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ABSTRACT

Extreme high-speed laser material deposition, also known by the acronym EHLA, enables metallic coatings of different thicknesses at
deposition speeds of up to several hundred meters per minute and deposition rates of several kilograms per hour. Against other deposition
welding processes, EHLA offers significant advantages in terms of lower heat input and higher precision, making it a valuable option for
processing materials, which are considered hard-to-weld. Despite its advantages, the highly nonlinear interdependencies of multiple influ-
encing variables require precise control and tuning of the parameters and challenge the process development, making it time and cost
expensive. In the absence of an accurate process model for large parameter spaces, model-based optimization is currently not feasible, such
that current development requires extensive experimentation and expert knowledge. To overcome these challenges, an adaptive process
development approach for the key process parameters, such as laser power and powder flow rate, based on Bayesian optimization (BO) is ;
proposed. BO employs probabilistic models trained on experimental data to systematically explore the parameter space and predict the
optimal settings in terms of a target variable. The investigations show that the sample-efficient, data-driven method effectively accelerates
the development of suitable process parameters and drastically reduces the need for extensive empirical testing and expert knowledge.
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1. INTRODUCTION surface-quality constraints. As simulations are not always avail-
able, process parameter tuning must be done in the real process.
Unsuccessful parameter sets may result in the detachment of the
coating layer (“crashed” experiments), and each experiment, along
with thickness and quality measurements, takes considerable time.
To reduce setup times, process optimization should only require a
few experiments. In summary, the automatic optimization of EHLA
faces the following key challenges:

Extreme high-speed laser material deposition (EHLA) is a
resource- and cost-efficient laser-cladding technique used to coat
cylindrical metallic components, yielding higher powder utilization
than conventional laser material deposition (LMD) methods (Sec. I A).
However, industrial deployment remains challenging: EHLA requires
tuning over 19 interacting parameters, and manual, iterative optimi-
zation by experts, which is both time consuming and expensive."”

Automatic parameter tuning can, therefore, significantly reduce C1. On-machine experiments.
development costs and, as a result, increase the feasibility of C2. Quality constraints.
EHLA for industrial applications. One key objective is to increase C3. Crashed experiments.
the coating thickness while respecting process productivity and C4. Optimization with batches of experiments.
J. Laser Appl. 37, 042013 (2025); doi: 10.2351/7.0001906 37, 0420131
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Existing EHLA tuning is mostly manual, and currently, no
automatic method addresses all four challenges simultaneously.
Bayesian optimization (BO) (Sec. I B) is a black-box technique
well-suited for expensive experiments with constraints, crashed
experiments, and batch optimization. It has been successfully applied
in other laser-based processes (Sec. I C) and enables data-efficient
optimization on real processes without the need for a simulation.

In this work, we first define an industrially relevant problem for
parameter optimization in EHLA (Sec. I D). We propose a con-
strained, crash-aware, and batch BO framework for EHLA and dem-
onstrate its application to tune two key parameters of the process
(Sec. II). We construct a surrogate model to evaluate algorithmic var-
iants and identify a BO configuration (Secs. III A-III D). Finally, we
validate it on a real EHLA process, achieving semi-automatic process
optimization for the first time (Sec. I1I E).

A. EHLA

The EHLA process represents an advancement of conven-
tional laser cladding, also referred to as laser-based directed energy
deposition or LMD. It is an additive manufacturing technique in
which a material is selectively deposited onto a substrate and simul-
taneously melted by a laser. EHLA fundamentally differs from
classical LMD processes in the way the laser is coupled to create
depositions.” In EHLA, the metal powder particles are fully melted
above the melt pool." Thus, unlike conventional LMD, where time
is required to generate and sustain a melt pool on the component
surface in which the powder must be completely melted, EHLA
eliminates that delay.’” The high proportion of already molten
powder particles forms the melt pool directly, allowing the surface
speed (i.e., the relative velocity between the cladding optics and the
part) to be increased to up to 500 m/min (standard LMD speeds
are usually up to 2 m/min).* Consequently, EHLA can produce thin
coatings in the range of 25-250 um.™” Furthermore, the high surface
speed leads to a reduced heat-affected zone, minimizing thermal dis-
tortion and making the process particularly suitable for thin-walled
or geometrically sensitive components.' In addition, the complete
melting of the powder particles above the substrate surface ensures
that, upon impact with the workpiece, the powder particles flow
directly into the melt pool, achieving a powder utilization rate of
>95% (classical LMD achieves >80%).” Combined with the high dep-
osition rates, EHLA offers a cost-effective and resource-efficient alter-
native to LMD for functional surface protection."

B. Bayesian optimization

BO is a black-box optimization method that effectively
finds the optimum of an unknown (objective-) function by itera-
tively querying the function.” In BO, the objective function is
modeled with a probabilistic surrogate model, often a Gaussian
process (GP). This model provides a current prediction of the
function as well as uncertainty estimates. To find the optimum
of the objective function, the uncertainty estimates are leveraged
by the acquisition function, which suggests the next point to
query. In the process parameter tuning setting, a function evalu-
ation corresponds to performing one experiment with a certain
parameter configuration.
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C. Related work

The optimization of parameters in EHLA is complex due to
nonlinear interactions, which have led to a wide variety of approaches.
These range from simple one-factor experiments to statistical methods
such as response-surface methodology, and machine learning
methods like artificial neural networks or support vector machines.
A comprehensive overview is provided by Wang et al® Another
approach to process parameter optimization is the use of simulation
methods. Numerical simulations, for example, those based on the
finite element method, enable the prediction of temperature fields,
melt-pool geometries, stress distributions, and microstructure evolu-
tion.” Nevertheless, experimental reference points must be generated
for the simulations, which serve as input data or validation points.'’
Simulation enables a deeper understanding of the process, allowing
for knowledge-based process optimization but not automated process
optimization."'

In contrast to these works, our BO approach aims to optimize
the process parameters directly on the machine. This avoids the
sim-to-real gap and enables fast process optimization of process
configurations and materials for which simulations are unavailable.

BO has already been applied in various laser-based processes
for process optimization.''” Kavas et al. use BO to adaptively opti-
mize the parameters of an in-layer proportional integral (PI) con-
troller in the laser powder bed fusion (LPBF) process, thereby
avoiding overheating in critical geometries and increasing process
stability."* To optimize multiple objectives in LPBF simultaneously
(hardness and porosity), Chepiga et al. employ a diversity-guided
efficient multi-objective optimization (DGEMO) algorithm, achiev-
ing a pareto-optimal configuration within six iterations."” Karkaria
et al. utilize BO as part of a digital-twin framework to determine the
optimal laser power for the LMD process using a parameterized
time-series generator and a GP surrogate model, thus minimizing

simulation effort and heat input while attaining desired mechanical :
Sousa et al demonstrate a “human-in-the-loop” i

6

properties.’
approach for LMD, showing how real-time in situ monitoring com-
bined with multi-objective Bayesian optimization can jointly optimize
melt-pool dimensions and stability. Their results indicate that, with a
response-surface-driven BO workflow, target metrics can be effi-
ciently achieved and the number of required single-wire trials can be
significantly reduced.'”

Our paper is the first application of BO in EHLA tackling its
unique challenges, such as constraints, experimental crashes and
batch-setting, which have not been evaluated in this context before.

D. Problem definition

We aim to find the optimal parameters x* to maximize
coating thickness #: S — R within an #»-dimensional parameter
space S C R”,

x" € arg max t(x). (1)
X€E

Here, t(x) denotes the function describing coating thickness as
a function of the process parameters xeS. Simultaneously, when
maximizing coating thickness, quality criteria, such as crack-free
or pore-free surfaces, are imposed on the coating, resulting in
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parameter constraints of the form ¢;(x) < y; or ¢;(x) > y;, where
y; represents the threshold value for each constraint. The parameter
space S can be further restricted by physical infeasibilities. For
example, sufficient energy must be supplied to fully melt the fed
powder material. If the energy is too low, no coating can be gener-
ated. Consequently, the parameter space S is limited to a feasible
parameter space S;, with S; C S. The complementary set of param-
eters that yield impossible coatings is denoted S, = S\S,. The
assignment of parameters to the corresponding subsets can be
described by

_ 1, x € Sg
“(x)_{o,xesc' @

Thus, a general parameter-optimization problem for maxi-
mizing a requirement while complying with constraints can be
formulated as

max t(x),
xXES (3)
st ci(x) < i, alx) = 1.

Il. METHODOLOGY AND MATERIALS

As an approach to solve the optimization problem [Eq. (3)],
we propose batch BO with constraints and crash constraints.
Our goal is to develop an optimization approach to be used directly
on the machine (key challenge C1). Therefore, we need to define our

ARTICLE pubs.aip.org/lia/jla

profilometer from Keyence is used. With this instrument, coating
thickness can be measured over a large area (70.000 x 25.000 ,um2
per coating), and the accompanying Keyence software can be used to
determine various thickness metrics, such as the minimum and
maximum thickness. An exemplary evaluation is shown in Fig. 1.
We use the minimal measured thickness f.;, since this represents
the technically relevant thickness after post-processing.'®

As a surrogate model for the unknown objective function,
a GP was used within BO. As an acquisition function, expected
improvement (EI) is used, which maximizes the expected increase
over the current best result #,.s such that

El(x) = E[t(x) — tpest]- (4)

While maximizing the coating thickness by the two parame-
ters in the search space is intuitively possible, as high powder
mass flow and high laser power lead to high coating thickness.
However, not all coatings are usable as they do not fulfill coating
quality constraints (C2). In order to be able to make a statement
about the coating quality, publications show that surface analysis
correlates with coating quality.” By using surface analysis instead
of metallography, there is a time saving of approximately 20 min
per coating. To reduce the experiment time, we also use surface
analysis to analyze coating quality with a Zygo Nexview NX2
white-light interferometer (WIM). With the WIM, the central area
of each coating is imaged at 14x, 55X, and 200x magnification. The

© Author(s) 2025

experimental setup, a measurement procedure to quantify objectives . . . . LB
and constraints, and a suitable algorithmic configuration, inflow and outflow areas of the coating are not examined in detail. g
As this is, the first application of BO for EHLA, we identify To determine the surface roughness Ra from the 7WIM data, the 2
two parameters, powder mass flow and laser power )that directly Fraunhofer ILT’s internal software rcarcrLy is used.”’ This software §
influence the co;ting thickness without reducing econo,mic efficiency, ap pl.ies ban.dp ass ﬁltgrs to visualize differgnt roqghne§s ss:ales. §
as intuitively higher powder mass flow leads to higher coating A visualization of various roughness scales is provided in Fig. 2. £
thickness and meltine more bowder a hicher laser power is needed The surface analysis yields 20 different metrics that can be used as g
We choose aramete% boundi for the lager owerI;) €38 kW]' constraints. Therefore, we determine in Sec. III A whose metric S
and for the I;)ow der mass flow rirp € [15 150 ] rLe s ultin’g in the combination is suitable to classify ok and nok coatings and investi-
P > minl’ : e
two-dimensional search space S C R*. We evaluate our algorithm in gate the influence on optimization.
this setting, while keeping the other parameters constant as described
in Table I.
To be able to optimize the coating thickness, we need to
conduct an experiment and measure it. For this, a VR-5000 3D 40im
450um  450pm  410um
TABLE I. EHLA parameters used.
Parameter Value
Laser power 3-8 kW
Powder feed rate 15-120 g/min
Process speed 70 m/min
Feed rate 300 um/rev
Feed gas rate 121/min
Shielding gas rate 121/min
Distance from nozzle tip to substrate 15.000 m FIG. 1. Minimum coating thickness (top), surface images (middle), and wavi-
Coating width 20'000 m ness and thickness variation maps (below) for EHLA coatings produced with dif-
oo 8 : X : o H ferent parameter settings, measured over 70.000 x 25.000 ;4m2 using a Keyence
Distribution ring to core 4% VR-5000 3D profilometer. Colors represent thickness in um; cooler colors indi-
Focal length collimation 30.000 um cate thinner regions and warmer colors indicate thicker regions.
J. Laser Appl. 37, 042013 (2025); doi: 10.2351/7.0001906 37, 042013-3
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1) Particle adhesions
on the surface (10
pm-100 pm)

2) Single track
structures on the
surface (100 pm-

1000 pm)

3) Melt agglomerates
on the surface (1000
pUm-4000 pm)

FIG. 2. Evaluation of WIM data using rcacLL software. The roughness is
divided into different areas using bandpass filters.

To include the constraints in the BO framework, we use an
adjusted version of EI, constrained EI (CED.”! In this setting, we
model the objective function t, as well as the constraint functions
all as separate GPs. The GPs of the constraint functions provide an
estimate of how likely it is, that a point is feasible or not. This
probability of feasibility P; is multiplied by the standard acquisition
function of EI, to suggest the next query point, resulting in

CEI = [E[t;fiirllinq t(xi)*] P,(%). (5)
If a parameter set leads to process failure, for example, if the
coating does not adhere, no surface analysis can be performed
(C3), and thus, no data can be returned to the BO algorithm.
Therefore, we implement crash constraints in addition to the stan-
dard constraints.”” Nonevaluatable parameter sets are returned to the
BO algorithm as virtual observations to steer the algorithm away
from unstable or infeasible regions of the parameter space. As BO
can react sensitively to the data provided, the virtual observations
must be selected so that they are not unrealistically far from the real
measured data but remain unfavorable enough to keep the search
away from crash regions. Following Stenger and Abel,” we define
virtual observations at previously observed crash locations x as

yi = max (u(x), pu(x.)) + BV kp(x), (6)

where 4(-) denotes the surrogate model’s posterior mean, x, is the
current parameterization, kp(-) is the posterior variance (under
dataset D) so that \/kp(-) is the posterior standard deviation, and
B >0 is a penalty parameter. Rohr et al. show that =3 is an
empirically effective choice and is, therefore, also used in this
paper.”” Through the investigations in Sec. III D, it can be evaluated
how crash constraints affect the approximation behavior of the BO
algorithm.

In EHLA, the experiment itself is fast (30s). However, the
measurement procedure is very time consuming as process over-
heads arise during each analysis, parts have to be unclamped, set
up on measurement stations, and reintegrated into the test setup
after analysis. If multiple coatings are analyzed simultaneously, this

ARTICLE pubs.aip.org/lia/jla

measurement overhead can be reduced (C4). To deal with this
special requirement, we employ batch optimization in BO as it
offers the advantage of evaluating multiple data points in parallel
per iteration. This can increase optimization efficiency.”* On the
other hand, each coating experiment incurs costs that should be min-
imized. By investigating batch size (see Sec. III B), a trade-off can be
established between overhead, optimization efficiency, and experi-
mental costs. For batch BO, the acquisition function changes to the
multipoint version q-EL In accordance with Ament et al,” we use a
logarithmic transformation on the output, as this yields improved
optimization. In combination with constraints, we get the acquisition
function

q — Log CEI(x) = log ([E {t:‘ﬁ 4rrllin t(xl-)ﬂ) +logPi(x), (7)
=1,

,,,,,

where P; is the probability of the constraints ¢; being fulfilled.
Combined with the other extensions, this leads to a BO frame-
work for EHLA with constraints, crash constraints, and batch
optimization.

Currently, there are no state-of-the-art studies on constraints
with corresponding threshold values, the effectiveness of crash con-
straints, batch size, or the number of initial data points for process
development and optimization in EHLA using BO. Therefore, we
examine the influence of these factors in this work. The investiga-
tions are carried out using a surrogate model, hereafter referred to
as GPgyra. GPeupa is a GP based on 39 pre-experiments with asso-
ciated analyses. The findings were integrated into the BO frame-
work. The BO algorithm is then validated for process development
and optimization in the EHLA using new experiments.

The experimental investigations were performed on an EHLA
system by Hornet, which is equipped with a TruDisk 12001 laser, a

200/700 um fiber, and BrightLine Weld technology from Trumpf. !
The laser beam is focused onto the substrate surface using a Trumpf ;

BEO-D70 optics with motorized collimation, while the metal powder
is fed concentrically through an HD-Sonderoptiken High-No 5.0
powder nozzle. An Oerlikon Twin 150-LC unit serves as the powder
delivery system. As an application example, an EHLA coating for
corrosion prevention was chosen. An unalloyed S355 steel tube was
used as the substrate and coated with corrosion-resistant 316L stain-
less steel powder in the particle-size range of 20-65 um. Each coating
has a width of 20.000 um. The BO algorithm was implemented in
Python using the BoTorch library from Meta.

lll. RESULTS

The results of this work are presented in accordance with the
outlined procedure. First, the investigations on the surrogate model
GPrpyra are presented. In this context, the constraints and corre-
sponding threshold values are identified (see Sec. III A). Next, the
batch size at which BO approximates high coating thicknesses most
rapidly is investigated (see Sec. III B). Furthermore, the influence
of the number of initial data points on GPgyra was examined
(see Sec. IIT C). Next, the effect of crash constraints within the
framework was validated (see Sec. III D). The insights gained were
then implemented in the BO algorithm, and process development
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in EHLA using the developed BO framework was validated through
new experiments (see Sec. III E).

A. Constraints

In the first step, the constraints and their threshold values
for distinguishing between ok and nok coatings were investigated.
To identify the constraints and their threshold between ok and
nok, the 39 pre-experiments are first evaluated by five different
experts and classified into 12 ok and 27 nok coatings, with all
experts arriving at the same result, demonstrating a very high
reliability of the classification. Subsequently, the 39 coatings were
measured, yielding 20 distinct metrics from the 3D profilometer
and WIM data (see Sec. II). Each metric was mapped to the corre-
sponding expert decision. This analysis revealed that, for every single
metric, the minimum and maximum values for ok and nok classifi-
cations overlapped. Therefore, no single metric alone could reliably
separate the two classes, and a combination of two metrics has to be
used. For each metric, we defined a preliminary threshold as the
maximum value observed among all ok-classified coatings plus an
additional 10% margin. This approach ensures that, first, all coatings
classified ok by the experts are included; second, a safety margin is
provided to account for process variability; and third, thresholds
remain aligned with the resolution of the applied measurement
instruments. Next, all possible combinations of the 20 metrics with
the individual threshold (190 possibilities) were formed and
re-evaluated against the expert decisions. From these, six combina-
tions and their threshold were identified that yielded a clear separa-
tion between ok and nok coatings. To determine which constraint
combination enabled the BO algorithm to most efficiently maximize
coating thickness, five BO configurations (each using a different set
of constraints) were tested over ten iterations, by 30 different seed
data. The average layer thickness calculated from the 30 seed data for
the different BO configurations is shown in Fig. 3 for each iteration.

It should be noted that all six BO configurations exhibit
comparable trends in coating thickness development over itera-
tions, indicating that any of the constraint combinations would
be suitable. In the first three iterations, however, the BO configu-
ration employing the constraints <I1280um + coating thickness
difference approximated the largest coating thicknesses most rapidly,
but in subsequent iterations, it performed worse than the other BO
configurations. After ten iterations, the BO configuration with the
constraint combination particle + coating thickness difference achieved
the highest coating thickness of 320 um. In this work, the constraints
surface roughness particle + coating thickness difference were, there-
fore, selected as ¢; and ¢, respectively. The roughness metric particle
refers to the roughness spectrum in the range of 10-80 um, cap-
turing particle adhesions on the order of the powder particle size
(20-65 um). The constraint coating thickness difference accounts
for both the variation in thickness across the coating surface and
the waviness within a single layer. An example of this can be seen
in the fourth coating from the left in Fig. 1. The threshold values
for the constraints were determined as described above by aligning
them with the experts ok and nok classifications, adding a safety
margin of 10% of the respective maximum value. The resulting
thresholds are ¢; = 2, 6 um and ¢; = 100 um.

ARTICLE pubs.aip.org/lia/jla
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mean coating thickness [um]
®
S

130

80
1 2 3 4 5 6 7 8 9 10
Iterations [-]

—&—RMS + coating thickness difference
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=o—160-320 um + coating thickness difference
320-640 pm + coating thickness difference
640-1280 um + coating thickness difference

=—8-— <1280 um + coating thickness difference

FIG. 3. Mean layer thickness achieved over ten BO iterations for different
constraint combinations. Each line represents a BO configuration using one
constraint pair (see legend), averaged over 30 frials.

B. Batch size

To address the trade-off between experimental and analysis
costs, BO is implemented in this work as a batch optimization.
Due to the limited measurement capacity of the 3D profilometer
and WIM, up to six coatings can be measured per analysis, so the
maximum batch size is six. The minimum batch size is one experi-
ment. Since the influence of the number of initial data points on
the batch size is unknown, the study is conducted with varying
numbers of initial data points. Corresponding to the maximum
batch size, the maximum number of initial data points is also set to
six, while the minimum number of initial data points is two. For
each batch size, five BO configurations with different numbers of
initial data points are run for ten iterations each (totally, 30 BO
experiments). Afterward, for each batch size, the average coating
thickness achieved across the different initial data-point sets is cal-
culated. The results are shown in Fig. 4.

All BO configurations start with a comparable average coating
thickness of approximately 100 um. In iterations one through three,
there is a clear ranking of achieved coating thickness by the batch
size (see Fig. 4, iteration 3: batch size 1 at 150 um, increasing to
batch size 6 at 230 um). This ranking corresponds to the number of
data points in the BO configurations (iteration 3: batch size 1=5 — 9
data points; batch size 6=20 — 24 data points). Starting from the
fourth iteration, this ranking changes and the BO configurations
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FIG. 4. Effect of the batch size on BO performance, shown as the mean of the
maximum coating thickness obtained at each iteration for different numbers of
initial data points.

with batch size 3 achieve a higher coating thickness than the model
with batch size 4. After six iterations, the difference between batch
size 6 and batch size 3 is 12 um, which decreases in the seventh itera-
tion to 4 um. For the real experiment, this means that with batch size 6,
we would have conducted 18 more experiments by the end of six
iterations compared to batch size 3. After ten iterations, the BO
configuration with batch size 3 reaches the highest coating thick-
ness of 313 um (with batch size 6 reaches 310 um). Therefore, a
batch size 3 offers an acceptable trade-off between experimental
cost, analysis cost, and BO accuracy and was used for the subse-
quent procedure.

C. Initial data points

To investigate the BO algorithm in terms of the number of
initial data points, an additional experiment was conducted using the
surrogate model GPgpa. As described for batch size, the number of
initial data points was chosen between two and six. This results in
five different BO configurations. For each configuration, ten iterations
with six different starting values were run with a batch size of three.
Figure 5 shows the results of the average layer thickness achieved per
iteration.

After ten iterations, all configurations reach comparable coating
thicknesses of approximately 315 um. Figure 5 indicates that from the
second through the tenth iteration, the BO configurations with five
initial data points achieve the highest coating thickness, comparable
to the BO configuration with other numbers of initial data points.
This configuration was implemented in the framework for further
processing.
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FIG. 5. Influence of the number of initial data points on BO performance with a
fixed batch size of three. All configurations converge to similar final coating
thickness (~315um), but starting with five initial data points yields slightly
higher thicknesses from iteration 2 onward.

D. Crash constraints

In addition to constraints, the performance of the BO algo- i

rithm is examined when proposed parameters lead to nonadherent
and, thus, nonevaluable coatings (referred to as BOitoutcc)-
In contrast, the BO algorithm with crash constraints (hereafter
BOyitmccs see Sec. 1) was also evaluated. For each algorithm type
(BOuwithoutcc and BOyimcc), 39 experiments were conducted using
the same initial parameter sets. The BOyjhourcc model received no
feedback for nonevaluable parameter suggestions, resulting in fewer
data points available to fit the GP surrogate. The results are pre-
sented as box plots in Fig. 6. From the second through the sixth
iteration, BOyimcc achieves, on average, higher coating thicknesses
than BOyihoutcc. Furthermore, up to the fifth iteration, the inter-
quartile range for BOy;mcc is smaller than for BOy;wmoucc- Beyond
the fifth iteration, however, BO,imoutcc €xhibits a smaller inter-
quartile range than BO,ncc. This behavior can be attributed to
BOyithoutcc acquisition function focusing the search on a narrower
region of the parameter space. Batch optimization further amplifies
this effect, since each batch contained at least one evaluable point;
in a single-batch scenario, BOy;houtcc Would perform worse.

E. Experimental validation

The preliminary studies on the surrogate model GPgyra
(Secs. III A-III D) have determined which constraints and
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FIG. 6. Distribution of coating thicknesses achieved by BO with crash constraints
(BOyithce, turquoise color) and without crash constraints (BOyinoutce, Yellow color)
across 39 experiments. Boxes show interquartile ranges. BOincc achieves higher
median thicknesses in early iterations and maintains more consistent performance
until iteration 5.

threshold values, which batch size, and how many initial data
points enable the BO algorithm to maximize coating thickness in
as few iterations as possible. Based on these findings, the frame-
work depicted in Fig. 7 is used to validate BO-driven parameter
development in EHLA. A stop criterion has been integrated into
the framework so that the loop in Fig. 7 is to be run through one
last time as soon as a layer thickness of >500 um is reached while
complying with the constraints. The last loop was integrated to
check whether the layer thickness could be increased further. For
validation with real experiments, the BO algorithm is newly initial-
ized. This means that the BO validation model has not yet received
any data points from preliminary studies and that the GP surrogate
model within BO has not yet been constructed. As described in
Sec. I1I C, five new randomized initial parameter sets are generated.
EHLA coatings are then performed and measured, and the result-
ing data are fed into the BO algorithm. Subsequently, the frame-
work shown in Fig. 7 was executed for four iterations with a batch
size of three.

In total, 17 EHLA coatings were performed and analyzed, of
which three exhibited delamination failures (see Fig. 8, white outlines)
and were, thus, classified as crash constraints. In 12 coatings, at least
one constraint threshold was exceeded, resulting in five coatings being
classified as ok. The maximum ok coating thickness achieved was
557 um, while the maximum nok thickness was 775 um. The required
layer thickness of >500 um was achieved in the third iteration.

Figure 8 shows the process map of the GP model after the
seed experiments and four conducted iterations. The orange dots
represent the BO model’s prediction for a fifth iteration, which was
not performed. In the first panel, the achieved coating thickness is
plotted, in the middle panel, the constraint ¢, (coating thickness
difference), and in the last panel, the constraint ¢; (surface
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FIG. 7. Schematic of the experimental validation workflow for the BO framework.
The process includes initialization with random parameter sets, coating deposition,
measurement of objective and constraints, BO model update, and proposal of new
parameter sets.

roughness). The initial parameter sets and those proposed by the
BO algorithm are color-coded for each iteration.

It should be noted that the parameter suggestions in iterations
1 and 2 are still widely dispersed across the parameter space.
From the third iteration onward, parameter sets are increasingly
proposed within a laser power range of 7000-8000 W and a powder
mass flow range of 80-100 g/min. For closer analysis, Fig. 9 presents
a zoom into this region. The color scale has been adjusted relative to
Fig. 8 to highlight the constraint thresholds more clearly. The con-
straints are satisfied for ¢; <2.6um and ¢, <100 um (see the green-
yellow area in Fig. 9). Within this zoomed view, it can be seen that
with each successive iteration, proposed parameter sets shift toward
regions of higher expected coating thickness (yellow area in the top
panel of Fig. 9). Moreover, in iteration 2 (red points in Fig. 9), either
¢1 or ¢, is violated. In iterations 3 and 4, one parameter set per itera-
tion triggers the crash constraint (see the white-outlined blue and
black points in Fig. 8), while two parameter sets per iteration satisfy
both constraints (blue and black points in Fig. 9). Between iterations
3 and 4, the parameter sets are adjusted such that higher coating
thicknesses become attainable. For the prediction of iteration 5, the
BO algorithm attempts to further increase the coating thickness.
However, every proposed parameter set violates at least one con-
straint threshold.
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cases (nonadherent coatings).
BO algorithm clearly navigates along the constraint thresholds in
By overlaying the process maps of the constraints from itera- its attempts to maximize coating thickness. Notably, in iteration 4,
tion 4, it can be observed that the maximum expected coating a parameter set of P =7722W and ritp = 94, 43 g/min yielded a
thickness of 560 um is achieved under compliance with the con- coating thickness of 557 um, corresponding to a theoretical powder
straints at Py, =7712W and r1p = 95 g/min. In iterations 3-5, the efficiency of 100%.
J. Laser Appl. 37, 042013 (2025); doi: 10.2351/7.0001906 37, 042013-8
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IV. CONCLUSION

In this work, we developed a BO framework and applied BO
for the first time to maximize coating thickness in the EHLA
process under constant economic conditions and quality require-
ments. Initially, a GP surrogate model (GPgura) was constructed
based on 39 pre-experiments, which enabled the identification of
critical constraints and their thresholds for ensuring surface
quality. Subsequent experiments determined the batch size, and the
number of initial data points required for BO to achieve maximal
coating thickness in the parameter space with minimal experimen-
tal effort. The framework presented in Fig. 7, thus, facilitates largely
automated parameter optimization without the need for extensive
expert knowledge.

The model was then validated in 17 real EHLA coatings,
resulting in the identification of a parameter set yielding a coating
thickness of 557 um while satisfying all quality constraints,
more than twice the conventional EHLA thickness of 250 um.
Furthermore, compared to traditional process developments in the
39 pre-experiments, it was demonstrated that BO achieves higher
layer thicknesses with fewer experiments. The BO framework is run
four times until the stopping criterion is reached. The predictions for
a fifth iteration indicate a potentially higher layer thickness. Overall,
this study demonstrates that BO is a powerful tool for supporting
and accelerating EHLA process development.

V. OUTLOOK

The results demonstrate the successful parameter development
for maximizing coating thickness in the EHLA process. This work
suggests several avenues for future research to further streamline
process development. One approach should focus on extracting rele-
vant quality features directly from EHLA process data, paving the
way for a closed-loop BO implementation. The sensitivity of the
threshold values of the constraints should also be considered further
with regard to the performance of the BO model. The stop criteria
must also be considered here. In this work, it can be seen that
although the required layer thickness has already been achieved, there
are parameters where even higher layer thicknesses exist. Moreover,
BO can be extended to handle more than two parameters simultane-
ously when optimizing a target metric. Although this increases the
search space, it also enables the identification of additional nonlinear
interactions among parameters. An extension could involve not only
integrating more parameters but also multiple optimization objectives,
such as hardness, crack count, or porosity, resulting in a multi-
objective BO. It remains to be investigated whether a constraint-based
optimization or a multi-objective BO yields greater efficiency in
parameter development. While BO is a powerful tool for process opti-
mization, questions remain regarding the impact of disturbances,
such as variations in powder batches or machine wear, on the BO
algorithm. Furthermore, research is needed to determine how learned
process—parameter relationships can be transferred to other material
systems in order to further reduce experimental costs.
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