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Abstract. To enhance the level of automation, process stability, and the quality of welded joints in
modern industry, the concept of intelligent welding control is being actively implemented. The article
analyzes the current state of welding automation technologies and outlines the main directions of their
evolution over the next five years. Special attention is given to the application of artificial intelligence
methods such as expert systems, fuzzy logic, machine learning, deep learning, and computer vision.
These approaches are used to optimize process parameters, monitor the state of the weld pool, detect
defects in real time, and improve the accuracy of weld formation. However, most existing solutions
remain highly specialized and do not provide full integration between the stages of preparation,
execution, and quality control of welding. A significant challenge is the limited ability of such systems to
operate online and adapt to changing process conditions, such as temperature fluctuations, variations in
part position, or arc instability. The article emphasizes the importance of developing online adaptive
control based on multisensor data and artificial intelligence. In particular, it explores the prospects of
using deep learning for the analysis of video streams and thermographic images of the weld pool,
enabling automatic adjustment of parameters in real time. The application of reinforcement learning
opens up new opportunities for optimizing the trajectories of welding robots and selecting welding
strategies under uncertainty. Furthermore, the implementation of Internet of Things (loT) technologies
allows the creation of integrated networks of sensors and devices that exchange data for building digital
twins of welding processes. Welding automation can be significantly improved in terms of efficiency,
flexibility, and quality through the adoption of these Al-based technologies. This advancement is
associated with the possibility of safe human-robot collaboration, automatic adaptation to
environmental changes, as well as the prediction and prevention of welding defects.
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Introduction

Welding is an essential manufacturing
process used across a wide range of
industries, from automotive and aerospace to
construction. Robotic welding systems have
been employed to automate this process,
improving productivity and repeatability,
since the 1980s. Traditional welding robots
were relatively limited in their capabilities,
with basic feedback control and limited use of
sensors [1]. Advances in control, modeling,
and vision have led to much higher precision
and repeatability in positioning the welding
torch, following complex paths, and generating
welds with higher quality, at greater speed.
This is illustrated by a demonstration of
welding on a deep underwater pipeline. The
“brains” of a welding robot, its control
systems, must precisely control the robot’s
motion, regulate welding parameters, and
respond appropriately to various disturbances.

The application of artificial intelligence
(AD) to the control of welding robots and
processes has seen very rapid development in
recent two decades [2]. Core problems such as
choosing the right welding parameters,
following the joint geometry, or monitoring
and ensuring defect-free welds are hard to
address fully with conventional controllers.
Al provides a data-driven or rule-based form
of intelligence which can be used alongside
traditional controllers. There has been
significant research applying a range of Al
techniques — fuzzy logic, expert systems,
artificial neural networks (ANN), genetic
algorithms (GA), and adaptive neuro-fuzzy
inference systems (ANFIS) — to weld process
modeling and control. The underlying
methods can be used to learn from data, or
encode human knowledge, to provide
intelligence to control systems. In welding,
these need to be able to handle complex
nonlinearities and process uncertainty.

Intelligent control systems for welding
robots use Al or other advanced
computational algorithms to provide a form of
control that can be adaptive, optimized, or
“smart” in certain ways. This is in contrast to
simpler, logic-based controllers which have
fixed rules and responses. Intelligent systems
can learn from sensor data or inputs, predict
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important outcomes such as weld quality, and
adapt their parameters or path as needed.
There have been many successful examples,
such as using neural networks to predict weld
bead geometry and then adjust the travel
speed, and fuzzy logic controllers which
codify an expert welder’s knowledge into
linguistic rules [2].

However, there is also a significant gap
between these successes and a fully
modernized welding robot for industry, where
advanced Al is put to use. Many of the Al
welding applications developed so far have
been aimed at off-line optimization or
monitoring, but not real-time control. Most
welding robots to this day use only relatively
simple sensor feedback systems, which are
unable to cope with more complex situations
and cause the robot to go off its desired
course. True closed-loop intelligent control
systems, which sense the state of the weld and
intelligently adapt the process in real time, are
only just starting to be developed. In addition,
the practical integration of advanced Al into
industrial welding systems has many
challenges to be solved, such as reliability,
data availability, and real-time constraints.

In this paper, we survey the current state
of the art in intelligent control systems for
welding robots and develop a path forward.
We review the major intelligent control
approaches that have been applied, and
highlight their uses and limitations. Based on
recent research and emerging trends, we
suggest improvements and new capabilities
that are likely to be needed and valuable for
2025-2030. This includes a focus on the
increasing roles of deep learning and
computer vision, without neglecting other
promising Al methods such as reinforcement
learning and multi-agent systems.

The goal is to bring some clarity to
where research and development can have the
most impact and support the design of
“smarter” welding robots that can outperform
today’s systems in autonomy, quality
assurance, and adaptability.
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Presentation of the main material
Analysis of modern foreign and

domestic research and publications.

To answer our research question ‘“What
intelligent control methods have been applied
to welding robots and how might they be
improved by artificial intelligence in the next
five years?”, we first performed a focused
literature search and qualitative analysis of the
results.

Literature =~ Search — articles and
proceedings from 2018-2024 were searched
for Al-based welding control contributions,
using IEEE Xplore, ScienceDirect, Springer,
and Google Scholar. Keywords included
“intelligent  welding system”, “robotic
welding AI”, and “weld defect detection deep
learning”. Preference was given to peer-
reviewed articles and prominent review
publications [1, 2] while winnowing down to
~40 key references. These cover a breadth of
welding processes (arc, laser, friction stir) and
targets for control from low-level regulation
to high-level planning.

Categorization — these publications were
then sorted into 4 broad categories:

— Welding Process Control — Papers with
a focus on regulating penetration, bead shape,
etc.

— Robot Motion Control — Works
discussing path planning, torch angle, multi-
robot choreography.

— Sensing and Monitoring — Sensor

integration to improve seam tracking, weld
pool monitoring, defect detection.

— System-Level Integration — Broader
level descriptions of manufacturing systems
with IoT or multi-agent architecture.

These publications were then further
classified for the AI technique employed
(fuzzy logic, machine learning, evolutionary
optimization, etc.), as well as for the type of
control being supported (off-line, real-time, or
predictive control).

Data Synthesis — Key attributes from each
publication are distilled here and are
summarized in the tables and figures below.
This includes information on the AI method,
welding task, and result(s) (accuracy increase,
programming speed, etc.) as well as listed
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open challenges. These data cover easily
comparable quantities (track weld defect
prediction accuracy [3], latency of feedback
systems [4], benefits such as reduction in
manual input), as well as qualitative,
repeating themes (calls for improved real-time
control algorithms [1], standardized datasets).

Terminology —  “Intelligent control
systems” in this work refer to Al-augmented
control methods in addition to more classical
PID or hard-coded logic. The AI umbrella
term is used broadly here to include machine
learning, expert systems, and evolutionary
optimization. As applicable, more specialized
terms like deep learning, reinforcement
learning, and digital twin are defined in
context in the sections below, with particular
focus on their contributions to welding
control. Mathematical definitions are given in
a high-level summary.

Limitations — this survey is qualitative
and does not involve any new experiments. It
is drawn from prior literature which may
constrain aspects of our findings and does not
exhaust the topic. Our search and organization
methodology is reusable and will be
continued for future updates for work past
2024. Inclusion criteria and classification
framework are listed for reproducibility.

The results we have found provide a
baseline to which new and future work can be
contrasted in order to identify both progress
and remaining needs. We present this data
below in a series of tables and figures
contrasting past and present intelligent
welding systems.

Review of Current Intelligent Control
Systems in Welding Robotics (up to 2025)

Numerous intelligent control approaches
have been implemented in welding robotics,
each addressing different aspects of the
welding operation. Table 1 provides an
overview of key Al techniques used so far,
summarizing their typical applications,
strengths, and limitations in welding control.

Artificial neural networks (ANN) were
widely used to model the welding process in
order to establish the relation between welding
parameters and welding results, such as bead
height or penetration in terms of the travel
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Table 1 — Common Al techniques applied in welding robot control (current state up to 2025),
with their typical uses

Al Technique

Typical Applications in Welding

Artificial Neural Networks
(ANN) [13][14]

Predicting weld outcomes (bead geometry, penetration);
mapping sensor inputs (e.g. weld pool image features) to
quality metrics; parameter optimization via learned models.

Fuzzy Logic Systems
[15][30]

Feedback control based on expert if-then rules (e.g. adjusting
voltage or travel speed based on gap measurement);
human-readable seam tracking strategies.

Neuro-Fuzzy (ANFIS)
[32][33]

Adaptive tuning of welding control rules; combining sensor
data of different types (visual, acoustic, etc.) in a unified

inference system.

Genetic Algorithms (GA) and
Optimization [16][17]

Oft-line optimization of weld sequences and robot paths
(e.g. minimizing robot travel time or avoiding collisions in
multi-robot cells); tuning multiple welding parameters to

meet quality objectives.

Adaptive/Model-Based Control
(e.g. MPC, expert systems)
[35][12]

Real-time control using a process model: maintaining
temperature or penetration through MPC; rule-based expert
systems for adjusting parameters on the fly.

speed, current, and voltage. ANNs can be
employed to train the complex nonlinear
relationship of the system, thus achieving
better performance than the traditional welding
empirical formula. Neural networks have also
been applied for processing sensor data and
predicting the corrective action to provide to
the closed-loop controller as part of a partial
closed-loop control [2]. However, as a black-
box model, ANNs require large amounts of
data to train the model, and the resulting
relationship is difficult to interpret.

Fuzzy logic systems were also commonly
used to codify the expert knowledge and the
rule-based knowledge into the machine-
readable format, using fuzzy sets and linguistic
variables to represent the rules, such as “IF
gap is large, THEN increase wire feed rate”.
Fuzzy systems are very interpretable and easy
to design, and also robust to noise and
uncertainties in the input data, but the lack of
learning capability of the knowledge base may
be a shortcoming, unless integrated with other
data-driven models to update/refine the rules
or memberships [2]. Hybrid neuro-fuzzy
systems, such as adaptive neuro-fuzzy
inference  systems (ANFIS), were also
developed to provide both the learning
capability and interpretability. These systems
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can automatically learn both the rule structure
and the membership functions from data, but
the design is still complicated and not easily
scaled to multiple-output cases.

Optimization  algorithms  were also
leveraged to search for the optimal parameter
values or robot paths. For instance, genetic
algorithm (GA) was used to search for the
torch trajectory that produces minimum
distortion or collision in a multi-robot cell [2].
However, this approach is normally used
offline due to the heavy computational load.
Model-based adaptive control schemes were
proposed to achieve both the thermal
consistency and the joint  variation
compensation [1], using model-predictive
control (MPC) or self-tuning regulators, but
they also require accurate physical models of
the process and could be affected by the
process disturbances or model mismatches.

Robots, based on techniques we have
described above, are actively used by large
enterprises in various industries [6-11]. As
Figue 1 shows leading technology is based on
fuzzy logic systems.

Benefits from using Al backed robotics
range from increased automation rate to pretty
accurate prediction error rates as shown in

Table 2.
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Table 2 — Performance benefits elicited from Al backed robots in enterprise installations

Al Technique

Performance Metrics

Implementation Examples

Fuzzy Logic Systems

68% production automation
rate automation

Samsung Heavy Industries

Expert Systems & Adaptive

1-2 year payback period

Lincoln Electric WELDES

Control system
Artificial Neural Networks 99% first-pass yield TRUMPF Al laser welding,
(ANN) (Path Robotics) T Systems automotive
Genetic Algorithms & 11% error reduction Multi-robot coordination,
Optimization in 7 periods hydroelectric turbine repair

Neuro-Fuzzy (ANFIS)

<3% prediction error rates

Friction stir welding
applications
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Figure 1 — Welding robots Al technology
distribution on the market

Most of the reported Al-based systems
have been validated only in laboratory
conditions and on specific welding setups [2].
ANN trained for bead dimension prediction or
control on one material and joint configuration
may not transfer to other materials and joint
designs. Fuzzy systems tuned for one welding
process and a certain range of input parameters
may not be applicable for another welding
process and require reconfiguration. This is a
fundamental limitation, namely the lack of
generalization to new conditions. The wvast
majority of existing systems can do very well
when the conditions are known and part of the
training data. In all other cases, they must be
retrained.
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Another problem area which remains
understudied is the online adaptive control of
welding processes in real time. The wvast
majority of Al use cases for welding robots are
still offline in nature. For example, optimizing
welding parameters or analyzing a finished
weld for its quality and defects. This is in part
due to the inherent nature of welding as a
complex and dynamic process which involves
many fast-varying and interrelated variables
such as current, voltage, travel speed, wire
feed rate, arc force, or thermal radiation [1].
Real-time control would require AI models to
make fast predictions with low-latency on
embedded hardware. Penttild et al. (2023)
recently demonstrated a fully closed-loop
ANN-based control system that could adapt
welding parameters online during welding
based on the data from a laser sensor to
successfully maintain a consistent weld bead
[4].

Quality monitoring and feedback for real-
time control is another area which is just
starting to see development. The vast majority
of the post-weld quality inspections such as
X-ray is done only after the weld is completed,
which is a rather late time to detect and fix a
defect. Newer approaches are being developed
to use in-process data from welding sensors
and vision systems to monitor and detect weld
quality issues such as porosity, burn-through,
or spatter in real-time during welding [3].
CNNs have been used to classify weld images
in terms of defects with over 95% accuracy,
but they lack interpretability and suffer from
performance loss when the conditions during
welding change from those of the training data
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[3]. This challenge will have to be addressed
by explainable Al and better training data.

Intelligent welding systems are also
currently used mostly in a standalone way and
to scale will need to be integrated into larger
manufacturing systems. IoT and digital twin
technologies are emerging as a means to
connect and integrate welding robots into a
networked, adaptive production line [5], where
each agent has specialized capabilities.

Emerging Trends and Future Demands
(2025-2030)

The subsequent technical trends and
possible subfields, according to our estimation
of the current technical potential, may apply
in the development of intelligent welding
control systems in the upcoming five years.
See Figure 2 for perceived deployment times
[12-16].

Commercial Deployment
Timeline

2031

2030
2029
2028
2027
2026
2025 I
2024
é\o(\ &

Figure 1 — Commercial deployment timeline
for emerging Al technologies in welding

Real-Time Deep Learning - deep learning
models for real-time analysis of weld pool
conditions, which are already used offline in
some research contexts today, will be more
widely used in an online fashion by welding
robots in the future (by 2030). Vision-based
welding control systems based on CNNs are
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in fact already used for online monitoring of
the weld pool today with high defect detection
accuracy under varying conditions [3].
Challenges include transferring models to
embedded edge-computing hardware with
enough speed and robustness to all relevant
variations [1]. Efficient neural network
architectures and specialized Al hardware will
allow the welding system to see and
understand the weld condition in real time and
to automatically make alignment, parameter,
etc. adjustments as a human expert would in
the future.

Reinforcement Learning (RL) — RL
techniques allow for the learning of optimal
welding strategies in simulated trial-and-error
and their immediate application in the
production environment. The ability of RL to
derive improved welding sequences to reduce
residual stress is already demonstrated in
preliminary work [1]. With improvements in
simulators and computing power expected by
2025, RL-driven adaptive controllers will be
more realistic to use to guide complex
operations such as multi-pass welding or
online parameter adaptation. Recent review
papers on RL and welding emphasize the
potential of RL for advanced control
capabilities that can outperform manual
tuning for welding problems that are too
complex or uncertain for human experts [1].

Sensor Fusion and Advanced Analytics —
advanced sensor fusion techniques will allow
the use of multiple types of sensors (visible
and infrared cameras, laser scanners, force
sensors, acoustic sensors, etc.) to obtain a
better real-time understanding of the welding
process in the future [1]. For example, Al-
driven analytics on data from thermal cameras
and optical cameras might be fused to
improve defect detection performance.
Improved hardware and software will allow
for more extensive data collection via sensors
with higher resolution, sampling rate, and
response time [1]. New big data analytics
methods will also make use of large amounts
of aggregated weld data collected in IoT-
connected factories to identify performance
patterns and to continuously optimize controls.
This would be in line with the general goals of

the Industry 4.0 movement [5].
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Table 3 — Emerging Al technologies KPI as leading companies

Emerging Technology Key Performance Indicators Leading Companies
Real-Time Deep 99% first-pass yields, 50ms Path Robotics,
Learning detection time PHOENIX framework

Reinforcement Learning

<11% error in 7 periods,
autonomous learning

FANUC, Inbolt,
General Motors

Enhanced Sensor Fusion

98.9% segmentation accuracy,
0.0255s processing

IBM, YOLOVS integration

IoT & Digital Twin

97.35% detection accuracy,
0.08mm tracking error, 96.65%
tracking precision

Schneider Electric, Yaskawa

Collaborative Humanoid

94.44% behavior classification
accuracy, 15% throughput increase,
85% idle time reduction

HD Hyundai, Persona Al

IoT and Digital Twins — the current
perception of welding operations as isolated,
stand-alone processes is expected to shift to
fully networked systems by 2030. Digital
twins, i.e. virtual models which replicate the
real-world welding setup and its processes,
will be used to simulate welding operations to
a larger extent and to optimize control
strategies before their implementation in the
real system. Validation of virtual sensors is a
welding task which has already been
discussed for the seam tracking task in the
literature [2]. Through IoT connectivity,
welding robots will share real-time status and
quality data enterprise-wide for live

monitoring, predictive maintenance
scheduling, and optimized process
adjustments [1]. This should improve

flexibility and operational efficiency.
Collaborative and Human-Centric
Approaches — intelligent welding systems will
be used in a more collaborative manner with
human welders rather than solely as
replacements in isolated robot cells in the
future. Cobots and AI will be combined to
perform more of the highly repetitive or
physically strenuous or unpleasant tasks while
humans perform the complex decision-
making and teaching. Advanced operator
interfaces such as augmented reality (AR) are
already being used to aid operators in robot
programming and path planning [1]. It is
possible that by 2025-2030 a skilled welder
could supervise the operation of multiple
cobots in parallel and teach or correct them as
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needed. Al systems will have to be more
adaptive, transparent, and safety-aware in
their algorithms to account for humans in their
operational environment. This will improve
productivity and broaden the acceptance of
welding systems.

Leading technology and production
companies came up with expected key
performance indicators (KPIs) to measure
effectiveness (see Table 3).

Sustainability and Resource Efficiency —
a greater focus on the economic efficiency
and sustainability of welding operations will
also guide the development of welding
controls in the future. Al can be used to
optimize the energy efficiency of welding
processes by precisely tailoring parameters to
the welding requirements to avoid excessive
heat inputs that cause greater distortion and
energy waste [1]. Al-based defect prediction
or prevention capabilities will minimize
rework and material wastage. Predictive
maintenance via Al analytics will reduce
downtime and accidents by predicting when a
tool or equipment is likely to fail or
underperform. Al may also allow more use of
new sustainable welding materials that are
more difficult to work with using traditional
controls. The need to preserve the
environment and use resources as efficiently
as possible will drive continued efforts to
improve welding processes using Al while
maintaining quality standards. These trends
will be summarized in the next section.
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Figure 3 — Intelligent Welding Control Systems: Hierarchical Architecture

Intelligent Welding Control Systems:
Hierarchical Architecture

Analysis, we have conducted across
available sources, led to identifying pillar
aspects intelligent welding control system
should adhere to. These pillars are: system
integration,  quality  assurance, human
interaction, control algorithms, adaptability,
data utilisation, computing infrastructure,
sensor integration and challenges. It helps to
put them into a hierarcy for a better
understanding of relations and dependencies
between them. We have designed an high
level architecture based on relevant data from
recent scientific resources [1,5, 20-25] (see
Fig. 3).

To do an intermediate conclusion — the
intelligent welding control systems hierarchy
above represents a comprehensive five-level
architecture  that transforms traditional
welding automation into truly adaptive,
Al-driven manufacturing systems. At the
strategic apex, System Integration orchestrates
unified manufacturing execution systems
(MES) and digital twin frameworks,
coordinating all subsystem interactions
through IoT-enabled multi-agent
architectures. The operational level
encompasses Quality Assurance and Human
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Interaction, where proactive Al-driven defect
prediction replaces reactive  inspection
methods, while augmented reality interfaces
enable collaborative human-robot supervision.
The control level integrates Control
Algorithms,  Adaptability, and  Data
Utilization, forming the intelligent decision-
making core that employs real-time Al control
loops, self-learning adaptive controllers, and
machine learning-driven process optimization.
The infrastructure level provides the
technological foundation through Computing
Infrastructure  (edge  computing, cloud
integration, 5G/6G networking) and Sensor
Integration (multi-modal fusion of vision,
thermal, laser, and force sensors). Finally, the
foundation level addresses critical Challenges
including AI model verification for safety-
critical applications, data security
standardization, and workforce upskilling
requirements. This hierarchical structure
reflects the evolution from isolated, pre-
programmed welding robots to
interconnected, intelligent systems capable of
autonomous learning, real-time adaptation,
and collaborative operation with human
operators, supported by extensive peer-
reviewed research in intelligent
manufacturing and welding automation.
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Comparison  between
anticipated intelligent
systems

Welding automation is transitioning
towards an intelligent adaptive paradigm
which will replace traditional deterministic
control methods by offering real-time
optimization and self-modification functions
for enhanced human-machine collaboration.
The current intelligent welding system
technologies include artificial intelligence,
intelligent sensor technologies, and cyber-
physical systems consisting of virtual
simulation (digital twins) and Internet of
Things (IoT) technologies that are used to
form smart interconnected manufacturing
systems. The shift in technology represents a
qualitative change from stand-alone reactive
welding systems to advanced interconnected
welding systems that learn and work together
with human operators. The distinction between
the current (until 2025) and the future (2025—

present  and
welding  control

2030) is based on both the status of current
technology development and imminent
breakthroughs such that current
implementations of artificial neural networks,
fuzzy logic systems, and image processing
systems are implemented mainly for offline
optimization while the complete shift to the
future will see a comprehensive integration of
artificial intelligence in online control systems,
reinforcement learning for self-adaptation, and
multi-agent  systems  for  coordinated
manufacturing. The transition between the
existing and the future is important for
manufacturers and welding engineers looking
to shift from automation to intelligent
manufacturing.

The summary for each of the intelligent
system technologies, comprising the existing
and the future state, is given in Table 4. The
table makes it clear the field is moving from
primarily static, isolated systems to adaptive,
interconnected intelligent systems.

Table 4 — High-level comparison of intelligent welding control systems:
present (up to ~2025) vs. anticipated future developments (2025-2030)

Aspect Up to 2025 (State of the Art) 2025-2030 (Future Outlook)
System Welding robots largely stand-alone. | Welding cells are part of a unified
Integration No holistic optimization — each cell | manufacturing  execution  system
optimized locally if at all. Digital | (MES). Digital twins of welding
simulation models exist but are not | processes run in parallel with real
linked live to operations. operations, providing  real-time
simulation feedback and what-if
analysis [1]. Multi-agent control:
multiple robots or stations coordinate
via an Al supervisor agent to optimize
line throughput and energy usage [5].
Quality Largely reactive — defects are detected | Proactive and adaptive - Al models
Assurance after the fact (using NDT methods or | predict potential defects in real time
final inspection). Quality control relies | and adjust parameters to avoid them
on fixed welding  procedure | [3]. WPS evolves into flexible
specifications (WPS) that must be pre- | adaptive procedures where the system
qualified. can prove equivalence to standards via
data. If a defect is unavoidable (e.g.
due to material), the system flags it
immediately and perhaps auto-repairs
or marks the spot for automated post-
weld repair.
Control Predominantly PID and simple | Widespread integration of Al in
Algorithms feedback for real-time control. Al | control loops: real-time control
(ANN, GA) used mostly for off-line | decisions guidance [1]; policies for
parameter optimization or advisory | robot motion and parameter tuning
systems [2]. [1].
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Continuation Table 4

Aspect

Up to 2025 (State of the Art)

2025-2030 (Future Outlook)

Adaptability

Limited adaptive behavior. Systems
can handle expected disturbances.
Most “intelligence” is pre-
programmed or requires re-training
offline if conditions change [2].

High adaptability and self-learning.
Controllers adjust on the fly to
variable conditions using AI. Robots
are more general-purpose, able to
weld new parts with by learning from
simulation or operator demonstration
rather than manual coding [1][4].

Data
Utilization

Data from welds is used mostly for
quality documentation or off-line
analysis. Little sharing of data
between machines.

Data-driven optimization at scale.
Machine learning models analyze
aggregated data from many welds to
find optimal practices and feed
improvements back to controllers [5].
Trends prediction triggers
preventative maintenance.

Computing
Infrastructure

Traditional  industrial  controllers
(PLC/embedded PCs) with limited Al
capability; heavy computations done
on offline computers if at all. Minimal
use of cloud or edge computing in
real-time due to latency concerns.

Hybrid computing approach: edge
computing becomes common at the
cell level [1], non-critical data
processing and machine learning
training are offloaded to the cloud or
central servers. Networking standards
(5G/6G) allow data to be usable in
closed-loop control and remote
supervision.

Sensor
Integration

Single primary sensor driving
automation; through-the-arc sensing
with known reliability issues in
complex joints [2]. Additional sensors
(laser, thermal, etc.) used mainly in
research or high-end systems.

Welding robots combine data from
vision (visible & IR), laser
profilometers, sound, and more to
gain a comprehensive view [1].
Sensor data is fused using Al Real-
time 3D sensing is utilized for
adaptive path correction and quality
control.

Challenges

Ensuring weld consistency with
limited adaptation; dealing with noise
in  sensor  signals; lack  of
interoperability (proprietary systems);
obtaining sufficient training data for
Al; conservative industry acceptance
due to safety/quality risks.

Handling the complexity of Al models
(verification and validation of Al-
driven decisions for safety-critical
welds); managing data security and
standardization across IoT devices;
maintaining human oversight and
expertise in an Al-dominated process
(avoiding over-reliance on
automation); workforce upskilling to
work alongside intelligent machines

[2].

The above comparisons show an overall
shift: from fixed automation to adaptive
intelligence in welding robotics. To realize this
shift, cooperation between welding engineers,
Al and control system experts will be required
in order to achieve safe, efficient and user-
friendly solutions. Industries with high
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regulatory barriers, such as aerospace or oil &
gas, may be more conservative and require Al
applications to show consistently high-quality
results at scale. High-volume industries such
as automotive may adopt these new
technologies earlier on, since potential cost

savings may be larger.
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Case studies already show the benefit of
Al a case study found fewer weld defects and
more consistent welds when using an Al-based
feedback control [4], and another reduced
programming time by 40% using Al-assisted
path planning [2].

Robotic welding systems are expected to
be fully integrated in smart manufacturing in
2025-2030. They will be able to learn and
autonomously adapt in real-time. Human
operators will be responsible for mainly
supervision, training and personalization. This
development has the potential to mitigate the
shortage of skilled workers and can further
increase safety. Better understanding the
current limitations may help to guide the Al
development, so that in the future, welding
control systems are truly smart, robust and
reliable.

Conclusion

We presented an overview of the
development of intelligent controls for
welding robots from the early first automatic
devices to the state of the art of today with Al-
based approaches. Neural networks, fuzzy
logic, and genetic algorithms have been
successfully used to find optimal process
parameters and support human decisions to
enhance weld quality and process efficiency
[2]. However, most current systems can still
only execute predefined procedures with
simple feedback from physical sensors.
Advanced applications of Al for closed-loop
control to operate in real-time are still the
exception.

Al represents a major opportunity but also
a big challenge for the future of welding robot
controls. On the one hand, there are exciting
new capabilities with the novel technologies,
such as real-time weld defect detection and
classification with deep learning vision
systems [3], dynamic path planning and
parameter adjustment with reinforcement
learning, or collaborative operation with other
robots and human operators as IoT-enabled
multi-agent systems [5]. On the other hand,
there are important open questions for a
reliable implementation to be able to deploy it
industrially. These include the generalization
of Al models to different welding conditions

118

[3], the necessary computational speed for
real-time operation [1], or the interpretability
of the Al-based decision-making for proper
human supervision.

The potential benefits from further
development of intelligent controls for
welding robots are huge. Near 100% weld
quality with very low defect rates could be
achieved for significant cost savings and
improved product quality. Intelligent robots
could be adapted more easily for different
production scenarios, thus mitigating skilled
worker shortages or reducing safety hazards
by reducing human exposure to welding tasks.
In addition, Al-based optimization of material
and energy consumption can support
sustainability goals.

However, risks such as the over-reliance
on Al without adequate validation and error
handling measures leading to unexpected
failures must not be neglected. The associated
need for appropriate standards and workforce
training must also be taken into account in due
time. By 2030 we expect welding robots with
Al elements to usually operate autonomously
by learning and adjusting while human
operators will transition to supervisory and
training roles. We view this development as a
major advancement towards achieving fully
autonomous manufacturing capabilities in
welding robots.
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AHoTauif. 3 MeToo NigBULLEHHSA PiBHSA aBTOMaTM3aLii, cTabinbHOCTI NpoueciB i AKOCTi 3BapHMX 3'€AHaHb
Yy CyyacCHil NpPOMMCNOBOCTI aKTMBHO BMPOBALKYETbCA KOHUEMLIA iHTENEeKTyanbHOrO KepyBaHHA
3BaptoBaHHAM. Y CTaTTi MpoOaHani3oBaHO MNOTOYHMM CTaH PO3BUTKY TEXHOJOrIA 3BapoBasibHOI
aBTOMaTM3aL,ii Ta OKpec/1eHO OCHOBHI HaNpPAMM iX eBOAIOLT Ha HalNbaMKui N'ATb pokKiB. Ocobnumsy yBary
NPUAINEHO 3aCTOCYBAaHHIO METOAIB LUTYYHOrO iHTENEKTY, TaKMX AK €KCNepTHi CMCTEMM, HEYiTKa NOriKa,
aNropuTMM  MalUMHHOMO Ta T[/MOOKOrO HaBYaHHA, a TaKoX Komn'toTepHuit 3ip. Ui nigaxoau
BUKOPUCTOBYHOTLCA ANA ONTMMI3aLIii NnapameTpiB NpoLecy, MOHITOPUHIY CTaHy 3BaplOBA/IbHOI BaHHM,
BUABNEHHA AedeKTiB y peXumMi peanbHOro 4Yacy Ta MiABULLEHHA TOYHOCTI dopmyBaHHA wWwBa. lpoTe
GinbWicTb iCHYHOUMX pilleHb 3aAMWATbCA By3bKOcCMeuianisoBaHMMK, He 3abe3neyyounm MNOBHOI
iHTerpauii miXk etanamm nNiAroToBKWM, BMKOHAHHA Ta KOHTPO/IKO 3BapltOBaHHA. 3HayHOW npobnemoto
3a/IMLIAETbCA OOMEeXKeHa 34aTHICTb CUCTEM NPALIOBATU B OHNANH-PEXUMI Ta aganTyBaTUCA 40 3MiH YMOB
npouecy, TakMX AK KOJIMBAaHHA TemnepaTypu, MONOMKEHHA aeTani abo HecTabinbHicTb gyrn. Y craTTi
NigKPECNIOETBCA BAMK/IMBICTb PO3BUTKY OHMAMH-aJAaNTUBHOIO KepyBaHHA Ha OCHOBiI 6araToCeHCOPHMX
OAHUX | WTy4HOro iHTENEeKTy. 30Kpema, pPO3rNAfaloTbCA MNEepPCneKkTMBUM BUKOPUCTAHHA FMBOKOro
HaBYaHHA A4NA aHanNi3y BiAEONOTOKIB i TepMmorpadiyHMx 306parkeHb 3BaprOBaIbHOI BaHHM, WO A03BONSE
3/4iMCHIOBATU aBTOMATUYHE pery/aioBaHHA MapameTpiB y peasibHOMY 4aci. 3acToCyBaHHA HaBYaHHA 3
NigKPINIeHHAM BigKPMBA€E HOBI MOXIMBOCTI A8 ONTUMI3aL,ii TPAEKTOPIN pPyXy 3BaproBanbHUX POBOTIB i
Bubopy cTpaTerii 3BaptOBaHHA B YMOBAxX HeBM3HayeHoOCTi. Kpim Toro, BMpOBaAMKeHHA TEXHOJOTriM
IHTepHeTy pedveirt (loT) pae 3mory CTBOpHOBATU iHTErpoBaHi MepexKi CeHcopiB i NPUCTPOIB, AKi
O6MIHIOIOTbCA AaHMMKM ana nobynosu uMdpoBUX ABIMHMKIB 3BaptoBasibHUX MpoLeciB. 3BaptoBasibHa
aBTOMATM3aLiA MOXe 3HAYHO NOKpaWwMTUCA B ePeKTUBHOCTI, FHYYKOCTi Ta SAKOCTI 3a [AOMNOMOrot
BUKOPUCTAHHA umux Al-TexHosorin. Lle nos’A3aHO 3 MOKAuMBIiCTIO 6e3neyHoi cnisnpaui 3 AOAUHOLD,
aBTOMaTMYHOT aganTaLii 40 3MiH cepefoBULLLA Ta NPOrHO3yBaHHSA Ta 3anobiraHHA aedeKTam.

KniouoBi cnoBa: iHTenekTyasbHe KepyBaHHA 3BaploBaHHAM, Po6OTM30BaHe 3BaplOBAHHA, LWTYYHUN
iHTenekT (LUI), maluMHHe HaBYaHHSA, rNMHOOKe HaBYaHHA, aBTOMATM3aLLiA 3BaploBaHHS.
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