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The laser welding process is an important manufacturing technology for metallic materials. However, its
application is often hindered by the occurrence of porosity defects. By far, an accurate prediction of the porosity
defects and an insight into its formation mechanism are still challenging due to the highly nonlinear physics
involved. In this paper, we propose a physics-informed deep learning (PIDL) framework by utilizing mechanistic
modeling and experimental data to predict the porosity level during laser beam welding of aluminum alloys.
With a proper selection of the physical variables (features) concerning the solidification, liquid metal flow,
keyhole stability, and weld pool geometry, the PIDL model shows great superiority in predicting the porosity
ratio, with a reduction of mean square error by 41 %, in comparison with the conventional DL model trained with
welding parameters. Furthermore, the selected variables are fused into dimensionless features with explicit
physical meanings to improve the interpretability and extendibility of the PIDL model. Based on a well-trained
PIDL model, the hierarchical importance of the physical variables/procedures on the porosity formation is for the
first time revealed with the help of the Shapley Additive Explanations analysis. The keyhole ratio is identified as
the most influential factor in the porosity formation, followed by the downward flow-driven drag force, which
offers a valuable guideline for process optimization and porosity minimization.

1. Introduction

Laser beam welding (LBW) performed in the deep penetration mode
(keyhole mode) is a promising metal joining process in modern
manufacturing industries [1]. It has several well-known superiorities,
including lower but highly localized energy input, deeper penetration
capacity, higher reachable welding speed, narrower heat-affected zone,
and smaller welding distortion compared to conventional arc welding
processes. Yet, there are a lot of limitations and challenges making the
realization of these advantages difficult. The porosity defect is one of the
severest issues occurring in the LBW of metallic materials, not only for
Al-alloys and Mg-alloys with low density and high thermal conductivity
but also for steel, Ti-alloys, Ni-alloys, etc. [2,3]. The porosity defect will
deteriorate the continuity of the welded structure and the homogeneity
of the weld properties, leading to stress concentrations or even structural
failure under static or dynamic loads. An accurate prediction of the
porosity formation is therefore essential for automated and intelligent
LBW manufacturing.
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The formation of the porosity in LBW is closely related to bubble
formation due to the fluctuation/collapse of the keyhole and the
movement of the formed bubble inside the weld pool [4-6]. Therefore,
this type of porosity is also usually named keyhole-induced porosity.
Given the multi-coupled and non-linear physics involved in the porosity
formation in the LBW and the difficulties in ex-situ or in-situ experi-
mental detection in the non-transparent metal, an effective prediction of
the porosity defect is still a very challenging task [7,8]. Parametric
studies, especially by introducing the statistical Design of Experiment
(DOE), are the most straightforward strategy to obtain a process map-
ping for porosity prediction, in which the high-dimensional multi--
interactions between the welding parameters can be implicitly involved
[3,9]. Although the obtained correspondences between welding pa-
rameters and porosity have correct physical essences, they show limited
applicability, generalizability, and transferability in wider process
conditions.

To overcome these problems, online detections have been performed
to build the relationship between the porosity formation and certain
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physical features of the weld pool. The measured data include high-
speed images [10] or Infrared (IR) images [11] of the weld pool, and
acoustic emission [12]. However, the data which are usually
high-dimensional in the time domain and/or frequency domain is not
applicable to correlate with the porosity formation directly. Manual
feature selection, namely dimensionality reduction, was performed to
acquire 1~2 key characteristic variables from the measured data. For
instance, the peak intensity in the IR images was chosen to match the
porosity distribution from p-CT measurement [11].

In contrast, deep learning (DL) techniques show the capacity to
directly integrate with online detection data, usually the visual and
thermal information of the keyhole/weld pool, so that a more robust
prediction of the porosity occurrence can be obtained. In the work of
Zhang et al. [13], the in-process weld pool images which were captured
by a coaxial high-speed camera and labeled with the porosity attributes
were utilized as the input of a designed convolutional neural network
(CNN) model for the identification of the porosity. Ma et al. [14] used
the signal spectrum graphs of the keyhole opening images, calculated by
a wavelet packet decomposition operation, to train a CNN model for
detecting the porosity locations. Besides, using the thermographic data
[15], the plasma emission spectrum [16,17], or the acoustic emission
[18] as features also shows potential for the detection of
keyhole-induced porosity occurrence. However, it has been found in
many studies that the models showed lower accuracy (e.g., a 10 ~ 20 %
drop) in the prediction of deeper porosity [13,19]. The performance
deterioration was caused naturally by the lack of thermo-fluid data in-
side the weld pool when training the model. Therefore, the keyhole
depth from the Optical Coherence Tomography (OCT) measurement
[20,21] or the keyhole profile from synchrotron X-ray imaging [19] was
further combined with the visual or IR thermal images of the weld pool
to improve the prediction accuracy. The porosity detection is usually
simplified into a porosity/non-porosity classification problem in most
machine learning studies. More quantitative predictions, such as
porosity ratio or even the distribution of the pore size, have rarely been
reported.

A novel strategy, the physics-informed deep learning (PIDL) tech-
nique (sometimes also called physics-driven deep learning), has recently
attracted considerable attention due to its superior performance in
predicting complex physics. It can either provide a prediction of one or
multiple physical fields, e.g. temperature field or velocity field in the
weld pool [22,23] through direct implementation of physical constraints
(conservation equations and their boundary conditions), or predict the
occurrence of complicated phenomena, such as defects formation [24,
25], using data acquired by a physical model, so that the critical physical
laws are also implicitly considered. The physical model, mostly a
well-calibrated numerical model, has been considered a promising
alternative to provide extensive and quantitative weld pool data for
training. Compared to experimental measurement, the numerical model
may have a better capability to provide spatially and temporally finer
information on the variables of interest, for example, the transient
full-3D keyhole evolution or the solidification rate at important loca-
tions. Therefore, the combination of the physical model and DL tech-
nique shows significant superiorities to the prediction of complex
phenomena with highly non-linear and multi-coupled physics [24,25].
By combining a thermal finite-element model and a CNN framework,
physical variables (weld pool dimensions and peak temperature) and IR
images were selected to predict the occurrence of the keyhole-induced
porosity and the pore size in the work of [26]. A deep belief network
was trained by a fused feature from the numerically calculated
maximum temperature on the keyhole wall and the OCT-measured
keyhole depth to predict the porosity level in LBW of aluminum, in
which the superiority of the PIDL was also identified [27]. It is worth
noting that the significance of the physical variables, i.e., their hierar-
chy, on the target phenomenon can be easily derived from the PIDL
model [28]. It provides a deeper insight into the essential physics of a
complex system, which is usually impractical for manual decoupling and
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analysis. Compared to the black-box DL model, the incorporation of
more physics information into DL endows more interpretability and
transparency.

This paper proposes a physics-informed deep learning framework to
accurately predict the porosity level and to reveal the causal relationship
between porosity formation and relevant physical factors. The frame-
work involves data acquisition from multi-physics modeling and
experimental measurements, data selection and data fusion based on the
formation mechanism of porosity defects, and the development of a DL
model with architecture optimization, training, and evaluation. Specif-
ically, the basic physical variables calculated through a well-calibrated
numerical model will be selected to train a DL model for predicting
the porosity level in LBW of Al alloy. The hierarchy of the critical
physical variables for the porosity formation will be evaluated for the
first time. The performance of the PIDL will be compared with a typical
DL model trained with raw welding parameters. Based on the evalua-
tion, data fusion of the important variables will be performed to train a
new PIDL model with better interpretability and potential extendibility.

2. Methodology of raw data acquisition
2.1. LBW experiments and characterization

The LBW experiments using a Trumpf disk laser system were per-
formed in a bead-on-plate mode on AIMg3 (5754) alloy plates with di-
mensions of 300 mm x 90 mm x 10 mm. The disk laser with a
wavelength of 1030 nm irradiated the base metal surface with a forward
angle of 10 °. To establish the dataset, a design matrix of parameters of
interest, including laser power, welding speed, focus position, and laser
diameter, was generated with a customized Latin hypercube sampling
(LHS) algorithm. Each parameter combination was repeated twice
during the experiments. The selected parameter levels are listed in
Table 1 and the whole matrix can be found in the supplementary ma-
terials. Mechanical cleaning was performed before the welding to
remove the oxidation layer to minimize the influence of metallurgical
porosity. The LBW experiments and the implemented characterizations
are schematically shown in Fig. 1.

A partof 70 mm x 10 mm x 10 mm was mechanically cut from every
weld for the X-ray measurement to obtain the porosity ratio as the label
of the dataset. The X-ray beam passed through the specimen perpen-
dicular to the welding direction to measure the porosity distribution on
the longitudinal section. The X-ray imaging parameters were set as a
voltage of 50 kV, a tube current of 2.4 mA, a focal spot of 3 mm, a film-
to-focus distance of 1000 mm, and an exposure time of 16.7 min. A
recognition algorithm was developed to identify the porosity boundary
in the X-ray images and to calculate the porosity ratio automatically, as
given in Fig. 2. The weld pool profile under extreme parameters i.e., the
parameter combinations on the boundary of the design matrix, was
captured by a high-speed camera with a frame rate of 5000 Hz for the
validation of the multi-physics model. Metallographic observation by an
optical microscope was also performed on the cross-section of the welds
to obtain the fusion zone profile.

2.2. Multi-physics modeling

The acquisition of the physical variables for the porosity formation in
LBW, as the input features of the PIDL model, is realized by

Table 1
Parameter levels of hypercube sampling matrix.

Parameter levels

Laser power Py, (kW) 4 5 6 7 8
Welding speed v, (m/min) 2 3 4 5
Laser diameter Dy, (mm) 0.5 0.6 0.7 0.8
Focus position f;, (mm) 0 -3 -6




X. Meng et al.

Porosity ratio

sssipre i ai Pann o) g g uiadrien

Cross-section

Acta Materialia 286 (2025) 120740

Laser beam

Weld pool

10 mm

High-speed image

Fig. 1. Schematics of the LBW experiments and the characterizations including X-ray imaging, Metallographic observation, and high-speed imaging.
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Fig. 2. Representative processed porosity images from different welding parameters.

implementing a well-experimentally validated multi-physics model in
our previous works [29,30]. Core formulations are presented as follows:

Several assumptions are taken to simplify modeling the thermo-fluid
phenomena in the LBW: 1. the liquid metal is incompressible and
Newtonian, 2. the flow pattern is laminar, 3. Boussinesq approximation
is used to calculate the buoyancy. The mass, momentum, and energy
conservation equations coupled with the volume-of-fraction (VOF)
equation, given in Eq. (1) - Eq. (4) are solved by the commercial software
ANSYS Fluent 23.1:

Vv=0 1)

ov
p (E + (v-V)v) = —Vp + uV3v — uKv + S, 2)

p [@ + (v-V)h] = V-(kVT) +Q 3)

l+ V-(vf) =0 C))
ot

where v is the velocity, tis the time, p is the density, p is the pressure, y is
the dynamic viscosity, and K is the Carman-Kozeny coefficient for the
deceleration of the liquid in the mushy zone, Sy, is the physical mo-
mentum source term, k is the thermal conductivity and T is the tem-
perature, h is the enthalpy. Q is the volumetric heat, and f is the volume
fraction.

The thermal and momentum equilibrium on the free surface (keyhole
wall), is the decisive factor in the material melting, keyhole evolution,
and thermos-fluid flow in the weld pool. The thermal equilibrium be-
tween the heat input, thermal dissipation, and heat conduction into the
material can be expressed as:

JaT
k% =q.+ Qvapor — hc(T_ TO) — O&; (T4 - Tg) - /)VevaLv (5)
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The energy input directly from the laser beam (g, term) is calculated
by a physics-based laser propagation and laser-material interaction
model which will be explained in detail. The gyapor term represents the
secondary heating effect from the vapor plume, produced by the scat-
tering and absorption effects of the plume on the laser beam. Based on
Beer-Lambert theory, a novel attenuation model was proposed in our
recent study to consider this non-negligible secondary heating effect
[29]. The other three negative terms on the right-hand side of Eq. (5) are
thermal dissipation from convection, radiation, and evaporation,
respectively, where T is the ambient temperature, h, is the convective
heat loss coefficient, ¢ is the Stefan-Boltzmann constant, ¢; is the emis-
sivity, and veyp is the free surface recession speed due to evaporation.

The driving forces in the normal direction and tangential direction,
which contribute to the keyhole’s formation and evolution are given in
Eq. (6) and Eq. (7), respectively:

0V
—p + 2/4% = *pr(T) — Dvapor ~+ Pea (6)
ov
_ﬂa_r; = Tma + Tvapor (7)

The p,(T) term is a temperature-dependent recoil pressure model
[31]. The p¢a and 7, represent the capillary pressure due to the surface
curvature and the Marangoni stress from the spatial temperature
gradient. The stagnation pressure (pPyapor) and shear stress (Tvapor)
generated by the high-velocity vapor jet are also considered in the
calculation of keyhole dynamics. Their transient distribution can be
obtained by a physics-based analytical vapor model based on the
Knudsen layer theory and free jet theory [29].

The spatial and temporal distribution of the laser energy is the basis
for all the thermal, chemical, metallurgical, and mechanical phenomena
in the LBW. It requires a precise depiction of the laser propagation
(beam caustic and the multiple reflections) and laser-material interac-
tion (Fresnel absorption). In this paper, a ray-tracing algorithm is
applied to reproduce the laser beam path to the keyhole surface (the first
reflection) and the subsequent multiple reflections between the keyhole
walls. The laser beam is first discretized into sufficient sub-rays which
have their own energy densities and directions according to the loca-
tions, as shown in Fig. 3(a). During the beam propagation, the individual
sub-ray shows either a focusing or a defocusing feature depending on the
location of the first reflection to the focus position. In other words, the
caustic of the laser beam is geometrically reproduced, see Fig. 3(b). We
also implement a localized Level-Set (LS) method to reconstruct the
keyhole profile with an explicit mathematical expression [32]. The exact
reflection point, which is the intersection between the sub-ray vector
and the LS-reconstructed free surface, can be obtained, achieving higher
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accuracy than the typically applied reflection searching algorithm [33,
34]. A visualization of the multiple reflections inside the keyhole is
shown in Fig. 3(c).

Instead of the temperature-independent absorption model [34-36], a
novel Fresnel reflection model is employed to calculate the laser ab-
sorption on the keyhole wall. The relative electric permittivity which is a
key variable to determine the absorptivity of metallic material to the
laser light is calculated by the Drude-Lorentz model [37]. The absorp-
tivity is not only a function of the incident angle but also the laser
characteristics (wavelength), surface temperature, and material prop-
erties (electrical conductivity). Therefore, the absorption model requires
no adaption of empirical parameters and should provide a more accurate
distribution of the laser energy.

All welding parameter combinations in the LHS matrix, see supple-
mentary materials, will be simulated by the multi-physics model. A
physical time of 100 ms to 150 ms can be simulated every 24 h using 88
cores and 256 GB memory in the high-performance cluster at Bunde-
sanstalt fiir Materialforschung und -priifung (BAM). Fig. 4 compares the
experimental and predicted penetration and weld pool length from the
extreme parameters as a representative validation. The relative error of
—6.3 % to 20.9 % for the penetration prediction and —16.9 % to 20.4 %
for the predicted weld pool length indicates a good capacity of the
established model in providing the necessary physical variables to pre-
dict the porosity defects.

Although the established multi-physics model is computationally
intensive, it provides unique access to some important physical variables
for the porosity formation in laser welding, for example, 3D keyhole
topology and the fluid velocity inside the weld pool. Given the highly
dynamic feature of the weld pool and the opaque nature of the liquid
metal, these variables are difficult or even technically impossible to
experimentally measure. The most direct results from the multi-physics
model are the calculated keyhole dynamics and thermo-fluid flow in the
weld pool, as given in Fig. 5(a), through which the keyhole and weld
pool dimensions or characteristic temperatures can be extracted. This
type of result is analogous to the experimental measurements by high-
speed imaging and X-ray transmission but is fully three-dimensional
and easily accessed. Based on the fine spatial resolution of the calcula-
tion results, statistical operations, such as the possibility of the keyhole
collapse positions in Fig. 5(b), can be achieved. The transient model can
also provide the temporal evolution of the important porosity-related
variables, for example, the time-varying keyhole diameter in Fig. 5(c).
The time-averaged keyhole diameter and its standard deviation (SD),
namely the temporal fluctuation of the keyhole, can be calculated. The
more in-depth features provide a solid basis for a more quantitative
prediction of porosity formation, e.g., the porosity ratio or the spatial
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Fig. 3. Schematic of the ray-tracing algorithm: (a) Discretization of the laser beam, (b) geometrical reproduction of the laser caustic, (¢) multiple reflections inside

the keyhole.
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distribution of the pore size, rather than the porosity/non-porosity
classification.

3. Physics-informed deep learning

The experimental and modeling works mentioned above enable the
access to the necessitated raw data to build the dataset of the PIDL
model. Based on the physical understanding of the formation of keyhole-
induced porosity, the input features will be selected, evaluated, and
further fused for the training of the PIDL model in this section.

3.1. Formation mechanism of porosity

It has been well-recognized by extensive experimental and numerical
studies that a stable keyhole shape from an ideal force balance on the
keyhole wall is hardly reachable [38,39]. The keyhole rear wall may
move forward and contact the keyhole front wall, causing the collapse of
the keyhole. Consequently, the keyhole experiences highly transient and
irregular fluctuations in a millisecond time scale [5]. When the collapse
occurs at the tip of the keyhole, the gaseous phase is trapped by the
liquid metal and migrates into the weld pool to form a bubble. The
bubbles move in a complex route under the buoyancy and the drag force
from the flowing liquid metal. Some bubbles are captured by the so-
lidification front to form pores in the final weld [6,40]. The porosity
formation procedure is schematically shown in Fig. 6.

The formation of keyhole-induced porosity is the result of a complex
interplay of multiple factors. It is therefore not possible to evaluate the
porosity tendency with a single physical variable. According to the
available research, these factors can be categorized into four groups: 1.
keyhole-related factors that describe the keyhole profile and the keyhole
stability. These factors are usually decisive for the frequency of bubble
formation and the bubble size. 2. weld pool geometries that determine

Laser beam

Keyhole collapse

Fig. 6. Schematics of porosity formation procedure.

the movement region of the formed bubbles. 3. liquid metal flow and
buoyancy that influence the bubble movement inside the weld pool. 4.
thermo-related factors that determine the weld pool solidification and
correspondingly the bubble capture.

3.2. Physical variable selection

Although fully 3D and transient physical variables can be obtained
through the numerical model, the raw results matrix with a dimension of
(N, N¢, Ny), where Nt is the number of time steps, Nc is the number of
cells in the calculation domain, and Ny is the number of calculated
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variables, is not directly applicable for the DL model, mainly because of
the unaffordable computational intensity. Therefore, feature selection/
dimensional reduction should be performed to create the dataset of the
PIDL model based on the understanding of the target physics.

Hereby, we select the potential physical variables (features)
following the four groups categorized above. For the keyhole-related
variables, the keyhole depth and keyhole diameter which have been
demonstrated to play a pivotal role in porosity formation [5,21,41] are
first selected. To characterize the keyhole fluctuation, the keyhole
collapse frequency, and the standard deviation of the keyhole diameter
are calculated as the features in the dataset. Besides, the maximum ve-
locity on the keyhole wall is also extracted to consider the hydrodynamic
instability.

The weld pool topologies including the weld pool length and width
are chosen to depict the moving space of the bubbles. Given that the
weld pool depth is typically comparable to the keyhole depth [42,43],
the weld pool depth is not selected to avoid redundancy. Instead, the
weld pool volume is taken into the dataset to represent the bubble
movement space overall. The influence of the liquid metal flow on the
porosity formation is non-monotonic and complex. A forward and an
upward metal flow can effectively enhance the bubble escaping and
prevent the bubbles from being captured by the solidification front.
Conversely, a backward and a downward flow may facilitate the
porosity formation. Hence, the extreme values of the velocities in X and
Z directions including the max. vy forward, the max. vy backward, the
max. v, upward and the max. v, downward, along with the averaged X
and Z velocities of the whole weld pool, are all selected as the physical
variables for a comprehensive description of the flowing pattern in the
weld pool. Regarding the thermal factors, the solidification time,
defined as the weld pool length divided by the welding speed, is taken
into the dataset as the key factor for the bubble capture. Furthermore,
the maximum temperature is also extracted, to take into account its
possible non-negligible effect on the porosity formation [27]. A sum-
mary of the selected physical variables and their categories is listed in
Table 2.

All the selected variables are time-averaged with data over 200 ms in
a quasi-stable state, which is identified through the weld pool volume, as
given in Fig. 7(a). Especially for physical variables with noticeable
temporal variation, such as dynamic velocities in Fig. 7(b) and 7(c), the
time-averaging operation can effectively enhance the statistical repre-
sentativity. Additionally, the standard deviation of a variable, for
instance, the keyhole diameter, can also be used as an index to describe
its stability, as shown in Fig. 7(d).

It should be noted that the physical variables are first selected as
completely as possible in this section according to the existing in-
vestigations [3,5,6,38-40]. However, the decisive factors in porosity

Table 2
Summary of the selected physical variables.
Category Physical variables (features) Symbols
Keyhole depth H
Keyhole diameter D
Keyhole-related factors SD of keyhole diameter SDkeyhole
Collapse frequency f
Max. velocity on the keyhole Vkeyhole
Weld pool length L
Weld pool geometry Weld pool volume Ve
Weld pool width w

Maximum forward velocity
Maximum backward velocity
Maximum upward velocity
Maximum downward velocity

Vx_forward
Vx_backward
Vz_upward

Liquid metal flow Vy_downward

Averaged X velocity Vx_average
Averaged Z velocity Vz_average
Solidification time t,
Thermo-related factors . N
Maximum temperature Tinax
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formation have not been clarified due to the absence of a quantitative
evaluation in the available studies. The established data set is probably
redundant. In the following section, the feature evaluation work will be
introduced to identify the contributions of different physical variables in
the porosity formation, which will also be the basis of further feature
fusion for better model interpretability.

3.3. Feature evaluation

A distinguishing advantage of PIDL is that the hierarchy of involved
physical variables is automatically included and can be quantitatively
derived by a proper evaluation method [28]. This paper, to the best of
the authors’ knowledge, provides the first attempt to quantitatively
characterize the influences of different physical factors on porosity
formation from the aspects of keyhole stability, liquid metal flow, and
solidification.

There is unfortunately a trade-off between the interpretability and
the complexity of the machine learning models. The higher the
complexity of the input data and the model architecture, the more ob-
structions in evaluating the correlation between the input and output
occur, in other words, directly interpreting the decision process of the
model. For the DL model used in this study, we implemented the Shapley
Additive Explanation (SHAP) method [44] to explain the contributions
of various physical variables in porosity formation. The SHAP method is
proposed based on the additive feature contribution and the Shapley
values from the game theory. The idea of the additive feature contri-
bution method is to approximate complex models with a simpler and
explainable model to obtain interpretable decisions. The Shapley value
describes the significance of an individual feature with its mean mar-
ginal contribution, which is defined as the differences between the re-
sults produced with/without the objective feature among all possible
combinations of features.

In the SHAP evaluation, a simpler interpretable linear model g is
established to estimate the original model f, which can be written as:

P
frgE)=¢y+ Y b7 ®
j=1

where 2’ is the simplified feature, which is either 0 or 1 depending on the
related feature being excluded or included, P is the number of simplified
features, ¢; is the Shapley values, and ¢,is a constant of the predicted
mean value of all training samples. The Shapley value of the i th data
point in the j-th feature can be calculated as:

B = > ISIIKI= 15|~ 1)1 0 (es.0) —Foes)] ©

SCK/{i}

where K is the set of all features, S C K is all feature subsets, x; is the
input feature values in subset S, and ! represents a factorial operation. In
principle, the effect of a feature on the model output is evaluated by
computing the difference between one model fs,; with the target
feature and another model fs without the target feature. The calculation
of Eq. (9) is computationally intensive due to the combinatorial reason,
specifically, the 13 features in Table 1 lead to more than 8000 combi-
nations. In the work of [44], a series of fast estimation algorithms for the
Shapley values are proposed. The Deep SHAP algorithm which is
specially designed to estimate the Shapley value in a deep learning
model is chosen here.

The Shapley values have several important attributes: 1. Its symbol
describe the direction of a feature’s contribution to the model’s pre-
diction. A positive value indicates a positive correlation between the
feature and model prediction, and contrarily a negative value represents
anegative correlation. 2. The absolute value indicates the significance of
the contribution of single data point of a feature. The overall feature
importance can be calculated by averaging the absolute Shapley values
per feature across the data:
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(10)

n
IJZEZ

i=1

where n is the number of data points of each feature.
3.4. Feature fusion

Utilizing the direct calculation results is a straightforward strategy
for training the PIDL model. Nevertheless, it confronts the disadvantages
of indirect coupling between the variables, unclear interpretability, and
limited extendibility to other materials. An alternative is to combine the
related physical variables with essential material properties into
dimensionless numbers with explicit physical meanings, usually a cor-
relation between two physical processes [24,25,45-47].

The aspect ratio of the keyhole H, also known as normalized keyhole
depth, is an important index for the keyhole stability and the formation
tendency of porosity defects [41,48]. It is defined as the ratio between
the keyhole depth and keyhole diameter:

H=H/D an
where H is the keyhole depth and D is the keyhole diameter. The keyhole
with a higher aspect ratio usually experiences violent fluctuation, which
may lead to severe porosity defects.

The influence of the weld pool geometry on the bubble capture can
be explicitly expressed by the weld pool aspect ratio L, i.e., the ratio
between the weld pool length and depth [48]:

L=L/H 12
where L is the weld pool length, and the weld pool depth is roughly
estimated by the keyhole depth H. A larger weld pool aspect ratio cor-
responds to a larger bubble escaping window or a shorter floating

routine, leading to a lower porosity formation tendency.

In most research on the porosity formation in LBW, the analyses
focus on the bubble movement and capture along the longitudinal sec-
tion of the weld pool [6,7,27,40,41]. Given that the bubble size can be
comparable to the weld pool width, the lateral boundary of the weld
pool may also show a non-negligible effect, which is represented by a
normalized weld pool width:

W=w/D (13)
where W is the weld pool width.

The flow-driven movement of the bubbles can be characterized by
the well-known Stokes number which is a ratio of a characteristic time of
particles to a characteristic flow time. The stokes numbers in X and Z
directions are given as:

Stk = to|Vxe +Vwl| /L 14)

Stk = to|vee| /H 1s)

In Eq. (14) and (15), tp is the relaxation time of the particle, calcu-
lated as t, = p,D?/18u, where py, is the bubble density, v, is the welding
speed, vy and v,. are the magnitude of the characteristic velocities in X
and Z directions, respectively. The characteristic velocity terms usually
require a proper selection. This paper uses the most influential velocity
variables obtained from the feature evaluations described above as the
characteristic velocities.

The influence of buoyance on the bubble floating, which is inde-
pendent of the flowing pattern of the weld pool, is also a potential
physical factor in deciding the final porosity formation. The Archimedes
number is commonly used to determine the ratio of buoyance to the
viscous force, as given below:

Ar = gHp} [ (16)
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where g is the coefficient of gravity acceleration.

The fused features derived above, including keyhole aspect ratio,
weld pool aspect ratio, dimensionless weld pool width, Stokes number in
X and Z directions, and Archimedes number, together with the originally
dimensionless variable, frequency f, are used to generate a new dataset
for the PIDL model. A summary of the fused features and their category
are given in Table 3.

3.5. Implementation of PIDL

A schematic diagram of the PIDL framework is shown in Fig. 8. The
features listed in Tables 2 and 3 are combined with the label data (X-ray
measured porosity ratio) to create two datasets: Direct Dataset and
Fused Dataset. Although the porosity formation is a stochastic process,
the averaged porosity ratio is used as the label for a given parameter
combination, and the result variance between the repeated parameters
isignored, given that the standard deviation is typically less than 1 %. To
evaluate the performance of the PIDL model, the welding parameters
and porosity ratio, named Parameter Dataset, are also used to train a
normal DL model as a reference. The training and testing of the models
using three datasets follow the same protocols.

Before the training, the datasets are scaled to the range of [0,1] to
minimize the influence of the different magnitudes of the features. 80%
of each dataset is randomly selected as the training set and the rest 20 %
of the data is used as the test set. The DL network uses the back-
propagation method for the learning purpose. A defined loss function
is calculated first by forward propagation to evaluate the performance of
the model. Subsequently, the connection weights and biases between the
layers are updated through the backpropagation of the error until
reaching a certain convergency level or iteration steps. In this study, the
loss function is defined as the mean square error (MSE), and the adaptive
moment estimation (Adam) optimizer is employed for the parameter
updating.

A robust fine-tuning for the hyperparameters of the DL models with
three different datasets is achieved by a grid search cross-validation
strategy independently, thereby their best performance can be
compared to evaluate the proposed PIDL strategy. It optimizes the
hyperparameters by searching through every possible combination
comprehensively. The search matrix of the involved hyperparameters,
including layer number, neuron number, batch size, epochs, learning
rate, and activation functions for the output layer and hidden layer,
contains 5400 combinations. A 5-fold cross-validation is implemented
for every combination in the grid search for more efficient data use,
more reliable performance estimation, and less overfitting. The dataset
is divided into 5 equally sized folds, and the model is trained 5 times,
using 4 folds for training and the remaining fold for validation for each
training. The final performance metric is the average of the metrics
across all folds. The optimized hyperparameter combinations are listed
in Table 4.

Due to the randomness in the algorithms, for example, the random
initialization of the weights and biases, the prediction results may show
certain variability even with the same training parameters and training
data. The complex models that describe highly non-linear phenomena,

Table 3
Summary of the fused physical variables.
Category Fused features Symbols
Keyhole aspect ratio H
Keyhole stability Frequency f
Stokes number in X Stky
Bubble movement Stokes number in Z Stk,
Archimedes number Ar
Bubbl Weld pool aspect ratio L
ubble capture Dimensionless weld pool width w
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such as porosity formation, may confront even more variance. There-
fore, we implement here the bootstrap aggregating technique (model
ensemble) [49], in which independent models are trained using multiple
random subsets of the original training set, each created by sampling
with replacement (bootstrap sampling), to reduce the variance and to
prevent overfitting. The final model prediction is obtained by averaging
the prediction results from 50 sub-models (clones), and the standard
deviation is also calculated to represent the algorithmic variance.

The trained models are evaluated based on two performance indexes,
the MSE for a general evaluation over the whole training or test set and
the maximum relative error (erryay) for the extreme cases, given as:

N
MSE:%Z(}'I' -5 17
i=1

} (18)

where y; is the true value, y; is the predicted value, and N is the sample
number in the training or test set.

The hardware and software platforms used to build the PIDL
framework are as follows: a workstation equipped with two CPUs of
Intel Silver 4108 and a GPU of RTX 4080 Super is used for the GPU-
accelerated model training. The DL models are built by TensorFlow
2.4 with Keras API, and the grid search cross-validation is realized by
Scikit-Learn and SciKeras.

yi — Y

eIMmax = max{

i

4. Results and discussion

The performance of the PIDL with Direct Dataset (see Table 2) is
given in Fig. 9. The multiple loss functions in Fig. 9(a) represent the
convergences of different sub-models from the model ensemble tech-
nique. All the sub-models show a good convergence, and a dramatic
drop of the loss function until reaching a stable level. The variances
between individual sub-models imply that the model ensemble strategy
is necessitated for a more statistically stable prediction. The comparison
between the true and predicted values in Fig. 9(b) exhibits an agreement
on the training set with an MSE of 0.32. The PIDL model also shows a
good capability in porosity prediction on the test set, reaching an MSE of
0.75, comparable with the recent PIDL works from Ma et al. [27]. In
comparison with the conventional DL model using welding parameters
(see Fig. 10), the PIDL model shows a better prediction capacity in the
overall dataset, a reduction of MSE by 59 % with the training set and by
41 % with the test set, as shown in Fig. 11(a). The PIDL model exhibits,
however, no improvement in the maximum relative error, as given in
Fig. 11(b), in which both models have a maximum relative error of 30 %
to 35 % with training and test sets. It should be emphasized that the
maximum relative error occurs in the low porosity ratio range, for
example, an actual porosity ratio of 4 % vs. a predicted value of 5 %, and
should have a minor influence on the realistic application.

As one of the major advantages of PIDL, the hierarchy of the physical
variables and their correlation (positive or negative) with the porosity
formation can be evaluated, in this study by a SHAP analysis. Fig. 12(a)
shows the overall importance of different physical variables which are
categorized into four groups: thermo-related factors, liquid metal flow,
keyhole-related factors, and weld pool geometry. Compared to the
maximum temperature on the keyhole wall used as a feature in [27], the
solidification time has a more considerable influence on the porosity
formation. Among the physical variables describing the liquid metal
flow, the maximum downward velocity shows the most significant
contribution. It is the most influential factor among all the selected
physical variables in the current study. However, such an important
factor has rarely been considered in the explanation [3,5] or prediction
[15,21,27] of the porosity formation and should receive more attention
in future studies. The keyhole depth contributes dominantly to the
porosity formation among the keyhole-related factors and is the second
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Fig. 8. A schematic overview of the whole PIDL framework.

Optimized hyperparameter combination for different models.

Hyperparameter PIDL model PIDL model DL model
(Direct (Fused Dataset) (Parameter
Dataset) Dataset)

Layer number 3 4 3

Neuron number 64 128 128

Batch size 16 16 16

Epochs 100 150 100

Learning rate 0.01 0.001 0.0001

Activation function ReLu ReLu ReLu

(hidden layer)
Activation function Linear Linear Sigmoid

(output layer)

most important variable. It corresponds well with the fact that the
keyhole depth is widely used in the prediction of porosity formation
[19-21,27]. The SHAP analysis suggests that the weld pool length is
more influential compared to other weld pool dimensions but provides
much less contribution concerning the maximum downward velocity
and keyhole depth.

The correlation between the physical variables and the porosity
formation can also be revealed by plotting the SHAP values of each
sample, as given in Fig. 12(b). An increment of the SHAP values with the
feature values represents a positive correlation between the physical
variable and the porosity formation. The reverse represents a negative

correlation. The most influential four factors from the four categories are
plotted in detail in Fig. 13. It is shown that the maximum downward
velocity has a monotonically negative correlation with the porosity
formation, which means that the stronger downward flow (negative Z
direction) will cause a higher porosity ratio. Conversely, a clear positive
correlation can be identified between the keyhole depth and porosity
formation in Fig. 13(c). The influences of solidification time and weld
pool length are non-monotonic or even scattered.

According to the SHAP analysis above, the average X velocity and the
maximum downward velocity will be chosen as the characteristic ve-
locities vy, and v, in Eq. (14) and (15) to build the Fused Dataset. The
performance of the PIDL model with Fused Dataset is given in Fig. 14.
Due to the reduction of the feature numbers, the sub-models have a
better convergence with less statistical fluctuation, see Fig. 9(a) and
Fig. 14(a). Since the porosity formation can be characterized by the
fused features from multiple aspects including bubble formation, bubble
movement, and bubble capture, the PIDL model still provides an
acceptable accuracy in the prediction of the porosity ratio, as given in
Fig. 11, even the feature number is reduced from 16 to 7. More specif-
ically, the PIDL model with the Fused Dataset obtains a quite compa-
rable MSE with the training set and a marginal increase of MSE with the
test set compared to the PIDL model with the Direct Dataset, whereas
still has a lower MSE than the DL model with Parameter Dataset. A
reduction of maximum relative error can also be observed, but again in
the low porosity ratio range.

The contributions of fused features can also be evaluated, as given in
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Fig. 15, following the same SHAP analysis method. It can be found that
the keyhole ratio is the most influential factor in the whole formation
procedure of the porosity defect. It proves the reasonability of the the-
ories, in which the keyhole ratio is chosen as an index to characterize the
formation tendency of the porosity defect [41,48,50,51]. The Stokes
number in the thickness direction and the weld pool ratio are the two
most significant factors in the aspects of bubble movement and bubble
capture to determine the porosity ratio, followed by the dimensionless
width and the Archimedes number. The Stokes number in the X direc-
tion which represents the bubble movement and capture along the
welding direction shows the least influence.

The detailed correlations between the fused features and the porosity

10

formation are given in Fig. 16. The keyhole ratio has a monotonically
positive correlation with the porosity ratio, as given in Fig. 16(a). It
implies that the keyhole ratio is a direct index for evaluating the ten-
dency toward porosity formation. The keyhole collapse shows a minorly
positive contribution in the low-frequency range (less than 3000 Hz) and
exhibits a negative correlation with the porosity formation in the high-
frequency range. It relates well to the recent high-speed X-ray trans-
mission results, which show that the keyhole experiences a high-
frequency fluctuation when entering a stable state [41]. The positive
correlation between the Stxz and porosity ratio means that the stronger
downward flow-driven drag force will lead to severe porosity defects. As
illustrated in Fig. 16(d), the influence of the weld pool is not monotonic.
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Specifically, the porosity ratio initially increases and then decreases
with an increase in the weld pool ratio.

5. Conclusions

This paper combines physics-informed deep learning (PIDL), multi-
physical modeling, and experimental data to predict the porosity level
in high-power laser beam welding. The PIDL model is trained with two
datasets: a Direct Dataset directly extracted from the multi-physical
model and a dimensionless Fused Dataset with more explicit physical
meanings. Based on a well-trained PIDL model, the hierarchical
importance of critical physical variables or physical procedures on
porosity defect formation is identified and discussed for the first time.
The main conclusions are summarized as follows:

(1) The relevant physical variables are selected from a multi-physical
model in four categories: thermo-related factors, liquid metal flow,
keyhole-related factors, and weld pool geometry, to establish the
Direct Dataset. The PIDL model with the Direct Dataset shows su-
periority in the prediction of porosity ratio, a reduction of MSE by 41
%, compared with the conventional DL model with welding
parameters.

(2) The maximum downward flow and the keyhole depth are iden-
tified as the two most influential physical variables in porosity for-
mation, having monotonic correlations with the porosity ratio. The
contribution of the solidification time and the weld pool are rela-
tively insignificant and non-monotonic.

(3) The feature fusion technique is performed to combine the
selected physical variables into dimensionless fused features with
clearer physical meanings, describing the bubble formation, bubble
movement, and bubble capture. Compared to the PIDL model with
the Direct Dataset, the Fused-Dataset-trained PIDL model achieves
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comparable prediction accuracy and better statistical stability with a
reduced feature dimension.

(4) Considering its monotonically positive and strong correlation
with the porosity ratio, the keyhole ratio is a proper index for a direct
evaluation of the porosity formation tendency. The downward flow-
driven drag force, described by the Stokes number, has also a sig-
nificant influence on the porosity formation.

. Outlook

One existing challenge is that the developed multi-physical model is
computationally intensive. A single welding case with a physical time of
0.5 s requires at least 100 h of simulation time, which results in diffi-
culties in the application of the PIDL model. It would be promising to
develop a surrogate model, for example, a second ML model, achieving a
fast estimation of the critical physical variables, so that an effective
prediction of the porosity level can be realized. Furthermore, the
physical generality and extendibility of the PIDL model with fused fea-
tures should be analyzed and evaluated in future studies, using data
from multiple materials with distinct material properties (such as steel,
Al alloy, Ni-based alloy, Ti alloy, etc.). It will be meaningful to establish
an ML model that has a general capacity to predict porosity formation
for different materials and to identify whether a universal physical
factor exists, dominating the porosity formation.
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