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ABSTRACT

The use of Artificial Intelligence (Al) systems based on Large Language Models offers significant opportunities for welding
specialists to analyze vast amounts of information available online when preparing scientific articles and reports, as well as for
solving standard tasks in mathematics, physics, chemistry, etc. But the implementation of specialized AI models in welding
is highly advisable. These models can effectively address challenges such as optimizing welding parameters, analyzing weld
quality using computer vision methods, automating welding for repetitive tasks, monitoring the condition of critical welded
structures, creating digital twin systems, and in the field of welder training. The utilization of Al systems in welding and related
technologies can provide substantial advantages in the development of new welded products and welding technologies through
optimized processes.
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INTRODUCTION

Welding is a complex multifactorial technological
process which is successfully used in many sectors
of industry. The volume of welded structures which is
constantly growing, widening of the range of structur-
al and welding materials, appearance of new welding
technologies, increase of the requirements to the qual-
ity of products and reduction of development time
requires application of effective methods of solving
the complex weldability problem in combination with
ensuring the mechanical and operational characteris-
tics of the welded joints and structures required by
the specifications. At present, considering the high
existing level of computerization and informatization
of the society, it is rational to solve the problems of
development and optimization of the technological
cycles of welding, welded structure design, planning
of their operation and maintenance using modern
methods of mathematical and numerical modeling.
This allows taking into account the complex spatially
inhomogeneous nature of the nonstationary physical
phenomena in advanced materials, which determine
the joint quality and weldability and performance of
the welded structure. These phenomena include the
temperature field kinetics, development of the stress-
strain state, hydro- and gas-dynamic phenomena,
electromagnetic phenomena, microstructural trans-
formations, material damage and destruction, etc.
For numerical prediction of such complex physical
phenomena it is customary to use two fundamentally
different approaches, namely: deterministic or statis-
tic modeling. Deterministic modeling is a process of
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construction of the mathematical models, in which the
system condition at any moment of time is uniquely
determined by the set initial conditions, parameters
and certain laws of physics. Such models are based on
deterministic physical or technical laws (for instance,
thermal conductivity equation, Navier—Stocks equa-
tions, Maxwell equations, etc.), and under the same
conditions the calculation result is always the same.
The main mathematical objects here are ordinary and
partial differential equations, integral equations, and
systems of algebraic equations.

However, both the complexity of the actual techno-
logical processes and the multiscale nature of the re-
spective physical phenomena determine the emergence
of natural uncertainty in the initial data as to the system
condition and modeling results based on deterministic
mathematical models. In this case, it is rational to use
the so-called statistical modeling — the process of con-
struction of mathematical models, describing the depen-
dencies between the variables based on selective data,
taking into account the randomness, variability, incom-
pleteness or uncertainty in observations or in physical
phenomena. Such an approach is particularly important
in the case of uncertainty in the tendencies of running of
the physical processes, but it allows determination of the
required regularities based on analysis of large arrays of
available data. One of the ways to implement the statisti-
cal modeling methods is the use of artificial intelligence
(Al) systems, which are becoming ever wider applied
for solving the practical problems [1]. Within this work,
a critical analysis was performed and the main tenden-
cies of Al application in the field of welding and opera-
tion of critical welded structures were determined.
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Artificial intelligence are systems or programs ca-
pable of performing the tasks, which usually require
human intelligence, such as: learning, logical think-
ing, information perception or decision making, often
by using data, knowledge and experience for effective
actions in new or uncertain situations [2—4]. The typ-
ical tasks, solved by Al systems, include: analysis of
large volumes of information; looking for solutions of
mathematical, physical and other problems; language
or image recognition, generation of images or sounds;
computer vision, etc.

The history of Al development as a scientific dis-
cipline started in 1956 in the Dartmouth seminar, in
which the “artificial intelligence” term was introduced
for the first time. Since that time Al has passed a series
of development stages [5, 6], which were followed by
periods when the interest in Al deceased, which was
associated with a lack of computer power and insuf-
ficient level of development of computer technology.

Some of the first Al researchers in Ukraine, who
laid the foundations of computer informatics and sci-
entific approaches to Al problems, were academician
V.M. Glushkov, outstanding mathematician and cyber-
neticist, founder of the Institute of Cybernetics of the
NAS of Ukraine; academician M.M. Amosov, famous
surgeon, as well as academician O.G. Ivakhnenko,
well-known scientist in the field of informatics, auto-
matic control and mathematical modeling. In the 60s of
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the previous century a number of scientific works were
published [7—12], which set forth the main principles
of information processing and intellectual system mod-
eling used today in Al systems. Note that the mono-
graph by M.M. Amosov “Modeling of Thinking and
the Mind” was published in the English translation, in
particular, by Springer Publishers [13] (Figure 1).

One of the stages of development in the field of
Al was development of powerful computer systems
known as expert systems (ES). ES is a computer sys-
tem imitating the human decision-making ability [14].
It is designed for solving complex problems through
reflection based on knowledge, presented mostly in
the form of “if-then” rules, and not the traditional pro-
cedural code. ES consists of two main subsystems:
logical conclusion mechanism and knowledge base.
The knowledge base incorporates the facts and rules,
while the logical conclusion mechanism applies these
rules to known facts, so as to obtain new ones. The
logical conclusion mechanisms can also include func-
tions for clarification and adjustment. The first expert
systems were developed in 1970s, and in 1980s they
became widely accepted, also by welding-engineers
and researchers, dealing with the problems of welding
and related technologies. In order to prepare and plan
the welding operations, means were created which
were based on computer technology. In terms of in-
formation processing and presentation, these devices
can be conditionally divided into two kinds: expert
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Figure 1. First works on research into the problem of Al in Ukraine (top row, from left to right: [7], [10], [9], [8]; bottom row, from

left to right: [12], [11], [13], [8])
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systems and traditional programs. ES using symbolic
logic and heuristics (empirical rules) when solving the
problems, make certain conclusions even with incom-
plete or “noisy” input data. Program packages were
developed within group funding projects on ES inves-
tigation and development. The best known of them is
the TWI project “Expert System in Welding”, Amer-
ican Welding Institute “Welding Information Net-
work”, German Welding Society “Schweisstechnik”,
joint work of The Welding Institute and Department
of Energy of Great Britain, Babcock Power, British
Nuclear Fuels & ESAB Companies. At the same
time, works on creation of expert systems designed
for different kinds of welding were conducted at PWI
under the leadership of V.I. Makhnenko: resistance
spot welding, brazing, electroslag casting, surfacing,
submerged-arc welding. Some of these systems were
brought to the level of research prototype [15, 16].

Thus, ES are aimed at providing specialized
knowledge and capabilities to solve the problems that
helps the users to take decisions or solve complex
tasks. However, the interest in ES decreased some-
what because of manual encoding of thousands of
rules for complex tasks, and it became impractical.
Moreover, the problem of uncertainty arose: confi-
dence coefficients do not cope well with probabilistic
scenarios, and competition also arose from the side of
the statistical methods: machine learning (regression
trees, support vector method). It showed that ES are
effective only in limited areas.

Combining ES with machine learning, development
of the big data area, neural networks (NN) and comput-
ing power allowed upgrading them, while preserving the
logical transparency and adding adaptability.

ES evolution is a path from strict rules to sym-
biosis of logic and data. Modern hybrid approaches
allow overcoming the limitations of classical ES,
while maintaining their main advantage — solution

Table 1. Al methods in the field of welding

transparency. In the future, the neurosymbolic Al can
become the base for systems, which not only imitate
the experts, but also learn from them, adapting to the
dynamically changing world [5, 17, 18].

A real breakthrough in Al field occurred at the start
of 2010s, which was associated with development of
deep (machine) learning. This was promoted by in-
crease of computing power, particularly appearance
of graphics processors and accessibility of large data
volumes. A real boom in neural network application
in Al systems is observed now [19].

At present Al systems based on general language
models have become widely accepted. The most well-
known are the following developments of such Al
systems:

e ChatGPT — chatbot with artificial intelligence
from OpenAl Company, based on a large language
model; capable of operating in a dialogue with natural
conditions;

e Gemini — conversational chatbot with genera-
tive Al, developed by GoogleAl Company, based on
language models;

e DeepSeek — a neural network developed by a
China company of the same name, writes texts, ana-
lyzes documents, programs, etc.

MOST WIDELY USED AT METHODS
IN THE FIELD OF WELDING

Rapid development of Al demonstrates the huge po-
tential for improvement of the traditional industrial
processes. Al integration into the welding production
reflects a general trend to introduction of advanced
technologies for solving the following tasks: short-
age of skilled labour, need for high quality of welded
products and need to increase the level of industrial
process automation [20].

Al can analyze data on a scale no human can. Al
methods and their application are expanding gradu-

Artificial | ANN are mostly oriented to training and are used for taking decisions in nonlinear systems or systems, in which the
ificial neura . . . L. . . . .
information about the system itself is incomplete or inaccurate. The complexity of transferring the available expert
networks . . L :
knowledge to solve a problem of retooling a task during training is an important drawback of ANN
A conclusion is made based on logical operations, due to rules created using FL, while adhering to the causal
Fuzzy logic relationship. The strongest aspect of FL is the use of available expert knowledge, which a serious drawback in the case,
when expert knowledge is inaccessible in its full scope.
Optimizati OA are the optimal solution search algorithms These algorithms functioning on the base of the laws of probability,
imization . . . . . . .
Sl orithm need only a target function. A certain part of the solution space is considered. Thus, they reach a solution through active
g search in a shorter time.
Machine ML is a subfield of artificial intelligence which consists of modeling and algorithms, as well as prediction/clusterization/
learnin classification. Its main advantage is the ability to produce very good prediction results with minimal training data, in the
& shortest processing time and without retraining.
Hybrid FL, ANN, etc. can be used separately, and also as hybrid systems, considering the advantages and disadvantages of each
systems method. Thus, much more effective methods can be developed.
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ally. Note that the following methods are singled out
in the applications for using Al: artificial neutral net-
works (ANN), machine learning (ML), metaheuristic
and hybrid methods, etc. These methods are aimed at
different goals. The Table 1 briefly describes the ad-
vantages and disadvantages of these popular Al meth-
ods used in welding [21].

NEURAL NETWORKS. METHODOLOGY
AND BASICS OF BUILDING THEM

Artificial neural networks (ANN), usually called just
neural networks (NN), are a mathematical model, as
well as its software or hardware realization, built by
the principle of organization of nerve networks — net-
works of nerve cells of neurons of a living organism.
NN are used for recognition of hidden regularities in
unprocessed data (regression tasks), classification, as
well as solving tasks in the field of Al and machine
learning. An artificial neuron is a fundamental build-
ing block of neural networks, and it serves as infor-
mation converter in the neural networks. It is named
by analogy with the biological one, but it realizes its
functions through mathematical operations.
Functioning of the artificial neuron (Figure 2) can be
described by the following mathematical equations [22]:

Uy :ZWki'xi o Vi = f(u +b,).
i1

where w,_ is the synaptic weight which determines the
strength of the connection; b, is a significant bias added
to the weighted sum; u, is the result of summing up the
weighted input signals and bias; x, is the i-th component
of the input vector (input signal); y, is the output signal
of the neuron; 7 is the number of neuron inputs; £'is the
nonlinear transformation or activation function.

Weights are the numerical values, associated with
each connection between the neurons in the neural
network. They determine the strength and importance
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Figure 2. Schematic of plotting a nonlinear neuron model [22]

of this connection, indicating how much this input
feature influences the output forecast.

Biases are additional parameters, which are learned
in the machine learning model, and allow accurate ad-
justment and correction of the predictions. They enable
the model to take into account the factors, which cannot
be completely covered by just the input features, and al-
low the neural network to make predictions even when
all the input features are equal to zero.

Layers. In multilayer neural networks the neurons
are grouped into layers. Each neuron in the previous
layer is connected with all the neurons of the next
layer (so called fully connected or dense layers), the
bonds between the layers being absent inside the neu-
rons. Neural networks consist of several layers of neu-
rons, each of which is connected with neurons of the
next layer, forming their complex nonlinear depen-
dencies between the input and output data. With cor-
rect adjustment of hyperparameters (such as number
of layers, number of neurons in each layer; functions
of activation and speed of learning) the artificial neu-
ral networks are capable of detecting and effectively
modeling the complex dependencies in the data. This
process can be represented as a complex spatial mul-
ticomponent interpolation.

Neural network learning is an iterative process of
adjustment of its internal parameters (weights and bi-
ases) with the purpose of minimizing the difference
(error) between the output data predicted by the net-
work and the actual target values. First the required
scope of data is accumulated in the data set. After that,
the main stage of neural network training begins, the
objective of which is deriving a trained model, which
is a file with optimized neuron weights and biases.
The basic learning process involves forward propa-
gation, in which the output data is evaluated on the
base of the input data, and the back propagation of the
error, during which the weights and biases are correct-
ed to minimize the error. During learning the follow-
ing parameters are selected: number of hidden layers;
number of neurons in each layer; number of neurons,
which are activated at each stage, as well as the num-
ber of training iterations, known as epochs. As a result
of multiple iterations of training parameter selection,
the model is optimized, until the best accuracy value
is achieved. After that training can be completed, and
the trained model is stored in the form of a file, which
includes all the required weights and parameters for
prediction. This model is ready for further use, for in-
stance as part of the global ecosystem of the digital
twin, where it can be integrated in the form of a plug-
in module.

The future of intelligent control, will, probably,
consist in synergy of the traditional control methods
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with the potential of systems, based on artificial neu-
ral networks [23, 24]. Such control methods offer sig-
nificant advantages, namely: absence of linear system
limitations, effectiveness under noise, possibility of
real-time control after training and high adaptability
to the real conditions. However, such challenges as
ensuring the reliability also remain, as the artificial
neural networks can be inaccurate even when func-
tioning correctly, which requires their duplication
by other systems for critically important tasks. New
types of neural networks have been developed and are
being applied, such as: cluster neural networks (CNN)
and recurrent neural networks (RNN), which have
their unique features, and their use allows avoiding
the disadvantages of artificial neural networks. Ongo-
ing investigations in the field of architecture, training
algorithms and hardware optimization, will determine
the development paths also in this field, which is rap-
idly progressing at present.

AI APPLICATION IN THE FIELD OF
WELDING AND RELATED TECHNOLOGIES

Let us consider in greater detail the directions of Al
application in the field of welding and related tech-
nologies. Application of Al systems based on general
language models open up great possibilities for weld-
ing specialists to analyze large volumes of informa-
tion available in the Internet, when preparing scien-
tific papers and reports, and to solve typical problems
in the field of mathematics, physics, chemistry, etc. It
is rational to use in welding specialized Al models,
which can effectively solve the following problems:

e Optimization of welding parameters in real-time
mode, depending on the type of material, thickness
and configuration of the joint.

e Analysis of welding quality using the computer
vision methods for real-time defect detection.

e Cooperation with robotic welding systems for
performance of repeated tasks.

e Development of systems for monitoring the con-
dition of critical welded structures and digital twins.

e Welder training.

Use of Al systems in welding and related technolo-
gies can ensure significant advantages in development
of new welded products and welding technologies due
to optimized processes of design and manufacture.

USE OF LOCAL LANGUAGE MODELS

At present the local large language models are be-
coming ever more accessible for practical applica-
tion due to open developments and active community
growth. Such models as Minstral, LLaMA, Gemma,
Phi, Qwen, GPT-OSS and others can be deployed on
local hardware such as personal computers or work

stations with GPU. This allows their local use without
accessing external cloud services. At the same time,
it should be noted that these models were taught on
generalized external data sets, and they do not con-
tain the full extent of the user’s field specifics, such
as welding processes and modes, quality control,
robotization, systems of welded structure condition
monitoring, welder training, etc. Therefore, additional
model training is required for a productive interaction
of the user with large language models in profession-
al problems. This process, however, is lengthy, and
technically complicated, and it requires significant
computing power. The most effective alternative in
such cases is use of Retrieval-Augmented Generation
(RAG) approach, which assumes that the language
model does not try to “remember” all the information,
but extracts it from the external knowledge sources
[25]. This is especially useful, when it comes to work-
ing with large arrays of one’s own data: technological
manuals, scientific reports, models, calculations, in-
terpretation result bases, etc.

RAG application with LangChain framework, in-
tegrated into various large language models with test
data bases, vector stores and external utilities was
studied [26]. LangChain supports processing of var-
ious data formats: text, PDF, Excel, image with text,
SQL-bases, and it allows creating your own data base,
which is continuously enhanced and updated by the
user. The capabilities of action chaining were studied,
which include:

e natural language query generation (through text);

e extracting relevant information from documents;

e running specialized utilities or calculation soft-
ware;

® access to parameterized data bases;

e ceneration of text and graphic report through LLM.

A working process is established in the form of
how the scientific reports in PDF format are first pro-
cesses: each document is divided into text fragments,
which go through a stage of vectorization. This pro-
cess generates numerical embeddings, which preserve
the semantic content of each text block (Figure 3).

All these vectors are stored in the vector database.
When the user asks a question in the natural language,
for instance “Which welding process should be used
for joining 6 mm sheets from 2219-T81 aluminium
alloy”), the system turns this question into a vector
representation and performs a semantic search in the
database. The most relevant fragments are extracted,
ranked by similarity to the request and transmitted to
LLM. Based on these fragments, the language model
forms the response that the user receives. Thus, the
image demonstrates how a dynamic database, work-
ing in an interactive mode, is created form conven-
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Figure 3. General schematic of interaction of the vector database with large language models based on LangChain framework [26]

tional technological manuals or scientific documents,
LangChain acts as a coordinator of all the stages —
from preparation of the data, search, calling the LLM
and returning the result to the user. Such an approach
allows integrating even large archives into a single
knowledge system.

OPTIMIZATION OF THE
WELDING PROCESS PARAMETERS

Light and strong materials are becoming ever wider
applied in modern industry, which is due to the orienta-
tion to reducing the greenhouse gas emissions. Friction
stir welding can be called one of the most ecological-
ly clean welding methods, which requires much lower
energy costs compared to the traditional welding meth-
ods, in particular, arc and electroslag. It can be used
for welding alloy steels, light non-ferrous metals and
alloys (similar and dissimilar), in particular titanium,
magnesium, copper and aluminium alloys.

The friction stir welding process (Figure 4) is a sol-
id-phase welding process, without material melting,
using a rotating tool of a higher hardness than the ma-
terial being welded. First the rotating tool is immersed
into the butt of the materials, then the heat from friction

Figure 4. Schematic of the process of friction stir welding

softens the material being welded, and, finally, a strong
joint is formed due to stirring. All the materials, which
can be brought into a viscous state can be welded this
way, and there is also the possibility of welding ther-
moplastic polymers to metals (welding dissimilar ma-
terials and metals — a mixed joint).

Authors of [21, 27-29] consider the key Al meth-
ods, which are used for optimization of the friction
stir welding parameters, as well as prediction of the
welded joint properties and improvement of the pro-
cess quality:

1. Algorithms of Artificial Neural Networks (Fig-
ure 5) have become accepted for prediction of the
mechanical properties (ultimate strength, hardness,
wear), and welded joint microstructure.

The methods with Al algorithm application based
on artificial neural networks demonstrated a high ac-
curacy (up to 95-99 %), and ability to model the non-
linear dependencies, but their introduction requires
a large volume of data for learning. The following
parameters were used in a single-level model at the
input level: tool rotation speed (TRS), welding speed
(WS). At the output level we obtain the data on the
mechanical properties of the welded joint material:
weld metal hardness, HAZ hardness, relative elonga-
tion, yield point, and ultimate strength.

Application of a multi-level model of an artificial
neural network (Figure 5, ) demonstrates a high ac-
curacy of prediction of the vertical force (axial force)
of pressing down the work tool, successfully allowing
for the nonlinear dependencies between the process
parameters [29]. The architecture of this network con-
tains: network type (multi-level straight neural net-
work with an algorithm of reverse error propagation);
input parameters — the four nodes: tool rotation speed
(o, rpm); welding speed (v, mm/min); ratio of the tool
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Figure 5. Schematics of artificial neural networks: single-layer [27] () and multilayer models [28] (b)

rotation speed to the welding speed (w/v); processing
time (t, s); output parameter — one node — vertical
force (F, kN); hidden levels consist of two levels of
four neurons each; activation functions — these are
the hidden levels and the output level; learning al-
gorithm — Levenberg-Marquardt algorithm; quality
metric — root mean square error.

This example was used to check the model prop-
erty to predict the vertical force under the conditions
that are not included into the training set of conditions.
Two approaches were used for this purpose: a method
in which each experiment was excluded in turn from
the training data, and a method when the model was
tested on excluded data. The result showed the low
error level and the high correlation (coefficient of
correlation between the predicted data and the experi-
mental data was R = 0.9928, which confirms a strong
linear relationship). After testing with new data the
model successfully predicted the vertical force curves
for the parameters which did not participate in the
training. The errors remained in the range of £5 % for
the welding stage and £10 % for the tool immersion.

This model successfully predicted the vertical force
even with a dynamic change of ® and v during weld-
ing. This demonstrates the possibilities for its applica-

tion for adaptive control (real-time adjustment of the
parameters for maintaining a stable force), producing
heterogeneous joints — different welding zones can
have different mechanical properties. Thus, prediction
of the force allows avoiding defects and optimizing the
welding parameters. Figure 6 gives a comparison of the
peak values of the vertical force (F, kN) at the welding
stage, predicted by the artificial neural networks and
derived experimentally. /' value in the graph corre-
sponds to the anticipated behaviour of the vertical force
as a function of the tool rotation speed ® and welding
speed v, which confirms the effectiveness of the model
based on the artificial neural network.

2. Fuzzy logic can be applied for controlling the
welding process based on expert knowledge and ap-
plication of linguistic rules. The advantage of this
approach consists in that the uncertainty and simple
interpretation of the rules are taken into account, but
there exists a dependence on expert knowledge and
complexity of setting up the membership functions.

3. Machine learning includes defect prediction and
welding quality classification. For instance, the sup-
port vector machine used for the welded joint strength
classification is effective when working with a small
amount of data and it has a high learning rate, but also

Fp kN
1 30 mm/min exp. ®, rpm v, mm/min | Experiment | Prediction

a5l 2 60 1200 30 A A ANNI
: 3 100

1200 60 A A ANN2
40 | X 1200 100 A A ANN3
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Figure 6. Comparison of experimental and predicted peak values of the vertical force during welding as a function of welding parameters
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Figure 7. Stages of development (optimization of the technological parameters) of friction stir welding process

has certain limitations, so that a careful selection of
features is required.

4. It makes sense to use the heuristic algorithms
during optimization of the welding parameters, name-
ly tool rotation speed and linear speed. The global
search and adaptability can be called the advantages
of this type of algorithms, but their drawback is a high
computational complexity.

5. Hybrid systems are used with the purpose to en-
hance the accuracy and stability for acoustic signal
analysis, joint strength prediction, as well as for op-
timization of the welding parameters. The advantag-
es of these methods are error reduction and method
synergy, but the setting up complexity can be called
a disadvantage.

The stages of development of the process of tech-
nological parameters optimization in the case of fric-
tion stir welding are schematically shown in Figure 7.

Inadmissible

gap Positioning error

a

DEFECT DETECTION AND QUALITY
CONTROL AND OPTIMIZATION
OF THE WELDING PROCESS

Using machine vision Al is capable of detecting de-
fects in welds (for instance, porosity, cracks, undercuts
and displacements). This will promote an increase in
the welded joint quality, prevention of rejects, and,
most importantly, detection of such problems at an
early stage [29, 30].

The welding process is associated with controlling
many parameters (voltage, current, speed, etc.) and
geometry of the welded joint. The traditional methods
run into such problems as weld defects (porosity, lack
of fusion, deformations), arising because of process
nonlinearity (Figure 8). Modern systems with sensors
and with the use of robots improve the control, but
do not solve the problem completely. Al suggests a
solution for prediction and real-time adaptive control.

Figure 8. Common welding defects, which can be eliminated using Al and welding process automation: « — ideal position of the
welded joint; b — mismatch of welded joint position; ¢ — defects (porosity, incomplete penetration, deformation)
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To control the welding process quality, the authors
[29] came to the conclusion that it is rational to use
artificial neural networks for prediction of the weld
geometry (bead height, penetration depth), and genet-
ic algorithms for optimization of the welding param-
eters (welding speed and wire feed) allowing for the
weldability and productivity factors. In this work, it is
demonstrated on examples that Al improves the accu-
racy of weld quality control, but the dynamic optimi-
zation in real time is used very seldom.

ROBOTIC WELDING

Al can be used to control the robotic welding systems,
ensuring process stability and high weld quality. Al
can also be used not only for changing the welding
process parameters, but also for such tasks, as part
loading and unloading.

Industrial robotization has numerous advantag-
es: enhancing the efficiency and productivity, cost
reduction, product quality improvement, increase of
flexibility and safety. Paper [31] describes an intelli-
gent and adaptive system, based on measurement of
welded joints, using laser scanning and further analy-
sis of the obtained set of points for welding trajecto-
ry adaptation. This study is focused on optimization
of T-shaped joints under specific welding conditions,
and it is the base for expanding the algorithm applica-
tion to a wider range of welding problems (Figure 9).

Al methods and their effective application with
sensors resulted in improvement of welding technolo-
gies. Welding robots have been introduced with inte-

grated Al and adaptive systems, which can work with
different workpiece types. Despite all these achieve-
ments, application of non-autonomous systems is still
observed, when the operators manually set the weld-
ing points for robots.

Design and development of the welding robot
using Al and machine learning methods for welding
trajectory identification and tracking to reduce the op-
erator errors and to improve the welding quality, is
considered in [32]. Within this study, it is planned to
develop and implement a robotic system, which will
autonomously determine the welding trajectory using
Al methods and will perform the welding process. A
prototype was developed, incorporating a pen holder
for initial experiments with trajectories. A torch hold-
er was also designed and produced. The system was
prepared for final testing, using a high-quality camera
and Al for defining the trajectories. The high-quali-
ty camera will capture the images of the blanks, and
the image processing methods will be used for weld-
ing path determination. The algorithms will improve
the image quality in the presence of noise. The sys-
tem will support 2D and 3 D movement for welding
blanks of different shapes (for instance, S-shaped,
zigzag-shaped).

Various Al and machine learning (ML) methods
were used during the investigations:

o Cluster neural networks (CNNs). For reduction
of the noise and trajectory recognition.

e Faster-RCNN. For weld tacking.

Laser
profilemeter

Ceramics -

Figure 9. Robotic welding system («), thick T-shaped joint (b), schematic of joint scanning using a laser profilemeter (c)
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Laser beam for weld tracking
before welding

Figure 10. Weld tracking and analysis of the spectrum of the arc or thermal field

e Generative adversarial networks (GAN). For
noise reduction and trajectory recognition.

The authors [30] consider Al application for con-
trolling the welding robots in some Finnish compa-
nies for trajectory design, collision avoidance, and
adaptation to changes in the operating environment.
Figure 10 demonstrates weld tracking and measure-
ment of the thermal profile of welding parameters for
Al monitoring of the welding process.

PREDICTION
OF WELDING EQUIPMENT FAILURES

Al application for prediction of the welding equipment
operability and planning preventive maintenance is a
key element of predictive maintenance concept. Such
systems allow minimizing downtime, reducing repair
costs and preventing emergency breakdowns.

Predictive maintenance differs from the preven-
tive one in that prediction of the required maintenance
time is based on the actual equipment condition, and
not on the average or anticipated statistical data on the
service life. Machine learning approaches are used to
determine the actual condition of the system and pre-
diction of its future conditions [33].

The following data types are used for prediction:
sensor data (vibrations (accelerometers)), temperature
(thermocouples, IR-sensors), arc current and voltage,
pressure in the gas supply system, welding wire feed
rate, sound signals (acoustic analysis), operational pa-
rameters(welding speed, torch nozzle wear, number
of hours worked), data of previous failures (failure
log, results of previous maintenance, data on compo-
nent replacement).

Typical architecture of the forecasting system in-
cludes: collection of data from sensors and devices
of the Internet of Things, preprocessing (data normal-
izing, noise reduction (Kalman filters, wavelet-trans-

formations), creating temporary windows for analysis
of the time series, designing the features (removal of
features: average values, peaks, spectral characteris-
tics, automatic removal of features using autoencod-
ers), Al model training, predictions and recommenda-
tions on maintenance.

Al models used for failure prediction are divided
into groups: failure probability prediction (for working
with tabulated data and detection of the importance of
the features; deep neural networks for complex non-
linear dependencies); for analysis of numerical se-
ries (for instance, vibration dynamics); prediction of
the time-to-failure (regression) (survival models and
gradient boosting with regression loss functions are
used) and cluster networks (for analysis of vibration
spectrograms), anomalies detection (autoencoders for
highlighting hidden patterns and anomaly flags, iso-
lating forest, uncontrolled algorithm, which learns
the decision taking function to detect the novelty).
For instance, the system detects the noncharacteristic
voltage surges, not leading to immediate failure, but
pointing to the failure risk after 2-3 cycles.

We will give some examples of implementation:

1. Prediction of the welding torch wear. Data:
temperature, current, welding cycle number. Model:
Hybrid architecture (LSTM+XGBoost). LSTM ana-
lyzes the time dependencies, XGBoost interprets the
static parameters (material, thickness welded). Result:
Prediction accuracy for wear is 92 %, saving on part
replacement is up to 30 %.

2. Wire feed system failure. Data: vibration, pres-
sure, welding wire feed rate. Model: Cluster neural
network for vibration spectrogram analysis. Result:
Detection of contamination 10-15 minutes before
stopping.

Digital twins of the equipment for real-time simu-
lation of wear are used for integration with the control
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systems. Optimization algorithms are proposed (for
instance, a method used in Al with agent-based ap-
proach). They belong to reinforcement learning exper-
iments to select the optimal time, taking into account
the work schedule. In order to prevent downtime, the
system recommends performing maintenance during
the next shift.

Thus, this offers the following advantages: cost re-
duction by 25-40 % due to prevention of emergency
repair, equipment operates 15-20 % longer between
the scheduled maintenance, minimization of risks as-
sociated with sudden breakdowns. Thus, Al introduc-
tion for prediction of welding equipment failure is a
necessity for modern production.

CREATION OF SYSTEMS FOR MONITORING
THE CONDITION OF CRITICAL WELDED
STRUCTURES AND THEIR DIGITAL TWINS

A classical strategy for maintaining the operability
of critical structures for various purposes envisages
systematic control of the technical condition and fur-
ther expert analysis of the possibilities of continued
operation under design load conditions. This requires
compliance with certain design requirements, non-
destructive testing and technological approaches to
maintaining the equipment operability. In particular,
in the case of a long-term operation under the impact
of complex external force, temperature and corrosion
factors, during design and assessment of the residu-
al life, it is customary to take into account the worst
possible scenario, namely maximal load, maximal
material degradation and damage accumulation, and
intensive corrosion-erosion wear. An additional fac-
tor to be taken into account is the human factor and
safety of conducting the diagnostic and repair proce-
dures. While taking each separate factor into account
does not present any fundamental difficulties under
the condition of sufficient conservatism based on
standard approaches and experience of operation of
the available facilities, it is quite difficult to predict
the multifactorial influence. In order to guarantee the
reliability of such objects, significant safety factors,
the most unfavourable (including unlikely) scenarios
of the operational influence and minimal admissible
mechanical and physical-mechanical characteristics
of the materials are used. As shown by practice, this
leads to excessive material intensity, higher cost, re-
duction of the real parameters of structure reliability,
as well as significant labour intensity during mainte-
nance, in particular in difficult-of-access areas.
Modern development of fundamentals of analysis
of the reliability and operability of critical structures
and components, understanding the nature of structur-
al material degradation, instrumental methods of non-

destructive testing and technical diagnostics with due
adaptation of interdisciplinary approaches to solve
the specific fundamental and oriented to practical re-
alization tasks opens up the prospects for rethinking
the existing ideology of supporting the technological
condition by transition from scheduled to predictive
maintenance [34-36]. This can be realized, in partic-
ular, using a condition monitoring system, based on a
set of sensors of different type: strain gauges, acceler-
ometers, corrosion sensors, anemometers, thermome-
ters, acoustic emission sensors, etc. Collecting this in-
formation and taking decisions on the actual technical
condition of the structures, in particular, in the area
of the welded joints, which are the locations of the
possible defect initiation and further fracture involves
using large data files, which change in time. Applica-
tion of Al systems is rational for processing the statis-
tically uncertain information collected from different
sensors and implementing the decision taking system
for planning the maintenance procedures [37, 38].

Digital twins (DT) are an advanced concept of si-
multaneous application of the monitoring systems and
Al (DT) [39, 40]. DT is understood to be the virtual
representation of physical essence (object, phenome-
non, process or system), which ensures the real-time
monitoring, analysis and optimization due to an active
interaction between the digital and physical elements
and intelligent decision taking. This concept has be-
come widely accepted in realization of different smart
systems, which are capable of independently reacting
to external influences or changing their properties
according to the operating conditions [41, 42]. This
happens owing to built-in sensors, actuators, adaptive
materials or controls. If we consider the infrastructure
objects, creation of smart structures based on adap-
tive Al systems is realized for development of smart
bridges, with integrated monitoring and decision
making systems. Here are the following examples of
realization of this concept.

Tsing Ma bridge in Hongkong together with Ting Kau
and Kap Shui Mun bridges, integrated into WASHMS
system (Wind and Structural Health Monitoring Sys-
tem) — a complex system for monitoring the wind load
and technical condition of the structures [43].

e Millau Viaduct (France), where the pylons, road
surface and anchor cables are equipped with numerous
sensors for monitoring the technical condition of the
bridge [44]. These sensors are designed to detect the
smallest viaduct movements and measure its resistance
to wear over time. The network of measuring instru-
ments uses anemometers, accelerometers, inclinome-
ters and temperature sensors. In particular, twelve fiber
optic strain gauges are installed at the base of the high-
est pylon. Electric strain gauges are distributed at the
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Figure 11. Concept of the welding training complex, incorporating real and virtual training sessions [46]

tops of other pylons and take up to 100 measurements
per second. In the case of strong winds these devices
continuously monitor the viaduct reactions to extreme
conditions. Accelerometers, strategically placed on the
road surface, measure the oscillations, which can af-
fect the metal structures. More over, two piezoelectric
sensors collect the data on transport movement: car
weight, average speed, traffic density, etc. The data are
transmitted via an Ethernet system to the computer sys-
tem, where they are processed.

e Second Jingjo bridge in South Korea became
the world’s first bridge where an autonomous and
full-scale wireless monitoring system was introduced
[45]. The system was initially installed within the
framework of the joint project of the University of I1-
linois Urbana-Champaign, Korea Advanced Institute
of Science and Technology and Tokyo University.
71 node of the wireless sensor network with the to-
tal number of 427 sensory channels were mounted on
the main beam, pylons and cables of the bridge. Each
node consists of an Imote2 module (incorporating a
built-in processor, radiomodule and power manage-
ment chip), sensor boards and batteries.

WELDER TRAINING

Al can be used to create virtual welding simulators,
which can be used to train welders. The simulators
will be able to create realistic welding conditions and
have feedback which will promote welder skill im-
provement (Figure 11).

The authors of [46] announced the creation of Al
for welder training, which allows developing a virtual
training system in real-time with the functions of pre-
diction and modeling of the morphology, as well as
intellectual assessment of the weld quality. It resulted
in development of an Al system for the welding simu-

lator network V60, which has the following advantag-
es: possibility of modeling a realistic appearance and
quality of the weld; possibility of modeling the stress-
strain state of the welded parts and temperature fields
in real-time; availability of a database for modeling
the majority of welding technologies and materials;
possibility of modeling the processes of 3D printing;
availability of a system of virtual testing and analysis
of the quality of the welded parts; presence of certi-
fication system; entertainment module; access to the
Department of Experts; and high economic feasibility.

CONCLUSIONS

Al application can provide significant advantages in
welding and related technologies, namely:

e Increase in productivity and effectiveness of de-
velopment of new welded products due to optimized
processes (of design and production).

e Improved control of welded product quality and
reduction of the defect repair costs.

e Increase of the competitiveness and profitabili-
ty of welding production due to increase of welders’
qualifications, process automation, cost saving and
product quality improvement.

Al development and integration into welding pro-
cesses and related technologies require considerable
investment, which is due to a complex nature of the
tasks at each stage of implementation: investigations
and development of algorithms; data acquisition and
processing; integration with available systems; inte-
gration with the equipment already in operation; test-
ing and validation; personnel training; maintenance
and reconditioning (constant retrofitting of the mod-
els) as Al requires regular updating for adaptation to
new materials or welding technologies, ensuring pro-
tection of the data and systems from hacking).
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The prospects for Al integration into welding and
related technologies are promising, particularly in
the context of development of autonomous systems,
3D printing, additive manufacturing and new sectors.
These areas can transform the industry, improving
the accuracy, speed and safety of the processes: Al
will become the basis for creation of completely au-
tonomous welding robots, which will be capable of
adapting to changes in real time; it will accelerate
the introduction of additive technologies into metal
processing, combining it with the traditional welding;
will open up the possibilities for welding application
under the extreme conditions (welding in space, un-
derwater welding) and welding of ultra-small parts,
which was impossible earlier. Despite the fact that the
investments should be large, they will pay off due to
reduction of rejects, increase in production rate and
minimizing manual labour.

REFERENCES

1. Welding automation and Al are changing the industry —
Featuring. NovEye™ Autonomy. Posted: January 24, 2025.
https://www.novarctech.com/resources/blog/welding/weld-
ing-automation-and-ai-are-changing-the-industry-featur-
ing-noveye-autonomy/

2. O’Regan, G. (2021) 4 brief history of computing. Springer.

3. (2020) A4 guided tour of artificial intelligence research. Vol.
[: Knowledge representation, reasoning and learning. Ed. by
P. Marquis, O. Papini, H. Prade. Switzerland AG 202, Spring-
er Nature.

4. (2024) A short history of AL. The Economist. https://www.econo-
mist.com/schools-brief/2024/07/16/a-short-history-of-ai

5. Russell, S., Norvig, P. (2016) Artificial intelligence: A modern
approach. Moscow, St.-Petersburg, Kyiv, Williams [in Rus-
sian].

6. Crevier, D. (1993) The tumultuous history of the search for
artificial intelligence.

7. Glushkov, V.M. (1962) Synthesis of digital automata. Mos-
cow, Fizmatgiz [in Russian].

8. Ivakhnenko, A.G., Lapa, V.G. (1965) Cybernetic predictive
devices. Kyiv, Naukova Dumka [in Russian].

9. Amosov, M.M. (1965) Modeling of thinking and psyche.
Kyiv, Naukova Dumka [in Russian].

10. Glushkov, V.M. (1966). Thinking and cybernetics. Moscow,
Znanie [in Russian].

11. Ivakhnenko, O.G., Zaichenko, Y.P. (1967) Machines begin to
think. Kyiv, Tovarystvo “Znannya” [in Ukrainian].

12. Amosov, M.M. (1969) Artificial intelligence. Kyiv, Naukova
Dumka [in Russian].

13. Amosov, N.M. (1969) Modeling of thinking and the mind.
New York, Springer.

14. Waterman, D. (1989) 4 guide to expert systems. Moscow, Mir
[in Russian].

15. Makhnenko, V.I., Sko$nyagin, Yu.A., Lavrinets, 1.G., Sap-
rykina, G.Yu. (1991) Expert systems in welding. Kyiv, PWI
[in Russian].

16. Saprykina, G.Yu. (1995) Development of the expert system on
design of technology for submerged arc welding of steels: Syn. of
Thesis for Cand. of Techn. Sci. Degree, Kyiv [in Russian].

17. Leith, P. (2010) The rise and fall of the legal expert system.
European J. of Law and Technology, 1(1), 94-106. DOI:
https://doi.org/10.1080/13600869.2016.1232465

18. Goodfellow, 1., Bengio, Y., Courville, A. (2016) Deep Learn-
ing. The MIT Press.

19. Turp, E. (2023) The potential and danger of artificial intel-
ligence. https://meetings.imf.org/ru/IMF/Home/Publications/
fandd/issues/2023/12/B2B-Artificial-Intelligence-prom-
ise-peril-Tourpe [in Russian].

20. Baicun Wanga, Hub, S.J., Lei Suna, Freihe, T. (2020) Intelli-
gent welding system technologies: State-of-the-art review and
perspectives. J. of Manufacturing Systems, 56,374-391. DOL:
https://doi.org/10.1016/j.jmsy.2020.06.020

21. Berkay Eren, Mehmet Ali Guvenc, Selcuk Mistikoglu (2020)
Artificial intelligence applications for friction stir welding:
A review. Metals and Materials Inter., 27(6), 193-219. DOI:
https://doi.org/10.1007/s12540-020-00854-y

22. Haykin, S. (2009) Neural networks and learning machines.
Third Edition. Prentice Hall, New York.

23. Valizadeh, M., Wolff, S.J. (2022) Convolutional neural net-
work applications in additive manufacturing: A review. 4d-
vances in Industrial and Manufacturing Engineering, 4,
100072. DOI: https://doi.org/10.1016/j.aime.2022.100072

24. Xinbo Qi, Guofeng Chen, Yong Li et al. (2019) Applying neu-
ral-network-based machine learning to additive manufactur-
ing: current applications, challenges, and future perspectives.
Engineering, 5(4), 721-729. DOI: https://doi.org/10.1016/j.
eng.2019.04.012

25. Build a Retrieval Augmented Generation (RAG). Pts 1, 2.
https://python.langchain.com/docs/tutorials/rag/

26. Keith Bourne (2024) Unlocking data with generative Al and
RAG. Packt Publishing.

27. Okuyucu, H., Kurt, A., Arcaklioglu, E. (2007) Artificial neu-
ral network application on the friction stir welding of alumi-
num plates. Materials and Design, 28(1), 78—84. DOI: https://
doi.org/10.1016/j.matdes.2005.06.003

28. D’Orazio, A., Forcellese, A., Simoncini, M. (2018) Prediction
of the vertical force during FSW of AZ31 magnesium alloy
sheets using an artificial neural network-based model. Neural
Computing and Application, 31, 7211-7226. DOI: https://doi.
org/10.1007/s00521-018-3562-6)

29. Nadeau, F., Thériault, B., Gagné, M.-O. (2020) Machine
learning models applied to friction stir welding defect index
using multiple joint configurations and alloys. Materials:
Design and Applications, 234(5), 752-765. DOI: https://doi.
org/10.1177/1464420720917415.

30. Gyasia, E.A., Handroosa, H., Kah, P. (2019) Survey on artifi-
cial intelligence (Al) applied in welding: A future scenario of
the influence of Al on technological, economic, educational
and social changes. Procedia Manufacturing, 38, 702—714.
DOIL: https://doi.org/10.1016/j.promfg.2020.01.095

31. Aldalur, E., Suarez, A., Curiel, D. et al. (2023) Intelligent and
adaptive system for welding process automation in T-shaped
joints. Metals, 13(9), 1532. DOI: https://doi.org/10.3390/
met13091532

32. Eren, B., Demir, M.H., Mistikoglu, S. (2023) Welding robot
design with machine learning based intelligent vision system.
Intelligent Methods in Engineering Sciences, 2(2) 048—051.
DOIL: https://doi.org/10.58190/imiens.2023.12

33. Ucar, A., Karakose, M., Kirim¢a, N. (2024) Artificial Intelli-
gence for predictive maintenance applications: Key compo-
nents, trustworthiness, and future trends. Applied Science.

34. Murtaza, A.A., Saher, A., Zafar, M.H. et al. (2024) Paradigm
shift for predictive maintenance and condition monitoring
from Industry 4.0 to Industry 5.0: A systematic review, chal-
lenges and case study. Results in Engineering, 24, 102935.
DOIL: https://doi.org/10.1016/j.rineng.2024.102935

35. Huang, C., Bu, S., Lee, H.H. et al. (2024) Prognostics and
health management for predictive maintenance: A review.

15




L.M. Lobanov et al.

36.

37.

38.

39.

40.

J. of Manufacturing Systems, 75, 78—101. DOI: https://doi.
org/10.1016/j.jmsy.2024.05.021

Mallioris, P., Aivazidou, E., Bechtsis, D. (2024) Predictive
maintenance in Industry 4.0: A systematic multi-sector map-
ping. CIRP J. of Manufacturing Science and Technology, 50,
80—103. DOI: https://doi.org/10.1016/j.cirpj.2024.02.003
Liu, H., Qi, J., Feng, H., Fan, M. (2025) Research on state
monitoring and diagnosis models for multi-state systems
based on Petri nets. Results in Engineering, 27, 106249. DOI:
https://doi.org/10.1016/j.rineng.2025.106249
Thirumalaiselvi, A., Sasmal, S. (2024) Machine learning-based
acoustic emission technique for corrosion-induced damage
monitoring in reinforced concrete structures. Engineering Ap-
plications of Artificial Intelligence, 137, Pt A, 109121. DOI:
https://doi.org/10.1016/j.engappai.2024.109121

Zhang, H., Yan, J., Yang, J. et al. (2025) Two-stage point
cloud registration using multi-scale edge convolution for
digital twin-based bridge construction progress monitoring.
Automation in Construction, 178, 106415. DOI: https://doi.
org/10.1016/j.autcon.2025.106415

Jiao, W.W., Zhao, D., Mei, X. et al. (2024) Digital twin for
weld pool evolution by data-physics integrated driving. J. of’

45.

46.

of-the-art review. Results in Engineering, 18, 101090. DOI:
https://doi.org/10.1016/j.rineng.2023.101090

Sunjoong Kim, Sun-Ho Lee, Sejin Kim (2023) Pointwise
multiclass vibration classification for cable-supported bridg-
es using a signal-segmentation deep network. Engineering
Structures, 279, 115599. DOI: https://doi.org/10.1016/j.eng-
struct.2023.115599

Juihuei Yao, Peleshenko, S.I., Korzhik, V.N. et al. (2017)
Concept of creation of an improved artifical intelligence sys-
tem and computerized trainer for virtual welding. The Pa-
ton Welding J., 5-6, 19-26. DOI: https://doi.org/10.15407/
tpwj2017.06.04

ORCID

L.M. Lobanov: 0000-0001-9296-2335,
0.V. Makhnenko: 0000-0002-8583-0163,
0.S. Milenin: 0000-0002-9465-7710,
M.G. Malhin: 0009-0003-8159-8226,
G.Yu. Saprykina: 0000-0003-1534-7253,
O.M. Savitskaya: 0000-0002-9363-6184

Manufacturing Processes, 131, 947-957. DOI: https://doi. CONFLICT OF INTEREST
org/10.1016/j.jmapro.2024.09.022 The Authors declare no conflict of interest
41. Siyuan Chen, S., Turanoglu Bekar, E., Bokrantz, J., Skoogh,
A. (2025) Al-enhanced digital twins in maintenance: System- CORRESPONDING AUTHOR
atic review, industrial challenges, and bridging research-prac-  O.V. Makhnenko
Lice g;s& J. ‘;f Ma”“f;lcmr ing Systems, 82, 678-699. DOL:  E Q. Paton Electric Welding Institute of the NASU
ttps://doi.org/10.1016/j.jmsy.2025.07.006 . .
42. Zhang, J., Li, C., Deng, C. et al. (2025) Toward digital twins 11 Ka.z.ymyr Malevych Str., 0,3 150, Kyiv, Ukraine
for intelligence manufacturing: Self-adaptive control in as- E-mail: makhnenko@paton.kiev.ua
sist‘ed equipment throggh multi-.sen.sor fusion smart tool '~ SUGGESTED CITATION
al-time machine condition monitoring. J. of Manufacturing L.M. Lob O.V. Makhnenko. O.S. Mileni
Systems, 82, 301-318. DOI: https://doi.org/10.1007/s42452-  -V1- LODANOY, L. V. Makinenko, L.s. vitienin,
024-06206-4 M.G. Malhin, G.Yu. Saprykina, O.M. Savitskaya
43. Ye, X.-W., Sun, Z., Lu, J. (2023) Prediction and early warning  (2026) The application of artificial intelligence
of wind-induced girder and tower vibration in cable-stayed welding and related technologies.
bridges with machine learning-based approach. Engineering . B
Structures, 275, Pt A, 115261, DOI: https://doi.org/10.1016/5, 1€ Paton Welding J., 06, 3-16.
engstruct.2022.115261 DOI: https://doi.org/10.37434/tpwj2026.06.01
44. Abebe Derseh, S., Alemu Mohammed, T. (2023) Bridge JOURNAL HOME PAGE
structures under progressive collapse: A comprehensive state- L . .
https://patonpublishinghouse.com/eng/journals/tpwj
Received: 07.08.2025
Received in revised form: 10.04.2026
Accepted: 16.06.2026
-
NEW SERIES
OF WELDING
INVERTERS

PHTON

PATON.UA

16




