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Abstract: A significant challenge in laser drilling is the

optimization of process parameters and drilling strate-

gies to achieve high-quality holes. This is further compli-

cated by the fact that quality assessment is a manual and

time-consuming task. This paper presents a methodology

designed to significantly reduce the manual effort required
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in optimizing parameters for single-pulse laser drilling of

0.3 mm thick stainless steel. The objective is to precisely

drill holes with an entry diameter of 70 μm and an exit

diameter of 20 μm, achieving high roundness. The features
of the drilled holes were extracted automatically from the

raw data. The outcomes were compared against manual

measurements. Results indicate that the mean deviations

between automated and manual measurements for both

inlet and outlet diameters are less than 1.5 μm. Based on the
results of the feature extraction, we employed a Bayesian

optimization algorithm to efficiently explore the parameter

spacewithout the need for incorporating expert knowledge.

The approach rapidly identified optimal drilling parameters

after only a few iterations, significantly expediting the opti-

mization process and considerably reducing manual labor.

Keywords: laser drilling; semantic segmentation; feature

extraction; Bayesian optimization

Zusammenfassung: Eine wesentliche Herausforderung

beim Laserbohren besteht in der Optimierung von

Prozessparametern zur Erzeugung hochwertiger

Bohrungen. Die Qualitätsbewertung erfolgt bislang zudem

überwiegend manuell und ist daher sehr zeitaufwendig.

In dieser Arbeit wird eine Methodik vorgestellt, die den

manuellen Aufwand bei der Optimierung von Parametern

für das Einzelpuls-Laserbohren von 0,3 mm dickem

Edelstahl erheblich reduziert. Ziel war es, Bohrungen

mit einem Eintrittsdurchmesser von 70 μm und einem

Austrittsdurchmesser von 20 μm bei hoher Rundheit

präzise herzustellen. Die Merkmale der gebohrten Löcher

wurden automatisch aus den Rohdaten extrahiert und

mit manuellen Messungen verglichen. Die Ergebnisse

zeigen, dass die mittleren Abweichungen zwischen

automatisierten und manuellen Messungen sowohl für

den Eintritts- als auch für den Austrittsdurchmesser

weniger als 1,5 μm betragen. Basierend auf den

Ergebnissen der Merkmalsextraktion wurde ein

Bayes’scher Optimierungsalgorithmus eingesetzt, um den
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Parameterraum effizient und ohne Einbeziehung von

Expertenwissen zu durchsuchen. Der Ansatz identifizierte

geeignete Bohrparameter bereits nachwenigen Iterationen,

beschleunigte den Optimierungsprozess und reduzierte

den manuellen Aufwand deutlich.

Schlüsselwörter: Laserbohren; semantische Segmentie-

rung; Merkmalsextraktion; Bayes’sche Optimierung

1 Introduction

The manufacturing industry is constantly searching for

advanced methods to improve the precision and efficiency

of laser drilling processes [1]. Various strategies have been

employed, including traditional methods such as Design

of Experiments (DoE) and Response Surface Methodol-

ogy (RSM), as well as advanced computational techniques.

For instance, Gupta et al. demonstrated RSM’s utility in

optimizing hole quality for millisecond-pulsed lasers, yet

such methods require exhaustive parameter iterations and

fail to scale effectively in high-dimensional spaces [2].

Advanced computational techniques, such as artificial neu-

ral networks applied to ns-pulsed laser drilling in stainless

steel (Wang et al. [3]) and neuro-fuzzy systems for predict-

ing laser drilling outcomes (Chatterjee et al. [4]), improve

prediction accuracy but remain constrained by their

reliance on large training datasets and limited ability to

dynamically explore complex parameter landscapes. These

shortcomings highlight a critical need for optimization

frameworks that minimize experimental overhead while

maximizing adaptability to multidimensional parameter

interactions.

Advances in computational techniques, particularly

approaches to Bayesian optimization (BO), provide a

promising alternative that can predict multi-dimensional

parameters spaces in laser processes with significantly

fewer iterations and lessmanual intervention [5]. Yang et al.

[6] applied BO to improve taper and drilling time in spiral

drilling of stainless steel, achieving suitable results with few

iterations. Bamoto et al. [7] optimized a femtosecond laser

micro-drilling process. Menold et al. [8] demonstrated the

versatility of BO in optimizing laser cutting, laser welding

and laser polishing. They showed that less experiments are

needed than with traditional approaches.

In addition to the actual optimization of drilling param-

eters, the extraction of the features required by the opti-

mization approaches represents a significant challenge in

process optimization. In previous studies on laser drilling,

the quality measurements were predominantly assessed

through manual measurements [2]. Feuer et al. [9] propose

an automated approach to extract the drilling geometry as

features. Approaches to automated feature extraction and

quality control for a laser welding process using semantic

segmentation are presented by Hartung et al. [10].

This paper presents an approach that incorporates

sophisticated feature extraction techniques that employ a

combination of deep learning models and conventional

image processing methods to accurately extract quality fea-

tures of single-pulse drilled holes. Subsequently, this study

investigates the potential of BO with the aim of determin-

ing optimal laser parameters including pulse power, pulse

length, and focus position to ensure high-quality holes in

terms of diameter and roundness.

2 Materials and methods

This section outlines the experimental setup for single-pulse

laser drilling of thin metal sheets and provides an overview

of the feature extraction and parameter optimization meth-

ods employed. The iterative optimization process is illus-

trated in Figure 1.

The optimization begins with the generation of initial

parameter sets. For the initial n = 6 optimization steps,

parameter sets are generated using a Sobol sequence [11]

to ensure uniform distribution across the parameter space.

Beyond these initial steps, subsequent parameter sets are

determined using Bayesian optimization (BO).

The iterative process commences with the laser drilling

procedure, where thin metal sheets are drilled under vary-

ing laser parameters. Following this, microscope images of

the drilled inlets and outlets are captured. These images

undergo analysis using a feature extractionmethod to quan-

tify key quality parameters: inlet diameter dI, outlet diame-

ter dO, and roundness R. The extracted quality parameters

are thenused as input of a cost function,which evaluates the

performance of the current parameter set by deriving a cost

value. This cost value serves as the input for Bayesian opti-

mization, which subsequently suggests new laser parame-

ters, including peak power PP, pulse length tP, and focus

position zf . This iterative process continues until predefined

optimization criteria are met, ensuring systematic refine-

ment of laser drilling parameters for improved quality and

precision.

2.1 Experimental setup

Figure 2 shows the experimental setup of the single-pulse

laser drilling process. In this study, a continuous wave (cw)

single mode fiber laser (TRUMPF TruFiber 2000) was used

to perform the single-pulse laser drilling experiments. The
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Figure 1: Iterative optimization process using feature extraction from microsocope images and a Bayesian optimization step to optimize drilling

parameters.

Figure 2: Left: Experimental setup. Right: Borehole cross section with images of an (a) inlet with diameter dI and (b) outlet with diameter dO.

emission wavelength of the unpolarized laser was specified

as 1,075 nm in conjunction with a beam propagation factor

ofM2
< 1.2. The laser beamwas positioned onto the stainless

steel sample with a galvanometer scanner. A telecentric F-

Theta lens with a focal length of 163 mmwas used, resulting

in a focus diameter (1/e2) of df = 20 μm.Thepulsed operation
mode of the laser source enables the generation of pulses

with a peak power PP up to 1,400 W. This allows for the

adjustment of the pulse length between values from 1 to

25 μs. The setupwas equippedwith linear stages (x,y) for the
sample and a linear drive (z) for the process optics to adjust

the focus position. The focus position can thus be positioned

with an accuracy of 1 μm.
The materials used for the experiments are stainless

steel (1.4310) substrates. The substrates, with a thickness

h of 0.3 mm, were cut to a size of 100 mm × 50 mm. An

optical microscope (Zeiss Axio Imager) was used to evaluate

the borehole criteria, such as inlet (Figure 2a) and outlet

(Figure 2b). A 20×magnificationwas used for optical micro-

scopic observation, where one pixel is equivalent to 0.172 ×
0.172 μm2. The evaluation criteria include the diameter of

the inlet dI and of the outlet dO, as well as the roundness R of

the outlet.Wedrilled and analyzed i= 3 holes per parameter

set to reduce the influence of side effects from the inherent

noise of laser processing and other uncertainties.

2.2 Feature extraction

In the context of manual measurement, the borehole diam-

eter is determined through the use of theMenger Curvature

[12]. The Menger Curvature (MC) quantifies the curvature

of a triplet of points in an n-dimensional Euclidean space.

It is defined as the reciprocal of the radius of the circle that

passes through three points p1, p2, and p3, as illustrated in

Figure 3(a).

For the given borehole image, the problem is treated

as two-dimensional, with p1, p2, and p3 representing three

non-collinear points (as shown in Figure 3(b)) in the 2D

Euclidean space E2. As shown in Figure 3(a), MC on p2 is

calculated as:

MC( p1, p2, p3 ) =
1

r
= 2 ⋅ sin(𝜑)

‖p1, p3‖
, (1)

where r denotes the radius of the circumcircle, ‖p1, p3‖

represents the Euclidian distance between points p1 and p3,

and𝜑 is the angle at vertex p2 formed by p1, p2, and p3 [14].

The angle 𝜑 can be determined using the Law of Cosines.

cos(𝜑) = ‖p1, p2‖
2 + ‖p2, p3‖

2 − ‖p1, p3‖
2

2 ⋅ ‖p1, p2‖
2 ⋅ ‖p2, p3‖

2
. (2)

The three points p1, p2, and p3, which are suitable to

determine the Menger Curvature that assigns a reasonable
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Figure 3: Manual measurement of the borehole diameter (a) The Menger Curvature of a triple of data points on a 2-D space, based on Zuo et al. [13].

(b) Example of radius determination using the Menger Curvature on a borehole.

radius to the borehole, are currently determined manu-

ally by process experts by inspecting calibrated images of

the boreholes. This method is not only time-consuming but

also prone to variability, both among different experts and

within repeated measurements by the same expert, due

to inconsistencies in the placement of the measurement

points.

The objective is to automatically extract the features

that are required for the parameter optimization directly

from the microscope images. The features include the

borehole’s inlet diameter dI and outlet diameter dO, the

borehole’s roundnessR, the area of themelt deposits around

the borehole, and a classification ofwhether a breakthrough

has occurred. Initial attempts to perform feature extraction

based solely on conventional image processing methods

have not delivered satisfactory results. Due to the divergent

surface properties of thematerials to be processed, there is a

high degree of variance in the captured images, for example,

due to reflections and mirroring. This variance requires

great efforts to manually adjust the algorithm parameters

of conventional image processing methods. Deep learning

methods represent another viable approach to address nat-

ural deviations in images like reflections and mirroring.

However, a method based exclusively on deep learning

that directly determines quality characteristics can be intri-

cate and challenging for operators to understand. A com-

bined approach, comprising semantic segmentation mod-

els and conventional image processing methods, enables

a more robust and understandable extraction of features.

In our study, we employ two semantic segmentation mod-

els, each with a neural network architecture modified

from the SDU-Net [15]. Our approach builds directly on

principles established in the foundational U-Net architec-

ture by Ronneberger et al., which demonstrated successful

segmentation results with only 30 annotated training sam-

ples [16]. The SDU-Net architecture enhances the original

U-Net design by incorporating stacked dilated convolutions,

which expand the receptive field without increasing the

number of parameters [15]. Additionally, we employ Cat-

egorical Focal Loss [17] to mitigate overfitting in class-

imbalanced scenarios by focusing learning on hard-to-

classify examples, ensuring robust performance even with

limited data. These models are used to segment images

from the top (inlet) and bottom (outlet) of the borehole.

The inlet model classifies the image into the following

classes, as partly shown in Figure 4(b): burr, melt deposits,

and one of the classes borehole with breakthrough or bore-

hole without breakthrough. The outlet model segments the

image into: background, melt deposits, borehole with break-

through, and borehole without breakthrough. To train the

inlet model, 68 labeled images were used, while the outlet

model was trained with 44 images. The discrepancy in the

number of training images is because only through bore-

holes are included in the outlet dataset. The models are ini-

tialized randomly without any pre-training. The classes seg-

mented by the models are further analyzed using conven-

tional image processing methods. Figure 4(c) shows, how

the borehole diameter dI was calculated using the contour

(green) of the segmented borehole class boreholewith break-

through. This calculation involves averaging the diameters

of two specific circles: theminimumenclosing circle, dmin,enc
(shown in yellow), determined using the method proposed

by Welzl et al. [18], and the maximum inscribing circle,

dmax,ins (shown in red), as described by Xia et al. [19].
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Figure 4: Feature extraction approach. (a) Inlet of a borehole with breakthrough. (b) Segmented classes by the neural network: melt deposits, burr,

and borehole with breakthrough. (c) Contour of the borehole (green) from which the diameter of the maximum inscribing circle dmax,ins (yellow) and

the diameter of the minimum enclosing circle dmin,enc (blue) were derived.

The roundness R of the borehole is defined by the ratio

of the borehole area Aborehole (Figure 4(b) green) to the area

of the minimum enclosing circle Amin,enc [20]:

R = Aborehole
Amin,enc

(3)

This equation provides a quantitative measure of

roundness, enabling straightforward comparisons between

different boreholes. The method is applicable to bore-

holes that are shaped irregularly, as shown in Figure 5,

ensuring that deviations from perfect circularity are effec-

tively captured by employing the minimum enclosing cir-

cle. Furthermore, the use of the minimum enclosing cir-

cle ensures that the largest possible deviation from round-

ness is considered, offering a conservative assessment

of circularity. The method’s sensitivity to outliers, such

as melt deposits as shown in Figure 5(c), is a notable

characteristic. These irregularities can disproportionately

influence the area of the minimum enclosing circle, thereby

distorting the roundness value. However, this high sensitiv-

ity to outliers is not inherently disadvantageous, as such

irregularities directly impact the quality of the borehole.

Consequently, high sensitivity is a desirable characteris-

tic in this context, as it accentuates deviations that could

compromise the functionality or structural integrity of the

well.

The melt deposition area is calculated as the sum

of the segmented burr and melt deposits area classes.

In order to ascertain whether breakthrough is present,

the areas belonging to the borehole with breakthrough

and borehole without breakthrough classes are compared.

A breakthrough is classified if the area of the borehole

Figure 5: Illustrations of the minimum enclosing area (Amin,enc, blue) for various borehole geometries (Aborehole, green) with results for roundness

values R.
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with breakthrough class is larger than that of the borehole

without breakthrough class. Otherwise, no breakthrough is

classified.

2.3 Bayesian optimization

To optimize the single-pulse laser drilling process, we used

extracted process and quality data in a Bayesian optimiza-

tion framework to identify optimal laser parameters. The

AX Service API [21] was used, with a Gaussian Process as

a surrogate model [22], and the default Matern 5/2 ker-

nel for the optimization. This approach efficiently explored

the parameter space, aiming to optimize the drilling pro-

cess with minimal experimental effort. As acquisition func-

tion Expected Improvement [23] was used. The choice of

these BayesianOptimization parameters is derived from the

comprehensive research results by Menold et al. [8], who

demonstrated their effectiveness across various other laser

processes.

2.3.1 Process parameters and quality variables

Holes drilled with laser usually need to fulfill requirements

regarding dimensional accuracy, surface quality and repro-

ducibility. For this paper, we concentrated on optimizing

three quality variables: (1) inlet diameter dI, (2) outlet diam-

eter dO and (3) roundness R by varying the process parame-

ters pulse power PP, pulse length tP and the focal position zf
as listed in Table 1. The aimwas to achieve a target inlet and

outlet diameter dtarget, and at the same time, the greatest pos-

sible roundnessRtarget= 1 at the outlet. The quality variables

result from the feature extraction process described in

Section 2.2. The area of themelt deposits was excluded from

the BO to concentrate on enhancing the accuracy of the

geometrical features.

2.3.2 Cost function

In order to compare the quality of different boreholes,

a cost function C(x) was formulated that converts the

Table 1: Process parameters and quality variables.

Category Parameter/

variable

Symbol Value range,

target

Process parameters

Pulse power PP 300 W . . . 1,400 W

Pulse length tP 1 μs . . . 25 μs
Focal position zf −200 μm .. . 200 μm

Quality variables

Inlet diameter dI dI,target = 70 μm
Outlet diameter dO dO,target = 20 μm
Roundness R 0 . . . 1, Rtarget = 1

characteristic quality variables into a comparable cost

value. The aim of the Bayesian optimization method is to

minimize the cost value

C(x) = 𝑤d,I ⋅ |dI(x)− dI,target|+𝑤d,O ⋅ (dO(x)− dO,target )
2

+𝑤R ⋅ (1− R(x))+𝑤E ⋅ EP
(4)

by iteratively adjusting the process parameters x =
(PP, tP, zf ) to achieve a target inlet and outlet diameter with

maximum roundness of the outlet.

In the cost function, each of the three quality variables

is represented by a summand. Each of these summands

increases with increasing deviation between the variable’s

value and the target value. A fourth summand refers to

the pulse energy EP by multiplying pulse length and pulse

power EP = PP ⋅ tP, which is to be minimized to encourage
a short drilling duration and lower heat input. The qual-

ity characteristics are prioritized using weights 𝑤i. Deter-

mining the appropriate weights requires domain-specific

expertise and is inherently subjective. These weights are

contingent upon the optimization objectives and the rela-

tive magnitude of the associated process parameters. Given

the significant impact of the weights on the optimization

outcomes, it is necessary to adjust them prior to initiating

the optimization process.

The weights were kept constant as 𝑤d,I = 1 μm−1;

𝑤d,O = 4 μm−1; 𝑤R = 200; 𝑤E = 2 mJ−1. For each itera-

tion n, three holes were drilled using the parameter set xn
and evaluated with an optical microscope. The image data

was analyzed by feature extraction as described above. If

no breakthrough occurs, the cost C becomes high due to

the quadratic influence of the outlet diameter term 𝑤d,O ⋅
(dO(x)− dO,target )

2. In addition, the roundness R is set to

zero, which leads to maximum costs of the roundness term

𝑤R ⋅ (1− R(x)) = 200.

3 Results and discussion

This section discusses the results obtained from the feature

extraction techniques, which are divided into two parts:

The evaluation of the training of the segmentation networks

and the evaluation of the feature extraction methods based

on the segmentation results. Subsequently, we explore the

findings from the BO.

3.1 Results of the feature extraction

The effectiveness of the feature extraction was evalu-

ated by measuring 75 inlets and outlets, which were then
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compared with the results of a manual measurement con-

ducted by experts. These images were not included in

the training data set. We employ the Intersection over

Union

IoU(A,B) = |A ∩ B|

|A ∪ B|
(5)

introduced by Jaccard et al. [24] as an evaluation metric

to assess the predictions of the model. Here A is the seg-

mentation mask used for training and B is the prediction

of the segmentation network. During the evaluation, the

inlet model achieved an IoU value of 0.97 for the borehole

classes, while the outlet model achieved an IoU value of 0.95

for this class. However, the melt deposits and burr classes

exhibit a decline in performance, each reaching an IoU

value of 0.75. This can be attributed primarily to the distinc-

tive characteristics of the melt deposits, which also leads as

a maximum IoU value of 0.78 for these two classes during

training.

After image segmentation, diameters are calculated

based on the prediction of the borehole models. To assess

the precision of the measurement techniques with respect

to representative data, the inlets and outlets of 75 addi-

tional boreholes, drilled in identical experimental condi-

tions as illustrated in Figure 2, were evaluated. The mea-

surements were performed using two methods: automatic

feature extraction and manual measurements based on the

Menger Curvature method. Each of the 75 boreholes was

measuredmanually by two experts (PersonA and Person B),

with Person A performing two independent measurement

trails for all 75 boreholes. Table 2 presents the mean values

of inlet and outlet diameters for eachmeasurementmethod.

The distribution of inlet and outlet diameters, along with

respective deviations between measurements, is shown in

Figure 6.

Table 2:Mean values of 75 measured inlet and outlet diameters of

automatic feature extraction and manual measurements by experts.

Diameter Feature

extraction

Person A,

first trial

Person A,

second trial

Person B

Inlet 71.44 μm 71.08 μm 71.45 μm 72.47 μm
Outlet 28.47 μm 27.86 μm 27.96 μm 27.43 μm

The mean deviation between Person A’s first trial and

the automated measurement trial is 0.36 μm for inlet diam-

eters and 0.61 μm for outlet diameters, which is within the

expected accuracy and tolerance limits for borehole mea-

surements. The mean deviation between manual measure-

ments conducted by Person A (first trial) and Person B is

1.39 μm for inlet diameters and 0.43 μm for outlet diame-

ters. These low deviations across all automated and man-

ual measurement techniques validate the effectiveness of

feature extraction in determining inlet and outlet diame-

ters. Themethods outlined enable automated boreholemea-

surement, facilitating parameter optimization while signifi-

cantly reducing manual effort.

3.2 Results of the Bayesian optimization

Figure 7 shows the evolution of the process parameters

(left) and quality variables (right) during the optimization

process. During the initialization process (orange) with

parameters chosen by the Sobol sequence, a wide range of

process parameters is covered, resulting in a high cost value

(red curve). In the start sequence, three parameter sets n =
3, 4, 5 did not lead to through holes, because the pulse length

was too short. In the following optimization steps the BO

suggested only one more parameter set at n = 26, where no

breakthroughs were achieved.

Figure 6: Comparison of measurement methods for 75 measured borehole inlets and outlets. Distribution of inlet (left) and outlet (right) diameters

and their mean value by using automatic feature extraction and manual measurements.
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Figure 7: Results of Bayesian optimization process. Left: Evolution of process parameters (focal position, pulse power, pulse length) over 30 iterations.

Right: Corresponding quality variables (inlet diameter, outlet diameter, roundness) and cost function value. Orange points indicate initialization phase.

Insets (a) and (b) show inlet and outlet of optimal borehole at iteration n= 12.

In the bottom right of Figure 7 the inlet and outlet of

the borehole with the minimum cost value C12 = 86.00 after

n= 12 iterations with process parameters zf =−79.0 μm, PL
= 898 W and tP = 17 μs is shown. This led to an inlet diam-
eter of dI = 68.0 μm, an outlet diameter of dO = 18.03 μm
and a roundness of R = 0.84 which are close to the targeted

values.

4 Conclusions

The aim of this work was to reduce the manual effort in

parameter search for single-pulse laser drilling. By employ-

ing a combination of deep learning techniques for the seg-

mentation of microscope images and conventional image

processing methods for themeasurement of segmentations,

it is possible to perform a robust and rapid determination of

the quality features of a borehole, particularly in challeng-

ing imaging situations, such as those caused by reflections.

The results demonstrate that the mean deviations between

manual measurements and feature extraction for both inlet

and outlet diameters are less than 1.5 μm. It has been shown
that the deviation between manual and automated mea-

surement is smaller than between two manual measure-

ments carried out by different persons.

Furthermore, Bayesian optimization has been demon-

strated to be an effective approach for achieving target

hole characteristics with a minimal number of iterations.

In an optimization experiment comprising 30 iterations, the

parameters conducive to drilling with the desired charac-

teristics were identified after just 12 iterations. This signifi-

cantly reduces the need for traditional full-factorial exper-

imental designs, simplifying the laser drilling optimization

process and increasing efficiency in industrial applications.

Future research directions include the development of

hybrid models that combine Bayesian optimization with

physics-informed constraints to further reduce experimen-

tal iterations, validation of the presented procedure for

additional use cases, and investigation and optimization of

computational efficiency.

Research ethics: Not applicable.

Informed consent: Not applicable.

Author contributions: All authors have accepted responsi-

bility for the entire content of thismanuscript and approved

its submission.

Use of Large Language Models, AI and Machine Learning

Tools: None declared.

Conflict of interest: The authors declare no conflicts of

interest regarding this article.

Research funding: This work was supported by the Lan-

desministerium für Wissenschaft, Forschung und Kunst

Baden Württemberg (Ministry of Science, Research and the

Arts of the State of Baden-Wurttemberg) within the Nach-

haltigkeitsförderung (sustainability support) of the projects

of the Exzellenzinitiative II.



340 — M. Klaiber et al.: Optimization of laser drilling using advanced image processing

Data availability: The data that support the findings of

this study are not publicly available due to confidentiality

restrictions.

References

[1] Y. C. Shin, B. Wu, S. Lei, G. J. Cheng, and Y. Lawrence Yao,

“Overview of laser applications in manufacturing and materials

processing in recent years,” J. Manuf. Sci. Eng., vol. 142, no. 11, 2020.

https://doi.org/10.1115/1.4048397.

[2] A. K. Gupta, R. Singh, and D. Marla, “Millisecond pulsed laser

micro-drilling of stainless steel − optimizing hole quality using

response surface methodology,” J. Laser Micro/Nanoeng., vol. 18,

no. 3, pp. 187−195, 2023..
[3] C.-S. Wang, Y.-H. Hsiao, H.-Y. Chang, and Y.-J. Chang, “Process

parameter prediction and modeling of laser percussion drilling by

artificial neural networks,” Micromachines, vol. 13, no. 4, p. 529,

2022..

[4] S. Chatterjee, S. S. Mahapatra, V. Bharadwaj, B. N. Upadhyay, and

K. S. Bindra, “Prediction of quality characteristics of laser drilled

holes using artificial intelligence techniques,” Eng. Comput., vol. 37,

no. 2, pp. 1181−1204, 2021..
[5] A. Michalowski, et al., “Advanced laser processing and its

optimization with machine learning,” in Laser Applications in

Microelectronic and Optoelectronic Manufacturing (LAMOM) XXVIII,

SPIE, 2023.

[6] J. Yang, J. Niu, L. Chen, K. Cao, T. Jia, and H. Xu, “Tunable

simultaneous bayesian optimization of hole taper and processing

time in qcw laser drilling,” J. Manuf. Process., vol. 109, pp. 471−480,
2024..

[7] K. Bamoto, H. Sakurai, S. Tani, and Y. Kobayashi, “Autonomous

parameter optimization for femtosecond laser micro-drilling,” Opt.

Express, vol. 30, no. 1, pp. 243−254, 2022..
[8] T. Menold, V. Onuseit, M. Buser, M. Haas, N. Bär, and A.

Michalowski, “Laser material processing optimization using

bayesian optimization: a generic tool,” Light: Adv. Manuf., vol. 5, no.

3, p. 1, 2024..

[9] A. Feuer, R. Weber, R. Feuer, D. Brinkmeier, and T. Graf,

“High-quality percussion drilling with ultrashort laser pulses,”

Appl. Phys. A, vol. 127, no. 9, 2021, Art. no. 665..

[10] J. Hartung, A. Jahn, and M. Heizmann, “Quality control of laser

welds based on the weld surface and the weld profile,” in Forum

Bildverarbeitung 2022, T. Längle, Ed., KIT Scientific Publishing, 2022,

pp. 61−72.
[11] I. Sobol’, “On the distribution of points in a cube and the

approximate evaluation of integrals,” USSR Comput. Math. Math.

Phys., vol. 7, no. 4, pp. 86−112, 1967..
[12] J. C. Leger, “Menger curvature and rectifiability,” Ann. Math.,

vol. 149, no. 3, p. 831, 1999..

[13] Z. Zuo, J. Li, H. Xu, and N. Al Moubayed, “Curvature-based

feature selection with application in classifying electronic

health records,” Technol. Forecast. Soc. Change, vol. 173, 2021,

Art. no. 121127..

[14] Z. Zuo, J. Li, and L. Yang, “Curvature-based sparse rule

base generation for fuzzy interpolation using menger curvature,”

in Advances in Computational Intelligence Systems, Ser. Advances

in Intelligent Systems and Computing, vol. 1043, Springer

International Publishing, 2020, pp. 53−65.
[15] S. Wang, et al., “U-net using stacked dilated convolutions for

medical image segmentation,” 2020. [Online]. http://arxiv.org/

pdf/2004.03466v2.

[16] O. Ronneberger, P. Fischer, and T. Brox, “U-net: convolutional

networks for biomedical image segmentation,” in Medical Image

Computing and Computer-Assisted Intervention − MICCAI 2015, N.

Navab, J. Hornegger, W. M. Wells, and A. F. Frangi, Eds., Cham,

Springer International Publishing, 2015, pp. 234−241.
[17] M. Yeung, E. Sala, C.-B. Schönlieb, and L. Rundo, “Unified focal

loss: generalising dice and cross entropy-based losses to handle

class imbalanced medical image segmentation,” Comput. Med.

Imaging Graph., vol. 95, p. 102026, 2022..

[18] E. Welzl, “Smallest enclosing disks (balls and ellipsoids),” in New

Results and New Trends in Computer Science, Ser. Lecture Notes in

Computer Science, vol. 555, H. Maurer, Ed., Springer-Verlag, 1991,

pp. 359−370.
[19] R. Xia, W. Liu, J. Zhao, H. Bian, and F. Xing, “Robust algorithm for

detecting the maximum inscribed circle,” in 10th IEEE International

Conference on Computer-Aided Design and Computer Graphics, IEEE,

2007, pp. 230−233.
[20] B. Walters, et al., “Engineering the geometrical shape of

mesenchymal stromal cells through defined cyclic stretch

regimens,” Sci. Rep., vol. 7, no. 1, p. 6640, 2017..

[21] E. Bakshy, et al., AE: A Domain-Agnostic Platform for Adaptive

Experimentation, [Online], NIPS, 2018, Available at: https://api

.semanticscholar.org/CorpusID:73557896.

[22] C. E. Rasmussen, Gaussian Processes for Machine Learning, Ser.

Adaptive Computation and Machine Learning, Cambridge, MIT Press,

2006.

[23] J. Mockus, V. Tiesis, and A. Zilinskas, “The application of bayesian

methods for seeking the extremum,” J. Glob. Optim., vol. 2, nos.

117−129, p. 2, 1978.
[24] P. Jaccard, “Lois de distribution florale dans la zone alpine,” Bull.

Soc. Vaud. Sci. Nat., vol. 38, no. 144, pp. 69−130, 1902..

Bionotes

Manuel Klaiber

Graduate School of Excellence Advanced

Manufacturing Engineering (GSaME),

University of Stuttgart, Nobelstraße 12, 70569

Stuttgart, Germany; and TRUMPF Laser SE,

Aichhalder Str. 39, 78713 Schramberg,

Germany

manuel.klaiber@gsame.uni-stuttgart.de

https://orcid.org/0009-0003-3750-9126

Manuel Klaiber is a doctoral candidate at the Graduate School of

Excellence advanced Manufacturing Engineering (GSaME) in Stuttgart,

conducting research in collaboration with TRUMPF Laser SE. He earned

his bachelor’s degree in Technical Computer Science from

Albstadt-Sigmaringen University and completed his master’s degree in

Machine Learning and Data Analytics at Aalen University. In his PhD, he

focuses on autonomous laser welding, with particular interest in

applying AI models for edge computing and developing in-line quality

monitoring systems through sensor fusion.

https://doi.org/10.1115/1.4048397
http://arxiv.org/pdf/2004.03466v2
http://arxiv.org/pdf/2004.03466v2
https://api.semanticscholar.org/CorpusID:73557896
https://api.semanticscholar.org/CorpusID:73557896
mailto:manuel.klaiber@gsame.uni-stuttgart.de
https://orcid.org/0009-0003-3750-9126


M. Klaiber et al.: Optimization of laser drilling using advanced image processing — 341

Mathias Hug

Graduate School of Excellence Advanced

Manufacturing Engineering (GSaME),

University of Stuttgart, Nobelstraße 12, 70569

Stuttgart, Germany; and TRUMPF Laser SE,

Aichhalder Str. 39, 78713 Schramberg,

Germany

https://orcid.org/0009-0009-2756-1944

Mathias Hug is a doctoral student at the Graduate School of Excellence

advanced Manufacturing Engineering in Stuttgart (GSaME) and conducts

research in cooperation with the University of Stuttgart and TRUMPF

Laser SE. He completed his bachelor’s degree in mechatronics at the

Baden-Württemberg Cooperative State University (DHBW) and his

master’s degree in applied materials science at Furtwangen University of

Applied Science. In his doctorate, he is working on laser high rate drilling.

Lukas Schneller

Graduate School of Excellence Advanced

Manufacturing Engineering (GSaME),

University of Stuttgart, Nobelstraße 12, 70569

Stuttgart, Germany; and Institut für

Strahlwerkzeuge (IFSW), University of

Stuttgart, Pfaffenwaldring 43, 70569

Stuttgart, Germany

https://orcid.org/0009-0006-6222-0625

Lukas Schneller is a doctoral candidate at the Graduate School of

advanced Manufacturing Engineering (GSaME) at the Institut für

Strahlwerkzeuge (IFSW) of the University of Stuttgart, focusing on laser

drilling with ultrafast lasers. He obtained his bachelor’s degree in

Mechanical Engineering from Esslingen University of Applied Sciences

and subsequently completed his master’s degree at the University of

Stuttgart.

Ömer Can

Graduate School of Excellence Advanced

Manufacturing Engineering (GSaME),

University of Stuttgart, Nobelstraße 12, 70569

Stuttgart, Germany

https://orcid.org/0009-0003-2684-1457

Ömer Can is pursuing his PhD at the Graduate School of advanced

Manufacturing Engineering (GSaME) within the Institute of Software

Engineering (ISTE) at the University of Stuttgart. His research deals with

using machine learning and deep learning techniques to automate the

generation of test cases. He earned his bachelor’s degree from the

Technical University of Berlin and later achieved his master’s degree in

automotive software engineering from the Technical University of

Munich.

Andreas Jahn

TRUMPF Laser SE, Aichhalder Str. 39, 78713

Schramberg, Germany

https://orcid.org/0000-0003-0207-0224

Andreas Jahn is a senior researcher at TRUMPF Laser SE in Schramberg,

Germany. He received his M.S. degree in Computer Science in 2008 and

his PhD in Machine Learning and Data Mining on chemical data in 2011,

both from the University of Tübingen. From 2011 to 2016, he developed

offline programming systems for tooling machines at TRUMPF. Since

2016, he has been working on advanced sensor platforms for laser

welding applications. His research focuses on artificial intelligence

algorithms and data fusion techniques to enhance sensor systems for

industrial manufacturing processes.

Axel Fehrenbacher

TRUMPF Laser SE, Aichhalder Str. 39, 78713

Schramberg, Germany

https://orcid.org/0009-0003-6165-9925

Axel Fehrenbacher began his undergraduate studies in Mechatronics at

University of Stuttgart in 2003. He received his MS and PhD in Mechanical

Engineering from the University of Wisconsin-Madison in 2008 and 2012.

After working as a process and technology development engineer in the

automation industry, he joined TRUMPF Laser SE in 2018 and is now head

of R&D Laser Applications Micro in Schramberg, Germany.

Michael Haas

Graduate School of Excellence Advanced

Manufacturing Engineering (GSaME),

University of Stuttgart, Nobelstraße 12, 70569

Stuttgart, Germany; and Institut für

Strahlwerkzeuge (IFSW), University of

Stuttgart, Pfaffenwaldring 43, 70569

Stuttgart, Germany

https://orcid.org/0009-0006-8326-0183

Michael Haas is a PhD student of the Graduate School of Excellence

advanced Manufacturing Engineering in Stuttgart (GSaME) doing his

research at the Institut für Strahlwerkzeuge (IFSW) of the University of

Stuttgart. He studied mechanical engineering at the University of

Stuttgart focusing on laser material processing. In his PhD, he is

investigating AI methods for defect detection in laser welding.

https://orcid.org/0009-0009-2756-1944
https://orcid.org/0009-0006-6222-0625
https://orcid.org/0009-0003-2684-1457
https://orcid.org/0000-0003-0207-0224
https://orcid.org/0009-0003-6165-9925
https://orcid.org/0009-0006-8326-0183


342 — M. Klaiber et al.: Optimization of laser drilling using advanced image processing

Peter Reimann

Graduate School of Excellence Advanced

Manufacturing Engineering (GSaME),

University of Stuttgart, Nobelstraße 12, 70569

Stuttgart, Germany; and Institute for Program

Structures and Data Organization (IPD),

Karlsruhe Institute of Technology (KIT), Am

Fasanengarten 5, 76131 Karlsruhe, Germany

https://orcid.org/0000-0002-6355-4591

Peter Reimann studied computer science at the University of Stuttgart

and received his doctoral degree in 2016 at the Institute for Parallel and

Distributed Systems (IPVS) and the Cluster of Excellence Simulation

Technology (SimTech) at the University of Stuttgart. From July to

September 2015, he was a visiting scholar at the School of Information

Sciences (iSchool) and the National Center for Supercomputing

Applications (NCSA) at the University of Illinois at Urbana-Champaign,

USA. Since 2017, he is the head of a junior research group at the

Graduate School of Excellence advanced Manufacturing Engineering

(GSaME) at the University of Stuttgart. Since February 2025, he is a

substitute professor at the Chair of Information Systems at the Karlsruhe

Institute of Technology (KIT). His current research area covers topics on

both application-oriented and fundamental research in the areas of data

provisioning, data management, data analysis, and machine learning for

industrial use cases (Industrial Analytics).

Andreas Michalowski

Institut für Strahlwerkzeuge (IFSW),

University of Stuttgart, Pfaffenwaldring 43,

70569 Stuttgart, Germany

https://orcid.org/0000-0003-3049-2600

Andreas Michalowski holds the chair of “Laser Technology in

Manufacturing” at the IFSW at the University of Stuttgart. He previously

worked as a researcher at the central research department of Robert

Bosch GmbH. His research focuses on new laser-based manufacturing

processes, controlled laser processes and the use of hybrid models

(physics+ML) for modelling and parameter optimization.

https://orcid.org/0000-0002-6355-4591
https://orcid.org/0000-0003-3049-2600

	1 Introduction
	2 Materials and methods
	2.1 Experimental setup
	2.2 Feature extraction
	2.3 Bayesian optimization
	2.3.1  Process parameters and quality variables
	2.3.2  Cost function


	3 Results and discussion
	3.1 Results of the feature extraction
	3.2 Results of the Bayesian optimization

	4 Conclusions
	Bionotes


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (Euroscale Coated v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.7
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 35
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 600
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1000
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.10000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError false
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /DEU <>
    /ENU ()
    /ENN ()
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName (ISO Coated v2 \(ECI\))
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName <FEFF005B0048006F006800650020004100750066006C00F600730075006E0067005D>
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements true
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 8.503940
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /UseName
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [595.276 841.890]
>> setpagedevice


