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Abstract: The robotic welding manufacturing of metal parts is a very important process, especially
in heavy industries such as shipbuilding, oil and gas, automotive, and aerospace. There is a great
variety of different techniques for manufacturing by robotic welding, and the welding operations
are always in a constant process of evolution, as any advance can be significant to avoid defects
during the welding process. Although a great deal of research work has been carried out in recent
years, thanks to which results and reviews have been presented on this subject, the main aim of this
publication is to define and review works that show the advances in the main inspection, modeling,
monitoring, and automated operations during the welding process to avoid, or predictively identify,
any possible defect in order to obtain an optimum degree of quality in the welding.
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1. Introduction

Welding is a manufacturing process in which two parts are joined by means of filler
material and, thanks to the fusion process, a weld pool is obtained, which, when cooled,
will transform it into a fixed joint. Among the various types and classifications of welding,
this publication is going to focus on robotic welding, in which an industrial robot is capable
of carrying out welding activities autonomously.

An industrial robot can be defined as a multifunctional manipulator controlled and
programmed to perform several tasks, capable of moving materials, parts, or tools according
to variable trajectories for use in industrial automation applications. In other words,
industrial robots are multifunctional and reprogrammable to be able to fulfill different
functions. Due to all this, the main characteristics to be taken into account in industrial
robots are degrees of freedom (number of axes), speed of action, weight to be supported,
space of the work area, and level of programming.

Focusing on robotic welding, welding can take place thanks to the inclusion of material
by means of an electrode, a laser, or electric arcs that reach temperatures that melt the
metals. In order to carry out the welding, support material must be included, such as
rotating tables or similar, that allows the welding parts to be positioned from different
angles, a power supply, and software for programming the tasks.

In addition, robots must be equipped with a suitable welding tool at their tip, which
usually consists of electrodes capable of creating electric arcs to weld the metal parts. A
classification of robotic welding can be established as follows:

1. Robotic arc welding, which is the subject of this publication, is a high-powered
electric arc created between the electrode and the point where the metal parts to be
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welded meet. Very high temperatures are generated, which melt and join the materials
together. There are several subtypes, including:

• Gas Metal Arc Welding (GMAW): a process that uses an arc between a continuous
filler metal electrode and the weld pool, which is carried out under an externally
supplied gas shield and without the application of pressure.

• Gas Tungsten Arc Welding (GTAW): an arc is used between the electrode and the
weld pool in which a non-pressurized shielding gas is used (the addition of filler
metal is optional).

• Plasma Arc Welding (PAW): high temperatures are generated, which melt the
metal parts at the joining points through the use of ionized gas [1].

• Flux-Cored Arc Welding (FCAW): an arc is used between a continuous filler metal
electrode and the weld pool; this process is used with flux shielding contained
within the flux-cored electrode, with or without an additional shield of externally
supplied gas and without the application of pressure.

2. Robotic laser welding is when energy is generated by a high-performance laser that
is focused on a small burning spot. Due to the high-density energy generated, the
workpiece is melted, and the components are welded together.

The use of robotic welding by companies, especially in the automotive, aeronauti-
cal, naval, and construction sectors, generates a series of advantages, among which the
following stand out:

1. Reduction in production costs with a high return on investment, increasing the
competitiveness of the company [2,3].

2. An increase of more than 80% in production times, as robots operate long shifts and
offer a higher work output [4].

3. Increased quality of the final product by reducing defects and welding with greater
precision [5].

4. Robots are adaptable to multiple products, processes, and needs.

An important characteristic to consider when robotic welding is the metal material;
although all metals can generally be welded, each metal is unique, with well-defined
characteristics and properties. The principles that determine the weldability of each metal
include electrode material, cooling rate, shielding gases, and welding speed. Once the
metals to be used have been chosen, it is necessary to determine which welding process
is most suitable for that metal, as different metals require different welding methods.
Consideration should also be given to trying to apply as much symmetry to the weld bead
geometry as possible [6] as well as to adaptively define the trajectories between layers by
means of analyzing whether there are previously deposited layers [7]. Within metallic
materials, a classification can be made according to their weldability index:

1. Ferrous metals: their main component is iron; they are characterized by high tensile
strength and hardness. Steel and cast iron stand out.

2. Non-ferrous metals: metals whose composition does not include iron. These include:

• Heavy metals (density ≥ 5 kg/dm3): tin, stainless steel, copper, zinc, lead,
chromium, nickel, cobalt, and tungsten.

• Light metals (density between 2–5 kg/dm3): titanium.
• Ultralight metals (density < 2 kg/dm3): magnesium, aluminium, and beryllium.

Another important feature good for welding is to have the main operating parameters
under control, such as current, voltage, welding speed, temperatures, gas flow, and torch
angle, because if they are not well regulated, welding defects may occur, including spat-
ter [8], porosity [9], cracks [10], lack of fusion [11], undercuts [12], and depth of penetration.
All these defects and incorrect parameter settings have an influence on the quality of the
weld, so it will be necessary to check the welds to detect possible defects by means of visual
inspections and non-destructive tests (penetrating liquids, ultrasonic methods, radiography,
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and magnetic particles) [13] (see Figure 1). All these inspection and defect issues will be
developed in more detail in Section 2.

Figure 1. Non-destructive testing inspection: (a) penetrating liquids, (b) ultrasonic methods,
(c,d) magnetic particles, and (e) radiography.

In order to try to prevent defects from appearing in the weld, several types of different
technological tools are now available (e.g., modular software interfaces [14] and neural
networks [15]) that allow the designer to simulate and model the best patterns and/or
maps for the welding sequence [16] and to analyze the possible changes and defects that
may appear through mathematical formulations (e.g., finite elements, regression analysis,
algorithms, Gaussian hypothesis). These tools and formulations will be implemented in
Section 3.

In recent days, additive manufacturing (AM) [17], often referred to as 3D printing, is
essentially a transformative approach to traditional industrial manufacturing that simply
adds layers of material to create strong, lightweight components. One of the integrated
solutions is direct energy deposition which uses filament and arc as a generator. This
application of welding in additive manufacturing is generating great interest in the sci-
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entific community and industry. For example, Figure 2 shows the application of additive
manufacturing by welding a part on a robot.
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Figure 2. Set-up of the (a) robotic system for the manufacture of parts with GMAW-based WAAM,
(b) model for the temperature estimation, and (c) measurement of the deformation in the final part
(edited from [18]).

Once the welding parameters have been determined and modeled, it is necessary to
ensure that they remain within acceptable limits throughout the welding process. For this
purpose, direct or indirect control and monitoring are used, thanks to the use of vision
techniques (e.g., cameras, smart cameras), sensors [19] (e.g., sound, vision, integrated vision,
radiation, spectral, infrared or inductive) or sensor fusion [20], which read the parameters
or variables referred to depending on the type of sensor and the type of parameter to be
measured, in order to be able to analyze and control them through the appropriate software
and thus incorporate them into the automated system [21]. This control and monitoring
process will be explored in more depth in Section 4.

In Section 5, we will develop the subject of automation, which is composed of a set
of components that, once the parameters and variables of the process have been captured,
compare them with predetermined average values, adjusting these characteristics in real
time when necessary. The efficiency of automation in industrial welding processes is
beyond doubt [22], especially in repetitive operations, as satisfactory results are always
obtained thanks to the reduction of defects and costs and the improvement in productivity
and quality.

Robotic welding is a widely used technique for improving the quality, efficiency, and
safety of welding processes. However, robotic welding faces many challenges, such as
variations in workpiece geometry, joint location, and thermal distortion. To overcome
these challenges, various sensing technologies have been developed and applied to enable
intelligent robotic welding systems that can adapt to changing conditions and monitor
weld quality. This review covers some of the main topics related to robotic welding
applications, such as inspection of welding performance, modeling of welding processes,
monitoring techniques and their application, automation of welding processes, synthesis,
and conclusion. The review aims to provide an overview of the current state-of-the-art and
future trends in this field.

2. Inspection of Welding Performance

In order to succeed in making a good weld, before carrying it out, it is necessary to
start by studying what type of metals we define to create new parts [23], what type of arc is
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the most appropriate for those materials and thicknesses we have [4], and to define exactly
the characteristics of the operating parameters which correspond to the type of welding arc
chosen [24], including current, voltage, welding speed, temperatures, gas flow, and torch
angle. If these parameters are not correctly defined and regulated, it directly influences
the reduction of the efficiency of the process, which can be more than 15% [25], lower
quality than desired [26], a reduction in the useful life of the weld due to the reduction in
mechanical properties [27], and the generation of defects which would have to be corrected
a posteriori, accompanied by serious economic and productive damage. For this reason, it
is necessary to compare, control, and relate these input parameters with the characteristics
of the weld at the end of the weld, including geometry and dimensions [5], in order to
know whether the weld has been carried out successfully.

Once the most appropriate arc welding with its corresponding parameters has been
defined, we must bear in mind that during the welding process, unforeseen events may
occur that may produce various defects in the weld. Before carrying out the welding
operations, it is advisable to calibrate the robot itself and the system to be used [28] and to
take into account the availability of a classification of the quality of the weld [29] as well as
a classification of possible defects that may appear. These classifications, generally based on
databases or neural networks, have a very high degree of accuracy in the detection of defects
by means of machine learning algorithms or decision tree algorithms [30] to establish
a correlation between current and voltage signatures [31] through radiographic image
processing based on ANFIS adaptive networks [32]. A real-time defect classification during
the welding process has been achieved based on the combined use of principal component
analysis and an artificial neural network (ANN) [15,33] or through deep learning and
digital radiography and an optimized convolutional neural network (CNN) [34].

To perform these defect classifications, we will study the most common defects that
occur during welding, and how to detect and identify them:

1. Cracks: among the defects that can occur in welding, the most critical is when cracks
occur. These appear when the load or stress applied to a part exceeds its resistance (see
Figure 3). Cracks can be categorized as “hot cracking” (when the metal is solidifying) or
“cold cracking” (when the metal has cooled to room temperature). The methods used
to detect cracks are usually precise and leave no room for doubt. For example, there
are methods using eddy currents [35], thermography using a high-power infrared light
source [36], a system that analyses acoustic emission using sensors [37], an ultrasonic
laser [38], and a real-time X-ray imaging system has been developed to detect them [10].

2. Porosity: one of the most recurrent defects when welding is the creation of pores,
which are caused by bad use of the materials, the process itself, or external contam-
inants that are in the base metal, which causes the gas to be trapped in the molten
metal and as solidification occurs, this gas is emitted outwards and the pore appears.
There are numerous and varied reasons behind the formation of these pores, including
issues with nozzles, guns, torches, electrodes, gas flow, incorrect usage, and humidity.
Figure 4 exemplifies the situations in which porosity appeared in welds as a result of
non-compliance with the conditions of protection, cleaning, or drying of the materials
involved in the welding process.

To avoid porosities in the weld, it is necessary to anticipate their appearance and
predict whether these pores will appear as the welding process progresses when the
material starts to cool. This can be done through real-time monitoring of the welding
process using methods such as analysis of the welding voltage signal through deep neural
networks (DNN) [39], analysis of the arc sound signal [40], monitoring of optical plasma
spectroscopy [41], monitored analysis of thermal images [42], and monitoring of voltage
and current through control chart and probability density distribution [43]. The collection
of these data is carried out by statistical analysis of arc current where voltage, current, and
wire feed speed signals are recorded [44]. Another method is through statistical analysis of
process parameter optimization (current, travel speed, gas flow rate, and torch angle) to
create a porosity index [9].
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Figure 4. Porosity: (a) surface porosity uniformly distributed along the weld seam is produced
because the displacement angle is too large (excessive slope); (b) porosity occurred because the gun
is too far away from the workpiece or the voltage has been insufficient at the welding distance.

3. Undercuts: it is the gap that forms when the metal melted by the electric arc does not
completely fill the connection area between the weld and the base material. Undercuts
also occur when welding current and welding speed are not well matched. The main
reason for this is that the arc heat is too high; for example, the current is too high, and
the strip speed is too low (see Figure 5); tests under different currents and welding
speeds [12] attest that these parameters have to be adjusted so that undercuts do
not occur.

4. Spatter: Welding spatter consists of molten metal droplets that are dispersed or
splashed during the welding process. In order to avoid spatter, it is necessary to
check that the components used in welding are in optimum condition for use [45]and
that the welding parameters are correct (current, voltage, arc length, and angle, feed
rate–as seen Figure 6, where an example of non-compliant welding can be observed.
Thanks to computer vision, a spatter index has been created to predict the appearance
of spatter [8].

5. Anode patterns: discoloration along the seam produced by heat during thermal
changes such as heating and cooling. It is important to note that depending on the
parameters of the welding process, oxides might appear, and the material could break
down. This would drastically reduce the quality and life of the weld.

6. Lack of fusion and poor penetration: lack of fusion occurs when there is no fusion be-
tween the weld metal and the surface of the base material; poor penetration is similar
when the weld bead does not fully penetrate the full thickness of the material [46];
both processes can occur when the welding current is too low, or its travel speed is
too fast [30], as seen in Figure 7. Several methods have been developed to detect such
defects: by real-time monitoring of the arc pool temperature [47], by real-time optical
analysis and a sub-pixel algorithm [48], by studying arc acoustics [11], by camera
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vision systems to create maps that are fed into neural networks [49], and through
ultrasonic detection [50] or monitoring through infrared sensors [51,52].
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One of the keys to detecting possible defects is to study various characteristics of the
weld through the parameters of the welding process:

1. Welding arc sound: this is a consequence of the modulation in amplitude of the
current by the arc voltage in the welding process, which can represent the behavior
of the sequence of short circuits and ignitions of the arc voltage, thereby opening
up the possibility of acoustically detecting disturbances. With this, the weld quality
can be controlled [53–55] even with the monitored use of algorithms [30], through
acoustic signals [56], or by monitoring parameters to control defects such as weld
penetration [11] and weld porosity [40].

2. Weld pool: the working place where the base metal has reached its melting point
and is ready to be melted with filler material; for the success of the welding process,
it is essential to control the parameters of this pool, as it has a direct effect on the
quality of the weld bead geometry. To control the pool parameters, the best option
is monitoring [57] to successfully predict the shape of the molten pool. Additionally,
camera-based vision systems [58] to create maps that are fed into neural networks [49],
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along with acoustic detection [50], detecting undercuts under different welding cur-
rents and speeds [59], and real-time control of the pool [60] are alternative methods
that can be used.

3. Bead geometry: the main characteristics to be defined and controlled in the bead ge-
ometry are width, height, and penetration; all of them will clearly influence the quality
of the final weld result [5,27]. A key factor that greatly influences bead geometry is the
right choice of shielding gas [3,61]. In order to know if the geometry is appropriate, dif-
ferent techniques are used for its control, such as sensors [22,23,62], sensor fusion [63],
and infrared detection for parameter monitoring [52,64]. In addition, it must be taken
into account that, thanks to computer vision systems and intelligent detection and
control systems, material waste and energy consumption can be reduced by more
than 10% in the bead geometry fabrication process [65].

With the descriptions of the defects previously made and the different characteristics
of the welding through the parameters of the welding process, it is clear that the main
objective is to detect any type of defect in real time through a detection system that tells
us about any possible defect of those mentioned above. Moreover, real-time sensing and
control should also be considered as it helps to overcome deviations from nominal welding
conditions. This is achieved by optimizing welding parameters through real-time sensing
and feedback control [66], all of which depend on process properties/capabilities, process
innovations, predictive models, numerical models for fluid dynamics, numerical models
for structures, real-time sensing, and dynamic controls [67]. Throughout this section,
examples have been described that include the detection of defects in real time, but they can
also be completed with the following examples: parameter monitoring [68], radiographic
inspection [69], and spectroscopy signal [70], depending on the frequency band [71].

In addition to the examples of detecting single defects described in this section, there
are methods available that allow for the simultaneous detection of multiple defects, such as
cracks, porosity, undercuts, splashes, anode patterns, lack of fusion, and poor penetration.
These methods include parameter monitoring [72,73] and computer vision analysis of
radiographs [74]. By utilizing these methods, it is possible to improve the efficiency and
accuracy of defect detection in various industries.

To all this, the authors must add that all the inspections shown in this section are visual
inspections that have been carried out without destroying the parts and the weld, being
able to be assimilated as non-destructive tests to detect defects [13], and all of this, with
the premise of ensuring quality [75], either through a classification [29] or by estimating it
using artificial intelligence algorithms [76].

3. Modeling of Welding Processes

In the previous section on inspection, the main defects and the most important charac-
teristics of a weld have been described in depth. To prevent any defect from appearing, we
must take advantage of the various current technological tools, such as the various types of
neural networks with their modular software interfaces, which, thanks to machine learning
and deep learning, can study any parameter of the weld. Once the required parameter
data is available, mathematical formulations (finite elements, regression analysis, algo-
rithms, and Gaussian hypothesis) will be used to simulate and carry out the corresponding
modeling. For this purpose, we will define the following:

1. Modular software interface: interconnection between independent systems or between
a computer system and its human user, which is composed of different functionalities
or modules and which is designed following a strategy. Ideally, all available modules
should be used to cover the control of the entire welding process [14], and even from
the beginning of the CAD design to the finished part [77].

2. Neural Network: A neural network is a method of artificial intelligence that teaches
computers to process data in a way that is inspired by the way the human brain does.
It uses a type of machine learning process called deep learning, which uses nodes or
neurons interconnected in a layered structure that resembles the human brain; they
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can learn and model relationships between input and output data that are non-linear
and complex. An artificial neural network [78] consists of artificial neurons working
together to solve a problem. Artificial neurons are software modules called nodes,
and artificial neural networks are software programs or algorithms that essentially
use computer systems to solve mathematical computations.

3. Machine learning is an artificial intelligence technique that gives computers access to
very large data sets and teaches them to learn from this data. Machine learning soft-
ware finds patterns in existing data and applies them to new data to make intelligent
decisions. They require human intervention for machine learning software to work
well enough; a data scientist manually determines the set of relevant features for the
software to analyze. An example of machine learning is relating arc sound to weld
quality through various parameters (current, voltage, and travel speed) to create a
weld classification through algorithms [30].

4. Deep learning: a data scientist provides raw data to the software, which obtains new
features itself and learns independently. It can analyze unstructured data sets and
solve more complex problems. Some examples of deep learning are:

• Studying the 3D surface of the weld pool to create maps of the depth of pene-
tration, which were fed into a neural network and create a classification of the
penetration in the pool [49].

• A digital radiography method is used to detect defects through an optimized
convolutional neural network (CNN) [34].

• Interactions between the arc and electrodes predict the shape and depth of the
weld pool [79].

• Performing a classification of defects in the weld bead [23].

In order to carry out the most accurate modeling possible or to detect possible defects
in the weld, we must start by collecting as much data as possible on the parameters to
be analyzed. Once all the data has been obtained, they must be analyzed by using the
following mathematical formulations (let us look at some examples):

1. Finite element (FE): used to inspect through the ultrasonic laser defects such as
cracks, porosity, undercuts, [38] or thermo-mechanical behavior [80]; another practical
example is calculating the Von Mises stresses in the regions close to the weld bead
with their corresponding distribution [80], as shown in Figure 8.

2. Regression analysis: used to predict the evolution of the weld pool through imag-
ing [57] or through the current to control its width [81] or to adjust the bead geome-
try [82].

3. Gaussian hypothesis: uses the current density distribution to model metal trans-
fer [83].

4. Algorithms, mainly developed in:

• Weld pool: modeling current and weld velocity [84], pool width [85], pool size
through imaging [60], and molten metal flow on the surface [12].

• Bead geometry [63]: metal transfer modeling [86], and current and voltage
modeling [64].

In addition, the algorithms can also be used for the following:

• Robot [28] and tool [87] trajectory control to avoid deviations before the start of
welding operations and to avoid possible dimensional errors.

• Detection of defects [87] in the weld: an image transformation algorithm for
defect extraction that creates a pattern recognition method for automatic defect
identification [74], and a sub-pixel algorithm to detect defects, oxidation, and
the lack of penetration [48], detect in-line faults such as porosity, undercuts, lack
of fusion, and spatter through temperature signal based algorithm [72], defect
classification [31], detect defects in bead geometry, poor penetration, and porosity
according to frequency band [71].
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• Assessing weld quality through voltage [88]: an optimization algorithm through
plasma spectroscopy analysis technique [75], an artificial intelligence algorithm
based on current and voltage parameters [76], correlating weld quality with
current and voltage [31], and on-line weld quality through voltage variance
parameter algorithm [89], and algorithms for real-time inspection of quality [71].

5. Numerical formulations: other than the above, such as numerical models to control
the keyhole [58] and the welding arc [43,90].
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Once the data has been analyzed with one of the mathematical formulations, to study
and improve the modeling technique, we can rely on the various neural networks with
their modular software interfaces; look at Table 1 for several examples:

Table 1. Various uses for improved modeling through neural networks.

Neural Network Type Processes References

General
Real-time weld quality inspection for defect detection

thanks to current, voltage, and welding
speed parameters

[15]

Artificial Through algorithms to predict weld deposition
efficiency using arc sound signal, current, and voltage [91]

Artificial Development of intelligent systems for welding
process automation [92]

Artificial
For automatic real-time defect detection and

classification based on the combined use of principal
component analysis

[33]

Deep For real-time porosity defect prediction and detection
based on the voltage signal [39]

Probabilistic For defect detection using laser-induced plasma
electrical signals [93]

Associative Memory
For automatic weld quality classification based on an

associative memory neural network created by the
characteristics of the electrode displacement signal

[29]

To further improve the arc welding efficiency and the joint quality, a secondary energy
field/source is usually applied to assist the conventional arc welding process. Modeling,
sensing, and control of such arc welding processes are efficient and powerful ways for
process modification and development and a complete understanding of the underlying
interaction mechanism of the auxiliary energy and the welding process [94].
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Once the welding process has started, the modeling of as many parameters as possible
must be as efficient and fast as can be achieved, and for this, it must be done in real time to
detect any possible defect in order to be able to correct it and evaluate the quality of the
weld on the spot. To this end, we must tend towards dynamic modeling, which models
the weld through the parameters derived from dynamic equations (such as the melting
speed equation [95]), and towards simple but effective modeling in real time, through
monitoring, in which, for example, the wire feed is modeled by monitoring the width of
the weld bead [62].

4. Monitoring Techniques and Its Application

It is important to monitor welding parameters during the welding process to ensure
that they remain within acceptable limits and to detect any alterations that may result in
defects in the weld. Vision techniques, such as cameras and intelligent cameras, and sensors,
including sound, vision, integrated vision, radiation, spectral, infrared, and inductive
sensors, can be used to read the parameters or variables being measured. These readings
can be analyzed in real time through appropriate software to draw conclusions and improve
precision, reliability, and efficiency [21].

When alterations to the parameters and predefined modeling procedures are detected,
the system should be able to respond, if possible, in real time. Communication between
the sensors and control and monitoring systems is necessary to allow for this response.
The consequences of alterations to the parameters can result in defects in the weld, and
examples of such defects can be studied using the selected detection methods listed in
Table 2.

Table 2. Different methods of defect detection through process parameters.

Defect Method of Detection Parameter for Detection References

Porosity ultrasonic based sensor the characteristic
parameters [96]

Porosity monitoring of images temperature of the upper
surface of the melt pool [97]

Porosity monitoring output parameter [41]
Porosity, Cracks, lack of

fusion, undercuts monitoring Intensity [72,73]

Lack of penetration monitoring spectroscopy signal [70]

Lack of penetration optical analysis of the
plasma spectrum

electronic plasma
temperature [48]

Lack of penetration monitoring arc voltage signal [88]
Emissions (sound

and light) monitoring welding arc [98]

Tracking defects monitoring by a sensor
using spectrometry electronic temperatures [99]

In the molten pool monitoring acoustic signals [100]
defect classification
(based on a decision

tree algorithm)
monitoring and control current and voltage [31]

To detect the aforementioned defects, sensors need to be inserted in real time around
the welding process, and their presence can alter the behavior of the metal transfer and,
consequently, uneven quality [20], as well as increase the cost of production.

4.1. Bead Tracking, Weld Dimension, and Defects Monitoring and Control

Bead tracking and weld dimension control are essential tasks for ensuring the quality
and accuracy of robotic welding processes. Bead tracking involves detecting the position
and geometry of the weld seam using various sensors, such as laser, vision, or arc sensors.
Weld dimension control involves adjusting the welding parameters, such as wire feed rate
and voltage, according to the feedback from the sensors and the desired weld bead shape.
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These techniques enable robotic welding systems to perform autonomous and flexible
welding operations in different industrial scenarios. There are several types of sensors,
among which the most important are [19] as follows:

• Arc: they do not require additional equipment in the welding area. This is why they
can be used where operating space is limited. Their operation is based on the variation
of the signal obtained from the voltage or current of the arc and can adjust the distance
between the torch and the workpiece [101].

• Optical: they allow the observation of the behavior of the welding group and transmit
the output of the welding process to the control model as an input signal [102], among
which the following stand out:

• Vision cameras: to determine process stability and weld quality [58].
• Multi-view cameras: to evaluate weld bead properties [103].
• Speed cameras: for monitoring deposition height and molten pool tempera-

ture [104].
• High-speed cameras: for a precise understanding of physical phenomena during

welding [105].
• CCD (Charged Coupled Device) cameras: for coating height measurement [106].
• CMOS cameras (Complementary Metal Oxide Semiconductor; superior imaging

to CCD cameras): for allowing better visualization of the molten pool, which
improves the ability to assess weld bead quality [107].

• Spectroscopy: for facilitating the detection of defects [108], such as porosity [41],
defects in the weld pool [99], or in the bead [70].

• Infrared:

• To automatically identify defects [42].
• To control the welding process through the parameters of the bead geometry and

the torch position [51].
• To control the pool temperature and penetration depth [47].
• To check the weld pool from the front [109].
• To check bead geometry, melt pool [110], and penetration depth [52].
• For general weld monitoring [111].

• Sounds, among which the following stand out:

• Acoustic: thanks to a dynamic microphone, the acoustic signal is studied by
means of the frequency response curve, and the metal transfer modes can be
classified [56].

Ultrasonic: these generally have good resolution and can provide accurate data such
as in situ monitoring for porosity [96].

4.2. Metal Transfer and Weld Pool or Keyhole

Metal transfer and weld pool or keyhole are two important phenomena that occur
during fusion welding processes. Metal transfer refers to the mode of transferring molten
electrode material across the arc gap to the weld pool. A weld pool or keyhole is the molten
region of the base metal that forms under the action of a heat source. The keyhole is a
cavity in the weld pool that is maintained by vapor pressure and surface tension forces.
The metal transfer and weld pool or keyhole dynamics affect the quality and geometry of
the weld bead, as well as the heat transfer, fluid flow, phase change, and cooling rate in the
welding process.

Sensors for fusion monitoring in welding are devices that can collect and analyze data
from the welding process to detect defects such as lack of fusion, porosity, cracks, and so
on. Fusion monitoring is important for ensuring the quality and reliability of welded joints,
especially for applications that require high precision and strength [21]. In addition, global
information is extracted from the interrelated data given by each sensor. Let us look at
some applications:
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• The sensor fusion monitoring system is one of the basic pillars for the additive process
to evaluate the quality of the parts and detect possible defects such as high residual
stress, deformations, porosity, and cracks [112].

• Through data collected from arc, optical, and sound sensors, it is possible to quantify
the processing of the welding arc and to search for the presence of porosity [113].

• By implementing an artificial neural network to sensor fusion, the following elements
are improved [92]:

• Computer vision based on photogrammetry.
• Process monitoring using fuzzy logic.

• Weld bead tracking through sensor fusion can be fed to the robot controller to instruct
it in determining the weld seam trajectory [114].

All this extensive explanation of sensors and their possible fusion with each other
for monitoring purposes serve to control as much as possible the welding process and,
consequently, the final quality of the weld. In order to achieve optimal welding quality,
the best option is to monitor the welding process in situ and on the spot; let’s look at an
example where the main objective is to evaluate the quality by monitoring in situ:

• Thanks to two algorithms related to the characteristics of the arc voltage signal: time
and frequency. Such algorithms are able to detect a lack of penetration, burn-through,
and defects caused by lack of gas [88].

• To detect changes in weld quality automatically, based on the statistical parameter of
voltage variance [89].

• To direct the directed energy deposition of metals [115].
• To detect defects in weld bead geometry [48].
• Through welding parameters (voltage and current) the following can be found:

• Thanks to the information extracted from the signal characteristic [68].
• Via an artificial intelligence algorithm [76].
• Through machine learning algorithms to correlate arc sound with quality [30].

• Quality control thanks to a fusion system of voltage, current, and temperature sensors,
a rotary encoder, and a CCD camera. Thanks to a data acquisition (DAQ) module
integrated into the software, the captured data can be stored and visualized [116], as
shown in Figure 9.
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It should be noted that if welding quality can be controlled in real time from the
beginning of the welding process by monitoring different types of sensors, material and
energy savings of more than 10% can be achieved in manufacturing [65].
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5. Automation of Welding Process

Automated robotic welding is the set of computerized elements or processes which,
thanks to the most advanced technological applications and a controlled discipline based
on the use of electromechanical systems, manages to minimize or even eliminate human
participation in the robotic welding process and obtain a series of global benefits from
the process, such as reduction of time, costs, effort, resources, human error, and welding
defects, thereby optimizing plant space and clearly improving productivity and quality.
Furthermore, prior to the automated welding operation and before moving on to the design
phase, a series of important characteristics must be defined for this process as follows:

1. Type of welding to be used. Data obtained that depends on the type of material to be
welded and its resistance.

2. The number of parts to be welded, size, and weight. This influences the degree of
complexity of the welding tooling and the range and trajectory of the robot.

3. The thickness of the sheets.
4. Amount of weld to be applied.
5. Cycle time of the process.

Once these characteristics have been defined, it is convenient to have virtual tools to
simulate the welding process, which will allow us to check the feasibility of the process and
validate the phases of the design. By means of simulation, the process can be reproduced in
a virtual 3D environment, as seen in Figure 10, in order to optimize the space in the factory,
the use of its resources, and operation times, reducing start-up costs and avoiding possible
surprises in the implementation phase. Once the design has been validated, it has to be
implemented for weld fabrication.

Figure 10. The communication scheme of the MRVF tele-welding hardware apparatus (reprinted
from [117]).

Once the welding process has been automated, software must be available to guide the
process in order to control and measure it, then extract data for evaluation and improvement.
With all these concepts, implementing automation in welding only represents gains and
benefits, so automating is a safe and profitable option. However, there are also a number of
problems, among which the most common of which are as follows [22]:

• The need to compensate for inaccuracies in workpiece fixtures.
• Variations in the dimensions of the workpiece.
• Imperfect edge preparation.
• Thermal distortions in the process.
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Such problems can be effectively solved with the use of sensory feedback signals from
the weld joint. Therefore, the various existing sensors, already explained in Section 4, play
an important role in automated robotic welding processes, which, among other functions,
mainly have to track the joint, monitor the weld quality during the process, and take into
account the variation in joint location and geometry. In addition, various sensors can be
used for the detection and measurement of various process characteristics and parameters,
such as joint geometry, weld pool, and location, and for on-line process control. The
following items are some of the utilities realized in automation:

• Automatic controllers have been developed for the layer-by-layer arc deposition pro-
cess. As a result, a software interface has been implemented to adjust the parameters
of an automatic controller [14].

• The development of a versatile and easily automatable process for the development of
optimal weld joint characteristics by controlling the pulse parameters [27].

• Developing intelligent systems for the automation of the welding process for the
implementation of an artificial neural network, used to improve computer vision
based on photogrammetry and sensor fusion monitoring using fuzzy logic [92].

• Development of an automated additive manufacturing software system based on
robotic arc welding from CAD to the finished part [77]. The system contains several
modules, including bead modeling, cutting, deposition path planning, weld fitting,
and post-process machining.

• Monitoring, control, and the framework of an automated system [21]. A framework
for the sensor-based feedback monitoring and control system is proposed to improve
its accuracy, reliability, and efficiency in order to identify and reduce defects.

With the automation process, manufacturing times, energy consumption, and possible
defects during the welding process are reduced, thus increasing productivity and, most
importantly, improving the quality of the weld, the final product, and customer satisfaction.
Figure 11 shows the difference and improvement in quality through the automation of
welding processes.
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6. Robotic Laser Welding and Laser-Arc Hybrid Welding

Laser welding and laser-arc hybrid welding are widely used in various industries
because of their advantages, such as high welding speed, low distortion, and small heat-
affected zone. However, monitoring and modeling techniques are essential for quality
control and optimization of the welding process. In this regard, the following papers have
contributed to the advancement of inspection, modeling, and monitoring techniques for
laser welding and laser-arc hybrid welding.

In [118], the authors presented a comprehensive study of the dynamics of laser weld-
ing keyhole and molten pools at different penetration statuses. They used a combined
numerical and experimental approach to investigate the relationship between laser power,
welding speed, and the size of the keyhole and molten pool. The study highlights the
importance of modeling and simulation in understanding the complex welding process.
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In [119], the authors investigated the dynamic features of surface plasma in high-power
disk laser welding. They used a high-speed camera to capture the plasma during the
welding process and analyzed its spectral characteristics. The study provides insights into
plasma behavior and its influence on the welding process.

In [120], the authors proposed a neural network-based monitoring system for high-
power disk laser welding. They used plume and spatter signals as inputs to the neural
network and achieved high accuracy in detecting welding defects. The study demonstrates
the potential of machine learning techniques for the real-time monitoring of welding
processes. In [121], the authors reviewed the recent advancements in welding monitoring
technology based on machine vision. They discussed the challenges and opportunities in
this field and presented several case studies to illustrate the application of machine vision
techniques in welding quality control. The study highlights the potential of machine vision
for improving the accuracy and efficiency of welding inspection. In [122], the authors
proposed a method for detecting tight butt joint welds based on optical flow and particle
filtering of magneto-optical imaging. They used a magneto-optical imaging system to
capture the magnetic field distribution during the welding process and applied optical
flow and particle filtering algorithms to detect the weld seam. The study provides a
novel approach to detecting tight butt joint welds, which are difficult to inspect using
traditional methods.

The application of laser welding to additive manufacturing is of great importance.
Laser metal deposition (LMD) is a popular additive manufacturing technique that uses a
laser beam to melt and fuse metal powder or wire, layer by layer, to create three-dimensional
(3D) parts. LMD has several advantages over traditional manufacturing techniques, such
as the ability to produce complex geometries, reduce material waste, and customize parts.
However, the LMD process also poses some challenges, including the need to optimize
process parameters, minimize defects, and ensure consistent quality.

In [123], the authors investigated the machining process of Inconel 718 parts manu-
factured by LMD. They analyzed the microstructure, mechanical properties, and surface
roughness of the parts and compared them to those of conventionally manufactured parts.
The study revealed that the LMD parts had a refined microstructure, improved mechanical
properties, and lower surface roughness than conventionally manufactured parts. However,
the LMD parts also had defects, such as porosity, that needed to be addressed. The study
highlights the importance of process optimization and quality control in LMD. By analyzing
the machining process and identifying the sources of defects, the authors were able to
suggest strategies for improving the quality and consistency of LMD parts. The study also
demonstrates the potential of LMD for manufacturing high-quality parts with advanced
materials, such as Inconel 718, which are difficult to machine using traditional methods.

Overall, these papers demonstrate the importance of inspection, modeling, and moni-
toring techniques for laser welding and laser-arc hybrid welding. They provide insights
into the complex welding process and present novel approaches to quality control and
optimization of the welding process.

7. Synthesis and Conclusions

Robotic welding is a highly efficient and consistent process that is widely used in
many industries. However, even with the use of automated machines, defects can occur
during the welding process that may compromise the quality and integrity of the welds.
Common defects that can occur in robotic welding include cracks, porosity, undercuts,
spatter, anode patterns, lack of fusion, and poor penetration.

To prevent these defects, it is important to take appropriate measures before and during
the welding process. This can include choosing the appropriate welding method, materials,
and parameters for each application. Further, performing regular inspection, maintenance, and
calibration of robotic welding equipment, using proper shielding gas type, flow rate, and nozzle
size, cleaning and preparing surfaces before welding, controlling heat input, travel speed, and
interpass temperatures, and avoiding excessive stress, distortion, or hydrogen absorption.
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In addition, it is important to address each specific defect appropriately. For example,
to prevent cracks, proper filler materials should be used, and the weld area should be
pre- and post-heated. To avoid porosity, the weld area should be cleaned, and adequate
shielding gas flow and pressure should be used. To prevent undercuts, the choice of
appropriate welding parameters is absolutely essential, and joint preparation should be
done correctly. By taking these measures, defects can be prevented, and high-quality welds
can be achieved using robotic welding.

Throughout the sections on inspection, modeling, monitoring, and automation, it is
clear that there is a close interrelation between all of them, which means that if we want to
carry out automated welding with the highest possible quality and no defects, we must
take into consideration each and every one of the relevant aspects of each one of them.

In order to be able to carry out good automated welding, we must have programmed
in advance the appropriate development of the modeling to be carried out so that once
the welding process has begun, it is monitored in situ by various types of sensors, which
will, when connected to software and neural networks, control the process parameters,
predicting whether the final weld is optimal or may have a defect. If the prediction of the
modeling during welding is that it may lead to a defect, this modeling must act to correct
the process parameters to avoid the occurrence of any type of defect.

The conclusion is that the objective of this robotic welding production process for
metallic materials is to carry out welding with excellent quality, as symmetrical and perfect
as possible, optimizing times in the manufacturing processes. Operations must be carried
out with consideration for the workers, materials, and energy consumption to reduce costs
and generate the greatest possible economic benefit. We must also remember to respect the
environment and prevent accidents by attending to the prevention of occupational hazards
and focusing our attention on future cutting-edge services. Some examples of the latter
are intelligent systems, big data analysis, artificial vision, and technological updating to be
connected to the network (IoT).

8. Challenges and Future Directions

One of the main global challenges for the future in automated welding is to be able
to develop software that brings together the entire welding process from start to finish.
For this, it is essential to have sufficiently developed programs and applications that
can simulate this sequence before starting the manufacturing process. Creating these
simulations will be a major challenge but will lead to very safe methods for carrying out
welding without defects.

Another of the main global challenges for the future to be promoted is the change
towards intelligent welding processes, and this involves a major development and control
of the characteristic parameters of the process in each phase as follows:

1. Inspection: applying the most advanced technologies for detecting any defects, if
possible, in the previous stages.

2. Modeling: tending towards simple and dynamic modeling but with real-time effects.
3. Monitoring: use of artificial vision systems to model parameters through predictive

control algorithms. Furthermore, the data sent by the different sensors used in this
monitoring is transferred to controllers that are displayed on mobile devices or work-
stations that can be studied anywhere in the world. The integration of the “internet of
things” in welding manufacturing is poised to revolutionize the industry, bringing
increased efficiency and productivity to the forefront.

4. Automation: developing intelligent systems.
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