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Laser Welding (LW) offers multiple advantages compared to previous welding tech-
nologies and is a key technology in battery manufacturing and aerospace industry.
However, process discontinuities hinder broader market adoption for use cases such
as welding thick plates for structural steel. Quality inspection systems and auto-
mated process control are a hot topic that promise to increase the automation level
in LW and deliver higher quality manufactured components. The aforementioned
automated systems require computer software that measures process parameters
from sensors, and in this context previous studies demonstrated the potential of
coaxial imaging and Acoustic Emission (AE) for LW monitoring, of which the main
advantages are the online process monitoring capability and ease of adaptation into
existing LW systems. Specifically, laser-illuminated cameras offer great advantages
for monitoring since they use band pass filters, removing process noise and deliver-
ing high quality images; In parallel, the development of optical microphones opened
vast possibilities for acoustic monitoring of signals in the order of MHz. This thesis
studies two different Machine Learning (ML) methods for predicting process param-
eters in LW. In the first study, coaxial images were used to predict the penetration
depth using supervised learning and Optical Coherence Tomography as ground truth
data. In the second study, AE was used for laser power prediction, where two alter-
natives were compared: a Deep Learning model and a statistical feature extraction
library combined with out-of-the-shelf ML regressor. For evaluating both alterna-
tives, train-test validation was used, as well as regression scoring functions. The
Coefficient of Determination (R?) was applied for both methodologies. For image-
based prediction of the keyhole depth, the R? was of 0.59 for the best strategy, and
for the AE-based laser power prediction, a R? of 0.93 was obtained in the best strat-
egy. Both results are successful indicators of using coaxial imaging and optically
sourced AE with ML to predict LW parameters. In the case of imaging, improve-
ments are suggested to obtain better results, while in the case of AE, the results
strongly indicate the success in capturing the data variance. In a wider perspective,
this work presents advancements in process monitoring for LW that could be applied
in quality control, self-correcting systems, and parameter optimization.

Keywords: process monitoring, laser welding, machine learning, acoustic emission,
coaxial imaging
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1 Introduction

The 21st century demands technological solutions to address climate change and
labor shortages. Industry 4.0, characterized by digitalization and automation of
manufacturing processes, promises more efficient production, safer working envi-
ronments, and reduced waste [1, 2|, enabling better energy usage and increased
competitiveness. The shipbuilding industry, in particular, must adapt to a new
scenario: maritime shipping alone contributes approximately 3% of global green-
house gas emissions, a figure expected to rise as trade activities intensify [3, 4]. In
response to regulations from the International Maritime Organization and the Eu-
ropean Union, alongside economic pressures, there is an ongoing effort to transition
shipbuilding practices towards low emission designs [5-7]. Lower emission designs
can be achieved by using higher-strength steels, which enable the construction of
thinner and consequently lighter structures [8].

In modern shipbuilding, welding is one of the most critical manufacturing steps [9].
The industry is increasingly focused on welding thinner plates with minimal distor-
tion, making Laser Welding (LW) a key enabling technology. LW operates with
highly focused heat input, which creates a small Heat Affected Zone (HAZ) and
allows for the high-speed joining of thin materials while preserving their structural
integrity [10, 11].

Compared to traditional joining methods, LW offers superior precision and re-

duced thermal distortion, making it valuable for industries requiring high-quality
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joints, such as automotive manufacturing [12], aerospace [13|, and shipbuilding [9].
These characteristics not only enable the use of new materials but also have the

potential to reduce overall production costs due to distortion rework.

1.1 Motivation

Despite its advantages, LW faces significant challenges that limit its broader adop-
tion: porosity and cracking defects remain persistent issues that hinder certification
and scalability across applications; furthermore, variations in process parameters
and part preparation are additional factors for process instabilities [14]. To ad-
dress these challenges, the scientific and engineering communities are developing
autonomous manufacturing systems, capable of acquiring and interpreting process
data used by self-correcting control mechanisms, with the goal of increasing process
quality and reducing costs and defects [15, 16]. Current research increasingly adopts
in-process sensing using coaxial cameras [17], microphones [18], pyrometers [19] and
Optical Coherence Tomography (OCT) [20] combined with advanced data process-
ing techniques such as statistical analysis and Deep Learning (DL). Autonomous
manufacturing systems that can sense process conditions and adapt in real-time [21]
offer significant benefits including streamlined production, cost reduction, material
savings, and improved operator safety by removing humans from hazardous and

unsafe environments.

1.2 Problem Statement and Research Objective

This thesis addresses the industrial need for robust, in-process sensing algorithms

for LW. The research was guided by two primary questions:

e Can images from coaxial cameras be exploited for real-time keyhole depth

prediction as a cost-effective alternative to OCT?
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e (Can laser power be predicted by high-frequency acoustic emission process sig-

natures?

Therefore, the objective of this work is to evaluate new methodologies for LW
monitoring. To fulfill this objective, two distinct methodologies have been proposed
and validated: (i) A supervised learning model using coaxial images to predict
keyhole depth, benchmarked against OCT measurements, and (ii) Signal processing
pipelines for predicting laser power from acoustic emission data.

The research conducted to meet these objectives resulted in two peer-reviewed
conference publications: ‘In-situ monitoring and online prediction of keyhole depth
in laser welding by coaxial imaging,” presented at the 14th CIRP Conference on
Photonic Technologies (LANE 2024) [22], and ‘Evaluation of Acoustic Emission as
a Predictor of Laser Power in Laser Welding,” presented at the 20th Nordic Laser
Materials Processing Conference (NOLAMP20) [23].

These contributions were developed within the ‘CaNeLis’ (Carbon-neutral
lightweight ship structures using advanced design, production, and life-cycle ser-
vices) project, a collaboration between academic and industrial partners in Finland.
This research is part of the larger NECOLEAP ecosystem, which aims to support
the development of a carbon-neutral cruise ship by 2030.

Lastly, the data processing algorithms used in this work and the two aforemen-
tioned publications are available at the ‘GitLab’ code sharing platform under the
repositories: (i) gitlab.com/henriquenunez/keyhole-depth-pred-img-lane2024; and
(ii) gitlab.com/henriquenunez/laser-power-pred-optical-mic-nolamp20, both licensed

under the EUPL.


https://gitlab.com/henriquenunez/keyhole-depth-pred-img-lane2024
https://gitlab.com/henriquenunez/laser-power-pred-optical-mic-nolamp20
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1.3 Thesis Organization

This Master’s Thesis is organized in seven chapters. The first and current chapter
presents the introduction, motivation and relevance of this work. Chapter 2 contains
the literature review for the development of this work, starting from work on the
influence of process parameters on defects and how feedback control systems can
improve the process. Chapter 3 details the experiments and algorithms for predicting
the keyhole depth based on coaxial images. Chapter 4 details the experiments and
algorithms for predicting the laser power based on optical microphone monitoring.
Chapter 5 presents the results obtained by both methodologies. Chapter 6 draws
conclusions based on the results from chapter 5. Finally, chapter 7 presents next

steps that can extend and improve this research.



2 Laser Welding and Process

Monitoring

Since the development of the first working laser by Maiman in 1960 [24], a whole
new range of applications has been developed: lasers today are used in medicine,
manufacturing, computing, research and more [25]. In the metal manufacturing
industry specifically, lasers are typically used as a heat source to change the material
from a solid to a liquid state. The transformative potential of this technology has
been realized through its application in cutting, additive manufacturing, surface
engineering, and welding [26, 27].

LW offers numerous advantages over traditional welding processes: by using a
concentrated heat source, it minimizes both spatial distortion and the HAZ, while
also allowing for higher processing speeds [27, 28|. Its high energy density and op-
erational flexibility have led to widespread adoption in the fabrication of large-scale
metallic structures, becoming a key process in areas such as automotive manufac-
turing [29, 30|, acrospace [31], and shipbuilding [32].

LW can be performed in a manual setup, where an operator handles the laser
delivery head, or in a robot-controlled setup, where a robotic arm performs the
operation. Compared to manual operation, the robot-based approach offers greater
repeatability and a larger working volume, whereas manual operation allows for more

operational flexibility. Robot-controlled systems are often preferred in industrial
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Figure 2.1: Scheme of robotic arm laser welding with material plates in a butt-joint
configuration.

Base Plate

contexts due to higher operator safety and process repeatability [33]. Additional
benefits of robotic LW include computerized parameter control (e.g., speed and
laser power) and the ability to integrate sensors onto the welding head for in-process
monitoring [34]. Figure 2.1 depicts a butt-joint LW setup controlled by a robotic

arm.

2.1 Laser Welding Parameters and Defects

In LW, the main process parameters are laser power, welding speed, and focal dis-
tance [35]. Additional control can be achieved through beam shaping, which alters
the power distribution pattern [36], and the use of shielding gas to create a protective
atmosphere around the work region and prevent oxidation [28]. The material type
and plate thickness ultimately dictate how these parameters influence weld qual-
ity [35]. Thicker materials, for instance, require a higher power input to compensate

for the larger volume and increased thermal conduction.
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Two main modes of LW exist: conduction mode and keyhole mode. The primary
difference lies in the power density and the resulting formation of a keyhole |28,
30, 37, 38|, which is a temporary cavity formed by material vaporization [39, 40].
Keyhole welding enables the joining of thicker plates, while conduction mode is used
to minimize porosity and the HAZ in high-precision applications. The keyhole itself
is subject to complex interaction of forces, including gravity, shielding gas pressure,
and vapor plume dynamics [39, 41|. Table 2.1 provides a comparison of both LW

modes, and Figure 2.2! illustrates the keyhole and associated phenomena.

Laser Beam-.... . ...--========--

- -
g
-
-
-
-
-
-
-®
Seae="

Vapor Plume

S
-~

Weld Direction

Figure 2.2: Scheme of keyhole in LW indicating associated phenomena. Adapted
from [39].

A crucial phenomenon during keyhole welding is the formation of porosity, which

'Reprinted from Journal of Physics D: Applied Physics, Vol 46, Mickael Courtois, Muriel Carin,
Philippe Le Masson, Sadok Gaiedl and Mikhaél Balabane, “A new approach to compute multi-
reflections of laser beam in a keyhole for heat transfer and fluid flow modelling in laser welding"",

Copyright 2013, with permission from IOP Publishing.
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Table 2.1: Comparison between conduction mode and keyhole mode LW.

Mode Power Penetration Applications References
Density
Conduction  Low Shallow Precision [30, 37|
Aerospace
EV Batteries
Keyhole High Deep Structures [28, 30|
Shipbuilding

occurs when parts of the keyhole become trapped during solidification [42|. These
pores weaken the mechanical strength and fatigue resistance of the weld. Stud-
ies have investigated porosity formation in LW using X-ray imaging and Acoustic
Emission (AE) monitoring, and have proposed strategies such as laser remelting for
its removal [43]. Figure 2.3 depicts synchrotron X-ray images of pore formation in
laser-welded parts.

Mitigating these issues often begins with parameter optimization. By selecting
parameters that ensure complete fusion and uniform heat distribution, the overall
weld quality can be improved to some extent [44|. However, defects may still appear
due to process instabilities. A significant challenge in LW is optimization process
itself, which involves testing numerous combinations of parameters and analyzing
outcomes such as penetration depth, hardness, and the presence of defects like un-
dercut or lack of fusion [45]. Traditionally, weld cross-sections are used to analyze
penetration and characterize the HAZ, which is a time-consuming and destructive
testing method [35].

To address these limitations, online process monitoring using head-mounted sen-
sors has become an active area of research [46]. Process monitoring integrates sen-
sors, domain-specific knowledge, and data analysis to create an automated system
able to detect discontinuities during fabrication [40]. A broad variety of sensors
exist in this regard, each responding to different physical inputs: process luminance,

acoustic emissions, temperature, among others, which provide complementary in-
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Figure 2.3: X-ray images of pore formation in LW (A) and pore removal via subse-
quent laser remelting (B). Originally published in [43]. Licensed under CC BY 4.0.

formation about the process state [40].

2.2 Process Monitoring

Monitoring keyhole behavior during LW is critical due to the complex thermo-fluid
dynamics within the weld pool [47]. Insufficient penetration, for example, can lead to
severe structural defects that compromise mechanical integrity and necessitate costly
rework [48]. Therefore, process monitoring as a field has the goal of developing
methods and systems capable of extracting useful information from the process.
This information can afterwards be applied for quality control systems (with direct
applications in part inspection and parameter optimization) and ideally in a self-
controlling, automated LW system, with minimal human intervention and need of
rework.

Among the various sensing modalities investigated for LW monitoring, coaxial
cameras have emerged as a promising option due to their non-intrusive nature and

compatibility with existing welding optics |14, 49]. Recent advancements in artificial
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intelligence (AI), particularly DL, have significantly enhanced the ability to extract
meaningful features from visual data [15]. This convergence of high-performance
computing and sophisticated DL models presents new opportunities for real-time
process monitoring.

In-process optical imaging uses cameras to capture real-time visual signatures of
the weld pool and keyhole. While synchrotron X-ray imaging can reveal nuanced dy-
namics, such as pore formation and keyhole collapse with micrometer resolution [41],
its use is restricted to laboratory settings due to its high cost and the hazardous
environment created by ionizing radiation.

Alternatives to this type of imaging are cameras that use inherent process in-
formation, such as thermal radiation or laser back reflection from the workpiece;
however those systems are unable to deliver satisfactory structure information (for
example melt pool geometry) [50]|, which is required for a holistic process moni-
toring. Thermal cameras have been employed to analyze thermal distributions in
laser material processing; such cameras however commonly fall into the problem of
emissivity calibration which is often a major problem, and only few alternatives are
commercially available as of recently [38].

A practical alternative to overcome those limitations is to employ laser-illuminated
cameras: this methodology consists of a camera coupled with a narrow band pass
filter, with a laser-diode simultaneously directed to the workpiece [50, 51|. In this
system, external illumination reaches the workpiece, the reflected signal enters the
optics, and the band-pass filter discards all but the spectrum of interest, delivering
an image of the melt pool without noise from the process laser or light from the
thermal emissions.

Previous studies have demonstrated the efficacy of coaxial imaging in related
laser-based processes. For instance, [52] employed melt pool images to predict focal

distances in directed energy deposition, while [53] utilized similar imaging techniques
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to estimate final clad widths. These applications underscore the potential of visual
monitoring in laser-based manufacturing.

Two-dimensional measurement systems are often insufficient for a thorough char-
acterization of the process, as depth information can only be inferred. Inspection
systems that can directly measure distance and obtain point cloud data offer a more
comprehensive data source. Laser line scanning is one such methodology, employing
laser triangulation to calculate the distance between the sensor and the workpiece
with micrometer-level resolution [54]. A previous study by Sun et al. merged consec-
utive line scans into a point cloud and applied DL for defect detection [55]. However,
despite their accuracy, it is challenging to apply line scanners in-process due to harsh
environmental conditions [56].

A different 3D sensing strategy is OCT, which computes laser interference pat-
terns to measure distance. In this technique, laser beams are directed onto the
process area, and the returned beams are measured to determine the relative dis-
tance to the workpiece based on their interference pattern [49, 57, 58]. OCT can be
used in a scanning mode to obtain a point cloud in real-time [59]. This methodology
requires calibration and involves high equipment costs. However, OCT has several
advantages: it can share optics with the main process laser, allowing for a coaxial
setup, and it enables live process monitoring. This provides an online data source
that can be used for downstream process control and optimization [58-60|. Figure
2.4? describes an OCT system used to measure the keyhole in LW. The illustration
shows the optical integration of both laser sources, with the OCT measurement laser
reaching the keyhole.

Offering a different perspective, Focus Variation Microscopy (FVM) is a post-

process inspection method that performs 3D surface reconstruction. Previous work

2Reprinted from Optics and Lasers in Engineering, Vol 119, Meiko Boley, Florian Fetzer, Rudolf
Weber, Thomas Graf, “A new approach to compute multi-reflections of laser beam in a keyhole
for heat transfer and fluid flow modelling in laser welding"", Pages 56—64. Copyright 2019, with
permission from Elsevier.
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OCT system

Process laser source

Base Material
Keyhole

Melt Pool
Solidified Weld

Figure 2.4: Scheme of an OCT setup for keyhole measurement in LW. Adapted
from [57]
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has demonstrated algorithms using FVM data to detect and characterize defects
in friction stir welding [61], and other studies have shown that FVM can also be
applied to LW [59].

In addition to optical analysis, AE sensing is another viable monitoring approach:
this method is based on capturing the airborne and structure-borne vibrations gen-
erated by physical interactions during the process [62]. AE monitoring has been
used to identify phenomena such as solidification cracking [63] and to estimate pen-
etration depth in LW [64]. Conventional AE sensors are based on the piezoelectric
principle, where vibrations in a crystal generate an electric signal; while inexpen-
sive, these sensors typically have a limited operational frequency range of up to 150
kHz [63]. Since 2016, optical microphones based on laser interferometry have become
commercially available [65]. The lack of moving parts, combined with high acqui-
sition rates, makes optical microphones an excellent choice for process monitoring,
with some systems offering sampling frequencies up to 4 MHz. Optical microphone
monitoring is a topic of interest in laser material processing: one study found that
optic-based AE provided enough information for calculating the laser ablation vol-
ume, focal position and material transitions [62|, while another study [63] was able
to correlate the laser signal to the Keyhole Depth (KD) in LW. Although the current
cost is elevated, a broader market adoption is expected to reduce the cost of this
equipment and lead to further innovations in equipment size and setups.

Other process monitoring strategies in LW include the use of pyrometers |19, 46],
which measure temperature based on the material’s thermal radiation and provide
a direct, physically interpretable measurement, albeit with limited spatial resolu-
tion [38].

Taking into account the different signal acquisition methodologies, Table 2.2
summarizes the monitoring methods discussed. This work focuses on LW monitoring

via camera, microphone, and OCT due to equipment availability and prior evidence
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of their success as data sources for monitoring systems.

2.3 Data Processing and Machine Learning

Continuous human monitoring of high-speed manufacturing processes is not econom-
ically viable, safe, or operationally reliable due to inherent limitations in sustained
attention [66], therefore, process monitoring must operate in tandem with com-
putational data analysis. Automated inspection and control systems require data
processing methodologies able to transform raw sensor data into actionable informa-
tion, which can then be used to modify process parameters and prevent defects [67].

Traditionally, data processing has been implemented through handcrafted algo-
rithms based on expert knowledge and interpretable features [68, 69]. An example
of handcrafted image processing is displayed in Figure 2.5, where the image is first
transformed into grayscale (part A), next filtered using Gaussian blur (part B), and
then subsequently transformed into a binary edge detection image (part C). In this
image, it is possible to observe that this implementation is sensitive to inherent fac-
tors, such as noise from the environment and differences in light conditions. While
effective for well-characterized processes, handcrafted features face challenges with
newer data formats, previously unseen process variations, and novel sensor modali-
ties [70, 71].

Image processing has historically received significant attention due to the ubig-
uity of cameras and the high information density of visual data. Advancements in
camera hardware have improved spatial resolution (more pixels), temporal resolution
(higher frame rates), and signal-to-noise ratio. In laser process monitoring, imaging
systems have been used to measure melt pool area, analyze welding defects, and
estimate bead width in directed energy deposition, among other applications [46].

In contrast to image-based monitoring, AE signals measure vibrations and offer a

different physical interpretation of the process, outputting a one-dimensional time-
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Figure 2.5: Example of handcrafted image processing steps. Adapted from the
Wikipedia user Vidyakv. Licensed under CC-BY-SA 4.0.

dependent signal per channel. Common analysis techniques include time-domain
analysis (e.g. root-mean-square, amplitude) and frequency-domain analysis such as
the Discrete Fourier Transform or Wavelet decomposition [72|. Frequency-domain
analysis allows for inspection of specific frequency components and has been em-
ployed for defect classification and process stability monitoring [64].

Machine learning (ML) has emerged as a powerful approach for process monitor-
ing, particularly when the relationships between sensor inputs and process outcomes
are too complex to model analytically. ML approaches can be categorized into super-
vised learning and unsupervised learning, which differ in their training methodolo-
gies. Supervised learning tunes model parameters to map inputs to known outputs,
whereas unsupervised learning discovers underlying patterns using only input data.
Classical ML methods, preceding neural network-based approaches, offer the advan-
tage of requiring less training data.

Classical ML strategies include the Support Vector Regressor (SVR) and decision-
tree-based methods such as Random Forest Regressor (RFR) and Gradient Boosting
(GBR). SVR uses hyperplane separation in high-dimensional feature spaces to per-

form classification and regression tasks, and among its advantages are flexibility in
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high-dimensional spaces and the use of kernels (e.g., radial basis function) for non-
linear space separation [73]. Both RFR and GBR use a different strategy compared
to SVR, based on decision-tree ensembles: they consist of a series of decision trees,
and the aggregation of each tree result is the output of the whole ensemble [74].
A decision tree consists of decision nodes where the input features are used as a
decision for further downstream decisions, successively reaching an outcome, which
is the model result [74, 75|. Classical ML methods have been widely applied in
manufacturing monitoring in previous studies [33, 45, 64, 71, 76].

While classical ML methods have been proven valuable, recent advances in DL
have expanded the capabilities of automated process monitoring. DL models, par-
ticularly Convolutional Neural Networks (CNN), have become popular following
landmark successes in computer vision. An architecture consisting of fundamental
CNN components is depicted in Figure 2.6, demonstrating the data dimensional-
ity transformation between layers the application of max-pooling and convolution.
After the blocks of dimensionality reduction, the feature maps undergo flattening
(represented by the 24 arrays of 16x16 elements) and this one-dimensional vector
is applied through densely connected layers, transforming it into an array of 256
elements, and next into 128 elements. In this Figure, the input and output layers
are not represented; however, the input is typically configured as a single channel
image (e.g. 128x128x1), while the output can be set as a single floating point value
or an array of predictions. Important architectural innovations include dropout lay-
ers |77], residual networks (ResNet) 78], VGG networks |79], U-Net architectures
for [80], Vision Transformers [81] and variational autoencoders [82]. These architec-
tures enable automatic feature extraction from raw data, eliminating the need for
manual feature engineering.

However, despite advancements in data processing techniques, data scarcity re-

mains a common challenge in niche application domains such as process monitoring,
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Figure 2.6: Depiction of a CNN architecture, consisting of the foundational blocks
of Max-Pooling, Convolution and densely connected layers.

where obtaining millions of labeled examples is impractical [83]. This problem be-
comes more apparent when complex models, which require more internal parameters
to achieve the higher complexity, also require larger amounts of training data to
converge. Transfer learning addresses this issue by enabling the use of pre-trained
models as feature extractors, allowing systems to benefit from the complex rep-
resentations learned on large datasets without requiring extensive domain-specific
data [83|. Figure 2.7 depicts a graphical representation of the transfer learning
process, which starts with a model trained on a specific domain (e.g. image classifi-
cation for landscape photography), in the upper part of the Figure, and is succeeded
by a new application (e.g. melt pool image analysis). The new model reuses parts
of the previous pre-trained model (usually the initial, less abstract layers) with a
subsequent model that uses the extracted feature maps to predict the variable in
question. The main advantage of transfer learning is the reuse of trained layers
(which benefited from the generalization potential of large datasets). Figure 2.7
illustrates the transfer learning process; in which it is possible to observe that the
layers of the CNN, in the upper half of the figure, are used in the new model, in the
lower half of the figure. The custom model therefore establishes a bridge between
the extracted features and the new output. This process has the consequence of

requiring less training data [84].
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Figure 2.7: Schematic of the transfer learning process by using a pre-trained CNN
for a new application domain.

2.3.1 Model Performance

In supervised ML, the dataset consists of pairs of input data and true values. This
correspondence is used to train the model, such as the internal parameters of models
(e.g. the weights of neural networks or the hyperplane normal vector in SVR), and
can also be used to compare the model prediction of a certain input data with the
ground-truth value for this data.

It is essential to quantify model performance in ML development, especially to
establish comparisons between approaches and to evaluate generalization and pre-
dictive power. The evaluation techniques are directly dependent on the predictive
task (i.e. regression versus classification). In this work, which focuses on regres-
sion tasks, a set of four metrics is used to evaluate regression performance: Mean
Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), Coefficient of
Determination (R?), and Root Mean Squared Error (RMSE). The mathematical

formulations are presented as follows
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where y; represents ground truth values, ¢; represents predictions, and ¥ is the mean
of the observed values. MAE computes the average magnitude of prediction er-
rors; MAPE normalizes MAE by the observed values; R? quantifies the proportion
of variance in the data explained by the model; and RMSE calculates the standard
deviation of the prediction errors. Therefore, a lower MAE, MAPE, and RMSE indi-
cate better performance, while R? closer to 1.0 indicates better fit. This combination
enables richer evaluation of the model in question.

Complementing the formulations in Equations 2.1 to 2.4 is dataset splitting into
training and testing partitions: the data used in training and testing the models
should be explicitly disjoint; otherwise, test information available during training
compromises the validation of a ML model.

Common approaches of dividing a labeled dataset are the fixed train-test-split
and the k-fold cross-validation (k-CV). Train-test splitting divides the dataset into
two disjoint parts based on a ratio (i.e. 80:20), which can be done with or without
randomization. In this example, the training set would have 80 % of the original
dataset size, and the test set 20 %. This technique, however, fixes the train and test

portions, and through a single partitioning it is not possible to measure the model
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Figure 2.8: Scheme of k-fold cross validation.

performance across the entire dataset. An alternative to this limitation is the k-CV,
which repeatedly partitions the data into k disjoint folds and iteratively trains on
k — 1 folds while evaluating on the held-out fold. This procedure is repeated k
times, with each fold serving as the test set exactly once. As a result, k-CV provides
k independent performance estimates, yielding more robust generalization metrics

through averaging. Figure 2.8 illustrates the partitioning scheme for k = 5 folds.



3 Keyhole Depth Prediction Using

Coaxial Camera Imaging

This chapter presents a supervised learning methodology for predicting KD in LW
using coaxial camera imaging. The proposed approach evaluates whether KD can
be monitored without expensive OCT sensors, thereby reducing system complexity
and costs. The methodology combines pre-trained CNNs for feature extraction with
supervised regression models to estimate KD from melt pool images. This approach
could significantly simplify in-situ monitoring while maintaining or improving cur-

rent quality assurance standards.

3.1 Methodology and Experimental Setup

The proposed methodology follows the scheme displayed in Figure 3.1, where the
components indicated in rectangular blocks were fixed, while the components for
CNNs and Regressors and Hyperparameters were optimized through grid search.
Melt pool images and corresponding KD values were acquired synchronously during
laser welding using a coaxial camera and an OCT sensor, respectively. To enable
direct comparison, the two data streams were aligned in space and time using linear
interpolation based on weld coordinates. Melt pool images were then converted into
high-dimensional feature vectors with the aid of a pre-trained CNN. These features

were used to train supervised regression models, and model performance was tested
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using a three-fold cross-validation scheme.

Laser Welding

Laser-illuminated
camera

Melt Pool Keyhole Depth
Images
Pre-Trained | l l
CNNs
Featur.e Pre-Processing
Extraction

L
L
Regressors + Train/Test split
Hyperparameters ¢
» ML Regressor

Trained model
and metrics

Figure 3.1: Schematic representation of the data processing pipeline for KD predic-
tion.

Experiments involved butt-joint welds with varying laser power to obtain differ-
ent KD across different runs. In total, 10 welds were performed, with laser power
variation according to Table 3.1.

The welding experiments were performed using an IPG YLS-10000MM fiber laser

mounted on an ABB robotic arm. Optics were composed with a fiber of 300 pm core
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Table 3.1: Different laser power values used in the experiments.

Weld Laser Power (kW) Weld (cont.) Laser Power (kW)

1 4.6 6 5.1
2 4.7 7 5.2
3 4.8 8 5.3
4 4.9 9 5.4
) 5 10 5.5

diameter with 150 mm collimation and 348 mm focusing lenses. In data collection,
a coaxially mounted Cavitar C400 welding camera with active laser illumination
captured images at 60 Hz, while an IPG LDD-700 integrated with the laser head
provided the OCT depth measurements. A high-level schematic of the welding setup
is shown in Figure 2.1. The system was augmented with the previously described
coaxial camera and OCT sensor for data acquisition.

Table 3.2 summarizes the invariant welding parameters used across ten butt-
joint welds. After manually selecting the relevant portions of the dataset (removing
non-weld portions), the dataset resulted in 5,608 keyhole images, or approximately

430 images per weld.

Table 3.2: Experimental welding parameters for data collection

Parameter name Value
Welding speed 50mms~?
Weld length 360 mm
Material ASTM A36 steel
Thickness 5 mm

3.2 Feature Extraction with Pre-trained Models

The data processing methodology employs feature extraction through pretrained
CNN models, addressing the inherent data scarcity challenges within LW monitor-

ing domains. The extensive parameter space and experimental setup variability
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(characteristic of welding processes) present significant obstacles to constructing
comprehensive, general-purpose datasets. Furthermore, limited data accessibility,
which stems from proprietary constraints within industrial and research institu-
tions, restricts opportunities for training large robust neural networks from scratch.
The data scarcity also unfortunately precludes the creation of a benchmark dataset
against which models and approaches could be compared. This challenge provides
the foundational motivation for the transfer learning methodology presented in this
chapter.

This investigation leverages two established CNN architectures pretrained on
large-scale image datasets: DenseNet169 (DN) and EfficientNetB6 (EN). Both ar-
chitectures demonstrated superior performance in the ImageNet Large Scale Vi-
sual Recognition Challenge [85], indicating robust feature learning capabilities and
strong generalization potential across diverse visual recognition tasks. Selection cri-
teria prioritized architectures with high representational capacity and computational
efficiency.

Following the feature extraction paradigm previously illustrated in Figure 2.7,
intermediate convolutional layers are used rather than utilizing final outputs. This
strategy repurposes the CNN as a feature encoder, generating high-dimensional
representations from learned patterns from the original dataset. Extracting features
before the fully connected classification layers preserves hierarchical spatial features
and abstract representations inherent to the CNN architecture. These extracted
feature vectors then serve as inputs for regression models trained to predict welding

process parameters from coaxial imaging data.
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3.3 Regression Models and Hyperparameter Opti-
mization

Following the feature extraction step, five regression models have been used to pre-
dict the KD. In total, five ML regression models have been chosen: Linear Regressor
(LR), GBR, RFR, Elastic Net Regressor (ENR), and SVR. Since the goal of this
study is to explore the feasibility of using transfer-learning in melt pool monitoring
(broader perspective), rather than improving currently existing methods (narrower
perspective), models based on different theories were employed; those different the-
ories were briefly mentioned in section 2.3 such as distance-to-hyperplane (for SVR)
and tree ensemble (for RFR and GBR), which is likely to affect the predictive perfor-
mance. The implementation used in this study is based on the Scikit-learn Python
library [86].

Apart from the internal parameter models (e.g. normal vectors in SVR), most
ML models also depend on hyperparameters: those values dictate model behavior,
size, non-linear combinations, and can affect model performance. Hyperparame-
ter optimization was conducted using grid-search: in this approach, each possible
combination of hyperparameters is tested and evaluated, and the parameters and
scores for the best tuple of parameters is saved. Grid search has the disadvantage
of dramatically increasing model evaluation time, since a vector multiplication is
performed: for a hyperparameter space of 3x3x3, 27 models have to be trained and
evaluated, and when used in tandem with k-CV, this figure increases by another
dimension. Although alternatives to grid-seach exist, for this work the parameter
space has been narrowed down in order to balance for development and execution
time while also testing combinations that might yield different results. Table 3.3
details the explored parameter spaces for each model. The optimization process

considered the number of estimators and maximum depth for GBR and RFR, regu-
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larization constants for SVR, and both alpha and L1 ratio parameters for ENR. The
LR model was left with the default configuration to serve as a baseline for prediction
performance. Finally, the model evaluation, as introduced in section 2.3, has been
carried by applying the following scoring functions: R2 (eq. 2.1), MAE (eq. 2.2)
and RMSE (eq. 2.4).

Table 3.3: Hyperparameter search space for regression models

Model Hyperparameter Space
Number of estimators: 100, 250, 350
GBR Maximum depth: 5, 10, default

Learning rate: 0.1, 0.01
Number of estimators: 100, 250, 350

RFR Maximum depth: 5, 10, default
Minimum samples to split: 2, 5, 10
Kernel: RBF

SVR  Regularization constant: 100, 1000, 1500, 3000, 3500
Alpha: 1.0, 0.1, 0.01, 0.001
ENR L1 ratio: 0.1, 0.5, 0.9




4 Predicting Laser Power via

Acoustic Emission

Laser power represents a critical parameter in LW operations, alongside welding
speed [76]. When debris accumulates on optical components including fibre ends
and lens windows, the delivered power becomes inconsistent, leading to process
discontinuities. Therefore, external monitoring of laser power can enable automated
control and alerts when variations in delivered power occur.

A sensing-prediction framework was established based on the premise that LW
generates characteristic AE signals. Building upon recent advances in optical mi-
crophone technology and progress in ML libraries, this chapter implements and
evaluates two parallel approaches for estimating laser power from acoustic measure-
ments.

This chapter presents the methodology and findings for laser power estimation
utilizing AE data acquired from an in-process microphone. The organization of this
chapter proceeds as follows: the Experimental Setup section details the data ac-
quisition parameters, instrumentation employed, and data conditioning procedures;
the Data Processing section outlines the processing pipeline utilized, encompass-
ing dataset preparation, partitioning, and two distinct methods for estimating laser

power from AFE signatures.
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4.1 Experimental Setup

Twenty-two bead-on-plate welding passes were executed on SSAB NV E36 structural
steel plates measuring 400 mm x 50 mm x 5mm, cut using fiber laser technology,
as shown in Figure 4.1. Continuous coaxial Argon shielding gas was employed to
safeguard both the workpieces and optical system, delivered via the nozzle illustrated
in Figure 4.1. Laser power was the sole experimental variable, spanning from 1kW
to 6 kW in 500 W increments. Duplicate runs were conducted at each power setting.
This laser power range offers adequate coverage for developing supervised learning
models, utilizing acoustic data as input features and laser power as the response
variable. The laser power choice was made based on parameters used in the industry
for steels of those specifications, as the goal of this project is to reproduce industrial
environments and study the feasibility of developing such monitoring system in an
industrial context.

An IPG YLS-10000-MM fiber laser was employed as the energy source, mounted
on an ABB IRB 4600 6-axis articulated general purpose robot. Optical system
inspections were conducted to verify the absence of debris and ensure accurate power
delivery. Robot operation was managed through its proprietary scripting interface.
Welding speed remained constant at 3mmin~!, with sensor and laser activation
controlled via synchronized triggering cycles through electrical connections between
the computers.

AE monitoring was performed by a Xarion Eta250 Ultra optical microphone,
located 140 mm from the process zone, set to acquire data at 2 MHz. Microphone
activation started 200 ms before laser activation and stopped 300 ms after the laser
deactivation, ensuring valid experimental data. The sensor connected to a QASS
Optimizer4D industrial computer featuring a preamplifier for data collection. Sig-
nal segments corresponding to stable welding processes were isolated through pre-

processing. Via manual examination of time-domain signals, intervals representing
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Figure 4.1: Experimental setup for audio processing. Adapted from [23]. Licensed
under CC BY 4.0.
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Figure 4.2: Audio selection based signal stability, as it is possible to note from the
leading and trailing portions with little or no signal, followed or preceded by a ramp-
like signal amplitude change.

steady-state laser power were identified, eliminating the laser’s initial ramp-up and
final ramp-down segments. This yielded recordings of approximately 3.54 s duration
or 7077888 samples at 2 MHz sampling rate. Figure 4.2 illustrates the selection

boundaries on time domain representations across different recordings.

4.2 Data Processing

Data processing followed the preprocessing stage and includes dataset preparation,
model training, and performance assessment. Figure 4.3 illustrates the procedural
steps in the data processing methodology.

Beginning with preprocessed signals, a rigid 50:50 train-test partition was im-
plemented (Figure 4.3b), segregating complete experimental runs within respective

subsets to prevent data leakage. In this case, the choice of data splitting explicitly
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did not follow schemes such as randomized train-test split or k-CV, in order to pre-
vent model biasing. Model bias arises because signals external to the process could
be used as a source of information for the prediction model, therefore poisoning
the learning process, and this pattern has been observed in similar works presented
in the conferences NOLAMP20 and LANE 2024, where I had the opportunity to
discuss this approach with other researchers. Poisoning might occur for example, if
external noise that is only present in one of the recordings (e.g. 2.5kW) and the
model learns to detect this specific noise to predict 2.5 kW, instead of relying on the
process signal itself, as has been proposed in this chapter. Finally, this partitioning
produced 11 recordings for training purposes and 11 recordings for testing.
Subsequently, each recording was segmented into 54 equal-sized windows (Fig-
ure 4.3c), representing brief observations of the LW process at approximately 66 ms
duration. Windowing served to generate multiple observations from individual ex-
perimental runs, transforming single bead-on-plate acquisitions into numerous data
points. Additionally, this strategy better approximates real-life scenarios, where
monitoring algorithms would process discrete signal segments. Two window-level
processing strategies were then developed: the first leverages the Time Series Fea-
ture Extraction Library (TSFEL) (Figure 4.3d.1), while the second converts signals
into spectrograms and employs a CNN to estimate laser power from spectrogram
representations (Figure 4.3d.2). Finally, both methods were evaluated using stan-

dard regression metrics (Figure 4.3e).

4.2.1 TSFEL-based Prediction

The approach shown in Figure 4.3d.1 employs TSFEL as its initial step. Built as
an open-source Python library, TSFEL calculates a series of metrics from input
time series [87]. According to the official documentation, the library encompasses

four principal feature categories: temporal features capture time-dependent pat-
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terns including trends, cycles, and temporal correlations while remaining sensitive
to observation ordering; statistical features characterize data distributions through
descriptive metrics such as mean, variance, skewness, and kurtosis, independent of
temporal ordering; spectral features analyze frequency-domain content via Fourier
and wavelet transformations to reveal periodicities, harmonics, and cyclical com-
ponents; and fractal features quantify complexity and self-similarity across multiple
scales through measures such as fractal dimension, capturing intricate patterns char-
acteristic of complex systems.

The short windows (Figure 4.3c) were processed by first extracting all available
metrics in TSFEL, followed by using the built-in utility for eliminating redundant
and low-variance features. In this procedure, an initial feature set of 312 metrics
was computed for each window, and subsequently reduced to 105 features through
the library’s integrated redundancy elimination procedure.

The described feature extraction step was followed by the training and assess-
ment of 2 ML regression models available within the Scikit-learn Python library [86]:
SVR and RFR. These were selected based on widespread adoption and implemen-
tation simplicity. The dataset containing extracted features was guaranteed to be

standardized (z-score standardization) prior to training and evaluation.

4.2.2 CNN-based Prediction

To offer an alternative to feature engineering and traditional ML approaches, a deep
learning strategy was developed, illustrated in Figure 4.3d.2. Within this imple-
mentation, each window undergoes transformation into a spectrogram via the Short
Time Fourier Transform (STFT) utility from the SciPy Python library [88]. Con-
figuration parameters included a "Hanning" window of 4096-point width with 75 %
overlap between successive windows. Spectrograms were subsequently converted to

dB scale and cropped from their original 2049x131 dimensions to 2048x128 pixel
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Figure 4.4: Abstract CNN architecture exposing the data dimensionality between
operational blocks.

2-D arrays for streamlined downstream processing.

Two-dimensional arrays share the identical data structure as images, rendering
image processing algorithms a feasible option. As CNNs have demonstrated great
performance in computer vision tasks, a CNN was implemented using the PyTorch
framework [89] and its architecture is depicted in Figure 4.4. In a higher level of
detail, the Python code in Listing 1 is the PyTorch definition, where it is possi-
ble to note the data compression blocks, composed of Conv2d, BatchNorm2d and
LeakyReLU; and the regression head, composed of Linear, Dropout and LeakyReLU.
Apart from the prediction data flow, a feature extraction function was created by
applying the encoder step on the input image and flattening the encoder output
to 1-D. The flattened vector is a feature map and was used as a comparison for
features extracted by TSFEL. Training utilized the Adam optimizer with a 0.001
learning rate across 100 epochs. MSE serves as the loss function, appropriate for

continuous-valued variable prediction.
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Table 4.1: Parameters for STFT applied to the signal windows.

Window Width 4096
Window Overlap 75 %
Spectrogram Size 2049x131 to 2048x128
Spectrogram Scale dB

Table 4.2: Parameters for CNN training.

Loss Function MSE

Optimizer Adam

Learning Rate 0.001
Epochs 100

4.2.3 Model Evaluation

The model was trained using the training subset and evaluated using the test subset,
depicted in Figure 4.3b. With the intent of providing a holistic perspective, low-
dimensionality scatter plots were created for a qualitative analysis of the feature
representations of both the TSEFL and the CNN-based method.

Given the data split, after training and running the inferences, the predictions
have been compared using the scoring functions R?, MAE and RMSE, described in
Equations 2.1, 2.2, and 2.4, respectively. The metrics for the different approaches
were compiled into a table, which has been complemented by a prediction plot for
the best predictive model, together with error residuals across the dataset. Since
this work is among the initial in AE-based laser power prediction for LW, there is
no well defined baseline for performance. Therefore, the results can offer insights
into what is possible with this setup, and also offer ideas for what can be further

developed.
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Listing 1 PyTorch implementation for the spectrogram-based CNN model.

class SpectrogramCNN(nn.Module) :

def

def

__init__(self, input_channels=1):
super () .__init__Q)

# Convolutional encoder
self.encoder = nn.Sequential(
# 2048x128 =+ 1024x64
nn.Conv2d (input_channels, 32,
kernel_size=4, stride=2, padding=1),
nn.BatchNorm2d(32),
nn.LeakyReLU(0.2),

# 1024x64 -+ 512x32
nn.Conv2d(32, 64, kernel_size=4, stride=2, padding=1),
nn.BatchNorm2d(64) ,
nn.LeakyReLU(0.2),

# 512x32 =+ 256x16

nn.Conv2d (64, 128, kernel_size=4, stride=2, padding=1),
nn.BatchNorm2d (128),

nn.LeakyReLU(0.2),

# 2656x16 -+ 128x8

nn.Conv2d (128, 256, kernel_size=4, stride=2, padding=1),
nn.BatchNorm2d (256) ,

nn.LeakyReLU(0.2)

self.flatten_dim = 256 * 128 * 8

# Regression head

self .regressor = nn.Sequential(
nn.Flatten(),
nn.Linear(self.flatten_dim, 512),
nn.LeakyReLU(0.2),
nn.Dropout (0.3),
nn.Linear(512, 64),
nn.LeakyReLU(0.2),
nn.Linear (64, 1)

forward(self, x):

X = x.unsqueeze(1)

features = self.encoder(x)

output = self.regressor(features)
return output.squeeze(-1)




5 Results and Discussion

The goal of the current chapter is to present and analyze the results of the experi-
ments and data processing methodology proposed in chapters 3 and 4. Model per-
formance has been analyzed and compared against the ground-truth data collected
during the experimentation phase. Furthermore, the performance comparison across
the datasets have been displayed visually and will be discussed in the respective sec-
tions. This chapter also aims at discussing limitations of the proposed methodology,
which serves as foundation to the conclusions drawn in chapter 6 and the future

work proposals in chapter 7.

5.1 Coaxial Images

The experimental proposal and methodology for chapter 3 were executed: LW was
performed at a range of laser powers, with a simultaneous monitoring from a coax-
ial laser-illuminated camera providing a top-view of the melt pool and OCT sensor
configured to track the KD (see Figure 3.1), the data has been organized accord-
ing to good practices and the images were saved in the TIF format while the time
series related to the KD measurement was saved in CSV. In Figure 5.1, it is pos-
sible to observe differences in the coaxial melt pool image in a single experiment.
This variation is caused partly by the liquid metal-vapor interaction, and by other
thermodynamical phenomena that are combined into a complex behavior.

Prediction models consisting of pre-trained CNNs as feature extractors in tandem
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Figure 5.1: Four melt pool images collected during a single LW experiment, at
different timepoints.
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with ML regressors were evaluated and summarized in Table 5.1, which presents the
5-fold k-CV performance metrics for the proposed combinations of feature extractors
and regression models.

Table 5.1: Performance metrics for all model combinations (best and second-best
scores in bold)

Model Code MAE (pm) MAPE (%) R?2

EN LR 135.21 3.00 0.56
EN GBR 148.86 3.30 0.47
EN_ RFR 162.60 3.61 0.38
EN ENR 134.44 2.98 0.57
EN_SVR 138.77 3.08 0.54
DN LR 131.93 2.92 0.58
DN GBR 148.31 3.28 0.48
DN RFR 163.82 3.63 0.37
DN ENR 130.78 2.89 0.59
DN _ SVR 131.40 2.90 0.59

It is possible to observe from the table that the largest difference in performance
was due to the downstream regressor, while the difference in CNNs models was
smaller (e.g. table lines EN LR and DN LR, or EN_ENR and DN_ENR). In a
quantitative analysis, the approach of DenseNet169 as feature extractor with ENR as
regressor achieved the highest performance with an R? of 0.59, MAE of 130.78 pm
and MAPE of 2.89%. Demonstrating similar predictive power, the DenseNet169
combined with SVR resulted in an R? of 0.59, MAE of 131.40pm and MAPE of
2.90 %.

Offering a graphical analysis of the performance across the entire range of data,
Figure 5.2 portrays the performance of the best aforementioned models on unseen
data, by using the randomized k-CV folds as a prediction, and feeding thus the
entire dataset through the series of models. In this Figure one can observe that
the majority of data points (87 % of observations) fall within the 5% error bounds,
with no systematic bias observed across different depth ranges. The achieved 2.89 %

MAPE represents high relative accuracy for most industrial applications.
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Notwithstanding, the obtained R? value (ideally equal to 1) offers a different
perspective and indicates that the explained variance of the analyzed models was
found wanting and that, in this context, additional explanatory variables or more
sophisticated models could further improve performance. This issue may also stem
from experimental setup limitations (which has also been discussed in 2.2) or the
limited accuracy of KD monitoring via coaxial imaging. Further study may involve
experimenting with a larger dataset of melt pool images and OCT measurements and
training more powerful models (especially domain-specific models), while validating

further performance improvements.
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Figure 5.2: Comparison between real and predicted KD. The real regression is rep-
resented by a blue dashed line, and the 5% error boundary is represented by a red
dashed line.

Finally, another potential issue from this data collection and validation approach
is that the dataset was divided via randomized train-test split, but the observations
were not independent: in this methodology, one detected problem was that the
images and OCT readings from a single weld were used both for training and for
testing, which allows a biased model to be trained, as explained and mitigated in
Chapter 4. The stricter separation of data in the aforementioned chapter reduces

the bias resulting from the model learning on confounding factors (e.g. base plate
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color, difference in external illumination from the camera) instead of learning spe-
cific process information (e.g. melt pool and keyhole geometry). This information
external to the process allows the model to deviate from the intended optimization,
which is model capable of generalizing across coaxial images in LW.

An execution time analysis was additionally carried out, and the inference time
has been measured, including both the time for feature extraction and for regres-
sion. Averaging the entire processing time, the approach of DenseNet169 as feature
extractor with ENR yielded circa 30 ms of processing time per image, which can be
inverted and translated into approximately 30 frames per second of image inference,
which is considered as sufficient in feedback control systems. It is worth pointing
out that the pipeline has been implemented in an equivalent of a widely available
and cost-accessible computer system (as of 2025), without relying on HPC systems
or high-end discrete graphics cards, suggesting that the proposed approach could
be transferred into industrial computers. However, it is also worth mentioning that
there are several optimization directions for implementations in constrained com-
puter hardware (such as embedded systems and low-power devices) that could in a
near future be deployed into an integrated camera solution. Such optimizations can
be carried out in different levels: in a lower Level of Abstraction (LoA), performance
improvements might be witnessed by implementing the methodology into lower-level
programming languages (e.g. C++ or Rust); in a middle LoA, weight-pruning can
be done to reduce redundant model components; in a higher LLoA, a more optimized

CNN can be trained, in end-to-end that directly outputs the value of interest.

5.2 Acoustic Emission

The dataset was collected, and Figure 5.3 displays a top view showing the welded
beads alongside the acoustic emission signal recorded during the first produced bead.

This figure demonstrates that bead width and audio signal amplitude both increase



5.2 ACOUSTIC EMISSION 43

as laser power rises. Since laser power was the sole parameter varied between exper-
iments, the acoustic signals originating from the melt pool and keyhole dynamics
exhibit a clear correlation with the applied power. Following the windowing pro-
cedure in the data processing pipeline, 1188 audio segments were obtained, with
each segment comprising 131072 samples. These segments were divided equally
into training and testing subsets of 594 windows each. Feature extraction, model
training, and evaluation were then conducted on each windowed segment as outlined

in section 4.2.

Power Bead on Plate AE Signal

1kW
1.5kW
2kW
2.5kW

5.5kW
6kW

Figure 5.3: Bead on plates and time-domain audio

To provide a qualitative assessment of how effectively the learned features epito-
mize data patterns, visualizations in reduced-dimensional space were created through
Principal Component Analysis (PCA). Figure 5.4 presents PCA visualizations for
features derived through TSFEL and through the CNN architecture. Within these
visualizations, point colors represent the laser power setting during signal capture.
Through a visual observation, data points associated with comparable laser power
levels exhibit spatial clustering in the 2D PCA representation for both feature sets,

indicating that each feature extraction methodology has successfully encoded vari-
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ance attributable to laser power variations.

The variance explained by the first two principal components (PC1 and PC2) in
the TSFEL feature space reached approximately 25 %. Analysis revealed that PC1
was predominantly composed of "absolute energy" and "mean spectrogram coeffi-
cient at 580645 Hz" !, implying increased sensitivity around the 580kHz spectral
region to laser power changes under these experimental conditions. For PC2, the
primary contributors were wavelet entropy, median frequency, and neighborhood
peaks features. In contrast, the CNN-derived feature space showed PC1 and PC2

accounting for approximately 73 % of the total variance.

Table 5.2: Model metrics for the different methodologies.

Method R? MAE (kW) RMSE (kW)
TSFEL + RFR  0.918 0.246 0.452
TSFEL + SVR  0.926 0.309 0.429
CNN 0.913 0.339 0.458

Performance metrics including R?, MAE, and RMSE for each modeling approach
are compiled in Table 5.2. The method using TSFEL combined with SVR (indicated
as TSFEL+SVR in the table) delivered superior performance, achieving an R? of
0.926, MAE of 0.309 kW, and RMSE of 0.429kW. The approach utilizing TSFEL
combined with RFR (indicated as TSFEL+RFR in the table) exhibited comparable
although marginally lower performance metrics, reaching an R? of 0.918. The CNN-
based method produced an R? of 0.913. Given that all R? values exceed 0.9, these
findings confirm that each methodology successfully captures a significant proportion
of laser power variance present in the acoustic emission data.

Figure 5.5 visually displays a comparison between the ground-truth experimental
data and the values predicted by the best-performing regression model in Table 5.2,

TSFEL combined with SVR. In the upper section of the figure, the prediction for

'Feature definitions from [87]
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custom CNN model, The observation points have been colored according to the
laser power.
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each observation window is a dot and the juxtaposed dashed line indicates an ideal
prediction; it is possible to observe that the predictions follow the trend of true
values, with few outliers with larger error magnitude. Concomitantly, the lower
section of the plot displays box plots of the prediction residuals sharing the same
horizontal axis for ground truth data. This allows for a clearer analysis of the
distribution of the error, otherwise difficult to observe in a scatter plot where points
occlude others in the same region. Finally, the distribution of predictions shows
close alignment with this ideal line, suggesting a relatively consistent error pattern

throughout the complete dataset.
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6 Conclusions

This work developed two in-process monitoring methodologies for laser welding pro-
cesses. The first methodology used coaxial imaging for keyhole depth prediction,
while the second used acoustic emission signals for laser power estimation. Both ap-
proaches address practical constraints common in industrial welding environments,
including limited training data availability and computational resource constraints.

A camera-based monitoring system derived from transfer learning from pre-
trained CNN architectures for feature extraction is proposed and validated, as pre-
sented in Chapter 3. The methodology combined DenseNet169-based feature ex-
traction with SVR, achieving a MAE of 130.78 ym (2.89% MAPE) with a real-time-
compatible prediction time on general purpose hardware. These results indicate that
coaxial cameras can be applied for an keyhole depth estimation in the absence of
direct OCT measurements in the context of structural steel LW. The demonstrated
performance suggests potential for deployment in complementary monitoring tasks
including visual inspection and seam tracking.

However, limitations were observed. The R? value of 0.59 indicates that sub-
stantial portion of data variance was not explained by the proposed model. This
finding suggests either that alternative data processing strategies (e.g. end-to-end
CNN training with larger datasets) may yield improved performance, or more fun-
damentally, that a single coaxial camera alone provides insufficient information for

high-accuracy depth estimation under the studied setup. This limitation aligns with
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observations from the literature review (Chapter 2), in which the comparison be-
tween 2D and 3D measuring system was made. Additionally, the train-test splitting
methodology employed may have introduced model bias, as the observation points
were randomized and information from the same experimental run was available
both in training and testing. Future work should adopt strategies such as the ones
used in Chapter 4 to provide more robust performance estimates.

Chapter 4 explored a complementary monitoring approach utilizing high-frequency
AE data acquired through an optical microphone. The investigation evaluated three
processing pipelines across two distinct methodologies. The optimal configuration,
which combined TSFEL feature extraction with SVR, achieved an R? of 0.926 and
MAE of 0.309kW, demonstrating robust correlation between acoustic signatures
and laser power variations. These results validate AE monitoring as an effective
modality for process surveillance, enabling detection of power delivery instabilities
that may arise from optical contamination or different factors.

The successful implementation of both image-based and acoustic-based moni-
toring systems demonstrates that cost-effective sensor configurations, when paired
with appropriate ML architectures, can achieve monitoring performance suitable
for industrial deployment. These approaches offer particular value in cost-sensitive
applications where more expensive sensing technologies such as OCT cannot be
applied. The complementary characteristics of visual and acoustic data streams
suggest significant potential for multi-sensor fusion architectures. Such fusion mod-
els could leverage both (i) the geometric aspects of the melt pool and top view of
the keyhole, and (ii) high frequency signal emitted by the fusion of the material
during LW. This technique can also be transferred to other laser-based processes
such as Additive Manufacturing, which are idiosyncratic in different directions (e.g.
material delivery, layer height). As a further reflection, establishing standardized

performance benchmarks and acceptable tolerance thresholds within industrial con-
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texts would facilitate meaningful comparisons across monitoring methodologies and
accelerate technology transfer to production environments.

In a broader context, the past century has seen multiple enabling technologies
(such as the development of lasers, computers, digital cameras and communication
protocols). The twenty-first century presents a natural evolution towards refining
existing technologies for increased efficiency and reduced error margins, while si-
multaneously developing advanced data processing and automation systems capable
of addressing increasingly complex challenges. These challenges encompass demo-
graphic transformations, environmental sustainability demands, and the imperative
for resource-efficient manufacturing processes.

Within this context, the monitoring approaches presented in this thesis con-
tribute to the ongoing advancement of intelligent manufacturing systems. The in-
tegration of machine learning with cost-effective sensing modalities demonstrates a
pathway toward democratizing advanced process control capabilities across diverse

industrial scales and economic contexts.



7 Future Work

Several future directions could extend the research presented in this thesis. The
generalization of the proposed methodologies could be validated by extending their
application to different materials, joint geometries, and welding setups. The creation
of larger and more diverse datasets would enable the development and training of
more advanced deep learning architectures, potentially improving predictive accu-
racy and robustness.

This work has developed methodologies that use isolated information (camera,
microphones) to predict specific parameters. From a sensor fusion perspective, it is
sensible to develop algorithms that combine multi-modal analysis into a model ca-
pable of delivering higher predictive performance and also be robust against process
signal discontinuities by using a different data source unaffected by a specific noise.

The next logical step is to integrate these predictive models into a closed-loop
control system. Such a system could use the real-time keyhole depth and laser power
predictions to dynamically adjust process parameters, thereby preventing defects
and ensuring consistent weld quality. Finally, real-world validation studies in an
industrial production environment are essential to confirm the long-term stability,

reliability, and economic benefit of these monitoring systems.
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