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ABSTRACT

Friction Stir Welding (FSW) is a joining technique mostly used in aluminum alloys. The process includes
multiple factors and control parameters, optimizing the quality of welds, enhancing efficiency, and
reducing defects. This study examines different approaches used in FSW, such as the Taguchi method,
Response Surface Methodology (RSM), Factorial Design (FD), numerical simulations and computational
models, like Finite Element Analysis (FEA), Computational Fluid Dynamics (CFD), Artificial Neural
Networks (ANN), and Genetic Algorithms (GA). The study also proposes the development of advanced
simulation models and the integration of Artificial Intelligence (AI) for real-time process control.

Keywords-Friction Stir Welding (FSW); optimization; weld quality; Taguchi method; Response Surface

Methodology (RSM); Factorial Design (FD)

I.  INTRODUCTION

FSW is recognized for its advantages over the traditional
fusion welding methods, because it does not use filler
materials, thereby ensuring a better weld quality, minimal
distortion, and enhanced mechanical properties. This makes it
suitable for applications in the aerospace, automotive, and
marine industries [1, 2]. In the FSW process, a rotating tool—
consisting of a pin and a shoulder—is inserted into the joint
between the workpieces. As the tool revolves, frictional forces
generate substantial localized heat, which softens the material
without melting it. Concurrently, the shoulder exerts pressure,
while the pin mechanically stirs and mixes the softened
material, forging it through plastic deformation. This process
eliminates issues, such as porosity, cracking, and excessive
distortion that are commonly associated with fusion welding [3,
4]. Figure 1 presents a diagram of the process using
SolidWorks, showing the complexity of the method due to
multiple parameters that must be taken into consideration,

including the tool rotational speed, welding speed, axial force,
tool geometry, and tilt angle.

These parameters influence the weld quality, efficiency,
and defect formation, necessitating systematic optimization
strategies [5, 6]. Conventional optimization methodologies,
including the Taguchi method, RSM, and FD, have been
extensively used to ascertain the optimal process parameters,
thus enhancing the mechanical properties and reducing the
defects [7-9]. However, these conventional methods often fail
to capture the nonlinear interactions among variables, leading
to the exploration of advanced computational techniques, such
as FEA and CFD, in order to achieve more precise predictions
of temperature distribution, material flow, and residual stresses
[10-12]. Advancements in FSW research led to the utilization
of Machine Learning (ML) and AI techniques to enhance
process modeling and optimization. ANN can be employed to
predict the weld strength and defect occurrence based on input
parameters, exhibiting high accuracy in process modeling [13].
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Furthermore, GA is used for multi-objective optimization,
balancing conflicting requirements, such as maximizing the
weld strength while minimizing the energy consumption [14].
The usage of Al techniques has led to substantial advancements
in the adaptability and precision of the Finite-State Machine
(FSM) parameter optimization. Al-driven models have been
developed to optimize the FSW parameters, significantly
enhancing the weld quality and efficiency by leveraging
predictive algorithms [15]. FEA simulations have been used to
analyze the thermal profiles in FSW, resulting in improved heat
management and defect minimization by accurately modeling
temperature  distribution and material behavior [16].
Furthermore, CFD analysis has been deployed to simulate the
material flow during the welding process, helping to prevent
defects, such as voids and incomplete fusion, by optimizing the
tool design and process conditions [17]. Multi-objective
optimization frameworks have been developed to enhance
numerous welding objectives, including balancing the
mechanical strength with energy efficiency and ensuring an
enhanced process performance across diverse materials and
conditions [18]. ANNs have been also utilized to estimate the
weld quality based on input parameters, reducing the reliance
on trial-and-error experimentation and streamlining process
optimization [19]. GAs have been used to refine the FSW
process settings, improving weld integrity through iterative
optimization [20]. Future research must focus on real-time
process monitoring, adaptive control systems, and further
integration of Al-driven predictive models to enhance the
reliability and efficiency of FSW applications. This study
examines the optimization strategies used in FSW, comprising
trial-and-error methodologies and contemporary computational
techniques. Furthermore, it examines the challenges related to
the FSW optimization, including the significance of calibrating
parameters that are specific to materials and the complexities
involved in modeling the interactions between multiple
variables. Finally, it addresses the prospects of using Al
systems for real-time process monitoring and the advancement
of simulation models to better predict the FSW outcomes

across various scenarios.
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Fig. 1. Schematic representation of the FSW process, illustrating the
interaction between the rotating tool, the workpiece, and the resulting joint
formation.

II. OPTIMIZATION APPROACHES IN FSW
A. Experimental Design Approaches

1) Taguchi Method

The Taguchi method is a statistical technique that has
proven to be effective in optimizing the processes involving
multiple parameters. This method is of particular significance
in engineering and manufacturing industries because it employs
orthogonal arrays to systematically search for the best
combination of factors and their levels. However, it should be
noted that only a few experiments are required to reach the
finest outcomes [21]. The Taguchi method is based on the
principle of minimizing the product variations with the
objective of enhancing quality. This is accomplished by
maximizing the signal-to-noise ratio. This ratio is a critical
metric for assessing the impact of these significant variations
on the performance of a process. It facilitates the establishment
of parameters that ensure stable and reliable results [22].
Authors in [23] used the Taguchi method to optimize the FSW
parameters for the AA6061 aluminum alloy. The findings
indicated that this method effectively enhanced properties, such
as strength and hardness, while concurrently reducing the
welding flaws, including porosity and surface roughness.
Authors in [24] employed the Taguchi method for FSW trying
to minimize the Heat-Affected Zone (HAZ) distance proximate
to the weld line and to reduce the peak temperature. This
objective was accomplished by employing a Taguchi
optimization approach in conjunction with a finite element
model for temperature fields. Authors in [25] validated the
efficacy of this technique in reducing both the HAZ distance
and peak temperature, as evidenced by the simulation trials.
Furthermore, an innovative Analysis of Variance (ANOVA) of
the L9 array indicated that among the factors considered (tool
speed, transverse speed, and axial force), the rotational speed
had the most significant influence on weld quality, followed by
the axial force and transverse speed. The Taguchi method,
which is useful in scenarios where a linear approach to
parameter optimization is sufficient, has been thoroughly
examined [26-28]. However, a notable constraint of the
Taguchi method lies in its limited capacity to adequately model
the nonlinear interactions observed in FSW processes. Given
the tendency of FSW to entail intricate, non-linear
interdependencies among variables, the necessity for a more
dynamic optimization approach is evident.

2) Response Surface Methodology

RSM is a technique used in experimental settings to both
understand and optimize the connections between the input
factors and the resulting outcomes. This technique has proven
useful in processes, such as FSW, where various elements
interact to impact the weld quality [29]. RSM utilizes
mathematical tools to establish a correlation between the input
parameters, including tool rotational speed, welding speed,
axial force, and the desired output characteristics, such as
tensile strength, hardness, and weld quality. RSM has the
capacity to explore the parameter space by creating a response
surface. As shown in [29], alterations in the input variables
result in alterations of the outcome. This methodological
approach enables researchers to identify the combination of
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parameters that either enhances or reduces the desired
outcomes, contingent upon the objectives of their research [30,
31]. For instance, in the context of FSW applications, RSM has
demonstrated efficacy in the optimization of the welding
parameters to enhance the tensile strength while minimizing
flaws, such as porosity and cracks. In contrast, the Taguchi
method, which primarily emphasizes the optimization of
individual or grouped parameters through the usage of arrays,
offers a more refined approach by formulating mathematical
models that examine the interplay among multiple variables.
This enables researchers to understand how alterations in one
variable influence others and the collective outcome of the
process. This understanding is particularly advantageous in the
context of FSW, where the interrelationships among
parameters can be complex and non-linear. For instance, an
increase in the tool rotational speed may enhance the quality of
the weld. However, subsequent increments may result in an
excessive heat input, which, in turn, could compromise the
integrity of the weld. RSM plays an important role in
identifying these points and evaluating the trade-offs between
different parameters [32, 33].

RSM constitutes a tool for optimizing the FSW processes.
Authors in [34] optimized the FSW parameters to enhance the
corrosion resistance of AA2219 aluminum alloy joints. The
findings suggest that the geometry of the tool exerts a
significant influence on the tensile strength and resistance to
corrosion in joints fabricated from friction stir welded AA2219
aluminum alloy. Among the tool profiles that were evaluated,
hexagonal profiles demonstrated significant potential. A
mathematical model was developed to forecast the corrosion
resistance by considering the welding conditions and tool
shapes through an analysis. A simulated algorithm was applied
to optimize the factors in question, with the objective of
enhancing the tensile corrosion resistance. The optimized
settings exhibited a strong correlation with the experimental
results, and graphs were employed to visualize the interaction
and impact of various parameters on the corrosion resistance
[35, 36]. In addition to its optimization capabilities, RSM
allows for the creation of models that simulate FSW under
various scenarios, providing valuable insights for transitioning
from laboratory experiments to industrial settings. This
predictive ability is important in industries, such as aerospace
and automotive manufacturing, where precise control over
welding parameters is critical for ensuring the reliability and
performance of the components [36]. The RSM's capacity to
exhibit relationships and provide precise calculations renders it
a valuable instrument for researchers and engineers committed
to enhancing the weld quality, efficiency, and consistency in
FSW processes.

3) Factorial Design

FD is a method frequently used to optimize processes and
conduct experiments. The Taguchi method prioritizes the
reduction of experiments, while RSM examines the parameter
interactions in depth. In contrast, FD uses an exhaustive
approach, testing all possible combinations of the selected
factors and their levels. This makes it an instrument for
comprehending the interplay among factors, such as tool
rotational speed, welding speed, and axial force during the

FSW process [36, 37]. Although FD is more resource-intensive
than Taguchi or RSM, it helps understand how each factor
individually affects the response variable and how different
factors interact. This becomes valuable in processes, such as
FSW, where various parameters, like the tool rotational speed,
welding speed, and axial force, can interact in ways that
significantly impact the weld quality and overall process
efficiency [37]. In the context of FSW, FD assists in identifying
the relationships between various welding parameters, such as
testing every combination of the tool rotational speed, welding
speed, and tool tilt angle at varying levels. This methodological
framework enables the determination of parameter settings that
optimize the desired outcomes, such as the enhancement of
joint strength and hardness, and the reduction of defects. The
FD approach necessitates a considerable allocation of resources
due to the number of experiments required, particularly when
dealing with multiple factors and levels. However, it offers
insights into how each factor, both independently and
interactively, affects the welding process [37, 38]. Different
studies have shown the effectiveness of FD for FSW
optimization using aluminum alloys 7075 and 6061. The
present study examined the effects of tool speed, feed rate,
displacement, and welding time on the impact strength of
welds. The highest recorded impact strength, 23.7 J, was
achieved at a tool speed of 900 rpm, a feed rate of 20 mm/min,
a displacement of 2 mm/min, and a welding time of 2 min. A
Pareto analysis was conducted, revealing that the tool speed
held the most significant impact, followed by the feed rate,
displacement, and welding time. The regression model used in
the analysis exhibited high accuracy, as evidenced by R-
squared values of 97.89% and 98.99%, substantiating the
reliability of the findings. This study underscores the crucial
function of tool velocity in enhancing the strength of welds in
FSW applications [39]. Authors in [40] developed a design to
optimize the FSW parameters for high-strength aluminum
alloys. This design resulted in a model capable of predicting
the weld quality based on input variables. These examples
demonstrate the design practicality for optimizing the process
parameters and enhancing the understanding of FSW
dynamics.

The Taguchi method, RSM, and FD contribute significantly
to the FSW optimization. The Taguchi method proves efficient
in testing parameters, such as the tool speed and axial force,
through the use of fewer experiments by employing orthogonal
arrays. However, it operates under the assumption of linear
interactions and encounters challenges when confronted with
the complex nonlinear dynamics inherent to the FSW.
Conversely, RSM offers a more profound understanding of the
nonlinear relationships between the variables, rendering it well-
suited for fine-tuning and predictive optimization in industrial
applications. FD provides the most exhaustive analysis by
testing all possible combinations of factors. This approach
delivers insights into the parameter interactions and their
effects on the weld quality. However, in complex scenarios
requiring optimization, FD exhibits superior performance due
to its ability to handle intricate designs, which is often lacking
in Taguchi and RSM methodologies.
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B. Numerical Simulation and Modeling

1) Finite Element Analysis

FEA is essential for simulating and analyzing the FSW
process, dividing the welding system into smaller elements,
and allowing for a detailed examination of physical
phenomena, such as temperature distribution, material flow,
and residual stresses. These factors are help understand the
mechanical behaviors that influence the weld quality and
strength. FEA can predict how the changes in process
parameters, such as tool rotational speed, welding speed, and
axial force, affect the weld [40]. Authors in [41] used FEA to
simulate temperature fields in aluminum alloy FSW and offer
insights into optimizing the heat input for flawless welds.
Authors in [42] applied FEA combined with bonding criteria to
predict the bonding strength and hardness during Friction Stir
Spot Welding (FSSW). Their analysis revealed that the tool
rotational speed had the greatest impact on bonding strength
and hardness. The FEA results enabled accurate optimization
without the need for preliminary experiments. Authors in [43]
used FEA to optimize process parameters, such as the tool
spindle speed and tilt angle, demonstrating their significant
influence on tensile strength in FSW of aluminum alloys, while
authors in [44] used FEA to study the thermal and mechanical
behavior during the FSW process. This study provided insights
into the optimal welding conditions for reducing defects, such
as voids and cracks. These studies demonstrate that FEA is
crucial for advancing FSW optimization by predicting the
outcomes and refining the process parameters with precision.
By modeling the cycles and mechanical stresses that materials
experience during welding, FEA can help identify issues, such
as excessive heat generation or uneven material flow, which
could result in defects, like voids, cracks, or weak joints [33].
This information can be used to adjust the welding settings,
address these challenges, and improve the strength and
longevity of the weld. As FEA advances with enhanced
capabilities and more sophisticated material models, its
contribution to FSW enhancement is expected to become
increasingly significant [40, 44]. These advancements will
enable more precise simulations of intricate material behaviors,
including plastic deformation, heat generation, and flow
dynamics under different process conditions. Additionally,
improved FEA models will better capture the effects of
nonlinear interactions between variables, such as tool
geometry, welding speed, and temperature distribution. These
improvements will enable more precise process control and
optimization techniques, reduce defects, such as voids and
cracks, and improve the weld quality. Ultimately, they will
extend the application of FSW to more challenging materials
and complex geometries, leading to the adoption of cutting-
edge welding technologies and methodologies in the aerospace,
automotive, and manufacturing industries.

2) Computational Fluid Dynamics

CFD was used to model the flow of plasticized solid
materials during FSW. The intense plastic deformation caused
by the rotating tool generates heat, which softens the material
and prompts it to flow around the tool pin and shoulder. CFD
provides insights into how the process parameters influence the
material flow. This enables researchers predicting and solving

problems, such as voids, incomplete fusion, and material
separation [45]. In addition to preventing defects, CFD assists
in designing and improving FSW tools and processes.
Engineers can analyze the material flow around different tool
designs to evaluate their effectiveness in achieving optimal
mixing and solidification. For instance, particular pin shapes
can encourage the material flow and mixing, producing more
uniform welds. CFD simulations optimize tool designs by
demonstrating how the changes in tool shape influence the flow
patterns and heat distribution, helping identify the process
parameters that promote a uniform material flow, reducing the
likelihood of defects and improving the weld quality. Authors
in [46] used the CFD method to introduce a boundary
condition, based on the Coulomb friction model, to simulate
FSW. This boundary condition was verified through the weld
macrostructure and leads to a distribution of contact states at
the interface between the tool and workpiece. This distribution
indicates regions of sticking and sliding, reporting a rotating
flow zone with circular movement beneath the shoulder due to
sticking at the interface, which had a smaller diameter than the
shoulder due to sliding at the edges. In this scenario, 54.4% of
the heat generation was due to friction, while 45.6% was due to
plastic deformation. The simulated temperature field aligns
with these findings, providing further support for the model's
accuracy and its potential to improve the FSW design and
parameters. Authors in [47] examined how the tilt angle of the
tool affects the heat generation and material flow, successfully
predicting the temperature field and Thermo-Mechanically
Affected Zone (TMAZ). Authors in [48] showed the
effectiveness of CFD modeling in simulating the heat transfer
and material flow during welding DH36 shipbuilding steel; the
simulations closely matched the experimental data. Authors in
[49] examined the effects of tool shoulder size on the thermal
processes and material flow behavior in ultrasonic vibration-
enhanced FSW, providing further evidence of CFD's ability to
model complex phenomena in advanced FSW techniques. Both
FEA and CFD are powerful tools for optimizing FSW, but they
have different areas of focus and strengths. FEA divides the
welding system into elements to predict mechanical behaviors,
allowing for a detailed analysis of factors such as temperature
distribution, material flow, and residual stresses. This makes
FEA ideal for understanding how process parameters, such as
tool rotational speed and welding speed, affect the overall
strength and quality of the weld. Conversely, CFD specifically
simulates the flow of plasticized material around the tool
during welding. This provides valuable insights into how the
tool design and material flow patterns influence the weld
uniformity and defect prevention. While FEA is crucial for
optimizing the process settings to avoid mechanical issues,
such as cracks and voids, CFD helps refine tool shapes and heat
management to ensure optimal material mixing and fusion.
Both methods are complementary. FEA provides a broader
mechanical perspective, while CFD focuses on fluid-like
material behavior. Together, they enhance the precision and
quality of the FSW processes.
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C. Machine Learning Approaches

1) Artificial Neural Networks

ANN:Ss, inspired by the human brain, have become useful
tools for analyzing and predicting patterns in FSW, learning
from real-world data, enabling them to discern relationships
between process factors, such as tool rotational speed and
welding speed, and the resulting weld properties. There are
many benefits to using ANNs for FSW optimization, from
handling high-dimensional data and providing precise
predictions, even when dealing with nonlinearities and
complex interactions that challenge traditional methods. This
capability enables the identification of optimal parameter
combinations to achieve the desired welding results.
Additionally, integrating ANNs into real-time control systems
enables the monitoring and adjustment of parameters to
maintain the welding conditions, which is critical in industrial
environments where a consistent weld quality is essential.
Furthermore, ANNs can predict the outcomes for material
combinations and welding scenarios, reducing the need for trial
and error. They can also evaluate weld performance under
service conditions, enhancing their practicality in real-world
settings. Continuously merging networks with other cutting-
edge technologies, such as ML and big data analysis, has the
potential to create highly advanced models that can adapt in
real time. This enables enhanced control and pushes the limits
of FSW optimization [50, 51]. ANNs were used to analyze the
modeling of the effective FSW parameters for the aluminum
alloy AA7075-T6. Thirty AA7075-T6 specimens were tested to
train the neural networks, and backpropagation was chosen as
the algorithm. The ANNs were then exposed to additional
experimental data and the outputs reported in the study were
the yield strength, tensile strength, notch tensile strength, and
hardness of the welding zone. The input parameters included
the tool rotational speed, welding speed, axial force, shoulder
diameter, pin diameter, and tool hardness. The figures of merit
and MREs of the predicted hardness, yield strength, tensile
strength, and notch tensile strength values were found to be the
smallest. The convergence of the predicted points to the
experimental values using the data obtained in the present
analysis proves the ability of the ANNs to model the effective
FSW parameters [52, 53].

2) Genetic Algorithms

GAs are used as search and optimization tools in FSW,
generating a population of potential solutions to a problem that
evolve through selection, crossover, and mutation over
generations [54]. This process effectively explores the
parameter space to discover near-optimal combinations of the
welding parameters. Authors in [55] demonstrated the
effectiveness of GAs in optimizing the FSW parameters,
showcasing their ability to improve the weld quality while
reducing defects. A significant advantage of GAs is their ability
to address multi-objective optimization challenges, where
conflicting goals, such as the weld strength and process
efficiency, must be balanced. GAs can optimize multiple
objectives simultaneously, providing a range of solutions
(Pareto front) from which engineers can select the most
suitable option based on specific needs. This adaptability,
combined with their ability to handle objectives and

constraints, makes GAs a valuable tool for industrial FSW
applications, ranging from fine-tuning parameters to intricate
process optimization. As computational power advances, the
role of GAs in achieving optimal quality, efficiency, and cost-
effectiveness in FSW processes is expected to grow. Both
ANNSs and GAs are key ML approaches for optimizing FSW,
with ANNs excelling at modeling complex, nonlinear
relationships between factors, such as the tool speed and weld
quality, enabling real-time control and precise parameter
adjustments, reducing trial and error by predicting outcomes
and adapting to various welding scenarios. Inspired by natural
selection, GAs are ideal for multi-objective optimization,
balancing conflicting goals, such as the weld strength and
efficiency, by evolving solutions over generations. While
ANNs focus on prediction, GAs provide flexibility in
optimizing multiple constraints, making them complementary
tools for improving FSW processes.

III. CHALLENGES AND CONTROVERSIES IN
FRICTION STIR WELDING OPTIMIZATION

Despite the advancements in optimizing FSW, several
significant challenges persist that can be categorized as:
material-related,  process  parameter interaction, and
computational limitations.

A. Material-Related Challenges

One of the primary challenges in optimizing FSW is
understanding how material properties influence the welding
outcomes. Due to variations in factors, such as thermal
conductivity, melting points, and flow characteristics, each
material behaves differently under similar welding conditions
[56-58]. This complicates the development of a universal
optimization approach because the parameters optimized for
one material often cannot be directly applied to another. This
study focuses on aluminum alloys; however, the optimization
approaches discussed, including ML models, numerical
simulations, and experimental design techniques, can be
adapted for other materials. For example, FEA and CFD
simulations can be recalibrated to account for the distinct
thermal and mechanical properties of materials, such as
titanium, magnesium, and steel, thereby optimizing the process
conditions [40]. Similarly, ML-based models initially trained
on aluminum alloy data can be expanded with additional
datasets to improve the predictive accuracy for other materials.
Additionally, adaptive parameter tuning frameworks developed
using GAs and ANNs can dynamically adjust to different
material characteristics by using real-time sensor feedback.
This enables responsive process control across diverse material
types [55]. Joining dissimilar materials introduces additional
complexities, such as the formation of brittle intermetallic
compounds, uneven heat distribution, and variations in material
flow, threatening the weld integrity [59]. Mitigating these
challenges requires material-specific process adjustments, such
as optimizing the tool geometry, modifying the rotational and
traverse speeds, and incorporating intermediate layers or
coatings to minimize the brittle phase formation. Additionally,
enhanced predictive models, including FEA, CFD, and ML
algorithms, can simulate material interactions, predict defect
formation, and enable real-time parameter adjustments to
improve joint quality and performance [60].
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B. Process Parameter Interactions

The interactions among various process parameters, such as
tool rotational speed, welding speed, axial force, and tool
geometry, are highly complex, often resulting in nonlinear
effects, meaning that the changes in one parameter can have
unpredictable consequences when combined with other
variables [61]. For instance, increasing the tool speed may
improve the material flow, but it could also result in an
excessive heat input, leading to defects, such as voids or cracks
[60]. These nonlinear relationships make it difficult to develop
accurate models that reliably predict the welding outcomes.
Optimizing these parameters requires either systematic
experimental studies or advanced, Al-driven techniques
capable of capturing complex dependencies [62, 63].

C. Computational and Simulation Challenges

Although numerical modeling techniques, such as FEA and
CFD, have improved FSW optimization, challenges remain
regarding the accuracy and computational cost [14]. Current
models struggle to capture the real-time behavior, such as
material flow, temperature distribution, and residual stresses,
especially in multi-material welding scenarios. Additionally,
high-fidelity simulations require substantial computational
resources, rendering them impractical for real-time
applications. Further research is needed to develop more
efficient algorithms, hybrid modeling approaches that combine
Al with traditional simulations, and real-time predictive tools
to improve process adaptability and precision [64]. Addressing
these challenges through material-specific optimizations,
refined parameter tuning methods, and advanced computational
techniques will allow FSW to continue evolving as a reliable,
efficient welding process for various industrial applications.

D. Limitations of Optimization Techniques

Although various optimization techniques have advanced
FSW significantly, each method has limitations. Experimental
approaches, such as the Taguchi method, RSM, and FD offer
structured frameworks for parameter tuning. However, the
Taguchi method’s reliance on linear assumptions limits its
ability to capture the complex nonlinear interactions typical of
the FSW processes. Although RSM provides deeper insights
into parameter interdependencies, it requires a large number of
experiments to develop accurate models, which may be
impractical in environments with limited resources [29-31].
Similarly, while exhaustive and comprehensive, FD is highly
resource-intensive, requiring a significant number of
experiments that can be costly and time-consuming [37, 38].
Numerical simulation techniques, such as FEA and CFD,
provide detailed information about the heat distribution,
material flow, and defect formation. However, these techniques
are computationally expensive and often require recalibration
for different materials, which restricts their real-time
applicability [40, 41]. ML-based approaches, including ANNs
and GAs, depend heavily on extensive, high-quality datasets
for training. They may not generalize well to conditions beyond
those for which they were developed without substantial
retraining and validation. These limitations underscore the
necessity of ongoing research into hybrid models and adaptive
frameworks that can leverage the strengths of each technique
while mitigating their respective drawbacks.

IV. FUTURE DIRECTIONS

Future studies on optimizing FSW should focus on creating
simulation models that incorporate real-time data for adaptable
process control. These models would allow for adjustments to
be made during welding, thereby improving the ability to
produce high-quality welds in changing conditions. Integrating
real-time monitoring systems into these simulations would
enable them to adapt quickly to fluctuations in material
properties, environmental factors, or tool degradation. This
would reduce defects and boost the efficiency of the FSW
process. Using Al systems and deep learning models in FSW is
a promising way to achieve this level of adaptive control. Deep
learning's ability to analyze datasets and identify patterns can
be utilized to create predictive models that guide real-time
adjustments to process parameters, ensuring high weld quality
under varying conditions [61 - 63]. Authors in [64] have
emphasized the learning potential in industrial settings, and
FSW has the ability to transform the weld optimization and
management. Additionally, sustainability and energy efficiency
will play critical roles in the future of FSW research. As
industries increasingly strive to minimize their environmental
impact, it will be essential to optimize FSW for lower energy
consumption and minimal material waste. The refinement of
heat input control, tool design, and material selection to
develop energy-efficient welding techniques could significantly
reduce the carbon footprint of welding operations.
Furthermore, exploring FSW systems powered by renewable
energy, such as solar or wind energy, could enhance the
process's sustainability. Prioritizing energy-efficient
approaches and sustainable materials can enable FSW to
contribute to more environmentally friendly manufacturing
practices in sectors, such as aerospace, automotive, and
shipbuilding. Combining different materials poses challenges
because each material has its own thermal and mechanical
properties. These properties can result in problems, such as
uneven heat distribution, material mixing, and the formation of
brittle compounds at the interface. Understanding these
interactions is essential for effectively joining multiple
materials using FSW. Specialized tools and process parameters
must be developed for specific material combinations to
optimize the FSW process. Simulation techniques and Al-
driven optimization could address these challenges by
predicting how materials behave during welding and by
determining the conditions for creating strong, flawless joints.
These optimized conditions must be validated through
experiments to ensure usability. As industries increasingly seek
to combine materials for high-strength applications in sectors,
such as automotive and aerospace, the demand for research in
this field will continue to grow, expanding the capabilities of
the FSW technology.

V. CONCLUSIONS

The optimization of Friction Stir Welding (FSW) has
evolved significantly through various techniques, and
experimental design methods, such as the Taguchi method,
Response Surface Methodology (RSM), and Factorial Design
(FD), providing structured approaches for parameter
optimization. The Taguchi method is efficient for the initial
testing, RSM offers a deeper understanding of the nonlinear
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interactions, and FD delivers the most comprehensive analysis
for complex scenarios. Numerical simulation techniques, such
as Finite Element Analysis (FEA) and Computational Fluid
Dynamics (CFD), play a crucial role in predicting the
temperature distribution, material flow, and mechanical stresses
during FSW. FEA is useful for understanding the mechanical
aspects, while CFD focuses on refining the material flow and
tool design to prevent defects and improve the weld quality.
Machine learning (ML) approaches, particularly Artificial
Neural Networks (ANN) and Genetic Algorithms (GA), have
opened new possibilities by enabling real-time process control
and multi-objective optimization. ANNs predict the complex
relationships between the FSW parameters effectively, while
GAs offers flexible solutions for balancing conflicting goals,
such as strength and efficiency. Future research should focus
on:

e Integrating real-time data and adaptive process control
through Al-driven models to enable FSW systems to adjust
dynamically to the changing conditions and improve weld
quality while reducing defects.

e Expanding the exploration of multi-material FSW to
optimize the joining parameters for dissimilar materials and
address challenges, such as heat distribution and material
mixing.

e Developing advanced simulation models that combine
FEA, CFD, and ML to provide deeper insights and more
accurate predictions will expand the boundaries of FSW
capabilities.
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