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ABSTRACT

Friction Stir Welding (FSW) has developed as an extremely reliable solid-state
Jjoining technique for Al alloys, which possesses superior mechanical properties and
minimal defects compared to conventional fusion welding. Accurate prediction of
welding output parameters such as Ultimate Tensile Strength (UTS), Elongation (%),
Hardness, and Wear Rate is crucial for ensuring weld quality and optimizing process
conditions. In this study, four machine learning (ML) approaches were employed,
such as Backpropagation Neural Network (BP), Extreme Gradient Boosting (XGB),
Support Vector Machine (SVM), and Principal Component Analysis (PCA) to predict
the output responses with the help of a dataset derived from experimental values.
Initial correlation analysis highlighted D/d ratio and tilt angle as critical parameters,
moderately correlated with UTS, elongation, and wear rate, but weld speed was
inversely related to hardness. In the model performance, SVM achieved the highest
prediction accuracy of more than 99.5% for UTS and elongation, followed by BP and
XGB methods. PCA demonstrated stable performance, particularly for hardness
prediction and BP achieved ~99.44% accuracy for wear rate. Error analysis
demonstrated that SVM exhibited the lowest and most stable percentage errors,
particularly for UTS and elongation, while PCA showed the least deviation for
hardness predictions. The Mean Squared Error (MSE) values for the models were as
Sfollows: BP 0.6280, XGB 1.1681, SVM 0.4838, and PCA 0.9590. Overall, the
comparative study validates the effectiveness of integrating ML algorithms for
accurate welding output prediction, offering potential for real-time process
monitoring and optimization in advanced manufacturing environments.

KEYWORDS: machine learning, welding, BP neural network, XGBoost, SVM,
PCA, prediction, mechanical properties, Friction Stir Welding

1. INTRODUCTION

FSW is a solid-state joining technique that has gained
significant attention in the manufacturing industry,
particularly for welding aluminium alloys and other
materials that are challenging to join using traditional
fusion welding methods [1-2]. This technique is widely
adopted in the automotive and aerospace industries due
to its several advantages over the conventional welding
process [3]. This process involved a non-consumable

rotating tool that generates frictional heat and plastic
deformation as it moves along the joint line, creating a
weld without melting the base materials [4]. This solid-
state nature of FSW results in several benefits,
including reduced heat-affected zone (HAZ), excellent
mechanical and corrosion resistance properties, and the
elimination of unfavourable phase transformations that
can occur in fusion welding [5]. Generally, parameters
such as tool rotational speed, welding speed, tilt angle,
D/d ratio (shoulder diameter to pin diameter ratio), and
tool geometry in FSW play crucial roles in determining
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the quality and strength of the welded joints.
Welding speed and tool rotational speed were the most
significant factors affecting the weld strength [6-7].
Increasing rotational speeds leads to increased heat
generation and better material mixing, while
appropriate welding speeds ensure proper material
flow and consolidation, and the D/d ratio affects the
heat input and material flow during the welding
process. A larger shoulder diameter typically results in
increased heat generation and a wider heat-affected
zone [8]. The optimization of FSW for aluminium
alloys continues to be an active area of research, with
studies focusing on various aspects such as process
parameters, tool design, and material combinations.
The integration of machine learning and Al techniques
offers new avenues for further optimization and quality
control in FSW of aluminium alloys, potentially
increasing the acceptance and reliability of the process
in high-integrity applications.

The different optimization approaches have been
employed to improve FSW performance. For
instance, Tamjidy et al. [9] proposed a multi-objective
algorithm based on biogeography-based optimization
to enhance mechanical properties in the heat-affected
zone. This approach utilizes decision-making
techniques like Shannon's entropy and TOPSIS to
select the optimal solution. Abbasi et al. [10] employed
FEM simulation to evaluate temperature distribution
during FSW, enabling the characterization of
microstructure in different zones and optimizing
welding variables with reduced cost and energy
concerns. Prabhakar et al. [11] highlighted the
integration of signal processing with artificial
intelligence and machine learning algorithms to
improve weld quality. These wvaried approaches
underscore the complexity of FSW optimization and
the need for tailored solutions based on specific
materials and applications.

Future research should focus on combining
multiple  optimization techniques to achieve
comprehensive improvements in FSW performance
across different materials and joint configurations. In
recent years, the utilisation of machine learning has
significantly expanded in addressing the intricate
dynamics of manufacturing processes. These trained
algorithms can rapidly assimilate historical data and
elucidate the intricate interconnections among diverse
processing parameters [12]. Many researchers have
explored the use of ANNs [13], ANFIS [14], and
regression analysis [15] to prioritize, optimize, and
forecast experimental results. Additionally, deep
neural networks have shown promise in evaluating
weld quality and detecting welding defects based on
recorded data. RNN and CNN were trained to classify
FSW force data sets, achieving detection accuracies
over 95% for weld defects larger than 0.08 mm [16].
Kumaresan et. al [17] studied Image Processing
Techniques (IPTs) for detecting and classifying weld
defects. A total of 940 image patches representing
various weld defects were sourced from the GDXray

database and systematically categorized and they
adopted DNNs combined with transfer learning
approaches. Among the tested models, the Support
Vector Machine (SVM) classifier using features
derived from ResNet50 achieved the highest
performance, reaching an impressive accuracy of 98%.
Overall, the proposed models demonstrated superior
test accuracies of 99.4% for nine-class defect
classification and 97.8% for fourteen-class
classification.

Distun Stephen et al. [18] employed deep learning
techniques to autonomously detect different categories
of weld flaws through radiographic pictures. They
develop and train a CNN model utilising 200 annotated
radiographic pictures, each demonstrating one of four
categories of welding faults. Firstly, the model
demonstrated overfitting without data augmentation,
yielding an accuracy of 80% and a loss of 6.7. But the
CNN model achieves 95% validation accuracy and
99.2% training accuracy.

Another study developed an ML framework to
forecast the tensile strength of FSW-produced
aluminium alloys using a dataset of 213 samples.
Various ML algorithms were applied, with the adaptive
boosting classifier (ABC) achieving the highest
accuracy of 81.6% [19]. Another research optimized
FSW parameters for 2024T3 aluminium alloy sheets
using ML models, including random forest, XGBoost,
and multilayer perceptron artificial neural network
(MLP-ANN). These models achieved over 98%
accuracy in parameter regression, leading to an FSW
joint efficiency of 93% relative to the base
material [20]. The use of ANN and SVM in optimizing
the FSW process, highlighting their strong predictive
capabilities and efficiency in process optimization
[21]. Sarsilmaz et.al [22] reported that ANN models
outperformed SVM techniques in fine-tuning FSW
parameters, leading to significant improvements in the
tensile strength and hardness of the welded joints.

Jianming Hu et al. [29] analysed RSW process
signals of 2219/5A06 aluminium alloy under two
assembly conditions — gap and spacing — and applied
artificial intelligence modelling to improve the
accuracy and efficiency of RSW quality evaluation. A
multi-signal fusion approach was proposed, combining
principal component analysis and correlation analysis.
To optimize the model, a backpropagation neural
network (BPNN) was enhanced using the sine-chaotic-
map-improved sparrow search algorithm (SSA). The
model's input and output consisted of the variables
resulting from multi-signal fusion and the button
diameter, respectively.

In another study [30], laser—arc hybrid welding
was used to perform butt welding on 6 mm Q345 steel
under various assembly conditions. An adaptive model
of the BP neural network, optimized by a genetic
algorithm (GA), was proposed for this laser—arc
welding process. By optimizing the neural network
parameters using the GA, a relationship between the
pre-welding groove parameters and welding
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parameters was established. The GA-BP neural

network showed a mean square error (MSE) of just

0.75%. Experimental verification confirmed that the

neural network could predict the welding parameters

required to achieve specific welding morphologies
based on different pre-welding grooves. Additionally,

a four-dimensional mapping relationship was

developed between welding parameters and the

mechanical properties of joints through the analysis of
friction stir welding (FSW) data. This enabled
intelligent optimization of the welding process and the
prediction of joint properties. The BPNN model
revealed the metallurgical mechanisms behind the
mapping process-property relationship, and the
proposed method achieved a prediction accuracy of

92%. The welding parameters optimized by the BPNN

model were 1810 rpm for rotational speed, 105

mm/min for welding speed, and 3 kN for welding

pressure. These conditions resulted in a joint tensile

strength of 415 MPa, with a deviation of only 3.71%

from the experimental value [31].

Sadra Naddaf-Sh et al. [32] applied CSSA-
XGBoost algorithm was to predict the tensile shear
strength of resistance spot welding joints by extracting
representative features from dynamic resistance signals
during the welding process. The method involved
using an improved sparrow search algorithm to
optimize XGBoost hyperparameters, incorporating a
chaotic map and Levy flight strategy to enhance the
quality of the hyperparameter search. Comprehensive
experiments conducted on the self-built dataset
demonstrated that the prediction achieved a root mean
square error (RMSE) of 0.3423 KN and a mean
absolute percentage error (MAPE) of only 2.25%. The
proposed approach outperformed other algorithms,
providing a reliable method for weld quality inspection
in industrial applications.

Based on the literature reviews, several machine
learning approaches have been applied to predict
welding quality and associated mechanical properties.
However, existing studies utilized no more than three
techniques and performed comprehensive comparisons
across multiple models.

e Addressing this gap, the present work introduced a
novel approach by employing four distinct
machine learning methods: BP Neural Network,
XGB, SVM, and PCA to predict output responses.

e These models were trained and evaluated using a
dataset derived from experimental measurements
of welded joints in aluminium alloy, offering a
more extensive comparative analysis.

e This work also analyses the actual versus predicted
values of output responses, providing insights into
the models' ability to predict welding quality
accurately. Performance metrics such as MAE,
MSE, and RMSE were used to evaluate the
models.

e Furthermore, the comparison of error percentages
for output responses highlights the relative

performance of each model, offering a robust
evaluation of their prediction accuracy.

2. DATASET COLLECTION

Data collection is a critical preliminary step in the
development of any machine learning model. In this
study, data were sourced primarily from source [23].
According to data collection [23], Al-Mg-Mn alloy
measuring 160mm x 100 mm X 5 mm was selected as
the workpiece material for experimentation and
validation. Friction Stir Welding (FSW) was carried
out using a tapered cylindrical tool [33]. A schematic
illustration of the FSW setup for dissimilar joint
formation is shown in figure 1. Four critical process
parameters were identified for the optimization of the
FSW process: rotational speed (RD), welding speed
(WS), tilt angle (TE), and shoulder-to-pin diameter
ratio (D/d). The experimental ranges for these input
variables were established as follows:

— RD: 1000-1400 rpm,

—  WS: 80-120 mm/min,

- TE:1.5-25,

— D/d Ratio: 2.25-3.8.

Dowawasd Force

Advanced side of weld Retreading side of weld

Fig. 1. Schematic diagram of the FSW process

Experiments were designed and executed
according to the BBD matrix. Following the welding
trials, four key tests were conducted on the samples to
assess performance: Ultimate Tensile Strength (UTS),
Elongation (%), Brinell Hardness Number (HBN), and
Wear Rate (WTR). From the experimental output data,
only 15 set of results was selected for predictive
analysis. These outputs were modelled using four
machine learning techniques: Backpropagation Neural
Network (BP), Extreme Gradient Boosting (XGB),
Support Vector Machine (SVM), and Principal
Component Analysis (PCA) to evaluate and compare
their prediction accuracy. The flow of this study is
shown in figure 2.

3. METHODOLOGY

Four models were trained using standardized inputs,
with output responses predicted and compared against
actual values.
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Fig. 2. The flow process of present work

3.1. BP Neural Network (BPNN)

BPNN architecture is particularly effective for tasks
involving nonlinear mapping, such as pattern
recognition and function approximation, due to its
ability to learn complex relationships within data. This
model typically consists of three layers: an input layer,
hidden layers, and an output layer. the input layer was
used to find the type and volume of incoming data.

The hidden layer introduces nonlinearity into the
model through its structure, determined by the number
of neurons and activation functions, enabling the
network to capture intricate patterns. Finally, the
output layer was responsible for generating the final
predicted values based on the processed inputs [24].
The output of the neuron model structure is usually
expressed in Equation (1)

o

% = e(TLy wix; — by;) M

Typical loss function for optimization is shown in
Equation (2).

-~ E=3 (5-%) @
where xj is the output of the neuron, aji;
vji - the bias weights of the neuron;
E is a loss function.

Weight minimization is calculated by equation (3)

OE(vj;
Vi = Vji =1 2ECy) 3)

ani
3.2. XG Boost

It is a powerful ensemble learning method built on the
foundation of gradient-boosted decision trees and has
gained widespread adoption across diverse application
domains. The central concept behind XGBoost is to
combine multiple weak learners, typically decision
trees, through the gradient boosting framework.

In each iteration, a new tree is added to model the
residual errors from the previous iteration. The
formulation of this objective function is shown in
equation (4)

L(f)=2%; l(fj,xj) + 2 Q) 4
where Q(f) =YT+§,1||w||2 @
I(x j,x]) - the loss function;

x"j - the predicted value and xj is the actual value;
Q(f1) - the regularization term, which is used to control
the model complexity;

f1 - the model of the /-th tree;

T - the number of leaf nodes in the /-th tree;

w - the weight of the leaf nodes in the /-th tree;

Y - the penalty regularization term for the leaf nodes;
A - the penalty regularization term for the leaf weights
[25].
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3.3. SVM Algorithm

It follows a systematic approach to classify or predict
outcomes based on input features. Initially, labelled
training data consisting of input-output pairs is
provided. The algorithm then selects a suitable kernel
function to transform the data, especially if it's not
linearly separable. During the training phase, SVM
identifies the optimal hyperplane that maximizes the
margin between classes by focusing on the closest data
points. For regression tasks, it fits a line or curve within
a margin of tolerance. Once trained, the model uses a
regression function to predict the output shown in
equation (5):

f(y) = sign(Z7; a;x;K(y;y) + b) (5
where:
y is new input vector (test data) to be classified;
f(y) - output prediction: usually +1 or -1;
sign(.) - sign function: returns +1 if input > 0, else-1;
m - number of training data points;
o; - learned weight (Large multiplier) for training
sample j;
x; - class table of training point j, either +1 or -1;
yj - training data point j;
K (y;,y) - Kernal function: measures similarity between
yjand new input y;
b - bias term from training.

3.4. Principal Component Regression (PCR)

It is a widely used statistical technique that combines
Principal Component  Analysis (PCA)  for
dimensionality reduction with regression methods for
prediction. It is particularly effective in high-
dimensional datasets or when multicollinearity is
present, as it reduces the number of features while
retaining most of the variability in the data. PCR
enables more robust and interpretable models by
transforming the feature space via PCA before
applying a regression model.

The general predictive model using PCR is given
by equation (6)

x=Q@—-p -W-p
where [ is regression coefficient;
U - mean vector of training input.

(6)

3.5. Performance metrics

The implementation of all models was programmed in
Python using machine learning. To validate the
performance of the optimized models, six key
indicators were introduced, including the coefficient of
determination (R2), mean absolute error (MAE), mean
absolute percentage error (MAPE), mean squared error
(MSE), root mean squared error (RMSE), and accuracy
[28] [20]. The formula for Performance metrics is
shown in equations (7) to (12).

m —_ )2
=1-— i=1 (X xl.) > (7)

Z;n=1 (xj - E

RZ

1 m
MAE=—Z Ix— 2| (@)
m ]
j=1
100% = |x; — £,
MAPE = Z ! ‘| (9)
m 4 Xj
j=1
1 m
2
MSE = — -7
mz (x] xl) (10)
Jj=1
(11)

ACCURACY = 100% — MAPE (12)

where m is the number of observations (or data points);
xj - the actual value, x;
j - the predicted value by the model,;
xi - the average of all actual values x.

Furthermore, for each model, comparison plots of
the model’s predictions against the actual values and
learning curve plots were created.

4. RESULTS AND DISCUSSION

The heatmap illustrates the Pearson correlation
coefficients between the input parameters and output
responses in the welding process. Among the findings,
the D/d ratio exhibits a moderate positive correlation
with both ultimate tensile strength (0.35) and wear rate
(0.34), indicating its significant influence on
mechanical performance and material degradation
(Fig. 3). Similarly, the tilt angle shows a positive
relationship with elongation percentage (0.34) and
wear rate (0.28), suggesting that tool inclination affects
ductility and surface interaction during welding.

Heatmap: Correlation between Input Parameters and Output Resnonsleg
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Fig. 3. Heat map: correlation between input
parameters and output responses
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Welding speed is moderately negatively correlated
with hardness (—0.30), implying that higher welding
speeds may lead to softer weld zones. Tool rotational
speed demonstrates a weak negative correlation with
tensile strength (—0.22), but has minimal influence on
other outputs. Notably, the input parameters exhibit
low intercorrelation among themselves (mostly near
zero), which reduces multicollinearity and promotes
the application of multivariate techniques such as
principal component analysis (PCA) or multiple
regression. Overall, the correlation analysis highlights
the D/d ratio, tilt angle, and weld speed as the most
impactful parameters on the final weld quality and
wear characteristics.

4.1. Analysis of Actual versus Predicted Values

The scatter plot provided a comparison between
actual UTS and predicted UTS values generated by
four different models: BP, XGB, SVM, and PCA.

From figure 4, the diagonal line represents the
ideal prediction line, where the predicted values
exactly match the actual UTS values. Data points for
all four models are tightly clustered around this line,
indicating high prediction accuracy across models.
Among the four models, BP (blue dots) and XGB
(green dots) exhibited near-perfect alignment with the
ideal line, which indicated the minimal error. SVM (red
dots) and PCA (purple dots) also performed well but
show slightly more deviation at higher UTS values,
indicating marginally less accuracy.

Scientifically, this performance disparity is
attributed to model sensitivity. BP and XGB models
were capable of capturing complex nonlinear
relationships more effectively due to their deep
learning and ensemble-based architectures
respectively. Overall, all models demonstrate robust
predictive performance, but BP and XGB models
slightly outperformed others in capturing the
nonlinearities present in the welding process data.

From figure 5, The scatter plot presents a
comparison between the actual and predicted values of
elongation percentage using four predictive models:
from this graph, Data points corresponding to all
models are closely aligned with this ideal line,
indicating a high degree of prediction accuracy across
the models. But BP and PCA predictions are most
tightly clustered along the diagonal, suggesting high
model reliability and generalization performance for
elongation prediction. XGB and SVM predictions also
closely follow the ideal trend but show slight deviation
in the mid-range values (around 11-13%), indicating
potential local overfitting or underfitting effects.

Figure 6 shows the comparison between actual and
predicted hardness values generated by four different
models. Among the models, PCA and SVM predictions
showed the closest adherence to the ideal line across
the full range of hardness values (from 94 to 126), with
minimal scatter, which suggested the consistent
predictive reliability, especially in medium-to-high

hardness regions. XGB and BP were with slight
dispersion in the lower range of hardness values
(around 95-100), possibly due to their sensitivity to
local variance or overfitting tendencies when trained
on smaller datasets.

Scatter Plot Comparison of Actual vs Predicted UTS

Actusl UTS

Fig. 4. Scatter plot of actual vs. predicted values for
UTS

Scatter Plat C ison of Actual vs Predicted Elo %
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o XGB Predicted 4
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9 1w u 1 13 b 5
Actual Elangation %

Fig. 5. Scatter plot of actual vs. predicted values for
% elongation

Scatter Plot Comparison of Actual vs Predicted Hardness

Fig. 6. Scatter plot of actual vs predicted values for
hardness

From figure 7, the scatter plot compares the actual
and predicted wear rate values using four different
models. Among the four models, BP and PCA models
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exhibited slightly better alignment with the actual
values, particularly at the lower and upper ends of the
wear rate spectrum, suggested more consistent
performance. XGB shows minor underestimation in
higher ranges, and SVM demonstrated reliable
performance with slight variations. This analysis
highlighted the capability of these models to capture
complex, nonlinear relationships inherent in wear rate
data, which is crucial in applications such as tool
condition  monitoring,  material  degradation
assessment, and predictive maintenance.

Scatter Flot Comparisen of Actual v Predicted Wear Rate

-== idealiy = x) .
® BF Predicted ]
® NGB Predicted
.

& SV Predeted -
PCA Preducted Fad

asio 2011 2012 0013 2014 asts
Actual Wear ate

Fig. 7. Scatter plot of actual vs predicted values for
wear rate

4.2. Comparison of Error Percentage

The bar chart presents a comparative percentage error
analysis on UTS for four predictive models across 15
samples, as figure 8 shows. Across all samples, the
highest percentage error was detected in XGB-Sample
2, reaching +0.7% which indicated the greatest
overestimation. In contrast, the major negative error
appears in XGB-Sample 3 (—0.5%), making XGB the
most variable model in terms of error magnitude. BP
also showed noticeable deviations, particularly in
samples 1, 2, and 6, but with slightly smaller error
margins than XGB. SVM and PCA exhibited lower and
more consistent error percentages across most samples,
with SVM showing a maximum positive error of
around +0.25% (Sample 4) and PCA peaking at about
+0.4% (Sample 15). Overall, SVM and PCA
demonstrate the least percentage error variation,
suggesting higher prediction stability, while XGB and
BP showed more fluctuations and contributed both the
extreme positive and negative deviations. The bar chart
displayed the percentage change in prediction error in
% of elongation for four models across 15 samples,
offering insight into each model's relative performance

(Fig. 9).
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Fig. 8. Comparison plot on UTS
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Fig. 9. Comparison plot on % elongation
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Among all models and samples, the XGBoost
model in Sample 12 showed the highest positive
percentage change, exceeding +2.5%, indicating the
highest overestimation. Conversely, the PCA model in
Sample 13 registered the most negative error (—1.5%).
BP and XGB exhibited more frequent and higher-
amplitude variations across the Samples, especially
samples 2, 9, 12, and 15. In contrast, SVM and PCA
maintain relatively lower fluctuations in most samples,
although PCA has a sharp negative spike in Sample 13.
Overall, SVM is the best-performing model, which
provided the lowest and most consistent prediction
error across the samples for % of Elongation.

Figure 10 illustrates the percentage change in
prediction error for four machine learning models
across 15 samples for hardness. Among the four
models, XGBoost in Sample 10 exhibited the highest
positive error, reaching around +1.6%, and SVM in
Sample 12 showed the highest negative error, around
1.1%. BP and XGB models display relatively higher
variability, with several samples showing error
magnitudes exceeding +0.8%, especially in samples 2,
8,9, 10, and 12, indicating less consistent predictions.

The PCA model maintained relatively low and
balanced error values across most samples, suggesting
greater stability and lower average prediction error.
From these results, PCA was the most stable and

accurate model in hardness, followed by SVM, BP and
XGB.

Figure 11 displayed the percentage change in
prediction errors of four machine learning models
across 15 samples for wear rate. Among all the data
points, the highest percentage error was observed in
SVM for Sample 7, reaching approximately +1.7% and
the lowest (most negative) error occurs in SVM again
for Sample 9, around —1.6%. BP and XGB show
moderate fluctuations across samples but with
occasional peaks, such as BP in Sample 4 (+0.9%) and
XGB in Sample 15 (—1.2%), highlighting variability.
PCA maintained moderate and consistent performance,
with errors mostly within £1%.

4.3. Performance Metrics Results

The overall Performance metrics results for UTS, % of
elongation, The hardness and wear rate results are
displayed in Tables 1 to 4 respectively. Figure 12
presents a comparative analysis of R? (coefficient of
determination) values for four machine learning
models on output responses. Among all models and
parameters, the highest R? value was observed for UTS
using the SVM model, approximately 0.999, indicating
nearly perfect prediction. Conversely, the lowest R?
value was identified for Elongation (%) using the XGB
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model, at around 0.989. Overall, BP and SVM models
show strong and consistent performance across all four
parameters, with R? values exceeding 0.996 in most
cases and PCA performed well for wear rate and
hardness.

Figure 13 illustrates the comparison of MAE for
four machine learning models with four output
responses. MAE represented the difference between
predicted and actual values, where lower values
indicate better model accuracy. Among all
combinations, the highest MAE was detected for XGB
in UTS, with an error close to 1.0, indicating the least
accurate performance for this parameter.

Conversely, the lowest MAE was found in BP for
Elongation (%), at approximately 0.09, showing high
precision in predicting ductility. SVM shows the best
performance with the lowest MAE (~0.65) for UTS. In
terms of Hardness prediction, BP yields the lowest
MAE (~0.29), whereas PCA showed the maximum
error around 0.49. Notably, all models show low error
in predicting Elongation %, but the PCA and XGB
models consistently showed higher errors across
multiple parameters in MAE. MSE is the squared
differences between predicted and actual values.

From figure 14, the highest MSE was observed for
XGB predicting UTS, with a value of 1.17, suggesting
this model performs poorly in prediction of UTS. In
contrast, the lowest MSE was attained for BP on
Elongation (%), approximately 0.01, highlighting its
exceptional accuracy in predicting ductility. For UTS
prediction, SVM achieves the lowest MSE (~0.48),
beating other models. When predicting Hardness, BP
shows superior performance (~0.27 MSE) and PCA
exhibits the highest error (~0.46). SVM performs worst
with the highest MSE (~0.96), whereas BP shows
relatively lower error (~0.58) for Wear Rate prediction.

Figure 14 shows RMSE prediction for four
models. XGB showed the maximum RMSE for UTS
(~1.07). Conversely, Wear Rate prediction yielded the
low RMSE across all models (~0.005), suggesting
minimal error and high predictive precision. For

Figure 15 shows MAPE prediction for four models
and SVM achieves the lowest MAPE (~0.24%). BP
showed the best performance (~0.76%), whereas XGB
again yielded the highest error (~1.36%), indicating
difficulty in modelling this response. For Hardness, BP
outperformed other models with the lowest MAPE
(~0.36%), whereas PCA shows the highest error
(~0.55%). Wear Rate predictions maintain
exceptionally low MAPE values across all models
(~0.005-0.01%), confirming their consistent and
highly accurate performance in this domain. Overall,
BP emerges as the most balanced and accurate model,
demonstrating the lowest average MAPE across
multiple parameters, while XGB consistently records
the highest errors, especially for Elongation and
Hardness.

Table 1. Performance metrics results for UTS

Metric BP XGB SVM PCA
R? 0.9981 | 0.9966 | 0.9986 | 0.9972
MAE 0.7420 | 0.9967 | 0.6453 | 0.9180
MSE 0.6280 | 1.1681 | 0.4838 | 0.9590
RMSE 0.7924 | 1.0808 | 0.6956 | 0.9793

MAPE 0.27 0.36 0.23 0.33
Accuracy | 99.73% | 99.64% | 99.77% | 99.67%

Table 2. Performance metrics results for % of

elongation

Metric BP XGB SVM PCA
R? 0.9970 | 0.9893 | 0.9937 | 0.9937
MAE 0.0887 | 0.1553 | 0.1247 | 0.1273
MSE 0.0085 | 0.0300 | 0.0176 | 0.0178
RMSE 0.0921 | 0.1733 | 0.1325 | 0.1333

MAPE 0.76 1.37 1.06 1.13
Accuracy | 99.24% | 98.63% | 98.94% | 98.87%

Table 3. Performance metrics results for hardness

Elongation (%), BP performs best with the lowest Metric BP XGB SVM PCA
RMSE (~0.09) and XGB exhibited the highest error R2 0.9971 09967 | 09967 | 0.9961
(NOIS) For hardneSS, BP achieved the lowest RMSE MAE 0.2873 0.4213 0.4267 0.4873
(~0.13); however, PCA showed ~0.3 1. The consistently MSE 0'2608 0.3842 0.3982 0'4551
i"wmli‘év[sf dviuis for tﬂefehm"t‘i‘ellls md‘gﬁtif egeckti‘rvle RMSE | 0.1323 | 0.2383 | 0.2429 | 0.3088
tflim gc?entisﬁ:aﬁ;e %gbisi anho(;cecsap?or y;ed?ctivi MAPE 0.3638 1 0.4881 | 04928 | 05558
. y P Accuracy | 99.72% | 99.68% | 99.68% | 99.59%
modelling.
Table 4. Performance metrics results for wear rate
Metric BP XGB SVM PCA
R? 0.998552 0.997312 0.996007 0.998238
MAE 0.000069 0.000089 0.000109 0.000071
MSE 0.587575 0.766869 0.967846 0.617114
RMSE 0.00023 0.00041 0.00058 0.00069
MAPE 0.000074 0.0001 0.000122 0.000081
Accuracy 99.43% 99.21% 99.03% 99.38%
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Fig. 16. Comparison plot of MAPE

Figure 15 shows MAPE prediction for four models
and SVM achieves the lowest MAPE (~0.24%). BP
showed the best performance (~0.76%), whereas XGB
again yielded the highest error (~1.36%), indicating
difficulty in modelling this response. For Hardness, BP
outperformed other models with the lowest MAPE
(~0.36%), whereas PCA shows the highest error
(~0.55%). Wear Rate predictions maintain
exceptionally low MAPE values across all models
(~0.005-0.01%), confirming their consistent and
highly accurate performance in this domain. Overall,
BP emerges as the most balanced and accurate model,
demonstrating the lowest average MAPE across

Fig. 17. Comparison plot of the accuracy percentage

multiple parameters, while XGB consistently records
the highest errors, especially for Elongation and
Hardness.

Figure 16 presents a comparative analysis of
prediction accuracy (%) across four machine learning
model for estimating four responses higher accuracy
implied best model performance in approximating real-
world outcomes. Among the models, SVM achieved
the highest UTS prediction accuracy (~99.76%),
followed by BP (~99.72%), XGB (~99.65%).

From figure 17, it can noticed that for elongation
(%), BP leads again (~99.25%), whereas XGB showed
the lowest accuracy (~98.63). In hardness prediction,
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BP and XGB exhibited similar top-tier accuracy
(~99.72%), but PCA yielded the lowest (~99.58%).
Concerning with Wear Rate, BP stands out with the
highest accuracy (~99.44%). These observations
underlined that BP constantly delivered superior
accuracy across all parameters, reflecting its robust
learning capability and adaptability to nonlinear
patterns in materials data.

5. CONCLUSIONS

This research explored the predictive modelling of

Friction Stir Welding (FSW) output parameters for

aluminium alloys using four advanced machine

learning techniques: Backpropagation Neural Network

(BP), Extreme Gradient Boosting (XGB), Support

Vector Machine (SVM), and Principal Component

Analysis (PCA)-enhanced regression. A carefully

selected experimental dataset consisting of 15

observations was utilized to train and evaluate these

models, targeting welding output responses such as

Ultimate Tensile Strength (UTS), Elongation (%),

Hardness, and Wear Rate.

e  The correlation analysis revealed that the D/d
ratio, tilt angle, and weld speed had the most
significant influence on welding outcomes,
whereas the input features demonstrated minimal
intercorrelation for applying multivariate models
like PCA.

e  Actual versus predicted plots illustrated that all
four models demonstrated strong predictive
capabilities, with BP and XGB closely aligning
with actual values for UTS, while SVM and PCA
performed better in hardness prediction. For wear
rate, BP and PCA exhibited more consistent
alignment, especially at extreme values.

e In terms of error analysis, SVM consistently
produced the lowest and most stable error
percentages in predicting UTS and elongation,
indicating its superior generalization and
robustness. PCA emerged as the most reliable
model for hardness prediction, maintaining
balanced and low error margins across all
samples. Although XGB and BP showed strong
predictive power, they also exhibited higher
variability, particularly in samples with extreme
values, suggesting sensitivity to local fluctuations
in the data.

° From the comparative accuracy results, SVM
achieved the highest UTS accuracy (~99.76%),
while BP led in elongation (~99.25%) and wear
rate (~99.44%). PCA, although slightly lower in
accuracy for some metrics, offered the most
stable predictions, especially for hardness.
Overall, the study confirms that ML-based
models-particularly SVM and BP can effectively
capture the complex nonlinear relationships
inherent in the FSW process. PCA contributes
significantly by enhancing model stability and
reducing dimensionality issues. These findings

provide a strong foundation for integrating ML
techniques into real-time welding process
monitoring, control, and optimization in
advanced manufacturing settings.
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