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1 Introduction

A Physics-Informed Neural
Network-Based Framework For
Near-Real-Time Keyhole Laser
Welding Simulation

Achieving stable and repeatable keyhole laser welding requires precise control of process
parameters, since even small variations can lead to insufficient penetration, overpenetra-
tion, or process instabilities, particularly in high-value assemblies where a single defective
weld may result in the rejection of the entire component. Numerical simulation plays a
central role in process understanding and optimization; however, state-of-the-art multi-
physics models are characterized by high computational costs, which prevent their
direct use as predictive tools for online process control despite the growing demand for
models that can be integrated within real-time monitoring and control frameworks. To
overcome these limitations, a physics-informed neural network (PINN) framework is pro-
posed as a near-real-time surrogate model for keyhole laser welding. The approach
embeds the transient heat conduction equation, coupled with a double-conical volumetric
heat source, directly into the neural network loss function, avoiding the need for large
labelled datasets. The model is calibrated through an inverse analysis using a limited
set of experiments, establishing empirical correlations between laser power, scanning
speed, and heat source geometry. Validation against experimental data and high-fidelity
computational fluid dynamics (CFD) simulations shows good agreement, with relative
errors typically below 10% for weld depth and width. Once trained, the PINN predicts
the thermal field and weld bead geometry within milliseconds, enabling rapid mapping
of the process window and supporting laser welding process optimization.
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typically performed through costly and time-consuming experi-
mental trials or computationally intensive numerical simulations,

Laser beam welding (LBW) has emerged as a state-of-the-art
technology thanks to its high precision, repeatability, and process-
ing speed, as well as its ability to join both similar and dissimilar
metals [1]. New advancements in laser sources and optics have
increased the freedom and flexibility for LBW in industrial appli-
cations. Strategies like static or dynamic beam shaping have
shown promising results [2,3]. In high-power-density regimes,
the laser—material interaction leads to the formation of a narrow
vapor cavity, commonly referred to as a keyhole, generated by
intense material evaporation. The trapping of the laser beam
within this cavity significantly enhances energy absorption,
enabling deep penetration and high aspect-ratio welds. However,
achieving stable and high-quality welds in keyhole mode requires
careful fine-tuning of process parameters, including laser power,
speed, beam shape, and scanning strategy. This optimization is
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both of which present inherent limitations.

Numerical modeling of laser-based processes generally follows
two main approaches: multiphysical and thermomechanical [4].
While the former targets a comprehensive physical description of
the process, including melt flow, keyhole formation, and vaporiza-
tion effects, the latter prioritizes computational efficiency by adopt-
ing a purely thermal approach, which enables faster simulations
and facilitates their integration into process design and optimiza-
tion workflows. Multiphysical models, starting from early formula-
tions [5,6], have progressively incorporated key phenomena such
as recoil pressure, phase transitions, and laser multiple reflections
[7,8]. The predictive capabilities of these models have been vali-
dated against experimental data obtained through advanced diag-
nostics, such as high-speed imaging and synchrotron X-ray
measurements, confirming their ability to accurately reproduce
melt pool and keyhole dynamics [9]. However, their complexity
and computational cost make them less practical for real-time mon-
itoring applications or process control. Even commercial software
like FLow-3D, which is based on the volume of fluid (VoF) method
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and has been successfully applied to several industrially relevant
cases, often require extensive parameter tuning and calibration to
ensure reliable predictions [10-13]. Thermomechanical models
provide a more practical alternative when the focus is on predicting
thermal fields and weld dimensions, rather than capturing fluid
dynamics in detail [14]. These models treat the material as remain-
ing in the solid phase throughout the process and simulate heat
transfer solely via conduction. Simplified volumetric heat sources
are used to approximate the laser—material interaction, ranging
from standard types, like surface-based Gaussian distributions, to
combined or advanced profiles, such as Goldak’s double ellipsoid
and double-conical models [15,16]. While these assumptions sig-
nificantly reduce computational cost, defining the heat source and
the temperature-dependent material properties remains a major
challenge, as both critically influence the accuracy of the thermal
predictions [17,18].

Although numerical simulation remains the primary tool for ana-
lyzing manufacturing processes, recent advances in computational
resources have enabled the increasing adoption of machine learn-
ing (ML) techniques [19]. ML models, inspired by the structure
of the human brain, are composed of layered networks of intercon-
nected neurons. These models learn to map input features to output
responses by minimizing a cost (or loss) function, which quantifies
the discrepancy between predicted and known data. A wide range
of architectures has been proposed in the literature, ranging from
relatively shallow convolutional models, such as AlexNet [20],
to extremely deep neural networks powering large-scale models
such as GPT [21]. While physics-based simulations face the chal-
lenge of high computational costs, conventional data-driven ML
models require large labeled training datasets to achieve accurate
predictions. In manufacturing applications, however, generating
such datasets, whether through experimental measurements or
high-fidelity numerical simulations, is often prohibitively expen-
sive, time-consuming, or technically challenging. To overcome
the limitations of conventional simulations and purely data-driven
models, hybrid techniques have been proposed that integrate phys-
ical knowledge into the learning process. Among these,
physics-informed neural networks (PINNs) have emerged as a
powerful framework, as they embed governing physical laws—
such as conservation of mass, momentum, or energy—directly
into the training process [22]. This is achieved by incorporating
the problem-specific partial differential equations (PDEs), along
with initial (IC) and boundary conditions (BC), into the loss func-
tion. In addition, sparse experimental or simulated data—such as
temperature measurements through high-speed thermal cameras
—can be seamlessly integrated as auxiliary constraints, improving
the model’s generalization capabilities even with limited datasets.
PINNs compute derivatives via automatic differentiation (AD),
which ensures high precision and avoids the need for mesh gener-
ation or numerical discretization [23].

PINN models have already been applied to laser-based additive
manufacturing processes such as laser powder bed fusion (LPBF)
[24] and direct energy deposition (DED) [25], but no prior work
has addressed their use in laser welding, particularly in keyhole
mode. Given the similarities between laser-based additive pro-
cesses and laser welding, several studies in the literature provide
a solid foundation for implementing PINNs in keyhole welding
applications. For example, Hosseini et al. [26] employed an unsu-
pervised PINN to predict the temperature distribution and melt
pool geometry in a single-track LPBF experiment on Hastelloy
X, enabling the estimation of the temperature field and the grain
size via a cellular automata model. Sharma et al. [27] incorporated
the Navier—Stokes equations and used labeled data generated from
high-fidelity finite element method (FEM) simulations to train a
PINN capable of predicting both pressure and velocity fields
within the melt pool. Peng et al. [24] demonstrated a transfer learn-
ing approach in which a PINN, trained on a known dataset, was
successfully applied to predict the 3D temperature field in a DED
process using only surface temperature data from a high-speed
thermal camera, even for a material and laser source not included
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in the training set. In all these studies, PINNs proved effective at
reducing computational costs while maintaining high prediction
accuracy, both with and without labeled data.

In the present work, a PINN model is proposed for keyhole-
mode laser welding, capable of predicting the temperature field
and bead dimensions with lower computational cost and higher
speed compared to traditional simulations. Compared to previous
models, our proposed framework is tailored to high-power-density
scenarios, where the temperature involved reaches the vaporization
temperature and the resulting weld bead has the typical deep and
narrow shape. The model was defined, although it is not limited
to a specific experimental setup, consisting of an overlap welding
of two aluminum alloy sheets of 1.5mm thickness. The PINN
architecture, activation function, and collocation point sampling
strategy have been systematically optimized. The network was
trained without any experimental data, using only the constitutive
partial differential equations and boundary conditions that govern
the problem. To simplify the model, only the heat conduction equa-
tion was directly considered, while the main multiphysics effects
were implicitly accounted for through the temperature-dependent
material properties. Specifically, the PINN follows a modified
Fourier equation that incorporates a volumetric heat source that
models the laser—material interaction. To enable the model to auto-
matically adapt to different welding conditions, the heat source’s
shape and size are defined by five geometrical parameters. The
training dataset consisted of a range of input parameters allowing
the model to learn how to predict the physically consistent temper-
ature field corresponding to any combination of inputs. The heat
source geometric parameters are then correlated with the laser
process conditions through an empirical relationship. This calibra-
tion is performed using Pearson correlation and a targeted experi-
mental campaign of five weld bead cross sections. Once trained and
calibrated, the model can predict the weld bead geometry and tem-
perature field within milliseconds, at negligible computational cost
and without manual tuning, only by the laser power and scanning
speed. The model is then validated against both experimental
welds and high-fidelity numerical simulation. In the end, the
PINN model was employed to search for the optimal laser config-
uration. The model was able to scan the entire parameter range and
find the minimum power needed to achieve the desired penetration.

2 Materials and Methods

2.1 General Workflow. The aim of the proposed model is to
predict the temperature field and weld bead dimensions during a
keyhole laser welding process. The model is presented considering
the setup described in Sec. 2.2 with reference to an overlap weld of
two 1.5 mm thick Al6082 sheets, but the approach can be extended
to any material, dimension, and laser source. The overall workflow
was implemented as illustrated in Fig. 1.

Step 1: The PINN, implemented in pyTHON using the PyTorch
framework [28], consists of multiple layers of interconnec-
ted neurons that transform input variables into outputs
through trainable weights and biases, and nonlinear activa-
tion functions. The problem’s physics is considered
through the partial differential equation, boundary and
initial conditions defined within the computational domain.
The specific PDE is a modified version of the transient
Fourier equation for heat conduction described in Sec. 2.3.
In the equation, the laser—material interaction is represented
as a double-conical volumetric heat source. The model’s
inputs are the material properties (thermal conductivity
and volumetric heat capacity), the laser source parameters
(power and scanning speed), and the five geometric param-
eters of the volumetric heat source (three radii and two
heights). In contrast to traditional supervised learning
models that rely on labeled datasets, this PINN model
does not require labeled data for training. Instead, a range
of input parameters is used as the training dataset. The
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model’s outputs (temperature) at several collocation points
are used to evaluate whether the governing physics is satis-
fied. Whenever the model’s predictions deviate from the
physical behavior, a residual is computed. The mean
squared of these residuals across all collocation points
defines the PDE component of the loss function. Similarly,
the residuals from the initial condition and boundary condi-
tions are averaged to define the other two components,
which are then combined with appropriate weights to calcu-
late the final loss function. A loss function is a mathematical
measure of the model’s predictive accuracy: the lower its
value, the better the model can accurately estimate the
temperature.

Step 2: Following the PINN formulation, a hyperparameter
tuning phase was conducted to optimize the model configu-
ration, as described in Sec. 3. These hyperparameters, dis-
tinct from the trainable parameters (weights and biases of
each neuron) updated by the model during learning,
include the network architecture (i.e., the number of layers
and neurons per layer), activation functions, and the strate-
gies used to sample the collocation points inside the
domain. Unlike trainable parameters, hyperparameters are
not learned by the model and must be selected by the user,
often through trial-and-error or optimization strategies. A
comprehensive investigation, considering both standard
and advanced hyperparameters, was carried out to find a
configuration that ensured fast and stable training.

Step 3: Considering a realistic range for each input parameter,
the training phase was performed. The neural network was
trained until each loss component converged below a prede-
fined threshold. A curriculum learning strategy was
employed as suggested by similar PINN applications [29].
Instead of training the model using the full training range,
different subsets were generated with the increasing width.
The model is then trained starting with the smallest set,
the easiest to learn, and only when the training is sufficiently
advanced, the range is increased in a subsequent step. This
strategy acts as a numerical continuation method, preventing
the optimizer from converging toward physically inconsis-
tent local minima, which is a common challenge in high-
gradient PINN applications. By gradually increasing the
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Fig. 1 Flowchart of process optimization
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complexity of the task, the network leverages the knowledge
gained from simpler regimes to achieve a more stable and
robust convergence across the entire parameter space.
After this stage the model is able to predict a physically con-
sistent temperature field given any combination of the inputs
inside the training range.

Step 4: Because no theoretical relationship exists between the
laser parameters and the volumetric heat source geometry,
an experimental calibration was performed (see Sec. 4). A
Pearson sensitivity analysis was conducted to quantify the
influence of each geometric parameter on the weld bead
dimensions. Subsequently, the trained PINN was employed
within an inverse analysis algorithm. Five different experi-
mental weld bead cross sections, selected from a subset of
the total training range, were used. By minimizing the dis-
crepancy between the experimental and the PINN weld
bead dimensions, a constitutive relationship was established
between laser power and speed, and the volumetric heat
source parameters. As a result, the model can be considered
calibrated to the specific laser setup and can predict the tem-
perature field based solely on laser power and speed.

Step 5: After the calibration, the PINN is validated against both
experimental welds and numerical simulations (see Sec. 4.1).
Four different laser power and scanning speed configurations
were used, two inside the inverse analysis range and two
outside to assess the generalization capability. The model’s
performance was evaluated by comparing the weld bead
shape and the temperature evolution extracted from the
high-fidelity numerical model described in Sec. 4.2. After
that, the model can be considered validated and can be used
as a surrogate of the laser welding process.

Step 6: Finally, an example of a practical application is pre-
sented. The model scans the full range of laser power and
scanning speed, utilizing the constitutive relationship
found in the calibration phase, to compute the weld penetra-
tion and width. The regions of interest, specifically defining
the operational boundaries for overpenetration and lack of
penetration, are identified.

2.2 Experimental Setup. The experimental setup is described
in Fig. 2(a). An nLight Alta Yb:Fiber CW multimode laser source
with a wavelength of 1070 nm, a maximum output power of 3 kW,
and a delivery fiber core diameter of 50 um was employed. The
beam was focused and displaced by means of a galvo scanner
(Scanlab HurrySCAN 30) equipped with a Wavelength F-Theta
fused silica lens. The lens, having a focal length of 160 mm, pro-
duced a theoretical spot diameter equal to 65 ym. The laser charac-
teristics are summarized in Table 1. The laser beam directly
irradiated the welding area, with the focal point positioned on the
sample surface at the center of the joint. The selected configuration
consists of an overlap welding of two Al6082 alloy sheets with a
thickness of 1.5mm. The overlapped samples are positioned
inside a dedicated clamping system, designed to fix their position
and minimize the interface gap. An experimental campaign was
carried out for both calibration and validation stages (steps 4 and
5). The process parameters used are reported in Table 2, where P
and v denote the laser power (W) and the linear scanning speed
(m/s), respectively.

After welding, cross sections of the welded samples were pre-
pared using electrical discharge machining and then mounted in
phenol-formaldehyde resin. The samples were ground using
silicon carbide abrasive papers (80-2500 grit), polished with a
lum alumina suspension, and finally etched with Keller’s
reagent (a mixture of nitric, hydrochloric, and hydrofluoric acids)
to reveal the weld seam geometry (shown in Fig. 2()). Geometric
measurements were carried out using a Zeiss Observer A1M
optical microscope, considering three different cross sections for
each weld to obtain the average depth (MD) and width (MW).
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Fig. 2 (a) Experimental setup, (b) cross section with weld dimensions, and (c) domain discre-
tized by the PINN

2.3 Laser Keyhole Welding Model. This section provides a
detailed description of the physical model of the LBW process
used as an input for the PINN. The computational domain is a sim-
plification of the real experimental setup and is shown in Fig. 2(c).
It extends 4 mm in the scanning direction (x) [—2,2], 2 mm in width
(y) [-1,1], and 3 mm in depth (z) [-3, 0]. These dimensions were
chosen to reflect the experimental configuration and to minimize
boundary effects that could distort the thermal field. In particular,
the domain length ensures that a representative weld of approxi-
mately 1 mm can be formed while leaving sufficient space ahead
of and behind the heat source to capture realistic cooling and
heating gradients. The width and depth of the domain were selected
based on the characteristics of the laser system and weld configu-
ration used in the subsequent calibration and validation steps. To
allow for thermal preconditioning of the material’s initial temper-
ature, the temporal domain begins at —0.1 s, with the laser initially
inactive. It ends when the laser completes the 1 mm weld segment.
The total simulation time is therefore determined by the laser scan-
ning speed and the target weld length.

To simplify the complex multiphysics phenomena involved in
keyhole laser welding, while preserving the dominant thermal
effects, the following assumptions were made:

e The material is treated as a continuous solid medium.

e The material is assumed to be isotropic and homogeneous,
with temperature-dependent thermophysical properties.

e Fluid flow, recoil pressure, and convection are neglected.

e The laser beam is modeled as an equivalent volumetric heat
source.

Under these assumptions, the temperature distribution T'(X, 7)
within the domain is governed by the transient heat conduction
equation described in Eq. (1).

- OT(x, 1)
P CP ot

— V- (kVT(x, D)) — qu(x, ) =0 1)

Table 1 Experimental equipment

Maximum power (W) 3000
Collimation length (mm) 120
Focal length (mm) 160
Fiber core diameter (um) 50
Beam divergence (mm - mrad) 2
Focused spot diameter (ym) 65
Wavelength (nm) 1070

where x represents the spatial coordinates x, y, and z, t represents
time, and p(T) (kg/m®), C,(T) (J/kg/K), and K(T) (W/m/K)
denote the density, apparent heat capacity, and effective thermal
conductivity of the material, respectively. The density is considered
constant at 2700 kg/m?, while the other two thermophysical quanti-
ties are temperature dependent, as shown in Fig. 3. Specifically, the
thermal conductivity & is represented by a solid line, and the volu-
metric heat capacity pC‘p by a dashed line. These properties extend
the material’s intrinsic characteristics to account for phase change
phenomena and melt pool dynamics that are not explicitly
modeled by the PDE. Below the melting point (933 K), constant
values from the literature were adopted. For higher temperatures,
an effective thermal conductivity approach was implemented fol-
lowing the methodology of Lampa et al. [30]. Although the physical
conductivity of aluminum typically decreases upon melting, k was
artificially increased by a factor of 2.5 in the liquid phase to
account for the enhanced heat transfer induced by thermocapillary
(Marangoni) flow. This simplification is essential in purely
thermal formulations to accurately predict the weld bead width
where convective effects are dominant. Regarding the energy
storage, the latent heat of fusion (0.4 MJ/kg) and vaporization
(1.08 MJ/kg) are incorporated into the effective volumetric heat
capacity using a smoothed apparent heat capacity formulation
[31]. This approach represents the latent heat as increase in pﬁ‘p
near the respective phase change temperatures (933 K and 2600
K), ensuring that the energy balance is maintained during the transi-
tion without requiring a separate interface-tracking algorithm. The
term g, represents the volumetric heat source given by the moving

Table 2 Process parameters used for the calibration and
subsequential validation step

Parameter set P (W) v (m/s)
Calibration set

CAL, 1000 0.1
CAL, 1000 0.3
CAL; 1500 0.2
CAL,4 2000 0.1
CALs 2000 0.3
Validation set

VAL, 750 0.05
VAL, 1250 0.2
VAL; 1750 0.2
VAL, 2500 0.5
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Fig. 3 Temperature-dependent properties used in the model

laser beam. To capture the characteristic morphology of keyhole-
mode welds, a double-conical volumetric heat source—originally
derived from the three-dimensional conical model by Wu et al.
[16] and later refined by Farrokhi et al. [32]—was adopted in this
study. Compared to other commonly used volumetric heat
sources, notably the Goldak or the single cone, this source was
designed for deep or hybrid laser keyhole welding and has been suc-
cessfully applied in such applications [33]. Given the model’s spe-
cific task and the specimens thickness, it was selected as the most
suitable heat source. The source is shown in Fig. 4 and is composed
of two separate volumetric contributions:

e g, (see Eq. (2)) describes the lower conical region, extending
from the bottom of the keyhole at z;, to the intermediate inter-
face at z;, over a distance H;.

e g, (see Eq. (3)) defines the upper conical region, extending
from z; to the top surface at z; over a distance H,,.

onPe’

v =71'(€3 - 1)(Zi_zh)(ri2+rirb+r§) 2)
3[(x —v)> +°]
- exp B R
1
B oyP,e’
v (e — 1)z —z)(r? + rri + 17) 3)

2
r

( 3[(x — vi)® + y2]>

q\«" u

Fig. 4 Double conical heat source with the five parameters
shown
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In these expressions, # is the dimensionless absorption rate (with
fixed value of 0.9), while the total laser power is split into the lower
(P;) and upper (P,) components. The geometric parameters 7;, 7;,
and r, denote the radii at the top, interface, and bottom surface
located at vertical coordinates z;, z;, and z;, respectively. Inside
the volume, the heat distribution is Gaussian and the corresponding
radial profiles, r; and r,, which vary linearly along the height of
each cone, are defined as follows:

g —Z

C)

ro=r;—(ri—rp)
Zi— 2

ir—2Z

&)

r=r= (=)

Zr—Zi

By adjusting the five geometric parameters, three radii (rp, r;,
and r,), and two lengths (H, and H)), it is possible to model a
wide range of heat intensity distributions along the workpiece
thickness, providing both high flexibility and physical realism.

To solve Eq. (1), appropriate boundary and initial conditions
were imposed as detailed below:

e The initial temperature was set equal to room temperature 7
(25°C) throughout the domain:

T(x,y, 2, 0)="To(x, y, 1) =298K (6)
e A Dirichlet BC with fixed temperature at the bottom surface:

T(x,1)=298K, xe€0Q (7)

e An adiabatic Neumann BC at the external boundaries:

oT
—| =0,

d X € 00 ®)
N |50

where 71 denotes the outward unit vector to the boundary surface
0Q.

e A Robin BC at the top surface to account for heat loss due to
external convection and radiation:

kVT — (T = Tp) — eo(T* = T3) =0 )

Here, £ is the convective coefficient, set to 20 W/m?/K, € is the
material emissivity, equal to 0.9, and ¢ is the Stefan-Boltzmann
constant, 5.67 x 1078 W/m?/K*.

Unlike traditional numerical methods (e.g., finite element or
finite volume methods) that rely on mesh-based discretization to
approximate derivatives, the solution to Eq. (1) is here approached
through a mesh-less framework. The partial derivatives required by
the governing equations are evaluated using automatic differentia-
tion. This technique allows for the computation of exact derivatives
of the neural network output with respect to its input coordinates at
any point within the domain, bypassing the truncation errors of
numerical schemes. This approach will be formally integrated
into the loss function of the PINN model described in Sec. 3.

3 PINN and Hyperparameters Tuning

This section presents the implementation and tuning of the pro-
posed physics-informed neural network, developed to predict the
thermal field during laser keyhole welding (steps 1 and 2 in
Fig. 1). The framework combines a feedforward neural network
architecture with the information provided by the governing phys-
ical law. The neural network is trained to satisfy both the energy
conservation equation (Eq. (1)) and the initial and boundary condi-
tions described in Sec. 2.3 without requiring any experimental data.
Figure 5 shows the scheme of the proposed PINN model.

To approximate the solution of partial differential equations,
PINNs employ standard feedforward neural networks as surrogate
function approximators.

JULY 2026, Vol. 148 / 071001-5
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Neural Network

Lro1(8) = apppLppe(0)
+ o;cLic(8) + agcLpc(0)

Fig. 5 Scheme of the proposed PINN model

Following the formulation proposed by Lu et al. [34], a fully
connected feedforward neural network with L layers is defined as
FLx) : R% — R% where di, and do, are the input and output
dimensions, respectively. The network consists of an input layer,
multiple hidden layers with N; neurons connected through nonlin-
ear activation functions, and an output layer:

Fx)=x € R
Flx) =pWFx)+b) e RY
FE(x) = WEFE ! (x) + bE € R%

Input layer :
Hidden layers :
Output layer :

where ¢ is a nonlinear activation function, W e RVN-1 i the
weight matrix, and b’ € RV is the bias vector of the Ith layer.
The trainable parameters of the network, denoted by 0, consist of
all the weight matrices and bias vectors.

Considering a generic PDE with a differential operator N|-; 4]
parameterized by A:

%‘;H\/[u(x, 0;1=0, xeQCcR’ telt,teal (10)

with initial and boundary conditions:

ux, 7o) =up(x), x € Q (11)

Blul=0, x€0Q, tE€E [ty, tendl (12)

The PINN approximates the solution u(x, f) with a(x, #; 6) by
minimizing the total loss function:

Ltor(0) = appEe - Lppe(0)

(13)
+ aic - Lic(0) + apc - Lpc(0)

Each term of the loss function is evaluated over a specific set of
training points distributed within the domain. The total loss is a
weighted sum of these components, where the balancing factors
are denoted as appg, agc, and ajc. In particular, the PDE loss
term Lppg (Eq. (14)) is computed over a batch of N, collocation
points sampled within the space-time domain to enforce the gov-
erning differential equation. The boundary condition loss Lpc
(Eq. (15)) is computed over Ny points located on the domain
boundaries 0Q2, whereas the initial condition loss Lic (Eq. (16))
is evaluated at Nj. points at ¢ = fy. For each loss component, the
mean squared error is used to quantify the discrepancy between
the model’s prediction and the physical constraints. It is crucial
to note that this process does not rely on precomputed or labeled
datasets. Instead, training is performed on a set of unlabeled

071001-6 / Vol. 148, JULY 2026

coordinates (collocation points) that consist solely of the input fea-
tures. During each iteration of the optimizer, AD is performed “on
the fly” to evaluate the partial derivatives of the network 1 at the
current collocation points. Specifically, AD traverses the computa-
tional graph of the neural network to compute exact derivatives
(e.g., di/0r, V*) at every training step. While this approach
avoids the need for generating expensive supervised datasets
prior to training, it ensures that the physics is enforced directly
and continuously throughout the optimization process, effectively
acting as a self-supervised solver.

2

1 Neoll ot . ;
LppE = Nean ; o + N, Xeops 0); A1 , (14
1 Noc ) )
Lpc = N—MZ I BLa(t}.. Xbe: 01113 (15)
i=1
1 Nic . )
Lic = N7‘CZ la(z, X:c; 0) —uyll5 (16)

i=1

A value of 5 x 10% was selected for both apc and ayc, while appg
was defined equal to 100. A systematic hyperparameter tuning
(step 2) was conducted to identify the most effective network con-
figuration, focusing on four key aspects: the number of hidden
layers (L), the number of neurons per layer (), the activation
function (¢), and the sampling strategy used to generate collocation
points. The strategies evaluated are summarized in Table 3.

The objective of the hyperparameter tuning was to identify a reli-
able model configuration and to evaluate the influence of different
parameters on the training stability, rather than conducting an
exhaustive grid search. A sequential tuning strategy was adopted,
investigating the network architecture first, followed by the activa-
tion function and the sampling strategy.

Table 3 Hyperparameters tested

Hyperparameter Values tested

Hidden layers 4,8

Neurons per layer 16, 32, 64
Activation function ReLU, Tanh, Sin, Swish
Collocation points sampling strategy Grid, Random, Sobol, Moving
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Table 4 Ranges of model inputs and output variables

Category Variable Range/definition
Time

Time t [-0.1, 1]

Spatial coordinates

Scan direction X [—1, 3] mm

Width y [-1, 1] mm

Depth z [-3, 0] mm
Material properties

Thermal conductivity & Temperature dependent
Volumetric heat capacity /’Cp Temperature dependent
Laser parameters

Power P [500, 2500] W
Scanning speed v [0.05, 0.5] m/s
Heat source geometry

Top radius 7 [0.1, 0.7] mm
Intermediate radius ri [0.1, 0.4] mm
Bottom radius T [0.05, 0.3] mm
Upper cone height H, [0.15, 0.5] mm
Lower cone height H, [0.4, 2.5] mm
Output

Temperature T Temperature field

To ensure a consistent comparison across all tested architectures,
the total number of training points during this phase was fixed at
218 (262,144). This value was selected as the maximum resolution
achievable within the hardware constraints (specifically the GPU
memory limit) when considering the most complex “bottleneck”
configuration (8 layers and 64 neurons). These points were distrib-
uted as 75% for the PDE collocation (Lppg) and 25% partitioned
between boundary (Lgc) and initial (L) conditions. The use of
a power of two for the point count was chosen to optimize the com-
putational throughput of the PyTorch libraries on GPU hardware.
As stated, during this tuning stage, training was truncated at
25,000 iterations to assess the convergence trends, while the final
selected model was trained until full convergence using the
maximum sampling number of points allowed by the GPU
memory.

After the hyperparameters tuning, the training range of interest
was defined considering the specific experimental setup and realis-
tic values for the volumetric heat source geometrical parameters.
Table 4 summarizes the inputs and the output of the model with
the corresponding range of training. The maximum and
minimum laser power and scanning speed were selected based
on the experimental setup in Fig. 2(a). Due to the difficulty of train-
ing the model over the whole range, a curriculum learning strategy
was adopted. The laser power and scanning speed ranges were
divided into ten subsets of increasing width, and the training was
performed sequentially. This approach is based on the idea of grad-
ually increasing the complexity of the database, in our case the
range of parameters. As a result, the model is first trained on
simpler configurations and is subsequently exposed to more
complex input, allowing it to satisfy the governing PDE for high-
power regimes only after converging on lower complexity cases.
It has shown promising results when applied to PINNs [35,36],
and our study confirms the strength of this approach. The training
was performed to minimize the total loss function Eq. (13)
using the limited-memory Broyden—Fletcher—Goldfarb—Shanno
(L-BFGS) algorithm, as suggested by similar physics-informed
studies.

It is important to emphasize that the PINN is not trained as a
single simulation for a fixed configuration; instead, it is designed
as a parametric surrogate model. Specifically, the network receives
as input not only the space-time coordinates (x, y, z, f) but also the
five geometric parameters that define the volumetric heat source
(A=1Ir, ri, rp, H,, Hi]). By including these geometric features
directly in the input layer (R%), the model learns a generalized
mapping between the heat source shape and the resulting

Journal of Manufacturing Science and Engineering

temperature field 7. This parametric nature is fundamental for
the subsequent inverse analysis (step 4), as it allows the framework
to explore the geometric parameter space nearly instantaneously to
find the configuration that best matches experimental observations.

4 Calibration

This section presents the calibration procedure used to define the
volumetric heat source model as a function of laser power and
scanning speed (step 4). To achieve accurate predictions of the
melt pool geometry, it is essential to establish the correlation
between the input process parameters and the geometric parameters
of the double-conical heat source model (Egs. (2) and (3)), within
the PINN framework. Since no general law exists, the correlation
was carried out in two successive stages, as illustrated in Fig. 6:

(1) Perform a Pearson sensitivity analysis to identify the geo-
metric parameters of the heat source model that exhibit
strong correlations with the melt pool dimensions.

(2) Perform an inverse analysis of the heat source model using
the trained PINN and experimental data.

Pearson correlation analysis was used to quantify the linear rela-
tionship between each volumetric heat source parameter (r;, 7;, 7p,
H,, and H)) and the resulting melt pool geometry, specifically the
depth and width (MD and MW). The Pearson correlation coeffi-
cient, r, is defined as follows:

YLK -Xi=T)
I G- XP S (1= 77

where X; and Y; denote individual samples of heat source parame-
ters and melt pool dimensions, respectively, while X and ¥ repre-
sent their mean values. This statistical measure provides a
normalized index of linear correlation, ranging from -1 to 1. Fol-
lowing the Pearson sensitivity analysis, the five welds denoted as
calibration set of Table 2 were performed and the experimental
MD,, and MW.,, were measured.

To extract the melt pool dimensions from the temperature field
predicted by the PINN, a differentiable formula is employed as
follows:

an

S(Tp(x,0,2) = Ty) dz (18)

MDpnN = j

Ymax

S(Tg(x, Vs Zmax) - Tm) dy (19)

Ymin

MWpnN = j

where S is a smooth approximation function (e.g., a logistic
sigmoid), T,, represents the material melting temperature, and 7y
corresponds to the temperature field predicted by the PINN.

Experiments Trained PINN

7 Pearson
3.0y orcs MMM sensitivity
inati Optimizer ;
combinations i MDyppen arabnits

Change
heat source
parameters

Calibrated PINN
Fig. 6 Calibration flowchart
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The inverse analysis for each experiment was initialized with
random values for the heat source geometric parameters and per-
formed using the L-BFGS optimizer minimizing the following
loss functions:

Lyvp = [IMDpyn — MDexpll + Ly (20)

Lyvw = IMWpinn = MWy |l + Ly (21

The first term of each loss function ensures that the computed
depth and width remain close to the experimental value. The
second term, Ly, constrains the optimized model parameters to
stay within the PINN training range and to be physically realistic,
preventing, for example, MD from exceeding the maximum
domain depth. Based on the five sets of parameters in Table 2
empirical mapping was constructed through fitting and used in
the now calibrated PINN model.

4.1 Validation and Case Study. The model was validated
using the four experimental welds listed in Table 2 as “Validation
Set,” two of them (VAL, and VALj3) are inside the calibration
range, while the other two (VAL; and VAL,) are outside. All
these configurations were both experimentally performed and
numerically simulated. The weld bead dimensions and shapes
were compared and, by extracting the temperature field from the
numerical simulations, it was also possible to assess the model’s
capability of predicting the temperature dynamics. The model
was then applied to search for the maximum scanning speed and
minimum power that would achieve a required MDyyee of 1.7
mm to 2.7mm. This range prevents insufficient depth that may
result in lack of fusion between the plates, reduced joint strength,
and shortened service life. On the contrary, a penetration depth
higher than 2.7 mm could result in overpenetration [37,38]. The
entire training range was used along with the calibrated relation-
ships found in the previous step within the model.

4.2 Computational Fluid Dynamics Model. This section
outlines the numerical framework employed as a benchmark for
validating the PINN-based results (step 5). The commercial multi-
physics software FLow-3D WELD (version 2025R1) was used to
simulate the laser welding process. The software is based on the
VoF method, treating the metal as an incompressible fluid with
temperature-dependent properties. A scalar field, called volume
fraction F, is computed, equal to the ratio of the volume occupied
by the fluid to the total volume of the grid cell. The interface
between the liquid metal and the surrounding air is accurately cap-
tured, where 0 < F' < 1, allowing the dynamics of the keyhole and
the weld bead dimensions to be resolved. The main models used in
the simulations are as follows: viscous flow, heat transfer and
energy conservation, phase change with evaporation and solidifica-
tion, volumetric thermal expansion, surface tension with Maran-
goni force, multiple laser reflections with Fresnel absorption, and

Atmospheric

pressure
Laser beam
&
Material
Symmetry

plane

Fig. 7 Computational domain of the high-fidelity CFD
simulations

gravity. A detailed description of the underlying models is
beyond the scope of this work; interested readers are referred to
Refs. [2,10] for an in-depth discussion. Material properties and
numerical parameters were selected in accordance with the vali-
dated setup used in a previous study [2]. By exploiting the symme-
try of the laser weld bead with respect to the y-axis, only half of the
full 3D domain shown in Fig. 2(c) was modeled in the software to
reduce computational cost. The domain was discretized using two
nonuniform nested structured Cartesian meshes as shown in Fig. 7.
A refined mesh with 10 ym cell size was applied in the laser inter-
action zone to capture fine-scale phenomena, while a coarser
thermal diffusion mesh with 40 ym cell size covered the remaining
volume with a total number of cells of about 4 million. A fixed
atmospheric pressure boundary condition is imposed on the top
surface, while the others, except for the symmetric boundary, are
defined as walls.

5 Results

5.1 Hyperparameter Tuning. The hyperparameters listed in
Table 3 were evaluated for their ability to reduce the loss function,
particularly the PDE loss, while keeping a stable training. The four
activation functions tested are shown in Fig. 8, along with their first
(b) and second derivatives (c).

Each activation function was evaluated under identical condi-
tions, maintaining all other hyperparameters constant for 25,000
cumulative iterations. The rectified linear unit (ReLU) function,
defined as the nonnegative part of its argument, is widely used in
machine learning models due to its simplicity and computational
efficiency. However, training the proposed PINN model with the
ReLU activation function led to numerical instabilities, and the

tanh m—— = siD = = m® | swish
(a) ; e (c) 1.0 VR
A 4 * /
- \ 0.5 \’ v
— .* A = / :. ad . ’ L » 3
3.5 1 RE— % N, = '; 0.0 wr=un R % 5, o
= x \ ¥ iu'=7 \ s / \ P 2'!
-0.5 5 \ -0 5\ = 2 J —0.5 " ‘ 'ﬁ‘ /
ol Na2? W s T I T A
WM™ 0 72 & W*t Yy W= 0% 2z 4
X x X

Fig. 8 (a) Activation functions tested with the (b) first and (c) second derivatives
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Fig. 9 Comparison of different activation functions perfor-
mance: (a) ReLU(x), (b) Swish(x), (c) Tanh(x), and (d) Sin(x)

PDE residual loss rapidly diverged after approximately 700 itera-
tions (see Fig. 9(a)). This behavior can be attributed to the lack
of continuous second derivatives (being zero almost everywhere
as shown in Fig. 8(c)), which makes ReLU unsuitable for such
applications. On the contrary, the Swish activation function [39]

Journal of Manufacturing Science and Engineering

provided a significant improvement in training stability compared
to ReLU, preventing loss divergence. However, some instability
persisted, indicated by the spikes in the graph (Fig. 9(b)). Yet
this improvement came at the cost of longer training time, owing
to the more complex structure of the activation function. The
tanh activation function demonstrated stable and relatively fast
convergence (see Fig. 9(c)), but the sin function (Fig. 9(d))
achieved even faster and more consistent training and was there-
fore selected for the final model.

Regarding the network’s architecture, configurations with only
four layers (shallow network) failed to effectively minimize the
PDE loss, regardless of the number of neurons used. Specifically,
during the initial tuning phase (25,000 iterations), the four-layer
architectures were unable to reduce Lppg below the 10° order of
magnitude, often stagnating near 10'. While these shallow net-
works achieved initial and boundary condition losses (Lic and
Lpc) comparable to deeper models (approximately 0.7 x 1074,
they lacked the expressive capacity to resolve the steep thermal
gradients required by the governing equation. Consequently, a
deeper architecture with eight hidden layers was selected as the
most viable option, as it consistently achieved Lppg values
between 107! and 1072 within the same iteration window,
showing a clear downward trend toward convergence. On the
other hand, increasing the number of neurons per layer to 64 signif-
icantly increased the training time without notable improvements
in accuracy. The added complexity not only slowed convergence
but also made the model more susceptible to unstable optimization,
likely as a result of overparameterization. A configuration with 32
neurons per layer was found to provide a good balance, allowing
for efficient training while maintaining stability and accuracy.

Finally, the comparison between the four different collocation
point sampling strategies (Fig. 10) was performed. The grid strat-
egy divides the domain in evenly spaced points, the random strat-
egy uses a pseudorandom number generator to fill the domain, and
the Sobol strategy uses a low-discrepancy generator to fill the space
more evenly. The moving strategy, however, was defined consider-
ing a cylinder centered at the laser position at each time-step. The
points are then distributed around this moving center using a
Gaussian distribution with a standard deviation of 0.05, resulting
in a high density of points under the heat source. This strategy pro-
duced a more stable and predictable convergence profile, as no
sharp peaks were observed in the loss trend, although the overall
convergence was slower compared to the other strategies. This
can be attributed to the higher number of points located in the high-
gradient zone, resulting in larger PDE losses but, at the same time,
greater significance.

Ultimately, the moving sampling strategy was selected, but it
was modified to incorporate 30% of sampling points distributed
across the entire domain using the Sobol sequence. This adjustment
ensures that information is not lost in regions far from the laser
source while keeping the focus on the more complex region. For
the initial and boundary condition points, a Sobol strategy
sampler was selected instead. The overall model is summarized
in Table 5.

The final PINN model was trained to reach a PDE loss lower
than 10, and boundary and initial losses lower than 107% with a
final total loss of 1072, The training was performed using an
RTX 4090 GPU with 24 GB of dedicated memory, and the total
time was around 34 h.

5.2 Calibration. The results of the Pearson sensitivity analy-
sis, presented in Fig. 11, indicate that the total cone height
(H, + H)) exhibits the strongest correlation with the melt pool
depth. Between the two heights, the lower cone (H;) has the stron-
gest effect (0.99), which is twice that of the upper cone (0.42).
Additionally, the top radius R, has a dominant influence on the
melt pool width, with the intermediate radius having slightly
more than half of its influence (0.48 compared to 0.88). In contrast,
the bottom radius has almost no effect on the melt pool dimensions;

JULY 2026, Vol. 148 / 071001-9
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Fig. 10 Comparison of collocation point sampling strategies

however, it significantly affected the overall shape: a low value
resulted in a more tapered weld bead cross section compared to
higher values. The top radius also has a negative effect on the
total weld depth, while the effect of the other due radii is negligible.

Based on these findings, the selection of the calibration variables
for the inverse analysis was strictly driven by their statistical
importance. Specifically, the parameters exhibiting the highest cor-
relation coefficients (R, and H;) were selected as the variables to be
optimized. Conversely, the three parameters with lower Pearson
coefficients (R;, Ry, and H,) were held constant, thereby reducing
the complexity of the optimization problem. In particular, a multi-
case inverse calibration was performed.

The optimal values for the top radius and lower cone height were
found at different fixed values of the other parameters. The

071001-10 / Vol. 148, JULY 2026

configuration that exhibited the best agreement with all five exper-
imental results uses the following fixed parameters: H, =0.5,
R;=0.8-R,;, and R, =0.1. A top cone height equal to 0.5 mm is
necessary to ensure a full penetration condition (3 mm) since the
maximum value for the lower cone height was set to 2.5 mm.
The optimal heat source geometry parameters, R, and H,,
were determined. These optimized parameters led to a total loss
lower than 107> and are listed in Table 6 for each case tested.

Based on these findings and the Pearson correlation analysis, the
fitting of the geometric parameters was performed using two com-
bined variable transformations.

Although linear relationships were initially considered, they lack
physical consistency as they allow for negative predictions of geo-
metric dimensions outside specific ranges. To address this
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Table 5 Final model architecture

Parameter Value
Hidden layers 8

Neurons per layer 32
Activation function Sin

Sampling strategy
Collocation points

Custom moving
1,048,576

limitation and ensure strictly positive values, a power law approach
was adopted. Since the total depth is directly influenced by the
power and inversely by the scanning speed, the lower cone
height was fitted against the ratio P/./v. Consequently, H,

(a) Pearson Correlation Heatmap U
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Fig. 11 Pearson correlation analysis between heat source geo-
metric parameters and MW and MD: (a) Pearson correlation
heatmap and (b) Pearson correlation coefficients

approaches zero only if P is zero or as the scanning speed tends
to infinity. These represent extreme conditions rather than feasible
process windows, confirming the robustness of the model com-
pared to a linear regression. The resulting power law equation is

expressed as follows:
P\"
| —= 22
(ﬁ) @2

where the exponent n; allows the model to capture the nonlinear
scaling of the depth. Conversely, the top radius exhibited an
inverse correlation with both the power and the scanning speed.
To maintain the constraint of positive values while capturing this
inverse relationship, a power law against the product of power

H(P,v)=m
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\ y=2.19x 1073 078
4.81 R?=0.8598
2=0.813
"-\ .Ii— .-Ensul« z 0.02329
421
E e
3.6 I
3.0 0 o
24 i
200 400 600
Pv [Wem-s71]
(b) le—3
y=123% 1077 . x 11373 ;’,I
R?=0.9835 P
51 _ ,Ib
24( |3 2t 20.00091 P
E18
) .‘/
12 ,,9"
0.6/ 6
2000 4000 6000

PINv [W-s5.m™03)

Fig. 12 Fitted parameters using the proposed assumptions:

(a) top radius against P-v and (b) lower cone height against
P/\v

Table 6 Calibrated geometric parameters of the five evaluated process conditions

ID MDyy, (mm) MWy, (mm) R; (mm) R; (mm) R, (mm) H, (mm) H; (mm)
CAL, 1.785 0.852 0.455 0.364 0.1 0.5 1.258
CAL, 1.098 0.510 0.304 0.243 0.1 0.5 0.598
CAL; 1.898 0.707 0.373 0.298 0.1 0.5 1.350
CAL,4 3.000 0.799 0.348 0.278 0.1 0.5 2.498
CAL; 1.856 0.467 0.240 0.192 0.1 0.5 1.305
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Fig. 13 Comparison between experimental cross section (left)
and PINN prediction (right) at (a) case VAL, and (b) VAL,

and scanning speed is proposed:
R(P,v)=my - (P-v)" (23)

In this formulation, a negative exponent n, would mathemati-
cally describe the inverse correlation, ensuring the radius asymp-
totically approaches zero rather than becoming negative for
extreme process values. Although this formulation presents a sin-
gularity at zero values (implying infinite width for zero power),
it effectively prevents unphysical negative radius predictions
within the operational process window. This confirms the mathe-
matical suitability of the model for the investigated range of param-
eters. The final fitted curves are shown in Fig. 12 and the following
correlations were established between the top radius R;, the lower
cone height H;, and the laser power P and scan speed v:

R, =2.19.1073. (P v) 07 (24)
P 1.1375
H=123-107". (75) 05)

For both regressions, the coefficient of determination R?, the
adjusted coefficient R°, and the p-values are calculated. The
fitting of the lower cone height (Fig. 12()), having an extremely
low p-value of 9.1 X 10~* and a R~ of 0.978, confirms that our
assumption is correct. 2The top radius has a higher p-value of
0.02329 and a lower R™ of 0.8131. However, the p-value below
0.05 suggests that our assumption has a physical basis despite
the lower R? value.

5.3 Validation. Regarding the validation cases located within
the calibration range (VAL, and VALj3), the model shows good
agreement with the experiments, with relative error below 9 %
for both MD and MW. Outside the calibration range, the PINN
maintains a satisfactory predictive capability for the melt pool
depth, with relative deviation less than 10%. However, a larger dis-
crepancy is observed for the width, with VAL, having a relative
error of approximately 14%.

Figure 13 illustrates the validation welds. The side-by-side com-
parison of the computational fluid dynamics (CFD) (left half) and
PINN (right half) cross sections is colored according to the melt
region variable. Conversely, the PINN slightly overestimates the
penetration depth in most cases. The overall weld shape predicted
by the PINN is consistent with the physical specimens, with the
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Fig. 14 Temperature evolution at three virtual probes extracted from the PINN model and

numerical simulations
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Fig. 15 Predicted melt pool (a) depth and (b) width for the complete process parameters

exception of the VAL, case. Finally, it is worth noting that since
the PINN model solves only for thermal conduction, it cannot
predict surface humping. In terms of computational cost, the dura-
tion of the high-fidelity CFD simulations was strictly dependent on
the laser scanning speed (VAL; > 28 h; VAL, ~ 12h). In contrast,
the trained PINN model is capable of inferring the entire thermal
field in milliseconds.

A further evaluation of the model capability is shown in Fig. 14.
Three virtual probes were extracted from both the numerical sim-
ulations and the PINN and the temperature data were plotted.
The comparison between the temperature predicted by the CFD
model and those predicted by the calibrated PINN shows excellent
agreement.

5.4 Case Study. The validated model was deployed to predict
weld geometry across the entire process parameter space. A com-
prehensive grid of 250 X 250 combinations was computed, and
the resulting maps for weld depth and width are presented in
Fig. 15.

These predictions serve as a powerful tool for defining the
optimal process window. In Fig. 15(a), two dashed lines delineate
the boundaries to avoid: overpenetration (>2.9 mm) and lack of
penetration (<1.7 mm). It is also worth noting a numerical artifact
observed in the bottom-right corner of the process parameter
domain (Fig. 15(b)). In this region, characterized by high speed
and high power, the predicted width collapses to zero. However,
since this area falls entirely within the overpenetration zone, this
anomaly does not affect the identification of the optimal process
window. Furthermore, as observed in the upper-left corner of
Fig. 15(a), the model predicts a minimum penetration depth of
0.5 mm direct consequence of fixing H, to 0.5 mm.

6 Conclusions

In this work, a PINN framework was developed and validated
for the simulation of keyhole-mode laser welding of A16082 alumi-
num alloy.

The following conclusions can be drawn from the study:

o Hyperparameter Optimization: A sine activation function
combined with a dynamic “moving” sampling strategy
proved to be the most effective configuration for ensuring
training stability and convergence.

e Calibration Strategy: Calibrated on a small set of five exper-
imental cross sections, the model established a robust correla-
tion between process inputs (power and speed) and heat
source dimensions via a power law regression.

Journal of Manufacturing Science and Engineering

e Accuracy and Efficiency: The calibrated PINN showed high
predictive accuracy, with mean relative errors generally
below 10%. Crucially, the model acts as a near-real-time sur-
rogate, predicting thermal fields in milliseconds.

o Model Reliability: The study provides a dual validation of the
approach: the agreement with experimental and CFD data
confirms the physical soundness of the double-conical heat
source, while establishing PINNs as a robust bridge
between traditional analytical models and high-fidelity
numerical techniques.

e Process Optimization: The framework demonstrated its prac-
tical utility in a case study, effectively mapping the entire
process window to identify optimal laser power and speed
configurations.

Future developments will focus on extending the model to
include fluid dynamics effects, different joint configuration and
material alloys.
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