUSBUB 3MEHIIEHHS eHeprii myMmy 6e3 MOpYyIIeHHS
criekTpasibHOI KOHbirypauii B iHbopmaTuBHOMY Aiamna3oHi yacToT. [I[pakTMYHe 3HAYEHHS IOJSTa€E B MOTEHLiTHOMY
3aCTOCYBaHHi 3aMPONOHOBAHOIO MiAXOAY SIK OOUMCIIOBAIBHOTO METOLY OOPOOKM IIYMHUX 300paKeHb Yy CUCTeMaXx,
NpU3HaUYeHMX /I yMO3araylleHHs Ta BiJHOB/JIEHHS Pi3HUX CTPYKTYpP JaHUX

KniouoBi cnoBa: BifHOBIEHHS 300paskeHb; MIYMO3arTyUIeHHSI 306pakeHb; CTPYKTYpHE 30€pekeHHsI; PeKOHCTPYKILis
ceiicMiuHMX 300paskeHb; HABYAHHS 3 YUUTETIEM
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