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1. Introduction 

The implementation of advanced manufacturing 
technologies plays a crucial role in the transition toward a more 
sustainable and intelligent production system. In high-end 
sectors such as the automotive industry, innovative solutions 
are required to minimize material waste and accelerate process 
optimization. Among the main challenges is the efficient 

joining of both similar and dissimilar materials. Laser beam 
welding (LBW) has emerged as the state-of-the-art technology 
for these applications [1]. The focused laser beam can deliver 
one of the industry's highest power densities, producing deep
and narrow weld beads with rapid processing and minimal 
distortion compared to traditional welding techniques. Recent 
advancements in optics and laser sources—such as 
customizable beam profiles and multi-beam configurations—
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Abstract

Laser-based keyhole welding is widely used in next-generation advanced manufacturing due to its high precision, speed, and efficiency. However, 
optimizing process parameters such as laser power, speed, and beam profile to achieve target weld geometries typically requires extensive 
experimental trials or computationally intensive simulations. In this work, we propose a novel Physics-Informed Neural Network (PINN) 
framework that enables rapid and data-efficient prediction of keyhole weld outcomes, significantly reducing the reliance on both. The approach 
embeds the governing heat equation and associated boundary and initial conditions directly into the neural network training, allowing the model 
to infer a physically consistent temperature field. By solving an inverse problem, the PINN is calibrated using limited experimental data, and 
once trained, it generalizes to different process conditions with negligible computational cost. Key geometric features of the melt pool—such as 
penetration depth and width—can then be extracted from the predicted temperature field, enabling efficient process optimization. We validate 
the framework on two industrially relevant scenarios with markedly different thermal and geometric characteristics: (1) a lap joint of 1.5 mm-
thick EN AW-6082 aluminium alloy sheets, and (2) overlap welding of ultra-thin (0.3 mm) copper and high-purity aluminium foils, as used in 
electric vehicle battery tab connections. For both cases, the model achieves strong agreement with experimental results, predicting key weld 
features—including penetration depth and width—with errors of less than 5%. This approach allows for fast, data-efficient tuning of welding 
parameters, greatly reducing the time and resources needed for process development. By minimizing reliance on either extensive simulations or 
experiments, the methodology supports more sustainable manufacturing practices. PINN thus offers a practical and efficient tool for advancing 
digitalized, low-impact production aligned with Industry 4.0/5.0 goals and the shift toward net-zero manufacturing.
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have further extended the process capabilities [2]. Despite these 
improvements, selecting the optimal process parameters—
including laser power, scan speed, beam shape, and path 
strategy—remains a complex task. Conventional optimization 
approaches often rely either on trial-and-error experimentation
or computationally intensive numerical simulations. The 
former is costly, time-consuming, and results in increased
material waste. Conversely, the latter, while avoiding physical 
waste, often requires extensive computational resources to run 
the highly detailed, difficult-to-calibrate physical models [3], 
[4]. Simplified thermo-mechanical models may offer a more 
efficient alternative when the primary objective is to predict 
weld bead geometry [5]. However, even reduced-order models 
can incur significant computational costs, especially when used 
for large-scale design exploration or real-time process control.
This study aims to address these challenges by developing a
physics-informed neural network (PINN) framework that 
provides an efficient alternative to traditional approaches.
Requiring only a limited amount of experimental data for the 
calibration, the model can provide instant predictions of the 
temperature field and weld bead dimensions at virtually zero 
computational cost after the training phase. This could enable
real-time estimation, process control, and transferability across 
applications.
The model is applied to two distinct lap joint welds, hereafter 
referred to as Case A and Case B:

A. Two 1.5 mm AA-6082 plates
B. Two 0.3 mm pure Cu and pure Al foils

2. State of research 

Although traditional approaches still dominate process 
modelling and optimization, recent advances in computational 
power and machine learning have opened new opportunities 
[6]. Nonetheless, in laser-based processes such as LBW, the use 
of purely data-driven models is limited by the difficulty of 
acquiring accurate labeled data under varying conditions, 
making it challenging to train reliable and generalizable 
models. For example, it has been shown that standard deep 

learning models alone may fail to capture key mechanisms such 
as porosity formation unless physically relevant features, often 
extracted from numerical simulations, are included in the 
network architecture [7], [8]. This approach can provide higher 
predictive accuracy but still requires substantial computational 
resources and expertise. To overcome these limitations,
scientific machine learning has recently emerged as a promising 
tool that combines traditional physics-based modeling with the 
machine learning approach [9]. Among others, physically 
informed neural networks (PINNs) have been proposed and 
successfully applied [10], [11].

Those models incorporate the underlying physics of the 
problem, specifically the partial differential equations (PDEs) 
and boundary/initial conditions (BC and IC), directly into the 
loss function during the training stage. As a result, PINNs can 
deliver physically consistent predictions while requiring little 
or no labeled data, thus reducing the experimental stage.

PINN models have been successfully applied in the context 
of laser-based additive manufacturing, enabling the prediction 
of various key properties. For example, Peng et al. [12] and Li 
et al. [13] proposed PINN frameworks to predict the 3D 
temperature field for laser direct energy deposition, with and 
without experimental data for the training. Liu et al., on the 
other hand, estimated the porosity and average pore size of a 
component made using laser powder bed fusion, using process 
data along with a physics-informed neural network [14].

Since the application of PINN models is currently limited 
to laser-based additive manufacturing, with typically shallow 
melt pool dimensions, we extend this approach to laser beam 
keyhole welding, which is characterized by deep laser 
penetration resulting in a distinctive weld bead shape. The 
model is trained exclusively on physical constraints, while a 
limited set of experimental welds is used for inverse analysis to 
establish an empirical correlation between the laser parameters 
(power and speed) and the volumetric heat source parameters 
used in the PDE. 

Figure 1: Overall workflow of the proposed physics-informed neural network for laser keyhole welding prediction
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3. Materials and Methods

The overall workflow is illustrated in Fig.1. The physics-
informed neural network is implemented in PyTorch, a widely 
used framework for machine learning and deep learning, and 
its architecture, determined by hyperparameter tuning, is 
summarized in Tab. 1. 

Table 1: Network architecture with N number of layers, n neurons per layer, σ 
activation function, and p number of collocation points

The model predicts the transient temperature field of the 
laser beam welding process (schematized in Fig. 2a) using as 
input the variables and parameters contained within the 
governing PDE: spatial coordinates, time, material properties, 
and laser parameters (power and speed). No datasets of labeled 
data are required; training relies solely on enforcing the 
governing physics, namely the partial differential equation (Eq. 
1), initial condition (Eq. 2), and boundary conditions (Eq. 3). 
These constraints are applied inside a batch of collocation 
points (shown in Fig. 2b), with two-thirds used for the PDE and 
the remaining one-third for the BC and IC.

Notably, the PDE is a modified form of the Fourier heat 
conduction equation, incorporating a double-conical 
volumetric heat source qv (Fig. 2c), which models the laser 
energy input and is defined by five parameters, three radii, and 
two heights [15] (Fig. 2c). 

ρ(T)c̃p(T)
∂T
∂t − ∇(k̃(T)∇T) − qv = 0 (1)

The material is modelled as a solid with temperature-
dependent thermophysical properties: density (ρ), thermal 
conductivity (𝑘̃𝑘), and specific heat capacity (𝑐̃𝑐𝑝𝑝). To accurately 
represent phase changes like melting and evaporation typical 
of keyhole welding, the heat capacity increases sharply after 
the melting and vaporization temperature, accounting for both 
latent heat. The thermal conductivity has a very sharp increase 
after melting to account for the convection of the liquid 
material. The properties used in the PINN are derived for the 
two cases using the values listed in Table 2

Table 2: Thermophysical properties of both materials used in the two 
applications [16]

The initial condition sets the entire domain to room 
temperature T0. The boundary conditions consist of a fixed 
temperature imposed at the bottom surface, adiabatic 
conditions on all lateral walls, and a Robin condition on the top 
surface accounting for both convective and radiative heat 
losses.

𝑇𝑇(𝒙𝒙, 0) = 𝑇𝑇0 = 25 0𝐶𝐶 (2)

{
 
 
 
 𝑇𝑇(𝒙𝒙, 𝑡𝑡) = 25 0𝐶𝐶

𝜕𝜕𝜕𝜕
𝜕𝜕𝑛̂𝑛
|
𝒙𝒙
= 0 (3)

𝑘̃𝑘𝛻𝛻𝛻𝛻 − ℎ(𝑇𝑇(𝒙𝒙, 𝑡𝑡) − 𝑇𝑇0) − 𝜀𝜀𝜀𝜀(𝑇𝑇4(𝑥𝑥, 𝑡𝑡) − 𝑇𝑇04) = 0 
For training, a moving collocation point map was adopted: 

80% of the points were sampled near the laser position, while 
the remaining were distributed using a quasi-random Sobol 
sequence. The predicted temperature field was used to compute 
the residual, quantifying the deviation from the expected 
physical behaviour. Similarly, Eq. 2 and Eq. 3 were used to 
calculate the discrepancy with the initial and boundary 
conditions. The loss function was then defined as the mean 
square error of these residuals across all collocation, boundary, 
and initial condition points.

Training was performed using the LBFGS optimizer on an 
Nvidia RTX 5090 GPU over a range of physically realistic 
geometric parameters for the volumetric heat source, enabling 
the model to predict the temperature field for any given 
combination. The training was considered complete when the 
PDE loss dropped below 10−4 and the BC/IC losses below 10−6.

To calibrate the volumetric heat source parameters to the 
specific laser setup, an experimental campaign was conducted 
for inverse analysis, relating the laser process parameters 
(power and speed) to the geometric parameters defining qv.
Since no universal empirical correlation exists for this purpose, 
the identification must be tailored to the specific laser source 
and optical configuration. In this study, an nLight Alta 
Yb:Fiber CW multi-mode laser with a wavelength of 1070 nm, 
a maximum output power of 3 kW, and a delivery fiber core 
diameter of 50 µm was employed. The beam was focused and 
deflected using a galvo scanner (Scanlab HurrySCAN 30) 
equipped with a Wavelength F-Theta fused silica lens with a 
focal length of 160 mm, yielding a theoretical minimum spot 
size of approximately 65 µm.

Five power-speed combinations were selected for both 
cases. Starting with random guesses for the heat source 
parameters, the PINN model computed the weld bead depth 
and width as the maximum extents along the z and y axes 

N n Opt. 𝑳𝑳𝒕𝒕𝒕𝒕𝒕𝒕 σ Points 
generator

p
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Figure 2: a) Domain with PDE b) Collocation point distribution c) Double 
conical volumetric heat source
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reaching the melting temperature. These predictions are then
compared to the experimental measurements given as input. 
The mean of the errors is used inside an LBFGS algorithm to 
search for the minimum discrepancy. A bounding term is added 
to prevent the algorithm from exiting the physically acceptable 
range of the heat source parameters (for example, a negative 
value or a length higher than the specimens’ total thickness).

Once the inverse mapping between process parameters and 
heat source definition was established, the PINN model became 
capable of predicting the temperature field instantaneously for 
any given laser power and speed configuration, without 
requiring retraining or parameter tuning.

The predictive capability of the model was further assessed 
through a comparative analysis against a high-fidelity CFD 
simulation based on the commercial software FLOW-3D 
WELD. The main models used in the simulations include 
viscous flow, heat transfer and energy conservation, phase 
change with evaporation and solidification, volumetric thermal 
expansion, surface tension with Marangoni forces, multiple 
laser reflections with Fresnel absorption, and gravity. A 
detailed description of each model, as well as the parameters 
used to calibrate the numerical framework, can be found in a 
previous study [4]. Specifically, the temporal evolution of the 
temperature at selected spatial locations was extracted from 
both the PINN and the CFD model and compared under 
identical laser conditions.

Finally, the model was applied to an extended range of laser 
parameters that were not used during the inverse analysis, to
assess its predictive capability outside the calibration domain. 
This step aimed to evaluate the generalization of the PINN 
when exposed to new process conditions. A subset of 
representative cases was selected and subsequently tested 
experimentally. The experimental measurements of the weld 
bead geometry were then compared with the corresponding 
model predictions, providing a direct validation of the PINN 
under previously unseen laser configurations.

4. Results and Discussions

The model’s training loss exhibited a monotonic decrease 
across all three components (PDE, BC, and IC), although with 
different rates of convergence. In particular, the PDE loss 
decreased more slowly compared to the BC and IC losses, 
reflecting the intrinsic complexity of enforcing the governing 
equation over the entire domain. This behavior was even more 
pronounced in Case B, where the presence of two dissimilar 
materials increased the complexity of the problem. As a 
consequence, the training time required for Case A was about 
30 hours, while Case B required nearly 45 hours.

The inverse analysis, on the other hand, had a comparable 
computational cost for both cases, requiring approximately 20 
hours regardless of the material configuration. This is expected, 
since the inverse problem depends primarily on the number of 
experimental welds and the dimensionality of the parameter 
space, rather than on the material properties themselves. 
Although the training phase is computationally demanding, the 
resulting PINN can predict the temperature field instantly for 
any new set of physical and process parameters. In contrast, the 
traditional high-fidelity simulation requires a similar time for 

calibration, as iterative parameter tuning by trial and error is 
needed. Even after calibration, each new simulation still 
demands several hours, in our case between 2 and 7, depending 
on the configuration and laser speed, to produce results.

Fig. 3 shows the comparison between the experimental 
weld bead dimensions and those predicted by the PINN after 
inverse analysis, showing an excellent agreement in both weld 
bead width and depth. The average errors were 2.9% for the 
width and 5.0% for the depth. These results indicate that our 
proposed PINN can reliably substitute traditional numerical 
and experimental methods for predicting weld bead 
dimensions, offering a fast and accurate alternative.

Further insight into the predictive capability of the PINN 
was obtained by comparing its temperature field predictions 
against the CFD results at three selected probe locations (A, B, 
and C). As shown in Fig. 4, the markers represent the 
temperature values extracted from the CFD simulations, while 
the continuous lines denote the PINN predictions. The PINN 
was able to reproduce the overall temperature trend and peak 
values at the probes located outside the keyhole (A and C). At 
the probe inside the keyhole (B), however, the cooling rate was 
underestimated by the PINN. Similar studies [8] have 
suggested that this limitation could be mitigated by coupling 
the network with temperature data extracted directly from high-
fidelity simulations.

Figure 3: Comparison between experimental measurements and PINN 
predictions after the inverse analysis.

Figure 4: Comparison between the temperature field evolution of three probes 
located near the weld bead (A and B) and inside the keyhole (C) of the PINN 
and the high-fidelity simulation
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This result suggests that the PINN can also be employed in 
investigations that rely on the temperature field evolution 
within the heat-affected zone. Numerous metallurgical and 
mechanical properties—such as grain size, residual stresses, 
and hardness—are closely linked to the thermal history during 
welding, and are commonly estimated by coupling thermal and 
mechanical models in commercial multiphysics software. By 
accurately reconstructing the transient temperature field, the 
PINN enables indirect prediction and analysis of these 
properties, which are critical for assessing weld quality, long-
term performance, and component life cycle.

Once calibrated and validated, the PINN was employed to 
identify process conditions for both cases, leading to the
optimal penetration, which were then experimentally tested. 
Fig. 5 shows the comparison between the weld bead cross-
sections obtained experimentally (after chemical etching) and 
those predicted by the PINN. The yellow dashed line indicates 
the fusion boundary. In Case B, the predicted fusion line 
appears discontinuous at the material interface. This is a direct 
consequence of the model assumption of solid material: the 
melting temperature jumps instantaneously from that of copper 
(1085 °C) to that of aluminum (660 °C).

Another important feature emerging from the results is the 
different distribution of temperature within the molten pool. In 
the single-material case (Fig. 5a), the temperature inside the 
pool remains relatively uniform. In contrast, for the dissimilar-
material case (Fig. 5b), the molten pool exhibits a much hotter 
region below the interface. This thermal asymmetry explains 
the characteristic weld morphology observed in copper–
aluminum joints, where the copper plate is positioned above: 
the molten pool in the aluminum region tends to widen 
significantly compared to the copper side. This phenomenon 
was correctly captured by the PINN predictions, further 
supporting its ability to generalize beyond the calibration 
range. Despite the strong overall agreement, two notable 
discrepancies are evident in Fig.5 due to simplifications 
inherent in the proposed PINN. First, both experimental welds 
display surface humping that is absent in the model predictions; 
second, a pore is observed at the interface in Case A that the 
PINN does not capture. These differences arise because the 
model treats the material as a solid and does not account for 
melt pool dynamics or fluid flow phenomena. As a result, 
effects driven by liquid movement—such as surface 

deformation and pore formation—cannot be reproduced, 
highlighting the current limitations of a solid-only formulation 
when modeling advanced weld features.

5. Conclusions and Outlook 

In this work, we presented a physics-informed neural 
network framework for predicting temperature fields and weld 
bead geometry in laser beam keyhole welding. The main 
novelty lies in our PDE-based PINN architecture, which 
enables accurate and generalizable weld dimension predictions 
without requiring labeled data—relying solely on physical laws 
for training.

While training and calibration demand significant 
computational resources, the resulting model provides 
instantaneous predictions across a wide range of laser process 
parameters, positioning PINNs as valuable tools for sustainable 
process design and optimization. Integration with digital twin 
frameworks could further support real-time control, reducing 
experimental waste and energy consumption to advance 
resource-efficient manufacturing.

A promising outlook involves coupling PINN predictions 
with real-time sensor data, such as thermal cameras or 
photodiodes, to instantly identify deviations in weld geometry, 
including overpenetration or insufficient weld size. This 
combined approach would enable immediate feedback and 
process adjustments, supporting practical, in-process quality 
assurance and enhancing the overall sustainability of laser-
based manufacturing.

Despite these strengths, key challenges remain. The current 
solid-only PINN cannot capture fluid-driven phenomena and 
defects, limiting its completeness for some weld features. 
Extending the approach to include multiphase behavior and 
validating it across wider process conditions will be critical for 
broader adoption.

Overall, this study demonstrates that PINNs can 
significantly advance the speed, accuracy, and sustainability of 
laser welding process control, greatly reducing the material and 
energy waste associated with extensive experimental trials and 
time-consuming numerical simulations, and supporting more 
data-efficient, intelligent, and resource-aware manufacturing.
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