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Abstract
With the increase of automatic welding system employed in the manufacturing industries, the selection of
optimal welding parameters must be more specific to ensure that quality is obtained. Furthermore, it is necessary
to have a suitable model that establishes the interrelationship between welding parameters and bead geometry
to get the desired weld ability as quality since it is a complicated process, which involves interactions of thermal,
mechanical, electrical and metallurgical phenomenon. Many researchers have reported theoretical, numerical,
empirical and AI models to give the optimal welding conditions for GMA(Gas Metal Arc) welding process. In
addition, controlling the welding parameters plays an important role in ensuring the quality of the weld. However,
there is a need to comprehensively review the GMA welding process in terms of different independent and dependent
welding parameters for the purpose of modeling and optimization of GMA process. In this paper, several experimental
design and optimization methodologies are reviewed and discussed with current literature on experimental design,
multiple regressions analysis, the neural network, fuzzy logic, and genetic algorithm to improve the quality
of weldments. This review underlines the need of development of appropriate nature inspired algorithm for the
optimization of such advanced manufacturing process.
Key Words : GMA(Gas Metal Arc) welding process, Optimization, Welding parameters, Bead geometry

1. Introduction
Generally GMA welding process is today accepted as
the preferred joining technique and commonly chosen
for assembling most large metal structures such as automotive, aircraft and shipbuilding due to its joint strength,
reliability, and low cost compared to other joint processes1). The demand to increase productivity and quality, the shortage of skilled labor and safety requirements
finally led to the development of the automatic GMA
welding process to deal with many of the present problems of the welded fabrication. Recently, a new way of
thinking to meet the global competition and the survival
of products in the market, is concentrated on improving
the existing technology and developing products at economical price. It means not only to invest in developing
the new equipment, but also to effectively control the
welding parameters involved in any manufacturing
process. Those welding parameters must be measured,

controlled and optimized to get the desired and valuable
outputs as those parameters vary for the different type
of the arc welding process chosen. Optimization depends upon the ability to measure and control the welding parameters involved in GMA welding process2).
Consequently, incorrect settings of those welding parameters give rise to deviations in the welding characteristics from the desired bead geometry. With the advance of the automated GMA welding process, processing optimization which selects the welding procedure
and predicts bead geometry that will be deposited, has
been increased. A major concern involving optimizations
should define a welding procedure which can be shown
to be the best with respect to some standard and chosen
combination of welding parameters which give an acceptable balance between production rate and the scope
of defects for a given situation3). Typical welding optimization can be established by making a record of all
the welding parameters, defining a critical range, and
specifying desired parameter values.
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Several models4-9) which can be programmed easily
and fed to the robot, should be developed to make effective use of GMA welding process. It should also
give a high degree of confidence in predicting the bead
dimensions and shape to accomplish the desired mechanical properties of the weldment. Those models to
control welding quality, productivity, micro-structure
and weld properties in GMA welding processes have
been studied7). However, it is not an easy task to apply
them for the various practical situations because not only the relationship between the welding parameters and
the bead geometry is non-linear, but also they are usually dependent on the specific experimental results10).
Practically, it is important to know how to establish a
model that can apply for the actual GMA welding process and how to select the optimum welding condition
under a certain constraint.
In this paper, a comprehensive literature review of
these techniques to study interrelationship between input and output parameters and to optimize the welding
parameters on the final weld quality by various experimental techniques for GMA welding process was
presented. A brief discussion on recent publications on
experimental, empirical and AI techniques by different
researchers is also included. To fully understand the influence of welding parameters on bead geometry in
GMA welding process in this paper, not only experimental
design and multiple regression analysis but also neural
networks, fuzzy logic theory and genetic algorithm were
employed to investigate relationship between the welding
parameters and bead geometry, and to give information
for selecting the best algorithm model to control the
bead geometry as weld quality. Every effort has been
made to cite the most recent developments.
The review of a variety approaches developed would
help to compare their main features and their relative
restrictions to allow choosing the most suitable algorithm for a particular application.

2. GMA Welding process
2.1 Welding Parameters
GMA welding process, one of the oldest and fastest
growing metal joining processes, has been an important
component in Korea's economy because of the progress
made in welding equipment, wires and design. The
method, sometimes called Metal Inert Gas(MIG) welding process, is a welding process which yields coalescence of metals by heating with a welding arc between a continuous filler metal(consumable) wire and
the workpiece11). The continuous wire wire which is
drawn from a reel by an automatic wire feeder, and then
66
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Fig. 1 Experimental setup for bellows plasma welding11)

fed through the contact tip inside the welding torch, is
melted by the internal resistive power and heat transferred from the welding arc. As shown in Fig. 1, heat is
concentrated by the welding arc from the end of the
melting wire to molten weld pools and by the molten
metal which is being transferred to weld pools. Molten
weld pools and wire wire are protected from contaminants in the atmosphere by a shielding gas obtained
from an externally supplied Ar, CO2, or mixtures Ar
with O2, H2, He, or CO2 in various combinations12).
Applications of the GMA welding process have ranged
from joining thin section pipelines to assembling large
metal structures such as pressure vessels, bridges, cars,
trains and nuclear reactors.
However, a major difficulty in the procedure optimization
is many welding parameters involved. The welding parameters which could affect bead geometry and overall
weld quality during the GMA welding process could be
classified into three categories13). For achieving satisfactory
bead geometry and studying the effects of those parameters which definitely affect the metal transfer mode and
the amount of heat input to the workpiece, it is essential
to control the above welding parameters. Welding parameters in GMA welding process are generally welding current, polarity, arc voltage, welding speed, wire
extension, wire orientation, weld joint position, wire diameter, shielding gas composition, gas flow rate, material composition and material thickness. Furthermore,
relationships between welding parameters and the bead
geometry are complex so that the required control system will be dependent on a realistic model of the GMA
welding process because the welding parameters are interdependent and the effect of one welding parameter
might affect another14).
wire type and shielding methods are usually the basic
considerations and dictated by the required weldment
mechanical properties. wire size is related to bead geometry, while the welding current is recommended for a
particular job and the number of passes. wire polarity is
Journal of Welding and Joining, Vol. 36, No. 1, 2018
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initially established and based on whether maximum
penetration or maximum deposition rate is required.
Weld pool shape and magnitudes depend on the heat input involved that in turn, relies upon welding parameters15). Welding current and welding speed dominate the
bead penetration for single pass welds. The selection of
welding current and welding speed are based on wire
size. Furthermore, arc voltage which dominates the bead
width, has an influence on the bead penetration since it
controls the arc shape16). A controller in the automatic
GMA welding system is used to control wire feed rate,
arc current and welding voltage. In some cases, it is also employed to control the gas flow rate17).
Since the wire feed rate and arc length are controlled
by the power source, but the travel speed and wire position are under manual control, the welding process is
often referred as a semi-automatic process, The process
can also be mechanized when all the welding parameters are not directly controlled by a welder, but might
still require manual adjustment during welding. When
no manual intervention is needed during GMA welding
process, the process can be referred to as automatic.
Consequently, trainee welders are referred to the tabulated information relating different metal types and
thickness to recommend the desired values of welding
parameters18).

2.2 Bead Geometry
Basically, the bead geometry plays an important role
in determining the GMA mechanical properties of the
weld. So it is very important to select the welding parameters for obtaining optimal bead geometry. However,
it is difficult for the traditional identification methods to
provide an accurate model because the optimized welding process is non-linear and time-dependent19). Generally,
bead geometry for GMA welding process depends on
the amount and distribution of the input energy on the
workpiece surface20-21). In the GMA welding process,
heat and mass inputs are coupled and offered by the
welding arc to weld pools and by the molten metal
which is being transferred to weld pools as indicated in
Fig. 2. The amount and distribution of the input energy
are basically controlled by the distinct and cautious
choice of welding parameters to achieve the optimal
bead geometry and the desired mechanical properties of
the weldment.
Kim22) tried to study the classification of bead geometry for GMA welding process in details. Fig. 3 gives a
schematic representation with definition of bead dimensions. Also, he investigated the effects of the welding
parameters on the resultant GMA welding, a number of
output parameters called bead geometry were measured
대한용접․접합학회지 제36권 제1호, 2018년 2월
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from the specimens of the workpiece. A definition of
bead geometry, as the basic of a control system for the
automatic GMA welding process, describes its shape
and derives other dimensions which should be meaningful in determining the acceptability of the weld.
These parameters also determine the basic mechanical
properties of the weld and the basic stress handling capabilities of the joints. In such automated applications,
a precise means of selection of the welding parameters
and control of bead geometry has become essential because mechanical strength of weld is influenced not only by the composition of the metal, but also by the bead
shape23).
The acceptable bead geometry depends on factors such
as line power which is the heat energy supplied by an
arc to the base plate per unit length of weld, welding
speed, joint preparation, etc. This may be achieved by
the development of mathematical expressions, which can
be fed into a computer, relating the bead dimensions to
the important welding parameter affecting these dimensions
24-26)
. Also, optimization of the welding parameters to
control and obtain the required shape and quality of
weld beads is possible with these expressions.

3. Optimization of Welding Parameters
3.1 Experimental Design
In experiments with many factors, each combination
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of the levels of the factors is referred to as a treatment.
When the same numbers of response observations are
taken for each of the treatments of an experiment, the
design of the experiment is said to be balanced27-28). In
full factorial experiments, all of the factors and their interactions are investigated, whereas all interactions in
fractional factorial experiments, are not considered because not all treatment combinations are run. In addition, the orthogonal property is important since it eliminates correlation between the estimates of the main effects and interactions29). To reduce the number of experiments to a practical level, only a small set from all
the possibilities is selected. The method of selecting a
limited number of experiments which produces the most
information is known as a partial fraction experiment.
Although this method is well known, there are no general guidelines for its application or the analysis of the
results obtained by performing the experiments.
Many efforts30) for optimization of GMA welding
process have been done to develop the analytical and
numerical models to study these relationships, but it
were not an easy task because there were some unknown, nonlinear welding parameters. For this reason,
it is good for solving this problem by the experimental
models. One of the experimental models was a factory
design that was utilized to establish the empirical models for various arc welding processes30-31). Datta et al.32)
employed a 33 full factorial design, have been conducted with 3 levels of 3 welding parameters: welding
current, welding voltage, and wire extension. The analysis of variance(ANOVA) was employed to evaluate
quantitatively the significant of the main and interaction
effects of 3 welding parameters on bead volume.
The effects of welding parameters were also represented graphically and it is shown that these welding
parameters were to represent significant effects on bead
volume. The main and interaction effects of the welding
parameters on bead geometry was determined quantitatively and presented graphically. Furthermore, Gunaraj
et al.33-34) employed was designed based on a four factor
five level factorial central composite rotatable design.
ANOVA analysis was effectively used to test the adequacy of the all the developed models. Recently, the
Taguchi method has become the most powerful tool for
improving productivity, quality, and at the same time reduce development interval during research and development35). The technique of laying out the conditions of
experiments involving multiple factors was first proposed by Hargopal et al.36).
Also, the method37) has been developed a set of techniques based on statistical principles and utilized engineering knowledge as shown in Fig. 4. This method68
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ology uses a special set of arrays called orthogonal arrays as an effective experimental design tools for greatly reducing the size of experiments while still achieving
new insights as well as improving product designs and
process productivity. In order to measure the quadratic
loss function, Taguchi introduces the signal-to-noise(S/N)
ratios for measuring the quality through orthogonal array based experiments so that he most economical experimental design in terms of high accuracy and fast
convergence speed at the smallest development cost can
be accomplished. A class of statistics called S/N ratios
has been defined to measure the effect of noise factors
on performance characteristics. With the help of the
Taguchi, optimization can be obtained and reduced a
computer system's response time under a specified range
of load and environmental conditions. This was achieved by simultaneously studying a large number of system parameters, not studying one parameter at a time38).
Since the bead geometry plays an important role in determining the welding mechanical properties, Taguchi
method is also recently used to achieve optimal geometry.
Tarng et al.4) employed Taguchi methods for the optimization of welding parameters in hardfacing with considerations of multiple weld qualities. Esme et al.39) presented the selection of welding parameters by using
Taguchi method for obtaining optimal bead geometry in
the stainless. They also represented that this approach
provides an effective means to enhance the prediction
of the quality characteristics such as front- height, frontwidth, back-height and back-width of the weld pool. To
consider several quality characteristics together, a
weighting method40) is proposed to integrate the loss
functions of many welding parameters into overall loss
function to solve the problem proposed above. The value of the overall loss function is further transformed into one S/N ratio.

3.2 Empirical Models
Modeling of phenomena for the GMA welding process
has been a major preoccupation over the years, and literature abounds with relationships between welding parameters and bead geometry as welding quality for the
purpose of representing the essential aspects of a specif-
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of wire polarity, extension, wire diameter, welding current, arc voltage, travel speed, power source characteristics and flux basicity on the weld deposit area. The results of their experiment indicated that a small-diameter
wire, long wire extension, low voltage and high welding speed produce a large deposit area, whereas the
power source and flux type do not seem to have any
significant effect on the weld deposit area. Recently,
Park et al.49) carried out to study relationship between
the process parameters and the bead geometry.
The quantitative effect of welding parameters on bead
geometry was calculated using sensitivity analysis, and
thus critical parameters can be identified and ranked by
their order of importance. Kim et al.50) applied the effects of the welding parameters on the back-bead geometry in the vertical and overhead positions of pipe
welding. The experimental results were employed to
develop the empirical models to the selection of optimal
welding condition for the root-pass welding and verity
the significance in the developed empirical model. Kim
et al.51) performed the statistical analysis of a generalized regression approach which was conducted by using
the linear regression response surface analysis to develop relationship between welding parameters and bead
width as welding quality and showed the results as indicated Fig. 5.

3.3 Neural Network Models
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Neural Network(NN), an information processing paradigm which is inspired by the biological nervous systems, is expected to be widely applied in vision, decision-making, signal processing, and quality control
systems. Many important advances have been boosted
by the use of inexpensive computer emulations. These
pioneers were to develop convincing technology which
surpassed the limitations identified by Minsky and
Papert52). In recent years, the neural network has become a very powerful technique to develop a model to
express interrelationship between the input and the output of complicated systems2). The key benefit of a neural network in the domain of engineering design and
group technology is its ability to store a large set of paBack-bead width(mm)

ic system, in such a way that knowledge can be employed for the process optimization1). A common approach to establish these values is through the trial and
error method. Such a method is a time consuming and
expensive process and can lead to the premature termination of the design process2). With the advance of the
automatic GMA welding process, procedure optimization which selects the welding procedure and predicts bead geometry has been increased. Typical welding optimizations can be established by making a record
of all the parameters, defining a critical range, and specifying desired parameter values20).
An earlier attempt to welding optimization, called a
tolerance box, was developed to preserve all the compiled information, to allow a rigorous determination of
the effects on the quality of any modification of the
welding parameters, and to offer a well-informed choice
of the welding parameters in terms of the constraints
imposed by the production process41). Nevertheless, this
approach required a large number of tests, and was
found to be impractical for process control purposes
when dealing with more than three welding parameters.
Such a work published before 1978 was summarized by
Shinoda and Doherty15). McGlone42) and McGlone and
Charwick43) reported the mathematical analysis of the
relationship between welding parameters and bead geometry for square edge close butts. Similar mathematical relationship between welding parameters and weld
geometry for the GMA welding has also been reported44-51).
The situation has been altered recently with the advent
of increasing computer efficiency and better understanding of the usefulness of statistically designed experimentation based on factorial techniques44) which
can reduce cost and provide the required information
about the main and the interaction effects on the response factors. Such techniques for establishing relationship between welding parameters and bead geometry have been reported for the GMA welding process to
accomplish control over arc behavior for fully automatic welding process. Multiple regression analysis, as
one of the most important statistical techniques can be
employed in the welding process control based on the
analysis of the control parameters themselves45). The investigation of relationship between welding parameters
and bead geometry as welding quality has begun in the
mid-1900s, and regression analysis was applied to bead
geometry research in 1987 by Raveendra and Parmer46).
Chandel47) first applied this technique to the GMA
welding process and investigated relationship between
welding parameters and bead geometry of bead-on-plate
welds deposited. Also, Yang et al.48) first extended their
study to the weld deposit area and presented the effects
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rameter patterns as memories for the system which can
be later recalled.
As it is recalled, these memories will be excited with a
key pattern containing information on a particular member of a stored pattern set. Additionally, the neural network has learning and generalization capabilities so that
the prediction of the correlation between the input as
the examples and the expected output can be established systematically. After a certain amount of training
process, the neural network can generate appropriate
output in response to new input53). This capability guarantee the neural network to be a useful tool in many applications in the current manufacturing industry covering the design phase through control, monitoring and
scheduling to quality assurance54).
Many researchers55-61) have attempted to employ the
neural network to model the various applications in the
arc welding area. Juang et al.55) explored the back-propagation and counter-propagation networks to associate
the welding parameters with the features of the bead geometry, and concluded that the counter-propagation network has better learning ability than the back-propagation network. Nagesh and Datta56) applied the backpropagation neural network to predict the bead geometry.
They claimed that the neural network constitutes a
workable model to predict the bead geometry under a
given set of welding conditions. Also, Li et al.57) modeled the non-linear relationship between the geometric
variables and welding parameters using the Self-Adaptive
Offset Network(SAON). Tarng et al.4) studied relationship between welding parameters and the features of the
bead geometry58-59).
Using a back-propagation neural network, they successfully applied a global optimization algorithm to obtain the welding parameters with the optimal bead geometry based on an objective function. Jeng et al.60)
predicted the welding parameters in laser butt welding
using the back-propagation and Learning Vector Quantization (LVQ) neural network. They considered the input
parameters of the neural network to be workpiece thickness and welding gab, while the output parameters was
to be the optimal focused position, acceptable welding
parameters. Kim et al.61) used the back-propagation neural network to predict bead geometry for GMA welding
process. They have shown that the design parameters of
the neural network can be chosen from an error analysis, and the developed neural network model can predict
the bead geometry with reasonably high accuracy.
They were concluded that the developed neural network was very useful to select suitable welding parameters and to avoid the inappropriate welding design. Son
et al.62) verified intelligent models for the lab joint in the
70
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robotic GMA welding process by neural network algorithm.
Two neural network models which based on BP and
LM neural networks, have been developed for studying
the effects of process parameters on bead height as
welding quality. They successfully applied an artificial
intelligence algorithm to obtain the welding parameters
with the optimal bead height based on an objective
function. Thao et al.63) develop new algorithms based
on a full factorial design with two replications to investigate the effects of welding parameters on top-bead
width as a function of key output parameters in the robotic GMA welding process. Son et al.64) explored the
back-propagation and Levenberg-Marquardt network to
associate the welding parameters with the features of
the bead width, and concluded that Levenberg- Marquardt
networks has better predicting ability than the backpropagation network as shown in Fig. 6.
However, previous most studies as the off-line type
models developed for prediction of the bead dimensions
for welding quality have been concentrated13). Off-line
learning cannot be carried out with new data that acquired
at real-time, but on-line learning has a incremental
learning method so that on-line learning neural network
can be learned with new data during running of neural
network model. For the development of full automatic
GMA welding system, it should be solved that the predicted model and various sensing system are applied to
measure welding quality for searching a reliable sensors.
So, the real-time control and monitoring techniques
have recently been applied on various welding process65-67).
Especially, many researchers have been developed the
real-time predicted model for welding quality using AI
methods such as neural network, fuzzy theory66-67). Until
now, nobody has attempted to apply on-line learning neural network for the automated arc welding process. Online learning neural network is generally different learning method from off-line learning method which has a
bath learning method. Recently, on-line learning neural
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network model with optimal architecture of neural network using genetic algorithm is proposed to be applicable for the real-time prediction of bead geometry68).
The on-line learning neural network has been carried
out a learning each time data acquired so that on-line
learning neural network has a good adaptability more
than off-line learning neural network on the other welding circumstances. Also, Kim et al.69) have attempted to
employ the isothermal radii to model the various applications of bead geometry in the GMA welding. The
possibilities of the Infrared camera in sensing and control of the bead geometry in the automated GMA welding process are presented. Both bead width and thermal
images from infrared thermography are affected by
welding parameters as presented in Fig. 7.

3.4 Fuzzy Logic Theory
Fuzzy logic theory has also been used widely in industry nowadays. During the first decade, many mathematical structures were developed by generalizing the
underlying sets to be fuzzy70). These structures include
logics, relations, functions, graphs. An example of a classical set and a fuzzy set is indcated in Fig. 8, where the
vertical axis represents the degree of membership in a
set71). A study on phenomena of the GMA welding process
has been a major concern over the years. To describe the
essential aspects of a specific system, the investigation
of relationship between welding parameters and bead
geometry as welding quality has been concentrated until
now. But traditional theoretical techniques were too preMembership
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cise for many complex real-world problems so that fuzzy logic, a part of AI technologies, seems to be a convenient tool to solve problems in some imprecise way72).
Fuzzy set theory, in which vague conceptual phenomena can be precisely and rigorously studied, can be considered as a modeling theory well suited for situations
in which fuzzy relations, criteria, and phenomena exist71). Liao et al.74) applied the fuzzy clustering technique to classify and verify the quality of aluminum welds
based on the bead geometry. This technique was also
employed to improve the welding quality75-77). Kuo76)
using fuzzy theory coupled with image processing techniques to analyze the weldment and to send an appropriate control signal to the numerical control machine to
correct the fully automatic GMA welding process.
In his study, fuzzy theory and edge-operator-detection
methods were then used to generate the gray level feature factors and the membership function of the image
of the actual weldment and welded seam obtained by
CCD equipment. This information was input into decision-making logic, which through linear regression, determines the correct weldment. Li and Srikanthan78)
combined both fuzzy logic control and NN techniques
together and employed this novel technique to control
the GMA welding process. This technique employed
overcomes limitations such as the dependency on the
experts for fuzzy rule generation and non-adaptive fuzzy set. The adaptations of membership function as well
as the self-organizing of fuzzy rule are realized by the
self-learning and competitiveness of the NN.

3.5 Genetic Algorithm
Stochastic search methods have been employed to
solve a difficult problem in science, that’s how to find
out a vector in vector space Rn (n>3) that can satisfy
some constraints and provide the optimization. Normally
GA(Genetic Algorithm), one of the stochastic search
methods, was a powerful tool to solve the optimization
problems especially in various welding process. The algorithm encodes a potential solution to a specific problem on a simple chromosome such as data structure,
and applies recombination operators to these structures
so as to preserve critical information. Correia et al.79)
utilized GA to select the near-best values of welding parameters based on geometric characteristics. Canyurt80)
developed the Genetic Algorithm Welding Strength
Estimation Model(GAWSEM) to estimate the mechanical properties of the welded joint for the brass materials.
Correia et al.81) focused on comparison between GA and
RSM in determination of the suitable welding parame71

Ill-Soo Kim, and Min-Ho Park

72

ters in GMA welding process.
Meran82) represented Genetic Algorithm Welding Current
Estimation Model(GAWCEM) and Genetic Algorithm
Welding Velocity Estimation Model(GAWVEM) to predict the arc current and welding speed according to the
welding environment for the brass material. Kim et.
al.81) represents a new algorithm to establish a mathematical model for predicting top-bead width through a
neural network and multiple regression methods, to understand relationship between welding parameters and
top-bead width, and to predict welding parameters on
top-bead width in robotic GMA welding process. Using
a series of robotic GMA welding, additional multi-pass
butt welds were carried out in order to verify the performance of the multiple regression and neural network
models as well as to select the most suitable model.

4. Conclusions
In the present work, various techniques for the optimization of welding parameters and the effects of welding parameters on the bead geometry as welding quality
in GMA welding process are studied and reviewed.
Taguchi analysis can provide definitive information if
there is only one response but it does not deal with situations where a number of responses are to be optimized.
The summary of research works performed shows that
conventional techniques and AI techniques are successfully employed in optimization of welding parameters
on bead geometry. In addition, experimental design and
optimization are presented to give the experimentalist
useful tools in the real experimental situation, as well as
the necessary theoretical background.
The observation can be utilized as a guideline document for future research in carrying out optimization of
GMA welding process. Form the above presented review of optimization of GMA welding process, it is evident that many researchers applied various methodologies to study the complex interaction of different independent process parameters, but there are no studies
that report the application systems engineering concepts
such as real-time control techniques for GMA welding
process.
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