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Machine learning and exploratory data analysis
for predicting tensile and thermal responses in
friction stir spot welding

Sajad N. Alasadi‘® and Raheem Al-Sabur*

Department of Mechanical Engineering College, University of Basrah, Basrah, Iraq

Abstract

Friction stir spot welding (FSSW) has gained increasing attention over the last
decade due to its promising performance compared to conventional joining
methods for similar metals. However, the thermal and tensile responses in this
process are highly nonlinear. This study aims to explore the thermal and tensile
performance of aluminum joints welded by FSSW using an innovative method
based on exploratory data analysis (EDA), followed by several machine learning (ML)
approaches. The welding parameters investigated in this study were tool rotational
speed, dwelling time, and aluminum sheet thickness. The ML methods included
linear and nonlinear regression models for welded joints at different welding
parameters. We evaluated Bayesian ridge, elastic-net, support vector regression
(SVR), random forest, polynomial regression (nonlinear), and robust regression. The
random forest algorithm provided accurate predictions for lap-shear fracture load
(R? = 0.96, mean squared error [MSE] = 0.01, and mean absolute error [MAE] = 0.07)
in tensile performance, whereas the elastic net performed worst. Model-to-model
differences were smaller for thermal performance, with the random forest model
yielding the most accurate predictions (R? = 0.97, MSE = 26.51, and MAE = 3.86) while
the SVRyielded the least accurate predictions. The study indicated that using EDA to
address anomalies in welding conditions provides valuable insights into the best ML
methods for predicting the thermal and mechanical performance of welding joints.

Keywords: Friction stir spot welding; Machine learning; Exploratory data analysis; Tensile
performance; Thermal performance

1. Introduction

Over the past decade, the use of solid-state welding has grown significantly, primarily due
to its ability to generate heat below the melting point of the base metals, thereby minimizing
defects in the weld zone and the surrounding material."? A notable trend during this period
is the dominance of friction stir welding (FSW) in academic research compared to other
solid-state welding techniques.’ In addition, FSW is classified as an eco-friendly welding
method; it does not produce any fumes or spatter, is less energy-intensive, and does not
cause significant changes in the microstructure.*” Initially, FSW was limited to aluminum
alloys and gradually expanded to include other alloys, such as magnesium, copper, and
even steel. Further developments have given FSW a significant advantage over conventional
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welding, particularly in its ability to weld dissimilar metals,
including those with substantial differences in melting
points.® Furthermore, FSW has expanded to include the
welding of polymeric materials and composites.”

The FSW mechanism differs significantly from most
welding processes, as the welding tool is reusable. The
welding tool is typically made of tool steel or cemented
carbide, selected for high hardness and wear resistance.®’
A lathe process typically forms the tool, consisting of two
interconnected parts. The first part is cylindrical, has a
suitable length and diameter, and is referred to as the
shoulder. The other part is shorter and narrower, can be
tapered, and is called the pin.'° The welding tool is securely
attached to the FSW machine, typically a specialized
unit designed for this process. Alternatively, computer
numerical control machines can be adapted for FSW. For
friction stir spot welding (FSSW), milling machines or
even punching machines may also be used.'*** The two
plates to be welded are firmly clamped together, usually
in a butt joint configuration, though lap joints are also
possible.”* The process begins when the welding tool is
lowered vertically onto the area to be welded at a specific
rotational speed, depending on the type of metal to be
welded.'*"* The tool penetrates the right plate and a portion
of the left plate due to frictional heat. Once the material
beneath the shoulder becomes sufficiently plasticized,
the welding tool begins a transverse movement along the
weld line in addition to its rotational movement. This
process yields a satisfactory weld between the two plates,
with fewer defects, while generating flash metal on both
ends of the weld line.'® Upon reaching the endpoint of the
weld, the tool rises, leaving a keyhole. FSSW is a special
case of FSW in which spot welding is performed using the
heat generated from the tool’s rotational motion, and the
transverse velocity is reduced, as shown in Figure 1.

Since John laid the foundation for exploratory data
analysis (EDA),"” the EDA approach has been steadily

G=r=m-ft

developed across numerous engineering applications,'®
although its use has also been limited to some welding
problems."” The EDA approach begins by examining how
the variables in the problem are distributed. EDA typically
begins by examining the distributions of the variables of
interest. In FSSW studies, EDA is primarily used to identify
outliers and to explore relationships among welding
parameters.” EDA therefore provides an initial basis for
selecting appropriate models and interpreting results. The
histograms visualize how key process parameters—such as
material thickness, tool rotational speed, and dwell time—
are distributed across the data.

Machine learning (ML) is a branch of artificial
intelligence that has gained significant traction recently.
ML focuses on developing algorithms and statistical models
that enable computer systems to learn patterns and make
decisions based on experimental data without requiring
explicit programming for each task.?»* Welding has
similarly benefited from those advances and is now widely
applied in techniques such as arc welding,* laser welding,**
ultrasonic welding,” and resistance spot welding.?®

In the field of FSW and related welding methods,
particularly FSSW, a substantial part of beneficial research
has focused on the application of ML techniques. Studies
have shown that ML can improve FSW process parameters
by analyzing the relationship between input parameters
and weld quality.”” It can also accurately detect and classify
defects by analyzing microstructure and classifying image
properties.? It can also provide an in-depth description and
better classification of the resulting weld joint.* Furthermore,
it can predict weld quality by optimizing welding parameters
and reducing defects, with greater potential to analyze the
relationship between tool geometry and material properties
and their association with weld joint quality.® In a previous
study, artificial neural networks (ANNs) were used to predict
stir zone hardness and determine optimal FSW parameters,
particularly tool rotational speed and weld line velocity,

Plunging

Bonding

Drawing out

Figure 1. Process flow diagram of friction stir spot welding
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in submerged 6061-T6 aluminum alloy.”’ ANNs have also
shown remarkable performance in predicting wear rates
during friction stir processing, predicting tensile failure
properties and fracture location of aluminum alloy 7075-T6
and duplex stainless steel,”” and have been used to explore
the thermal behavior and peak temperature in aluminum
alloy** In addition to ANNSs, support vector machines
(SVMs) have been utilized as ML tools in FSW and FSSW
applications. For example, SVMs have been used for tensile-
strength prediction® and for welding-process monitoring.*®
Several studies in FSSW and FSW focused on utilizing other
ML tools, such as random forest.’”*® Moreover, elastic-net,*
ANN, and response surface methodology*® were used in few
FSW studies. Table 1 summarizes the most related studies.

FSSW is a solid-state welding process with a complex
nonlinear nature. Therefore, understanding the tensile
(lap-shear load) and thermal (maximum temperature)
responses is complex. EDA and ML can help identify
hidden correlations, while ML models effectively learn these
nonlinear dependencies. ML, such as random forest, provides
measures of feature importance that help understand

Table 1. Overall comparison between related previous studies

parameter sensitivity. This study combines two approaches
foranin-depthunderstanding ofthe prediction of the thermal
and mechanical behavior of FSSW-welded aluminum alloys.
EDA was employed alongside ML algorithms, marking a
fundamental departure from traditional methods that rely
solely on experimental approaches, simulations, or ML
alone. In this study, we used EDA—including histograms,
correlation matrices, and feature ranking—to uncover key
patterns regarding shear stress and thermal behavior in the
weld zone. We also conducted an in-depth comparison of
several ML techniques, including random forest, elastic
net, and Bayesian ridge, to determine the optimal welding
conditions. Ultimately, this study offers a smart, scalable
approach to optimizing the FSSW process, enabling easy
prediction of the mechanical and thermal quality of the final
joint.

2. Methodology
2.1. ML algorithms

ML applications have recently become evident across
all sectors of industry. In this context, numerous studies

Process Materials ML algorithms Key findings References
FSW AA2195 BPNN Maximum tensile strength of 415 MPa with 92% prediction accuracy. 27
FSSW Stainless steel SVM and ANN The predicted tensile shear failure load is 4,967 N at 1,900 rpm. 33
and AA7075
FSP AA6083and  SVM, ANN, and RF A 5.06 um grain size is necessary to achieve the ultimate tensile 28
AA8011 strength.
FSW Aluminum Multi-linear regression, K-nearest ML is used to capture the relationship between the input and output 29
alloys neighbor, RE, ANN, and SVM FSW welding process
FSW Aluminum Decision tree model, SVM, ANN,  An ML machine is used to achieve two key outcomes: enhanced 41
alloys and CNN quality assurance and improved automation
FSP AA6061 ANN Stir zone hardness prediction 31
FSW Copper ANN Wear rate prediction in surface composites 32
FSW AA7075 ANN Peak temperature, torque, traverse force, bending stress, and 34
maximum shear stress
FSW AA5083and  GPRand SVM ML achieves 10.32% higher accuracy in tensile strength than 35
AA5061 regression methods
FSW AA1100 discrete wavelet analysis and SVM  Using ML approaches to monitor and analyze FSW defect image 36
classification
FSW AA6061 SVM FSW process parameter optimization 37
FSSW AA7075 DTR, RE, and linear regression The DTR can achieve better performance in the prediction of 38
cross-tensile strength
FSW Aluminum Bayesian ridge, k-nearest neighbor, The study highlights the potential of ML to forecast weld joint quality 39
alloys RE, elastic-net, and SVM
AA6061and ~ ANN and RSM The accuracy of ANN’s tensile strength prediction is better than RSM’s 40
AZ31B

Abbreviations: ANNs: Artificial neural network; BPNN: Backpropagation neural network; CNN: Convolutional neural network; DTR: Decision tree
regression; FSP: Friction stir processing; FSSW: Friction stir spot welding; FSW: Friction stir welding; ML: Machine learning; RF: Random forest;

RSM: Response surface methodology; SVMs: Support vector machines.
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have recommended adopting ML techniques in welding
applications, specifically in two main categories: fusion
welding and solid-state welding. Within the framework of
fusion welding, Ramesh et al.*? concluded that ML can be
appropriate for detecting surface weld defects in electric arc
welding, particularly shield metal arc welding. Tsai et al.*’
recommended ML as a suitable tool for optimizing laser
welding parameters for lap joints. Based on these and other
similar studies, this study aims to utilize and compare a
range of ML tools to select optimal input parameters for
achieving superior mechanical and thermal performance.
Random forest, elastic net, Bayesian ridge, polynomial
regression, and robust regression methods were used.

The random forest algorithm is considered an
ensemble learning method and a supervised ML tool. It
is a tree-based, non-parametric algorithm, with a primary
purpose being regression or classification.**** In welding,
this technique has been used for several applications,
including real-time defect detection in arc welding.**¥
The random forest algorithm works by creating numerous
decision trees, each trained on a random subset of the
data (known as bootstrapping) and a random selection of
features (referred to as feature bagging).*® Each tree makes
its prediction, and for regression tasks, the result is the
average of all individual tree outputs. Elastic net regression
is a regularized linear regression and a supervised ML
approach. It is a parametric, linear model with Lasso
and ridge regularizations. The primary purpose of elastic
net regression is to enhance model generalization and
address multicollinearity.”” Several studies used elastic
net regression in welding applications to assess quality
in resistance spot welding.*® The main purpose of using
the Bayesian ridge regression is to incorporate prior
distributions and provide uncertainty estimates. It is
categorized as a probabilistic, linear regression, supervised
ML tool.** Welding studies, such as predictive modeling of
weld-bead geometry in wire-arc additive manufacturing,
also employ Bayesian ridge regression.”> Polynomial
regression and robust regression are two supervised ML
techniques used for predictive modeling, but they serve
different purposes. Polynomial regression is a parametric
approach that builds on linear regression by adding
polynomial terms, such as squared or cubed predictors.”
This enables it to capture curved, nonlinear relationships
in the data. On the other hand, robust regression is a type
of linear model built to handle messy datasets—especially
those with outliers or heavy noise.”* Unlike standard
linear regression, it minimizes the impact of irregularities,
making its predictions stable and reliable.

The Bayesian ridge was selected for its ability to
produce probabilistic predictions, thereby enhancing

the interpretability of uncertainty in tensile and thermal
responses. Bayesian ridge provides stable estimates in
the presence of multicollinearity, which can occur when
process parameters (e.g., rotational speed and dwell
time) influence responses in correlated ways. Elastic-
net regression is suitable when only a subset of input
features may strongly influence the output. It can lead to
a better understanding of the influence of FSSW process
parameters on the thermal and tensile behavior output.
Random forest was selected for its ability to model complex
nonlinear interactions among the FSSW parameters. The
statistical basis of polynomial regression makes it an easy
and suitable tool for interpretable nonlinear alternatives
during the FSSW. The kernel functions of support vector
regression (SVR) make it a powerful technique for learning
nonlinear patterns without overfitting during the study
of the FSSW process parameters and output responses.
Robust regression reduces the influence of outliers and
provides reliable predictions during the welding processes.
In this study, Python (v3.15, Python Software Foundation,
Netherlands) with Google Colab was used in EDA and ML
prediction.

2.2. Experimental work

Aluminumalloy AA 6061 specimens of different thicknesses
(1,2, and 3 mm) and constant length and width (100 mm x
25mm) were prepared in lap joint configurations and joined
by FSSW in this study. A cylindrical welding tool with a
diameter of 10 mm and a length of 50 mm was prepared.
The pin was ready as a non-threaded type with lengths of 1,
2, and 3.5 mm, depending on the selected aluminum sheet
thickness, while the diameter was maintained as a constant
(3 mm). The welding tool was made from carbon steel with
a carbon content of up to 1.5%. It was characterized by high
hardness, wear resistance, and thermal stability, making it
efficient at generating heat through friction.

Figure 2 shows the lap joint configuration of the
aluminum alloy specimens. A load cell was used to
measure the normal force exerted by the welding tool on
the specimen surface, with the signal converted to digital
using an analog-to-digital converter (U3-LV, LabJack,
USA). A welding platform was also prepared to securely
hold the specimens. A thermal imaging camera (TC002,
TOPDON, USA), compatible with smartphones, was used
to monitor temperature evolution during and after welding
by tracking temperature loss and decline over time. The
thermal camera has a resolution of 256 x 192 pixels and a
high heat sensitivity of 40 mK. The chemical composition
of the AA 6061 alloys, as measured using a metal analyzer
(SPECTROPORT PXC01, AMETEK, USA), is presented
in Table 2. Table 2 also shows the mechanical properties of
AA 6061 aluminum.
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Figure 2. Friction stir spot welding process. (A) Welding arrangements; (B) Welded specimens; (C) Lap-shear tensile test.

Table 2. Characteristics of AA 6061 aluminum

Characteristics Value

Chemical composition (element, %)
Chromium 0.260
Copper 0.340
Magnesium 1.080
Iron 0.660
Silicon 0.550
Manganese 0.110
Titanium 0.160
Zinc 0.223
Aluminum 96.617

Mechanical properties
Hardness (HV) 40
Yield strength (MPa) 276
Tensile strength (MPa) 310

Due to the nonlinearity in predicting the maximum
thermal and tensile responses of the FSSW joint, this topic
remains actively studied. This study was designed to predict
the maximum temperature (°C) and the maximum lap-
shear fracture load (kN) from FSSW process parameters.
The total number of specimens used in this study was
81; every three specimens were examined with the same
input parameters. The parameters involved were sheet
thickness (mm), tool rotational speed (rpm), and dwelling
time (s). The selected input parameter values were based
on previous studies. The average of each of the three

specimens was calculated. Table 3 shows the values of the
welding parameters used, the corresponding maximum
temperatures, and lap-shear fracture loads. The EDA
and ML techniques were then used to maximize output
response for temperature and lap-shear fracture load.

3. Results and discussion
3.1. Evaluation of EDA

This study employed EDA to analyze sets of experimental
results obtained during the FSSW process. Several specific
procedures were followed to ensure the accuracy of the
results. The input parameters were aluminum sheet
thickness, dwelling time, and tool rotational speed. The
primary purpose of using EDA is to provide a deep,
comprehensive understanding of the dataset characteristics
and their relationship with the output variables—maximum
temperature (°C) and lap-shear fracture load (kN).
Histograms were plotted to visualize the distribution of key
input parameters: thickness (mm) (Figure 3), rotational
speed (rpm) (Figure 4), and dwell time (s) (Figure 5). These
visualizations revealed variations in parameter distributions,
highlighting potential areas of skewness or concentration.

Binning is a practical preprocessing method that
simplifies complex data during exploratory analysis.
By grouping raw continuous values into manageable
intervals—or “bins”—this technique reduces noise and
identifies underlying trends.* For the x-axis in Figures 3-5,
binning was used to group the 27 original datasets into
eight intervals, yielding clean, representative bar graphs
that highlighted meaningful patterns.
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Table 3. Friction stir spot welding process parameters and
corresponding output parameters

No. Thickness Rotation Dwelling Max Lap-shear
(mm) speed time (s) temperature fracture
(rpm) (°C) load (kN)
1 1 1,000 3 74 1.23
2 1 1,500 3 102 1.42
3 1 2,000 3 112 1.61
4 1 1,000 6 93 1.33
5 1 1,500 6 139 1.52
6 1 2,000 6 166 1.73
7 1 1,000 9 125 1.55
8 1 1,500 9 147 2.00
9 1 2,000 9 176 2.20
10 2 1,000 3 85 1.20
11 2 1,500 3 115 1.34
12 2 2,000 3 128 1.53
13 2 1,000 6 96 1.65
14 2 1,500 6 133 1.84
15 2 2,000 6 165 2.19
16 2 1,000 9 132 2.26
17 2 1,500 9 153 2.33
18 2 2,000 9 179 2.59
19 3 1,000 3 97 1.51
20 3 1,500 3 126 1.82
21 3 2,000 3 138 2.11
22 3 1,000 6 118 1.84
23 3 1,500 6 148 2.14
24 3 2,000 6 187 2.35
25 3 1,000 9 136 2.13
26 3 1,500 9 180 2.36
27 3 2,000 9 215 2.54

Figure 3 presents the histogram for aluminum sheet
thickness during the FSSW process. The statistics reveal
a standard deviation of approximately 0.832 over the
1-3 mm range, with a median value of 2 mm. The 25%,
50", and 75" percentiles are 1, 2, and 3 mm, respectively,
indicating a reasonably symmetric distribution around
the median. Such a balanced distribution is critical, as it
indicates the dataset is free from significant skewness or
extreme outliers that could otherwise distort the analysis.*

The histogram of aluminum sheet thickness did
not differ significantly from that of tool rotation speed
(Figure 4) and dwelling time (Figure 5), with a symmetric
distribution centered around the mean. The standard
deviations were 392.558 and 2.496 for the tool rotational

speed and the dwelling time, respectively. The 25%, 50", and
75" percentiles of the rotational speeds were 1,000 rpm,
1,500 rpm, and 2,000 rpm, respectively, while those of the
dwelling times were 3 s, 6 s, and 9 s, respectively.

EDA, a crucial component of the FSSW process
analysis in this study, involved generating correlations
between thermal behavior and mechanical behavior maps
to visualize linear relationships between pairs of variables
during the FSSW of the aluminum alloy.

A correlation heat map is typically used to display the
strength and direction of linear relationships between
numerical variables in a dataset. The correlation values
ranged from —1to+1, while O indicates nolinear correlation,
-1 indicates a strong negative correlation (as one variable
increases, the other decreases), and +1 indicates a strong
positive correlation (both variables increase together).
Moreover, the heat map shows a color-coded matrix, in
which darker colors indicate stronger correlations, while
lighter or neutral colors indicate weaker or no correlation.

In FSSW studies, the correlation heat map reveals
how welding parameters, such as thickness, rotational
speed, and dwell time, correlate with output responses,
including maximum temperature and lap-shear fracture
load. Figure 6 shows the heat map of correlations among
the variables in this study. A value of 1.00 indicates perfect
correlation, whereas values close to 0 indicate weak or
no correlation. There are strong links between maximum
temperature and lap-shear fracture load (r = 0.86) and
between dwelling time and lap-shear fracture load
(r = 0.96). At the same time, there is a weak correlation
between thickness and maximum temperature (r = 0.28).

It is crucial to verify the significance of features in
ML algorithms after model training, as it measures the
impact of each variable (feature) on the model’s results,
reveals the contribution of each input to the output values,
and identifies the most influential variables. This study
used feature significance as a linear regression model to
illustrate the impact of friction welding process parameters
(dwell time, sheet thickness, and tool rotation speed) on
the process outputs (maximum temperature and lap-shear
fracture load).

Dwell time demonstrated the highest feature
importance for lap-shear strength, indicating it most
strongly influences weld quality. The feature importance of
dwelling time was 0.28, corresponding to lower values for
sheet thickness (0.19) and tool rotational speed (0.18), as
shown in Figure 7. The most significant impact of dwell
time, as the highest feature importance for lap-shear
strength, might be attributed to greater frictional heating
between the tool and the workpieces. The increase in
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Figure 3. Histogram analysis of the aluminum sheet thickness (mm) during the friction stir spot welding
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Figure 4. Histogram analysis of the tool rotational speed (rpm) during the friction stir spot welding
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Figure 5. Histogram analysis of the dwelling time (s) during the friction stir spot welding

dwelling time extended the time the tool spent rotating
in the weld pool, resulting in greater homogeneity and
mixing between the two aluminum plates during the
FSSW process. This improved mixing and homogeneity
ultimately led to increased shear forces and enhanced
mechanical properties.

Figure 7 reflects the nature of the specimens in FSSW.
The lower the dwell time, the poorer the joint quality,
and thereby the weaker the tensile strength. Conversely,
a longer dwell time resulted in a rigid joint, requiring a
greater force to cause failure and lap fracture, as shown in
Table 4 (tool rotational speed of 1,500 rpm and aluminum
sheet thickness of 3 mm).

Tool rotational speed had the largest influence on
maximum temperature, with a feature importance of
22.72. However, dwell time did not significantly affect
the maximum temperature, with a feature importance of
21.13, slightly lower than that of tool rotation speed. The
effect of aluminum sheet thickness was small, accounting
for approximately 48% of the total effect, compared to the
effects of rotation speed and dwell time, with a feature
importance of 9.57, as shown in Figure 8.

The thermal imaging temperature readings confirm the
EDA results. Under constant-sheet-thickness aluminum
samples (2 mm) and a constant dwelling time (6 s), the
controlled increase in rotational speed from 1,000 to
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Figure 6. Correlation heatmap for the input and output parameters during the friction stir spot welding
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Figure 7. Feature importance analysis of the friction stir spot welding
process parameters on the lap-shear fracture load

2,000 rpm, with a 500 rpm step, led to nonlinear behavior
in the generated temperature of 96°C, 133°C, and 165°C,
respectively, as shown in Figure 9. The increase in
temperature can be attributed to increased frictional heat
generation and the intensification of plastic deformation as
the rotational speed increases.

3.2. Effectiveness of ML predictions

This study examined and compared several ML algorithms.
Random forest, elastic net, Bayesian ridge, polynomial

Rotational speed (rpm

Dwelling time (s)

Feature

Thickness (mm)

15.0 20.0 25.0

Importance

l0.0 5.‘0 10.0

Figure 8. Feature importance analysis of the friction stir spot welding
process parameters on maximum temperature

regression, and robust regression were used to predict
thermal behavior (maximum temperature) and the
mechanical behavior (lap-shear fracture load) during the
FSSW process. Mean squared error (MSE), mean absolute
error (MAE), and coefficient of determination (R?) were
used to evaluate the ML models. MSE measures the average
squared prediction error; lower values indicate that the
predictions are closer to the actual values. Moreover, it
penalizes larger errors heavily, making it useful when large
deviations in the FSSW process are undesirable. MAE is
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Figure 9. Effect of rotational speed on the maximum temperature in the friction stir spot welding process at a dwelling time of 6 sec and a sheet thickness

of 2 mm. (A) 1,000 rpm; (B) 1,500 rpm; (C) 2,000 rpm.

Table 4. Effect of dwelling time of lap-shear fracture in friction stir spot welding at 1,500 rpm and 3 mm thickness

Dwelling time (s) Lap-shear fracture load (kN)

Joint after FSSW

Joint after fracture

3 1.82
6 2.14
9 2.36

Abbreviations: FSSW: Friction stir spot welding.

the average of the absolute differences between predictions
and actual values during the FSSW process; lower MAE
values indicate higher average prediction accuracy. The
coefficient of determination (R?) is an indicator of how
well the independent variables explain the variance in
the dependent variable during the experimental process.
Their values ranged from 0 to 1, depending on the model
that provided the better fit. The following subsections will

examine the accuracy of the ML algorithms based on the
obtained values of MSE, MAE, and R%.

3.2.1. Evaluation of ML models in predicting thermal
behavior

The total number of FSSW parameter sets examined in
this section is 27. All selected ML models (random forest
algorithm, elastic net regression, Bayesian ridge regression,
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SVR, polynomial regression, and robust regression) were
evaluated using MSE, MAE, and R”. This step is essential for
both linear and nonlinear regression algorithms to compare
the efficacy of ML models. Figure 10 shows significantly
lower MSE values for all ML models, except SVR,
indicating suitable performance across all algorithms. The
high MSE in SVR compared to other models suggests poor
performance in predicting maximum temperatures. This
ineffective behavior of the SVR may be due to the applied
SVR kernel struggling to capture complex, nonlinear
relationships between input features (like thickness, speed,
and dwell time) and the corresponding temperature.
Moreover, in numerous engineering applications, SVR
can be data-sensitive, leading to poor generalization and
higher errors.*

The random forest algorithm demonstrated superior
performance (MSE = 26.51) in predicting maximum
temperature due to its ability to model complex
relationships, such as those in the FSSW process, between
FSSW process parameters and output responses. Moreover,
random forest is robust to outliers and noise, which are
often present in experimental welding datasets.

Figure 11 shows the MAE values of various ML methods
applied to temperature prediction during the FSSW
process. A notable observation is the strong alignment
between the MSE and MAE results. Although these two
metrics differ in how they mathematically penalize errors
and handle outliers, their parallel behavior here confirms
that they provide a consistent assessment of the models’
prediction accuracy. Notably, the experimental data were
collected under the supervision of highly experienced
FSSW personnel, resulting in very few, if any, outliers.
This approach led to greater prediction stability for all ML
approaches used in this study.

Figure 12 displays the R? values of various regression
models. Models such as the random forest algorithm, elastic
net regression, Bayesian ridge regression, polynomial
regression, and robust regression algorithm achieved high
R? values, indicating that they explained a large portion
of the variance in the data and thus demonstrated better
predictive power. In contrast, the SVR exhibited low R’
values, suggesting poor performance in explaining the
data’s variance. The comparative analysis of the models
using MSE, MAE, and R? scores highlights several key
findings. The random forest algorithm model stands out
with the lowest MSE (26.51) and MAE (3.86), along with
the highest R? score (0.97), demonstrating exceptional
prediction accuracy and a strong fit to the data.

The polynomial regression model also exhibited robust
performance with low MSE (51.63) and MAE (6.26), and
a high R? score (0.95). Similarly, Bayesian ridge regression

26.51 Random forest

51.63  Polynomial regression

75.87 Bayesian ridge

Model

Robust regression

214.42 Elastic net

S‘?ﬂ] 928

200 400 600

Mean squared error (MSE)

800

Figure 10. Evaluation of machine learning algorithms in maximum
temperature prediction using mean squared error during the friction stir
spot welding process

Abbreviation: SVR: Support vector regression.
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Figure 11. Evaluation of machine learning algorithms in maximum
temperature prediction using mean absolute error during the friction stir
spot welding process

Abbreviation: SVR: Support vector regression.
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Figure 12. Evaluation of machine learning algorithms in maximum
temperature prediction using R’ during the friction stir spot welding
process

Abbreviation: SVR: Support vector regression.

demonstrated remarkably low MSE (75.87), low MAE
(7.19), and a high R? score (0.93), indicating its effectiveness.

On the other hand, with high MSE (928.44), MAE
(24.09), and a low R? score (0.11), SVR performs poorly,
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indicating that it is the least appropriate model without
additional adjustment. Except for the elastic net, which
yielded an R’ of 0.7, other models exhibited strong R’
values, making them suitable for temperature prediction.
For applications requiring high predictive precision,
the random forest, robust regression, polynomial
regression, and Bayesian ridge regression models are
recommended.

This study reports poor/good SVR responses in thermal
and tensile performance, respectively. Temperature is
monitored in real time using an infrared thermometer and
thermal camera throughout the welding process. Due to the
high nonlinearity of the friction temperature at the interface
between the pin and the shoulder bottom, which are in
contact with the aluminum alloy specimens, it is difficult to
control the temperature and to tune the model or use SVR
kernels to capture it effectively. The poor performance of
SVR relative to other ML models in thermal applications,
such as welding, has been well documented in previous
studies.” Careful specimen preparation and controlled
testing conditions likely reduced experimental variability,
which may have improved model performance for tensile
outcomes. The mechanical properties exhibited consistent,
stable relationships with the input features, making them
amenable to SVR modeling with the chosen parameters.
Therefore, the SVR performed better in predicting
mechanical properties than thermal behavior. This better
SVR performance related to other ML techniques was also
noticed in previous studies.*

3.2.2. Evaluation of ML models in predicting
mechanical behavior

The total number of FSSW parameter sets examined in this
section is 27. The previously mentioned models were also
used to study and predict the mechanical properties of the
weld joint and to compare them based on MSE, MAE, and
R The elastic net model yielded an MSE of 0.16, indicating
poor model performance in this process. In contrast, the
random forest, SVR, Bayesian ridge, and polynomial
regression models exhibited favorable performance, with
MSE values below 0.02, as shown in Figure 13. In contrast,
Figure 14 compares the ML algorithms based on the MAE
for predicting the maximum lap-shear fracture load. The
lowest MAE values were observed with the random forest,
SVR, and robust regression algorithms, at 0.07, 0.08, and
0.09, respectively. On the other hand, the elastic net model
yielded a high value of 0.3, indicating poor performance in
predicting the tensile performance of the FSSW weld joint,
as indicated by the MAE.

Figure 15 displays the R? values as a bar chart of various
regression models for the prediction of maximum lap-
shear fracture load. Models such as the random forest

0.006 Random forest

0.008

SVR

Bayesian ridge

Model

Polynomial regression

Robust regression

Elastic net

]046

0.16

0.06 0.08 0.10 0.12

Mean squared error (MSE)

0.64 0.14
Figure 13. Evaluation of machine learning algorithms in predicting
maximum lap-shear fracture load of weld joint using mean squared error
during the friction stir spot welding process

Abbreviation: SVR: Support vector regression.
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Figure 14. Evaluation of machine learning algorithms in predicting
the maximum lap-shear fracture load of the weld joint using the mean
absolute value during the friction stir spot welding process

Abbreviation: SVR: Support vector regression.
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Figure 15. Evaluation of machine learning algorithms in predicting the
maximum lap-shear fracture load of the weld joint using the coefficient of
determination (R?) during the friction stir spot welding process
Abbreviation: SVR: Support vector regression.

algorithm, elastic net regression, Bayesian ridge regression,
polynomial regression, and robust regression algorithm
achieve high R? values. All models recorded excellent
performance in predicting the mechanical properties of
the weld joint with R* values approaching 0.9, except for
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the elastic net regression model, which showed inaccuracy
and poor performance of R? = 0.

Based on the evaluation and comparison of models, R?,
MAE, and MSE, the elastic net regression model showed
the weakest performance in terms of predicting the
mechanical performance of the weld joint, as it recorded
the lowest value for R* = 0, MAE = 0.36, and MSE = 0.16.

4, Conclusion

The major research question in this study concerns the
feasibility of using EDA and ML approaches to determine
the optimal thermal and tensile performances of aluminum
joints welded using FSSW. The main challenge focuses on
modeling the nonlinear behavior of the FSSW process
outputs. The key findings that can be concluded from this
study are as follows:

(i) Inthe FSSW process, there is no single model that can

be relied upon for evaluation and prediction to suit all

objectives, as the outcome depends on the variables
of the welding process. In general, high-flexibility
algorithms, such as the random forest algorithm
and polynomial regression, have proven effective
for predicting welding process outputs because they
handle nonlinear relationships. The SVR model

did not yield satisfactory results in determining the

optimal thermal or mechanical performance of FSSW

within the specified welding parameters. In contrast,

Bayesian ridge regression, while not performing as

well as the random forest algorithm, is considered

satisfactory and can be recommended.

ML models are suitable tools to determine input

variables. The dwelling time may have the highest

significance (0.28) for the lap-shear fracture load,
indicating that it significantly affects weld quality.

In contrast, the tool rotation speed had the greatest

impact on the maximum temperature, with a feature

importance of 22.72.

(iii) The evaluation of ML models using MSE, MAE, and R?
is essential for comparing the ML algorithms that can
be used to predict thermal and tensile performance of
the FSSW process.

(ii)

The application of EDA—limited in this study to
determining relationships among welding process variables
for algorithm selection—together with ML techniques
provided valuable insights into the thermal and mechanical
behavior of the resulting joints. These results suggest that
the proposed approach may serve as an effective analytical
framework for complex solid-state welding processes,
including repetitive friction-flip welding and double
friction-flip welding. For future studies, ML techniques
may be combined with X-ray diffraction images to classify

joint defects and to accurately investigate metallic effects in
friction-flip weld joints.
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