Journal of Materials Research and Technology 41 (2026) 5796-5808

JMR&T

Contents lists available at ScienceDirect

MATERIAL

Journal of Materials Research and Technology

ELSEVIER journal homepage: www.elsevier.com/locate/jmrt

Check for

Machine learning for bead geometry prediction in 5083-H112 aluminum [
laser welding considering a challenging dataset

Luiz Eduardo dos Santos Paes “®, Joao Rodrigo Andrade“, Carlos Antonio Ribeiro Duarte b@,
André Alves de Resende "®, Rafael de Oliveira Teloli ¢, Joao Marcos Souza Dias %,

Julian Arnaldo Avila Diaz “®, Moisés Luiz Lagares Junior ! Leonardo Rosa Ribeiro da Silva?,
Tiago Vieira da Cunha ®, Elisan dos Santos Magalhaes I Ivan Francisco Vieira Filho',
Gustavo Henrique Truppel ', Milton Pereira’

& Federal University of Uberlandia (UFU), Faculty of Mechanical Engineering, Uberlandia, Minas Gerais, Brazil

Y Federal University of Cataldo, Faculty of Engineering, Dr. Lamartine Pinto de Avelar,1120, Cataldo, Goids, Brazil

¢ SUPMICROTECH, CNRS, FEMTO-ST, Applied Mechanics Department, 26 Rue de 'Epitaphe, Besancon, 25000, France

4 Université Bretagne Sud, UMR CNRS 6027, IRDL, F 56100, Lorient, France

€ Sao Paulo State University (UNESP), Department of Aeronautic Engineering, Sao Joao da Boa Vista 13876-50, SP, Brazil

f Federal University of Juiz de Fora, Faculty of Engineering, Juiz de Fora, Brazil

8 Federal University of Santa Catarina, Estr. Dona Francisca, 8300, Joinville, Brazil

" Aeronautics Institute of Technology — ITA, Energy Department — [EME, 12216-510, Sao José dos Campos, SP, Brazil

! Federal University of Santa Catarina, Department of Mechanical Engineering, Precision Engineering Laboratory, Laser Division, Florianépolis, Santa Catarina, Brazil

ARTICLE INFO ABSTRACT
Keywords: Laser welding of 5083-H112 aluminum alloy presents several challenges due to the material's high reflectivity
Data science and thermal conductivity. Consequently, it becomes difficult to establish a processing window that properly
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Smart manufacturing

associates parameters with the desired weld bead geometry. This study aims to analyze and compare the pre-
dictive performance of five widely used machine learning regression techniques (Support Vector Regression,
Decision Trees, Random Forest, K-Nearest Neighbors, and Artificial Neural Networks) for estimating weald bead
geometry, considering a challenging dataset. It has small size, high process variance, and a discontinuity cor-
responding to the conduction-to-keyhole transition, thereby providing an important benchmark for assessing the
models' capability of calibration on limited datasets. Weld bead width and penetration depth were selected as
outputs, while scanning speed and power as inputs. A total of 99 bead-on-plate experiments were performed by
combining 11 levels of laser power (1000 to 4600 W) and three levels of scanning speed (0.5, 1.0, and 4.0 m/
min), within each parameter combination, process repeatability was accessed. The dataset was split into training
(80%) and testing (20%) subsets. The best hyperparameters for each machine learning technique were deter-
mined by using GridSearch and five-fold cross-validation. The K-Nearest Neighbors technique resulted as the
most recommended due to its low mean absolute percentage error, 4.68% for width and 8.35% for penetration
depth, combined with the generation of smoother curves for physical plausibility. Feature importance analysis
highlighted laser power as predominant factor. The proposed techniques demonstrate strong potential for in-
dustrial implementation, specially assisting technical personnel in defining process windows.

1. Introduction industries. However, due to its physical characteristics, such as high

thermal conductivity and the consequent rapid heat diffusion, it presents

Aluminum is a metal recognized for its mechanical strength com- significant challenges for welding processes. Among the main issues are

bined with corrosion resistance and low density. These properties make the occurrence of solidification cracks [1] and the formation of pores
it particularly attractive to the naval, automotive, and aerospace [2].
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Laser welding processes offer several advantages over tungsten inert
gas (TIG) [3-5] and metal inert gas/metal active gas (MIG/MAG) [6,7],
including, e.g. low distortion, narrow heat-affected zone, and high
welding speeds [8-10]. However, it requires specific precautions, such
as accurate sample alignment [11], and is strongly affected by the high
reflectivity of aluminum, which limits the fraction of incident laser en-
ergy that is effectively absorbed [12]. Consequently, a thorough un-
derstanding of the underlying process, combined with reliable methods
capable of identifying a suitable processing window, is essential to relate
the parameters to the desired output variables properly.

One of the most important variables of the welding process is the
weld bead geometry, specifically the width and penetration depth. Ac-
cording to Liang et al. [13], penetration is a fundamental requirement
for welded structures. Ramiarison et al. [14] reported a correlation be-
tween the penetration-to-width ratio and ductility, recommending that
this ratio remain as low as possible to enhance the mechanical perfor-
mance of the joint. Shen et al. [15] highlighted that the selection of
welding parameters is closely related to resulting bead geometry.

Traditionally, statistical methods such as Response Surface Meth-
odology (RSM) have been employed to predict welding parameters. The
idea of RSM is to establish a continuous variable surface model to
evaluate factor interactions and to determine the relationship between
the input factors and the response values [16]. This technique has been
explored for predicting mechanical properties after welding [8,17],
determining the distance for porosity mitigation, and assessing weld
quality [14]. However, the RSM often fall short in capturing complex
interactions [18]. Nonlinear relationships between welding parameters
and the resulting characteristics are difficult to capture using poly-
nomial fitting. Moreover, the high process variability further increases
model uncertainty.

To address these limitations, machine learning (ML) techniques have
emerged as powerful tools for modeling and optimization in welding
processes. They are capable of learning from data (i.e., input-output
relationships) without relying on an explicit mathematical/physical
model. A key advantage of ML is its ability to predict highly complex
nonlinear processes, and its application can optimize experimental de-
signs by reducing material consumption and minimizing the number of
trials [19]. Regression is one of the most established and frequently
applied prediction techniques, offering a fundamental framework for
quantifying relationships between input variables and target responses
across a wide range of scientific and engineering problems [20]. Several
ML techniques have been successfully applied in welding, including
Support Vector Regression (SVR), Decision Trees (DT), Random Forest
(RF), K-Nearest Neighbors (KNN), and Artificial Neural Networks
(ANN).

Considering the SVR method, Barrionuevo, Mullo and Ramos-Grez
[19] predicted the ultimate tensile strength (UTS) in joints of AISI
1045 steel and 2017-T4 aluminum alloy produced by rotary friction
welding with laser assistance and achieved a better result compared to
RSM. Liang et al. [13] improved the predictions of the backside bead
(root) width from front side (face) signals. Asmael et al. [20] compared
multiple ML techniques for predicting the properties after friction stir
spot welding of AA7075-T651/Ti-6Al1-4V alloys and found that SVR
performed better.

Thankappan, Santhi and Vijayalakshmi [21], by using DT, estimated
the clad bead geometry based on key MIG/MAG process variables. In
this case, the SVR also performed well, and both methods outperformed
traditional statistical models. Mothilal and Kumar [22] found the UTS of
friction stir-welded (FSW) dissimilar AA7075 (Al-Zn) and AAS5083
(Al-Mg) joints with an R? score of 0.97.

Anandan and Manikandan selected RF to predict the peak tempera-
ture of the dissimilar AA7050-AA2014A FSW butt joint [18], and to
predict the UTS for AA 2050, also in FSW joints [23]. Li et al. [24] found
an R? value of 0.93 on fatigue life prediction of spot-welded joints.

The KNN was applied by Thankappan, Santhi and Vijayalakshmi
[21], Saha et al. [25] and Arif et al. [26] in welding applications, but did
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not perform well when compared to other techniques.

Finally, ANN exhibited the highest performance in estimating the
properties of aluminum FSW joints [26-29], fatigue life prediction of
E36 steel welded joints [15], mechanical properties in TIG welding of
preheated AISI 1045 steel [30], mechanical properties in cold metal
transfer dissimilar stainless steels SS304L and SS439 joints [31], and
resistance seam weld quality in secondary coated steels [32]. Addi-
tionally, physics-informed neural networks have demonstrated capa-
bilities for 3D transient thermal simulation of MIG welding [33],
showing the evolving landscape of computational modeling. Ventaka
Rao et al. [34] observed that ANN predicted responses closer to exper-
imental results compared to the physics-driven models for bead geom-
etry in gas metal arc based additive manufacturing.

Considering the papers described above, it is evident that the choice
of an appropriate ML technique must take into account the specific
welding characteristics being estimated. The most suitable choice de-
pends on the particularities of the available data, which in turn are
influenced by the process, material, and welding parameters. Shen et al.
[15] reported that, even when material and process were fixed, different
ML approaches were more appropriate depending on the target output.
ANN performed best for predicting bead height, SVR for width and
cross-sectional area, and RF for contact angle.

Despite the increasing use of ML techniques in welding research, the
current dataset presents unique challenges: it is relatively small, exhibits
limited repeatability, and includes a discontinuity caused by the tran-
sition between conduction and keyhole regimes, an aspect not previ-
ously explored in the literature. Therefore, this study investigates and
compares the predictive performance of five well-established ML
regression techniques (SVR, DT, RF, KNN and ANN) in estimating weld
bead width and penetration depth for this type of challenging data.

It is important to mention that ML techniques typically require a
substantial number of experimental samples to ensure robustness and
generalization capability. However, in the context of welding, con-
ducting a large number of experiments entails significant financial costs,
elevated energy consumption, and considerable environmental impacts,
which conflict with the principles of sustainable manufacturing. As
highlighted in Refs. [35,36], advancing sustainability in welding in-
volves minimizing resource use, reducing waste generation, and
improving energy efficiency throughout the process chain. Therefore, it
becomes crucial to identify ML techniques that can deliver accurate and
physically consistent predictions even when trained on limited datasets,
balancing predictive performance with environmental responsibility
and experimental feasibility.

The proposed models demonstrate significant potential for industrial
implementation, particularly when coupled with real-time monitoring
frameworks, robotic welding systems, or advanced process simulation
tools. In addition, the study contributes to the ongoing transition toward
smart manufacturing and Industry 4.0 paradigms, where automation,
real-time adaptability, and minimal human intervention are key drivers.

2. Methodology

In this section, the procedure for data collection, the selected input
and output variables, and the applied ML algorithms are presented. First,
the experimental setup is described in detail. Next, the relationships
between input and output variables are graphically illustrated, along
with representative weld bead profiles. Finally, the ML techniques and
their corresponding hyperparameters are outlined.

2.1. Data collection

In this study, plates with a thickness of 6 mm, a length of 120 mm,
and a width of 75 mm were used in the experimental procedures. The
base material was a 5083-H112 aluminum alloy, composed approxi-
mately of 4.5% magnesium, 0.15% chromium, and 0.7% manganese.
The experiments were performed in the as-received condition, without



L.E. dos Santos Paes et al.

any specific surface preparation. The effect of the native oxide film on
laser absorptivity was therefore not explicitly quantified, and the oxide
layer thickness was not measured prior to welding. This choice was
made in order to reflect realistic industrial welding conditions, in which
surface condition and oxide thickness may vary. Possible influences of
surface oxide on energy coupling efficiency and heat source stability are
thus implicitly embedded in the experimental data.

The welding experiments were carried out using a fiber laser source
manufactured by IPG Photonics®, model YLS 10000 (Ytterbium Laser
System), with a wavelength of 1064 nm, a maximum nominal power of
10 kW, operating in continuous mode. This equipment was fitted with a
laser welding head manufactured by Precitec®, model YW52, equipped
with a collimating lens with a focal length of 150 mm and a focusing lens
of 300 mm. In this optical configuration, the focal spot diameter of the
laser beam was approximately 880 pm, which was determined from the
manufacturer's specifications and from standard Gaussian beam propa-
gation calculations. It relates the spot diameter to the beam quality
factor, laser wavelength, and lens combination. The optical setup was
kept unchanged throughout all experiments to ensure full reproduc-
ibility. To protect the molten pool, argon shielding gas was supplied at a
flow rate of 15 L/min, directed through a nozzle to the laser incidence
point.

The motion was controlled by computer numerical control (CNC). All
laser welding experiments were performed under a zero-defocus con-
dition, i.e., with the focal plane positioned at the workpiece surface. The
focal position was carefully set prior to welding and kept constant
throughout the entire experimental campaign in order to ensure a stable
and reproducible optical configuration. Combined with rigid clamping
and CNC-controlled motion, this procedure ensured that defocus-related
effects did not significantly influence molten pool morphology, weld
geometry, or the experimental repeatability.

Considering the high thermal expansion coefficient of aluminum
alloys, special care was taken to control thermal deformation during the
experiments. All plates were rigidly clamped to the welding table in
order to maintain stable boundary conditions and to minimize out-of-
plane warpage during welding. This mechanical constraint ensured
that thermal distortion effects did not significantly affect the laser-
workpiece interaction conditions or the measurement of weld bead ge-
ometry. The clamping, together with the plate thickness (6 mm), pro-
vided sufficient stiffness to limit global deformation over the relatively
short weld length employed in the experiments. No visible warping or
misalignment affecting the laser-workpiece interaction or the focal po-
sition was observed during the welding trials. Consequently, welding-
induced deformation is considered negligible with respect to the
measured weld bead geometry and the stability of weld formation.
Furthermore, all cross-sections used for bead width and penetration
measurements were extracted from the central region of the welds, away
from start and end transients, to ensure representative and undisturbed
geometry evaluation.

The samples were prepared in accordance with the procedures
specified in ASTM E3-11 to ensure consistent metallographic analysis.
The specimens were ground using silicon carbide (SiC) abrasive papers
with grit sizes of 80, 220, 400, 600, and 1200 mesh, with the grinding
direction alternating by 90° at each step. After grinding, polishing was
carried out using an alumina (AlyO3) suspension with an average par-
ticle size of 0.3 pm. Subsequently, the samples were chemically etched
by immersion in Keller's reagent (2 mL HF + 3 mL HCI + 5 mL HNO3 +
190 mL H50) for 30 s, in order to reveal the weld bead geometry and
enable macroscopic analysis. The specimens were then examined under
an optical microscope (OLYMPUS, model BX60 M) at 50 x
magnification.

2.1.1. Inputs and outputs

Weld morphology was quantitatively assessed by measuring weld
bead width and penetration depth from metallographic cross-sections,
which were extracted from the central region of each weld. This
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region corresponds to a steady-state welding condition and avoids start
and end transients. The measured bead width and penetration depth
values were then used as the target output variables for statistical
analysis and machine learning model calibration. Fig. 1 illustrates a
classical weld bead geometry, emphasizing the two primary dimensional
features, width and penetration depth, that characterize the cross-
sectional profile.

Table 1 presents the dataset used for technique development, listing
the sample input and output variables considered in this study, specif-
ically, scanning speed and laser power as inputs, and weld bead width
and penetration depth as outputs. The welding thermal cycle was not
directly measured. The process was parameterized using the nominal
laser power and scanning speed, which are the primary controllable
variables in industrial laser welding systems. While these parameters do
not explicitly account for secondary effects such as variations in ab-
sorptivity, plasma or plume dynamics, and transient heat losses, the
purpose of this work is to establish data-driven relationships between
practical process settings and resulting weld bead geometry.

For each welding condition, three independent welds were pro-
duced, as identified by the sample IDs (e.g., A1-A3), resulting in a total
of 99 samples for model training and validation. The scanning speed was
tested at three different levels, i.e. 0.5, 1.0, and 4.0 m/min, whereas the
power was varied at eleven levels, which are given by 1000, 2000, 3000,
3200, 3400, 3600, 3800, 4000, 4200, 4400, and 4600 W.

Fig. 2 presents the experimental results obtained for the weld bead
geometry. Plot (a) shows the relationship between laser power and weld
bead width, while plot (b) illustrates the relationship between laser
power and penetration depth for three different scanning speeds. The
plots reveal key characteristics of the dataset. First, the dataset is limited
in size, which constrains the statistical robustness of training. In addi-
tion, it can be observed that some trials, particularly those at a scanning
speed of 0.5 m/min, exhibited low repeatability, likely due to process
instability under these conditions. Finally, a clear discontinuity is
observed, corresponding to the transition from conduction mode to
keyhole mode. These three characteristics represent potential challenges
that may affect the performance and generalization capability of certain
ML techniques.

Since welding experiments were carried out under CNC-controlled
motion, it ensures stable and repeatable travel speed and welding tra-
jectory throughout the entire experimental campaign. No noticeable
deviations in the welding path were observed. Molten pool stability was
primarily evaluated indirectly through the visual consistency of the
resulting weld beads and through the repeatability of the measured bead
geometry (width and penetration depth). While some geometric scatter
was observed for specific parameter combinations, particularly near the
conduction-to-keyhole transition, this variability is attributed to
intrinsic process fluctuations rather than to trajectory deviations or
motion control issues.
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Fig. 1. Weld bead width and penetration depth dimensions.
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Table 1

Laser welding test results on 5083-H112 aluminum alloy showing inputs
(scanning speed and power) and the corresponding outputs (width and pene-
tration depth) for all tests are presented.

ID Inputs Outputs
Scanning Speed Power Width (mm) Penetration Depth
(m/min) w) (mm)
Al, A2, 0.5 1000 1.39; 1.50; 0.49; 0.50; 0.52
A3 1.46
B1, B2, 0.5 2000 1.71; 1.76; 0.60; 0.59; 0.66
B3 1.81
Cl1, C2, 0.5 3000 2.30; 2.46; 0.84; 0.90; 0.92
C3 2.59
D1, D2, 0.5 3200 2.56; 2.78; 1.00; 1.06; 1.03
D3 2.76
El, E2, 0.5 3400 4.11; 3.65; 2.17;1.37; 1.19
E3 3.30
F1, F2, 0.5 3600 4.18; 3.74; 2.43;1.48; 2.22
F3 4.27
Gl, G2, 0.5 3800 4.93; 5.27; 2.75; 2.70; 2.05
G3 4.43
H1, H2, 0.5 4000 4.48; 5.11; 2.35; 2.97; 2.26
H3 4.55
11,12,I3 0.5 4200 6.26; 6.30; 3.70; 3.28; 3.00
5.86
J1, J2, 0.5 4400 8.06; 7.27; 4.22; 4.10; 3.91
J3 7.76
K1, K2, 0.5 4600 9.90; 10.01; 5.49; 5.92; 4.40
K3 9.19
A4, A5, 1.0 1000 1.26; 1.47; 0.45; 0.50; 0.51
A6 1.49
B4, B5, 1.0 2000 1.41;1.83; 0.50; 0.62; 0.64
B6 1.85
C4, C5, 1.0 3000 2.04; 2.40; 0.70; 0.76; 0.75
c6 2.44
D4, D5, 1.0 3200 2.57; 2.51; 0.85; 0.85; 0.82
D6 2.56
E4, E5, 1.0 3400 2.81; 2.83; 0.92; 0.95; 0.87
E6 2.80
F4, F5, 1.0 3600 3.02; 3.06; 0.99; 0.96; 1.00
F6 2.95
G4, G5, 1.0 3800 3.20; 3.18; 1.08;1.12; 1.06
G6 3.15
H4, H5, 1.0 4000 3.04; 3.70; 1.06; 1.67; 1.38
H6 3.30
14,15, 16 1.0 4200 4.04; 4.02; 2.24; 2.23; 2.12
3.98
J4, J5, 1.0 4400 4.68; 4.98; 2.62; 3.02; 2.84
J6 5.15
K4, K5, 1.0 4600 5.32; 5.41; 3.16; 3.01; 2.90
K6 5.07
A7, A8, 4.0 1000 1.21; 1.29; 0.39; 0.40; 0.38
A9 1.27
B7, B8, 4.0 2000 1.32; 1.58; 0.44; 0.50; 0.49
B9 1.56
C7, C8, 4.0 3000 1.68; 1.86; 0.51; 0.54; 0.55
c9 1.83
D7, D8, 4.0 3200 1.96; 2.00; 0.58; 0.58; 0.57
D9 2.00
E7, E8, 4.0 3400 2.08; 2.09; 0.59; 0.57; 0.59
E9 2.07
F7, F8, 4.0 3600 2.17; 2.17; 0.61; 0.59; 0.59
F9 2.15
G7, G8, 4.0 3800 2.26; 2.26; 0.63; 0.66; 0.62
G9 2.22
H7, HS, 4.0 4000 2.38; 2.28; 0.65; 0.62; 0.63
H9 2.34
17,18,19 4.0 4200 2.91; 2.80; 2.45; 2.06; 2.09
3.00
J7, J8, 4.0 4400 2.95; 2.94; 2.43; 2.30; 2.62
J9 3.16
K7, K8, 4.0 4600 3.19; 3.04; 2.48; 2.63; 2.38
K9 3.05

5799

Journal of Materials Research and Technology 41 (2026) 5796-5808

In the conduction mode, the laser beam is absorbed only at the
surface of the workpiece. The absorbed energy, converted into heat, is
then conducted into the bulk of the material, leading to the formation of
a weld pool. This pool typically exhibits hemispherical geometry with
shallow penetration, offering high stability. In contrast, under the
keyhole mode, intense vaporization of the material takes place, and a
cavity resembling a keyhole is generated due to the vapor recoil pressure
acting on the molten metal. The laser energy is almost completely
absorbed inside the keyhole. Compared with conduction welding,
keyhole welding produces a deep-penetration weld characterized by its
narrow and elongated profile [37].

Fig. 3 shows the macrographs corresponding to each welding con-
dition, illustrating the geometric characteristics of the samples. It can be
observed that the weld beads produced at 1000 W exhibit a typical
conduction-mode profile, whereas those obtained at 4600 W correspond
to the keyhole mode, regardless of scanning speed. The difference lies in
the intermediate weld beads, where a discontinuity (jump in penetration
depth) occurs. According to the literature, conduction mode generally
occurs within the power density range of 10°-10® W/cm?, while the
keyhole mode is observed above 10® W/cm? [38]. However, Fig. 3
demonstrates the influence of scanning speed on the occurrence of
keyholes. It can be seen that the discontinuity separating the conduction
and keyhole regimes occurs between 3200 and 3400 W (0.6 x 10°
W/cmz) at 0.5 m/min, and between 4000 and 4200 W (0.7 x 10°
W/cm?) at 1.0 and 4.0 m/min.

Another important aspect to be considered is porosity. In conduction
mode, pores tend to be smaller and spherical, whereas in keyhole mode
they are larger and exhibit irregular shapes. Hydrogen is generally
recognized as one of the main factors responsible for porosity formation
in fusion welding, especially in aluminum. The average temperature of a
laser weld pool is significantly higher than that of arc welding, which
leads to a much greater amount of dissolved hydrogen in the molten
pool. In the case of keyhole welding, the cavity formed within the liquid
metal is inherently unstable, and this instability further promotes the
development of pores or cavities in the weld metal [39]. The formation
of keyholes and pores during laser welding directly influences the weld
bead geometry, introducing additional complexity to the training of the
ML techniques.

2.2. Machine learning techniques

In this article, five ML regression techniques are evaluated for pre-
dicting the bead width and penetration depth resulting from laser
welding of 5083-H112 aluminum alloy, based on scanning speed and
power, namely: SVR, DT, RF, KNN and ANN.

The SVR technique seeks to determine a function that approximates
the target variable while remaining within a specified tolerance margin
(e). Errors that fall within this e-insensitive region are disregarded, and
penalties are applied only to deviations beyond this margin, thereby
increasing the robustness of the model. The regression function is
defined solely by the data points located outside the € margin (referred
to as support vectors) which directly influence the shape of the regres-
sion line or curve. By employing kernel functions such as linear, poly-
nomial, or radial basis function, SVR can capture both linear and
nonlinear relationships, making it suitable for modeling complex be-
haviors. Its performance, however, is highly dependent on the proper
selection of hyperparameters, particularly the penalty parameter C and
the kernel parameter y [25].

The DT technique estimates continuous outcomes by partitioning the
dataset into smaller subsets. It builds a tree-like structure in which each
branch corresponds to the values of input features. Internal nodes serve
as decision points, whereas terminal leaves provide the final predictions.
At each stage, the model selects the most informative feature to optimize
the partitioning [29]. The main hyperparameters include maximum tree
depth, minimum number of samples required to split an internal node,
minimum number of samples per leaf, number of features considered at
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Fig. 2. Plots of weld bead width (a) and penetration depth (b) as a function of laser power and scanning speed.

each split, the function used to evaluate split quality, and the strategy
adopted for selecting the split at each node.

The RF technique consists of multiple decision trees that operate
collectively as an ensemble. The outputs of the individual trees are
averaged to produce the final prediction, improving overall accuracy.
This ensemble strategy reduces the risk of overfitting, which is often
associated with single decision trees [25]. The hyperparameters are the
same as those of DT, with the addition of bootstrap and the number of
trees in the ensemble.

The KNN technique estimates the target value of a test sample by
averaging the targets of the k-nearest training instances, determined by
their distance in the feature space. It is characterized by its simplicity
and effectiveness when applied to medium-sized datasets in regression
tasks [21]. Its main hyperparameters are the number of neighbors
considered for predicting a point distance metric, the weights (how each
neighbor contributes to the prediction), and the parameter of the Min-
kowski distance metric.

ANNs are a class of computational models inspired by the biological
brain. They consist of multiple layers of interconnected units that pro-
cess input data and learn to identify patterns during training. An ANN is
typically composed of an input layer, one or more hidden layers, and an
output layer. During training, the network adjusts its connection weights
based on the prediction error, typically by means of backpropagation
[25]. The strength of this approach lies in its robust capability to model
nonlinear behavior, enabling it to capture intricate and complex re-
lationships [15]. Herein, the ANN tunnable hyperparameters are the
number of neurons in the first hidden layer, number of neurons in the
second hidden layer, dropout rate applied during training, L2 regulari-
zation factor applied to the weights, optimizer learning rate, batch size,
and number of epochs.

The present study intentionally addresses a small-sample learning
regime, comprising 99 experimental data points, which is representative
of many laser welding studies where experimental campaigns are costly
and time-consuming. Model robustness and generalization capability
under limited data availability were assessed using five-fold cross-vali-
dation combined with GridSearch-based hyperparameter optimization
for all investigated algorithms. In addition, model performance was
evaluated on an independent test set (20%) using multiple metrics (R2,
MSE, and MAPE). Table 2 presents the values of the hyperparameters
used for each algorithm. The codes were implemented in Python 3.12,
and the main libraries employed were NumPy, Pandas, TensorFlow,
Scikit-learn, Scikeras, and Matplotlib.

The feature importance was assessed using the permutation method
[40], which consists of measuring the variation in model performance
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when the values of a specific variable are randomly shuffled, thereby
breaking its relationship with the response. This procedure enables the
quantification of the individual contribution of each variable, since
shuffling a relevant variable results in a significant reduction in the
performance metric (in this study, the coefficient of determination R?).
The method provides an interpretable layer of explainable artificial in-
telligence by quantifying how much each input variable contributes to
the predictive performance of a model. This approach enables a clearer
understanding of cause-effect relationships between process parameters
and predicted outcomes. The process is repeated multiple times to
mitigate the effects of randomness, and the mean values are reported. In
this work, 30 permutations were applied.

Owing to the limited dataset size and the relatively low complexity of
the employed algorithms, the computational cost of the proposed
models is very low. Model training was performed offline and required
negligible computational time on a standard CPU-based workstation,
while model inference is effectively instantaneous. This makes the
proposed approach suitable for practical use in offline process window
definition and for potential integration into engineering decision-
support tools.

The coefficient of determination (Rz), mean squared error (MSE) and
mean absolute percentage error (MAPE) are obtained from Equations
(1)-(3), respectively.

> (v — i)
R?=1-! @
; (Y1 - yi>2
1 o
MSE=_ ) (vi —¥1) @)
n i=1
MAPE — © waloo 3
n = Yi

Where y; are the actual values, ¥; predicted values, y; mean of the actual
values, and n number of data points.

3. Results and discussion

This section presents the quantitative performance of the trained
techniques and provides a detailed discussion that connects these
empirical results to the core principles of ML theory and the complex
physics of the laser-material interaction.
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Fig. 3. Macrographs of the weld beads obtained for different scanning speed and power combinations.
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Table 2
Best combinations of hyperparameters for each ML technique determined with
the GridSearch.

Description Parameter Value
SVR Tolerance margin ttr_regressor_estimator_epsilon 0.05
Penalty parameter  ttr_regressor_estimator_C 10
Kernel parameter ttr_regressor_estimator_gamma  scale
DT Maximum depth max_depth 8
of the tree
Minimum number min_sample_split 5
of samples
required to split an
internal node
Minimum number min_samples_leaf 1
of samples in a leaf
Number of max_features None
features
considered at each
split
Function for criterion squared_error
evaluating the
quality of a split
Strategy for splitter random
selecting the split
at each node
RF Maximum depth max_depth 6
of the tree
Minimum number min_sample_split 2
of samples
required to split an
internal node
Minimum number min_samples_leaf 1
of samples in a leaf
Number of max _features sqrt
features
considered at each
split
Function for criterion squared_error
evaluating the
quality of a split
Number of trees in n_estimators 800
the ensemble
Bootstrap bootstrap True
KNN Number of knn_n_neighbors 5
neighbors
considered
predicting a point
Parameter of the knn_p 1 (Manhattan
Minkowski distance)
distance metric
Weights (how knn_ weights distance (Closer
each neighbor neighbors have
contributes to the greater weight)
prediction)
ANN  Number of nn_model_unitsl 128
neurons in the first
hidden layer
Number of nn_model_units2 32
neurons in the
second hidden
layer
Dropout rate nn_model_dropout 0.2
applied during
training
L2 regularization nn_model_12 reg 0.001
factor applied to
the weights
Optimizer nn_model_Ir 0.001
learning rate
Batch size nn_batch_size 32
Epoch size nn_epochs 250
Clip value clipvalue 0.5
Activation Relu (hidden) and Linear Relu (hidden)
functions (output) and Linear
(output)
Optimizer Adam Adam
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3.1. Quantitative performance

The performance of the five ML techniques (i.e., SVR, DT, RF, KNN,
and ANN) was evaluated on the unseen test set using the coefficient of
determination (RZ), mean squared error (MSE), and mean absolute
percentage error (MAPE) metrics, as detailed in Table 3 and Fig. 4. All
techniques demonstrated a strong correlative ability, achieving R>
values exceeding 0.9 for both bead width and penetration depth. How-
ever, the R? metric, while indicative of a general trend, is often insuf-
ficient for robust selection in complex industrial processes, where the
magnitude and practical significance of prediction errors are
paramount.

A more discerning evaluation using MAPE reveals a clear perfor-
mance hierarchy. For bead width prediction, the DT technique achieved
the lowest MAPE of 4.49%, closely followed by KNN at 4.68%. For the
more challenging task of predicting penetration depth, KNN emerged as
the top performer with a MAPE of 8.35%, followed by RF at 8.95%.

The most striking result from this quantitative analysis is the sig-
nificant underperformance of the ANN, which yielded the highest MAPE
values for both outputs: 12.54% for width and 17.88% for penetration
depth. This outcome is counterintuitive, as ANNs, with their multi-
layered architecture and nonlinear activation functions, are renowned
for their capacity as universal function approximators, often excelling in
modeling complex, nonlinear physical phenomena where other models
falter [41]. This apparent paradox (where a simpler, classical algorithm
decisively outperforms a more powerful and complex one) serves as the
central question for the subsequent discussion. The explanation lies not
in the inherent limitations of ANNs, but rather in the specific correlation
between model complexity and the unique characteristics of the dataset
collected in this study.

3.2. The impact of the dataset characteristics

The performance disparity between the techniques can be effectively
explained in terms of the bias-variance tradeoff, a fundamental concept
in supervised learning that describes the relationship between a model's
complexity and its ability to generalize to new, unseen data [42]. The
dataset used in this study, with only 99 total samples, represents a "small
data" or "data-starved" environment, a common challenge in industrial
research where experiments are costly and time-consuming. In such a
regime, the bias-variance tradeoff becomes the dominant factor in
model selection.

ANNs are characteristically low-bias, high-variance models. Their
architectural complexity (in this case, featuring hidden layers with 128
and 32 neurons) provides immense flexibility to learn complex re-
lationships within the data. While this is an advantage with large
datasets, it becomes a significant liability with limited data. The ANN is
susceptible to overfitting; its high variance means it is highly sensitive to
small fluctuations and noise in the training set. It learns not only the
underlying physical process but also the random experimental scatter,
creating a complex function that fits the 80% training data exceptionally
well but fails to generalize to the 20% test set, resulting in poor pre-
dictive accuracy. That is, deep ANNs are prone to overfit in small
datasets.

In contrast, the KNN algorithm is a non-parametric, "lazy learning"
method whose complexity is governed by the number of neighbors, k.
With an optimized k = 5, the KNN technique makes predictions by
locally averaging the outputs of the five closest data points in the feature
space. This averaging mechanism inherently smooths out predictions
and makes the model less sensitive to individual noisy data points,
resulting in a model with lower variance. While this simplicity may
introduce more bias (i.e., the model cannot capture a highly complex
global function), this tradeoff is highly advantageous in a low-data
context. The model forgoes capturing every nuance of the training
data in favor of a more stable and generalizable function, leading to
superior performance on the test set.
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Table 3
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Performance metrics of bead width and penetration depth on the test set for the five trained ML techniques.

R? R? MSE MSE Penetration Depth MAPE Width (%) MAPE Penetration Depth (%)
Width Penetration Depth Width
SVR 0.9427 0.9473 0.2263 0.2056 6.05 17.26
RF 0.9762 0.9216 0.0939 0.1493 5.30 8.95
DT 0.9832 0.9287 0.0662 0.2300 4.49 10.37
KNN 0.9819 0.9296 0.0715 0.1341 4.68 8.35
ANN 0.9139 0.9161 0.2776 0.1071 12.54 17.88
Penetration Depth Penetration Depth Penetration Depth
(a) .00 (b) (C) 0.30
0.98
0.96
5 )
= s
SV S VAV SN
Width Width Width
(d) 1.00 (e) () 0.30;
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o 0.20]
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<
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Fig. 4. Performance metrics of bead width and penetration depth on the test set for the five trained ML techniques. (a) R? penetration depth. (b) MAPE penetration

depth. (c) MSE penetration depth. (d) R? width. () MAPE width. (f) MSE width.

Finally, the tree-based techniques, DT and RF, occupy a middle
ground. A single DT is also a high-variance model, prone to overfitting.
However, the RF algorithm mitigates this by employing bootstrap
aggregating (bagging), an ensemble technique that averages the pre-
dictions of many individual trees trained on different subsets of the data.
This averaging process is a powerful variance-reduction strategy, which
explains why RF consistently ranks as a top-three performer for both
outputs in our study. The strong performance of the single DT technique
for width prediction suggests that the relationship for this specific
output may be well-approximated by its piecewise, axis-aligned parti-
tioning of the feature space.

3.3. Model selection: predictive accuracy vs. physical plausibility

While MAPE metrics place DT and KNN as the top candidates, a final
selection requires moving beyond numerical scores to evaluate the
physical plausibility of the models' predictions. This is crucial for
developing a tool that not only predicts accurately but also reflects the
continuous nature of the underlying manufacturing process. In this

regard, Fig. 5 directly compares the prediction curves for bead width
generated by the DT and KNN techniques across the full range of laser
power with the experimental data for the scanning speed of 0.5 m/min.
It should be noted that Fig. 5 also compares individual experimental
measurements with the corresponding model predictions, rather than
averaged values obtained from repeated experiments. Each point in the
figure represents a single weld bead measurement, and the experimental
variability is therefore inherently reflected by the scatter of the data
points themselves.

The DT technique (Fig. 5a), despite achieving the lowest MAPE for
width, produces a characteristic step-like output. This behavior is a
direct artifact of its algorithmic structure, which recursively partitions
the input feature space into a series of discrete, hyper-rectangular re-
gions. Each terminal leaf of the tree corresponds to one such region and
assigns a single, constant prediction value to all points that fall within it.
While this piecewise-constant approximation can yield high metric
scores on a sparse test set, it is fundamentally incongruous with the
physics of laser welding. The process is governed by continuous phe-
nomena of heat transfer and fluid dynamics, where a continuous change
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Fig. 5. Comparison between experimental data and predicted results with DT (a) and KNN (b).

in an input parameter like laser power should, in principle, result in a
continuous change in the output geometry. The sharp discontinuities
generated by the DT technique are not representative of this physical
reality and limit its utility for interpolation or for generating a scien-
tifically sound process map.

In contrast, the KNN technique (Fig. 5b) generates smooth, contin-
uous prediction curves that align well with physical intuition. This su-
perior qualitative performance, combined with its excellent MAPE
scores, makes it the most recommended technique for the predicted
weld bead geometry of 5083-H112 aluminum alloy. The unexpected
success of KNN, an algorithm sometimes outperformed in other welding
studies [21,25,26], can be attributed to its "lazy learning" approach,
which is exceptionally well-suited to the specific challenges of this
dataset. KNN does not attempt to learn a single, global function. Instead,
for each prediction, it considers only a local neighborhood of the most
similar data points (the 'k' nearest neighbors) from the training set. This
local approximation strategy provides two key advantages here:

1. Handling sharp non-linearity: It effectively captures the abrupt
change in process behavior associated with the transition between
welding regimes (conduction and keyhole) by drawing upon neigh-

bors from only the relevant local region of the feature space, without
being biased by data from the other regime.

Width
(a) 1.4
1.21
1.01
0.8

0.6

Feature Importance

0.4

0.21

0.0

Power Scanning Speed

2. Robustness to noise: The hyperparameters chosen via cross-
validation (k = 5 and weights = 'distance') create a robust local
averaging mechanism. By considering five neighbors and giving
more weight to those that are closer, the model naturally smooths out
the impact of random experimental variations or "low repeatability"
noted in the dataset, a known strength of KNN when k is chosen
appropriately. This results in the generation of a stable, representa-
tive trend that is both metrically accurate and physically plausible.

3.4. Model validation

With the KNN technique selected, its predictions can be further
analyzed by using the welding physics to validate its ability to learn
meaningful process-property relationships. This analysis connects the
model's mathematical outputs to the complex heat transfer and phase
change phenomena governing the formation of the weld bead.

Fig. 6 shows the feature's importance for bead width (a) and pene-
tration depth (b), considering power and scanning speed as input pa-
rameters and using the KNN algorithm.

The permutation-based feature importance analysis revealed that
laser power is the predominant factor in predicting both bead width and
penetration depth, showing higher average values compared to scanning
speed. For bead width, although both variables contributed, power
proved to be more relevant, indicating greater model sensitivity to this

Penetration Depth

OF

0.6

Feature Importance

0.4

0.2

0.0

Power Scanning Speed

Fig. 6. Feature importance for width (a) and penetration depth (b).
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parameter. For penetration depth, the dependence on power was even
more pronounced, with scanning speed playing a secondary and less
influential role. This result is consistent with the findings of a sensitivity
analysis reported in a previous study [4], which, although referring to
arc welding, demonstrates a general trend.

The ultimate goal of an ML technique is to generalize its learned
knowledge to make accurate predictions on new data. In this sense,
Fig. 7 shows a scatter plot for KNN test samples, with actual width (a)
and penetration depth (b) values on the y-axis and predicted values on
the x-axis. The dashed diagonal line represents the ideal prediction, and
the closer the data points lie to this line, the better the model's perfor-
mance. The R? value was 0.982 for width and 0.930 for penetration
depth. This quantitatively confirms that the technique has successfully
learned the underlying input-output relationships of the process, rather
than simply memorizing the training data.

Fig. 8 shows the fitting curves for width and penetration depth ob-
tained with the KNN algorithm, considering all scanning speeds (0.5 m/
min, 1.0 m/min, and 4.0 m/min).

In general, both bead width and penetration depth increase with
higher laser power, although with a strongly nonlinear behavior. For
bead width (Fig. 8(a)-(c), (e)), at low power levels (<2500 W) the values
remain close to 2 mm, whereas from ~3000 W onward, a sharp increase
is observed. The maximum width (~10 mm) was obtained at the lowest
scanning speed (0.5 m/min), while at the highest scanning speed (4.0
m/min), the width was limited to approximately 3 mm. This result
confirms the strong influence of scanning speed in reducing the heat
input per unit length, thereby restricting bead widening.

A similar trend is observed for penetration depth (Fig. 8(b)-(d), (f)).
At low power conditions, penetration is minimal (<1 mm), but from
3500 W onward a rapid increase is observed, reaching values above 5
mm at 0.5 m/min. At 4.0 m/min, however, even under high power
levels, penetration did not exceed ~2.5 mm.

The practical output of this validated model is presented in the form
of prediction maps (Fig. 9), which visualize the predicted bead width
and penetration depth across the entire investigated parameter space.
The prediction maps are intentionally presented in order to provide a
global and unbiased view of the process behavior, rather than restricting
the analysis to a predefined geometry window. This choice allows the
identification of multiple potentially suitable operating regions
depending on the application requirements, and avoids embedding
application-specific constraints into the model visualization.

Regions of the same color indicate similar values. For bead width,
within the range of 1.0-2.5 m/min at 4500 W, the predicted values are
very close, suggesting low sensitivity to scanning speed at this power
level. Similarly, for penetration depth, between 1.0 and 4.0 m/min at

Width (mm)

Test (R?=0.982)

()"

Actual

2 3 4 5 6 7 8 9 10
Prediction
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4500 W, the variations with scanning speed are minimal. This behavior
is consistent with the feature importance analysis, which indicated a
stronger influence of laser power than scanning speed on both responses.

These maps serve as a powerful data-driven predictive model of the
welding process, enabling engineers to move beyond time-consuming
and resource-intensive trial-and-error experimentation. For instance,
an engineer can use these maps to perform multi-objective optimization:
identifying a process window that achieves a required penetration depth
(e.g., for structural integrity) while simultaneously maximizing welding
speed (to increase productivity) and minimizing laser power (to reduce
energy consumption and operational costs). The maps also reveal re-
gions of process stability; the observation that penetration depth be-
comes less sensitive to scanning speed at high power levels (Fig. 9b)
identifies a robust operating regime where minor fluctuations in speed
will not significantly compromise weld quality. Naturally, with these
maps, it is possible to select the most suitable parameters for a given
application, whether as a basic requirement in welded structures [13] or
for optimization and correlation with ductility [14].

Further work will extend the present approach to include a detailed
microstructural characterization of the welds, aiming to correlate the
predicted processing windows with microstructural features such as
porosity and grain size.

4. Conclusions

The present study aims to analyze and compare the predictive per-
formance of five widely used machine learning regression techniques, i.
e., SVR, DT, RF, KNN, and ANN, for estimating weld bead width and
penetration depth from scanning speed and welding power in laser
welding of AA5083-H112 aluminum alloy. A challenging experimental
dataset was employed, characterized by limited size, low repeatability at
certain points, and the presence of discontinuities associated with the
transition from conduction to keyhole mode. Based on the obtained
results, the following conclusions can be drawn:

e The KNN algorithm was the most recommended for predicting bead
width and penetration depth. This was due to its low MAPE (4.68%
for width and 8.35% for penetration depth), combined with the
generation of smoother curves that consistently followed the
increasing trend with power, resulting in more realistic representa-
tions of the phenomenon.

e For bead width, the ranking of algorithms based on MAPE, in
decreasing order, was DT (4.49%), KNN (4.68%), RF (5.30%), SVR
(6.05%), and ANN (12.54%). For penetration depth, the ranking was
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4
©
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Fig. 7. Scatter plot for KNN test samples showing prediction versus actual values. (a) Width. (b) Penetration depth.
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Fig. 8. Fitting curves considering the KNN algorithm. (a) Width and 0.5 m/min. (b) Penetration depth and 0.5 m/min. (c) Width and 1.0 m/min. (d) Penetration

depth and 1.0 m/min. (e) Width and 4.0 m/min. (f) Penetration depth and 4.0 m/min.
e The feature importance analysis revealed that laser power is the
predominant factor in predicting both bead width and penetration
depth, showing higher average values compared to scanning speed.
e The prediction maps generated in this study provide a means to
select the most suitable parameters for a given application, with
respect to bead geometry, within the domain of 1000-4600 W and

KNN (8.35%), RF (8.95%), DT (10.37%), SVR (17.26%), and ANN
(17.88%).

e All techniques achieved R? values above 0.9, indicating strong pre-
dictive performance even with a limited dataset. The low errors
obtained for both width and penetration confirm that the models
were able to capture the main physical relationships of the process.
Although this is a positive outcome, it indicates that this metric alone 0.5-4.0 m/min.

is not decisive for performance evaluation.
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Fig. 9. Prediction maps of the KNN technique for width (a) and penetration depth (b) as a function of power and scanning speed.

Funding

This work was supported by the National Council for Scientific and

Technological Development (CNPq), the Foundation for Research Sup-
port of the State of Minas Gerais (FAPEMIG), the Foundation for
Research Support of the State of Goids (FAPEG), and the Coordination of
Improvement of Higher Education Personnel (CAPES), under the BRA-
FITEC Program, Brazil.

Declaration of competing interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

References

[1

—

[2]

[3

—

[4

=

[5

[}

[6

o)

[7

—

[8

i

[9

—_

[10]

Soysal T. Solidification crack susceptibility of 5xxx aluminum alloys. Weld World
2025. https://doi.org/10.1007/s40194-025-01949-z.

Dakka J, Wang HP, Yang B, Ma J, Carlson B, Oswald J. Influence of beam
oscillation on keyhole stability and porosity in aluminum laser welding. J Mater
Process Technol 2025;342:118945. https://doi.org/10.1016/j.
jmatprotec.2025.118945.

Gongalves e Silva RH, dos Santos Paes LE, de Sousa GL, Marques C, Viviani AB,
Gongalves e Silva RH, dos Santos Paes LE, de Sousa GL, Marques C, Viviani AB,
Schwedersky MB, et al. Design of a wire measurement system for dynamic feeding
TIG welding using instantaneous angular speed. Int J Adv Manuf Technol 2019;
101:1651-60. https://doi.org/10.1007/500170-018-3026-2.

dos Santos Paes LE, Andrade JR, Lobato FS, dos Santos Magalhaes E, Ponomarov V,
de Souza FJ, et al. Sensitivity analysis and multi-objective optimization of tungsten
inert gas (TIG) welding based on numerical simulation. Int J Adv Manuf Technol
2022. https://doi.org/10.1007/s00170-022-09934-2.

dos Santos Paes LE, Andrade JR, Prates MG, de Souza DDBG, Briao SL, Lobato FS,
et al. Path planning strategies for hardness improvement employing surface
remelting in AISI 1045 steel. Surf Coat Technol 2021;425:127728. https://doi.org/
10.1016/j.surfcoat.2021.127728.

Sartori F, Gongalves e, Silva RH, Dutra JC, dos Santos Paes LE, Schwedersky MB,
Marques C. Uma analise comparativa entre diferentes versoes modernas do
processo MIG/MAG para o passe de raiz em soldagem orbital. Soldagem e Inspegao
2017;22:442-52. https://doi.org/10.1590/0104-9224/512204.04.

de Castro TR, dos Santos Paes LE, Dias JMS, Santos AGM, Borba TMD, Andrade JR,
et al. GMAW root pass of shipbuilding steel plates with different thicknesses. Int J
Adv Manuf Technol 2024;134:171-89. https://doi.org/10.1007/500170-024-
14142-1.

Ramiarison H, Barka N, Amira S. Optimization of parameters in laser welding of
aluminum alloy 5052-H32 using beam oscillation technique for mechanical
performance improvement. Int J Lightweight Mater Manuf 2022;5:470-83.
https://doi.org/10.1016/j.ijlmm.2022.05.006.

Neto FC, Fredel MC, Pereira M, Paes Le dos S. Laser power modulation to grain
refinement of SAE 1045 steel welds. J Laser Appl 2020;32:022018. https://doi.org/
10.2351/7.0000096.

Dourado da Silva RG, dos Santos Magalhaes E, de Lima e Silva SMM, dos Santos
Paes LE, Pereira M. Estimating the absorption efficiency in a laser welding process
using a nonlinear inverse problem method. Int J Therm Sci 2023;183:107846.
https://doi.org/10.1016/j.ijthermalsci.2022.107846.

5807

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

Sanchez-Amaya JM, Delgado T, Gonzélez-Rovira L, Botana FJ. Laser welding of
aluminium alloys 5083 and 6082 under conduction regime. Appl Surf Sci 2009;
255:9512-21. https://doi.org/10.1016/j.apsusc.2009.07.081.

Tobar MJ, Lamas MI, Yanez A, Sanchez-Amaya JM, Boukha Z, Botana FJ.
Experimental and simulation studies on laser conduction welding of AA5083
aluminium alloys. Phys Procedia 2010;5:299-308. https://doi.org/10.1016/j.
phpro.2010.08.056.

Liang R, Yu R, Luo Y, Zhang YM. Machine learning of weld joint penetration from
weld pool surface using support vector regression. J Manuf Process 2019;41:23-8.
https://doi.org/10.1016/j.jmapro.2019.01.039.

Ramiarison H, Barka N, Mirakhorli F, Nadeau F, Pilcher C. Parameter optimization
for laser welding of dissimilar aluminum alloys 5052-H32 and 6061-T6 considering
wobbling technique. Int J Adv Manuf Technol 2022;118:4195-211. https://doi.
org/10.1007/s00170-021-08122-y.

Shen Q, Xue J, Zheng Z, Yu X, Ou N. Machine learning-based prediction of
CoCrFeNiMo0.2 high-entropy alloy weld bead dimensions in wire arc additive
manufacturing. Mater Today Commun 2024;41:110359. https://doi.org/10.1016/
j.mtcomm.2024.110359.

Ji X, Hua X, Shen C, Huang Y, Zhang Y, Cai Y. Optimization of welding parameters
on pores migration in laser-GMAW of 5083 aluminum alloy based on response
surface methodology. SN Appl Sci 2019;1:1155. https://doi.org/10.1007/s42452-
019-1155-3.

Qi S, Wang C, Liu Y, Liu A, Bai Z, Peng Z, et al. Process parameter optimization of
laser welding for dissimilar aluminum alloys 4047 and 6061 using response surface
methodology: microstructure and mechanical properties. Opt Laser Technol 2025;
190:113198. https://doi.org/10.1016/j.optlastec.2025.113198.

Anandan B, Manikandan M. Machine learning approach for predicting the peak
temperature of dissimilar AA7050-AA2014A friction stir welding butt joint using
various regression models. Mater Lett 2022;325:132879. https://doi.org/10.1016/
j.matlet.2022.132879.

Barrionuevo GO, Mullo JL, Ramos-Grez JA. Predicting the ultimate tensile strength
of AISI 1045 steel and 2017-T4 aluminum alloy joints in a laser-assisted rotary
friction welding process using machine learning: a comparison with response
surface methodology. Int J Adv Manuf Technol 2022. https://doi.org/10.1007/
s00170-021-07469-6.

Asmael M, Nasir T, Zeeshan Q, Safaei B, Kalaf O, Motallebzadeh A, et al. Prediction
of properties of friction stir spot welded joints of AA7075-T651/Ti-6Al-4V alloy
using machine learning algorithms. Arch Civ Mech Eng 2022;22:411. https://doi.
org/10.1007/s43452-022-00411-x.

Thankappan K, Radhakrishnan Santhi J, Vijayalakshmi TI. Comparative evaluation
of machine learning models for predicting clad bead geometry in gas metal arc
welding. Knowl Base Syst 2025;329:114296. https://doi.org/10.1016/j.
knosys.2025.114296.

Mothilal M, Kumar A. Supervised machine learning models for predicting
mechanical properties of dissimilar friction stir welded AA7075-AA5083
aluminum alloys. Measurement 2025;246:116653. https://doi.org/10.1016/j.
measurement.2025.116653.

Anandan B, Manikandan M. Machine learning approach with various regression
models for predicting the ultimate tensile strength of friction stir welded AA2050-
T8 joints by K-fold cross-validation. Mater Today Commun 2023;34:105286.
https://doi.org/10.1016/j.mtcomm.2022.105286.

Li S, Zhan Z, Zou J, Wang Z. Research on fatigue life prediction method of spot-
welded joints based on machine learning. Materials 2025;18:3542. https://doi.
org/10.3390/mal8153542.

Saha S, Haldar B, Joardar H, Das S, Mondal S, Tadepalli S. Supervised machine
learning models for predicting SS304H welding properties using TIG, autogenous
TIG, and A-TIG. Crystals 2025;15:529. https://doi.org/10.3390/cryst15060529.
Arif S, Samad A, Muaz M, Khan AU, Khan ME, Ali W, et al. Design, development,
and testing of machine learning models to estimate properties of friction stir
welded joints. Materials 2025;18:94. https://doi.org/10.3390/ma18010094.


https://doi.org/10.1007/s40194-025-01949-z
https://doi.org/10.1016/j.jmatprotec.2025.118945
https://doi.org/10.1016/j.jmatprotec.2025.118945
https://doi.org/10.1007/s00170-018-3026-2
https://doi.org/10.1007/s00170-022-09934-2
https://doi.org/10.1016/j.surfcoat.2021.127728
https://doi.org/10.1016/j.surfcoat.2021.127728
https://doi.org/10.1590/0104-9224/SI2204.04
https://doi.org/10.1007/s00170-024-14142-1
https://doi.org/10.1007/s00170-024-14142-1
https://doi.org/10.1016/j.ijlmm.2022.05.006
https://doi.org/10.2351/7.0000096
https://doi.org/10.2351/7.0000096
https://doi.org/10.1016/j.ijthermalsci.2022.107846
https://doi.org/10.1016/j.apsusc.2009.07.081
https://doi.org/10.1016/j.phpro.2010.08.056
https://doi.org/10.1016/j.phpro.2010.08.056
https://doi.org/10.1016/j.jmapro.2019.01.039
https://doi.org/10.1007/s00170-021-08122-y
https://doi.org/10.1007/s00170-021-08122-y
https://doi.org/10.1016/j.mtcomm.2024.110359
https://doi.org/10.1016/j.mtcomm.2024.110359
https://doi.org/10.1007/s42452-019-1155-3
https://doi.org/10.1007/s42452-019-1155-3
https://doi.org/10.1016/j.optlastec.2025.113198
https://doi.org/10.1016/j.matlet.2022.132879
https://doi.org/10.1016/j.matlet.2022.132879
https://doi.org/10.1007/s00170-021-07469-6
https://doi.org/10.1007/s00170-021-07469-6
https://doi.org/10.1007/s43452-022-00411-x
https://doi.org/10.1007/s43452-022-00411-x
https://doi.org/10.1016/j.knosys.2025.114296
https://doi.org/10.1016/j.knosys.2025.114296
https://doi.org/10.1016/j.measurement.2025.116653
https://doi.org/10.1016/j.measurement.2025.116653
https://doi.org/10.1016/j.mtcomm.2022.105286
https://doi.org/10.3390/ma18153542
https://doi.org/10.3390/ma18153542
https://doi.org/10.3390/cryst15060529
https://doi.org/10.3390/ma18010094

L.E. dos Santos Paes et al.

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

Verma S, Misra JP, Singh J, Batra U, Kumar Y. Prediction of tensile behavior of
friction stir welded AA7039 using machine learning. Mater Today Commun 2021;
26:101933. https://doi.org/10.1016/j.mtcomm.2020.101933.

Mysliwiec P, Kubit A, Szawara P. Optimization of 2024-T3 aluminum alloy friction
stir welding using random forest, XGBoost, and MLP machine learning techniques.
Materials 2024;17:1452. https://doi.org/10.3390/mal7071452.

Morampudi P, Babu GR, Koushik R, Prasad KD, Aravind G, Vaishawehwara TTS.
Prediction of mechanical properties in friction stir welded Al6061 alloys using
machine learning algorithms. Trans Indian Inst Met 2025;78:3613-25. https://doi.
org/10.1007/s12666-025-03613-y.

Jawad M, Sana M, Ali MA, Tlija M, Jahanzaib M, Farooq MU. Machine learning-
driven optimization of mechanical properties in gas tungsten arc welding of
preheated AISI 1045 steel. Int J Adv Manuf Technol 2025;138:4099-119. https://
doi.org/10.1007/5s00170-025-15762-x.

Ravikumar R, Mathivanan A. Machine learning prediction and optimization of cold
metal transfer welding parameters for enhancing mechanical and microstructural
properties of austenitic—ferritic stainless-steel joints. J Mater Eng Perform 2025;34:
13015-36. https://doi.org/10.1007/s11665-025-10764-y.

Shajan N, Johnson NN, Asati B, Arora KS. Optimization and prediction of resistance
seam weld quality in secondary coated steels using machine learning. Int J Interact
Des Manuf 2025;19:495-507. https://doi.org/10.1007/512008-024-01989-7.
Duarte CAR, Resende AA, de Souza FJ, Andrade JR, Paes LEDS, da Silva LR,

Dias JMS, Teloli RO, Jacob B. Physics-informed neural networks for 3D transient
thermal simulation of MIG welding. SSRN Posted 24 Dec 2025. https://doi.org/
10.2139/ssrn.5960251.

Venkata Rao K, Parimi S, Suvarna Raju L, Suresh G. Modelling and optimization of
weld bead geometry in robotic gas metal arc-based additive manufacturing using

5808

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

Journal of Materials Research and Technology 41 (2026) 5796-5808

machine learning, finite-element modelling and graph theory and matrix approach.
Soft Comput 2022;26:3385-99. https://doi.org/10.1007/500500-022-06749-x.
Smallbone C, Paes Le dos S. The role of the Federal University of Uberlandia (UFU)
and the Brazilian Welding Association (ABS) in Brazil's national welding capability
and its relevance to the United Nations Sustainable Development Goals. Soldagem
e Inspecao 2022;27:e2722. https://doi.org/10.1590/0104-9224/5127.19.

de Resende AA, Duarte CAR. The role of sustainability in the welding process:
context, technologies and challenges. Environ Dev Sustain 2025. https://doi.org/
10.1007/510668-025-06976-w.

Poprawe R, Hafner C, Wester R. Tailored light 2: laser applications. second ed.
Berlin: Springer; 2024.

Xiao R, Zhang X. Problems and issues in laser beam welding of aluminum-lithium
alloys. J Manuf Process 2014;16:166-75. https://doi.org/10.1016/j.
jmapro.2013.10.005.

Matsunawa A, Kim J-D, Seto N, Mizutani M, Katayama S. Dynamics of keyhole and
molten pool in laser welding. J Laser Appl 1998;10:247-54. https://doi.org/
10.2351/1.521858.

Pandiyan V, Wrébel R, Leinenbach C, Shevchik S. Optimizing in-situ monitoring for
laser powder bed fusion process: deciphering acoustic emission and sensor
sensitivity with explainable machine learning. J Mater Process Technol 2023;321:
118144. https://doi.org/10.1016/j.jmatprotec.2023.118144.

Moosavian A, Ahmadi H, Tabatabaeefar A, Khazaee M. Comparison of two
classifiers: k-nearest neighbor and artificial neural network for fault diagnosis on a
main engine journal bearing. Shock Vib 2013;20:263-72. https://doi.org/
10.3233/SAV-2012-00742.

Guan X, Burton H. Bias-variance tradeoff in machine learning: theoretical
formulation and implications to structural engineering applications. Structures
2022;46:17-30. https://doi.org/10.1016/j.istruc.2022.10.004.


https://doi.org/10.1016/j.mtcomm.2020.101933
https://doi.org/10.3390/ma17071452
https://doi.org/10.1007/s12666-025-03613-y
https://doi.org/10.1007/s12666-025-03613-y
https://doi.org/10.1007/s00170-025-15762-x
https://doi.org/10.1007/s00170-025-15762-x
https://doi.org/10.1007/s11665-025-10764-y
https://doi.org/10.1007/s12008-024-01989-7
https://doi.org/10.2139/ssrn.5960251
https://doi.org/10.2139/ssrn.5960251
https://doi.org/10.1007/s00500-022-06749-x
https://doi.org/10.1590/0104-9224/SI27.19
https://doi.org/10.1007/s10668-025-06976-w
https://doi.org/10.1007/s10668-025-06976-w
http://refhub.elsevier.com/S2238-7854(26)00333-9/sref37
http://refhub.elsevier.com/S2238-7854(26)00333-9/sref37
https://doi.org/10.1016/j.jmapro.2013.10.005
https://doi.org/10.1016/j.jmapro.2013.10.005
https://doi.org/10.2351/1.521858
https://doi.org/10.2351/1.521858
https://doi.org/10.1016/j.jmatprotec.2023.118144
https://doi.org/10.3233/SAV-2012-00742
https://doi.org/10.3233/SAV-2012-00742
https://doi.org/10.1016/j.istruc.2022.10.004

	Machine learning for bead geometry prediction in 5083-H112 aluminum laser welding considering a challenging dataset
	1 Introduction
	2 Methodology
	2.1 Data collection
	2.1.1 Inputs and outputs

	2.2 Machine learning techniques

	3 Results and discussion
	3.1 Quantitative performance
	3.2 The impact of the dataset characteristics
	3.3 Model selection: predictive accuracy vs. physical plausibility
	3.4 Model validation

	4 Conclusions
	Funding
	Declaration of competing interest
	References


