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ABSTRACT
The accurate prediction of mechanical properties and defect formation in friction stir
welding (FSW) of aluminium alloys is crucial for ensuring structural integrity and
reliability in aerospace and automotive applications. In this study, an artificial neural
network (ANN) was developed to predict yield strength (YS) and welding defects (WD)
in FSW joints of AA2024, AA2219, and AA6061 alloys. A dataset of one hundred
experimental cases obtained from peer-reviewed literature was employed, where
process parameters rotational speed (RS), plate thickness (PT), shoulder radius (SR),
axial pressure (AP), pin root radius (PR), pin tip radius (PS), and tool angle (TA) were
served as inputs, and YS and WD were target outputs. The ANN was implemented in
MATLAB R2016a and trained using backpropagation. Results showed strong
predictive accuracy: for YS, correlation coefficients (R) of 0.96568, 0.99874, and
0.96278 were achieved for training, validation, and testing sets, with an overall R of
0.96764. The minimum validation error (MSE = 2.1901) occurred at epoch 11. For
WD prediction, the overall R was 0.83229, with lowest validation error (MSE =
0.09041) at epoch 17. These findings highlight the potential of ANN-based models for
real-time prediction and optimization of FSW quality. Future work will focus on
expanding datasets, integrating hybrid Al techniques, and developing adaptive

models for industrial-scale welding applications.

KEYWORDS: friction stir welding, aluminium alloys, MATLAB, artificial neural

network, correlation coefficients and minimum validation error.

1. INTRODUCTION

Welding processes are critical in modern industries
because they help to minimize complexity and reduce
the size of mechanical components. However,
conventional fusion welding of aluminium alloys is
often challenged by problems such as hot cracking,
porosity, and embrittlement along the joints due to the
high thermal and electrical conductivity of aluminium
[1-2]. To overcome these limitations, Friction Stir
Welding (FSW) has emerged as an effective
alternative, offering superior joint quality with minimal
distortion and improved sustainability. The rotating
tool in FSW with forward motion generates intense
frictional heat and plastic deformation, raising the
temperature to around 420-480 °C - sufficient to soften
the material without reaching its melting point [3-6].

Generally, the aluminium metal is one of the most
important lightweight engineering materials and it has
low density and excellent recyclability. It is used in
high-performance  sectors such as defence,
transportation, aviation and aerospace. Despite these
advantages, its relatively lower strength compared to
steel limits its direct structural applications, thereby
imposing the development of alloying systems to
improve its mechanical performance. Depending on
the composition and processing route, aluminium
alloys can be broadly classified into heat-treatable and
non-heat-treatable systems, each offering distinct
advantages for specific applications. These alloys are
widely used in structures requiring a balance of
lightweight properties, strength, and formability, make
them essential materials for advanced manufacturing
and engineering [7].
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The selection of parameters in FSW process is
critical to determine the quality, strength, and
appearance of the weld, as well as the overall process
efficiency [8-9]. For instance, an optimal tool rotation
speed ensures sufficient frictional heat for proper
material softening, while an appropriate traverse speed
balances heat input and also influences nugget size, the
thermo-mechanically affected zone (TMAZ) width,
and precipitates distribution, while welding speed
strongly affects defect formation and tensile efficiency
[10-11]. The tool pin profile and shoulder dimensions
critically modify stirring intensity and heat generation,
with square and triflate pins enhancing material mixing
and defect-free consolidation, particularly in dissimilar
aluminium combinations such as AA6061-AA5086
[12] and larger shoulders improved consolidation but
risking overheating [13].

The axial force, plunge depth, and tilt angle
directly influence contact pressure, heat input, and
forging action, thereby affecting void elimination and
dynamic recrystallization kinetics [14]. Excessive heat
input can lead to precipitate coarsening in
precipitation-hardened  alloys, reducing tensile
strength, whereas insufficient heat promotes tunnel
defects and lack of bonding [15]. Incorrect parameter
combinations can lead to defects such as voids, tunnel
defects, or excessive flash, whereas optimized settings
promote fine, equiaxed grains in the weld nugget,
enhancing strength and ductility [16-17]. Accurate
prediction of mechanical properties and defects in
friction stir welding (FSW) has been achieved using a
range of techniques. For example, Statistical design
approaches such as Response Surface Methodology
(RSM) and Taguchi—Grey Relational Analysis (GRA)
have been widely applied to develop empirical models
for outputs like ultimate tensile strength (UTS),
hardness, and elongation, providing clear parameter-
effect relationships and multi-response optimization
capabilities [15], [18]. Proper optimization can refine
the weld nugget’s grain structure, improve tensile
strength and ductility, while also reducing the tool wear
and enhancing the productivity. Moreover, parameter
selection must consider material type, thickness, and
joint configuration, as each affects heat flow and
stirring  efficiency. Therefore, careful parameter
optimization is essential to achieve high-quality,
reliable, and reproducible FSW joints across diverse
materials and applications [19]. Classical machine-
learning algorithms, including Support Vector
Machines (SVM), Random Forests (RF), and ensemble
models have shown strong predictive accuracy for UTS
and hardness in both symmetric and asymmetric welds,
with ensemble methods often outperforming single
learners while maintaining robustness against
overfitting [20]. Artificial neural networks (ANNs)
have been extensively applied in welding process
prediction due to their capability to model nonlinear
relationships between process parameters, material
properties, and weld quality. Feed-forward ANNs
trained with inputs such as tool geometry, rotation

speed, and travel speed have successfully predicted
mechanical properties and also compared ANNs to
ANFIS and reporting ANNs’ competitive or superior
accuracy [21-23]. A. Scotti. et al. [24] utilized arc-
voltage time series as input data for ANN models to
achieve real-time weld quality monitoring and defect
detection, which provided a foundation for automated
and intelligent welding systems and they have been
employed to predict weld strength and deformation,
and when coupled with advanced optimization
techniques such as genetic algorithms, they further
enhance process efficiency and precision in laser
welding [25-26] as well as Resistance Spot Welding
[27]. Gaussian Process Regression (GPR) and Fuzzy
logic models offer an added advantage by quantifying
uncertainty in predictions, which is critical for safety-
critical FSW applications [28-29]. For defect
prediction and prevention, finite element modelling
(FEM) of coupled thermo-mechanical phenomena
enables the simulation of temperature fields, material
flow, and defect-prone zones, providing physically
interpretable insights for process optimization [30].
Non-destructive testing (NDT) techniques such as
ultrasonic C-scans and radiography, combined with
image processing, have been successfully employed to
detect and size internal defects, which are then
correlated to reductions in tensile strength and fatigue
performance [31-32]. Hybrid approaches that integrate
physics-based FEM outputs, statistical surrogates, and
NDT features have recently emerged as a promising
route to achieve high prediction accuracy with
interpretable models, avoiding the black-box nature of
ANN-based methods, while supporting real-time
quality monitoring in industrial FSW applications.
Based on previous literature, various techniques
have been employed to predict the accuracy of
mechanical properties for a limited number of datasets,
particularly for single materials or alloys. However, a
gap exists in integrating data from different aluminium
alloys in the context of welding to predict the accuracy
of mechanical properties. This paper aims to address
that gap by collecting datasets from various aluminium
alloys, specifically Al 2024, Al 2219, and Al 6061, to
predict the accuracy of yield strength and welding
defects. The study utilizes an artificial neural network
(ANN) to analyse data from 100 different datasets.

2. DATASET COLLECTION

One hundred sets of data for the FSW of three
aluminium alloys [33-35], AA2024, AA2219 and
AA6061 obtained from the peer-reviewed literature in
table 1. These data sets are used for the present work.
The literature reviews for AA2024 reported that
variations in tool rotation speed, traverse speed, and
probe design significantly influence grain refinement,
hardness distribution, and tensile strength, with
threaded probes improving material flow and reducing
defects [36-38]. In AA2219, the researchers
highlighted its high sensitivity to welding conditions,
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with efforts focused on analysing microstructural
changes, and applying non-destructive testing (NDT)
to identify defects such as voids and tunnels; optimized
parameters were shown to refine grains and enhance
tensile efficiency [40-43].

Similarly, investigations on AA6061 emphasized
the influence of process parameters on tensile
behaviour, internal defect formation, and surface
quality, showing that properly optimized rotational and
traverse speeds can achieve joint strengths close to that
of the base metal while minimizing tunnel defects and
improving surface finish [44-46]. Collectively, these
studies highlight that, while all three alloys benefit
from refined microstructures and improved mechanical
properties under optimized FSW conditions, AA2024

and AA2219 exhibit greater defect sensitivity
compared to the relatively more weldable AA6061.

From the previous literature reviews, these data are
used for predicting yield strength and welding defects
using an artificial neural network.

Table 1. Data set collection detail for three types for

Al alloy
Sample Types of Al No of data sets
alloy
1 2024 20
2 2219 35
3 6061 45

Table 2. Chemical composition for AA2024, AA2219, and AA6061 [47-50]

Material Si Cu Fe Zn Mg Mn Cr Al \4 Zr Ti
AA2024 0.3 4.4 0.3 0.22 2.3 0.04 0.1 Bal - - -
AA2219 0.18 6.5 0.30 0.10 0.03 | 042 - Bal 0.13 1023 | 0.12
0.5- 0.14- | 0.0- 0.0- 0.7- 0.0- | 0.04- | 95.80- - - 0.02-
AAG06I 0.9 0.40 | 0.08 0.23 0.13 ]0.13 | 0.32 97.56 0.26
3. ANN PROCESS
E The development of the ANN model for predicting
e & yield strength and welding defects follows a systematic
wo) procedure, as illustrated in the flow diagram (Fig. 1).
! Initially, the input process variables such as rotational
DATA NORMALISATION speed (RS), Plate thickness (PT), Shoulder radius (SR),
] axial pressure (AP), pin root radius (PR), pin tip radius
(PS), and tool angle (TA) are provided along with the
) target data, namely yield strength (YS) and weld defect
! (WD). To ensure uniformity and to prevent the
dominance of higher-magnitude variables, the dataset
el is subjected to normalization, typically by scaling the
e values within a predefined range from 0 to 1. Following
AND VALIDATION normalization, the ANN structure is selected by
defining the number of input neurons, hidden layers,
' hidden neurons, and output neurons. The dataset is then
TRETNG divided into three subsets: training, testing, and
1 validation.
The network is trained iteratively until
s e convergence is achieved. At each training cycle, the
At prediction error for each outppt parameter is
calculated. If the error level is found to be
+ unacceptable, the training is repeated with modified
weights or network settings. Once the error falls within
- R the acceptable range, the final ANN model is obtained.
| ACCEPTABLE The finalized network is then simulated to predict
target output responses.
N
& 4. RESULTS AND DISCUSSION
FINALIZE AND SIMULATE

Fig. 1. Flow chart for ANN process

MATLAB R2016a was employed to forecast the output
response of the yield strength of the al alloy friction
stir-welded (FSW) joints. The experimental results
obtained from Kaggle datasets served as the primary
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input-output data source for training and testing the
ANN model.

The experimental dataset consisting of 100
samples divided into three subsets: 70% for training to
establish the model (70 data sets), 15% for testing (15
datasets), and 15% for validation (15 datasets) to assess
the generalization ability of the network. This
partitioning was carried out using Neural Network
Toolbox [51-52]. The iterative evaluation of these
network structures ensured the selection of an optimal
model capable of capturing the complex nonlinear
relationships between welding parameters and
mechanical properties of the FSW joint.

Fig. 2. The ANN structure

The MLP neural network model employed in this
study utilizes the Tangential-Sigmoid (tansig)
activation function for the hidden layer and a linear
transfer function for the output layer, ensuring
effective nonlinear mapping of input variables to the
output response. For the training phase, LM
backpropagation algorithm was implemented, as it is
widely regarded for its fast convergence and superior
efficiency in handling medium-sized datasets. The
developed ANN architecture is defined as a (7-10-1)
structure (Fig. 2), representing seven input nodes
corresponding to welding process parameters, ten
hidden layers with ten neurons optimized through trial-
and-error evaluation, and one output node
corresponding to the predicted response. To
comprehensively evaluate the predictive performance
of the ANN model for yield strength of the joints, two
key statistical indices were employed which are the
coefficient of determination (R) and the mean squared
error (MSE) [53]. Their formulaec are shown in
equations (1) and (2) respectively [54-55]. These
metrics provide insight into both the accuracy and
robustness of the model across different datasets. The
dataset was partitioned into training, validation, and
testing subsets. R along with MSE values were
calculated separately for each phase to avoid bias in
model assessment.

_ _20i-9)0—%) (1)
VE@i=¥)2%(x;—%)?

where R is the coefficient of determination, y: values of
the x-variable in a sample, x; values of the y-variable in

a sample.
1

Furthermore, regression analysis was carried out to
examine the degree of correlation between the ANN-
predicted outputs and the corresponding experimental
target values [56].

A regression line with a slope close to unity and an
intercept approaching zero indicates strong agreement
between predicted and actual results, thereby
confirming the ANN’s capability to accurately capture
the complex nonlinear interactions between input
parameters and output responses in the FSW process.
The comprehensive regression plots for the ANN
model are presented for yield strength in figure 3.

The analysis of correlation coefficients (R) across
different dataset partitions revealed excellent
agreement between the predicted and experimental
values of yield strength. Specifically, the correlation
coefficients obtained for the training, validation, and
testing values were 0.96568, 0.99874, and 0.96278,
respectively. The overall correlation coefficient was
found to be 0.96764, confirming the robustness of the
model.

Training: R=0.96568 Validation: R=0.99874
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Fig. 3. Regression fit for yield strength

Figure 4 shows the error histogram, which
quantifies the deviations between predicted and actual
responses. The histogram is divided into bins, each
representing a specific error range, with the Y-axis
indicating the number of samples within each bin. For
both the training and validation datasets, the maximum
bin height is approximately 70, revealing that the
majority of prediction errors fall within the narrow
range of 0.9946, signifying high model precision.

Notably, the zero-error line appears slightly offset

MSE = ﬁz Square errors (2)  to the left of the central bin, but it also corresponds to
Number of sample the same minimal error of 0.9946. The majority of the
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samples are concentrated around the zero-error line,
with the highest frequency observed between
approximately -33.92 and +22.95, indicating that most
predictions are highly accurate and closely aligned
with the actual values. The blue (training), green
(validation), and red (testing) bars are clustered near
zero, confirming that the model generalizes well across
all datasets without significant overfitting. Only a
small number of instances fall into the extreme error
ranges which represent outliers but have negligible
influence compared to the dominant cluster near zero.
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Fig. 4. Error histogram plot for yield strength
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Fig. 5. Training state diagram for yield strength

From figure 5, the training state diagram illustrates
the convergence behaviour of the ANN during 17
epochs by tracking gradient, Mu, and validation
checks. The gradient, which reflects the rate of change
of the error concerning the weights, shows a steady
decline from 10* to 10', reaching 23.096 at epoch 17,
indicating that the network moved progressively
toward convergence. The validation checks curve
reveals that after six consecutive failures to reduce
validation error, training was terminated at epoch 17,

demonstrating the use of early stopping to avoid
overfitting.

From figure 6, the performance plot illustrates the
variation of MSE for training, validation, and testing
datasets over 17 epochs. The validation error reaches
its lowest point at 2.1901 during epoch 11, marking the
optimal generalization performance of the ANN, after
which it begins to rise slightly, signalling the onset of
overfitting. This demonstrates that the ANN model
achieves its best predictive capability at epoch 11, with
minimal error and strong agreement between predicted
and experimental values, while further training offers
no improvement and may reduce generalization
accuracy.
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Fig. 6. Best validation curve for yield strength
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Fig. 7. Regression fit for welding defects

From the ANN model results for yield strength, it
demonstrates  outstanding  predictive  accuracy,
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achieving a relative discrepancy of less than 1%
between predicted and experimental values, thereby
validating its ability to accurately capture the complex
nonlinear interactions between seven process
parameters and output response (yield strength). The
comprehensive regression plots for ANN model is
presented for welding defect in figure 7. The analysis
of correlation coefficients (R) across different dataset
partitions revealed excellent agreement between the
predicted and experimental values of yield strength.
Specifically, the correlation coefficients obtained for
the training, validation, and testing values were
0.88283, 0.81194, and 0.75026, respectively. The
overall correlation coefficient was found to be 0.83229.
The regression plots reveal that the predicted outputs
closely align with experimental targets, even though
slight deviations in the test dataset suggest the presence
of experimental variability.

Figure 8 shows the error histogram for welding
defect. The maximum bin height is approximately 35,
revealing that the majority of prediction errors fall
within the narrow range of 0.01109, denoting high
model precision. Notably, the zero-error line appears
slightly offset to the right of the central bin and its
minimal error of 0.01109. Samples are concentrated
around the zero-error line, with the highest frequency
observed between approximately —1.108 and +0.7868,
indicating that most predictions are highly accurate and
closely aligned with the actual values. The highest peak
is centred around zero, particularly dominated by
training data, which indicates the model has learned the
underlying patterns effectively. Small spreads of errors
in validation and testing sets (green and red) show that
the model generalizes well to unseen data, though
slight deviations occur, likely due to experimental
variability or noise.
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Fig. 8. Error histogram plot for welding defects

From figure 9, the training state diagram illustrates
the ANN model for the welding defect during 23
epochs by tracking gradient, Mu, and validation
checks. The gradient which reaching 0.014297 at
epoch 23, indicating that the network moved

progressively toward convergence. The wvalidation
checks curve reveals that after six consecutive failures
to reduce validation error, training was terminated at
epoch 23. The validation error reaches its lowest point
at 0.09041 during epoch 17, marking the optimal
generalization performance of the ANN, after which it
begins to rise slightly, signalling the onset of
overfitting (Fig. 10). It is observed that during the early
epochs, the errors decrease rapidly across all datasets,
showing that the model is quickly learning the
underlying patterns. This demonstrates that the ANN
model achieves its best predictive capability at epoch
17, with strong agreement between predicted and
experimental values.
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Fig. 9. Training state diagram for welding defects

Best Validation Performance is 0.090461 at epoch 17
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Fig. 10. Best validation curve for welding defects
5. CONCLUSIONS

The findings of this study show that the ANN
effectively captures the nonlinear relationships
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governing welding defect prediction, providing high

predictive accuracy, strong generalization, and

reliability for practical applications in welding quality
assessment. Several significant conclusions:

e  The results demonstrate the effectiveness of the
ANN model in predicting the yield strength (YS)
and welding defects (WD) of friction stir welded
joints made from three aerospace-grade
aluminium alloys, namely AA2024, AA2219, and
AAG6061. A dataset of one hundred experimental
cases extracted from peer-reviewed literature was
used, incorporating key process parameters
rotational speed (RS), plate thickness (PT),
shoulder radius (SR), axial pressure (AP), pin
root radius (PR), pin tip radius (PS), and tool
angle (TA) as inputs, with YS and WD as outputs.
The ANN, configured in a (7-10-1) architecture
and implemented in MATLAB R2016a, exhibited
strong predictive performance.

e  Foryield strength, the model achieved correlation
coefficients 0f 0.96568, 0.99874, and 0.96278 for
training, validation, and testing, respectively,
with an overall R of 0.96764. The error histogram
confirmed that most prediction errors were
confined within a narrow range (0.9946),
indicating high accuracy. The minimum
validation error (MSE = 2.1901) occurred at
epoch 11. For welding defects, correlation
coefficients of 0.88283, 0.81194, and 0.75026
were obtained, with an overall R of 0.83229. The
error histogram revealed minimal deviation, with
the majority of errors concentrated within
0.01109, and the lowest validation error (MSE =
0.09041) recorded at epoch 17 out of 23.

e  These results establish the ANN framework as a
reliable tool for predicting both yield strength and
defect formation in FSW of AA2024, AA2219,
and AA6061 alloys. Future work may expand on
this approach by integrating larger datasets,
exploring hybrid modelling strategies, and
extending the methodology to other alloy systems
and joining techniques for enhanced predictive
capabilities.
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