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ABSTRACT

The weld pool and keyhole geometries are critical characteristics in evaluating the stability of the high-power laser beam welding (LBW)
process and determining the resultant weld quality. However, obtaining these data through experimental or numerical methods remains
challenging due to the difficulties in experimental measurements and the high computational demands of numerical modelling. This paper
presents a physics-informed generative approach for predicting weld pool and keyhole geometries in the LBW process. With the help of a
well experimentally validated numerical model considering the underlying physics in the LBW, the geometries of the weld pool and keyhole
under various welding conditions are calculated, serving as the dataset of the generative model. A conditional variational autoencoder
model is employed to generate realistic 2D weld pool and keyhole geometries from the welding parameters. We utilize a β-variational
autoencoder model with the evidence lower bound loss function and include Kullback–Leibler divergence annealing to better optimize
model performance and stability during training. The generated results show a good agreement with the ground truth from the numerical
simulation. The proposed approach exhibits the potential of physics-informed generative models for a rapid and accurate prediction of the
weld pool geometries across a diverse range of process parameters, offering a computationally efficient alternative to full numerical simula-
tions for process optimization and control in laser beam welding processes.

Key words: laser beam welding, generative artificial intelligence, machine learning, numerical simulation, weld pool, keyhole dynamics.
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INTRODUCTION

Laser beam welding (LBW) is an essential joining technique
in modern manufacturing due to its high precision and efficiency
and its capability to minimize the heat-affected zones.1 It is exten-
sively utilized in critical industries such as automotive and aero-
space. The resultant weld qualities are highly determined by the

weld pool and keyhole dynamics, in which complex and highly
coupled physical phenomena, including heat transfer, fluid dynam-
ics, melting, evaporation, and rapid solidification, are involved.2,3

By far, accurate and easy-to-apply experimental measurements
of the weld pool and keyhole dynamics, especially the physical
information inside the nontransparent weld pool, are still
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technically difficult or even impossible.4,5 Numerical simulations,
although considered as a powerful tool for understanding these
multiphysics interactions,6,7 often require extensive computational
resources and significant run-time, which severely limits their prac-
ticality for parameter optimization, rapid prototyping, or real-time
quality control. Consequently, there is growing interest in leverag-
ing advanced machine learning (ML) methods, specifically genera-
tive models, to rapidly predict the critical features of the weld pool
and keyhole. These models can potentially offer fast and reliable
predictions, significantly reducing computational intensity com-
pared to numerical approaches, thus realizing further real-time
optimization and enhanced quality control in LBW.

Typical ML models, such as Random Forest classifiers and
convolutional neural networks (CNNs), have been successfully
applied in LBW for classification and regression tasks.8,9 However,
these models are usually trained in a deterministic manner and
cannot explicitly represent uncertainty or model the underlying
probability distributions of complex phenomena. In contrast, gen-
erative models, including variational autoencoder (VAE),10 genera-
tive adversarial networks (GANs),11 and recently proposed
diffusion models,12 overcome these limitations by explicitly learn-
ing data distributions. This capability allows generative models to
synthesize realistic, novel samples and quantify prediction uncer-
tainties, making them particularly suitable for modeling complex
and uncertain systems such as LBW.

Recent studies have demonstrated substantial promise for gen-
erative models in welding applications. GAN models have been
employed for robust image restoration and real-time seam tracking.
Liu et al. successfully utilized conditional GAN to reconstruct weld
seam images from arc welding, which were corrupted by intense
arc light and spatter, enabling robust robotic seam tracking with
average positional errors below 0.6 mm.13 An auxiliary Classifier
GANs model was proposed by Fan et al. for synthetic data aug-
mentation to enhance the accuracy of the CNN-based defect classi-
fication in LBW.14 VAE has also emerged for anomaly detection
and quality monitoring in welding and additive manufacturing pro-
cesses due to its probabilistic reconstruction capabilities. Dasari
et al. utilized convolutional long short-term memory-augmented
VAEs to model video sequences of melt pool during additive man-
ufacturing, and the subtle temporal anomalies, i.e., indicative of
instability, were effectively identified.15 Additionally, Yang et al.
demonstrated autoencoder-based models for unsupervised detec-
tion of localized melt pool defects, identifying anomalies through
reconstruction error analysis without extensive labeled datasets.16

Recently, the DM technique has also been applied in the study of
laser-based additive manufacturing. Ogoke et al. employed DM to
upscale coarse, low-fidelity numerical simulations into detailed,
high-fidelity predictions of melt pool geometries, achieving accu-
racy comparable to high-resolution physics simulations while sub-
stantially reducing computational demands.17

In this paper, we propose a conditional variational autoen-
coder (CVAE) model informed by welding parameters to generate
various realistic top-view 2D weld pool and keyhole geometries. A
well-experimentally validated 3D transient numerical model, con-
sidering the underlying physics in the LBW, is used to calculate the
weld pool and keyhole geometries, which subsequently serve as the
dataset of the generative model. The evidence lower bound (ELBO)

loss function and Kullback–Leibler (KL) divergence annealing are
utilized to better optimize model performance and stability during
training. The generated results show a good agreement with the
ground truth from the numerical simulation. The proposed
approach exhibits the potential of physics-informed generative
models for a rapid and accurate prediction of the weld pool and
keyhole geometries across a diverse range of process parameters.

METHODOLOGIES

Numerical model for data acquisition

A well-validated numerical model for heat transfer and fluid
flow, integrated with a volume-of-fluid (VOF) algorithm, is utilized
to simulate the key physical phenomena of LBW, including the
dynamic evolution of the weld pool and keyhole geometries.18–20

The calculated results will be used as the training, validation, and
test data for the generative model. In the numerical model, the
liquid metal is treated as an incompressible Newtonian fluid exhib-
iting laminar flow. Its density is considered constant, and the
Boussinesq approximation is used to account for buoyancy effects.
Under these assumptions, the fundamental governing equations,
i.e., the continuity equation, Navier–Stokes equations, energy equa-
tion, and VOF equation, are formulated as follows:

∇ � v ¼ 0, (1)

ρ
@v
@t

þ (v � ∇)v
� �

¼�∇pþ μ∇2v � μKv þ Sm þ F, (2)

ρ
@h
@t

þ (v � ∇)h
� �

¼ ∇ � (k∇T)þ Q, (3)

@f
@t

þ ∇ � (vf ) ¼ 0, (4)

where v is the velocity, t is the time, ρ is the density, p is the pres-
sure, μ is the dynamic viscosity, K is the Carman–Kozeny coeffi-
cient for the deceleration of liquid in the mushy zone, Sm is the
physical momentum source term (gravity and buoyancy), k is the
thermal conductivity and T is the temperature, h is the enthalpy. Q
is the volumetric heat, and f is the volume fraction of metal.

In the VOF approach, no real sharp interface is directly con-
structed. Therefore, all the heat and momentum terms on the free
surface of the weld pool and keyhole will be implemented as volu-
metric source terms after certain conversion.21 The F and Q terms
in Eq. (2) and Eq. (3) contain all the important physical factors for
the numerical simulation of the LBW, which can be expanded as

F ¼ pr(T)nþ γκnþ @γ

@T
@T
@s

� �
~f , (5)

Q ¼ qL � hc T � T0ð Þ � σεr(T
4 � T4

0 )� ρvevpΔLv
� �

~f : (6)

The right-hand side of Eq. (5) contains the recoil pressure,
capillary pressure, and the Marangoni stress, and terms in the
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right-hand side of Eq. (6) represent laser energy input, thermal dis-
sipation due to convection, radiation, and evaporation, respectively.
More specifically, pr(T) is a temperature-dependent recoil pressure;
γ is the surface tension coefficient; κ is the curvature; n and s are
normal and tangential vectors, respectively; qL is the laser energy
distribution on the keyhole wall, which is calculated by a physics-
based beam propagation and the laser-material interaction model.22

hc is the convective heat loss coefficient, σ is the Stefan–Boltzmann
constant, εr is the emissivity, vevp is the free surface recession speed
due to evaporation, and ΔLv is the evaporation latent heat. The ~f
term represents the conversion operator based on the continuum
surface force method.21

The commercial software ANSYS Fluent 23.1 is used to solve
the governing equations. The base metal used in the simulation is
an AlMg3 alloy with a thickness of 10 mm. Sixty-two calculations
are performed with various parameter of interest, including laser
power (4–7 kW), welding speed (2–5 m/min), laser diameter (0.5–
0.8 mm), and focus position (0 to −6 mm), to obtain a dataset with
different representative weld pool and keyhole geometries under
different parameter combinations. A more detailed description of
the boundary conditions, numerical algorithms, and model param-
eters can be found in the authors’ previous works.18–20 Figure 1(a)
shows a representative 3D weld pool and keyhole geometries calcu-
lated by the numerical model. In this study, to maintain the struc-
tural consistency of the dataset, the 2D profiles of the weld pool
and keyhole on a horizontal plane 0.5 mm below the workpiece
surface (the green frame), rather than on the top free surface, are
extracted from the calculation results and used in the following
model training. The time-varying weld pool and keyhole geome-
tries are shown in Fig. 1(b). The weld pool maintains a stable
profile after reaching the quasistable state. On the contrary, the
keyhole experiences even significant fluctuation within ms range.

Implementation of the CVAE model

To enhance the dataset’s representativeness and account for
the inherent fluctuations of the weld pool and keyhole, 11 weld
pool profiles are extracted from each simulation case over a 100 ms
duration, with uniform intervals of 10 ms. This results in a total of
682 samples, each coupled with corresponding physical parameters:
laser power, welding speed, focus diameter, and focus position. To
automate the extraction process, the PYTHON API PyFluent is used
to plot the liquid fraction on a horizontal plane, enabling visualiza-
tion of the weld pool and keyhole profiles [see Fig. 1(b)] for multi-
ple simulation cases. These plots are then cropped to focus on the
region of interest, specifically, the area surrounding the weld pool,
resulting in matrix dimensions of 64 × 104 data points2 (equivalent
to 6.0 × 16.4 mm2). Since the liquid fraction values range between 0
and 1, no additional normalization is applied prior to processing.
The dataset is randomly divided into a training/validation set
(80%) and a test set (20%).

To effectively learn and reconstruct weld pool geometries, a
VAE model was first implemented as the foundational generative
model. The VAE consists of two neural networks: an encoder qΦ
(x|z) that maps input weld pool geometries x into a latent space
and a decoder pθ (x|z) that reconstructs x from the latent variables
z. The model is trained to maximize the ELBO on the marginal

log-likelihood of the data, which is expressed as

log pθ(x) � Eqf(zjx)[ log pθ(xjz)]� DKL(qf(zjx)jjp(z)): (7)

The first term measures reconstruction accuracy, and the
second term is a KL divergence regularization, encouraging the

FIG. 1. Representative calculated results: (a) 3D weld pool and keyhole geome-
tries; (b) a series of extracted 2D profiles used in the 2D CVAE model.

FIG. 2. Schematic of the CVAE model architecture.
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learned latent distribution to remain close to a prior p(z)⁓N(0,I).
Latent sampling is enabled through the reparameterization trick:
z = μ (x) + σ (x) ⊙ ε, where ε⁓N(0,I). To ensure stable training
and effective latent space utilization, a cyclical KL annealing strat-
egy was adopted. This gradually increases the KL weight β over
each training cycle, preventing posterior collapse while maintaining
high reconstruction quality.

Building on the VAE architecture, a CVAE was implemented
to incorporate domain-specific knowledge in the form of physical
welding parameters y (e.g., laser power, welding speed, laser diame-
ter, and focal position). The CVAE conditions both the encoder
and decoder on y, enabling the generation of weld pool geometries
that are physically consistent with the input parameters. The condi-
tional ELBO objective optimized during training is

log pθ(xjy) � Eqf(zjx,y)[ log pθ(xjz, y)]� DKL(qf(zjx, y)jjp(z)): (8)

To implement conditioning efficiently, both the encoder and
decoder incorporate embedded representations of the physical vari-
ables. In the encoder, features extracted from the input data are

combined with embedded welding parameters through additive
fusion: ℎ = ℎimg + ℎlab, where ℎimg and hlab are the respective
outputs of convolutional and embedding layers. The resulting fea-
tures are then used to compute μ (x, y) and σ (x, y) for the latent
distribution. During decoding, the sampled latent vector z and a
second projection of the conditional parameters hlab,dec are simi-
larly combined to generate x̂. This architecture enables efficient
conditioning without significantly increasing computational
complexity.

The final training objective for the CVAE integrates the recon-
struction and regularization terms, controlled by the annealed KL
weight β, and is given by

LCVAE ¼ Eqf(zjx,y)[‘(x, x̂)]þ βDKL(qf(zjx, y)jjp(z)), (9)

where ‘(x, x̂) is the mean squared error (MSE) between the input
and reconstructed data. The CVAE implementation ensures that
weld pool geometries are generated in a manner consistent with the
governing physical parameters, enabling both physically grounded
predictions and efficient learning.

In the encoder, the data matrix of the weld pool and keyhole
profiles passes through a sequence of convolutional blocks to grad-
ually reduce spatial dimensions while increasing the number of
feature channels. Each convolutional layer (with filters: 16, 32, 64,
128, and 256; strides: 2, 1, 2, 1, and 2) is followed by a dropout
layer (rate = 0.2) to encourage robustness and prevent overfitting.
The physical parameters (labels) are projected into a compact
embedding via a fully connected network. The flattened convolu-
tional features are then reduced to a bottleneck and combined with
the label embedding, yielding a single vector that captures both
visual and conditional information. Subsequently, two parallel fully
connected layers are employed to compute the mean and log-
variance parameters for each dimension of the latent representa-
tion. A latent vector is then sampled using the standard reparame-
terization trick, enabling differentiable sampling. The resulting
latent distribution is regularized toward a Gaussian prior via the

FIG. 3. Training and validation losses of the CVAE model.

FIG. 4. Representative comparison of the generated weld pool and keyhole geometries with the corresponding simulation results (laser power: 8 kW, welding speed:
3 m/min, focus diameter: 0.5 mm, and focus position: 0 mm).

Journal of
Laser Applications

ARTICLE pubs.aip.org/lia/jla

J. Laser Appl. 38, 012041 (2026); doi: 10.2351/7.0001862 38, 012041-4

© Author(s) 2026

 10 M
arch 2026 10:12:54

https://pubs.aip.org/lia/jla


inclusion of a KL divergence term in the objective function. In the
current study, the latent space dimension is set to 8, the label
embedding dimension to 16, and the bottleneck dimension to 64.

The decoder implements this procedure in reverse order.
Initially, the sampled latent vector and the corresponding label
embedding are individually projected back into a common bottle-
neck representation, with dropout regularization applied during
training to enhance model robustness. These projected vectors are
then combined through summation and subsequently expanded via
a fully connected layer into a high-dimensional tensor. This tensor
is reshaped into spatial feature maps, after which a sequence of
transposed-convolutional layers progressively upsamples these fea-
tures to reconstruct the original input dimensions. A schematic of
the CVAE model architecture is given in Fig. 2.

FIG. 5. Comparison of the generated weld pool size with the ground truths: (a)
weld pool length; (b) weld pool width.

FIG. 6. Hierarchical importance of the welding parameters on the weld pool
geometries: (a) weld pool length, (b) weld pool width, (c) weld pool area, and
(d) average influence across all evaluated outputs.
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Training is carried out for a total of 5000 epochs with a batch
size of 32. The learning rate is set to 10−4. Throughout training, a
cyclical schedule gradually increases the weight on the KL diver-
gence term (from zero up to a fixed maximum of 10−4), with peri-
odic plateaus to allow the network to balance reconstruction
accuracy against latent regularization. Since the predicted data
(liquid fraction) are in the range of [0, 1], sigmoid activation is
applied at the output layer, and the standard ReLU activation is
implemented in all hidden layers. Optimization uses the default
Adam solver, and the reconstruction term of the objective is the
MSE. The model is built with the PyTorch package in PYTHON and
is trained on a NVIDIA RTX 4080 graphics card.

RESULTS AND DISCUSSION

The training and validation losses throughout the entire train-
ing process are plotted in Fig. 3. Initially, both training and valida-
tion losses sharply decrease, indicating rapid learning at the early
stage. After approximately 200 epochs, the rate of decrease in vali-
dation loss slows and stabilizes, indicating that the model is con-
verging. The characteristic cyclical pattern in the training loss is
caused by the cyclical annealing schedule, by which the KL weight
is gradually increased at the beginning of each cycle from zero to a
predetermined maximum value. These periodic spikes in the train-
ing loss reflect an increased regularization, after which the model
quickly recovers and continues to reduce loss further. Overall, these

loss curves suggest a stable and well-regularized training process,
effectively balancing reconstruction quality with latent-space
regularization.

A series of the generated weld pool and keyhole geometries
for a typical parameter combination (laser power: 8 kW, welding
speed: 3 m/min, focus diameter: 0.5 mm, and focus position: 0 mm)
are provided in Fig. 4. An accurate prediction of the weld pool
profile has been achieved, and the generative model also success-
fully reproduces the fact that the weld pool varies only minorly
after reaching the quasistable state. On the other hand, the gener-
ated keyhole shapes fluctuate remarkably, obeying the fundamental
physical characteristics of the keyhole dynamics.4,5

The comparison between the ground truths (simulation) and
generated weld pool lengths and widths, which are considered the
most important two geometrical indices of the weld pool, is pre-
sented in Fig. 5. The averaged predictions from 100 generated
results closely match the simulated values. As shown in Fig. 5(a),
the correlation coefficient for the weld pool length is approximately
0.893, while Fig. 5(b) indicates a correlation of 0.922 for the weld
pool width. The corresponding prediction errors are approximately
8% and 11%, respectively. These results demonstrate that the model
shows strong performance in predicting the weld pool geometries
and successfully captures the underlying physical relationships
between the welding parameters and the weld pool profiles.

The hierarchical importance of the welding parameters on
weld pool geometries can be derived from the well-trained

FIG. 7. The parametric sweep of the laser power and welding speed for the CVAE model.
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generative model by a proper evaluation method. In the current
study, the Shapley additive explanation (SHAP) analysis is
employed to reveal the contribution of different features. The
SHAP method is proposed based on the additive feature contribu-
tion and the Shapley values from game theory. The idea of the
additive feature contribution method is to approximate complex
models with a simpler and explainable model to obtain interpret-
able decisions. The Shapley value describes the significance of an
individual feature with its mean marginal contribution, which is
defined as the difference between the results produced with/
without the objective feature among all possible combinations of
features.23

The SHAP analysis results for the CVAE are presented in
Fig. 6. As shown in Fig. 6(a), laser power has the greatest influence
on the predicted weld pool length. In contrast, Fig. 6(b) reveals that
welding speed has the strongest impact on the weld pool width, fol-
lowed by the laser power. It is very interesting that the welding
speed, which directly determines the heat input of the welding
process, shows a negligible influence on the weld pool length in the
studied parameter range. The influence on overall weld pool area is
depicted in Fig. 6(c), where laser power and welding speed show up
as the most dominant and second dominant factors, respectively.
Figure 6(d) summarizes the average influence across all evaluated
outputs. This aggregated view confirms that laser power has the
most significant overall effect, while welding speed plays a notable
role in determining weld pool width. Focus diameter and focus
position have a comparatively minor influence on the primary geo-
metric characteristics of the weld pool.

To further validate the findings of the SHAP analysis and the
reasonability of the generative model, a parameter sweep is per-
formed across the laser power and welding speed dimensions, as
illustrated in Fig. 7. In the figure, laser power increases from left to
right, while welding speed increases from top to bottom. The focus
diameter and focus position have been fixed at 0.6 and −3 mm,
respectively. The trends identified in the SHAP analysis are
reflected: As laser power increases, the weld pool length grows
steadily, with a slight increase in width. Conversely, increasing the
welding speed primarily results in a narrower weld pool, but the
weld pool length shows only a minor variation. These observations
confirm the SHAP-based interpretation of the model’s sensitivity
to physical input parameters.

CONCLUSIONS

In conclusion, this study introduces a physics-informed CVAE
approach for efficiently predicting weld pool and keyhole geome-
tries in high-power LBW. By leveraging a validated numerical sim-
ulation to generate training data, the proposed generative model
successfully learns complex relationships between welding parame-
ters and resultant weld pool geometries.

1. The CVAE architecture effectively combines convolutional
feature extraction with embedding strategies and cyclical KL
divergence annealing, enhancing model stability and accuracy.

2. Robust predictive generation of the weld pool and keyhole
geometries has been achieved with high correlation coefficients
with the ground truth (simulation results): 0.893 for weld pool
length and 0.922 for weld pool width.

3. The SHAP analysis reveals laser power as the primary factor
influencing weld pool length and overall geometry, whereas
welding speed primarily affected weld pool width.
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