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Application of the regression neural network
for the analysis of the results of ultrasonic testing

Abstract. Conducting a study on this topic becomes relevant due to the great importance of the safety of critical
infrastructure facilities and the presence of operational defects in equipment elements and pipelines, which poses
serious threats, including the possibility of equipment destruction and negative environmental impact. The purpose of
this work is to study the possibility of using the diffraction-time technique of ultrasonic non-destructive testing together
with a deep convolutional neural network to accurately determine the numerical value of the height of an operational
crack. The methods used include the analytical method, classification method, functional method, statistical method,
synthesis method, and others. The study found that an automated approach to measuring crack height, based on
diffraction signals and the use of neural networks, significantly improved the quality and accuracy of non-destructive
testing. Ultrasonic testing is one of the most common inspection methods for detecting service cracks and is considered
to be the most effective. It allows for reliable detection of defects and determination of their size without destroying the
product. The results of the study emphasize the high potential and efficiency of the method in analysing the data obtained
and provide confirmation of its applicability for determining the condition of objects during ultrasonic inspection. The
paper emphasizes that these technologies are particularly important and effective. It is noted that their widespread use
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Application of the regression neural network...

in various industries, such as medicine, aviation, and machine learning, demonstrates their power in solving complex
problems. The practical significance of the work lies in the development of advanced approaches that provide new insights
and methods to improve the efficiency of analysing the results, which can be applied in industry to improve the quality

of control and reliability of technical facilities

Keywords: non-destructive testing; operational defects; diagnostic efficiency; Data Processing; automation of

procedures; industrial monitoring

INTRODUCTION

The use of regression neural networks significantly im-
proves the efficiency of ultrasonic data analysis, helping
to detect operational defects, thereby ensuring safety and
reliability. Automated analysis enables faster defect detec-
tion, reducing inspection and maintenance time and costs.
Deep neural networks provide high accuracy in detecting
even small defects, contributing to reliable diagnostics.
The study of this topic promotes the use of innovative
technologies in the security of critical facilities and con-
tributes to progress in science and technology. All this is
aimed at ensuring more efficient and safer monitoring of
the condition of infrastructure facilities. The challenge of
this study is the difficulty of detecting operational defects,
in particular cracks, which may be hidden or invisible using
traditional inspection methods. In addition, the challenge
is to develop ultrasonic inspection methods that effective-
ly detect defects and guarantee reliability and accuracy to
avoid potential errors and incorrect results.

According to D.V. Pronyaev & V.V. Melnyk (2022), arti-
ficial neural networks have provided unique opportunities
to improve healthcare systems and increase the effective-
ness of medical education. They have been introduced into
the training process of medical specialists to simulate re-
al-life clinical scenarios. This has allowed students to gain
practical experience in a safe environment and develop di-
agnostic and treatment skills. However, this study did not
address the security and reliability of Al algorithms in the
context of medical data, which is a key aspect in the use of
such technologies in sensitive areas.

The purpose of the study by A. Atamanchuk (2022) was
to develop and test a method for detecting and identifying
an unmanned aerial vehicle (UAV) based on neural net-
works, aimed at improving the efficiency and accuracy of
the recognition process. An effective method has been de-
veloped that can be used to detect and identify UAVs with
high accuracy. The results obtained have practical applica-
tions in various industries where they detect and recognize
unmanned aerial vehicles. However, this work did not take
into account the possible challenges and threats associated
with the analysis of unmanned aerial vehicles, which may
raise questions about the protection and confidentiality of
the information revealed.

In their study, O.M. Berezsky et al. (2021) apply the
linear regression method to analyse the quantitative
characteristics of cytological images in order to obtain
objective indicators and improve diagnostic capabilities.
The use of linear regression in the analysis of cytological

images simplified the interpretation of quantitative data
and allowed for objective comparisons between different
cellular structures. The research is aimed at improving the
methods of analysing cytological images, which is essen-
tial for the development of modern medicine. The applica-
tion of the linear regression method is an important step
in improving the objectivity and speed of diagnosis based
on cytological data. However, the study did not conduct a
comparative analysis with other machine learning meth-
ods to determine the advantages and disadvantages of us-
ing linear regression.

In their study, O. Burlieiev et al. (2021) determine the
level of efficiency and benefits of using artificial neural
networks in various sectors of the economy, including mar-
ket analysis, forecasting economic indicators, and financial
management. The study highlights the high potential and
efficiency of using artificial neural networks in the econo-
my, with the ability to analyse complex relationships and
make accurate forecasts, making them a key tool for solving
the problems of the modern economic environment. How-
ever, the authors did not consider all aspects and specific
cases of application of artificial neural networks.

In their paper, N.V. Kuznietsova & Z.S. Chernysh (2020)
analyse the use of regression models in the financial analy-
sis of enterprises and determine their effectiveness in pre-
dicting financial performance indicators. As a result, the use
of regression models has allowed enterprises to more accu-
ratelyanalyse and forecast financial performance indicators,
which, in turn, will help improve management strategies
and make informed decisions. However, the study lacked
additional analysis, which could include a comparison of
the effectiveness of regression models with other methods,
such as time series analysis or machine learning methods.

The purpose of this study is to determine the feasibil-
ity of using the diffraction-time technique of ultrasonic
non-destructive testing in combination with a deep con-
volutional neural network to accurately determine the nu-
merical value of crack height.

MATERIALS AND METHODS
This study was carried out by applying methods that reveal
the theoretical and practical content of the object, provid-
ing a comprehensive view of innovative approaches to the
use of a regression neural network for analysing ultrasonic
inspection results. The analytical method in this study was
used to thoroughly review the theoretical aspects of re-
gression neural networks used for the analysis of ultrasonic
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inspection results. This method made it possible to under-
stand and describe the mathematical foundations of the
functioning of neural networks in the context of studying
ultrasonic inspection. The analysis of the mathematical
foundations of regression neural networks in the context of
ultrasonic control contributed to the understanding of their
potential in accurate analysis and processing of results.

The classification method made it possible to system-
atize different types of ultrasonic data and define their
categories for the needs of applying regression neural net-
works. The classification results helped to determine the
optimal network parameters for specific data classes. The
application of this method made it possible to identify dif-
ferent types of ultrasound images and to distinguish their
main categories, depending on the needs of regression
neural network analysis. This method made it possible to
adapt the structure and parameters of regression neural
networks to different types of information, which increased
their efficiency and accuracy of analysis of the results.

The functional method considered the existing capa-
bilities of regression neural networks and their application
to analyse the results of ultrasonic testing. This method
considered how the regression neural network performed
specific tasks and solved problems related to ultrasonic
inspection. The functional method determined the effec-
tiveness and efficiency of regression neural networks in
solving specific ultrasonic data analysis tasks. This meth-
od made it possible to determine how the neural network
adapts to various conditions and identifies key functions
during information processing, which provides important
guidance for further improvement of its performance.

The statistical method allowed combining the data
obtained, and identifying statistical patterns and risks
associated with the use of regression neural networks in
the context of ultrasound inspection, which is important
for assessing the reliability and validity of the results. The
synthesis method in this study was used to create and opti-
mize regression neural networks for ultrasound data anal-
ysis. This includes the synthesis of network parameters,
structure, and weights to achieve optimal performance.

I. Andriievskyi et al.

In the study, ultrasonic data obtained using diffrac-
tion time-of-flight technique was collected. The data was
carefully processed and prepared for further use in the
neural network. A deep convolutional neural network was
tuned and trained using the ultrasound data. A regres-
sion approach was used to accurately determine the crack
parameters. The results were validated and analysed to
determine the effectiveness of the regression neural net-
work for analysing ultrasonic data and determining crack
heights. The results of the regression neural network ap-
plication were compared with other approaches and meth-
ods of ultrasonic inspection to determine the advantages
and disadvantages.

A thorough review and analysis of the diffraction-time
technique used to measure crack parameters in materials
was carried out. Different approaches and techniques that
use ultrasound for defect detection are considered. The pa-
per uses a deep convolutional neural network to analyse
and process the received diffraction signals. The applica-
tion of a regression neural network allows accurately de-
termining the height of cracks in materials based on the
obtained ultrasonic data.

In this work, a convolutional neural network for im-
age recognition was developed and used to reduce errors
in determining the height of the defect. To train a neural
network, it is necessary to have so-called labelled data,
i.e. data for which the correct answer is known in advance,
in this case, the height of the crack. For this purpose, the
training data were modelled using the CIVA software. Ex-
perimental measurements with real defects would have
been more efficient, but this would have required ultrason-
ic equipment, transducers, and a huge number of samples
with real defects. CIVA is a platform for non-destructive
testing tasks consisting of modules: modelling, visualiza-
tion, and analysis. In this study, the software was used to
model rectangular defects with different heights, lengths,
and defect angles (Table 1). In the end, the artificial crack
database consisted of 3 sets: test, validation, and training.
In total, the database contains approximately 100 images
and took about 30 hours to generate.

Table 1. Parameters of the training model

Model parameters

Sample form Rectangular
Material Steel
Length 200 mm
Thickness 100 mm
Height 30 mm
Converter parameters
Type Contact
Emitter shape Disk
Diameter 6.35 mm
Angle of refraction 60°
Angle of incidence 23.165°
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Continued Table 1.

Model parameters

Scanning scheme

Location Symmetrical
Distance between centres 38 mm
Initial position 71x37 mm

Scan move along the axis
Step (x-axis) 0.5 mm
Number of steps (on the x-axis) 120
Simulated defect
Height 0-30 mm
Length 30 mm, 40 mm

Angle of inclination of the crack

0°,2°,4°

Source: created by the authors

The structural similarity index (SSIM) was used to
quantify the structural similarity between images, which
allows determining the degree of correspondence between
the structures and content between them. In this study,
a convolutional neural network (CNN) was developed to
solve the problem of determining the height of cracks us-
ing the Keras library, TensorFlow framework. The training
process of this neural network was performed on an Intel
Core i5-7300HQ CPU. Despite the fact that the CPU train-
ing speed is less efficient compared to using graphics cards,
it was sufficient in this case. This is due to the small num-
ber of parameters in the neural network structure and the
size of the training set, which contained only 52 images. In
general, the training process for 100 epochs usually takes
from 10 to 30 minutes.

RESULTS
A crack is one of the most dangerous operational defects,
which, depending on its size, particularly its height, can
lead to equipment failure. Non-destructive testing tasks

=

Lateral wave

play a key role in ensuring the safety, reliability, and ef-
ficiency of NPP equipment. Non-destructive testing is the
inspection of the quality of products using various fields
or radiation. The ultrasonic inspection method is based on
the ability of high-frequency vibrations to penetrate the
material and reflect scratches from the surface.
Time-of-flight diffraction (TOFD) technology, in turn,
is used to record diffraction signals that occur at the edges
of a defect using two sensors (Fig. 1). This technique makes
it possible to establish the coordinates of cracks quite ac-
curately (Hecht, 1997). The system of this method contains
a transmitter and a receiver of ultrasonic waves, which are
directed to a single point inside the welded joint. If no de-
fect is present, then after the compression wave is emitted
from the transmitter, the first signal to reach the receiver is
a side wave representing the outer surface, and the second
signal to reach the receiver is an echo from the back wall
representing the inner surface. If a defect is present, the dif-
fraction signal is generated at the top of the defect and ar-
rives before the signal generated at the bottom of the defect.

Pipe wall

Back wall echo

Figure 1. The working principle of TOFD technology

Source: created by the authors

Simple geometric considerations can be used to es-
timate the height of a crack, knowing the scan angle,
the difference in the arrival time of the two signals, and

a constant, the speed of sound propagation in the materi-
al. However, in reality, the signals are very difficult to rec-
ognize (Fig. 2).
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Figure 2. Real TOFD signal

Source: created by the authors

Deep learning is a machine learning technique that
is one of the best for solving problems of processing large
amounts of data, processing speed, and reducing error.
Deep learning models are often called deep neural networks
because they consist of a multi-layered architecture. Each
layer of the network receives input and performs a certain
operation before passing the results to the next layer. As
mentioned earlier, a convolutional neural network special-
izes in image analysis. The peculiarity of this architecture
is that it highlights the features of images and at the same

SCANNING

ETIT

&0

time reduces the amount of information by identifying the
most informative part of it. In fact, each convolutional layer
of a neural network is a set of digital filters whose kernels
are optimized during training (Protsenko, 2022). Examples
of modelling control results are shown in Figure 3. It is pos-
sible to see a slight difference between the results, but cal-
culating the height of the defect without significant errors
is a task beyond the reach of humans. Therefore, computer
processing is used in this work (Bowles, 2015; Yousefi et
al.,2018; Lee et al., 2023).

SCANNING

Figure 3. The result of ultrasonic control in the form of an amplitude image
for defects with a height of 3 mm and 4 mm, respectively

Source: created by the authors

As a result of the modelling in the CIVA software, a
dataset was obtained that contained 118 images, each of
which was uniquely indexed (labelled), i.e. had unique pa-
rameters of the crack for which the signal was modelled.
The modelling itself is manual and contains many proce-
dures and processes involving humans, so errors are pos-
sible when generating, naming result files. Therefore, to
exclude their influence on the study, all photos were ana-
lysed for uniqueness by comparing each photo with all oth-
ers using a code. In the process, only 52 images were found
to be unique. Since the rest of the photos had at least one

duplicate (the same photo), but with different indexing,
none of them could be used, as it was no longer possible to
establish which indexing was correct. Therefore, all non-
unique images were excluded from the database that would
be used to train and test the neural network.

For the selected 52 images, Figure 4 shows the so-
called heat similarity matrix — how similar one photo is
to another. The Structural Similarity Index (SSIM) is then
used to quantify the similarity between the photos, which
allows finding out the degree of correspondence between
the structure and content between them. Usually, in such
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cases, it is possible to use a comparison by calculating
the mean square error (MSE), but this means only a pix-
el-by-pixel comparison of images with complete disre-
gard for the structures on it. Unlike MSE, SSIM gives more
weight to structures than to the colour of a single pixel
pair. That is, this similarity assessment is better at recog-
nizing similar photos that are similar to the human eye
than MSE, i.e. it calculates the so-called perceived similar-

ity (Wang et al., 2004; Wang & Bovik, 2009). According to
the obtained SSIM index, a cell on the similarity matrix is
coloured. Red indicates full similarity, and blue indicates
the least similarity of all. Ideally, only the main diagonal
should be red, i.e. the photo should be similar only to itself.
In the matrix above, it is possible to see other red cells, but
the similarity coefficient is different, which means that the
data is not identical.

00489

00487

00828

00693

Figure 4. Thermal similarity matrix of the used data set

Source: created by the authors

The dataset was divided into three smaller datasets:
a training dataset of 39 images, a validation dataset of 7
images, and a test dataset of 6 images. The training set
is used to train the neural network, the validation set is
used to evaluate the trained models and compare them
with each other to select the best hyperparameters, and
the test set is used to evaluate the final neural network
with the hyperparameters already selected. To train the
neural network, it was decided not to use any augmenta-
tion, i.e. artificially expanding the database by enlarging/
decreasing, shifting, rotating the image. Despite the small
dataset, augmentation would not be very correct in this
case. In contrast to object classification tasks, where aug-
mentation is almost always a standard approach and can
be applied to object images without losing their essence,
this task analyses an ultrasound signal (Wong et al., 2016).
Any manipulation of the data can lead to signal distortion,

which in turn can affect the accuracy of its analysis. This
data-driven approach ensures that the network training is
based on original, untouched data, and thus maximizes its
accuracy in recognizing ultrasound signals.

Modern machine learning methods make heavy use
of frameworks such as TensorFlow, which provide pow-
erful tools for developing and training neural networks.
Achieving optimal results required careful selection of
hyperparameters. This included determining the optimal
number of Conv2D and MaxPooling2D convolutional lay-
ers, adjusting the number of filters and kernel sizes for
each Conv2D layer, defining the parameters of fully con-
nected layers, dropout values, and batch sizes. After that,
the best configuration was selected based on the results
of testing on the validation dataset. The structure of the
best neural network is shown in Table 2 and schematically
depicted in Figure 5.
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Table 2. Architecture of classification convolutional neural network

Layer Activation function Characteristics
Conv2D ReLU The number of filters — 64 The core size — 6x6
MaxPooling2D - The core size — 2x2
Conv2D ReLU The number of filters — 32 The core size is 5x5
MaxPooling2D - The core size — 2x2
Conv2D ReLU The number of filters — 32 The core size — 4x4
Flatten - -
Dense ReLU The number of neurons — 64
Dropout - Rate - 0.4
Dense ReLU The number of neurons — 32
Dropout - Rate - 0.4
Dense Softmax The number of neurons - 6
Number of parameters 3,124,390

Source: created by the authors

] InputLayer

m Conv2D

@ MaxPooling2D
@ Flatten

@ Dense

] Dropout

Figure 5. Classification model architecture
Source: created by the authors

The results of testing the checkpoint-preserved clas-  from the actual crack height, indicates the importance of
sification network after training for 100 epochs are shown further improvement and development of the system. In
in Table 3. order to quantify the error and improve the accuracy of

The error of the model in classifying one image, which  predictions, it is worth considering the use of a regression
was assigned to a class located at a distance of only 1 mm  neural network (Fig. 6).

Table 3. Results of training the classification model

Cracked Test ID Crack height, mm Height class Estimated height class Classification result
1 3mm 0-5 mm 0-5 mm True
2 9 mm 5-10 mm 10-15 mm False
3 11 mm 10-15 mm 10-15 mm True
4 17 mm 15-20 mm 15-20 mm True
5 19 mm 15-20 mm 15-20 mm True
6 25 mm 25-30 mm 25-30 mm True
7 29 mm 25-30 mm 25-30 mm True
Precision 85.71%

Source: created by the authors
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[ InputLayer
M Conv2D

B MaxPooling2D
M Flatten

M Dense

[[] Dropout

Figure 6. Architecture of the regression model

Source: created by the authors

Regression neural networks allow solving problems re-
lated to the prediction of numerical values, which in this
case is ideal for determining the specific height of a crack.
Compared to classification, where only two categories are
possible (correct/incorrect), the regression approach pro-
vides quantitative values that determine the degree of de-
viation of the predicted value from the actual value. The
changes in the architecture that provided for the transition
from the classification to the regression model included

important modifications that contributed to the solution
of the problem of predicting numerical values, namely the
height of a crack in the material. The original six-neuron
output layer that used the softmax activation function for
classification was replaced by a single output neuron with-
out an activation function responsible for predicting the
numerical value. During the hyperparameter selection, the
dropout value was reduced and another convolutional layer
Conv2D and MaxPooling2D were added (Table 4).

Table 4. Architecture of regression convolutional neural network

Layer Activation function Characteristics
The number of filters — 64
Conv2D ReLU The core size — 6x6
MaxPooling2D The core size — 2x2
Conv2D ReLU The number o_f filters — 32
The core size — 5x5
MaxPooling2D The core size — 2x2
The number of filters — 32
Conv2D ReLU The core size — 4x4
MaxPooling2D The core size — 2x2
The number of filters — 32
Conv2D ReLU The core size — 4x4
Flatten -
Dense ReLU The number of neurons — 64
Dropout - Rate - 0.1
Dense ReLU The number of neurons — 32
Dropout Rate - 0.1
Dense The number of neurons — 1
Number of parameters 393,745

Source: created by the authors

The results of testing the regression network stored
by the checkpoint after training for 100 epochs are shown
in Table 5. The average absolute error was 0.46 mm, and
the average relative error was 4.86%, which indicates that
this neural network is well-trained to determine the crack

height, but only in the material sample specified in the
simulation. Therefore, it is important to consider that the
results obtained on this specimen may not be equally trans-
ferable to other specimens due to variations in the material.
For a wider and more universal application of the model, it is
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necessary to expand the size of the training dataset and con-
sider the variability of material properties. The findings show
that the regression neural network performs well in the task

I. Andriievskyi et al.

of determining the crack height on a given material sample.
Scaling to other materials can be achieved by expanding
the training set and optimizing the network parameters.

Table 5. Results of regression model training

Height, predicted

ID test with a crack Height, real value, mm Absolute error, mm Relative error, %
value, mm

1 3 3.49 0.49 16.39
2 9 8.47 0.53 5.87
3 11 10.47 0.53 4.82
4 17 17.18 0.18 1.05
5 19 19.16 0.16 0.84
6 25 25.72 0.72 2.89
7 29 28.39 0.61 2.12

Average values 0.46 4.86

Source: created by the authors

In order to successfully scale the developed model to
other materials and inspection conditions, two key steps
are required. First, the training dataset should be expand-
ed to include different defect shapes and sizes. This will
help the model to adapt to the different nature of materials
and avoid transferring sample properties to a specific ma-
terial only. Second, it is important to optimize the neural
network parameters. This involves experimenting with hy-
perparameters, such as network architecture, learning rate,
and other parameters that affect its performance. These
steps can be used not only to achieve high accuracy on a
particular material, but also to ensure the overall adapt-
ability of the model to different conditions and types of
materials, which would make it more versatile and effective
in practical applications (Erkmen & Yildirim, 2008; Qiao et
al., 2020). Additionally, the modelling allowed determining
the optimal size of the training set to achieve maximum
efficiency. Sensitivity analysis of hyperparameters, such
as training speed and data set size, revealed their impact
on the model’s performance and identified optimal values.
Validation on real data confirmed the model’s adaptabil-
ity to new conditions and data, which will enhance its ap-
plicability in real-world scenarios. Comparison with other
methods of analysing ultrasonic inspection results also
shows the high efficiency of the developed neural network.
In general, the results obtained confirm the great poten-
tial and practical value of the regression neural network for
analysing ultrasound data, and also indicate ways to fur-
ther improve and expand its applications in various fields
of technical diagnostics and control.

The paper emphasizes the importance and effective-
ness of advanced deep learning and neural network tech-
nologies. It is noted that their widespread use in various
fields, such as medicine, aviation, and machine learning,
indicates their power in solving high-level problems. In
medicine, they help automate diagnostics and develop ef-
fective treatments. In the aviation industry, these technol-
ogies ensure efficient monitoring and maintenance of air-
craft, increasing safety. In machine learning, they expand
the possibilities in forecasting and task classification. The

paper highlights that these technologies are key to solving
modern challenges in science and technology. Their wide-
spread adoption in various industries demonstrates a deep
approach and potential for solving various problems, em-
phasizing the importance of their application in the mod-
ern technological environment.

DISCUSSION

This research article discusses a key topic in the field of
non-destructive testing, namely improving the accuracy
of crack height measurements using diffraction signals
and the use of neural networks to optimize this process.
Much emphasis was placed on analysing the methodolo-
gy of using machine learning technologies, in particular
neural networks, which can improve the efficiency of the
inspection procedure. Specific aspects of the use of neural
networks in crack height measurement were discussed in
detail. The peculiarities of diffraction signals were careful-
ly considered, and machine learning-based models were
developed to accurately determine the size of cracks in ma-
terials. The regression neural network is highly effective
in determining the parameters of ultrasonic inspection,
which has led to a significant increase in measurement
accuracy, a critical aspect for ensuring the reliability and
safety of industrial facilities (Fomin et al., 2023). The use of
neural networks has made it possible to automate the pro-
cess of analysing ultrasonic data, reducing dependence on
the human factor, and speeding up the time to detect de-
fects (Smailov et al., 2023). This contributed to the efficient
use of resources and optimization of production processes.
The results of the study indicate that the regression neural
network can be scaled up and applied to different materials
and conditions. This makes it a versatile tool for solving
control problems in various industries.

One of the key advantages of this study is its relevance
in the modern context. In particular, measuring the height
of cracks turns out to be a critical task in ensuring the
safety and reliability of infrastructure facilities (Babak et
al., 2021). The importance of this study is emphasized by
the fact that in the nuclear industry, this issue is becoming
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particularly relevant to prevent possible accidents. It is
noted that solving the problems of crack measurement has
the potential to improve safety and reliability in these stra-
tegically important industries (Ripetskyi et al., 2023). The
paper identifies new opportunities for applying modern
technologies and studying their impact on the sustainabil-
ity and safety of infrastructure systems.

In their study, O. Tymchuk et al. (2023) developed a
model that uses recurrent neural networks to accurate-
ly estimate the value of real estate. The developed RNN
model is capable of accurately predicting the value of real
estate objects, considering various factors and variables,
which contributes to improving real estate decision-mak-
ing processes and improving the accuracy of valuations.
This study is aimed at expanding the possibilities of using
recurrent neural networks in the field of real estate valu-
ation. These results are expected to improve the accura-
cy and objectivity of real estate pricing, which opens new
prospects for market participants. The regression neural
network demonstrates high efficiency in detecting and
analysing defects, and the recurrent neural network is suc-
cessfully used to accurately estimate the value of real es-
tate (Shults et al., 2023). Both studies harness the power
of neural networks to solve important problems in their
respective fields. The regression and recurrent neural net-
works demonstrate high accuracy and efficiency in solving
the problems of ultrasonic inspection and real estate valu-
ation, respectively.

The work by V. Gerus & S. Vitruk (2022) on the study
of the effectiveness of neural networks in economics and
their impact on the analysis and forecasting of economic
indicators reveals significant aspects, contributing to the
development of new methods and approaches in this area.
As a result, the use of neural networks in the economy has
led to improved forecast accuracy, increased decision-mak-
ing speed and optimization of economic processes. The re-
search of these authors focuses on the effectiveness of neu-
ral networks in economic analysis and decision-making, as
well as on the accuracy of defect detection in materials. The
study of the effectiveness of neural networks in econom-
ics is important for understanding the potential of these
technologies in improving economic processes and making
informed management decisions. The regression neural
network has been shown to be effective for physical anal-
ysis of materials, while the application of neural networks
in economics can improve analysis and management deci-
sion-making in the financial sector (Petchenko et al., 2023).

In his study, M. Gertsiuk (2022) described the devel-
opment and use of a mathematical model based on a neu-
ral network to predict the effects of river pollution. As a
result, mathematical modelling based on a neural network
is a promising approach for predicting the effects of river
pollution, and this study aims to further develop this area
in the field of water resources protection. Both studies use
neural networks for different tasks, but they both demon-
strate the power of these methods to solve important prob-
lems in their respective fields. The use of regression neural

networks in technical applications and mathematical mod-
elling for environmental research are promising areas of
neural network use in various fields.

The study by U.M.R. Paturi et al. (2018) was aimed at
comparing the effectiveness of regression analysis and in-
tegral numbers of microgeometry (INM) in modelling the
surface roughness of AISI 52100 steel during hard turning.
As a result, the regression analysis and INM proved to be
effective in modelling the dependence of surface rough-
ness on turning parameters, and INM demonstrated high-
er accuracy for complex nonlinear dependencies between
turning parameters and roughness. The work is relevant in
the context of improving turning and manufacturing tech-
nologies, which can lead to higher quality of manufactured
parts and reduced production costs. Both studies are dis-
tinguished by their relevance and importance for certain
industries but have differences in the areas of application
and approaches to solving the relevant problems.

In their study, N. Ceryan et al. (2012) described the
development and application of generalized regression
neural networks for predicting the unconfined compressive
strength of carbonate rocks. The results of this study are
useful for geologists, engineers, and material manufactur-
ers working with carbonate rocks. The model serves as a
tool for fast and accurate prediction of mechanical prop-
erties of materials. The research aims to develop knowl-
edge in the use of neural networks for predicting the me-
chanical properties of rocks, contributing to the further
development of methods and technologies in the field of
geology and mining. Both studies consider the use of re-
gression neural networks in different areas: determining
ultrasonic inspection parameters and predicting the me-
chanical properties of carbonate rocks. These two studies
demonstrate the importance and effectiveness of using re-
gression neural networks in solving analysis and prediction
problems in various fields. They complement each other,
providing a valuable contribution to the development of
materials control and research methods.

An analysis of various studies on the use of neural net-
works in various industries has shown that these technolo-
gies do indeed have high potential and efficiency in solving
complex problems. These studies not only demonstrate the
power of neural networks in their respective fields, but also
point to their versatility and applicability in various con-
texts. These technologies have the potential to revolution-
ize approaches to analysis, forecasting and management in
a variety of industries, from industry to the environment
to finance. This article provides an understanding of how
diffraction signals are generated and measured, making
the findings and research methodology accessible to a wide
range of readers. This approach promotes mutual under-
standing and popularization of the topic among specialists
and researchers working in the field of non-destructive
testing. An interesting aspect is the use of neural networks
to analyse diffraction signals and determine the height of
cracks. Automating the process and improving the accuracy
of measurements using this approach may prove to be key
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to the further development and improvement of inspection
systems. Overall, the study not only solves an urgent prob-
lem in the field of non-destructive testing, but also offers
a technological approach that has the potential for wide-
spread practical implementation and improved accuracy
of crack height measurements, which can have a positive
impact on safety and efficiency.

CONCLUSIONS

A study on the use of a regression neural network to an-
alyse the results of ultrasonic testing has revealed the
great potential of this technology in the field of non-de-
structive testing. Using advanced deep learning and neu-
ral network techniques, it was possible to significantly
improve the accuracy and efficiency of determining the
parameters of controlled objects. The results obtained al-
low concluding that the regression neural network is suc-
cessful in detecting defects using ultrasonic inspection.
This opens prospects for the widespread adoption of this
technology in various industries, including industry, con-
struction, and infrastructure.

In the course of the work, an ultrasonic inspection

L. Andriievskyi et al.

improved to classify cracks in materials by their height. The
resulting neural network showed a result of 85.61% accu-
racy on the test dataset. Based on the developed classifica-
tion convolutional neural network, a regression model was
developed to determine the exact numerical value of the
crack height, which is an important aspect in non-destruc-
tive testing. After selecting the hyperparameters, testing
on the test dataset showed the result: the average absolute
error in determining the crack height was only 0.46 mm,
the average absolute error was 4.86%.

The obtained results confirm the possibility of success-
fully using convolutional neural networks to determine the
crack height from ultrasonic inspection signals and pro-
vide grounds for further research into the use of neural
networks in the analysis of ultrasonic inspection results.
To further improve the accuracy of predictions, the train-
ing dataset should be expanded and improved by adding
data from different samples: different materials, different
shapes, and sizes with a wider range of crack characteris-
tics, and real ultrasonic inspection data of the correspond-
ing TOFD technology.

dataset was generated, analysed, and cleaned using TOFD ACKNOWLEDGEMENTS
technology and developed a convolutional neural network  None.
architecture for classifying defect heights based on ultra-
sonic inspection signals. The architecture and hyperpa- CONFLICT OF INTEREST
rameters of the created convolutional neural network were ~ None.
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3acTocyBaHHS perpecinHoi HeMPOHHOI MepeXXi
ONA aHani3y pe3ynbTaTiB y/IbTPa3BYKOBOIrO KOHTPOJIIO

AHoTauiq. [IpoBeieHHs JOCTIIKEHHS Ha 110 TEMY CTa€ aKTYaJIbHIUM Y 3B’I3KY 3 BEIMKMM 3HAUEHHSIM 0e3MeKu 00’€KTiB
KPUTUYHOI iHDPACTPYKTYpH Ta HASIBHICTIO eKCILTyaTaliiHuX AedeKTiB y eleMeHTax 061aJHaHHSI Ta TPyOOIIPOBOIax, 10
CTBOPIOE Cepii03Hi 3arpo3i, BKIAOUAI0YM MOKINBICTD PYHYBAHHS 00/ HAHHS Ta HEraTMBHMI BIUIMB HA HABKOJMIIIHE
cepenoBuiie. MeTa gaHoi po60TH MOJISITA€ Y BUBUEHHI MOXKJIMBOCTI BUKOPUCTAHHS AMGPaKIiiiHO-4aCOBOI TEXHIKM
YABTPA3BYKOBOTO METOAY HePYIHiBHOTO KOHTPOJIO Pa30M 3 IJTMO0KOI0 3TOPTKOBOIO HEePOHHOI0 MepeXkelo JIJIs TOUHOTO
BU3HAUEHHS YMCIOBOTO 3HaUEHHS BUCOTHU eKCIlTyaTalifiHol Tpimyuan. Cepef, BUKOPUCTaHMUX METOJIB C/Iif] 3a3HaAYUTU
aHaAJTITUYHMIT MeTOoI, MeTo[, Kiacudikallii, PyHKIIiOHaJIbHMI METOI, CTATUCTUYHUIT METO/I, METO/I, CUHTE3y Ta iHIi. B
XOAi mocminskeHHs 6y/10 BUSIBJIEHO, 110 aBTOMATU30BaHMIA MiJXi[L 1O BUMIPIOBAaHHS BUCOTHU TPIiLl[MH, SIKMI1 6a3YETHCS HA
IundpakiiiHuMX CMrHaIaX Ta BUKOPUCTAHHI HePOHHUX MepesK, CYTTEBO MOKPAIIMB SIKICTh Ta TOYHICTbh HePYyITHIBHOTO
KOHTpO/10. ONHUM 3 PO3MOBCIOJI)KEHMX METO/1iB KOHTPOJIIO /1J1S1 BUSIBJIEHHSI eKCIUTyaTalifiHMX TPILlMH € yAbTPa3ByKOBUIA
KOHTPOJIb, SIKMI1 BBASKAETHCSI HAM161/1bII epeKTUBHMUM. BiH 003BOJISIE HAiIHO BUSIBJISITU NedeKTU Ta BU3HAUATH iXHi
po3Mipu 6e3 pyiiHyBaHHS BUPOOY. Pe3ynbTaTy JOCTiIsKeHHS MiJKPeCTI0I0Th BUCOKIIA ITOTeHIlial Ta e(eKTUBHICTb
MeTO[y B aHaJIi3i OTPMMaHMX JaHUX Ta HANAIOTh MMiATBEPAsKeHHS 10Tr0 3aCTOCOBHOCTI JJ1s1 BU3HAUEHHSI CTaHy 00 €KTiB
ITiJT Yac yIbTPa3BYKOBOIO 06CTesKeHHSI. PO60TA ITiIKPECIIIOE, IO I1i TEXHOJIOTI1 € 0COBIMBO BaXKIMBUMM Ta €(heKTUBHUMMA.
3a3Havya€eThCs, 110 iX IIMPOKe 3aCTOCYBAHHS Y Pi3HUX ranyssix, TakuX K MeJUIMHA, aBiallis Ta MalllHHe HaBUaHHS, CBiIUNTD
PO iX MOTYKHICTh y PO3B’SI3aHHI CKIALHMX 3aBIaHb. [[pakTMUHe 3HAUeHHST POOOTHU TOJISITa€ B PO3BMHEHHI ITepeoBUX
MiJXO/iB, [0 HAAI0Th HOBI iHCATY Ta MeTOAM IJIsl MOKpaleHHs e(eKTUBHOCTI aHaTi3y pe3yabTaTiB, SIKi MOXKYTb OyTH
3aCTOCOBaHi B MPOMMCIOBOCTI IJIsI TIOJIITIIIIEHHSI SIKOCTi KOHTPOJTIO Ta HALifHOCTi 06’€KTiB TeXHIYHOTO IMPU3HAYEHHS

Knio4yoBi cnoBa: HepyiiHiBHMIT KOHTPOJIb; eKCIUTyaTalliliiHi nedexTy; epeKTUBHICTh OiaTHOCTUKM; 06pOOKa [aHUX;
aBTOMaTM3allisl IpoLenyp; iHAyCTpiaabHMUII MOHITOPUHT
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