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Abstract

Simulating the laser welding process inherently carries both high
complexity and computational cost. Even more, when aiming to
optimize this process, such as finding the combination of process
variables that minimizes residual deformation, the computational
expense required to individually analyze multiple configurations
quickly becomes unsustainable.
In this doctoral research project, the overall computational cost
has been reduced by acting on both the FEM modeling and opti-
mization techniques. Initially, the model was simplified at meso-
scopic level by disregarding microscopic dynamics and focusing
on accurately representing the melt pool, particularly the laser
penetration depth. This was achieved by introducing the con-
cept of passive elements, specific FEM elements with thermo-
mechanical properties dependent on the material state. Once
the evaporation temperature is reached, these elements instan-
taneously transmit incoming energy to the underlying elements,
facilitating keyhole formation.
Concerning the optimization process, to minimize computational
cost, metamodels were employed. Specifically, two highly efficient
machine learning techniques were adopted. Firstly, the optimum
is iteratively determined by refining the metamodel only in the
most promising regions, following the principles of Bayesian op-
timization. Secondly, a multifidelity approach was utilized for
model training, involving the collaboration of high-fidelity and
low-fidelity data to efficiently find the optimum solution. Regard-
ing the multifidelity approach, the performance of both nested
and non-nested infilling strategies has been investigated in rela-
tion to the data correlation coefficient.
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Chapter 1

Introduction - Project
Genesis

The idea of pursuing a PhD dates back to my master’s de-
gree studies, but at that time, the desire to experience the
working world prevailed. This decision led me, shortly af-
ter earning my master’s degree, to leave Italy for Germany,
where, after 5 years of groundwork in Baden-Württemberg
and Bavaria, in 2018, I found a job as a simulation engineer
at BSH GmbH, world leader in the production of household
appliances.
Most of the projects I deal with on a daily basis are com-
pleted within a few weeks or at most a few months. How-
ever, there are issues that, due to their complexity, require
appropriate time investments, specific methods, and ad-
vanced expertise. By their nature, these topics are usually
incompatible with the fast-paced rhythms of the industry
and are often addressed in an approximate manner or even
postponed indefinitely.
In this organizational context, the pursuit of an industrial
PhD fits perfectly, primarily as in-depth study of a complex
subject and application of state-of-the-art technologies to a
specific practical case. Framing a very complex and articu-
lated problem in the form of a PhD has indeed allowed me,
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1. Introduction - Project Genesis

first of all, to allocate the necessary internal resources for
the project, as well as to draw on top-tier specific expertise
provided by the university. From this idea, a collaboration
between BSH and the University of Trieste was born, and
the choice fell on a topic of great interest to the company,
namely laser welding and its optimization.
But before delving into the project, here is some back-
ground information about the company I work for: BSH
GmbH, acronym for Bosch Siemens Hausgeräte, is a Ger-
man company based in Munich and specialized in the design
and production of household appliances. It was established
in 1967 through the collaboration between Robert Bosch
GmbH and Siemens AG, and since 2015 BSH has been fully
integrated into the Bosch Group. Currently, the company
employs approximately 63,000 employees across 39 facilities
and 3 continents. In 2022, it achieved a turnover of nearly
16 billion euros, making it the top-ranking company in Eu-
rope. The company’s portfolio is extensive, and alongside
the two internationally recognized flagship brands, Bosch
and Siemens, there are also other smaller brands such as
Neff and Gaggenau, as well as several local entities, like the
historic German brand Constructa, which are now called
"local heroes". The product portfolio is equally remark-
able, encompassing not only household appliances but also
service and ecosystem brands. Despite the household ap-
pliances sector being widely regarded as mature and tra-
ditional, the company has made significant investments in
innovation in recent years, increasing its research and de-
velopment expenditure to 5.3%. The drive for innovation
is manifesting in various directions, ranging from digital-
ization to robotics, from sustainable packaging to Artificial
Intelligence (AI). In the field of AI, the applications are
countless. On the one hand, the company aims to utilize
this new technology to offer customers new products and
services, while on the other hand, it also seeks to enhance
current products and manufacturing processes. This work
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